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Abstract

Coronavirus Disease 2019 (COVID-19) is the most severe epidemic that is prevalent all over the world. How quickly and accu-
rately identifying COVID-19 is of great significance to controlling the spread speed of the epidemic. Moreover, it is essential
to accurately and rapidly identify COVID-19 lesions by analyzing Chest X-ray images. As we all know, image segmentation is
a critical stage in image processing and analysis. To achieve better image segmentation results, this paper proposes to improve
the multi-verse optimizer algorithm using the Rosenbrock method and diffusion mechanism named RDMVO. Then utilizes
RDMVO to calculate the maximum Kapur’s entropy for multilevel threshold image segmentation. This image segmentation
scheme is called RDMVO-MIS. We ran two sets of experiments to test the performance of RDMVO and RDMVO-MIS. First,
RDMVO was compared with other excellent peers on IEEE CEC2017 to test the performance of RDMVO on benchmark func-
tions. Second, the image segmentation experiment was carried out using RDMVO-MIS, and some meta-heuristic algorithms
were selected as comparisons. The test image dataset includes Berkeley images and COVID-19 Chest X-ray images. The
experimental results verify that RDMVO is highly competitive in benchmark functions and image segmentation experiments
compared with other meta-heuristic algorithms.

Keywords COVID-19 - Multilevel threshold image segmentation - Kapur’s entropy - Multi-verse optimizer - Meta-heuristic
algorithm - Bionic algorithm

1 Introduction

Coronavirus Disease 2019 (COVID-19) is currently the
world’s most severe epidemic, posing a global public health
problem and challenge. Diagnostic COVID-19 early and accu-
rately is essential to controlling the spread of the epidemic.
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The most popular diagnostic method in biochemical is Real-
Time Polymerase Chain Reaction (RT-PCR), which is cur-
rently the most popular diagnostic method against COVID-19
[1]. Although RT-PCR has a lower cost, it is time-consuming
and may produce false positives [2]. In radiology, analyzing
Chest CT and X-ray images of COVID-19 is also a key tech-
nology. Studies have shown that Chest CT scans are more
sensitive than RT-PCR in the early detection of COVID-19
infection [3, 4]. When RT-PCR is negative, Chest CT image
analysis is critical for diagnosing COVID-19. However, it is
impossible to use CT on a large scale as CT is an expensive
and unsafe test. The American College of Radiology (ACR)
warns that the CT disinfection necessary following screening
COVID-19 individuals potentially cause radiological service
availability to be disrupted, and recommends that portable
chest radiography be explored to minimize the likelihood of
cross-infection [5]. Also, a positive X-ray test may not require
CT if COVID-19 is suspected at a clinical high [6]. Therefore,
Chest X-ray image testing is a feasible solution for the early
diagnosis and control of COVID-19.


http://crossmark.crossref.org/dialog/?doi=10.1007/s42235-022-00295-w&domain=pdf
http://orcid.org/0000-0002-7714-9693

Multi-verse Optimizer with Rosenbrock and Diffusion Mechanisms for Multilevel Threshold... 1199

Artificial intelligence (AI), which is concerned with imitat-
ing human reasoning in computation, has made tremendous
advances in a variety of fields [7, 8]. Al-assisted healthcare
systems have lately attracted interest, with the aim of pro-
ducing diagnostic technologies and clinical decision-making
more instantaneous, self-sufficient, and efficient [9-11]. As
we all know, image segmentation is crucial in computer image
processing and analysis, and Multilevel threshold Image Seg-
mentation (MIS) is a simple and efficient image segmenta-
tion technique [12]. Medical images are a particular class
of images, their feature space is usually more complex, and
more attention is paid to the accuracy and efficiency of image
segmentation[13]. In recent years, many research results
have been published on applying the Meta-Heuristic Algo-
rithm (MHA) to optimize MIS on medical images [14-16].
The advantages of MHA in medical image segmentation are
becoming more and more prominent. Since the outbreak of
COVID-19, many scholars have conducted much research on
MIS based on the MHA [13, 17-23]. These results indicate
that the advantages of using MHA to optimize the segmenta-
tion of COVID-19 Chest X-ray Images (COVID-19-CXIs) are
apparent. However, to achieve better segmentation results and
improve the diagnostic quality of COVID-19, more research
is still needed to propose better MHAs and segmentation
schemes. As a result, this paper focuses on studying the MIS
based on the MHA and proposes a high-performance scheme
to segment COVID-19-CXIs.

Image segmentation is the process of dividing an image
into different areas based on specific rules. These areas do
not intersect, and each region has a universal consistency.
Formally, it can be defined as follows: if g(x,y) is the set of
all pixels, where (x, y) denotes the spatial coordinate, then
segmentation is a partitioning of the set g into a set of con-
nected subsets (g, g, ... g, ). These subsets satisfy the follow-
ing conditions [24]:

e g isaconnected region,1 <i < n.
n
® Ui=1 8i = 8.
e gNg =0, 1<x<nl<y<ni#]j
e g;satisfies certain rules.

Image segmentation can be achieved using a variety of
techniques. Pal [12] provided an overview of image segmenta-
tion methods, which include: gray-level thresholding [25-28],
iterative pixel classification [29—-31], surface-based segmenta-
tion [32, 33], segmentation of color images [34], edge detec-
tion [35], methods based on fuzzy set theory [36]. In addition,
Pham et al. [37] divided these methods into eight categories:
thresholding approaches, region growing approaches, classi-
fiers, clustering approaches, Markov Random Field (MRF)
models, artificial neural networks, deformable models,
and atlas-guided approaches. Regardless of classification,

thresholding is an old, simple, and popular image segmen-
tation technique [12]. Thresholding is classified as Bilevel
threshold Image Segmentation (BIS) or MIS based on the
number of thresholds. BIS is the process of dividing the image
into two regions: the object and the background. When mul-
tiple thresholds are chosen, the image can be divided into
several objects and backgrounds, a process known as MIS.
MIS is used in the majority of real-world scenes.

There are many ways of MIS, such as histogram shape-
based [38, 39], clustering-based [25, 40], similarity-based [41,
42], entropy-based [28], etc. Among these, the MIS based
on entropy is widely used due to its ease of implementation
and accurate results. For example, Kapur’s entropy [28],
fuzzy entropy [43], Tsallis entropy [44], etc. Kapur proposed
Kapur’s entropy image segmentation in 1985. The essence
of Kapur’s entropy image segmentation is to determine a set
of segmentation thresholds to maximize Kapur’s entropy.
Determining a set of segmentation thresholds is the key to
Kapur’s entropy image segmentation. The traditional exhaus-
tive method is time-consuming and ineffective [17, 18]. Deter-
mining the threshold is equivalent to solving a constrained
optimization problem, precisely what the MHA is designed
to solve.

The MHA is an iterative algorithm that uses the advan-
tageous different data distribution of particle swarms. This
new search method solves complex problems faster than tradi-
tional optimization analysis algorithms and is more adaptable.
Therefore, many researchers were highly concerned about
the MHA soon after it was first proposed. Various excellent
MHAs have been continuously proposed, including Multi-
Verse Optimizer (MVO) [45], Whale Optimization Algorithm
(WOA)[46], Grey Wolf Optimization (GWO)[46], Harris
Hawk Optimization (HHO) [47], Bat Algorithm (BA)[46],
Particle Swarm Optimization (PSO) [48], Hunger Games
Search (HGS) [49], Colony Predation Algorithm (CPA) [50],
Slime Mould Algorithm (SMA) [51], Harris Hawks Optimi-
zation (HHO) [47], Weighted Mean of Vectors (INFO) [52],
Runge Kutta Optimizer (RUN) [53], etc. They are widely used
to solve optimization problems in many fields, such as image
segmentation [54, 55], optimization of machine learning
model [56], economic emission dispatch problem [57], medi-
cal diagnosis [58, 59], scheduling problems [60-62], plant
disease recognition [63], practical engineering problems [64,
65], solar cell parameter Identification [66], feature selection
[67, 68], bankruptcy prediction [69, 70], expensive optimiza-
tion problems [71, 72], combination optimization problems
[73], and multi-objective problem [74, 75]. There have also
been numerous achievements in image segmentation.

Li et al. [76] improved the barnacle mating optimizer using
a logistic model and chaotic mapping, and a multilevel color
image segmentation algorithm was applied combined with
Masi entropy. Li et al. [77] improved the pollination algorithm
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used for Tsallis entropy image segmentation. Li et al. [78]
proposed a Modified Artificial Bee Colony (MABC) opti-
mizer and solved the MIS problem. In 2021, Li et al. [79]
used an improved coyote optimization algorithm to achieve
fuzzy MIS. Houssein et al. [80] improved manta ray foraging
optimization for MIS. Khairuzzaman [81] applied the GWO
to Otsu MIS in 2017. Further, many studies based on Kapur’s
entropy have also been published. Akay [82] applied PSO and
Artificial Bee Colony (ABC) to Kapur’s entropy MIS, respec-
tively, and compared the performance, Bhandari et al. [83]
applied the Cuckoo Search (CS) algorithm and Wind Driven
Optimization (WDO) to Kapur’s entropy MIS respectively in
2014, in the second year, they improved the ABC and com-
bined using Kapur, Otsu, and Tsallis functions respectively
for satellite image segmentation [84].

In 2016, Mirjalili et al. [45] proposed a new MHA called
MVO. MVO, like other MHAs, suffers from slow convergence
and is prone to falling into local optimum. However, it has a
miracle that the structure is simple and the parameters are
few. Since MVO was proposed in 2016, it has drawn the con-
centration of many scholars. In recent years, research results
on MVO have been published continuously. In 2016, Faris
et al. [85] proposed to use MVO to train the Multi-Layer Per-
ceptron (MLP) neural network. PSO, Differential Evolution
(DE), Firefly (FF), and CS were experimentally compared and
then compared with two traditional gradient-based training
methods (BP and LM algorithms). The experimental results
showed that the MVO algorithm to retrain the MLP neural
network is competitive. In 2017, Faris et al. [86] applied MVO
to the machine learning algorithm in the paper. They proposed
using MVO to optimize the Support Vector Machine (SVM)
parameters and select the optimal features. The experimen-
tal results showed that MVO is used. The MVO algorithm
can efficiently feature the number and improve the accuracy
of predictions. Ewees et al. [87] proposed the Chaotic MVO
(CMVO) algorithm in the paper. The CMVO algorithm
combines the chaotic map based on the MVO algorithm,
which effectively improves the algorithm’s performance and
was successfully used to solve the problem of feature selec-
tion. Mirjalili et al. [88] proposed a Multi-Objective MVO
(MOMVO) for solving problems in a multi-objective search
space. Fathy et al. [89] applied MVO to determine the opti-
mal parameter selection for Proton Exchange Membrane Fuel
Cells (PEMFCs) under specific operating conditions. Yilmaz
et al. [90] proposed a hybrid algorithm, IMVOSA, mixing
MVO, and the simulated annealing algorithm. In the paper
[91], MVO was improved, called the enhanced version of
MVO EMVO. EMVO was used as a task scheduler in the
cloud computing environment. Experiments showed that it
could effectively improve resource utilization and minimize
manufacturing time. Pothiraj et al. [92] used MVO to optimize
3D IC floor planning.
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It is clear that it can improve MVO and apply it to real-
world problems. However, as far as the author knows, there
has not been much MVO research in the direction of Kapur’s
entropy MIS. Considering all this, this paper improves the
shortcomings of MVO and applies it to COVID-19-CXI
segmentation.

This paper proposes the RDMVO algorithm to address
the shortcomings of MVO. RDMVO is based on MVO and
incorporates the Rosenbrock Method (RM) and the Diffusion
Mechanism (DM). To test the performance of RDMVO. This
paper first selected IEEE CEC2017 [93] as benchmark func-
tions and used the Wilcoxon signed-rank test [94] and the
Friedman test [95] to compare some mainstream MHAs. The
experimental results show that RDMVO effectively improves
the global search and local search capabilities of MVO and
the convergence speed and accuracy of most test functions.
The comprehensive performance is better than other MHAs
involved in the experiment. Then, at different threshold levels,
RDMVO was applied to Kapur’s entropy MIS experiment and
compared to some MHAs. Using the Peak Signal-To-Noise
Ratio (PSNR) [96], Structural Similarity Index (SSIM) [97],
and Feature Similarity Index (FSIM) [98], three indicators
for image segmentation effect evaluation, the results show
that RDMVO’s performance is satisfactory. At the same
time, Berkeley images (BKIs) and the COVID-19-CXIs
were selected for the test images. The BKIs are widely used
in image processing. It is used to test the comprehensive per-
formance of RDMVO in MIS. COVID-19-CXIs are some of
the Chest X-rays of patients with confirmed COVID-19. It is
also the problem to be solved in this paper. The MIS experi-
mental effects are all satisfactory. In addition, to clarify the
generality of the algorithm, we use the Friedman test, and the
test results also show that RDMVO is statistically significant.
The main contributions of this paper are as follows:

e An improved MVO algorithm is proposed, called
RDMVO, which significantly enhances the convergence
speed, accuracy, and ability to jump out of the local opti-
mum of MVO.

e The performance comparison experiment of RDMVO
and some mainstream MHAs were conducted on IEEE
CEC2017. The experimental data reveal that RDMVO’s
performance is better than the other MHA's.

¢ A novel MIS scheme (RDMVO-MIS) is proposed. Kapur’s
entropy is used as the objective function, RDMVO deter-
mines the threshold, and the image segmentation experi-
ment was successfully carried out on BKIs and COVID-
19-CXIs.

e MIS comparison experiments with some MHASs were car-
ried out. The effect and generality of Kapur’s entropy MIS
based on RDMVO are the best.
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The remaining work is scheduled as follows in this paper:
in Sect. 2, the work is related to image segmentation and
improved Kapur’s entropy image segmentation method. In
Sect. 3, the original MVO algorithm is presented. In Sect. 4,
this paper mainly describes the proposed RDMVO algorithm.
In Sect. 5, comparative experiments on benchmark functions
and image segmentation experimentations are run to verify
RDMVO’s and RDMVO-MIS’s performance. Section 6 gives
a discussion. Finally, in Sect. 7, conclusions and the direction
of future work are summarized.

2 Multilevel Threshold Image Segmentation

Thresholding is the most commonly used image segmenta-
tion method. In essence, thresholding is to select an attribute
to divide the gray value of an image into two or more sets.
Thresholding is commonly performed based on the histo-
gram generated by the image’s gray level. The image is not
disturbed by noise in an ideal situation, the histogram of the
segmented image has two or more peaks, the threshold is
set at the trough, and the image can be divided into multiple
objects and backgrounds as needed. In a real picture, how-
ever, the image will be disturbed by various noises, and the
gray value of the image is not the correct data. The histogram
is disturbed by noise, there is no peak on the histogram, or
there may be multiple peaks. Image segmentation results with
thresholds on the troughs will be poor or incorrect. In this
case, many threshold determination methods have been pro-
posed [99-101]. To evaluate the threshold selection results,
Pun [102] proposed the concept of entropy in 1980 and deter-
mined the optimal threshold by calculating the threshold cor-
responding to the maximum entropy. Kapur then proposed an
improved threshold segmentation method based on maximum
entropy based on Pun in 1985, which is simple to calculate
and has a good segmentation effect.

The traditional calculation of Kapur’s entropy is based
on the image’s one-dimensional gray value, which has poor
anti-noise interference ability. Buades et al. [103] proposed
non-local means 2D histogram in 2005. This technology can
effectively reduce noise interference and has a good segmen-
tation effect when the image is polluted by noise. Kapur’s
entropy MIS used in this paper is based on non-local means
2D histogram. The specific process is to obtain the grayscale
image corresponding to the original image and then perform
non-local mean noise reduction processing on the grayscale
image. The obtained image is called the NLM image. Then
non-local means 2D histogram is obtained according to the
grayscale and NLM images. Perform the maximum Kapur’s
entropy calculation based on the 2D histogram, then obtain
a set of thresholds corresponding to the maximum Kapur’s
entropy, and finally perform image segmentation according
to the thresholds.

Figure 1 shows an image segmentation example in this
paper. The specific related content is introduced in the fol-
lowing. In addition, three mainstream image segmentation
evaluation methods used in this paper will also be introduced
one by one.

2.1 Kapur’'s Entropy

Kapur’s entropy MIS is based on the gray value of the image.
We define the gray value of the image to be stored in 8 bits,
and the gray value ranges from O to 255. Let L=256, n; rep-
resents the number of pixels whose gray value is i, then the
Kapur’s entropy H is defined according to the following
formula:

-1
N=2Yn ()
i=0
—
Pi=y @)
L-1
H=- %pilnpi (3

where p; is the probability of occurrence of gray value
i, H is Kapur’s entropy. For BIS, images are divided
into two subclasses, C, and C,. C, = {1,2,3 ..., — 1},

C, ={t,...L—1}, the Kapur’s entropy H is described
according to the following formula:
He=He, +H, @)
He,== % in 5)
0 =0 ®, @,
-1
Wy = Z Pn (6)
n=0
Lo
= — Sps
He, == X ;iing, @
L-1
w, = Zn=z] Pn (8)
= argMax(HC) 9)

where ¢* is the split point set when H, takes the maximum
value, it is also the determined threshold. Similar to BIS,
for MIS, suppose the image gray value is divided into
m subsets, Cy=1{1,2,3...1;, =1}, C,={t,...t, — 1},
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Fig. 1 Image segmentation
example in this paper
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C={t .. -1}....,C,_, = {t,_1,... L = 1}, the Kapur’s
entropy is descrlbed accordmg to the following formula:

m—1

Ho=3 Hg (10)

liv) -1

He = - 2 wflnp/ (11)
lip1 =1

w;= Y p (12)
n=t;

* = argMax(Hc) (13)

2.2 Non-local Means 2D Histogram

Buades et al. [103] proposed non-local means 2D histogram in
2005; this innovative technology uses redundant information
for denoising and maintaining the maximum detailed features
of the image. Assuming that the original image is O, the non-
local mean denoised image is N, and the gray value of the
pixels p in the image O is denoted as O(p), then after non-local
mean filtering, the gray value N(p) of pixels p can be obtained
by the following formula:

_ X0 O@o(p.q)
N(p) = e (14)
_ lap)-u@l?
w(g,p)=exp 7 as)
uip) = 2ol (16)
Tieow 00
pu(g) = =22— a7

where w(q, p) is the weight of pixel p andg, and L(p) and
L(g) are local images and centered on pixel p and g, respec-
tively, and the size ism X m. u(p) and p(q) are the local mean
of pixel p and g, respectively, and the mean of L(p) andL(g).
0 is the standard deviation.
So far, there are corresponding grayscale image O and image
N filtered by non-local mean. Combining them, the abscissa is
the gray value corresponding to the pixel of the original image
O, and the ordinate is the gray value corresponding to the image
N filtered by the non-local mean. Then we can get a 2D view
of the 2D histogram, shown in Fig. 2. The non-local means 2D
histogram according to the following formula:

hy
P =L (18)

L-1

53

52

S]

0 l] tz 13 ...... L-1

Fig.2 2D view of the 2D histogram

where i refers to the value of image O(x, y) pixels, j refers
to the value of image N(x,y) pixels, and A(i,j) denotes the
number of times the point (i, j) appears on the gray value
vector (s, t), the total number of pixels in this image is m X n.

2.3 Kapur’'s Entropy-based 2D Histogram

A 2D view histogram based on the above 2D histogram
is given in Fig. 2. The main diagonal of the 2D histogram
contains adequate image information. This paper calculates
Kapur’s entropy as the objective function and Kapur’s entropy
of the subregions on the main diagonal using Eq. (19). The
optimal solution found by in {t,%, ..., — 1}is the optimal
threshold.

TR ) STEL Y YT

i=0 j=0 1 1 i=s+1 j=t;+1 2 2
Sp-1 Iy
Py Py
- X X g
i=s;_o+1j=t;_»+1 = L1 L-1
—_ f — %2 L
And Py = Z z . Py= Zi:s,+l j=t,+1 Pij >
_ \Si-1 tL—]
PL—l - Zi=sL_2+1 Z =t,_ 2+1

2.4 Image Segmentation Evaluation

19)

We all know how important it is to conduct practical evalua-
tions of image segmentation experiments. The evaluation of
mathematical computations is a crucial juncture that requires
benchmarking, sufficient data, and appropriate metrics for a
credible evaluation [104—106]. Many methods for evaluating
segmentation results have been proposed, each with advan-
tages and disadvantages. The three most commonly used
evaluation methods are PSNR [96], SSIM [97], and FSIM
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[98]. As aresult, they will be used to analyze the experimental
results in this paper.

e PSNR. PSNR is a full-reference image quality evaluation
index, and it is the most commonly used image quality
assessment metric. PSNR relies on MSE to measure the
degree of distortion of the image. The calculation of PSNR
is expressed as follows [96]:

L
I rap-6ap)
MSE(f,G) = e 1)

M and N are the numbers of rows and columns of the
image, respectively, f represents the original image, and
G represents the segmented image. f(i, /) represents the
pixel gray-scale value of the original image, and G(i, j)
is the pixel gray-scale value of the segmented image.
L is the scale range of the image. For an 8-bit image,
L=28—1=255

e SSIM. SSIM is a full-reference image quality evaluation
index. Furthermore, it is a widely used image quality
evaluation metric based on the assumption that the human
eye extracts structured information from an image when
viewing it. It calculates the brightness, contrast, and struc-
ture comparison functions of the image, respectively, then
makes a comprehensive evaluation. Its calculation process
is as follows [97]:

(2;4)(;4) +C, )(20’n,+cz)
(/45+;4$+C1 ) (o-f+o-}?+02 )

SSIM()C, y) = (22)

where x represents the image block of the original image,
y represents the image block of the segmented image. p,
and p, are the means of the image block x and the image
block y, respectively, and it reflect the brightness infor-
mation of the image. o, and o, are the standard deviations
of the image block x and the image block y, respectively,
and it reflects the contrast information of the image. o, is
the correlation coefficient between the image block x and
the image block y. And it reflects the structural similarity
information of the image.

e FSIM. FSIM is a relatively new full reference image qual-
ity evaluation index. It is based on two major features,
Phase Consistency (PC) and Gradient Magnitude (GM).
The calculation of FSIM is expressed as follows [98]:

_ 2o SLX)PC,(X)
FSIM = =S (23)

m

S,(X) = Spc(X)*Sg(X)* 24)
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PC,(X) = A0 (25)
_2PC,(X)PC,(X)+T,
SpcX) = PC3X)PCA(X)+T, (26)
_ 2G,(X0G,X)+T,
SeX) = GCX)GX)+T, 27

G=4,/Gi+G (28)

FSIM is coupled by PC term and GM term, S, refers to
the similarity score, @ and f take 1 by convention. PC,,(X)
is Max(PC,(X), PC,(X)), € is a very small positive number,
preventing a denominator of 0. 7} and 7, are a constant, E(X)
indicates the local energy, A, (X) is the amplitude value.

3 Overview of Original MVO

MVO’s mathematical model and algorithm are based on the
multi-verse theory of cosmology’s three concepts of white
holes, black holes, and wormholes. According to cosmologi-
cal theory, white and black holes are two amazing celestial
bodies, and their properties are diametrically opposed. White
holes only eject matter and energy to the outside and are con-
sidered the main part of the universe. Black holes only absorb
matter and energy in the universe. Wormholes are tunnels
that connect parallel universes, bridging the gap between
white and black holes, and allowing objects to move instantly
between universes and time-spaces.

In the MVO algorithm, the concepts of white holes and
black holes are modeled to represent the exploration process
in the search space, and the wormhole model simulates the
exploitation process. MVO proposes the concept of the expan-
sion rate and believes that the universe is constantly chang-
ing, and objects in the multi-verse are constantly evolving
to the most stable universe according to the expansion rate,
white holes, black holes, and wormholes. The MVO algorithm
specifies the following rules [45]:

e The greater the expansion rate, the greater the possibility
of a white hole, and the lower the possibility of a black
hole.

e A universe with a higher expansion rate sent matter
through a white hole.

e Universes with lower expansion rates receive more matter
through black holes.

e Regardless of the expansion rate, all objects in the universe
can move randomly through wormholes toward the opti-
mal universe.
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Therefore, MVO starts by generating random universes.
In each iteration, objects use white/black holes to move from
universes with high expansion rates to other universes with
low expansion rates. Furthermore, objects in any universe are
randomly teleported to the best universe through a wormhole.
Repeating these processes until the final criteria are met.

Based on the above theory, MVO first randomly generates
a multi-verse:

X} X% X‘f
Iox2 ..oxd

x= % % b 9)
)é; X'lg . "‘Z

where n represents the number of universes, each universe
represents a candidate solution, d represents the amount of
matter in each universe, and the matter in the universe rep-
resents the parameters in the solution. The update of the
universe is based on the following formula:

[ X, r <NI(X))
) — k'l i
S RN

Among them, X; is the ith universe, NI (X;) is the normal-
ized expansion rate of the ith universe, Xﬁ refers to the jth
matter in the ith universe, and X’k is the jth substance of the kth
universe, k is generated by the roulette selection mechanism,
and r, is a random number of [0, 1]. As can be seen from these
equations, the selection and determination of white holes are
made by roulette, which is based on the normalized expansion
rate. The lower the expansion rate, the more likely it is that an
object will pass through the tunnel of a white hole. Beyond
that, there could be wormholes in the universe that randomly
alters objects in the universe, regardless of their expansion
rate. The mechanism is expressed as follows:

' X, + TDR X ((ub = Ib) X 1y + Ib), r5 < 0.5 < WEP
X, =1 \ X, — TDRX (b —lb) X ry+1b), r; 205

X, r, > WEP

(€20)

Among them, X’l: refers to the jth substance in the ith uni-
verse, X/, is the jth substance in the kzh universe, X, _ is the
Jjth substance in the current best universe, ub, Ib is the upper
and lower bounds of the variable, r,, r5, r, are random num-
bers of [0, 1], TDR is the travel distance rate, which defines
that an object can be teleported by a wormhole to the cur-
rently obtained best universe around the distance rate, which
increases in iterations. Moreover, WEP is the wormhole exist-
ence rate, which defines the probability that wormholes exist
in the universe and increases linearly in iterations. The adap-
tive formulas of TDR and WEP are as follows:

WEP = min + 1 x (225 ) 32)
DR =1- (47) (33)

where min is the minimum value, max is the maximum
value, [ represents the current iteration number, and L rep-
resents the maximum iteration number. Where p defines
the development precision in iterations. The higher p is, the
faster and more accurate the local search is. Algorithm 1
shows the pseudo-code of MVO.

Algorithm 1 Pseudo-code of MVO
Initialize the population X;(i =1,2,..,n), the maximum number of iterations T, the

problem dimension dim, and other related parameters.
While (t <T)
Fori = 1mn
Evaluate the inflation rates.
Find the best Universe Xpest.
End For
Update WEP by Eq. (32)
Update TDR by Eq. (33)
Normalized inflation rates NI(X;)
Fori = 1mn
Forj = l:dim
Generate 'z, '3, T'4.
If r1 < NI (X))
Then
Roulette wheel selection generate white hole
Update X/ by Eq. (30)
End If
If v, <WEP
Then
Update X} by Eq. (31)
End If
End For
End For
t=t+1;
End While
Return the solution of the question
End

4 Proposed RDMVO
4.1 Rosenbrock Method (RM)

RM is a local search method proposed by Rosenbrock [107] in
1960. It can adapt to the search direction and size and conduct
multiple searches until a relatively optimal solution is found
in a specific limited area. Regarding the determination of the
search size, RM will first determine a random number & as
the search size and then determine whether a better solution
is obtained under the search size through calculation and com-
parison. If a better solution is obtained, the next search size
is € X a anda > 1, otherwise the next search size is € X f and
0 < p < 1. Regarding the determination of the search direc-
tion, RM refers to the orthonormal basis of the n-dimensional
space rather than experimenting in a single direction.
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The basic RM is effective for unimodal functions, and it
is not easy to jump out of the local optimum for multimodal
functions. The basic RM was modified in 2011 by Kang
et al. [108] to solve this problem. Li et al. [109] applied RM
modified to the HHO in 2021 and proved the mechanism's
performance. The modified RM is used to enhance MVO’s
performance in this paper. Algorithm 2 shows the pseudo-
code of modified RM.

Algorithm 2 The pseudo-code of modified RM
Initialize the initial orthonormal basis d;(i = 1,2,...,n) , the step size adjustment factors
@ and f8, and the termination parameter €1,€2,N,k1,kz.
Initialize the step size 8;(i = 1,2,...,n) using Eq, and let X, = Xo.
Repeat
x=x3k=02z=x
Repeat
For (i = 1,2,.n)
y=x+d;6;
If (¥ is better than X)
x=Yy
§i=adi(a>1)
Else
8= P8i(~1<[<0)
End If
End For
If ([abs(f (2) — f(x))/(abs(f (x)) + €1)] < &2)
ky =k +1
Else
k, =0
End If
ki=ki+1
Until (ky>N)
If (f(x) < f(x))
X=X
Update the orthonormal basis d;
End If
Until ((8in < €1)07(k2>2N))

Eq refers to 6, = \2/ M +e,i=1,2...d. and

avgx; = # Where n is the number of prospect particles,
avgx; refers to the average of the prospect particles in the ith
dimension, x,; refers to the value of the kth prospect particles
in the ith dimension. £, = 1.0e~'%"is a very small variable for
preventing the initial value from being 0.

4.2 Diffusion Mechanism (DM)

The DM is mentioned in Literature [110, 111], which effec-
tively alleviates the optimum local problem and dramatically
improves the possibility of finding the global optimum. The
diffusion process refers to the random diffusion of new parti-
cles around the original agent at different locations. There are
two main methods for generating new particles: Levy flight
and Gaussian distribution [111]. They are applied based on
Egs. (4.1) and (4.2), respectively.

x! =x;+al ® Levy(4) (34)

xl‘.’ =x;+fX Gaussian(Pi, |BP|) — (y X BP —y, XPi)
(35)
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In Eq. (34), x; refers to the original agent, and g refers to
the number of new particles obtained after diffusion. « is a
variable used to control the convergence speed. The symbol ®
refers to the Hadamard multiplications. In Eq. (35), likewise,
x; refers to the original agent, and g refers to the number of
new particles obtained after diffusion. f is equal to (log(1)) /1,
and ¢ is the number of iterations. y and y, are random numbers
between [0, 1], and BP is the best position of new particles so
far. Gaussian (Pi, |BP|) is the Gaussian distribution, and the
mean and standard deviation are P; and [BP|, respectively.

In this paper, reference paper [112], We use the mathemati-
cal model of the DM as follows:

X; = Gaussian(Bestposition, £,m) + ¢ x (Bestposition — X,) 36)

where Gaussian(Bestposition, €, m) means to generate a ran-
dom matrix that obeys Gaussian distribution. Bestposition
and € represent the mean and standard deviation, respec-
tively, and m is a vector that determines the form of the gen-
erated matrix. Bestposition denotes the position of the global
optimal solution. ¢ is a random number between [0, 1]. The
calculation of € is expressed as follows:

€= @ X |X; — Bestposition| (37)

The RDMVO algorithm introduces the RM and the DM
into the standard MVO algorithm, enhancing the global search
ability and local exploration ability of the MVO algorithm and
effectively improving the convergence speed and accuracy.
Algorithm 3 shows the pseudo-code of RDMVO. The flow-
chart of RDMVO is shown in Fig. 3.

Algorithm 3 Pseudo-code of RDMVO
Initialize the population X;(i = 1,2,...,n), the maximum number of iterations T, the

problem dimension dim, and other related parameters.
While (t < T)
Fori = 1mn
Evaluate the inflation rates.
Find the best Universe Xpest.
End For
Update WEP by Eq. (32)
Update TDR by Eq. (33)
Normalized inflation rates NI(X;)
Fori = 1in
Forj = l:dim
Generate 1, 72, 1'3.
If 11 < NI (X))
Then
Roulette wheel selection generate white hole
Update X} by Eq. (30)
End If
If 7, < WEP
Then
Update X} by Eq. (31)
End If
End For
Carry out the Rosenbrock method
End For
Carry out the diffusion mechanism
t=t+1;
End While
Return the solution of the question
End
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Fig.3 Flowchart of RDMVO

Update WEP and TDE

. . . Evaluate the inflation rates.
Normalized inflation rates |«

Generate 77, 1, r3

Update ¥/; by Eq. (31)

Carry out the Rosenbrock

Find the best universe Xpegs

Roulette wheel selection

method

4.3 Algorithm Complexity Analysis

Figure 3 shows the main process of RDMVO. The time com-
plexity of RDMVO is mainly determined by the initializa-
tion, the RM, the DM, and the iterative updates of MVO. In
addition, the parameters also affect the algorithm complex-
ity. These parameters are mainly: the algorithm’s maximum
number of iterations (7'), the dimension (d) and the population
size (N). Therefore, the main time complexity of RDMVO is
O (RDMVO) =0 (initialization) + O (fitness evaluation) + O
(MVO iterative updates)+O (RM)+ O (DM) = O (n X d)+ 0O
T'xn)+0mxd)+0 (nxd)+0 (n).

5 Experimental Results and Analysis

A series of experiments were pushed to verify RDMVO’s
performance. To begin, we choose the IEEE CEC2017 as
benchmark functions. On IEEE CEC2017, we selected some
contemporary mainstream MHAs to conduct an algorithm
comparison experiment. The experimental data show that
RDMVO has apparent convergence speed and accuracy
advantages. Also, we conducted parametric experiments
on IEEE CEC2017 to choose a better p. Furthermore, we
applied RDMVO in conjunction with Kapur’s entropy to
segment BKIs and COVID-19-CXIs, compared the perfor-
mance with some mainstream MHAs, and selected PSNR,
SSIM, and FSIM as evaluation indicators. The experimental
results are also positive. The following section will briefly
introduce these experimental procedures and results. In addi-
tion, this paper uses MATLAB coding. All experiments were

Check r<NI(X;
I<NICXy) yes— generate white hole
T
no
v v
Check r<WEP < Update X/; by Eq. (30)
Carry out the diffusion
mechanism

performed on the same computer. Computer parameters and
coding software versions are given in Table 14.

5.1 Experiment on IEEE CEC2017 Benchmark
Functions

The IEEE CEC2017 benchmark functions and related param-
eter settings are first introduced in this section. The parameter
set includes two parts, the first part is the setting of public
parameters, and the second part is the parameters of the algo-
rithm participating in the experiment. Common parameters
mean that to ensure the experiment’s fairness, as per other
computational science works [113], and the differences in the
algorithm itself, other parameters must be unified during the
experiment. The settings of public parameters are shown in
Table 1. Where N is the number of particles in the population,
D is the dimension of the problem, MaxFEs is the Maximum
number of evaluations, F is the number of independent runs
of the experiment, and we set F to 30 to reduce the influ-
ence of randomness on the experimental results. In addition,
the relevant parameter settings of the MHA involved in this
experiment are given in Table 16.

Then, we analyzed the experimental results from multiple
perspectives. The first is the mean and standard deviation.
To reduce the experimental error, we ran the experiment 30
times independently and recorded the minimum value of the
test function obtained by each relevant algorithm. Thus, we

Table 1 Unified parameter N D

. MaxFEs F
settings

30 30 300,000 30
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would get 30 on each test function result for each algorithm.
We computed the mean and standard deviation of these values
and recorded Avg and Std, respectively. Furthermore, use Avg
and Std to evaluate the algorithm’s performance. We expect
them to be as small as possible, and the minimum value is
shown in bold in the relevant tables. In addition, to verify
whether the experimental results are statistically significant,
we applied nonparametric statistical tests with a significance
level of 0.05, Wilcoxon signed-rank test, and Friedman test
to the experimental results.

The symbol “+/="in the related table is the result sum-
mary of the Wilcoxon signed-rank test, and ARV represents
the mean value of the Friedman test results of the overall test
function of the algorithm.

5.1.1 Benchmark Functions

IEEE CEC2017 [93] is the relatively new test function set
used to test the performance of the MHA, which can better
measure the superiority of algorithm improvement strategies.
The test function of IEEE CEC2017 is shown in Table 15.
F1 to F3 are unimodal functions, F4 to F10 are simple multi-
modal functions, F11 to F20 are hybrid functions, and F21 to
F30 are composition functions.

5.1.2 Influence of Two Mechanisms

In Sect. 4, we propose using DM and RM to enhance the
performance of the MVO algorithm. Experiments must be
carried out to determine whether these two mechanisms are
effective. We added a single mechanism to MVO, named
RDMVOI1, RDMVQO?2, in addition to the original algorithm
MVO and the new algorithm RDMVO, for a total of four
algorithms. Table 2 contains a detailed description of each
algorithm. The letter Y means that the mechanism is included,
while the letter N means no such mechanism exists. For the
convenience of description, RDMVO1, RDMVO2, and MVO
are called variants of RDMVO. We used IEEE CEC2017 to
experiment with these four algorithms, and the experimental
results are shown in Tables 17, 18, and Fig. 4.

The ARV indicator after the Friedman test in Table 17
(The best results are bolded) shows that the RDMVO has the
best overall ranking across all test functions; RDMVO out-
performed the other variants. The “+/=" indicators also show
that RDMVO outperforms its variants on most test functions,
especially the original MVO, which outperforms its original

Table 2 Results of the combination of mechanisms

mechanism RDMVO RDMVOI1 RDMVO2 MVO
RM Y Y N N
DF Y N Y N
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MVO in 27 out of 30 test functions. In general, the experimen-
tal results demonstrate that the combination of RM and DM
improves the performance of MVO the most.

Table 18 shows the P values of the experimental results
via the Wilcoxon signed-rank test with 5% significance, and P
values > 0.05 are shown in boldface. As can be seen from the
P values in Table 18, RDMVO and RDMVO?2 are statistically
different in each test function, RDMVO and M VO are statisti-
cally different in each test function except for F9 and F17.

Figure 4 is the convergence curve of RDMVO and its
variants on some test functions. As shown in Fig. 4, the con-
vergence speed and accuracy of the variant RDMVO2 are
worse than those of the original algorithm MVO. RDMVO2
only adds DM to the MVO, which means that only adding DM
has not affected the improvement of MVO or had a negative
effect. When comparing the variants RDMVO1 and MVO, the
convergence accuracy of RDMVOL is significantly improved,
as is the convergence speed. That is, RM speeds up the over-
all global search speed of MVO and effectively enhances the
ability of MVO to jump out of the local optimum. Finally,
we compared RDMVO and RDMVOI, and the convergence
rate of RDMVO1 was further enhanced under the action of
DM. From the above analysis, it can be concluded that the
combined action of the RM and DM have the most powerful
effect on MVO: effectively enhancing MVO’s global search
ability and local exploration ability, improving the problem
that MVO is easy to fall into local optimum, and improving
the search accuracy of MVO.

5.1.3 Parameter Test

In Sect. 3, the MVO algorithm is introduced in detail. The
TDR in Eq. (31) directly affects the algorithm’s development
efficiency and accuracy. p in Eq. (33) is the only parameter
that affects TDR. In RDMVO, it is necessary to determine
an appropriate p. So, this section selected multiple p to con-
duct experiments on [IEEE CEC2017. For the convenience of
description, the algorithm name in this section is RDMVO- p
{x}, representing that the p in RDMVO is set to x. Table 3
shows the Friedman test rankings when p is 4, 5, 6, and 7,
respectively. From Table 3, it can be seen that the performance
of RDMVO is relatively best when p is 6 if we set p to any
of 4,5, 6, and 7. Accordingly, we have set the p at 6 in the
subsequent experiments in this paper.

5.1.4 Comparison with Other Algorithms

In this part, RDMVO was mainly compared with DE [46],
WOA, GWO, HHO [47], BA [46], PSO [46], and MVO [45],
seven mainstream MHAs on IEEE CEC 2017. All the algo-
rithms involved were compared under the same conditions,
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Fig.4 Convergence curves of 9 benchmark functions

and the experimental results are shown in Tables 4, 19, 20,
and Fig. 9.

Table 19 displays the performance of RDMVO and
7 other MHAs on benchmark functions, and the best
results are bolded. The “+/=" indicators in Table 19 show
that RDMVO outperforms other competitors in most test
functions. RDMVO outperforms the efficient algorithm DE
on 20 test functions and the traditional algorithm PSO on
up to 28. RDMVO outperforms the original algorithm MVO
in 26 test functions, with two being equal to MVO and two
being weaker. According to the ARV metric after the Fried-
man test, RDMVO has the highest overall ranking among all
tested functions, followed by the DE algorithm.

For further detailed analysis, the Friedman test ranking
of all algorithms on the benchmark functions is shown in
Table 4. It is clear to find that RDMVO scored first place in
F5, F7,F8, F10, F12, F16, F17, F18, F19, F20, F21, and F22,
and second place in F1, F4, F6, F9, F11, F13, F14, F15, F23,
F24, F26, F27, F28, F29, and F30. This shows that RDMVO

- I T T
=== RDMVO ! === RDMVO

RDMVO1 RDMVO1
RDMVO2 RDMVO2
- =MVO

Best score

has excellent performance on multimodal functions and
performs well on some Hybrid Functions and Composition
Functions.

Table 20 shows the P values of the experimental results
via the Wilcoxon signed-rank test with 5% significance, and
P values > 0.05 are shown in boldface. As can be seen from
the P values in Table 20, RDMVO and HHO, BA are statisti-
cally different on each test function, and RDMVO and MVO
are statistically different on each test function except F9. In
most cases, RDMVO was statistically significantly different
from its competitors.

To visually better see the difference, the convergence curve
on some test functions (F5, F7, F8, F10, F16, F18, F19, F20,
F22) is given in Fig. 9. The convergence speed and accuracy
of RDMVO and other competitors are compared. RDMVO
has a faster convergence trend than other algorithms, achiev-
ing good convergence results early in the algorithm iteration.
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Table 3 Friedman test ranking on the benchmark functions
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5.2 Experiment on Image Segmentation

In this section, we applied RDMVO to image segmentation.
First, RDMVO is combined with Kapur’s entropy. Specifi-
cally, Kapur’s entropy is used as a fitness function, and the
position of the universe is used as a set of thresholds at a
certain threshold level. Slightly adjust RDMVO logic to
find the maximum value of Kapur’s entropy. This is simple
to accomplish. The image segmentation and evaluation are
performed under the resulting set of thresholds. The specific
experimental process is shown in Fig. 5.

In other Al-related publications, there are proposals for
fair experimental comparisons of two or more computa-
tional approaches on a certain dataset, which need allocating

@ Springer

the same computer resources to each methodology [115-118].
Same as Sect. 5.1, to ensure the fairness of the experiment
and compare the differences in the algorithms themselves,
we set other experimental parameters uniformly. As shown
in Table 5, where N is the number of particles in the popula-
tion, 7 is the number of iterations, and we set the number of
experiments F to 20, so each algorithm was run independently
20 times to reduce the influence of randomness on the experi-
mental results. Table 16 shows the relevant parameter settings
of the MHA used in this experiment.

We ran three sets of experiments. The first set was a mech-
anism comparison experiment on BKIs to verify the effec-
tiveness of RM and DM; the second set was an algorithm
comparison experiment on BKIs. We chose some MHAs that
have been applied to image segmentation. Moreover, compare
the image segmentation effects of RDMVO and these algo-
rithms to determine whether the RDMVO algorithm is more
advantageous; the third group conducted algorithm compari-
son experiments on COVID-19-CXIs, and the difference from
the second group is that the test image set has been changed.
In addition, considering the complexity of the actual situation,
all our experiments set multiple threshold levels to verify the
adaptability of the algorithm. Finally, we used the Friedman
test to perform a statistical test on the results. Furthermore,
use PSNR, SSIM, and FSIM as evaluation indicators. All
experiments are set out in detail below.

5.2.1 Influence of the Two Mechanisms

As in Sect. 5.1.2, a mechanism comparison experiment on
image segmentation was first performed. We selected nine
complex representative images from the BKIs as the research
objects, as shown in Fig. 10. Figure 11 depicts the grayscale,
histogram, and 2D histograms of these images. The first col-
umn in Fig. 11 is the grayscale image, the second column is
the histogram, and the third column is the 2D histogram. The
experimental results are shown in Tables 6, 21, and Fig. 6.
Fitness is the maximum of Kapur’s entropy obtained by
segmentation, representing the amount of information in the
segmented image. A suitable segmentation method will have
a more significant amount of information. Simultaneously,
with the improvement of the threshold level, the amount of
information obtained by a suitable segmentation method will
also increase. The fitness values of RDMVO and variant algo-
rithms at different segmentation levels are given in Table 21.
The bold shows the maximum fitness value obtained for each
experimental image at each threshold level. In addition, Fig. 6
shows the maximum fitness of all images of RDMVO and var-
iants under different thresholds. In Table 21, as the threshold
level increases from 2 to 4, the fitness obtained by RDMVO
and variant algorithms increases gradually. It can be observed
more directly in Fig. 6. In Fig. 6, the abscissa is the different
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Table6 Friedman test results Thresholds Index Item RDMVO RDMVO! RDMVO2 MVO
for each algorithm on PSNR,
FISM and SSIM 2 PSNR Avg 2.91 2.89 2.13 2.07
Rank 1 2 3 4
FISM Avg 2.85 2.90 2.16 2.08
Rank 2 1 3 4
SSIM Avg 2.78 2.78 2.19 2.24
Rank 1 1 4 3
3 PSNR Avg 3.07 2.84 2.17 1.92
Rank 1 2 3 4
FISM Avg 2.96 2.84 2.26 1.95
Rank 1 2 3 4
SSIM Avg 3.03 291 2.18 1.88
Rank 1 2 4 4
4 PSNR Avg 317 3.05 2.08 1.70
Rank 1 2 3 4
FISM Avg 3.09 3.04 2.14 1.73
Rank 1 2 3 4
SSIM Avg 3.10 3.06 2.04 1.81
Rank 1 2 3 4
RDMVO RDMVO1
a0 a0
38  w— 38
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34 34
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w w
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Fig. 6 Maximum fitness of RDMVO and variants at different thresholds

test images, the ordinate is the maximum fitness, and curves above the curve smaller than its threshold level. The above
of different colors represent different threshold levels. It can ~ shows that RDMVO and variant algorithms are suitable for
be seen that the curve with a larger threshold level is always  image segmentation on Kapur’s entropy.
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Table 6 shows three evaluation data of PSNR, FSIM,
and SSIM of the segmentation results of RDMVO and vari-
ant algorithms and a more extended Friedman test. Among
them, Avg is the average value of the relevant evaluations
across all images. The larger the average value, the better the
comprehensive result of image segmentation. Rank is the
corresponding ranking. The best Avg and Rank values are
bolded. RDMVO achieves top results for all three evalua-
tions on experimental images at all threshold levels except
the FSIM metric with a threshold level of 2.

In summary, RDMVO is more competitive in image seg-
mentation experiments. That is, the introduced RM and DM
have meaning.

5.2.2 Comparison with Other Algorithms on Berkeley

In this section, we compared some mainstream algorithms
with the original algorithm MVO. These mainstream algo-
rithms included ACOR, BA, WOA, SSA, DE, AVOA, CLPSO
and HHO. Some MHAs have been successfully applied to
image segmentation or some relatively new algorithms [18,
81, 119-125]. Nine test images are shown in Figs. 10 and 11.
In addition, we set the threshold levels to 2, 3, 4, and 5 for
experiments.

Table 22, 23, and 24 show three evaluation values of seg-
mentation quality at different threshold levels, including the
mean and standard deviation of PSNR, SSIM, and FSIM eval-
uations, respectively. The data are derived from the results of
20 independent runs of the experiment. Avg refers to the aver-
age value obtained by running the experiment independently
20 times. The higher the Avg, the better the corresponding
evaluation result. The Std denotes the standard deviation from
running the experiment independently 20 times. The smaller
the Std, the more stable the algorithm. The most significant
mean and standard deviation are bold in the table. From
Tables 22, 23, and 24, we can see that RDMVO can achieve
an enormous average value and obtain a minor standard devia-
tion in most cases. This shows that RDMVO has better perfor-
mance and is more stable than other competitors.

Further, Tables 22, 23, and 24 are also subjected to the
Friedman test. Tables 7, 8, and 9 show the average test results.

PSNR measures the difference between the obtained seg-
mented image and the original image, specifically the degree
of distortion of the image. The higher the PSNR value, the
closer the segmented image is to the original image. Table 22
shows the evaluation results of the PSNR of all algorithms.
Table 22 shows that compared with other competitors, the
RDMVO algorithm can obtain higher PSNR in most cases.
Moreover, under the same test image, with the increase of the

Table 7 Overall Friedman test

, Thresholds Item RDMVO MVO ACOR BA WOA SSA DE AVOA CLPSO HHO
results for each algorithm on
PSNR 2 Avg  7.07 477 580 466 555 524 656 532 527 4.77
rank 1 9 3 10 4 7 25 6 8
3 Avg  6.90 462 588 583 519 550 602 547 449 5.10
rank 1 9 3 4 7 5 2 6 10 8
4 Avg 718 404 612 610 479 569 588 609 421 4.89
rank 1 10 2 3 8 6 5 4 9 7
5 Avg  7.52 354 704 646 513 513 593 615 340 4.60
rank 1 9 2 3 6 6 5 4 10 8
Table8 Overall Friedman test Thresholds Item RDMVO MVO ACOR BA WOA SSA DE AVOA CLPSO HHO
results for each algorithm on
SSIM 2 Avg  6.65 474 579 491 552 544 635 522 524 5.15
rank 1 10 3 9 4 5 2 7 6 8
3 Avg  6.90 464 576 539 577 539 589 520  4.65 5.41
rank 1 10 4 6 3 7 2 8 9 5
4 Avg 1728 436 642 554 505 567 590 568 432 4.78
rank 1 9 2 6 7 5 3 4 10 8
5 Avg  17.60 365 717 642 507 503 567 592 373 4.73
rank 1 10 2 3 6 7 5 4 9 8
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Table 9 Overall Friedman test

X Thresholds Item RDMVO MVO ACOR BA WOA SSA DE AVOA CLPSO HHO
results for each algorithm on
FISM 2 Avg  6.75 478 572 524 504 541 583 547 558 5.19
rank 1 10 3 7 9 6 2 5 4 8
3 Avg  6.76 484 593 572 547 542 570 5.57 4.35 5.24
rank 1 9 2 3 6 7 4 5 10 8
4 Avg  7.39 413 642 571 506 574 596 5.74 4.12 4.74
rank 1 9 2 6 7 5 3 4 10 8
5 Avg 7.53 352 6.99 651 521 521 579 5.96 3.71 4.58
rank 1 10 2 3 7 6 5 4 9 8

threshold level, the PSNR gradually becomes larger, which
indicates that the RDMVO segmentation result is more accu-
rate. Table 7 is the average result of the Friedman test on
Table 22, avg is the average result over all test images, and
rank is the ranking of the average result. The best Avg and
Rank values are bolded. After the Friedman test, RDMVO can
achieve first place at all threshold levels. This means that the
RDMVO segmentation method based on Kapur’s entropy is
statistically significant, indicating that RDMVO is better than
other competitors.

SSIM evaluates the visual difference between the obtained
segmented and original images. The larger the SSIM value,
the closer the segmented image is to the original image visu-
ally. Table 23 shows the evaluation results of SSIM of all algo-
rithms. It can be seen in Table 23 that compared with other
competitors, the RDMVO algorithm can obtain higher SSIM
in most cases. Moreover, under the same test image, as the
threshold level increases, the SSIM gradually becomes larger,
which indicates that the RDMVO segmentation result is more
in line with human visual observation. Table 8 is the average
result of the Friedman test in Table 23. The best results are
bolded. After the Friedman test, RDMVO can also achieve
first place at all threshold levels. Therefore, from the SSIM
point of view, the RDMVO segmentation method based on
Kapur’s entropy is also more statistically significant.

FSIM is to evaluate the feature similarity between the
obtained segmented image and the original image. The
evaluation results of FSIM of all algorithms are given in
Table 24. In Table 24, it can be seen that compared to other
competitors, the same as the above evaluation indicators, the
RDMVO algorithm can obtain higher FSIM in most cases.
Moreover, under the same test result, as the threshold level
increases, FSIM gradually becomes larger. Table 9 is the aver-
age result of the Friedman test in Table 24. The best results are
bolded. Similarly, RDMVO can achieve first place at all
threshold levels after the Friedman test. Therefore, from the
FSIM point of view, the RDMVO algorithm is also the best.
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In addition, Tables 25, 26, and 27 give the Friedman test
results of different images under different thresholds for all
algorithms. These data are the data basis of Tables 7, 8, and 9.

Figures 12, 13, 14 and 15 are the convergence information
of all algorithms when the threshold levels are 2, 3, 4, and
5, respectively. The best value is the average fitness value
obtained by running each algorithm 20 times independently,
and the abscissa is the number of iterations. It can be seen
from the figure that under all threshold levels, RDMVO can
achieve the best convergence speed and the most prominent
fitness. The performance of RDMVO is satisfactory. Espe-
cially the comparison effect of RDMVO and the original
algorithm MVO. It is obvious that the convergence speed and
optimal value of RDMVO have significant advantages. The
performance of the RDMVO algorithm we propose dramati-
cally improves.

Figure 16 shows the specific thresholds obtained by all
related algorithms when the threshold level is 3 for image
35,070. Figure 17 shows the segmented images obtained by
different algorithms when the threshold level is 3 for image
35070. Figure 18 is the segmentation image obtained using
RDMVO when the thresholds are 2, 3, 4, and 5. The first
column has a threshold level of 2, the second column has a
threshold level of 3, the third column has a threshold level
of 4, and the fourth column has a threshold level of 5. Obvi-
ously, as the threshold level increases, the segmentation effect
is better.

5.2.3 Comparison with Other Algorithms on COVID-19

Testing for COVID-19, we selected nine medical images.
These are the X-ray images of nine patients with COVID-19,
clinically recorded between January 21 and March 10, 2020,
at a tertiary-level A hospital in eastern China. Our study was
approved by the Ethics Committee of the Affiliated Yueqing
Hospital of Wenzhou Medical University (Yueqing, China;
protocol number 202000002) and complied with the Hel-
sinki declaration. Except for the different test image sets, the
experimental parameters and procedures are the same as in
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Fig.7 Kapur’s entropy convergence curve of all algorithms at different thresholds

Sect. 5.2.3. Below we give the specific experimental results
without further explanation. For the specific analysis of the
results, please refer to Sect. 5.2.3. Figure 19 is the original test
image, and Figure 20 is the grayscale image, grayscale value
histogram, and 2D histogram corresponding to the original
image.

Figure 7 is a graph of fitness convergence curves in all
images corresponding to all algorithms. From a longitudinal
perspective, there are 4 columns corresponding to different
thresholds. The first column has a threshold level of 2, the

second column has a threshold level of 3, the third column has
a threshold level of 4, and the fourth column has a threshold
level of 5. It can be seen from the figure that with different
thresholds, the convergence speed of RDMVO can be the
fastest, and the maximum fitness value can be obtained at
the same time. From the horizontal view, there are 9 lines
corresponding to different test images, from top to bottom,
corresponding to the test images 03, 04, 05, 09, 12, 15, 20,
21, and 25. As can be seen from the figure, for all the test
images, the performance of RDMVO far exceeds that of
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Table 10 The result of the /=
Wilcoxon signed-rank test with _
5% significance at different 2 3 4 5
thresholds
PSNR SSIM FSIM PSNR SSIM FSIM PSNR SSIM FSIM PSNR SSIM FSIM
RDMVO ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~
MVO 6/2/1 7/0/2 6/0/3 9/0/0 8/0/1 8/0/1 8/0/1 5/0/4 4/0/5 9/0/0 3/0/6 5/0/4
ACOR 5/3/1  8/0/1 7/0/2 6/1/2 6/0/3 6/0/3 4/0/5 3/0/6 6/0/3 2/0/7 2/0/7 0/0/9
BA 6/3/0  8/0/1 8/0/1 6/0/3 8/0/1 8/0/1 6/0/3 6/0/3 7/0/2 1/0/8 2/0/7 3/0/6
WOA  6/2/1 6/0/3 6/0/3 6/0/3 5/0/4 7/0/2 7/0/2 3/0/6 6/0/3 6/0/3 1/0/8 2/0/7
SSA 5/2/2 6/0/3 6/0/3 7/0/2 7/0/2 7/0/2 9/0/0 3/0/6 S5/0/4 3/0/6 405 3/0/6
DE 32/ TUL A4 3006 5/0/4 7/0/2  5/0/4  3/0/6  S/0/4  S/0/4  2/1/6  3/0/6
AVOA  4/2/3 8/1/0 8/1/0 6/0/3 7/0/2 8/0/1 4/0/5 3/0/6 4/0/5 3/0/6 2/0/7 3/0/6
CLPSO 5272 6/0/3 6/0/3 7/0/2 6/0/3 7/0/2 7/0/2  4/0/5 5/0/4 8/0/1 5/0/4 7/0/2
HHO  6/0/3 7/0/2 7/0/2 9/0/0 7/0/2 8/0/L 8/0/L 3/0/6 5/0/4 8/0/1 4/1/4 4/0/5
Table11 PSNR, SSIM, FISM Thresholds Index Item RDMVO MVO ACOR BA WOA SSA DE AVOA CLPSO HHO
results of all algorithms at
different thresholds 2 PSNR Avg 6.33 483 604 580 456 542 621 631 507 444
rank 1 8 4 5 9 6 3 2 7 10
SSIM  Avg 7.81 491 5.03 438 558 5.14 6.13 5.34 5.54 5.13
rank 1 9 8 10 3 6 2 5 4 7
FISM Avg 7.81 491 5.03 438 558 514 6.13 534 5.54 5.13
rank 1 9 8 10 3 6 2 5 4 7
3 PSNR Avg 7.65 416 6.09 591 477 523 6.69 593 4.89 3.69
rank 1 9 3 5 8 6 2 4 7 10
SSIM  Avg 7.82 496 548 472 544 492 586 5.09 5.51 5.19
rank 1 8 4 10 5 9 2 7 3 6
FISM Avg 7.82 496 548 472 544 492 586 5.09 5.51 5.19
rank 1 8 4 10 5 9 2 7 3 6
4 PSNR Avg 7.74 449 6.56 5.87 473 5.13 5.86 5.99 4.50 4.13
rank 1 9 2 4 7 6 5 3 8 10
SSIM  Avg 6.94 5.12  5.54 487 525 553 573 5.61 5.19 5.21
rank 1 9 4 10 6 5 2 3 8 7
FISM Avg 6.94 5.12 554 487 525 553 573 5.61 5.19 5.21
rank 1 9 4 10 6 5 2 3 8 7
5 PSNR Avg 745 3.82 6.56 6.71 473 541 5.85 6.02 4.25 4.19
rank 1 10 3 2 7 6 5 4 8 9
SSIM  Avg 6.50 4.65 6.02 5.59 5.62 521 571 5.69 4.64 5.37
rank 1 9 2 6 5 8 3 4 10 7
FISM Avg 6.50 4.65 6.02 5.59 5.62 521 571 5.69 4.64 5.37
rank 1 9 2 6 5 8 3 4 10 7

other competitors at different threshold levels. We know that
selecting the threshold level generally depends on the actual
practical needs. That is to say, the adaptability of RDMVO

is greater.

Table 10 shows the results of PSNR, SSIM, and FISM of
different algorithms after the Wilcoxon signed-rank test with
5% significance at different threshold levels. The “+” denotes
the number by which RDMVO is better than other algorithms.
“-” means that RDMVO is worse than the number of other
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ACOR BA

WOA SSA

Fig.8 The grayscale image and jet colormap image obtained by all algorithms on image 03

Table 12 PSNR, SSIM, FSIM Index RDMVO MVO ACOR BA  WOA SSA DE  AVOA CLPSO HHO

mean of all algorithms on image

03 PSNR  19.37 1651 1926 1914 1723 1879 1843 1840 1693 1658
SSIM 072 065 070 068 069 066 068 067 069 0.69
FISM  0.78 074 077 076 077 075 076 076 075 0.76
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Table 13 PSNR, SSIM, FSIM Index RDMVO MVO ACOR BA  WOA SSA DE AVOA CLPSO HHO

standard deviation of all

algorithms on image 03 PSNR  0.96 221 176 223 265 116 152 20l 1.70 1.91
SSIM  0.01 0.08 0.04 0.04 0.06 0.04 0.04 0.07 0.05 0.07
FISM 0.02 0.04 0.03 0.04  0.04 0.02 0.03 0.03 0.04 0.04

“w__

algorithms. represents the number of RDMVO that is
not significantly different from other algorithms. When the
threshold level is 3, 4, and 5, and any PSNR, SSIM, and FSIM
are used as evaluation indicators, RDMVO outperforms other
algorithms on all images. Except that there is one image on
which RDMVO performance is weaker than ACOR when the
threshold level is 3 and the PSNR metric; there is one image
on which RDMVO performance is weaker than DE when the
threshold level is 5, and under the SSIM metric. When the
threshold level is 2 and the PSNR metric is used, the perfor-
mance of RDMVO is weaker than other algorithms on more
images, but RDMVO performs better than the comparison
algorithm in more images when compared to the number of
“+” and “-".

Table 11 contains the average results of the three indica-
tors PSNR, SSIM, and FSIM of all algorithms under different
threshold levels after the Friedman test, and the optimal data
are bolded. It can be seen in Table 11 that under the Friedman
test, RDMVO is the first at all threshold levels on all images.
The thresholds obtained by all algorithms at all threshold lev-
els of the test images are given in Table 28.

Furthermore, we analyze the test image 03 at a threshold
level of 5, and Fig. 8, Tables 12, and 3 are the experimental
results of image 03. Figure 8 compares the grayscale and jet
colormap images obtained by all algorithms based on Kapur’s
entropy to segment the test image. Table 12 shows the mean
values of PSNR, SSIM, and FSIM obtained by running 20
segmentation experiments independently for all algorithms,
and the optimal data are bolded. Table 13 shows the standard
deviations of PSNR, SSIM, and FSIM obtained by running 20
segmentation experiments independently for all algorithms,
and the optimal data are bolded. It can be seen that the mean
of RDMVO is the largest, and the standard deviation is the
smallest. The all-around performance of the RDMVO algo-
rithm is consistent with the overall performance in picture 03.

6 Discussions

This paper proposes an innovative algorithm RDMVO
based on the MVO. Moreover, designs an image seg-
mentation scheme RDMVO-MIS that is Kapur’s entropy

MIS based on RDMVO to segment COVID-19-CXIs
quickly and accurately. Then, a series of experiments
were carried out to validate three aspects: the general
performance of RDMVO, the feasibility of RDMVO-
MIS, and the performance of RDMVO-MIS for BKIs
and COVID-19-CXIs.

RDMVO introduces two mechanisms based on MVO,
RM and DM. The impact of introducing the two mech-
anisms is demonstrated in the mechanism comparison
experiment on IEEE CEC2017. The combined RM and
DM can significantly enhance MVO’s ability to jump
out of the local optimum and improve MVO’s solution
accuracy. According to the convergence curves on some
test functions, the RM mainly improves MVO’s ability
to jump out of the local optimum. Only adding DM has
no effect on improving MVO or has a negative effect,
but the action of DM in the MVO improved by RM can
further improve the convergence speed. In conclusion,
combining RM and DM to improve MVO performance
makes sense.

Then, in the performance comparison experiment on IEEE
CEC2017 with some mainstream MHAs, RDMVO performed
admirably, ranking first among all related experimental algo-
rithms. RDMVO outperforms other algorithms, particularly
in multimodal and hybrid functions. Although RDMVO per-
forms well in composition functions compared to other excel-
lent algorithms such as HHO, but there is still much room for
improvement.

Further, MIS experiments on the BKIs prove that RDMVO-
MIS is feasible. Compared with other MHAs, RDMVO has
better performance. RDMVO consistently outperforms other
MHAs in terms of the convergence speed on Kapur’s entropy
function, the obtained maximum Kapur’s entropy, and the
algorithm’s stability. Moreover, RDMVO outperforms other
MHAs in the three most commonly used image segmenta-
tion evaluation indicators, PSNR, SSIM, and FSIM. Finally,
we implemented RDMVO-MIS to segment COVID-19-CXIs
and compared it with other MHAs. RDMVO also has the best
performance and segmentation effect. In addition, the experi-
ment’s threshold levels were set to 2, 3, 4, and 5, respectively.
The threshold level selection in this paper is relatively small
compared to these papers [13, 19-23]. This is mainly based
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on considering studies supplementing segmentation horizons
with small thresholds. At the same time, it should be noted
that RDMVO’s performance at high threshold levels has not
been validated, and this is also something to consider for
future works.

In summary, RDMVO has the best performance in all
experiments, so it also can be applied to many other fields in
the future, such as human activity recognition [126], infor-
mation retrieval services [127-129], power flow optimization
[130], location-based services [131, 132], endoscope imag-
ing [106], image dehazing [113], image-to-image translation
[133], autism spectrum disorder classification [134], disease
identification and diagnosis [135, 136], dynamic module
detection [137, 138], and pharmacoinformatic data mining
[139, 140]. Different from the paper [17], the author only
verified the COVID-19-CXI segmentation performance of
the improved algorithm and did not verify the improved algo-
rithm itself, and the performance of the improved algorithm
universality is difficult to confirm. In this paper, in addition
to COVID-19-CXI segmentation experiments, we also com-
prehensively tested the performance of RDMVO on the IEEE
CEC2017 benchmark functions and BKIs. Moreover, the per-
formance of RDMVO is satisfactory. As a result, it is highly
recommended that managers try RDMVO when managers
need to segment other types of images rather than COVID-
19-CXIs. Of course, the parameters used in this paper are
unsuitable for all problems as every problem has its character.
The managers should adjust the parameters according to the
specific problem to achieve maximum performance. In addi-
tion, according to the previous analysis of the time complex-
ity of RDMVO, the dimension of the problem will directly
affect the RDMVO’s running time. When using RDMVO,
whether the time cost caused by the dimension is acceptable
is also a problem that managers should consider for some
high-dimensional problems.

7 Conclusions and Future Works

As COVID-19 spreads throughout the world, its diagnosis is
vital. Chest X-ray image analysis and diagnosis are consid-
ered effective means. Experts and scholars worldwide have
invested a lot of energy and time in improving the efficiency
of COVID-19-CXT analysis. To better improve the effect of
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image segmentation, a novel improved MVO variant, namely
RDMVO, was proposed and successfully applied to MIS and
segmented COVID-19-CXIs. Experimental results show that
our proposed RDMVO enhances MVO’s ability to explore
globally and jump out of local optimum. Moreover, it outper-
forms most MHAs on 2D Kapur’s entropy MIS.

There is much work to be done in the future. First, MHA
is a class of algorithms based on probability and randomness,
although MHAs are widely used in various fields. However,
the results of mathematical proof of MHASs are currently
relatively lacking. Rigorous mathematical proofs are of great
significance for the development of MHAs. More research
is needed to provide rigorous mathematical proofs in the
future, whether MVO, RDMVO, or other MHASs. Second,
our experiments on RDMVO are only on MIS of BKIs and
COVID-19-CXIs. Although, the images of different diseases
have different characteristics. However, considering they all
belong to medical images, we can still try to use RDMVO
for image segmentation of other diseases. In addition, MHAs
have already produced many research results in feature selec-
tion and engineering optimization. So, using RDMVO for fea-
ture selection and engineering optimization is also the future
research direction. The most important and urgent work is to
apply RDMVO to the actual COVID-19 diagnosis as soon as
possible to help overcome COVID-19 and restore the regular
operation of human social life.

Appendix 1

See Tables 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26,
27 and 28.

Table 14 The experimental environment

Component Description

Hardware
CPU Intel(R) Xeon(R) Silver 4208 CPU
Frequency 2.10 GHz
RAM 128 GB

Software

Windows Server 2019 Standard
MATLAB R2021b

Operating system
Language
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Table 15 Summary of the IEEE CEC2017’s test function
No Functions Fi*=Fi(x*)
Unimodal functions Fl1 Shifted and rotated bent cigar function 100
F2 Shifted and rotated sum of different power function* 200
F3 Shifted and rotated Zakharov function 300
Simple multimodal functions F4 Shifted and rotated Rosenbrock’s function 400
F5 Shifted and rotated Rastrigin’s function 500
F6 Shifted and rotated expanded Scaffer’s F6 function 600
F7 Shifted function and rotated Lunacek Bi_Rastrigin function 700
F8 Shifted and rotated non-continuous Rastrigin’s function 800
F9 Shifted and rotated levy function 900
F10 Shifted and rotated Schwefel’s function 1000
Hybrid functions F11 Hybrid function 1 (N=3) 1100
F12 Hybrid function 2 (N=3) 1200
F13 Hybrid function 3 (N=3) 1300
F14 Hybrid function 4 (N=4) 1400
F15 Hybrid function 5 (N=4) 1500
F16 Hybrid function 6 (N=4) 1600
F17 Hybrid function 6 (N=5) 1700
F18 Hybrid function 6 (N=5) 1800
F19 Hybrid function 6 (N=5) 1900
F20 Hybrid function 6 (N=6) 2000
Composition functions F21 Composition function 1 (N=3) 2100
F22 Composition function 2 (N=3) 2200
F23 Composition function 3 (N=4) 2300
F24 Composition function 4 (N=4) 2400
F25 Composition function 5 (N=35) 2500
F26 Composition function 6 (N=35) 2600
F27 Composition function 7 (N=6) 2700
F28 Composition function 8 (N=6) 2800
F29 Composition function 9 (N=3) 2900
F30 Composition function 10 (N=3) 3000
Table 16 Parameter settings of Algorithms Parameters
MHAs
RDMVO Random numbers: [0, 1]; WEP_Max =1; WEP_Min=0.2; p=6; a=50;
p=0.5; e, =1.0e—150; e,=1.0e—4
DE Random numbers: [0, 1]; pCR=0.2; f_min=0.2; f_max=0.8
WOA Random numbers: [0, 1]; b=1
GWO Random numbers:[0, 11;
HHO Random numbers:[0, 11;
BA Random numbers: [0, 1]; Omin=0; Omax =2
PSO Random numbers: [0, 1]; wMin=0.2; wMax=0.9; V.. =6; c;=c,=2,
MVO Random numbers: [0, 1]; WEP_Max=1; WEP_Min=0.2; p=6;
ACOR Random numbers: [0, 1]; k=10; g=0.5; ibslo=1
BA Random numbers: [0, 11; 0,,;,=10; g=0; Q,.x =2
SSA Random numbers: [0, 1];
AVOA Random numbers: [0, 1]; p; = 0.6; p, = 0.4; p; =0.6; =0.8; p=0.2; y=2.5
CLPSO Random numbers: [0, 1]; ¢=1.49445;, m=5
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Table 17 Results of various MVOs on benchmark functions

F1 F2 F3

Avg Std Avg Std Avg Std
RDMVO 3.52216E+03 2.16086E+03 2.01056E+07 3.58194E+07 2.99529E+04 1.27045E+404
RDMVO1 5.36825E+03 3.40813E+03 3.66486E+07 9.41885E+07 2.34604E+04 7.99239E+03
RDMVO2 9.96456E+04 3.40223E+04 1.53803E+09 2.52701E+09 3.15771E+02 1.30613E+01
MVO 1.20971E+04 8.46127E+03 2.24726E+04 4.02444E+04 3.00335E+02 1.42561E—01

F4 F5 F6

Avg Std Avg Std Avg Std
RDMVO 4.43074E+02 2.93757E+01 5.38822E+02 1.13336E+01 6.00024E+02 1.91788E—02
RDMVO1 4.55494E+02 2.18639E+01 5.41807E+02 1.08893E+01 6.00078E+02 3.09370E-02
RDMVO2 5.06337E+02 3.64757E+01 6.33908E+02 3.15240E+01 6.23038E+02 1.22608E+01
MVO 4.76937E+02 3.13117E+01 5.83897E+02 2.08705E+01 6.06992E+02 5.85744E+00

F7 F8 F9

Avg Std Avg Std Avg Std
RDMVO 7.78889E+02 1.23482E+01 8.39638E+02 8.96948E+00 1.20255E4-03 1.88130E+02
RDMVO1 7.72719E+02 2.03709E+01 8.41994E+02 8.08209E+00 1.21321E+03 3.57943E+02
RDMVO2 8.44531E+02 3.28816E+01 9.27589E+02 3.20199E+01 3.03321E+03 1.28479E+03
MVO 8.27538E+02 3.12606E+01 8.88264E+02 2.94009E+01 1.49066E+03 1.02455E+-03

F10 F11 F12

Avg Std Avg Std Avg Std
RDMVO 2.48344E+03 3.60935E+02 1.18836E4-03 3.59272E+01 1.49287E+04 7.88316E+03
RDMVO1 2.38127E+03 4.34005E+02 1.19283E+03 3.35782E+01 1.73343E+04 9.48553E+03
RDMVO2 4.18031E+03 6.39912E+02 1.31982E+03 6.13139E+01 4.70404E+07 2.86233E+07
MVO 4.02425E+03 6.29522E+02 1.28372E+03 7.04304E+01 1.88196E+07 7.78369E+06

F13 F14 F15

Avg Std Avg Std Avg Std
RDMVO 3.47785E+03 1.47378E+03 1.48776E+03 2.81709E+01 1.65909E+03 8.74304E+01
RDMVO1 4.29678E+03 2.06085E+03 1.50251E+03 4.13463E+01 1.72054E+03 1.43405E+-02
RDMVO2 9.65440E+04 7.38168E+04 1.21563E+04 1.69885E+04 4.16655E+04 2.98014E+04
MVO 4.01327E+04 2.74837E+04 2.98424E+03 2.02294E+03 2.34422E+04 2.20367E+04

F16 F17 F18

Avg Std Avg Std Avg Std
RDMVO 2.01027E+03 1.84047E+02 1.95012E+03 9.87602E+01 4.18752E+04 1.60643E+04
RDMVO1 2.04825E+03 1.76655E+02 1.95052E+03 8.08303E+01 3.74583E+04 1.54693E+04
RDMVO2 2.39253E+03 2.22611E+02 2.14715E+03 2.41870E+02 1.47898E+05 9.11794E+04
MVO 2.27230E+03 2.05818E+02 2.00857E+03 1.43634E+4-02 7.84931E+04 5.30928E+04

F19 F20 F21

Avg Std Avg Std Avg Std
RDMVO 2.25206E+03 4.43134E+02 2.16673E+03 8.96756E+01 2.20084E+03 6.06842E+01
RDMVO1 3.01467E+03 1.52023E4-03 2.14583E+03 9.92398E+01 2.20564E+03 5.64452E+01
RDMVO2 6.38847E+04 6.74997E+04 2.46581E+03 1.32376E+402 2.23907E+03 2.68183E+01
MVO 1.16750E+04 8.49502E+03 2.40696E+03 1.32810E+402 2.22007E+03 3.97257E+01
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Table 17 (continued)

F22 F23 F24

Avg Std Avg Std Avg Std
RDMVO 2.30152E+03 5.66318E+01 2.58617E+03 1.41918E+02 2.60000E+03 1.41390E-03
RDMVO1 2.30180E+03 5.65020E+01 2.82571E+03 1.17784E+01 3.27788E+03 2.80990E+02
RDMVO2 2.34558E+03 2.61685E+01 2.50000E+03 2.24123E—-04 2.60000E+03 9.09515E—04
MVO 2.32194E+03 3.51128E+01 2.86340E+03 2.67210E+01 3.38712E+03 1.49914E+02

F25 F26 F27

Avg Std Avg Std Avg Std
RDMVO 2.74301E+03 8.09932E+01 2.80002E+03 2.54534E—02 3.31923E+03 2.06888E+02
RDMVO1 2.90071E+03 4.34421E+00 4.78012E+03 5.20596E+02 3.43501E+03 3.74899E+01
RDMVO2 2.70002E+03 1.04326E—02 2.80002E+03 1.37499E—02 2.90001E+03 8.91362E—03
MVO 2.92217E+03 2.69368E+01 5.00033E+03 6.25395E+02 3.61761E+03 9.69221E+01

F28 F29 F30

Avg Std Avg Std Avg Std
RDMVO 3.10473E+03 8.05144E+01 3.24673E+03 1.40087E+02 1.35060E+04 8.04964E+03
RDMVOI1 3.22548E+03 3.65494E+02 3.34434E+03 9.85103E+01 1.49292E+04 7.47301E+03
RDMVO2 3.00003E+03 1.94344E—02 3.10005E+03 4.07222E—02 7.95035E+03 3.66100E+03
MVO 3.88072E+03 9.39678E+02 3.70185E+03 1.73430E+02 1.22238E+06 1.13571E4+06

Comprehensive indicator
+/= ARV

RDMVO ~ 1.47
RDMVO1 12/1/17 22
RDMVO2 23/7/0 32
MVO 26/2/2 3.13
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Table19 Results of RDMVO and other 7 MHASs on benchmark functions

F1 F2 F3

Avg Std Avg Std Avg Std
RDMVO 4.02138E+03 4.06951E+03 2.30823E+07 3.91837E+07 2.89987E+04 1.23424E+04
DE 3.70467E+02 9.60612E+02 1.43610E4-25 2.87458E+25 2.13184E+04 5.31169E+03
WOA 2.97158E+06 2.33187E+06 2.65565E+28 1.40440E+29 1.28673E+04 5.36911E+03
GWO 3.38307E+09 2.49601E+09 2.22874E+30 1.20894E+31 3.12212E+04 9.92300E+03
HHO 1.30412E+07 2.54876E+06 3.13137E+11 7.55891E+11 2.43298E+03 9.09738E+02
BA 4.66611E405 2.77345E+05 2.00000E+02 0.00000E+00 3.00128E+02 1.24515E-01
PSO 1.47288E+08 1.25526E+07 2.26183E+12 2.86128E+12 6.29200E+02 3.42396E+01
MVO 9.37734E+03 4.43501E+03 4.31356E+04 8.07790E+04 3.00341E+02 1.53330E-01

F4 F5 F6

Avg Std Avg Std Avg Std
RDMVO 4.57617E+02 1.93380E+-01 5.42184E+02 1.56177E401 6.00025E+02 1.85273E-02
DE 4.95109E+02 2.85747E+01 6.11481E+02 1.07040E+01 6.00000E+02 2.11111E-14
WOA 5.99870E+02 5.43622E+01 6.94874E+02 5.86816E+01 6.64529E+02 1.20403E+01
GWO 6.46366E+02 8.40865E+01 5.80156E+02 1.92027E+01 6.06743E+02 3.23581E+00
HHO 5.55599E+02 4.36980E+01 6.70822E+02 1.86131E+01 6.53084E+02 5.27759E+00
BA 4.21748E+02 3.20948E+01 7.39132E+02 5.12912E+01 6.69468E+02 1.39624E+01
PSO 4.71333E402 3.59286E+01 6.93436E+02 2.56765E+01 6.38141E+02 1.21386E+01
MVO 4.88020E+02 3.59895E+01 5.89885E+02 2.46634E+01 6.08626E+02 8.29192E+00

F7 F8 F9

Avg Std Avg Std Avg Std
RDMVO 7.77896E+02 1.46429E+01 8.39376E+02 7.49107E+00 1.27090E+03 3.24529E+02
DE 8.41752E+02 8.96678E+00 9.10297E+02 9.34993E+00 9.00000E+02 4.22222E-14
WOA 1.29355E+03 9.40547E+01 1.09898E+03 7.77537E+01 8.24000E+03 2.51454E+03
GWO 8.85227E+02 5.26068E+01 8.87998E+02 2.03857E+01 2.20782E+03 6.55977TE+02
HHO 1.31710E+03 1.10867E+02 1.07150E+03 3.60865E+01 7.63653E+03 1.05658E+03
BA 1.71270E+03 2.16832E+02 1.16137E+03 8.08038E+01 1.50402E+04 5.64531E+03
PSO 9.21056E+02 1.66604E+01 1.05558E+03 2.96124E+01 6.57845E+03 2.45242E+03
MVO 8.24787E+02 3.20899E+01 8.80779E+02 1.82736E+01 2.14689E+03 1.89031E+03

F10 F11 F12

Avg Std Avg Std Avg Std
RDMVO 2.45437E+03 3.09342E+02 1.18704E+03 3.02544E+01 1.65868E+04 8.05749E+03
DE 5.57030E+03 2.75497E+02 1.15275E+03 9.39094E+00 2.24675E+04 6.7545TE+04
WOA 5.81397E+03 8.45079E+02 1.49194E+03 1.23355E4-02 9.02730E+07 5.92647E+07
GWO 3.95617E+03 4.65445E4-02 3.43308E+03 4.66371E+03 2.26853E+08 5.33443E+08
HHO 4.90248E+03 7.74130E+02 1.37938E+03 9.44323E+01 5.86437E+07 4.28432E+07
BA 5.33920E+03 7.20697E+02 1.47342E+03 1.27237E+02 7.81989E+06 6.07085E+06
PSO 5.57882E+03 5.48232E+02 1.37259E+-03 6.12185E+01 8.69731E+407 3.39637E+07
MVO 4.04593E+03 6.10725E+02 1.29703E+403 6.25929E+01 2.10806E+07 1.12538E+07

F13 F14 F15

Avg Std Avg Std Avg Std
RDMVO 4.04836E+03 1.86362E+03 1.47750E+03 1.74360E+01 1.65141E+03 8.67070E+01
DE 1.35442E+403 4.89314E+01 1.46360E+03 6.30802E+00 1.55076E+03 1.35311E+01
WOA 9.45249E+04 8.76834E+04 3.18256E+05 1.53658E+05 4.65758E+04 4.07490E+04
GWO 7.32248E+06 1.56219E4-07 9.70620E+04 1.24886E+05 9.80837E+06 3.63578E+07
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Table19 (continued)

F13 F14 F15

Avg Std Avg Std Avg Std
HHO 2.80350E+05 1.99420E+05 2.94984E+04 2.38531E+04 4.29453E+04 2.68229E+04
BA 2.17148E+05 1.24910E+-05 1.42126E+04 7.12012E+03 1.11810E+05 6.36655E+04
PSO 2.76646E+06 6.30056E+05 3.11301E+04 2.07255E+04 2.80770E+05 1.20357E+05
MVO 4.24015E+04 6.71448E+04 2.53289E+03 1.21512E+403 2.77791E+04 2.55218E+04

F16 F17 F18

Avg Std Avg Std Avg Std
RDMVO 1.99172E+03 1.64458E+02 1.93755E+03 1.03596E+02 3.36402E+04 1.55814E+04
DE 1.99345E+03 1.18172E+02 1.96331E+03 4.25767E+01 3.53007E+05 1.77778E+05
WOA 3.26916E+03 4.38657E+02 2.58769E+03 2.83882E+02 4.71052E+06 3.35633E+06
GWO 2.21827E+03 2.21284E+02 1.97710E+03 9.62840E+01 3.90790E+05 5.45155E+05
HHO 2.96596E+03 3.22874E+02 2.54620E+03 2.80672E+02 1.20170E+06 1.00181E+06
BA 3.32127E+03 3.44411E+02 2.81707E+03 2.87639E+02 7.62698E+04 4.92508E+04
PSO 2.73125E+03 3.16145E+02 2.41930E+03 2.87985E+02 8.65127E+04 3.15629E+04
MVO 2.29014E+03 2.44395E+02 2.06146E+03 1.24286E+02 7.21009E+04 4.39903E+04

F19 F20 F21

Avg Std Avg Std Avg Std
RDMVO 3.25972E+03 2.16919E+03 2.17018E+03 8.79943E+01 2.13540E+03 3.28592E+01
DE 5.46048E+03 2.77980E+03 2.21362E+03 3.54927E+01 2.20897E+03 2.53790E+01
WOA 4.88701E+05 5.98777E+05 2.75371E+03 1.86291E+02 2.27972E+03 3.07227E+01
GWO 3.17677E+05 1.49479E+06 2.38099E+03 1.21833E+02 2.33060E+03 9.79596E+01
HHO 1.87062E+05 1.50353E+05 2.68339E+03 1.49434E+02 2.25461E+03 3.94566E+01
BA 3.29251E+05 1.72434E+05 2.86708E+03 2.91482E+02 2.16595E+03 4.53294E+01
PSO 3.84063E+05 1.84811E+05 2.70647E+03 1.14300E+02 2.18554E+03 3.43250E+01
MVO 1.52817E+04 1.06315E+04 2.41647E+03 1.26273E+02 2.18717E+03 2.76730E+01

F22 F23 F24

Avg Std Avg Std Avg Std
RDMVO 2.23943E+03 1.16197E+01 2.62803E+03 1.59352E+402 2.60000E+03 1.23381E-03
DE 2.31250E+03 1.00770E+01 2.87187E+03 1.35061E+01 3.39846E+03 7.06307E+00
WOA 2.43868E+03 5.13164E+01 3.18330E+03 1.49534E+02 2.85340E+03 4.67879E+02
GWO 2.30913E+03 3.89652E+01 2.88320E+03 4.35181E+01 3.25862E+03 2.58487E+02
HHO 2.42466E+03 2.44984E+01 2.50000E+03 0.00000E+00 2.60000E+03 0.00000E+00
BA 2.50228E+03 6.08308E+01 3.56539E+03 3.16109E+02 2.92018E+03 5.80362E+02
PSO 2.42407E+03 2.76902E+01 4.50893E+03 5.17560E+02 2.66686E+03 3.72565E+00
MVO 2.27964E+03 2.42688E+01 2.86716E+03 2.13295E+01 3.38285E+03 1.88611E+02

F25 F26 F27

Avg Std Avg Std Avg Std
RDMVO 2.79582E+03 1.01307E+02 2.80001E+03 1.05154E-02 3.21057E+03 2.63521E+02
DE 2.91401E+03 1.31297E401 5.35205E+03 1.37704E+402 3.43604E+03 1.76542E+01
WOA 2.71478E+03 8.09464E+01 3.52340E+03 1.89130E+03 3.94894E+03 1.70437E+02
GWO 3.18453E+03 8.81748E+01 4.66915E+03 1.24788E+03 3.71750E+03 1.49292E+02
HHO 2.70000E+03 0.00000E+00 2.80000E+03 0.00000E+00 2.90000E+03 0.00000E+00
BA 3.02137E+03 3.49925E+01 5.97692E+03 3.79893E+03 3.88138E+03 1.74093E+02
PSO 2.94651E+03 3.11603E+01 3.55804E+03 7.82562E+02 4.74821E403 8.79335E+02
MVO 2.91528E+03 2.16476E+01 4.97979E+03 7.69209E+02 3.60387E+03 1.13808E+02
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Table19 (continued)

F28 F29 F30
Avg Std Avg Std Avg Std

RDMVO 3.11550E+03 7.34960E+01 3.27329E+03 1.08483E+02 1.57119E+04 9.64417E+03
DE 3.78676E+03 6.98813E+02 3.46824E+03 8.41194E+01 6.21766E+04 2.41279E+04
WOA 3.17829E+03 5.21666E+02 4.30934E+03 2.75527E+02 2.85978E+06 2.80092E+06
GWO 3.65661E+03 2.54061E+02 3.52465E+03 1.48120E+02 1.36363E+06 2.26689E+06
HHO 3.00000E+03 0.00000E+00 3.10000E+03 0.00000E+00 3.20000E+03 0.00000E+00
BA 3.52824E+03 6.93383E+02 4.62973E+03 3.53961E+02 1.45572E+06 1.15291E+06
PSO 3.28486E+03 5.44507E+01 4.02817E+03 2.19700E+02 2.69856E+06 1.36461E+06
MVO 3.76307E+03 8.81012E+02 3.65270E+03 1.52213E+02 1.14746E+06 8.02509E+05

Comprehensive Indicator

+/= ARV Rank
RDMVO ~ 1.83 1
DE 20/8/2 35 2
WOA 26/2/2 6.27 8
GWO 28/0/2 5.47 6
HHO 21/9/0 4.23 4
BA 27/3/0 5.7 7
PSO 28/1/1 5.4 5
MVO 26/2/2 3.6 3
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Table 20 P values of the Wilcoxon signed-rank test with 5% significance of experimental results for RDMVO and other 7 MHAs on benchmark

functions
F1 F2 F3 F4 F5 F6
DE 1.23808E—05 1.73440E—06 9.84214E-03 2.16302E—05 1.73440E—06 1.73440E—-06
WOA 1.73440E—-06 1.73440E—06 3.18168E—06 1.73440E—06 1.73440E—06 1.73440E—-06
GWO 1.73440E—-06 1.73440E—06 3.82034E—-01 1.73440E—06 2.87860E—06 1.73440E—06
HHO 1.73440E—-06 1.73440E—06 1.73440E—-06 1.73440E—06 1.73440E—06 1.73440E—06
BA 1.73440E—-06 1.73440E—06 1.73440E—-06 1.48393E-03 1.73440E—06 1.73440E—06
PSO 1.73440E-06 1.73440E—06 1.73440E-06 6.88359E—01 1.73440E—06 1.73440E—06
MVO 2.61343E-04 1.23808E—05 1.73440E—06 8.91873E-05 4.28569E-06 1.73440E—06
F7 F8 F9 F10 F11 F12
DE 1.73440E-06 1.73440E—06 1.73440E—06 1.73440E—06 1.49356E—05 6.83586E—03
WOA 1.73440E—-06 1.73440E—06 1.73440E—-06 1.73440E—06 1.73440E—06 1.73440E—06
GWO 1.73440E—-06 1.73440E—06 4.28569E-06 1.92092E-06 1.73440E—06 1.73440E—06
HHO 1.73440E-06 1.73440E—06 1.73440E—-06 1.73440E—-06 2.12664E—06 1.73440E—06
BA 1.73440E-06 1.73440E—06 1.73440E-06 1.73440E—-06 1.73440E—06 1.73440E—06
PSO 1.73440E-06 1.73440E—06 2.35342E-06 1.73440E—06 1.73440E—06 1.73440E—06
MVO 5.21649E-06 1.73440E—06 2.89477E—-01 1.73440E—-06 2.60333E—-06 1.73440E—06
F13 F14 F15 Fl16 F17 F18
DE 1.73440E—06 8.94430E—04 3.88218E—06 9.09931E—01 7.52133E—02 1.73440E-06
WOA 1.73440E—06 1.73440E—06 1.73440E—-06 1.73440E—06 1.92092E—-06 1.73440E—06
GWO 1.73440E—-06 1.73440E—06 1.73440E—-06 5.30699E—-05 1.41390E—01 4.72920E-06
HHO 1.73440E—-06 1.73440E—06 1.73440E—-06 1.73440E—06 1.92092E-06 1.73440E—06
BA 1.73440E—-06 1.73440E—06 1.73440E-06 1.73440E—-06 1.73440E—06 4.89690E—-04
PSO 1.73440E-06 1.73440E—06 1.73440E-06 1.92092E-06 4.72920E-06 3.18168E—06
MVO 1.73440E-06 1.73440E—06 1.73440E-06 5.30699E-05 2.10526E-03 1.47728E—04
F19 F20 F21 F22 F23 F24
DE 1.03568E—03 1.85190E—02 1.73440E—-06 1.73440E—06 1.92092E—-06 1.73440E-06
WOA 1.73440E—-06 1.73440E—06 1.73440E—-06 1.73440E—06 1.73440E—06 3.70935E—01
GWO 2.35342E-06 4.28569E—-06 1.73440E—-06 1.73440E—-06 1.92092E-06 2.35342E-06
HHO 1.73440E—-06 1.73440E—06 1.92092E-06 1.73440E—-06 1.73440E—06 1.73440E—06
BA 1.73440E-06 1.73440E—06 1.24526E—-02 1.73440E—-06 1.73440E—06 1.73440E—06
PSO 1.73440E-06 1.73440E—06 3.40526E—05 1.73440E—-06 1.73440E—06 1.73440E—06
MVO 2.37045E-05 4.28569E—-06 6.98378E—-06 2.87860E—06 1.73440E—-06 1.73440E—06
F25 F26 F27 F28 F29 F30
DE 2.87860E—06 1.73440E-06 4.19551E-04 1.73440E—06 2.87860E—06 1.73440E-06
WOA 3.11232E-05 1.47954E—-02 1.73440E—-06 3.18491E-01 1.73440E—06 7.69086E—06
GWO 1.73440E—-06 5.30699E-05 1.73440E-06 1.73440E—06 2.87860E—06 1.73440E-06
HHO 1.73440E—-06 1.73440E—06 1.73440E—-06 1.73440E—-06 1.73440E—06 1.73440E—06
BA 1.73440E-06 1.73440E—06 1.73440E-06 1.73440E—-06 1.73440E—06 1.73440E—06
PSO 1.73440E—-06 1.73440E—06 2.35342E-06 1.73440E-06 1.73440E—06 1.73440E—06
MVO 6.33914E-06 1.73440E—06 2.35342E-06 1.73440E—-06 1.73440E—-06 1.73440E—06
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Table21 The maximum fitness 1,00 Thresholds RDMVO RDMVOI RDMVO2 MVO
of combinatorial variants
35070 2 24.50020521 24.50020521 24.16038019 23.95771111
3 31.62484757 31.68032015 29.92649457 29.67929878
4 37.99096769 37.60192008 35.26405088 35.36208612
38092 2 25.49740767 25.49735558 25.40865083 25.26465293
3 32.0244545 32.02531431 31.67356148 31.72523597
4 38.06844885 38.06664285 37.38185051 37.1659707
61060 2 24.38674932 24.38674932 23.90823716 24.2043071
3 30.82591001 30.83766353 29.56627095 30.40616374
4 36.86230864 36.85998578 36.10292269 35.67639678
100080 2 25.21720506 25.26821172 24.904261 25.10303361
3 32.52113555 32.54555546 31.23230994 31.44966449
4 38.67393765 38.67385625 36.97302928 35.92537722
108005 2 23.69940604 23.69940604 23.68551392 23.64983201
3 29.96229579 29.96229579 29.94564818 29.87885301
4 35.83732569 35.83799862 35.68677282 35.35814405
253027 2 25.48654174 25.48596609 25.36847788 25.09813118
3 32.49228812 32.49488628 31.82286633 32.10355454
4 38.84857345 38.84365632 37.88580233 36.74702973
291000 2 25.09936552 25.09936552 25.05896928 25.04948113
3 31.89662919 31.89704051 31.80278711 31.71044423
4 38.09218105 38.09074556 37.67382585 37.85488294
314016 2 24.3397268 24.3397268 24.33575855 24.32992203
3 30.67271529 30.67267969 30.64488197 30.5919973
4 36.84559613 36.84470406 36.73111368 36.56449912
317080 2 22.84722493 22.85008789 22.59330826 22.70301868
3 29.67265318 29.67692482 28.87634834 28.56676689
4 36.13282835 36.13134964 35.27896283 34.62224903
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Table 22 Results for each algorithm on PSNR

Image Thresholds Item RDMVO MVO ACOR BA WOA
35070 2 Avg 1.67280E+01 1.41717E+01 1.36596E+01 1.23798E+01 1.49069E+01
Std 2.39321E+00 3.72565E+00 3.41117E+00 3.82471E+00 3.22318E+00
3 Avg 1.84386E+01 1.64681E+01 1.76880E+01 1.69045E+-01 1.66946E+01
Std 1.40854E+00 2.80627E+00 1.27414E+00 2.81762E+00 3.98030E+00
4 Avg 2.01217E+01 1.72420E+01 1.86473E+01 1.71161E+01 1.62363E+01
Std 1.12871E+400 3.68308E+00 1.16767E400 3.15653E+00 3.49683E+00
5 Avg 2.15629E+01 1.81459E+01 1.94692E+01 1.90713E+01 1.92109E+01
Std 1.26996E+00 3.75363E+00 1.50972E+-00 3.27409E+00 3.87636E+00
SSA DE AVOA CLPSO HHO
2 Avg 1.38244E+01 1.66222E+01 1.35911E+01 1.57597E+01 1.32925E401
Std 4.00729E+-00 1.28800E+00 3.78242E+00 2.45489E+00 3.68845E+00
3 Avg 1.56150E+01 1.70572E+01 1.70063E+01 1.69639E+01 1.71906E+01
Std 2.88820E+00 2.16299E+00 2.47791E+00 3.04369E+00 1.84738E+00
4 Avg 1.80705E+01 1.91132E+01 1.87046E+01 1.76513E401 1.92865E+01
Std 1.81126E+00 1.18640E+00 2.05235E+00 3.89240E+00 2.42267E+00
5 Avg 1.84807E+01 1.97540E+01 1.92050E+01 1.84599E+-01 1.93759E+01
Std 1.90513E+00 1.70004E+00 2.29163E+00 2.60772E+00 2.57780E+00
Image Thresholds Item RDMVO MVO ACOR BA WOA
38092 2 Avg 1.38148E+01 1.29070E+01 1.28018E+01 1.26251E+01 1.29253E+01
Std 4.38269E—02 8.88204E-01 6.94279E-01 1.01660E+00 3.06867E—01
3 Avg 1.61943E+01 1.58467E+01 1.63996E+01 1.63027E+01 1.56209E+-01
Std 1.16189E—01 1.04572E+00 5.83986E—01 1.04229E+00 7.69615E—01
4 Avg 1.83808E+01 1.67743E+01 1.87080E+01 1.80556E+01 1.80491E+01
Std 1.38939E—01 1.80318E+00 3.57148E—-01 2.17380E+00 9.49956E—-01
5 Avg 1.97300E+01 1.84424E+01 2.02869E+01 1.98788E+01 1.95353E+01
Std 4.04505E-01 1.52018E+00 3.66163E-01 1.41325E+00 1.04294E+00
SSA DE AVOA CLPSO HHO
2 Avg 1.29471E+01 1.31969E+01 1.30242E+01 1.28184E+01 1.25146E+01
Std 2.80085E—01 4.23497E-01 3.77426E-01 6.07335E-01 1.38990E+00
3 Avg 1.60839E+01 1.63491E+01 1.62944E+01 1.56392E+01 1.56402E+01
Std 8.43680E—01 6.15017E-01 6.05478E—01 1.13514E+00 7.09047E-01
4 Avg 1.83728E+01 1.85734E+01 1.86409E+01 1.75506E+01 1.73203E+01
Std 9.47994E—-01 3.54888E—01 4.41919E-01 1.12129E+00 2.20875E+00
5 Avg 1.98388E+01 2.00661E+01 2.00143E+01 1.87341E+01 1.89333E+01
Std 8.34064E—01 3.20859E—01 4.14250E-01 1.00976E+00 1.61224E+00
Image Thresholds Item RDMVO MVO ACOR BA WOA
61060 2 Avg 1.60580E+01 1.31222E+01 1.39769E+01 1.29992E+01 1.35202E+01
Std 4.03248E—01 1.77599E+00 1.90140E+00 2.92237E+00 1.95824E+00
3 Avg 1.80594E+01 1.50624E+01 1.50082E+01 1.53866E+01 1.51763E+01
Std 4.29967E—01 2.04116E+00 1.25253E+00 2.45383E+00 1.64446E+00
4 Avg 1.87187E+01 1.70826E+01 1.69167E+01 1.66415E+01 1.66021E+01
Std 6.20340E—01 1.57855E+00 1.26390E+-00 2.12000E+00 2.06828E+00
5 Avg 2.00089E+01 1.75481E+01 1.88459E+01 1.87356E+01 1.79860E+01
Std 9.91382E—01 1.98291E+00 1.63993E+00 1.28767E+00 1.59232E+00
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Table 22 (continued)

SSA DE AVOA CLPSO HHO
2 Avg 1.36413E+01 1.43339E+01 1.36379E+01 1.35281E+01 1.24804E+01
Std 1.62259E+00 1.84115E+00 1.56474E+00 1.80987E4+00  2.35864E+00
3 Avg 1.52699E+01 1.51358E+01 1.53692E+01 1.53899E+01 1.53266E+01
Std 1.53935E+00 1.55119E+00 1.89073E+00 1.56799E+00  1.39254E+00
4 Avg 1.77578E+01 1.71702E+01 1.72079E+01 1.68841E+01 1.62411E+01
Std 1.27373E+00 1.11527E+00 1.97330E+00 1.61672E+00  2.03318E+00
5 Avg 1.83556E+01 1.88181E+01 1.85665E+01 1.74877E+01 1.83416E+01
Std 1.16861E+00 1.47001E+00 1.80142E+00 1.67664E+00 1.25823E+00
Image Thresholds Item RDMVO MVO ACOR BA WOA
100080 2 Avg 1.71337E+01  1.38428E+01 1.55850E+01 1.37948E+01 1.54428E+01
Std 6.16427E—01  3.36592E+00 1.61748E+00  2.21437E4+00  3.13187E+00
3 Avg 1.85834E+01 1.55172E+01 1.79167E+01 1.62454E+01 1.65668E+01
Std 9.23527E—01  3.22760E4+00  9.92578E-01 3.26761E+00  2.52816E+00
4 Avg 2.02066E+01 1.82411E+01  2.07741E+01  1.73443E+01 1.77377E+01
Std 1.33248E+00  3.50937E+00 1.33679E+00  3.72131E4+00  3.28023E+00
5 Avg 2.14528E+01 1.88055E+01  2.16931E+01  1.93972E+01 1.80553E+01
Std 1.78239E+00  2.93918E+00  1.44132E+00  3.75909E+00  4.21904E+00
SSA DE AVOA CLPSO HHO
2 Avg 1.42374E+01 1.65923E+01 1.43858E+01 1.54275E+01 1.53195E+01
Std 2.46523E+00  8.46991E-01 242637E+00  2.42564E4+00  2.46819E+00
3 Avg 1.63878E+01 1.89251E+01  1.68303E+01 1.72632E+01 1.76398E+01
Std 2.92741E+00 1.10562E+00  2.60487E+00  2.70474E+00  2.06681E+00
4 Avg 1.80018E+01 1.95615E+01 1.88973E+01 1.81542E+01 1.81453E+01
Std 2.34488E+00  2.05362E4+00  2.34042E+00  2.15504E+00  2.89297E+00
5 Avg 1.94830E+01 2.08955E+01 2.01356E+01 1.88676E+01 1.96047E+01
Std 2.51570E+00 1.50580E+00  2.32042E4+00  2.51260E+00  3.16087E+00
Image Thresholds Item RDMVO MVO ACOR BA WOA
108005 2 Avg 1.53483E+01 1.50415E+01 1.53374E+01 1.48677E+01 1.54917E+01
Std 5.29095E-02  6.02887E-01  3.32016E—02  7.29528E—01 3.26451E-01
3 Avg 1.68429E+01 1.73204E+01 1.72455E+01 1.72256E+01 1.72919E+01
Std 2.11830E—01  1.14079E4+00  5.75621E-01 1.28563E4+00  6.76819E-01
4 Avg 2.02346E+01  1.87556E+01 1.98567E+01 1.94612E+01 1.96594E+01
Std 6.72055E—02  1.56946E+00  5.02153E-01 1.28552E+00  8.22650E-01
5 Avg 2.17752E+01  2.03679E+01 2.14471E+01 2.10823E+01 2.10995E+01
Std 1.82398E—01  1.41666E+00  4.87948E—01 8.94469E-01 6.53988E—01
SSA DE AVOA CLPSO HHO
2 Avg 1.53442E+01 1.53174E+01 1.52779E+01 1.52645E+01 1.52803E+01
Std 2.27622E—01 1.29156E-01 1.65165E—01 6.75504E—01  4.10683E—01
3 Avg 1.76227E+01  1.70271E+01 1.72020E+01 1.71027E+01 1.71583E+01
Std 7.93173E-01 6.03002E-01 6.62297E—01 9.39202E-01 1.15316E+00
4 Avg 1.96096E+01 1.98407E+01 2.00077E+01 1.89225E+01 1.91567E+01
Std 7.39808E—-01 5.24978E—-01 5.06719E-01 1.23225E+00 1.63563E+00
5 Avg 2.12017E+01 2.12473E+01 2.13640E+01 1.92179E+01 2.06911E+01
Std 5.68664E—-01 6.88499E—01 7.76764E—-01 1.76491E+00 1.45997E+00
Image Thresholds Item RDMVO MVO ACOR BA WOA
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Table 22 (continued)

Image Thresholds Item RDMVO MVO ACOR BA WOA
253027 2 Avg 1.35263E+01 1.26240E+01  1.47376E+01  1.43774E+401 1.34546E+01
Std 2.53357TE—01  2.76737E+00  1.22349E+00  1.54254E+00  2.03561E+00
3 Avg 1.71723E+01 1.56420E+01  1.73580E+01  1.61864E+01 1.61792E+01
Std 8.19773E—-01 2.27663E+00  5.25369E—01  2.32060E4+00  2.37431E+00
4 Avg 1.92281E+01  1.78613E+01 1.89973E+01 1.85342E+01 1.83453E+01
Std 2.85648E—01  1.47023E4+00  9.24065E—01  2.02354E4+00  1.71807E+00
5 Avg 2.0781SE+01  1.83833E4+01  2.05214E+01  2.03059E+01 1.82778E+01
Std 3.33356E—01  1.55265E+00  6.77426E-01 1.68354E+00  2.71910E+00
SSA DE AVOA CLPSO HHO
2 Avg 1.36916E+01 1.46537E+01 1.42559E+01 1.37139E+01 1.35945E+01
Std 2.15376E+00  7.07903E-01 1.42448E+00  1.04515E4+00  2.52958E+00
3 Avg 1.65821E+01 1.73462E+01 1.53099E+01 1.59443E+01 1.64154E+01
Std 1.87565E+00  7.33852E-01  2.40542E+00  1.85199E+00  1.37898E+00
4 Avg 1.88607E+01 1.90047E+01 1.87517E+01 1.82892E+01 1.77869E+01
Std 1.19806E+00  5.55966E—01 1.10679E+00  1.94209E4+00  1.72912E+00
5 Avg 1.97671E4+01  2.03369E+01 1.99485E+01 1.91182E+01 1.93492E+01
Std 1.65023E4+00  7.05819E-01 1.05591E+00  1.51118E4+00  1.40998E+00
Image Thresholds Item RDMVO MVO ACOR BA WOA
291000 2 Avg 1.42354E+01 1.38730E+01  1.43669E+01  1.42045E+01 1.42943E+01
Std 1.05092E-01  8.81088E—01  1.03926E—01  4.65296E-01  3.44132E—01
3 Avg 1.69667E+01 1.64760E+01  1.70016E+01  1.69645E+01 1.64702E+01
Std 1.43792E-01  7.50035E-01  1.35091E—-01  2.14980E-01 1.24377E+00
4 Avg 1.86500E+01 1.73628E+01 1.87020E+01  1.89434E+01  1.82076E+01
Std 1.64950E—01  1.57243E4+00  1.91627E-01  3.64913E-01  8.23084E-01
5 Avg 2.02734E+01 1.85555E+01  2.03454E+01  2.01707E+01 1.94717E+401
Std 2.70821E-01 1.35485E4+00  1.27184E—01  6.54720E-01  8.25527E-01
SSA DE AVOA CLPSO HHO
2 Avg 1.41871E+01 1.42674E+01 1.43425E+01 1.40079E+01 1.38689E+01
Std 3.10482E—-01 1.30982E—01  2.14239E-01  4.32210E-01  6.44744E-01
3 Avg 1.69177E+01 1.69442E+01 1.69408E+01 1.59056E+01 1.62196E+01
Std 3.63749E-01 1.41582E—01  3.12029E-01  7.83532E-01  9.02026E-01
4 Avg 1.82998E+01 1.86684E+01 1.87749E+01 1.76199E+01 1.78648E+01
Std 5.38945E-01 1.91650E-01  3.95618E-01 1.21224E+00  7.72283E-01
5 Avg 1.95931E+01 1.99874E+01 1.99491E+01 1.90403E+01 1.90915E+01
Std 1.00934E4+00  3.90546E-01  5.42652E-01  7.36728E-01 1.13066E+00
Image Thresholds Item RDMVO MVO ACOR BA WOA
314016 2 Avg 1.51056E4+01  1.48617E+01 1.50838E+01 1.38715E+01 1.47882E+01
Std 3.67831E—02 2.41071E-01  5.30646E—02  2.38513E4+00  3.63331E—01
3 Avg 1.79277E4+01  1.67874E+01 1.72290E+01 1.71833E+01 1.76021E+01
Std 3.91787E—02  1.00842E+00  9.67863E—01  9.75058E-01  4.46821E—01
4 Avg 1.90471E+01  1.77571E401 1.89126E+01 1.88976E+01 1.84479E+01
Std 8.49912E—02  1.22851E4+00  2.26949E-01  7.03050E-01  8.15413E-01
5 Avg 2.09671E+01  1.87197E4+01  2.08492E+01  2.01641E+01  2.01543E+01
Std 1.10170E—-01  1.63707E4+00  1.94306E-01  3.12275E4+00  1.16782E+00
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Table 22 (continued)

SSA DE AVOA CLPSO HHO
2 Avg 1.50361E+01 1.51051E+01 1.50346E+01 1.46842E+-01 1.45396E+01
Std 1.28510E-01  6.09725E—-02  9.84233E-02  4.46605E—01  7.22943E—01
3 Avg 1.71432E401 1.76455E+01 1.73058E+01 1.66956E+01 1.75247E+01
Std 8.79296E—01  4.73816E—01  8.60074E—01 1.29397E400  4.98606E—01
4 Avg 1.87611E401 1.87804E+01 1.87676E+01 1.77033E+01 1.85466E+-01
Std 5.43718E-01  3.12183E-01  4.10680E—-01 1.17145E4+00  1.12807E+00
5 Avg 1.99899E+01  2.02692E+01  2.04070E+01 1.92923E+01 1.97856E+01
Std 9.31288E—01  5.71445E-01  9.59248E-01 1.32967E+00  1.15774E+00

Image Thresholds Item RDMVO MVO ACOR BA WOA
317080 2 Avg 1.52162E+01 1.52310E+01 1.43408E+01 1.45323E401 1.47119E+01
Std 5.75741E-01 1.27003E+00  4.23437E—01  1.38355E+00  1.04174E+00
3 Avg 1.83050E+01 1.76722E+01 1.73711E+01 1.79395E401 1.81897E+01
Std 1.61918E+00  1.46510E+00  9.88610E—01  1.34209E4+00  1.42864E+00
4 Avg 2.09740E+01  1.93707E+01  2.06474E+01  2.06057E+01  2.02082E+01
Std 4.65021E-01  2.05660E+00  3.53055E—01  1.36756E+00  1.25775E+400
5 Avg 2.21595E+01  2.00757E4+01  2.24948E+01  2.20799E+01  2.19791E+01
Std 5.39185E-01 1.84746E4+00  3.30191E—01  9.10483E—01 1.34239E4-00

SSA DE AVOA CLPSO HHO
2 Avg 1.45286E+01 1.49970E+01 1.46195E+01  1.60130E+01  1.49850E+01
Std 5.66635E—01  8.73408E-01  7.46065E—01 1.04355E+00  1.12196E+00
3 Avg 1.81688E+01 1.82611E+01 1.81509E+01 1.75218E+01 1.86593E+01
Std 1.13356E+00  1.13843E4+00  1.18533E4+00  1.61658E+00  1.25812E+00
4 Avg 2.07175E+01  2.04677E4+01  2.04961E+01 1.92015E4+01  2.05249E+01
Std 1.15129E400  7.59324E-01 1.09095E+00  1.34249E+00  1.36550E+400
5 Avg 2.15348E+01  2.21433E+01  2.24324E+01  2.07806E+01  2.11170E+01
Std 1.21543E400  4.53304E-01  8.56399E-01 1.11948E+00  1.61204E+00
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Table 23 Results for each algorithm on SSIM
Image Thresholds Item RDMVO MVO ACOR BA WOA
35070 2 Avg 5.82458E—01 4.69236E—-01 4.35705E-01 3.48059E—01 5.13570E—-01
Std 1.06807E—-01 2.27811E-01 2.22217E-01 2.45689E—01 1.89909E—01
3 Avg 6.70272E—01 6.10478E—01 6.29304E—01 5.94455E-01 5.94452E—-01
Std 4.74704E—02 1.14219E-01 5.53033E-02 1.50092E—-01 1.75342E—-01
4 Avg 6.96250E—01 6.35169E—-01 6.77580E—01 5.98576E—01 6.01862E—01
Std 3.82026E—-02 1.28073E-01 4.70200E—-02 1.05372E-01 1.93099E—-01
5 Avg 7.05683E—01 6.41129E—-01 7.04192E-01 6.68358E—01 6.49082E—01
Std 2.84673E-02 1.39820E—01 3.26758E—-02 1.42962E—01 1.86903E—-01
SSA DE AVOA CLPSO HHO
2 Avg 4.34318E—-01 6.12753E-01 4.12451E—-01 5.77049E—-01 4.52703E-01
Std 2.44440E-01 2.75036E—02 2.23887E—01 1.11963E-01 2.40684E—-01
3 Avg 5.73813E-01 6.12224E-01 6.02477E—01 6.05675E—-01 6.29744E—-01
Std 1.42954E—-01 7.61610E—-02 1.27115E-01 1.04517E-01 7.78595E—02
4 Avg 6.72734E—-01 6.94237E—01 6.68294E—-01 6.16722E—-01 6.69773E—-01
Std 6.00625E—02 3.69421E—02 4.55969E—-02 1.72364E-01 5.91850E—02
5 Avg 6.80089E—01 6.99481E—01 6.83375E—-01 6.68692E—-01 7.01170E-01
Std 3.33777E-02 2.61114E—02 4.88234E—-02 5.26131E-02 5.26053E—02
Image Thresholds Item RDMVO MVO ACOR BA WOA
38092 2 Avg  5.81106E—01 5.54831E—01 5.62056E—01 5.50393E-01 5.78827E-01
Std 3.26665E—03 4.51874E—-02 5.56053E—-02 7.86473E—-02 4.04128E-03
3 Avg  6.96135E—01 6.37586E—01 6.82541E—01 6.70714E-01 6.84428E—-01
Std 2.15613E—03 4.24723E-02 1.66516E—02 3.16809E—02 3.54471E-02
4 Avg  7.46590E—01 6.73369E—-01 7.42540E—-01 7.09139E-01 7.21338E-01
Std 4.10756E—03 6.91246E-02 8.98803E—03 8.42539E-02 2.80614E—-02
5 Avg  7.98782E-01 7.39516E—01 7.97016E-01 7.83391E-01 7.72962E-01
Std 8.53817E-03 5.17737E-02 3.99880E—03 3.29883E—02 2.32505E—02
SSA DE AVOA CLPSO HHO
2 Avg  5.70080E-01 5.69814E-01 5.74868E—01 5.59638E-01 5.56804E—01
Std  3.68272E-02 3.27000E—-02 1.46853E—-02 4.26657E—-02 7.23257E-02
3 Avg  6.64895E-01 6.65868E—-01 6.71907E—01 6.55801E—01 6.75777E-01
Std  2.90419E—-02 2.99855E—-02 2.68223E-02 3.49942E—02 4.06068E—02
4 Avg  7.29917E-01 7.37534E-01 7.22087E—-01 7.01669E-01 6.94601E-01
Std  3.00925E—-02 1.12737E-02 1.81987E—-02 2.60537E—-02 6.91072E—-02
5 Avg  7.76592E-01 7.85841E-01 7.79448E—01 7.32407E-01 7.56116E-01
Std  2.69575E-02 1.47684E—-02 1.98778E—-02 3.94748E—02 4.18123E-02
Image Thresholds Item RDMVO MVO ACOR BA WOA
61060 2 Avg  7.23358E—01 6.63423E—-01 6.89739E-01 6.58243E—01 6.56746E—01
Std  5.70258E—03 4.50840E—-02 4.12771E-02 1.16086E—-01 6.82090E—02
3 Avg  7.73461E—-01 7.24893E—01 7.18052E-01 7.13724E-01 7.17861E-01
Std  2.92704E-02 4.56598E—-02 2.48077E—02 7.94144E—-02 3.33883E—-02
4 Avg  7.90666E—01 7.69187E—01 7.74063E-01 7.55301E-01 7.59108E-01
Std  2.81497E-02 4.01223E-02 2.66666E—02 3.87458E-02 4.10301E-02
5 Avg  8.21290E-01 7.74410E-01 8.10197E-01 8.10458E—-01 7.84315E-01
Std 2.36482E—02 5.09315E-02 3.92915E-02 2.59066E—02 3.48654E—-02
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Table 23 (continued)
SSA DE AVOA CLPSO HHO
2 Avg 6.90304E-01  7.03016E-01  6.87757E-01  6.84948E—01  6.50821E—01
Std 2.64404E—02  2.43392E-02  2.51872E—02  3.50589E-02  7.00513E—02
3 Avg 7.11706E-01  7.18986E—01  7.28545E—01  7.11778E-01  7.12811E—01
Std 2.62413E—02  3.38088E—02  3.14018E—02  4.37929E-02  4.64758E—02
4 Avg 7.75253E—01  7.75591E-01  7.76077E—01  7.68524E-01  7.45672E—01
Std 3.96822E—02  3.03157E-02  3.85826E—02  4.45424E-02  4.60820E—02
5 Avg 7.91693E—01  7.95047E-01  7.99813E—01  7.91034E-01  7.88178E—-01
Std 3.93137E—02  3.75672E-02  4.74277E—02  3.51399E-02  3.05523E—02
Image Thresholds Item RDMVO MVO ACOR BA WOA
100080 2 Avg 6.48150E—01  4.80738E-01  5.33696E—01  4.91541E-01  5.24477E—01
Std 6.45867E—02  2.04191E-01  9.62743E—02  1.26704E-01 1.86027E—01
3 Avg 6.67078E—01  5.74375E-01  6.58841E—01  5.71467E-01  6.38962E—01
Std 7.12438E—02  1.23708E-01  5.86022E—02  1.89038E-01 1.05692E—01
4 Avg 7.37452E—-01  6.89014E-01  7.54136E—01  6.36445E-01  6.39092E—01
Std 6.26707TE—02  1.25551E-01  5.00229E—02  1.87983E-01 1.25631E-01
5 Avg 7.62333E—01  6.94221E-01  7.82829E—01  7.14665E—-01  6.80710E—01
Std 7.12061E—02  9.94098E-02  4.53228E—02  1.21486E-01 1.85030E—01
SSA DE AVOA CLPSO HHO
2 Avg 4.84632E—01  5.41478E-01  4.67513E—01  5.13253E-01  5.35195E—01
Std 1.61461E—01  4.71825E—02  1.44787E—01 1.04757E-01 1.40204E—01
3 Avg 6.03017E-01  6.96713E—01  6.23705E—01  6.39143E-01  6.39289E—01
Std 1.77969E—01  8.23299E-02  1.10244E—01 1.27813E-01 1.17112E-01
4 Avg 6.72732E-01  6.97989E-01  6.91727E—01  6.97154E-01  6.71087E—01
Std 9.94391E—02  8.01619E-02  1.03964E—01  8.16534E-02  1.37119E-01
5 Avg 7.17031E-01  7.46513E-01  7.40234E—01  7.06265E—-01  7.33878E—01
Std 1.15596E-01  6.44613E—-02  7.96074E—02  1.02643E—01  8.79443E-02
Image Thresholds Item RDMVO MVO ACOR BA WOA
108005 2 Avg 4.08903E—01  3.88695E—01  4.08488E—01  3.75426E-01  4.18838E—01
Std 3.49155E-03  4.11799E-02  3.01125E—03  5.21718E-02  2.06468E—02
3 Avg 4.88635E—01  5.29207E-01  5.14318E—01  5.16540E-01  5.22090E—01
Std 1.20139E—02  7.68177E-02  3.56677E—02  8.47329E-02  4.20295E-02
4 Avg 6.84747TE—01  6.10814E-01  6.59319E—01  6.39286E-01  6.63144E—01
Std 4.58962E—03  1.01147E-01  3.26189E—02  7.78044E-02  5.00997E—02
5 Avg 7.55903E—01 6.99006E-01  7.34316E—01  7.21210E-01  7.24933E-01
Std 1.34612E—02  6.70313E—02  2.76551E-02  4.81291E—02  3.20552E-02
SSA DE AVOA CLPSO HHO
2 Avg 4.09338E—01  4.07133E-01  4.04374E—01  4.03890E-01  4.04027E—01
Std 1.65840E—02  8.33258E—-03  1.19272E—02  4.71494E-02  2.77325E-02
3 Avg 5.39350E—01  5.00022E-01  5.12861E—01  5.09079E-01  5.14234E—01
Std 5.16993E—02  3.59112E-02  4.08208E—02  5.91204E-02  7.27443E—02
4 Avg 6.51603E—01  6.60462E-01  6.77221E—01  6.22289E-01  6.32101E—01
Std 4.86429E—02  3.43335E-02  3.41944E-02  7.81949E-02  9.86491E-02
5 Avg 7.32285E—01  7.28106E-01  7.31344E—01  6.49648E-01  7.07620E—01
Std 2.27032E—02  3.69407E-02  4.36396E—02  9.77104E-02  7.24425E—02
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Table 23 (continued)

Image Thresholds Item RDMVO MVO ACOR BA WOA
253027 2 Avg 4.46795E-01  4.32115E-01  5.34750E—01  5.23006E-01  4.69344E—01
Std 1.52891E—02  1.73799E—01  7.02233E-02  9.38568E—02  1.24885E-01
3 Avg 6.36349E—01  5.83712E-01  6.64747TE—01  6.02270E-01  6.14161E—01
Std 2.13466E—02  1.05822E-01  3.83127E—02  1.26031E-01 1.23459E-01
4 Avg 7.30680E—01  6.75521E-01  7.19265E—01  6.91064E-01  6.85199E—01
Std 6.17018E—03  5.42707E-02  3.21652E—02  9.03587E-02  6.60271E—02
5 Avg 7.69413E—01  6.88633E-01  7.58773E—01  7.53670E-01  6.88058E—01
Std 1.19464E—02  6.02141E-02  3.01257E-02  5.95944E—02  9.58146E-02
SSA DE AVOA CLPSO HHO
2 Avg 490921E-01  5.39745E—01  5.11097E-01  4.75396E-01  4.62836E—01
Std 1.32526E—01  4.85048E—-02  8.93665E—02  7.04740E-02  1.51175E—01
3 Avg 6.31972E-01  6.59437E-01  5.46960E—01  6.03123E-01  6.34035E—01
Std 9.12138E—02  3.51190E-02  1.27639E—01  9.47740E-02  5.44976E—02
4 Avg 7.05092E-01  7.20018E-01  6.97387E—01  6.81322E-01  6.71941E—01
Std 4.67451E-02  1.52104E-02  4.55363E—02  8.64394E—-02  6.13281E-02
5 Avg 7.28150E-01  7.51714E-01  7.38645E—01  7.17908E-01  7.25136E—01
Std 5.22119E—-02  2.17400E-02  4.02500E—02  4.76061E—02  5.29094E—02
Image Thresholds Item RDMVO MVO ACOR BA WOA
291000 2 Avg 6.08396E-01  5.77687E-01  6.15340E—01  6.10515E-01  6.12159E—01
Std 5.26691E—03  5.05115E-02  1.12490E—02  1.87413E-02  1.29102E-02
3 Avg 7.52809E—01  7.24613E-01  7.52304E—01  7.49722E-01  7.24454E—01
Std 431051E-03  3.59781E-02  2.40736E—03  7.66247E—03  5.96453E-02
4 Avg 8.19919E-01  7.56075E-01  8.22844E—-01  8.26649E—01  7.95327E-01
Std 5.62644E—03  7.47802E-02  6.05612E—03  9.73529E-03  3.14059E—02
5 Avg 8.68349E—-01  8.04532E-01  8.68807E—01  8.62939E-01  8.33577E-01
Std 6.87293E—03  4.56219E-02  4.30136E—03  1.83892E-02  3.17810E—02
SSA DE AVOA CLPSO HHO
2 Avg 5.97525E-01  6.09684E—01  6.10436E—01  5.91531E-01  5.96259E—01
Std 2.94696E—02  7.01137E-03  1.70211E—-02  3.18653E-02  3.26043E—02
3 Avg 7.44741E-01  7.51282E-01  7.48167E—01  7.00673E-01  7.14694E—01
Std 1.94115E—-02  4.69371E-03 1.01169E—02  4.05839E-02  3.72257E-02
4 Avg 8.04776E-01  8.20318E-01  8.19113E-01  7.75737E-01  7.87257E-01
Std 1.91485E-02  6.47797E-03 1.39386E—02  4.49436E-02  2.72753E—02
5 Avg 8.43163E-01  8.57072E-01  8.54673E-01  8.20146E-01  8.21750E-01
Std 2.95221E-02  1.40499E-02  1.58043E—02  2.77740E-02  3.66466E—02
Image Thresholds Item RDMVO MVO ACOR BA WOA
314016 2 Avg 4.80013E—01  4.69456E-01  4.78609E—01  4.15657E-01  4.68320E—01
Std 7.49083E—04  1.00233E-02  2.89272E—-03  1.16705E-01 1.15230E-02
3 Avg 6.16863E—01  5.68216E-01  5.83702E-01  5.80985E-01  6.03291E—01
Std 2.26887TE—03  4.62627E-02  4.49783E—02  4.44358E-02  1.90775E—02
4 Avg 6.54529E—01 6.13744E-01  6.50693E—01  6.52505E-01  6.36124E—01
Std 3.81747TE—-03  5.02278E-02  1.00712E—02  3.08432E-02  2.90607E—02
5 Avg 7.38898E—01  6.53836E-01  7.34575E—01  7.02610E-01  7.09029E-01
Std 4.60055E—03  6.55131E-02  8.02500E-03 1.48159E—-01  4.20708E-02
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Table 23 (continued)
SSA DE AVOA CLPSO HHO
2 Avg 4.77515E-01  4.79749E-01  4.76767E—-01  4.59531E—01  4.60662E—-01
Std 4.04006E—03 1.91614E—03  3.82535E-03  1.95845E-02  2.27774E-02
3 Avg 5.80860E—01  6.03408E-01  5.89722E-01  5.68245E—01  6.00407E—01
Std 4.10639E—02  2.33710E-02  3.78817E—02  5.33743E—-02  2.15538E-02
4 Avg 6.48661E—01  6.45955E-01  6.47579E-01  6.10069E—01  6.46510E—01
Std 2.18596E—02  1.23669E—-02  1.50932E-02  4.48866E—02  4.09525E-02
5 Avg 7.02802E—-01  7.13122E-01  7.18268E-01  6.77407E—01  6.98232E—01
Std 348042E—02  2.11998E-02  3.50233E-02  5.06536E—02  4.73992E-02
Image Thresholds Item RDMVO MVO ACOR BA WOA
317080 2 Avg 2.31619E-01  2.35213E-01 1.89080E—01 1.99383E—-01  2.17397E-01
Std 3.83475E-02  4.70316E-02  1.51122E—-02  4.81209E-02  5.63780E—02
3 Avg 3.43525E-01  3.29026E—-01  3.08507E-01  3.19539E-01  3.47544E—01
Std 6.68349E—02  5.26053E-02  4.63807E—02  4.93404E—-02  5.73701E-02
4 Avg 4.47594E-01  4.08273E-01  4.32898E—01  4.15201E-01  4.50603E—01
Std 1.42048E—02  9.69734E—02  1.62293E-02  4.43785E-02  6.70434E—02
5 Avg 4.77015E-01  4.32855E-01  4.84346E—01 4.63341E-01  4.71692E-01
Std 1.69782E—-02  7.97934E-02  9.03930E—03  1.99150E—02  2.57531E-02
SSA DE AVOA CLPSO HHO
2 Avg 1.98880E—01  2.19574E-01  2.02215E-01  2.64646E—01 2.25614E—01
Std 2.66950E—02  4.24877E-02  3.29275E-02  4.52553E—02  5.75534E-02
3 Avg 3.32639E-01  3.53908E—01  3.34469E-01  3.40290E-01  3.49076E—01
Std 4.12490E—-02  3.79628E—02  5.27159E-02  4.10847E—02  4.60895E-02
4 Avg 4.17540E-01  4.24422E-01  4.17309E—-01  3.85172E-01  4.21867E-01
Std 3.76825E—02  1.66197E-02  3.94602E-02  4.03082E—02  4.72162E-02
5 Avg 4.58362E—-01  4.74231E-01  4.73438E—01  4.34017E-01  4.48801E-01
Std 3.03336E—02  1.45753E-02  2.40673E-02  2.99589E—02  3.36943E-02
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Table 24 Results for each algorithm on FSIM
Image Thresholds Item RDMVO MVO ACOR BA WOA
35070 2 Avg 7.31182E-01 7.31722E-01 7.07795E—-01 6.96731E-01 7.31591E-01
Std 2.37137E-02 3.72835E—-02 4.08731E—-02 4.35840E—-02 4.03283E-02
3 Avg 7.55981E—-01 7.50863E—-01 7.40892E—-01 7.38592E-01 7.47010E—-01
Std 1.92801E—02 3.16836E—02 2.21564E—-02 2.98506E—02 3.19935E-02
4 Avg 7.58252E—-01 7.58078E—-01 7.55780E—01 7.37511E-01 7.42520E—-01
Std 1.07060E—02 2.55677E-02 1.63303E—-02 2.64421E-02 2.89947E—-02
5 Avg 7.68958E—01 7.54192E—-01 7.62451E-01 7.53363E—-01 7.55088E—01
Std 9.37589E—03 3.66705E-02 1.14727E-02 2.78523E—-02 3.46634E—-02
SSA DE AVOA CLPSO HHO
2 Avg 7.18886E—01 7.36791E-01 7.05961E—-01 7.41882E—01 7.28808E—-01
Std 3.43372E-02 1.27180E—02 3.83945E-02 2.88396E—02 3.94377E-02
3 Avg 7.43476E—-01 7.40056E—01 7.35858E—01 7.42824E-01 7.46567E—-01
Std 2.23615E-02 2.53067E-02 2.81420E—-02 2.85183E—02 3.26806E—02
4 Avg 7.61598E—-01 7.64871E—-01 7.54780E—01 7.47630E—-01 7.52670E—-01
Std 2.32560E—02 1.57399E—-02 1.73162E—-02 3.35783E—-02 2.36701E-02
5 Avg 7.56213E—-01 7.63691E—-01 7.58653E-01 7.58365E—-01 7.70441E—-01
Std 1.72506E—-02 1.22232E-02 1.66355E—-02 2.03332E-02 2.09682E-02
Image Thresholds Item RDMVO MVO ACOR BA WOA
38092 2 Avg 6.80846E—01 6.54693E—-01 6.56812E—-01 6.50183E—-01 6.66647E—-01
Std 1.17562E—03 2.84607E—02 3.29232E-02 4.50107E-02 5.14490E-03
3 Avg 7.78812E—01 7.30571E-01 7.70473E—-01 7.60339E-01 7.61520E—-01
Std 1.03108E—03 3.61815E-02 9.37642E—-03 2.58241E-02 2.47545E-02
4 Avg 8.29093E-01 7.56098E—-01 8.24380E—01 8.01699E—-01 8.01478E—-01
Std 2.53551E-03 5.58201E-02 6.16244E—-03 6.21975E-02 2.77199E-02
5 Avg 8.64332E-01 8.01598E—01 8.64732E—01 8.53236E—-01 8.41778E—01
Std 1.23137E-02 5.05249E-02 7.69118E—03 3.88108E—02 2.38331E-02
SSA DE AVOA CLPSO HHO
2 Avg 6.61983E—-01 6.65776E—-01 6.67209E—-01 6.53614E-01 6.51005E—01
Std 2.14838E—02 1.93516E—-02 6.72447E-03 2.54515E—-02 4.50977E-02
3 Avg 7.55265E-01 7.55696E—01 7.60510E—-01 7.32561E-01 7.55587E—-01
Std 1.89333E—-02 2.23843E-02 1.88053E—-02 4.05397E-02 2.86832E—-02
4 Avg 8.08541E-01 8.20454E—-01 8.08729E-01 7.77094E-01 7.80932E—-01
Std 2.84323E-02 9.58958E—03 1.61298E—-02 2.98630E—02 5.84309E-02
5 Avg 8.43382E—-01 8.51616E—01 8.54003E-01 8.04722E-01 8.17341E-01
Std 2.65109E-02 1.33243E-02 1.34154E-02 3.34324E-02 4.87639E—-02
Image Thresholds Item RDMVO MVO ACOR BA WOA
61060 2 Avg 7.03504E-01 6.92102E-01 7.01761E-01 6.85544E—01 6.87037E—-01
Std 3.25241E-03 2.32673E-02 1.28518E—-02 6.50290E—02 2.49551E-02
3 Avg 7.65471E—01 7.29689E—01 7.26492E—-01 7.14316E-01 7.29484E—01
Std 2.39965E—-02 2.91258E-02 2.23232E—-02 5.71342E-02 2.94568E—-02
4 Avg 7.78343E—01 7.68884E—-01 7.67995E—01 7.54560E—-01 7.59045E—-01
Std 2.02467E—02 3.70528E-02 2.89071E—02 2.63390E-02 2.97874E-02
5 Avg 8.10135E-01 7.80379E-01 8.07443E-01 8.07048E—-01 7.86448E—-01
Std 1.69602E—02 5.07180E-02 3.30711E-02 2.54442E-02 2.76923E-02
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Table 24 (continued)
SSA DE AVOA CLPSO HHO
2 Avg 7.01524E-01 7.06921E—01 7.03330E—01 7.02496E—01 6.94769E—-01
Std 1.47198E-02 2.77508E—03 1.31878E—02 8.16317E-03 1.65351E—-02
3 Avg 7.13933E—01 7.18265E—01 7.29760E—01 7.15721E-01 7.13440E—01
Std 2.62212E—02 2.32411E-02 2.99032E—02 3.67286E—02 3.60777E—02
4 Avg 7.63319E—01 7.67581E—01 7.71395E—01 7.63438E—01 7.52051E—01
Std 3.08393E—02 3.00707E-02 3.32733E-02 3.52791E—02 3.21043E-02
5 Avg 7.87928E—01 7.94301E—01 7.98560E—01 7.93933E—01 7.86943E—01
Std 3.56529E—02 3.05379E-02 3.93536E—-02 3.14542E-02 2.73337E-02
Image Thresholds Item RDMVO MVO ACOR BA WOA
100080 2 Avg 7.55577E—01 7.48375E—01 7.44240E—01 7.41594E—01 7.33062E—01
Std 2.18228E—02 3.12504E—-02 2.67419E—02 3.63353E-02 2.79886E—02
3 Avg 7.59590E—01 7.50936E—01 7.50956E—01 7.38543E—01 7.60388E—01
Std 2.93079E—02 3.65270E-02 2.93321E-02 3.59699E—02 3.80297E—-02
4 Avg 7.64189E—01 7.65672E—01 7.65661E—01 7.59598E—01 7.70601E—01
Std 3.51293E-02 3.25738E-02 2.80824E—02 2.84630E—02 3.94648E—-02
5 Avg 7.74368E—01 7.58034E—01 7.82257E—01 7.64154E—01 7.68477E—01
Std 2.18726E—-02 3.25070E-02 1.49731E—02 4.17994E-02 4.33122E-02
SSA DE AVOA CLPSO HHO
2 Avg 7.43183E-01 7.22700E—01 7.42283E—-01 7.40069E—01 7.48445E—01
Std 3.90345E—02 1.74010E—02 3.35023E-02 3.51116E-02 3.48039E—02
3 Avg 7.57295E-01 7.62866E—01 7.49733E—01 7.52270E-01 7.57746E—01
Std 4.06571E-02 2.93696E—-02 3.26872E-02 3.95824E—02 3.09553E-02
4 Avg 7.69413E—01 7.59644E—01 7.67936E—01 7.65203E—01 7.68755E—01
Std 3.39893E—-02 3.26116E-02 3.02243E-02 3.69267E—02 3.45340E-02
5 Avg 7.77109E—01 7.69404E—01 7.69027E—01 7.86182E—01 7.74842E—01
Std 3.26172E-02 2.43131E-02 3.34734E-02 3.78993E—-02 4.40260E—02
Image Thresholds Item RDMVO MVO ACOR BA WOA
108005 2 Avg 6.66446E—01 6.62949E—01 6.67009E—01 6.60244E—01 6.64687E—01
Std 8.72452E—04 7.72871E-03 1.66154E—03 1.07575E-02 4.90602E—03
3 Avg 7.16304E—01 7.18127E-01 7.22722E-01 7.21234E-01 7.06011E—01
Std 3.43582E—03 1.21378E-02 6.64546E—03 1.78904E—-02 2.67910E-02
4 Avg 7.88058E—01 7.53175E-01 7.81443E-01 7.74102E-01 7.77582E—01
Std 1.16428E—03 2.38167E-02 8.90375E-03 1.94926E—-02 9.59936E-03
5 Avg 8.26963E—01 7.90951E—01 8.21960E-01 8.10796E-01 8.13879E—01
Std 4.51468E—03 2.46998E-02 9.57340E—03 2.40104E—-02 1.46440E—02
SSA DE AVOA CLPSO HHO
2 Avg 6.66992E—-01  6.66935E-01  6.66778E—01  6.62084E—-01  6.62744E—01
Std 2.33289E—03  1.90945E-03  2.89820E—03  8.28580E—03  8.06928E—03
3 Avg 7.23258E—01  7.19027E-01  7.22196E—01  7.12436E-01  7.15871E—01
Std 9.22652E—03  6.48706E-03  6.62379E—03  1.45442E-02  1.77030E—02
4 Avg 7.73286E—01  7.80201E-01  7.82211E-01  7.56132E-01  7.63012E—01
Std 1.65159E—02  9.82396E—03  8.65340E—03  2.22123E-02  3.59741E-02
5 Avg 8.13171E-01  8.15384E—-01  8.20655E-01  7.61981E-01  8.02839E-01
Std 1.25113E-02  1.26041E-02  1.23260E—02  3.39498E-02  2.67958E-02
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Table 24 (continued)

Image Thresholds Item RDMVO MVO ACOR BA WOA
253027 2 Avg 6.98503E—01 6.46653E-01  6.72047E—01  6.78562E-01  6.66423E—01
Std 5.07505SE—03  1.84662E—-02  1.81990E—02  2.59182E-02  2.65416E—02
3 Avg 7.30916E-01  7.11102E-01  7.44589E—01  7.32431E-01  7.20719E—01
Std 1.19745E-02  3.48320E-02  9.63655E—03  2.65548E—02  3.76514E—02
4 Avg 7.99145SE—-01  7.64451E-01  7.91029E—01  7.84359E-01  7.74953E—01
Std 2.62620E—03  3.01868E—02  2.01962E—02  2.93049E-02  3.00701E—02
5 Avg 8.26060E—01  7.81927E-01  8.20414E—01  8.15015E-01  7.84402E-01
Std 7.12548E—03  2.23030E-02  1.49913E—02  4.02374E-02  4.79938E—02
SSA DE AVOA CLPSO HHO
2 Avg 6.62633E-01  6.70262E-01  6.70009E—01  6.79602E-01  6.65333E—01
Std 241794E-02  2.59682E-02  2.25172E-02  2.33517E-02  2.52402E—-02
3 Avg 7.34673E-01  7.41435E-01  7.26340E—01  7.18856E-01  7.27691E—01
Std 2.78381E—02  1.51939E-02  2.94436E—02  3.34622E-02  2.74066E—02
4 Avg 7.84331E-01  7.94611E-01  7.85530E—01  7.73137E-01  7.65344E—01
Std 2.27051E-02  8.40208E—-03 1.91503E—02  3.11365E-02  2.98235E—02
5 Avg 8.01679E-01  8.15123E—-01  8.08482E—-01  7.87837E-01  7.96683E—-01
Std 3.39646E—02  1.45593E-02  1.70319E—02  2.98059E-02  2.68716E—02
Image Thresholds Item RDMVO MVO ACOR BA WOA
291000 2 Avg 7.11084E—01  6.91029E-01  7.24428E—-01  7.29392E—01  7.23583E—01
Std 7.73960E—03  4.47801E-02  1.31996E—02  9.56584E—03 1.00122E—-02
3 Avg 7.92712E-01  7.82485E-01  7.93748E—01  8.00853E—01  7.76924E—01
Std 2.01211E-03  2.52816E-02  6.63151E—-03  1.51954E-02  4.38480E—02
4 Avg 8.55333E—01  8.02496E-01  8.48659E—01  8.46864E—-01  8.34573E—01
Std 9.63846E—03  5.24363E-02  9.28322E—03  8.97306E—03  2.47327E—02
5 Avg 8.91763E—01  8.47055E-01  8.76665E—01  8.77119E-01  8.55173E-01
Std 9.27602E—03  3.28727E-02  3.85984E—03  1.48022E-02  2.64921E—02
SSA DE AVOA CLPSO HHO
2 Avg 7.07537E-01  7.12328E-01  7.18176E—01  6.99995E-01  7.12340E—01
Std 3.05526E-02  1.02931E-02  2.09608E—02  2.62393E—-02  3.49724E-02
3 Avg 7.87891E-01  7.91553E-01  7.94799E—01  7.63500E-01  7.74977E—01
Std 1.63817E-02  3.79308E-03 1.22413E—02  2.89502E-02  2.88069E—02
4 Avg 8.36535E-01  8.47145E-01  8.43087E—-01  8.21519E-01  8.25407E-01
Std 1.50340E—02  1.04929E-02  1.42770E-02  3.61367E—-02  2.07984E-02
5 Avg 8.60671E-01  8.77695E-01  8.70236E—01  8.55058E-01  8.47627E-01
Std 2.10049E—02  1.16135E-02  1.19524E—02  2.48009E-02  2.67951E—02
Image Thresholds Item RDMVO MVO ACOR BA WOA
314016 2 Avg 5.96619E-01  5.91438E-01  5.96139E-01  5.64776E-01  5.89186E—01
Std 1.35622E—03  6.74571E-03  1.45617E-03  5.06164E—02  9.54889E—-03
3 Avg 7.00340E—-01  6.71553E-01  6.82847E—01  6.81713E-01  6.91880E—01
Std 9.29288E—04  2.67990E-02  2.53976E—02  2.54400E-02  1.26641E—02
4 Avg 7.51403E—01  7.13514E-01  7.48694E—-01  7.47421E-01  7.33495E-01
Std 2.28921E—-03  3.30620E-02  5.30369E—03  1.88971E-02  2.18038E—02
5 Avg 8.1531SE—-01  7.43692E-01  8.12002E—01  7.93994E-01  7.90048E—01
Std 2.7274TE—03  4.57983E-02  5.76489E—03  8.16950E—-02  3.19082E—02
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Table 24 (continued)
SSA DE AVOA CLPSO HHO
2 Avg 5.95120E-01  5.96831E—01  5.94947E—01 5.86569E—01 5.84067E—01
Std 3.34306E—03 1.82531E—-03  2.72235E-03 1.01383E-02 1.67097E—02
3 Avg 6.80922E—-01 6.93716E—01 6.84975E—01 6.69751E—01 6.90603E—01
Std 2.30546E—02 1.29523E—-02  2.21687E-02  3.25873E-02 1.30016E—02
4 Avg 7.43987E—01  7.45106E-01  7.43999E-01 7.10206E—01 7.36410E-01
Std 1.34386E—02  7.86485E-03 1.06646E—02  3.19927E-02  2.70715E-02
5 Avg 7.86321E—01 7.94767E—01  7.98126E-01 7.57682E—01 7.74321E-01
Std 2.53930E-02 1.52947E—02  2.36531E-02  3.51521E-02  3.34112E-02
Image Thresholds Item RDMVO MVO ACOR BA WOA
317080 2 Avg 6.37878E—-01 6.40160E—01 6.20649E—01 6.22955E—01 6.34812E—01
Std 1.39513E—02  2.07143E-02  4.71234E—-03  2.73716E-02  2.17535E-02
3 Avg 7.12023E-01  7.00571E-01 6.86611E—01 6.96492E—01 7.09263E—-01
Std 4.15671E-02  3.29807E—02  2.68288E—02  3.18807E—02  3.57534E-02
4 Avg 7.93975E—01  7.47789E-01  7.83320E-01 7.77762E—01 7.72371E-01
Std 1.10059E—-02  5.03110E-02  8.69077E—03  3.36105E—02  3.29090E—02
5 Avg 8.31823E—-01 7.73531E-01  8.40432E—01  8.25973E-01 8.26310E—01
Std 1.49647E—02  4.56542E-02  6.88022E—03  1.90267E—-02  2.69715E—02
SSA DE AVOA CLPSO HHO
2 Avg 6.23863E—01 6.34124E—01 6.25607E—01 6.52353E—01  6.35622E-01
Std 1.04900E—02  2.02693E—02 1.18434E—-02  2.14371E-02  2.04453E-02
3 Avg 7.04749E-01  7.10597E-01 7.03611E-01 7.03478E—01 7.13078E—01
Std 2.66392E—02  2.66570E—-02  3.20146E-02  2.39357E—02  3.29881E—02
4 Avg 7.79846E—01 7.78161E-01 7.77646E—01 7.45675E—01 7.77749E-01
Std 2.80084E—02 1.71525E—02  2.85307E—-02  3.33416E-02  3.51355E—02
5 Avg 8.16124E-01 8.32630E—01 8.34582E—01 7.89168E—01 8.05288E—01
Std 2.83279E-02 1.34200E—-02 1.93250E—-02  2.91323E-02  3.40555E-02
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Table 25 Friedman test results

. image  Thresholds RDMVO MVO ACOR BA WOA SSA DE AVOA CLPSO HHO
for each algorithm on PSNR of

each image 35070 2 7.73 515 495 390 540 5.05 7.00 4.98 6.40 4.45
3 7.15 470 5.85 555 585 410 520 5.25 5.80 5.55

4 7.90 490 540 430 3.65 490 6.15 5.50 5.70 6.60

5 8.40 470 545 525 620 450 570 525 4.25 5.30

38092 2 9.45 570  5.05 450 438 535 6.60 5.03 4.50 4.45
3 5.65 520 675 720 395 575 645 640 3.93 3.73

4 5.30 3.05 7.63 738 5.00 630 6.60 6.50 3.45 3.80

5 4.95 315 8.10 7775 525 590 6.60 6.10 2.90 4.30

61060 2 9.10 433 540 495 523 525 648 5.60 4.88 3.80
3 9.85 455 470 568 505 483 460 5.50 5.20 5.05

4 9.00 510 425 510 435 6.60 575 5.50 5.15 4.20

5 8.30 455 6.55 540 475 505 590 5.75 3.70 5.05

100080 2 8.30 455 543 330 6.65 4.05 728 3.95 6.15 5.35
3 7.35 400 625 475 435 465 775 4.40 5.65 5.85

4 7.00 5.00 7.80 455 470 430 625 545 4.60 5.35

5 7.15 455 1750 525 395 495 650 5.75 4.20 5.20

108005 2 5.90 415 595 385 803 573 553 5.13 5.10 5.65
3 3.85 6.10 5.68 598 570 690 475 5.40 5.10 5.55

4 7.85 385 550 6.00 540 550 540 6.85 3.75 4.90

5 8.10 410 6.50 565 520 550 6.00 6.90 2.25 4.80

253027 2 3.28 455 7.35 6.30 455 6.03 6.83 5.83 4.40 5.90
3 6.40 4.10  7.05 590 505 620 755 4.05 4.05 4.65

4 6.45 3.80 6.40 585 525 650 575 5.80 5.20 4.00

5 8.00 285 720 745 3.85 530 625 6.00 3.75 4.35
291000 2 4.95 405 7.03 688 6.70 538 555 6.70 3.90 3.88
3 6.63 430 695 6.58 525 6.60 620 7.00 2.20 3.30

4 6.25 330  6.40 815 5.00 490 6.20 7.60 3.70 3.50

5 7.65 275 17.65 7.65 495 535 580 6.05 3.30 3.85

314016 2 7.78 438 7.13 370 458 6.03 7.58 6.00 3.85 4.00
3 8.78 375 5775 568 545 480 565 5.65 3.80 5.70

4 7.83 340 6.15 693 500 5.65 560 5.50 3.25 5.70

5 8.90 235 175 740 525 470 470 6.30 3.05 4.60
317080 2 7.15 6.05 393 458 445 430 620 4.65 8.25 5.45
3 6.45 485 390 515 6.10 570 6.05 5.60 4.65 6.55

4 7.05 400 555 6.65 480 6.60 520 6.10 3.05 6.00

5 6.20 290 7.60 635 675 490 590 7.25 3.20 3.95
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Table 26 Friedman test results

. Image  Thresholds RDMVO MVO ACOR BA WOA SSA DE AVOA CLPSO HHO
for each algorithm on SSIM of

each image 35070 2 6.80 495 480 415 6.00 515 6.70 4.60 6.55 5.30
3 7.40 540 530 535 560 460 475 5.30 5.65 5.65

4 6.75 540 6.05 350 490 580 6.55 5.00 5.50 5.55

5 5.95 495 6.00 570 6.55 440 550 4.95 4.70 6.30

38092 2 7.00 500 535 498 493 598 620 5.18 4.95 5.45
3 7.95 310 595 490 750 460 4.80 5.35 4.08 6.78

4 8.75 335 7.63 593 550 6.15 6.75 4.65 2.90 3.40

5 8.50 345 820 730 490 500 590 545 2.35 3.95

61060 2 8.20 403  6.08 565 393 535 680 5.23 5.65 4.10
3 8.90 6.00 525 563 515 453 490 5.35 4.75 4.55

4 7.30 555 5.65 455 450 625 560 6.10 5.40 4.10

5 7.15 470 6.20 6.70 4.10 490 535 6.00 4.90 5.00

100080 2 8.90 505 488 455 645 500 543 3.65 5.00 6.10
3 6.25 3.80 5.80 450 580 520 7.55 4.95 5.75 5.40

4 6.35 540 7.05 465 450 505 545 535 5.75 5.45

5 6.80 385 730 540 485 520 570 5.55 4.95 5.40

108005 2 6.00 430 6.00 375 798 575 5.63 4.90 5.10 5.60
3 3.75 6.25 5.63 593 6.00 680 4.60 5.20 5.20 5.65

4 7.00 435 490 550 630 560 5.10 6.85 4.55 4.85

5 7.95 465 590 540 5.10 565 550 6.50 3.25 5.10

253027 2 2.98 5.00 6.90 6.15 495 583 733 6.03 4.55 5.30
3 5.55 405 715 565 585 650 695 3.35 4.65 5.30

4 7.50 390  6.90 580 4.65 6.00 6.10 5.35 4.80 4.00

5 7.95 3.05 7.10 720 420 460 6.10 5.95 4.15 4.70
291000 2 4.90 385 740 7.18 630 503 538 6.30 3.50 5.18
3 7.63 430 720 703 415 635 685 6.30 2.00 3.20

4 6.55 280 7.50 840 395 485 6.80 7.20 3.55 3.40

5 8.20 2770 8.15 7770 445 545 590 6.25 3.05 3.15

314016 2 8.03 398 7.08 320 463 655 7.80 6.50 3.30 3.95
3 8.63 355 555 518 570 485 6.00 5.75 4.05 5.75

4 7.08 365 585 6.38 490 6.10 555 5.75 3.40 6.35

5 8.85 250 775 760 490 480 470 6.05 3.25 4.60
317080 2 7.05 6.50 3.65 455 450 435 590 4.60 8.55 5.35
3 6.05 535 4.00 435 620 505 6.60 525 5.70 6.45

4 8.25 485 625 520 6.25 525 520 4.85 3.00 5.90

5 7.05 3.00 795 480 6.60 530 635 6.60 2.95 4.40
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Table 27 Friedman test results
for each algorithm on FSIM of
each image

@ Springer

Image  Thresholds RDMVO MVO ACOR BA WOA SSA DE AVOA CLPSO HHO
35070 2 6.33 570 450 375 6.05 510 630 428 7.20 5.80
3 7.25 6.00 490 530 585 535 470 4.65 5.35 5.65
4 5.75 6.20 550 350 425 655 685 5.00 5.70 5.70
5 6.75 515 525 475 580 480 560 5.05 5.20 6.65
38092 2 9.60 445 550 515 458 520 6.65 4.93 4.20 4.75
3 9.55 325 6.85 6.05 550 435 530 5.50 3.58 5.08
4 9.15 295  7.68 6.78 495 580 655 5.05 2.70 3.40
5 8.50 340 750 7775 515 495 575 6.00 2.20 3.80
61060 2 5.00 408 6.50 680 3.53 590 728 6.35 5.68 3.90
3 8.60 580 6.05 493 6.10 418 440 6.20 4.90 3.85
4 6.75 590 6.15 445 480 560 535 6.10 5.70 4.20
5 6.40 510 6.45 695 450 485 520 6.00 5.10 4.45
100080 2 7.20 575 5.88 550 435 625 313 525 5.40 6.30
3 5.75 530 520 420 6.15 595 655 5.15 5.25 5.50
4 5.20 585 555 505 585 585 480 5.80 5.50 5.55
5 5.35 405 630 520 525 580 5.10 5.15 6.60 6.20
108005 2 5.60 485 6.00 360 538 6.73 6.13 6.68 5.00 5.05
3 4.00 535 6.78 6.63 445 655 525 6.30 4.25 5.45
4 8.40 295  6.10 585 555 555 6.15 6.35 3.00 5.10
5 8.15 320 720 6.05 575 550 6.00 6.80 1.65 4.70
253027 2 8.38 265 595 6.25 510 448 528 533 6.50 5.10
3 4.70 375 7.0 635 4.85 640 7.10 4.90 4.45 5.40
4 7.50 340 6.80 6.25 5.15 580 6.65 5.60 4.10 3.75
5 8.15 285 735 7.60 425 530 6.10 5.75 3.35 4.30
291000 2 4.10 420 6.88 7773 635 523 455 6.20 3.90 5.88
3 6.33 500 6.35 783 475 550 6.00 6.70 2.35 4.20
4 8.15 310 7.30 6.40 5.15 460 6.10 6.25 4.25 3.70
5 8.95 335 685 6.55 420 550 6.85 5.75 3.80 3.20
314016 2 7.58 493  7.03 350 448 6.03 7.43 6.00 3.90 4.15
3 8.38 370 6.10 553 550 510 580 545 3.65 5.80
4 7.93 320 655 698 485 570 5.65 5.70 3.15 5.30
5 9.20 2.15  8.05 785 535 495 505 6.00 2.50 3.90
317080 2 6.95 6.40 323 493 560 375 570 4.25 8.45 5.75
3 6.30 545 405 470 6.05 540 620 5.25 5.40 6.20
4 7.70 3.60 6.15 6.15 495 620 550 5.80 2.95 6.00
5 6.35 240 795 590 6.60 520 645 7.15 2.95 4.05
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Table 28 Threshold for all algorithms on each test image

Image Thresholds RDMVO MVO ACOR BA WOA
03 2 55,103 68,100 55,103 69,125 57,103

3 46,83,135 22,57,116 46,85,143 53,98,151 36,65,132

4 31,65,103,157 85,116,165,180 40,72,103,156 26,55,85,136 43,74,102,131

5 25,53,83,119,160 48,81,121,166,218 29,55,84,133,174 32,74,103,143,186 46,76,98,130,182
04 2 46,93 39,133 47,94 59,132 50,93

3 41,91,148 25,56,95 45,94,148 43,116,166 60,114,163

4 28,56,85,148 60,105,115,146 36,77,109,154 16,33,81,186 22,48,94,160

5 25,54,84,126,169 35,73,137,179,223 33,72,111,148,185 33,61,94,153,191 40,63,79,102,160
05 2 60,105 112,144 80,140 60,106 58,104

3 41,80,127 39,76,120 61,117,164 50,100,146 54,83,146

4 41,80,132,184 40,95,147,188 36,58,101,151 52,103,152,193 41,92,144,196

5 26,43,89,135,184 22,123,184,229,253 24,47,83,124,173 48,94,123,148,185 52,79,92,125,155
09 2 69,121 65,110 78,137 69,121 69,117

3 52,93,147 33,67,167 66,117,164 54,92,175 55,88,137

4 41,90,135,178 55,99,132,208 44.,81,111,182 52,92,135,179 27,91,116,159

5 32,65,93,143,184 88,129,187,204,232 32,56,100,145,183 87,134,164,188,213 29,64,99,143,180
12 2 76,134 64,91 71,142 76,134 63,111

3 54,94,150 28,93,157 48,88,145 56,96,156 41,85,137

4 31,63,94,153 23,53,132,174 46,89,131,175 103,141,172,201 30,69,105,156

5 34,63,89,137,174 46,62,99,148,179 35,66,102,147,186 71,176,199,231,253 28,40,79,117,162
15 2 59,122 55,112 70,161 70,161 50,103

3 42,86,135 48,94,169 54,98,171 109,190,253 59,89,138

4 35,67,106,157 59,101,138,202 65,112,133,161 83,148,181,218 24,74,109,149

5 23,45,74,127,173 69,137,187,217,229 24,55,85,118,165 22,44,69,104,146 55,89,107,138,179
20 2 81,140 132,180 81,144 76,137 90,141

3 57,112,161 43,68,159 62,122,181 59,114,181 43,81,130

4 54,99,141,182 47,62,99,199 68,97,129,171 57,104,141,180 33,70,97,143

5 42,64,85,119,166 36,69,81,110,174 38,75,98,143,182 59,108,144,178,217 34,59,97,137,212
21 2 76,129 75,109 76,129 82,140 78,128

3 57,87,145 61,77,116 56,87,144 48,78,134 60,87,144

4 49,78,125,169 116,132,160,207 48,77,122,167 52,90,126,168 30,50,92,145

5 31,60,87,128,172 49,64,122,143,205 31,51,91,128,168 46,75,100,136,177 45,72,99,124,153
25 2 64,115 55,93 74,135 62,138 61,110

3 45,80,140 47,93,160 42,97,156 70,133,172 60,104,149

4 39,74,110,157 39,61,88,164 34,68,97,129 89,156,191,226 27,51,87,139

5 28,54,79,127,172 13,42,108,163,182 34,76,116,150,186 54,105,143,177,216 27,49,76,116,171
Image Thresholds SSA DE AVOA CLPSO HHO
03 2 56,122 57,98 64,115 64,111 40,72

3 48,89,151 50,77,144 52,97,151 66,106,127 36,74,141

4 37,59,114,178 20,48,90,129 43,74,111,160 38,58,89,185 40,85,102,127

5 37,57,95,140,196 48,70,104,147,180 43,63,87,145,184 39,58,135,151,168 36,57,88,132,143
04 2 41,147 50,96 58,112 43,83 3391

3 22,90,147 43,86,146 54,118,152 79,135,177 30,60,120

4 33,60,94,157 33,66,90,176 32,52,97,132 22,94,148,168 24,33,92,120

5 32,61,86,105,191 17,46,86,118,185 13,43,79,122,191 25,81,96,141,185 48,84,111,125,146
05 2 47,106 76,145 55,106 46,101 44,90

3 19,69,136 64,118,148 57,98,139 47,80,150 43,72,117

4 20,36,96,190 45,97,141,185 30,52,101,155 51,93,108,138 42,72,102,140

5 49,100,164,199,253 43,75,117,158,199 17,42,71,113,144 45,115,148,158,185 36,98,169,221,253
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Table 28 (continued)

Image  Thresholds ~ RDMVO MVO ACOR BA WOA
09 2 55.81 61,107 66,117 68,108 57,113

3 59,103,160 50,99,164 53,92,140 85,128,161 36,54,98

4 26,61,88,144 37,77,117,175 39,73,106,157 22,69,118,166 48,64,99,131

5 21,38,92,128,156 31,83,138,161,192  66,96,121,156,193  50,84,117,162,213  42,57,115,143,195
12 2 79,143 67,118 76,134 71,129 48,102

3 50,118,176 64,105,167 37,79,136 51,89,138 38,79,113

4 48,75,108,187 25,84,106,167 34,60,111,153 42,88,130,190 38,55,102,156

5 30,53,94,142,196 24,76,107,140,177  29,57,90,141,182  3,56,103,167,184 21,55,92,107,168
15 2 81,145 56,122 59,119 62,138 60,96

3 58,164,194 54,108,159 58,113,163 45,73,142 53,89,130

4 61,175,207,253 62,100,136,175 67,149,191,253 32,52,76,96 18,44,104,168

5 46,96,147,184212  54,83,130,161,195  39,7595,133,187  56,96,125,157,209 12,52,77,123,189
20 2 44,90 74,135 69,132 53,93 78,128

3 71,104,152 55,107,166 48,103,143 75,141,191 24,70,167

4 36,90,135,199 47,89,145,186 35,77,120,176 45,91,120,167 44,80,145,177

5 57,94,125,173218  67,93,123,160,184  30,53,82,123,159  50,80,109,137,180  51,70,93,127,199
21 2 76,132 75,136 70,111 79,140 65,109

3 90,144,182 33,74,139 59,96,162 54,128,168 37,75,121

4 38,72,100,165 41,60,114,158 33,51,99,146 70,99,140,161 30,51,89,169

5 19,35,56,95,162 36,60,76,132,183 34,5590,133,177  42,92,131,167,215  39,60,88,115,170
25 2 42,87 73,132 64,115 46,129 55,102

3 52,109,184 52,96,138 68,122,164 64,108,153 74,127,171

4 50,94,166,213 33,80,146,184 25,57,88,145 42,119,131,167 10,25,106,174

5 20,69,124,146,172  27,63,117,155203  30,62,102,138,175  6,51,91,110,191 23,42,54,128,176
Appendix 2

See Figs. 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, and 20.
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Fig. 10 BKIs in the segmentation experiment
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Fig. 11 Grayscale, histogram and 2D histogram of BKIs in the segmentation experiment
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Fig. 18 Grayscale image of all
images segmented by RDMVO
at different thresholds
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Fig. 19 COVID-19-CXIs in the segmentation experiment
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Fig.20 Grayscale, histogram
and 2D histogram of COVID-
19-CXIs in the segmentation

experiment
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Fig. 20 (continued)
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