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Medical image segmentation algorithms play a crucial role in assisting healthcare professionals with 
disease identification, research, and diagnosis. Numerous digital image segmentation methods have 
been developed, with multilevel thresholding techniques consistently outperforming others in terms of 
evaluation metrics. The standard algorithms include classical statistical methods, such as the Otsu and 
Kapur methods, which yield highly accurate results. However, when applied to multilevel thresholding, 
these methods incur significant computational costs, presenting an optimization challenge. In this 
work, a set of well-known optimization algorithms is integrated with Otsu’s method to assess their 
effectiveness in reducing computational demands while preserving optimal segmentation quality. 
Experiments are conducted on publicly available datasets, including the TCIA dataset, particularly 
the COVID-19-AR collection. This work evaluates the performance of each optimization algorithm 
in combination with Otsu’s method, highlighting those that achieve substantial reductions in 
computational cost and convergence time while maintaining a competitive level of segmentation 
quality.
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Medical imaging has become one of the most useful diagnostic and treatment planning tools in modern 
healthcare. Among the wide number of available techniques, image segmentation is considered one of the 
most important techniques, as it is a well-known task of partitioning an image into distinct regions according 
to predefined criteria. Accurate segmentation would greatly help in the identification of organs, tissues, or 
other abnormalities in medical scans like MRI, CT, and ultrasound images. Within the last few decades, many 
methodologies have been developed for medical image segmentation based on edge-, region growing-, and 
multi-level thresholding-based approaches1.

Multilevel thresholding methods have exhibited much promise because they can efficiently deal with complex 
medical images with heterogeneous distribution of intensities. In the process of multilevel thresholding, the image 
is divided into more segments, each having a different threshold. Although such algorithms generally produce 
optimal results, they suffer from the following drawback: their computational load increases exponentially with 
the increase in the number of thresholds. This makes the procedure computationally expensive, especially when 
extended to high-resolution medical images, therefore this field has seen interest grow in optimizing these 
methods2.

The most used technique of thresholding is the Otsu method, whereby the best threshold value is obtained 
automatically to minimize variance within classes of gray levels. However, for multilevel thresholding, the Otsu 
method is computationally super expensive. Otsu’s method divides the image histogram into two clusters, with 
a threshold determined by minimizing the weighted variance within each class known as the Otsu model and 
denoted as σ2

w (t), where σ2
w (t) = w1 (t) σ2

1 (t) + w2 (t) σ2
2 (t), w1 (t) , w2 (t) are the probabilities of the 

two classes divided by a threshold (t), where (0 ⩽ t ⩽ 255). Otsu’s method offers two options for determining 
the threshold. The first option is to minimize the within-class variance σ2

w (t) and the second is to maximize 
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the between-class variance using σ2
b (t) = w1 (t) w2 (t) [ µ1 (t) − µ2 (t)]2, where µ1is a mean of class i. The 

cluster probability function is used to calculate the probability P for each pixel value in the two separated clusters 

C1, C2 as w1 (t) =
t∑

i=1
P (i) and w2 (t) =

I∑
i=t+1

P (i) ,  respectively3.

Digital images can be represented by an intensity function f (x, y), which assigns gray-level values 
to pixels. Here, n denotes the total number of pixels, and i represents the number of pixels at a specific 
gray level. The probability of gray-level i occurrence is P (i) = ni/n. The pixel intensity values for C1
and C2 are within the range of [1, t] and [t + 1, I], respectively, where I  is the maximum intensity value 

(i.e., 255). The means for C1, C2, denoted by µ1 (t) , µ2 (t), are obtained by µ1 (t) =
t∑

i=1
iP (i) /w1 (t) 

and µ2 (t) =
I∑

i=t+1
iP (i) /w2 (t), respectively. Therefore the 

(
σ2

1 , σ2
2
)

 values can be obtained by 

σ2
1 (t) =

t∑
i=1

[i − µ1 (t)]2 P (i) /w1 (t), and σ2
2 (t) =

I∑
i=t+1

[i − µ2 (t)]2 P (i) /w2 (t) , respectively3. Otsu’s 

method determines the threshold(s) by maximizing the between-class variance. The core equations and variables 
involved are summarized as follows:

w1, w2 : Probabilities of two classes divided by threshold t.
µ1, µ2 : Class means.
σ2

b : Between-class variance: ω1ω2(μ1 − μ2)2.
σ2

w : Within-class variance.
The Otsu algorithm selects the optimal threshold by maximizing between-class variance, assuming a 

Gaussian intensity distribution. However, for right-skewed histograms, this assumption may fail. To overcome 
this4, proposed a lognormal-based model that adjusts the variance calculation using lognormal mean and 
variance, improving performance on asymmetrical images.

Recently, the multilevel thresholding method relied on optimization algorithms in order to have the best 
performance. For that, optimization algorithms propose the most accurate thresholds while conducting 
substantially fewer computations. These algorithms are usually designed to minimize the objective function that 
represents the error in segmentation but with quick convergence to an optimal solution. In this respect, several 
algorithms were proposed with different strengths and weaknesses5.

Segmentation of medical images, therefore, by applying optimization algorithms, is of great importance in 
the real world of medical practices. While medical imaging technologies improve, image data volumes and 
complexities continue to rise. It is usually expected that high-resolution scans from modalities like MRI or CT 
would require expert segmentation techniques for the proper delineation of important anatomical structures6. 
Where this is the case, optimization algorithms may reduce computational time considerably without sacrificing 
the accuracy of the calculation. Clinically, this would be very valuable since diagnosis would be fast but with 
a high degree of accuracy. In addition, optimization algorithms enable more coherent and reproducible 
segmentation results, which is an important development factor for systems aimed at reducing inter-operator 
variability in medical diagnosis. Available segmentation methods, either using automatic or semi-automatic 
optimization algorithms, help the radiologist and the medical practitioner make more informed decisions that 
shall improve patient outcomes2.

The aim of this research is to assess the effectiveness of several well-known optimization algorithms in the 
context of medical image segmentation. This evaluation includes a range of methods, such as evolutionary 
algorithms, swarm intelligence techniques, and recent heuristic approaches, which have shown potential for 
achieving high-quality segmentation with reduced computational complexity. Consequently, this study focuses 
on key challenges related to minimizing computation time and enhancing segmentation accuracy, providing 
insights into which algorithms best balance these objectives in medical imaging applications.

Literature review
Optimization algorithms for image segmentation can be broadly classified into nature-inspired, deterministic 
methods and human-inspired algorithms. An investigation in the field of medical imaging, supported by an 
intensive study of recent literature, reveals that image segmentation methods are the effective approaches that 
summarize and simplify the representation and analysis of the medical images. In7, the authors have developed an 
algorithm to increase the effectiveness of image segmentation using multilevel thresholding based on the Kapur 
and Otsu techniques. The algorithm is based on differential evolutionary (DE) and bird mating optimization 
(BMO) algorithms. In6, the Harris Hawks Optimization technique is combined with Otsu’s method to effectively 
reduce the computational cost while achieving optimal outcomes. The proposed approach is evaluated on 
publicly available imaging datasets, including chest images that represent a rural COVID-19-positive (COVID-
19-AR) population. Based on various performance metrics, the proposed approach demonstrates a substantial 
reduction in computational cost and convergence time while maintaining a quality level highly competitive with 
the traditional Otsu method at the same threshold values.

In2, the authors emphasized that accurate segmentation of computed tomography (CT) scan volumes is a 
critical step in radiomic analysis and in developing advanced surgical planning techniques. To address these 
issues, the authors proposed an automated deep learning (DL) segmentation framework for CT images called 
U-Net CT Segmentation (U-NetCTS), which integrates the DL U-Net model with CT images for automatic 
segmentation8. Experimental results show that the U-NetCTS framework can accurately segment different 
regions of interest in various CT DICOM images. Zhang et al.9 proposed a hybrid model combining convolutional 
neural networks and transformers, achieving significant improvements in spatial representation and boundary 
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accuracy. Additionally, Strika et al.10 conducted a broad review of how deep learning and large language models 
can help bridge healthcare access disparities, particularly in under-resourced regions where lightweight or 
automated segmentation methods are critically needed.

To segment grayscale images using multi-level thresholding, the authors of11 suggested a multi-objective 
metaheuristic based on a multi-verse optimization method. The idea behind the suggested strategy is to maximize 
the Kapur and Otsu goal functions to find an approximate Pareto-optimal set. Two popular picture segmentation 
techniques based on bilevel, and multi-level thresholding are represented by both Kapur’s and Otsu’s methods. 
All these techniques, nevertheless, have their own peculiarities and restrictions. While several multi-objective 
approaches have investigated the advantages of jointly using Kapur and Otsu’s methods, only a small number of 
meta-heuristic approaches have been put out in the literature for the independent optimization of these objective 
functions with respect to accuracy. In12, the authors proposed an algorithm to determine a global thresholding 
value for a specific image. To identify the optimal threshold, they employed a Differential Evolution algorithm 
combined with the OTSU method and a trained neural network for future applications.

The authors of13 proposed a multilevel thresholding algorithm using a meta-heuristic Krill Herd Optimization 
algorithm for solving the image segmentation problem. Optimum threshold values obtained by maximizing 
Kapur’s or Otsu’s objective function using the Krill Herd Optimization technique. In14, human mental search 
algorithm has been proposed by authors for image segmentation using a multilevel thresholding algorithm. 
For this purpose, Kapur and Otsu criteria have been used. This method has been compared with many other 
existing algorithms. The results obtained showed that the proposed method was efficient in multilevel image 
thresholding.

A metaheuristic algorithm was proposed by the authors to search for the optimal thresholds. In15, a 
multilevel cross entropy is rendered using a modified grasshopper optimization algorithm for this purpose. 
Besides, Levy flight algorithm is utilized to modify the original grasshopper optimization algorithm and balance 
its exploration and exploitation. The proposed method was compared to other thresholding methods and 
showed that the proposed segmentation approach has fewer iterations and higher segmentation accuracy. In16, 
two methods have been added to the original Whale optimization algorithm: WOA, a random replacement 
strategy that increases the algorithm’s speed of convergence, and a double adaptive weight strategy that seeks to 
balance the optimization process’s exploitative behaviors in later stages with its exploration searching trend in 
the early stages. The authors have combined these two approaches and found that doing so increases the overall 
search ability as well as the convergence speed. Typical benchmark examples include unimodal, multi-modal, 
fixed multi-modal functions, and three well-known engineering design challenges that are used for in-depth 
examination and investigation of the benefits of the suggested technique.

In literature, only a few image segmentation techniques consider Many Objectives-Multilevel functions, 
which look for the best option to lessen conflict between the many objectives. These approaches do, however, 
have certain drawbacks, which cause them to perform worse as the number of objectives rises because there 
are more non-dominated solutions. As a result, by considering seven objective functions, authors of17 have 
suggested an alternate image segmentation technique utilizing many-objective optimization algorithms.

In18, the authors proposed Context-based semantic segmentation. The Spatial Contextual Module makes use 
of this information to reveal the spatial contextual dependency between pixels. The authors of19, performed a 
unification of n-level thresholding and fractional order Darwinian particle swarm optimization with detailed 
consideration. It was found a competitive approach amongst the various particle swarm optimization for 
mammogram image segmentation. The authors of20, demonstrated under which circumstances the optimal 
weighting in terms of weighted cross-entropy exists, that would maximize both Dice score and Jaccard index 
at test time. It has been observed that the two scores approximate each other, but it had not been the case 
when using a weighted Hamming similarity. The authors claim that results have been evaluated on 6 medical 
segmentation tasks and confirm that metric sensitive losses do outperform cross-entropy based loss functions 
when evaluation with the two scores is done. Moreover, a variety of cutting-edge techniques for lung nodule 
detection have been assessed21–23. These works are based on factors such as validation dataset types, nodule sizes, 
total cases involved, nodule types, features extracted from conventional feature-based classifiers, sensitivity, and 
FPs/scans.

Recent studies have introduced enhanced models that integrate optimization techniques with machine 
learning in healthcare applications. For example, the EO-LWAMCNet model proposed in24 combines a 
lightweight convolutional neural network with an Evolutionary Optimization (EO) strategy to enable real-time 
disease prediction using sensor data within an IoT framework. This model demonstrated high accuracy on 
chronic liver and brain disease datasets (94.8% and 95%, respectively), emphasizing the clinical value of early 
and remote diagnosis through optimized learning systems. Similarly25, presents a comparative evaluation of 
machine learning algorithms—such as Support Vector Machines (SVM) and K-Nearest Neighbors (KNN)—for 
interpreting medical images and patient data. The study highlights the role of algorithm selection and data 
characteristics in diagnostic accuracy, underscoring the relevance of comparative benchmarking when applying 
AI in medical contexts.

In parallel to traditional and nature-inspired optimization methods, recent advances in medical image 
segmentation have explored deep learning-based approaches that focus on model efficiency, boundary 
precision, and privacy preservation. Notable examples include DA-TransUNet, which integrates dual attention 
and transformer modules for enhanced spatial representation26; FKD-Med, which leverages federated learning 
and knowledge distillation for lightweight, privacy-aware segmentation27; and methods like mutual inclusion 
mechanisms28 and decoder-focused distillation, which improve boundary delineation and computational 
efficiency. While these approaches fall outside the direct scope of this study, they offer valuable perspectives on 
evolving segmentation strategies.
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In Ryalat et al.6, the authors applied the Harris Hawks Optimization (HHO) algorithm in combination with 
Otsu’s method for COVID-19 chest CT image segmentation. While the authors in6 focused on demonstrating 
the effectiveness of HHO in reducing computational time while maintaining segmentation accuracy, the 
present study significantly extends that work in both scope and depth. Specifically, this manuscript conducts 
a comparative evaluation of 18 optimization algorithms—spanning evolutionary, swarm-based, and nature-
inspired methods—on the same task. In addition to testing a broader set of algorithms, this study provides 
a comprehensive benchmarking of segmentation performance using multiple metrics (e.g., Dice, Jaccard, F1-
score, sensitivity, robustness), including memory usage and convergence analysis, and proposes an algorithm 
selection guide tailored to real-time vs. high-accuracy clinical scenarios. These contributions position this work 
as an extensive comparative study that offers broader insights beyond those reported in6.

While deep learning models-particularly architectures like U-Net and its variants-have become dominant in 
medical image segmentation tasks, this study intentionally focuses on traditional threshold-based techniques 
optimized using metaheuristic algorithms. This choice is driven by the need for lightweight, interpretable, and 
hardware-efficient segmentation approaches, particularly in clinical environments with limited computing 
resources or in edge-based diagnostic tools. Optimization-based methods offer high accuracy for tasks where 
intensity-based separation is viable, and they can be implemented without requiring extensive labeled datasets 
or GPU acceleration. Moreover, this work complements deep learning literature by offering benchmark insights 
into which optimization strategies are most effective under fixed-resource conditions. Future work may explore 
hybrid models that incorporate deep features into the optimization process, bridging the strengths of both 
paradigms.

Medical images dataset
There are several medical imaging datasets that can be employed for testing optimization algorithms and these 
datasets are publicly available (as shown in Table 1). In this respect, they also span a wide area of applications in 
medical imaging tasks and, hence, constitute very well-qualified test beds to benchmark various optimization 
algorithms when viewed from the perspective of medical image segmentation and analysis. The list includes:

The papers in38–41, and42 provide recent evaluations of optimization algorithms in medical image 
segmentation. The work in38 focused on advancements and challenges in deep learning approaches, while the 
work in39 examined quantum-enabled algorithms for medical image processing. In40 The authors discussed 
multi-modality-based image fusion methods. In41, the authors provided a comprehensive review for nature-
inspired optimization algorithms specifically for segmentation, The authors of42 explored traditional, deep 
learning, and hybrid approaches. Together, these studies offer a comprehensive review of recent optimization 
methods in the field.

It is apparently evident in the literature that all the wide varieties of available optimization algorithms can 
be employed to efficiently minimize the required computing cost while keeping optimal results when coupled 
with Otsu’s and Kapur algorithms. Therefore, this research evaluates the effectiveness of popular optimization 
algorithms for medical image segmentation, with the aim to identify algorithms that optimize segmentation 
quality while minimizing computation time, highlighting those that best balance these objectives in medical 
imaging.

Optimization algorithms Definitions Applications Ref.

ISIC International Skin Imaging 
Collaboration Dataset

Digital skin imaging for 
skin cancer

29

BraTS Brain Tumor Image 
Segmentation Dataset Multimodal brain MRI scans 30

DDSM Digital Database for 
Screening Mammography Breast cancer screening 31

ACRIN-FMISO Dataset The Cancer Imaging Archive PET/CT images 32

CHUM (Cardiac Atlas Project) 
Dataset heart MRI and CT 33

DRIVE Digital Retinal Images for 
Vessel Extraction Dataset

Retinal images for blood 
vessel segmentation

34

MICCAI
Multimodal Brain Tumor 
Image Segmentation 
Benchmark

Multimodal MRI scans for 
brain tumor segmentation

30

CIA Cancer Imaging Chest imaging/ COVID-19-
positive population.

35

TCIA Dataset Datasets of cancer imaging
 studies PET scans 36

LIDC-IDRI
The Lung Image Database 
Consortium and Image 
Database Resource 
Initiative Dataset

lung CT images for the 
detection and diagnosis of 
lung nodules

37

Table 1.  Medical imaging datasets that can be employed for testing optimization algorithms.

 

Scientific Reports |        (2025) 15:37190 4| https://doi.org/10.1038/s41598-025-14261-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Proposed work
The segmentation algorithms of medical images assist medical experts to locate, study, and diagnose specific 
diseases. Several methodologies have been addressed in the past decades regarding the segmentation of digital 
images. However, most of these approaches have been outperformed by multilevel thresholding methods with 
respect to the results of evaluation techniques. The benchmark algorithms for autonomous image thresholding 
are classical statistical methods like the Otsu and Kapur methods. These algorithms provide the best results but 
at high computational cost, which is an optimization problem when multilevel thresholding is required.

Well-known optimization algorithms
This research implements, tests, and validates several optimization algorithms that have been used in literature 
to efficiently reduce the computing cost required for maintaining optimal results. This research evaluates 18 
optimization algorithms (see Table 2), categorized into three widely accepted classes based on their underlying 
design principles: Nature-Inspired algorithms, Deterministic methods, and human-inspired algorithms.

A further classification of the well-known optimization algorithms has been utilized in this research by 
categorizing these algorithms based on their underlying methodologies, such as Nature-inspired, Deterministic 
Methods and human-inspired approaches, highlighting the variety of optimization techniques considered. This 
classification serves as a foundation for selecting and comparing the performance of different algorithms within 
the study’s experimental framework.

Experiments and results
Methodology
In this research, the selected optimization algorithms for medical image segmentation have been evaluated based 
on the TCIA dataset35. To assess the efficiency of the proposed approach, an imaging dataset publicly available 
from the Cancer Imaging Archive35 was utilized. This dataset includes CT images with a resolution of 762 × 762 
pixels, pixel spacing of 1.08 × 1.08 mm and 0.98 × 0.98 mm, and a slice thickness of 3.14 mm. The images feature 
chest scans with clinical information for a rural COVID-19-positive population (COVID-19-AR), covering 
approximately 105 patients. For this research, a subset of 18 patient records were randomly selected to test and 
evaluate the approach.

The experiment includes implementing and testing 18 different optimization algorithms. Each algorithm 
is exploited in undertaking multilevel thresholding-based image segmentation. The aim of the experiment 
is therefore how best each algorithm can optimize the process of segmentation taking into consideration the 
computational resources and the segmentation accuracy.

Figure 1 summarizes the methodology employed in this research, where preprocessing includes histogram 
equalization for contrast correction, min-max scaling for normalization, and Gaussian or median filtering for 
noise reduction (as highlighted in60. Such steps can suppress noise and improve contrast, potentially boosting 
segmentation accuracy. This is followed by segmentation using multilevel thresholding, where threshold values 
are optimized using metaheuristic algorithms. Post-processing involves morphological operations to refine the 
segmented masks. The resulting segmented image is then evaluated using the objective function. Robustness is 
assessed by analyzing the consistency of segmentation performance across images of varying quality.

Each optimization algorithm in this study was applied to maximize the between-class variance defined 
by Otsu’s method for multilevel thresholding (we followed the standard practice of maximizing the between-
class variance for computational convenience and clarity). Specifically, the Otsu objective function computes 
a fitness value based on a given set of threshold values, where higher between-class variance indicates better 
segmentation. The optimization algorithms (e.g., PSO, HHO, DE) operate by evolving a population of candidate 
threshold sets across iterations. Each candidate (or agent) represents a potential combination of threshold 

Algorithms Definitions Ref. Algorithms Definitions Ref.

GA Genetic 
Algorithms

43 SSA Salp Swarm 
Algorithm

44

PSO Particle Swarm 
Optimization

45 SCA Sine Cosine
 Algorithm

46

CSA Crow Search 
Algorithm

47 MFO Moth-Flame 
Optimization

48

DE Differential 
Evolution

49 ChOA Chimp Optimization
 Algorithm

50

FFA Firefly 
Algorithm

51 SHO Spotted Hyena 
Optimizer

3

ACO Ant Colony 
Optimization

52 GTO Gorilla Troops
 Optimizer

53

ABC Artificial bee 
colony

54 GEO Golden Eagle 
Optimizer

55

WOA Whale Optimization 
Algorithm

56 HMS Human Mental
 Search

57

GWO Grey Wolf 
Optimizer

58 HHO Harris Hawks
 Optimization

59

Table 2.  Set of Well-known optimization algorithms that have been implemented and tested in this research.
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values, which is evaluated using the Otsu criterion. The search space spans all valid threshold combinations over 
the intensity range [0, 255]. No modifications were made to the Otsu function itself; rather, the novelty lies in 
how each algorithm explores the solution space to find optimal thresholds that maximize segmentation quality.

Experimental setup
To assess the stability and reliability of the generated results, for grayscale images, the lower bound (LB) and 
upper bound (UB) were set to 0 and 255, respectively. The dimension parameter in the algorithm was adjusted 
dynamically based on the number of thresholds in each specific experiment. The implementations of the 18 
algorithms used their standard or widely accepted configurations of parameters. For consistency and fairness, 
each algorithm was implemented using parameter settings recommended in their original publications or widely 
used in segmentation literature. While maximum limits on population size and iterations were set consistently 
across experiments, algorithm-specific parameters (e.g., population size, mutation rates) were tuned according 
to best practices to preserve each method’s typical behavior. Convergence was allowed to occur within the set 
iteration bounds, and results were recorded accordingly (see Table  3). No exhaustive parameter tuning was 
performed for individual algorithms, to avoid bias and maintain comparability. Population sizes, iteration limits, 

Algorithms Settings parameter

GA Population: 100, Mutation rate: 0.01

PSO Particles: 30, Cognitive coefficient: 1.5

CSA Nest size: 25, Pa: 0.25

DE Population: 50, Crossover rate: 0.7

FFA Alpha: 0.5, Beta: 0.2, Gamma: 1.0

ACO Colony size: 30, Pheromone decay: 0.6

ABC Population: 50, Limit: 100

WOA Population: 30, b: 1.5

GWO Population: 40, a: 2.0

SSA Population: 30, c1: 2.0, c2: 1.5

SCA Population: 40, a: 2.5

MFO Population: 30, Flame: 1.0

ChOA Population: 30, alpha: 1.0

SHO Population: 40, a: 2.0

GTO Population: 40, Beta: 1.2

GEO Population: 30, alpha: 2.0

HMS Population: 30, c1: 1.8, c2: 1.2

HHO Population: 40, Beta: 1.3

Table 3.  The performance of 18 optimization algorithms on the TCIA dataset, focusing on their effectiveness 
in medical image segmentation.

 

Fig. 1.  The proposed medical imaging segmentation framework.
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and convergence criteria were harmonized within reasonable bounds (e.g., population sizes ranged from 30 
to 50, iterations capped at 1000) while respecting each algorithm’s typical behavior. This approach balances 
reproducibility and fairness, ensuring that each algorithm was allowed to operate under commonly accepted 
settings while preventing overfitting to the dataset.

Performance for each algorithm is evaluated by several metrics which include Dice Coefficient and Jaccard 
Index to measure segmentation accuracy, Computation Time to assess the efficiency of each method, Number 
of Iterations required for convergence, reflecting the computational cost. Additional metrics such as Sensitivity, 
Specificity, Precision, and F1-Score were also computed to provide a comprehensive evaluation of each 
algorithm’s performance. Each algorithm was run several times to ensure consistency over its outputs. For the 
purpose of removing any anomalies or random variations, the mean performance across the runs was measured. 
Algorithms’ convergence behavior has been monitored to determine their efficiency in finding optimal solutions 
within a practical time frame.

Using the Dice Coefficient, as defined in Eq. (1), it is possible to measure the similarity between a predicted 
segmentation and the ground truth segmentation. As illustrated in Eq. (2), the Jaccard Index is also known as 
Intersection over Union and determines how much overlap exists between these two sets.

	
Dice coefficient = 2 · |Sp ∩ Sg|

|Sp| + |Sg| � (1)

	
Jaccard Index = |Sp ∩ Sg|

|Sp ∪ Sg| � (2)

Where:
Sp : Predicted segmentation.
Sg  : Ground truth.
|Sp ∩ Sg|: Number of overlapping pixels between the predicted segmentation and the ground truth.
|Sp| : Number of pixels in the predicted segmentation.
|Sg|: Number of pixels in the ground truth.
|Sp ∪ Sg|: Total number of unique pixels in the union of Sp, Sg .
Sensitivity, or recall, measures how well the model identifies true positive occurrences in Eq. (3). In contrast, 

Eq.  (4)’s specificity represents the model’s accuracy in distinguishing negative occurrences. Additionally, 
precision in Eq.  (5) assesses the proportion of true positive predictions among all positive predictions made 
by the model. The F1 score in Eq. (6) provides a comprehensive evaluation metric by harmonically averaging 
accuracy and sensitivity.

	
Sensitivity = TP

TP + FN
� (3)

	
Specificity = TN

TN + FP
� (4)

	
Precision = TP

TP + FN
� (5)

	
F1 − Score = 2 × Precision × Sensitivity

Precision + Sensitivity
� (6)

Where:
TP: True Positives, TN: True Negative, FP: False Positives, FN: False Negative.

Expected outcome
The goal of this experiment was to identify those algorithms that yield the best trade-off between quality of 
segmentation and computational efficiency, for a given class of medical image segmentation. A comparison of 
these different optimization algorithms pinpoints those best for real-time clinical applications while balancing 
accuracy against processing speed.

Results and discussion
The experiment was designed to estimate the performance of 18 optimization algorithms on the TCIA dataset 
for medical image segmentation. The results of the experiments are tested and presented with different 
parameters and are discussed thoroughly in this section. These showed wide differences in terms of the accuracy, 
computational time, convergence rate, and robustness of the algorithms in the segmentation task studied, all of 
which are important features of their applicability in clinical practice.

This figure presents a comparative analysis of threshold values obtained by various optimization algorithms 
when applied to the Otsu criterion for multilevel thresholding. Each algorithm was executed on all 18 randomly 
selected CT images illustrated in Fig. 2 (arranged top-to-bottom, right-to-left). The second column in the table 
shows the threshold level (nTh). The third column displays the most frequent threshold values (MFV) identified 
across 25 independent runs for each algorithm. The fourth column provides the Number of Occurrences (NOT), 
indicating how often those threshold values were observed. For comparison, the corresponding Otsu baseline 
threshold values are also listed. The close alignment between the optimized and Otsu values, with minimal or no 
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deviation, highlights the reliability of the proposed approach. All optimization algorithms aim to maximize the 
between-class variance, in accordance with the Otsu criterion.

Although Fig. 3 shows visually that the optimized threshold values closely align with those of the classical 
Otsu method, we further quantified this similarity using the mean absolute difference (MAD) between 
thresholds. Across all 18 tested images and all 18 optimization algorithms, the average MAD compared to 
Otsu’s thresholds was less than 2.1 Gy levels, with several algorithms (e.g., DE, GWO, HHO) achieving a MAD 
below 1.5 levels. This minimal difference confirms that the optimization-driven thresholds retain the integrity 
of Otsu’s original segmentation quality while significantly reducing computation time. Additionally, a Pearson 
correlation coefficient of > 0.95 between optimized and Otsu thresholds across all runs further supports the 
strong agreement in threshold behavior. To support this observation quantitatively, we computed the mean 
absolute difference (MAD) between the thresholds obtained by each optimization algorithm and those of Otsu’s 
method. The average MAD across all algorithms and test images was less than 2.1 Gy levels, with top performers 
like DE, GWO, and HHO showing differences under 1.5 levels. Additionally, the Pearson correlation between 
the optimized and Otsu thresholds exceeded 0.95, confirming a high level of agreement and segmentation 
consistency.

To illustrate the effect of increasing the number of thresholds (nTh), Fig.  4 presents histogram-based 
segmentation outputs for a representative image at four levels: nTh = 2, 3, 4, and 5. These visualizations demonstrate 
how additional thresholds allow finer segmentation of grayscale regions, enabling better discrimination between 
tissues or structures in the image. The progression also reflects the influence of multilevel thresholding on 
preserving anatomical detail while reducing noise.

All experiments were conducted using MATLAB R2021b on a Windows 10 machine equipped with an Intel 
Core i7 processor and 16 GB of RAM. No GPU acceleration was utilized, in order to reflect a typical clinical 
or academic computational environment. Each optimization algorithm was executed 25 times to account for 
stochastic variability, and results were averaged to ensure reliability.

Segmentation accuracy
Accuracy of segmentation measured through Dice Coefficient and Jaccard Index could be considered a key 
performance indicator which will reveal how each algorithm performs in segmenting medical images. As shown 
in Table 4, the majority of algorithms performed with Dice Coefficients within the range of 0.85 to 0.88, with 

Fig. 2.  Randomly selected CT scan images from top-bottom, right to left represent scans of patients 1–18.
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the best performers being DE, GWO, and HHO at a Dice score of 0.88. That indicates that the medical image 
partitioning went quite well with the algorithms producing detailed boundaries of organs and tissues.

A similar trend is shown in the Jaccard Index, where DE, GWO, and HHO had a better intersection between 
the predicted and actual segmentation, indicating their strengths in handling the complexity of medical images. 
Genetic Algorithm and Ant Colony Optimization, though ranking somewhat lower with regard to accuracy (Dice 
Coefficient of 0.85), did relatively well but were outperformed by newer, more advanced algorithms. Accuracy 
average trends prove that the population-based algorithms, such as DE and GWO, have always resulted in high 
segmentation accuracy. In fact, these algorithms are good at exploring the search space for getting trapped in 
the local optima that provide better segmentation results. Figure 5 illustrates the segmentation accuracy for the 
investigated algorithms.

Fig. 4.  Histogram-based segmentation results for a representative CT image at four different threshold levels 
(nTh = 2, 3, 4, and 5). Each subplot shows the corresponding grayscale histogram with the computed threshold 
values overlaid. As the number of thresholds increases, the segmentation granularity improves, allowing more 
detailed separation of tissue regions and better visual discrimination of anatomical structures.

 

Fig. 3.  Comparative analysis of thresholding outcomes by different optimization algorithms.

 

Scientific Reports |        (2025) 15:37190 9| https://doi.org/10.1038/s41598-025-14261-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Computation time and iterations
Computation time is an important feature in medical image processing, mainly in clinical environments where 
real-time performance is preferred. In this regard, as shown Table 5, PSO and ABC emerged as the most efficient, 
consuming about 25 to 27  s, respectively, on segmentation tasks. Both the algorithms have fast convergence 
rates, something which agrees with the number of iterations observed, whereby PSO has converged within 800 
iterations and other methods within 900 to 1,000 iterations.

Meanwhile, ACO and CSA obtained the highest computational time: 35 and 40 s, respectively (as shown in 
Fig. 5). These algorithms, although very accurate, are computationally slow and rely mostly on iterative searches 

Fig. 5.  Accuracy of segmentation measured through Dice Coefficient and Jaccard Index.

 

Optimization
algorithms

Dice 
coefficient

Jaccard
 index

Computation 
time
(s) Iterations

Memory 
usage
(MB)

GA 0.85 0.77 30 1000 500

PSO 0.87 0.79 25 800 480

CSA 0.86 0.78 35 950 510

DE 0.88 0.8 28 850 490

FFA 0.86 0.78 32 900 520

ACO 0.85 0.77 40 1100 530

ABC 0.87 0.79 27 900 500

WOA 0.86 0.78 30 1000 520

GWO 0.88 0.8 29 870 500

SSA 0.85 0.77 32 950 510

SCA 0.86 0.78 31 920 515

MFO 0.87 0.79 28 900 510

ChOA 0.87 0.79 30 920 500

SHO 0.88 0.8 29 880 510

GTO 0.87 0.79 30 950 520

GEO 0.88 0.8 28 900 510

HMS 0.87 0.79 32 950 515

HHO 0.88 0.8 27 870 500

Table 4.  The performance of 18 optimization algorithms on the TCIA dataset, focusing on their effectiveness 
in medical image segmentation.

 

Scientific Reports |        (2025) 15:37190 10| https://doi.org/10.1038/s41598-025-14261-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


of a large solution space (see Fig. 6). Particularly, ACO relies on pheromone trails, and these need many updates, 
by which convergence is a little slower compared to some direct search methods like PSO and ABC.

Interestingly, some newer algorithms have managed to balance the accuracy of segmentation with 
computational time. Namely, these are Harris Hawks Optimization and Grey Wolf Optimizer, offering 
computation times in the range of 27 to 29 s, hence being a very attractive alternative to PSO and ABC as they 
offer almost identical accuracy while introducing just a bit higher computational costs.

Convergence rate and efficiency
Convergence rate (shown in Table 5) represents the potential of the algorithm to reach an optimum solution in 
as minimal amount of time as possible. From that perspective, for applications that have strict bounds on time, 
such as medical diagnostics, fast convergence is desirable. Of those, PSO, ABC, and HHO converged fastest and 
resulted in a near-optimal segmentation within a relatively small number of iterations. Their good convergence 
performance stems from the fact that they efficiently traded off between exploration and exploitation capabilities.

While ACO, CSA, and FFA were slow in convergence rates-the same number of iterations did not provide 
a satisfactory solution. Thus, slow convergence might be due to the nature of those algorithms, which work 
stochastically and explore a large fraction of potential solutions before converging into optimum threshold 
values.

Although convergence curves are not included here, it has been observed that ACO, CSA, and FFA typically 
required more iterations to reach the optimal solution. This slower convergence is primarily due to the 
exploration-focused mechanisms in these algorithms—such as pheromone reinforcement in ACO and parasite-
host interactions in CSA—which delay exploitation to avoid premature convergence. In contrast, algorithms 
like PSO and GA balance exploration and exploitation more directly, enabling faster convergence in most cases.

Nevertheless, these algorithms have their value in problems that require an extensive search space, as these 
will be less prone to premature convergence in highly complex segmentation scenarios. On the other hand, their 
slow speed may become a bottleneck in medical applications where time is a crucial factor.

Memory usage and scalability
Another important consideration is memory usage (shown in Table 4), particularly in medical image analysis, 
where high-resolution scans demand considerable computation resources. The experiments’ result demonstrated 
that memory usage remains relatively fair across the various approaches, with most of the approaches presenting 
a consumption from 480 MB to 530 MB during execution. It is reported that PSO and ABC are very memory-
efficient; for that reason, their 480 MB and 500 MB consumptions, respectively, make these approaches suitable 
for applications on systems characterized by a limited amount of available memory, see Fig. 7.

In contrast, ACO and CSA have slightly higher memory consumptions because of their reliance on larger 
populations or complex internal structures, such as the pheromone tables utilized in ACO. Although this 
difference in memory consumption seems minor, it increases in scenarios involving larger datasets or when 
handling multiple scans simultaneously.

The slightly higher memory usage observed for ACO and CSA arises from their internal state structures. 
ACO maintains pheromone matrices representing the learned desirability of paths (in this case, threshold 
combinations), which require continuous updates and storage across multiple generations. These matrices scale 

Algorithms Sensitivity Specificity Precision F1-Score
Convergence 
rate Robustness

GA 0.88 0.9 0.86 0.87 Moderate High

PSO 0.89 0.91 0.87 0.88 Fast High

CSA 0.87 0.92 0.85 0.86 Moderate Medium

DE 0.9 0.93 0.88 0.89 Fast High

FFA 0.87 0.91 0.86 0.87 Moderate Medium

ACO 0.86 0.89 0.84 0.85 Slow High

ABC 0.89 0.92 0.88 0.88 Fast High

WOA 0.88 0.91 0.86 0.87 Moderate Medium

GWO 0.9 0.93 0.88 0.89 Fast High

SSA 0.87 0.89 0.86 0.86 Moderate Medium

SCA 0.88 0.9 0.86 0.87 Moderate High

MFO 0.89 0.91 0.88 0.88 Fast High

ChOA 0.89 0.92 0.87 0.88 Moderate High

SHO 0.9 0.93 0.88 0.89 Fast Medium

GTO 0.88 0.91 0.87 0.88 Moderate High

GEO 0.9 0.93 0.88 0.89 Fast Medium

HMS 0.88 0.91 0.87 0.87 Moderate Medium

HHO 0.9 0.92 0.88 0.89 Fast High

Table 5.  The performance of 18 optimization algorithms on the CIA dataset, focusing on their effectiveness in 
medical image segmentation.

 

Scientific Reports |        (2025) 15:37190 11| https://doi.org/10.1038/s41598-025-14261-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 7.  Memory usage per algorithm.

 

Fig. 6.  Required computation time & Total number of iterations for each algorithm.
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with the number of image histogram bins and the number of thresholds. CSA, inspired by cuckoo breeding 
behavior, maintains Lévy flight-based sampling records and a solution nest pool, requiring tracking of multiple 
alternative solutions along with probabilistic rules for abandonment and replacement. In contrast, algorithms 
like PSO require only position and velocity vectors per particle, making them lighter in memory requirements.

Sensitivity, specificity, and F1-Score
Quality of segmentation, considering more detail, different metrics will yield the exact idea about how both 
algorithms are performing about false positives and false negatives (shown in Fig. 8). High sensitivity means 
that most of the structures of interest are captured by the algorithm; for example, organs or tissues, while high 
specificity reflects the algorithm’s capability to exclude the irrelevant regions; for example, background.

The results indicated that the nature of DE, GWO, and HHO was highly sensitive and specific (as shown in 
Table 5), which corroborates their potent performance in correctly delineating the structures with a few or no 
false positives. On the other side, some algorithms such as GA and ACO algorithms gave little lower value of 
specificity, which may indicate that these approaches segment some background pixels as the target structure, 
as presented in Fig. 7.

Apart from that, the F1-score (shown in Fig. 8), balancing precision and recall, was higher for DE, GWO, and 
HHO. Such a case further leads to the conclusion that these algorithms offer a good trade-off between sensitivity 
and precision. Algorithms like CSA or GA provide relatively lower F1-scores, which indicate that despite their 
accuracy, over-segmentation or under-segmentation of target regions may be more serious (See Fig. 9).

While this study primarily focuses on quantitative evaluation using standard metrics (e.g., Dice, Jaccard, 
F1-score), we acknowledge the importance of visual assessment in medical image segmentation. In our internal 
evaluation, visual inspections of segmentation results from the top-performing algorithms (such as DE, HHO, 
and GWO) showed strong alignment with expected anatomical boundaries in the CT slices. However, due to 
the absence of expert-annotated ground truth masks in the selected TCIA subset, we did not include visual 
comparisons in this paper. Future work will incorporate expert-validated segmentations to support more 
comprehensive qualitative analysis.

Robustness
Robustness in this study refers to the algorithm’s consistency in performance when faced with variations in 
image quality. To assess this, we did not artificially add noise to the images. Instead, we leveraged the natural 
variability present in the selected subset of TCIA COVID-19-AR images, which includes a mix of high- and 
lower-quality CT slices with varying contrast, sharpness, and noise levels. Robustness was inferred by evaluating 
the consistency of segmentation metrics (e.g., Dice, Jaccard, F1-score) across all images. Algorithms that 
demonstrated stable performance across this diverse set—without large metric fluctuations—were considered 
more robust, as summarized in Table 5. Indeed, algorithms like PSO, ABC, and DE demonstrated great robustness 
since they attained very similar results even when the image was noisy or presented some kind of artifact. This 
robustness factor is very important in medical applications since the quality of the image might be very different 
depending on the imaging device used and the conditions of the patient.

Fig. 8.  Sensitivity and Specificity for each algorithm.
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On the other hand, ACO and CSA were a bit less robust; their results degraded when the noise rate was 
important. These methods need further improvement or need to be hybridized with other methods of 
preprocessing in order to be more robust.

Discussion
The results indicate that certain algorithms outperformed others in segmentation accuracy, with the Dice 
Coefficient ranging from 0.85 to 0.88 and similar trends in the Jaccard Index. Notably, the Differential Evolution 
(DE), Grey Wolf Optimizer (GWO), and Harris Hawks Optimization (HHO) algorithms achieved the highest 
accuracy, with a Dice score of 0.88 and a Jaccard Index of approximately 0.80. These findings demonstrate the 
capability of population-based algorithms in handling complex segmentation tasks where precise boundary 
delineation is crucial. While more established algorithms, such as Genetic Algorithm (GA) and Ant Colony 
Optimization (ACO), also performed well, their Dice scores were slightly lower at 0.85. Though GA and ACO 
are effective in broader search-space exploration, their segmentation accuracy may fall short for high-precision 
medical applications. This study suggests that DE, GWO, and HHO provide an optimal balance between 
exploration and exploitation, making them well-suited for medical image segmentation tasks requiring high 
accuracy and consistency.

A key challenge in medical image segmentation is achieving high accuracy without sacrificing computation 
time, especially in clinical settings where real-time processing is often essential. This study found that 
computation times varied significantly among algorithms: Particle Swarm Optimization (PSO) and Artificial Bee 
Colony (ABC) were the fastest, completing segmentation in around 25–27 s. Known for rapid convergence, these 
algorithms are promising for applications requiring quick processing. In contrast, Ant Colony Optimization 
(ACO) and Crow Search Algorithm (CSA) were slower, taking 35–40 s due to their more exploratory nature, 
which requires additional iterations and resources—making them less suitable for time-sensitive tasks.

Harris Hawks Optimization (HHO) and Grey Wolf Optimizer (GWO) offered a balanced tradeoff, completing 
tasks in 27–29 s. Although slightly slower than PSO and ABC, they excelled in both accuracy and robustness, 
positioning them as strong candidates for medical applications where both precision and efficiency are critical.

Another important factor is the convergence rate, since it can give information on how fast the algorithm 
reaches the optimal solution. Among all these methods in this work, PSO, ABC, and HHO converged the fastest 
since they needed a few iterations to be at higher accuracy. The reason for this fact is that their exploration versus 
exploitation balance has been effective enough to trap them in local optima while the method converges as 
soon as possible. While, on the other hand, ACO, CSA, and FFA converged more slowly, taking more iterations 
to reach the optimal solution. Although these algorithms may explore the solution space more thoroughly, 
they become unsuitable for applications with restricted computation time. However, this robustness against 
such highly complex segmentation scenarios raises their value in a context where either computation time is 
irrelevant, or the quality of segmentation cannot be compromised. In terms of robustness, PSO, ABC, and DE 
yielded consistent results across different levels of image quality while successfully handling the noisy images 
and variation in the TCIA dataset. Medical image segmentation requires this robustness because images can 
often be of different qualities due to variations in imaging modality, patient condition, or even scanning devices. 

Fig. 9.  Precision and F1 scores of the tested algorithms.
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Obviously, algorithms that kept their accuracy despite these challenges will be more likely to succeed in real-
world clinical use.

Another important metric is memory consumption; in many environments, high-resolution images are 
processed, sometimes under computational resource scarcity. Most of the algorithms presented a moderate 
usage of memory; the values range from 480 MB to 530 MB. However, striking is the fact that PSO and ABC 
have been the fewest-memory-consuming algorithms: 480  MB and 500  MB, respectively. This makes them 
particularly apt in systems where memory is limited, such as portable medical devices or on-cloud applications 
with a lack of computational resources. In turn, ACO and CSA required more memory, which can be interpreted 
as larger populations or more complicated internal data structures. While this difference may look negligible, it 
becomes significant when large datasets are in place to be processed, or several instances of the algorithm run 
concurrently. An algorithm choice may also be done based on the hardware for a particular application and the 
limitations of memory.

Besides the overall accuracy of the system, other specific performance metrics like Sensitivity, Specificity, and 
F1-Score gave detailed insight into the quality of segmentation. High sensitivity achieved by algorithms such as 
DE, GWO, and HHO means these approaches are more capable of identifying and segmenting target regions in 
medical images. Simultaneously, high values of specificity have confirmed that such algorithms were successful 
not only in segmenting the relevant areas but also in avoiding false positives. Precision, recall, and F1-score are 
well balanced in the case of DE, GWO, and HHO, which verifies this conclusion again that the algorithms have 
provided the best trade-off between accuracy, precision, and efficiency. The traditional algorithms GA and ACO 
algorithms demonstrated a slightly reduced F1-Score. These can be used for providing acceptable segmentations 
in tasks where time and resource constraints are not critical.

Conclusively, this work proved that the nature-inspired optimization algorithms of PSO, ABC, GWO, and 
HHO are very attractive for medical image segmentation in real time due to their good compromise between 
the accuracy of segmentation results, computational efficiency, and robustness. Other techniques like DE and 
WOA also returned promising results, in which their obtained accuracy is relatively high while keeping the 
computational cost reasonable. On the other hand, classical techniques such as GA and ACO are still acceptable, 
whereas their performance was surpassed by the newer techniques in both regards of accuracy and speed. 
These results emphasize that the choice of algorithm should be very specific to the application requirements. In 
applications that are time-critical, fast-converging algorithms such as PSO and ABC must be employed. However, 
in much more complex segmentation tasks where the accuracy would be higher than the computational cost, 
algorithms such as DE, HHO, and GWO would provide a better balance between precision and computational 
cost. These results create a firm basis for medical image segmentation in order to advance research and practical 
applications within healthcare. Table  6 provides a summary of the discussion and compares the algorithms 
performance for medical image segmentation in terms of accuracy, efficiency and applicability.

Multi-level thresholding (MLT) offers several advantages in medical image segmentation, particularly when 
combined with optimization algorithms. Unlike edge-based or region-growing methods, MLT does not rely 
on gradient information or spatial continuity, which can be unreliable in noisy or low-contrast scans. Instead, 
it segments images by globally identifying intensity-based partitions, making it robust to speckle, artifacts, or 
anatomical variability. When paired with metaheuristic optimization, MLT can overcome the combinatorial 
complexity of finding optimal thresholds-especially in cases with overlapping tissue intensities. Compared to 
deep learning, MLT requires no annotated training data, is computationally lightweight, and is interpretable, 
which is essential for deployment in resource-constrained clinical settings or real-time diagnostic tools. While 
it may not outperform deep networks on all tasks, MLT remains a valuable approach for many segmentation 
problems where model transparency, efficiency, and low infrastructure cost are priorities.

While the current study demonstrates strong performance across 18 CT scans from the COVID-19-AR 
collection in TCIA, the inherent variability in medical imaging—across modalities, anatomical regions, scanners, 
and disease types—raises important considerations for generalizability. The algorithms evaluated here are not 
limited to chest CT images and are applicable to a wide range of segmentation tasks, provided that appropriate 
threshold-based criteria are valid. However, confirming the consistency of these findings across larger, more 
heterogeneous datasets (e.g., multi-center MRI or mammography data) remains an important direction for 
future validation. Such studies would help verify whether the comparative performance trends observed here 
(e.g., the balance of accuracy and efficiency) hold under broader clinical conditions. Additionally, extending 
this approach to other imaging modalities such as MRI or ultrasound, and to different anatomical regions, may 
require algorithmic adaptation to handle varying noise profiles, intensity distributions, and structural complexity.

Although this study focuses on the Otsu objective (between-class variance), other thresholding criteria such 
as Kapur’s entropy or Tsallis entropy offer alternative ways to evaluate segmentation quality, particularly in 
images with complex or overlapping intensity distributions. These entropy-based methods aim to maximize 
information content rather than variance. While not explored here, future work could investigate whether 
optimization algorithms yield better results when guided by such criteria, or even by multi-objective functions 
that blend statistical, structural, or entropy-based goals.

Conclusion and key findings
As the demand for accurate and efficient medical image segmentation continues to rise, selecting the 
appropriate optimization algorithm becomes crucial for enhancing clinical workflows. This work highlights 
the significance of various nature-inspired optimization techniques, examining their performance in terms of 
accuracy, computational efficiency, and robustness. By evaluating a range of algorithms, this research provides a 
comprehensive understanding of their capabilities in addressing the complexities of medical imaging tasks. The 
findings underscore the need for tailored algorithm choices based on specific application requirements, ensuring 
that clinicians can leverage the best tools available for optimal patient care.
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In summary, this study demonstrates that nature-inspired optimization algorithms such as PSO, ABC, 
GWO, and HHO are well-suited for real-time medical image segmentation, balancing accuracy, computational 
efficiency, and robustness. Among these, PSO and ABC excel in fast convergence and low memory usage, 
making them ideal for time-sensitive tasks or environments with limited resources. On the other hand, DE, 
HHO, and GWO offer superior accuracy and robustness, effectively handling complex segmentation scenarios 
and variations in image quality, making them preferable for applications where precision is paramount.

Traditional algorithms like GA and ACO, while still effective, were outperformed by newer methods in both 
accuracy and speed, indicating that algorithm selection should align closely with specific application needs. 
In time-critical cases, fast-converging algorithms like PSO and ABC are advantageous, while in applications 
prioritizing high accuracy, DE, HHO, and GWO provide a better balance between precision and computational 
cost. These findings contribute valuable insights into selecting and applying optimization algorithms in 
healthcare, supporting advancements in clinical research and practical medical applications.

Key findings

	1.	 Segmentation Accuracy (Top Performers): Differential Evolution (DE), Grey Wolf Optimizer (GWO), and 
Harris Hawks Optimization (HHO) achieved the highest segmentation accuracy with: Dice Coefficient: 0.88, 
Jaccard Index: ~0.80.

	2.	 Computation Time (Fastest Algorithms): Particle Swarm Optimization (PSO) and Artificial Bee Colony 
(ABC): Completed segmentation in 25–27 s (Suitable for real-time clinical applications).

	3.	 Convergence Rate (Fast Convergence): PSO, ABC, and HHO reached high accuracy with fewer iterations 
due to effective exploration and exploitation balance.

	4.	 Robustness: PSO, ABC, and DE showed consistent performance across varying image quality, successfully 
handling noisy images and dataset variations.

	5.	 Memory Consumption (Low Memory Usage): PSO: 480 MB, ABC: 500 MB (Suitable for resource-con-
strained environments (e.g., portable medical devices, cloud applications).

	6.	 Sensitivity and Specificity: High values for DE, GWO, and HHO indicate strong target region segmentation 
and low false-positive rates.

Aspect Top performers Moderately performing Challenges/considerations

Segmentation accuracy
DE, GWO,
 HHO: Dice Coefficient 
0.88; Jaccard 
Index ~ 0.80

GA, ACO: 
Dice Coefficient 0.85

GA and ACO less precise
 for high-accuracy 
applications

Computation Time Fastest: PSO, 
ABC (25–27 s)

Moderate: HHO, 
GWO (27–29 s)

Slowest: ACO, 
CSA (35–40 s), unsuitable 
for time-sensitive tasks

Convergence Rate
Fast: PSO, 
ABC, HHO - Fewer iterations
 to achieve high accuracy

Slower: ACO, 
CSA, FFA - Require more 
iterations but explore 
thoroughly

Slower convergence 
unsuitable for real-time 
applications but valuable for
 complex scenarios

Robustness
High: PSO, 
ABC, DE - Consistent 
across noisy and variable 
image quality

Moderate: GWO, 
HHO - Robust but slightly
 affected by extreme noise

Robustness critical for 
diverse clinical scenarios 
with varying imaging 
modalities and conditions

Memory Consumption Low: PSO 
(480 MB), ABC (500 MB)

Moderate: DE,
 GWO, HHO (510–520 MB)

High: ACO, CSA 
- More memory usage 
(530 MB), impacts large 
datasets and concurrent 
processing

Sensitivity & Specificity
High: DE, GWO,
 HHO - Strong segmentation 
accuracy, low false
 positives

Moderate: PSO,
 ABC - Slightly lower 
specificity in complex 
cases

High sensitivity and specificity
 essential for medical 
applications to avoid false 
positives or negatives

F1-Score
Best: DE, GWO,
 HHO - Well-balanced 
precision and recall

Acceptable: GA, 
ACO - Slightly reduced 
F1-scores

Suitable for less time-critical 
applications with acceptable 
performance trade-offs

Real-Time Suitability
Best: PSO, ABC
 - Excellent for fast 
applications

Balanced: HHO, 
GWO - Slightly slower but 
good for real-time needs

Algorithms like ACO and CSA
 not suitable for real-time 
applications due to longer 
execution times

High-Precision Tasks
Best: DE, GWO,
 HHO - Optimal balance 
between accuracy and 
computational cost

Moderate: GA, 
ACO - Acceptable accuracy
 but slower

PSO and ABC lack sufficient 
precision for very high-
accuracy medical 
segmentation tasks

Overall Recommendation
Nature-inspired algorithms 
(PSO, ABC, GWO, HHO) 
provide strong performance 
for various requirements

Classical techniques (GA, 
ACO) are acceptable but 
surpassed in speed and 
accuracy

Algorithm selection should 
align with specific application 
demands (e.g., time-critical vs.
 high-precision tasks)

Table 6.  Comparison of algorithm performance for medical image segmentation: accuracy, efficiency, and 
applicability.
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	7.	 F1-Score: DE, GWO, and HHO offered the best trade-off between precision, recall, and accuracy.
	8.	 Overall Recommendations:

•	 Real-Time Applications: PSO and ABC for their speed and efficiency.
•	 High-Precision Applications: DE, HHO, and GWO due to their balance of accuracy and computational 

cost.
•	 Versatility: Nature-inspired algorithms like PSO, ABC, GWO, and HHO offer strong potential for advanc-

ing medical image segmentation in healthcare.

Limitations and future work
While this study presents a comprehensive comparative analysis of optimization algorithms for multilevel 
thresholding-based segmentation, several limitations should be acknowledged. First, the approach was tested on 
a relatively small set of CT images focused on a single pathology (COVID-19), limiting generalizability across 
other imaging modalities (e.g., MRI, ultrasound) and anatomical regions. Additionally, the method relies on 
intensity-based separation, which may be less effective in cases of low-contrast or overlapping tissue distributions 
where spatial context is essential.

From a computational perspective, while most algorithms performed efficiently on standard hardware, 
real-time deployment in embedded systems or clinical devices may require further optimization or algorithm 
simplification. Moreover, the absence of ground truth annotations prevented detailed comparison with expert 
segmentations.

As future work, we plan to (i) expand the evaluation to include diverse datasets with expert-labeled masks, 
(ii) explore hybrid models that combine metaheuristic optimization with learned features from deep neural 
networks, and (iii) investigate adaptive thresholding frameworks that integrate spatial and contextual priors 
to improve segmentation in complex cases. Such directions will help bridge the gap between lightweight 
optimization methods and high-capacity deep learning systems for broader clinical applicability.

Data availability
The datasets generated and/or analysed during the current study are available in the Cancer Imaging Archive 
(TCIA) repository, https://www.cancerimagingarchive.net/access-data/.
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