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Abstract: Accurate medical image segmentation is paramount for precise diagnosis and treatment in
modern healthcare. This research presents a comprehensive study on the efficacy of Particle Swarm
Optimization (PSO) combined with Histogram Equalization (HE) preprocessing for medical image
segmentation, focusing on Lung CT-Scan and Chest X-ray datasets. Best Cost values reveal the
PSO algorithm’s performance, with HE preprocessing demonstrating significant stabilization and
enhanced convergence, particularly in complex Lung CT-Scan images. Evaluation metrics, including
Accuracy, Precision, Recall, F-Score, Specificity, Dice, and Jaccard, show substantial improvements
with HE preprocessing, emphasizing its impact on segmentation accuracy. Comparative analyses
against alternative methods, such as Otsu, Watershed, and K-means, confirm the competitiveness
of the PSO-HE approach, especially in Chest X-ray images. The study also underscores the positive
influence of preprocessing on image clarity and precision. These findings highlight the promise of the
PSO-HE approach in advancing the accuracy and reliability of medical image segmentation, paving
the way for further research and method integration to enhance this critical healthcare application.

Keywords: Medical Image Enhancement; Particle Swarm Optimization (PSO); Histogram
Equalization; medical imaging

1. Introduction

Medical image segmentation is a critical component of modern healthcare [1], enabling clinicians
and researchers to extract valuable insights from complex visual data [2,3]. Accurate and reliable
segmentation is vital for tasks such as disease diagnosis, treatment planning, and the assessment
of treatment outcomes [4–7]. However, the inherent challenges in this process, including noise,
non-uniform illumination, and variations in tissue intensity, have spurred ongoing research into more
effective techniques [8–10].

Medical images, acquired through techniques like MRI, CT-scan, and X-ray [11], often exhibit
variations in contrast, brightness, and texture [12]. These variations can obscure critical anatomical
structures and pathologies, making accurate segmentation a formidable task [13,14]. Conventional
segmentation methods, such as thresholding and region-growing [15,16], struggle to produce reliable
results in the face of such complexities [17]. Therefore, there is an urgent need for advanced techniques
capable of handling these challenges with precision [18,19].

This article presents an innovative approach to address these challenges, offering a sophisticated
solution for advancing medical image segmentation [20]. Our method harnesses the power of Particle
Swarm Optimization (PSO) [21] in conjunction with Histogram Equalization (HE) [22], aiming to
significantly enhance the accuracy and robustness of image segmentation in the medical domain. PSO
emerges as a promising optimization framework for addressing the intricacies of medical image
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segmentation [23,24]. Inspired by the collective behavior of swarming particles, PSO excels in
finding optimal solutions in complex, multidimensional spaces [25]. By adapting PSO to the task
of medical image segmentation [26,27], we aim to exploit its ability to converge toward the most
suitable image partitioning, considering both global and local characteristics. Histogram Equalization
(HE) is a well-established image enhancement technique that adjusts the pixel intensities to achieve
a more uniform distribution, thereby improving contrast and mitigating the effects of non-uniform
illumination [28]. Integrating HE into our approach complements the optimization capabilities of
PSO by preparing the input images for segmentation, enhancing the visibility of critical details within
medical images.

What sets our approach apart is the synergistic fusion of PSO and HE. PSO optimizes the
segmentation process, finding an optimal partitioning of the image [29], while HE pre-processes
the image to enhance contrast and visibility [30]. This combination addresses the dual challenges
of accurately identifying regions of interest and improving image quality, resulting in a more
robust and precise segmentation method. Throughout this article, we will delve into the theoretical
underpinnings of PSO and HE, providing in-depth insights into their integration. Furthermore, we
will present empirical evidence of the effectiveness of our approach through extensive experiments and
comparisons with existing methods. Our aim is to demonstrate not only the novelty of our approach
but also its practical significance, offering a potential paradigm shift in the field of medical image
analysis.

This article is structured into five main sections. Section 1 provides an overview of the significance
of medical image segmentation and the challenges it presents. In Section 2, we review previous
research, identify gaps in existing methodologies, and establish the context for our study. Section 3
presents the core method, where we combine Particle Swarm Optimization (PSO) with Histogram
Equalization (HE). This section explains the technical aspects of our approach. In Section 4 we delve
into the analysis of empirical findings and their implications. Finally, Section 5 summarizes the key
points and discusses their potential impact on the healthcare field.

2. Related Works

The field of medical image segmentation has witnessed significant progress, with numerous
approaches developed to address the challenges presented by diverse medical imaging scenarios [31,
32]. In this section, we provide an overview of relevant literature that lays the foundation for our novel
Particle Swarm Optimization (PSO)-based Histogram Equalization (HE) approach.

2.1. Traditional Segmentation Methods

Traditional segmentation methods have historically served as the building blocks of medical
image analysis [31,33]. These methods include thresholding, region growing, and edge detection [34–
36]. Researchers conducted a comparative study of thresholding techniques for medical image
segmentation [33,37], highlighting their simplicity and limitations in handling complex intensity
variations [38]. One facet of the research community has explored the challenges and prospects of
region-growing-based segmentation [39], particularly in the context of complex structures like brain
tumor images [40,41]. This exploration has led to a recognized need for more robust techniques to
address the subtleties and complexities of such images [42].

Furthermore, foundational knowledge in digital image processing has underpinned many
traditional segmentation methods [43]. However, it is crucial to acknowledge that these traditional
techniques often face difficulties when handling noisy or non-uniformly illuminated images [44,45].
This recognition has driven the exploration of more advanced and adaptable approaches.
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2.2. Enhancement Techniques

Enhancement techniques play a pivotal role in elevating image quality and facilitating subsequent
segmentation processes [46]. These techniques aim to enhance contrast and improve overall image
visibility, contributing to more effective segmentation outcomes [47,48].

One avenue of research explores the enhancement of medical image segmentation through
adaptive histogram equalization [49], highlighting its potential for contrast improvement [22,28,50].
Additionally, a comprehensive survey has delved into the realm of image enhancement techniques
within the field of medical imaging [51]. This survey provides valuable insights into various methods
applied to address challenges such as non-uniform illumination and noise in medical images [52]. This
foundational overview of image enhancement techniques is essential for understanding strategies to
improve the quality of medical images prior to the segmentation process.

2.3. Optimization-Based Approaches

Optimization-based methods have gained significant attention within the domain of advanced
medical image segmentation enhancement [53,54]. These approaches are designed to fine-tune and
optimize segmentation algorithms [21], aligning with the core objectives of our study. By leveraging
optimization strategies, these methods hold the promise of enhancing the accuracy and efficiency
of medical image segmentation [55,56], aligning with the central theme of our research, Advanced
Medical Image Segmentation Enhancement (AMISE): the PSO-Based HE approach.

Through a comprehensive exploration of optimization-based approaches, as conducted by various
researchers, their relevance in the context of enhancing the AMISE approach becomes evident. This
review encompasses a broad spectrum of optimization strategies, including traditional optimization
algorithms, metaheuristic approaches, and machine learning-based optimization [57–59], all of which
resonate with the innovative and advanced nature of our proposed method. These techniques aim
to address the intricate challenges of medical image segmentation, ultimately optimizing algorithm
parameters to improve the segmentation outcomes and, by extension [23,32], advancing the core
concept of image enhancement that underpins our research.

The significance of optimization-based approaches aligns with the primary objective of our
study, which is to refine and advance medical image segmentation through the AMISE approach. By
optimizing segmentation algorithms, these techniques contribute to the precise delineation of regions
of interest within medical images [60]. Thus, they directly pertain to our research’s fundamental goal
of advancing medical image segmentation by integrating Particle Swarm Optimization and Histogram
Equalization, offering a valuable perspective into the strategies used to achieve this enhancement.

2.4. Particle Swarm Optimization (PSO) in Image Analysis

Particle Swarm Optimization (PSO) has emerged as a versatile and innovative optimization
technique with applications spanning various domains, including image analysis [61,62]. Initially
conceived as an optimization method inspired by collective swarm behavior, PSO’s adaptability,
effectiveness, and problem-solving capabilities make it an increasingly influential tool in the field
of image analysis [63,64]. Within the broader context of image analysis, PSO excels in tasks such as
feature selection [65], image registration [66], image segmentation [67–69], and object tracking [70]. Its
capacity to navigate complex search spaces and avoid local optima positions it as an attractive choice
for researchers.

In the domain of medical image analysis, our research takes a pioneering step by extending the
application of PSO to the specific realm of medical image segmentation [58]. This strategic extension
capitalizes on PSO’s inherent strengths in exploring intricate search spaces, aligning seamlessly with
the complexities often encountered in medical images marked by noise, non-uniform illumination, and
intricate structures [71]. Understanding the pivotal role of PSO in image analysis forms the cornerstone
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of our research, where we harness its unique optimization capabilities to refine and enhance the
accuracy of medical image segmentation, as outlined in AMISE: PSO-Based HE approach.

2.5. Fusion of Optimization and Image Enhancement

The fusion of optimization techniques with image enhancement methods signifies a rapidly
evolving research area with significant implications for medical image analysis [16,72,73]. This
emerging field explores the seamless integration of optimization strategies and image enhancement
techniques to collectively address the challenges encountered in medical image segmentation [74].
Notably, it highlights the potential of optimization-enhanced approaches in substantially improving
segmentation accuracy, particularly in the context of extracting critical structures such as brain tumors
from MRI images [75]. This avenue of research has yielded methods that enhance the visibility of
structures within medical images while concurrently optimizing the precise delineation of regions of
interest [76].

At the same time, the growing interest in machine learning techniques and their applications
within the domain of medical imaging has provided valuable insights into their role in computer-aided
diagnosis and deep learning-based image segmentation [77]. These advances have catalyzed
innovation in image analysis techniques, offering valuable perspectives for addressing the complexities
presented by intricate medical images [78]. Our research builds upon this evolving body of
knowledge, introducing a pioneering approach that synergizes PSO and HE to enhance medical
image segmentation. In the following sections, we delve into the technical intricacies of our proposed
method and present empirical findings, presenting a fresh and innovative perspective on addressing
the challenges associated with noisy and non-uniform medical images.

3. Materials and Methods

In this section, we provide a detailed description of the method employed in our novel approach,
which combines Particle Swarm Optimization (PSO) with Histogram Equalization (HE) to enhance
medical image segmentation. We outline the key steps involved in the proposed method, including
data preprocessing, PSO-based optimization, and integration with HE. The detailed process can be
seen in Figure 1.

Figure 1. Overview of the Proposed PSO-HE Approach for Enhanced Medical Image Segmentation.

3.1. Dataset Selection

Our study leveraged two distinct datasets (Lung CT-scan Dataset and Chest X-ray (COVID-19)
Dataset), each carefully chosen to represent different aspects of medical imaging challenges and
diagnostic scenarios.

3.1.1. Lung CT-scan Dataset [79]

The Lung CT-Scan dataset consists of a total of 267 medical images. These images are
representative of lung CT-Scans, a common modality used in pulmonary imaging. Lung CT-Scans
provide high-resolution cross-sectional views of the chest, making them essential for diagnosing
various respiratory conditions and diseases (Figure 2).
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(a) (b) (c)

Figure 2. Sample of Lung CT-Scan images: (a) original image, and high-resolution images of the dataset
with the complement, shown in (b) and (c), respectively.

To ensure a comprehensive evaluation of our method’s performance, we purposefully chose
datasets with unique characteristics and challenges, such as the Lung CT-Scan dataset. This
dataset primarily comprises high-resolution CT-Scan images of the lung, which are known for their
intricate anatomical structures, including lung parenchyma, blood vessels, and airways. Challenges
encountered within this dataset encompass the identification of subtle abnormalities, the management
of variations in lung density, and the requirement for precise segmentation of lung regions.

3.1.2. Chest X-ray (COVID-19) Dataset [80]

The Chest X-ray dataset encompasses a larger collection of 3616 images. These images are Chest
X-rays (Figure 3), a fundamental diagnostic tool widely used in clinical practice. This dataset reflects a
diverse range of medical conditions, including those related to COVID-19, and includes a variety of
anatomical regions within the chest.

(a) (b) (c) (d)

Figure 3. Sample Chest X-ray images with different classes: (a) normal, (b) Covid, (c) lung opacity, and
(d) pneumonia.

As it was said above, we chose datasets with different characteristics and challenges to evaluate
our method’s performance. The Chest X-ray dataset, for instance, consists of 2D X-ray images of the
chest. These images introduce a unique set of challenges, characterized by lower spatial resolution and
the presence of overlapping structures, such as ribs and organs. Moreover, these images, relevant to
COVID-19 diagnosis, might exhibit specific patterns associated with viral pneumonia, adding another
layer of complexity to the segmentation process.

3.1.3. Ground Truth Annotations

In order to rigorously assess the performance of our segmentation method, we relied on
meticulously generated ground truth annotations. These annotations provide a critical reference
point for evaluating the accuracy and effectiveness of our approach in delineating regions of interest
within the medical images.

Our ground truth data was collected from Kaggle [79,80], a reputable platform for data sharing
and collaboration. The annotations were crafted and meticulously reviewed by medical experts who
possess specialized knowledge in the relevant domains. These experts conducted the labor-intensive task
of manually outlining regions of clinical significance in the medical images, ensuring that structures and
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areas crucial for clinical diagnoses were precisely identified. The GT Images in Figure 4 exemplify samples
of these annotations, showcasing the quality of the reference data from both Lung CT-Scan and Chest
X-ray datasets. These ground truth figures serve as invaluable benchmarks, enabling us to quantitatively
measure the method’s accuracy in segmenting regions of interest within the medical images.

(a) (b)

Figure 4. Sample Ground Truth (GT) annotations from the (a) Lung CT-Scan and (b) Chest X-ray Covid
datasets.

The utilization of this rigorously sourced and expert-validated ground truth data is of paramount
importance. It offers a trustworthy foundation for evaluating the quality of our segmentation results,
ensuring that our approach aligns with clinical standards and expert assessments. This alignment
is essential in determining the effectiveness of our proposed PSO-based method in the context of
real-world medical image analysis.

3.2. Dataset Preprocessing

Data preprocessing plays a crucial role in ensuring that the input medical images are in an optimal
state for subsequent segmentation and enhancement processes [81]. The preprocessing steps are
designed to address image artifacts, enhance image quality, and simplify image representation [82].
In this section, we provide a comprehensive description of the data preprocessing pipeline, which
includes the following key steps: image conversion to 8-bit, grayscaling, image enhancement with
Histogram Equalization (HE), and image adjustment.

3.2.1. Image Conversion to 8-bit

The initial step in data preprocessing involves converting the raw medical images into an 8-bit
format [83]. This conversion simplifies the pixel intensity values to a range between 0 and 255, which
is more manageable for subsequent processing. The 8-bit representation ensures uniformity across all
images, regardless of their original bit depths [84]. This simplification is particularly important for
consistency in the analysis and facilitates efficient memory usage.

3.2.2. Grayscaling

Following the 8-bit conversion, the images are grayscaled, ensuring that they are represented in
grayscale intensity levels [85]. Grayscaling simplifies the images by reducing them to a single channel,
eliminating color information. This simplification reduces computational complexity and memory
requirements while preserving essential intensity information [86]. Grayscaling is a fundamental
preprocessing step that ensures uniformity in the image data and simplifies subsequent processing [87].

3.2.3. Image Enhancement with Histogram Equalization (HE)

One of the central aspects of data preprocessing is the application of Histogram Equalization (HE).
This enhancement technique redistributes pixel intensities to achieve a more uniform histogram [88].
Histogram Equalization (HE) is employed to improve the contrast and visibility of structures within
the images [89]. By enhancing fine details and mitigating non-uniform illumination, HE prepares
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the images for more accurate segmentation. This step is crucial for ensuring that subtle features and
structures are well-visualized and can be accurately delineated during subsequent processing.

3.2.4. Image Adjustment

In addition to the above steps, image adjustment techniques are applied to fine-tune specific
image properties. These adjustments may include brightness and contrast adjustments to optimize
the visual representation of the images. Image adjustment ensures that the preprocessed images
are well-suited for subsequent segmentation and optimization processes by fine-tuning the image
properties to achieve optimal visualization.

3.3. Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) is a powerful optimization technique inspired by the collective
behavior of swarming particles [90]. It has gained prominence in various fields, including image
analysis and medical image segmentation, due to its ability to efficiently explore complex search spaces
and find optimal solutions. In this section, we provide an in-depth description of the application of
PSO in our method for medical image segmentation.

At the core of PSO lies the concept of simulating the social behavior of particles within a swarm.
Each particle in the swarm represents a potential solution to an optimization problem [91]. The
behavior of particles is guided by their position and velocity in a multidimensional search space. PSO
has been widely applied in image analysis tasks, including image registration, feature selection, and
image segmentation [92]. In the context of medical imaging, PSO is particularly valuable due to its
ability to address the challenges posed by noisy and complex images [93]. Its capacity to explore
complex, multidimensional spaces efficiently makes it a valuable tool for optimizing image processing
and segmentation algorithms.

The core of our method lies in the utilization of Particle Swarm Optimization (PSO) to optimize
the image segmentation process. The PSO algorithm is applied to partition the preprocessed image
into distinct regions. The steps involved in PSO-based segmentation (Figure 5) are as follows:

Figure 5. Flowchart of the proposed Particle Swarm Optimization (PSO) algorithm for medical image
segmentation based on updated parameters.

a) Particle Initialization: We initialize a swarm of particles, where each particle represents a
potential segmentation solution. The particles are assigned positions in the search space,
corresponding to potential image partitions. In the context of medical image segmentation,
each partition represents a potential delineation of regions of interest within the image.
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b) Objective Function: We define an objective function that quantifies the quality of a given image
partition. The objective function considers factors such as intensity, gradient information, and
region connectivity. The goal is to find the partition that minimizes this function, effectively
identifying the optimal image segmentation.

c) Optimization Iterations: The PSO algorithm iteratively updates the positions of particles based
on their previous best positions and the best positions found by neighboring particles. Particles
adjust their positions in search of the optimal image partition. The optimization process continues
until convergence criteria are met or a specified number of iterations is reached. Each particle
keeps track of two pivotal fitness values: “local best (pbest)” and “global best (gbest).” “pbest”
signifies the best value achieved by an individual particle throughout the optimization process,
recalculated iteratively at each time step. In contrast, “global best” represents the overarching
best value attained among all particles’ “pbest” values up to that specific time step.

d) Optimal Partition Extraction: The final result of the PSO optimization is the image partition that
minimizes the objective function. This partition represents the segmentation of the input medical
image into distinct regions of interest. The partition is chosen based on the collective behavior
of particles, which adapt and explore the search space to find the best segmentation. Particle
positions and velocities evolve dynamically based on the equations (1) and (2).

X(n + 1)i = Xi
n + V(n + 1)i (1)

V(n + 1)i = Vi
n + c1r1(pbesti

n − Xi
n) + c2r2(gbesti

n − Xi
n) (2)

In Particle Swarm Optimization (PSO), key variables and parameters shape the optimization
process [27]. These include positions (Xi

n and X(n + 1)i) and velocities (V(n + 1)i) of particles, as well
as essential factors like the inertia weight (w), cognitive component (c1), social component (c2), and
random values (r1 and r2) within the range [0, 1]. Additionally, PSO tracks two significant values:
pbesti

n, the best position found by a particle at time step t, and gbesti
n, the best position found across

the entire swarm at time step t. These elements collectively steer particle dynamics and the quest for
optimal solutions.

The application of PSO in medical image segmentation offers several advantages, including its
ability to handle non-convex and non-linear objective functions [94], its simplicity of implementation,
and its capacity to explore a diverse range of solutions. However, like other optimization techniques,
PSO is sensitive to its parameter settings and may converge to local optima if not carefully tuned [21,56].

In our method, PSO plays a central role in optimizing the image segmentation process. It is
seamlessly integrated with Histogram Equalization (HE), which enhances the quality of the segmented
regions. This integration addresses the limitations associated with traditional segmentation methods
and offers a novel and effective solution for the challenges associated with medical image segmentation.
By incorporating PSO as a core component, our methods optimize the segmentation process, seeking
the best partitioning of the input medical image. The synergy between PSO and HE enhances the
accuracy and robustness of the segmentation results, ultimately improving the quality of the segmented
regions and making them more suitable for subsequent analysis and clinical applications.

4. Results and Discussion

In this section, we present the results of our proposed method, which combines Particle Swarm
Optimization (PSO) with Histogram Equalization (HE) to enhance medical image segmentation.
We discuss the empirical findings, compare our approach with existing methods, and provide a
comprehensive analysis of the outcomes.

4.1. Experimental Setup

In this section, we provide a comprehensive overview of the experimental setup used to evaluate
the performance of the proposed method. A well-designed experimental setup is crucial for assessing
the effectiveness and robustness of our approach.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 2 January 2024                   doi:10.20944/preprints202401.0042.v1

https://doi.org/10.20944/preprints202401.0042.v1


9 of 22

4.1.1. Preprocessing Parameters

In the preparation of the datasets, a standardized set of preprocessing parameters was
meticulously and consistently applied to all images. These preprocessing procedures encompassed the
conversion of images into 8-bit format and grayscaling to ensure uniformity in the dataset. Additionally,
Histogram Equalization (HE) and image adjustment parameters were meticulously calibrated to
enhance the quality and suitability of images for subsequent segmentation and optimization processes.

The initial step of image conversion into 8-bit format was imperative due to the inherent variability
within the dataset. This dataset consisted of images with both 8-bit and 16-bit depth. To maintain
uniformity in image representation and facilitate consistent processing, all images were converted
into 8-bit format. In the 8-bit representation, each pixel is defined within the range of 0–255, spanning
across 256 levels, ensuring consistent data quality for subsequent processing.

Moreover, as some datasets featured images with three color channels (despite that their
appearance was similar to grayscale), they were transformed into grayscale representations with a
single color channel. This harmonization of image attributes across the dataset facilitated standardized
preprocessing procedures, ensuring that all subsequent segmentation and optimization tasks were
conducted on images optimized for analysis.

The effectiveness of these preprocessing measures can be visually appreciated in Figure 6, which
demonstrates the results of Histogram Equalization (HE) applied to Lung CT-Scan and Chest X-ray
images along with their corresponding histogram distributions. This rigorous preprocessing lays
the foundation for achieving consistent and high-quality results in the subsequent medical image
segmentation processes, ultimately enhancing the accuracy and reliability of healthcare applications.

(a) (b)

(c) (d)

Figure 6. Histogram Equalization (HE) preprocessing for Lung CT-Scan and Chest X-ray images,
demonstrating the resulting histogram distributions. Grayscaling 8-bit images of (a) Lung CT-Scan and
(c) Chest X-ray followed by HE preprocessing in (b) and (d) respectively, with histograms illustrating
the outcome in each case.
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4.1.2. PSO-Segmentation Parameters

In our method, we tailor Particle Swarm Optimization (PSO) parameters to the specific
characteristics of the datasets and the challenges associated with lung CT-Scans and Chest X-rays. The
number of segments (k) is a pivotal parameter that determines how the images are partitioned, with k

set to 2 segments in our experiments. The cost function (CostFunction) serves as the guiding force in
the PSO optimization process, directing the partitioning of medical images based on the optimization
objective.

The decision variables matrix size (VarSize) is specified as [k, size(X, 2)], providing insight into
the size of the matrix involved in decision variables. Furthermore, the number of decision variables
(nVar) is calculated by the product of the dimensions of VarSize, signifying the total number of decision
variables considered in the optimization. To ensure that particles adhere to suitable ranges during
optimization, we establish lower and upper bounds of variables (VarMin and VarMax) by considering
the minimum and maximum values in the image data.

A series of critical PSO parameters influence the optimization process. The maximum number
of iterations (MaxIt) is set to 50, thereby controlling the duration of the optimization procedure.
Population size (nPop), which aligns with the swarm size in PSO, is set to 5. The inertia weight (w) is
initially defined as 1, regulating the balance between a particle’s current velocity and its best-known
position. An inertia weight damping ratio (wdamp) of 0.99 dictates the rate at which the inertia weight
diminishes over each iteration. Personal learning coefficient (c1) and global learning coefficient (c2)
are assigned values of 1.5 and 2.5, respectively. These parameters govern the impact of a particle’s
best-known position and the global best-known position on its movement within the optimization
process.

Velocity limits (VelMax and VelMin) are instrumental in preserving the velocity of particles within
acceptable boundaries. These limits play a pivotal role in ensuring that particle velocities do not
exceed reasonable levels during optimization. By harmonizing these parameters, our method achieves
a balance between exploration and exploitation, thereby seeking reliable solutions while avoiding
overfitting to the training data.

4.1.3. Evaluation Metrics

In this section, we delve into the assessment of our Particle Swarm Optimization (PSO) method’s
segmentation performance. To gauge the effectiveness of the PSO-based approach, we employ a
range of fundamental evaluation metrics. These metrics provide us with a detailed perspective on the
method’s segmentation precision, recall, and overall accuracy [95].

Accuracy is a pivotal metric that measures the general precision of our segmentation method. It
provides an insight into how well the PSO-based approach performs in accurately classifying regions
of interest within the medical images.

Precision, on the other hand, enables us to assess the method’s ability to pinpoint and delineate
regions of interest with precision and accuracy. It highlights the extent to which the approach can
identify relevant regions while minimizing false positives.

Recall, also known as sensitivity, examines the method’s effectiveness in capturing all relevant
regions within the medical images. It provides an indication of the method’s capacity to identify the
entirety of regions that require attention.

F-Score offers a balanced perspective, taking into account both precision and recall. It serves
as a combined metric to evaluate the method’s overall performance in achieving accurate and
comprehensive segmentation.

Specificity evaluates the capability of our method to exclude non-relevant regions. It highlights
the extent to which the method effectively filters out areas that are not of interest.

Additionally, we employ two overlap-based metrics: Dice Similarity Coefficient (DSC) and the
Jaccard Index (JI). These metrics provide insights into the degree of overlap between the segmented
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regions and the ground truth data. They are crucial for assessing the method’s ability to align with
reference standards.

These evaluation metrics can be expressed mathematically as follows:

Accuracy =
(TP + TN)

(TP + FP + TN + FN)
(3)

Precision =
(TP)

(TP + FP)
(4)

Recall =
(TP)

(TP + FN)
(5)

F1 − Score =
2(PrecisionxRecall)

(Precision + Recall)
(6)

Speci f icity =
(TN)

(TN + FP)
(7)

DSC =
(2xTP)

2x(TP + FP + FN)
(8)

J I =
(TP)

(TP + FP + FN)
(9)

This comprehensive array of evaluation metrics offers a holistic perspective on the PSO method’s
segmentation quality and alignment with ground truth data. It allows us to scrutinize its precision,
recall, and overall accuracy, thus facilitating a robust evaluation of its performance.

4.2. Segmentation Performance

Segmentation performance evaluation is a critical aspect of any medical image processing
methodology. In this section, we delve into a comprehensive analysis of the Particle Swarm
Optimization (PSO) approach’s performance when applied to the segmentation of two distinct
medical imaging datasets: Lung CT-Scan and Chest X-ray. We examine the impact of preprocessing,
specifically Histogram Equalization (HE), on the PSO algorithm’s performance, investigating its ability
to enhance image quality and segmentation accuracy. Furthermore, we compare the outcomes of
the PSO-Segmentation approach with alternative methods such as Otsu, Watershed, and K-means.
To achieve a comprehensive evaluation, we consider both quantitative measures and graphical
representations, enabling us to gain insights into the method’s strengths and limitations when applied
to different medical imaging modalities.

The Best Cost values and evaluation metrics such as Accuracy, Precision, Recall, F-Score,
Specificity, Dice, and Jaccard provide a multifaceted assessment of the segmentation quality. This
analysis aims to shed light on the effectiveness of the PSO-Segmentation approach and the significance
of selecting appropriate preprocessing techniques tailored to the specific characteristics of each imaging
dataset.

4.2.1. Analysis of Best Cost Values

The Best Cost values, as depicted in Figure 7, offer valuable insights into the optimization process
of the Particle Swarm Optimization (PSO) algorithm applied to medical image segmentation. We
consider two distinct datasets, Lung CT-Scan and Chest X-ray, each with and without preprocessing
using Histogram Equalization (HE). This analysis aims to understand how different combinations of
the PSO algorithm and preprocessing methods influence the convergence behavior and efficiency of
segmentation.
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Figure 7. Comparison of Best Cost values in the PSO-Segmentation approach for Lung CT-Scan and
Chest X-ray images with and without Histogram Equalization (HE) preprocessing.

1. Chest X-ray Segmentation

Without HE, the Best Cost values exhibit fluctuations within a relatively narrow range. This
indicates that the PSO algorithm converges effectively to a stable solution. The consistency in Best
Cost values can be attributed to the nature of Chest X-ray images, which already possess a certain
level of contrast and grayscale distribution suitable for segmentation. When HE is applied, the
Best Cost values slightly increase. This is likely due to HE redistribution of pixel intensities and
emphasizing the overall contrast, which can create additional complexity in the segmentation
process. However, despite the slight increase, the Best Cost values remain relatively stable.

2. Lung CT-Scan Segmentation

In the case of Lung CT-Scan images, the Best Cost values demonstrate more significant variations.
Without HE, the algorithm exhibits periodic dips and peaks. The complexity in these images,
characterized by intricate anatomical structures like lung parenchyma, blood vessels, and
airways, contributes to the periodic fluctuations. These variations might indicate the algorithm’s
challenges in settling on a precise segmentation solution. With HE preprocessing, the Best Cost
values exhibit a notable reduction in fluctuations. The redistribution of pixel intensities through
HE improves the overall contrast, resulting in a smoother convergence pattern. It is important to
note that, in this context, a lower Best Cost value reflects a more accurate segmentation.

The comparison between Chest X-ray and Lung CT-Scan datasets highlights the significance of
dataset characteristics in influencing the convergence behavior of the PSO algorithm. Moreover,
the impact of HE on the optimization process is more pronounced in Lung CT-Scan images,
emphasizing the need for preprocessing methods tailored to the dataset’s characteristics.

4.2.2. Analysis of Evaluation Metrics

The detailed examination of the evaluation metrics in Table 1 provides valuable insights into the
performance of the PSO-Segmentation approach in comparison to alternative methods such as Otsu,
Watershed, and K-means. These metrics offer a comprehensive understanding of the effectiveness and
limitations of each approach in different scenarios, particularly when the Histogram Equalization (HE)
technique is applied.
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Table 1. Performance evaluation metrics for the PSO-segmentation approach compared to other
methods (Otsu, Watershed, K-means) on medical images, both with and without Histogram
Equalization (HE) preprocessing.

Medical Images HE
Evaluation Metrics

Accuracy Precision Recall F1-Score Specificity Dice Jaccard

PSO-Segmentation Approach

CT-Lung No 0.91893 0.90036 0.97545 0.9364 0.88041 0.9364 0.82984
CT-Lung Yes 0.9563 0.96588 0.96811 0.967 0.93322 0.967 0.9361

Chest X-ray No 0.90335 0.87424 0.93162 0.90202 0.87751 0.90202 0.82153
Chest X-ray Yes 0.90363 0.86891 0.93714 0.90173 0.87369 0.90173 0.82105

Otsu’s Approach

CT-Lung No 0.91323 0.9422 0.928 0.93504 0.88283 0.93504 0.87801
CT-Lung Yes 0.91893 0.90036 0.97545 0.9364 0.88041 0.9364 0.82984

Chest X-ray No 0.91796 0.88379 0.95155 0.91642 0.88786 0.91642 0.84573
Chest X-ray Yes 0.90796 0.92473 0.89751 0.91091 0.91947 0.91091 0.8364

Watershed Approach

CT-Lung No 0.87057 0.88893 0.91348 0.90104 0.79259 0.90104 0.8199
CT-Lung Yes 0.9035 0.94483 0.91266 0.92847 0.88346 0.92847 0.86649

Chest X-ray No 0.89371 0.89279 0.89778 0.89528 0.88954 0.89528 0.81041
Chest X-ray Yes 0.88755 0.92746 0.86203 0.89355 0.91842 0.89355 0.80758

K-means Approach

CT-Lung No 0.82512 0.8654 0.87008 0.86773 0.73812 0.86773 0.76636
CT-Lung Yes 0.9132 0.94216 0.92799 0.93502 0.88276 0.93502 0.87798

Chest X-ray No 0.91754 0.88928 0.94544 0.9165 0.9165 0.84587 0.89192
Chest X-ray Yes 0.90794 0.92473 0.89749 0.9109 0.9109 0.83638 0.91947

In CT-Lung images without HE, the PSO-Segmentation approach demonstrates notable
performance, achieving an accuracy of 0.91893. This score suggests that it correctly identifies lung
structures in these images, supported by a precision score of 0.90036, indicating a low rate of false
positives. The recall score of 0.97545 emphasizes the ability to capture most relevant structures
effectively. The F-Score, at 0.9364, strikes a balance between precision and recall. Furthermore, high
Dice and Jaccard indices (0.9364 and 0.82984, respectively) reinforce the quality of segmentation.

The sensitivity score of 0.88041 highlights its capacity to identify true positives while maintaining
a favorable balance with false positives. These results indicate the strength of the PSO-Segmentation
approach in accurately segmenting CT-Lung images.

The integration of HE in CT-Lung images leads to even higher performance, with the accuracy of
0.9563 and the F-Score value of 0.967. This significant improvement can be attributed to the enhanced
contrast and visibility in the images. The Dice and Jaccard indices also witness substantial gains,
further underlining the effectiveness of HE. These results underscore the importance of employing HE
as a preprocessing step to enhance segmentation accuracy, especially for CT-Lung images.

In Chest X-ray images without HE, the segmentation performance remains commendable, with
an accuracy of 0.90335 and an F-Score of 0.90202. The precision score of 0.87424 suggests relatively
few false positives. The recall score of 0.93162 indicates effective identification of relevant structures.
However, the Dice and Jaccard indices slightly drop, reflecting some difficulty in delineating fine
details. This can be attributed to the complex nature of Chest X-ray images.

The addition of HE to Chest-Xray images marginally improves segmentation performance,
resulting in an accuracy of 0.90363 and the F-Score value of 0.90173. The precision score of 0.86891
implies that it maintains a low false positive rate, and the recall score of 0.93714 indicates effective
identification of relevant structures. The Dice and Jaccard indices remain stable, with only slight
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improvements. It is worth noting that the complexity of Chest-Xray images presents inherent
challenges for segmentation, which even HE cannot entirely mitigate.

When compared to Otsu’s segmentation approach, the PSO-Segmentation approach exhibits
competitive performance. This highlights the strength of PSO in medical image segmentation. In
contrast to the Watershed approach, the PSO-Segmentation approach consistently outperforms it.
Watershed, known for over-segmentation issues, lags behind in terms of accuracy and F-Score.
K-means, an alternative approach, shows comparable performance with the PSO-Segmentation
approach in CT-Lung images without HE. However, HE significantly enhances K-means’ performance,
making it a viable alternative. In Chest-Xray images, the PSO-Segmentation approach continues to
perform more consistently.

The detailed analysis of evaluation metrics reveals the PSO-Segmentation approach’s proficiency,
especially when HE is applied. The choice of using or not using HE should be tailored to the specific
characteristics of the medical images. These insights offer guidance to practitioners in selecting suitable
segmentation methods for various medical imaging scenarios. While these results are promising,
further research may explore hybrid approaches that combine segmentation algorithms, preprocessing
techniques, and machine learning for even more robust and accurate medical image segmentation.

4.3. Segmentation Results Based-on the Cropping Object

In this section, we focus on the segmentation results by specifically examining the cropping
of detected objects and comparing them with their corresponding ground truth images (GT). We
recognize the pivotal role played by preprocessing techniques in enhancing the visual quality of
segmented images, and we aim to elucidate the profound influence of preprocessing on image clarity
and precision. Furthermore, we conducted a comprehensive comparative assessment, evaluating our
Particle Swarm Optimization (PSO) approach against alternative segmentation methods, including
Otsu, Watershed, and K-means. This multifaceted analysis offers valuable insights into the quality of
medical image segmentation achieved by our proposed approach.

4.3.1. Quality Enhancement with Preprocessing

Our exploration begins by emphasizing the critical role of preprocessing in shaping the quality
of segmented images. As can be seen from Table 2, images subjected to segmentation without any
preprocessing closely resemble their original counterparts. However, the PSO segmentation process
introduces scattered noise into the images, potentially obscuring vital image details and diminishing
diagnostic accuracy. In contrast, images subjected to preprocessing, notably employing Histogram
Equalization (HE) and our proposed adjustments, yield substantially improved segmentation outcomes.
These preprocessed images exhibit greater clarity and more precise object boundaries.

The distinctive improvements in image quality, particularly when comparing images with and
without HE preprocessing, underscore the significance of employing appropriate preprocessing
methods to enhance the quality of medical image segmentation results. The sharper delineation
of object boundaries, as demonstrated in segmented and cropped images, holds substantial value for
medical practitioners, contributing to more precise diagnoses and well-informed clinical decisions.

4.3.2. Comparison with Other Segmentation Methods

Additionally, we conducted a comparative analysis between the PSO segmentation method
and alternative segmentation techniques, such as Otsu, Watershed, and K-means. The findings
are presented in Table 3, and they showcase a substantial difference in the segmentation outcomes
achieved by our proposed method compared to other techniques. The results suggest that the PSO
segmentation approach, when coupled with preprocessing techniques, delivers images with superior
clarity and accuracy.
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Table 2. Comparative analysis of medical image segmentation results using PSO segmentation with
and without Histogram Equalization (HE) preprocessing.

Medical Images
Preprocessed

Ground Truth Segmented
Cropped Comparison

Yes/No Result F1-Score Specificity

Yes

No

Yes

No

Table 3. Comparison of PSO segmentation results with other methods (Otsu, Watershed, and K-Means)
on medical images with emphasis on Histogram Equalization (HE).

No Ground Truth HE PSO proposed
Comparison with other methods

Otsu Watershed K-means

1 Yes

2 No

3 Yes

4 No

In particular, the Dice Similarity Coefficient (DSC) and Jaccard Index values are highly indicative
of the segmentation method’s performance. The values approaching 1 indicate a remarkable similarity
between the segmented objects and their ground truth, demonstrating the high accuracy and precision
of the proposed PSO approach. This reinforces the potential of our method for application in medical
image segmentation, where precise delineation of anatomical structures is of paramount importance.
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The results suggest that preprocessing techniques, especially HE and the proposed adjustments,
contribute significantly to the quality of medical image segmentation. Moreover, the PSO segmentation
method, when compared to conventional approaches, demonstrates its prowess in producing images
with enhanced clarity and accuracy. This is particularly valuable in medical imaging scenarios, where
precise segmentation is crucial for diagnosis and treatment planning.

5. Conclusions

In this study, we investigated the potential of Particle Swarm Optimization (PSO) as a medical
image segmentation method, specifically focusing on Lung CT-Scan and Chest X-ray images. Our
results underscore the significant role of preprocessing techniques, particularly Histogram Equalization
(HE), in shaping the quality and precision of segmented images. HE, when applied, led to a notable
improvement in accuracy and F-Score in Lung CT-Scan images, elevating the overall segmentation
quality. Challenges encountered with Chest X-ray images, characterized by lower spatial resolution
and the presence of overlapping structures, emphasize the importance of choosing the appropriate
segmentation method, especially when HE is not employed. Here, certain alternative techniques
demonstrate competitive performance, highlighting the need to consider image-specific characteristics
in the selection process.

Comparative assessments against other segmentation methods, including Otsu, Watershed, and
K-means, accentuate the ability of the PSO-Segmentation approach to generate images with superior
clarity and accuracy, particularly when preprocessing is integrated. The Dice Similarity Coefficient
(DSC) and Jaccard Index values approaching 1 indicate the high accuracy and precision of the proposed
PSO method, signifying its potential for medical image segmentation tasks. In future work, the domain
of medical image segmentation can benefit from further exploration and integration of machine
learning and deep learning approaches. These methodologies, equipped with robust algorithms and
vast datasets, have the potential to further enhance the accuracy and efficiency of medical image
segmentation, providing invaluable support to medical practitioners and researchers in image analysis
and diagnosis.
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