
 

 

Since January 2020 Elsevier has created a COVID-19 resource centre with 

free information in English and Mandarin on the novel coronavirus COVID-

19. The COVID-19 resource centre is hosted on Elsevier Connect, the 

company's public news and information website. 

 

Elsevier hereby grants permission to make all its COVID-19-related 

research that is available on the COVID-19 resource centre - including this 

research content - immediately available in PubMed Central and other 

publicly funded repositories, such as the WHO COVID database with rights 

for unrestricted research re-use and analyses in any form or by any means 

with acknowledgement of the original source. These permissions are 

granted for free by Elsevier for as long as the COVID-19 resource centre 

remains active. 

 



Computers in Biology and Medicine 146 (2022) 105618

Available online 18 May 2022
0010-4825/© 2022 Elsevier Ltd. All rights reserved.

Multilevel threshold image segmentation for COVID-19 chest radiography: 
A framework using horizontal and vertical multiverse optimization 

Hang Su a, Dong Zhao a,*, Hela Elmannai b, Ali Asghar Heidari c,1, Sami Bourouis d, Zongda Wu e, 
Zhennao Cai c,**, Wenyong Gui c, Mayun Chen f,*** 

a College of Computer Science and Technology, Changchun Normal University, Changchun, Jilin, 130032, China 
b Department of Information Technology, College of Computer and Information Sciences, Princess Nourah bint Abdulrahman University, P.O. Box 84428, Riyadh, 11671, 
Saudi Arabia 
c College of Computer Science and Artificial Intelligence, Wenzhou University, Wenzhou, Zhejiang, 325035, China 
d Department of Information Technology, College of Computers and Information Technology, Taif University, P.O. Box 11099, Taif, 21944, Saudi Arabia 
e Department of Computer Science and Engineering, Shaoxing University, Shaoxing, 312000, China 
f Department of Pulmonary and Critical Care Medicine, The First Affiliated Hospital of Wenzhou Medical University, Wenzhou, 325000, China   

A R T I C L E  I N F O   

Keywords: 
Novel coronavirus pneumonia 
COVID-19 
Multi-threshold image segmentation 
Meta-heuristic 
Optimization 
Multi-verse optimization 

A B S T R A C T   

COVID-19 is currently raging worldwide, with more patients being diagnosed every day. It usually is diagnosed 
by examining pathological photographs of the patient’s lungs. There is a lot of detailed and essential information 
on chest radiographs, but manual processing is not as efficient or accurate. As a result, how efficiently analyzing 
and processing chest radiography of COVID-19 patients is an important research direction to promote COVID-19 
diagnosis. To improve the processing efficiency of COVID-19 chest films, a multilevel thresholding image seg-
mentation (MTIS) method based on an enhanced multiverse optimizer (CCMVO) is proposed. CCMVO is 
improved from the original Multi-Verse Optimizer by introducing horizontal and vertical search mechanisms. It 
has a more assertive global search ability and can jump out of the local optimum in optimization. The CCMVO- 
based MTIS method can obtain higher quality segmentation results than HHO, SCA, and other forms and is less 
prone to stagnation during the segmentation process. To verify the performance of the proposed CCMVO algo-
rithm, CCMVO is first compared with DE, MVO, and other algorithms by 30 benchmark functions; then, the 
proposed CCMVO is applied to image segmentation of COVID-19 chest radiography; finally, this paper verifies 
that the combination of MTIS and CCMVO is very successful with good segmentation results by using the Feature 
Similarity Index (FSIM), the Peak Signal to Noise Ratio (PSNR), and the Structural Similarity Index (SSIM). 
Therefore, this research can provide an effective segmentation method for a medical organization to process 
COVID-19 chest radiography and then help doctors diagnose coronavirus pneumonia (COVID-19).   

1. Introduction 

The latest coronavirus pneumonia (COVID-19) outbreak, which 
occurred at the end of 2019, is a new acute respiratory disease. On 
March 11, 2020, the World Health Organization declared the COVID-19 
outbreak a public health emergency of international significance and 
confirmed it as a pandemic, drawing widespread attention. COVID-19’s 
possible pathogenicity and highly infectious nature have had a 

significant and far-reaching effect on the lives of billions of people 
worldwide and the global economy. The number of people infected 
worldwide has continued to rise exponentially since the outbreak until 
April 2021. More than 140 million cases have been diagnosed in more 
than 200 countries and regions worldwide, with more than three million 
cumulative deaths. In such a critical situation, it is essential to improve 
the method of COVID-19 diagnosis to improve the quality and accuracy 
of the diagnosis. Several studies using computer technology to assist in 
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COVID-19 diagnosis have been suggested [1–6]. In addition, clinical 
imaging data are seen as one of the critical diagnostic bases in all 
COVID-19 diagnostic data. However, due to the complexity of chest 
radiography and computed tomography, manually drawing the target 
area of medical images is a time-consuming and laborious task, which 
adds a significant burden to the diagnosis work of clinicians. Therefore, 
computer technology can be used to segment chest radiography and 
computed tomography, which can quickly process the images to make 
them more intuitive and more transparent. Thus, it can effectively 
improve diagnostic efficiency. 

There are many methods to process images efficiently in the com-
puter field [7–9], among which image segmentation is an integral part of 
image processing and a hot topic of research nowadays [10–12]. In the 
past few years, more and more image segmentation techniques have 
been proposed, such as multilevel threshold image segmentation (MTIS) 
[13], deep learning-based image segmentation [14], hierarchical 
clustering-based image segmentation [15], wavelet transform-based 
image segmentation [16], and others. MTIS has become one of the 
most applied image segmentation methods because of its high stability, 
low complexity, and easy implementation. Yue et al. [17] proposed a 
novel multilevel thresholding method using between-class variance 
(Otsu) based on an improved invasive weed optimization algorithm to 
accurately and efficiently select the optimal threshold in MTIS. 

Wu et al. [18] proposed multi-threshold image segmentation (MTIS) 
methods via an better-quality teaching-learning-based optimizer to 
tackle MTIS problems modeled by Otsu’s between class variance and 
Kapur’s entropy functions. Sun et al. [19] proposed to determine the 
iteration step size adaptively based on the fitness value of the current 
iteration for improving the cuckoo search algorithm to reduce the 
algorithmic complexity of MTIS to find the optimal threshold. Ewees 
et al. [20] presented a hybrid meta-heuristic approach for MTIS by 
integrating the artificial bee colony algorithm and the sine-cosine al-
gorithm. Alwerfali et al. [21] proposed an alternative MTIS based on a 
new metaheuristic method, a modified spherical search optimizer. Yue 
et al. [22] proposed a hybrid bat algorithm incorporating a bat algo-
rithm with invasive weed optimization to choose the optimal threshold. 
Tarkhaneh et al. [23] suggested a differential Evolution solution that 
achieves a good balance between exploration and exploitation through a 
new adaptive approach and new mutation strategies to reduce the 
amount of MTIS. 

Hemei et al. [24] developed the electromagnetic optimization algo-
rithm (EMO) based on the levy function to enhance the EMO perfor-
mance for determining the optimal MTIS. Dhal et al. [25] presented a 
stochastic fractal search with a fuzzy entropy-based multilevel thresh-
olding model for MTIS of color satellite images. Borjigin et al. [26] 
applied a particle swarm optimization algorithm to obtain the optimal 
threshold values for each component of an RGB image. Alwerfali et al. 
[27] developed an alternative MTIS method using a modified version of 
the salp swarm algorithm. Shen et al. [28] proposed a new and improved 
version of the flower pollination algorithm and combined it with MTIS 
to improve the accuracy of image segmentation. Satapathy et al. [29] 
proposed a 2D histogram-based image segmentation model by 
combining the improved chaotic bat algorithm with Otsu’s interclass 
variance. Mittal et al. [30] improved the 2D histogram method to assist 
in finding thresholds for multilevel image segmentation, improving the 
processing efficiency of the original model. 

Gao et al. [31] proposed an Otsu segmentation method based on a 
new Artificial Bee Colony algorithm for doing more fine-tuning searches 
and further enhancing the achievements of image segmentation. In the 
past few years, researchers have been thinking about improving the 
segmentation efficiency of traditional MTIS. The key to improving the 
performance of traditional methods is to improve the precision and ef-
ficiency of the segmentation threshold. As a result, more and more re-
searchers have started introducing swarm intelligence algorithm (SIOA) 
into the traditional MTIS to improve the segmentation efficiency instead 
of the traditional exhaustive method. These SIOAs has offered greater 

efficiency in optimization tasks such as expensive optimization problems 
[32,33], medical diagnosis [34–37], PID optimization control [38–40], 
plant disease recognition [41], feature selection [42–45], object 
tracking [46,47], economic emission dispatch problem [48], engineer-
ing design [49–51], parameter tuning for machine learning models 
[52–54], constrained optimization problems [55,56], combination 
optimization problems [57], traveling salesman problem [58], 
multi-objective or many optimization problems [59–61], and scheduling 
problems [62–64]. 

The SIOA is a simple and efficient low-sequence optimization- 
seeking algorithm. It aims to find the optimal solution by modeling the 
collaborative behavior of animals, fish, insects, etc., using the collabo-
rative behavior of populations in nature. The well-known SIOAs nowa-
days are different evolution (DE) [65], moth search algorithm (MSA) 
[66], monarch butterfly optimization (MBO) [67], Harris hawks opti-
mization (HHO) [68], Slime mould algorithm (SMA) [69], whale opti-
mizer (WOA) [70], hunger games search (HGS) [71], moth-flame 
optimization (MFO) [72], particle swarm optimization (PSO) [73], 
Harris hawks optimization (HHO) [74], sine cosine algorithm (SCA) 
[75], chaotic BA (CBA) [76], comprehensive learning PSO (CLPSO) 
[77], SCA with differential evolution(SCADE) [78], improved WOA 
(IWOA) [79], A-C parametric WOA (ACWOA) [80], biogeography-based 
learning PSO (BLPSO) [81], enhanced GWO with a new hierarchical 
structure (IGWO) [82], and so on. In 2016, Seyedali et al. proposed a 
novel nature-inspired algorithm called Multi-Verse Optimizer (MVO) 
[83], which has a strong merit-seeking performance. Furthermore, many 
improved versions of MVO have been developed by researchers and used 
in various fields. Shukri et al. [84] proposed an enhanced version of the 
MVO as a superior task scheduler in cloud computing. 

Rezk et al. [85] presented a reliable approach based on MVO for 
designing load frequency control incorporated in multi-interconnected 
power systems comprising wind power and photovoltaic (PV) plants. 
Mohammadi et al. [86] proposed coupling the classical multi-layer 
perceptron with MVO to improve the performance of streamflow 
modeling. Ali et al. [87] presented a recent metaheuristic optimization 
approach of MVO to design load frequency control-based model pre-
dictive control incorporated in the large multi-interconnected system. 
Abdel-Basset et al. [88] introduced an enhanced metaheuristic algo-
rithm called MVO with an overlapping detection phase to optimize 
wireless sensor networks’ area coverage percentage. Abasi et al. [89] 
proposed a novel technique of adapting the MVO called the link-based 
Multiverse optimizer (LBMVO) to advance the exploitation stage in 
the basic MVO. Lai et al. [90] introduced an improved MVO used to 
optimize Density-based spatial clustering of applications with noise to 
find out its highest clustering accuracy quickly. Kandhway et al. [91] 
proposed an MVO algorithm based on the energy curve and the mini-
mum cross-entropy to search the accurate and near-optimal thresholds 
for segmentation. 

Wang et al. applied a self-adaptive MVO to optimize the parameters 
of the support vector machine (SVM). Fathy et al. applied an MVO to 
identify the optimal parameters of the proton exchange membrane fuel 
cell under certain operating conditions. Geng et al. [92] improved the 
original multi-objective MVO algorithm to improve the convergence 
accuracy of the algorithm and used the algorithm for the hybrid flow 
shop scheduling problem. Ewees et al. [93] provided a novel chaotic 
MVO algorithm to avoid drawbacks of MVO, where chaotic maps are 
used to improve the results of the MVO algorithm. Al-qaness et al. [94] 
introduced an adaptive mechanism into the MVO algorithm, proposed a 
fuzzy inference model, and applied it to the oil consumption prediction 
problem. Zhao et al. [95] combined the MVO algorithm with traditional 
machine learning techniques and proposed a hybrid scheduling pre-
diction model, and MVO was used to determine the key parameters of 
the model. Wang et al. [96] used the MVO algorithm to determine the 
appropriate parameters for the problem of inaccurate key parameters 
during support vector machine (SVM) training. Fathy et al. [97] used the 
improved MVO algorithm to find the optimal parameters when 
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exchanging protons in a battery. Faris et al. [98] combined the MVO 
algorithm with SVM to propose a high-performance feature selection 
model. Peng et al. [99] artificially optimize the bias and weights of the 
artificial neural network and use the improved MVO algorithm for 
optimal parameter search. Jangir et al. [100] propose a hybrid algo-
rithm combining the PSO algorithm and the MVO algorithm for the 
reactive power scheduling problem for power system optimization. Ali 
et al. [101] use the MVO algorithm for the parameter determination 
problem of photovoltaic cells for optimization search. It can be seen that 
MVO, as a new swarm intelligence algorithm proposed in recent years, 
has the characteristics of simplicity and strong optimization ability and 
has been applied to optimization problems in various fields by the ma-
jority of researchers. 

However, when MVO is applied to MTIS, the search efficiency and 
ability to jump out of the local optimum are low, and the search for the 
optimum is often poor. Therefore, we propose a novel improved MVO 
(CCMVO) in this paper. The horizontal and vertical search mechanisms 
are introduced to improve the search capability of the algorithm through 
crossover updates between individuals of the population. To illustrate 
that CCMVO can jump out of local optimums and obtain higher-quality 
solutions more quickly, the article compares CCMVO to 30 test functions 
from CEC2014. The proposed CCMVO algorithm is compared with four 
well-known algorithms and four enhanced algorithms in the benchmark 
function experiment. Moreover, this paper also analyzes the comparison 
results by the non-parametric test of Wilcoxon [102] and Freidman 
[103] to demonstrate that the algorithm performance of CCMVO not 
only outperforms MVO but also significantly outperforms similar algo-
rithms. Then in the image segmentation section, CCMVO is likewise 
compared in detail with related algorithms. Additionally, this article 
makes use of the Feature Similarity Index (FSIM) [104], the Peak Signal 
to Noise Ratio (PSNR) [105], and the Structural Similarity Index (SSIM) 
[69] to evaluate picture segmentation findings. The findings of the 
thorough examination reveal unequivocally that the CCMVO-based 
MTIS approach is not prone to optimization stalls, yielding better seg-
mentation results that may give some technical support for the diagnosis 
of COVID-19. The following summarizes the study’s major 
contributions:  

● In this study, an improved multidimensional optimizer (CCMVO) 
based on the MVO algorithm is proposed, an important reference for 
the performance improvement of the optimization algorithm. 

● CCMVO is used to segment COVID-19 images with multiple thresh-
olds using nonlocal means, 2D histogram, and 2D Kapur’s entropy.  

● In this paper, benchmark function experiments demonstrate that 
CCMVO is a significant improvement in finding optimal solutions 
compared to other peer algorithms and is expected to become a new 
standard for high-performance optimization algorithms.  

● In this paper, the proposed MTIS model is validated based on the real 
COVID-19 dataset, and the results demonstrate that the model has 
excellent segmentation ability and is expected to be a new medical 
aid diagnosis model. 

The rest of this work is organized in the following manner. In Section 
2, we discuss the CCMVO-based MTIS in detail. The original MVO is 
discussed in Section 3. Section 4 describes the CCMVO that is based on 
MVO. Section 5 compares CCMVO’s performance to benchmark func-
tions and image segmentation issues. Finally, Section 6 summarizes the 
whole article and suggests future research directions. 

2. Related research on image segmentation 

2.1. Image segmentation with multiple-level threshold 

MTIS is a significant image segmentation technique that uses mul-
tiple thresholds to identify targets with distinct attributes in an image. 
Thus, the most critical part of MTIS is how the thresholds are chosen 
since this directly affects the impact of the segmented image. Histogram- 
based segmentation methods are one of the hot methods in the field of 
MTIS, which commonly include one-dimensional (1D) histogram and 
two-dimensional (2D) histogram segmentation methods. Since 1d his-
tograms do not take advantage of the spatial features of the image, the 
results obtained are often inaccurate. Abutaleb et al. [106] suggested a 
2D histogram-based segmentation approach that merged grayscale and 
local mean images while preserving the spatial characteristics of the 
image. The typical 2D histogram, which is constructed using a grayscale 
picture and a local mean image, overlooks the features of certain points 
and edges. The exhaustive technique is used to identify the ideal 
threshold, which is a highly computationally costly operation. There-
fore, this paper first performs preprocessing to generate a 2D histogram 
(which is composed of grayscale images and nonlocal mean images), 
then models the problem as an optimal solution finding problem 
through the concept of Kapur’s entropy, and finally performs efficient 
and accurate optimal solution finding through the CCMVO algorithm. 
The method is shown in detail in Fig. 1. 

2.2. Nonlocal means 

Nonlocal mean is a new image denoising technique proposed by 
Buades [107]. It denoises the image by using redundant information 
while preserving the image’s detailed elements to the fullest degree 
possible. Moreover, the nonlocal mean of pixels is calculated by aver-
aging pixels with comparable neighborhood structures in the image. 
Assume that the image containing noise is g, the original noise-free 
image is s , and the random noise is n. The image model containing 
noise is as Eq. (1). 

g(i)= s(i) + n(i) (1)  

where (i) ∈ I， I is the image domain; g(i) is the noisy image; s(i) is the 
original image; n(i) is the Gaussian white noise with mean 0 and vari-
ance σ2. 

The nonlocal mean filtering algorithm calculates the similarity of all 
pixel points in the image to a pixel point i in the image, and finds the 
weighting coefficients of each point in the image to pixel point i based on 
the similarity, and then obtains the denoised estimate of pixel point i by 

Fig. 1. Flowchart of MTIS  
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averaging the weighted sum of all pixel points in the image with the 
obtained weighting coefficients. The nonlocal mean filtering algorithm 
is formulated as Eq. (2). 

ng(i)=
∑

j∈Iw(i, j)g(j)
∑

j∈Iw(i, j)
(2)  

where ng(i) is the filtering result; w(i, j) is the weighting function, which 
is determined by the similarity between pixel i and pixel j. 

Ni and Nj are square domains centered at pixel i and pixel j . The 
similarity of pixel i and pixel j depends on the similarity between the 
neighborhood matrices g(Ni) and g(Nj), and the similarity between the 
neighborhood matrices is measured by the Gaussian-weighted distance 
d(i, j). The Gaussian-weighted distance is formulated as Eq. (3). 

d(i, j)= g(Ni) − g
(
Nj
)2

2,α (3)  

where α > 0 is the standard deviation of Gaussian weighting; ⋅2 is the L2 
parametrization, and the smaller d(i, j) is the greater the similarity be-
tween the neighborhood matrices and the corresponding weight coef-
ficient w(i, j) is larger. The weighting function w(i, j) is formulated as Eq. 
(4). 

w
(

i, j
)

= exp
(

−
d(i, j)

h2

)

(4)  

where h is the smoothing parameter that determines the attenuation of 
the weighting coefficients based on the similarity of pixel i to pixel j. 

2.3. 2D histogram 

The grayscale images based on the aforementioned approach are 
combined to generate the nonlocal mean image, resulting in a two- 
dimensional histogram. As a result, the grayscale image G(x, y) and 
range of values [0, L] must be the same as the nonlocal mean image 
D(x, y) size and range of values [0, L]. Then, the correlation values are 
normalized by Eq. (5) to construct a 2D histogram based on grayscale 
images and nonlocal mean images. The effect is shown in Fig. 2, where 
images X and Y are from the COVID-19 dataset [108]. 

Pij =
h(i, j)

M × N
(5)  

where i is the G(x, y) pixel value, j denotes the D(x, y) pixel value, and 
h(i, j) signifies the number of times the point (i, j) occurs on the gray 
value vector (s, t). 

2.4. Kapur’s entropy for 2D histogram 

Fig. 3 shows a 2D planar histogram based on the aforementioned 2D 
histogram, where {t1, t2…, L} represents the grayscale image value and 
{s1s2…, L} signifies the nonlocal average image value. Since the major 
diagonal of the 2D histogram provides enough image information, and 
to make the computation easier, the Kapur entropy of the subregion on 
the main diagonal is computed using Eq. (6). The optimum solution 
produced by CCMVO in (t1, t2,…, td) is the ideal threshold since CCMVO 
uses Kapur’s entropy as the objective function. 

H(t1, t2,…, td)=H0 +H1 +⋯ + Hd (6)  

where H0, H1 and Hd parameters are set as follows. 

H0 = −
∑t1 − 1

i=0

(
Pij

ω0

)

ln
(

Pij

ω0

)

,ω0 =
∑S1 − 1

i=0

∑t1 − 1

j=0
Pij  

H1 = −
∑t2 − 1

i=t1

(
Pij

ω1

)

ln
(

Pij

ω1

)

,ω1 =
∑S2 − 1

i=t1

∑t2 − 1

j=t1

Pij  

Hd = −
∑L− 1

i=td

(
Pij

ωd

)

ln
(

Pij

ωd

)

,ωd =
∑SL − 1

i=td

∑tL − 1

j=td

Pij 

The optimal thresholds (t*
1, t*

2,⋯, t*
d) should obey Eq. (7). 

(
t*1, t*2,⋯, t*d

)
= argmax

0<t1<t2<⋯<td<L− 1
{H(t1, t2,⋯, td)} (7) 

Larger Kapur’s entropy values indicate more accurate corresponding 
segmentation thresholds and better segmentation results. In order to 
reduce the time required for the whole computational effort, the CCMVO 
algorithm is proposed to find the optimal threshold vector in the MTIS 
method to improve its efficiency of this segmentation method. 

3. An overview of MVO 

Recently, many SIOAs have been developed, such as Runge Kutta 

Fig. 2. Preview of the two-dimensional histogram on X and Y.  

Fig. 3. Two-dimensional planar histogram.  
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optimizer (RUN)2 [109], colony predation algorithm (CPA) [110], 
HHO3 [68], the weighted mean of vectors (INFO)4 [111], HGS,5 [112], 
and slime mould algorithm (SMA)6 [69]. These SIOAs have shown great 
potential in solving many problems in various fields such as education 
[82,113], energy [114,115], engineering [51,116], medicine 
[117–119], and finance [120,121]. Multiverse optimization (MVO) can 
effectively balance the relationship between global and local search, 
with fewer adjustment parameters, strong global search ability, good 
convergence, etc., and is gradually applied to solve various optimization 
problems. 

The MVO builds a mathematical model as follows: 

Ux =

⎡

⎢
⎢
⎣

x11 x12 ⋯ x1d
x21 x22 ⋯ x2d
⋮ ⋮ ⋱ ⋮
xn1 xn2 ⋯ xnd

⎤

⎥
⎥
⎦ (8)  

xij =

{
xkjr1 < NI(Ui)

xijr1⩾NI(Ui)
(9) 

First, the entire universe space Ux is initialized, where n denotes the 
number of universes (candidate solutions) and d denotes the number of 
matters in a universe (dimension of the solution). xij represents the j th 
matter in the i th universe, and accordingly, xkj represents the j th matter 
in the k th universe. Ui represents the i th universe, and NI(Ui) is the 
standard expansion rate of the i th universe. The j th matter of the k th 
universe is selected as xkj by the roulette wheel mechanism in the MVO 
algorithm. In addition, r1 is a random number between [0, 1]. 

Before developing a mathematical model of the wormhole 

mechanism, two important parameters in the multiverse algorithm are 
defined: the wormhole existence probability (WEP) and the travel dis-
tance rate (TDR), which are the probabilities of the existence of 
wormholes in the universe; the WEP increases with the number of it-
erations, and the probability of the existence of wormholes increases 
with the number of iterations. The TDR, on the other hand, decreases 
over generations to allow for more accurate exploration of the optimal 
universe. The mechanism is expressed as Eq. (10)- Eq. (11). 

When r2 < WEP, 

xij =

{
Xj + TDR⋅

( (
bu,j − bl,j

)
⋅r4 + bl,j

)
r3 < 0.5

Xj − TDR⋅
( (

bu,j − bl,j
)
⋅r4 + bl,j

)
r3⩾0.5 (10)  

when r2⩾WEP, 

xij = xij (11)  

where Xj is the j th matter in the current optimal universe, and the upper 
bound of the j th matter is bu,j and the lower bound is bl,j. r2, r3, r4 are 
random numbers in the interval [0, 1], respectively. The WEP and TDR 
formulas are defined as Eq. (12)- Eq. (13). 

WEP=WEPmin + l⋅
(

WEPmax − WEPmin

L

)

(12)  

TDR= 1 −
l1/p

L1/p (13)  

where WEPmax and WEPmin are the upper and lower limits of WEP values, 
respectively, WEPmin = 0.2 and WEPmax = 1; l is the current iteration 
number; L is the maximum iteration number; p is the accuracy of iter-
ative exploitation, and the value is 6. 

The flowchart based on the description of the MVO mathematical 
model in subsection 3.1 is shown in Fig. 4. 

Fig. 4. Flowchart of MVO  

2 https://aliasgharheidari.com/RUN.html.  
3 https://aliasgharheidari.com/HHO.html.  
4 https://aliasgharheidari.com/INFO.html.  
5 https://aliasgharheidari.com/HGS.html.  
6 https://aliasgharheidari.com/SMA.html. 
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4. Proposed CCMVO 

This section describes the two search strategies, horizontal crossover 
search and vertical crossover search, and the CCMVO based on them. At 
the same time, this research employs horizontal crossover search (HCS) 
and vertical crossover search (VCS) [122], which are primarily utilized 
to increase the search efficiency and the ability of the MVO algorithm to 
jump out of the local optimum early on. 

4.1. Optimization strategies 

Meng et al. introduced CSO in 2014 [122] to demonstrate the pos-
sibility of using the HCS and VCS strategies to improve the algorithm. 
Experiments have similarly shown that the strategies improve the effi-
ciency and accuracy of the algorithm in finding the optimal. Not only 
that, Zhao et al. [123] similarly used the HCS and VCS strategies to 
optimize the ACOR algorithm in the swarm intelligence algorithm to 
enhance the overall performance of the algorithm. As a result, this 
article incorporates HCS and VCS into MVO to enhance the algorithm’s 
search capability during iteration. 

4.1.1. Horizontal crossover search 
The HCS mainly acts on two different universes individually by 

crossing all the corresponding dimensions arithmetically. As a result, 
introducing HCS to the MVO algorithm enhances the possibility of 
exchanging useful objects (i.e., dimensions of universes) between 
different universes through wormholes, which enables rapid optimiza-
tion and improves the convergence efficiency of the algorithm. 

Assuming that the n th column dimension of the parent universes xi and 
xj performs HCS, then the lateral crossover update formula can be 
expressed as Eq. (14) and Eq. (15). 

MSn
i = ε1 × xin +(1 − ε1)× xjn + c1 ×

(
xin − xjn

)
(14)  

MSn
j = ε2 × xjn +(1 − ε2)× xin + c2 ×

(
xjn − xin

)
(15)  

where ε1 and ε2 are random numbers between (0, 1), c1 and c2 are 
random numbers between ( − 1, 1), xin is the n th dimension of the i th 
universe, xjn is the n th dimension of the j th universe, and MSn

i and MSn
j 

are the new universes generated by the parent universes xi and based on 
HCS. 

4.1.2. Vertical crossover search 
The VCS is mostly used to cross the individuals of the associated 

universes across two distinct dimensions arithmetically. This enables 
some individuals who search stagnation to continue participating in the 
search, while the ones who do the search generally stay unaffected. VCS 
is represented in the MVO algorithm by exchanging objects inside the 
same universe (i.e., universe dimensions), which prevents the MVO al-
gorithm from readily searching stagnation. Assuming that the dimension 
of the n th universe implements VCS, the vertical cross update formula is 
Eq (16). 

MSm
i = ε × xim + (1 − ε) × xin (16)  

where ε is a random number between (0,1), xim and xin are the m th and 
n th dimensions of the i th universe, and MSm

i is the new universe 

Fig. 5. Flowchart of CCMVO  
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generated by the universe xi based on VCS. 

4.2. The proposed CCMVO 

In response to the problem that the original MVO is prone to fall into 
local optimum and low efficiency at the pre-optimal search stage, this 
paper proposes the CCMVO algorithm with stronger overall perfor-
mance. The specific improvement idea is: when the algorithm enters the 
preliminary search phase, the HCS and VCS strategies are first used for 
population preprocessing to find the optimal solution more compre-
hensively using the stronger randomness of the strategies; in the middle 
process of the iteration, the HCS and VCS strategies cooperate with the 
MVO to find the optimal, to realize jumping out of the local optimal trap; 
in the later stage of the iteration, the optimal solution is determined by 
making full use of the exploitation performance of the MVO. To illus-
trate the improvement idea more conveniently, the flow chart of 
CCMVO is shown in Fig. 5. The pseudocode of CCMVO is shown in Al-
gorithm 1. 

Algorithm 1. 
Pseudo-code of CCMVO  

The complexity of CCMVO consists of the introduced HCS and VCS, 
roulette selection mechanism, fast sorting algorithm, and the fitness 
value calculation. First, the complexity level of HCS and VCS is 
O(l *n *d + l *n2). Then, the complexity level of the roulette selection 
mechanism in the two extreme cases is O(n) and O(logn). The complexity 
of the quick sort algorithm in the best and worst cases is O(n *logn) and 
O(n2), respectively. Finally, the complexity level of the fitness value 
calculation is O(n *logn). As a result, the overall complexity level of the 
CCMVO algorithm is O(CCMVO) = O((d + n + d *logn) *l *n). 

5. Experiments and results 

To demonstrate that CCMVO outperforms 4 well-known optimiza-
tion algorithms and 5 enhanced algorithms in terms of jumping out of 
local optimums and upfront search capability, this section compares 
CCMVO to 30 benchmark functions and nine algorithms. This research 
compares CCMVO to eight comparable algorithms and examines the 
segmentation results using FSIM, PSNR, and SSIM to indicate that 
CCMVO performs better in multilevel image segmentation. 

5.1. Experiment setup 

This study employs 30 benchmark functions from CEC 2014 to 
illustrate the algorithmic performance of CCMVO in the experimental 
section of benchmark functions, and Table A1 in Appendix A contains 
the specifics of benchmark functions F1–F30. The default value is used 
as the test value for the benchmark function. Additionally, to ensure the 
studies are as objective as feasible, all algorithm comparison tests in this 
study are conducted under identical circumstances as described below, 
using the parameters in Table 1. 

The segmented images A, B, C, D, E, F, G, H, I, and J are from the 
COVID-19 dataset [108]. Their original images and the nonlocal average 
2D histogram are shown in Fig. 6. A fair comparison is a well-accepted 

Table 1 
Parameter setting for the optimization process.  

Parameter name Value 

Population size 30 
Maximum number of evaluations 300,000 
Number of tests per algorithm 30  
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rule in the optimization and machine learning community, which we 
also followed in these experiments [124–127]. These fair rules can 
guarantee that the experiments are done under the same settings, and 
there is no bias towards a specific method in competition [128–130]. All 
algorithms were evaluated under identical circumstances to ensure the 
experiment was fair, using the parameters provided in Table 2. To more 
accurately describe the performance of each algorithm at different 
threshold levels, 2, 4, 6, 10, 15, and 20 were chosen as the threshold 
levels for the image segmentation experiments, where 2, 4, and 6 denote 
low threshold levels and 10, 15 and 20 denote high threshold levels. 

Additionally, all studies were done on the Windows Server 2008R2 
operating system to guarantee that all trials took place in the same 
environment. The device is powered by an Intel(R) Xeon(R) CPUE5- 
2660v3 (2.60 GHz) processor and 16 GB of RAM, with Matlab2017b 
serving as the code execution software. 

5.2. Experimenting with CCMVO’s benchmark functions 

5.2.1. Comparison of CCMVO and peer algorithms 
CCMVO is compared in this section to four fundamental algorithms 

and five enhanced algorithms using 30 benchmark functions. The 
fundamental algorithms are MVO, DE, SCA, and HHO, while the 
improved algorithms are CBA, SCADE, IGWO, ACWOA, and ASCA_PSO 
[131]. The comparison of CCMVO to other comparable algorithms is 
summarized in Table A2, where AVG and STD reflect the mean and 
variance of the methods after 30 separate runs, respectively. By 
comparing and observing the mean values, we can initially see that for 
most of the benchmark functions, CCMVO has the smallest mean value. 
This indicates that CCMVO obtains relatively higher quality solutions 

Fig. 6. Samples of the segmented images.  

Table 2 
Parameter setting of MTIS experiments.  

Parameter name Value 

Image size 512 × 400 
Number of iterations 100 
Number of tests per algorithm 30 
Threshold levels 2, 4, 6, 10, 15, 20  

Table 3 
CCMVO and peer’s algorithms comparison results.  

Algorithm +/− / = Mean Rank 

CCMVO ~ 2.07 1 
MVO 24/0/6 3.53 2 
DE 19/7/4 3.63 3 
SCA 29/1/0 8.33 9 
HHO 22/5/3 4.6 4 
CBA 29/0/1 5.96 6 
SCADE 27/2/1 8.37 10 
IGWO 28/2/0 4.74 5 
ACWOA 26/2/2 7.21 8 
ASCA_PSO 29/1/0 6.54 7  
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when the benchmark functions are optimized using CCMVO and similar 
algorithms. Also, the variance of the optimal solution is smaller, which 
indicates the high stability of CCMVO in optimizing the benchmark 
functions. 

Wilcoxon signed-rank test and Freidman test were used to test and 
rank the experimental results in this paper to verify the intuitiveness and 
reliability of the comparison experiments. Table 3 shows the comparison 
results between CCMVO and other well-known algorithms. The experi-
mental results are carefully analyzed using the Wilcoxon signed-rank 
test, where "+/− / = " indicates that the optimization performance of 
CCMVO is better than, worse than, and equal to other similar algorithms 
respectively. “Mean” represents the average performance ranking of 
cross-validation, and “Rank” represents the final ranking after cross- 

validation. In addition, the experimental results were verified by the 
Freidman test to show the advantages of CCMVO more accurately, as 
shown in Fig. 7. In Table 3, CCMVO is superior to the original MVO by 
24 benchmark functions and superior to the very classical DE algorithm 
by 19. In addition, CCMVO ranks first in both the Wilcoxon signed-rank 
and Freidman test and outperforms the second place by a large margin. 
Therefore, it can be concluded that CCMVO is a flawless variant algo-
rithm compared to other similar algorithms. 

The convergence curves for CCMVO and other comparable algo-
rithms on various functions are shown in Fig. 8. The convergence curves 
demonstrate that CCMVO has found better solutions when optimizing 
the benchmark functions F1, F5, and F17, even though CCMVO con-
verges somewhat slower in the initial stage. Not only are high-quality 
solutions found by optimizing F9, F11, and F16, but the method also 
exhibits a clear jump out of the locally optimum inflection point. When 
F18, F21, and F30 are optimized, it is clear that CCMVO produces high- 
quality solutions and converges more quickly than the other algorithms. 
According to the benchmark function analysis findings above, CCMVO 
has a strong capacity to escape local optimal solutions, a strong ability to 
generate high-quality solutions, and a quicker convergence time. As a 
result, CCMVO is a better strategy for optimizing the benchmark func-
tion and produces an excellent SIOA. 

5.2.2. Comparative analysis of CCMVO and MVO 
The HCS and VCS mechanisms are primarily incorporated into MVO 

by the proposed CCMVO algorithm. As a result, this section will 
concentrate on the performance of CCMVO and MVO while optimizing 
benchmark functions. 

The findings of CCMVO and MVO’s qualitative assessment of 23 
benchmark functions are shown in Fig. 9. The graphic in the first column 
(a) depicts the CCMVO search history’s three-dimensional spatial 

Fig. 7. Friedman ranking results of CCMVO and peer algorithms.  

Fig. 8. Convergence curves of CCMVO and peer algorithms.  
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dispersion. The 2nd column (b) graphic depicts the CCMVO search 
history’s 2D spatial distribution. The graphic in the 3rd column (c) de-
picts the iteration’s trajectory for the first dimension of CCMVO in-
dividuals. The plots in the 4th column (d) depict CCMVO’s average 
fitness, while the plots in the 5th column (e) depict CCMVO and MVO’s 
convergence curves. The locations and distributions of the sought or 
created people are shown in Fig. 9(a) and (b), where it can be seen that 
most of the solutions generated during the iterations are close to the 
optimal solution. A few are more widely scattered due to the search. 
Moreover, this indicates that the individuals can quickly target the 
optimal solution that needs to be focused on exploitation during the 
search phase, allowing CCMVO to develop a better solution deeper in the 
convergence process. In Fig. 9(c), the first dimension of individuals in 
CCMVO is mainly unchanged in the middle and later stages of the 
iteration when facing single-peaked problems like F1, F3, and F12. This 
indicates that CCMVO can quickly confirm the approximate location of 
the optimal solution in the exploitation phase. In the case of complex 
problems such as F7 and F8, the first dimension of the individuals in 
CCMVO shows a significant and random fluctuation in general. This 
shows that CCMVO can jump out of the local optimum dilemma in time 
and has good algorithmic performance when facing multi-peaked 
problems. The average fitness curve is shown in Fig. 9(d), and it can 
be seen that the overall trend of the fitness values during the iterations is 
getting better. In terms of details, the search performance of the algo-
rithm is powerful in the early part of the iteration, and it is more random 

in the middle of the iteration. It is easier to jump out of the local opti-
mum trap. For example, F8 has a significant improvement in the final 
result. The convergence curves in Fig. 9(e) demonstrate that CCMVO can 
find solutions of more outstanding quality quicker than MVO. 

On 30 CEC 2014 functions, the balance and variety of CCMVO and 
MVO were assessed, and the performance of CCMVO was further stud-
ied. The balance analysis of CCMVO and MVO is shown in Fig. 10(a) and 
(b), while the diversity analysis of CCMVO and MVO is shown in Fig. 10 
(c). Fig. 10(a) introduces increment-decrement curves (b). If the solution 
obtained by the algorithm during the iteration is better than (including 
equal to) the previous solution, the curve will show an upward trend. If 
not, it diminishes. It is set to zero when it has a negative value. Thus, a 
high number indicates substantial search activity, whereas a low value 
indicates vigorous exploitation activity. 

Additionally, the length of the graph’s high or low value indicates 
the persistent influence of search or exploitation in the iterative process. 
The increment-decrement curve is maximized when the search effect is 
equal to the exploitation effect. The x-axis in Fig. 10(c) depicts the 
number of iterations, whereas the y-axis reflects variety. As a result of 
random initialization, the population diversity is initially high and 
subsequently diminishes with the number of repeats. It is worth 
mentioning that SIOA is not a high sequential method, so there are very 
large fluctuations in the optimization process, especially in the first and 
middle of the algorithm, and it stabilizes later, such as F2, F24, and F30 
in Fig. 10 (c). 

Fig. 9. CCMVO and MVO’s optimization search process.  
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Since the search and exploitation processes interact and might 
impact the ultimate outcome of the optimum search in a metaheuristic 
algorithm, it is vital to evaluate the balance between the two. As seen in 
Fig. 10(a) and (b), the search and exploitation results of CCMVO achieve 

superiority substantially sooner than those of MVO, indicating that 
CCMVO can locate a high-quality solution quicker in the search phase 
enter the exploitation phase more rapidly. Additionally, the distinct 
search and exploitation curves demonstrate that the search and exploi-
tation effects of CCMVO are substantially greater than those of MVO. 
Owing to the strong optimization capability, the CCMVO can also be 
integrated with the machine learning techniques to tackle the real-world 
problems such as disease module identification [132,133], drug-disease 
associations prediction [134], drug discovery [135,136], pharma-
coinformatic data mining [137,138], information retrieval services 
[139–141], text clustering [142], and recommender system [143,144]. 

5.3. CCMVO for multilevel image segmentation 

This section performs MTIS experiments comparing CCMVO, MVO, 
WOA, SCA, HHO, BLPSO, IGWO, IWOA, and SCADE in this paper using 

Fig. 10. Diversity and balance analysis of CCMVO and MVO.  

Table 4 
Indicators of performance for multilevel image segmentation algorithms.  

Formulation Remark 

PSNR = 20⋅log 10

(
255

RMSE

)
The ratio of the maximum power of the image 
signal and the destructive noise power. 

SSIM =

(2μIμSeg + c1)(2σI,Seg + c2)

(μ2
I + μ2

Seg + c1)(σ2
I + σ2

Seg + c2)

Judging the degree of distortion by the 
brightness, contrast and structure of the image. 

FSIM =

∑
I∈ΩSL(X)PCm(X)
∑

I∈ΩPCm(X)
It is a variant of SSIM that weights the image 
information to determine the degree of 
distortion.  
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images A B, C, D, E, F, G, H, I, and J. 

5.3.1. Methodology evaluation indicators 
To correctly assess the quality of each algorithm’s segmentation 

outputs in this part, we employ PSNR, SSIM, and FSIM as assessment 

criteria. Table 4 contains the definitions and explanations of the three 
assessment measures. 

When PSNR is used to assess the outcomes of image segmentation, 
RMSE is the root mean square error of each pixel, defined as Eq. (17), 
where M × N represents the image’s size, Iij denotes the original image’s 

Table 5 
The FSIM comparison results of CCMVO and other methods.  

Thresholds  CCMVO MVO WOA SCA HHO BLPSO IGWO IWOA SCADE 

2 +/− / = ~ 7/1/2 7/0/3 3/0/7 10/0/0 9/1/0 5/4/1 6/1/3 5/3/2 
Mean 2.4 4.7 5.9 4.2 7.8 7.1 3.5 6.2 3.2 
Rank 1 5 6 4 9 8 3 7 2 

4 +/− / = ~ 6/0/4 8/0/2 10/0/0 9/0/1 9/0/1 7/1/2 9/0/1 8/0/2 
Mean 1.5 2.5 5.3 6.5 6.6 6.7 4.1 6.2 5.6 
Rank 1 2 4 7 8 9 3 6 5 

6 +/− / = ~ 3/0/7 8/0/2 10/0/0 9/0/1 9/0/1 7/0/3 6/0/4 10/0/0 
Mean 1.2 2.6 4.6 8.1 5.4 6.1 3.9 5.2 7.9 
Rank 1 2 4 9 6 7 3 5 8 

10 +/− / = ~ 7/0/3 5/0/5 10/0/0 8/0/2 10/0/0 9/0/1 10/0/0 10/0/0 
Mean 1 2.4 3.1 8.3 5.1 5.8 4.7 6 8.6 
Rank 1 2 3 8 5 6 4 7 9 

15 +/− / = ~ 6/0/4 6/0/4 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 
Mean 1 2.7 2.3 8.2 4.6 5.9 5.6 5.9 8.8 
Rank 1 3 2 8 4 6 5 6 9 

20 +/− / = ~ 8/0/2 2/0/8 10/0/0 9/0/1 10/0/0 10/0/0 10/0/0 10/0/0 
Mean 1.2 3.1 1.8 8.7 5 6 6.1 4.8 8.3 
Rank 1 3 2 9 5 6 7 4 8  

Table 6 
The PSNR comparison results of CCMVO and other methods.  

Thresholds  CCMVO MVO WOA SCA HHO BLPSO IGWO IWOA SCADE 

2 +/− / = ~ 3/1/6 6/0/4 8/0/2 7/1/2 2/3/5 7/2/1 5/1/4 6/1/3 
Mean 2.3 4.8 6.3 5.6 5.8 4.1 4.7 5.2 6.2 
Rank 1 4 9 6 7 2 3 5 8 

4 +/− / = ~ 5/0/5 9/0/1 10/0/0 9/0/1 9/0/1 8/1/1 9/0/1 9/0/1 
Mean 1.4 2.4 5.7 8.3 6.2 5 3.4 4.8 7.8 
Rank 1 2 6 9 7 5 3 4 8 

6 +/− / = ~ 4/0/6 10/0/0 10/0/0 10/0/0 10/0/0 9/0/1 10/0/0 10/0/0 
Mean 1 2.1 4.2 8.6 6.1 5.5 3.7 5.5 8.3 
Rank 1 2 4 9 7 5 3 5 8 

10 +/− / = ~ 7/0/3 7/0/3 10/0/0 10/0/0 10/0/0 9/0/1 10/0/0 10/0/0 
Mean 1 2.2 3.3 8.3 5.5 5.1 5.1 5.9 8.6 
Rank 1 2 3 8 6 4 4 7 9 

15 +/− / = ~ 5/0/5 5/0/5 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 
Mean 1.1 2.5 2.5 8.4 4.9 5.6 5.8 5.6 8.6 
Rank 1 2 2 8 4 5 7 5 9 

20 +/− / = ~ 8/0/2 3/0/7 10/0/0 8/0/2 9/0/1 10/0/0 10/0/0 10/0/0 
Mean 1.1 3.3 1.9 8.6 4.7 5.6 6.1 5.3 8.4 
Rank 1 3 2 9 4 6 7 5 8  

Table 7 
The SSIM comparison results of CCMVO and other methods.  

Thresholds  CCMVO MVO WOA SCA HHO BLPSO IGWO IWOA SCADE 

2 +/− / = ~ 5/0/5 4/0/6 3/0/7 10/0/0 7/0/3 5/3/2 7/1/2 5/3/2 
Mean 2.1 5.4 5.6 3.4 8.3 7.3 3.2 6.1 3.6 
Rank 1 5 6 3 9 8 2 7 4 

4 +/− / = ~ 3/0/7 9/0/1 8/0/2 9/0/1 7/1/2 5/3/2 7/0/3 5/2/3 
Mean 1.9 3.3 7 5.2 7.2 6.3 3.7 6.5 3.9 
Rank 1 2 8 5 9 6 3 7 4 

6 +/− / = ~ 2/0/8 6/0/4 9/0/1 7/0/3 6/2/2 3/3/4 6/1/3 7/1/2 
Mean 2.1 3.1 5.6 6.4 6.2 5.1 4 5.8 6.7 
Rank 1 2 5 8 7 4 3 6 9 

10 +/− / = ~ 5/0/5 4/0/6 10/0/0 6/0/4 10/0/0 8/0/2 10/0/0 10/0/0 
Mean 1.1 2.6 3.7 8.4 4.4 5.9 4.6 6 8.3 
Rank 1 2 3 9 4 6 5 7 8 

15 +/− / = ~ 7/0/3 6/0/4 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 
Mean 1 2.6 2.8 8.5 4.3 5.8 5.8 5.7 8.5 
Rank 1 2 3 8 4 6 6 5 8 

20 +/− / = ~ 7/0/3 3/1/6 10/0/0 8/0/2 10/0/0 10/0/0 10/0/0 10/0/0 
Mean 1.1 3.2 1.9 8.7 4.5 6.3 5.8 5.2 8.3 
Rank 1 3 2 9 4 7 6 5 8  
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pixel gray value, and Segij means the segmented image’s pixel gray 
value. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑M− 1

i=0
∑N− 1

j=0

(
Iij − Segij

)2

M × N

√

(17) 

Simultaneously, mean, variance, and Wilcoxon signed-rank tests 
were utilized to further examine the outcomes of the FSIM, PSNR, and 
SSIM evaluations. 

5.3.2. Segmentation result analyses 
Tables A3 - A5 in Appendix A represent the mean and variance of the 

segmentation results after evaluation using FSIM, PSNR, and SSIM, and 
Tables 5–7 illustrate the Wilcoxon signed-rank test analysis of the FSIM, 
PSNR, and SSIM data, where Mean denotes the overall mean and Rank 
denotes the ranking based on the overall mean. It can be seen that the 

MTIS model based on CCMVO is quite superior compared to other peer 
models. In particular, CCMVO is a stable performance compared to MVO 
when there is no worse segmentation result than MVO in 10 images. 

Figs. 11–12 represent the average evaluation of FSIM for each al-
gorithm at the same threshold level, and the average evaluation of FSIM 
at all threshold levels. It can be seen that CCMVO performs more 
effectively under the FSIM evaluation method relative to the other al-
gorithms, which indicates that the image features segmented by the 
CCMVO-based MTIS model are more distinct. 

Figs. 13–14 represent the average PSNR evaluation for each algo-
rithm at the same threshold level and the average PSNR evaluation at all 
threshold levels. It can be seen that the CCMVO-based MTIS model is 
excellent in the evaluation of PSNR both at a single threshold level and 

Fig. 11. The average of FSIM at each threshold level.  

Fig. 12. The average of FSIM for all threshold levels.  

Fig. 13. The average of PSNR at each threshold level.  

Fig. 14. PSNR averaged across all levels of threshold.  

Fig. 15. The average of SSIM at each threshold level.  

Fig. 16. SSIM averaged across all levels of threshold.  

H. Su et al.                                                                                                                                                                                                                                       



Computers in Biology and Medicine 146 (2022) 105618

14

at the average of all threshold levels. This indicates that the proposed 
model produces images with very small distortion during segmentation, 
preserving the image quality as much as possible. 

Figs. 15–16 show the average evaluation of SSIM for each algorithm 
at the same threshold level and the average evaluation of SSIM at each 
threshold level. It can be seen that the same CCMVO-based MTIS algo-
rithm is much ahead of the other algorithms under the classical SSIM 
evaluation metrics. This indicates that CCMVO can compare the change 
of image structure information and consider the distortion of the image, 
which is better for obtaining objective and high-quality segmented 
images. 

Looking at the mean and variance of FSIM, PSNR, and SSIM 

evaluations, for most images and thresholds, the mean of CCMVO is 
larger than the mean of the other methods, and its variance is smaller 
than the variance of the other methods. Wilcoxon signed-rank test ex-
amination of the assessment data for FSIM, PSNR, and SSIM revealed 
that the overall average rating for FSIM, PSNR, and SSIM at all threshold 
levels was first. Additionally, as seen in Figs. 11–16, CCMVO has the 
highest average assessment results for FSIM, PSNR, and SSIM at the 
same threshold levels and the same average assessment outcomes at all 
threshold levels. Thus, experiment results demonstrate the CCMVO- 
MTIS method’s great superiority. 

Table A6 represents the optimal Kapur’s entropy (KE) found by all 
algorithms. Figures B1-B10 in Appendix B represent the specific 

Fig. 17. Iteration curves for a threshold level of 6.  

Fig. 18. Iteration curves for a threshold level of 20.  
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segmentation thresholds for each algorithm to find images A-J when the 
threshold level is 6. Figs. 17–18 represent the convergence curves of 
CCMVO with similar algorithms when the threshold levels are 6 and 20. 
Fig. 19 represents image segmentation results for image I for all algo-
rithms when the threshold level is 10. 

As shown, most of the values discovered using CCMVO surpass the 
values obtained using other algorithms in terms of optimum KE. CCMVO 
is also the best in terms of keeping image information and overall seg-
mentation outcomes for specialized segmentation findings. Thus, based 
on the appropriate KE, particular thresholds, and analysis of three 
metrics evaluation findings, the CCMVO-MTIS may achieve superior 
segmentation outcomes, making it an extremely effective segmentation 
method. 

The image segmentation case is not enough to prove the effectiveness 
of the established CCMVO approach. In future work, the CCMVO can 
also be applied to more image processing and medical scenarios, such as 
multimode medical image registration [145], obtaining the optimal 
facade texture images [146], improving endoscopic imaging [147], 

optimizing medical-aided diagnosis systems [148], and optimizing 
E-healthcare systems [149]. 

Also, it can be applied to a wider area of applications that finding 
feasible solutions is a requirement including active surveillance [150], 
essay recommendation [151], location-based services [152,153], bionic 
electronic skin sensing [154,155], crystal structures optimization [156], 
kayak cycle phase segmentation [157], human motion capture [158], 
tomato pests diagnosis [159] and video deblurring [160]. 

6. Conclusions and future works 

This paper offers the CCMVO meta-heuristic method and an upgra-
ded MTIS system based on CCMVO for high-quality COVID-19 chest 
radiography segmentation. CCMVO is a modified MVO algorithm. We 
combine HCS and VCS into MVO in this study to increase CCMVO’s 
search capacity and ability to jump out of local optimums, enabling 
CCMVO to get high-quality solutions. We begin with comparison testing 
against 30 benchmark functions. CCMVO surpasses MVO in terms of 
search efficiency and capacity to find high-quality solutions, as shown in 
the preceding comparative trials. Additionally, it can be demonstrated 
through the study and comparison of CCMVO and related SIOAs that 
CCMVO has a greater overall capacity to avoid search stagnation and 
achieve better solutions. As a result, CCMVO is an outstanding SIOA that 
has been thoroughly validated. We ran MTIS tests with CCMVO and 
other related algorithms, evaluating the segmentation results with FSIM, 
PSNR, and SSIM. Further analysis of the assessment data using the 
Wilcoxon signed-rank test revealed that CCMVO was ranked top overall 
in the comparative studies. 

Additionally, we can observe that when the threshold level rises, the 
benefit of CCMVO-based MTIS segmentation becomes more apparent. 
Finally, this paper shows the overall segmentation performance of 
CCMVO-MTIS through experiments such as high and low threshold 
comparisons, histogram segmentation results, and adaptation curves, 
proving that CCMVO can find more reasonable optimal thresholds to 
peer algorithms. As a result, the enhanced MTIS approach based on 
CCMVO is rather good. Nevertheless, the CPU calculation for CCMVO in 
MTIS will take longer since HCS and VCS make CCMVO more complex 
than MVO. However, this issue will be resolved soon with parallel 
computing and high-performance computing methods fast exploitation. 

In future work, to address the shortcomings of the current CCMVO 
application method, which is relatively simple, we will build a complete 
diagnostic system from image segmentation to feature selection to 
classification and prediction by starting from the direction of a complete 
system for medical diagnosis. On the other hand, we will address the 
efficiency problem of the CCMVO method and compensate for the 
shortcomings of the algorithm in the direction of parallel computing and 
hardware performance. In addition, CCMVO can be applied to medical 
diagnoses such as pneumonia, lung cancer et al., and other optimization 
problems. We will consider further improving the performance of 
CCMVO in different fields. 
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Fig. 19. Segmented images and Jet colormap images obtained by 
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Appendix A   

Table A.1 
CEC 2014 Benchmark Functions  

Class No. Functions F*
i = Fi(x*)

Unimodal Functions 1 Rotated High Conditioned Elliptic Function 100 
2 Rotated Bent Cigar Function 200 
3 Rotated Discus Function 300 

Simple Multimodal Functions 4 Shifted and Rotated Rosenbrock’s Function 400 
5 Shifted and Rotated Ackley’s Function 500 
6 Shifted and Rotated Weierstrass Function 600 
7 Shifted and Rotated Griewank’s Function 700 
8 Shifted Rastrigin’s Function 800 
9 Shifted and Rotated Rastrigin’s Function 900 
10 Shifted Schwefel’s Function 1000 
11 Shifted and Rotated Schwefel’s Function 1100 
12 Shifted and Rotated Katsuura Function 1200 
13 Shifted and Rotated HappyCat Function 1300 
14 Shifted and Rotated HGBat Function 1400 
15 Shifted and Rotated Expanded Griewank’s plus Rosenbrock’s Function 1500 
16 Shifted and Rotated Expanded Scaffer’s F6 Function 1600 

Hybrid Functions 17 Hybrid Function 1 (N = 3) 1700 
18 Hybrid Function 2 (N = 3) 1800 
19 Hybrid Function 3 (N = 4) 1900 
20 Hybrid Function 4 (N = 4) 2000 
21 Hybrid Function 5 (N = 5) 2100 
22 Hybrid Function 6 (N = 5) 2200 

Composition Functions 23 Composition Function 1 (N = 5) 2300 
24 Composition Function 2 (N = 3) 2400 
25 Composition Function 3 (N = 3) 2500 
26 Composition Function 4 (N = 5) 2600 
27 Composition Function 5 (N = 5) 2700 
28 Composition Function 6 (N = 5) 2800 
29 Composition Function 7 (N = 3) 2900 
30 Composition Function 8 (N = 3) 3000    

Table A.2 
Comparison results of CCMVO with other peer algorithms  

Fun Item CCMVO MVO DE SCA HHO CBA SCADE IGWO ACWOA ASCA_PSO 

F1 AVG 1.1146Eþ06 3.0903E+06 2.0663E+07 2.4397E+08 1.0746E+07 4.0100E+06 4.4884E+08 1.9063E+07 1.4195E+08 2.6134E+07 
STD 4.1713Eþ05 8.2442E+05 7.6353E+06 5.4570E+07 4.9999E+06 1.2454E+06 7.4696E+07 6.9309E+06 5.2824E+07 4.3503E+07 

F2 AVG 1.0438E+04 1.5150E+04 1.6716Eþ03 1.5706E+10 1.2265E+07 9.5298E+03 3.1279E+10 2.4278E+06 6.4054E+09 7.0247E+08 
STD 5.9941E+03 1.1039E+04 3.5554Eþ03 2.9404E+09 2.6830E+06 8.9048E+03 3.2927E+09 1.0902E+06 2.8006E+09 1.6683E+09 

F3 AVG 4.2878E+02 4.1738E+02 3.8121Eþ02 3.8045E+04 5.3642E+03 3.7768E+03 5.2681E+04 6.8487E+03 5.1795E+04 1.9509E+04 
STD 4.3812Eþ01 4.7276E+01 7.0592E+01 6.9218E+03 1.6852E+03 4.7197E+03 6.5942E+03 3.3437E+03 1.0565E+04 6.2139E+03 

F4 AVG 4.7932E+02 4.7697Eþ02 4.9315E+02 1.3375E+03 5.4688E+02 5.0230E+02 2.3377E+03 5.2487E+02 1.2874E+03 6.3235E+02 
STD 3.2225E+01 3.1732E+01 2.2515Eþ01 2.3590E+02 4.9393E+01 3.6932E+01 5.8362E+02 3.0048E+01 4.8704E+02 2.4222E+02 

F5 AVG 5.2003Eþ02 5.2008E+02 5.2058E+02 5.2095E+02 5.2021E+02 5.2020E+02 5.2093E+02 5.2054E+02 5.2083E+02 5.2094E+02 
STD 3.5196E-02 7.4381E-02 5.5247E-02 4.5268E-02 1.5950E-01 2.2855E-01 4.4471E-02 1.3466E-01 9.4729E-02 4.8905E-02 

F6 AVG 6.1060E+02 6.0943Eþ02 6.1919E+02 6.3380E+02 6.3038E+02 6.4095E+02 6.3371E+02 6.1931E+02 6.3407E+02 6.2388E+02 
STD 3.9609E+00 2.7394E+00 1.7090Eþ00 2.7540E+00 3.8784E+00 1.9213E+00 2.9493E+00 2.9433E+00 2.3707E+00 3.6019E+00 

F7 AVG 7.0000Eþ02 7.0004E+02 7.0000E+02 8.3162E+02 7.0111E+02 7.0007E+02 9.0454E+02 7.0097E+02 7.4526E+02 7.1281E+02 
STD 2.1111E-14 1.4401E-02 5.5143E-10 2.5597E+01 1.9919E-02 2.2278E-01 3.9740E+01 7.1644E-02 2.2224E+01 1.6104E+01 

F8 AVG 8.6908E+02 8.6615E+02 8.0112Eþ02 1.0400E+03 8.9682E+02 1.0228E+03 1.0673E+03 8.8713E+02 9.9899E+02 9.5155E+02 
STD 1.4024E+01 1.8074E+01 1.3843Eþ00 1.2657E+01 1.3630E+01 5.1509E+01 1.3130E+01 1.5470E+01 1.8197E+01 2.4840E+01 

F9 AVG 9.6587Eþ02 9.8469E+02 1.0072E+03 1.1774E+03 1.0822E+03 1.1495E+03 1.2099E+03 1.0131E+03 1.1318E+03 1.1167E+03 
STD 1.2641E+01 2.5753E+01 8.3008Eþ00 1.6570E+01 2.1053E+01 5.6257E+01 1.2614E+01 2.2365E+01 2.5847E+01 4.1061E+01 

F10 AVG 2.3195E+03 3.6613E+03 1.0245Eþ03 7.0068E+03 2.8557E+03 5.8040E+03 7.2866E+03 3.2856E+03 4.6402E+03 5.2262E+03 

(continued on next page) 
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Table A.2 (continued ) 

Fun Item CCMVO MVO DE SCA HHO CBA SCADE IGWO ACWOA ASCA_PSO 

STD 3.5003E+02 6.3105E+02 2.3209Eþ01 4.2932E+02 7.7890E+02 8.2274E+02 4.1854E+02 5.9901E+02 1.0377E+03 6.7757E+02 
F11 AVG 3.5306Eþ03 4.1499E+03 5.8044E+03 8.0326E+03 5.3774E+03 5.6828E+03 8.1358E+03 4.6359E+03 6.3411E+03 6.1248E+03 

STD 4.9194E+02 6.4568E+02 1.8258Eþ02 2.6579E+02 6.2941E+02 5.7262E+02 3.0582E+02 7.6000E+02 8.3550E+02 7.3973E+02 
F12 AVG 1.2002Eþ03 1.2002E+03 1.2009E+03 1.2024E+03 1.2017E+03 1.2012E+03 1.2025E+03 1.2007E+03 1.2019E+03 1.2025E+03 

STD 1.2266E-01 1.1379E-01 1.0954E-01 3.1188E-01 4.8187E-01 7.0233E-01 3.5090E-01 2.8734E-01 5.5821E-01 3.5308E-01 
F13 AVG 1.3003Eþ03 1.3004E+03 1.3003E+03 1.3030E+03 1.3005E+03 1.3005E+03 1.3040E+03 1.3006E+03 1.3019E+03 1.3006E+03 

STD 4.3550E-02 9.9670E-02 3.9593E-02 2.1135E-01 1.4535E-01 1.4139E-01 2.6559E-01 1.1720E-01 9.3337E-01 2.7927E-01 
F14 AVG 1.4003Eþ03 1.4005E+03 1.4003E+03 1.4463E+03 1.4003E+03 1.4003E+03 1.4860E+03 1.4005E+03 1.4213E+03 1.4030E+03 

STD 3.8270E-02 2.7978E-01 5.9660E-02 9.9944E+00 4.7910E-02 1.4962E-01 1.2296E+01 3.2396E-01 1.8864E+01 5.5915E+00 
F15 AVG 1.5047Eþ03 1.5071E+03 1.5117E+03 4.4163E+03 1.5396E+03 1.5604E+03 1.9958E+04 1.5188E+03 2.0045E+03 1.5325E+03 

STD 1.1930E+00 1.9864E+00 9.7358E-01 2.5505E+03 8.5660E+00 1.5470E+01 6.9729E+03 5.2723E+00 5.8007E+02 3.9467E+01 
F16 AVG 1.6105Eþ03 1.6116E+03 1.6115E+03 1.6127E+03 1.6123E+03 1.6135E+03 1.6128E+03 1.6118E+03 1.6122E+03 1.6125E+03 

STD 6.2537E-01 5.6725E-01 2.9649E-01 2.5553E-01 3.2198E-01 3.0200E-01 2.2247E-01 5.6437E-01 5.0134E-01 3.0664E-01 
F17 AVG 7.0121Eþ04 1.6836E+05 1.6182E+06 5.2958E+06 1.3669E+06 2.5261E+05 1.5464E+07 1.0766E+06 1.2033E+07 9.1099E+05 

STD 4.4070Eþ04 1.1832E+05 7.3195E+05 2.4545E+06 9.0138E+05 1.9137E+05 5.8199E+06 7.8214E+05 1.0092E+07 8.3490E+05 
F18 AVG 2.3450Eþ03 1.0092E+04 6.4704E+03 1.3811E+08 8.9787E+04 8.6039E+03 1.8537E+08 1.7362E+04 4.7714E+07 3.8419E+06 

STD 7.2920Eþ02 8.3761E+03 3.5392E+03 8.2627E+07 4.4055E+04 9.0621E+03 1.0999E+08 1.7663E+04 5.3120E+07 1.1333E+06 
F19 AVG 1.9061Eþ03 1.9132E+03 1.9080E+03 1.9884E+03 1.9268E+03 1.9435E+03 2.0108E+03 1.9181E+03 2.0243E+03 1.9330E+03 

STD 1.0044E+00 1.3828E+01 7.5209E-01 2.2564E+01 2.4886E+01 3.8760E+01 1.1280E+01 1.3022E+01 4.6545E+01 3.0525E+01 
F20 AVG 2.2106Eþ03 2.2852E+03 4.6806E+03 1.6774E+04 1.1256E+04 3.2676E+03 2.7700E+04 3.2328E+03 3.7326E+04 6.3858E+03 

STD 5.2783Eþ01 8.1294E+01 1.2707E+03 6.4622E+03 5.7056E+03 1.3041E+03 9.6169E+03 1.1086E+03 1.6092E+04 2.8270E+03 
F21 AVG 2.7403Eþ04 5.8833E+04 2.4661E+05 1.2027E+06 4.2996E+05 1.1221E+05 2.2548E+06 2.9073E+05 7.1074E+06 3.0247E+05 

STD 1.2868Eþ04 3.6773E+04 1.0341E+05 6.2496E+05 3.2841E+05 6.2202E+04 1.1095E+06 2.3715E+05 6.8762E+06 2.2472E+05 
F22 AVG 2.3538E+03 2.5932E+03 2.3474Eþ03 2.9771E+03 3.0381E+03 3.4047E+03 3.1114E+03 2.5599E+03 3.0356E+03 2.7820E+03 

STD 8.0038Eþ01 2.0252E+02 8.1930E+01 1.7908E+02 2.7596E+02 3.5162E+02 1.7142E+02 1.4859E+02 2.2328E+02 2.0604E+02 
F23 AVG 2.6152E+03 2.6155E+03 2.6152E+03 2.6711E+03 2.5000Eþ03 2.6158E+03 2.5000E+03 2.6202E+03 2.5135E+03 2.6234E+03 

STD 6.7475E-05 1.9717E-01 1.3876E-12 1.3974E+01 0.0000Eþ00 3.1346E-01 0.0000E+00 2.5130E+00 5.1650E+01 5.0762E+00 
F24 AVG 2.6000E+03 2.6236E+03 2.6262E+03 2.6001E+03 2.6000E+03 2.6653E+03 2.6000Eþ03 2.6000E+03 2.6000E+03 2.6346E+03 

STD 6.9466E-03 1.2481E+01 1.8025E+00 3.6427E-02 6.6952E-05 2.2386E+01 2.0324E-06 4.5395E-03 1.3457E-05 6.1785E+00 
F25 AVG 2.7000Eþ03 2.7051E+03 2.7075E+03 2.7230E+03 2.7000E+03 2.7346E+03 2.7000E+03 2.7096E+03 2.7000E+03 2.7150E+03 

STD 0.0000Eþ00 1.1012E+00 1.1449E+00 8.3453E+00 0.0000E+00 1.2440E+01 0.0000E+00 3.2480E+00 0.0000E+00 8.6132E+00 
F26 AVG 2.7036E+03 2.7418E+03 2.7003Eþ03 2.7026E+03 2.7735E+03 2.7109E+03 2.7038E+03 2.7007E+03 2.7570E+03 2.7007E+03 

STD 1.8211E+01 6.5814E+01 3.8524E-02 5.8146E-01 4.4754E+01 5.6824E+01 4.5378E-01 1.4699E-01 5.0060E+01 1.4941E-01 
F27 AVG 3.0654E+03 3.2851E+03 3.1864E+03 3.4661E+03 2.9000Eþ03 3.9125E+03 3.2041E+03 3.1109E+03 3.7071E+03 3.5770E+03 

STD 4.6729E+01 1.0749E+02 8.0200E+01 3.2086E+02 0.0000Eþ00 4.6198E+02 2.3231E+02 3.8402E+00 3.3104E+02 2.4864E+02 
F28 AVG 3.6767E+03 3.8573E+03 3.6381E+03 4.7992E+03 3.0000Eþ03 5.4513E+03 5.1897E+03 3.8998E+03 4.0185E+03 4.3968E+03 

STD 3.6185E+01 2.6371E+02 2.1023E+01 2.9273E+02 0.0000Eþ00 7.2210E+02 7.7983E+02 2.7636E+02 1.1978E+03 3.9245E+02 
F29 AVG 4.3645E+03 1.4839E+06 3.3399E+05 1.3456E+07 3.1000Eþ03 4.6827E+07 1.6368E+07 1.1791E+06 1.9126E+07 6.4854E+06 

STD 4.4270E+02 3.8367E+06 1.2784E+06 8.2623E+06 0.0000Eþ00 3.8367E+07 8.7071E+06 3.5609E+06 1.7387E+07 7.7298E+06 
F30 AVG 5.8819Eþ03 7.9631E+03 6.2298E+03 2.2974E+05 7.8376E+03 1.5105E+04 4.4488E+05 2.4899E+04 3.2456E+05 3.8755E+04 

STD 8.6829Eþ02 1.2129E+03 1.0174E+03 1.0016E+05 1.3777E+04 8.0940E+03 1.2527E+05 9.8423E+03 2.0609E+05 2.9435E+04    

Table A.3 
FSIM’s evaluation results  

Image Thresholds 2  4  6  10  15  20  

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.7574E- 
01 

2.8645E- 
03 

7.6782E- 
01 

3.6341E- 
02 

8.4740E- 
01 

2.6491E- 
02 

8.8153E- 
01 

5.6467E- 
02 

9.3234E- 
01 

3.4568E- 
02 

9.4366E- 
01 

3.9941E- 
02 

MVO 6.5356E- 
01 

3.1622E- 
02 

7.5228E- 
01 

4.4125E- 
02 

8.2106E- 
01 

3.4577E- 
02 

8.5024E- 
01 

5.9990E- 
02 

9.0908E- 
01 

5.0700E- 
02 

9.2790E- 
01 

4.3593E- 
02 

WOA 6.6663E- 
01 

2.0851E- 
02 

7.1718E- 
01 

5.0309E- 
02 

7.9246E- 
01 

6.2474E- 
02 

8.4467E- 
01 

7.3851E- 
02 

9.1266E- 
01 

3.5371E- 
02 

9.4108E- 
01 

3.5660E- 
02 

SCA 6.4560E- 
01 

3.0690E- 
02 

7.0108E- 
01 

4.9605E- 
02 

7.3734E- 
01 

6.3408E- 
02 

8.1712E- 
01 

5.4318E- 
02 

8.3808E- 
01 

7.9513E- 
02 

8.9998E- 
01 

4.5554E- 
02 

HHO 6.4351E- 
01 

5.3745E- 
02 

7.2727E- 
01 

6.2293E- 
02 

7.7242E- 
01 

4.8995E- 
02 

8.3868E- 
01 

5.8072E- 
02 

8.9205E- 
01 

3.3404E- 
02 

9.2137E- 
01 

5.3013E- 
02 

BLPSO 6.5731E- 
01 

1.9906E- 
02 

7.0770E- 
01 

4.1906E- 
02 

7.5632E- 
01 

5.9868E- 
02 

8.3218E- 
01 

6.7180E- 
02 

8.7854E- 
01 

3.6050E- 
02 

9.2124E- 
01 

4.0685E- 
02 

IGWO 6.8333E- 
01 

8.1370E- 
03 

7.5187E- 
01 

5.7288E- 
02 

7.9156E- 
01 

6.9928E- 
02 

8.5639E- 
01 

5.3532E- 
02 

8.7290E- 
01 

4.3607E- 
02 

9.1431E- 
01 

3.8417E- 
02 

(continued on next page) 
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Table A.3 (continued ) 

Image Thresholds 2  4  6  10  15  20  

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD 

IWOA 6.6192E- 
01 

3.3756E- 
02 

7.2911E- 
01 

6.0149E- 
02 

7.6030E- 
01 

6.4801E- 
02 

8.1598E- 
01 

6.4743E- 
02 

8.8041E- 
01 

5.8714E- 
02 

9.2512E- 
01 

3.4560E- 
02 

SCADE 6.9095E- 
01 

2.0998E- 
02 

7.1794E- 
01 

4.8632E- 
02 

7.5090E- 
01 

4.9154E- 
02 

8.1311E- 
01 

5.7350E- 
02 

8.5507E- 
01 

4.5185E- 
02 

8.9351E- 
01 

5.5275E- 
02 

Image Thresholds 2  4  6  10  15  20  
B Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.3122E- 
01 

5.7282E- 
04 

7.5780E- 
01 

3.8825E- 
02 

8.0731E- 
01 

4.5486E- 
02 

8.9203E- 
01 

3.3787E- 
02 

9.3632E- 
01 

2.8456E- 
02 

9.5792E- 
01 

1.6787E- 
02 

MVO 6.1400E- 
01 

1.8543E- 
02 

7.1288E- 
01 

4.7695E- 
02 

8.0364E- 
01 

4.6970E- 
02 

8.7097E- 
01 

4.8156E- 
02 

9.2373E- 
01 

3.3749E- 
02 

9.4554E- 
01 

2.7038E- 
02 

WOA 6.0971E- 
01 

3.0484E- 
02 

6.7627E- 
01 

6.0322E- 
02 

7.8214E- 
01 

3.8883E- 
02 

8.7981E- 
01 

4.4880E- 
02 

9.2471E- 
01 

3.0443E- 
02 

9.5846E- 
01 

2.5304E- 
02 

SCA 6.2553E- 
01 

2.1697E- 
02 

6.8015E- 
01 

6.0334E- 
02 

7.2623E- 
01 

5.3200E- 
02 

8.0956E- 
01 

6.4623E- 
02 

8.6573E- 
01 

6.8945E- 
02 

8.8975E- 
01 

4.6624E- 
02 

HHO 6.0817E- 
01 

2.4602E- 
02 

6.8449E- 
01 

5.2009E- 
02 

7.7027E- 
01 

5.3485E- 
02 

8.2502E- 
01 

5.1295E- 
02 

8.8232E- 
01 

6.1384E- 
02 

9.4035E- 
01 

3.7413E- 
02 

BLPSO 6.1746E- 
01 

2.1588E- 
02 

7.0063E- 
01 

4.3711E- 
02 

7.6285E- 
01 

4.4884E- 
02 

8.5370E- 
01 

2.7601E- 
02 

8.9936E- 
01 

4.0308E- 
02 

9.2391E- 
01 

3.7855E- 
02 

IGWO 6.2049E- 
01 

2.8171E- 
02 

6.8454E- 
01 

7.2105E- 
02 

7.7446E- 
01 

4.1178E- 
02 

8.4053E- 
01 

4.9562E- 
02 

8.9670E- 
01 

4.2586E- 
02 

9.3140E- 
01 

2.1997E- 
02 

IWOA 6.0739E- 
01 

3.1423E- 
02 

6.9717E- 
01 

4.6747E- 
02 

7.6782E- 
01 

5.9587E- 
02 

8.4565E- 
01 

5.9370E- 
02 

9.0383E- 
01 

3.8814E- 
02 

9.3528E- 
01 

2.6023E- 
02 

SCADE 6.3258E- 
01 

1.7322E- 
02 

6.8776E- 
01 

4.7126E- 
02 

7.3358E- 
01 

5.8828E- 
02 

8.0420E- 
01 

4.9446E- 
02 

8.6067E- 
01 

5.0460E- 
02 

9.0110E- 
01 

3.2973E- 
02 

Image Thresholds 2 4 6 10 15 20 
C Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.8181E- 
01 

5.7490E- 
03 

7.6481E- 
01 

2.6991E- 
02 

8.2383E- 
01 

4.6658E- 
02 

8.6803E- 
01 

2.7447E- 
02 

9.2286E- 
01 

2.3067E- 
02 

9.4764E- 
01 

1.8237E- 
02 

MVO 6.5784E- 
01 

3.9719E- 
02 

7.5040E- 
01 

4.3609E- 
02 

7.9540E- 
01 

5.4081E- 
02 

8.4811E- 
01 

4.2599E- 
02 

9.0127E- 
01 

3.4247E- 
02 

9.2305E- 
01 

4.5098E- 
02 

WOA 6.5730E- 
01 

4.2005E- 
02 

7.1922E- 
01 

7.1416E- 
02 

7.5750E- 
01 

5.9510E- 
02 

8.5634E- 
01 

5.0792E- 
02 

9.0245E- 
01 

4.2734E- 
02 

9.4200E- 
01 

2.6505E- 
02 

SCA 6.7421E- 
01 

2.5936E- 
02 

7.1030E- 
01 

5.2179E- 
02 

7.1054E- 
01 

5.5955E- 
02 

7.8766E- 
01 

4.3997E- 
02 

8.2913E- 
01 

5.7177E- 
02 

8.6879E- 
01 

5.5272E- 
02 

HHO 6.6116E- 
01 

2.7989E- 
02 

7.1751E- 
01 

6.5611E- 
02 

7.7447E- 
01 

6.6223E- 
02 

8.4130E- 
01 

5.4138E- 
02 

8.8986E- 
01 

4.3585E- 
02 

9.0937E- 
01 

3.6207E- 
02 

BLPSO 6.6152E- 
01 

3.4170E- 
02 

7.1250E- 
01 

2.8663E- 
02 

7.4847E- 
01 

5.6014E- 
02 

8.1885E- 
01 

3.3862E- 
02 

8.6418E- 
01 

3.6029E- 
02 

8.9544E- 
01 

3.2565E- 
02 

IGWO 7.0038E- 
01 

3.8523E- 
03 

7.4379E- 
01 

1.8177E- 
02 

7.9009E- 
01 

4.3947E- 
02 

8.3521E- 
01 

3.8667E- 
02 

8.7282E- 
01 

4.1916E- 
02 

9.0684E- 
01 

2.7121E- 
02 

IWOA 6.9146E- 
01 

2.6580E- 
02 

7.1124E- 
01 

3.9378E- 
02 

7.4493E- 
01 

5.0933E- 
02 

8.1344E- 
01 

5.5479E- 
02 

8.7887E- 
01 

4.0731E- 
02 

9.0879E- 
01 

4.2722E- 
02 

SCADE 7.0302E- 
01 

2.5605E- 
02 

7.2222E- 
01 

3.6281E- 
02 

7.4588E- 
01 

5.6238E- 
02 

7.9389E- 
01 

4.5816E- 
02 

8.2550E- 
01 

5.6561E- 
02 

8.7744E- 
01 

4.1798E- 
02 

Image Thresholds 2 4 6 10 15 20 
D Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 7.1900E- 
01 

2.5807E- 
03 

7.5574E- 
01 

1.4257E- 
02 

8.0265E- 
01 

2.9653E- 
02 

9.1374E- 
01 

2.6208E- 
02 

9.4810E- 
01 

2.1736E- 
02 

9.5993E- 
01 

2.3027E- 
02 

MVO 7.0592E- 
01 

2.2671E- 
02 

7.3550E- 
01 

3.3377E- 
02 

7.8835E- 
01 

2.9249E- 
02 

8.9262E- 
01 

2.6118E- 
02 

9.2586E- 
01 

3.9928E- 
02 

9.3864E- 
01 

2.5111E- 
02 

WOA 6.9828E- 
01 

3.2997E- 
02 

7.4490E- 
01 

3.1028E- 
02 

7.6259E- 
01 

4.5660E- 
02 

8.5961E- 
01 

4.9553E- 
02 

9.2664E- 
01 

2.8249E- 
02 

9.5005E- 
01 

2.1591E- 
02 

SCA 7.1704E- 
01 

6.0937E- 
03 

7.3290E- 
01 

3.0649E- 
02 

7.4420E- 
01 

4.2009E- 
02 

8.1147E- 
01 

4.0735E- 
02 

8.7488E- 
01 

3.9493E- 
02 

8.9742E- 
01 

4.9340E- 
02 

HHO 6.7888E- 
01 

2.8112E- 
02 

7.2167E- 
01 

3.5481E- 
02 

7.5270E- 
01 

4.3417E- 
02 

8.2694E- 
01 

7.0808E- 
02 

9.1247E- 
01 

4.0112E- 
02 

9.2957E- 
01 

3.5151E- 
02 

BLPSO 6.8764E- 
01 

3.4211E- 
02 

7.1929E- 
01 

4.2990E- 
02 

7.8059E- 
01 

3.0725E- 
02 

8.4980E- 
01 

4.5655E- 
02 

8.9007E- 
01 

3.2166E- 
02 

9.2507E- 
01 

3.3232E- 
02 

IGWO 7.0373E- 
01 

2.8072E- 
02 

7.3502E- 
01 

4.1618E- 
02 

7.8108E- 
01 

5.0813E- 
02 

8.5429E- 
01 

3.8932E- 
02 

9.0036E- 
01 

3.4811E- 
02 

9.2683E- 
01 

3.0278E- 
02 

IWOA 6.8693E- 
01 

2.8156E- 
02 

7.2569E- 
01 

4.4261E- 
02 

7.9469E- 
01 

4.5159E- 
02 

8.5844E- 
01 

3.5336E- 
02 

8.8561E- 
01 

4.6162E- 
02 

9.2701E- 
01 

4.0742E- 
02 
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Table A.3 (continued ) 

Image Thresholds 2  4  6  10  15  20  

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD 

SCADE 7.0857E- 
01 

1.2665E- 
02 

7.2267E- 
01 

8.4406E- 
02 

7.5592E- 
01 

5.0356E- 
02 

8.2411E- 
01 

5.0599E- 
02 

8.5702E- 
01 

5.9410E- 
02 

9.0803E- 
01 

3.2390E- 
02 

Image Thresholds 2 4 6 10 15 20 
E Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.9472E- 
01 

1.6093E- 
03 

7.3687E- 
01 

9.1394E- 
03 

7.8636E- 
01 

1.8231E- 
02 

9.0665E- 
01 

2.5082E- 
02 

9.3910E- 
01 

2.1349E- 
02 

9.5888E- 
01 

1.2709E- 
02 

MVO 6.8488E- 
01 

1.9411E- 
02 

7.2243E- 
01 

2.5778E- 
02 

7.7667E- 
01 

2.7186E- 
02 

8.9977E- 
01 

4.0658E- 
02 

9.2289E- 
01 

3.4631E- 
02 

9.4202E- 
01 

3.5819E- 
02 

WOA 6.8296E- 
01 

1.9567E- 
02 

7.1918E- 
01 

3.3816E- 
02 

7.3524E- 
01 

3.4306E- 
02 

8.8857E- 
01 

3.3424E- 
02 

9.3627E- 
01 

3.0581E- 
02 

9.6084E- 
01 

2.0889E- 
02 

SCA 6.9304E- 
01 

1.0770E- 
02 

7.0898E- 
01 

2.6364E- 
02 

7.2301E- 
01 

2.3803E- 
02 

7.9364E- 
01 

5.9128E- 
02 

8.6517E- 
01 

5.2430E- 
02 

9.0500E- 
01 

3.0307E- 
02 

HHO 6.6789E- 
01 

1.6081E- 
02 

6.9965E- 
01 

3.0359E- 
02 

7.3804E- 
01 

3.9456E- 
02 

8.4576E- 
01 

6.0409E- 
02 

9.0498E- 
01 

3.8950E- 
02 

9.3902E- 
01 

3.1774E- 
02 

BLPSO 6.2691E- 
01 

5.0238E- 
02 

7.0406E- 
01 

4.0272E- 
02 

7.8865E- 
01 

3.0922E- 
02 

8.5826E- 
01 

3.6895E- 
02 

9.0452E- 
01 

3.6368E- 
02 

9.4598E- 
01 

2.1037E- 
02 

IGWO 6.6199E- 
01 

2.6004E- 
02 

7.0250E- 
01 

5.2337E- 
02 

7.8700E- 
01 

4.5673E- 
02 

8.5748E- 
01 

5.2063E- 
02 

9.0771E- 
01 

2.8768E- 
02 

9.3307E- 
01 

2.4042E- 
02 

IWOA 6.5137E- 
01 

4.3252E- 
02 

7.1543E- 
01 

4.6551E- 
02 

7.7919E- 
01 

5.2659E- 
02 

8.6649E- 
01 

4.1003E- 
02 

9.0333E- 
01 

3.7484E- 
02 

9.3936E- 
01 

2.4483E- 
02 

SCADE 6.5174E- 
01 

2.9248E- 
02 

6.9838E- 
01 

5.1552E- 
02 

7.3433E- 
01 

5.7222E- 
02 

8.1294E- 
01 

4.9405E- 
02 

8.6300E- 
01 

5.9016E- 
02 

8.9158E- 
01 

5.4027E- 
02 

Image Thresholds 2 4 6 10 15 20 
F Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 7.3026E- 
01 

1.0201E- 
02 

7.9406E- 
01 

2.3928E- 
02 

8.3677E- 
01 

3.2696E- 
02 

8.6590E- 
01 

3.0172E- 
02 

9.1071E- 
01 

2.2779E- 
02 

9.3469E- 
01 

2.2323E- 
02 

MVO 7.3068E- 
01 

2.8703E- 
02 

7.6932E- 
01 

3.8024E- 
02 

8.3201E- 
01 

4.6173E- 
02 

8.5650E- 
01 

3.2364E- 
02 

8.9196E- 
01 

3.5381E- 
02 

9.1559E- 
01 

2.5602E- 
02 

WOA 7.0813E- 
01 

4.1388E- 
02 

7.3628E- 
01 

6.1784E- 
02 

8.1369E- 
01 

5.4844E- 
02 

8.2879E- 
01 

4.2840E- 
02 

8.8727E- 
01 

4.4773E- 
02 

9.3193E- 
01 

2.8918E- 
02 

SCA 7.2180E- 
01 

2.2502E- 
02 

7.5117E- 
01 

5.5833E- 
02 

7.7258E- 
01 

5.6205E- 
02 

7.8857E- 
01 

3.6546E- 
02 

8.4520E- 
01 

4.3082E- 
02 

8.7533E- 
01 

3.7543E- 
02 

HHO 6.9842E- 
01 

4.7141E- 
02 

7.1713E- 
01 

6.6514E- 
02 

7.7831E- 
01 

7.0183E- 
02 

8.1916E- 
01 

4.2318E- 
02 

8.7835E- 
01 

3.2692E- 
02 

9.0826E- 
01 

3.5459E- 
02 

BLPSO 6.8708E- 
01 

2.3093E- 
02 

7.1915E- 
01 

4.0328E- 
02 

7.5459E- 
01 

3.6549E- 
02 

8.1203E- 
01 

2.8911E- 
02 

8.6228E- 
01 

2.7111E- 
02 

9.0184E- 
01 

2.6099E- 
02 

IGWO 7.1989E- 
01 

4.1371E- 
03 

7.4428E- 
01 

2.8432E- 
02 

7.7052E- 
01 

4.1371E- 
02 

8.2304E- 
01 

3.8218E- 
02 

8.6402E- 
01 

2.9136E- 
02 

8.8949E- 
01 

3.5875E- 
02 

IWOA 6.9937E- 
01 

2.8769E- 
02 

7.2324E- 
01 

3.7991E- 
02 

7.7283E- 
01 

4.0515E- 
02 

8.2405E- 
01 

4.2646E- 
02 

8.6952E- 
01 

4.1919E- 
02 

9.0378E- 
01 

3.4516E- 
02 

SCADE 7.1851E- 
01 

7.9122E- 
03 

7.2909E- 
01 

3.1121E- 
02 

7.4122E- 
01 

3.6489E- 
02 

7.9504E- 
01 

3.6905E- 
02 

8.2948E- 
01 

3.8150E- 
02 

8.7534E- 
01 

3.1390E- 
02 

Image Thresholds 2 4 6 10 15 20 
G Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.9977E- 
01 

2.0404E- 
03 

7.4061E- 
01 

8.4536E- 
03 

8.0460E- 
01 

1.9890E- 
02 

8.5711E- 
01 

2.6461E- 
02 

9.1764E- 
01 

2.1589E- 
02 

9.3578E- 
01 

2.0219E- 
02 

MVO 7.0070E- 
01 

2.0423E- 
03 

7.4814E- 
01 

2.0130E- 
02 

7.9621E- 
01 

3.3914E- 
02 

8.4717E- 
01 

4.5849E- 
02 

8.9325E- 
01 

3.0313E- 
02 

9.1241E- 
01 

3.3693E- 
02 

WOA 6.9591E- 
01 

2.6746E- 
02 

7.3001E- 
01 

4.2244E- 
02 

7.8724E- 
01 

4.6327E- 
02 

8.4080E- 
01 

4.1796E- 
02 

8.8641E- 
01 

3.8994E- 
02 

9.2310E- 
01 

2.4161E- 
02 

SCA 6.9232E- 
01 

2.4155E- 
02 

7.1871E- 
01 

4.9263E- 
02 

7.4702E- 
01 

5.5965E- 
02 

7.9219E- 
01 

5.2329E- 
02 

8.3998E- 
01 

3.5346E- 
02 

8.7847E- 
01 

3.2943E- 
02 

HHO 6.7669E- 
01 

3.4563E- 
02 

7.2759E- 
01 

4.6159E- 
02 

7.9104E- 
01 

5.8087E- 
02 

8.3527E- 
01 

4.9184E- 
02 

8.7165E- 
01 

4.1311E- 
02 

9.0972E- 
01 

3.1443E- 
02 

BLPSO 6.1696E- 
01 

2.5742E- 
02 

6.8277E- 
01 

2.4944E- 
02 

7.4267E- 
01 

3.7831E- 
02 

8.1084E- 
01 

3.4976E- 
02 

8.7502E- 
01 

2.9677E- 
02 

8.9786E- 
01 

2.6227E- 
02 

IGWO 6.4772E- 
01 

2.8803E- 
03 

7.2679E- 
01 

2.0771E- 
02 

7.7023E- 
01 

3.9633E- 
02 

8.1485E- 
01 

5.2702E- 
02 

8.6636E- 
01 

3.4375E- 
02 

8.9506E- 
01 

2.6002E- 
02 

IWOA 6.4254E- 
01 

1.7696E- 
02 

6.9103E- 
01 

4.7130E- 
02 

7.5134E- 
01 

3.7984E- 
02 

8.0757E- 
01 

3.2640E- 
02 

8.6871E- 
01 

3.4591E- 
02 

9.1165E- 
01 

2.5179E- 
02 

SCADE 6.5042E- 
01 

9.5335E- 
03 

6.9419E- 
01 

2.6860E- 
02 

7.0451E- 
01 

5.2477E- 
02 

7.6700E- 
01 

4.0250E- 
02 

8.3854E- 
01 

3.8531E- 
02 

8.8090E- 
01 

3.0941E- 
02 

(continued on next page) 

H. Su et al.                                                                                                                                                                                                                                       



Computers in Biology and Medicine 146 (2022) 105618

20

Table A.3 (continued ) 

Image Thresholds 2  4  6  10  15  20  

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD 

Image Thresholds 2 4 6 10 15 20 
H Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.4929E- 
01 

2.1282E- 
03 

7.3525E- 
01 

1.5845E- 
02 

7.9573E- 
01 

2.1034E- 
02 

8.9821E- 
01 

1.6337E- 
02 

9.3445E- 
01 

1.6943E- 
02 

9.5576E- 
01 

1.5018E- 
02 

MVO 6.4016E- 
01 

1.5902E- 
02 

7.2285E- 
01 

2.6769E- 
02 

7.7982E- 
01 

3.9168E- 
02 

8.7228E- 
01 

3.3376E- 
02 

9.1077E- 
01 

3.5306E- 
02 

9.3420E- 
01 

2.2217E- 
02 

WOA 6.3647E- 
01 

1.7869E- 
02 

6.9413E- 
01 

5.2344E- 
02 

7.5369E- 
01 

4.6916E- 
02 

8.5537E- 
01 

4.6832E- 
02 

9.1518E- 
01 

3.1473E- 
02 

9.4045E- 
01 

2.6496E- 
02 

SCA 6.4726E- 
01 

9.5807E- 
03 

6.6759E- 
01 

3.9937E- 
02 

7.0217E- 
01 

4.6446E- 
02 

8.1645E- 
01 

5.3926E- 
02 

8.6535E- 
01 

4.1437E- 
02 

8.8676E- 
01 

3.9322E- 
02 

HHO 6.2348E- 
01 

2.7086E- 
02 

6.8615E- 
01 

3.9512E- 
02 

7.3668E- 
01 

5.1279E- 
02 

8.6204E- 
01 

4.5595E- 
02 

9.0646E- 
01 

3.2394E- 
02 

9.1987E- 
01 

2.9618E- 
02 

BLPSO 6.7369E- 
01 

2.4273E- 
02 

7.3627E- 
01 

2.2842E- 
02 

7.7521E- 
01 

3.3370E- 
02 

8.4639E- 
01 

3.1649E- 
02 

8.8778E- 
01 

2.6097E- 
02 

9.1919E- 
01 

2.7030E- 
02 

IGWO 7.1631E- 
01 

1.8553E- 
03 

7.7539E- 
01 

2.8374E- 
02 

7.9341E- 
01 

4.4224E- 
02 

8.5832E- 
01 

3.9998E- 
02 

8.9025E- 
01 

3.5398E- 
02 

9.2201E- 
01 

2.5478E- 
02 

IWOA 6.9727E- 
01 

2.0317E- 
02 

7.2687E- 
01 

4.9557E- 
02 

7.7701E- 
01 

4.8185E- 
02 

8.4357E- 
01 

5.2341E- 
02 

8.8774E- 
01 

3.9898E- 
02 

9.2395E- 
01 

2.6932E- 
02 

SCADE 7.0921E- 
01 

1.3862E- 
02 

7.4427E- 
01 

4.1542E- 
02 

7.5686E- 
01 

4.6920E- 
02 

8.1171E- 
01 

4.6255E- 
02 

8.4698E- 
01 

3.8962E- 
02 

8.9871E- 
01 

3.2213E- 
02 

Image Thresholds 2 4 6 10 15 20 
I Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 7.2467E- 
01 

9.7718E- 
03 

7.9643E- 
01 

2.5451E- 
02 

8.3621E- 
01 

4.2321E- 
02 

8.6103E- 
01 

1.7793E- 
02 

9.0112E- 
01 

1.3569E- 
02 

9.2261E- 
01 

1.4652E- 
02 

MVO 6.8899E- 
01 

3.0220E- 
02 

7.4311E- 
01 

5.1404E- 
02 

8.1846E- 
01 

3.6947E- 
02 

8.2945E- 
01 

3.7198E- 
02 

8.8995E- 
01 

2.7260E- 
02 

9.0589E- 
01 

2.1975E- 
02 

WOA 6.8879E- 
01 

4.2654E- 
02 

7.0721E- 
01 

5.0345E- 
02 

7.8379E- 
01 

4.6275E- 
02 

8.3254E- 
01 

3.0522E- 
02 

8.8507E- 
01 

3.5887E- 
02 

9.1766E- 
01 

2.3694E- 
02 

SCA 7.1373E- 
01 

1.3302E- 
02 

7.3179E- 
01 

4.4424E- 
02 

7.6549E- 
01 

4.1170E- 
02 

7.7419E- 
01 

3.2022E- 
02 

8.2015E- 
01 

3.2541E- 
02 

8.6500E- 
01 

3.8640E- 
02 

HHO 6.6882E- 
01 

5.0417E- 
02 

7.2533E- 
01 

3.9027E- 
02 

7.8355E- 
01 

5.3598E- 
02 

8.1242E- 
01 

3.7286E- 
02 

8.5851E- 
01 

3.2731E- 
02 

8.8339E- 
01 

3.4108E- 
02 

BLPSO 6.6987E- 
01 

1.6932E- 
02 

7.0360E- 
01 

2.2371E- 
02 

7.4259E- 
01 

2.5496E- 
02 

8.0669E- 
01 

2.5274E- 
02 

8.4615E- 
01 

3.1482E- 
02 

8.8775E- 
01 

2.6372E- 
02 

IGWO 6.9389E- 
01 

3.0299E- 
03 

7.2884E- 
01 

1.6208E- 
02 

7.6133E- 
01 

2.3650E- 
02 

8.1739E- 
01 

3.1786E- 
02 

8.6243E- 
01 

2.9999E- 
02 

8.8501E- 
01 

3.0213E- 
02 

IWOA 6.7673E- 
01 

2.0342E- 
02 

7.1229E- 
01 

2.8145E- 
02 

7.4788E- 
01 

3.6888E- 
02 

7.9451E- 
01 

2.5570E- 
02 

8.5533E- 
01 

3.4398E- 
02 

8.9205E- 
01 

3.2084E- 
02 

SCADE 6.9358E- 
01 

9.9750E- 
03 

7.0621E- 
01 

2.7964E- 
02 

7.3077E- 
01 

3.5809E- 
02 

7.6858E- 
01 

3.6006E- 
02 

8.3183E- 
01 

3.6320E- 
02 

8.7421E- 
01 

2.9051E- 
02 

Image Thresholds 2 4 6 10 15 20 
J Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 7.1513E- 
01 

1.4322E- 
03 

7.7855E- 
01 

1.9220E- 
02 

8.2482E- 
01 

2.5106E- 
02 

9.2113E- 
01 

2.5895E- 
02 

9.5459E- 
01 

1.3998E- 
02 

9.6192E- 
01 

1.8704E- 
02 

MVO 7.0733E- 
01 

1.8954E- 
02 

7.7584E- 
01 

2.4755E- 
02 

8.0203E- 
01 

4.4884E- 
02 

9.0171E- 
01 

3.7976E- 
02 

9.2747E- 
01 

3.3449E- 
02 

9.4803E- 
01 

3.1013E- 
02 

WOA 7.0581E- 
01 

1.6812E- 
02 

7.4801E- 
01 

4.7503E- 
02 

7.8683E- 
01 

5.3173E- 
02 

8.8258E- 
01 

4.9093E- 
02 

9.3802E- 
01 

2.6450E- 
02 

9.6012E- 
01 

1.5390E- 
02 

SCA 7.0571E- 
01 

1.6999E- 
02 

7.3692E- 
01 

4.2312E- 
02 

7.5834E- 
01 

5.1489E- 
02 

8.3164E- 
01 

5.3473E- 
02 

8.8343E- 
01 

5.1121E- 
02 

9.0585E- 
01 

4.5147E- 
02 

HHO 6.8562E- 
01 

2.8271E- 
02 

7.3993E- 
01 

4.5900E- 
02 

7.7570E- 
01 

4.4815E- 
02 

8.8623E- 
01 

5.5641E- 
02 

9.2278E- 
01 

4.0683E- 
02 

9.3348E- 
01 

3.5875E- 
02 

BLPSO 6.9129E- 
01 

2.4195E- 
02 

7.4311E- 
01 

4.4186E- 
02 

7.8052E- 
01 

4.6703E- 
02 

8.6607E- 
01 

3.1017E- 
02 

9.0926E- 
01 

3.1867E- 
02 

9.1931E- 
01 

2.6289E- 
02 

IGWO 7.3492E- 
01 

1.2133E- 
02 

7.7307E- 
01 

3.7872E- 
02 

8.0606E- 
01 

5.6915E- 
02 

8.6879E- 
01 

3.9556E- 
02 

9.0891E- 
01 

3.6687E- 
02 

9.3567E- 
01 

2.6343E- 
02 

IWOA 7.1087E- 
01 

3.2692E- 
02 

7.2538E- 
01 

6.4207E- 
02 

7.9879E- 
01 

6.0129E- 
02 

8.6513E- 
01 

5.2136E- 
02 

9.0828E- 
01 

5.0318E- 
02 

9.1861E- 
01 

5.0038E- 
02 

SCADE 7.1762E- 
01 

2.3350E- 
02 

7.3217E- 
01 

4.0894E- 
02 

7.6350E- 
01 

6.8782E- 
02 

8.1718E- 
01 

4.5472E- 
02 

8.7888E- 
01 

5.2107E- 
02 

9.0534E- 
01 

5.1155E- 
02    
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Table A.4 
PSNR’s evaluation results  

Image Thresholds 2 4 6 10 15 20 

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 1.2192E+01 4.9434E-01 1.7689E+01 2.1025E+00 2.2006Eþ01 1.1840Eþ00 2.4694Eþ01 2.5452E+00 2.7987Eþ01 2.0970E+00 2.9102Eþ01 2.6000E+00 
MVO 1.1904E+01 9.9616E-01 1.7462E+01 2.3218E+00 2.0690E+01 1.7042E+00 2.3401E+01 2.8418E+00 2.6544E+01 2.6518E+00 2.8370E+01 2.6949E+00 
WOA 1.2105E+01 8.3169E-01 1.6308E+01 2.1877E+00 1.9433E+01 2.5690E+00 2.3225E+01 3.2773E+00 2.6516E+01 2.1802E+00 2.8837E+01 2.4657E+00 
SCA 1.1084E+01 1.3750E+00 1.4341E+01 2.7441E+00 1.7429E+01 3.1192E+00 2.2156E+01 2.7854E+00 2.3304E+01 3.7809E+00 2.6709E+01 2.4959E+00 
HHO 1.2861E+01 2.4047E+00 1.7075E+01 2.6700E+00 1.8857E+01 2.1490E+00 2.2858E+01 2.8917E+00 2.5584E+01 1.8887Eþ00 2.8018E+01 3.0043E+00 
BLPSO 1.4624E+01 1.8033E+00 1.7464E+01 1.8735Eþ00 1.9818E+01 2.1239E+00 2.2973E+01 2.5877E+00 2.4999E+01 1.9513E+00 2.7761E+01 2.0647Eþ00 
IGWO 1.8149Eþ01 8.7158E-01 1.9610Eþ01 2.3819E+00 2.0910E+01 2.9258E+00 2.3888E+01 2.4661E+00 2.4978E+01 1.9733E+00 2.7269E+01 2.1594E+00 
IWOA 1.6236E+01 2.5835E+00 1.8633E+01 2.5556E+00 1.9420E+01 3.0235E+00 2.1995E+01 2.7411E+00 2.5095E+01 2.8446E+00 2.7798E+01 2.2082E+00 
SCADE 1.7222E+01 9.4548E-01 1.7976E+01 2.0013E+00 1.8961E+01 2.4735E+00 2.1979E+01 2.4019Eþ00 2.4197E+01 2.0299E+00 2.6455E+01 2.8726E+00 

Image Thresholds 2 4 6 10 15 20 
B Item AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD  

CCMVO 1.3442E+01 4.4611E-02 1.9054Eþ01 1.5492Eþ00 2.0751Eþ01 2.0230E+00 2.4276Eþ01 1.5186E+00 2.7301Eþ01 1.7036Eþ00 2.9611Eþ01 1.3404Eþ00 
MVO 1.2714E+01 1.7539E+00 1.7353E+01 1.8746E+00 2.0724E+01 1.8662E+00 2.3262E+01 2.1197E+00 2.6507E+01 1.9144E+00 2.8394E+01 1.9625E+00 
WOA 1.1930E+01 2.6586E+00 1.5824E+01 2.6129E+00 1.9491E+01 2.2332E+00 2.3991E+01 2.0116E+00 2.6667E+01 1.8357E+00 2.9535E+01 2.0207E+00 
SCA 1.2668E+01 1.1748E+00 1.4966E+01 2.9252E+00 1.7767E+01 2.4739E+00 2.1173E+01 2.5098E+00 2.3742E+01 3.3718E+00 2.5287E+01 2.4470E+00 
HHO 1.2256E+01 2.7306E+00 1.5645E+01 2.7379E+00 1.9245E+01 2.2648E+00 2.1525E+01 2.5901E+00 2.4588E+01 2.8994E+00 2.8441E+01 2.8172E+00 
BLPSO 1.3705Eþ01 1.7082E+00 1.6745E+01 2.2032E+00 1.9375E+01 1.7292E+00 2.3042E+01 1.1152Eþ00 2.5496E+01 1.8945E+00 2.7143E+01 2.1501E+00 
IGWO 1.2566E+01 2.0425E+00 1.6235E+01 3.1471E+00 1.9794E+01 1.5079Eþ00 2.2134E+01 2.5224E+00 2.5243E+01 2.1335E+00 2.7680E+01 1.5850E+00 
IWOA 1.2291E+01 2.5398E+00 1.6534E+01 2.0236E+00 1.9297E+01 2.1368E+00 2.2439E+01 2.7589E+00 2.5611E+01 2.0149E+00 2.7798E+01 1.6727E+00 
SCADE 1.3324E+01 1.1299E+00 1.6132E+01 2.5822E+00 1.7818E+01 2.7850E+00 2.0744E+01 1.7445E+00 2.3754E+01 2.0869E+00 2.5805E+01 1.9418E+00 

Image Thresholds 2 4 6 10 15 20 
C Item AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD  

CCMVO 1.8168Eþ01 3.5928E-01 2.0413Eþ01 9.9644E-01 2.2504Eþ01 1.7092Eþ00 2.5077Eþ01 1.0449Eþ00 2.8003Eþ01 1.2894Eþ00 3.0168Eþ01 1.1251Eþ00 
MVO 1.5991E+01 3.7430E+00 1.9580E+01 2.2489E+00 2.1292E+01 2.3618E+00 2.4243E+01 1.7582E+00 2.6936E+01 1.5366E+00 2.8656E+01 2.4815E+00 
WOA 1.5686E+01 3.6585E+00 1.7684E+01 3.5548E+00 1.9594E+01 2.4224E+00 2.4132E+01 2.1811E+00 2.6958E+01 2.2792E+00 2.9764E+01 1.6666E+00 
SCA 1.6781E+01 1.0449E+00 1.7311E+01 2.9462E+00 1.7274E+01 2.5338E+00 2.1087E+01 2.2872E+00 2.3318E+01 2.4611E+00 2.5510E+01 2.5603E+00 
HHO 1.6199E+01 2.3673E+00 1.8002E+01 3.1152E+00 2.0222E+01 3.1162E+00 2.3300E+01 2.4887E+00 2.6315E+01 2.0381E+00 2.7856E+01 2.1212E+00 
BLPSO 1.4729E+01 2.1175E+00 1.7942E+01 1.7718E+00 1.9411E+01 2.5116E+00 2.2909E+01 1.4561E+00 2.5427E+01 1.6582E+00 2.7206E+01 1.5105E+00 
IGWO 1.7126E+01 5.8481E-02 1.9941E+01 8.6638E-01 2.1249E+01 1.9433E+00 2.2979E+01 1.5558E+00 2.5365E+01 2.0648E+00 2.7698E+01 1.5884E+00 
IWOA 1.6563E+01 7.6387E-01 1.7923E+01 2.0502E+00 1.9493E+01 2.0872E+00 2.2660E+01 2.2969E+00 2.5894E+01 1.8676E+00 2.7690E+01 2.3069E+00 
SCADE 1.6522E+01 6.0441E-01 1.7748E+01 2.0449E+00 1.8948E+01 2.5525E+00 2.1518E+01 2.5081E+00 2.2947E+01 2.8197E+00 2.5920E+01 2.2796E+00 

Image Thresholds 2 4 6 10 15 20 
D Item AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD  

CCMVO 1.3299E+01 7.1430E-01 1.8347Eþ01 1.2183Eþ00 2.1533Eþ01 1.3620E+00 2.5566Eþ01 1.1566Eþ00 2.8215Eþ01 1.5148Eþ00 3.0091Eþ01 1.6925E+00 
MVO 1.2914E+01 1.1847E+00 1.8158E+01 1.3388E+00 2.1447E+01 1.2819Eþ00 2.4428E+01 1.3288E+00 2.6913E+01 2.2085E+00 2.7950E+01 2.1308E+00 
WOA 1.2332E+01 1.5896E+00 1.7903E+01 1.3410E+00 1.9500E+01 2.2601E+00 2.2883E+01 2.2663E+00 2.6680E+01 1.9543E+00 2.9043E+01 1.5205Eþ00 
SCA 1.2467E+01 1.3072E+00 1.6009E+01 1.8275E+00 1.7440E+01 2.1736E+00 2.0449E+01 1.8706E+00 2.3844E+01 2.0659E+00 2.5930E+01 2.3604E+00 
HHO 1.2478E+01 1.5665E+00 1.6581E+01 1.5404E+00 1.8493E+01 2.8634E+00 2.1399E+01 3.2168E+00 2.6200E+01 2.0961E+00 2.7608E+01 2.3088E+00 
BLPSO 1.3861Eþ01 1.3636E+00 1.6405E+01 1.9066E+00 1.9192E+01 1.7304E+00 2.2643E+01 2.0229E+00 2.5018E+01 1.5588E+00 2.7483E+01 1.9061E+00 
IGWO 1.2691E+01 9.4342E-01 1.7744E+01 1.6058E+00 1.9347E+01 2.2047E+00 2.2699E+01 2.0451E+00 2.5670E+01 1.7791E+00 2.7494E+01 1.8161E+00 
IWOA 1.3433E+01 1.2757E+00 1.6612E+01 2.5572E+00 1.9825E+01 2.3372E+00 2.2814E+01 1.8024E+00 2.4526E+01 2.3593E+00 2.7345E+01 2.6205E+00 
SCADE 1.2486E+01 1.4919E+00 1.5650E+01 2.6433E+00 1.8010E+01 2.1587E+00 2.1228E+01 2.3372E+00 2.3338E+01 2.9934E+00 2.6227E+01 1.9057E+00 

(continued on next page) 
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Table A.4 (continued ) 

Image Thresholds 2 4 6 10 15 20 

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD 

Image Thresholds 2 4 6 10 15 20 
E Item AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD  

CCMVO 1.3107E+01 1.0316E-01 1.8326Eþ01 6.6056E-01 2.1284Eþ01 9.6751E-01 2.4493Eþ01 1.1869Eþ00 2.6822E+01 1.5624E+00 2.8817E+01 1.0614Eþ00 
MVO 1.2903E+01 5.4319E-01 1.7446E+01 9.9067E-01 2.0512E+01 1.0590E+00 2.4255E+01 2.0168E+00 2.5979E+01 2.1494E+00 2.7789E+01 2.4967E+00 
WOA 1.2961E+01 4.7866E-01 1.6410E+01 1.5059E+00 1.8403E+01 1.6039E+00 2.3632E+01 1.6056E+00 2.6861Eþ01 1.9092E+00 2.9231Eþ01 2.1687E+00 
SCA 1.2530E+01 1.0605E+00 1.5332E+01 1.8197E+00 1.7022E+01 1.9181E+00 1.9824E+01 2.8305E+00 2.3078E+01 3.0711E+00 2.5570E+01 1.8247E+00 
HHO 1.3527Eþ01 9.4762E-01 1.5808E+01 1.6141E+00 1.8154E+01 2.3528E+00 2.1901E+01 2.7306E+00 2.5206E+01 1.8795E+00 2.7781E+01 2.1899E+00 
BLPSO 1.2963E+01 2.7409E+00 1.6543E+01 1.7088E+00 1.9715E+01 1.8128E+00 2.2590E+01 1.6979E+00 2.5197E+01 1.9555E+00 2.8156E+01 1.4702E+00 
IGWO 1.1632E+01 8.7795E-01 1.5798E+01 2.2734E+00 1.9091E+01 2.0582E+00 2.2527E+01 2.1016E+00 2.5253E+01 1.4076Eþ00 2.7289E+01 1.5676E+00 
IWOA 1.1860E+01 1.6282E+00 1.6749E+01 2.5342E+00 1.9007E+01 2.2938E+00 2.2928E+01 1.9285E+00 2.4937E+01 1.9673E+00 2.7536E+01 1.8536E+00 
SCADE 1.1196E+01 1.2353E+00 1.4768E+01 2.5660E+00 1.7302E+01 2.6369E+00 2.0514E+01 2.2129E+00 2.3331E+01 2.7179E+00 2.5031E+01 2.6273E+00 

Image Thresholds 2  4  6  10  15  20  
F Item AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD  

CCMVO 1.3925Eþ01 1.4083E+00 1.9539Eþ01 1.1701Eþ00 2.1776Eþ01 1.1015Eþ00 2.4734Eþ01 1.4636E+00 2.7211Eþ01 1.5283E+00 2.9224Eþ01 1.3679Eþ00 
MVO 1.2607E+01 8.2235E-01 1.8753E+01 1.4907E+00 2.1480E+01 1.7795E+00 2.4480E+01 1.4103E+00 2.6276E+01 2.1231E+00 2.7948E+01 1.6158E+00 
WOA 1.3082E+01 1.3057E+00 1.7142E+01 2.6133E+00 2.0263E+01 2.3819E+00 2.2889E+01 2.1127E+00 2.5907E+01 2.4550E+00 2.8979E+01 1.9164E+00 
SCA 1.2928E+01 1.3749E+00 1.6179E+01 2.4485E+00 1.8012E+01 2.7590E+00 2.0975E+01 1.7164E+00 2.3878E+01 2.6423E+00 2.5620E+01 2.1844E+00 
HHO 1.3457E+01 2.1965E+00 1.6269E+01 2.8338E+00 1.9087E+01 2.8434E+00 2.1800E+01 2.6394E+00 2.5261E+01 2.0483E+00 2.7740E+01 1.9309E+00 
BLPSO 1.3375E+01 1.8170E+00 1.6610E+01 1.6759E+00 1.8970E+01 1.5467E+00 2.2611E+01 1.3560Eþ00 2.4838E+01 1.7844E+00 2.7296E+01 1.5999E+00 
IGWO 1.2842E+01 9.3926E-01 1.7353E+01 1.7674E+00 1.9597E+01 1.9070E+00 2.2551E+01 1.7826E+00 2.4945E+01 1.4955Eþ00 2.6920E+01 1.9553E+00 
IWOA 1.2791E+01 1.1550E+00 1.6997E+01 1.6609E+00 1.9675E+01 2.2371E+00 2.3013E+01 2.0128E+00 2.4949E+01 2.4961E+00 2.7415E+01 1.8999E+00 
SCADE 1.2424E+01 1.0663E+00 1.4863E+01 2.0477E+00 1.6551E+01 2.3765E+00 2.0814E+01 2.4523E+00 2.3218E+01 1.9158E+00 2.5290E+01 2.3007E+00 

Image Thresholds 2  4  6  10  15  20  
G Item AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD  

CCMVO 1.7127E+01 3.7419E-02 2.0133E+01 4.2424E-01 2.2437Eþ01 7.2737E-01 2.4588Eþ01 1.3173Eþ00 2.7722Eþ01 1.4742Eþ00 2.9458Eþ01 1.5614E+00 
MVO 1.7145Eþ01 2.4732E-02 2.0168Eþ01 6.5630E-01 2.2013E+01 1.2182E+00 2.3794E+01 2.2216E+00 2.6426E+01 2.1036E+00 2.7901E+01 2.2644E+00 
WOA 1.6541E+01 1.8838E+00 1.8857E+01 2.4255E+00 2.1054E+01 2.2977E+00 2.3711E+01 2.4165E+00 2.5838E+01 2.5951E+00 2.8501E+01 1.4543E+00 
SCA 1.6499E+01 5.4345E-01 1.6990E+01 2.0605E+00 1.8757E+01 2.9303E+00 2.1784E+01 2.2087E+00 2.3908E+01 2.1261E+00 2.6323E+01 1.6714E+00 
HHO 1.5809E+01 2.1284E+00 1.8097E+01 2.5151E+00 2.0910E+01 2.4172E+00 2.3140E+01 2.2575E+00 2.5208E+01 2.5647E+00 2.7629E+01 2.2615E+00 
BLPSO 1.4192E+01 9.5823E-01 1.7185E+01 1.4323E+00 1.9768E+01 1.8167E+00 2.2993E+01 1.5323E+00 2.5958E+01 1.5330E+00 2.7376E+01 1.5880E+00 
IGWO 1.4646E+01 4.1493E-01 1.9031E+01 1.1712E+00 2.0988E+01 1.7213E+00 2.2611E+01 2.2611E+00 2.5213E+01 1.8315E+00 2.7169E+01 1.5519E+00 
IWOA 1.4400E+01 9.5120E-01 1.7423E+01 2.2596E+00 1.9999E+01 1.9312E+00 2.2116E+01 1.5867E+00 2.5521E+01 1.8133E+00 2.8022E+01 1.3749Eþ00 
SCADE 1.4196E+01 8.7420E-01 1.6112E+01 1.8600E+00 1.7915E+01 2.5695E+00 2.0351E+01 2.3014E+00 2.3838E+01 2.0999E+00 2.6292E+01 2.0417E+00 

Image Thresholds 2  4  6  10  15  20  
H Item AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD  

CCMVO 1.4721E+01 2.8410E-01 1.9507Eþ01 8.9853E-01 2.2052Eþ01 9.3056E-01 2.5192Eþ01 7.6662E-01 2.7740Eþ01 9.5796E-01 2.9917Eþ01 1.1051Eþ00 
MVO 1.4453E+01 1.2439E+00 1.8935E+01 1.3845E+00 2.1371E+01 1.8058E+00 2.4253E+01 1.4117E+00 2.6308E+01 2.1853E+00 2.8375E+01 1.4699E+00 
WOA 1.4320E+01 1.4827E+00 1.7332E+01 2.7170E+00 1.9832E+01 2.4728E+00 2.3212E+01 2.1732E+00 2.6697E+01 1.6605E+00 2.8694E+01 1.8440E+00 
SCA 1.4391E+01 9.4176E-01 1.5842E+01 2.2196E+00 1.7965E+01 2.0429E+00 2.1237E+01 2.6261E+00 2.4213E+01 2.0715E+00 2.5707E+01 1.8035E+00 

(continued on next page) 
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Table A.4 (continued ) 

Image Thresholds 2 4 6 10 15 20 

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD 

HHO 1.3354E+01 1.8333E+00 1.6987E+01 2.1740E+00 1.8520E+01 2.9881E+00 2.3529E+01 2.4632E+00 2.6046E+01 2.0134E+00 2.7454E+01 2.1427E+00 
BLPSO 1.4226E+01 9.8649E-01 1.7546E+01 1.7589E+00 1.9790E+01 1.2823E+00 2.3031E+01 1.3903E+00 2.5597E+01 1.1134E+00 2.7504E+01 1.5943E+00 
IGWO 1.4937Eþ01 1.2061E-01 1.8913E+01 1.1328E+00 2.0077E+01 2.2455E+00 2.3325E+01 1.8912E+00 2.5272E+01 1.7767E+00 2.7436E+01 1.6844E+00 
IWOA 1.4871E+01 8.4041E-01 1.7455E+01 2.6167E+00 1.9361E+01 2.3220E+00 2.2882E+01 2.2954E+00 2.5445E+01 2.1332E+00 2.7617E+01 1.5296E+00 
SCADE 1.4531E+01 7.7053E-01 1.6738E+01 1.4581E+00 1.8359E+01 2.1940E+00 2.0782E+01 1.8157E+00 2.3285E+01 2.0739E+00 2.6024E+01 2.0178E+00 

Image Thresholds 2 4 6 10 15 20 
I Item AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD  

CCMVO 1.3468Eþ01 1.0567E+00 1.9887Eþ01 1.2448E+00 2.1874Eþ01 1.5931E+00 2.4754Eþ01 1.1726Eþ00 2.7023Eþ01 1.1427Eþ00 2.8945Eþ01 1.0419Eþ00 
MVO 1.3220E+01 1.3802E+00 1.8389E+01 1.8558E+00 2.1141E+01 1.5132E+00 2.3683E+01 1.8136E+00 2.6336E+01 1.9338E+00 2.7841E+01 1.4065E+00 
WOA 1.2386E+01 1.3467E+00 1.6016E+01 2.4872E+00 1.9432E+01 1.8579E+00 2.3360E+01 1.5683E+00 2.6161E+01 1.8548E+00 2.8573E+01 1.5808E+00 
SCA 1.3094E+01 1.2857E+00 1.5838E+01 2.8174E+00 1.8228E+01 1.8905E+00 1.9924E+01 2.3769E+00 2.2994E+01 2.0791E+00 2.5557E+01 1.9871E+00 
HHO 1.2308E+01 2.4243E+00 1.6045E+01 2.4349E+00 1.9595E+01 2.3838E+00 2.1765E+01 1.9908E+00 2.4555E+01 1.9877E+00 2.6287E+01 2.0926E+00 
BLPSO 1.3333E+01 1.4635E+00 1.6208E+01 1.6006E+00 1.9032E+01 2.0025E+00 2.2331E+01 1.6867E+00 2.4547E+01 1.9805E+00 2.7184E+01 1.4410E+00 
IGWO 1.3148E+01 1.4906E-01 1.7583E+01 1.1553Eþ00 1.9207E+01 1.5049Eþ00 2.2170E+01 1.7646E+00 2.5283E+01 1.6218E+00 2.6758E+01 1.7360E+00 
IWOA 1.2877E+01 1.0325E+00 1.6863E+01 1.4373E+00 1.8571E+01 1.8170E+00 2.1478E+01 1.9060E+00 2.5107E+01 1.6955E+00 2.7153E+01 2.0259E+00 
SCADE 1.2766E+01 1.0122E+00 1.4983E+01 2.2159E+00 1.6772E+01 2.2972E+00 1.9861E+01 2.3980E+00 2.3249E+01 2.4115E+00 2.5960E+01 1.9903E+00 

Image Thresholds 2 4 6 10 15 20 
J Item AVG STD AVG STD AVG STD AVG STD AVG STD AVG STD  

CCMVO 1.4999E+01 7.5833E-02 2.0083Eþ01 9.9730E-01 2.1782Eþ01 1.4790Eþ00 2.5250Eþ01 1.1491Eþ00 2.7929Eþ01 1.1825Eþ00 2.9626Eþ01 1.3461Eþ00 
MVO 1.4864E+01 7.9750E-01 1.9504E+01 1.0169E+00 2.0995E+01 1.8679E+00 2.4447E+01 1.6649E+00 2.6512E+01 1.7364E+00 2.8221E+01 1.7612E+00 
WOA 1.4843E+01 7.3868E-01 1.7701E+01 2.5251E+00 1.9908E+01 2.4488E+00 2.3566E+01 2.0758E+00 2.7316E+01 1.5957E+00 2.9142E+01 1.4529E+00 
SCA 1.4350E+01 8.3561E-01 1.6791E+01 1.9803E+00 1.7913E+01 2.3718E+00 2.0935E+01 1.9699E+00 2.3770E+01 2.3365E+00 2.5715E+01 2.2909E+00 
HHO 1.4103E+01 1.3522E+00 1.7049E+01 2.4757E+00 1.9087E+01 2.3865E+00 2.3424E+01 2.3086E+00 2.5842E+01 2.1797E+00 2.7558E+01 2.3463E+00 
BLPSO 1.5089Eþ01 1.2288E+00 1.7770E+01 1.4756E+00 1.9764E+01 1.6882E+00 2.3102E+01 1.2905E+00 2.5659E+01 1.3963E+00 2.6766E+01 1.4350E+00 
IGWO 1.2760E+01 1.0421E+00 1.7942E+01 1.6157E+00 2.0316E+01 2.0801E+00 2.3088E+01 1.8184E+00 2.5593E+01 1.6042E+00 2.7754E+01 1.5372E+00 
IWOA 1.4039E+01 1.6550E+00 1.6737E+01 2.7223E+00 1.9698E+01 2.1524E+00 2.2773E+01 2.5089E+00 2.5249E+01 2.6578E+00 2.6652E+01 2.3387E+00 
SCADE 1.2665E+01 1.4560E+00 1.5528E+01 2.6417E+00 1.7751E+01 2.9599E+00 2.0991E+01 2.4380E+00 2.3674E+01 2.3779E+00 2.5729E+01 2.7383E+00   
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Table A.5 
SSIM’s evaluation results  

Image Thresholds 2 4 6 10 15 20 

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 5.9939E- 
01 

1.2753E- 
02 

6.7254E- 
01 

4.8310E- 
02 

6.9277E- 
01 

3.0320E- 
02 

7.5307E- 
01 

6.5061E- 
02 

8.3984E- 
01 

3.9770E- 
02 

8.6037E- 
01 

3.8995E- 
02 

MVO 5.5139E- 
01 

7.1608E- 
02 

6.4369E- 
01 

7.0279E- 
02 

6.7512E- 
01 

4.5694E- 
02 

7.2637E- 
01 

6.5235E- 
02 

8.1019E- 
01 

5.5224E- 
02 

8.4525E- 
01 

5.5645E- 
02 

WOA 5.8399E- 
01 

4.3712E- 
02 

5.9245E- 
01 

7.5759E- 
02 

6.6522E- 
01 

7.1396E- 
02 

7.2551E- 
01 

7.1839E- 
02 

8.0686E- 
01 

4.2874E- 
02 

8.5311E- 
01 

4.7490E- 
02 

SCA 5.7664E- 
01 

2.5464E- 
02 

6.3223E- 
01 

4.2465E- 
02 

6.2760E- 
01 

5.7870E- 
02 

7.0884E- 
01 

5.8211E- 
02 

7.4129E- 
01 

8.6366E- 
02 

8.1992E- 
01 

4.3820E- 
02 

HHO 5.2065E- 
01 

1.1126E- 
01 

6.0468E- 
01 

7.4929E- 
02 

6.3384E- 
01 

5.4191E- 
02 

7.3044E- 
01 

7.3563E- 
02 

7.9402E- 
01 

3.9231E- 
02 

8.3744E- 
01 

6.3287E- 
02 

BLPSO 5.3733E- 
01 

5.1778E- 
02 

6.0150E- 
01 

3.8968E- 
02 

6.4177E- 
01 

5.5499E- 
02 

7.1434E- 
01 

6.2360E- 
02 

7.7909E- 
01 

4.1525E- 
02 

8.2790E- 
01 

4.2041E- 
02 

IGWO 5.7591E- 
01 

1.5783E- 
02 

6.3597E- 
01 

6.4345E- 
02 

6.7282E- 
01 

8.0789E- 
02 

7.5169E- 
01 

5.7163E- 
02 

7.7264E- 
01 

4.5708E- 
02 

8.2186E- 
01 

4.7366E- 
02 

IWOA 5.3022E- 
01 

1.0502E- 
01 

6.1229E- 
01 

6.3803E- 
02 

6.2894E- 
01 

8.8352E- 
02 

7.0944E- 
01 

6.5265E- 
02 

7.7841E- 
01 

5.4534E- 
02 

8.3099E- 
01 

4.8349E- 
02 

SCADE 5.7576E- 
01 

5.1533E- 
02 

6.2327E- 
01 

5.0918E- 
02 

6.3868E- 
01 

6.3422E- 
02 

7.0565E- 
01 

5.6578E- 
02 

7.5848E- 
01 

4.7653E- 
02 

8.0077E- 
01 

6.1195E- 
02 

Image Thresholds 2 4 6 10 15 20 
B Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 5.7362E- 
01 

7.5380E- 
04 

6.4959E- 
01 

4.3420E- 
02 

6.6061E- 
01 

4.7134E- 
02 

7.5560E- 
01 

3.3128E- 
02 

8.3519E- 
01 

3.5050E- 
02 

8.7936E- 
01 

2.0126E- 
02 

MVO 4.8594E- 
01 

9.6444E- 
02 

6.0303E- 
01 

6.0190E- 
02 

6.6850E- 
01 

4.5755E- 
02 

7.3958E- 
01 

3.9813E- 
02 

8.2065E- 
01 

3.3630E- 
02 

8.5426E- 
01 

3.8022E- 
02 

WOA 4.4856E- 
01 

1.5043E- 
01 

5.4854E- 
01 

7.5909E- 
02 

6.4722E- 
01 

5.2013E- 
02 

7.5310E- 
01 

4.4086E- 
02 

8.1924E- 
01 

3.9738E- 
02 

8.7627E- 
01 

3.3508E- 
02 

SCA 5.6995E- 
01 

2.0428E- 
02 

5.9050E- 
01 

7.7839E- 
02 

6.1705E- 
01 

5.4447E- 
02 

6.9192E- 
01 

5.7521E- 
02 

7.5550E- 
01 

6.8665E- 
02 

7.9109E- 
01 

4.7389E- 
02 

HHO 4.3522E- 
01 

1.1709E- 
01 

5.3659E- 
01 

8.1090E- 
02 

6.4185E- 
01 

4.6490E- 
02 

7.1334E- 
01 

5.4793E- 
02 

7.7881E- 
01 

5.7479E- 
02 

8.5489E- 
01 

4.7284E- 
02 

BLPSO 4.9645E- 
01 

7.4408E- 
02 

5.7798E- 
01 

5.8131E- 
02 

6.4833E- 
01 

4.1318E- 
02 

7.3683E- 
01 

2.7131E- 
02 

7.9075E- 
01 

3.7516E- 
02 

8.2671E- 
01 

4.0947E- 
02 

IGWO 5.2991E- 
01 

1.2389E- 
01 

5.7415E- 
01 

8.0683E- 
02 

6.5357E- 
01 

3.3422E- 
02 

7.1305E- 
01 

5.4528E- 
02 

7.9031E- 
01 

3.9789E- 
02 

8.3723E- 
01 

2.9641E- 
02 

IWOA 4.4346E- 
01 

1.2448E- 
01 

5.7358E- 
01 

5.6952E- 
02 

6.4110E- 
01 

4.6408E- 
02 

7.2039E- 
01 

6.2566E- 
02 

7.9471E- 
01 

4.3351E- 
02 

8.4376E- 
01 

3.2173E- 
02 

SCADE 5.7469E- 
01 

1.8095E- 
02 

5.8448E- 
01 

6.3247E- 
02 

6.1380E- 
01 

6.1578E- 
02 

6.9693E- 
01 

4.3979E- 
02 

7.5902E- 
01 

4.3293E- 
02 

8.0894E- 
01 

3.2262E- 
02 

Image Thresholds 2 4 6 10 15 20 
C Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD 

CCMVO 5.7081E- 
01 

1.3995E- 
02 

6.4512E- 
01 

2.4771E- 
02 

6.9070E- 
01 

4.8094E- 
02 

7.7932E- 
01 

2.5483E- 
02 

8.4225E- 
01 

2.2970E- 
02 

8.8022E- 
01 

1.6039E- 
02 

MVO 4.8474E- 
01 

1.7165E- 
01 

6.3004E- 
01 

5.4954E- 
02 

6.6520E- 
01 

6.7621E- 
02 

7.6681E- 
01 

3.8872E- 
02 

8.2257E- 
01 

3.2174E- 
02 

8.5473E- 
01 

4.2507E- 
02 

WOA 4.9081E- 
01 

1.6713E- 
01 

5.8025E- 
01 

1.0349E- 
01 

6.3745E- 
01 

6.0337E- 
02 

7.7157E- 
01 

4.6842E- 
02 

8.2425E- 
01 

4.3642E- 
02 

8.7079E- 
01 

2.9416E- 
02 

SCA 5.6585E- 
01 

4.5573E- 
02 

5.8490E- 
01 

1.3271E- 
01 

5.8947E- 
01 

9.4202E- 
02 

7.3146E- 
01 

4.1127E- 
02 

7.6988E- 
01 

5.0905E- 
02 

8.0390E- 
01 

5.0158E- 
02 

HHO 5.3966E- 
01 

7.6802E- 
02 

5.8961E- 
01 

9.8999E- 
02 

6.4775E- 
01 

9.1953E- 
02 

7.6402E- 
01 

5.9270E- 
02 

8.2076E- 
01 

3.6563E- 
02 

8.4977E- 
01 

3.6233E- 
02 

BLPSO 5.5955E- 
01 

1.1334E- 
01 

6.5371E- 
01 

5.5049E- 
02 

6.8325E- 
01 

7.0330E- 
02 

7.4958E- 
01 

2.5460E- 
02 

7.9359E- 
01 

2.8106E- 
02 

8.2882E- 
01 

2.5157E- 
02 

IGWO 6.4188E- 
01 

4.7531E- 
03 

6.8996E- 
01 

2.0831E- 
02 

7.3055E- 
01 

3.5516E- 
02 

7.6673E- 
01 

3.7484E- 
02 

8.0786E- 
01 

3.6101E- 
02 

8.4333E- 
01 

2.6033E- 
02 

IWOA 6.3038E- 
01 

4.0367E- 
02 

6.4389E- 
01 

5.6730E- 
02 

6.8500E- 
01 

4.9109E- 
02 

7.4708E- 
01 

4.6229E- 
02 

8.0889E- 
01 

3.6416E- 
02 

8.4263E- 
01 

3.6379E- 
02 

SCADE 6.4330E- 
01 

3.4384E- 
02 

6.7491E- 
01 

5.0589E- 
02 

6.8635E- 
01 

6.1080E- 
02 

7.3740E- 
01 

3.2734E- 
02 

7.7102E- 
01 

4.9033E- 
02 

8.1951E- 
01 

3.5751E- 
02 

Image Thresholds 2 4 6 10 15 20 
D Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.7409E- 
01 

3.4348E- 
03 

7.1976E- 
01 

1.4421E- 
02 

7.3598E- 
01 

3.3832E- 
02 

7.7764E- 
01 

2.1168E- 
02 

8.4357E- 
01 

2.7519E- 
02 

8.8011E- 
01 

2.8602E- 
02 

MVO 6.3073E- 
01 

7.4767E- 
02 

6.8879E- 
01 

5.5229E- 
02 

7.1694E- 
01 

2.7568E- 
02 

7.5211E- 
01 

3.2189E- 
02 

8.1943E- 
01 

3.9067E- 
02 

8.4761E- 
01 

2.8701E- 
02 

WOA 5.9987E- 
01 

1.1826E- 
01 

6.7813E- 
01 

5.6036E- 
02 

6.8214E- 
01 

6.4955E- 
02 

7.2750E- 
01 

4.7126E- 
02 

8.1586E- 
01 

3.4094E- 
02 

8.6015E- 
01 

2.6541E- 
02 

SCA 6.6070E- 
01 

1.6421E- 
02 

6.8055E- 
01 

3.9478E- 
02 

6.8898E- 
01 

4.7762E- 
02 

7.0374E- 
01 

4.3210E- 
02 

7.6821E- 
01 

4.3311E- 
02 

8.0424E- 
01 

4.3134E- 
02 

HHO 5.4369E- 
01 

1.0027E- 
01 

6.5599E- 
01 

7.0444E- 
02 

6.7082E- 
01 

7.4927E- 
02 

7.1306E- 
01 

5.6262E- 
02 

8.0779E- 
01 

3.5595E- 
02 

8.4217E- 
01 

3.9227E- 
02 

BLPSO 
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Table A.5 (continued ) 

Image Thresholds 2 4 6 10 15 20 

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD 

5.6660E- 
01 

6.5203E- 
02 

5.9409E- 
01 

4.9506E- 
02 

6.5638E- 
01 

3.4666E- 
02 

7.3099E- 
01 

4.0402E- 
02 

7.7911E- 
01 

2.4848E- 
02 

8.2873E- 
01 

3.3490E- 
02 

IGWO 6.0599E- 
01 

7.5056E- 
02 

6.1952E- 
01 

4.1709E- 
02 

6.5224E- 
01 

3.6126E- 
02 

7.2651E- 
01 

3.4381E- 
02 

7.9439E- 
01 

3.3546E- 
02 

8.3071E- 
01 

3.7734E- 
02 

IWOA 5.5054E- 
01 

6.7387E- 
02 

5.8403E- 
01 

6.2049E- 
02 

6.6350E- 
01 

4.0300E- 
02 

7.3061E- 
01 

3.2281E- 
02 

7.7409E- 
01 

4.4776E- 
02 

8.3762E- 
01 

4.3752E- 
02 

SCADE 6.2626E- 
01 

2.3470E- 
02 

6.3912E- 
01 

6.0022E- 
02 

6.4050E- 
01 

5.2826E- 
02 

7.1926E- 
01 

4.8573E- 
02 

7.5246E- 
01 

5.1767E- 
02 

8.0970E- 
01 

3.0018E- 
02 

Image Thresholds 2 4 6 10 15 20 
E Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.3582E- 
01 

2.9384E- 
03 

7.3450E- 
01 

8.7625E- 
03 

7.5907E- 
01 

2.2319E- 
02 

7.6258E- 
01 

2.7809E- 
02 

8.2469E- 
01 

3.2061E- 
02 

8.6302E- 
01 

1.9898E- 
02 

MVO 5.9915E- 
01 

8.0160E- 
02 

6.9232E- 
01 

6.6090E- 
02 

7.3545E- 
01 

4.8806E- 
02 

7.6300E- 
01 

4.1140E- 
02 

8.1299E- 
01 

4.2895E- 
02 

8.4645E- 
01 

4.2836E- 
02 

WOA 5.9544E- 
01 

8.0992E- 
02 

6.8917E- 
01 

8.1687E- 
02 

6.8011E- 
01 

7.2040E- 
02 

7.5868E- 
01 

3.5368E- 
02 

8.2296E- 
01 

3.9509E- 
02 

8.7794E- 
01 

2.5970E- 
02 

SCA 6.3881E- 
01 

2.2467E- 
02 

6.8693E- 
01 

5.1051E- 
02 

7.0216E- 
01 

5.3687E- 
02 

6.7184E- 
01 

5.7940E- 
02 

7.5908E- 
01 

5.0966E- 
02 

7.9613E- 
01 

4.0105E- 
02 

HHO 5.5900E- 
01 

7.6103E- 
02 

6.2345E- 
01 

1.0243E- 
01 

6.9396E- 
01 

6.4019E- 
02 

7.2677E- 
01 

5.8075E- 
02 

7.9564E- 
01 

4.0946E- 
02 

8.4382E- 
01 

4.4564E- 
02 

BLPSO 5.0232E- 
01 

1.1034E- 
01 

5.9182E- 
01 

5.3092E- 
02 

6.6433E- 
01 

3.6149E- 
02 

7.2562E- 
01 

4.0324E- 
02 

7.9203E- 
01 

3.6783E- 
02 

8.4699E- 
01 

2.8457E- 
02 

IGWO 5.8526E- 
01 

4.5185E- 
02 

5.7571E- 
01 

7.4628E- 
02 

6.5064E- 
01 

6.0264E- 
02 

7.2590E- 
01 

5.3624E- 
02 

8.0177E- 
01 

2.8616E- 
02 

8.3573E- 
01 

3.4723E- 
02 

IWOA 5.4670E- 
01 

8.0811E- 
02 

6.0254E- 
01 

5.7861E- 
02 

6.5136E- 
01 

4.9190E- 
02 

7.3532E- 
01 

3.8869E- 
02 

7.8614E- 
01 

4.2495E- 
02 

8.3452E- 
01 

3.7679E- 
02 

SCADE 5.8348E- 
01 

2.1489E- 
02 

6.1509E- 
01 

6.7450E- 
02 

6.3896E- 
01 

5.6775E- 
02 

7.0180E- 
01 

4.6319E- 
02 

7.5377E- 
01 

5.3424E- 
02 

7.8754E- 
01 

5.8022E- 
02 

Image Thresholds 2 4 6 10 15 20 
F Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.0732E- 
01 

1.0167E- 
02 

6.5722E- 
01 

2.3748E- 
02 

6.6363E- 
01 

2.5825E- 
02 

7.7880E- 
01 

3.0533E- 
02 

8.3458E- 
01 

2.0980E- 
02 

8.7084E- 
01 

1.9165E- 
02 

MVO 6.0289E- 
01 

5.5763E- 
02 

6.3558E- 
01 

4.7909E- 
02 

6.6397E- 
01 

4.4758E- 
02 

7.7764E- 
01 

2.6302E- 
02 

8.1868E- 
01 

3.2022E- 
02 

8.4759E- 
01 

2.5996E- 
02 

WOA 5.7579E- 
01 

7.4390E- 
02 

5.8531E- 
01 

8.3610E- 
02 

6.5930E- 
01 

6.0712E- 
02 

7.5463E- 
01 

3.8106E- 
02 

8.0607E- 
01 

4.0873E- 
02 

8.6354E- 
01 

3.0158E- 
02 

SCA 6.0305E- 
01 

1.9032E- 
02 

6.1813E- 
01 

6.3075E- 
02 

6.4155E- 
01 

5.0775E- 
02 

7.3753E- 
01 

3.5267E- 
02 

7.8041E- 
01 

4.0619E- 
02 

8.1204E- 
01 

3.3454E- 
02 

HHO 5.4876E- 
01 

1.0841E- 
01 

5.7853E- 
01 

8.3752E- 
02 

6.2881E- 
01 

7.6933E- 
02 

7.5669E- 
01 

4.1149E- 
02 

8.0684E- 
01 

2.9131E- 
02 

8.4371E- 
01 

3.1295E- 
02 

BLPSO 5.7375E- 
01 

9.0613E- 
02 

6.3982E- 
01 

6.3662E- 
02 

6.9541E- 
01 

3.6046E- 
02 

7.4469E- 
01 

2.5102E- 
02 

7.9817E- 
01 

2.5033E- 
02 

8.3537E- 
01 

2.3268E- 
02 

IGWO 6.7305E- 
01 

5.9583E- 
03 

6.9542E- 
01 

5.5099E- 
02 

7.1282E- 
01 

4.6835E- 
02 

7.4896E- 
01 

4.1462E- 
02 

7.9689E- 
01 

2.2234E- 
02 

8.2624E- 
01 

3.1899E- 
02 

IWOA 6.0689E- 
01 

8.9659E- 
02 

6.5320E- 
01 

5.6120E- 
02 

7.0119E- 
01 

4.9852E- 
02 

7.4780E- 
01 

4.1893E- 
02 

8.0532E- 
01 

4.1378E- 
02 

8.3939E- 
01 

3.0402E- 
02 

SCADE 6.6300E- 
01 

1.3627E- 
02 

6.7738E- 
01 

4.6181E- 
02 

6.8279E- 
01 

6.0645E- 
02 

7.4131E- 
01 

4.7541E- 
02 

7.7328E- 
01 

3.3967E- 
02 

8.1602E- 
01 

3.0081E- 
02 

Image Thresholds 2 4 6 10 15 20 
G Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.4122E- 
01 

1.8925E- 
03 

6.9168E- 
01 

7.5496E- 
03 

7.2985E- 
01 

1.3282E- 
02 

7.7907E- 
01 

3.2099E- 
02 

8.4855E- 
01 

2.2129E- 
02 

8.7621E- 
01 

2.3080E- 
02 

MVO 6.4144E- 
01 

2.6829E- 
03 

6.9431E- 
01 

1.7374E- 
02 

7.2422E- 
01 

2.4263E- 
02 

7.6804E- 
01 

3.6387E- 
02 

8.2492E- 
01 

3.3900E- 
02 

8.5398E- 
01 

2.1465E- 
02 

WOA 6.1623E- 
01 

1.0323E- 
01 

6.5500E- 
01 

1.0068E- 
01 

7.1188E- 
01 

5.3305E- 
02 

7.7008E- 
01 

7.3433E- 
02 

8.1435E- 
01 

5.0908E- 
02 

8.6117E- 
01 

2.5399E- 
02 

SCA 6.3210E- 
01 

3.4412E- 
02 

6.6455E- 
01 

6.6476E- 
02 

6.9553E- 
01 

6.9562E- 
02 

7.4944E- 
01 

3.7316E- 
02 

7.8527E- 
01 

4.0866E- 
02 

8.2565E- 
01 

2.5918E- 
02 

HHO 5.8806E- 
01 

1.1697E- 
01 

6.6790E- 
01 

6.1391E- 
02 

7.1682E- 
01 

6.9497E- 
02 

7.6639E- 
01 

4.9482E- 
02 

8.0870E- 
01 

5.3548E- 
02 

8.5196E- 
01 

3.4680E- 
02 

BLPSO 4.8002E- 
01 

6.8149E- 
02 

6.0130E- 
01 

8.2137E- 
02 

6.9292E- 
01 

5.8218E- 
02 

7.5445E- 
01 

2.9742E- 
02 

8.1678E- 
01 

2.1706E- 
02 

8.3804E- 
01 

2.2237E- 
02 

IGWO 5.9423E- 
01 

1.9275E- 
02 

6.7427E- 
01 

6.5254E- 
02 

7.1172E- 
01 

5.7896E- 
02 

7.5763E- 
01 

5.6730E- 
02 

8.1292E- 
01 

2.7808E- 
02 

8.3951E- 
01 

2.4862E- 
02 

IWOA 5.3161E- 
01 

8.5059E- 
02 

6.0898E- 
01 

1.1140E- 
01 

6.8688E- 
01 

7.1184E- 
02 

7.3767E- 
01 

4.2565E- 
02 

8.0624E- 
01 

3.1636E- 
02 

8.5148E- 
01 

2.3713E- 
02 

SCADE 5.6747E- 
01 

5.3417E- 
02 

6.7427E- 
01 

4.5678E- 
02 

6.5486E- 
01 

9.5468E- 
02 

7.3936E- 
01 

4.0677E- 
02 

7.8652E- 
01 

3.7571E- 
02 

8.2046E- 
01 

3.9008E- 
02 

Image Thresholds 2 4 6 10 15 20 
H Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD 

CCMVO 5.8386E- 
01 

1.7520E- 
02 

6.8166E- 
01 

5.6174E- 
02 

7.2793E- 
01 

3.4278E- 
02 

7.9324E- 
01 

1.9644E- 
02 

8.4420E- 
01 

2.1063E- 
02 

8.8052E- 
01 

1.5925E- 
02 
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Table A.5 (continued ) 

Image Thresholds 2 4 6 10 15 20 

A Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD 

MVO 5.4762E- 
01 

1.0010E- 
01 

6.5300E- 
01 

7.9020E- 
02 

7.0191E- 
01 

7.0638E- 
02 

7.7049E- 
01 

2.9720E- 
02 

8.1949E- 
01 

3.6190E- 
02 

8.5867E- 
01 

2.3362E- 
02 

WOA 5.3935E- 
01 

1.1209E- 
01 

6.0571E- 
01 

1.2706E- 
01 

6.7911E- 
01 

8.7677E- 
02 

7.5720E- 
01 

4.9947E- 
02 

8.2559E- 
01 

3.2310E- 
02 

8.6510E- 
01 

2.7507E- 
02 

SCA 5.8531E- 
01 

6.1987E- 
02 

6.0948E- 
01 

9.7943E- 
02 

6.6492E- 
01 

6.1957E- 
02 

7.4211E- 
01 

6.5197E- 
02 

7.8971E- 
01 

3.7752E- 
02 

8.1301E- 
01 

4.0041E- 
02 

HHO 4.4259E- 
01 

1.2866E- 
01 

5.8243E- 
01 

1.1868E- 
01 

6.2335E- 
01 

1.2345E- 
01 

7.6698E- 
01 

5.7937E- 
02 

8.2606E- 
01 

3.0705E- 
02 

8.4737E- 
01 

3.1576E- 
02 

BLPSO 5.1107E- 
01 

7.5305E- 
02 

6.3836E- 
01 

6.7171E- 
02 

6.9127E- 
01 

4.2553E- 
02 

7.5001E- 
01 

3.2500E- 
02 

8.0336E- 
01 

2.4410E- 
02 

8.4052E- 
01 

2.6295E- 
02 

IGWO 5.7792E- 
01 

8.3430E- 
03 

7.0970E- 
01 

3.4228E- 
02 

6.8962E- 
01 

9.0505E- 
02 

7.7009E- 
01 

3.9855E- 
02 

8.0876E- 
01 

3.3778E- 
02 

8.4482E- 
01 

2.3676E- 
02 

IWOA 5.6764E- 
01 

6.2693E- 
02 

6.1430E- 
01 

1.2319E- 
01 

6.8560E- 
01 

8.1965E- 
02 

7.5318E- 
01 

5.2539E- 
02 

8.0523E- 
01 

3.4733E- 
02 

8.4897E- 
01 

2.2465E- 
02 

SCADE 5.7266E- 
01 

4.5458E- 
02 

6.7243E- 
01 

6.5381E- 
02 

6.7020E- 
01 

7.6154E- 
02 

7.3899E- 
01 

4.3305E- 
02 

7.7614E- 
01 

4.5240E- 
02 

8.2367E- 
01 

3.4647E- 
02 

Image Thresholds 2 4 6 10 15 20 
I Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 6.4983E- 
01 

9.8361E- 
03 

6.6862E- 
01 

2.3052E- 
02 

6.9334E- 
01 

3.2955E- 
02 

7.9858E- 
01 

2.9128E- 
02 

8.5025E- 
01 

1.4032E- 
02 

8.7232E- 
01 

1.6465E- 
02 

MVO 5.4253E- 
01 

7.9829E- 
02 

6.2978E- 
01 

3.6837E- 
02 

6.7561E- 
01 

3.0714E- 
02 

7.7847E- 
01 

3.4675E- 
02 

8.3275E- 
01 

3.5315E- 
02 

8.6197E- 
01 

1.7571E- 
02 

WOA 5.6116E- 
01 

1.1048E- 
01 

5.6546E- 
01 

5.9785E- 
02 

6.5423E- 
01 

4.4208E- 
02 

7.7527E- 
01 

3.5140E- 
02 

8.3837E- 
01 

2.7513E- 
02 

8.6933E- 
01 

2.2454E- 
02 

SCA 6.3445E- 
01 

2.0238E- 
02 

6.2897E- 
01 

5.5737E- 
02 

6.5553E- 
01 

5.0960E- 
02 

7.5223E- 
01 

4.6287E- 
02 

7.8900E- 
01 

2.6231E- 
02 

8.2721E- 
01 

3.1182E- 
02 

HHO 5.0428E- 
01 

1.2810E- 
01 

5.7353E- 
01 

5.8396E- 
02 

6.5929E- 
01 

5.1739E- 
02 

7.7763E- 
01 

3.4788E- 
02 

8.1424E- 
01 

2.9304E- 
02 

8.4193E- 
01 

3.1076E- 
02 

BLPSO 5.5494E- 
01 

8.3497E- 
02 

6.5243E- 
01 

7.9318E- 
02 

7.1394E- 
01 

5.1432E- 
02 

7.6411E- 
01 

3.6692E- 
02 

8.0944E- 
01 

2.1165E- 
02 

8.4392E- 
01 

1.9949E- 
02 

IGWO 6.3630E- 
01 

5.1889E- 
03 

7.2433E- 
01 

4.4840E- 
02 

7.3992E- 
01 

5.0281E- 
02 

7.7867E- 
01 

4.0628E- 
02 

8.0984E- 
01 

3.3316E- 
02 

8.4430E- 
01 

2.5076E- 
02 

IWOA 5.8518E- 
01 

9.0411E- 
02 

6.6549E- 
01 

7.3639E- 
02 

7.0262E- 
01 

6.5302E- 
02 

7.5637E- 
01 

4.2279E- 
02 

8.1290E- 
01 

2.4424E- 
02 

8.4918E- 
01 

2.0752E- 
02 

SCADE 6.3381E- 
01 

2.2452E- 
02 

6.8497E- 
01 

6.1800E- 
02 

7.2082E- 
01 

5.8332E- 
02 

7.4231E- 
01 

5.4626E- 
02 

7.9317E- 
01 

3.5771E- 
02 

8.3356E- 
01 

2.9936E- 
02 

Image Thresholds 2 4 6 10 15 20 
J Item AVE STD AVE STD AVE STD AVE STD AVE STD AVE STD  

CCMVO 5.7993E- 
01 

6.6419E- 
03 

6.9326E- 
01 

4.9542E- 
02 

7.1376E- 
01 

4.9851E- 
02 

7.6596E- 
01 

3.0539E- 
02 

8.3587E- 
01 

2.5362E- 
02 

8.6834E- 
01 

2.4052E- 
02 

MVO 5.7392E- 
01 

6.2422E- 
02 

6.8681E- 
01 

4.8467E- 
02 

6.9313E- 
01 

6.5647E- 
02 

7.5062E- 
01 

4.0615E- 
02 

8.0998E- 
01 

3.9112E- 
02 

8.4607E- 
01 

3.4916E- 
02 

WOA 5.7454E- 
01 

5.7227E- 
02 

6.3946E- 
01 

1.0965E- 
01 

6.8526E- 
01 

7.8548E- 
02 

7.4069E- 
01 

4.6368E- 
02 

8.2234E- 
01 

3.1622E- 
02 

8.6138E- 
01 

2.6582E- 
02 

SCA 5.6718E- 
01 

6.0427E- 
02 

6.7306E- 
01 

4.3817E- 
02 

6.9763E- 
01 

5.8839E- 
02 

7.0448E- 
01 

5.2258E- 
02 

7.6810E- 
01 

4.7123E- 
02 

7.9542E- 
01 

4.3575E- 
02 

HHO 5.1771E- 
01 

9.3993E- 
02 

6.0172E- 
01 

1.1991E- 
01 

6.7165E- 
01 

8.4243E- 
02 

7.5411E- 
01 

5.3979E- 
02 

8.0790E- 
01 

4.6262E- 
02 

8.3190E- 
01 

4.2897E- 
02 

BLPSO 5.6912E- 
01 

2.9673E- 
02 

6.0720E- 
01 

4.3537E- 
02 

6.3760E- 
01 

4.5183E- 
02 

7.2178E- 
01 

2.5890E- 
02 

7.8672E- 
01 

2.4181E- 
02 

8.0733E- 
01 

3.1098E- 
02 

IGWO 6.1509E- 
01 

7.5537E- 
03 

6.5384E- 
01 

3.2974E- 
02 

6.6251E- 
01 

5.6846E- 
02 

7.2733E- 
01 

3.6385E- 
02 

7.8627E- 
01 

3.3627E- 
02 

8.3268E- 
01 

3.2064E- 
02 

IWOA 5.7825E- 
01 

6.5620E- 
02 

5.6181E- 
01 

1.0094E- 
01 

6.4968E- 
01 

6.2974E- 
02 

7.3465E- 
01 

5.0672E- 
02 

7.9236E- 
01 

4.9903E- 
02 

8.1729E- 
01 

4.7200E- 
02 

SCADE 6.0083E- 
01 

1.8975E- 
02 

6.1730E- 
01 

3.8908E- 
02 

6.3386E- 
01 

7.2585E- 
02 

6.8099E- 
01 

4.3879E- 
02 

7.5210E- 
01 

4.9963E- 
02 

7.9580E- 
01 

5.1332E- 
02    

Table A.6 
Fitness values generated during the segmentation process  

Image Thresholds CCMVO MVO WOA SCA HHO BLPSO IGWO IWOA SCADE 

A 2 2.5954Eþ01 2.5954E+01 2.5954E+01 2.5908E+01 2.5952E+01 2.5493E+01 2.5954E+01 2.5952E+01 2.5921E+01 
4 3.9362E+01 3.9369Eþ01 3.9205E+01 3.8029E+01 3.9159E+01 3.7363E+01 3.9289E+01 3.8957E+01 3.7961E+01 
6 5.0165E+01 5.0246Eþ01 4.9948E+01 4.7016E+01 4.9909E+01 4.7532E+01 4.9957E+01 4.9360E+01 4.8133E+01 
10 6.8130Eþ01 6.8031E+01 6.7400E+01 6.2416E+01 6.7071E+01 6.4826E+01 6.6176E+01 6.5557E+01 6.2806E+01 
15 8.5566E+01 8.4947E+01 8.5930Eþ01 7.6089E+01 8.4009E+01 8.1062E+01 8.3605E+01 8.2043E+01 7.6492E+01 
20 1.0053E+02 9.8346E+01 1.0135Eþ02 8.9437E+01 9.7415E+01 9.5711E+01 9.5683E+01 9.5439E+01 9.2791E+01 

B 2 2.5564Eþ01 2.5564E+01 2.5564E+01 2.5554E+01 2.5460E+01 2.5417E+01 2.5564E+01 2.5545E+01 2.5548E+01 
4 3.8872E+01 3.8815E+01 3.8920Eþ01 3.8019E+01 3.8787E+01 3.8341E+01 3.8554E+01 3.8509E+01 3.7834E+01 

(continued on next page) 
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Table A.6 (continued ) 

Image Thresholds CCMVO MVO WOA SCA HHO BLPSO IGWO IWOA SCADE 

6 5.0077Eþ01 4.9590E+01 4.9459E+01 4.7742E+01 4.8948E+01 4.7753E+01 4.9314E+01 4.9693E+01 4.6455E+01 
10 6.7613E+01 6.7608E+01 6.8297Eþ01 6.2857E+01 6.6545E+01 6.4718E+01 6.6447E+01 6.7190E+01 6.3408E+01 
15 8.5208E+01 8.5069E+01 8.7288Eþ01 7.7741E+01 8.5958E+01 8.1386E+01 8.3136E+01 8.3405E+01 7.7277E+01 
20 1.0080Eþ02 9.8876E+01 1.0028E+02 9.0391E+01 9.9741E+01 9.3086E+01 9.4836E+01 9.5493E+01 9.3923E+01 

C 2 2.5887Eþ01 2.5887E+01 2.5887E+01 2.5858E+01 2.5887E+01 2.4887E+01 2.5887E+01 2.5879E+01 2.5855E+01 
4 3.8521Eþ01 3.8521E+01 3.8506E+01 3.7748E+01 3.8287E+01 3.6583E+01 3.8484E+01 3.8430E+01 3.7786E+01 
6 4.9436Eþ01 4.9298E+01 4.9120E+01 4.7402E+01 4.8573E+01 4.6811E+01 4.9163E+01 4.8730E+01 4.7499E+01 
10 6.7583E+01 6.7825Eþ01 6.6785E+01 6.2859E+01 6.7330E+01 6.4057E+01 6.6308E+01 6.5094E+01 6.1938E+01 
15 8.5274E+01 8.4693E+01 8.6138Eþ01 7.8243E+01 8.4882E+01 8.1716E+01 8.2955E+01 8.2385E+01 7.8859E+01 
20 9.9852E+01 9.9416E+01 1.0076Eþ02 9.2595E+01 9.9937E+01 9.4663E+01 9.5311E+01 9.7695E+01 9.1824E+01 

D 2 2.5612Eþ01 2.5612E+01 2.5358E+01 2.5346E+01 2.5572E+01 2.5170E+01 2.5602E+01 2.5509E+01 2.5419E+01 
4 3.8692E+01 3.8772Eþ01 3.8683E+01 3.7063E+01 3.7738E+01 3.7080E+01 3.8430E+01 3.7808E+01 3.6923E+01 
6 4.9434Eþ01 4.9172E+01 4.8394E+01 4.7478E+01 4.8058E+01 4.7424E+01 4.8414E+01 4.8313E+01 4.6104E+01 
10 6.7811Eþ01 6.7747E+01 6.6868E+01 6.1990E+01 6.6179E+01 6.4105E+01 6.5792E+01 6.6220E+01 6.0747E+01 
15 8.5660E+01 8.5649E+01 8.5680Eþ01 7.8756E+01 8.3991E+01 8.0351E+01 8.2870E+01 8.2360E+01 7.7338E+01 
20 1.0014Eþ02 9.9586E+01 1.0006E+02 8.9943E+01 9.7647E+01 9.5923E+01 9.8304E+01 9.7925E+01 8.9059E+01 

E 2 2.6052Eþ01 2.6052E+01 2.6052E+01 2.6026E+01 2.6032E+01 2.5523E+01 2.6052E+01 2.6017E+01 2.6020E+01 
4 3.8834Eþ01 3.8761E+01 3.8026E+01 3.7868E+01 3.8372E+01 3.7316E+01 3.8605E+01 3.8094E+01 3.7601E+01 
6 4.9515Eþ01 4.9352E+01 4.8969E+01 4.5964E+01 4.8223E+01 4.7620E+01 4.9279E+01 4.8279E+01 4.6260E+01 
10 6.7470Eþ01 6.7275E+01 6.6718E+01 6.2548E+01 6.5825E+01 6.4202E+01 6.5607E+01 6.5498E+01 6.0432E+01 
15 8.5151Eþ01 8.4794E+01 8.4720E+01 7.7386E+01 8.4416E+01 8.0527E+01 8.2470E+01 8.2439E+01 7.6445E+01 
20 1.0006Eþ02 1.0005E+02 9.9882E+01 8.6104E+01 9.6654E+01 9.3197E+01 9.3257E+01 9.6247E+01 8.6733E+01 

F 2 2.5807Eþ01 2.5807E+01 2.5807E+01 2.5783E+01 2.5807E+01 2.5231E+01 2.5807E+01 2.5790E+01 2.5759E+01 
4 3.8617E+01 3.8617Eþ01 3.8488E+01 3.7661E+01 3.8163E+01 3.6742E+01 3.8538E+01 3.8189E+01 3.7052E+01 
6 4.9598Eþ01 4.9509E+01 4.9154E+01 4.6726E+01 4.8868E+01 4.6969E+01 4.8715E+01 4.8323E+01 4.5883E+01 
10 6.7143E+01 6.7550Eþ01 6.6372E+01 6.1144E+01 6.6162E+01 6.3340E+01 6.6074E+01 6.5146E+01 6.1687E+01 
15 8.6094Eþ01 8.5260E+01 8.5518E+01 7.4832E+01 8.3521E+01 7.8585E+01 8.1770E+01 8.2074E+01 7.5258E+01 
20 1.0043E+02 1.0022E+02 1.0105Eþ02 9.0254E+01 9.8287E+01 9.2722E+01 9.6013E+01 9.8205E+01 8.8005E+01 

G 2 2.5592Eþ01 2.5592E+01 2.5589E+01 2.5556E+01 2.5589E+01 2.4787E+01 2.5592E+01 2.5587E+01 2.5564E+01 
4 3.8714Eþ01 3.8710E+01 3.8695E+01 3.7731E+01 3.8187E+01 3.7080E+01 3.8666E+01 3.8408E+01 3.7563E+01 
6 4.9774Eþ01 4.9750E+01 4.9513E+01 4.6799E+01 4.8998E+01 4.7191E+01 4.9168E+01 4.8377E+01 4.7252E+01 
10 6.7898Eþ01 6.7775E+01 6.7637E+01 6.1460E+01 6.6429E+01 6.4835E+01 6.5986E+01 6.5598E+01 6.1305E+01 
15 8.5459E+01 8.5662E+01 8.5220E+01 7.7388E+01 8.5761Eþ01 8.0344E+01 8.1731E+01 8.3531E+01 7.8673E+01 
20 9.9712Eþ01 9.8812E+01 9.9232E+01 8.9979E+01 9.9310E+01 9.2345E+01 9.5927E+01 9.7072E+01 8.9264E+01 

H 2 2.5736Eþ01 2.5736E+01 2.5730E+01 2.5707E+01 2.5727E+01 2.5360E+01 2.5736E+01 2.5736E+01 2.5705E+01 
4 3.8664Eþ01 3.8624E+01 3.8553E+01 3.7647E+01 3.8491E+01 3.7098E+01 3.8541E+01 3.8457E+01 3.7399E+01 
6 4.9488E+01 4.9577Eþ01 4.9286E+01 4.6595E+01 4.8538E+01 4.7218E+01 4.9124E+01 4.8209E+01 4.7211E+01 
10 6.7625Eþ01 6.7448E+01 6.7329E+01 6.2073E+01 6.6305E+01 6.3752E+01 6.5965E+01 6.4884E+01 6.1571E+01 
15 8.4701E+01 8.5667Eþ01 8.5538E+01 7.8022E+01 8.3700E+01 8.1040E+01 8.2052E+01 8.1979E+01 7.8140E+01 
20 1.0038E+02 9.8728E+01 1.0057Eþ02 8.8008E+01 9.8083E+01 9.4795E+01 9.4014E+01 9.6799E+01 8.8641E+01 

I 2 2.5611Eþ01 2.5611E+01 2.5611E+01 2.5575E+01 2.5611E+01 2.5068E+01 2.5611E+01 2.5602E+01 2.5599E+01 
4 3.8316E+01 3.8323Eþ01 3.8189E+01 3.7609E+01 3.8271E+01 3.6605E+01 3.8313E+01 3.7820E+01 3.7670E+01 
6 4.9439Eþ01 4.9341E+01 4.9001E+01 4.6216E+01 4.8329E+01 4.6265E+01 4.9192E+01 4.8376E+01 4.6562E+01 
10 6.7518Eþ01 6.7236E+01 6.7480E+01 6.2550E+01 6.6133E+01 6.2071E+01 6.5880E+01 6.4875E+01 5.9994E+01 
15 8.4117E+01 8.5200E+01 8.6546Eþ01 7.7016E+01 8.2932E+01 7.8163E+01 8.2014E+01 8.2179E+01 7.6101E+01 
20 9.9331E+01 9.9174E+01 9.9817Eþ01 8.8442E+01 9.6200E+01 8.9562E+01 9.4781E+01 9.4942E+01 8.6612E+01 

J 2 2.5844Eþ01 2.5844E+01 2.5844E+01 2.5813E+01 2.5844E+01 2.4856E+01 2.5844E+01 2.5832E+01 2.5820E+01 
4 3.8749E+01 3.8787Eþ01 3.8696E+01 3.7801E+01 3.7984E+01 3.7480E+01 3.8632E+01 3.8244E+01 3.7821E+01 
6 4.9456E+01 4.9609Eþ01 4.9304E+01 4.7556E+01 4.9156E+01 4.7382E+01 4.8954E+01 4.7989E+01 4.6299E+01 
10 6.8042Eþ01 6.7696E+01 6.7536E+01 6.1768E+01 6.6599E+01 6.4099E+01 6.5673E+01 6.6515E+01 6.2010E+01 
15 8.6413Eþ01 8.5103E+01 8.5217E+01 7.6779E+01 8.3811E+01 8.0759E+01 8.1800E+01 8.2842E+01 7.7473E+01 
20 9.9799E+01 9.9872E+01 1.0022Eþ02 8.9684E+01 9.7728E+01 9.3363E+01 9.5132E+01 9.5317E+01 8.7495E+01  

Appendix B

Fig. B.1. The segmentation result of image A at threshold level 6. 
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Fig. B.2. The segmentation result of image B at threshold level 6.  

Fig. B.3. The segmentation result of image C at threshold level 6.  

Fig. B.4. The segmentation result of image D at threshold level 6.  

Fig. B.5. The segmentation result of image E at threshold level 6. 
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Fig. B.6. Segmentation result of image F at threshold level 6.  

Fig. B.7. The segmentation result of image G at threshold level 6.  

Fig. B.8. The segmentation result of image H at threshold level 6.  

Fig. B.9. The segmentation result of image I at threshold level 6. 
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Fig. B.10. The segmentation result of image J at threshold level 6.  
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