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 In practice, active contour models (ACMs) are effective in segmenting 

images, which are mostly applied in computer vision and medical imaging. 

However, the result may be challenged when the images contain noise and 

intensity inhomogeneity. Images are commonly deteriorated by a mixture of 

noise involving additive Gaussian and multiplicative Gamma (AGMG). To 

the best of our knowledge, this is the first study to formulate an ACM for 

segmenting intensity inhomogeneity images corrupted by AGMG noise. Our 

proposed mathematical model was developed using a combination of dual 

denoising terms to recover the noisy image and Laplacian of Gaussian (LoG) 

terms to smooth the targeted object. The model is solved using calculus of 

variations and finite difference methods. The performance of the suggested 

model for segmenting images was evaluated in MATLAB software and 

compared with current models using low and severe AGMG noise levels. 

Quantitative evaluations demonstrated that the proposed model outperformed 

existing models, achieving an average Jaccard similarity coefficient (JSC) 

improvement of roughly 2.5% and a 16.00% reduction in average relative 

error. Consequently, the proposed model proves significantly more effective 

for the segmentation of images degraded by intensity inhomogeneity and 

mixed AGMG noise. 
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1. INTRODUCTION 

Manipulating images using electronic devices such as scanners, computers or cameras is often 

implemented in digital image processing. The most implemented procedure in digital image processing is 

image segmentation, that being utilized in several real-world applications, including medical imaging [1], [2], 

image classification [3], and image recognition [4]. The crucial goal of segmentation is to split images into 

distinct components. 

Numerous image segmentation models are classified into non-variational and variational. Machine 

learning (ML) models are the examples models in the class of non-variational models. The robustness of 

deploying ML models is dependent on the quality of the databases [5]. For the ML-based model, the research 

[6] proposed the AlexNet framework based on an automated deep convolutional neural network (D-CNN) 

model, while [7], [8] investigated convolutional neural network (CNN) for medical imaging. However, 

https://creativecommons.org/licenses/by-sa/4.0/
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processing the databases of ML models requires high computational costs, additional time, and other resources 

[9]. Other non-variational models, such as thresholding [10] and region-expanding [11], provided uncomplicated 

calculation and fast computation. However, the models may lead to poor segmentation results. Additionally, 

they are effective for non-complex images but unsuitable for treating complicated images. As an alternative, 

variational models are often utilized in image segmentation because of their ease of computation and flexibility. 

In the variational model, the mathematical optimization problem is a treatment of the segmentation 

problem. This variational model enables the segmentation curve to maintain continuity and smoothness 

throughout its evolution. One of them is the model of active contour model (ACM), often applied for 

segmenting the images, which is based on energy functionals [12]. The researchers classify the variational 

ACMs as edge-based and region-based. For instance, Caselles et al. [12] introduced edge-based ACMs by 

implementing edge detectors to bring the curve towards the targeted edge. These classical models did not fix 

any global constraint in the image, so that the splitting regions, which is segmentation, would happen quickly 

and achieve accurate segmentation. However, the models are sensitive to noisy images and rely more on 

contour initialization. 

Noise is unwanted information that appears in images and affects the important features in the images. 

Two kinds of noise models can be used to represent noise in the images: additive noise and multiplicative 

noise. These noises are not always additive and multiplicative, but these two types could be mixed [13]. 

Practically, in medical imaging, the mixed noise model is the most suitable model that can describe noise in 

the images [14]. Mixed noise means that any type of noise is added to the images after the other [15], and a 

well-known mixed noise model is the mix of two noises, including additive Gaussian and multiplicative 

Gamma (AGMG) noise. Many researchers, including [13], [16], [17], have looked into this type of mixed noise 

for the method of restoring (denoising) images that are implemented in a variety of sectors, for instance, 

medical imaging, remote sensing, and radar imaging. In addition to image noise, intensity inhomogeneity also 

directly impacts the accuracy of image segmentation [18]. Image processing techniques can be less accurate 

due to intensity inhomogeneity, which occurs when the intensity varies uniformly across an originally 

homogeneous region; this issue commonly affects medical imaging modalities such as computerized 

tomography (CT), sonography, and mammograms. 

Conversely, variational region-based ACM is a model that divides the pixel's foreground from 

background pixels by collecting similar intensities, thereby determining the edges between regions with 

different characteristics. Region-based ACMs may produce better segmentation because the models do not rely 

on an edge detector. This makes them less sensitive to initialization and capable of handling complex shapes 

and changes in the topology. These factors lead us to focus our research on variational region-based ACMs. 

The variational region-based ACM enables the division of entire objects captured in the images [19]. Some 

critical challenges for the model are noise and intensity inhomogeneity, which commonly occur in medical 

imaging [20]. The model of Mumford-Shah (MS) is a pioneer of region-based ACM [21], and has limitations 

on piecewise smooth (PS) approximation and constant (PC), so researchers [22], [23] implemented a PS 

function called the PS model into the MS model to develop their models. Both models in [22], [23] are suitable 

for segmenting grayscale images, including those with noise and complex regions. Nevertheless, their models 

produce segmentation with high computational costs, and other issues may also impact image segmentation 

[24]. Meanwhile, the model proposed by [25] has been tested with speckle noise presented in ultrasound images 

and is well suited for segmentation with noise. Zhang et al. [26] have proposed an algorithm for multiscale 

segmentation using [27] and total variation (TV) energy. The model [26] can handle images contaminated with 

two types of noise: i) salt and pepper and ii) Gaussian.  

Recent hybrid segmentation methods can be broadly divided into two categories: model-driven hybrid 

variational methods and methods that integrate variational models with deep learning. In the first category, Tang 

et al. [28] proposed a variational level-set model that combines local and global Gaussian information to segment 

images affected by noise and intensity inhomogeneity. Similarly, Hsieh and Yang [29] used image decomposition 

and hybrid regularization to separate the bias field, important image structures, and residual noise. Although these 

methods are called hybrid, they combine different components within a variational framework and do not use 

deep learning. The second category combines the mathematical interpretability of variational models with the 

feature-learning capability of deep neural networks. For example, Qi et al. [30] combined variational physical 

priors, edge information, and mean-curvature regularization with a tailored U-Net. This method uses the 

interpretability of variational models and the feature-learning ability of deep neural networks to segment noisy 

images with weak or broken boundaries. Despite their advantages, such deep-learning-based hybrid methods 

generally require sufficiently large annotated datasets, substantial computational resources, and careful network 

training. Kumar et al. [31] proposed CDM, a coupled deformable model that jointly performs image restoration 

and segmentation in the presence of speckle noise and severe intensity inhomogeneity. However, CDM may have 

difficulty locating weak or discontinuous boundaries. To overcome this limitation, Kumar and Jain [32] developed 

ECDM by adding an edge-enhancement component. This extension improves boundary localization and 

numerical stability while maintaining robustness to speckle noise and intensity variation. 
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Nevertheless, the existing variational ACM, hybrid, and deep-learning-based segmentation methods 

discussed above were not specifically designed or evaluated to segment intensity inhomogeneity images 

corrupted by a combination of AGMG noise. Our paper proposed a new variational ACM for grayscale 

intensity inhomogeneity images interrupted by a combination of AGMG noise, termed the global segmentation 

with noise (GSWN) model, a problem that has not been explicitly addressed in existing segmentation models. 

To do so, we will be incorporating the dual denoising term involved in [1] to treat mixed AGMG noise 

suppression and the optimized Laplacian of Gaussian (LoG) term [2], [33] to enhance the object’s boundary. 

Next, our paper will discuss how to formulate the proposed GSWN model. We will also compare and explain 

the experimental findings presented in the third section. Extensive experiments on natural and medical images 

with varying levels of mixed AGMG noise demonstrate that the proposed model achieves better segmentation 

results compared with the comparison models. Finally, we will conclude and recommend for our future study. 

From an engineering perspective, reliable segmentation of images affected by mixed AGMG noise is 

important for accurate measurement, classification, and decision-making. In medical imaging, the proposed 

method can help identify anatomical structures or abnormal regions when noise and uneven intensity make 

their boundaries difficult to detect. In radar and remote-sensing images, it can help separate targets, terrain, 

and land-cover regions affected by sensor noise. By reducing noise and enhancing object boundaries, the 

proposed method can produce more reliable segmentation results for degraded images. 

 

 

2. METHOD 

Our research aims to formulate the proposed GSWN model for segmenting grayscale intensity 

inhomogeneity images exposed to a mixture of AGMG noise. Initially, the AGMG noise is defined, followed 

by a detailed explanation of formulating the new GSWN model. Finally, the algorithm to implement the 

proposed GSWN model is presented. 

 

2.1.  The additive Gaussian and multiplicative Gamma noise 

In reality, images contaminated with two types of noise, which are AGMG, have frequently affected 

medical imaging, radar imaging and remote sensing, and they have been studied by many researchers, such as 

[13], [16], [17] for the image restoration (denoising) problem. However, to date, this type of mixed noise has not 

been specifically addressed within the image segmentation problem. Zhao et al. [13] defined the images disrupted 

by a mix of Gaussian and Gamma noise with a ratio 𝑟 where it is normally set to 𝑟 = 0.5. Next, they defined a 

clean image, referred to 𝑧(𝑥, 𝑦), observed (noisy) image as 𝑧0(𝑥, 𝑦), additive noise 𝜂, and multiplicative noise 𝜌. 

They also consider 𝑄 as the event to the additive noise and 𝑄 the multiplicative noise. Then, the rate ratio of 

mixed Gaussian-Gamma noise is 𝑟 = 𝑃(𝑄). Thus, the mixture of AGMG noise is defined as (1): 
 

𝑧0(𝑥, 𝑦) = {
𝑧(𝑥, 𝑦) + 𝜂 when event 𝑄 occurs,

𝑧(𝑥, 𝑦)𝜌 otherwise.
 (1) 

 

where 𝜂 is an additive Gaussian (AG) noise, which follows a Gaussian distribution parameter that considers a 

mean 0 and a variance represented as 𝜎2. Meanwhile, the noise of MG, 𝜌 is referred to Gamma distribution 

with shape 𝐿 and rate 𝐿, giving mean 1 and variance 
1

𝐿
. The Gaussian distribution of additive noise, 𝜂 at each 

pixel in the images is obtained in (2), and the Gamma distribution of multiplicative noise, 𝜌 at each pixel in the 

images is shown in (3): 
 

𝑝1(𝜂) = (2𝜋𝜎2)−
1

2𝑒
−

𝜂2

2𝜎2 , (2) 
 

𝑝2(𝜌) = 𝐿𝐿𝜌𝐿−1𝑒−𝐿𝜌/𝛤(𝐿), {𝜌 ≥ 0}, (3) 
 

where the parameters 𝜎2 and 𝐿 are unknown. Here, 𝛤 is a Gamma function parameterized by 𝐿 defined by (4): 
 

𝛤(𝐿) = ∫ 𝑡𝐿−1𝑒−𝑡𝑑𝑡
∞

0
, (𝐿 > 0) (4) 

 

here, 𝐿 is the shape parameter of the Gamma function controlling the distribution’s spread, while 𝑡 is a dummy 

variable of integration used only for mathematical definition. In the AGMG noise model, each image pixel is 

affected by either AGMG noise. The selection is controlled by the mixing probability 𝑟. AG noise occurs with 

probability 𝑟 while multiplicative Gamma (MG) noise occurs with probability 1 − 𝑟. In this study, 𝑟 = 0.5, 

meaning that both types of noise have an equal probability of occurrence. The Gaussian noise is defined as 

𝜂 ∼ 𝑁(0, 𝜎2), where 𝜎2 represents its variance; a larger 𝜎2 indicates stronger additive noise. The multiplicative 
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noise follows 𝜌 ∼ 𝐺𝑎𝑚𝑚𝑎(𝐿, 𝑟𝑎𝑡𝑒 = 𝐿) with mean 1 and variance 
1

𝐿
 [34]. Therefore, a smaller 𝐿 yields a 

stronger multiplicative noise. The Gaussian and Gamma noise variables are generated independently for each 

pixel. In the experiments, two paired of noise settings were considered: (𝜎2, 𝐿) = (0.0001,1000), (0.01,50). 

The corresponding Gamma variance levels 
1

𝐿
 are 0.001, 0.02, respectively.  

An equal mixing probability was used so that Gaussian and Gamma noise had the same chance of 

affecting each pixel. Two parameter settings were selected to represent low and severe noise. A larger Gaussian 

variance produces stronger additive noise, while a smaller Gamma shape parameter produces stronger 

multiplicative noise. These settings allowed us to evaluate the model under different noise levels. For a fair 

and reproducible comparison, all models were tested using the same noise parameters, noise-generation 

procedure, and corrupted images. 

 

2.2.  The proposed global segmentation with noise model 

Consider 𝑧0 = 𝑧0(𝑥, 𝑦) as an observed grayscale image that is corrupted by AGMG noise, and a clean 

image is 𝑧 = 𝑧(𝑥, 𝑦) defined on a bounded region 𝛺 ⊂ ℝ2. The energy minimization functional of the proposed 

GSWN model is given as a combination of six distinct energy terms such that 

regularization fitting1 fitting2 denoising( ) denoising(Gamma) LoGGSWN GaussianF F F F F F F= + + + + + . Here, we defined 

regularization ( ) | | ,F d   


=        ( )
2

fitting1 1 0 1( , ) ( ) ,F z x y c H d 


= −        ( ) ( )
2

fitting2 2 0 2( , ) ,1 ( )F z x y c dH 


= − −  

2

denoising(Gaussian) 1 0( ( , ) ( , )) ,F z x y z x y d


= −   ( )denoising(Gamma) 2 0log ( , ) ( , ) / ( , ) ,F z x y z x y z x y d


= +   and 

LoG ( , ) ( )F L x y H d 


=  . Thus, the full energy minimization functional is defined in (5): 

 

( ) ( )

( )

1 2
1 2

2 2

( , , ) 1 0 1 2 0 2
, ,

2

1 0 2 0

min ( ) | | ( , ) ( ) ( , ) (1 ( ))

( ( , ) ( , )) log ( , ) ( , ) / ( , ) ( , ) ( ) ,

GSWN c c
c c

F d z x y c H d z x y c H d

z x y z x y d z x y z x y z x y d L x y H d




       

   

  

  

=   + −  + − − 

+ −  + +  + 

  

  
(5) 

 

Refer to (5), all the parameter values for 𝜇, 𝜆1, 𝜆2, 𝛽1, 𝛽2, and 𝛼 are positive. The term of regularization 

as the first term in the model is to adjust the smoothness of the generated segmentation contour 

𝜙. It consists of the Dirac delta function, 𝛿 and the TV function |𝛻𝜙|. Then, the second and third terms represent 

fitting terms to adjust the image data driven force inside and outside the contour, where 

𝐻 is the Heaviside function. The terms are generated from the Chan-Vese model [27] where the constants 

𝑐1 and 𝑐2 represent the average intensity values associated with the foreground and background, respectively. 

The fourth and fifth terms are denoising terms, which are essential for image analysis [35]. Specifically, the 

fourth and fifth terms are denoising terms for two noises: AGMG, respectively, that are formulated by 

incorporating the idea of utilizing the model of Rudin-Osher-Fatemi (ROF) [36] and Aubert-Aujol (AA) [37]. 

Additionally, according to [38], the image function 𝑧 in the fourth and fifth terms can be approximated as 

𝑧(𝑥, 𝑦) = 𝑓1(𝑥, 𝑦)𝐻(𝜙) + 𝑓2(𝑥, 𝑦)(1 − 𝐻(𝜙)) where 𝑓1(𝑥, 𝑦) = 𝜅𝜎(𝑥, 𝑦) ∗ 𝐻(𝜙)𝑧0(𝑥, 𝑦)/𝜅𝜎(𝑥, 𝑦) ∗ 𝐻(𝜙) 

and 𝑓2(𝑥, 𝑦) = 𝜅𝜎(𝑥, 𝑦) ∗ (1 − 𝐻(𝜙))𝑧0(𝑥, 𝑦)/𝜅𝜎(𝑥, 𝑦) ∗ (1 − 𝐻(𝜙)). Here, 𝜅𝜎 is a kernel function that 

contains a Gaussian kernel with 𝜎 > 0. Our research used these settings to address intensity inhomogeneity, 

and dual denoising terms can treat AGMG noise in the images. The last term refers to the optimized LoG 

proposed by [2], [33]. The energy functional of optimized LoG is generated as (6): 

 

( ) ( )( ) ( )( ) ( )( )( )0 0
22| , | | , | 2

0( ( , )) , 1 ( , ) , .
G z x y G z x y

LoGF L x y e L x y e L x y G z x y d  


−   −  



= + − −   
    (6) 

 

here, 𝐿(𝑥, 𝑦) is the optimized LoG value of the image, 𝐺𝜎  represent as a Gaussian kernel function with 

variance, 𝜎 2 while 𝑧0(𝑥, 𝑦) is an observed (grayscale) image, and the parameters 𝛼 and 𝛽 are positive. 

Noted that the proposed GSWN model builds on the region-based Chan–Vese framework; therefore, 

the contour regularization and foreground–background fitting terms in (5) are established components. The 

classical Chan–Vese model (M5) assumes globally piecewise-constant regions and does not explicitly account 

for image degradation caused by noise. Although some related variational ACMs combine denoising and 

segmentation, they generally assume a single noise type or use a general-purpose fidelity term. In contrast, the 

proposed GSWN model is designed to handle AGMG noise simultaneously within one variational objective. 

The local representations in (5) and (6) also accommodate intensity inhomogeneity, while the optimized LoG 

term provides complementary boundary information for weak or noise-corrupted edges. Therefore, the novelty 

of the GSWN model lies not in its individual components, but in their noise-specific integration within a unified 

restoration–segmentation framework. 
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Next, the minimization technique based on Gateaux derivatives (GD) was applied to minimize 𝐹𝐺𝑆𝑊𝑁 

with respect to unknown 𝜙(𝑥, 𝑦). A test function, 𝜓 at the same type as 𝜙(𝑥, 𝑦) was chosen, and the derivative 

notation for (5) can be written as (7): 
 

( ) ( )

( )( )

( , )

0

2 2

1 0 1 2 0 2

2

1 1 2 0

( ) | | | | ( )

( , ) ( ) ( , ) (1 ( ))

( , ) ( ) ( , )(1 ( ) ( , ) ( , ) ( )

GSWN

h

F d d
h h h h d

dh dh

d d
z x y c H h d z x y c H h d

dh dh

d d
f x y H f x y H z x y d L x y H h d

dh dh

 
          



     

     


=

 



  
= +  + +  + +  

  

   
+ − +  + − − +    

   

+ + − −  + + 



 



( )
( )

0

2 1 2

1 2

( , )
log ( , ) ( ) ( , )(1 ( )

( , ) ( ) ( , )(1 ( )

z x yd
f x y H h f x y H h d

f x y H h f x y H hdh
    

   





 
++ + + − +  + + − + 





 (7) 

 

By the calculus of variations as done in [39], the functional in (7) can be simplified further as in (8): 

 

( ) ( ) ( ) ( )( )

( )( ) ( )

( )( ) ( )

2,

1 0 1

2

2 0 2 1 0

2

2 0

( ) / ( ) / ( , ) ( )

( , ) ( ) 2 ( , ) ( , ) ( )

( , ) ( , ) ( ) / ( , ) ( , ) ( )

GSWN
F

d ds z x y c d
n

z x y c d D z x y z x y d

D z x y z x y z x y d L x y d

  
             



       

       

  

 

 

 
= −     +  + − 

 

− −  +  −   

 + −  + 
 

  

 

 

 

 (8) 
 

with 𝐷 = 𝑓1(𝑥, 𝑦) − 𝑓2(𝑥, 𝑦). The Neumann boundary condition 𝛻𝜙 ⋅ 𝑛 =
𝜕𝜙

𝜕𝑛
= 0 was considered, and the 

corresponding Euler–Lagrange equation is generated when 
𝜕𝐹𝐺𝑆𝑊𝑁

𝜕𝜙
= 0 and it is expressed in (9): 

 

( ) ( ) ( )

( ) ( )( )

2 2

1 0 1 2 0 2

2

1 0 2 0

( ) / ( , ) ( , )

2 ( , ) ( , ) ( , ) ( , ) / ( , ) ( , ) 0

GSWNF
z x y c z x y c

D z x y z x y D z x y z x y z x y L x y

      


  

 = −     + − − −


+ − + − + =


 (9) 

 

Next, we proceed to approximate (9) by implementing the gradient descent method with an artificial 

time 𝑡 and expressing it as (10): 
 

( ) ( ) ( )

( ) ( )( )

2 2

1 0 1 2 0 2

2

1 0 2 0

( ( , )) / ( , ) ( , )

2 ( , ) ( , ) ( , ) ( , ) / ( , ) ( , ) 0 in ,

( ) / ( ) / 0, or 0 or 0 on .

x y z x y c z x y c
t

D z x y z x y D z x y z x y z x y L x y

n n
n n




      

  

 
       

 =     − − + − 

 − − − − − =  


     =   =   = = 
  

  (10) 

 

Then, we used the method of finite difference to solve (10) for the GSWN model by discretization. 

The solution is defined as (11): 
 

( ) ( ) ( )

( ) ( )( )

2 21

, , , , , 1 0 1 2 0 2

2

1 0 2 0
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2.3.  Algorithm for the proposed global segmentation with noise model 

Algorithm 1 demonstrates the processes needed to implement the new proposed GSWN model. For 

the implementation, this research used MATLAB R2021a software using the MATLAB Image Processing 

Toolbox, which was conducted using an Intel Core i7-12650H CPU, and the processor ran at 2.30 GHz with 

supporting installed memory (RAM) at 16.0 GB. MATLAB programming will automatically stop when the 

solution reaches the tolerance value 𝑡𝑜𝑙 = 1 × 10−5 or 𝑚𝑎𝑥 𝑖 𝑡 = 200 as the maximum number of iterations.  
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Algorithm 1. Pseudocode for the GSWN algorithm 
1. INPUT: Image I from (1), parameters(𝜇, 𝜆1, 𝜆2, 𝛽1, 𝛽2, 𝛼, 𝜎), 𝛥𝑡, 𝑡𝑜𝑙, 𝑚𝑎𝑥 𝑖 𝑡. 
2. INITIALIZE: Set initial level set 𝜙0 and compute optimized LoG from (6). 

3. FOR n = 1 to 𝑚𝑎𝑥 𝑖 𝑡  DO: 
     a. Compute the GSWN model update using (11). 

     b. Update level set: 𝜙𝑛+1 = 𝜙𝑛 + 𝛥𝑡from (11). 
     c. IF ‖𝜙𝑛+1 − 𝜙𝑛‖/‖𝜙𝑛‖ ≤ 𝑡𝑜𝑙THEN: 
            Exit loop (Converged). 

     d. END IF  

   END FOR  

4. OUTPUT: Final level set function 𝜙. 

 

The implementation of the proposed GSWN model is summarized in Algorithms 1 which provides a 

structured pseudocode representation of the iterative process. This algorithm provides a clear and reproducible 

procedure for implementing the proposed GSWN model. The computational complexity of the proposed 

method is 𝑂(𝑑2 × 𝑁), in which 𝑁 is the image size and 𝑑 is the number of iterations, which is deduced from 

the work by [40]. This is owing to the iterative gradient descent process, where each iteration necessitates 

pixel-wise updates across the entire image domain. 

 

2.4.  Convergence analysis 

Based on the proposed functional GSWN in (5), define the stationary solution set as  

𝛤 = {𝜙 ∈ ℝ𝑁: 𝛻𝜙𝐹𝐺𝑆𝑊𝑁(𝜙) = 0} where 𝑁 denotes the number of pixels in the discretized image domain. The 

gradient descent algorithm can be represented by the composite mapping 𝐴 = 𝑀𝑃. The mapping  

𝑃: ℝ𝑁 → ℝ𝑁 × ℝ𝑁 is defined by 𝑃(𝜙) = (𝜙, −𝛻𝜙𝐹𝐺𝑆𝑊𝑁(𝜙)) whereas 𝑀: ℝ𝑁 × ℝ𝑁 → ℝ𝑁 represents the 

numerical update of the level-set function. Given the current iterate 𝜙𝑘, the mapping 𝑃 produces the current point 

and its negative-gradient direction. The negative gradient of GSWN energy with respect to 𝜙 is presented in (12): 
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To establish convergence of the GSWN algorithm, the following five sufficient conditions are 

considered: i) 𝑀 is a closed mapping; ii) 𝑃 is continuous; iii) 𝐴 is closed at every 𝜙 ∉ 𝛤; iv) (𝜙) is a descent 

function for 𝐴 and 𝜙; and v) the sequence {𝜙𝑘} is contained in a compact set 𝑇. 

First, consider the mapping 𝑀. Given the current level-set function 𝜙𝑘 and the direction  

𝑑𝑘 = −𝛻𝜙𝐹𝐺𝑆𝑊𝑁(𝜙𝑘), then the level-set function is subsequently updated by 𝜙𝑘+1 = 𝜙𝑘 + 𝛥𝑡𝑘𝑑𝑘  where  

𝛥𝑡𝑘 > 0 is the time step and 𝐹𝐺𝑆𝑊𝑁(𝜙𝑘+1) < 𝐹𝐺𝑆𝑊𝑁(𝜙𝑘). Therefore, whenever 𝛻𝜙𝐹𝐺𝑆𝑊𝑁(𝜙𝑘) ≠ 0, thus 𝑀 is 

a closed mapping by [41]. Next, the mapping 𝑃 is continuous because the energy functional GSWN, 𝐹𝐺𝑆𝑊𝑁(𝜙) 

is continuously differentiable with respect to 𝜙. Because 𝑃 is continuous and 𝑀 is closed, the 𝐴 is closed at 

𝜙(𝛻𝜙𝐹𝐺𝑆𝑊𝑁(𝜙) ≠ 0) [41]. When 𝜙 ∉ 𝛤, it gives 𝑑 = −𝛻𝜙𝐹𝐺𝑆𝑊𝑁(𝜙) ≠ 0 and 𝛻𝜙𝐹𝐺𝑆𝑊𝑁(𝜙)𝑇𝑑 < 0 to present 

that 𝐹𝐺𝑆𝑊𝑁(𝜙) is a descent function for the mapping 𝐴 and 𝜙. To ensure that the level-set sequence is bounded, 

the updated function is set to 𝜙(𝑥, 𝑦) if |𝜙(𝑥, 𝑦)| ≤ 𝐵, −𝐵 if 𝜙(𝑥, 𝑦) < 𝐵 and 𝐵 if 𝜙(𝑥, 𝑦) > 𝐵, where 𝐵 > 0 

is a fixed constant. The bounded feasible set is therefore defined as  

𝑇 = {𝜙 = (𝜙1, . . . , 𝜙𝑁) ∈ ℝ𝑁: |𝜙𝑖| ≤ 𝐵, 𝑖 = 1, . . . , 𝑁}. Obviously, it is proved that the compact set 𝑇consists 

of the sequence {𝜙𝑘}. Therefore, Algorithm 1 is convergent [41]. 

 

 

3. RESULTS AND DISCUSSION 

The proposed GSWN model (M4) was compared with three existing models: M1 [42], M2 [1], and 

M3 [33]. These models were selected because they are region-based variational ACMs designed to handle 

noisy images. M1 and M3 were developed for specific noise types, whereas M2 was designed for general 

mixed noise. Therefore, they provide suitable baselines for evaluating whether explicitly modelling AGMG 

noise improves segmentation performance. For a fair comparison, all models were tested using the same 

corrupted images, initial contours, and stopping criteria. The parameter values recommended in the original 

publications were used as starting points. Where necessary, these values were adjusted through preliminary 

experiments to achieve stable performance and were then kept fixed for each experimental condition. 

All parameter values and initialization settings are reported to support reproducibility. According to our 

numerical evaluation, we set the following parameters: 𝛥𝑡 = 0.0001, 𝜀 = 1, 0.00001,tol = 𝑚𝑎𝑥 𝑖 𝑡 = 200, 
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1 1, = 𝜆2 = 1, 
1 1, = 𝛽2 = 1, 𝛼 = 1, and 𝜎 = 10. Meanwhile, the parameter 𝜇 varies across experiments. A 

larger 𝜇 value is assigned when the target object is large, and the object cannot be detected due to the presence 

of noise. In contrast, for detecting smaller objects, 𝜇 should be set to a smaller value. The specific value of 

𝜇 used in each case will be provided along with the corresponding initial level set function. This study used 20 

grayscale intensity inhomogeneity images with different noise intensity levels as input images obtained from 

various open-source databases, including natural images from [43], [44], microscopic bone marrow images 

from [45], skin cancer images obtained from [46] and nucleus fluorescence micrograph retrieved from [47]. 

The same database also provides its ground truth images containing the actual segmented regions. In the present 

experiments, the AGMG noise parameters were assumed to be known a priori and were not estimated from the 

observed images. As a standard procedure in the image processing community, all the images were corrupted 

with mixed noise: AGMG noise for the simulation purpose of testing our proposed model. No preprocessing 

was applied to the input images. The same synthetically corrupted images were used for all evaluated models. 

Figures 1 and 2 show the chosen two sample intensity inhomogeneity input images (out of 20 input 

images) with square initial contours in red, corrupted by a mixture of AGMG noise under the different true 

noise parameters 𝜎2 and 𝐿 represent different noise intensity levels. The figures below also illustrate two selected 

sample segmented images for comparison studies with 3 existing models (M1, M2, and M3) under different noise 

intensity levels of a mixture of AGMG noise as low and severe noise, as illustrated in Figures 1 and 2, respectively. 

In detail, the AG noise uses a Gaussian distribution with mean 0 and different variance 𝜎2. Meanwhile, the MG 

noise refers to the Gamma distribution with mean 1 and different shape parameters 𝐿. In the experiments, the 

input images are corrupted by mixed AGMG noise with a fixed mixture ratio of Gaussian-Gamma 𝑟 = 0.5 under 

the following combination of true parameters: 𝜎2 = 0.0001, 𝐿 = 1000 and 𝜎2 = 0.01, 𝐿 = 50. The larger 

𝜎2 indicates severe Gaussian noise, while lower 𝐿 indicates severe Gamma noise [17]. With these settings, the 

images produced different noise levels: low and severe noise, respectively. 
 
 

Input image Ground truth Noisy images with initial contours 
Segmented image 

M1 M2 M3 M4 

       
1.1 1.2 1.3 1.4 1.5 1.6 1.7 

       
2.1 2.2 2.3 2.4 2.5 2.6 2.7 

 

Figure 1. Intensity inhomogeneity input images, binary ground truth masks, noisy images with low noise of 

mixture of AGMG (𝜎2 = 0.0001, 𝐿 = 1000) and segmented images for comparison models 
 
 

Input image Ground truth Noisy images with initial contours 
Segmented image 

M1 M2 M3 M4 

       
3.1 3.2 3.3 3.4 3.5 3.6 3.7 

       
4.1 4.2 4.3 4.4 4.5 4.6 4.7 

 

Figure 2. Intensity inhomogeneity input images, binary ground truth masks, noisy images with severe noise 

of mixture of AGMG (𝜎2 = 0.01, 𝐿 = 50) and segmented images for comparison models 
 
 

Figures 1 and 2 depict intensity inhomogeneity input images, ground truth segmentation, noisy images with 

different noise intensity levels of a mixture of AGMG and segmented images for comparison models for the chosen 

two sample intensity inhomogeneity input images (out of 20 input images). The initial segmentation contours, 𝜙 is 

indicated in red. For all experiments, the initial contour was placed at the same predetermined location in each image. 

The same initial contour was used for all compared models to ensure a fair evaluation. The dimensions of the input 

images are 128 by 128 pixels and were utilized for all images. According to Figure 1, Images 1.4 to 1.7 and Images 
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2.4 to 2.7 show the segmentation results for M1-M4, which were tested with a low mixture of AGMG noise. As a 

result, for M3, we obtained Image 2.6, which shows a little over-segmentation at the top-right of the image. The 

other images show good segmentation for M1-M4. Meanwhile, Figure 2 shows the segmentation results on input 

images which were tested with severe mixture of AGMG noise. The image segmentation was successful and smooth, 

except for the output from M3, as shown in image 4.6, which produced a less smooth result. 

In addition to qualitative visual assessment, these experiments also were examined through numerical 

analysis utilizing the Dice similarity coefficient (DSC), Jaccard similarity coefficient (JSC), error rate metric, 

accuracy metric, and processing time (seconds). The value of JSC, DSC, and the accuracy metric approaching 

1 represents the model achieving accurate segmentation. Conversely, a smaller error value of the Error Rate 

metric, approaching 0, indicates better segmentation. The range value for each accuracy test is from 0 to 1. 

PSNR and SSIM were not included because they primarily measure image reconstruction quality, while this 

study focuses on segmentation accuracy. Boundary deviations were further examined using pixel-level error 

maps and boundary overlays in subsection 4.5. Thus, Table 1 displays the average value of each quantitative 

metric under different noise intensity levels of mixed AGMG noise in segmenting 20 input images for a 

comprehensive understanding of the numerical analysis. 
 

 

Table 1. The average quantitative result for all input images for all models 

Noise level/model 
Jaccard/Dice/accuracy/error/processing time (seconds) 

M1 M2 M3 M4 

Low 𝜎2 = 0.0001, 
𝐿 = 1000 

0.8851/0.9377/ 
0.96/0.04/1.1141 

0.9001/0.9465/ 
0.9638/0.0362/48.9645 

0.8958/0.9440/ 
0.9632/0.0368/8.7230 

0.9069/0.9503/ 
0.9643/0.0336/12.1628 

Severe 𝜎2 = 0.01, 
𝐿 = 50 

0.8406/0.9133/ 

0.9476/ 0.0524/2.1753 

0.8894/0.9403/ 

0.9589/0.0412/56.475 

0.8912/0.9416/ 

0.9614/0.0386/10.4081 

0.9045/0.9491/ 

0.9657/0.0343/12.4059 

 

 

According to Table 1, image segmentation with a low mixture of AGMG noise, the numerical values, 

including DSC, JSC, accuracy, and error, indicate that the M4 (GSWN model) outperforms in segmentation. 

The results obtained are compared with other models and level of noise. Referring to M4 in low AGMG noise, 

the value of the average JSC is 0.9069, which is 2.46%, 0.76%, and 1.24% higher than the values for M1, M2, 

and M3, respectively. According to the average DSC for the same experiment with low mixture of AGMG 

noise, M4 recorded 0.9503, which is 1.34%, 0.40%, and 0.67% higher than M1, M2, and M3, respectively. 

Similarly, for average accuracy in the low noise setting, M4 recorded 0.9643, which is 0.45%, 0.05%, and 

0.11% higher than M1, M2, and M3, respectively. Evaluating the average error rate under the same conditions, 

M4 achieved the lowest value of 0.0336. This demonstrates a notable relative error reduction, registering 

16.00%, 7.18%, and 8.70% lower than the error rates produced by M1, M2, and M3, respectively.  

To summarize, our M4 is an effective model to segment intensity inhomogeneity images with a mix 

of AGMG noise. This is due to the implementation of dual denoising terms integrated with local image 

information to treat intensity inhomogeneity images with mixed AGMG noise, and the segmentation is made 

more accurate by incorporating the term of optimized LoG to smooth the homogeneous regions and enhance 

the object’s boundary. In contrast to the comparative models, several potential reasons for less accurate 

segmentation are based on the accuracy assessment for intensity inhomogeneity images corrupted by a mixture 

of AGMG noise. Refer to [1] for M2, the model can segment images interrupted by a general mixed noise, and 

it might not be able to segment the images corrupted with a specific mixture of noise: AGMG noise, while for 

M1 [42] and M3 [33], the models were designed to handle a particular single noise.  

Meanwhile, according to the efficiency assessment result through the processing time between M1-

M4, M2 had the longest average processing time in segmenting intensity inhomogeneity images interrupted by 

a severe mixture of AGMG noise, with a processing time of 56.475 seconds, followed by M4 at 12.4059 

seconds, M3 at 10.4081 seconds, and M1 at 2.1753 seconds. The most likely reason for M2 producing the 

highest computational cost, followed by M4 (proposed GSWN model), is that both models implemented a dual 

denoising term, which consists of the fitting image equation in the energy functional in (5). This dual denoising 

term contains a Gaussian kernel and involves a convolution operation, which can significantly increase 

computational load and cause these models to take the longest time to complete the segmentation. 

The proposed M4 model did not achieve the shortest processing time, but it provided the best 

segmentation accuracy under severe noise. M4 obtained an average Jaccard score of 0.9045, compared with 

0.8406, 0.8894, and 0.8912 for M1, M2, and M3, respectively. It required 12.4059 seconds to process each 

128×128 image. M4 was approximately 5.7 times slower than M1 and 1.2 times slower than M3, but 

approximately 4.6 times faster than M2. Therefore, M4 is more suitable for offline applications in which 

accuracy is more important than processing speed. The current MATLAB implementation is not suitable for 

near-real-time or large-scale processing without improvements such as parallel computing, graphics card 

(GPU) acceleration, or a faster numerical solver. 
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Table 2 presents the mean±standard deviation of the Jaccard, Dice, accuracy, error, and processing 

time (seconds) obtained from 20 input images under low and severe noise conditions. The mean values 

represent the overall segmentation performance, while the standard deviations indicate the consistency and 

reliability of each model. Higher Jaccard, Dice, and accuracy values indicate better performance, whereas lower 

error and processing time values are preferred. 
 

 

Table 2. Mean±standard deviation of segmentation performance metrics and processing time (seconds) 

Model 
Jaccard Dice Accuracy Error Processing time (seconds) 

Low/severe noise 
M1 0.8851±0.0700/ 

0.8406±0.1125 
0.9377±0.0402/ 

0.9133±0.0640 
0.9600±0.0238/ 

0.9476±0.0337 
0.0400±0.0238/ 

0.0524±0.0337 
1.1141±1.4415/ 

2.1753±2.833 
M2 0.9001±0.0580/ 

0.8894±0.0631 
0.9465±0.0328/ 

0.9403±0.0363 
0.9638±0.0226/ 

0.9588±0.0309 
0.0362±0.0226/ 

0.0411±0.0309 
48.9645±5.1336/ 

56.4750±22.5925 
M3 0.8958±0.0615/ 

0.8912±0.0572 
0.9440±0.0347/ 
0.9415±0.0322 

0.9632±0.0225/ 
0.9614±0.0216 

0.0368±0.0225/ 
0.0386±0.0216 

8.7230±1.3483/ 
10.4081±4.6354 

M4 0.9069±0.0560/ 

0.9045±0.0521 
0.9503±0.0313/ 

0.9491±0.0291 
0.9643±0.0229/ 

0.9657±0.0205 
0.0336±0.0218/ 

0.0343±0.0205 
12.1628±1.7885/ 

12.4059±2.1321 
 

 

The standard deviations indicate that M4 (GSWN model) produced the most reliable segmentation 

results. Across all noise conditions, M4 generally had the lowest variability in Jaccard, Dice, accuracy, and error. 

Its performance also remained nearly unchanged from low to severe noise. M3 showed the most stable processing 

time, while M1 was the fastest but had greater performance variability, particularly under severe noise. M2 had 

the longest and most variable processing time. Overall, M4 achieved the best and most consistent segmentation 

performance across all noise levels, demonstrating strong robustness and reliability. Therefore, the GSWN model 

offers the best balance of segmentation accuracy, robustness, reliability, and computational efficiency. 

 

 

4. ADDITIONAL VALIDATION AND ANALYSIS 

This section presents additional experiments to comprehensively validate the performance, 

robustness, and practical applicability of the proposed GSWN model. The analysis includes an ablation study, 

evaluation at different image resolutions, and selection of the regularization and mixed AGMG noise 

parameters. The convergence behavior and pixel-level segmentation errors are also investigated. Statistical 

significance is assessed using the Wilcoxon signed-rank test. Finally, the performance of the GSWN model is 

compared with classical ACMs and a CNN model under severe noise conditions. 

 

4.1.  Ablation study 

An ablation study was conducted using an input image corrupted by severe noise to evaluate the 

individual contribution of each term in the proposed GSWN model in (5). Each term was removed separately 

while the parameters (𝜇, 𝜆1, 𝜆2, 𝛽1, 𝛽2, 𝛼, 𝜎) were kept fixed. The resulting segmentation performance was 

evaluated qualitatively and quantitatively using Jaccard, Dice, accuracy, error, and processing time (seconds). 

Figure 3 presents the segmentation results, while Table 3 reports the corresponding quantitative measurements. 
 
 

 

Figure 3. Segmentation result for sample segmented images under severe noise by removing specific terms 

from (5) while keeping all other conditions identical 
 

 

Figure 3 and Table 3 quantify the contribution of each component relative to the complete GSWN 

model. Removing the regularization term reduced Jaccard, Dice, and accuracy by 0.0187, 0.0096, and 0.0062, 

respectively, and increased error from 0.0071 to 0.0133. Removing the two fitting terms caused the largest 

deterioration: Jaccard decreased by 0.1708, Dice by 0.0956, and accuracy by 0.0680, while error increased by 

0.0680. Removing the Gaussian-denoising term produced smaller changes of -0.0004 in Jaccard, -0.0002 in 

Dice, -0.0001 in accuracy, and +0.0001 in error. Removing the Gamma-denoising term changed the same 

metrics by -0.0011, -0.0005, -0.0003, and +0.0003, respectively. Removing the optimized LoG term decreased 

With all 

terms 

Without 1st term-

regularization 

Without 2nd & 

3rd terms- fitting 

Without 4th term-

denoising (Gaussian) 

Without 5th term-

denoising (Gamma) 

Without 6th term-

optimized LoG 

      

1.1 1.2 1.3 1.4 1.5 1.7 
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Jaccard, Dice, and accuracy by 0.0015, 0.0007, and 0.0005 and increased error by 0.0005. The reduced models 

were 1.73-2.86 seconds faster (approximately 9.9%-16.4%), confirming that the full formulation trades 

additional computation for the best segmentation result. The fitting and regularization terms make the largest 

measurable contributions in this example, while the two noise-specific terms and optimized LoG provide 

smaller but complementary improvements. 
 

 

Table 3. Quantitative evaluation metrics by removing specific terms from (5) while keeping all other 

conditions identical 

With all terms 
Without 1st term-

regularization 

Without 2nd & 3rd 

terms- fitting 

Without 4th term-

denoising 
(Gaussian) 

Without 5th term-

denoising 
(Gamma) 

Without 6th term-

optimized LoG 

Jaccard/Dice/accuracy/error/processing time (seconds) 

0.9779/0.9888/0.9

929/0.0071/17.416
302 

0.9592/0.9792/0.9

867/0.0133/15.686
898 

0.8071/0.8932/0.92

49/0.0751/15.6451
86 

0.9775/0.9886/0.99

28/0.0072/14.9410
55 

0.9768/0.9883/0.99

26/0.0074/14.5541
83 

0.9764/0.9881/0.99

24/0.0076/15.5780
68 

 

 

4.2.  Performance of the global segmentation with noise model at different image resolutions 

An experiment was conducted to evaluate the performance of the proposed GSWN model at different 

image resolutions under severe noise. Three resolutions, namely 128 by 128, 256 by 256, and 512 by 512, were 

evaluated. To assess the convergence behavior, the residual curves are plotted as presented in Figure 4, while 

the quantitative results are reported in Table 4. 

The decreasing residual curves in Figure 4 indicate that the model converges consistently for every 

resolution. As shown in Table 4, increasing the resolution improves the segmentation results. The 512 by  

512 image achieves the highest Jaccard, Dice, and accuracy values and the lowest error. However, its 

processing time is longer. Therefore, higher image resolution improves segmentation accuracy but increases 

computational cost. 
 

 

Types of 

image 

resolution 

128×128 256×256 512×512 

Residual 
graph 

   
 

Figure 4. Residual curves of the GSWN model for different image resolutions under severe noise 
 

 

Table 4. Quantitative performance of the GSWN model for different image resolutions under severe noise 
Types of image resolution Jaccard Dice Accuracy Error Processing time (seconds) 

128×128 0.8596 0.9245 0.9628 0.0372 15.190584  
256×256 0.9007 0.9478 0.9748 0.0252 20.621966 
512×512 0.9211 0.9589 0.9803 0.0197 55.987701  

 

 

4.3.  Selection of the regularization parameter 𝝁 

In this study, the regularization parameter 𝜇 is critical for achieving successful segmentation. An 

experiment was conducted under severe noise to determine a suitable range value of the regularization 

parameter 𝜇 for the proposed GSWN model. Three values, 𝜇 =0, 15,000 and 40,000, were evaluated under 

identical experimental conditions. Table 5 reports the quantitative performance. 

Table 5 confirms that 𝜇 =15,000 provides the best performance, with the highest Jaccard (0.8508), 

Dice (0.9194), and accuracy (0.9467), as well as the lowest error (0.0533) and processing time  

(14.2862 seconds). This is because, when 𝜇 = 0 many false-positive regions appear because regularization is 

absent. Increasing 𝜇 to 15,000 produces a smooth contour that closely follows the object boundary. A higher 

value of 𝜇 =40,000 produces an overly smooth contour and slightly reduces boundary accuracy. Therefore, 

𝜇 =15,000 was selected as the optimal value for this experiment.  
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Table 5. Performance of the GSWN model using different values of the regularization parameter 𝜇 
Varieties of 𝜇 value Jaccard Dice Accuracy Error Processing time (seconds) 

0 0.7821 0.8777 0.9138 0.0862 16.598040  

15000 (optimal) 0.8508 0.9194 0.9467 0.0533 14.282602  
40000 (high) 0.8367 0.9111 0.9416 0.0584 14.387904  

 

 

4.4.  Selection of the mixed additive Gaussian and multiplicative Gamma noise parameters 𝒓 and 𝑳 

For this section, experiments were conducted to examine the effects of the mixed AGMG noise parameters 

𝑟 and 𝐿 on the performance of the proposed GSWN model. The parameter 𝑟 was evaluated at 0.1, 0.5, and 0.9 using 

𝜎2 = 0.01, 𝐿 = 50 represented severe noise. Similarly, 𝐿 was evaluated at 10, 50, and 100 by considering the 

parameter 𝜎2 = 0.01, 𝑟 = 0.5. The quantitative results are presented in Tables 6 and 7, respectively. 

Tables 6 and 7 show only small variations in Jaccard, Dice, accuracy, and error. This implies that the 

GSWN model successfully identifies the object boundaries for all tested values of 𝑟 and 𝐿. The contours remain 

stable despite changes in the noise parameters. For the tested settings, 𝑟 = 0.9 produces the best results among 

the 𝑟 values, whereas 𝐿 =100 provides the best results among the 𝐿 values. Overall, these findings indicate that 

the GSWN model is robust to variations in the mixed AGMG noise parameters. 
 

 

Table 6. Quantitative performance of the GSWN model for different values of 𝑟, with 𝜎2 = 0.01, 𝐿 = 50 

Varieties of 𝑟 value with 𝜎2 = 0.01, 𝐿 = 50 
0.1 0.5 0.9 

Jaccard/Dice/accuracy/error/processing time (seconds) 

 0.9406/0.9694/0.9655/ 

0.0345/15.646471 

0.9389/0.9685/0.9645 

/0.0355/15.420067 

0.9411/0.9697/0.9658/ 

0.0342/5.878302 

 

 

Table 7. Quantitative performance of the GSWN model for different values of parameter 𝐿, with  

𝜎2 = 0.01, 𝑟 = 0.5 

Varieties of 𝑟 value with 𝜎2 = 0.01, 𝑟 = 0.5 
10 50 100 

Jaccard/Dice/accuracy/error/processing time (seconds) 

 0.9388/0.9685/0.9645/ 

0.0355/16.021527 

0.9401/0.9691/0.9652/ 

0.0348/15.036470 

0.9404/0.9693/0.9654/ 

0.0346/15.645713 

 

 

4.5.  Convergence and pixel-level segmentation error analysis 

The convergence behavior and pixel-level segmentation accuracy of the proposed GSWN model were 

evaluated under severe AGMG noise level. The results include segmented images, residual convergence 

curves, ground-truth masks, error maps, and overlays shown in Figure 5. The error maps classify pixels as true 

positive (TP), false positive (FP), false negative (FN), and true negative (TN). 

Figure 5 shows that the residual values for GSWN model decrease steadily with increasing iterations, 

indicating stable convergence. The error maps are dominated by black (background) TN and green TP regions, 

while only small red FP and blue FN regions appear near the object boundaries. Although boundary errors 

slightly increase at higher noise levels, the segmented regions remain close to the ground-truth masks. 
 

 
Segmented image Residual convergence curve Ground truth Error map Error overlay 

     

1.1 1.2 1.3 1.4 1.5 

 

Figure 5. Segmentation results, residual curves, ground-truth masks, error maps, and error overlays produced 

by the GSWN model under severe AGMG noise (𝜎2 = 0.01, 𝐿 = 50) 

 

 

4.6.  Statistical comparison using the Wilcoxon signed-rank test 

A two-sided Wilcoxon signed-rank test was used to compare M4 with M1, M2, and M3 under low 

and severe noise. Each comparison included 20 pairs of results from the same 20 images. For each image, the 

models used the same corrupted input, ground-truth mask, and initial contour. This pairing reduced the effect 

of differences in image difficulty. The Wilcoxon test was selected because it can compare paired results without 
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assuming that the differences follow a normal distribution. A two-sided test was used because the direction of 

the performance difference was not assumed beforehand. The results are presented in Table 8. 

Based on Table 8, values are presented as raw p-values, with Holm-adjusted p-values in parentheses. L and 

S denote low and severe noise, respectively. Statistical significance was determined using Holm-adjusted 𝑝 < 0.05. 

“Higher,” “Lower”, and “Mixed” indicate the direction of GSWN’s performance relative to the benchmark models. 

The Wilcoxon test showed that the GSWN model achieved significantly higher Jaccard, Dice, and accuracy values 

and significantly lower errors than all comparison models at every noise level (𝑝𝐻𝑜𝑙𝑚 < 0.05) indicating M4 has 

better segmentation performance. For processing time, M4 was significantly faster than M2 but slower than M1 and 

M3. Overall, the results confirm that the GSWN model provides significantly better segmentation accuracy, although 

this improvement involves a moderate computational-time trade-off compared with M1 and M3. The Holm 

adjustment was applied to reduce the risk of false significant findings caused by conducting multiple model 

comparisons. Thus, every statistical comparison used 20 image pairs (𝑛 = 20). 
 

 

Table 8. Wilcoxon signed-rank test results for the GSWN model versus comparison models under different 

noise levels 

Metric 
M1 vs. M4, raw p 

(Holm p) 
M2 vs. M4, raw p 

(Holm p) 
M2 vs. M4, raw p 

(Holm p) 
Direction 

of M4 
Jaccard L: <0.0001 (<0.0001); 

S: <0.0001 (<0.0001) 
L: <0.0001 (<0.0001); 

S: 0.0001 (0.0001) 
L: <0.0001 (<0.0001); 

S: <0.0001 (<0.0001) 
Higher 

Dice L: <0.0001 (0.0003); S: 

<0.0001 (<0.0001) 
L: <0.0001 (0.0003); S: 

0.0001 (0.0002) 
L: <0.0001 (0.0003); S: 

<0.0001 (0.0002) 
Higher 

Accuracy L: 0.0022 (0.0045); S: 
<0.0001 (<0.0001) 

L: 0.0015 (0.0045); S: 
0.0001 (0.0002) 

L: 0.0015 (0.0045); S: 
<0.0001 (0.0002) 

Higher 

Error L: 0.0001 (0.0002); S: 

<0.0001 (<0.0001) 
L: <0.0001 (<0.0001); 

S: <0.0001 (<0.0001) 
L: <0.0001 (0.0002); S: 

<0.0001 (0.0001) 
Lower 

Processing 

time (seconds) 
L: <0.0001 (<0.0001); 

S: <0.0001 (<0.0001) 
L: <0.0001 (<0.0001); 

S: <0.0001 (<0.0001) 
L: <0.0001 (<0.0001); 

S: <0.0136 (0.0136) 
Mixed 

 

 

4.7.  Comparison of the proposed global segmentation with noise model with classical active contour 

models under severe noise 

This subsection compares the segmentation performance of the proposed GSWN model (M4) with 

two classical ACMs: the Chan–Vese model (M5) [27] and the geodesic ACM (M6) [48]. A medical test image 

affected by severe noise is used to evaluate the models qualitatively and quantitatively. The segmentation 

results are visually compared in Figure 6, while Table 9 reports the metrics using Jaccard, Dice, accuracy, 

error, and processing time (seconds). 

Figure 6 shows that M4 (proposed GSWN model) produces contours that are closer to the actual object 

boundaries under severe noise. In contrast, M5 and M6 generate inaccurate contours and incorrectly segment 

noisy background regions. The quantitative results in Table 9 support these observations. M4 achieves the 

highest Jaccard, Dice, and accuracy values and the lowest segmentation error for both images. It also requires 

less processing time than M5 and M6. These results demonstrate that the GSWN model is more accurate, 

efficient, and robust to severe noise than the Chan–Vese and geodesic ACMs. This is expected because M5 

and M6 are not formulated to handle images with noise. 
 

 

 Models  
M4 M5 M6 

   
1.1 1.2 1.3 

 

Figure 6. Segmentation results of the GSWN model (M4), Chan–Vese model (M5), and geodesic ACM (M6) 

under severe noise 
 

 

Table 9. Quantitative performance of the GSWN model (M4), Chan–Vese model (M5), and geodesic ACM 

(M6) under severe noise 
M4 M5 M6 

Jaccard/Dice/accuracy/error/processing time (seconds) 
0.8556/0.9222/0.9428/0.0572/12.728935  0.3309/0.4973/0.7373/0.2627/42.517385  0.2926/0.4527/0.5280/0.4720/74.556719  
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4.8.  Comparison of the proposed global segmentation with noise model with a convolutional neural 

network under severe noise 

This subsection compares the proposed GSWN model (M4) with a CNN model using SegNet (M7) 

[8] under severe noise conditions. 80 noisy images are used to assess their segmentation performance. The 

average Jaccard, Dice, accuracy, error, and processing time (seconds) are reported in Table 10. 
 

 

Table 10. Quantitative performance of the GSWN model (M4) and CNN model using SegNet (M7) under 

severe noise 

Noise level/model 
M4 M7 

Jaccard/Dice/accuracy/error/processing time (seconds) 

Low σ²=0.0001, L=1000 0.9069/0.9503/0.9643/0.0336/12.1628 0.8407/0.9114/0.9403/0.0597/0.1191 

Severe σ²=0.01, L=50 0.9045/0.9491/0.9657/0.0343/12.4059 0.7751/0.8681/0.9096/0.0904/0.1032 

 

 

The proposed M4 significantly outperforms M7 across Jaccard, Dice, accuracy, and error 

segmentation metrics. However, this precision comes at a computational cost. M7, being a purely feed-forward 

neural network at inference, requires only 0.1032 seconds to process a severe noise image. In contrast, the 

iterative energy minimization process of M4 requires 12.4059 seconds. This highlights a clear trade-off: M4 is 

better for applications prioritizing accuracy and robustness in severely corrupted environments, whereas M7 is 

strictly preferable when real-time processing speeds are the primary constraint. 

The current CPU implementation of the proposed model is suitable for offline medical, radar, remote-

sensing, and industrial inspection applications where segmentation accuracy is more important than processing 

speed. However, it is not yet suitable for near-real-time or large-scale applications. Its processing speed could 

be improved using parallel computing, GPU acceleration, adaptive stopping criteria, and batch processing. 

 

 

5. CONCLUSION 

A new variational global ACM for grayscale intensity inhomogeneity images exposed to a mixture of 

AGMG noise has been proposed. Our proposed GSWN model incorporates dual denoising terms that contain 

local image information to smooth the images and reduce noise. Our model also integrates with the optimized 

LoG to ensure the homogeneous regions are smooth and improve the object's boundary. These approaches 

enable our model to handle intensity inhomogeneity and a mixture of AGMG noise in the images. The 

segmentation process involves minimizing the GSWN model to obtain the Euler–Lagrange equation and 

solving it by the finite difference method.  

We assess the accuracy and efficiency of models by conducting experiments on the segmentation of 

intensity inhomogeneity images with low and severe mixtures of AGMG noise. As a result, our proposed 

GSWN model outperforms existing models in image segmentation, achieving higher numerical values, 

including JSC, DSC, and accuracy values, while the lowest error value. However, our model has a limitation 

in segmentation processing time, ranking second-highest, while the existing model, M2, exhibits the longest 

segmentation time due to the complexity of the models. In reality, most digital images produced by medical 

imaging modalities widely used in healthcare settings, such as ultrasound, CT, magnetic resonance imaging 

(MRI), and mammography, often have issues with intensity inhomogeneity and mixed noise, specifically 

AGMG noise; thus, our proposed GSWN model is recommended and supports digital healthcare policies 

objectives that at improving diagnosis accuracy and minimize the number of errors in interpretation. Beyond 

medical imaging, the proposed model may also be applicable to remote sensing and industrial inspection, where 

image quality is often affected by intensity inhomogeneity and mixed noise. Its robustness to AGMG noise 

may improve segmentation reliability in low-quality acquisition environments by reducing noise while 

preserving object boundaries.  

Furthermore, the model has the potential to serve as a segmentation component in automated 

diagnostic pipelines. However, further validation using real clinical data is required before its practical 

implementation. Nevertheless, the proposed model has other limitations. First, the experiments mainly rely on 

synthetically generated noise, with limited validation on real-world images. Second, as a non-convex model, 

its segmentation performance may be sensitive to contour initialization and parameter settings. However, in 

the present experiments, the same initialization setting was used for all image types and comparison models to 

ensure a fair evaluation. All model parameters were also kept fixed, except for the regularization parameter 

which was adjusted according to the noise conditions. Therefore, applying the model to images with noise 

characteristics, different object sizes or resolutions may require appropriate selection of parameter. The model 

has greater computational overhead than lightweight segmentation methods.  
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Future work will investigate GPU-based acceleration and other efficient algorithms to reduce 

computational time. Hybrid approaches combining ACMs with deep learning will also be explored to improve 

generalization. In addition, automatic noise-parameter estimation and adaptive parameter selection using 

reinforcement learning will be investigated to reduce manual parameter tuning. The proposed model will also 

be extended to convex, color and vector-valued intensity-inhomogeneous images corrupted by different noise 

levels of a mixture of AGMG noise. Finally, it will be evaluated on diverse real-world and clinical datasets 

with varying noise characteristics to assess its robustness and practical applicability. 
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