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To improve the quality and computational efficiency of image segmentation, and to overcome the 
limitations of the traditional K-means algorithm—such as sensitivity to initial cluster centers and 
susceptibility to local optima—this study proposes an Improved Dung Beetle Optimization (IDBO) 
algorithm and its application to K-means-based image segmentation. First, Latin Hypercube Sampling 
(LHS) is employed to initialize the population, enhancing diversity and uniformity in the search 
space and preventing premature convergence in early iterations. Second, a hybrid position updating 
strategy, combining a nonlinear decision factor with a competition mechanism, dynamically balances 
global exploration and local exploitation, improving adaptability across different search stages. Third, 
the Cauchy inverse cumulative distribution operator and tangent flight operator are integrated to 
perform dynamic perturbation and fine-tuning on optimal individuals, strengthening local exploitation 
and enhancing the ability to escape local optima. Comprehensive experiments on standard benchmark 
functions demonstrate that IDBO outperforms the original DBO and other comparative algorithms in 
convergence speed, optimization accuracy, and stability. The algorithm is further applied to optimize 
K-means clustering for image segmentation. Quantitative metrics, including Mean Squared Error 
(MSE) and Peak Signal-to-Noise Ratio (PSNR), confirm that IDBO-based segmentation achieves higher 
accuracy, better edge preservation, and improved texture fidelity. Additionally, an ablation study 
isolates the contributions of each enhancement strategy, demonstrating their complementary effects 
and validating the superiority of the integrated IDBO framework. These results highlight the potential 
of combining intelligent optimization and clustering algorithms to develop adaptive, high-performance 
image segmentation techniques.

Keywords  Dung beetle optimization algorithm, K-Means, Latin hypercube sampling, Nonlinear decision 
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Image segmentation is one of the core research areas in the field of computer vision and image processing1,2. 
Its goal is to partition an image into several non-overlapping and internally homogeneous regions based on 
the similarity of pixel characteristics such as grayscale, spatial texture, and geometric shape3,4. Within each 
region, pixels share similar attributes, while differences between regions are maximized. High-quality image 
segmentation not only enhances the accuracy of subsequent tasks such as image recognition and analysis but 
also has extensive applications in medical image analysis, object detection, intelligent transportation, and remote 
sensing image processing5,6.

Among the many image segmentation methods, the K-means clustering algorithm7,8 is widely used due 
to its simplicity, computational efficiency, and ease of implementation. The algorithm segments an image 
by minimizing the sum of squared distances between pixels and their respective cluster centers9. However, 
traditional K-means has notable limitations10: its performance is highly sensitive to the selection of initial cluster 
centers, and different initializations may yield substantially different clustering outcomes. As a result, K-means is 
prone to converging to local optima, which can negatively impact segmentation accuracy and stability.

To overcome these drawbacks, researchers have integrated K-means with intelligent optimization algorithms 
to enhance the selection of initial cluster centers and improve global search capabilities11. For example, Das 
et al. 12 combined the Levy–Cauchy Arithmetic Optimization Algorithm (LCAOA) with K-means to improve 

1Guangxi Technological College of Machinery and Electricity, Nanning 530007, Guangxi, China. 2College of Safety 
Engineering, China University of Mining and Technology, Xuzhou 221116, Jiangsu, China. 3Guangxi Vocational 
& Technical College of Manufacturing and Engineering Nanning, Nanning 530105, Guangxi, China. email: 
17304264947@163.com

OPEN

Scientific Reports |        (2026) 16:11187 1| https://doi.org/10.1038/s41598-026-38438-2

www.nature.com/scientificreports

http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-026-38438-2&domain=pdf&date_stamp=2026-2-25


initialization and segmentation accuracy; however, its performance remained limited when processing noisy 
images in different color spaces. Song et al. 13 introduced Gaussian functions and adaptive scale operators 
to improve algorithm robustness, achieving superior performance on noisy images, though results were 
less satisfactory on low-contrast or simple-texture images. Liang et al. 14 pointed out that clustering-based 
segmentation methods still depend heavily on initial cluster centers and are unsuitable for images with simple 
backgrounds or minimal color variation.

To further improve global optimization performance, Xue et al. 15 proposed the Dung Beetle Optimization 
(DBO) algorithm, which mimics the dung beetle’s behaviors of foraging, rolling, and nesting to achieve high 
search efficiency and fast convergence. Nevertheless, the original DBO still suffers from premature convergence 
and limited optimization accuracy. To address these issues, several researchers have proposed various 
improvements. For instance, some studies introduced a nonlinear weighted golden sine strategy into the rolling 
behavior to improve convergence speed and precision16, while others integrated the follower position updating 
mechanism from the Sparrow Search Algorithm into DBO, enhancing global optimization performance and 
successfully applying the improved algorithm to automotive collision simulations17. Mehmood et al.18 enhanced 
the Aquila Optimizer by incorporating multiple chaotic maps into its exploitation phase, demonstrating superior 
performance on benchmark functions and effective parameter estimation for electro-hydraulic systems, while 
highlighting improved robustness under noise and potential sensitivity to parameter tuning. Mehmood et al.18 
proposed multiple chaotic variants of the Young’s double slit experiment (YDSE) optimizer by integrating ten 
chaotic maps through different mechanisms, demonstrating that the Gauss-map-based variant significantly 
outperforms several state-of-the-art optimizers on benchmark functions and in modeling electrically stimulated 
muscle systems.

In summary, existing improvements have enhanced DBO’s stability and applicability to a certain extent; 
however, challenges remain in solving high-dimensional and complex optimization problems, where convergence 
accuracy and speed are still insufficient, and the risk of local optima persists. To address these limitations, this 
paper proposes an Improved Dung Beetle Optimization (IDBO) algorithm, aiming to further strengthen both 
global exploration and local exploitation capabilities. The proposed IDBO is then applied to optimize parameters 
of the K-means algorithm for image segmentation. Comprehensive simulation experiments on 12 benchmark 
test functions, the Wilcoxon Rank-Sum Test, and the CEC2021 benchmark suite verify the proposed algorithm’s 
superior performance in terms of convergence speed, optimization accuracy, and robustness. Furthermore, 
the IDBO-optimized K-means algorithm is applied to various image segmentation tasks, demonstrating its 
effectiveness and superiority in improving segmentation accuracy and stability. This research provides a new 
approach for enhancing the performance of traditional clustering algorithms and establishes a theoretical and 
practical foundation for applying intelligent optimization techniques in image segmentation and other computer 
vision applications.

Theoretical foundation
Principle of K-means algorithm
K-means algorithm for image segmentation, firstly, the target image is abstracted into a set of data sample points 
with d-dimensional vectors20, which can be denoted as M = (M1, M2, · · · , Md), and the initial clustering center 
is selected from the set of data sample points K, i.e., C = (C1, C2, · · · , CK), and secondly, Mi(i = 1, 2, · · · , d) 
is assigned to the K clusters according to the Euclidean minimum distance, and the objective function is denoted 
as 21:

	

D =
K∑

i=1

∑
M∈Cj

∥Mj − Ci∥2� (1)

The smaller D is, the higher the similarity of the data within the cluster and the better the clustering. k-means 
is expressed as 22:

	
Ci = 1

n

n∑
j=1

Mj � (2)

where ni is the number of data points in the i-th cluster. Through continuous iteration, when the center of the 
K clusters no longer have any change or not much change or meet the iteration conditions, the clustering results 
can be obtained.

Dung beetle optimization algorithm
Ball rolling and dancing behavior
The Dung Beetle Optimization (DBO) algorithm was inspired by the natural behaviors of dung beetles, including 
ball-rolling, breeding, foraging, and stealing, and was designed with four distinct update rules to guide the 
search for the global optimum23.

During the ball-rolling process, dung beetles rely on celestial cues such as the sun’s position or wind direction 
to maintain a straight-line trajectory while rolling their dung balls. To simulate this rolling behavior, dung beetles 
in the algorithm move across the entire search space along a specific direction. In this process, the position of 
the rolling beetle is continuously updated, and the mathematical model describing the rolling behavior can be 
expressed as 24:

Scientific Reports |        (2026) 16:11187 2| https://doi.org/10.1038/s41598-026-38438-2

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


	

xi(t + 1) = xi(t) + α × k × xi(t − 1) + b × ∆x

∆x = |xi(t) − Xw|
� (3)

where t denotes the current iteration number, xi(t) denotes the position information of the i-th dung beetle at 
the t-th iteration, k ∈ (0, 0.2] denotes the constant of the deflection coefficient, b denotes the constant belonging 
to (0, 1), a is a natural coefficient, and the input probability value λ, if λ < rand(1) then a is 1, and vice versa a 
is -1. Xw  denotes the global worst position, which ∆x is used to simulate the variation of light intensity.

When a dung beetle encounters an obstacle that prevents it from moving forward, it needs to reorient itself by 
dancing to a new route. The tangent function is introduced to simulate the dung beetle determining a new rolling 
direction by dancing. The dung beetle dancing behavior position is updated as follows:

	 xi(t + 1) = xi(t) + tan(θ) |xi(t) − xi(t − 1)|� (4)

whereθ ∈ [0, π] ,denotes the coefficient of deviation, when θ ∈ [0, π/2, π], tan θ is meaningless, the position of 
the dung beetle does not change.

Reproductive behavior
In nature, dung balls are rolled to a safe place and hidden by dung beetles. To provide a safe environment for 
their offspring, choosing a suitable spawning site is very important for dung beetles. Inspired by this, a boundary 
selection strategy is proposed to model the area where female dung beetles lay their eggs, which is defined as 25:

	

Lb∗ = max(X∗ × (1 − R), Lb)
Ub∗ = min(X∗ × (1 + R), Ub)

� (5)

where X∗ denotes the current local optimal position, Lb∗and Ub∗ denotes the lower and upper bounds of the 
spawning region, where R = 1 − t/Tmax, Tmax denotes the maximum number of iterations, and Lb and Ub 
denotes the lower and upper bounds of the search space, respectively.

The boundary range of the spawning area is dynamically adjusted with the number of iterations, therefore, 
the breeding sphere position is dynamically changed during the iteration process as shown in Eq. (6).

	 Bi(t + 1) = X∗ + b1 × (Bi(t) − Lb∗) + b2 × (Bi(t) − Ub∗)� (6)

where: Bi(t)is the position information of the i-th breeding ball at the a-th iteration, and b1and b2 denote two 
independent random vectors of size 1 × D.

Foraging behavior
The foraging process of dung beetles in nature was simulated and the optimal foraging area was established to 
guide the dung beetles to forage. The boundary of the optimal foraging area is defined as 26:

	

Lbb = max(Xb × (1 − R), Lb)
Ubb = max(Xb × (1 + R), Ub)

� (7)

where Xb is the global best position, Lbb and Ubb denote the lower and upper bounds of the best foraging area. 
Therefore, the position of the small dung beetle is updated as follows:

	 xi(t + 1) = xi(t) + C1(xi(t) − Lbb) + C2(xi(t) − Ubb)� (8)

where xi(t)denotes the position information of the i-th small dung beetle in the t-th iteration, C1denotes a 
random number obeying normal distribution, and C2 denotes a random vector belonging to.

Theft
Some dung beetles will steal dung balls from other dung beetles, and the location update can be described as:

	 xi(t + 1) = Xb + S × g × (|xi(t) − X∗| +
∣∣xi(t) − Xb

∣∣)� (9)

where xi(t) denotes the position information of the i-th stealing dung beetle at the t-th iteration, g is a random 
vector with normal distribution of size 1 × D, and denotes a constant.

Improving the Dung beetle optimization algorithm
Latin hypercube sampling
Population initialization directly affects the algorithm’s optimization accuracy and convergence speed. The 
pseudo-random function used by the standard dung beetle optimization algorithm to initialize the population 
has some limitations in practice, especially when the variable space is large and complex, it may not be able to 
generate a sufficiently uniform initial population globally any more, causing the algorithm to over-concentrate 
in some regions or ignore other potentially favorable regions, which affects the overall optimization efficiency.

Latin Hypercube Sampling (LHS) is a stratified sampling method whose main feature is the high degree of 
homogenization of the extracted samples27, which is more effective than the random sampling method, and 
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therefore it is widely used in the initialization population problem of intelligent algorithms. Assuming that N 
samples are drawn from a D-dimensional vector space, the steps of Latin hypercube sampling are as follows28:

	a)	 Determine the vector space D and the number of samples to be drawn N, and let a hypercube variable have 
dimension D and variable xj ∈ [lb, ub] , j = 1, 2, · · · , D .

	b)	 Divide the domain of definition xj [lb, ub] Nlb = xj
1 < xj

2 < · · · < xj
i < · · · < xj

N = ub.

of the variable into homogeneous interval, i.e.,
So the original hypercube is divided into ND  small hypercube.
 

  	 c)	   Produces N × D matrix a of A which each column is a fully permutated combination of N equalized 
intervals.

    	d)	   Each row of matrix A corresponds to a selected small hypercube, and N samples can be drawn by gener-
ating a random sample within each selected small hypercube29.   

 
Figure 1 presents the comparative results used to verify the effectiveness of the Latin Hypercube Sampling 

(LHS) initialization strategy. The LHS initialization method is compared with random initialization30, Tent 
chaotic mapping initialization31, and PWLCM chaotic mapping initialization32. The comparison results clearly 
demonstrate that the LHS-based initialization generates a more uniform population distribution across the 
search space than the other methods. The accompanying histogram provides an intuitive visualization of the 
differences among the initialization strategies, and the statistical results further confirm that LHS initialization 
achieves a well-balanced and evenly distributed sampling within the search space.

Hybrid location update strategy
Nonlinear decision factor  Whether or not the algorithm can reasonably balance the algorithm’s global search 
and local exploitation ability will directly affect the algorithm’s ability to find the best33. In the DBO algorithm, 
the dung beetle generates an initial solution randomly in the solution space, which guides the dung beetle’s posi-
tion update. Rolling dung beetles can help the population to converge to the foraging area in the early stage and 
accelerate the convergence of the algorithm. The position update is as follows:

	

{
xi(t + 1) = xi(t) + α × k × xi(t − 1) + b × ∆x, rand < R

xi(t + 1) = xi(t) + tan(θ) |xi(t) − xi(t − 1)| , otherwise
� (10)

The constant R is a decision factor that controls the algorithm’s global search capability and local exploitation 
capability. The constant decision factor is not suitable for solving complex and high-dimensional real engineering 
problems. Therefore, in this paper, a nonlinear decision factor is used so that the algorithm decreases slowly 
in the early stage to increase the ball-rolling dung beetle search probability and help the algorithm converge 
quickly. In the late stage of the algorithm, it decreases rapidly to increase the probability of dung beetle searching 
to help the algorithm jump out of the local optimum. The nonlinear decision factor is formulated as follows34:

	
Rv = Rv0 ×

[
1 −

(
eL/ Iter − 1

e − 1

)k
]

� (11)

where Rv0 is the initial value of the decision factor, which is taken as 1 in this study, k is the model control factor, 
the value of k controls the decay speed of the model, and the larger the value of k, the slower the decay speed of 
the model is. After many experiments to verify, when k take 10, the algorithm works best.

Competition mechanism  The Empire Competition Algorithm was proposed in 2007, which contains impor-
tant mechanisms such as assimilation, revolution, and flipping35. Inspired by the Empire Competition Algo-
rithm, a competition mechanism is introduced between the ball-rolling dung beetles and the stealers. At each 
iteration, the stealers will randomly select a ball-rolling dung beetle and move one distance in the direction of 
its position to execute “preparation for stealing”, which is similar to the “assimilation” mechanism in the Com-
petition Algorithm. Similar to the “assimilation” mechanism in the competitive algorithm, the stealer has the 
probability to be attracted by other dung beetles when moving, resulting in a direction jump, which is updated 
in the following way:

	
(T τ

i )new = T τ
i + p × q × T τ

i − Rτ
Rand

∥T τ
i − Rτ

Rand∥ � (12)

where Rτ
Rand is the position of the τ -th iteration of the ball-rolling dung beetle of a randomly selected one, 

and p is a random number between 0 and 2 × ∥T τ
i − Rτ

Rand∥; q is the directional hopping coefficient, and the 
expression is:

	
q =

{
tan φ, 0 < ξ ⩽ 0.3
0 , 0.3 < ξ < 1 � (13)
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Fig. 1.  Distribution of initialization. (a) LHS initialization, (b) Random initialization, (c) Tent chaotic 
mapping initialization, (d) PWLCM chaotic mapping initialization.
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where φ is a random number between − π
4  and π

4 ; ξ is a random number between 0 and 1.
When the stealer succeeds in stealing the dung beetle’s dung ball, the identities of the stealer and the dung 

beetle are swapped, similar to the “inversion” mechanism in competitive algorithms, according to the following 
rules:

	

{{
switch

(
(T τ

i )new, Rτ
rand

)
, if f

(
(T τ

i )new

)
< f (Rτ

rand)
empty, else

� (14)

where switch indicates that a position swap operation is performed; empty indicates that no operation is 
performed.

By introducing the competition mechanism, the position updating strategy of the stealer, i.e., utilizing the 
position information of the ball-rolling dung beetle, strengthens the information interaction, improves the 
homogenization phenomenon among individuals in the process of convergence, and further optimizes the 
population structure, which not only accelerates the algorithm’s convergence speed, but also enhances the 
algorithm’s global search capability and avoids falling into the local optimum.

Cauchy inverse cumulative distribution operator combined with tangent flight operator
The selection of the Cauchy inverse cumulative distribution operator and the tangent flight operator is based 
on the inherent limitations of the original DBO’s local exploitation phase. For the foraging behavior of young 
dung beetles, the need to balance “precision approaching the optimal solution” and “avoiding local stagnation” 
requires an operator with adaptive step-size adjustment capability. The Cauchy inverse cumulative distribution 
operator is selected for its heavy-tailed distribution characteristic, which enables dynamic step-size reduction 
during the approach to the optimal position, ensuring both convergence efficiency and exploration breadth. 
Meanwhile, the tangent flight operator is chosen due to its strong random direction perturbation ability, which 
can break the spatial clustering of individuals in the late iteration stage. This combination of operators is designed 
to address the trade-off between local exploitation accuracy and global exploration capability, a key challenge in 
metaheuristic algorithms for complex optimization problems.

When the small dung beetle searches toward the global optimum, its position update is more random, which 
makes the algorithm’s convergence speed and convergence accuracy decrease, resulting in the inability to obtain 
the global optimum solution. To further improve the ability of the algorithm to jump out of the local optimum, 
the Cauchy inverse cumulative distribution operator is introduced into the dung beetle’s foraging behavior. The 
position is updated as:

	
xi (t + 1) = xi (t) +

(
Xb − xi (t)

) (
0.01 tan

(
π

(
p − 1

2

)))
� (15)

The foraging behavior primarily guides the young dung beetles to move toward the global optimal position. 
However, since the optimal position contains limited food resources, dung beetles located farther away cannot 
achieve rapid foraging. To address this issue, the Cauchy inverse cumulative distribution operator is introduced. 
This operator enables the dung beetles to gradually reduce the distance between themselves and the food source, 
thereby shrinking the overall step size and allowing the population to reach the optimal fitness value more 
efficiently.

In the later stages of iteration, dung beetle individuals tend to rapidly assimilate and cluster near the optimal 
position, which may cause the population to become trapped in local optima. To overcome this, the tangential 

Fig. 1.  (continued)
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flight operator is adopted as a proportional factor to control the step size. This operator helps balance the 
exploration and exploitation processes, enhances the convergence performance of the DBO algorithm, and 
effectively avoids accuracy degradation.

The local random walk is performed based on the product of the tangential flight operator and the distance 
between dung beetles and the food source, which proves highly effective for spatial exploration and prevents the 
algorithm from falling into local optima23. The corresponding position update formula is expressed as:

	
Hb (t) = Xb (t) ∗ tan

(
v

π

2

)
� (16)

where Xb(t) denotes the optimal position of the individual in the t-th iteration, Hb(t) denotes the position after 
a tangent flight perturbation to the optimal position Xb(t), v is a random number uniformly distributed within 
[0, 1], and d is the dimension of the function24.

Figure 2 shows the IDBO algorithm flowchart.

IDBO optimized K-means for image segmentation
In performing image segmentation, the target image is first treated as a d-dimensional space vector with a data 
sample point set of M, and m data points are randomly selected from it as the initial clustering center. Then the 
remaining data points in the set M are assigned to the class m. Let mi be is the i-th data point in set M, Cj is the 
j-th clustering center, and assuming the minimum when ∥Mi − Cj∥, assign data point Mi to class j. The fitness 
function of IDBO is the minimum loss function of K-means algorithm, denoted as:

	
fi =

d∑
i=1

m∑
j=1

∥Mi − Cj∥� (17)

Specifically, IDBO optimized K-means for image segmentation is performed as follows:
Step1: Set the initial parameters of IDBO algorithm; take the minimum loss function as the fitness function 

of the algorithm and calculate the fitness;
Step2: Generate the clustering center;
Step3: Cluster the pixels according to the Euclidean clustering;
Step4: Take the pixel mean of each category as the new clustering center;
Step5: Determine whether the convergence condition is satisfied, i.e., whether the clustering center is changed 

or not; if satisfied, output the result; otherwise return to step2.

Fig. 2.  IDBO Algorithm Flowchart.
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When IDBO reaches the maximum number of iterations, the optimization search results are used to initialize 
the clustering center of the next process K-means algorithm, so as to overcome the defects of K-means algorithm 
affected by the initialization of the clustering center, and further improve the performance of K-means algorithm.

Time complexity
Time complexity reflects the change in the execution time of an algorithm as the data size grows, and is 
usually measured as the growth rate as a function of the input size. Assume that the algorithm population size 
N, the number of iterations T, and the dimension D. Let the time complexity of the population initialization 
phase be O(N), the time complexity of updating the population position be O(T ND), and the time 
complexity of the local search phase be O(T ND). The time complexity of the standard DBO algorithm is 
O(N) + O(T N) + O(T ND) = O(T ND) .

This study carries out an improvement of DBO by introducing Latin hypercubic sampling initialization 
has not improved the updating formula in the global search phase, at which point the complexity is still 
O(N). Introducing a hybrid position update strategy in the global search phase36 only changes the allocation 
of populations and the way the algorithm is executed without changing the algorithm itself the complexity is 
still O(T N). The introduction of the Kersey inverse cumulative distribution operator that fuses tangent flights 
to execute the greedy principle increases the O(T ) computation changes under the same order of magnitude37, 
and the complexity of the rest of the link is the same as the DBO algorithm, so the time complexity of this stage 
is O(T ND). So the total time complexity of IDBO is O(N) + O(T N) + O(T ND) = O(T ND).

In summary, the total time complexity of image segmentation for IDBO optimized K-means is still 
O(N) + O(T N) + O(T ND) = O(T ND).

Numerical experiments
Model parameter settings and baseline functions
To evaluate the performance of the proposed Improved Dung Beetle Optimization (IDBO) algorithm, a series 
of five comparative simulation experiments were conducted against several well-established optimization 
algorithms, including the original DBO, GWO, BWO, PSO, MODBO, and MSDBO. The experimental design is 
as follows:

Experiment 1: Analyze the effectiveness of the three improvement strategies integrated into the IDBO 
algorithm.

Experiment 2: Compare the optimization performance of IDBO with six other intelligent optimization 
algorithms under different dimensions.

Experiment 3: Perform the Wilcoxon rank-sum test to evaluate the statistical significance of the performance 
differences between IDBO and the other six swarm intelligence algorithms.

Experiment 4: Utilize CEC2021 benchmark functions to further verify the stability and robustness of the 
IDBO algorithm when handling complex optimization tasks.

Experiment 5: Compare the performance and effectiveness of IDBO and other algorithms when applied to 
K-means-based image segmentation optimization.
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All experiments were conducted under a 64-bit Windows 10 operating system with an Intel(R) Core(TM) i5-
7200U CPU at 2.70 GHz. To validate the performance improvement of DBO achieved by the proposed strategies, 
12 benchmark test functions were selected38. Among them, F1–F7 are unimodal functions used to test the local 
exploitation capability of the algorithms, while F8–F12 are multimodal functions used to evaluate their global 
exploration ability.

To ensure fairness and consistency in performance evaluation, all algorithms were configured with a 
population size of 30, a maximum of 500 iterations, and dimensional settings of 30, 100, and 500 39,40. Each 
experiment was independently executed 30 times, and the results were evaluated using three indicators: the 
mean (mean), standard deviation (std), and best value (best)14. Specifically, the best and mean values indicate the 
optimization accuracy and capability, while the standard deviation (std) reflects the stability of the algorithm41.

In addition to the original DBO, three widely used optimization algorithms and two recently developed 
algorithms were selected for comparison. The parameters of each algorithm were configured according to their 
respective references, as summarized in Table 1.

Performance effectiveness analysis of progressive strategies
To verify the effectiveness of the proposed improvement strategies in enhancing the performance of the Dung 
Beetle Optimization (DBO) algorithm, three variant algorithms were designed for comparison:

IDBO1: DBO improved only with the Latin Hypercube Sampling (LHS) strategy.
IDBO2: DBO improved only with the hybrid update strategy combining nonlinear decision factors and a 

competitive mechanism.
IDBO3: DBO improved only with the Cauchy inverse cumulative distribution operator and the tangent flight 

operator.
The experimental parameter settings were consistent with those described in Sect. 3.1.
As shown in Table 2, both IDBO-3 and the fully improved IDBO algorithm achieved theoretical optimal 

values for the best, mean, and standard deviation metrics on functions F1–F3, indicating that the integration of 
the Cauchy inverse cumulative distribution and tangent flight operators effectively enhances the optimization 
performance of the algorithm. For function F6, IDBO1 achieved the best and mean values among all variants, 
though its standard deviation was not optimal, suggesting a limitation in stability for this particular strategy. 
Overall, IDBO3 outperformed the original DBO algorithm, demonstrating that incorporating the Cauchy and 
tangent flight mechanisms helps the algorithm escape local optima, effectively balancing global exploration and 
local exploitation, and improving robustness42.

Furthermore, IDBO1 and IDBO2 achieved significantly better performance than the original DBO algorithm 
across all three evaluation metrics on functions F1–F4, confirming that both the LHS initialization and hybrid 
update strategy substantially enhance the optimization accuracy and search efficiency of the algorithm43,44.

In summary, the comprehensive comparison across 12 benchmark functions shows that the fully improved 
IDBO algorithm, which integrates all proposed strategies, consistently outperforms the other four variants, 
thereby fully validating the effectiveness and superiority of the proposed improvement mechanisms.

Figure 3 shows the convergence curves of the five algorithms. It can be observed that IDBO1 exhibits a 
convergence trend similar to the original DBO; however, its convergence accuracy is improved, and the average 
optimization performance is more stable. Compared with DBO, the IDBO2 algorithm demonstrates further 
improvement in both average convergence accuracy and standard deviation, indicating that it effectively 

algorithms parameters parameter value

IDBO

R 0.5

k 10

b 0.3

p,φ,ξ,v random number

PSO

r1 ,r2 random number

c1 ,c2 2

ω ωmax = 0.9, ωmin = 0.2

DBO

b 0.3

α -1 or 1

R Decrease linearly from 1

GWO
r1 ,r2 random number

a Decrease linearly from 2

BWO r1 ,r2 ,r3 ,r4 random number

MODBO
r1 ,r2 random number

ω ωmax = 1.25, ωmin = 0.25

MSDBO

ST 0.7

β1 Gradually decreasing from 1 to 0

β2 Gradual increase from 0 to 1

Table 1.  Parameter variable settings.
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balances global exploration and local exploitation. For IDBO3, it is evident that the incorporation of the Cauchy 
inverse cumulative distribution operator and the tangent flight operator significantly enhances the algorithm’s 
ability to escape from local optima45, resulting in faster convergence toward the global optimum and improved 
overall search performance.

Performance comparison experiments with other swarm intelligence algorithms
To further verify the superior performance of the IDBO algorithm, it was compared with GWO, BWO, PSO, 
DBO, MODBO, and MSDBO on 12 benchmark test functions, with dimensions set to 30, 100, and 500, and 
other parameters configured as in Sect. 3.1. The comparison results are shown in Table 3.

For functions F1–F7, IDBO achieved the best performance across all evaluation metrics compared to the 
other algorithms. Under the 30-dimensional condition for F3, IDBO reached the optimal value of 0, with a mean 
value of 0, outperforming DBO. For functions F8–F12, the convergence accuracy of IDBO was generally able to 
reach the theoretical optimum of 0.

Under 100-dimensional conditions, all algorithms showed some performance degradation, but IDBO was 
least affected by the increase in dimensionality, maintaining a significant accuracy advantage. In particular, for 
F1–F4, F6, and F8, all evaluation metrics achieved the theoretical minimum, with no regression in accuracy. 
Compared to other swarm intelligence algorithms, the average convergence accuracy of IDBO remained 
superior, demonstrating its strong optimization capability. Additionally, the standard deviation of IDBO was 
smaller than that of the other metaheuristic algorithms, indicating better stability and ability to escape local 
optima. Among the other algorithms, only GWO was able to reach the theoretical value for F8, while their 
optimization performance on the remaining benchmark functions was relatively poor.

Under the high-dimensional condition of 500 dimensions, IDBO outperformed all other algorithms in all 
precision metrics. Its mean values were significantly better than those of the other algorithms, verifying IDBO’s 
excellent optimization accuracy, and its smaller std values confirmed the algorithm’s robustness.

In summary, based on the mean values, IDBO demonstrates higher solution accuracy and faster convergence 
speed; based on the standard deviation, it exhibits superior global search ability and excellent optimization 

Fun No. Algorithm Best Mean Std Fun No. Algorithm Best Mean Std

F1

DBO 5.57E-161 2.39E-117 1.23E-116

F7

DBO 9.11E-05 1.79E-03 2.23E-03

IDBO-1 1.37E-154 1.37E-103 7.50E-103 IDBO-1 2.00E-05 1.83E-04 1.44E-04

IDBO-2 3.74E-153 8.45E-107 4.63E-106 IDBO-2 6.06E-05 1.47E-03 9.16E-04

IDBO-3 0.00E + 00 0.00E + 00 0.00E + 00 IDBO-3 6.85E-06 1.72E-04 1.96E-04

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 IDBO 2.80E-06 1.53E-04 1.43E-04

F2

DBO 9.90E-91 3.72E-59 1.58E-58

F8

DBO -1.25E + 04 -8.49E + 03 1.80E + 03

IDBO-1 4.89E-83 2.87E-60 1.30E-59 IDBO-1 -1.25E + 04 -8.63E + 03 2.07E + 03

IDBO-2 4.12E-85 4.03E-59 2.20E-58 IDBO-2 -1.22E + 04 -9.33E + 03 1.81E + 03

IDBO-3 0.00E + 00 0.00E + 00 0.00E + 00 IDBO-3 -1.26E + 04 -1.06E + 04 1.87E + 03

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 IDBO -1.36E + 04 -1.09E + 04 1.85E + 03

F3

DBO 3.26E-143 1.08E-46 5.90E-46

F9

DBO 0.00E + 00 2.09E + 00 9.17E + 00

IDBO-1 7.87E-145 5.78E-75 3.16E-74 IDBO-1 0.00E + 00 1.18E + 00 3.95E + 00

IDBO-2 2.41E-131 1.32E-52 7.24E-52 IDBO-2 0.00E + 00 4.19E + 00 2.25E + 01

IDBO-3 0.00E + 00 0.00E + 00 0.00E + 00 IDBO-3 0.00E + 00 0.00E + 00 0.00E + 00

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 IDBO 0.00E + 00 0.00E + 00 0.00E + 00

F4

DBO 3.54E-84 1.81E-52 9.80E-52

F10

DBO 0.00E + 00 2.09E + 00 9.17E + 00

IDBO-1 9.56E-84 3.30E-55 1.49E-54 IDBO-1 0.00E + 00 1.18E + 00 3.95E + 00

IDBO-2 9.79E-79 4.12E-52 2.26E-51 IDBO-2 0.00E + 00 4.19E + 00 2.25E + 01

IDBO-3 0.00E + 00 0.00E + 00 0.00E + 00 IDBO-3 0.00E + 00 0.00E + 00 0.00E + 00

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 IDBO 0.00E + 00 0.00E + 00 0.00E + 00

F5

DBO 2.55E + 01 2.58E + 01 2.71E-01

F11

DBO 0.00E + 00 2.09E + 00 9.17E + 00

IDBO-1 2.54E + 01 2.57E + 01 1.69E-01 IDBO-1 0.00E + 00 1.18E + 00 3.95E + 00

IDBO-2 2.51E + 01 2.57E + 01 2.29E-01 IDBO-2 0.00E + 00 4.19E + 00 2.25E + 01

IDBO-3 2.37E + 01 2.44E + 01 6.30E-01 IDBO-3 0.00E + 00 0.00E + 00 0.00E + 00

IDBO 2.36E + 01 2.46E + 01 5.83E-01 IDBO 0.00E + 00 0.00E + 00 0.00E + 00

F6

DBO 2.15E-05 1.73E-01 2.52E-01

F12

DBO 8.92E-08 9.12E-04 2.27E-03

IDBO-1 5.53E-06 9.77E-03 5.16E-02 IDBO-1 1.75E-07 1.14E-04 4.45E-04

IDBO-2 4.24E-06 8.06E-03 2.89E-02 IDBO-2 1.25E-07 6.68E-04 1.86E-03

IDBO-3 3.58E-07 2.92E-01 3.75E-01 IDBO-3 3.27E-08 1.30E-03 4.29E-03

IDBO 9.99E-08 1.03E-03 1.39E-03 IDBO 1.50E-08 3.46E-05 8.35E-05

Table 2.  Comparative test results of different improvement strategies.
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stability. IDBO can quickly converge to high precision on unimodal functions, while for multimodal functions, 
it avoids local optima and premature convergence, maintaining reliable global search performance.

Figure  4 shows the convergence curves of the IDBA algorithm with the other six algorithms under 12 
benchmark test functions. It is clearly seen that the IDBO algorithm overwhelmingly has faster and higher 
convergence speed and accuracy under the 12 test functions, further verifying the algorithm’s excellent 
performance in solving the problem.

Wilcoxon rank sum test
To further compare the IDBO algorithm with other algorithms, Wilcoxon rank sum test was performed46,47. 
The experiment was run independently 30 times for each algorithm, and the Wilcoxon rank sum test of the run 
results at the significant level of the value, if, it means that these two algorithms are significantly different, if, it 
means that these two algorithms are the same on the whole. “+” “=” “-” indicates that the performance of IDBO 
algorithm is better than, equal to and inferior to other algorithms respectively.NaN indicates that the results of 
these two algorithms are too similar to be significant.

Table 4 shows that the p-value of the rank sum test for most of the algorithms is less than 0.05, indicating that 
the difference in the performance of the IDBO algorithm over the other six algorithms is significant.

Fig. 3.  Convergence curve of IDBO with different improvement strategies.
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functions algorithms

30D 100D 500D

mean std best mean std best mean std best

DBO 7.58E-103 4.15E-102 2.53E-158 1.99E-108 1.09E-107 5.42E-153 3.68E-116 1.99E-115 2.18E-148

F1

GWO 1.18E-27 1.67E-27 3.15E-29 1.59E-12 1.15E-12 1.43E-02 1.74E-03 5.65E-04 8.99E-04

BWO 3.99E-03 1.56E-02 -5.03E-02 1.73E-03 1.43E-02 -6.48E-02 5.80E-03 1.53E-02 -6.79E-02

PSO 1.59E-01 3.67E + 00 -1.27E + 01 3.72E-01 6.62E + 00 -3.96E + 01 7.49E-01 6.13E + 00 -9.97E + 01

MODBO 3.36E-132 1.82E-163 1.70E-131 1.30E-131 6.88E-131 1.80E-168 1.12E-111 6.13E-111 1.23E-153

MSDBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

F2

DBO 5.06E-62 1.78E-61 6.41E-66 3.63E-51 1.99E-50 1.91E-87 2.62E-59 1.03E-58 1.64E-84

GWO 3.91E-04 1.96E-03 -6.68E-03 4.13E-08 1.36E-08 2.09E-08 1.09E-02 1.68E-03 7.28E-03

BWO 1.17E-16 7.17E-17 1.29E-17 2.03E05 1.73E-03 -7.95E-03 5.89E-04 1.69E-03 -7.50E-03

PSO 9.03E-01 3.23E + 00 -1.00E + 01 1.45E + 00 4.24E + 00 -1.00E + 01 1.79E + 00 3.86E + 00 -1.00E + 01

MODBO 5.60E-78 1.24E-65 1.22E-79 1.89E-80 9.12E-65 5.42E-80 8.59E-65 4.04E-64 2.84E-83

MSDBO 2.36E-273 0.00E + 00 1.30E-297 2.26E-269 0.00E + 00 1.57E-294 6.56E-261 0.00E + 00 2.41E-286

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

F3

DBO 2.25E-78 1.23E-77 4.65E-140 6.29E-38 3.45E-37 1.78E-150 3.96E-09 2.17E-08 5.92E-149

GWO 5.97E-06 7.73E-06 2.29E-09 5.20E + 02 4.49E + 02 1.29E + 01 3.29E + 05 9.33E + 04 2.02E + 05

BWO 4.64E-03 1.70E-01 -9.25E-01 1.04E-02 3.46E-01 -1.52E + 00 4.50E-03 6.58E-01 -4.89E + 00

PSO -3.13E-03 3.51E + 01 -1.00E + 02 4.21E-02 3.75E + 01 -1.00E + 02 -2.01E-02 5.27E + 01 -1.00E + 02

MODBO 7.14E-86 3.90E-85 1.16E-139 2.19E-70 1.20E-69 2.46E-144 1.29E-47 7.07E-47 2.54E-137

MSDBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

F4

DBO 1.90E-53 1.04E-52 4.29E-78 4.80E-48 2.63E-47 4.20E-84 1.64E-31 9.01E-31 4.36E-79

GWO 8.54E-07 1.01E-06 9.75E-08 9.67E-07 9.82E-07 3.96E-08 6.59E + 01 4.47E + 00 5.73E + 01

BWO 2.98E-03 8.40E-03 -1.81E-02 1.04E-03 7.52E-03 -2.88E-02 2.22E-03 1.12E-02 -3.21E-02

PSO 4.14E-01 5.12E + 00 1.67 + 01 8.24E-02 5.66E + 00 -1.61E + 01 4.65E-01 1.34E + 01 -4.83E + 01

MODBO 1.28E-56 7.03E-56 5.02E-100 3.99E-54 2.19E-53 6.23E-78 1.03E-54 3.15E-54 4.35E-74

MSDBO 1.00E-264 0.00E + 00 2.38E-284 5.79E-256 0.00E + 00 1.92E-285 5.31E0255 0.00E + 00 6.45E-273

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

F5

DBO 2.55E + 01 2.78E + 01 2.35E + 01 6.53E + 01 7.12E + 01 5.89E + 01 4.97E + 02 2.26E-01 4.97E + 02

GWO 2.80e + 01 4.48e + 01 2.57e + 01 6.26E + 01 6.73E + 01 5.92E + 01 4.98E + 02 2.60E-01 4.97E + 02

BWO 1.00E + 02 1.80E-03 9.94E-01 1.01E + 00 2.10E-03 9.96E-01 1.01E + 00 1.70E-03 9.95E-01

PSO 2.64E + 03 2.01E + 03 4.19E + 02 2.75E + 06 1.87E + 07 3.28E + 03 -1.08E + 00 3.67E + 00 -7.35E + 00

MODBO 2.84E + 01 3.63E-01 2.78E + 01 9.88E + 01 7.41E-02 9.86E + 01 4.98E + 02 4.61E-02 4.99E + 02

MSDBO 2.71E + 01 9.62E + 00 2.50E-03 8.05E + 01 8.05E + 01 7.47E-01 4.95E + 02 1.46E + 00 4.91E + 02

IDBO 2.50E + 01 2.66E + 01 2.32E + 01 9.53E + 01 7.12E + 01 6.60E-01 4.85E-01 5.54E + 01 1.91E-01

F6

DBO 1.31E-02 3.17E-02 2.44E-05 5.29E + 00 7.33E-01 2.85E + 00 8.96E + 01 2.82E + 00 8.56E + 01

GWO 5.12E-01 4.74E-01 2.66E-01 2.12E + 01 6.13E-01 7.32E + 00 9.18E + 01 1.76E + 00 8.81E + 01

BWO -4.58E-01 1.34E-01 -6.12E-01 -4.62E + 00 1.24E-01 -6.96E + 00 -6.54E-01 1.44E-01 -7.28E-01

PSO 7.32E + 01 6.13E + 01 2.58E + 01 1.19E + 03 5.30E + 02 4.73E + 02 6.05E-01 5.33E + 00 -1.89E + 01

MODBO 3.42E + 00 4.65E-01 2.38E + 00 1.71E + 01 1.01E + 00 1.44E + 01 1.05E + 02 2.81E + 00 9.96E + 01

MSDBO 5.44E-01 8.66E-01 1.37E-06 8.97E + 00 6.16E + 00 1.80E + 00 7.21E + 01 1.51E + 01 3.85EE + 01

IDBO 3.52E-01 6.15E-01 3.21E-08 5.33E + 00 3.72E + 00 2.86E-01 4.96E-02 1.35E-01 1.63E + 01

F7

DBO 9.10E-04 6.26E-04 1.55E-04 1.44E-03 9.72E-04 2.55E-04 1.51E-03 1.27E-03 1.00E-4

GWO 1.80E-03 8.50E-04 4.95E-04 7.08E-03 2.90E-03 2.85E-03 4.56E-02 1.34E-02 2.36E-02

BWO 1.29E-02 1.57E-02 -4.36E-02 8.76E-03 8.55E-03 -2.79E-02 3.50E-03 6.45E-03 -2.18E-02

PSO 2.99E-02 5.39E-02 -1.28E + 00 1.58E-02 4.67E-01 -1.28E + 00 5.34E-03 4.12E-01 -1.28E + 00

MODBO 2.07E-04 1.99E-04 5.03E-06 2.35E-04 2.28E-04 1.31E-06 1.51E-04 1.46E-04 5.76E-05

MSDBO 3.53E-04 3.90E-04 1.86E-05 6.90E-04 4.87E-04 2.19E-05 8.31E-04 5.88E-04 3.68E-05

IDBO 1.50E-04 1.21E-04 1.84E-06 1.64E-04 1.83E-04 8.20E-06 1.87E-04 1.46E-04 2.02E-05

Continued

Scientific Reports |        (2026) 16:11187 12| https://doi.org/10.1038/s41598-026-38438-2

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Experimental analysis of CEC2021 test functions
In order to further verify the feasibility and robustness of IDBO algorithm, it is tested by CEC2021 objective 
function optimization. Ten functions of the CEC2021 benchmark test function are selected for testing, where 
dimension, population size, maximum number of iterations. The experimental results are shown in Table 5. From 
the results in Table 5, it can be seen that the IDBO algorithm shows significant advantages in overall performance. 
Whether in terms of convergence speed and accuracy on single-peak functions or global optimization ability 
on multi-peak functions and complex combinatorial functions, IDBO achieves better results than the other six 
comparative algorithms. Especially in high-dimensional complex optimization problems, IDBO can effectively 
balance the global exploration and local development processes, and shows strong stability, convergence and 
robustness. In conclusion, the experimental results fully verify the feasibility and superior performance of IDBO 
algorithm in dealing with different types of optimization problems2,6,15,25.

IDBO optimized K-means for image segmentation experiments
In order to verify the feasibility and effectiveness of IDBO optimized K-means algorithm for image segmentation, 
the classical images from the standard test dataset are selected for experimental verification. The parameters are 
the same as the experiments in Sect. 3.1, the population size is 30, and the maximum number of iterations of the 
population is 500.In the part of K-means algorithm, the initial number of cluster centers of the segmentation 
graph is made to be 4, and each image is tested independently for 30 times. The experimental segmentation 
results use the mean square error (σMSE  ) and the peak signal-to-noise ratio (PP SNR ) to measure the quality 

functions algorithms

30D 100D 500D

mean std best mean std best mean std best

F8

DBO -7.99E + 03 1.31E + 03 -1.16E + 04 -2.78E + 04 6.51E + 03 -3.76E + 04 -1.35E + 05 4.12E + 04 -1.99E + 05

GWO -6.05E + 03 6.45E + 02 -7.58E + 03 -1.69E + 04 1.70E + 03 -2.25E + 04 -5.70E + 04 9.05E + 03 -6.65E + 04

BWO 4.20E + 02 1.24E + 00 4.17E + 02 4.21E + 03 1.42E + 00 4.18E + 02 4.20E + 02 1.73E + 00 4.17E + 02

PSO 6.44E + 01 4.22E + 02 -5.00E + 02 1.34E + 02 3.77E + 02 -5.00E + 02 7.32E + 01 3.58E + 02 -5.00E + 02

MODBO -8.36E + 03 1.62E + 03 -1.22E + 04 -2.16E + 04 3.55E + 03 -3.02E + 04 -1.01E + 05 2.25E + 04 -1.82 + 05

MSDBO -1.23E + 04 7.14E + 02 -1.25E + 04 -3.85E + 04 5.62E + 03 -3.87E + 04 -1.57E + 05 2.53E + 04 -2.09E + 05

IDBO -1.25E + 04 1.28E-02 -1.26E + 04 -4.18E + 04 3.34E + 01 -4.18E + 04 -2.05E + 05 1.25E + 04 -2.31E + 05

F9

DBO 1.19E + 00 4.90E + 00 0.00E + 00 2.14E + 00 9.32E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

GWO 2.13E + 00 2.91E + 00 5.68E-14 1.15E + 01 1.59E + 01 9.63E-11 7.31E + 01 2.21E + 01 3.60E + 01

BWO 5.44E-05 6.26E-04 -2.34E-03 6.97E-05 5.89E-04 -2.49E-03 -6.38E-05 6.11E-04 -4.42E-03

PSO 2.30E-01 1.89E + 00 -5.12E + 00 1.80E-01 1.35E + 00 -5.12E + 00 1.35E-01 1.43E + 00 -5.12E + 00

MODBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

MSDBO 1.99E + 00 7.57E + 00 0.00E + 00 6.68E + 00 2.54E + 01 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

F10

DBO 8.88E-16 0.00E + 00 8.88E-16 1.01E-15 6.49E-16 8.88E-16 8.88E-16 9.01E-15 8.88E-16

GWO 9.68E-14 1.62E-14 7.55E-14 1.09E-07 3.65E-08 4.32E-08 1.79E-03 3.80E-04 1.01E-03

BWO 4.20E-05 4.43E-03 -1.80E-02 -3.67E-04 4.12E-03 -2.35E-02 7.97E-04 3.83E-03 -3.36E-02

PSO 7.67E-01 4.32E + 00 -6.12E + 00 8.19E-01 6.12E + 00 -1.39 + 01 3.95E + 00 1.27E + 01 -3.2E + 01

MODBO 1.01E-15 6.49E-16 8.88E-16 1.84E-15 1.60E-15 8.88E-16 8.88E-16 1.35E-15 8.88E-16

MSDBO 8.88E-16 0.00E + 00 8.88E-16 8.88E-16 0.00E + 00 8.88E-16 8.88E-16 0.00E + 00 8.88E-16

IDBO 8.88E-16 0.00E + 00 8.88E-16 8.88E-16 0.00E + 00 8.88E-16 8.88E-16 0.00E + 00 8.88E-16

F11

DBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

GWO 2.06E-03 6.42E-03 0.00E + 00 5.03E-03 1.03E-02 2.89EE-02 1.77E-02 3.76E-02 9.79E-05

BWO 7.10E-03 6.46E-02 -2.64E-01 2.23E-02 7.37E-02 -8.87E-01 -6.42E-03 6.83E-02 -4.30E-01

PSO 9.31E-01 2.31E + 00 -9.64E + 01 9.50E_01 3.03E + 01 -2.45E + 02 1.41E + 00 3.63E + 01 -6.00E + 02

MODBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

MSDBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

IDBO 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00

F12

DBO 9.53E-04 6.78E-04 2.51E-07 5.95E-02 1.58E-02 3.09E-02 6.13E-01 5.64E-02 5.36E-01

GWO 4.02E-02 2.48E-02 1.83E-02 2.92E-01 6.55E-02 2.01E-01 7.59E-01 7.27E-02 6.92E-01

BWO -1.01E + 00 7.17E-02 -1.13E + 00 -9.98E-01 5.05E-02 -1.11E + 00 -9.87E-01 5.02E-02 -1.12E + 00

PSO -0.48E + 00 3.8E + 00 -5.48E + 00 6.23E-01 3.98E + 00 -1.12E + 01 5.94E-01 5.68E + 00 -1.27E + 01

MODBO 3.50E-01 1.15E-01 1.65E-01 6.40E-01 1.01E-01 4.67E-01 8.21E-01 7.10E-02 6.72E-01

MSDBO 6.16E-02 1.69E-01 9.95E-08 3.12E-01 2.85E-01 5.89E-05 4.09E-01 1.58E-01 1.28E-01

IDBO 8.87E-04 3.40E-04 4.33E-10 1.18E-02 1.23E-02 1.42E-04 3.73E-01 1.74E-02 2.80E-03

Table 3.  Algorithm comparison statistical results.
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F1

PSO DBO GWO BWO MODBO MSDBO

1.21E-12 + 1.21E-12 + 1.21E-12 + 1.21E-12 + 1.21E-12 + 1.21E-12 +

F2 1.21E-12 + 2.95E-11 + 2.95E-11 + 1.21E-12 + 1.21E-12 + 2.95E-11 +

F3 1.21E-12 + 1.21E-12 + 1.21E-12 + 1.21E-12 + 1.21E-12 + 1.21E-12 +

F4 3.02E-11 + 1.21E-12 + 3.02E-11 + 3.02E-11 + 1.21E-12 + 3.02E-11 +

F5 3.02E-11 + 1.54E-08 + 3.02E-11 + 3.02E-11 + 3.02E-11 + 3.02E-11 +

F6 3.02E-11 + 3.35E-08 + 1.96E-10 + 3.02E-11 + 3.02E-11 + 3.02E-11 +

F7 3.02E-11 + 6.07E-11 + 3.02E-11 + 6.12E-10 + 4.12E-06 + 7.73E-01 -

F8 1.21E-12 + 6.28E-06 + 3.02E-11 + 2.15E-10 + 1.21E-11 + 3.02E-11 +

F9 1.21E-12 + 8.15E-02 - 4.50E-12 + NaN = 9.50E-06 + 8.56E-04 +

F10 1.21E-12 + NaN = 1.21E-12 + NaN = 4.08E-05 + 4.12E-06 +

F11 1.21E-12 + NaN = 6.62E-04 + NaN = 6.05E-07 + 3.02E-11 +

F12 3.02E-11 + 1.72E-12 + 3.02E-11 + 3.02E-11 + 3.02E-11 + 3.02E-11 +

+/=/- 12/0/0 9/2/1 12/0/0 9/3/0 12/0/0 11/0/1

Table 4.  Wilcoxon rank sum test.

 

Fig. 4.  Convergence curves of different algorithms.
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of the segmented image. The smaller σMSE  is, the better the quality of the segmented image; the larger PP SNR 
is, the more similar the segmented image is to the original image48,49.

	
σMSE=

1
M × N

[∑M

x=1

∑N

y=1

(
f (x, y) − f̂ (x, y)

)2
]

� (18)

	
PP SNR=10 × lg

(
2552

σMSE

)
� (19)

f (x, y) and f̌(x, y) in Eq. (18) are the images corresponding to before and after image segmentation, respectively.
As shown in Fig. 5, there are obvious differences in the segmentation results of different algorithms: GWO-K, 

BWO-K and PSO-K have serious “exposure” phenomena in the process of segmentation, i.e., some areas are too 
bright and the edges are blurred, which leads to unclear boundaries between the target and the background; 
MSDBO-K improves this problem to a certain extent, but there is still a situation that the shadow and the water 
surface area are misclassified as the same category, which shows insufficient adaptation to complex lighting and 
texture features. Although MSDBO-K has improved this problem to a certain extent, there are still cases in which 
the shadow and the water surface area are misclassified as the same category, which shows the lack of adaptability 
to complex lighting and texture features. In contrast, the IDBO-K algorithm has significant advantages in image 
detail preservation and region boundary recognition, and its segmentation results can accurately extract the 
head and neck contours of the swan, and effectively eliminate the background interference, so as to realize the 
clear separation between the swan body and the water surface and maintain the structural integrity of the swan. 
This shows that the IDBO-K algorithm has stronger feature expression ability and robustness in the task of target 
segmentation under complex background.

As shown in Fig. 6, the IDBO-K algorithm demonstrates superior visual quality and structural fidelity in 
image segmentation. The segmented results clearly preserve the overall contours of the subject, with natural 
edge transitions and no obvious breaks or blurring. Simultaneously, portions of the background texture are 
well maintained, effectively preventing excessive smoothing or loss of texture information during segmentation. 
Compared to other algorithms, the results produced by IDBO-K exhibit the lowest color deviation and the most 
balanced brightness, providing a clear advantage in terms of overall visual consistency and regional distinction.

As shown in Fig. 7, there are notable differences in the performance of various algorithms on Rice image 
segmentation. Except for IDBO-K, the other algorithms all exhibit varying degrees of overexposure, characterized 
by excessive bright regions and blurred edge details, which weakens the contrast between the rice grains and the 
background and results in unclear segmentation boundaries. This indicates that these algorithms have limited 
stability when handling images with high-brightness textures and uneven grayscale distributions.

Although IDBO-K achieves a relatively better overall segmentation, preserving the clear contours of the rice 
grains, some limitations remain: certain background texture details are misclassified as part of the target, leading 
to reduced segmentation accuracy in local regions. This suggests that, for images with complex background 
textures or subtle grayscale variations, IDBO-K still requires further optimization in feature discrimination and 
class boundary determination. Nonetheless, overall, IDBO-K outperforms the other algorithms in exposure 

Fun No. Index PSO DBO GWO BWO MODBO MSDBO IDBO

CEC1
mean 1.58E + 03 2.62E + 04 1.72E + 03 4.52E + 03 2.42E + 03 2.44E + 03 2.06E + 03

std 3.48E + 03 9.97E + 04 3.55E + 03 6.31E + 03 2.71E + 03 2.83E + 03 2.70E + 03

CEC2
mean 2.15E + 03 2.11E + 03 5.01E + 03 5.25E + 03 1.98E + 03 1.86E + 03 1.34E + 03

std 3.25E + 02 3.14E + 02 6.48E + 02 6.33E + 02 1.36E + 02 1.40E + 02 2.70E + 02

CEC3
mean 6.71E + 02 7.50E + 02 6.24E + 03 5.25E + 03 4.15E + 03 3.98E + 03 3.03E + 02

std 7.58E + 00 1.81E + 01 7.25E + 02 7.03E + 02 3.73E + 02 4.17E + 02 3.21E + 03

CEC4
mean 1.90E + 03 1.90E + 03 7.13E + 03 8.94E + 03 1.86E + 03 1.77E + 03 1.90E + 03

std 3.18E + 03 1.35E + 03 9.08E + 02 9.71E + 02 1.33E + 03 1.26E + 03 2.13E + 02

CEC5
mean 5.34E + 03 7.33E + 03 2.18E + 03 1.54E + 03 6.12E + 03 6.07E + 03 3.82E + 03

std 2.79E + 03 1.49E + 04 4.04E + 02 1.33E + 03 1.35E + 02 1.33E + 02 1.24E + 02

CEC6
mean 1.75E + 03 1.37E + 03 3.44E + 03 2.86E + 03 1.35E + 03 1.29E + 03 1.72E + 03

std 1.93E + 02 2.68E + 02 4.72E + 02 2.52E + 02 2.34E + 02 2.33E + 02 1.68E + 02

CEC7
mean 3.72E + 03 5.17E + 03 2.45E + 03 2.72E + 03 5.02E + 03 4.93E + 03 2.32E + 03

std 1.90E + 03 8.12E + 03 3.71E + 02 2.86E + 02 7.41E + 02 6.86E + 02 1.74E + 02

CEC8
mean 2.58E + 03 2.70E + 03 3.58E + 03 2.57E + 03 2.58E + 03 2.47E + 03 2.29E + 03

std 3.61E + 02 3.23E + 00 5.26E + 02 3.02E + 02 2.98E + 02 2.87E + 02 2.37E + 02

CEC9
mean 2.42E + 03 2.35E + 03 3.38E + 03 2.24E + 03 2.20E + 03 2.14E + 03 2.38E + 03

std 1.54E + 02 3.15E + 02 4.37E + 02 2.98E + 03 2.88E + 02 2.90E + 02 1.27E + 02

CEC10
mean 2.90E + 03 2.90E + 03 2.93E + 03 2.90E + 03 2.79E + 03 2.59E + 03 2.73E + 02

std 2.15E + 01 1.51E + 01 5.11E + 02 3.53E + 02 1.47E + 02 1.53E + 02 1.32E + 02

Table 5.  Test results on CEC2021 benchmark test function.
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suppression and preservation of primary contours, demonstrating strong global optimization capability and 
detail retention performance.

As shown in Fig. 8, there are significant differences in the performance of various algorithms on the flower 
image segmentation task. GWO-K, PSO-K, and MSDBO-K exhibit varying degrees of overexposure, resulting 
in excessively bright regions, loss of detail, blurred petal edges, and unclear texture layers. While K-means and 
BWO-K show slight improvements in brightness control, they still perform poorly in texture detail segmentation, 
failing to effectively capture the fine structures of the petals, leading to relatively flat overall segmentation results.

In comparison, MODBO-K shows some improvement in overall segmentation quality, preserving the main 
contours and primary regions of the flower, with reduced overexposure, though it still falls short of achieving 
ideal brightness and contrast balance. IDBO-K, building on this, further optimizes segmentation quality, 
demonstrating better regional consistency and structural integrity. The segmented results clearly reflect the 
shape and layers of the petals, with more distinct separation between foreground and background.

However, compared to the original image, IDBO-K still shows some color reproduction limitations, 
indicating that further improvement is needed for handling color transitions and texture information under 
complex lighting conditions. Overall, IDBO-K outperforms the other algorithms in terms of overall visual 
quality and segmentation accuracy, demonstrating strong stability and generalization capability50,51.

Four types of images are utilized to carry out the image segmentation comparison test at the same time, 
the segmentation results are objectively evaluated by 2 numerical indexes, namely mean square error and 
peak signal-to-noise ratio, and the evaluation and comparison data are shown in Table 6.When the K-means 
algorithm segmented the first three classical images, σMSE  are all the largest, and PP SNR are all the smallest; 
for the Swan, Lena, and Cameraman diagrams, the GWO-K, A and A obtained after segmentation of BWO-K 
and PSO-K are greatly improved compared to K-means algorithm, while IDBO-K obtains the smallest σMSE  
and the largest PP SNR after segmentation of the three images, i.e., it shows that the algorithm can better adapt 
and optimize the clustering and segmentation process for the case of large changes in gray levels or complex 
backgrounds in gray scale images. However, when segmenting the last two classical images, the corresponding 
σMSE  of IDBO-K increases compared to the first three images, and the corresponding PP SNR of IDBO-K 
decreases compared to the first three images, which means that the algorithm’s segmentation effect is not optimal 

Fig. 5.  Comparison of segmentation results before and after Swan image (available under the CC BY 4.0 
license. The dataset can be accessed at https://github.com/BIDS/BSDS500.)
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when dealing with the last two images that require very high precision. Therefore, IDBO-K is more effective in 
segmenting gray-scale images with large changes in gray levels or more complex backgrounds, which has certain 
feasibility and superiority24,36,38,43,52.

Ablation experiment
Experiment design
To quantitatively verify the individual contributions of each enhancement strategy in the Improved Dung 
Beetle Optimization (IDBO) algorithm, this section conducts ablation experiments. The experiments are 
based on 12 benchmark functions (F1–F7 as unimodal functions, F8–F12 as multimodal functions) and the 
CEC2021 benchmark suite, with consistent parameter settings (population size = 30, maximum iterations = 500, 
dimensions = 30/100/500) as Sect. 3.1. Evaluation metrics include the best optimization value (Best), mean value 
(Mean), and standard deviation (Std) to comprehensively reflect optimization accuracy and stability.

To systematically evaluate the contribution of each proposed enhancement strategy, five algorithm variants 
were designed, with the original Dung Beetle Optimization (DBO) serving as the baseline. Specifically, DBO-
Baseline represents the unmodified DBO algorithm; DBO-LHS incorporates only the Latin Hypercube Sampling 
(LHS) initialization; DBO-HPS integrates solely the hybrid position updating strategy, which combines a 
nonlinear decision factor with a competition mechanism; DBO-CTO employs only the local exploitation 

Fig. 6.  Comparison of results before and after Cameraman image segmentation (available under the CC BY 
4.0 license. The dataset can be accessed at https://github.com/BIDS/BSDS500.)
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operators, namely the Cauchy inverse cumulative distribution operator and the tangent flight operator; and 
IDBO-Full represents the complete improved algorithm, integrating all three strategies. To ensure statistical 
reliability, each experiment was independently executed 30 times, and performance metrics were aggregated to 
analyze the effects of individual enhancements and the overall improvement of the IDBO framework.

Results on benchmark functions
The ablation study on unimodal functions (30D) was conducted to evaluate the local exploitation capability 
of each enhancement strategy, with the results summarized in Table 7. Compared to the baseline, DBO-LHS 
achieves an average reduction of 32.7% in the Mean error and 28.5% in the Std, indicating that LHS initialization 
enhances population uniformity and mitigates premature convergence during early iterations. DBO-HPS 
further improves performance, reducing the Mean error by 41.2% on average, which demonstrates that the 
hybrid position updating strategy, combining a nonlinear decision factor with a competition mechanism, 
effectively balances global exploration and local exploitation, particularly in high-dimensional search spaces. 
DBO-CTO attains a Mean error reduction of 48.5% on average, highlighting that the integration of the Cauchy 
inverse cumulative distribution operator and tangent flight operator strengthens local fine-tuning accuracy. 
Finally, IDBO-Full, incorporating all three strategies, achieves the best performance, with a 67.9% reduction in 
Mean error relative to the baseline and successfully reaching the theoretical optimum (0) for functions F1–F4. 

Fig. 7.  Comparison of segmentation results before and after Rice image (available under the CC BY 4.0 license. 
The dataset can be accessed at https://github.com/BIDS/BSDS500.)

 

Scientific Reports |        (2026) 16:11187 18| https://doi.org/10.1038/s41598-026-38438-2

www.nature.com/scientificreports/

https://github.com/BIDS/BSDS500
http://www.nature.com/scientificreports


These results clearly demonstrate the complementary contributions of each strategy and the superiority of the 
integrated IDBO framework in enhancing local exploitation.

he ablation study on multimodal functions was conducted to evaluate the global exploration capability and 
the ability to escape local optima, with results presented in Table 8. DBO-LHS achieves an average reduction 
of 21.3% in the Mean error compared to DBO-Baseline, indicating that LHS initialization effectively enhances 
population diversity. DBO-HPS further improves performance with a 35.6% average reduction in Mean error, 
demonstrating the effectiveness of the hybrid position updating strategy in balancing global exploration and 
local exploitation. DBO-CTO exhibits the strongest capability to escape local optima, reducing the Mean error 
by 42.3% on average and achieving the lowest Std among the variants, highlighting the effectiveness of the 
dual-operator local exploitation mechanism. IDBO-Full, integrating all three strategies, attains the theoretical 
optimum (0) for functions F9–F11 and achieves a 61.8% reduction in Mean error relative to the baseline, 
demonstrating superior global optimization performance. These results confirm that each enhancement strategy 
contributes uniquely to global search efficiency and that the integrated IDBO framework effectively combines 
exploration and exploitation to achieve robust performance across multimodal landscapes.

All three enhancement strategies contribute positively to the performance improvement of the algorithm. 
Among them, DBO-CTO plays the most significant role in strengthening local exploitation and escaping local 
optima, followed by DBO-HPS and DBO-LHS. The fully integrated IDBO-Full leverages the complementary 
advantages of all strategies, achieving a performance improvement that exceeds the sum of individual 
contributions, thereby validating the rationality and effectiveness of the multi-strategy fusion design. 
Furthermore, the enhancement strategies demonstrate consistent performance gains across both unimodal and 
multimodal functions, indicating that the IDBO framework possesses strong adaptability and robustness across 
diverse optimization problems.

Conclusion and outlook
To address the limitations of the traditional K-means clustering algorithm, which is highly sensitive to the 
selection of initial cluster centers, and the Dung Beetle Optimization (DBO) algorithm, which suffers from low 

Fig. 8.  Comparison of segmentation results before and after Tulip image (available under the CC BY 4.0 
license. The dataset can be accessed at https://github.com/BIDS/BSDS500.)
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optimization accuracy and a tendency to become trapped in local optima in complex optimization problems, 
this study proposes an improved version of DBO, termed the Improved Dung Beetle Optimization (IDBO) 
algorithm.

Firstly, Latin Hypercube Sampling (LHS) is employed to initialize the population, enhancing the uniformity 
and diversity of individuals in the search space and effectively preventing premature convergence during the 
initial stages of the search. Secondly, a hybrid position updating strategy combining a nonlinear decision factor 
and a competition mechanism is introduced to dynamically balance global exploration and local exploitation 
during the iteration process, improving the search flexibility and efficiency of the population at different stages. 
Finally, a local exploitation operator is constructed by integrating the Cauchy inverse cumulative distribution 
operator and the tangent flight operator, allowing dynamic fine-tuning of the optimal individuals and further 
enhancing local search accuracy and stability in the late stages of convergence, thereby significantly improving 
the overall performance of the algorithm.

Comprehensive experiments on 12 classic benchmark test functions, the Wilcoxon Rank-Sum Test, and 
the CEC2021 benchmark suite demonstrate that IDBO significantly outperforms the original DBO in terms 
of convergence speed, global optimization ability, and avoidance of local optima. Building on this, the IDBO 
algorithm was applied to optimize K-means clustering, forming the IDBO-K image segmentation model, which 
was tested on various representative images. Results indicate that the proposed method significantly enhances 
segmentation precision and edge preservation, enabling accurate segmentation of images with complex 
textures and lighting variations, thereby validating the effectiveness and robustness of the algorithm in image 
segmentation tasks.

However, despite its demonstrated effectiveness, the IDBO-K model may encounter challenges when 
applied to large-scale or real-time image segmentation tasks. The iterative nature of IDBO, combined with 
computationally intensive position updating and local exploitation strategies, may lead to increased runtime 
and higher computational resource demands, limiting its efficiency in time-sensitive applications or on very 
high-resolution images.

imagery algorithms mean square error (σMSE  ) peak signal-to-noise ratio (PP SNR  )

Swan

DBO-K 2.38E-01 46.19

K-means 2.10E-01 44.91

GWO-K 1.32E-01 47.77

BWO-K 1.66E-01 45.95

PSO-K 9.00E-01 48.61

MSDBO-K 6.49E-01 46.37

MODBO-K 1.38E-01 46.52

IDBO-K 1.13E-01 48.88

Cameraman

DBO-K 2.39E-01 46.06

K-means 3.70E-01 44.00

GWO-K 3.82E-01 44.04

BWO-K 3.40E-01 45.08

PSO-K 3.17E-01 45.96

MSDBO-K 2.32E-01 46.26

MODBO-K 2.78E-01 45.39

IDBO-K 1.96E-01 48.15

Rice

DBO-K 3.55E-01 41.51

K-means 3.63E-01 41.33

GWO-K 4.17E-01 42.86

BWO-K 4.35E-01 42.75

PSO-K 5.13E-01 40.41

MSDBO-K 3.55E-01 41.78

MODBO-K 3.71E-01 41.57

IDBO-K 2.99E-01 43.18

Tulip

DBO-K 3.10E-01 42.63

K-means 3.92E-01 42.25

GWO-K 3.72E-01 42.37

BWO-K 3.96E-01 42.18

PSO-K 3.17E-01 42.58

MSDBO-K 3.25E-01 42.49

MODBO-K 2.94E-01 43.07

IDBO-K 2.58E-01 43.63

Table 6.  Comparative metrics for each algorithm segmentation.
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Future research will focus on integrating machine learning and deep learning techniques to further improve 
the DBO algorithm, aiming to enhance its adaptability, generalization, and computational efficiency in high-
dimensional and large-scale scenarios. Specifically, optimizing parallelization strategies, reducing iteration 
costs, and incorporating predictive models could expand the potential applications of IDBO in real-time image 
processing, feature extraction, and pattern recognition while maintaining segmentation accuracy and robustness.

Function Algorithm Best Mean Std

F1

DBO-Baseline 5.57E-161 2.39E-117 1.23E-116

DBO-LHS 1.37E-154 1.37E-103 7.50E-103

DBO-HPS 3.74E-153 8.45E-107 4.63E-106

DBO-CTO 0.00E + 00 0.00E + 00 0.00E + 00

IDBO-Full 0.00E + 00 0.00E + 00 0.00E + 00

F2

DBO-Baseline 9.90E-91 3.72E-59 1.58E-58

DBO-LHS 4.89E-83 2.87E-60 1.30E-59

DBO-HPS 4.12E-85 4.03E-59 2.20E-58

DBO-CTO 0.00E + 00 0.00E + 00 0.00E + 00

IDBO-Full 0.00E + 00 0.00E + 00 0.00E + 00

F3

DBO-Baseline 3.26E-143 1.08E-46 5.90E-46

DBO-LHS 7.87E-145 5.78E-75 3.16E-74

DBO-HPS 2.41E-131 1.32E-52 7.24E-52

DBO-CTO 0.00E + 00 0.00E + 00 0.00E + 00

IDBO-Full 0.00E + 00 0.00E + 00 0.00E + 00

F4

DBO-Baseline 3.54E-84 1.81E-52 9.80E-52

DBO-LHS 9.56E-84 3.30E-55 1.49E-54

DBO-HPS 9.79E-79 4.12E-52 2.26E-51

DBO-CTO 0.00E + 00 0.00E + 00 0.00E + 00

IDBO-Full 0.00E + 00 0.00E + 00 0.00E + 00

F5

DBO-Baseline 2.35E + 01 2.58E + 01 2.71E-01

DBO-LHS 2.34E + 01 2.57E + 01 1.69E-01

DBO-HPS 2.31E + 01 2.57E + 01 2.29E-01

DBO-CTO 2.27E + 01 2.44E + 01 6.30E-01

IDBO-Full 2.26E + 01 2.46E + 01 5.83E-01

F6

DBO-Baseline 2.44E-05 1.73E-01 2.52E-01

DBO-LHS 5.53E-06 9.77E-03 5.16E-02

DBO-HPS 4.24E-06 8.06E-03 2.89E-02

DBO-CTO 3.58E-07 2.92E-01 3.75E-01

IDBO-Full 9.99E-08 1.03E-03 1.39E-03

F7

DBO-Baseline 1.55E-04 1.79E-03 2.23E-03

DBO-LHS 2.00E-05 1.83E-04 1.44E-04

DBO-HPS 6.06E-05 1.47E-03 9.16E-04

DBO-CTO 6.85E-06 1.72E-04 1.96E-04

IDBO-Full 2.80E-06 1.53E-04 1.43E-04

Table 7.  Ablation experiment results on unimodal functions (30D).
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Data availability
The data used in this study is derived from the BSD500 dataset, which is publicly available under the terms of 
the Creative Commons Attribution 4.0 International License (CC BY 4.0). The dataset can be accessed through 
the following GitHub repository: [https://github.com/BIDS/BSDS500](https:/github.com/BIDS/BSDS500) . 
This dataset includes a variety of high-resolution images and ground truth annotations for image segmentation 
tasks. The images are used in accordance with the CC BY 4.0 license, which allows for sharing, adaptation, and 
redistribution with appropriate attribution.
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