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Abstract—The advancement in image processing has witnessed massive progress in image segmentation 

technologies in medical as well as other fields. However, these advancements in technologies have not 

only made image analyst's life easy but also given them more challenging goals in image segmentation. 

Fuzzy c-means an unsupervised clustering algorithm plays a crucial role in the field of image 

segmentation. But suffer from many problems, such as center initialization, trapping into local optima and 

noise sensitivity. There are many algorithms which try to solve these problems. But no single approach is 

there which solves all these problems all alone. Hence, this paper proposed a novel Gaussian Kernel-

induced PSO-based spatial FCM (GKPSOSFCM) which uses Gaussian Kernel Based Distance instead of 

Euclidean distance to increase efficiency, including spatial information to reduce noise sensitivity and 

Particle Swarm optimization that helps in finding global solutions. The result of the proposed method is 

compared with conventional Fuzzy C-means to demonstrate the efficiency of the proposed method. 

Experiments show that the proposed method outperforms the standard FCM algorithm and gives better-

segmented results. 

Keywords— Particle Swarm Optimization, Fuzzy c means, image segmentation, Gaussian Radial base 

Kernel function, membership function, spatial function. 

I. Introduction 

Image segmentation is one of the emerging 

fields of image processing. To process or analyse 

an image it is necessary to segment it into 

objects. Image segmentation is a process that 

classifies images into different regions or objects 

according to the continuity or discontinuity of 

intensities of pixels. The group of pixels having 

similar properties such as color, texture, 

intensity etc. is classified into an object. There 

are various image segmentation techniques 

present in the literature, but the most widely 

used technique is unsupervised clustering.  

Clustering divides the image into clusters where 

pixels belong to different clusters which shows 

the similarity in pixels of the same cluster and 

dissimilarity in pixels of different clusters [1]. 

Clustering is generally of two types: hierarchical 

and partitioning. Hierarchical clustering works 

in a nested hierarchy manner by taking an input 

and generating the corresponding sequence of 

clustering as an output. It is not able to isolate 

overlapping clusters due to lack of information 

about the shape or size of the clusters but it does 

not require cluster number prior. On the other 

hand, the partitioning clustering method is 

based on the objective function for partitioning 

the input into a set of fixed number of clusters to 

produce the output. It requires the cluster 

number to be specified in advance as well as the 

initialization of cluster centers. This clustering 

process starts with a random cluster partition 

and gradually refines the partition for the 

optimization of the objective function value [2]. 

Again, partitioning clustering can be classified 

into either hard clusters or soft clusters. In hard 

clustering, each pixel belongs specifically to one 

cluster, with the nature of "either-or". But it is 

not possible for complex images and to 

overcome this condition soft clustering is 

introduced. In soft clustering "and also" concept 

is introduced which means a pixel can be part of 

more than one clusters [3]. Soft clustering is also 

known as fuzzy clustering which takes care of 

overlapping clusters successfully. 

The fuzzy set theory was introduced by Zadeh in 

1965 [4]. Based on this theory Bezdek proposed 

fuzzy c-means clustering that is widely used in 
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image segmentation because of its information-

retaining capability [5]. In Fuzzy c-means, a 

pixel can be a part of more than one cluster by 

representing a degree of membership to the 

corresponding cluster. It makes FCM better than 

hard clustering or K-means clustering [6] [7]. 

Along with advantages it also has many 

disadvantages: i) FCM is sensitive to noise or 

artefacts present in the image which leads to 

over or under-segmentation, ii) the cluster 

number should be known prior which requires 

prior knowledge of the input image, iii) the 

initial cluster center determines the accuracy or 

efficiency of FCM segmentation, if the initial 

cluster centers are not good enough the FCM can 

be trapped in local optimum conditions [8], iv) 

the Euclidean distance used in the objective 

function of the FCM good enough only for 

spherical shapes. 

To overcome these shortcomings of the FCM 

algorithm many improved versions of FCM were 

proposed in literature.  

To provide better cluster separability, more 

recently, great research efforts emphasis on 

kernel-based clustering[9] The Kernel distance 

metric is a well-known clustering technique and 

can effectively identify non-linearly separable 

structures [10]. Kernel-based clustering 

algorithms usually reformulate the distance 

measure of data samples with kernel functions 

[11] and have been proven to achieve better 

performance in comparison to their original 

fuzzy algorithm [12]. There are two major 

branches of kernel-based fuzzy clustering: one 

with prototypes retained in the original feature 

space (KFCM-F), and the other with prototypes 

defined in kernel space (KFCM-K) [11]. The 

kernel provides the capability of capturing the 

different structures of data. Introducing a new 

kernel-induced metric with a spatial constraint, 

Chen and Zhang proposed a noise-robust FCM 

algorithm for medical image segmentation [13]. 

The optimization techniques used for cluster 

number estimation and center initialization such 

as Genetic algorithm (GA) [14], teaching 

learning-based optimization (TLBO) [2], Ant 

Colony Optimization (ACO) [15], particle swarm 

optimization(PSO) [16]. The GA and ACO could 

obtain efficient FCM with an automatically 

initialized center and better clustering 

performance. The GA algorithms have many 

parameters to set up and are not good for 

complex problems. The GA sometimes failed to 

find out the global optimal solution [17]. The 

ACO has its advantages but is not as good as PSO 

for fuzzy clustering [18]. So, the PSO is 

considered for this research because of its 

simplicity and bigger optimization capability 

over GA and ACO. 

This paper proposes an FCM algorithm having 

Kernel-induced metric with spatial constraints 

to increase the noise immunity and better 

outlier rejection than standard FCM. The PSO 

optimization technique is also introduced to 

obtain the global optimum results. This study 

formulates the Gaussian-based kernel distance 

function as a fitness function for PSO to initialize 

cluster centers. The cluster centers obtained 

from PSO are given as input to the kernel-

induced spatial membership function of FCM 

and results show improved performance. The 

FCM-PSO generates efficient segmentation 

results and is robust to noise and intensity 

inhomogeneity. The results of new novel 

Gaussian Kernel-Induced Particle Swarm 

Optimization based spatial FCM (GKPSOSFCM) 

are analyzed and validated using different 

metrics.  

The rest of the paper is organized as follows: In 

section 2 includes related work on FCM and PSO 

algorithms, section 3 presents a new proposed 

method, section 4 describes experimental 

results and Section 5 will give concluding 

remarks. 

II. Methods 

The FCM is an unsupervised clustering 

algorithm that produces a very good 

segmentation result efficiently. But it is sensitive 

to noise which is since it does not include spatial 

information. It also uses the Euclidean distance 

function as the objective function which leads to 

trapping in the local optima. These two factors 

hinder the overall performance of the FCM. This 

study tried to solve these problems by adding 

spatial constraints and replacing Euclidean 

distance by kernel Induced objective function. 

This leads to an increase in computation time 

and thus to optimize the overall process Particle 
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Swarm Optimization is used. This study aims to 

give a segmentation method that is robust to 

noise and gives global results. The proposed 

method is implemented using the Matlab 2013a 

tool on five test images taken from Berkeley's 

database. These are colored images and no pre-

processing is done to enhance the quality of 

images. The FCM is improvised and all the 

parameters are tuned automatically to reduce 

the interventions of humans. The cluster 

numbers are generated from the method 

present in the literature and cluster centers are 

initialized using PSO. The PSO has some of the 

parameters fixed values such as population is 50 

and maximum iterations are also 50 whereas 

other parameters are calculated during the 

execution of the program and depend upon the 

image feature values which makes the process 

auto-adjustable according to the type of image 

helps in finding out good segmentation results. 

The main aim of this study is to propose a 

method that requires less human intervention 

and gives good segmentation results.  

III. Related work: 

Image segmentation is considered one of the 

crucial steps in image processing and FCM 

clustering has been a commonly used method 

for segmentation.  

Fuzzy c means is considered as simplest 

clustering algorithm used for image 

segmentation. As there are some drawbacks of 

FCM the literature has many studies considering 

the drawbacks and proposed various methods 

to overcome them. Tolias and Panas (1998) 

introduced spatial constraints in the 

membership function of fuzzy c-means. This also 

solves the cluster number problem with the 

adaptation of cluster prototypes to the image 

characteristics [19]. Chen and Zhang (2004) 

found that the inclusion of spatial information 

leads to noise insensitivity to some extent but 

fails to noise robustness and outlier rejection. 

For that purpose, Kernel-Induced membership 

function is used [13]. Chen et al. (2007) 

proposed a fast and robust method that 

incorporates spatial information in it. This leads 

to noise robustness and fast convergence but 

fails to consider the center initialization 

problem which leads to trapping in local optima 

[20]. Graves and Pedrycz (2010) presented a 

Kernel-based FCM and found that it gives 

effective segmentation results whereas sensitive 

to values of kernel parameters [11]. Memon et 

al. (2018) found that FCM with local information 

makes FCM noise robust to some extent, 

however for high noise-contaminated images 

Kernel Possibilistic FCM performs better [21]. 

Hu and du (2019) realized that the kernel FCM 

is more robust to noise still the neighborhood 

pixels affect the segmentation results. To 

improve the segmentation results spatial 

constraints are used along with kernel FCM and 

found it more efficient [22]. 

The study concludes that the FCM with Kernel 

distance metrics and spatial constraints makes 

the process more robust to noise and realizes 

efficient segmentation. But this leads to 

increased computational cost which is then a 

topic of great concern. 

To reduce the computational cost of various 

improved versions of FCM many optimization 

techniques are introduced. The optimization 

techniques not only optimize the process but 

also help in improving the segmentation results. 

Ding and Fu (2016) proposed a Kernel FCM 

based on Genetic algorithms to improve the 

clustering performance. In this paper genetic 

algorithm is used to initialize the cluster centers 

which found better segmentation results [23]. 

But the run time increases and GA is not 

considered to optimize the computational cost. 

Venkatesan and Parthiban (2017) introduces 

kernelized FCM hybridized on QPSO to obtain 

more robust segmentation results and have low 

computation cost. But applies only to MRI 

medical images [24]. As the study find out there 

are very few research papers on this topic and 

this can be considered as a research concern. 

It is also found from the literature survey that a 

maximum of algorithms are applied to medical 

images and avoid color images whereas, with 

the advancement of technology, color images are 

in trend. The other thing found in the literature 

survey is that the optimization is applied to 

solve only one problem which is initialization 

cluster centers and ignores others such as 

intensity inhomogeneity, spatial information, 

noise sensitivity etc. 
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IV. Proposed Algorithm: 

This paper proposes a new novel Gaussian 

Kernel-induced PSO-based spatial FCM 

(GKPSOSFCM) algorithm that does not use 

optimization just to initialize the cluster centers 

but optimizes the whole FCM process. The 

kernel-induced objective function is used to 

make the process noise robust and spatial 

constraints are included to make it more 

effective. This makes the proposed method of 

great importance and different from the various 

methods present in the literature. The proposed 

method works in two main steps that are: 

1. The first step using PSO to initialize the 

cluster centers which also has a twist that it 

does not use the Euclidean distance Metric as a 

fitness function to find out the initial cluster 

centers. But the Gaussian Kernel function is used 

as an objective function. 

2. The second step is the membership 

function that includes spatial constraints and 

kernel metric as distance function to make the 

results more accurate. 

There are no pre-processing steps to enhance 

the image so that the results are obtained on the 

original image. 

The detail of each step is discussed in the 

following sub-sections. 

GKPSOSFCM  

The PSO is a population-based metaheuristic 

optimization technique. It can be used to search 

the global optimal solutions in a large and 

complex search space. In the search for an 

optimal solution, the particles move from one 

location to another with a certain velocity and 

change their position until they reach an optimal 

solution. The Particle Swarm Optimization uses 

a fitness function that is to be minimized and 

particles continue their journey until the fitness 

function is optimized and find the optimal 

solution.  

The quality of all swarm positions is determined 

by incorporating decision variables into the 

objective function. The proposed method does 

not include Euclidean distance as a fitness 

function because it will not take into account the 

geometrical shapes. The fitness function is 

calculated using the Gaussian Radial basis 

Kernel Function. The kernel functions can 

project the data into multi-dimensional space 

where the data could be better constructed 

using kernel trick [25]. The kernel trick is very 

useful in bridging linearity to non-linearity using 

dot products between two vectors [26]. The 

Gaussian radial kernel function replaces 

Euclidean distance to make clustering more 

robust to noise [27]. 

The proposed algorithm shows accurate 

segmentation results and produces homogenous 

clusters. 

Algorithm  

1. Initialization: for each particle i=1…Np, 

where Np represents the population and it is 20, 

normally.  

do 

(a) Initialize the particle's position with a 

uniform distribution as Pi(0) ~U(LB, UB), where 

UB and LB represent the upper bound and lower 

bound respectively and calculated as: 

LB= minimum value of image data 

UB= maximum value of image data 

kappa = 1; 

phi1 = 2.05; 

phi2 = 2.05; 

phi = phi1 + phi2; 

chi = 2*kappa/abs(2-phi-sqrt(phi^2-4*phi)); 

w = chi;  

wdamp = 1;  

c1 = chi*phi1;  

c2 = chi*phi2; 

c1 and c2 are constriction factors to the 

particle's velocity-update rule to avoid the 

unlimited growth of the velocity of the particles 

[28], w represents inertia weight, wdamp is the 

damping ratio to set the inertia weight 

according to a time-decreasing function to have 
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an algorithm that initially explores the search 

space as the large value of w is appropriate for 

global search and small value good for local 

search that later focuses on the most promising 

regions [29]. 

(b) Initialize pbest to its initial positions: 

pbest(I,0)=Pi(0) 

(c) Initialize gbest to minimal value of the 

swarm: gbest(0)=argmin f[pi(0)] 

(d) Initialize velocity: 

 MaxVelocity = 0.2*(VarMax-VarMin); 

MinVelocity = -MaxVelocity; 

2.  Repeat until a termination criterion is 

met i.e. number of iterations 50 

For each particle i=1,….Np, do 

(a) Pick random numbers: r1,r2 U(0,1). 

(b) Update the particle's velocity. 

Velocity=w*particle(i).Velocity+c1*rand(VarSize

).*(particle(i).Best.Position-

particle(i).Position)+c2*rand(VarSize).*(GlobalB

est.Position - particle(i).Position); 

(c) Update particle position 

Position = particle(i).Position + 

particle(i).Velocity; 

3. Evaluate the fitness function 

The Gaussian based Radial kernel is used as an 

objective function and calculated as: 

‖           ‖  =              

 (1) 

           ‖           ‖   is distance metrics 

which replace Euclidean distance metrics. 

Whereas K is the kernel function defined as: 

           (     )     ( 
‖     ‖

 

   )  

 (2) 

The choice of Kernel width σ is still a problem as 

if its value is small it is sensitive to noise. So, in 

this paper, it is taken from image feature values. 

4. If f[Pi(t)]<f[pbest(I,t)], do 

(a) Update the best-known position of particle i: 

pbest (I,t)= Pi(t). 

(b) If f[Pi(t)]<f[gbest(t)], update the swarm's 

best-known position: gbest(t)=Pi(t). 

(c) T=(t+1); 

5.  Output gbest(t) that holds the global best 

optimal solution. 

1. The membership function consisting of 

spatial constraints is applied. Now, the 

membership function is: 

     
   
 
   
 

∑  
  
 
 
  
  

   
   (3) 

Where hij is the spatial function defined as: 

    ∑            
  (4) 

Where NB(xj) represents a square window (3*3) 

centered on pixel xj in the spatial domain. 

2. Thus the GKPSOSFCM segmented image 

was obtained. 

V. Results and Discussion: 

To investigate and evaluate the performance of 

the proposed method it is being compared with 

standard FCM. The 5 colored images from the 

Berkeley’s dataset are considered test images 

and experimentation is done using 

Matlab2013a.  
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Fig. 1. Shows (1) the test image (2) the ground 

truth Image (3) The segmented image using the 

proposed method 

The Fig. 1 indicates the quality and performance 

of the proposed method. The proposed method 

for each test image gives very good 

segmentation results visibly. These results are 

compared using performance metrics which 

show the effectiveness of the proposed method. 

To calculate the cluster number for these test 

images the method proposed in [30] is used. 

Then the clustering results are validated using 

clustering validity indices called Partition 

Coefficient and Partition Entropy. The PC 

determines the belongingness of data or can say 

that it measures the amount of overlap between 

clusters [31-33]. PE determines the entropy 

measurement or fuzziness of clusters [34]. 
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Where c is the number of clusters, N is the 

number of pixels, uij is the membership degree 

of ith pixel for jth cluster. The idea of these 

validity functions is that the partition with 

fuzziness means better performance. As a result, 

the best clustering is achieved when the value of 

PC is maximum and PE is minimum. 

Table 1. Shows the Validity Indices PE and PC values for standard FCM and GKPSOSFCM 

 

Images  

  

Cluster 

Number 

GKPSOSFCM FCM 

PC PE PC PE 

Image1 3 0.9699 0.0682 0.8313 0.3161 

Image2 3 0.9632 0.4656 0.7437 0.4656 

Image3 3 0.9682 0.0534 0.8261 0.3229 

Image4 2 0.9515 0.0826 0.749 0.4015 

Image5 5 0.9278 0.1326 0.6443 0.4268 

 

Table 1. Shows the validity indices values for 

standard FCM and the proposed method, and it 

indicates that the proposed method gives better 

results. For each image the values of the 

proposed method for PC are high and PE is 

lower than the standard FCM. For example, if we 

take image 5 which has cluster number 5 and PC 

and PE values 0.9278 and 0.1326 for the 

proposed method whereas 0.6443 and 0.4268 

for standard FCM. It shows the better clustering 

indices for the proposed method as we know 

high PC and low PE value indicates good 

segmentation results. 
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Fig. 2 shows the graphical comparison of 

standard FCM and the proposed method for PC 

and PE values 

Fig. 2 is the graphical representation of Table 1. 

It represents the graphical comparison and 

indicates the superiority of the proposed 

method. The graph shows the significant 

difference between the PC and PE values of the 

proposed and standard FCM methods. 

The other performance metrics are used to 

further evaluate the efficiency of the proposed 

method. The Precision, recall and Accuracy are 

considered as performance metrics. Precision 

tells the probability of valid results whereas 

recall tells about the probability of detection of 

ground truth value [35]. Accuracy is another 

measure that is used to measure the accuracy of 

segmentation results. It is defined as the ratio 

between the correctly predicted observations to 

the total observations. 

Precision = Matched(A,B)/|A|  

 (7) 

Recall = Matched(B,A)/|B|  

 (8) 

          
                                  

                                
       (9) 

Suppose, A is the segmentation result and B is 

the ground truth of the same image, the 

precision is proportional to the segment of 

edges from A that matches with the B ground 

truth image whereas recall is the segment of 

edges from B for which a suitable match is found 

in A. 

Table 2 Accuracy, Precision and Recall values for standard FCM and Proposed GKPSOSFCM 

IMAGES ACCURACY PRECISION RECALL 

FCM GKPSOSFCM FCM GKPSOSFCM FCM GKPSOSFCM 

Image1 0.5052 0.7604 0.7154 0.8169 0.6322 0.8377 

Image2 0.4686 0.5036 0.8954 0.9348 0.555 0.6214 

Image3 0.7561 0.7941 0.8495 0.9051 0.8061 0.8587 

Image4 0.7208 0.7614 0.9799 0.9999 0.7069 0.7495 

Image5 0.5462 0.6426 0.7401 0.7701 0.6758 0.795 

 

The high values of Precision, Recall and 

Accuracy indicate good clustering results. As we 

can see in Table 2 the values of these 

performance metrics of proposed GKPSOSFCM 

are higher than the proposed method. If we 

consider image 3 accuracy, precision and recall 

values for the proposed method are 0.7941, 

0.9051 and 0.8587 respectively whereas for 

standard FCM the values are 0.7561, 0.8495 and 

0.8061 respectively. This indicates the vital 

difference between the values of the two and 

confirms the good segmentation results of the 

proposed method.  
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Fig. 3 Accuracy, Precision and Recall Value of 

standard FCM and Proposed GKPSOSFCM 

The fig. 3 graphically represents the comparison 

of Accuracy, Precision and Recall Value of 

standard FCM and Proposed GKPSOSFCM for 

each image and indicates the significant 

performance of the proposed method. 

VI. Conclusions: 

The image segmentation is a very crucial step in 

image analysis and FCM is a popular image 

segmentation algorithm. It is inexpensive and 

efficient but suffers from some problems which 

are considered in this paper. The trapping into 

local optima and noise sensitivity problems are 

solved using spatial membership function along 

with Kernel induced distance function instead of 

Euclidean distance as well as initialization 

problem is solved using Particle Swarm 

Optimization method having kernel based 

objective function which makes the process 

more robust. Here the optimization algorithm is 

not only used to initialize the cluster centers but 

also uses the kernel metric to make the process 

noise insensitive. The results are evaluated 

using cluster validity indices PC and PE and also 

with performance metrics Accuracy, precision 

and recall. The experimental results justify that 

the proposed method works better than the 

standard method. In future, we can also check 

the noise robustness of the proposed method. 
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