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ABSTRACT

Image segmentation is computer vision and analysis of images. However, several segmenta-
tions couldn’t be manageable due to high noise levels. It is tough to deal with semi-supervised 
fuzzy clustering since it is not robust, and reduction needs to be improved. Many researchers 
have developed in this cluster. Our research focuses on adding noise, reducing noise, and 
applying our techniques to get detailed, clear images. Now, we introduce the robust approach 
kernel method based on semi-supervised fuzzy clustering with Kullback-Leibler divergence. 
It incorporates Kullback-Leibler divergence, and semi-supervised clustering is of essential sig-
nificance. The primary benefit of robust semi-supervised fuzzy clustering is that it manages 
uncertainty data and kernel distance measures to capture the similarity between data points, 
enhancing segmentation performance. We use various strategies to introduce noise and mini-
mise it compared to kernel robustness semi-supervised fuzzy clustering with Kullback-Leibler 
divergence. The effectiveness of the recommended technique was evaluated using synthetic 
datasets, the publicly accessible simulated human brain Magnetic Resonance Imaging dataset, 
and the BraTS2020 medical imaging and lung computed tomography scans. The experimental 
findings show that the suggested method outperforms existing algorithms in peak signal noise 
ratio, accuracy, precision, F1 score, and Jaccard index.
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INTRODUCTION 

Image segmentation is the most essential need; day by 
day, they can quickly analyse something early. However, 
traditional approaches often break down when dealing with 
complex images with a lot of noise. The noise reduction 
achieved by traditional fuzzy clustering approaches needs 
to improve due to their lack of robustness. Because it pro-
duces precise images without ionising radiation, Magnetic 

Resonance Imaging (MRI) is crucial to modern medicine 
and ensures patient safety. Because MRI can produce mul-
tidimensional, high-contrast images, it is beneficial in the 
research of more delicate brain regions, such as the white 
matter (WM), grey matter (GM), and cerebrospinal fluid 
(CSF). It is essential for target detection and pattern recog-
nition tasks in medical image processing. Many segmenta-
tion algorithms have developed, such as spectral clustering 
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approaches [1], density clustering [2], threshold-based 
methods [3], and level set methods [4]. 

With a large amount of MRI data generated daily, faster 
and more accurate analysis of this data is desired, which 
requires skilled radiologists. However, radiologists manu-
ally analyse these images, which is time-consuming. Further, 
the varying knowledge level of radiologists makes analysing 
these images inconsistent. All these factors require automated 
algorithms to support radiologists in providing quicker and 
more efficient analysis of these images. Supervised learning is 
completely labeled data. Unsupervised learning is completely 
unlabeled samples [5]. It is used for assigning data points to 
clusters when there is no available information about the cor-
rect clustering. Semi-supervised and unsupervised learning 
are more favorable than supervised learning since they are 
time-consuming and most practical real-world situations do 
not require previous knowledge. In this literature introduces 
many automated medical image  segmentation methodolo-
gies, including clustering algorithms. Clustering belongs to 
the class of unsupervised learning methods in which there is 
no given information about the labels of the data elements, 
dissimilar to classification methods. It is most successful 
because it provides a decent trade-off between time com-
plexity and segmentation quality, a key shortcoming of most 
other approaches. One of the popular techniques is fuzzy set 
theory, especially in medical image segmentation, because 
of the inherent ambiguity of images and the complexity of 
human vision. Fuzzy theory and clustering technologies 
have generated a lot of academic interest. Deep learning is 
frequently used to assess comparable performance indica-
tors like accuracy (Acc), precision (Pre), recall (RC), and F1 
scores have been evaluated [6]. Many clustering algorithms 
are available in the literature, broadly categorised into hard 
clustering [7] and soft clustering [8,9] strategies. Methods 
like kernel-based algorithms [10], SVM [11], and K-means 
clustering have garnered significant attention, leading to sev-
eral extensions such as fuzzy ISODATA [1], kernel principal 
component analysis, KFDA [12], neutrosophic set [13], ker-
nel-based algorithms, and Grey Wolf Optimizer [14]. RBF 
networks [1] using segment regions of clusters have shown to 
be particularly advantageous and may have been applied to 
overcome issues in numerous communication systems.

Bezdek et al. created the fuzzy c-means (FCM) cluster-
ing, a soft clustering method inspired by Zadeh’s fuzzy set 
theory [15,16]. Pixels can be assigned to many clusters at 
once by changing their degree of membership. FCM is a 
center-based clustering algorithm that modifies the degree 
of membership inversely based on a pixel’s distance from 
the cluster centers [17,18]. Many researchers have been 
attempting to improve the FCM algorithm for medical image 
segmentation, addressing difficulties including low sharp-
ness and poor understanding, which need clarification. 
However, research has found problems with FCM-based 
clustering algorithms due to reluctance when allocating 
membership functions. As a result, several researchers have 
developed the intuitionistic fuzzy c-means (IFCM) based 

on an intuitionistic fuzzy set (IFS) expanded by Atanassov 
[19], which considers membership, non-membership and 
hesitation degrees, hence enhancing clustering outcomes 
for imprecise data. FCM uses Euclidean distance in the 
original feature space, making it a less noisy environment, 
whereas kernel-based fuzzy clustering transforms data 
into a higher-dimensional space, improving cluster [20]. 
Lavanya [21] developed the modified quick kernel-induced 
intuitionistic fuzzy generator to enhance input images by 
minimising uncertainty. The grey-level histogram of the 
morphologically reconstructed IFS picture is subsequently 
examined utilising the kernel distance of IFCM clustering 
[14]. Additionally, Bui Cong Cuong [22] published image 
fuzzy sets in 2014, paving the way for the development 
of picture fuzzy clustering (PFCM) for tumor segmen-
tation, which accounts for degrees of rejection, member-
ship, neutrality, and non-membership. Chengmao Wu [23] 
enhanced the robustness of prior PFCM algorithms by 
resolving issues related to the selection of spatial constraint 
parameters, leading to the development of a novel PFCM, 
the resilient dynamic semi-supervised symmetric regu-
larised PFCM [24], which incorporates Kullback-Leibler 
(KL) divergence [25] and spatial information prerequisites. 
Inder Khatri also kernel fuzzy clustering, which can explore 
non-linear relations of pixels in an image [26]; its basic idea 
is to implicitly transform the input data into a higher dimen-
sional feature space via a nonlinear map, which greatly 
increases the  possibility of linear separability of the pat-
terns in the feature space, then perform FCM in the feature 
space, which enhances boundary detection and adapts to 
complex shapes [9]. This method calculates fuzzy member-
ships with greater precision, mitigating boundary leakage 
and enhancing contour accuracy despite noise, as an exten-
sion of image fuzzy set-based clustering techniques that 
employ picture fuzzy sets and the KL divergence metric. In 
2015, R. R. Gharieb [26] proposed a method for integrating 
local membership data into conventional FCM clustering 
via regularisation using KL divergence. Kamil Kmita [12] 
developed a scaling factor α that affects partial supervision 
as a nonlinear function in fuzzy clustering. Then developed 
semi-supervised clustering improves unsupervised cluster-
ing algorithms, and labeled data is highly scarce. Acquiring 
labeled samples is difficult and laborious. The labelling 
of all data is a labour-intensive endeavour because to the 
substantial volume of real-world data and the rapid pace of 
data generation, particularly in a streaming data context. 
Semi-supervised fuzzy clustering analysis of scaling fac-
tor descriptions validate their similarity and corroborate 
the interpretation by Pedrycz and Waletzky [9]. Kernel-
based semi-supervised clustering [27] has been proposed 
and applied in many fields. According to the scaling factor, 
optimization requires balancing supervised and unsuper-
vised components, which results in improved image feature 
interpretation and the ability to do further clustering. It 
improves the algorithm using KL-divergence, which helps 
maintain the two-probability distribution. It also helps 
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measure spatial data distribution, ensuring that the clus-
tering process remains sensitive to noise and uncertainty 
while preserving the structure of the segmented regions. 
In my research case, modifying the algorithm improves the 
clustering accuracy. It has been successfully used in clas-
sification and clustering problems. Morphological recon-
struction has been smoothing out excess connected pixels 
while retaining contour information to understand the 
clustering process better. It addresses the problem of bal-
ancing the number of segmented regions with the contour 
accuracy. Clustering methods are applied after the image’s 
grey-level histogram to save processing time. Finally, the 
Gaussian kernel distance measure is utilized to compute the 
distance measure in higher dimensional feature space. Due 
to the transformation of data points in higher dimensional 
feature space, the Gaussian kernel can solve the problem 
of inherent non-linearity in data without increasing the 
computational complexity. We incorporate this method 
by  implementing Kernel based on semi-supervised fuzzy 
clustering with KL-divergence (KSSFKL) on the histogram 
of morphologically rebuilt images and a unique FCM that 
clusters complicated data without hesitation and in less 
time, which gives a better tradeoff between robustness to 
noise and shape preservation.

In summary of major contribution:
1.	 The clustering optimization problem is formulated 

within a semi-supervised theoretical framework, effec-
tively addressing noise and non-linearity. A unique 
semi-supervised FCM method is being developed 
to improve cluster representation capabilities and 
decision-making.

2.	 The proposed method reduces noise in segmentation 
by incorporating KL divergence metrics. In addition, 
kernel distance aims to handle non-linear systems 
effectively.

3.	 As a result, the proposed clustering approach mitigates 
noise and non-linear structures found in images and 
substantially enhances segmentation tasks, providing a 
promising prospect for future applications.
The remainder of the article is structured into five sec-

tions, each building upon the previous one. Section 2 delin-
eates the preparatory measures necessary for the proposed 
methodology, establishing the foundation for our research. 
Section 3 comprehensively elucidates the clustering pro-
cess, which constitutes the essence of our methodology. 
Section 4 subsequently concentrates on parameter selection 
and experimental analysis, utilising the techniques from 
preceding parts. Section 5 presents and elucidates the cal-
culated results derived from our experimental endeavours. 
Finally, sections 6 and 7 discuss the suggested technique 
and the conclusion of our study. 

PRELIMINARIES 

This section comprises definitions and explanations 
of the fundamental concepts utilized in this study. It 

delineates the fundamental principles and approaches uti-
lised, together with the corresponding notations employed 
throughout the work.

Fuzzy C-means Clustering
The incorporation of fuzzy logic into the FCM tech-

nique represents an extension of the widely-used K-means 
algorithm for clustering. The FCM algorithm, like K-means, 
is iterative, with a preset beginning grouping and several 
clusters (C). Let T = (y1, y2, …, yN ) denote the collection 
of data points, and V = {v1, v2, …, vC} represent the center 
of cluster. FCM algorithm aims to minimize the following 
objective function to divide N data points into C clusters.

	 	
(1)

The fuzzy partition matrix U= (uij)C*N meets the fol-
lowing conditions, with m representing the weighting 
exponent:

	 (2)

where the value of membership uij for the jth pixel in the 
ith cluster, denoted by vi, is determined by the square 
Euclidean distance ‖yj -vi‖2. Here, m ∈ [1,∞]  is an inte-
ger that regulates the fuzziness exponent. The membership 
degree uij and the cluster center vi can be expressed using 
the Lagrange multiplier method as follows:

	 	

(3)

 

	 	
(4)

Semi-supervised Clustering
Traditional fuzzy clustering methods treat pixels inde-

pendently, which is not optimal for pixel clustering. Pedrycz 
et al. [12] proposed an SSFCM to improve FCM cluster-
ing performance. The optimization models for the SSFCM 
algorithm are delineated as follows [24]:

	 	

(5)

where . Ref. [1] provides a 
detailed description of the parameters ρ, bi, and supervised 
information fij. The membership degree uij and cluster cen-
ter νi can be expressed as follows.
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(6)

	 	
(7)

If ρ = 0, the SSFCM method transforms into the stan-
dard FCM algorithm. Thus, the FCM algorithm is an 
upgraded version of the SSFCM technique.

Fuzzy c means with KL-Divergence
In Ref. [14], the FCM algorithm’s objective function 

updates a regularisation technique that includes an entropy 
term. This approach [24] is defined as:

	 	
(8)

Where πij is represented as the average local member-
ship function.

As a result, the KL divergence [26] is minimized, guid-
ing uij towards the membership value, and the average pixel 
πij consider as an adjacent neighbourhood. This strategy 
produces piecewise homogenous labeling and can be used 
to smooth noise. The equation (8) is minimized by:

	 	

(9)

	 	
(10)

PFCM
Cuong [22] developed the Picture Fuzzy Set (PFS) con-

cept, which extends the traditional fuzzy set and IFS. A PFS 
defined on a non-empty set X and a positive degree in FCM 
represents the probability that a sample belongs to a par-
ticular cluster. As a result, the literature proposes a novel 
PFS with a clustering approach [28], with an optimization 
model described as:

	 	
(11)

The following conditions are satisfied by the constraints:

Which as N, C, yj and vi represent the no. of samples, the 
no. of clusters, the ith sample in the dataset yj, and the center 
of cluster of the jth cluster, respectively. Additionally, uij, ζij 
and ϱij denote the positive, neutral, and refusal degree of 
sample yj belongs to the ith cluster.

	 	

(12)

	 	

(13)

	 	

(14)

	 	 (15)

Kernel Method
Kernel-based machine learning techniques, such as 

SVM [29], Kernel Principal Component Analysis (KPCA) 
[11], and Kernel Fisher Discriminant (KFD) [30], have 
demonstrated efficiency in various classification and feature 
extraction tasks. The based-on-kernel approach facilitates 
[21] the feature mapping space from its original dimension-
ality to a kernel equation, transforming a higher-dimen-
sional space  and  allowing for arbitrary nonlinearity. This 
characteristic enhances the linear machine’s expressiveness, 
and its integration into clustering algorithms can improve 
their clustering power and accuracy. The main advantage of 
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kernel methods lies in the fact that the dot product in the 
kernel space is such that,

	 	 (16)

where yi represents the data in the original space while ϕ(yj) 
represent as the data in higher-dimensional space. Kernel 
equations that are frequently employed [24] include there 
are four kernel functions: linear, polynomial of degree p, 
Sigmoid and Gaussian radial basis function [31] (RBF). 
These are provided as follows:

Equation (16) allows the preceding equation to be rep-
resented as:

	 	
(17)

The Gaussian RBF kernel can be represented as:

	 	 (18)

Similarly, the Euclidean distance between extra kernel 
spaces by applying a suitable kernel function in equation 
(17).

Kernel-based on picture fuzzy clustering with KL-
divergence

Optimize PFS using kernel fuzzy clustering and 
KL-divergence metric, as described in [32-35].

	 	

(19)

Where  
The following satisfied constraints:

Where  is defined by kernel 

distance measure and where γ is the regularization parame-
ter. Here,vi for all i = 1, 2, ..., C and j = 1, 2, ..., N, yj represents 
the cluster centers and data point centroids. After solving 
the equation (19) is an optimization problem, the degree of 
membership values uij, center of cluster vi, neutrality degree 
ζij, and refusal degree ϱij may be Langrage’s indetermined 
multipliers method derived from the following condition:

	 	

(20)

	 	
(21)

	 	
(22)

	 	 (23)

MATERIALS AND METHODS

As previously mentioned, non-linear features and image 
noise present significant challenges for image segmenta-
tion. In this literature has proposed various fuzzy set theo-
ry-based techniques to address these difficulties. The main 
objective of this correct selection of regularization parame-
ter values substantially impacts segmentation performance 
in noisy pictures. Figure 1 displays the main framework of 
the proposed approach.

Image segmentation in noisy and uncertain environ-
ments, especially medical images, poses significant chal-
lenges. This research presents a semi-supervised clustering 
strategy for image segmentation. It is one of the techniques 
that addresses the challenges of improving clustering accu-
racy under the supervision of a limited amount of data. 
In this case, the optimization using robust kernel-based 
semi-supervised fuzzy clustering optimization problem 
using the KL-divergence. This optimization issue consists 
of three words that attempt to overcome the constraints 
of present approaches. The first term uses kernel distance 
metrics to deal with non-Euclidean distance. The second 
term attempts to reduce noise during segmentation by 
using the KL divergence metric, adding neighbourhood 
information to assign pixel cluster labels appropriately by 
introducing model fuzziness. The third term improves clus-
tering quality by minimizing the information required for 
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semi-supervised algorithms to acquire optimal cluster loca-
tions. This approach is defined as:

	 	

(24)

ρ ≥ 0 is a scaling factor that controls the ratio of super-
vised and unsupervised components in the optimization 
method. We employ a two-value boolean indicator b = [bk], 
with k = 1, 2, ..., N with either 0 or 1 entries to discrim-
inate between labeled and unlabeled structures. Similarly, 
F = [fik] is the labeled patterns of the membership func-
tion recognized in matrix form, denoted as where i = 1, 
2, ..., C, K = 1, 2, ..., N. Using the kernel distance metric, 
we use Gaussian representations for cluster centroids and 
data points. It deals with the non-linear structure present 

in data. Due to the transformation of data points in higher 
dimensional feature space, the kernel trick can solve the 
problem of inherent non-linearity present in data without 
increasing the computational complexity. After addressing 
the optimization issue, the value of membership function 
uij and center of cluster vi and using calculating Lagrange’s 
approach using indeterminate multipliers, as follows: 

	 	

(25)

	 	
(26)

The primary purpose of this strategy is to reduce the 
weighted sum of squared distances between data points 
and their cluster centers while also integrating robust con-
straints and a regularisation term to encourage smooth 
cluster memberships. This iterative approach is intended 
to reduce the effect of noise and properly locate cluster 

Figure 1. Flow chart of the proposed work
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centers in noisy image environments (Appendix A). These 
are ensured that the following steps improves the clustering 
and decision-making is more reliable, even when faced with 
noise and uncertainty (Algorithm 1).

Algorithm 1. KKSFKL Algorithm 
1:	 Step 1: Given the number of clusters C, parameters b 

and f choose the distance function and initialize the 
partition matrix including membership values.

2: Step 2: Calculate the cluster centers vi using equation 
26 and the distances between data points and cluster 
centers.

3:	 Step 3: Update the membership values uij in accordance 
with equation 25.

4:	 Step 4: If U - U' < δ then
5:	 Stop
6:	 Else
7:	 Set U = U' and go to Step 2

Advantage
ü	 The proposed semi-supervised clustering approach 

produces strong segmentation results by reducing the 
effects of noise and nonlinearity.

ü	 Using KL-divergence together with kernel-based dis-
tance measures improves cluster descriptions and sup-
ports reliable segmentation, even under challenging 
conditions.

Disadvantage 
ü	 Our performance in achieving segmentation results is 

generally good, but we struggle with maintaining accu-
racy in the presence of noise.

PARAMETER SELECTION

In order to validate the efficacy of the proposed KSSFKL 
method, we have performed experiments on five open-ac-
cess and synthetic datasets, two open brain tumor data-
sets and a  computed tomography (CT) scan image. The 
experiment aims to show the effectiveness of the proposed 
KSSFKL clustering approach for image segmentation tasks 
for different kinds of images, including natural and medical 
images. Experiments are designed to check the proposed 
method’s efficacy compared to other related methods such 
as FCM, FCMKL, PFCM, and KFPKL. The list of parameters 
is presented in Table 1. Quantitative and qualitative results 
are obtained on several images for comparison purposes. 
Evaluating PSNR, Acc, Pre, F1, and JI are used to measure 
the segmentation quality by comparing the predicted clus-
ters against GT, mainly focusing on boundary accuracy and 
region overlap. They are used as quantitative measurements 
to assess the resilience of different clustering from segmen-
tation approaches against noise. These metrics thoroughly 
assess the method’s proficiency in precisely segmenting 
regions of interest while reducing noise and border inaccu-
racies. PSNR measures the image quality after segmentation, 

while accuracy, Jaccard index, and Dice coefficient evaluate 
how well the segmented regions match the GT. This research 
evaluates the algorithm’s efficiency, which is described as sev-
eral types of noise, and introduces it to different grayscale 
images for segmentation tests in Python. FCM, FCMKL, 
PFCM, KFPKL, and KSSFKL are suggested algorithms used 
in segmentation testing. PSNR, Acc, Pre, F1, and JI are used 
as quantitative measurements to assess the resilience of dif-
ferent clustering from segmentation approaches against 
noise. ∈ = 0.0001 is the iteration error, and then the maxi-
mum iteration is tmax = 1000.The statement KSSFKL gives 
better results compared to other algorithms implies that in 
experimental or empirical evaluations, KSSFKL in this per-
formance metric is greater than the other performance.

Evaluations
To compare the performance of several clustering tech-

niques honestly using segmentation, the improved peak 
signal noise ratio (PSNR) is used as a crucial assessment 
metric and to analyze the suggested algorithm’s resilience 
to noise. The improved PSNR is as follows:

Here, mean square error (MSE) [20] measures the dis-
crepancy between the segmentation results and the GT 
image achieved by the method. A higher PSNR value indi-
cates the method’s robustness against noise and provides 
reassurance that the model is less sensitive to noise during 
the segmentation process.

Furthermore, to completely evaluate the proposed 
algorithm’s segmentation and clustering performance, we 
must use [24] pixel Acc, Pre, F1, and JI as metrics. These 
measures are described as follows:

The ratio of correctly identified total number of samples 
is used to calculate accuracy.

	 	 (27)

where TP, TN, FP and FN denote true positives, true nega-
tives, false positives, and false negatives, respectively. 

Pre quantifies the accuracy of positive predictions and 
is computed as: 

Table 1. List of parameter values associated with each method

Method Input Parameters & Value
FCM m = 2, n = 5
FCMKL m = 2, n = 4, λ = 1.0, h = 0.1
PFCMPFCM       m = 2, n = 5, α = 10
KFPKL m = 3, n = 2, α = 1, γ = 1, σ = 10 
KSSFKL m = 2, n = 2, α = 10, λ = 10, σ = 70
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(28)

F1 balances Pre and RC, defined as

	 	 (29)

where RC, also known as sensitivity, represents the fraction 
of TP cases properly detected by the model and is given as

	 	
(30)

The formula of JI can be expressed as

	 	
(31)

Ai represents the number of pixels categorised into the 
ith class, Bi denotes the number of pixels in the ith class in 
the GT image, and C represents the overall number of clus-
ters. The JI emphasises the agreement of overlapping areas 
in segmentation masks. These measurements provide vital 

insights into the performance and quality of image-pro-
cessing algorithms, allowing academics and practitioners 
to evaluate the efficiency of different comparison methods. 
Higher pixel Acc, Pre, F1, and JI values imply better algo-
rithm performance and segmentation outcomes. 

EXPERIMENTAL RESULT

To further illustrate the variety of images from numerous 
standard datasets to demonstrate the approached method’s 
robust anti-noise capabilities and excellent segmentation 
performance. These datasets include brain tumor  images 
from Kaggle (https://www.kaggle.com/datasets/navoneel/
brain-mri-images-for-brain-tumor-detection), chest CT 
scan images (https://www.kaggle.com/datasets/mohamed-
hanyyy/chest-ctscan-images), authorised medical data-
sets of brain tumors  (https://www.med.upenn.edu/cbica/
brats2020/data.html), and synthetic images from open web 
sources. These distinct images are exposed to varying noise 
levels and tested to validate the suggested algorithm’s per-
formance. The testing results for analysing the noise images 
were  clarified with parameter measurement tables for 

Table 2. Comparison of image denoising methods under various noise types and evaluation metric

Noise Index FCM FCMKL PFCM KFPKL KSSFKL
Gaussian (0, 0.7) PSNR 10.5304 10.5310 10.5310 10.5311 10.5003

Acc 0.9070 0.8018 0.7620 0.8303 0.9011
Pre 0.9088 0.9107 0.9107 0.9107 0.8360
F1 0.9079 0.8528 0.8298 0.8687 0.8673
JI 0.8654 0.4498 0.3746 0.5254 0.9390

S & P (5%) PSNR 6.6477 6.6733 6.6420 6.6501 6.6178
Acc 0.3385 0.5936 0.5817 0.7377 0.7268
Pre 0.7727 0.7604 0.7614 0.7288 0.6331
F1 0.4708 0.6667 0.6595 0.7332 0.6768
JI 0.3240 0.4961 0.4847 0.5282 0.6280

Impulse (15) PSNR 4.5244 4.4451 4.4111 4.4562 4.4452
Acc 0.1815 0.2211 0.2349 0.2753 0.2774
Pre 0.2750 0.2733 0.2769 0.2321 0.2777
F1 0.2194 0.2444 0.2205 0.2518 0.2413
JI 0.8828 0.9234 0.9144 0.9229 0.9180

Speckle (0.5) PSNR 5.9101 5.8744 5.8744 5.8975 5.8431
Acc 0.6145 0.5834 0.6949 0.7251 0.7284
Pre 0.7394 0.7394 0.7386 0.7351 0.5564
F1 0.6712 0.6522 0.7160 0.7301 0.9329
JI 0.6761 0.6255 0.8517 0.8722 0.9329

Rician (30) PSNR 6.6587 6.6269 6.6587 6.6354 6.7245
Acc 0.7808 0.7825 0.7808 0.7828 0.7845
Pre 0.7678 0.6124 0.7678 0.6255 0.7296
F1 0.7742 0.6871 0.7742 0.7928 0.7845
JI 0.9236 0.8154 0.9236 0.8154 0.9378
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different noise levels. Experimental data indicate that the 
proposed method gets a good result analysis of the param-
eter evaluation. 

Testing and analysis of images
To ensure that this suggested approach is comparable to 

other algorithms such as FCM, FCMKL, PFCM, and KFPKL. 
Figure 2 shows that the result of the performance of algo-
rithms that present different noises during the segmentation 
extraction successfully exhibits smaller inhomogeneity and 
indicates superior segmentation performance and robust-
ness. The denoising process is applied to various noise types 
in the original image (OI). Each row corresponding to dif-
ferent noise applies the level range of Gaussian noise (nor-
malized variance of 0.7), salt and pepper noise (intensity of 
0.4), impulse noise (rate of 0.5), speckle noise (normalized 
variance of 0.5), and Rician noise (standard deviation of 30). 
Then, noise reduction would be applied using Gaussian blur. 
This noise level enables a clear comparison of each algorithm, 

implying denoising performance under specific noise condi-
tions. This assessment measures PSNR, accuracy, precision, 
F1 score, and Jaccard index on synthetic datasets.

Furthermore, the segmentation results are presented in 
Table 2, which crossovers the different segmentation results 
compared to the GT image. The bold values indicate the 
outperformance of other denoising techniques. Although 
these values, due to running time, create random variabil-
ity, the more consistent yielding better segmentation results 
trend of this proposed method than various algorithms are 
significant. Our methodology: This technique is typically 
appropriate and attains greater segmentation accuracy, 
improving noise reduction and overall image clarity.

Figures 3-7 present bar graphs comparing the perfor-
mance of various algorithms under different noise levels. 
These graphs are present in Figure 2, which illustrates the 
metrics evaluated across various noise intensities at the level 
of Gaussian; mean values of 0 and normalized variances 

Figure 2. (a) OI; (b) Ground Truth; (c) Noise Image; (d) Denoise image; (e) FCM; (f) FCMKL; (g) PFCM; (h) KFPKL; (i) 
Proposed (KSSFKL).
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from 0.1 to 1.1 are considered. Salt and pepper noise is 
intensities from 1% to 6%. Impulse noise is applied at a rate 
ranging from 5% to 30%. Speckle noise shows normalized 
variances from 0.1 to 1.1, and Rician noise has standard 
deviations increasing from 10 to 60. It is easy to handle. It is 
one of the statistical methods randomly added to the image 
function to generate this noise.

Medical Image Segmentation
Evaluating the method on both synthetic and real 

datasets ensures robustness, as synthetic data helps test 
theoretical aspects of the model, while real data validates 
its practical effectiveness in real-world scenarios like 
brain MRI or lung CT scans. Synthetic data are crucial 
in this interplay since they can provide large and diverse 
data. However, privacy is an important factor which is 

not guaranteed by data fidelity. To this end, best practices 
should be adopted for data protection, clearer standards 
for assessing identifiability, and proportionate regula-
tory approaches to facilitate innovation while ensuring 
privacy. Consequently, the accessibility of superior syn-
thetic data can facilitate researchers in the development 
of multimodal AI models. Furthermore, synthetic data 
can enable the simulation of complex patient scenarios 
that might not be frequently encountered in real datasets, 
thereby enhancing the robustness of healthcare systems 
against rare but critical conditions. Moreover, by utiliz-
ing synthetic data, researchers can bypass many logisti-
cal and ethical hurdles that occur during the aggregation 
and analysis of multimodal data, thus accelerating the 
pace of research. Ultimately, the use of medical data can 
significantly advance personalised medicine, improving 

	

(a)	 (b)						    

	

(c)	 (d)

(e)

Figure 3. Figure 2 shows the performance curves of multiple techniques applied to the first-row image affected by Gauss-
ian noise. a) PSNR; b) Acc; c) Pre; d) F1; e) JI.
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treatment efficacy and patient outcomes while uphold-
ing stringent data privacy standards. Now, we discuss the 
medical image segmentation of Brain MRI images and 
lung CT scan images. Image segmentation was formulated 
to segment different tissue types: WM, GM, and CSF—
additionally, the Gaussian noise level range at 0.7 and salt 
and pepper noise (0.4). Then, denoise techniques apply-
ing Gaussian blur detail segmentation results are shown in 
Figure 8, which implies the FCM, FCMKL, PFCM, KFPKL, 
and proposed method. KSSFKL, better than other meth-
ods, reduces noise reduction through kernel approach 
and KL-divergence, which allows the clustering process 
to focus on relevant image features while suppressing the 
influence of noise. This results in more stable and accurate 
segmentation, especially in medical image analysis, where 

noise can obscure critical details. Each clustering method 
resulted in the segmentation of different noise types; the 
extraction result is shown in Figure 9. We get more accu-
rate segmentation results compared to other cluster tech-
niques to evaluate the similarity measurement compared 
to the GT image to existing output image to draw the bar 
graph presented in Figure 10 of accurate performance in 
MRI and CT scan images.

Visualize the Approach Method of Brats2020 without 
Noise

The Brats2020 dataset, known for its diverse and chal-
lenging brain tumor cases, was employed to test rigorously. 
Figure 11 illustrates the range defined by the parameter 
rho (ρ)= 5,10,15 and lambda (λ)= 5,10,15 with the call as 

	

(a)	 (b)

	

(c)	 (d)

(e)

Figure 4. Figure 2 shows the performance curves of multiple techniques applied to the second-row image affected by salt 
noise. a) PSNR; b) Acc; c) Pre; d) F1; e) JI.
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various segmentation approaches to test different cluster 
configurations. It performs the KSSFKL for each combina-
tion of parameter values. The parameter values affect over-
all clustering performance. Different datasets may require 
different data balance parameters. Sometimes, the perfor-
mance level exists. 

Our proposed method obtained good segmentation 
and accurate segmentation results. Aggregating the noise 
pixels of an image produces more accurate clustering by 
distinguishing relevant features from noise. The pro-
posed method shows that the optimization algorithm 

can obtain better detection results when processing 
noise images.

RESULTS AND DISCUSSION

In our research, we employed a blend of synthetic and 
authentic datasets to validate the robustness of our sug-
gested model. Synthetic data enabled us to systematically 
evaluate theoretical components, offering a controlled set-
ting for replicating intricate patient scenarios that are infre-
quent in actual datasets yet crucial to examine. The system 
enabled the simulation of various abnormal conditions, 

	

(a)	 (b)					   

	

(c)	 (d)

(e)

Figure 5. Figure 2 shows the performance curves of various algorithms for the third-row image that has been contaminat-
ed by impulse noise. a) PSNR; b) Acc; c) Pre; d) F1; e) JI.
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improving the model’s adaptability to various healthcare 
challenges such as brain MRI and lung CT scan analy-
sis. Meanwhile, real data confirmed the practical perfor-
mance of our model in real-world applications, ensuring 
that it is highly applicable to real clinical situations. Our 
analysis showed that many current methods are unable to 
effectively reduce noise interference. In contrast, our pro-
posed KSSFKL method significantly reduces noise’s impact, 
achieving more accurate segmentation results. For subjec-
tive analysis, the clustering effect generated by our method 
was beneficial for analysing tumor shape, size, and texture. 

By implementing morphological reconstruction, we can 
define precise edges and boundaries, enabling a more accu-
rate and detailed segmentation of internal regions without 
ambiguity. Following this, our objective analysis further 
demonstrated the benefits of our approach. As seen in Table 
3, our methods outperformed more advanced techniques. 
This performance was achieved within a short process-
ing time, raising the potential of this method as a reliable 
and time-efficient solution for real-world medical imaging 
applications.

	

(a)	 (b)

	

(c)	 (d)

(e)

Figure 6. Figure 2 shows the performance curves of various algorithms for the fourth-row image contaminated by speckle 
noise. a) PSNR; b) Acc; c) Pre; d) F1; e) JI.
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CONCLUSION

This study introduces a kernel-based semi-supervised 
fuzzy clustering method that integrates Kullback–Leibler 
divergence to tackle common image clustering problems 
such as noise, uncertainty, and non-linear patterns. A 
Gaussian kernel is used to better manage noise and com-
plex structures within the semi-supervised fuzzy clustering 
framework. An extensive evaluation across multiple datasets, 
including computed tomography scans, brain magnetic res-
onance imaging data, the BraTS2020 Dataset, and synthetic 

	

(a)	 (b)			 

	

(c)	 (d)

(e)

Figure 7. Figure 2 shows the performance curves of various algorithms for the fifth-row image that has been contaminated 
by rician noise. a) PSNR; b) Acc; c) Pre; d) F1; e) JI.

Table 3. The statement contrasts the runtimes of several 
clustering techniques, highlighting the computational effi-
ciency of each

Clustering methods Running time (s)
FCM 0.7 min
FCMKL 1.2 min
PFCM 2 min
KFPKL 4.9 min
KSSFKL 2.8 min
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Figure 9. Comparison of segmentation results using different clustering algorithms. The columns correspond to segmen-
tation results obtained using FCM, FCMKL, PFCM, KFPKL, and the proposed method. Rows denote the segmentation of 
WM, GM, and CSF.

	

(a)	 (b)

Figure 8. a) represent the Brain MRI image and b) represent the lung CT scan image.
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images, unequivocally demonstrates the efficacy of our strat-
egy. The segmentation accuracy has significantly improved 
compared to current state-of-the-art methods. Both sub-
jective and objective evaluations confirm the advantages of 
clustering precision, artefact reduction, convergence effi-
ciency, and computational speed. Comparative results show 
that the proposed method is also faster than several existing 

approaches, which supports its practical use. Overall, the 
method improves image segmentation by strengthening fea-
ture representation and improving clustering quality. Future 
work will focus on automatically estimating the number of 
clusters and incorporating more image-specific prior knowl-
edge. It is crucial to acknowledge that each algorithm is con-
strained to 1000 iterations. The potential applications of our 

 Figure 11. Result of KSSFKL applying different rho and lambda values.

	

(a)	 (b)

Figure 10. (a) and (b) denote the precision of the CT scan and MRI imaging efficacy.
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approach extend beyond medical imaging. Its noise resis-
tance renders it advantageous for several applications requir-
ing precise segmentation, including remote sensing, satellite 
imagery, and industrial inspection, where uncertainty and 
noise present inherent challenges.
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Appendix A 
 
 The derivation method for equations (25–26) in the suggested algorithm is as follows. KL 
divergence clustering is used in the resilient semi-supervised fuzzy clustering optimization model. 
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The mapping utilized for the transformation of samples to higher dimensional space is represented by 
𝜙𝜙. The optimization problem equation (16) for the RBF kernel function using equation (17) can be 
rewritten as  
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To determine the partial derivatives of  𝜆𝜆, 𝑢𝑢 = 0, by using equation (24): 
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Simplify the equation (34), we obtained 𝑢𝑢!": 
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Derive the above equation to get the derivation of 

𝑢𝑢!" =
1

1 + 𝜌𝜌
D−

𝜆𝜆 − 𝜆𝜆 log 𝑢𝑢!"
2 /1 − 𝑘𝑘)𝑦𝑦!, 𝑦𝑦"-3

+ 𝜌𝜌𝑓𝑓!"𝑏𝑏!E 

and then, 

log 𝑢𝑢!" = 	
−𝜆𝜆 + 2(1 + 𝜌𝜌) /1 − 𝑘𝑘)𝑦𝑦!, 𝑦𝑦"-3 [𝜌𝜌𝑓𝑓!"𝑏𝑏! − 𝑢𝑢!"]

𝜆𝜆
 

𝑢𝑢!" = 	 𝑒𝑒
+,-$((-/)1(+234!,4"67[/9!":!+;!"]

,  
Furthermore, obtain 

𝑢𝑢!" = 	
exp	 L

−𝜆𝜆 + 2(1 + 𝜌𝜌)(1 − 𝑘𝑘)𝑦𝑦", 𝑣𝑣!-[𝜌𝜌∑ 𝑓𝑓!"𝑏𝑏" − 𝑢𝑢!"]%
&'(

𝜆𝜆 O

∑ exp	 L
−𝜆𝜆 + 2(1 + 𝜌𝜌)(1 − 𝑘𝑘)𝑦𝑦", 𝑣𝑣2-[𝜌𝜌 ∑ 𝑓𝑓!"𝑏𝑏" − 𝑢𝑢!"]%

&'(
𝜆𝜆 O%

2'(

																	(35) 

and 
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Finally, using these equations, we obtained the membership value 𝑢𝑢!" and the cluster center 𝑣𝑣! for the 
proposed image segmentation approach. 
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