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Abstract: Over the past decade, the development of computer-aided detection tools for medical image
analysis has seen significant advancements. However, tasks such as the automatic differentiation
of tissues or regions in medical images remain challenging. Magnetic resonance imaging (MRI)
has proven valuable for early diagnosis, particularly in conditions like prostate cancer, yet it often
struggles to produce high-resolution images with clearly defined boundaries. In this article, we
propose a novel segmentation approach based on minimum cross-entropy thresholding using the
equilibrium optimizer (MCE-EO) to enhance the visual differentiation of tissues in prostate MRI
scans. To validate our method, we conducted two experiments. The first evaluated the overall
performance of MCE-EO using standard grayscale benchmark images, while the second focused
on a set of transaxial-cut prostate MRI scans. MCE-EO’s performance was compared against six
stochastic optimization techniques. Statistical analysis of the results demonstrates that MCE-EO
offers superior performance for prostate MRI segmentation, providing a more effective tool for
distinguishing between various tissue types.

Keywords: multilevel thresholding; minimum cross-entropy; magnetic rensonance images

1. Introduction

Image processing of medical images has become an exciting research topic due to its
importance in the detection, diagnosis, and staging of health conditions. Medical images
cover a wide range of technologies designed to generate a visual representation of internal
morphology or function with the specific purpose of assisting health care practitioners.
Many technologies utilize non-invasive approaches, such as magnetic resonances (MR),
ultrasonography, and positron emission tomography (PET), among others. From these
alternatives, MR images (MRIs) are often used to analyze anatomical structures as they
provide high spatial distribution. However, the acquisition of high-quality MRIs is quite
challenging, since MRIs are known to suffer from movements of the patient and the
presence of artifacts [1], which can compromise the quality of the scans and subsequently
the accuracy of diagnoses and treatment plans. These challenges necessitate the use of
advanced techniques for image segmentation, which is a crucial step in interpreting medical
images and assisting in diagnosis, particularly in diseases like prostate cancer, which is the
second most common and deadly cancer in men after lung cancer [2]. Prostate cancer is
known for its silent development, and it is often diagnosed at an advanced stage. According
to global cancer statistics from 2022, 1,466,680 new cases of prostate cancer were diagnosed
that year [3]. Early detection is crucial, as it significantly improves survival rates; however,
challenges in this area remain, due to the subtle nature of early-stage tumors in imaging.
Accurate analysis of prostate MRIs is therefore essential to improving diagnostic accuracy
and reducing the need for invasive biopsies.
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The use of computer-aided diagnostic tools (CAD) as a complementary means to
medical imaging can help health practitioners to avoid or reduce biopsy rates while also
saving time [4]. Research around the design of CAD centers on three main topics: denoising,
segmentation, and classification.

Segmentation is a fundamental task in medical image processing and plays a critical
role in separating different regions of interest within an image, especially when the bound-
aries are not clearly defined [5]. Traditional segmentation methods, such as thresholding,
offer simplicity but face limitations in the context of complex medical images, particularly
when distinguishing between subtle tissue variations in MRI scans. Thresholding stands
as a simple yet powerful methodology meant to separate two or more regions of an im-
age. This approach first transforms a given image into a frequency representation over
an intensity histogram. The histogram is the input of thresholding methods, while the
core idea is to find a threshold value (th) that accurately divides the histogram into two or
more classes. Each class will homogeneously share the same intensity value. Traditionally,
thresholding approaches have been named bilevel or multilevel thresholding (MTH) ac-
cording to the number of thresholds that the implementation possesses. The solution of
a MTH problem involves the finding of the optimal threshold values (th) that segment a
given image properly. As the number of thresholds increases, so does the computational
complexity of the task; thus, the efficient selection of threshold values is a non-trivial task.
In the literature, we can find numerous approaches to determine the best threshold values
for an image. First, the work proposed by Ostu used the between-class variance as a
non-parametric criterion [6]. Entropy-based approaches take information theory elements
to determine if a given partition of a histogram is good enough. This area started with the
basic formulation of the Shannon entropy [7], followed by a multitude of variants, including
Kapur [8], Tsallis [9], Renyi [10], and cross-entropy [11]. Cross-entropy has been largely
adopted by the image processing community since it was proposed by Li and Lee, and it is
often referred to as minimum cross-entropy criterion (MCE). The approaches that make
use of MCE can determine if a particular set of thresholds minimizes the cross-entropy
of the histogram’s partition. Therefore, MCE is just an entropic criterion, not a whole
methodology for thresholding by itself. MCE could be used in an exhaustive search to
evaluate all possible combinations of threshold values, but this is, of course, impractical.
To alleviate the computational burden of such a kind of search, stochastic optimization
algorithms (SOAs) are often applied to this task. SOAs use stochasticity in their operators
to help to find optimal solutions to complex problems in reasonable times. We can see in
the literature multiple approaches that employ randomness and domain-specific rules that
help to identify optimal solutions quickly, and they are often referred to as metaheuristic
algorithms. We can find examples of SOAs applied to the multilevel thresholding of images
in [12–18]. Specific to the field of health care, we can find a plethora of implementations.
For instance, we can find a modification of the Slime Mould Algorithm (SMA) used to
perfom image thresholding over breast thermograms [19]. Ref. [20] uses a variant of the
manta ray foraging optimization algorithm (MRFO) to segment computer tomographies
(CT) from COVID-19 patients using Otsu as the objective function. Avalos et al. proposed
an accurate cluster chaotic optimization approach for digital mammograms, lymphoblastic
leukemia images, and brain MRIs using cross-entropy as the non-parametric criterion [21].
Panda et al. presented a hybrid algorithm called the hybrid adaptive cuckoo search-squirrel
search algorithm (ACS-SSA) to segment T-2 weighted axial brain MR images [22]. Houssein
et al. used a modification of the chimp optimization algorithm (COA) for the segmentation
of breast thermographic images [23].

Despite these advances, challenges remain in achieving both high accuracy and com-
putational efficiency in medical image segmentation. The balance between exploration and
exploitation in SOAs is critical for their success in specific applications, but it is not always
straightforward to adapt general-purpose algorithms to the domain of medical imaging.
Moreover, the performance of these algorithms is highly dependent on the problem at
hand, making it necessary to assess their applicability in the context of specific medical
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conditions and imaging modalities. SOAs and specifically metaheuristic algorithms are
often presented in the academic literature using a set of standard benchmark functions
designed to stress the algorithm and to determine if the proposed approach is better than
previous approaches in a general sense. Although usual comparisons give us a glimpse
of the algorithm potential, the actual performance can only be assessed in application to
a specific problem [24]. Unfortunately, it is impractical to evaluate every new algorithm
on all possible applications. However, guided by the general results of the proposal, if
we analyze how the algorithm has been applied to other areas, we can identify potential
candidates for successful implementations.

The equilibrium optimizer (EO) is a SOA inspired by control volume mass balance
models [25]. EO has been successfully applied over a wide range of applications, including
topics in energy, manufacturing design, artificial intelligence, and even image processing. In
electrical and energy applications, the EO has been applied to solve the optimal power flow
in hybrid AC/DC grids, where many objectives are considered, such as the generation cost,
environmental emissions, power losses, and the deviation of bus voltages [26]. In [27], the
EO is used to model a proton exchange fuel cell; the model is tested on various commercial
fuel cells with competitive results. In [28], the EO helps to determine critical parameters of
Shottky barrier diodes. Ref. [29] introduces the use of EO for solar photovoltaic parameter
estimation. For industrial applications, the EO is applied to optimize the structural design
of vehicles, specifically the vehicle’s seat bracket [30]. The EO has been applied in the laser
cutting process of polymethylmethacrylate sheets, where the EO enhances the accuracy of a
random vector functional link network at estimating the laser-cutting properties of a given
design [31]. In the field of artificial intelligence and machine learning, the EO has been
used to train CNNs. In [32], the training process of a CNN involves the EO. The model is
evaluated using real-time traffic data from IoT sensors in Minnesota, providing effective
results. Even more, EO modifications have been applied to perform feature selection [33].
EO has been explored widely since its recent publication. For instance, Ref. [34] explores
the effect of the incorporation of a chaotic map into the structure of EO with promising
results. Following a similar idea, the authors also proposed an improved version of the EO
by controlling the parameter t [35]. In [36], a mutation strategy was incorporated into the
EO to modify the balance between exploration and exploitation. Lastly, EO was modified
to address multi-objective problems in [37]. In [38] the authors proposed an EO-based
thresholding approach for image segmentation using Kapur’s entropy as an objective
function over the Berkeley image segmentation dataset. Their results indicate that EO is
able to outperform seven prominent metaheuristics algorithms, proving that EO is suitable
for the segmentation task. Then, in [39], the authors presented an adaptive EO for image
thresholding and tested their proposal with the BSDS 500 dataset.

Given the above research, the relevance of EO in many areas is clear, making it a strong
candidate for a large number of implementations. This evidence helped us to select the EO
as the basis of the multilevel cross-entropy thresholding technique for the segmentation
of prostate MRIs (MCE-EO). The proposed approach is designed to select an optimal set
of threshold values using cross-entropy as the objective function. The proposed method
is analyzed to evaluate its effectiveness over relevant images. The methodology contains
two experiments. The first is designed to determine if the proposed MCE-EO is superior
to related techniques over a set of generally used images in the field of thresholding, then
we move towards a more in-depth analysis of the performance of MCE-EO on the specific
domain of prostate image segmentation with magnetic resonance transaxial-cut prostate
images. In both cases, the experiments consider six other metaheuristic algorithms: the
sunflower optimization (SFO) algorithm [40], the sine cosine algorithm (SCA) [41], particle
swarm optimization (PSO) [13], differential evolution (DE) [42], the genetic algorithm
(GA) [43], and the Hirschberg—Sinclair algorithm (HS) [44]. The significance of the results
is statistically analyzed, providing strong evidence of the suitability of MCE-EO for the
segmentation of prostate MRIs.



Appl. Sci. 2024, 14, 9785 4 of 27

The article is structured as follows. Sections 2 and 3 present the theoretical foundations
of the MCE-EO, including the formulation of cross-entropy in Section 2 and the description
of the original EO in Section 3. Then, in Section 4 we propose the MCE-EO approach and all
of its implications. Section 5 describes the experimental methodology and results. Finally,
Section 6 concludes this article.

2. Image Segmentation and Minimum Cross-Entropy

Kullback [45] introduced the concept of entropy in the context of comparing two
probability distributions, defined over the same set. The measure of information-theoretic
distance between these two distributions is known as cross-entropy or divergence.

In image thresholding, the primary objective is to identify threshold values that ef-
fectively segment regions within an image. The image histogram can be interpreted as
a probability distribution representing the occurrence of pixel intensity values. Statisti-
cal methods are then applied to distinguish between different regions or classes within
the image. One such method is the parametric criterion based on cross-entropy, as pro-
posed by Kullback [45]. This criterion compares two distributions, J = {j1, j2, . . . , jN} and
G = {g1, g2, . . . , gN}, and calculates cross-entropy using the following expression:

D(J, G) =
N

∑
i=1

ji log
ji
gi

(1)

In 1993, Li and Lee [11] introduced the use of cross-entropy, a concept rooted in
information theory, for solving binary segmentation problems. Their approach, known as
the minimum cross-entropy thresholding (MCET) method, processes the image histogram
by dividing it into subsets and computing the cross-entropy for each subset. The goal is to
determine the set of threshold values that minimizes the cross-entropy, resulting in optimal
segmentation. For a grayscale 8-bit image, pixel intensity values range from 0 to 255, with
the maximum value denoted by L = 255. A given threshold th divides the image into two
regions as follows:

It(x, y) =
{

µ(1, th), I(x, y) < th,
µ(th, L + 1), I(x, y) ≥ th,

(2)

where

µ(a, b) =
b−1

∑
i=a

ihGr(i)/
b−1

∑
i=a

hGr(i) (3)

Following this idea, the expression can be rewritten in the form of an objective function:

fCross(th) =
th−1

∑
i=1

ihGr(i) log
(

i
µ(1, th)

)
+

L

∑
i=th

ihGr(i) log
(

i
µ(th, L + 1)

)
(4)

Originally, the minimum cross-entropy thresholding (MCET) method was developed
to handle a single threshold value, which divides the image histogram into two distinct
classes. However, in many cases, segmenting an image into only two regions is insufficient
for accurately representing more complex scenes. To overcome this limitation, the MCET
problem can be extended into a multilevel formulation, which allows for partitioning the
histogram into more than two classes, as shown below:

fCross(th) =
L

∑
i=1

ihGr(i) log(i)−
th−1

∑
i=1

ihGr(i) log(µ(1, th))−
L

∑
i=th

ihGr(i) log(µ(th, L + 1)) (5)

The multilevel version of the MCET takes a set of k thresholds in the form of a vector
th = [th1, th2, . . . , thk]:
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fCross(th) =
L

∑
i=1

ihGr(i) log(i)−
nt

∑
i=1

Hi (6)

where q corresponds to the entropies and thresholds to calculate.

H1 =
th1−1

∑
i=1

ihGr(i) log(µ(1, th1)) (7)

Hq =
thq−1

∑
i=thq−1

ihGr(i) log
(
µ(thq−1, thq)

)
, 1 < q < k

Hk =
L

∑
i=thk

ihGr(i) log
(
µ(thq, L + 1)

)
3. Equilibrium Optimizer

The EO is a nature-inspired optimization algorithm that models the process of reaching
equilibrium in a control volume, akin to the balancing of mass in a physical system [25].
In this article, each particle within the search space represents a potential segmentation of
the prostate region in an MRI scan. EO iteratively updates these segmentation solutions
using three key mechanisms: the equilibrium concentration, which corresponds to the best
segmentation found so far; the deviation of a particle (segmentation) from this equilibrium;
and a refinement process that further improves the accuracy of the segmentation. These
components work in tandem to balance exploration (trying new segmentation possibilities)
and exploitation (refining existing segmentations), ensuring efficient convergence on an
optimal prostate segmentation. The mathematical model guarantees that the EO efficiently
narrows down the best segmentation, making it suitable for complex medical image analysis
tasks such as MRI prostate segmentation.

Diving deeper, the whole model could be described as a first-order differential equation
in which the rate of change of mass is equal to the mass entering plus the amount of
mass already in the system minus the mass leaving the system. This is defined in the
following equation:

V
dC
dt

= QCeq − QC + G (8)

When an equilibrium is reached, the rate of change is equal to 0. The equation can
then be rearranged to obtain the concentration in the control volume (C), as in Equation (9):

C = Ceq +
(
C0 − Ceq

)
F +

G
λV

(1 − F) (9)

where λ = Q
V is the turnover rate, and F is computed as:

F = exp[−λ(t − t0)] (10)

The concentration of particles in the EO is updated using the three terms described in
Equation (9). The first term is called the equilibrium concentration, which is of the best-
so-far solutions randomly selected from the equilibrium pool, the second is the difference
between the concentration and the equilibrium state of a particle, and lastly, the third term
acts as a exploiter, or solution refiner. The initial concentration is based on the number of
particles and dimensions with random initialization in the search space. This process is
modelled as:

Cinitial
i = Cmin + randi(Cmax − Cmin) i = 1, 2, . . . , n (11)

The equilibrium state is the final convergence state of the algorithm. At the beginning
of the process, there is no knowledge of the equilibrium, and the candidates are based
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on trial and error. Based on different kinds of experimentation, one might use a different
number of candidates (in this case, there were four candidates plus an average).

The next key component in the concentration update rule is the exponential term
F. Defining this term precisely will help the EO maintain an effective balance between
exploration and exploitation. Given that the turnover rate in a real control volume can
fluctuate over time, lambda is modeled as a random vector within the range [0, 1].

F⃗ = e−λ⃗(t−t0) (12)

From Equation (10), time t is defined as a function of the current iteration Iter where
the maximum budget of iterations to find the best solution is Max_iter.

t =
(

1 − Iter
Max_iter

)(a2
Iter

Max_iter )
(13)

where a2 is a constant value used to represent exploitation ability. The EO also considers:

t⃗0 =
1

λ⃗
ln
(
−a1sign(⃗r − 0.5)

[
1 − e−λ⃗t

])
+ t (14)

for slowing down the search speed. a1 and a2 are 2 and 1, respectively, and r is a random
vector between 1 and 0.

The generation rate (G) function is used to provide the exact solution by improving the
exploitation phase. One multipurpose model adjusted for the EO results is represented by:

G⃗ = G⃗0e−λ⃗(t−t0) = G⃗0 F⃗ (15)

where: −→
G0 =

−−→
GCP

(−→
Ceq − λ⃗C⃗

)
(16)

−−→
GCP =


0.5r1 r2 ≥ GP

0 r2 < GP
(17)

where r1 and r2 are random numbers between [0, 1]. Finally, the concentration can be
calculated as follows:

C⃗ = C⃗eq +
(

C⃗ − C⃗eq

)
.F⃗ +

G⃗
λ⃗V

(
1 − F⃗

)
(18)

4. Minimum Cross-Entropy by EO for MRIs

This section describes the application of the equilibrium optimizer (EO) combined
with minimum cross-entropy (MCE) for prostate MRI segmentation. One of the key chal-
lenges in diagnosing prostate cancer is the subtlety of early-stage abnormalities, which
are often difficult to detect with conventional imaging techniques. EO’s ability to balance
exploration and exploitation during optimization enables it to identify optimal threshold
values, enhancing image clarity and precision, especially on older imaging equipment.
This improves the delineation of prostate boundaries and helps detect small lesions. Early
detection of prostate cancer is critical, as it significantly improves treatment outcomes by
enabling less invasive interventions and better patient prognoses. EO’s contribution to
providing clearer, more accurate segmentations aids radiologists in distinguishing between
soft tissues, leading to more informed clinical decisions. From a practical perspective, incor-
porating EO and MCE thresholding as a preprocessing step in computer-aided diagnostic
tools can streamline workflow efficiency in radiology departments.

The key elements of the proposed algorithm are detailed in the following subsections.
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4.1. Problem Formulation

The proposed method adopts a multilevel thresholding approach for image segmenta-
tion, where a prostate image is segmented based on pixel intensity, dividing the histogram
into a finite number of classes. This partitioning is achieved by selecting a set of threshold
values across the histogram. The equilibrium optimizer (EO) is employed to generate
candidate segmentation configurations, while the minimum cross-entropy (MCE) crite-
rion evaluates the effectiveness of these configurations. Through an iterative process,
EO and MCE collaborate to identify optimal threshold values that yield effective image
segmentation results.

As outlined in Section 2, the minimum cross-entropy thresholding can be formulated
as an optimization problem, which is expressed as:

argminth fCross(th)
subjectto th ∈ X

(19)

This corresponds to the MCE formulation from Equation (6). The constraints for
the feasible solution space are defined by the possible pixel intensity values in an 8-bit
representation, where the pixel values range from 0 to 255. The set of feasible thresholds is
given by: X =

{
th ∈ Rn|0 ≤ thj ≤ 255, j = 1, 2, . . . , n

}
.

4.2. Encoding

In stochastic optimization algorithms, how solutions are encoded plays a crucial role.
While the equilibrium optimizer (EO) typically uses particles referred to as concentrations
Ci, in this context, the set of thresholds th will be used to represent particles instead.
Therefore, the population TH is defined as a set of particles th, where each particle consists
of k threshold values. The population and candidate solutions are described as follows:

TH = [th1, th2, . . . thN], thi = [th1, th2, . . . , thk] (20)

4.3. Initialization

In a population made up of a number of N particles, each particle consists of k
dimensions that are initialized randomly within the boundaries of gray levels of the image
as follows:

thi = Lmin + randi(0, 1)× (Lmax − Lmin) (21)

where Lmin and Lmin are the minimum and maximum gray level values in the image
histogram (0 and 255, respectively) and rand(0, 1) is a random number in the range [0, 1].

4.4. MCE-EO Implementation

The equilibrium optimization (EO) algorithm is implemented for the solution of
thresholding problems with both standard and prostate MRI images. The entire process is
summarized as follows. First, the image I(x, y) is loaded into memory, and its grayscale
histogram hGr(I) is computed. Then, the configuration parameters of the MCE-EO are
selected. Afterwards, the iterative process of the EO is started with a randomly generated
population and the solutions are iteratively enhanced through the operators of EO and
the evaluation of the fitness function MCE. The MCE-EO approach stops iterating until a
stop criterion is met; in this case, a fixed number of generations. Finally, the optimal set of
thresholds thbest is used to generate the segmented image. A graphical representation of
the MCE-EO approach is depicted in Figure 1. The detailed implementation of MCE-EO is
described in the pseudo-code of Figure 2.
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Figure 1. Overview of the proposed MCE-EO methodology for prostate MRI segmentation. This
figure illustrates the stages of the multilevel cross-entropy equilibrium optimizer (MCE-EO) ap-
proach, from MRI image acquisition and preprocessing to threshold selection and segmentation. The
methodology optimizes threshold values using cross-entropy, enhancing segmentation accuracy.

Figure 2. Pseudocode for the implementation of the MCE-EO algorithm. This figure presents the
pseudocode outlining the key steps of the MCE-EO algorithm. It includes initialization of parameters,
the optimization process using the equilibrium optimizer (EO), and the evaluation of threshold values
based on the minimum cross-entropy criterion. The pseudocode highlights the iterative process that
leads to the selection of optimal thresholds for accurate prostate MRI segmentation.
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4.5. Thresholded Image

Once the EO identifies the optimal set of threshold values for the image I(x, y), it
applies multilevel thresholding to generate the segmented image Ith(x, y). The process for
performing this segmentation is outlined in Equation (22). The overall MCE-EO methodol-
ogy is illustrated in the flowchart shown in Figure 1.

Ith(x, y) =


I(x, y) i f I(x, y) ≤ th1
thj−1 i f thj−1 ≤ I(x, y) < thj
I(x, y) i f I(x, y) > thn

, j = 2, 3, . . . , n − 1 (22)

4.6. Computational Complexity

The proposed MCE-EO uses two algorithms with different properties. First, the
calculation of the minimum cross-entropy (MCE) for t thresholds is O(Lt+1) [12]. The
second algorithm is the equilibrium optimizer (EO) with a reported polynomial complexity
of O(idn + cin), where c is the cost of the objective function (in this case MCE), i is the
number of iterations, d indicates the dimensions, and n indicates the number of solutions
at each generation [25].

5. Experiments

In this section, the proposed method is analyzed to evaluate its effectiveness over
relevant images. The methodology contains two experiments. The first is designed to
determine if the proposed approach is superior to related techniques over a set of eleven
generally used images in the field of thresholding. After we concluded that the MCE-EO is
competent for general image thresholding, we moved towards a more in-depth analysis
of the performance of MCE-EO on the specific domain of prostate image segmentation
with six magnetic resonance transaxial-cut prostate images. In both cases and for com-
parative purposes, the experiments consider six metaheuristic algorithms: the sunflower
optimization (SFO) algorithm [40], the sine cosine algorithm (SCA) [41], particle swarm
optimization (PSO), differential evolution (DE) [42], the genetic algorithm (GA) [43], and
the Hirschberg—Sinclair algorithm (HS) [44].

In this study, all of the metaheuristic (stochastic) algorithms used the minimum cross-
entropy criterion as an objective function with the same solution representation. It is
important to note that the proposed thresholding-based segmentation method does not
rely on ground truth data, as is often required for metrics like pixel accuracy (PA) or
intersection over union (IoU). Instead, we evaluate segmentation effectiveness using no-
reference image quality metrics such as peak signal-to-noise ratio (PSNR) [14], structural
similarity index measure (SSIM) [46], and feature similarity index measure (FSIM) [47].
These metrics provide a robust analysis of image fidelity, structure preservation, and overall
segmentation quality, which are crucial for medical imaging applications where precise
anatomical boundaries are essential for diagnosis.

All experiments were performed with MATLAB R2016a using a device equipped with
an 2.4 GHz Intel Core i5 CPU and 12 GB of RAM. This approach allowed us to assess
the performance of the segmentation process without the need for manually annotated
reference images.

5.1. Parameter Settings

Stochastic optimization algorithms (SOA) are quite sensitive to the parameter con-
figuration of their mechanisms. The correct selection of parameters is a time-consuming
task that is often avoided by using the original parameters selected by the creators of the
algorithm. Most of the time, the parameters provided by the original authors are good
enough for most tasks and can give us an overall idea of the performance of an algorithm
on a given task. Thus, in this paper, the parameters are selected as the original authors
recommended (see Table 1).
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Table 1. Parameter Settings for the algorithms. This table lists the key parameter configurations
for the algorithms used in the experiments, including the equilibrium optimizer (EO) and compari-
son methods.

Algorithm Parameters Value

Sunflower Optimization (SFO) Algorithm Number of Sunflowers 60
Number of Experiments 30

Pollination Values 0.05
Mortality Rate, Best Values 0.1

Survival Rate 1 − (p + m)
Iterations/Generations 1000

Sine Cosine Algorithm (SCA) Search Agents Number 60
Number of Experiments 30

Iterations 1000
Particle Swarm Optimization (PSO) Social coefficient 2

Cognitive coefficient 2
Velocity clamp 2

Maximum inertia value 0.2
Minimum inertia value 0.9

Equilibrium Optimization (EO) Number of runs 20
Population size 30

The maximum number of
iteration 1000

a2 1
a1 2

Differential Evolution (DE) Crossover Rate 0.5
Scale factor 0.2

Genetic algorithm (GA) CrossPercent 70
MutatPercent 20

Hirschberg–Sinclair algorithm (HS) Length of solution vector 20
HM Accepting Rate 0.95
Pitch Adjusting rate 0.40

Another element having a significant impact on the performance of an algorithm is
the maximum number of iterations that an algorithm is allowed to use. In this study, we
have chosen 500 iterations, as we observed a convergence on most approaches prior to this
limit. As their name indicates, SOAs show variability in their result. To properly compare
the performance of each methodology, we used thirty runs of each experiment to generate
statistically valid data.

5.2. Evaluating Image Quality

Image quality after processing can be assessed through both objective and subjec-
tive methods. Objective evaluations include numerical metrics, either with or without a
reference image, where the reference is often referred to as ground truth. While having
a ground truth is ideal in many cases, creating annotated datasets is time-intensive and
can sometimes introduce subjectivity. To address this limitation, many methods employ
no-reference quality metrics such as PSNR, SSIM, and FSIM. In MRI, a high PSNR indicates
that critical anatomical details are preserved, which is crucial since noise can obscure
important structures. A high SSIM value ensure that important clinical features remain
intact after processing. Given the importance of features such as tissue boundaries in MRI
images, a high FSIM value indicates that essential diagnostic details have been retained.

5.2.1. PSNR

The peak signal-to-noise ratio (PSNR) measures the amount of distortion noise relative
to the signal power [14]. PSNR is commonly used to evaluate image quality after processing,
comparing the original image with its processed (or distorted) version on a logarithmic
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scale. Higher PSNR values indicate better image quality. The formula to calculate PSNR is
given by:

PSNR = 20log10

(
255

RMSE

)
, (dB) (23)

RMSE =

√
∑ro

i=1 ∑co
j=1 (IGr(i, j)− Ith(i, j))

ro × co
(24)

5.2.2. SSIM

The structural similarity index method (SSIM) is another no-reference quality metric,
similar to PSNR, but it incorporates aspects of human visual perception. An SSIM model
images distortion by assessing changes in structural information [46]. It evaluates lumi-
nance, contrast, and structural similarity, measuring the correlation between the original
and processed images. The SSIM value ranges from 0 to 1, with higher values indicating
better image quality. The SSIM is computed as follows:

SSIM(IGr, Ith) =

(
2µIGr µIth + C1

)(
2σIGr Ith + C2

)(
µ2

IGr
+ µ2

Ith
+ C1

)(
σ2

IGr
+ σ2

Ith
+ C1

) (25)

σI0 IGr =
1

N − 1

N

∑
i=1

(
IGri + µIGr

)(
Ithi

+ µIth

)
(26)

where µIGr and µIth are the mean value of the original and the umbralized image, respec-
tively, and for each image, the values of σIGr

and σIth
correspond to the standard deviation.

C1 and C2 are constants used to avoid the instability when µ2
IGr

+ µ2
Ith

≈ 0; experimentally,
in Agrawal et al. [48]), both values are C1 = C2 = 0.065.

5.2.3. FSIM

The feature similarity index method (FSIM) evaluates the quality of an image by
comparing the original and processed versions based on the features present within the
image. Features, such as edges and corners, are regions that contain significant information.
Preserving these features during image processing is crucial for accurately interpreting
the image. FSIM identifies features using two common methods: phase congruency (PC)
and gradient magnitude (GM) [47]. The FSIM value ranges from 0 to 1, with higher values
indicating better image quality. The formula for calculating FSIM is as follows:

FSIM =
∑w∈Ω SL(w)PCm(w)

∑w∈Ω PCm(w)
(27)

where Ω denotes the domain of the image

SL(w) = SPC(w)SG(w) (28)

SG(w) =
2G1(w)G2(w) + T2

G2
1(w) + G2

2(w) + T2
(29)

G =
√

G2
x + G2

y (30)

PC(w) =
E(w)

(ε + ∑n An(w))
. (31)

5.3. Results from Standard Test Images

This experiment is designed to determine if the proposed approach is superior to
related approaches over a set of eleven generally used images in the field of thresholding.
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For this purpose, we will examine the fitness and standard deviation results of the first
experimental dataset, which combines eleven well-known benchmark images (Cameraman,
Lenna, Baboon, Man, Jet, Peppers, Living Room, Blonde, Walk Bridge, Butterfly, and Lake).

For the experiments, the threshold levels considered for the first set of images are
nt = 2, 3, 4, 5, and 8. The qualitative reults can be observed in Table 2.

Table 2. Segmentation of benchmark images.

Image nt = 3 nt = 4 nt = 5 nt = 8

Cameraman

Lenna

Baboon

Butterfly

Jet

Peppers
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Table 2. Cont.

Image nt = 3 nt = 4 nt = 5 nt = 8

Living Room

Blonde

Walk bridge

Man

Lake

As shown in Table 3, the EO algorithm consistently outperformed the other six algo-
rithms on average, with the performance gap becoming more apparent as the number of
thresholds increased. Additionally, EO exhibited near-zero standard deviation in many
tests, indicating its stability. In related studies, threshold searches have typically focused
on a maximum of five levels, as increasing the number of thresholds leads to a substantial
rise in computational complexity [49].
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Table 3. Fitness values of SOAs on the general-purpose image dataset. This table shows the fitness
values of various stochastic optimization algorithms (SOAs) applied to the general-purpose image
dataset, where lower values indicate better segmentation performance.

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Cameraman 2 1.4117 0.01096 1.4018 0.00015 1.6651 0.17473 1.4017 0.00000 1.8029 0.03612 1.4022 0.00114 1.4477 0.08109
3 0.8469 0.06988 0.7657 0.00118 0.9549 0.07221 0.7638 0.00000 1.0170 0.08735 0.7649 0.00123 0.8745 0.14120
4 0.6054 0.04051 0.5478 0.00534 0.8119 0.14055 0.5385 0.00000 0.7439 0.04196 0.5411 0.00247 0.5816 0.04190
5 0.4578 0.03770 0.4274 0.02373 0.6349 0.09115 0.4040 0.00248 0.6161 0.07341 0.4102 0.00488 0.4449 0.04243
8 0.2606 0.03200 0.2767 0.03286 0.3809 0.06041 0.2064 0.00179 0.3664 0.02945 0.2101 0.00481 0.2547 0.03730
16 0.1025 0.01772 0.1278 0.01575 0.1524 0.02066 0.0609 0.00428 0.1571 0.02406 0.0710 0.00366 0.1113 0.01438
32 0.0404 0.00601 0.0507 0.00650 0.0567 0.00783 0.0186 0.00170 0.0589 0.00774 0.0235 0.00151 0.0398 0.00498

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Lenna 2 1.3773 0.01259 1.3664 0.00019 1.5693 0.14865 1.3663 0.00000 2.0904 0.01884 1.3666 0.00074 1.4117 0.05143
3 0.8373 0.14342 0.7204 0.00227 0.9636 0.05595 0.7174 0.00000 1.1725 0.04331 0.7190 0.00160 0.7610 0.05498
4 0.5989 0.08566 0.5133 0.08311 0.7460 0.10954 0.4687 0.00000 0.8508 0.04771 0.4737 0.00431 0.5256 0.06262
5 0.4730 0.09972 0.3751 0.04824 0.6213 0.11400 0.3272 0.00012 0.6493 0.07692 0.3377 0.00456 0.3901 0.05983
8 0.2775 0.04431 0.2478 0.03314 0.3437 0.05068 0.1609 0.00948 0.3879 0.04012 0.1771 0.00970 0.2333 0.04870
16 0.1004 0.01243 0.1159 0.01462 0.1425 0.02351 0.0558 0.00492 0.1625 0.01876 0.0649 0.00413 0.1073 0.01446
32 0.0354 0.00503 0.0444 0.00462 0.0526 0.00660 0.0175 0.00160 0.0576 0.00691 0.0208 0.00097 0.0404 0.00462

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Baboon 2 1.2168 0.01205 1.2050 0.00018 1.3544 0.16955 1.2049 0.00000 1.3406 0.01567 1.2055 0.00084 1.2335 0.06351
3 0.8669 0.11554 0.7433 0.00184 0.9427 0.07690 0.7407 0.00000 0.8646 0.05344 0.7426 0.00239 0.7963 0.07087
4 0.6093 0.10167 0.5193 0.00557 0.7613 0.12657 0.5073 0.00001 0.6382 0.07473 0.5143 0.00493 0.5565 0.05481
5 0.4853 0.07232 0.4100 0.04572 0.6102 0.08525 0.3681 0.00017 0.4888 0.04138 0.3821 0.00829 0.4149 0.03846
8 0.2767 0.04355 0.2663 0.02277 0.3715 0.07544 0.1840 0.00272 0.2880 0.03291 0.2006 0.00672 0.2524 0.03568
16 0.0978 0.01556 0.1190 0.01455 0.1478 0.02284 0.0595 0.00415 0.1199 0.01372 0.0694 0.00321 0.1087 0.01361
32 0.0322 0.00674 0.0464 0.00546 0.0540 0.00655 0.0187 0.00149 0.0432 0.00454 0.0211 0.00084 0.0417 0.00496

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Man 2 2.7579 0.01938 2.7354 0.00000 3.2564 0.52431 2.7354 0.00000 2.7639 0.05671 2.7360 0.00117 2.8214 0.11497
3 1.8046 0.15348 1.6243 0.00172 2.0578 0.34861 1.6222 0.00000 1.7008 0.07634 1.6251 0.00437 1.6996 0.13574
4 1.2426 0.16414 1.0388 0.00700 1.6754 0.28346 1.0255 0.00000 1.2238 0.18571 1.0443 0.01609 1.2176 0.14436
5 0.9323 0.09134 0.7820 0.01330 1.0223 0.13226 0.7509 0.00073 0.9512 0.10419 0.7724 0.02051 0.9494 0.13691
8 0.5177 0.05345 0.4969 0.05141 0.7609 0.14181 0.3612 0.00555 0.5861 0.07717 0.4101 0.01812 0.5736 0.09095
16 0.2047 0.03880 0.2434 0.02906 0.3100 0.06165 0.1085 0.00661 0.2373 0.03906 0.1466 0.01190 0.2363 0.03691
32 0.0733 0.01163 0.0995 0.01565 0.1244 0.02077 0.0324 0.00314 0.0937 0.01297 0.0473 0.00526 0.0898 0.01440

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Jet 2 0.8261 0.00680 0.8209 0.00005 0.8803 0.04723 0.8209 0.00000 1.1744 0.01227 0.8210 0.00027 0.8287 0.00900
3 0.5408 0.03280 0.5102 0.00097 0.6280 0.08462 0.5086 0.00000 0.7362 0.02088 0.5089 0.00031 0.5223 0.01465
4 0.3855 0.04167 0.3428 0.00398 0.4628 0.06827 0.3369 0.00000 0.5104 0.03430 0.3386 0.00156 0.3599 0.02291
5 0.3032 0.04318 0.2555 0.02571 0.3740 0.05803 0.2292 0.00007 0.3987 0.03661 0.2327 0.00258 0.2721 0.03798
8 0.1655 0.02981 0.1644 0.02274 0.2194 0.03520 0.1107 0.00446 0.2164 0.02063 0.1147 0.00453 0.1420 0.02595
16 0.0680 0.00965 0.0756 0.01122 0.0891 0.01411 0.0347 0.00289 0.0846 0.00740 0.0396 0.00165 0.0612 0.00843
32 0.0221 0.00335 0.0288 0.00344 0.0309 0.00483 0.0113 0.00088 0.0310 0.00262 0.0127 0.00060 0.0238 0.00246

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Peppers 2 1.7490 0.02017 1.7333 0.00012 2.0570 0.27966 1.7332 0.00000 1.7507 0.02651 1.7334 0.00032 1.7827 0.09471
3 1.2225 0.04887 1.1629 0.00150 1.4030 0.15742 1.1609 0.00000 1.2141 0.05578 1.1623 0.00251 1.1970 0.02819
4 0.8439 0.10218 0.7338 0.00688 0.9587 0.07184 0.7222 0.00000 0.8553 0.12449 0.7274 0.00364 0.7972 0.08052
5 0.6524 0.06552 0.5904 0.04739 0.8468 0.10640 0.5458 0.00501 0.6715 0.06556 0.5568 0.01081 0.6332 0.06993
8 0.3488 0.03234 0.3616 0.03461 0.4765 0.07546 0.2712 0.00137 0.3855 0.04521 0.2893 0.00729 0.3572 0.04407
16 0.1191 0.01599 0.1627 0.01641 0.2037 0.03138 0.0819 0.00615 0.1625 0.01691 0.0917 0.00434 0.1428 0.01652
32 0.0399 0.00540 0.0644 0.00627 0.0701 0.00975 0.0239 0.00144 0.0561 0.00637 0.0263 0.00096 0.0514 0.00679

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Living Room 2 1.8863 0.01391 1.8735 0.00010 2.0615 0.13908 1.8735 0.00000 1.8934 0.02997 1.8741 0.00107 1.9206 0.06988
3 1.3089 0.09341 1.1719 0.00104 1.4043 0.17023 1.1704 0.00000 1.2133 0.04039 1.1714 0.00084 1.2182 0.08456
4 0.8777 0.08782 0.7674 0.00546 0.9637 0.06581 0.7571 0.00000 0.8441 0.07446 0.7621 0.00534 0.8126 0.07143
5 0.6526 0.06112 0.5884 0.06332 0.7911 0.10943 0.5391 0.00003 0.6560 0.06048 0.5533 0.00552 0.6214 0.08986
8 0.3827 0.04906 0.3560 0.03995 0.4671 0.07450 0.2548 0.00333 0.3618 0.03683 0.2726 0.00519 0.3518 0.05181
16 0.1450 0.02095 0.1580 0.01744 0.1800 0.02144 0.0790 0.00585 0.1458 0.01802 0.0877 0.00333 0.1358 0.01611
32 0.0438 0.00603 0.0591 0.00678 0.0677 0.00827 0.0230 0.00152 0.0548 0.00662 0.0252 0.00123 0.0503 0.00557

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Blonde 2 1.5260 0.00606 1.5194 0.00002 1.6165 0.07292 1.5194 0.00000 1.9460 0.04128 1.5201 0.00119 1.5991 0.07200
3 0.8453 0.06209 0.7823 0.00120 0.9486 0.06697 0.7803 0.00000 1.0230 0.02881 0.7804 0.00017 0.8219 0.09166
4 0.6174 0.06585 0.5389 0.00517 0.7670 0.11354 0.5279 0.00000 0.7390 0.05686 0.5292 0.00173 0.5605 0.05526
5 0.4721 0.06131 0.4072 0.02812 0.6041 0.08157 0.3767 0.00001 0.5620 0.03376 0.3859 0.00623 0.4360 0.03942
8 0.2609 0.03099 0.2488 0.02602 0.3293 0.06367 0.1692 0.00633 0.2911 0.03381 0.1819 0.00874 0.2317 0.03366
16 0.0947 0.01182 0.1124 0.01549 0.1351 0.01792 0.0511 0.00414 0.1057 0.01057 0.0622 0.00384 0.0969 0.01390
32 0.0343 0.00557 0.0435 0.00647 0.0487 0.00785 0.0159 0.00133 0.0374 0.00434 0.0186 0.00089 0.0358 0.00458
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Table 3. Cont.

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Walk Bridge 2 2.4590 0.01534 2.4430 0.00000 2.6081 0.15354 2.4430 0.00000 2.4595 0.02102 2.4435 0.00148 2.4920 0.08550
3 1.6342 0.09068 1.4715 0.00159 1.7945 0.21712 1.4698 0.00000 1.5030 0.03612 1.4701 0.00056 1.5317 0.10586
4 1.1647 0.07638 1.0233 0.00506 1.3004 0.12764 1.0145 0.00002 1.1007 0.06774 1.0169 0.00204 1.0661 0.05113
5 0.9076 0.09779 0.7558 0.02761 0.9680 0.06440 0.7285 0.00182 0.8412 0.06239 0.7302 0.00332 0.7871 0.05790
8 0.4764 0.06096 0.4499 0.04801 0.5923 0.09927 0.3327 0.00176 0.4668 0.04121 0.3458 0.00709 0.4318 0.05728
16 0.1683 0.02217 0.1897 0.02285 0.2070 0.03383 0.0925 0.00675 0.1736 0.01663 0.0934 0.00375 0.1568 0.02784
32 0.0517 0.00773 0.0641 0.00747 0.0684 0.00880 0.0254 0.00170 0.0600 0.00861 0.0233 0.00077 0.0499 0.00617

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Butterfly 2 1.1879 0.01958 1.1752 0.00000 1.4027 0.22217 1.1752 0.00000 1.7714 0.01460 1.1755 0.00065 1.2016 0.03019
3 0.7805 0.12572 0.6259 0.00227 0.8734 0.12416 0.6228 0.00000 1.0249 0.07751 0.6249 0.00234 0.6804 0.08202
4 0.5489 0.08162 0.4347 0.05196 0.6900 0.13235 0.4116 0.00000 0.7238 0.05561 0.4213 0.00742 0.4746 0.05711
5 0.4154 0.06613 0.3588 0.04880 0.5441 0.13045 0.3017 0.00000 0.5722 0.07480 0.3160 0.00768 0.3723 0.06380
8 0.2535 0.02965 0.2270 0.02708 0.3345 0.07068 0.1417 0.00661 0.3248 0.04042 0.1658 0.01194 0.2299 0.04721
16 0.1014 0.01845 0.1122 0.01172 0.1322 0.02140 0.0512 0.00517 0.1339 0.01636 0.0621 0.00313 0.1001 0.01548
32 0.0347 0.00723 0.0421 0.00549 0.0530 0.00581 0.0160 0.00169 0.0495 0.00618 0.0199 0.00110 0.0403 0.00382

SFO SCA PSO EO DE GA HS
nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Lake 2 1.4479 0.01300 1.4383 0.00011 1.6250 0.13768 1.4382 0.00000 1.5808 0.02428 1.4386 0.00069 1.4863 0.10538
3 1.0189 0.03851 0.9644 0.00138 0.9995 0.00187 0.9625 0.00000 1.0782 0.02996 0.9628 0.00037 0.9916 0.04004
4 0.7319 0.06024 0.6436 0.00687 0.8416 0.10998 0.6313 0.00003 0.7722 0.05688 0.6329 0.00132 0.6815 0.05902
5 0.5566 0.05256 0.4886 0.06373 0.7024 0.12129 0.4363 0.00020 0.5588 0.05048 0.4391 0.00329 0.4853 0.04585
8 0.3018 0.04395 0.2869 0.03832 0.4203 0.07043 0.2013 0.00277 0.3286 0.03865 0.2115 0.00861 0.2607 0.03733
16 0.1098 0.01976 0.1390 0.01497 0.1591 0.02422 0.0669 0.00407 0.1308 0.01341 0.0743 0.00409 0.1177 0.01813
32 0.0384 0.00701 0.0511 0.00435 0.0559 0.00560 0.0212 0.00201 0.0474 0.00542 0.0227 0.00109 0.0441 0.00431

The numerical results demonstrate that EO significantly outperformed other stochastic
optimization algorithms when applied to the image thresholding problem using cross-
entropy. Figure 3 provides an example of a segmented image produced by the proposed
method, showing the results for six different threshold levels for qualitative comparison.

So far, the results confirm EO’s excellent performance in image thresholding. However,
since the primary focus of this work is the application of EO combined with cross-entropy for
prostate MRI segmentation, the image quality analysis is presented in the second experiment.

5.4. Results from Magnetic Resonance Prostate Images

In this subsection, we will discuss the experiment designed to evaluate the perfor-
mance of EO with cross-entropy for the segmentation of prostate MRI images. To this
end, we use a group of reference images formed by a set of six prostate MRI images; see
Figure 4. All the images from the group were extracted from the Ferenc Jolesz National
Center for Image-Guided Therapy, Harvard Medical School, or Brigham Health Hospital
datasets with no additional preprocessing [50]. Prostate MRI images are primarily used for
disease diagnosis or to establish treatment for prostate-related diseases such as prostatitis,
benign prostatic hyperplasia (BPH), and prostate cancer, among other diseases or medical
conditions. In the context of this article, the images were used to test the efficiency of the
equilibrium optimizing algorithm and compare it with the other six chosen algorithms.
The segmentation of MRIs is carried out over four different thresholds levels: th = 3, 4, 5,
and 8. Due to the nature of the images, there was a limited number of different tissues in
the images; thus, there was no point in evaluating a larger number of th.
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Figure 3. Cameraman image segmented with 2, 3, 4, 5, 8, and 16 thresholds. This figure displays the
segmentation results of the cameraman image using different numbers of thresholds, demonstrating
the progressive refinement of image regions as the number of thresholds increases.

5.5. Statistical Analysis of Standard Test Images

Within stochastic optimization algorithms (SOAs), it is possible that two different
approaches will produce the same results. If this is true, we could say that the two methods
are not statistically different. To determine if this happens and to what extent, we use
the Kruskal–Wallis test, a non-parametric method that discerns if the median of two or
more distributions is statistically different [51]. We could say that Kruskal–Wallis is the
non-parametric counterpart of the one-way analysis of variance (ANOVA) [52]. In this
article, the analysis is applied to the prostate MRIs, where each experiment considers thirty
independent runs of the same configuration. Each configuration includes an algorithm
and a specific number of thresholds. All statistical significance tests require the definition
of a significance level to accept or reject the null hypothesis, which states that all data are
coming from the same distribution. The test outputs a p-value, and if it is lower than the
null hypothesis, we can be sure that the algorithms are significantly different. In Table 4, the
column named Ranking indicates the rank of each method in terms of fitness; the left-most
algorithm is considered the best, while the right-most is the worst. In the notation, we can
observe horizontal lines originating from two or more algorithms; this indicates that such
algorithms are not significantly different.



Appl. Sci. 2024, 14, 9785 17 of 27

Figure 4. Eleven transaxial-cut prostate MRI images. This figure presents a set of eleven transaxial-
cut magnetic resonance (MR) images of the prostate. These images serve as the input dataset for
evaluating the segmentation performance of the proposed algorithm.
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Table 4. Mean fitness and standard deviation for magnetic resonance prostate images. This table presents the mean fitness values and standard deviations obtained
from applying various algorithms to the segmentation of magnetic resonance prostate images. The results indicate the consistency and accuracy of each algorithm in
optimizing the segmentation task.

SFO SCA PSO EO DE GA HS Ranking
Image nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

1 3 0.8469 0.0699 0.7657 0.0012 0.9549 0.0722 0.7638 0.0000 1.0170 0.0873 0.7649 0.0012 0.8745 0.1412

4 0.6054 0.0405 0.5478 0.0053 0.8119 0.1406 0.5385 0.0000 0.7439 0.0420 0.5411 0.0025 0.5816 0.0419

5 0.4578 0.0377 0.4274 0.0237 0.6349 0.0911 0.4040 0.0025 0.6161 0.0734 0.4102 0.0049 0.4449 0.0424

8 0.2606 0.0320 0.2767 0.0329 0.3809 0.0604 0.2064 0.0018 0.3664 0.0295 0.2101 0.0048 0.2547 0.0373

2 3 0.8373 0.1434 0.7204 0.0023 0.9636 0.0559 0.7174 0.0000 1.1725 0.0433 0.7190 0.0016 0.7610 0.0550

4 0.5989 0.0857 0.5133 0.0831 0.7460 0.1095 0.4687 0.0000 0.8508 0.0477 0.4737 0.0043 0.5256 0.0626

5 0.4730 0.0997 0.3751 0.0482 0.6213 0.1140 0.3272 0.0001 0.6493 0.0769 0.3377 0.0046 0.3901 0.0598

8 0.2775 0.0443 0.2478 0.0331 0.3437 0.0507 0.1609 0.0095 0.3879 0.0401 0.1771 0.0097 0.2333 0.0487

3 3 0.8669 0.1155 0.7433 0.0018 0.9427 0.0769 0.7407 0.0000 0.8646 0.0534 0.7426 0.0024 0.7963 0.0709

4 0.6093 0.1017 0.5193 0.0056 0.7613 0.1266 0.5073 0.0000 0.6382 0.0747 0.5143 0.0049 0.5565 0.0548

5 0.4853 0.0723 0.4100 0.0457 0.6102 0.0852 0.3681 0.0002 0.4888 0.0414 0.3821 0.0083 0.4149 0.0385

8 0.2767 0.0436 0.2663 0.0228 0.3715 0.0754 0.1840 0.0027 0.2880 0.0329 0.2006 0.0067 0.2524 0.0357

4 3 1.8046 0.1535 1.6243 0.0017 2.0578 0.3486 1.6222 0.0000 1.7008 0.0763 1.6251 0.0044 1.6996 0.1357

4 1.2426 0.1641 1.0388 0.0070 1.6754 0.2835 1.0255 0.0000 1.2238 0.1857 1.0443 0.0161 1.2176 0.1444

5 0.9323 0.0913 0.7820 0.0133 1.0223 0.1323 0.7509 0.0007 0.9512 0.1042 0.7724 0.0205 0.9494 0.1369

8 0.5177 0.0534 0.4969 0.0514 0.7609 0.1418 0.3612 0.0055 0.5861 0.0772 0.4101 0.0181 0.5736 0.0910
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Table 4. Cont.

SFO SCA PSO EO DE GA HS Ranking
Image nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

5 3 0.5408 0.0328 0.5102 0.0010 0.6280 0.0846 0.5086 0.0000 0.7362 0.0209 0.5089 0.0003 0.5223 0.0147

4 0.3855 0.0417 0.3428 0.0040 0.4628 0.0683 0.3369 0.0000 0.5104 0.0343 0.3386 0.0016 0.3599 0.0229

5 0.3032 0.0432 0.2555 0.0257 0.3740 0.0580 0.2292 0.0001 0.3987 0.0366 0.2327 0.0026 0.2721 0.0380

8 0.1655 0.0298 0.1644 0.0227 0.2194 0.0352 0.1107 0.0045 0.2164 0.0206 0.1147 0.0045 0.1420 0.0260

6 3 1.2225 0.0489 1.1629 0.0015 1.4030 0.1574 1.1609 0.0000 1.2141 0.0558 1.1623 0.0025 1.1970 0.0282

4 0.8439 0.1022 0.7338 0.0069 0.9587 0.0718 0.7222 0.0000 0.8553 0.1245 0.7274 0.0036 0.7972 0.0805

5 0.6524 0.0655 0.5904 0.0474 0.8468 0.1064 0.5458 0.0050 0.6715 0.0656 0.5568 0.0108 0.6332 0.0699

8 0.3488 0.0323 0.3616 0.0346 0.4765 0.0755 0.2712 0.0014 0.3855 0.0452 0.2893 0.0073 0.3572 0.0441

7 3 1.3089 0.0934 1.1719 0.0010 1.4043 0.1702 1.1704 0.0000 1.2133 0.0404 1.1714 0.0008 1.2182 0.0846

4 0.8777 0.0878 0.7674 0.0055 0.9637 0.0658 0.7571 0.0000 0.8441 0.0745 0.7621 0.0053 0.8126 0.0714

5 0.6526 0.0611 0.5884 0.0633 0.7911 0.1094 0.5391 0.0000 0.6560 0.0605 0.5533 0.0055 0.6214 0.0899

8 0.3827 0.0491 0.3560 0.0399 0.4671 0.0745 0.2548 0.0033 0.3618 0.0368 0.2726 0.0052 0.3518 0.0518

8 3 0.8453 0.0621 0.7823 0.0012 0.9486 0.0670 0.7803 0.0000 1.0230 0.0288 0.7804 0.0002 0.8219 0.0917

4 0.6174 0.0659 0.5389 0.0052 0.7670 0.1135 0.5279 0.0000 0.7390 0.0569 0.5292 0.0017 0.5605 0.0553

5 0.4721 0.0613 0.4072 0.0281 0.6041 0.0816 0.3767 0.0000 0.5620 0.0338 0.3859 0.0062 0.4360 0.0394

8 0.2609 0.0310 0.2488 0.0260 0.3293 0.0637 0.1692 0.0063 0.2911 0.0338 0.1819 0.0087 0.2317 0.0337

9 3 1.6342 0.0907 1.4715 0.0016 1.7945 0.2171 1.4698 0.0000 1.5030 0.0361 1.4701 0.0006 1.5317 0.1059

4 1.1647 0.0764 1.0233 0.0051 1.3004 0.1276 1.0145 0.0000 1.1007 0.0677 1.0169 0.0020 1.0661 0.0511

5 0.9076 0.0978 0.7558 0.0276 0.9680 0.0644 0.7285 0.0018 0.8412 0.0624 0.7302 0.0033 0.7871 0.0579

8 0.4764 0.0610 0.4499 0.0480 0.5923 0.0993 0.3327 0.0018 0.4668 0.0412 0.3458 0.0071 0.4318 0.0573
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Table 4. Cont.

SFO SCA PSO EO DE GA HS Ranking
Image nt Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

10 3 0.7805 0.1257 0.6259 0.0023 0.8734 0.1242 0.6228 0.0000 1.0249 0.0775 0.6249 0.0023 0.6804 0.0820

4 0.5489 0.0816 0.4347 0.0520 0.6900 0.1324 0.4116 0.0000 0.7238 0.0556 0.4213 0.0074 0.4746 0.0571

5 0.4154 0.0661 0.3588 0.0488 0.5441 0.1304 0.3017 0.0000 0.5722 0.0748 0.3160 0.0077 0.3723 0.0638

8 0.2535 0.0297 0.2270 0.0271 0.3345 0.0707 0.1417 0.0066 0.3248 0.0404 0.1658 0.0119 0.2299 0.0472

11 3 1.0189 0.0385 0.9644 0.0014 0.9995 0.0019 0.9625 0.0000 1.0782 0.0300 0.9628 0.0004 0.9916 0.0400

4 0.7319 0.0602 0.6436 0.0069 0.8416 0.1100 0.6313 0.0000 0.7722 0.0569 0.6329 0.0013 0.6815 0.0590

5 0.5566 0.0526 0.4886 0.0637 0.7024 0.1213 0.4363 0.0002 0.5588 0.0505 0.4391 0.0033 0.4853 0.0458

8 0.3018 0.0439 0.2869 0.0383 0.4203 0.0704 0.2013 0.0028 0.3286 0.0386 0.2115 0.0086 0.2607 0.0373
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Table 5 presents the segmentation of the MRIs using EO for a qualitative inspection.
From Figure 5, it is clear that two lumps in the prostate have been highlighted by the
thresholding process. Prostatic MRIs present noisy conditions, which makes it difficult to
visualize the thresholding with the naked eye, so in Figure 5 we present the thresholded
image as well as the histogram with the values of the thresholds generated by the EO. It
can be observed in the histogram that the thresholds present an adequate distribution,
even though this particular image has impulsive noise and a simple shape. Our findings
indicate that four thresholds are typically sufficient for this application, which corresponds
to identifying five different tissue types in the image. A smaller threshold value may
result in a lack of sufficient contrast to highlight relevant anatomical structures, such as
the prostate capsule. In contrast, a higher number of thresholds may lead to the incorrect
differentiation of anatomical regions that should be connected.

Figure 5. MRI prostatic 01 segmented with 8 thresholds and corresponding histogram. The left
image shows the segmentation of the MRI prostatic 01 image using 8 thresholds. On the right, the
corresponding image histogram is displayed, with vertical lines marking the selected threshold
values, illustrating how the thresholds divide the intensity levels for segmentation.

Table 5. Segmentation of transaxial-cut prostate MRI images Using EO and cross-entropy. This
table presents the segmentation results of transaxial-cut prostate MRI images using the equilibrium
optimizer (EO) and cross-entropy. Each row corresponds to a distinct MRI image, while the columns
nt represent the number of thresholds applied during segmentation. The results illustrate the
performance of the EO algorithm across different threshold levels for each image.

Image nt = 3 nt = 4 nt = 5 nt = 8

1

2
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Image nt = 3 nt = 4 nt = 5 nt = 8
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5.6. Segmentation Quality

The information in Table 4 indicates that EO outperformed its counterparts in terms
of the fitness function for prostate MRIs. However, the excellent performance of the
algorithm over the search-space does not necessarily guarantee that it will reflect on image
quality. Thus, an evaluation not associated to the fitness function is required. Here, the
objective quality of the segmented image is evaluated using the three non-referenced
metrics described in Section 5.3: PSNR, SSIM, and FSIM. In all metrics, a higher value
points to higher-quality segmentation. Figure 6 shows a graphical comparison of the PSNR
value over the different methodologies represented as seven groups along the horizontal
axis. Inside each group, the average PSNR value is given for all images, considering thirty
runs for a given number of thresholds (color-coded). To facilitate the interpretation of
results, the best value is marked with an *. In terms of PSNR, EO outperformed the other
approaches at most of threshold levels. Only GA managed to have a slightly better score
on three thresholds.

Figure 6. PSNR comparison across methodologies. This figure shows the PSNR values of seven
segmentation methods. Each group represents average PSNR values for different thresholds, with
the best marked by an asterisk (*).



Appl. Sci. 2024, 14, 9785 24 of 27

In Figure 7 we can observe the same type of graphical representation for the compar-
ison of the SSIM value over the experiments over the horizontal axis. Each group takes
the average SSIM value for all images for a given number of thresholds. In this case, the
GA algorithm was able to outperform over five thresholds. In the rest of the experiments,
EO consistently performed better than the other approaches. Following the same repre-
sentation, the FSIM is analyzed in Figure 8, where GA has a marginal victory with five
thresholds, while EO scores better in the other cases. In summary, we can observe that
PSNR, SSIM, and FSIM objectively indicate that EO is better than the other approaches for
the segmentation of prostate MRIs.

Figure 7. Comparative study of SSIM across different methodologies. This figure presents a com-
parison of SSIM values for various segmentation methodologies. Each group along the horizontal
axis represents different methods, with SSIM values evaluated over multiple thresholds. The results
highlight the structural similarity performance of each approach, with higher SSIM values indicating
better preservation of image structure during segmentation. The the best is marked by an asterisk (*).

Figure 8. FSIM comparison across methodologies. This figure compares FSIM values for different
segmentation methods, with each group representing a method and various threshold settings.
Higher FSIM values indicate better feature preservation during segmentation. The the best is marked
by an asterisk (*).

6. Conclusions and Future Work

This paper introduces a novel approach, MCE-EO, designed to determine an optimal
set of threshold values for effectively segmenting prostate MRI images. The method is
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based on the equilibrium optimizer (EO), a stochastic optimization algorithm, and employs
minimum cross-entropy as a non-parametric criterion. The efficacy of MCE-EO is assessed
through two experiments. The first experiment evaluates the performance of EO in seg-
menting general-purpose images, while the second focuses on prostate MRI segmentation.
In both cases, MCE-EO is compared against several other stochastic optimization algo-
rithms, including the sunflower optimization (SFO) algorithm, sine cosine algorithm (SCA),
particle swarm optimization (PSO), differential evolution (DE), the genetic algorithm (GA),
and the Hirschberg—Sinclair algorithm (HS). Additionally, statistical significance was
assessed using a post-hoc test. The segmentation quality for MRI images was evaluated
using key objective quality metrics such as peak signal-to-noise ratio (PSNR), structural
similarity index Measure (SSIM), and feature similarity index (FSIM).

In conclusion, the proposed MCE-EO method for prostate MRI segmentation outper-
formed several other metaheuristic algorithms, including SFO, SCA, and PSO. In experi-
ments involving standard datasets and transaxial-cut prostate MRIs, MCE-EO achieved
superior segmentation accuracy, with higher values of PSNR, SSIM, and FSIM, demonstrat-
ing its robustness and effectiveness in handling complex medical images. These results
confirm the potential of MCE-EO in improving the early detection of prostate cancer, where
accurate image segmentation is critical for diagnosis and treatment planning.

Future Work

The combination of the equilibrium optimizer (EO) and minimum cross-entropy (MCE)
has demonstrated favorable outcomes for prostate MRI segmentation. However, there are a
few limitations that require attention. A significant challenge is the computational time re-
quired by EO, particularly when working with large datasets or high-resolution MRI scans.
While the iterative nature of the process is an effective approach, it can result in slower
processing times, which may be a disadvantage in clinical settings where rapid analysis is
essential. Further research could concentrate on optimizing EO through parallel computing,
hybrid algorithms, or reducing the number of iterations without affecting accuracy.

A further limitation results from the the variability in segmentation quality across
different imaging types. EO performs well in prostate MRI, but may require adjustments
for other modalities, such as ultrasound or CT scans. Further work could investigate the
potential of adapting EO to a range of imaging techniques by incorporating mechanisms
that tailor the algorithm to the specific characteristics of each modality.
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