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ABSTRACT. Precise segmentation of brain tumors is vital in healthcare because it impacts diagnosis, treatment
planning, and patient outcomes. However, the brain has complex structures with non-linear and inhomoge-
neous forms, which poses substantial challenges for conventional segmentation approaches. Despite of intensive
research works, there persists a need to improve segmentation accuracy while concurrently lowering the com-
puting costs. To address this, this study presents an innovative segmentation framework that incorporates
kernel distance into the neutrosophic c-means (NCM) algorithm, together with the Kullback-Leibler (KL) di-
vergence measure. Furthermore, the integration of kernel distance enables the algorithm to adeptly identify
non-linear structural fluctuations and eliminate outliers, which improves robustness. Besides, the KL divergence
mechanism accelerates convergence and improves segmentation precision by increasing the clustering process by
reducing the distance between neighbourhood membership degrees. The proposed approach has been assessed
against five established clustering algorithms utilizing both objective performance metrics and subjective visual
evaluations. Experimental findings validate that the proposed method attains enhanced accuracy with increased
computational efficiency and more precise delineation of tumor areas. Additionally, these results underscore
the potential of the developed method for brain tumor segmentation, helping to bridge existing methodological

gaps and promote more efficient medical image analysis.

Keywords: Medical image segmentation; Uncertainty; Neutrosophic set; Kernel distance; KL divergence

1. Introduction

Tumors are abnormal growth of the tissues that appear in various regions of the body which
affect normal physiological activities and cause major risks to health [1]. Depending upon
the nature, they can be classified as benign or malignant, that are distinguished by their
aggressive and invasive behaviour. Among these, brain tumors are the most serious threat

due to their ability to disrupt fundamental neurological functioning, which can lead to severe
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health consequences. Therefore, early discovery and precise characterisation of brain tumors
are essential for determining viable treatment techniques, such as surgery, radiotherapy, and
chemotherapy, that can significantly improve patient outcomes. Brain tumors, which can grow
from the brain tissue or metastasise from other regions of the human body, which makes the
medical imaging and diagnosis a challenging task. Further, It is laborious to precisely identify
and characterise tumour locations due to the very sensitive and complex nature of brain tissues
combined with the variability in tumor morphology and behaviour. In that context, physicians
make use variety of imaging modalities to capture the brain for better diagnosis and treatment
process. Among which, magnetic resonance imaging (MRI) become the more significant for
diagnosing and evaluating brain tumors due to its superior contrast resolution and ability to
provide detailed images of soft tissues [2]. It enables to visualize the different types of tissues
in the brain and aids to detect the even subtle abnormalities in the brain. In addition, MRI
enables the physicians to examine the characteristics of tumor such as size, its involvement in
surrounding tissues and its location through offering variety of sequences such as T'1-weighted,
T2-weighted and fluid attenuated inversion recovery images.

Despite the advantages of MRI, the manual segmentation of brain tumors from MRI scans
remains a time-consuming and intensive process, subject to inter- and intra-observer variability.
This has led to increased research efforts toward automated brain tumor segmentation methods,
which aim to accurately and efficiently segment tumors from MRI images [3|. Thus, wide
range of researchers contributed to this domain by developing the variety of algorithms based
on thresholding [4], region growing |5], water-shed, [6] and clustering based techniques [7].
Apart from all other approaches, clustering based techniques have gained attention for their
ability to group image pixels with similar characteristics in an unsupervised manner, without
requiring large labelled datasets which aids in effective separation of tumor regions from healthy
regions into distinct clusters based on intensity, texture and spatial information. Moreover,
clustering algorithms can be categorised into hard |7] and soft clustering approaches. Hard
clustering methods includes k-means clustering [8], mean shift clustering [9] etc., but these
clustering techniques are unable to handle data points that belong to multiple clusters leading
to inaccurate segmentation.

Unlike hard clustering, soft clustering techniques [10] includes fuzzy c-means clustering
(FCM), probabilistic clustering etc., allows pixels to belong multiple clusters with different
degrees of belongingness, which is useful to efficiently deal with the complex, non-linear struc-
tures. At first, Bezdek introduced the FCM clustering approach that allows the data pints to
have different degree of membership in more than one cluster [11]. This approach efficiently
segments the brain image than hard clustering approaches by handling the uncertainties in

the images. Followed by this work, to improve the performance of the clustering and extend
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it in various fields, many researchers developed the advanced variants of FCM to handle the
multi-modal datas. Particularly, many refined variants of FCM is introduced to cluster the
brain images by efficiently handling the uncertainties and improve the performance through
the use of difference distance measures and so on [12]- [14]. In addition, as the extension of
this technique, type-2 fuzzy based FCM is developed to deal with noise and imprecise date
with complex structures by improving the flexibility in membership modelling. Further, intu-
itionistic fuzzy c-means clustering (IFCM) is formulated that advances the traditional FCM
techniques by incorporating the degrees of membership, non-membership and hesitation [15].
This approach improved the cluster separation and providing the more nuanced representation.
Furthermore, kernel distance is replaced the Euclidean distance in IFCM to form the kernel
induced FCM (KIFCM) method to deal with the non-linear data [16].

While fuzzy sets are effective in handling uncertainty in medical images, there remains a need
for enhanced capabilities to address complex, structured, and uncertain medical images. The
neutrosophic set (NS) [17] framework builds upon traditional fuzzy sets by effectively managing
indeterminacy and extending their applicability to these challenging scenarios. Based on this,
Guo and Sengur formulated the neutrosophic c-means clustering (NCM) by adopting degree of
determinacy, indeterminacy and falsity in the objective function providing a more comprehen-
sive approach to representing various uncertainty |18|. Moreover, this algorithm introduces two
kinds of rejection which are outlier rejection and noise rejection for effective segmentation. Fur-
ther, Akubulut et al., authors extend NCM for clustering nonlinear-shaped data by integrating
a kernel function, creating a new algorithm called kernel neutrosophic c-means (KNCM) [19].
Subsequently, Singh et al., developed the type-2 NS to cluster the images through the infor-
mation obtained from the neutrosophic entropy [20]. While clustering algorithms aspire for
greater accuracy, they frequently result in longer runtimes and increased computational com-
plexity. This highlights the critical need of efficiency optimisation for these algorithms. Thus,
to speed up this optimisation, it is possible to use the local spatial information included in-
side brain images. Based on this, Gharieb and Gendy (LMKLFCM), modified the criterion
function of FCM by incorporating the KL information distance. This algorithm promotes the
alignment of the cluster membership of a pixel with the smoothed membership functions of
its local neighbourhood by minimising the KL distance [21}[22|. Also, this procedure provides
robustness against noise and generates clustered images with piecewise homogeneous regions.
At a subsequent time Lu et al., [23] formulated the NKWNLICM method by inculcating the
noisy distance and fuzzy spatial information into the NCM technique to enhance the perfor-
mance of image segmentation. Thereafter, Wang et al., devised the segmentation technique
based on KL divergence integrated with wavelet transforms and morphological reconstruction

(KLDFCM) to improve the efficiency [24]. Following this, Kumar et al., devised the clustering
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process (FBKPC S1) by integrating the FCM objective function to bounded cluster planes and
adds the local spatial information to the criterion function to handle the noise efficiently [25].
Then, Farooq and Memon developed the clustering algorithm by making use of kernel metric
with possibilistic FCM to reduce the computational cost |26].

Even though, the significant researches has been done on this domain, still brain tumor seg-
mentation persists the challenging task due to various aspects. First, the structural complexity
of the brain is a formidable barrier and the tumor region has the overlapping boundaries, com-
plex structures and heterogeneous intensity distributions of the brain. Due to these reasons,
the conventional techniques often prone to over-segmentation and under-segmentation, which
results in inaccurate representation of tumor regions. Second, MRI images are prone to noise,
motion and acquisition artifacts which further leads to higher risk of misclassification. Fur-
thermore, the lack of sufficient contrast between tumor and its surrounding tissues increases
the complexity in accurate determination of boundaries, particularly in early-stages of tumors.
Another major limitation lies in the sensitivity of clustering algorithms to initialization and
outliers. Most conventional c-means and its variants converge to local optima, where initial cen-
troid placement strongly influences the final clustering result. Even though, existing fuzzy and
neutrosophic approaches effective in modelling uncertainty but often fail to capture non-linear
structures when restricted to Euclidean distance, which leads to the loss of critical anatomical
details. These limitations are further evident when applied to complex brain regions, resulting
in higher computational costs and reduced efficiency.

In light of above mentioned challenges , this research sets out to refine a clustering tech-
nique in an effort to minimise computational cost while simultaneously enhancing the level
of accuracy of the segmented result by effectively handling noise, low contrast and structural
complexity. By addressing these limitations, a new clustering algorithm is proposed by in-
tegrating the kernel distance metric and KL divergence term into the objective function of
NCM (KLKNCM). Kernel distance metric aids to cluster the non-linear structures present
the brain images which improves the accuracy of the segmented result. Meanwhile, the KL
divergence term helps to reduce the noise and improve similarity identification between data
points and cluster centres that preserves neighbourhood relationships. Further, it fastens the
convergence of the algorithm which in result reduces the computational cost of the proposed
clustering technique. Additionally, the efficiency of the proposed algorithm is tested against
state-of-the-art techniques and evaluated through both objective and subjective assessments.

The key contributions of the proposed KLKNCM algorithm are outlined as follows:

(1) A novel clustering algorithm, termed KLKNCM is introduced. By embedding the kernel
distance metric within the neutrosophic c-means formulation, the proposed framework

effectively captures non-linear structural variations in brain images, enabling superior
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tumor delineation compared to conventional clustering methods. The inclusion of the
KL divergence term strengthens the similarity assessment between data points and
cluster centers. This preserves spatial neighbourhood relationships, reduces the effect
of noise, and enhances intra-cluster compactness and inter-cluster separability.

(2) The algorithm incorporates mechanisms to identify and suppress the influence of out-
liers, thereby enhancing segmentation robustness. Through the incorporation of the KL
divergence term and fuzzy membership assignment, anomalous or noisy pixels receive
diminished membership weights, thereby minimizing their influence on cluster forma-
tion. This ensures reliable segmentation even in the presence of noise and artifacts.

(3) By utilising the joint benefits of kernel distance and KL divergence, the KLKNCM
algorithm achieves faster convergence with fewer iterations, thereby lowering the com-

putational cost relative to existing clustering techniques.

Additionally, the structure of this manuscript is as follows: Section [2] presents the background
study, which serves as the primary motivation for this work. Section [3] outlines the proposed
KLKNCM technique. Next, Section [4] describes the experimental setup, followed by Section [f
which offers a comprehensive assessment of the study. Finally, the conclusions are drawn in

Section 8

2. Background Works
2.1. NCM

Consider an image represented by set of pixels and let it be K = {ki,ko,..., kgla =
1,2,...,N} where k, represents the intensity a' pixel in the image and N corresponds to
the total number of pixels in the image. Let C be the total number of clusters into which the
image has to be segmented and each cluster has its own centre which is symbolised as ¢. Then,

the optimization function for NCM is given as follows.

N C N
min Lyem(T.L,F,C) =3 > (Z1Ta) " lka — wol|* + > (22Ta)" |[ka — b, |I* +Zg2 Z3F,)™
a=1b=1 a=1 a=1
c
subject to 27;1,+Ia+}'a:1,1§a§N.
b=1
N (1)
We, + W
Here, w,,,,, = —4 T Vi and ¢; = arg max(7Ty), fi= arg max (Tgp).
2 b=1,2,...C btegmp=1,2,..C

In the above give objective function , T, indicates the degree of belongingness of the deter-
minant cluster, whereas, I, and F, represents the degree of membership of the boundaries and
outlier clusters with 0 < Ty, I, F, < 1 satisfying the given constraint in the objective function.
Moreover, e; and f; defines to the cluster numbers corresponding to the first largest and the

second largest value of T,;, and its average value is signified as w,,,,,. Moreover, Z;, i =1,2,3

Nandhini Mohan, Dhanalakshmi Palanisami and Lavanya Ganeshkumar, Soft Clustering Technique
for Brain Tumor Segmentation within Neutrosophic Framework



Neutrosophic Sets and Systems, Vol. 98, 2026 2@

characterises the weight factor for the d determinant, indeterminant and outlier degrees and &
denotes the outlier control parameter which is used for identifying and managing outliers, re-
ducing their influence on cluster formation, and enhancing the algorithm’s robustness to noise
and anomalies. It enables fine-tuning of the algorithm’s sensitivity to outliers, leading to more
accurate and reliable clustering, particularly in complex datasets with noise or uncertainty.
The criterion function is minimized by utilising the Lagrangian multiplier and then it is
solved to obtain the degree of membership and the centroid of each cluster. Accordingly,
the degree of determinant, boundaries and the outliers are obtained as given in the equation

outlined below.

Tav = - (ka - S A (2)
P _ —(2/m—
Ia = Z(ka - wamax) (2/ 1) (3)
P
F, = — ¢ @/m=1) (4)

Subsequently, the centroid for the each cluster is deduced as expressed in the equation ,

vr = 2ac1 (Z1 )"k
L& T

(5)

where P = % v such that \; is Lagrangian constant. Moreover, during each iteration
of the clustering process, the membership values and cluster centres are updated, and the
objective function is minimised in order to segment the image. Significantly, the decision-
making process does not explicitly consider the membership degrees of boundary and outliers.
The method stops when the absolute difference between consecutive iterations of 7, values is

less than a specified threshold 4, or when the maximum number of iterations is reached.

2.2. LMKLFCM Technique

This technique incorporates the KL divergence to the objective function of FCM clustering
to make the clustering process computationally efficient with better result. In this process the
inclusion of the KL divergence component ensures that the membership grades of a given image
pixel become substantially similar to those of its neighbours. As a consequence, optimising
the membership partition during each iteration improves the segmentation performance of
the algorithm. In addition, minimising the KL distance allows the labelling of a pixel to be
impacted by its neighbours which leads to the development of piecewise homogeneous regions

inside the image, concurrently providing an efficient approach for reducing the noise in the
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image. The criterion function for the LMKLFCM technique is given in equation @

N C N C
: b
min Liykeeem = Y Y tallka = wp|* A Y ,Ufabl()gl;ab
a

a;l b=1 a=1 b=1 (6)

subject to Zﬂab: 1,1 <a<N.
b=1

In the above equation, 74, indicates the moving membership average function, which is com-
puted by averaging the memberships pq; across a neighbourhood window that is centred around

ti; within n space, represented as N,,. Mathematically, the moving average function is given

1

as, gy = N Z aj. Further, pg, indicates the membership degree of the at data point
I jen,

in the b cluster and the second part in the objective function symbolises the KL divergence

distance. Moreover, the other terms specified in the equation @ are described in the previous
subsection. Following this, the membership degree and the centroid of each cluster are deter-
mined by integrating the Lagrangian multiplier into the objective function and optimising it
through minimisation. Consequently, the equations presented below delineate the degree of
membership and centroid @ for each cluster of the LMKLFCM technique.

N
a ka

25:1 Hab
_ mapexp (Ika=ws %)/ @®
2170:1 Wajexp*(llka*wa'llz)
In turn, the LMKLFCM technique systematically segments the image by optimizing the crite-

Hab

rion function and iteratively refining the membership values p4p associated with the centroid of
the each cluster. Finally, the iteration process wraps up when the absolute difference between
successive iterations of the pg, values falls below a particular termination criterion, denoted as

d, or when the maximum number of iterations is reached.

3. Proposed KLKNCM Technique

Motivated by the works give in the preceding section and to improve the accuracy of the
segmented images. The KLKNCM technique has been developed to improve the segmentation
of brain images, focusing on enhancing accuracy while simultaneously minimising computation
cost. This is achieved by integrating the kernel function and the KL divergence measure into the
criterion function. The integration of the kernel function is imperative for precisely recognising
the non-linear structures present within the inhomogeneous regions of the brain. Further, it
facilitates the mapping of input data into a higher-dimensional feature space, which improves
the capacity of the algorithm to identify complex patterns and boundaries that may not be
simply separable within the original input space. Thus, incorporating the kernel function is

beneficial for segmenting the intricate and inhomogeneous images to attain precise delineation.
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Further, KL divergence helps to lower noise by encouraging consistency among adjacent pixels
and improve similarity identification between data points and cluster centres that preserves
neighbourhood relationships. Also, KL divergence improves segmentation accuracy, accelerates
convergence, reduces computational cost, and enables the flexible management of imbalanced
data distributions due to its non-symmetric nature. Through inculcating these two metrics
in proposed method effectively captures intricate image patterns, resulting in more precise
segmentation results while preserving computational efficiency. Hence, the criterion function

for the proposed method is mathematically expressed as in equation @

N C© N
min Lxuknom (T, 1, F,C) =Y Y (Z1Ta) [$(ka) — ¥ (ws) > + > (Z2Za)[¢0(a) —

a=1 b=1 a=1

N
$(Wa,, I+ & (2sF.) + D(T,I,F,T,1,F)  (9)
a=1

where, D indicates the KL divergence measure and it is defined as follows,
N C T N T N R
D(T,LET,IF) =373 Talog=" + 3 Tlog="+ ) Falog=" (10)
ab a—1 a a—1 a

and (D) — 0. The median filter applied on the degree of belongingness of determinate, bound-
ary, and outliers using the chosen window size which is symbolised as Ty, Z,, Fo respectively.

Thereafter, the criterion function of the proposed techniques is modified as given below.

N C N
min £KLKNCM T I F C ZZ Zlnb ||w 1/J(wb)||2 + Z(ZQIU«)”,(/)(]CG) - ’(/J(’LJ xnax)H2

a=1 b= a=1
N
+) (23 Fa) + (Zanl og = +ZI 1og7 +Z]—' log>
a=1 a=1b=1
c
subject to ZE;,—!—IQ—&—]-},:LlSaSN.
b=1
(11)
The kernel induced distance is expressed as,
9 (ka) = (wp)[I” = K(kay ka) — 2K (Kaywp) + KC(wp, wp) (12)

In this work, the Gaussian kernel is used as the kernel function. Hence it known that
K(kq,ka) = K(wp,wp) = 1 and the above equation is deduced as equation (14) and (L5)

receptively.
1 (ka) = W (wp)[I* = 2(1 — K(ka,wp)) (13)
similarly,

19 (ka) = % (Wayu)I? = 2(1 = K(ka, Way,y)) (14)
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Thus, substituting the equations and to the (11)). Therefore, the transformed final
objective function is given as in equation .

N C N
min Lxrxnem(T, I, F,C) =2 (Z21Ta)(1 = K(ka,wp)) + 2> (22L0)(1 — K(ka,Wa,,,,))
a:]{[b:l N C (,17?1 N T N T
(2 F, aplog =2 T,log=* Falog=>
C
subject to 27;1,+Ia+}'b:1,1§a§N.

o>
Il

1
(15)

In the preceding equation, Z; indicates the weight factor, whereas £ refers to outlier control
parameter. Further, the positive parameter v influences the objective function by controlling
the consequences of the KL divergence term. As the subsequent process, the proposed objective
function is minimised by incorporating the Lagrangian multiplier in it. Mathematically, the

Lagrangian inculcated criterion function is formulated as given below.

N C N
LT, I,F,C)=2) Y (Z1Tap)(1 — K(kaywp)) + 2 (22Z0)(1 = K(ka, W)

a=1 b=1 a=1

N ) N C 7:11) N Ia N ]_.a
+Y (23 F) + (Z > 7;blogﬁ + ;Ialogza + ; Falog}_a)

a=1 a=1 b=1

N C

By (znb+za+fa—1)
a=1 b=1

(16)

Thus, to minimize the above given objective function, partial derivative of the objective function

with respect to the membership degree of determinate, boundary, outlier points and the cluster

centre are computed and it presented in equations —.

oL Tab
—92,(1 — K(ka, log 222 1 1) =\, 17
s = 221(1 = Ko, un)) + 7 (107 +1) (17)
oL I,
= 225(1 — K(ka, @, log=2 +1) — A, 18
oL, 2( (Fa Wa o)) +7<ogza + ) (18)
oL 9 Fa
— 2z log =% +1) — A\, 19
oF, ¢ 3+7<nga+> (19)
L L L
Let 387711) =0, gIa =0, and 88]:@ = 0, then solving the equations, , (119) yields
a (log(Tap)—1)—221 (1—K(ka,wp))
Ty = exp% .exp7 o o ; (20)
Ao Y(log(Za) 1) =225 (1-K(ka Wa o))
Z, =exp 7 .exp v (21)
Aa y(log(Fa)—1)—£Z3
Fo =e€xp .exp 2 (22)
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c

Let exp v = A and the objective function is constrained to Z Tap + Lo + Fo = 1, then
b=1
Y(log(Tap)—1)—2Z1 (1-K(ka,wp)) ’Y(l"g(iu.)*D*QZQ(l*K(}Ca,WamaX)) Y(log(Fa)—1)—£Z3
A |exp 2l + exp 2 + exp v =
(23)
Y(Log(Tap)—1) =221 (1-K(ka,wp)) Y(log(Za)—1)—229 (1=K (ka,Wamay ) y(tog(Fa)—1)—EZ3 -1
A= |exp v + exp v + exp v
(24)
Finally, the degree of membership for determinate, indeterminate, and ouliers are formulated
as follows,
(1og(Tap)=1) =221 (1=K (ka,wp))
Tap = A exp 2 (25)
Y(log(Za)—1) =229 (1=K (ka ,Wa may)
T, = A.exp v (26)

y(log(Fa)—1)—£23

F. = A.exp v (27)

Furthermore, to calculate the centroid for each cluster, the Gaussian kernel (G(k,, w,)) induced

objective function is given as

N C N _
—||ka, ws| —ka, Wa, |l
T,I,F 225 E Z1Taw) (1 — e 7ol 2§ Z,T)(1 — " 1ay Wapmayll
‘C( s 4y ,C) ( 1 ab)( exp< o2 + ( 2 )( €xXp )

a=1 b=1 a=1 .
N N C T N T N 7z

+ > EH(Z5Fa) + (Z > nblog,_r—b + ZIalogf— +) falog]___>
a=1 a=1b=1 a a=1 a a=1 a

N C
> (an+za+fa—1>

a=1 b=1
(28)
Taking the first derivative of the above equation with respect to w;, and equating it to zero.
The following expression is deduced.
Zivzl(zlﬁb)G(kau wy) kg

=N (20T Gk, ) (#)

The minimization of the criterion function is achieved by iterating the defined steps until

convergence is reached and the membership degrees and cluster centers are updated for each
iteration. Convergence is determined when the absolute difference between the values of T
from two consecutive iterations falls below a specified termination criterion §, or when the
maximum number of iterations is attained. Moreover, the parameters such as Z;, £ and
plays an crucial role in the clustering process. Hence, the analysis for the values chosen for
the parameters will be given in succeeding section and the computational algorithm for the

proposed technique is provided in the Algorithm
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Algorithm 1 Formulation of proposed KLKNCM alogrithm
Require: Number of cluster centre (C), weight factors (21, 22, Z3), outlier controller (£), KL

parameter (7), terminating criterion (), .
Step 1: Initialize 7;(;)), ILSO) and .7-"650).
Step 2: y <+ 1
Step 3: repeat
Step 4: Calculate wéh) using .
Step 5: Compute waggx.
Step 6: Update 7;(h), I(gh) and ]-",gh) using — and the objective function given in Eq .
Step 7: y<+y+1
Step 8: until ]’7;(;1“) — 7;(;)\ <dorh> hna-
Step 9: return wy, T = {Tw}oxn and the iteration count h.

4. Experimental Details

The present section outlines the experimental framework of the proposed technique, provid-
ing detailed information on the dataset utilized in this study. Additionally, it discusses the
comparative clustering algorithms and the clustering validation metrics employed to evaluate

the performance of the KLKNCM technique.

4.1. Description of the Dataset and Comparative Clustering Methods

It is known that the brain, a highly intricate and structurally complex organ, presents signif-
icant challenges for image segmentation algorithms. Thus, to evaluate the performance of the
proposed KLKNCM algorithm, brain images were selected for analysis. For this purpose, the
BraT$S (Brain Tumour Segmentation) dataset was employed [27], which is a benchmark for the
segmentation of brain tumors. This dataset includes images of brains affected by glioblastoma,
an aggressive and malignant form of brain cancer, in which T1-weighted MRI images were
used for the clustering process because they have more detailed anatomy, which is important
for accurately capturing the complexity of brain structures in segmentation tasks. Moreover,
the use of this dataset enables a comprehensive assessment of the algorithm’s capability to
handle complex and heterogeneous medical images.

To assess the effectiveness and superiority of the proposed KLKNCM technique, a compari-
son analysis is performed against many cutting-edge clustering algorithms. In this sense, five
clustering algorithms were chosen based on important characteristics pertinent to the study’s
scope. The NCM-1 [18], NCM-2 [28] and KNCM |[19| algorithms were included due to the
reason that they have integrated NS theory into the soft clustering framework, which is essen-
tial for managing indeterminate and incomplete information. Moreover, in order to evaluate

the influence of spatial information on clustering, KLDFCM [24] and FBKkPC S1 [25] were
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() (c) (11) 1) )

FIGURE 1. Source images adopted for the experiment.

selected, as these methods incorporate spatial features to improve clustering accuracy. The
NKWNLICM |23] technique was chosen because it combines NS theory with local information
clustering mechanisms, resulting in spatially aware clustering. Furthermore, it is worth noting
that the parameters of each comparative method were carefully changed to fit the issue formu-
lation in the current study, ensuring a fair and objective comparison of performance across all

methods.

4.2. Cluster Validation Metrics

In order to evaluate the results in quantitative aspects, the clustering validation metrics
is utilised. These metrics offers the valuable insights of the final clustered results obtained
from the proposed and other comparative clustering techniques in various aspect. Thus, the
metric encompassed in this work is described below. Moreover, the experiment is executed in
MATLAB R2019a software and to maintain the preciseness and presentation, the results from

ten images are analysed and discussed in the paper.

(1) Fuzzy Performance Index (FPI)
FPI [31] is used to assess the effectiveness and quality of the clustering, particularly
it quantifies the compactness of the clusters. Mathematically it is represented as in
equation .

C
FPI=1- (1~ F) (30)

N C
. . . o 1
where, F is the partition coefficient and it is calculated as F,. = N z; ;(7;02
a= —
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(2) Modified Partition Entropy (MPE)
MPE [31] evaluates the degree of overlap and intersections and uncertainty among the

clusters. It is calculated using the following formula.

N.PE

MPFE =
N-C

(31)

N C

1

N Z Z[’Eblogg(ﬁb)z] is the partition entropy. Lower the value
a=1b=1

indicates the better clustered result.
(3) Xie-Beni Index (XBI)

XBI [31] is the effective tool to ensure the quality of compactness and well-separated

such that, PE = —

clusters of the resultant images. Further, it is calculated as follows,

XBI = ==! (32)

where k, refers the values of the pixel and wy indicated the centroid of the cluster.

Moreover, the lower the values of this metric represents the better outcome.

5. Analysis of Parameters

A detailed parameter analysis was conducted to evaluate the impact of various algorithmic
parameters in the performance of the proposed method. By systematically adjusting key pa-
rameters, such as weighting parameters, weight factors (21, Z2, Z3), outlier controller (§), KL
parameter (7), terminating criterion (), number of cluster centre (C), the optimal configura-
tion for the proposed method was determined. Further, the results of the parameter analysis
demonstrated that fine-tuning these parameters leads to significant improvements in both the
precision of the segmented regions and the overall stability of the clustering process. In this
clustering analysis, three weight factors Z;, Z5 and Z3 are assigned values of 0.8, 0.1, and 0.1,
respectively. These weights control the influence of different features in the clustering process,
where Z; is the most dominant, and Z5 and Z3 contribute less significantly to decrease the
influence of outliers. Then the optimal value of £ for better clustering result is ranges from 140
to 200 for the considered dataset. Another key parameter is o ranging from [0.3,0.8]. Further,
for improved segmented result, the value of v is analysed and it varies from 10000 to 15000.
Added to this, the image is segmented into four region and hence the centroid of the cluster C
fixed as 4. Finally, the terminating value ¢ is set to 0.0001. This detailed examination provides
insights into the sensitivity of the proposed method to different parameter values, ensuring

that the algorithm outperforms consistently.
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6. Experimental Analysis

This section provides a thorough evaluation of the proposed method, incorporating both ob-
jective and subjective assessments to benchmark its performance against other state-of-the-art
techniques. The objective assessment delivers a quantitative evaluation, focusing on metrics
such as segmentation accuracy, precision, computational efficiency, and runtime. Meanwhile,

the subjective assessment offers a qualitative comparison, emphasizing the visual quality of

Images NCM-1 KNCM NKWNLICM KLDFCM FBkKPC_S1 NCM-2 Proposed

1

10

FIGURE 2. Resultant of proposed and comparative state-of-the-art methods.
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the segmented results. Figure [2]illustrates the segmentation outcomes for some representative
images from the dataset, showcasing the performance of the proposed method alongside other
advanced algorithms. To enhance clarity in visual analysis, the segmented regions, particu-
larly the tumor boundaries, are highlighted with red circles. Additionally, zoomed-in views
are provided within the same figure to facilitate closer examination of the segmented regions.
This dual analysis approach enables a more comprehensive comparison, allowing for a deeper
understanding of the strengths and limitations of the proposed method relative to competing
techniques. The objective assessment provides a comprehensive quantitative analysis of the
proposed method in comparison with several other advanced segmentation techniques, high-
lighting the strengths and weaknesses of each approach. The NCM-1 algorithm is effective at
removing outliers from the image data, ensuring a cleaner dataset for segmentation. However, it
exhibits limitations in accurately segmenting the more subtle and complex regions of the brain,
particularly in areas where fine details are essential for precise diagnosis. As a result, NCM-1
struggles to capture the intricacies of the tumor boundaries and other smaller internal regions,
reducing its overall effectiveness in medical image analysis. KNCM algorithm improves upon
NCM-1 by utilizing kernel functions to enhance clustering performance. This enables KNCM
to better handle the non-linear and inhomogeneous structures within brain images. While this
method shows enhanced clustering capability, its segmentation accuracy is lower than compared
to the proposed method. Further, NKWNLICM faces significant challenges in accurately seg-
menting tumor regions. It fails to effectively distinguish the tumor from surrounding tissues
and is notably deficient in segmenting other internal structures within the brain, leading to a
lack of overall precision in the segmentation process. While analysing KLDFCM techniques
which demonstrates competence in segmenting tumor regions, benefiting from the use of KL

divergence to improve clustering in high-dimensional data. However, KLDFCM falls short in

Images NCM-1 KNCM NKWNLICM KLDFCM FBKPC S1 NCM-2 Proposed

1 0.9287 0.9373 0.9187 0.8394 0.8722 0.8165 0.9742
2 0.9228 0.9396 0.8915 0.8508 0.8553 0.8357 0.9924
3 0.9169 0.9581 0.9381 0.8404 0.8411 0.8324 0.9996
4 0.9241 0.9561 0.9278 0.8716 0.8878 0.8579 0.9945
5 0.9240 0.9387 0.9455 0.8971 0.9072 0.8723 0.9975
6 0.9239 0.9342 0.9406 0.8739 0.9135 0.8569 0.9984
7 0.9295 0.9353 0.9521 0.8675 0.9169 0.8461 0.9965
8 0.9328 0.9476 0.9459 0.8648 0.9177 0.8492 0.9972
9 0.9345 0.9484 0.9517 0.8971 0.9784 0.8741 0.9971
10 0.9132 0.9247 0.9356 0.8523 0.9586 0.8486 0.9937

TABLE 1. Values of FPI for the proposed and comparative state-of-the-art methods.
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Images NCM-1 KNCM NKWNLICM KLDFCM FBKPC S1 NCM-2 Proposed

1 0.0706 0.0613 0.0654 0.1498 0.1537 0.1718 0.0068
2 0.0791 0.0744 0.0753 0.1592 0.1820 0.1765 0.0230
3 0.0780 0.0648 0.0677 0.1676 0.1579 0.1824 0.0166
4 0.0460 0.0363 0.0345 0.1232 0.1210 0.1369 0.0034
5 0.0728 0.0524 0.0547 0.1815 0.1375 0.1928 0.0026
6 0.0704 0.0618 0.0678 0.1693 0.1364 0.1746 0.0014
7 0.0703 0.0602 0.0624 0.1637 0.1354 0.1728 0.0037
8 0.0701 0.0637 0.0574 0.1737 0.1632 0.1838 0.0062
9 0.0684 0.0547 0.0531 0.1085 0.1055 0.1145 0.0028
10 0.0664 0.0513 0.0518 0.1422 0.1325 0.1575 0.0056

TABLE 2. Values of MPE for the proposed and comparative state-of-the-art
methods.

Images NCM-1 KNCM NKWNLICM KLDFCM FBKPC S1 NCM-2 Proposed

1 0.0466 0.0303 0.0229 0.0267 0.0178 0.0298 0.0143
2 0.0420 0.0325 0.0270 0.0226 0.0196 0.0263 0.0168
3 0.0347 0.0217 0.0198 0.0172 0.0097 0.0192 0.0066
4 0.0363 0.0258 0.0214 0.0195 0.0189 0.0211 0.0132
) 0.0321 0.0298 0.0275 0.0198 0.0173 0.0229 0.0112
6 0.0234 0.0201 0.0195 0.0185 0.0105 0.0198 0.0072
7 0.0365 0.0226 0.0231 0.0735 0.1647 0.0846 0.0169
8 0.0333 0.0253 0.0226 0.0715 0.0945 0.0810 0.0126
9 0.0372 0.0276 0.0234 0.0857 0.0934 0.0921 0.0111
10 0.0252 0.0201 0.0195 0.0795 0.0654 0.0846 0.0050

TABLE 3. Values of XBI for the proposed and comparative state-of-the-art methods.

Algorithm Computational time (s) Number of iteration
NCM-1 6.4247 156
KNCM 8.3589 183
NKWNLICM 5.2194 127
KLDFCM 3.1784 86
FBKPC_S1 4.2488 108
NCM-2 6.7251 162
Proposed 3.24587 79

TABLE 4. Computational time and number of iterations for proposed and

other comparative methods.
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accurately clustering other non-tumor areas of the brain, leading to incomplete and imprecise
segmentation. Moreover, FBKPCS1 technique suffers from imprecision, particularly in defining
the boundaries of tumor regions. The method often fails to accurately capture the fine details
of the tumor edges, which are crucial for medical diagnosis and treatment planning. On ex-
amining the results from NCM-2, it is observed that while the NCM-2 algorithm is capable
of segmenting tumor regions to a certain extent, but it does not adequately capture the intri-
cate internal structures of the brain. This limitation often results in degraded segmentation,
particularly in regions where tissue boundaries are less distinct, thereby reducing the overall
segmentation accuracy and reliability of the method. Furthermore, KLKNCM method out-
performs the aforementioned algorithms in multiple aspects. By incorporating kernel-induced
clustering with the Neutrosophic c-means framework

and the KL distance measure, the KLKNCM method achieves superior segmentation accuracy.
It effectively segments both the tumor regions and other internal structures of the brain, ad-
dressing the limitations observed in the other methods. Finally, KLKNCM method provides
more precise boundary delineation and improved differentiation of inhomogeneous brain tis-
sues. Furthermore, it offers enhanced computational efficiency, making it a highly effective and
practical solution for brain tumor segmentation in clinical settings.

Meanwhile, the evaluation of the proposed method is further supported by an analysis of
cluster validation metrics, with the results summarized in Tables The optimal values for
each metric are highlighted in bold for clarity. Upon reviewing the cluster validation results,
it is evident that FPI for the proposed KLKNCM technique is significantly higher compared
to the other methods. A higher FPI value indicates greater correctness and precision in the
clustering process, demonstrating the ability of KLKNCM to accurately segment complex brain
structures. Furthermore, MPE and XBI values
for the KLKNCM method are lower in comparison to those of the alternative clustering al-
gorithms. Lower values of MPE and XBI indicate more distinct and well-separated clusters,
which further affirms the accuracy and effectiveness of the proposed technique. These lower
indices suggest that the KLKNCM method not only achieves better clustering precision but
also minimizes overlap between clusters, ensuring more accurate segmentation of brain regions.
In summary, the superior performance of the proposed KLKNCM method across these valida-
tion metrics, particularly with respect to FPI, MPE, and XBI, highlights its effectiveness and
supremacy over the other state-of-the-art techniques. This analysis underscores the robustness
and efficiency of the KLKNCM algorithm in achieving highly accurate and computationally
efficient brain tumor segmentation.

In addition, the comparative analysis of the proposed algorithm with other state-of-the-art

clustering methods highlights its superior efficiency in terms of both computational time and
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FIGURE 3. Graphical representation of quality assessment metrics (a) Quality
assessment through FPI, (b) Quality assessment through MPE, (¢) Quality
assessment through XBI.

iteration count which is given in the Table @l The proposed algorithm demonstrates a com-
petitive computational time, indicating its capability to handle clustering tasks with minimal
resource consumption. Furthermore, the number of iterations required for convergence is sig-
nificantly lower in the proposed method compared to the other algorithms. This reduction
in iteration count underscores the KLKNCM has the enhanced convergence speed, which is
crucial for minimizing computational overhead in iterative clustering processes. The iterative

nature of clustering algorithms often poses a challenge in balancing accuracy and efficiency;
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however, the proposed method effectively addresses this by achieving rapid convergence with-
out compromising performance. Moreover, the graph where plotted to show the efficiency
of the proposed algorithm and it displayed in Figure Altogether, the results suggest that
the proposed algorithm not only reduces the computational burden but also accelerates the
clustering process, making it a suitable choice for applications where both time efficiency and
processing power are limited. In conclusion, the proposed algorithm outperforms the com-
parative methods by demonstrating a balance between computational efficiency and iteration

reduction, thereby providing an effective solution for real-world clustering applications.

7. Limitation and Future Research

While the proposed method demonstrates the superior performance, but still there persists
certain limitations. Even though, integration of the kernel distance and KL divergence in
NCM elevates the segmentation accuracy, the developed method still depends on the parameter
tuning, which impacts the robustness of the method. Added to this, the evaluation has been
done on benchmark datasets but the performance across large-scale with diverse datasets yet
to be comprehensively validated. These limitations naturally point toward several directions
for future research, incorporating deep learning frameworks such as CNN with the proposed
framework could maximize the benefits data-driven learning to achieve the superior accuracy.
Automated parameter optimization techniques also represent a valuable extension, reducing
the reliance on manual tuning and improving reproducibility. Furthermore, expanding the
approach to handle multi-class segmentation of tumor sub-regions and applying it to other

neurological disorders would broaden its clinical relevance.

8. Conclusion

This study introduced a novel KLKNCM technique for the segmentation of brain tumors.
The proposed approach effectively addresses the challenges posed by the non-linear and in-
homogeneous nature of brain structures, providing accurate segmentation while minimizing
computational overhead. The proposed method has been rigorously tested against five other
state-of-the-art clustering algorithms, with its performance validated through both objective
metrics and subjective assessments. The results highlight the superiority of our approach in
terms of segmentation accuracy, computational cost, and robustness, demonstrating its poten-
tial for practical use in clinical settings. Further, parameters of the algorithm were examined
in depth to demonstrate their functions in the segmentation methodology. In addition, run-
time calculations and iteration analysis were carried out in order to acquire a comprehensive
understanding of the results. In future, the proposed approach will be used to classify medical

images based on segmentation.
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