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Abstract: Edge detection and segmentation are an important medical image processing task based on many 

mathematical frameworks like level set method. It provides many advancements over conventional approaches, 

including the ability to handle complicated topological changes. Efficient differentiation of the lesions associated 

with multiple sclerosis from medical imaging is vital for the diagnosis and management of many clinical diseases. 

This study introduces a method to automatically segmenting lesions using an adaptive thresholding followed by 

a level-set method. The suggested approach tried to help solve the difficulties caused by intensity inhomogeneity, 

which typically occures in magnetic resonance images of multiple secleroses lesions. The experimental results 

showed that the proposed method is efficient, which shows good improvements in segmentation accuracy and 

outlining lesion boundaries. The integration of adaptive thresholding in the pre-processing stage helped in edge 

enhancement, resulting in more efficient edge detection in the second step. The sensitivity of the suggested method 

was 0.923. which means that this method is helpful for lesion detection. while, specificity is 0.936, which means 

this method is accurate in identifying non-lesion areas. The Dice Coefficient, which measures the overlap between 

the segmented lesions and the ground truth around 0.994, which is quite good. This study tried to enhance the 

dominion of medical image analysis by introducing a new method for the automatic segmentation of multiple 

sclerosis lesions from magnetic resonance images. This technique provided valuable support to clinicians in 

enhancing the precision of disease evaluation and treatment planning.  
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Introduction 

 

Magnetic resonance imaging (MRI) was first used in the 1980s, and since then, it has been the main method for 

detecting multiple sclerosis (MS) lesions, a disease that affects many people. It is a challenging task and may take 

a significant amount of time. This indicates the need for better and more efficient methods for early and faster 

detection of this disease (Ahamed et al., 2023). The most important problem with delineating lesions is that they 

can change in size, shape, brightness, and location.This makes it difficult for many techniques to perform this task 

correctly on their own (Aggarwal et al., 2023). On the other hand, MRI images sometimes exhibit variations or 

noise in the brightness of body parts (Spagnolo et al., 2023).MS is a permanent autoimmune condition that affects 

the central nervous system, particularly the brain and spinal cord. The condition is characterized by the formation 

of lesions, showing regions of inflammation and damage to the protective layer surrounding nerve fibers. These 

lesions obstruct the typical functions of the brain, resulting in various symptoms such as fatigue, cognitive decline, 

and muscle weakness.Early identification and precise delineation of MS lesions play a crucial role in evaluating 

disease progression and determining treatment effectiveness (Danelakis et al., 2018). 
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The segmentation of affected areas is very important and makes it feasible to recognize and outline both the 

location and size of MS lesions (McKinley et al., 2020). Using unique MRI features like voxel intensity, many 

automated segmentation algorithms and methods have been developed to precisely identify and delineate MS 

lesions (Ansari et al., 2021).These algorithms employ complex image processing and machine learning 

techniques, such as convolutional neural networks (CNNs), to accurately detect and separate lesions, as shown in 

a 2021 study (Hill et al., 2015). outlining MS lesions accuratley helps in achieving a more accurate diagnosis, 

better treatment planning, and improves monitoring of disease progression. Researchers have proposed various 

approaches to improve this process, including using multiple types of computational models at same time, enhance 

edge detection, and optimizing differences in image contrast . They aimed to ensure the process is efficient and 

accurate every time, as evidenced by findings from recent studies (Hill et al., 2015; Cetin et al., 2020). These 

methods aimed to address challenges such as noises and variabilities in MRI images and complex shapes and sizes 

of the lesions (Otsu, 1979). Advancements in intelligent image segmentation methods will enhance our 

understanding of MS and play a major role in improving diagnosis, treatment, and patient monitoring. Ashtari et 

al. (2022) have also reported significant developments in this area. Identifying regions associated with MS 

depends strongly on the process of image segmentation. Many techniques and steps have been developed to 

accurately delineate these regions in medical images. A common method involves using a boundary between 

different image regions, depending on thier densities, defining the point at which normal tissue transitions to 

pathological tissue, which helps in distinguishing healthy pixels from abnormal backgrounds (Otsu, 1979). 

 

This method is pretty simple and efficient, making it suitable for primary segmentation tasks (Hill et al., 2015). 

Making the detection of issues linked to MS highly depends on image segmentation techniques that have been 

used. Various computational models have been developed to accurately outline these regions in medical images. 

one of typical methods involves drawing a boundaries to partition the image, by determining a threshold that 

distinguishes affected pixels from background pixels (Alshayeji et al., 2018; Kailan et al., 2023). This method is 

more computationally complex and therefore its more effective for difficult segmentation tasks (Hill et al., 

2015).However, its accuracy could be limited in cases where lesion boundaries are poorly defined or when lesions 

has significant variabile intesity in different regions, as noted by Zhang and Oguz (2021). Earlier studies showed 

that deep neural networks could be effective for detecting MS lesions. However, still there is a need for more 

performance improvements.Techniques like artificial learning and level-set methods are studied to build stronger 

models for outlining MS lesions in MRI brain scans (Ansari et al., 2021).The primary goal was to develop a 

segmentation method capable of automatically segmenting MS lesions in MRI scans. This method must be able 

to process large volumes of data quickly and provide results comparable to manual segmentation by expert (De 

Arruda et al., 2020). Clinicians will depend on these techniques to improve diagnostic accuracy and follow up 

disease progression in clinical practice, which is very important for advanced patient care (Darwish et al., 2023). 

Another way to segment MS lesions involves region-based segmentation methods. These techniques identify areas 

of interest by detecting specific features like intensity, texture, or shape (Mortazavi et al., 2011).  

 

An example is the use of active contour models, which can gradually adjust the contours to match the boundaries 

of a lesion (Osher & Sethian, 1988). Region-based segmentation methods can achieve greater accuracy than 

thresholding-based approaches, especially when dealing with lesions that have irregular shapes or variations in 

intensity.These methods may need high processing power or some adjustment of their parameters, but they can 

still work very well when used properly (Faraj et al., 2022). The level set method is a strong and flexible tool for 

dealing with shape- or intensity-related problems in images. It is widely used for image segmentation and analysis. 

This method works by representing object boundaries with implicit functions that can smoothly change over time, 

as explained by Li et al. (2011).With this approach, tumour boundaries appear as contours or edges placed in 

higher-dimensional spaces, which makes it easier to handle changes in shape or structure. The method detect these 

contours using mathematical equations so that the boundaries become sharper and the objects are separated more 

accurately. Because of this, the level set method has been used in many fields, like medical image segmentation 

and computer graphics. It is useful for complex boundaries because it can adapt when shapes split or merge or in 

the presence of intensity inhomogenouty (Carass et al., 2017; Aghazadeh et al., 2022). The technique has shown 

excellent performance in tasks like edge detection and boundary tracing in many applications, including medical 

images. Segmentation of medical images is essential in healthcare, as it helps detect problems and supports 

computer-assisted diagnosis, as highlighted by Xiang et al.(2020). Edge detection identifies the borders between 

regions in an image, which is a key step in segmentation across all areas of computational imaging. 

Identifying parts of an image that reveal detailed anatomical structures and signs of disease is very important.This 

process, known as image segmentation, which helps to visualize and better understand medical conditions such 

as MS. One of the major challenges in this field is segmentation accuracy of MS lesions in brain MRI scans. 

Clearly outlining these lesions is important for diagnosis, tracking how the disease develops, and evaluating how 

well treatments work. Growing evidence shows that improving the detection and outlining of lesions can lead to 

better patient outcomes (Valverde et al., 2017). However, variations in image brightness, noise, and uneven 
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textures make it very difficult to separate different tissue regions accurately. For this reason, the aim of this study 

is to improve MS lesion segmentation by combining several advanced techniques (García-Lorenzo et al., 2013). 

Many researchers have suggested different tools and methods to enhance segmentation results in MS scans. The 

main goals here are to show how effective these combined methods can be, compare them with traditional 

techniques, and highlight their practical value (Sweeney et al., 2013). 

 

This article begins with an overview of recent progress in medical image segmentation, especially the challenges 

of segmenting MS lesions. This article describes how the proposed method combines level-set techniques with 

adaptive thresholding. Tests performed on several brain lesion datasets show that this approach works very well 

for segmenting MS lesions, improving both accuracy and consistency in identifying the affected areas. These 

outcomes support ongoing progress in medical image analysis and offer valuable benefits for diagnosing complex 

neurological conditions. 

 

 

Method 

 

Separating brain parts from MRI data is a key part of studying the brain. This method joins adjustable level-setting 

with the use of embedded barriers to get exact, good results in splitting brain parts. This method has different 

steps; each step is made to make the separation process more accurate and keep scientific honesty in place. Figure 

1 shows the steps that make up the suggested separation method. In this study, the implementation of the suggested 

segmentation method was carried out using MATLAB R2023a. 

 

 

Figure 1. Flow chart for the suggested module. 

 

 

Data Preparation 

 

The data includes 60 MS patients from Neurosciences Hospital in Baghdad, Iraq; it was acquired using a 

standardised imaging protocol. Images are pre-processed to ensure uniformity in orientation, scale, and resolution. 

 

 

Skull Stripping from Brain MRI Images 

 

Separating different brain regions from MRI data is an important step in researches related to multiple sclerosis. 

The proposed method combines adjustable level-set techniques with intensity inhomogeneity to achieve clear and 

accurate separation of it from other brain structures. It follows specific stages, each designed to improve precision 

and maintain scientific way throughout the process. Figure 1 illustrates all the steps involved in the proposed 

segmentation approach. In this study, the method was implemented using MATLAB R2023a. 

 

This preprocessing step is important because it separates the brain structures from the surrounding tissues to allow 

accurate analysis. The process involves several main stages. First, the DICOM brain MRI image is converted into 
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a grayscale format to ensure a uniform intensity range. Then, Otsu’s method (Otsu, 1979) is used through a 

binarization function to determine the threshold, creating a binary mask that highlights the brain tissue and 

removes non-brain regions. This mask is then refined by selecting the largest connected component, which is 

assumed to be the brain because of its size and continuity. As a result, non-brain regions, including the skull, are 

effectively removed. Finally, the pixels of these non-brain areas in the original grayscale image are set to zero 

using the binary brain mask, allowing the final image to clearly display the brain structures (Monteiro et al., 2021). 

 

 

Contrast Enhancement and Preprocessing 

 

Grayscale conversion of the images is performed. Then histogram equalization is applied to enhance the contrast 

of the grayscale images, facilitating better differentiation of tissue types. 

 

 

Adaptive Thresholding  

 

This approach makes dealing with intensity variations easier and improves segmentation results in varying 

conditions. It includes thresholding based on Gaussian Mixture Model and intensity related operations that can 

help with noise reduction, smoothing edges, and filling small gaps in brain images. 

 

 

Two-Phase Level Set Formulation  

 

To enhance the accuracy of brain tissue segmentation, a two-phase level-set method has been used. This method 

can detect the unique characteristics of each region and facilitates smoother transitions along their boundaries. 

This approach is consistent with the methodology described by (Li et al. 2011). The two-phase level set method 

utilizes the segmentation mask derived from adjusting various intensity levels. This includes the following: 

 

 

Representation of Regions 

 

The primary objective of the proposed two-phase level set method is to partition the image into two seperated 

regions, denoted as R1 and R2. These regions correspond to different brain tissue types, and their representation 

has been achieved using a level-set function ϕ. The regions are defined by their membership functions: H1ϕ for 

region R1 and H2ϕ for region R2, where H1ϕ is the “Heaviside function” that smoothly transitions from 0 to 1 

across the contour of ϕ. A Gaussian Mixture Model (GMM) has been fitted fitted to the histogram of pixel 

intensities in the enhanced image. The GMM check probabilities to each pixel belonging to different tissue types. 

A threshold is determined based on the probabilities to separate the brain tissues from the background. 

 

 

Energy Formulation  

 

For the two-phase case, the energy formulation can be adapted to the level set framework as shown in Eq. (1): 

 

  𝐸𝑡𝑤𝑜 𝑝ℎ𝑎𝑠𝑒 = µ ∫ 𝐻1(𝛷) ∣ 𝛻𝛷 ∣
𝛺

+ µ ∫ 𝐻2(𝛷) ∣ 𝛻(1 − 𝛷) ∣
𝛺

+ 𝜆(∫
𝛺

(𝐼 − 𝐶1)2𝐻1(𝜙) + ∫ 𝛺(𝐼 − 𝐶2)2𝐻2

(𝜙))𝑑𝛺                                                                                                                                                                                              …  (1)  
 
Here, µ controls the trade-off between the length of the evolving curve and the area change of the regions, and λ 

balances the data fidelity term with the regularisation terms. C1 and C2 represent the mean intensities of the two 

regions, and I is the intensity of the image. The level-set function ϕ evolves according to the gradient flow derived 

from the energy formulation. 

 

 

Evolution of ϕ 

 

The evolution of the level set function ϕ is governed by the gradient descent equation, as shown in Eq. (2): 
𝜕𝜙

𝜕𝑡
 =δϵ(ϕ)(μdiv(∣∇ϕ∣∇ϕ)−λ(F′(ϕ)(I−C1)2−F′(ϕ)(I−C2)2))                                                                      … (2) 
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Where F’(ϕ) is the derivative of the smoothed Heaviside function and δϵ(ϕ) is a Dirac delta function regularized 

by a small positive constant ϵ to prevent division by zero. 

 

 

Three-Phase Level Set Formulation 

 

Extending our methodology to include three distinct brain tissue regions, such as white matter, gray matter, and 

lesion regions, a three-phase level set formulation has been proposed. This advanced formulation should be able 

to deal with the variations of the three distinct regions by using three level set functions: ϕ1, ϕ2, and ϕ3. These 

functions define characteristics for each respective region. This includes the following: 

 

 

Representation of Three Regions 

 

In the context of the three-phase level set formulation, the objective was to partition the brain MRI image into 

three non-overlapping regions: R1, R2, and R3. Each region characterized by its corresponding level set function: 

ϕ1 for R1, ϕ2 for R2, and ϕ3 for R3. These functions employ membership functions H1(ϕ1), H2(ϕ2), and H3(ϕ3) 

utilising the Heaviside function for smooth transitions. 

 

 

Energy Formulation for Three-Phase Segmentation 

 

The energy formulation for the three-phase case evolves the previous framework to include three regions as in 

Eq. (3): 

 

𝐸𝑡ℎ𝑟𝑒𝑒 𝑝ℎ𝑎𝑠𝑒 = µ ∫ 𝐻1(𝛷1) ∣ 𝛻𝛷1 ∣
𝛺

+ µ ∫ 𝐻2(𝛷2) ∣ 𝛻𝛷2 ∣
𝛺

+ µ ∫ 𝐻3(𝛷3) ∣ 𝛻(1 − 𝛷1 − 𝛷2) ∣
𝛺

+

𝜆 ∑ ∫ (𝐼 − 𝐶𝑖)
2

𝛺
3
𝑖=1 𝐻𝑖(𝛷𝑖)𝑑𝛺                                                                                                                                        … (3) 

 

In this formulation, the balance between length, area change, data fidelity, and regularisation has been regulated 

by µ and λ. Where constants C1, C2, and C3 denote the mean intensities of the three regions. The of ϕ1, ϕ2 and ϕ3 

aligns with the gradient flow determined by this energy formulation. 

 

 

Evolution of ϕ1, ϕ2 and ϕ3 

 

The evolution of the level set functions is orchestrated by the following gradient descent formulas (Krüger et al., 

2020): 

  

 d div iv         

div  

div  
 

The derivative F’(ϕi) corresponds to the smoothed Heaviside function. The algorithm operates within an iterative 

framework, consisting of two loops, an outer and an inner loopes. The outer loop iterates over a predetermined 

number of iterations, monitoring overall improvement of the segmentation process. On the other hand, the inner 

loop monitors the iteration count for each phase, ensuring accurate adjustment to bias fields and level set functions. 

 

 

Results and Discussion 
 

The visual evaluation of the segmentation outcomes and its efficiency to highlight the facilities introduced by the 

proposed methodology. The used MRI highlights the method's potential clinical value in addition to providing a 

significant indicator of its efficacy. The utilization of the thresholding method outlined tumor regions effectively 

based on intensity values facilitating the subsequent steps. Figure 2. shows a sample of the segmented datasets 

side by side with thier ground truth images. 

… (4) 

… (6) 

… (5) 
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 Figure 2. The outcomes of proposed segmentation method 

 

The sequence illustrates, from left to right, the initial column displaying the original brain MRI images featuring 

multiple sclerosis lesions. The second column depicts skull stripping applied to the original images, the third 

column represents the thresholding stage, and the fourth column demonstrates segmentation through a multiphase-

level set formulation. The final column shows segmentation results of the two-phase level set formulation. 

 

The quantitative results hilight how well the suggested approach segments MS lesions. Table 1 shows the true 

positives (TP), false negatives (FN), false positives (FP), and true negatives (TN) through comparisons of with 

the ground truth annotations of brain MRI scans from 60 patients. These counts are used as the starting point for 

the Dice coefficient, sensitivity, and specificity calculations. The quantitative assessment provides a thorough 

insight into the method’s effectiveness concerning lesion detection and differentiation from the background. 

 

Sensitivity, also referred to as the true positive rate, represents the percentage of original lesion pixels recognized 

accurately by the segmentation method. The calculated sensitivity is about 0.923. This indicates that the used 

method is suitable for detecting lesions. The proportion of non-lesion pixels identified correctly by the 

segmentation method showing the true negative rate, determined by 0.936 Specificity. Dice Coefficient calculates 

the overlap between the segmented lesions, and the ground truth is about 0.994 showing a good degree of 

agreement. 

 

Table 1. Quantitative results of MS lesion segmentation. 

 

 

 

  

 

 

This qualitative assessment provides good understandings about method performance beyond numerical 

measurements, showing its ability to accurately detect lesions with various sizes and forms. However, the presence 

of false negatives and false positives suggests a need for enhancing the segmentation outcomes of the method. 

Easier methods needed to Find tiny tumors to make wrong guesses go down. At the same time, we can see that 

this method is good because it cleverly handles problems linked to changes in strength when looking at pictures 

of brains. With bias field correction added to the level set method, it can draw sketches of defected areas. This is 

possible even when there is picture deformations and no consistent brightness levels in an image. The method 

shows its top skills in dealing with complex shapes of lesions, which is very important for correctly separating 

many kinds and tough spots found in people who have MS. The clinical outcomes of this study are of great 

importance. Accuracy in classifying MS lesions is an important strategy for disease progression monitoring , 

evaluating treatment effectiveness, and assessing individual patients The potential of the proposed method for 

Metrics Value 

True Positives 673,803 ± 10 

False Negatives 4,530± 0.2 

False Positives 3,286 ± 0.4 

True Negatives 905,981± 7 
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irregularities so accurately in dealing with severe and large complex lesions lays the foundation for more reliable 

diagnosis and better patient management. 

 

 

Conclusion  
 

The findings of this study show that the proposed method holds great promise for the accurate classification of 

MS lesions in MRI scans. While the results can be classified as satisfactory, there is clearly room for refinement 

to achieve accuracy considered more reliable in clinical practice. In contrast to previous methods of classifying 

MS lesions, the proposed method shows significant improvement in addressing reflex-specific symptoms and 

reducing acute variability Our findings are consistent with those of Cost are consistent with the findings of his 

colleagues (Shanmuganathan et.al., 2020) which highlighted the importance of combining spatial information for 

accurate lesion that causes increasing in temperature classification in line with the demonstrated increase in 

sensitivity and specificity in our method ( Sweeney et al., 2013)However, additional effort is needed to apply the 

level of accuracy reported by a lot of traditional research and investigations  related to the brain signals science ( 

Valverde et al., 2017). 

 

 

Recommendations 

 

There is much room for improvement. One approach is to incorporate bias field correction and fine-tuning to 

efficiently capture different intensity profiles on different scan scanner protocols and, sophisticated feature 

extraction methods, such as texture analysis and context. Through integration, the reliance of the method on local 

images can be extended Also, the search for collaboration using deep learning techniques. can increase 

classification accuracy and will increase both under classification and overclassification If a hybrid approach 

combines the advantages of traditional methods with the learning power of neural networks together, they can 

produce more reliable results.  
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