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ABSTRACT:

“This work introduces the Multi-Kernel Fuzzy C-Means (MKFCM) algorithm for medical
image segmentation, demonstrating its superior performance over traditional Fuzzy C-Means
(FCM) and Kernel Fuzzy C-Means (KFCM). By integrating multiple kernels, MKFCM effectively
handles complex data distributions, noise, achieving higher accuracy and robustness. Quantitative
evaluations using Dice Coefficient and Intersection over Union (IOU) scores confirm MKFCM's
enhanced segmentation capabilities, making it a highly effective tool for precise medical imaging.”

Keywords: Multi-Kernel Fuzzy C-Means, Segmentation, Medical Image.

Résumé :

“Ce travail présente Il'algorithme Multi-Kernel Fuzzy C-Means (MKFCM) pour la
segmentation d'images médicales, démontrant sa performance par rapport aux algorithmes Fuzzy
C-Means (FCM) et Kernel Fuzzy C-Means (KFCM) traditionnels. En intégrant plusieurs noyaux,
MKFCM traite efficacement les distributions de données complexes, atteignant une précision et
une robustesse accrues. Les évaluations quantitatives utilisant le coefficient de Dice et
I'Intersection sur I'Union (IOU) confirment les capacités de segmentation améliorées de MKFCM,
en faisant un outil tres efficace pour I'imagerie médicale.”

Mots clees: Multi-Kernel Fuzzy C-Means (MKFCM), Medical Image Segmentation.
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General Introduction

General Introduction

The need to precisely identify anatomical structures and diseased regions for better diagnosis
and treatment planning, has made medical picture segmentation a crucial area of study, in recent
years. Our work explores the novel use of a multikernel method for medical image segmentation,
to improve the precision and effectiveness. We start by going over basic ideas like K-Means
Algorithm and fuzzy set theory. Next, we go over more complex approaches like the Fuzzy c-
Means Algorithm (FCM) and Kernel Methods. Finally, we introduce an algorithm called Multi-
Kernel Based Fuzzy c-Means (MKFCM).

The fuzzy c-Means (FCM) algorithm is an effective clustering approach that assigns
membership levels to each data point in relation to cluster centers.
Because of its effectiveness in handling the inherent ambiguity and uncertainty present in
medical imaging, this method has a long history and is widely used.

In the present work, we will go over FCM's algorithmic structure, historical evolution, and
advantages and disadvantages. Especially when dealing with high-dimensional feature spaces,
where linear differentiation of data points becomes an issue.

Kernel methods provide the solution to this shortcoming. Indeed, they convert the input data into

a higher-dimensional space, which allows linear separation and more precise grouping.

Our work is divided into three parts, in the first chapter; we began by presenting unsupervised

methods. Next, we introduce the k-means algorithm, the fuzzy set theory and FCM algorithm.

In the second chapter, we explored the Kernel version of FCM algorithm. The Multi-Kernel
Based Fuzzy c-Means (MKFCM) algorithm is also introduced. By using numerous kernels to
capture different data features, the latter algorithm provides a more flexible and reliable clustering

framework. A comparison using a single kernel has been shown.

In the third chapter, we presented the results of all algorithms, applied on medical images.
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To validate the efficacy of each algorithm, we employed standard metrics in medical image
segmentation such as Dice coefficient and Intersection over union (IOU) score. These metrics
provide numerical evaluation of the accuracy of segmentation, comparing the segmented output
with ground truth data.
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Chapter I: Clustering Techniques in Medical Image Analysis

I.1. Introduction

Medical image analysis leverages clustering techniques to enhance diagnostic accuracy. This
chapter delves into clustering methodologies, focusing on their application in medical imaging. It
explores the basics of medical image analysis, the principles of clustering in this context, and
details the K-means and Fuzzy C-means algorithms, highlighting their significance and

implementation in medical diagnostics.

I.2. Medical Image Analysis

Medical imaging has developed exponentially in the last few years in terms of technological
advance and wide-spread use. High-resolution, three-dimensional anatomical information can now
be obtained in a routine manner with magnetic resonance imaging (MRI) and X-ray computer-
aided tomography (CT). These two modalities provide complementary information; CT shows
detail of bony structures and some contrast between hard and soft tissues while MRI shows detail

of soft tissue structures, with almost no detail of bony structures.

CT imaging, like all X-ray techniques, exposes the patient to a dose of X-rays, thus, incurring
some health risks. MRI does not expose the patient to radiation, but uses the magnetic properties
of the patient’s tissues to provide contrast in the image, and as far as we know at present it is

completely harmless.
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X-RAY Image MRI Image

Figure I.1: Medical Image Example

I.3. Clustering of Medical Image:

Research on Clustering is well-established; it dates back to the 1950s and is widely reported
in various journals. The research problem is concerned with discovering a grouping structure

within a number of objects.

Typically, a set of numeric observations, or features, are collected of each object. The
collected feature-sets are aggregated into a list which then acts as the input to a chosen
computational clustering algorithm. This algorithm then provides a description of the grouping
structure which it has discovered within the objects. The clusters would be identified by labels

usually supplied by the user.

In this way, a large number of seemingly disparate objects, once a number of features are
extracted of them, can be organized into groups of approximately shared features. Data clustering

gained initial formal treatment as a sub-field of statistics. Systematic methods of clustering were
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required to be developed because the data may be large in size and therefore cumbersome to

analyse and visualize.

Dealing with grayscale images in medical image segmentation presents significant challenges.
The lack of color information makes distinguishing between different tissues and structures more
difficult, often resulting in lower contrast and less defined boundaries. This increases the
complexity of accurately segmenting regions of interest, necessitating advanced algorithms and

preprocessing techniques to enhance image quality and segmentation precision.

Figure 1.2: Example of Image Clustering

1.3.1. Clustering Methods:

Medical image clustering utilizes both supervised and unsupervised methods to organize and
interpret complex imaging data. In supervised clustering, algorithms are trained on labeled datasets
where the desired output is known, making it easier to identify and classify specific structures
within the images. Techniques like Convolutional Neural Networks (CNNs) are commonly used,

leveraging labeled medical images to improve diagnostic accuracy and segmentation precision.
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On the other hand, unsupervised clustering does not rely on pre-labeled data. Methods such
as K-means and Fuzzy C-means are popular, as they group similar pixel intensities to differentiate
between tissues and structures without prior knowledge . Hierarchical clustering builds nested
clusters by successively merging or splitting them, while density-based clustering identifies

clusters based on data density, useful for detecting anomalies.

Both supervised and unsupervised clustering methods play a crucial role in enhancing the

interpretability of medical images, aiding in accurate diagnosis, treatment planning, and research.

I.4. K-Means Algorithm:

K-means is one of the simplest unsupervised learning algorithms that solves the well known
clustering problem. The procedure follows a simple and easy way to classify a given data set

through a certain number of clusters (assume k clusters) fixed a priori [1].

The main idea is to define k centroids, one for each cluster. These centroids should be placed
in a clever way because of different locations cause different results. So, the better choice is to
place them as far away as possible from each other. The next step is to take each point belonging

to a given data set and associate it with the nearest centroid [2].

At this point, we need to re-calculate k new centroids of the clusters resulting from the
previous step. After we have these k new centroids, a new binding has to be done between the
same data set points and the nearest new centroid. A loop has been generated. As a result of this
loop, we may notice that the k centroids change their location step by step until no more changes

are made.

Finally, this algorithm aims at minimizing an objective function, The objective function

J =Xy Ty 0 -l (L1)
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Where ||x’—cj|| is a chosen distance measure between a data point x// and the cluster center ¢,

is an indicator of the distance of the n data points from their respective cluster centres.

1.4.1. Visualizing K-means Clustering

K-means clustering produces a very nice visual, so here is a quick example of how each step

might look.
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Figure 1.3: Initial 50 Data Points

Here’s 50 data points with three randomly initiated centroids.
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Figure 1.4: 9 Iterations of K-means

Iteration 2 shows the new location of the centroid centers.

Iteration 3 has a handful more blue points as the centroids move.

Jumping to iteration 6, we see the red centroid has moved further to the right.
Iteration 9 shows the green section is much smaller than in iteration 2, blue has taken
over the top, and the red centroid is thinner than in iteration 6.

The 9th iteration’s results were the same as the 8th iteration, so it has "converged.”.

I.4.2. K-means Advantages:

The K-Means algorithm is very fast.
It is robust and easier to understand.

The number of clusters is known.

1.4.3. K-means Disadventages:

K-Means algorithm requires a priori specification of the number of cluster centers.

10
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— If there are two highly overlapping data then the k-means algorithm will not be able
to resolve that there are two clusters and is said to be the use of exclusive assignment.

— Data represented in the form of cartesian coordinates and polar coordinates will give
different results.

— It provides the local optima of the squared error function.

— Randomly choosing the cluster center lead to a poor result.

— Applicable only when the mean is defined.

— Unable to handle noisy data and outliers.

— It fails for non-linear data sets.

L.5. Fuzzy C-means

I.5.1. Fuzzy Set Theory:

Fuzzy Set Theory was developed by Lotfi Zadeh 1965 in order to describe mathematically,
the imprecision or vagueness that is present in our everyday language. Imprecisely defined classes

play an important role when humans communicate and learn.

IN order to deal with these classes, Zadeh introduced the concept of fuzzy set. They are similar

to ordinary mathematical sets but are more general than them.

In the fuzzy clustering setting, a cluster is viewed as a fuzzy set in the data set, X . Thus, each
feature vector in the data set will have membership values with all clusters membership, indicating
a degree of belonging to the cluster under consideration. The goal of a given fuzzy clustering

method will be to define each cluster by finding its membership function.

In the general case, the fuzzy sets framework provides a way of dealing with problems in
which the source of imprecision is the absence of sharply defined criteria of class membership

rather than the presence of random variables. Fuzzy clustering fits well with the rest of the fuzzy

11



Chapter I: Clustering Techniques in Medical Image Analysis

sets and systems applications. It has been used with success in, for example, optimizing

membership functions for forming fuzzy inferences. [3]

Fuzzy set theory is widely used as a modeling tool in various Pattern Recognition and image
analysis problems, [4], because of the relative ease and the robustness to noise, low solution cost

and better human computer interaction.

Figure L.5: Membership Concept

1.5.2 Fuzzy c-Means Algorithm:

The FCM algorithm took several names before FCM. These include Fuzzy ISODATA and
Fuzzy k-Means. The idea of using fuzzy set theory for clustering is credited to Ruspini 1970. Dunn
is credited with the first specific formulation of FCM 1973, but its generalization and current

framing are credited to Bezdek 1981.

12
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FCM is a clustering algorithm that provides a fuzzy partition of the input data set. However,
there is an infinite range of possible fuzzy partitions. Therefore, FCM aim to to search for the
optimal partition according to the chosen objective function. FCM is, thus, first and foremost an

objective function.

The way that most researchers have solved the optimization problem has been through an
iterative locally optimal technique, called the FCM algorithm. This is not the only way to solve
the FCM objective function, for example, in AlSultan & Selim, 1993, it is solved by the Simulated
Annealing Optimization technique; in Hathaway & Bezdek, 1995, the problem is reformulated and
general optimization methods are suggested for its solution; in Al-Sultan & Fedjki, 1997 it is
solved by a combinatorial optimization technique called Tabu Search; in Hall et al., 1999 it is
solved by the genetic algorithm, which is an optimization technique based on evolutionary
computation; and in Runkler & Bezdek, 1999 it is solved within an alternate optimization

framework. In fact, it is not impossible that an exact solution to the problem may be formulated.

m(membership function) m(membership function)

A A

0.20

0 » 1]
O 0 00000 & & & & S80W e 00 L] @ 8 000NN0 & & @& 0 S0MMe 0 0 L

A B A '\ B

v

| () 08 0.2
0 1 03 0.7
. | () 06 04

L“n. - 1 Ul.“ - 09 0.1

Figure 1.6: The Difference Between K-means and FCM

13
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1.5.3 The FCM Formulation:

Fuzzy c-means clustering technique is a simplification of the hard c-means algorithm that
yields enormously superior results in image region clustering and object categorization. As in hard

k-means algorithm, Fuzzy c-means algorithm is based on the minimization of a standard function.
Let a matrix of n data elements (image pixels), each of sizes s (s = 1), is represented as
X=(X1,X2, ... ... ,x") FCM generates the clustering by iteratively minimizing the objective function
given in:
e Objective function:
0, (U,C) = X, Xy US'D?(x;,C;) (1.2)
e Constraint:

iUy =1,Vj (L3)

Where Uj; is membership of the j” data in the i cluster C*, m is fuzziness of the system (m = 2)

and D is the distance between the cluster center and pixel.

1.5.3.1 FCM Steps:

The FCM Algorithm is given below.

e Randomly initialize the cluster centers Ci.

e The distance D between the cluster center and pixel is calculated by using Eq. (4).

D*(X;,C;) = ||X; - Cj||2 (L4)

14
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The membership values are calculated by using Eq. (5).

(o)) ™" 15)
y = —1/(m=1) :
Zi=1(D(XJ"Ck))
Update the cluster centers.
nUMX;
G =S 16)
j=17-Yy

The iterative process starts:
— Update the Uj; by using Eq (5).
— Update the C;by using Eq (6).
— Update the D using Eq (4).
— If|Chew - Cota| > ; (£=0.001) then go to step 1.
— Else stop.

This process will assign every pixel to a precise cluster for which the membership value is

maximal.

1.5.3.2 FCM Strengths:

The FCM algorithm has proven to be a very popular method of clustering for many reasons.

15
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e In terms of programming implementation, it is relatively straightforward. It employs an objective
function that is intuitive and easy-to-grasp . For data sets composed of hyper spherically-shaped
well-separated clusters, FCM discovers these clusters accurately.

¢ Furthermore, because of its fuzzy basis, it performs robustly: it always converges to a solution, and

it provides consistent membership values.

1.5.3.3 FCM Weaknesses:

The shortcomings of FCM, as we have assessed them independently, are:

e [t requires the number of clusters to look for to be known a priori.

e It requires initialization for the prototypes, good initialization positions are difficult to assess. If the
iterative algorithm commonly employed for finding solutions of the FCM objective function is
used, it may find more than one solution, depending on the initialization. This relates to the general
problem of local and global optimization.

e Not robust enough with light level noise.

- Data Memberships
& Yy Cluster 1 | Cluster 2
| ’ 120 30 ]| 0975 | 0025
| 120 4.0 [ 0.983 0.017
15| 3.5 | 0.989 0.011
i | 25] 35 || 0967 0.033
| L g 210100 0028 | 0972
10 i 21.0 | 11.0 | 0.009 0.991
8 205|105 | 0.014 0.986
9 215 [ 105 [ 0.021 0.979
at + e ' 2.0 | 40 | 0.845 0.155
E ' 19.0 [200 [ 0.174 0.826
00 2 4 6 8 10 12 14 16 18 20 22 24 11.0 12.0 0588 0.412

Figure 1.7: A Data Set Containing Noise Points.
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1.6. Conclusion:

The FCM algorithm is widely used in image processing, particularly medical ones. Its reduced
complexity, Strong elements that have garnered increasing attention include its reduced
complexity and ease of implementation, especially for huge data sets, as well as its fuzzy

component (integration of the degree of membership).

However, this algorithm does not take into account the spatial information of pixels and
considers only the feature vector used. As a result, the neighborhood's characteristics are

ignored, making the pixel under consideration more susceptible to noise.

Several modifications are made to FCM in order to improve the quality of clustering, but this

remains insufficient.
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Chapter II: Kernel Methods

I1.1. Introduction

Kernel methods are a class of algorithms used for solving both classification and regression

problems in machine learning.

Unlike traditional linear methods, kernel methods operate in a high-dimensional feature space
by implicitly mapping the input data into that space. The key idea behind kernel methods is to find
a suitable kernel function that measures the similarity between data points in the transformed

feature space.

I1.2. Transformation into High-Dimensional Feature Space

A kernel function is used for classification in general. Suppose a set of objects x1,....xN € Rp
should be analyzed, but structure in the original space, Rp is somehow inadequate for the analysis.
The idea of the method of kernel functions uses a ‘nonlinear’ transformation [5].

Objects in Low dimensional
X Space

Objects in High dimensional
© Feature Space

° \0‘
S

*

* k)
©

* e
*(/O

Kernel Function Evaluation
K(x.x;)

Inner-product of feature

vectors @{x) B{(x;)

Figure IL.1: An Illustration of Kernel Method
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®: Rp — H, where H is a high-dimensional Euclidean space, which is sometimes

an infinite dimensional Hilbert space. We can write:

D(x)=(pl(x), p2(x),...). (IL1)

It is unnecessary to have a functional form of ®(x). Instead, we assume that the scalar product

of H is known and is given by a known kernel function K(x, y):

K(x, y) = O(x), D(y), (11.2)

Using the idea of kernel functions, we are capable of analyzing objects in space H instead of
the original space Rp; Rp is called data space while H is called a (high-dimensional) feature space.
Several types of analysis including regression, principal component, classification, and clustering
have been done using the feature space with kernels. In applications, two types of kernel functions

are most frequently used [5]:
The first type is:
K (xy) = ({xy}+c) (IL.3)
The second type is:
K (xy)=exp (-Allx-y|'? (11.4)

Where : x is an input vector in RP; y is an input vector in RP; ¢ is a constant; d is the degree

of the polynomial; A is a parameter that controls the width of the kernel.

The former is called a polynomial kernel, and the latter is called a Gaussian kernel.
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separating
hyperplane

complex in low dimensions simple in higher dimensions

Figure I1.2: Transformation Into High-Dimensional Feature Space

I1.3. Kernel Types

I1.3.1. The Gaussian kernel:

The Gaussian kernels are widely used and have been extensively studied in neighboring fields.

The proposition in the following kernel is indeed valid.

The Gaussian kernel is defined by:

K(x.z) = exp (— ||x2—622||2) (IL.5)

Where : x is an input vector in RP; z is an input vector in RP; 6>0 is the bandwidth parameter.
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Note that we are not restricted to using the Euclidean distance in the input space. If for
example k1 (x, z) is a kernel corresponding to a feature mapping @1 into a feature space F1, we

can create a Gaussian kernel in F1 by observing that:

10, (x) — @1 (D||°=ki (x.2) — 2ki(x,2) +ki(z,2) (1L.6)

giving the derived Gaussian kernel as:

k] (x,z)= exp (kl (x,x)—ZR;g,z) +k1(z,z)) (H.7)

The parameter o controls the flexibility of the kernel in a similar way to the degree d in the
polynomial kernel. Small values of ¢ correspond to large values of d since, for example, they allow

classifiers to fit any labels, hence risking over-fitting.

In such cases, the kernel matrix becomes close to the identity matrix. Progressively diminish

the kernel function and prevent the learning of non trivial classifiers.

The feature space has infinite- dimensions for every value of ¢ but for large values, the weight

quickly decline on the higher-order features.

I1.3.2. The Laplacian kernel:

The Laplacian kernel. matrix can also be used in clustering as it frequently possesses more

balanced properties than the kernel matrix. It is defined as follows.
The Laplacian matrix L(K) of a kernel matrix K is defined by:

L(K)=D-K (IL.8)
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where D is the diagonal matrix with entries:
Dii= 25-:1 k ji (IL9)
Observe the following simple property of the Laplacian matrix. Given any real vector
v=wl,..,v) ER (I.10)
E%,j=1 kij (vi-v;)?= 22%,]':1 ki 171'2-225,]-:1 kij vivi (IL11)

=2vDv—-2vKv=2v'L(K)v.

I1.3.3. Polynomial kernels:

The derived polynomial kernel for a kernel k1 is defined as :

K (x z)=pxl (x, z)), (I1.12)

where p (-) is any polynomial with positive coefficients. Frequently, it also refers to the special

casc:

ka(x,z)=({x,z}+R) ¢ , (I1.13)
defined over a vector space X of dimension n, where R and d are parameters.

The dimension of the feature space for the polynomial kernel :

ka(x,z)=({x,z}+R) ¢ is 14 (I1.14)

11.3.4. ANOVA kernel:

The embedding of the ANOVA kernel of degree d is given by:
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Da: X =(Da (X)) |A=d (IL.15)
where for each subset A the feature is given by:
DA ((x)=[lieaxi =x" (I1.16)

where iA is the indicator function of the set A:

The dimension of the resulting embedding is clearly (}}) , since this is the number of such

subsets, while the resulting inner product is given by:

Ka (x,2) = @a (x) , Ba (2)} =Xjaj=a DA (X) DA (2)
=Dt <iyaipe igen(Xil Zi1) (Xi2 Zi2) ... (Xid Zid) (IL.17)

_ a S
= leilsizs....idsn Hj:l Xij Zij ,

I1.3.5. Intersection kernel:
Define the intersection kernel over the subsets of D by:
KN (A1, A2)=pn (A1 NA2), (I1.18)

that is, the measure of the intersection between the two sets [6].

This can be seen to be a valid kernel by considering the feature space of all measurable

functions with the inner product defined by:
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{£1, £2}= [ f1(a) f2 (a) du(a) (I1.19)

The feature mapping is now given by:

0:A——IA, (11.20)

implying that:

RN (A, A7) =U[AL N A) = fD I na,(@)du(a)
= [, Iayna, (@du(a) = Iy, Ia,) (I1.21)
= (0(41), B(A42)).

I1.3.6. Union complement kernel:

Union complement kernel Assuming that u (D) = 1, we have the union complement kernel [7]:

K(A1,A2) = u (D \A1) N (D\A2))= 1-u(41VA>). (I1.22)

There are many cases in which we may want to represent data items as sets. There is also the
potential for an interesting duality, since we represent an object by the items it contains, while the

items themselves can also be described by the set of objects they are contained in.

I1.4. The kernelization of Clustering

In real world situations, methods of clustering to deal with datasets having non-linear
classification boundaries are more appropriate. It has been shown that the conventional clustering

methods cannot separate two overlapping clusters [ 8 |.
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For this reason, kernel methods to classify non-linear datasets have been studied by many
researchers in recent years. Several clustering methods have been modified to incorporate kernels.
The use of kernel allows to map implicitly data into a high dimensional space called feature space

and computing a linear partition in a non-linear partition space.

Kernel-based clustering techniques based on k-means have been developed in Camastra and
Verri (2005), Dhillon et al. (2004) and Kim et al. (2005). The authors of Kim et al. (2005)
performed a comparative analysis between k-means and FCM clustering algorithms and their
kernelized versions. Kernel-based fuzzy clustering techniques based on FCM have been developed
in Wu and Xie (2003), Zhang and Chen (2002), Kim et al. (2005), Chiang and Hao (2003) and
Zhang and Chen (2003).

IL.5. The Kernel Fuzzy C-Means Clustering (KFCM)

The KFCM algorithm adds kernel information to the traditional fuzzy c-means algorithm, and
it overcomes the disadvantage that the FCM algorithm can’t handle the small differences between
clusters.

There are two major forms of kernel-based fuzzy clustering [8]:

e The first one comes with prototypes constructed in the feature space. These
clustering methods will be referred to as KFCM-F (with F standing for the feature
space).

e In the second category, abbreviated as KFCM-K, the prototypes are retained in the
kernel space, and thus the prototypes must be approximated in the feature space by

computing an inverse mapping from the kernel space to the feature space.

The advantage of the KFCM-F clustering algorithm is that the prototypes reside in the feature

space and are implicitly mapped to the kernel space through the use of the kernel function.
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I1.6. Kernel Fuzzy C-Means Algorithm

kernel version of the FCM algorithm and its objective function are given below:

On(U,O)= Eie1 Xj=1 Ui} (1-K(x;, C) (I1.23)

Thus, the revised equations for the essential conditions for minimizing O, (U,C) are given

below:
Y UK (X,C)X) .
C, == 2 27— 12..C 11.24
L= Y, oK) ({29
-1/(m-1)
1-K(X;,C;) =12
= ( J ) . =12, (H.ZS)

m-D’ j=12.n
Zi:l(l_K(xj'Ci))

We identify the essential conditions for minimizing O, (U,C) are revising the last two

equations. only when the kernel function K is selected to be the Gaussian function with :

K(, C) =exp (- || x-Ci [P l0?) (11.26)

Different kernels can be selected for replacing the Euclidean distance for different conditions.

I1.7. Multi-Kernel Based Fuzzy C-Means (MKFCM)

The multiple-kernel methods provide us a great tool to fuse information from different

sources. A multi-kernel is a combination of two or more kernel functions.
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Instead of relying on a single kernel to measure the similarity between data points, multiple
kernels are combined, often through a weighted sum, to create a composite kernel. The composite

kernel aims to leverage the strengths of each individual kernel.

I1.7.1. Mathematical Formulation:

Given two kernels, K1 and K2, a simple multi-kernel can be formed as [9]:

Kot (xi,x5) =X K (xi, x5)+ (1-) K> (xi,%))| (IL.27)

where o is a weighting parameter that balances the contribution of each kernel.

I1.7.2. MKFCM Algorithm

The Multi-Kernel Fuzzy C-Means (MKFCM) algorithm extends the standard Fuzzy C-Means
(FCM) clustering algorithm by incorporating multiple kernels. Here’s a step-by-step description
of the MKFCM algorithm [8]:

a) Initialize Parameters:

— Number of clusters c.

— Fuzziness parameter m.

— Maximum number of iterations.
— Convergence threshold.

— Kernel weighting parameters « i, X »,..., X  (if combining k kernels).

b) Compute Kernel Matrices:

— For each kernel Ki compute the kernel matrix Ki(x,,x,) for all data points x, and x,.
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¢) Combine Kernel Matrices:

— Form the composite kernel matrix K. using the weighted sum:

Kot (xp,%q) =21 % iKi (Xp,Xq) (11.28)

— Ensure that the weights ai sum to 1.

d) Initialize Membership Matrix:

— Initialize the membership matrix U randomly such that the sum of memberships for each

data point is 1.

e) Iterative Optimization:

Repeat until convergence or maximum iterations reached:

— Compute Cluster V using the current membership matrix U:

1 (U ke
VJ= Zp_l (;I]Vp Zz;ft (xp))
p=1"jp

(I1.29)

— Where uj, is the membership of data point x, in cluster j, and Kuuii (xp,.) is the p-th row of
the composite kernel matrix.

— Update the membership values u;p:

1

¢ (kmulti P XD —2kmyiei KDY+ kmyiri WJv) )%
k=Wkmuiei CPxXD~2kimyiei PV + kipyiei (vk,vk)

(11.30)

Ujp=

29



Chapter II: Kernel Methods

f) Convergence Check:

— Check for convergence by evaluating the change in the membership matrix U or the cluster

centers V If the change is below a predefined threshold, stop the iterations.

L.8. Conclusion:

In this chapter, We have seen a variant of the fuzz C-meaus technique called Kernel FCM,
uses-a Kernel function to change the original data space into higher dimentional space where

the clusters are more effectively divided.

We will now use MKFCM, KFCM and FCM on MRI pictures, and the results will be shown
in the chapter that follows.
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Chapter II1: Simulation Results and Discussions

II1.1. Introduction

The finding for the various algorithms evolved in the earlier chapter are shown in the section

that follows.
We used T1 weighted MRI pictures (181x217x181), and we extracted the slice n=79 for

illustration.

I11.2. Evaluation Measures:

I will provide an overview of most used evaluation metrics, in medical image segmentation.

The evaluation metrics are:
— Dice coefficient

— Intersection over Union (IoU)

The presented metrics are based on the computation of a confusion matrix for a binary
segmentation mask, which contains the number of true positive (TP), false positive (FP), true
negative (TN), and false negative (FN) predictions. The value ranges of all presented metrics span

from zero (worst) to one (best).

Ground truth

FTU (1) Background (0)

FTU (1) TP FP
Prediction

Background (0) FN TN

Figure II1.1: Evaluation Metrics
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e TP (True Positive): represents the number of FTU pixels that have been properly
classified as FTU

e FP (False Positive): represents the number background pixels being misclassified as FTU

e FN (False Negative): represents the number of FTU pixels being misclassified as
background

e TN (True Negative): represents the number of background pixels that have been properly

classified as background

FTU (1) stands for "Foreground Tumor Unit" or "Feature of Tumor Unit." represents the pixels
that belong to the tumor (foreground), and Background (0) represents the pixels that do not belong
to the tumor (background). This kind of matrix is used to evaluate the performance of a model in

distinguishing between tumor and non-tumor regions in medical images.

I11.2.1. Dice Coefficient (F-Score):

Dice Coefficient also called F-score: one of the most widespread scores for performance

measuring in computer vision and in Medical Image Segmentation.

Dice coefficient is calculated from the precision and recall of a prediction. Then, it scores the
overlap between predicted segmentation and ground truth. It also penalizes false positives, which

is a common factor in highly class imbalanced datasets like Medical Image Segmentation.

Based on the Dice Coefficient, there are two popular utilized metrics in Medical Image
Segmentation:

a) The Intersection-over-Union (IOU), also known as Jaccard index or Jaccard similarity

coefficient is the area of the intersection over union of the predicted segmentation and the

ground truth:

TP
I0U=———— (IIL1)
TP+FP+FN
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We can represent this index in the below figure:

loU = Area of overlap __
Area of union

Prediction

Ground truth

Prediction

Ground truth

Figure I11.2: IOU Index lllustrated

b) The Dice similarity coefficient (DSC), also known as F1-score or Serensen-Dice index:

most used metric in the large majority of scientific publications for Medical Image

Segmentation evaluation.

The difference between the two metrics is that the IOU penalizes under- and over-

segmentation more than DSC.

A harmonic mean of precision and recall. In other words, it is calculated by 2*intersection

divided by the total number of pixels in both images.

2TP

Dice= —
2TP+FP+FN

We can represent this coefficient in the following figure:

2X Area of overlap __
Total area

Dice =

2X

Prediction

e

Ground truth

| Prediction

Figure I11.3: Dice Coefficient Illustrated
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II1.3. Magnetic Resonance Imaging (MRI):

MRYI, being a "non-invasive" procedure, has become one of the most popular diagnostic tools
in neuroradiology. This technique is widely used in monitoring various conditions, such as

Alzheimer's, Parkinson's, and others.

MRI is a medical imaging technique based on the principle of nuclear magnetic resonance
(NMR). It provides a 2D or 3D description of a part of the body, especially the brain. In practice,
MRI images are provided as a series of 2D slices that, when arranged in the correct geometry, form

a three-dimensional image.

I11.4. Brain web Database:

The literature recommends using Brainweb a database provided by a powerful simulator made
available online by the McConnell Brain Imaging Centre at the Montreal Neurological Institute,
McGill University. This institute aims to better understand neurological diseases through various

imaging methods [10].

The simulator allows for the creation of images that are very close to reality. Additionally, it
lets us choose different parameters such as noise levels, inhomogeneity rates, T1 or T2 modality,
resolution, it also offers reference images along with their manual segmentations. These data

enable us to evaluate the performance of different algorithms.
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(a) (b) (c)

Figure II1.4: MRI Images (a):original, (b):gaussian noise, (c):salt and pepper noise

IIL.5. Initialization Step:

The experiments and performance evaluation were performed on medical images, including

image of the MR image of brain (Brainweb Database).

e The fuzzy c-means (FCM) clustering, the kernel based fuzzy c-means (KFCM), and multi
kernel fuzzy c-means (MKFCM) level set method were implemented with Matlab R2018a
(MathWorks) in a Windows 10 System Pro. All the experiments were run on a computer
with Intel i3 and 4GB RAM.

e For the FCM, KFCM, and MKFCM algorithms, the initialization of class centers is
random.

e The attribute vector consists of the different gray levels constituting the image. The number
of clusters is 3, the number of iterations for FCM is 100, and the fuzziness parameter is
usually set to 2.

e The same code is used for KFCM, adding a Gaussian kernel with a bandwidth parameter
of 10.

e Add to the previous code, KFCM another kernel, the Laplacian kernel, with a bandwidth

parameter of 5.
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II1.6. The results:

We compared clustering results using three different fuzzy clustering methods: Fuzzy C-
Means (FCM), Kernel Fuzzy C-Means (KFCM), and Multi-Kernel Fuzzy C-Means (MKFCM).

Using various images with different noise levels, the results are presented in the following figures:

a) Real Brain MRI Image with No Noise:

Original FCM

Figure II1.5: Real Brain MRI Image No Noise Results

The Original Image is real brain MRI image with distinct anatomical structures. The FCM
segmentation shows that it identifies major structures but lacks detail and has some
misclassifications, while the KFCM Segmentation improves the segmentation detail, capturing
more structures. At the end, MKFCM Segmentation offers the best detail and accuracy, closely

matching the anatomical features of the brain.
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b) Brain MRI with Salt and Pepper Noise:

Now, salt and pepper noise corrupts the original image.

Original

Figure I11.6: Brain MRI with Salt and Pepper Noise Results

We notice that the noise has a significant impact on the FCM algorithm, resulting a poor
segmentation, while the KFCM segmentation shows resilience to noise but still has some artifacts.
At the end, MKFCM segmentation effectively handles the noise, providing clean and accurate

segmentation.

¢) Brain MRI Image With Gaussian Noise:

Here the original image is effected by gaussian noise.

Original FCM KFCM " MKFCM
Figure I11.7: Brain MRI Image with Gaussian Noise
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At the first look the FCM Segmentation produces a rough segmentation, failing to distinguish
regions accurately. While the KFCM Segmentation improves segmentation accuracy, but still has
issues with boundaries. At the end, MKFCM Segmentation demonstrates superior performance,

offering the most accurate segmentation with well-defined boundaries.

I11.7. Evaluation of The Algorithms:

We compared the segmentation efficiency using the two different quantitive metrics that we
explained earlier in this chapter, the Dice Coefficient and Intersection over Union (IoU). Using

various images with different noise levels, the results are presented in the following table:

Table I11.1: Results for the Three Algorithms

Algorithm FCM KFCM MKFCM

Gaussian Noise | 3% 5% 7% 3% 5% 7% 3% 5% 7%

10U (%) 0.89 1087 | 0.83 | 093 | 090 | 0.86 | 0.97 | 0.96 | 0.95

Dice (%) 0941092 | 091 | 096 | 095 | 092 | 0.97 | 0.96 | 0.95

When comparing the algorithms, we find that MKFCM does reasonably well in noisy
environments. At noise levels of 3%, 5%, and 7%, respectively, it achieves a IoU of 0.97, 0.96,
and 0.95. While KFCM obtaining a ToU 0f 0.93, 0.90, and 0.86 respectively and FCM is reaching
0.89, 0.87, and 0.83 respectively for the corresponding noise levels. This demonstrates that FCM

perform just slightly worse. The findings are validating by the Dice coefficient calculation.

According to the results, we could say that MKFCM outperforms KFCM and FCM in terms

of robustness to noise, with higher values obtained for the majority of evaluation measures.
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This could be a result of the way these algorithms evaluate similarity. MKFCM and KFCM
measure similarity using a kernel function, whereas FCM 1is based on the minimization of
Euclidean distances
The kernel function included in Kernel versions of FCM enables non-linear transformations of
the input data. In situations where linear separation is insufficient, this allows these algorithms to
capture non-linear interactions among data points, resulting more accurate clustering. Contrarily,

FCM makes the assumption that data points and clusters have linear correlations.

However, the Kernel function allow to MKFCM and KFCM to handle different sized and

shaped clusters. Unlike FCM which is limited with the assumption of spherical clusters.

I11.8. Conclusion

The results indicate that Multi-Kernel Fuzzy C-Means (MKFCM) consistently outperforms
both Fuzzy C-Means (FCM) and Kernel Fuzzy C-Means (KFCM) across various types of images

and noise conditions.

MKFCM's use of multiple kernels allows it to handle complex data distributions and noise
more effectively, leading to more accurate and robust segmentation. This makes MKFCM a
superior choice for image segmentation tasks, especially in medical imaging, where precision is

essential.
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General Conclusion

General conclusion

Our main goal has been to support physicians in their clinical practice by applying the Kernel

versions of Fuzzy C-Means approach to medical image segmentation.

Since they will make it easier to precisely identify and analyze lesions, anatomical structures, and
other important regions of interest. By providing correct segmentation of medical images, we

contribute in improving treatment planning and diagnosis.

The findings in the latter chapter show that, for a variety of medical image and noise levels, the
Multi-Kernel Fuzzy C-Means (MKFCM) method consistently performs better than the Fuzzy C-
Means (FCM) and Kernel Fuzzy C-Means (KFCM) algorithms.

Because MKFCM uses several kernels, it can handle complex data distributions and noise more
effectively and improves the accuracy and robustness of image segmentation. Because of this
enhanced capabilities, MKFCM is a better option for activities involving medical imaging, where

accuracy is crucial.

Through the application of quantitative analysis, MKFCM routinely achieves the highest
performance metrics, as demonstrated by the Dice Coefficient and Intersection over Union (IoU)

scores. This suggests significantly better segmentation performance by integrating two kernels

In summary, we demonstrate the benefits of the MKFCM algorithm for medical image
segmentation, opening the door for more accurate and dependable diagnostic instruments in the

field of medical imaging.

Future study can concentrate on investigating the integration of sophisticated approaches, such as
deep learning. The system can extract complex patterns and characteristics from the data directly

through deep learning, which produces more accurate segmentation.
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