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A B S T R A C T  
 

 

The precise detection of brain tumors in magnetic resonance imaging (MRI) is crucial for diagnosis and 

therapy planning. Conversely, conventional approaches often face challenges such as intensity changes, 
complex tumor shapes, and susceptibility to noise. This study introduces a novel hybrid framework that 

integrates histogram matching, k-means clustering, and a Morphological Local and Global Intensity 

Fitting (MLGIF) model to tackle these issues. The first stage in histogram matching is normalizing the 
intensity distributions of MRI data. K-means clustering is used to provide an initial segmentation of the 

tumor regions. The MLGIF-based active contour model enhances the precision of tumor border 

segmentation while maintaining computational economy by integrating both local and global intensity 
inputs. The BraTS 2013 dataset was used to conduct comprehensive evaluations to determine the efficacy 

of the suggested framework. The Dice coefficient was 94.18%, while the Jaccard index was 89.11%. 
The results demonstrated that our method effectively segmented brain tumors and had promise for real-

world therapeutic applications. 

doi: 10.5829/ije.2026.39.02b.17 
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1. INTRODUCTION1 
 
Medical image processing is fundamentally reliant on the 

segmentation of brain tumors from MRI images, which 

affects diagnosis, treatment planning, and patient 

prognosis. Accurate tumor delineation is essential for 

identifying tumor margins, estimating volume, and 

tracking disease progression, hence assisting healthcare 

practitioners in making educated choices. Achieving 

enhanced segmentation accuracy remains a considerable 

challenge due to the complex attributes of tumor 

morphology (in terms of shape and size) and the presence 

of anomalies such as noise and inhomogeneities in MRI 
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data. MRI is regarded as the superior imaging technique 

for assessing brain tumors, offering improved contrast 

resolution and accurate visualization of soft tissues, while 

eliminating exposure to ionizing radiation for patients. 

Multimodal MRI sequences, including T1-weighted, T2-

weighted, T1 with contrast enhancement (T1c), and 

Fluid-Attenuated Inversion Recovery (FLAIR), provide 

complementary insights into various tumor 

characteristics, facilitating a comprehensive assessment. 

Although manual segmentation is the standard procedure 

in clinical environments, it is time-consuming, labor-

intensive, and susceptible to variability among various 

observers as well as the same observer at different times. 
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Consequently, the need for automated brain tumor 

segmentation methods with computing economy and 

accuracy is become more obvious. 

Many techniques have been developed to address the 

challenges of brain tumor segmentation over history. 

Edge detection methods, region-growing strategies, k-

means and fuzzy c-means, although traditional 

approaches, have shown promise frequently encounter 

issues linked with irregular tumor morphologies. 

Conversely, machine learning methodologies, 

particularly those using convolutional neural networks 

(CNNs) such as U-Net, have attained remarkable 

outcomes in recent years (1-3). These models are 

proficient at recognizing complicated patterns from 

extensive labeled datasets and are especially adept at 

segmenting tumors with sophisticated features. 

Nonetheless, deep learning methodologies need 

substantial training on meticulously annotated datasets, 

which are often scarce in medical imaging. Furthermore, 

they may be computationally demanding and susceptible 

to variations in imaging procedures and scanner 

configurations. To address these issues, hybrid 

segmentation algorithms that integrate traditional image 

processing methods with sophisticated computer models 

have garnered heightened interest. These approaches aim 

to use the benefits of both methodology; classic 

techniques provide efficient and robust initial 

segmentation, but modern methods such as active 

contour models (ACMs) update tumor borders to 

improve accuracy. 

This study presents a novel hybrid framework for 

brain tumor segmentation using FLAIR-weighted MRI 

images, derived from the BraTS 2013 dataset. The 

method begins with preprocessing in which histogram 

matching is used for intensity normalizing. By ensuring 

that intensity distributions across pictures match a 

standard reference, histogram matching reduces 

variances brought about by scanner settings and imaging 

techniques. This improves stability in contrast levels, 

therefore enabling more consistent segmentation findings 

across multi-institutional datasets. This stage reduces 

discrepancies arising from changes in scanner settings or 

imaging techniques, thereby enhancing the robustness of 

the segmentation process. Subsequently, k-means 

clustering is used to provide an approximate localization 

of the tumor region. The estimated tumor border 

functions as the preliminary contour for a Morphological 

Active Contour Model (ACM) augmented by the 

Morphological Local and Global Intensity Fitting 

(MLGIF) technique. The MLGIF method enhances 

tumor identification by using both local and global 

intensity data, particularly in images exhibiting intensity 

homogeneity. In contrast to traditional ACMs primarily 

reliant on global intensity attributes (such as the Chan-

Vese model), the MLGIF model employs localized 

morphological features to improve tumor delineation. 

Our dual-level intensity fitting maintains high accuracy, 

reduces computational costs, and ensures precise 

segmentation over varying contrast levels. Employing 

morphological approximations substantially decreases 

the computational expense of the final ACM equations 

while preserving excellent boundary delineation 

accuracy. 

The suggested method attains Dice and Jaccard 

coefficients of 94.18% and 89.11%, respectively, 

illustrating its efficacy in precise and computationally 

economical brain tumor segmentation. The remainder of 

the paper is organized as follows: Section 2 reviews 

related works. Section 3 details the proposed 

methodology. Section 4 presents experimental results. 

Section 5 concludes the study with potential future 

directions. 

 

 

2. RELATED WORK 
 

Computer-aided tumor identification and segmentation 

systems provide effective options for reducing the 

diagnostic load on doctors. In recent years, several 

automated brain tumor segmentation approaches have 

evolved, exhibiting varied performance results across 

clinical studies (4-7). Contemporary methodologies are 

often categorized into three paradigms: 1) supervised 

learning models, 2) unsupervised clustering algorithms, 

and 3) hybrid structures that amalgamate both 

approaches (8-10). 

Supervised segmentation methods depend on 

annotated datasets or established anatomical knowledge 

to adjust to novel situations (11-14). Despite the time-

consuming nature of manual annotation, these methods 

have shown significant efficacy in identifying tumor 

areas. They can be broadly classified into generative and 

discriminative models (15-18). Generative methods use 

intensity distributions from MRI images with anatomical 

priors inside statistical frameworks, recognizing cancers 

as statistical anomalies by contrasting them with healthy 

tissue profiles based on morphology or signal patterns 

(19, 20). In contrast, discriminative methods rely on 

supervised classifiers such as support vector machines 

(21, 22), and random forests (23), leveraging multimodal 

MRI-derived features spanning intensity values, 

geometric properties, and spatial asymmetry. 

Deep learning methodologies, especially 

convolutional neural networks (CNNs), have shown 

exceptional efficacy in tumor segmentation (24). 

Architectures such as U-Net and DeepMedic use 

encoder-decoder frameworks and skip connections to 

capture complex tumor characteristics. Research has 

shown that Dice similarity coefficients of 90% have been 

achieved by CNN-based approaches in tumor 

segmentation tasks. Nonetheless, these techniques need 

comprehensive annotated datasets, demand significant 
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computing resources, and exhibit sensitivity to 

discrepancies in imaging procedures and scanner 

settings, hence limiting their generalizability. CNNs 

often encounter difficulties with tiny or diffuse tumor 

areas, necessitating data augmentation and domain 

adaption strategies to improve their resilience. 

Unsupervised methods function autonomously from 

labeled training data. Clustering techniques (e.g., k-

means, FCM) classify pixels into cohesive areas based on 

feature similarity metrics (e.g., pixel intensity, texture 

patterns) (25). Simultaneously, energy-minimization 

techniques such as active contours segment structures via 

the iterative optimization of energy functions. Since its 

inception by Kass et al. (26), active contour models have 

evolved into parametric and geometric variations (e.g., 

level sets), becoming indispensable in 3D medical image 

analysis owing to their adaptability in managing 

topological alterations (27, 28). Nonetheless, these 

techniques encounter difficulties with intensity 

fluctuations, noise, and intricate tumor shapes, hence 

limiting their efficacy in demanding segmentation tasks. 

Conventional active contour models sometimes need 

human initialization, rendering them less suitable for 

completely automated applications. 

Hybrid approaches combining deep learning with 

traditional methods have emerged as a potential fix for 

both of their drawbacks. Fooladi et al. (29) for instance 

integrated CNNs with Fuzzy K-Means clustering using 

deep feature extraction in line with cluster-based area 

segmentation. Their approach beat clustering and solo 

CNN with a Dice coefficient of 91.5%. Emadi et al. (30) 

suggested a technique that integrates super-pixel 

segmentation with the Fast Primal Dual Algorithm to 

improve the accuracy of brain tumor diagnosis in MRI 

data. Their methodology shown substantial 

improvements in managing noise and intensity 

fluctuations. Nouri and Damavandi (31), suggested a 

significant hybrid method that employs a texture 

segmentation technique employing a parametric active 

contour model driven by energy reduction grounded in 

Jensen-Tsallis Divergence. This method obtained exact 

segmentation of complex regions by effectively 

combining active contour models with texture analysis. 

While Shahvaran et al. (28) used k-means clustering 

with Gaussian distribution modeling, surpassing existing 

contour-based methods on the BraTS 2013 dataset with a 

reported Dice score improvement of 3–5%, Shekari and 

Rostamian (32) more recently used FCM clustering with 

morphological reconstruction and active contour models 

to improve robustness against noise. These hybrid 

approaches show how well classical and deep learning 

methods could be used to enhance segmentation 

performance. 

Transformer-based models, attention processes, and 

semi-supervised learning underlie recent developments 

in brain tumor segmentation: Often surpassing CNN-

based approaches in situations needing contextual 

knowledge, transformer systems such as Swin-UNET 

and TransBTS capture long-range dependencies and have 

demonstrated encouraging outcomes in medical imaging. 

By dynamically weighting important information and 

hence enhancing border delineation, attention-based 

networks like Attention U-Net improve segmentation 

accuracy. Using both labeled and unlabeled data, semi-

supervised learning methods provide a viable path to help 

with data shortage issues. Consistent regularity and self-

training have been used successfully to reduce 

dependence on completely annotated datasets while 

maintaining competitive segmentation accuracy. 

Notwithstanding these developments, some 

difficulties still exist including reliance on large labeled 

datasets, computational inefficiencies, and the necessity 

of models resistant to changes in imaging techniques. 

With an eye toward enhanced accuracy and 

computational efficiency in brain tumor segmentation, 

this work addresses these gaps by proposing a hybrid 

framework combining histogram matching, k-means 

clustering, and an LGIF-based active contour model. Our 

method aims to provide competitive Dice and Jaccard 

coefficients while lowering computing cost by using the 

strengths of clustering for first segmentation and LGIF-

based active contour refining. 

With a Dice coefficient of 94.18% and a Jaccard 

index of 89.11%,  the recommended method shows 

strong  performance  and  is  thus  very  relevant  in 

clinical environments. This study has significant 

therapeutic consequences as it improves tumor 

segmentation accuracy and efficiency. Therefore, 

helping radiologists and doctors to plan treatments and 

diagnose diseases. 

 

 

 
Figure 1. Proposed method for Segmentation of brain tumors 
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3. PROPOSED ALGORITHM 
 

Segmentation of brain tumors in MRI is a challenging 

endeavor affected by variables like intensity 

inhomogeneity, uneven tumor shape, and susceptibility 

to noise. This paper presents a hybrid segmentation 

system that amalgamates many strategies to improve 

robustness and accuracy, addressing these challenges. 

Our approach achieves accurate boundary delineation by 

means of histogram matching for intensity normalization, 

K-means clustering for initial segmentation, 

morphological reconstruction for structural 

enhancement, and an advanced active contour model 

predicated on morphological local and global intensity 

fitting. 

Designed as a sequential pipeline including four main 

stages: pre-processing, clustering, morphological 

refinement, and boundary optimization. Figure 1 shows 

the suggested approach. Furthermore, Algorithm 1 uses 

MR images to define the pseudo-code for the tumor 

identification process, therefore describing the necessary 

computational phases in segmentation. 
 

Algorithm 1: Proposed Brain Tumor Segmentation 

Input: Flair-weighted MRI volume 

Output: Segmented tumor mask 

1. Pre-processing: 

o Normalize intensities via histogram matching. 

2. Coarse Segmentation: 

o Cluster image into K=2 regions using K-means (Eq.1). 
3. Morphological Refinement: 

o Remove false positives via opening operation (Eq.3). 

o Fill tumor cavities via closing operation (Eq.4). 

4. Boundary Optimization: 

o Initialize active contour using refined mask. 

o Evolve contour via MLGIF energy minimization (Eq.9). 

5. return Final tumor mask. 

 

3. 1. Pre-processing       In image processing, histogram 

matching is a method used to modify the intensity 

distribution of an input picture so that it aligns with a 

reference image with intended contrast characteristics. 

This method guarantees that the input picture takes on the 

visual traits of the reference image, hence improving 

consistency across datasets. 

Medical imaging carefully selects the reference 

picture to show great contrast between tumor areas and 

healthy tissues, particularly for tumor identification. 

Matching the histogram of the input picture to this 

reference helps tumor regions to be more distinct, hence 

enabling effective segmentation and analysis. 

Standardizing MRI images from different scanners or 

protocols depends on this step, which makes sure that 

activities that happen later on in the computer system 

work the same way every time. 
 

3. 2. Clustering        To efficiently localize tumor regions 

in Flair-weighted MRI scans, we partition the pre-

processed image into two clusters using K-means 

clustering. This simplified clustering strategy is 

motivated by the inherent hyperintensity of tumors in 

Flair-weighted MRI, which naturally distinguishes tumor 

tissue from surrounding brain parenchyma. The objective 

function minimizes intra-cluster variance: 

2
2

1 i

i

i x C

J x 

= 

= −  
(1) 

where i represents the centroid of cluster iC . The tumor 

candidate is the cluster with the greater mean intensity. 

Although this binary partitioning offers a crude 

segmentation, it is computationally effective prior to 

downstream refinement using the MLGIF active contour 

model. Every centroid is updated repeatedly using: 

1
, 1

j

j i
j i c

c x j
m



=    
(2) 

where 
jC  is the centroid of cluster j , calculated as the 

average location of all data points ix connected with that 

cluster, while jm  specifies the total count of data points 

inside cluster j . We indicate the number of clusters by j

. Iteratively performed, the centroid update equation 

refines each cluster center and lets the algorithm 

converge toward an ideal clustering result. Using the 

MLGIF active contour model, this formulation provides 

a strong beginning for further segmentation refinement 

and is especially helpful in separating the picture into 

tumor and non-tumor areas. 

 

3. 3. Morphological Refinement            Essential 

methods in image processing that improve segmentation 

outcomes by changing pixel values depending on spatial 

relations are morphological operations. These procedures 

eliminate useless areas and assist in maintaining 

structural integrity. More complex processes like 

opening and closure are based on the main morphological 

changes, dilatation, and erosion. 

Minimizing false positives and raising the accuracy 

of the found tumor areas depend on morphological 

opening and closure procedures within the framework of 

tumor segmentation. Small non-tumor features, including 

edema and vascular components, are removed using an 

opening procedure including an erosion stage followed 

by dilation. This is shown mathematically as follows: 

: ( )OpeningI I S I S S=    (3) 

where S denotes a structuring element with a disk-like 

shape. After this stage, a morphological closure is done 

to restore the overall shape of the tumor and seal minor 

gaps resulting from the opening surgery. This procedure 

entails dilation followed by erosion applied on the 

previously refined tumor mask: 
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: ( )Closing Opening OpeningI I S I S S• =    (4) 

By means of repetitive application of these processes, a 

more coherent tumor mask is obtained, therefore 

augmenting the starting basis for the active contour 

model in the next segmentation step. By eliminating 

unnecessary areas and smoothing borders, morphological 

reconstruction improves the tumor mask and guarantees 

more uniformity for the active contour initiation. Two 

crucial pictures are used in this operation: the mask 

image, which shows the first segmentation, and the 

marker image, acquired by means of morphological 

changes aimed at eliminating unwelcome features. The 

ensuing improved tumor mask is then used to provide a 

strong basis for the active contour model. 

 

3. 4. Boundary Optimization       Active contour 

models (ACMs) have found extensive use in medical 

picture segmentation due to their ability to actively and 

adaptively develop outlines. Inspired by geometric flows 

and surface evolution theory, these models minimize an 

energy functional generated from picture characteristics, 

hence refining object bounds. Using intensity 

homogeneity, one of the most well-known region-based 

active contour models, the Chan-Vese model (33), 

effectively segments objects. Common problems in 

medical imaging, however, this model finds difficult with 

weak borders and intensity inhomogeneity. 

Fouladivanda et al. (27) suggested the LGIF model, a 

complex active contour framework that combines local 

morphological information with global intensity 

consistency into a coherent energy functional, to go over 

these limitations. This method enhances the global 

region-based Chan-Vese model by extending upon the 

Local Morphology Fitting (LMF) framework developed 

by Sun et al. (34), hence enhancing segmentation 

efficiency in pictures showing significant intensity 

variations. Moreover, the MLGIF model guarantees 

computational efficiency by using the optimization 

strategy suggested by Márquez-Neila et al. (35), hence 

retaining robustness against noise and artifacts. 

The fundamental premise of MLGIF is the integration 

of both local and global energy components, enabling the 

model to adjust to diverse intensity distributions within 

the image. The energy functional of MLGIF is articulated 

as follows: 

(1 )MLGIF CV LMFE E E = + −  (5) 

The weighting parameter [0,1]  dynamically modifies 

the impact of local and global terms inside the energy 

functional. It is characterized as follows: 

( ) .average ( ( )).(1 ( ))W Wx CR x CR x = −  (6) 

In this context, τ represents a positive constant, whereas 

( )WCR x  denotes the local contrast index computed within 

a neighborhood window W centered at the pixel x . The 

local contrast index ( )WCR x is defined by: 

max min

( ) W W
W

r

I I
CR x

I

−
=  (7) 

max
WI and min

WI  represent the maximum and minimum 

intensity values within the neighborhood window W, 

whereas Ir serves as a scaling factor for normalizing the 

contrast index. The Chan-Vese energy functional, 

functioning as the global term in MLGIF, is defined as 

follows: 

1 1
( )

2 2
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( )

( )

CV

inside C
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E

I x c dx

I x c dx
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



= +

+ −

+ −





 

(8) 

where C represents the evolving contour, whereas 𝑐1 and 

𝑐2 reflect the average intensities within and outside the 

contour, respectively. The weighting coefficients 𝜆1 and 

𝜆2 regulate the influence of intensity variations. The 

parameters length (C) and area inside (C) set limitations 

on the contour's smoothness and dimensions. The Chan-

Vese model proficiently represents global intensity 

distributions but fails to accommodate local fluctuations, 

which are essential in medical imaging impacted by 

intensity inhomogeneity. 

Fouladivanda et al. (27) proposed a local energy term 

derived from morphological operations to boost 

segmentation in scenarios of non-uniform intensity, 

hence improving flexibility to spatial intensity 

fluctuations. The comprehensive energy functional of 

MLGIF is articulated as follows: 

1 1
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2 2
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3 1
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
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

 
(9) 

where 𝑓1(𝑥) and 𝑓2(𝑥) denote fuzzy membership 

functions that illustrate local intensity distributions, 

while 𝜆3 and 𝜆4 regulate the impact of the local energy 

components. By integrating these local morphological 

characteristics into the segmentation process, MLGIF 

significantly improves contour evolution, guaranteeing 

accurate border recognition even in pictures with 

substantial intensity fluctuations. 

The segmentation procedure utilizing MLGIF 

adheres to a systematic methodology. An initial tumor 

mask is created and utilized as input for the active 

contour model. The contour evolution is executed by 
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reducing the MLGIF energy functional, hence 

progressively refining the tumor boundaries. During each 

iteration, morphological operations, including opening 

and closure, are employed to preserve structural integrity. 

The initial operation eliminates minor, extraneous 

structures, whereas the concluding procedure fills voids 

and maintains the connectedness of the tumor area. This 

repeated approach persists until convergence is achieved, 

guaranteeing that the final contour precisely corresponds 

with the tumor boundaries. 

The MLGIF model offers substantial benefits 

compared to conventional segmentation techniques. 

Integrating both global and local intensity data promotes 

resilience to intensity inhomogeneity and diminishes 

false positives. Moreover, the integration of 

morphological operators enhances computational 

efficiency and guarantees contour stability. These 

attributes render MLGIF exceptionally appropriate for 

medical imaging applications, notably in MRI-based 

tumor segmentation, where intensity fluctuations and 

indistinct borders frequently present significant hurdles. 

 

 

4. EXPERIMENTAL RESULTS 
 
This section presents the experimental findings of our 

suggested hybrid framework for brain tumor 

segmentation. The experiments were performed on the 

BraTS 2013 dataset to assess the accuracy and efficacy 

of our technique. The results are structured 

systematically to align with the study objectives and 

facilitate clear interpretation. 

 

4. 1. Materials         The BraTS 2013 dataset serves as a 

prominent baseline for brain tumor segmentation. From 

people diagnosed with gliomas, the dataset consists of 

multimodal MRI scans (T1, T2, T1c, and FLAIR), 

including low-grade and high-grade cases. The dataset 

displays a range of tumor attributes regarding shape, size, 

and intensity variations. Every image is accompanied by 

manually annotated ground truth labels supplied by 

experienced radiologists, utilized for assessing the 

efficacy of segmentation algorithms. Additionally, the 

dataset is partitioned into training and testing subsets to 

guarantee an equitable comparison of various 

segmentation techniques. 

 

4. 2. Evaluation Metrics          This research employs 

the following measures to assess the efficacy of our 

proposed method: Dice Similarity Coefficient (DSC), 

Intersection over Union (IoU), Precision (Pr), and 

Sensitivity (S). DSC assesses the congruence between the 

predicted segmentation and the ground truth, whereas 

IoU evaluates the resemblance between the predicted and 

real tumor areas. Precision denotes the ratio of accurately 

predicted tumor pixels to the total predicted tumor pixels, 

whereas Sensitivity (Recall) quantifies the ratio of 

accurately predicted tumor pixels to the total real tumor 

pixels.  

The mathematical expressions of these metrics are as 

follows: 

2 X Y
DSC=

X Y

 

+
 (10) 

X Y
IoU=

X Y




 (11) 

TP
=

TP+FP
Pr  (12) 

TP
Se=

TP+FN
 (13) 

Whereas Y denotes the gathering of ground truth tumor 

pixels (reference segmentation), X denotes the 

segmentation outcome that is, the predicted tumor pixels. 

True Positives (TP) are indicated by ∣X∩Y∣, the count of 

pixels where the ground truth and expected 

segmentations line-up. While ∣Y∣ represents the total 

count of ground truth tumor pixels, which includes TP 

and False Negatives (FN), ∣X∣ symbolizes the total count 

of expected tumor pixels, which includes True Positives 

(TP) and False Positives (FP). TP denotes pixels 

precisely identified as tumor; TN, or True Negatives, are 

pixels properly categorized as non-tumor; FP denotes 

pixels mistakenly projected as tumor; FN denotes pixels 

from the ground truth tumor zone not detected as tumor 

in the prediction. 

 

4. 3. Configuration       The suggested approach was 

assessed using the BraTS 2013 dataset. Our tests 

concentrated on FLAIR-weighted MRI sequences 

because of their enhanced contrast for identifying edema 

and defining tumor margins, especially in the Whole 

Tumor (WT) area. The FLAIR sequence is particularly 

adept in delineating hyperintense regions linked to 

tumors and edema, rendering it an appropriate option for 

segmenting the whole tumor region. The findings 

indicate that our approach attains competitive 

performance in precisely outlining tumor locations, 

validating the effectiveness of concentrating on FLAIR-

weighted pictures for brain tumor segmentation. 

The experiments were conducted using a 5-fold cross-

validation strategy to ensure the robustness and 

generalizability of the results. The parameters for the 

MLGIF model were optimized through extensive 

experimentation and set as follows: W = 7, τ = 4, μ = 1, 

λ1 = 5×10−4, λ2 = 3×10−4, λ3,λ4 = 10−4 and ν = 0. These 

parameters were carefully selected to balance the trade-

off between segmentation accuracy and computational 

efficiency. 
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TABLE 1. Dice, Jaccard, Precision and Sensitivity metrics 

Image ID (Slice Number) 
MLGIF Proposed method (HM+K-Means+MLGIF) 

DSC IoU Pr Se DSC IoU Pr Se 

BraTS2013_0_1 (75) 64.48 47.57 100 47.57 90.03 81.86 86.31 94.07 

BraTS2013_1_1 (56) 47.14 30.84 30.84 100 91.94 85.09 97.11 87.30 

BraTS2013_2_1 (112) 75.97 61.26 61.65 98.97 91.68 84.64 87.69 96.05 

BraTS2013_3_1 (86) 84.71 73.48 76.78 94.48 91.10 83.66 91.28 90.93 

BraTS2013_4_1 (66) 79.14 65.48 71.04 89.31 91.80 84.85 91.03 92.59 

BraTS2013_5_1 (91) 86.99 76.97 93.20 81.55 95.73 91.81 96.69 94.79 

BraTS2013_6_1 (100) 93.48 87.76 99.74 87.97 97.02 94.22 98.72 95.38 

BraTS2013_7_1 (102) 95.06 90.59 99.44 91.05 97.59 95.30 98.29 96.90 

BraTS2013_8_1 (81) 79.29 65.68 66.11 99.03 93.95 88.59 95.52 92.43 

BraTS2013_9_1 (100) 80.61 67.52 98.21 68.36 94.07 88.80 92.95 95.21 

BraTS2013_10_1 (85) 80.59 67.49 77.75 83.65 92.05 85.28 96.11 88.33 

BraTS2013_11_1 (104) 93.54 87.86 88.61 99.04 96.07 92.44 93.99 98.25 

BraTS2013_12_1 (86) 71.03 55.08 99.85 55.12 97.71 95.53 97.68 97.74 

BraTS2013_13_1 (80) 85.02 73.95 73.95 100 95.71 91.77 94.04 97.44 

BraTS2013_14_1 (85) 92.90 86.74 98.24 88.11 95.64 91.65 95.75 95.54 

BraTS2013_15_1 (100) 23.81 13.52 13.58 96.60 87.35 77.54 78.48 98.48 

BraTS2013_16_1 (93) 89.52 81.03 85.19 94.32 93.50 87.80 93.54 93.47 

BraTS2013_17_1 (112) 90.94 83.39 84.58 98.33 94.89 90.27 96.28 93.54 

BraTS2013_18_1 (105) 88.94 80.09 93.78 84.58 95.04 90.55 98.73 91.62 

BraTS2013_19_1 (115) 67.27 50.68 92.65 52.81 93.14 87.16 98.31 88.49 

BraTS2013_20_1 (115) 88.57 79.48 95.15 82.84 94.92 90.33 96.80 93.11 

BraTS2013_21_1 (90) 93.14 87.16 98.31 88.49 96.07 92.43 97.94 94.26 

BraTS2013_22_1 (86) 82.81 70.67 79.43 86.50 96.72 93.65 97.13 96.32 

BraTS2013_23_1 (109) 92.78 86.53 96.28 89.52 95.95 92.22 98.30 93.71 

BraTS2013_24_1 (95) 78.40 64.48 86.54 71.66 94.39 89.37 90.05 99.17 

BraTS2013_25_1 (108) 89.86 81.59 85.48 94.71 95.91 92.14 98.38 93.57 

BraTS2013_26_1 (105) 90.31 82.32 82.72 99.42 95.44 91.28 96.29 94.61 

BraTS2013_27_1 (75) 87.08 77.11 92.50 82.26 93.64 88.05 94.16 93.14 

BraTS2013_28_1 (76) 87.52 77.80 99.00 78.42 89.13 80.39 97.72 81.93 

BraTS2013_29_1 (101) 94.07 88.80 99.87 88.91 97.16 94.47 96.51 97.81 

Means 81.83 71.43 84.02 85.79 94.18 89.11 94.73 93.87 

 
 

4. 4. Quantitative Results       Several performance 

measures including the Dice Similarity Coefficient 

(DSC), Jaccard Index (IoU), Precision, and Sensitivity 

were used to evaluate the suggested approach. These 

measures were chosen to assess the segmentation 

technique's accuracy holistically. Table 1 shows the 

advantages attained by including histogram matching, k-

means clustering, and the MLGIF-based active contour 

model by a comparison of the proposed technique to the 

MLGIF methodology. 

With a mean Jaccard index of 89.11% and a mean 

Dice coefficient of 94.18%, the suggested approach far 

exceeded the MLGIF technique. Furthermore noted were 

the mean Precision and Sensitivity levels, at 93.87% and 

94.73% respectively. These gains suggest that the 

suggested structure guarantees better segmentation 

accuracy while efficiently lowering false positives and 

false negatives, thereby preserving computational 

economy. 
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Table 1 especially shows that, throughout all tested 

slices, the suggested approach always exceeded the 

MLGIF model. For one of the BraTS dataset slices, for 

example, the Dice coefficient for the suggested strategy 

was 95.04%, whereas the DHCP method had 88.94%. 

This contrast emphasizes how well the suggested 

approach precisely defines tumor borders, particularly in 

situations with notable intensity uniformity or irregular 

tumor shapes. 

The capacity of the suggested approach to more 

efficiently manage fluctuations in tumor shape and 

intensity distributions than LGIF is a main benefit. The 

increases in Precision and Sensitivity ratings point to the 

method's very skillful ability to lower misclassifications, 

a critical consideration in medical imaging applications 

where lowering false positives and false negatives 

directly influences clinical decision-making. 

The findings in Table 1 demonstrate, with great 

accuracy and robustness, that the suggested segmentation 

approach has great possibilities for practical use in 

clinical settings. The approach is a good fit for inclusion 

into automated medical diagnostic systems as it can 

efficiently segment brain tumors while preserving a 

balance between accuracy and computing economy. 

Moreover, the consistency of findings over many slices 

suggests that the method is generalizable and may be 

used on many datasets without appreciable performance 

reduction. 

These results show that the suggested framework 

addresses important issues such intensity fluctuations, 

tumor boundary abnormalities, and segmentation 

stability, therefore offering significant advantages over 

standard segmentation methods. While the increased 

Precision and Sensitivity ratings show the method's 

practical relevance in clinical and research environments, 

the strong Dice and Jaccard coefficients demonstrate its 

dependability. 

 
4. 5. Comparison with Other Methods        To further 

validate the effectiveness of the proposed method, we 

evaluated its performance against other advanced 

segmentation techniques, as shown in Table 2. With a 

mean Dice coefficient of 94.18%, the suggested approach 

exceeded other published approaches like nnU-Net 

(88.95%), 2DResU-Net with ResBlock (90%), and U-

Net coupled with Adaptively Regularized Kernel-Based 

Fuzzy C-Means and Level Set (93%). 

Particularly in situations with complicated tumor 

forms, the increases in Dice and Jaccard scores show that 

our method offers greater segmentation accuracy. Unlike 

earlier techniques that suffer from intensity changes, our 

approach uses histogram matching, which greatly 

improves the resilience of segmentation across many 

MRI images. 

 

4. 6. Qualitative Results       Figure 2 presents the  
 

TABLE 2. Compared proposed method with other methods 

Ref Method Dateset DSC 

(36) GANs + diffusion models BraTS2020 90 

(37) Autoencoder + Attention Gates BraTS2021 90.82 

(38) nnU-Net BraTS2020 88.95 

(39) 2DResU-Net + ResBlock BraTS2018 90 

(40) Inception U-Det BraTS2017 86.8 

(41) U-Net + FCM + Level set BraTS2017 93 

(42) RF+ ACM BraTS2013 89 

(28) Morphological ACM BraTS2013 91.79 

(32) FCM + ACM BraTS2013 93.07 

Our 

method 
HM + K-means + MLGIF BraTS2013 94.18 

 

 

segmentation results for a given input picture, therefore 

highlighting the qualitative findings of the proposed 

approach. The image highlights how exactly tumor 

boundary lines are constructed in multiple sample slices. 

In these graphic outputs, yellow pixels represent True 

Positives (TP), red pixels show False Positives (FP), and 

green pixels show False Negatives (FN). 

The suggested method has a major benefit in terms of 

increased accuracy in recording tumor margins, hence 

reducing both FP and FN mistakes. As seen in the second 

and third columns of Figure 2, our approach significantly 

lowers incorrect classifications when compared to 

MLGIF. Red and green pixel counts suggest that the 

suggested method effectively and more precisely detects 

the tumor area. 

Furthermore clear evidence of our approach's strength 

is its capacity to manage complicated tumor forms and 

intensity changes. Unlike LGIF, which usually causes 

mistakes in areas with varying intensity levels, our 

approach efficiently addresses such difficulties and 

preserves segmentation quality. This quality is especially 

important for brain tumor segmentation, in which tumors 

show variable intensity distributions and irregular forms. 

Moreover, our approach enhances small tumor 

preservation as the fourth and fifth rows of Figure 2 

reveal. LGIF finds it difficult to exactly capture these 

small structures; sometimes leading to either incomplete 

omission (false negatives) or over-segmentation (false 

positives). The proposed method clearly characterizes 

such regions even while maintaining a balanced 

segmentation output. 

These results illustrate how effectively our approach 

generates correct, constant, robust tumor segmentation, 

hence it is a superior alternative for MLGIF under 

demanding medical imaging situations. 

Moreover, Figure 3 shows in MRI images the 

progressive processing and assessment of the suggested 

tumor segmentation strategy. While the second row (b) 
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Figure 2. Segmentation outcomes: (a) input, (b) MLGIF, 

and (c) our approach. Yellow denotes true positives (TP), red 

signifies false positives (FP), and green indicates false 

negatives (FN) 

 

 

shows the manually segmented Ground Truth, acting as 

the standard for assessing the segmentation accuracy, the 

first row (a) shows the raw MRI inputs. Histogram 

matching is used in row (c) to improve the contrast and 

intensity consistency thereby increasing the pictures' 

similarity to the training data. Though it captures tumor 

areas, the fourth row (d) displaying the segmentation 

outcome achieved using the K-means clustering 

technique indicates noise and partial segmentation 

problems. 

At conclusion, row (e) provides a direct comparison 

between the proposed method (MLGIF) where red 

contours indicate the MLGIF output and the Ground 

Truth segmentation shown by blue contours. The results 

reveal that the proposed method works better than K-

means clustering and closely matches the expert-

annotated Ground Truth in exactly delineating tumor 

boundaries. The comparison highlights how precisely the 

proposed technique performs segmentation, therefore 

supporting its use for MRI image tumor detection. 

 
Figure 3. Outcomes of the suggested methodology: (a) 

Input, (b) Ground Truth, (c) Histogram matching output, (d) 

K-means Clustering result, (e) Comparative analysis of the 

suggested approach against Ground Truth (red: MLGIF 

outcome, blue: Ground Truth) 

 

 

4. 7. Discussion       The experimental findings indicate 

that the suggested strategy attains superior performance 

in brain tumor segmentation. The integration of 

histogram matching, k-means clustering, and the 

MLGIF-based active contour model enables the 

technique to proficiently address intensity 

inhomogeneity, uneven tumor margins, and noise. Figure 

4 presents a detailed, stepwise visualization of the 

suggested methodology, illustrating the output at each 

phase comprehensively. The elevated Dice and Jaccard 

scores, in conjunction with the high Precision and 

Sensitivity, indicate that the suggested technique is both 

precise and resilient. 

A primary benefit of the suggested strategy is its 

computational efficiency. Utilizing morphological 

procedures and the MLGIF model, the approach 

decreases computer complexity while maintaining 

excellent segmentation accuracy. A detailed analysis of 

this complexity reduction is provided by Fouladivanda et 

al. (27). This makes it appropriate for real-time clinical  
 

a b c

a

b

c

d

e
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Figure 4. A processed brain MRI from the BraTS2013 

dataset, with segmentation and delineated tumor region 

 

 

applications, where both precision and rapidity are 

essential.  

Nonetheless, the suggested technique has several 

drawbacks. For example, its efficacy may fluctuate when 

used on datasets exhibiting substantial disparities in 

imaging procedures or tumor attributes. Subsequent 

research may concentrate on improving the method's 

generalizability by the integration of adaptive approaches 

and the examination of bigger, more heterogeneous 

datasets. 

 

 

5. CONCLUSION 
 
This research introduces an innovative hybrid framework 

for brain tumor segmentation in MRI images, using 

histogram matching for intensity normalization, k-means 

clustering for initial tumor localization, and an active 

contour model based on MLGIF for accurate border 

refining. The suggested technique efficiently tackles 

issues associated with intensity fluctuations, noise, and 

intricate tumor shapes. Experimental assessments on the 

BraTS 2013 dataset indicate that the suggested 

methodology attains a mean Dice coefficient of 94.18% 

and a Jaccard index of 89.11%, exceeding other 

established techniques. The enhanced Precision and 

Sensitivity demonstrate the method's efficacy in properly 

delineating tumor locations while reducing false 

positives and false negatives. 

The suggested approach is computationally effective, 

which qualifies for real-time therapeutic uses. Moreover, 

its resistance to noise and intensity inhomogeneities 

improves its possible incorporation into clinical 

procedures, thereby giving doctors consistent 

segmentation results to support diagnosis and treatment 

planning.  

Though it performs rather well, several difficulties 

still exist. Future research should concentrate on 

improving generalizability by means of training on 

bigger, more varied datasets and adaptive learning 

approaches. Furthermore enhancing segmentation 

accuracy and lowering dependency on large-scale labeled 

datasets might be achieved by using transformer-based 

designs and semi-supervised learning techniques. 

Finally, our work emphasizes how well merging 

conventional and deep learning methods performs for 

brain tumor segmentation. A viable option for practical 

medical uses, the suggested hybrid technique not only 

enhances segmentation accuracy but also provides 

computing economy. 

 

Data availability: The dataset used in this investigation 

is accessible via the BraTS 2013 repository at 

https://www.smir.ch/BRATS/Start2013 
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Persian Abstract 

 چکیده 
برنامه   صیتشخ  ندیدر فرآ  ینقش اساس (MRI) یسیمغناط  دیتشد  یربرداریدر تصو  یمغز  یتومورها  قیدق  صیتشخ ا  یزیرو  با  با   یهاحال، روش   ن یدرمان دارد.  مرسوم 

  ق یکه با ادغام تطب  کندیم  یرا معرف  نینو  یبیچارچوب ترک  کیمطالعه    نیمواجه هستند. ا  زیبه نو  تیتومورها و حساس  دهیچیاشکال پ  ر،یشدت تصو  رات ییمانند تغ   ییهاچالش

  ستوگرام یه  قی. در مرحله نخست، تطبسازدیمشکلات را برطرف م  نی، ا(MLGIF)  یو جهان  یبرازش شدت محل  یکیمدل مورفولوژو   k-means یبندخوشه  ستوگرام،یه

. در ادامه،  رودی به کار م  یتومور  ینواح  یبرا   هیاول  یبندبخش  کیعنوان  به k-means یبند خوشه  تمی. سپس، الگورشودیانجام م MRI یهاشدت داده  عی توز  یسازنرمال  یبرا

زمان در نظر  را هم  یو جهان  یشدت محل  یهایورود  رایز  دهد،ی م  شیافزا  یمحاسبات  یی تومور را با حفظ کارا  یمرزها  یبنددقت بخش MLGIF بر  یکانتور فعال مبتنمدل  

را با دقت    یمغز  یشده تومورهاکه روش ارائه  دهدینشان م  جیاستفاده شده است. نتا BraTS 2013 از مجموعه داده   ،یشنهادیچارچوب پ  ییجامع کارا  یابیارز  ی. براردیگیم

 . است آمده دستبه ٪۸۹.۱۱ جاکارد شاخص و ٪۹۴.۱۸ سیدا بیدارد. ضر یواقع  یایدر دن یدرمان یکاربردها یبرا  ییبالا لیو پتانس کندیم یبندبخش ییبالا
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