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 Abstract: Background: Variations of image segmentation techniques, particularly those used for Brain 

MRI segmentation, vary in complexity from basic standard Fuzzy C-means (FCM) to more complex 

and enhanced FCM techniques.  

Objective: In this paper, a comprehensive review is presented on all thirteen variations of FCM 

segmentation techniques. In the review process, the concentration is on the use of FCM segmentation 

techniques for brain tumors. Brain tumor segmentation is a vital step in the process of automatically 

diagnosing brain tumors. Unlike segmentation of other types of images, brain tumor segmentation is a 

very challenging task due to the variations in brain anatomy. The low contrast of brain images further 

complicates this process. Early diagnosis of brain tumors is indeed beneficial to patients, doctors, and 

medical providers. 

Results: FCM segmentation works on images obtained from magnetic resonance imaging (MRI) 

scanners, requiring minor modifications to hospital operations to early diagnose tumors as most, if not 

all, hospitals rely on MRI machines for brain imaging. In this paper, we critically review and summarize 

FCM based techniques for brain MRI segmentation.  
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1. INTRODUCTION 

 Brain tumors can be considered one of the deadliest 
cancers, where cancer is defined as the abnormal and 
uncontrolled growth of cells in the body. The abnormal 
growth of brain tissues is commonly referred to as a brain 
tumor. The process of brain tumor segmentation involves 
classifying or separating the different tissues of the brain, 
which include edema, necrosis, and solid matter, from the 
normal brain tissues, which include white matter, 
cerebrospinal fluid, and grey matter [1]. Segmentation in brain 
images is the process of extracting the regions of interest 
(ROIs) from the rest of the magnetic resonance imaging 
(MRI) image [2]. Segmentation is one of the most critical 
aspects of image recognition. All the different image 
recognition phases from pre-processing to feature extraction, 
segmentation, and ending with recognition are all equally 
important in increasing the accuracy of the recognition 
algorithm. Manual segmentation is a time-consuming process 
involving the analysis of many images with various stages of 
expert analysis.  Only patients exhibiting symptoms of cancer 

usually have their MR images go through this expensive and 
time-consuming process [3].  Automatic or semi-automatic 
segmentation and classification techniques reduce the cost 
and effort and therefore make feasible the checking of all 
patient MRIs, contributing to the early cancer diagnosis and 
potential saving of several lives. Image quality in the image 
acquisition phase complicates the proper segmentation, 
classification, and recognition of MR images. Noise is one of 
the most critical and problematic aspects in images. 

Reducing the noise in images to the extent of obtaining noise-
free images is essential for the correct segmentation, 
classification, and thus proper diagnosis of brain tumors [4]. 
In fact, medical images with distinct and sharp noise-free 
features are the best conducer to correct segmentation 
techniques and cancer diagnosis [5]. Partitions of the brain are 
segmented into different regions containing similar pixels 
within the same region and different pixels from other regions. 
The first problem encountered in automatic segmentation and 
classification of brain tumors is that their processes are 
complex due to the varied and unique nature of the brain 
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tissues differing from each other in the feature characteristics 
such as tissue size, shape, and location [6-7]. The second 
problem encountered is the noise present in MR images which 
is usually more complex in improper MRI acquisitions. Noise 
can be due to various reasons such as acquisition speed, 
movement of objects, the sensitivity of devices, and thermal 
vibration of electrons and ions [8].  Indeed, noise in MR 
images causes the loss of some significant features and vital 
information. 

Fuzzy C-Means (FCM) techniques are widely used for 
segmenting brain tumors in MR images [9-11] due to their 
flexibility in allowing pixels to belong to different classes. 
Even though FCM was first introduced in 1984, many 
variations of FCM and enhanced FCM algorithms have been 
proposed and developed since that time [12]. This paper 
reviews the different FCM based brain tumor segmentation 
algorithms from the available literature. 

2. ANATOMY OF BRAIN TUMORS 

The brain is the control center for the human body responsible 
for thought, memory, emotions, movement, and the various 
senses [13]. The brain has two hemispheres, each 
encompassing four lobes [14]. Each lobe handles a specific 
control function. For instance, the frontal lobe controls 
movement, reasoning, memory, planning, and mood. The 
temporal lobe oversees language comprehension and hearing 
and emotions. The occipital lobe is responsible for vision. The 
parietal lobe controls, and reading and writing. Brain tumors 
are cell growths in the brain and can be fatal.  

Tumors fall into four grades, where the first two grades are for 
tumor cells appearing like normal brain cells and grow at a 
much slower rate than the higher-grade tumors [15-16]. Low-
grade tumors have a smaller probability of spreading to 
neighboring regions. They are usually confined within clear 
borders. Higher grade brain tumor cells do not resemble 
normal brain cells and spread to neighboring regions at a 
much faster rate than with lower brain tumor grades. Brain 
tumors fall into many types characterized by the location of 
the tumor cells or the type of cell the tumor starts from. Under 
each type, subtypes further classify the brain tumors 
according to the cell appearance and look, cell DNA 
modifications, and specific matter in the cell. Brain tumors 
can be benign or malignant, with the former carrying high 
health risks depending on their type and can strongly impair 
brain functions. 

On the other hand, malignant tumors result from abnormal cell 
growth, aka cancer, due to gene changes [17-18]. While 
benign tumors usually do not recur after being surgically 
removed, malignant or cancerous brain tumors may reappear 
after surgery but rarely spread to other body parts. 

After the patient complains of pressure in the brain or 
impaired functions, a magnetic resonance imaging (MRI) 
procedure generates images of the brain with high enough 
precision to identify and locate tumors. 

2.1. Brain MR Images 

MR images are maps of proton energy inside body tissues 
containing water and/or fat [19]. The bright parts of MR image 
are produced by the high signals from protons. For instance, 
the white matter of the brain can appear to be darker on MR 
images than the grey matter of the brain. The MRI scanner 
generates radio frequency (RF) pulses, which cause protons in 

the body to align and resonate. After the RF pulses stop, the 
protons relax and return to their equilibrium state, then release 
energy, which sends radio frequency signals detected by the 
scanner. These signals pertain to the proton realignment with 
the scanner’s magnetic field and proton loss of resonance. The 
speed at which the realignment and resonance loss happen 
depends on the tissue type: fat (rapid realignment) or water 
(slow resonance loss). MR images are effective for imaging 
parts of the body that do not move. A computer performs 
millions of computations to produce black and white cross-
section images of body parts. In contrast to MRIs, which 
reflect proton energy, CT scan images are tissue density maps 
with the bright areas identifying high-density parts [20]. 

MR images fall mainly into two types: T1 and T2 images [21]. 
Different RF pulse timings in T1 and T2 result in distinct 
interpretations of these two image types. The white parts of 
T1 images represent fat tissues, while the white part of T2 
images represents tissues with both water and fat. By 
comparing T1 and T2 images of the same body section, one 
can deduct the type of tissue as displayed in Table 1. 

Table 1. Tissue Type vs. Brightness of T1 and T2 Images 

Tissue Type T1 Image T2 Image 

Water or Fluid Tissue Dark Bright 

Fat Tissue Bright Bright 

Some Bones (no free protons) Dark Dark 

 

a) Sagittal View             b) Coronal View                 c) Axial View 

Figure 1. MR Image Views of Brain Tissues 

MR images are multiple cross-section slices along three 
views: sagittal, coronal, or axis, as shown in Figure 1. Cancer 
and infections are often represented by abnormally low 
signals on T1 images and/or abnormally high brightness on 
T2 images [22]. Fluid containing Gadolinium may, in some 
cases, be intravenously injected to improve contrast of regions 
of interest better. The quality of MR images is sufficiently 
high to distinguish between brain strokes, tumors, infection, 
brain trauma, and other cases. 

3. BRAIN TUMOR SEGMENTATION METHODS 

Brain tumor segmentation is performed to determine the 
location and extension of the abnormal tumor regions, and 
usually determines whether the tumor region is vascularized, 
swollen, or infiltrative by using a variety of MR imaging 
techniques such as diffusion MRI, T1, T2, and proton density 
imaging. By comparing the images from these various 
techniques, it is possible to identify the type of tumor which 
appears clearer in some imaging techniques than others. 
Sheela and Suganth [23] break brain tumor segmentation 
methods into four classes. 
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a) Threshold-based segmentation which divide the 

image into many regions according to the image 
pixel intensities [24-27]. 

b) Edge-based segmentation which divide the image 
into foreground and background regions according 
to the sudden change in pixel intensities along the 

edges [28-31]. 

c) Region-based segmentation which include region 
growing, region splitting, merging, and watershed 
segmentation methods [32-34].  

d) Clustering-based segmentation which group pixels 
in many classes in a non-supervised learning 

manner, and include FCM and K-Means [35-37]. 

On a different dimension, brain tumor segmentation methods 
generally fall into two broad classes. In the first class [38], 
manually designed features are extracted, and a classifier is 
trained to detect their presence or absence in an MR image 
distinctively. In the second class, deep neural networks such 
as convolutional neural networks (CNNs) are employed to 
learn a hierarchy of features with rising intricacy [39-40]. 
CNNs are composed of convolution of kernels or filters, 
nonlinear functions, and max-pooling layers, which select the 
maximum value in windows. 

Features can be pixel values, histograms, Gabor filter banks 
for textures, or gradients between images. The first class of 
brain tumor segmentation methods may employ random 
forests or SVM for image edge classifications [41]. Such 
techniques are effective only when relying on a large number 
of features lengthening the computation time and computer 
memory requirements. Such techniques ignore higher-level 
brain tumor domains. The second-class techniques take into 
consideration the brain tumor domains, break 3D MR images 
into 2D or 3D patches, and employ a CNN or multiple CNNs 
to predict the CNN’s center pixel class. 

4. BRAIN TUMOR SEGMENTATION THROUGH FCM  

The Fuzzy C-Means clustering method (FCM) combines K-
means clustering and fuzzy techniques for clustering data 
based on a quadratic objective function [42-44]. The cluster 
center characterizes clusters of data. For each image pixel, 
FCM assigns a membership function corresponding to the 
distance from the cluster’s center, such that pixels closer to 
the cluster center have higher membership in this cluster. 
FCM then seeks to minimize the objective function.  

The FCM method starts by selecting several clusters, 
randomly assigning coefficients to all points in the clusters. 
Then, for each cluster, the centroid is calculated, and for each 
point, the cluster membership coefficients are calculated; both 
calculations are iterated until convergence is reached. 

4.1. Standard FCM 

In recent times, a significant interest in fuzzy-based methods 
for the segmentation of brain MR images has been witnessed. 
The advantage of these methods over hard segmentation 
methods is that the fuzzy-based methods retain more 
information from the original image [45]. Fuzzy C-means 
(FCM) is one of the methods based on fuzzy techniques and 
has been mainly used in image segmentation since its 
introduction by Dunn in 1974. FCM methods are flexible in 
allowing an image pixel to belong to different classes while 

simultaneously varying the membership value between 0 and 
1. In contrast, hard classification methods restrict each pixel 
to belong to a single class. Due to this flexibility, FCM was 
used for MR image segmentation by Pham [46], Xu [47], and 
many other researchers. Other advantages of FCM include a 
fast convergence rate and no required supervision. The main 
disadvantage of FCM is a very long computational time, 
which makes the whole process very slow. Other 
disadvantages include the sensitivity of initial guess selection 
and outlier pixels getting extremely low membership values 
in the presence of noise. 

A brain MR image is divided into a number of clusters, C, 
which is the most important parameter of this technique. After 
the number of classes has been defined, approximate centers 
for each class will be calculated. Membership value is 
assigned to each data point within a cluster, and afterward, 
cluster centers will be iteratively modified to identify the 
right-center for a data set. The distance of a data point from 
the center of the cluster represents the objective function, and 
the goal is to minimize this objective function. All the centers 
of clusters are weighted by the membership values assigned 
earlier; then a membership function matrix is formulated, 
which will contribute to the classification of different parts 
within an image. Next, this membership function matrix will 
be used in the reconstruction of the image. The standard 
objective function for FCM is given in equation 1 [47-48], 

𝐽𝐹𝐶𝑀 =  ∑ ∑(𝑢𝑖𝑝)
𝑞

𝑛

𝑝=1

𝑐

𝑖=1

‖𝑥𝑝 − 𝑦𝑖‖
2

        (1) 

where 𝒖𝒊𝒑 represents the membership value of a pixel located 
at position 𝒊 of class 𝒑, 𝒙𝒊 is the image intensity at position 𝒊 , 
𝒚𝒑 represents the centroid of class 𝒑, and 𝒄 is the predefined 
total number of classes. The operator norm ‖. ‖ represents the 
Euclidean distance and 𝒒 represents the weightage for each 
fuzzy membership related to a specific class. The objective 
function 𝑱𝑭𝑪𝑴 given in equation 1 will be minimized when 
pixels which are located far from the center of the class are 
assigned a low membership value. In contrast, higher 
membership values are assigned to the pixels near the class 
centroids. The calculation of the membership parameter 𝒖𝒊𝒑 
and class centroid 𝒚𝒑 are given in equation 1a and 1b, 
respectively.  

𝑢𝑖𝑝 =
(‖𝑥𝑝 − 𝑦𝑖‖ )−2/(𝑞−1)

∑ (‖𝑥𝑝 − 𝑦𝑘‖)
−2/(𝑞−1)𝑐

𝑘=1

         (1𝑎) 

𝑦𝑝 =  
∑ 𝑢𝑖𝑝

𝑞
𝑥𝑝

𝑛
𝑝=1

∑ 𝑢𝑖𝑝
𝑞𝑛

𝑝=1

        (1𝑏) 

In this case, p=1,.., c, and i=1,….,n where the ‖𝒙𝒑 − 𝒚𝒊‖
𝟐
is 

used mostly. Other metrics can be used in order to improve 

the usefulness and effectiveness of FCM.  

The necessary condition to minimize the equation 1 objective 
function is to take the first derivative with respect to the 
membership function 𝒖 and centroid function 𝒚 , then equate 
it to zero. The membership function and cluster centroid 
function, presented in equation 1a and 1b respectively, will 
keep updating iteratively until termination criteria is achieved. 
This is how, basically and briefly, the standard FCM 
algorithm works [49]. 
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4.2. Bias Corrected FCM (BCFCM) 

As stated earlier, the FCM parameter selection is highly 
sensitive to noise, and computational time will rapidly 
increase non-homogeneous pixel intensities. Ahmed et al [50] 
proposed a modification for the traditional FCM. This 
modification in the original FCM objective function affects 
the non-homogeneous intensities of the pixels. In this 
modified technique, each pixel is labeled, and immediate 
neighbors influence these pixel labels. This phenomenon 
creates a regularized effect and influence on labeling with 
respect to neighbors, thereby leading to a more homogeneous 
biased solution. Often, the segmentation process gets 
corrupted by salt and pepper noise, whose effect can also be 
neutralized by this proposed regularization. This change also 
performs filtering to improve the quality of the segmented 
image. This pixel labeling, which is influenced by neighbors, 
was also used in [51]. 

In this research, an additive model for pixel intensities is used, 
presented in equation 2. 

𝑜𝑖 =  𝑥𝑖 + 𝛽𝑖     (2) 

where 𝒐𝒊 and 𝒙𝒊represent the observed and true intensities at 
pixel location 𝒊, respectively, and 𝜷𝒊 is the bias field for the 
𝒊𝒕𝒉 pixel. The neighbor term is introduced in the original 
FCM objective function - given by equation 1. This modified 
objective function is presented in equation 3. 

𝐽𝐵𝐶𝐹𝐶𝑀 =  ∑ ∑(𝑢𝑖𝑝)
𝑞

𝑛

𝑝

𝑐

𝑖

‖𝑥𝑝 − 𝑦𝑖‖
2

+
𝛼

𝑁𝑟

∑ ∑(𝑢𝑖𝑝)
𝑞

𝑛

𝑝

𝑐

𝑖

(∑‖𝑥𝑝

𝑁𝑝

− 𝑦𝑖‖
2

)     (3) 

where 𝑵𝒑 represents the neighbors belonging to a window 

around pixel intensity 𝒙𝒊 , and 𝑵𝒓 represents the cardinality of 

those neighbors 𝑵𝒑. The second term in equation 3 reflects the 

effect of neighbors and is controlled by 𝜶. The rest of the 

parameters are similar to equation 1. Substituting equation 2 

into equation 3 gives the final modified objective function for 

the BCFCM techniques, given in equation 4. 

𝐽𝐵𝐶𝐹𝐶𝑀 =  ∑ ∑(𝑢𝑖𝑝)
𝑞

𝐶

𝑝

𝑁

𝑖

‖(𝑜𝑝 − 𝛽𝑝) − 𝑦𝑖‖
2

+
𝛼

𝑁𝑟

∑ ∑(𝑢𝑖𝑝)
𝑞

𝐶

𝑝

𝑁

𝑖

(∑‖(𝑜𝑝 − 𝛽𝑝)

𝑁𝑝

− 𝑦𝑖‖
2

)     (4) 

If 𝑫𝒑𝒊 = ‖(𝒐𝒑 − 𝜷𝒑) − 𝒚𝒊‖
𝟐
 and 𝜸𝒊 = ∑ ‖(𝒐𝒑 − 𝜷𝒑) −𝑵𝒊

𝒚𝒊‖
𝟐
 then  the updated membership function 𝒖𝒊𝒑 and the class 

centroid function 𝒚𝒊 can be expressed by: 

𝑢𝑖𝑝 =  
1

∑ (
𝐷𝑝𝑖 +

𝛼
𝑁𝑟

𝛾𝑖

𝐷𝑝𝑖 +
𝛼

𝑁𝑟
𝛾𝑘

)

1
𝑞−1⁄

𝑛
𝑘=1

        (4𝑎) 

𝑦𝑝 =  

∑ 𝑢𝑖𝑝
𝑞

((𝑜𝑝 − 𝛽𝑝) +
𝛼

𝑁𝑟
 ∑ (𝑜𝑝 − 𝛽𝑖)𝑁𝑖

)𝑐
𝑝=1

(1 + 𝛼) ∑ 𝑢𝑖𝑝
𝑞𝑐

𝑖=1

        (4𝑏) 

 

The objective function presented in equation 4 can be 

minimized similarly to the standard FCM algorithm; by taking 

the first derivative with respect to 𝒖𝒑, 𝒚𝒑 and 𝜷𝒑[50], equating 

it to zero, then updating all functions until the termination 

criteria is achieved. 

4.3. Enhanced FCM (EFCM) 

The original drawbacks of the standard FCM technique are a 
very high computational time and a high sensitivity to noise. 
The issue of the noise was tackled in BCFCM [50] by 
introducing a filtering method within the segmentation 
process through a neighboring term introduced in the 
objective function. The inclusion of this neighboring term 
lengthens the computational time considerably slowing down 
the whole process. In [52] a modification in BCFCM is 
introduced to reduce the computational time while improving 
the quality of the segmented image. 

Typically, a brain MR image consists of a set of 200 slices, 
and each set contains almost tens of millions of pixel intensity 
values. Each intensity level is encoded by 8 bits, which means 
that only 256 levels of intensity can be assigned to a pixel. In 
the EFCM technique, the modification is done at the intensity 
level stage, reducing the computational time. A filtering 
process is applied to each pixel at the local level to undo the 
noise effect. The filtered intensity level of 𝒌𝒕𝒉 pixel is 
represented by 𝜺𝒌 as shown in equation 5. 

𝜀𝑘 =
1

1 + 𝛼
(𝑥𝑘 +

𝛼

𝑁𝑘

∑ 𝑥𝑘,𝑝

𝑘

𝑝=1

)           (5) 

where 𝒙𝒌 is the intensity level of the 𝒌𝒕𝒉 pixel, 𝜶  and 𝑵𝒌are 
similar to previous definitions in Equation 3. If the number of 
intensity levels is represented by 𝒒, then 𝜸𝒍 represents the 
number of pixels within a whole stack with an intensity level 
of 𝒍. The modified objective function is presented in equation 
6, 

 

𝐽𝐸𝐹𝐶𝑀 =  ∑ ∑ 𝛾𝑙𝑢𝑖𝑙
𝑝

𝑞

𝑙=1

(𝜀𝑙 − 𝑦𝑖)2

𝑐

𝑖=1

        (6) 

where 𝒖𝒊𝒍 represents the membership value of a class 𝒊 pixel 
with an intensity level 𝒍, and 𝒚𝒊 represents the centroid of class 
𝒊, as defined in equation 1. The calculation of the membership 
parameter 𝒖𝒊𝒍 and class centroid 𝒚𝒊 can be represented by 
equations 7 and 8 respectively, for which the objective 
function 𝑱𝑬𝑭𝑪𝑴 can be minimized. 

𝑢𝑖𝑙 = [∑ (
𝜀𝑙 − 𝑦𝑖

𝜀𝑙 − 𝑦𝑡

)

2
𝑝−1

𝑐

𝑡=1

]

−1

            (7) 
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𝑦𝑖 = [∑ 𝛾𝑙𝑢𝑖𝑙
𝑝

𝜀𝑙

𝑞

𝑙=1

] [∑ 𝛾𝑙𝑢𝑖𝑙
𝑝

𝑞

𝑙=1

]

−1

            (8) 

Hence, the membership function will be updated as given in 
equation 7, and new values of the cluster centroid will be 
updated as given in equation 8. Both parameters keep 
updating until the smallest Euclidean distance is obtained.  

The tuning of the parameters like 𝒑, 𝜶  and 𝑵𝒌 is extremely 
important with respect to the efficiency of this proposed 
EFCM technique, e.g., if 𝒑 is less than 1, then the convergence 
is problematic. In the BCFCM technique, a value of 2 is used 
for this parameter 𝒑, which makes the whole process simple 
at the cost of higher convergence time. The objective function 
𝑱𝑬𝑭𝑪𝑴 achieves similar accuracy as 𝑱𝑩𝑪𝑭𝑪𝑴 with 𝒑 = 𝟏. 𝟐 but 
with a faster convergence rate, whereas the quality of the 
filtering is controlled by parameters 𝜶 and 𝑵𝒌. 

4.4. Kernelized FCM (KFCM) and Spatially Constrained 
KFCM (SKFCM) 

To make image segmentation robust, a modification to the 
standard FCM was proposed where the Euclidean norm metric 
is replaced by the kernel-based metric, resulting in the new 
technique Kernelized FCM (KFCM) [53]. This KFCM 
technique is also incorporated with a spatial constraint similar 
to the regularized effect induced in the objective functions 
proposed in BCFCM [50] and Spatial FCM (SFCM) [54]. 
This latter technique proposed in [53] is named “Spatially 
Constrained KFCM (SKFCM)” in which the quality of the 
segmented image is improved by reducing the noise effects 
and other inherited artifacts in the MR images. 

By using kernel-based methods, machine learning methods 
improve their performance in the classification and 
segmentation. For example, Support Vector Machines (SVM) 
[55], Kernel Principal Component Analysis (KPCA) [56], and 
Kernel Fisher Discriminant (KFD) [57] are used in 
applications related to pattern recognition and achieved 
successful results. The robustness of the kernel-based 
techniques results from their transformation of a linear 
algorithm to a feature space that is nonlinear, thereby reducing 
the computational cost. There are three commonly used 
kernel-based transformations functions: Gaussian Radial Base 
Function (GRBF), Polynomial kernel, and Sigmoid kernel 
[58]. For the KFCM technique, GRBF based kernel function 
is used, as shown in equation 9.     

𝐾(𝑒, 𝑓) = 𝑒𝑥𝑝 (
−‖𝑒 − 𝑓‖2

𝜎2
)     (9) 

This function transforms the 𝒆 data set into an 𝒇 feature space, 
and 𝝈 is the tunable parameter to control the transformation. 
After replacing the Euclidian distance of the standard FCM 
objective function given by equation 1, with the 
transformation function given by equation 9, the simplified 
version of the proposed objective function is given by: 

𝐽𝐾𝐹𝐶𝑀 =  2 ∑ ∑(𝑢𝑖𝑝)
𝑞

𝑛

𝑝=1

𝑐

𝑖=1

(1 − 𝐾(𝑥𝑝 , 𝑦𝑖))        (10) 

All the parameters are similar to the ones in the standard FCM; 

𝒖𝒊𝒑 represents the membership value of a pixel at position 𝒑 

of class 𝒊, and 𝒚𝒊 represents the centroid of class 𝒊. The 

modified membership function 𝒖𝒊𝒑 and the class centroid 

function 𝒚𝒊 are given by 

𝑢𝑖𝑝 =  
((1 − 𝐾(𝑥𝑝, 𝑦𝑖)))

−1
𝑞−1⁄

∑ ((1 − 𝐾(𝑥𝑘 , 𝑦𝑗)))

−1
𝑞−1⁄

𝑐
𝑗=1

        (11) 

𝑦𝑝 =  
∑ 𝑢𝑖𝑝

𝑞
𝐾(𝑥𝑝, 𝑦𝑖)𝑥𝑝

𝑛
𝑝=1

∑ 𝑢𝑖𝑝
𝑞

𝐾(𝑥𝑝, 𝑦𝑖)𝑛
𝑝=1

        (12) 

The criteria for minimizing the proposed objective function 
are the same as for the standard FCM. In equation 12, 
additional weightage is assigned to the data point 𝒙𝒑 by the 
kernel function 𝑲(𝒙𝒑, 𝒚𝒊); that is the similarity measurement 
between 𝒙𝒑 and 𝒚𝒊. When the distance of 𝒙𝒑 from other data 
points is higher, which means that 𝒙𝒑 is in the outlier, then 
𝑲(𝒙𝒑, 𝒚𝒊) will be very small, which will suppress the 
weightage sum of such data points, and the whole process 
becomes robust.  

The second kernel-based method proposed is SKFCM. 
Although KFCM made the segmentation robust, but to 
improve the quality of the segmented image and to reduce the 
noise effect, spatial constrain is utilized with KFCM. This 
spatial constrain has a similar effect as the regularized term 
introduced in the objective function of BCFCM [50] and 
SFCM [54], and consequently, the objective function of 
SKFCM resembles the BCFCM objective function given by 
equation 3. The resulting SKFCM objective function follows. 

𝐽𝑆𝐾𝐹𝐶𝑀 =  ∑ ∑(𝑢𝑖𝑝)
𝑞

𝑁

𝑝

𝑐

𝑖

(1 − 𝐾(𝑥𝑝 , 𝑦𝑖))  

+
𝛼

𝑁𝑟

∑ ∑(𝑢𝑖𝑝)
𝑞

𝑁

𝑝

𝑐

𝑖

( ∑ (1

𝑟∈𝑁𝑝

− 𝑢𝑖𝑟)2)     (13) 

In equation 13, all the parameters are similar to their 
counterparts in equations 3 and 10. The updated equation for 
membership function is given in equation 14 of [53]. All these 
methods were tested on three types of images: simple 
synthetic image, a classical simulated database for brain MR 
images [59], and real brain MR image slices. 

4.5. Possibilistic FCM (PFCM) 

Another algorithm, Possibilistic FCM (PFCM) [59], addresses 
the drawbacks of FCM, Possibilistic c-means (PCM), and 
Fuzzy Possibilistic c-means (FPCM). PFCM is a hybrid 
technique that resolves the FCM problem of noise sensitivity, 
suffers from the same PCM cluster issue, and reduces the 
mathematical restraints of FPCM. 

In FCM, the membership matrix must fulfill the condition 
∑ 𝒖𝒊𝒑

𝒄
𝒊 = 𝟏, and this tight condition forces the outliers to get 

assigned to one or multiple clusters, influencing the main 
structure. Therefore, FCM is sensitive to noisy outliers. In 
PCM [60], this issue is addressed, where the membership 
function 𝒖𝒊𝒑 of 𝒙𝒊 is replaced by a typicality function 𝒕𝒊𝒑 
which is defined in equation 14      
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  𝑡𝑖𝑝 =
1

1+(
𝐷𝑝𝑖

2

𝛾𝑖
)

1
𝑞−1

         (14) 

where 𝜸𝒊is defined in equation 11 of [59], and 𝑫𝒑𝒊 is the same 
Euclidian distance as defined for the standard FCM. In PCM, 
the necessary condition is relaxed such that 𝟎 < ∑ 𝒕𝒊𝒑

𝒄
𝒊 < 𝒄, 

helping in identifying the noise in outliers. Although better 
results were achieved by PCM, this weak condition allows the 
data points to behave almost independently. The membership 
function 𝒖𝒊𝒑 is influenced by the centroids of all the clusters, 
whereas 𝒕𝒊𝒑 depends only on the distance of a data point to a 
specific class center. Therefore 𝒕𝒊𝒑 can be referred to as the 
absolute typicality, and 𝒖𝒊𝒑 as the relative typicality of 𝒙𝒊 with 
respect to cluster 𝒑. In FPCM [61] both 𝒖𝒊𝒑 and 𝒕𝒊𝒑 are used 
in the objective function, which resolves the sensitivity issue 
exhibited by PCM. The objective function of FPCM is given 
by:  

𝐽𝐹𝑃𝐶𝑀 =  ∑ ∑(𝑢𝑖𝑝
𝑞 + 𝑡𝑖𝑝

𝜌)

𝑛

𝑝=1

𝑐

𝑖=1

𝐷𝑝𝑖         (15) 

where 𝑫𝒑𝒊 = ‖𝒙𝒊 − 𝒚𝒑‖
𝟐
is the same Euclidian distance, 𝝆 >

𝟏, and the rest of the parameters similar to the standard FCM. 
Only a small modification is done in the typicality function, 
as defined in equation 18(a) of [59]. 

The defect in FPCM is the scaling required for 𝒕𝒊𝒑 because in 
the presence of a larger data set, the value calculated by the 
typicality function becomes extremely small. In this scenario, 
FPCM behaves almost similar to PCM with a minimal effect 
of the typicality function on the objective function, and to 
avoid this problem, and we have to apply scaling on 𝒕𝒊𝒑 which 
is similar to an artificial fix for a mathematical problem of 
FPCM. In PFCM, this scaling problem is addressed, which 
proved to be more useful for larger data sets.  The modified 
objective function of PFCM is given by: 

𝐽𝑃𝐹𝐶𝑀 =  ∑ ∑(𝑎𝑢𝑖𝑝
𝑞 + 𝑏𝑡𝑖𝑝

𝜌)

𝑛

𝑝=1

𝑐

𝑖=1

𝐷𝑝𝑖         (16) 

where 𝒂 > 𝟎, 𝒃 > 𝟎, 𝝆 > 𝟏, 𝒒 > 𝟏 are all user-defined 

constants, 𝑫𝒑𝒊 = ‖𝒙𝒊 − 𝒚𝒑‖
𝟐
, and 𝒂 and 𝒃 define the relative 

importance of the membership and the typicality function, 

respectively. 

The interpretation of the membership function is the same as 
in the standard FCM, and the typicality function is interpreted 
similarly to PCM. The membership function, typicality 
function, and cluster centroid function are presented in 
equations 21, 22, and 23, respectively, in [59]. The objective 
function is shown in equation 16 reveals that if 𝒂 > 𝒃, then 
the cluster membership will have more effect on centroids. 
Similarly, for 𝒂 < 𝒃, the typicality will have more influence 
on the centroids, and this case will reduce the effect of 
outliers. Hence, 𝒃 should be assigned a higher value than 𝒂. 

4.6. FCM with spatial information (sFCM) 

FCM with spatial information (sFCM) [62] also addressed the 
same issue of the standard FCM, which is not utilizing the 
spatial information in the image. One of the essential 
characteristics of medical images is the correlation between 
neighboring pixels, which reveals whether they carry the same 

feature values and possibly belong to the same class or cluster, 
but standard FCM does not use neighboring information in the 
objective function. As stated earlier, the neighboring 
influence was introduced in BCFCM [50]. In BCFCM, the 
labeling of the pixel is influenced by the immediate neighbors 
only. Although this method provides better results for noisy 
images, it worked for images with a single feature input only. 
For multiple feature inputs, the labeling with respect to only 
the immediate neighbors does not yield better results. The 
modification proposed in sFCM yields better results for both 
multiple and single feature data inputs [62-63]. This method 
worked perfectly in identifying the fictitious blobs and other 
noisy spots, which can disorder the segmentation and 
clustering process of medical images. Hence, this method 
proved to be more immune to noise as compared to other 
methods. 

The objective and update functions of the standard FCM 
mainly depend on the distance between the center of each 
cluster and the pixel.  sFCM tries to mitigate this drawback by 
introducing a spatial function presented in equation 17: 

ℎ𝑖𝑝 = ∑ 𝑢𝑖𝑘

𝑘∈𝑆𝑊(𝑥𝑖)

         (17) 

where 𝑺𝑾(𝒙𝒊) is a square window with the center pixel 𝒙𝒊 in 

the spatial domain. The interpretation of 𝒉𝒊𝒑 , the spatial 

function is similar to the membership function, that is, the 

probability that the ith pixel belongs to the pth cluster. A 

window size of 5x5 is used throughout the literature. This 

spatial function is incorporated with the membership function, 

as shown in equation 18. 

𝑢𝑖𝑝
′ =  

𝑢𝑖𝑝
𝑎  ℎ𝑖𝑝

𝑏

∑ 𝑢𝑘𝑝
𝑎  ℎ𝑘𝑝

𝑏𝑐
𝑘=1

        (18) 

The above modified membership function 𝒖𝒊𝒑
′  is used in the 

objective function of the standard FCM given by equation 1. 
The procedure to minimize the objective function is similar to 
the standard FCM. The constants 𝒂 and 𝒃 are used for the 
relative importance of the membership function and the 
spatial function, respectively. For a homogeneous image, the 
modified membership function of equation 18 behaves almost 
similar to the original membership function. When the image 
is noisy with fake blobs, 𝒖𝒊𝒑

′  reduces the weightage of such 
noisy clusters with the help of the neighboring pixels labeling. 
This proposed techniques are represented by 𝒔𝑭𝑪𝑴𝒂,𝒃 and 
𝒔𝑭𝑪𝑴𝟏,𝟎 which are like the standard FCM. 

4.7. Fast Generalized FCM (FGFCM) 

In [64], another technique, namely Fast Generalized FCM 
(FGFCM), incorporates the two existing methods: BCFCM 
[50] and EFCM [52]. In BCFCM, spatial constraints were 
introduced to the standard FCM, and is thus also known as 
FCM_S. Later, two variants of FCM_S were also proposed in 
[65] to reduce the computational time and simplify the 
objective function using the mean filtered image and the 
median filtered image and were named FCM_S1 and 
FCM_S2, respectively.  The main drawbacks of FCM_S 
(BCFCM) include a higher computational time due to the 
extra term included in the objective function. More 
segmentation time required for larger images as a result of the 
segmentation depending on the image size, and the delicate 
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tuning of the parameter 𝜶 ;which is a tradeoff between 
preserving the image details, and the effectiveness in 
removing noisy details in the outliers. As stated earlier, the 
computational time was improved in EFCM by using the 
number of grey levels in the image instead of the image size, 
however, EFCM still uses the parameter 𝜶 with its known 
tuning problem. FGFCM is a robust technique that combines 
the advantages of EFCM and FCM_S. Furthermore, two 
variants of FGFCM_S1 and FGFCM_S2 were proposed in the 
literature [64]. To mitigate the tuning problem of 𝜶, a new 
parameter is used in FGFCM known as the similarity measure 
parameter 𝑺𝒊𝒋 which incorporates the local spatial information 
with the grey level information, which varies from pixel to 
pixel. This factor not only eliminates the previous limitations 
but carries extra benefits such as removing the need for having 
prior knowledge of the noise, and the possibility to calculate 
the value of this parameter by the relation of local spatial and 
grey level information, which means that the tuning of the 𝜶 
parameter is not required [66]. The similarity measure 
parameter 𝑺𝒊𝒋 is shown in equation 19: 

𝑆𝑖𝑗 = 𝑒𝑥𝑝 (−
𝑚𝑎𝑥(|𝑝𝑖 − 𝑝𝑗|, |𝑞𝑖 − 𝑞𝑗|)

𝜆𝑠

−
‖𝑥𝑖 − 𝑥𝑗‖

2

𝜆𝑔𝜎𝑖
2 )     𝑖𝑓 𝑖 ≠ 𝑗  ,   𝑆𝑖𝑗 = 0  𝑖𝑓 𝑖

= 𝑗  (19) 

Where the center of a specific local window located at the 𝒊𝒕𝒉 
pixel and the 𝒋𝒕𝒉 pixel is referred to as the set of neighboring 
pixels included in the window around the 𝒊𝒕𝒉 pixel. The 
coordinates of pixel 𝒊 are (𝒑𝒊, 𝒒𝒊), and 𝒙𝒊 represents the grey 
level value of this pixel, while 𝝀𝒔 and 𝝀𝒈 represents the scale 
for the spread of local spatial relationships and local grey level 
relationships, respectively. 𝑺𝒊𝒋 is known as the local similarity 
measure between the 𝒊𝒕𝒉 and 𝒋𝒕𝒉 pixel. 𝝈𝒊 represents the local 
density of a local window with respect to the degree of 
homogeneity of the grey level and is given by equation 20.  

𝜎𝑖 = √
∑ ‖𝑥𝑖 − 𝑥𝑗‖

2
𝑁𝑖

𝑁𝑟

            (20) 

With the help of the local spatial and grey level information, 
FGFCM generates a new image 𝜺 calculated, as shown in 
equation 21: 

𝜀𝑖 =
∑ 𝑆𝑖𝑗𝑁𝑖

𝑥𝑗

∑ 𝑆𝑖𝑗𝑁𝑖

      (21) 

where 𝜺𝒊 represents the grey level value of the 𝒊𝒕𝒉 pixel, and 
𝒙𝒋 is referred to as the grey level value of the neighboring 
pixel 𝒙𝒊 within the local window. 𝑵𝒊 is the set of pixels that 
are actually neighbors but fall into the local window. The 
update for the membership and cluster centroid functions are 
like for EFCM, as shown in equation 7 and 8, respectively. 
The two variants proposed in [64] are FGFCM_S1 and 
FGFCM_S2. In FGFCM_S1, 𝑺𝒊𝒋 is 1 for all 𝒊 & 𝒋, which 
means that 𝜺𝒊 represents the mean of the neighboring pixels 
falling into a specific window. In FGFCM_S2, 𝑺𝒊𝒋 is equal to 
the median of 𝒙𝒋 which means that 𝜺𝒊 represents the median 
of the neighboring pixels falling into a specific window. 

4.8. Improved FCM 

This proposed technique also addresses the main drawback of 
the standard FCM algorithm of higher computational time 
taken to converge, which makes the whole segmentation 
process very slow. In [67], a modification is proposed to 
reduce the computational time. As this improved FCM is fast 
as compared to the standard FCM, it is therefore referred to as 
the Fast FCM (FFCM). 

The modification in FFCM is related to the input data set 
reduction through which computational time is reduced, and 
convergence time decreases consequently. The compression 
of the input data set is done in two steps: quantization and 
aggregation [68]. In quantization, the process’ lower number 
of bits are used for feature value, and the output represents 
common intensity values for multiple feature vectors. This 
entails that now we have multiple feature vectors with 
standard intensities, and such feature vectors are grouped 
during the process of aggregation. Then, a feature vector from 
each group is selected and is given to the standard FCM 
algorithm. After completing the clustering process, the 
membership value of the elected feature vector is assigned to 
all its members at the quantization stage.  

This reduced data set, represented by 𝑹𝒊, replaces 𝒙𝒊 in the 
standard membership and the cluster centroid update 
functions. The modified membership value function 𝒖𝒊𝒑 and 
the cluster centroid function 𝒚𝒑 are shown in equations 22 and 
23, respectively. 

𝑢𝑖𝑝 =  
1

∑ (
‖𝑅𝑖 − 𝑦𝑝‖

2

‖𝑅𝑖 − 𝑦𝑘‖2)

2
𝑞−1⁄

𝑛
𝑘=1

        (22) 

𝑦𝑝 =  
∑ 𝑢𝑖𝑝

𝑞
𝑅𝑖

𝑐
𝑝=1

∑ 𝑢𝑖𝑝
𝑞𝑐

𝑝=1

        (23) 

This reduced data set decreases the convergence time. The 
objective function remains the same as the standard FCM 
given in equation 1. Iterations stop once the termination 
criteria are achieved, for which this procedure converges to 
local minima with the standard FCM objective function. A 
comparative analysis was performed with respect to the 
convergence time, and results were presented based on the 
CPU time usage by FCM and improved fast FCM (FFCM) 
techniques, showing much faster convergence times for 
FFCM [69]. 

4.9. Fuzzy Local Information C-Means (FLICM) 

As stated earlier, the drawbacks of FCM_S and its variants are 
the longer computational time and strong noise dependency 
which were addressed in EFCM and FGFCM. Although these 
latter methods achieved better results, they still carry the 
inherited problem of delicate parameter tuning. The 
performance of EFCM depends on the optimal value of 𝜶 
which is a tradeoff between preserving the image details and 
the ability to remove the noisy details in the outliers. On the 
other hand, FGFCM needs to select suitable values for 
parameters 𝝀𝒔 and 𝝀𝒈 which represents the scale for the spread 
of the local spatial relationship and the local grey level 
relationship, respectively. The performance of these methods 
depends on the selection of parameters (𝜶 or 𝝀), and this task 
is complicated as it is a tradeoff between preserving the image 
details and the robustness to the noise. It can be concluded that 
the value of these parameters should be selected small enough 
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so that the sharp image details can be preserved but large 
enough to reduce the noise sensitivity.  

In [70], the above mentioned limitations were addressed, and 
a novel technique known as Fuzzy Local Information C-
Means (FLICM) was proposed. In this method, a new 
parameter is defined to replace (𝜶 or 𝝀) which were used in 
FCM_S, EFCM, and FGFCM. This parameter fuzzy factor 𝑮 
does not require any tuning and can automatically detect the 
spatial and grey level relationship. Other advantages of 
FLICM include a balance between noise robustness and 
preserving the image details, independence from the type of 
noise (so no prior knowledge related to noise is required), and 
the simultaneous- incorporation of both spatial and grey level 
relationship which means that fuzzy local constraints are 
selected automatically. This fuzzy factor is defined in 
equation 24: 

𝐺𝑖𝑝 =  ∑
1

𝑑𝑖𝑗 + 1
(1 − 𝑢𝑗𝑝)

𝑞

𝑗∈𝑁𝑖

‖𝑥𝑗 − 𝑦𝑝‖
2

         (24) 

where 𝒑 is the reference cluster, 𝐭𝐡𝐞 𝒊𝒕𝒉 pixel is the center of 
a local window 𝑵𝒊, and the 𝒋𝒕𝒉 pixel belongs to the 
neighboring pixel set falling in window 𝑵𝒊. The membership 
function 𝒖𝒋𝒑 is the same as defined earlier, i.e., the  
membership value of 𝒋𝒕𝒉 pixel with respect to cluster 𝒑, 𝒒 is 
also the weighting factor for each membership value, 𝒚𝒑 is the 
center of cluster 𝒑, and 𝒅𝒊𝒋 is the same Euclidean distance 
between 𝒊𝒕𝒉 and 𝒋𝒕𝒉 pixels. From equation 24, it is evident 
that this fuzzy factor is entirely independent of any parameter 
that is used for balancing between image details and noise. 
The balance of this parameter is automatically achieved by the 
fuzziness of each pixel in the image. The modified objective 
function, membership function, and class centroid function 
are presented in equation 25, 26, and 27, respectively.   

𝐽𝐹𝐿𝐼𝐶𝑀 =  ∑ ∑(𝑢𝑖𝑝)
𝑞

𝑛

𝑝

𝑐

𝑖

‖𝑥𝑖 − 𝑦𝑝‖
2

+ 𝐺𝑖𝑝        (25) 

𝑢𝑖𝑝 =  
1

∑ (
‖𝑥𝑖 − 𝑦𝑝‖

2
+ 𝐺𝑖𝑝

‖𝑥𝑖 − 𝑦𝑘‖2 + 𝐺𝑖𝑘
)

1
𝑞−1⁄

𝑛
𝑘=1

        (26) 

𝑦𝑝 =  
∑ 𝑢𝑖𝑝

𝑞
𝑥𝑖

𝑐
𝑝=1

∑ 𝑢𝑖𝑝
𝑞𝑐

𝑝=1

        (27) 

Hence, the membership function 𝒖𝒊𝒑 and cluster centroid 

function 𝒚𝒑 are updated iteratively until the termination 

criteria is reached, and the objective function is minimized. 

 The FLICM algorithm also does not require any pre-
processing stage in which the image details may get ignored 
[71-72]. Therefore, it was previously stated that FLICM is 
entirely independent of the noise type and parameter selection. 

4.10. Robust Kernelized FCM by Hyper Tangent Function 
(KFCHF) 

Another modification was proposed in the objective function 
of the standard FCM by replacing the Euclidean distance with 
a hyper tangent function [73]. This modification was proposed 
to achieve better segmentation performance for noisy medical 
images with larger data sets. The proposed method 
incorporates the novel Kernelized method and hyper tangent 
function with standard FCM objective function to reduce the 

computational time. It is, therefore, referred to as the robust 
Kernelized FCM by hyper tangent function (KFCHF). In this 
method, the membership and cluster centroid updating 
functions are modified to achieve robust segmentation of the 
medical images. 

The proposed objective function is minimized by assigning 
higher membership values to the objects with intensities 
closer to the cluster center intensity, and lower membership 
values to the data points having intensity far from the cluster 
center intensity. The proposed kernel function is the modified 
form of the function presented in equation 9 for the KFCM 
method, where the hyper tangent function replaces the 
exponential function, as given by equation 28, below: 

𝐻(𝑒, 𝑓) = 1 − 𝑡𝑎𝑛ℎ (
−‖𝑒 − 𝑓‖2

𝜎2
)     (28) 

which is a similar transformation as the one in KFCM with 𝝈 
being the tunable parameter to control the transformation. 
After replacing the Euclidian distance of the standard FCM 
objective function, as shown in equation 1, with the 
transformation function presented in equation 28, the 
simplified version of the proposed objective function is 
presented in equation 29. 

𝐽𝐾𝐹𝐶𝐻𝐹 =  2 ∑ ∑(𝑢𝑖𝑝)
𝑞

𝑛

𝑝=1

𝑐

𝑖=1

(1 − 𝐻(𝑥𝑖 , 𝑦𝑝))        (29) 

All the parameters are the same as for the standard FCM and 
KFCM; 𝒖𝒊𝒑 represents the membership value of a pixel at 
position 𝒊 of class 𝒑, 𝒚𝒑 represents the centroid of class 𝒑, and 
𝒒 is the weightage for the membership function. The modified 
membership function 𝒖𝒊𝒑 and class centroid function 𝒚𝒑 are 
given by Equation 30 and 31. 

𝑢𝑖𝑝 =  
((1 − 𝐻(𝑥𝑖 , 𝑦𝑝)))

1
𝑞−1⁄

∑ ((1 − 𝐻(𝑥𝑖 , 𝑦𝑗)))

1
𝑞−1⁄

𝑐
𝑗=1

        (30) 

𝑦𝑝

=  

∑ 𝑢𝑖𝑝
𝑞

𝐻(𝑥𝑖 , 𝑦𝑝) (1 + 𝑡𝑎𝑛ℎ (
−‖𝑥𝑖 − 𝑦𝑝‖

2

𝜎2 )) 𝑥𝑖
𝑐
𝑖=1

∑ 𝑢𝑖𝑝
𝑞

𝐻(𝑥𝑖 , 𝑦𝑝) (1 + 𝑡𝑎𝑛ℎ (
−‖𝑥𝑖 − 𝑦𝑝‖

2

𝜎2 ))𝑐
𝑖=1

        (31) 

The updated equations of membership and cluster centroids 
are almost like KFCM except for the modified kernel function 
and the hyper tangent function inclusion. The algorithm’s 
steps are similar as well, i.e., update the membership function 
𝒖𝒊𝒑 and class centroid function 𝒚𝒑 iteratively until the 
termination criteria is achieved. Experimental results proved 
that KFCHF achieved a higher convergence rate as well 
compared to the standard FCM. 

4.11. Spatial FCM with Level Set Methods (SFCMLSM) 

All the FCM based techniques explained so far require 
suitable parameter initialization and tuning to achieve optimal 
results. In [74], FCM is incorporated with level set methods to 
resolve this issue in which parameters are directly estimated 
after initial segmentation by fuzzy clustering in the spatial 
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domain; also level set parameters evolve during this phase. 
Spatial FCM with Level Set Methods (SFCMLSM) also 
incorporates local regularization to improve segmentation 
results.  

In [75], the same researchers proposed a method in which 
FCM is combined with level set methods, but the initialization 
is dependent on such methods and morphological operations. 
In SFCMLSM, parameters are estimated directly by fuzzy 
clustering, and due to spatial information, morphological 
operations were eliminated. Regularization was incorporated 
with level set methods, in contrast to other techniques [76-77] 
based on such methods. 

SFCMLSM determines the different contours in the medical 
image by spatial FCM in a similar way as sFCM [62]. Results 
obtained by spatial FCM are directly accommodated in level 
set method functions for automatic parameter initialization 
and configuration. If 𝑹𝒌 is the component of interest secured 
by spatial FCM, then a function enhanced balloon force 
𝑮(𝑹𝒌) is defined in equation 32. 

𝐺(𝑅𝑘) = 1 − 2𝑅𝑘                  (32) 

This balloon function is a matrix with a pulling or pushing 
force, which varies for each image pixel. Through the level set 
method function, this balloon function attracts each pixel 
towards a respective object of interest, irrespective of the 
initial position. The degree of membership function 𝒖𝒌 
provided by the spatial FCM is considered as an object of 
interest 𝑹𝒌. The details of the level set method function 
derivation can be grasped in [75]. The results of the proposed 
methodology were compared with spatial FCM. 

4.12. Automatic FCM (AFCM) 

In [78], the issue of selecting the optimal number of clusters 
before applying the FCM algorithm or any of its variants was 
addressed. It is a fact that in the absence of prior knowledge 
of the number of clusters, this task is uncertain, and the 
decision is made on experimental trails. If the selected number 
of clusters is higher than the actual number, then one or more 
clusters need to unite. On the other hand, if the selected 
number of clusters turns out to be less than the actual number, 
then one or more clusters need to divide. This procedure is 
referred to as cluster validity in general. The selection of the 
final number of clusters always depends on some parameters 
which basically define the threshold criteria. Although some 
similarity measures can be used to select the number of 
clusters to be divided or merged, still this was not done by a 
specific validity measure or function [79]. This algorithm, 
Automatic FCM (AFCM), incorporates the fuzzy validity 
function for cluster selection with the objective function of the 
standard FCM. 

The AFCM algorithm assumes any random number of clusters 
in the start, which is considered as the initial portioning of the 
input data. For example, a set of 𝑵 data points are divided into 
𝑪 clusters with the cluster centers 𝒚𝟏, 𝒚𝟐, … , 𝒚𝑪, respectively. 
The proposed validity function is applied on two clusters 
individually, e.g., in the presence of three clusters 𝑨, 𝑩, 𝑪 with 
centers 𝒚𝑨, 𝒚𝑩, 𝒚𝑪 respectively, then clusters 𝑨 𝐚𝐧𝐝 𝑩 will be 
selected if the comparison presented in equation 33 holds true. 

‖𝑦𝐴 − 𝑦𝐵‖ < ‖𝑦𝐴 − 𝑦𝐶 ‖      (33) 

The proposed fuzzy validity function is obtained by 
multiplying the standard objective function by the distance 

between a specific cluster center and its neighboring cluster 
centers, which is also an intra-cluster distance measurement. 
This novel fuzzy validity function is shown in equation 34. 

𝑉1 =  ‖𝑦𝐴 − 𝑦𝐵‖2
1

𝑁
∑(𝑢𝑖)

𝑞

𝑛

𝑝=1

(𝑑𝑖𝐴 + 𝑑𝑖𝐵) 

𝑉2 =  (max(𝐴) − min (𝐵)) ∑ ∑(𝑢𝑖𝑝)
𝑞

𝑛

𝑝=1

𝑐

𝑖=1

𝑑𝑖𝐴∪𝐵      (34) 

where 𝐦𝐚𝐱(𝑨) 𝐚𝐧𝐝 𝐦𝐢𝐧 (𝑩) are maximum and minimum 
values in cluster A and B, respectively, and 𝒅𝒊𝑨 is the same 
Euclidean distance of data 𝒙𝒊 point with respect to the center 
of class A. The rest of the parameters are defined similarly to 
the standard FCM. Also, the calculation of the membership 
parameter 𝒖𝒊𝒑 and class centroid 𝒚𝒑 is performed similarly as 
represented by equations 1a and 1b, respectively, for the 
standard FCM. This automatic selection of clusters was 
shown to improve segmentation efficiency [80]. In [78], the 
same validity function is also incorporated with KFCM and 
SKFCM. 

4.13. FCM-IDPSO 

In the recent past, many metaheuristic optimization 
algorithms have been used in clustering and optimization 
problems such as Simulated Annealing (SA), Genetic 
Algorithms (GA), and Particle Swarm Optimization (PSO) 
[81]. The main advantage of such techniques is avoiding the 
problem of getting trapped in local minima. PSO is the most 
commonly used because of its versatile and straightforward 
approach. The biggest disadvantage of PSO is the hard tuning 
of the parameters to achieve a balance between exploitation 
and exploration of optimal solutions [82]. PSO has been 
implemented with many modifications and improvements. In 
[83], an improved self-adaptive particle swarm optimization 
(IDPSO) is proposed in which parameters are adjusted 
adaptively without hard tuning. Later, a hybrid version of 
FCM and PSO was proposed and used in many applications. 
In [84], fuzzy discrete particle swarm optimization (FPSO) 
was introduced, then many modifications were proposed, such 
as FCM-PSO [81] and FCM incorporated with enhanced PSO 
[85], etc. Still, these hybrid algorithms suffer from the 
problem of premature convergence; due to the fuzzy method, 
it may get stuck into local minima and require higher 
computational times.  

In [86-87], FCM-IDPSO addresses the drawbacks of 
previously proposed hybrid methods like slow speed, local 
minima convergence, and parameter tuning. The original PSO 
was proposed in [88] in which the solution to any problem is 
represented as a particle that flies through space to a better 
position. This is achieved by updating position 𝑿𝒍(𝒕) and 
velocity 𝑽𝒍(𝒕) of particle 𝒍 at any instant 𝒕. The updating 
equations of position and velocity incorporate parameters 
such as 𝒘, which is the inertia of the particle, 𝒄𝟏 and 𝒄𝟐 which 
are acceleration coefficients, and functions such as 𝒑𝒃𝒆𝒔𝒕𝒍(𝒕) 
is the best position secured by particle 𝒍, and 𝒈𝒃𝒆𝒔𝒕(𝒕) is the 
best position in the whole swarm at any instant 𝒕. Parameters 
like 𝒘, 𝒄𝟏 and 𝒄𝟐 were kept constant. In different modified 
versions of PSO, either the tuning of these parameters is 
required, or these parameters increase and decrease linearly, 
complicating the finding of the best global position. In 
IDPSO, inertia and acceleration coefficients of particle 𝒍 are 
proposed as shown in equations 35 and 36:       
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𝑤𝑙(𝑡) =  
𝑤𝑖 − 𝑤𝑓

1 + 𝑒∅𝑙(𝑡)(𝑡−((1+ln(∅𝑙(𝑡)))𝐼max )/𝜇
+ 𝑤𝑓     (35) 

𝑐1𝑙(𝑡) = 𝑐1𝑙(𝑡 − 1)∅𝑙(𝑡)−1     (36) 

𝑐2𝑙(𝑡) = 𝑐2𝑙(𝑡 − 1)∅𝑙(𝑡)     (37) 

where ∅𝒍(𝒕) is a detection function which takes into account 
the global and local best positions to decide the inertia and 
acceleration coefficients, and initial and final inertia 𝒘𝒊 and 
𝒘𝒇, respectively, 𝝁 is an adjustment factor, and 𝑰𝒎𝒂𝒙 
represents the maximum number of iterations. The velocity 
and position update equations incorporate these adaptive 
weights of inertia and acceleration factors, as shown in 
equation 38 and 39, respectively 

𝑉𝑙(𝑡 + 1) = 𝑤𝑙(𝑡)𝑉𝑙(𝑡) + (𝑐1𝑙(𝑡)𝑟1)(𝑝𝑏𝑒𝑠𝑡𝑙(𝑡) − 𝑋𝑙(𝑡))

+ (𝑐2𝑙(𝑡)𝑟2)(𝑔𝑏𝑒𝑠𝑡(𝑡)
− 𝑋𝑙(𝑡))                  (38) 

𝑋𝑙(𝑡 + 1) = 𝑋𝑙(𝑡) + 𝑉𝑙(𝑡)  (39) 

This PSO method is incorporated with FCM in such a way that 
each particle 𝒍 with position 𝑿𝒍(𝒕) is represented as a 
membership function 𝒖𝒊𝒑 of the object or pixel at position 𝒊 of 
class 𝒑, similarly to the standard FCM defined in equation 1a, 
then the value of each particle is assigned by the objective 
function criteria of standard FCM as defined in equation 1. 
Afterward, initial values are assigned to the parameters 
defined in equations 35-37, then the position and the velocity 
update according to equations 38 and 39, respectively. This 
process is repeated iteratively until the termination criterion 
of FCM and IDPSO is achieved. FCM-IDPSO was tested over 
synthetic and real data set, and results were compared with 
FCM-PSO defined in [81]. 

5. DISCUSSIONS  

A comparison between the methods mentioned in the previous 
literature can be made while considering that different papers 
have used different datasets and have used different 
performance parameters to measure the performance of their 
proposed algorithm. In [50], the authors use fuzzy logic for 
the segmentation of MRI data and estimation of the 
inhomogeneities. The basis for their algorithm is to modify 
the objective function of the FCM. The Bias-Corrected FCM 
(BCFCM) method proposed in [50] was tested on simulated 
real MR images. The method was compared with the 
traditional FCM and the Expectation Maximization (EM) 
methods which it outperformed. Results indicated a Signal to 
Noise Ratio (SNR) of 98.92% for FCM, 99.12% for EM and 
99.25% for BCFCM. For 8 DB the results were clearer as SNR 
for FCM was 78.9%, 85.11% for EM and 93.7 for BCFCM.  
In [52], the authors proposed a modified version of the 
BCFCM method. The modified BCFCM was tested on real 
MR images. Results indicated that the modified BCFCM 
method produced the best segmentation results when the 
neighborhood contains the 8 immediate voxel neighbors.  In 
[53], the authors propose using kernel induced distance 
metrics as well as spatial penalty on the membership functions 
to modify the objective function of the FCM. The Kernelized 
FCM (KFCM) algorithm was tested on synthetic images as 
well as simulated MR images corrupted with different 
percentages of Gaussian noise. In all cases, the KFCM proved 
to be more robust than the conventional FCM approach. In 
[59], the authors proposed a possibilistic fuzzy c-means model 
(PFCM). This model simultaneously produces the 
possibilities and the membership functions. The model is a 

hybrid of PCM and FCM which can overcome the 
disadvantages of PCM, FCM and fuzzy possibilistic c-means 
(FPCM). The algorithm was tested on the IRIS dataset. Both 
computational and practical simulations showed the PFCM 
produced better results compared with PCM, FCM and 
FPCM. In [62], the authors propose a modification to the 
conventional FCM through the utilization of spatial 
information into the membership function for the purpose of 
clustering. Their modified FCM algorithm has the advantages 
of removing noisy spots, produces homogeneous regions, 
minimizes the spurious blobs, and has the lowest sensitivity to 
noise compared with the conventional FCM. They tested the 
algorithm on one T1-weighted image and 12-weighted image 
for the same patient with random noise introduced. They also 
tested it on synthesized images as well. The effect of noise on 
the segmentation process was far less using the modified 
algorithm than using the conventional FCM. In [64], the 
authors propose a fast generalized FCM (FGFCM) clustering 
algorithm that incorporate both spatial and gray information. 
FGFCM can overcome the FCM algorithm that incorporates 
spatial constraints only (FCM_S). FGFCM was tested on both 
real and synthetic images and results showed that FGFCM is 
more efficient and more effective than conventional FCM and 
FCM_S. In [67], the authors develop an improved FCM based 
on modifying the cluster center and membership values 
update criteria. The convergence rate was used a performance 
metric. Results indicated that the modified FCM shows better 
convergence rate than the conventional FCM. In [70]. The 
authors proposed a modified algorithm called the Fuzzy Local 
Information C-Means (FLICM)/ Local similarity measures 
both spatial and gray level distinguish the FLICM. In addition, 
the FLICM is free of the empirical adjusted parameters used 
in the conventional FCM. The FLICM was tested on both real 
and synthetic images and showed superiority over 
conventional FCM in being robust to noisy images. In [73], 
the proposed a modified automatic FCM segmentation 
method for segmenting MRI breast cancer from images. The 
modified FCM is based on a novel objective function using a 
new hyper tangent function. The function constructs 
membership matrix for the objects and updates the centers for 
the novel objective function. Artificial dataset was used in the 
experiment. Experimental results indicate that the modified 
automatic FCM produced better results than the conventional 
FCM. In [75], the authors proposed a novel fuzzy set 
algorithm for medical image segmentation. They introduce 
spatial fuzzy clustering as a means for the new algorithm to 
evolve from the conventional FCM. The objective to produce 
more robust segmentation of medical images. Different 
medical images were used in the experiment including CT 
scan of liver tumors, Ultrasound images of the carotid artery, 
and MR image of cerebral tissues. The modified algorithm can 
approximate the boundaries and the controlling parameters 
automatically. Thus, it outperforms the conventional FCM. In 
[78], the authors present an automatic fuzzy k-means and 
Kernelized fuzzy c-means algorithm using spatial constraints 
on the objective function.  This means that the modified 
algorithm uses spatial information in the membership function 
and validity of the clustering procedure. Synthetic and 
simulated images were used for testing having various 
percentages of noise. The proposed methods outperform the 
conventional FCM and other FCM methods. Finally, in [86], 
the authors propose introduce to hybrid methods for fuzzy 
clustering. They name the methods FCM-IDPSO and FCM2-
IDPSO which combine FCM with recent versions of the PSO. 
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Eight real world datasets plus two synthetic datasets were used 
in this study. The speed was used as a metric of performance 
and the proposed methods were much faster that the state of 
the art PSO based techniques. 

CONCLUSION 

The complex nature of the human brain tissue complicates the 
process of automatic segmentation of the brain tumors from 
MRI Images. The process of brain tumor segmentation 
involves separating or classifying the different tissues of the 
brain that include edema, necrosis, and solid matter, from the 
normal brain tissues that includes white matter, cerebrospinal 
fluid, and grey matter. Other image properties, particularly 
noise, make the segmentation an even more complicated task. 
Fuzzy C-Means (FCM) has been proposed as a method for 
brain tumor segmentation from MRI images due to the 
flexibility of this algorithm in allowing pixels to belong to 
more than one class simultaneously. However, the basic FCM 
did not overcome all the problems in properly segmenting the 
brain tumor in MRI images, opening the door for the 
researcher to enhance and redevelop the FCM-based 
algorithm. This paper provides a critical review of all the 
FCM-based brain tumor segmentation algorithms mentioned 
in the previous literature. It is observed that the most 
optimized method for segmentation based on FCM is still an 
area of research that is open. There are many metrics used to 
test the performance of the various algorithms. Researchers 
have attempted to develop FCM-based segmentation 
algorithms that partially overcome the shortcomings of the 
conventional FCM. However, none of the proposed 
algorithms have attempted to overcome all the shortcomings 
of the conventional FCM with all metric measures of 
performance.  

Through this work, we hope to provide the research 
community with a broad and concise survey of segmentation 
algorithms, in one place, to pave the way for innovating newer 
more robust and faster algorithms for segmentation. The 
research community is encouraged and invited to build upon 
the current available literature to develop new and further 
improved segmentation algorithms. 
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