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Abstract: Intensity inhomogeneity, high level of noise, partial 

volume effect and poor image contrast are the major artefacts in 

medical image segmentation. Any of these artefacts might lead to 

unclear boundaries of tissues, hence the segmentation of tissues 

in the MR brain image cannot be determined with high accuracy, 

and this would be a problem to the radiologists to diagnose or to 

start the treatment because of the lack of facility to operate over 

the brain in in-vivo condition. This makes the radiologist and 

surgeons/experts to take time to come for the conclusion on 

pathology of a particular patient. So, the radiologists and experts 

need to give more exertion when this condition is applied for many 

patients at a day, to diagnose and to start treatment. To make this 

effortless to them, also for accurate diagnosis, this research paper 

provides an robust algorithm using the Modified Fuzzy K-Means 

(MFKM) and Bacteria Foraging Optimization (BFO) algorithm, 

which segments the abnormal tissues among the normal tissues 

from MR brain images with high accuracy. The accuracy of the 

Improved MFKM (IMFKM) algorithm is obtained in terms of 

Sensitivity and Specificity, and the proposed algorithm proves 

better segmentation results than the other conventional 

algorithms. 

 
Keywords: Bacteria Foraging Optimization, Magnetic 

Resonance (MR) Image Segmentation, Modified Fuzzy K – 

Means, Tissue Segmentation, Tumor Identification.   

I. INTRODUCTION 

From the world population of 7.9 billion, approximately 

18.1 million people are affected by cancer right now. It 
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happened due to the lack of lifestyle among the people, which 

results in the increasing of incidence rate of the cancer 

population every year around the world. The awareness of 

cancer symptoms is binged more in this decade in order to 

reduce the mortality rate. Speedy and accurate diagnosing of 

the patients who suffer from cancer is a major leap in this idea 

to cope up with the cancer population, also it results in 

accurate conclusion of pathologies in the patients, leading to 

start with the treatment as soon as possible, hence the lifespan 

of the patient will be extended to achieve/reach minimum 

5-years prevalence. In this research paper, the authors have 

introduced an effective objective function by changing the 

value of centroid/cluster center in the standard Fuzzy 

K-Means (FKM) algorithm in order to effectively segment the 

abnormal brain tissues. This have been elaborated in the 

methodology section IV. Also, the technique proposed tries to 

pact the poor image contrast, intensity inhomogeneity and 

image noise in an unsurpassed way, which have been showed 

in the results section V. 

II.  LITERATURE SURVEY 

The usage of term ‘K-Means’ was first publicized by the 

research work contributed by James MacQueen in 1967 [1]. 

But, in the year of 1957, Stuart Lloyd promulgated the 

standard K-Means algorithm as a measure to be applied 

for pulse-code modulation in Bell Telephone Laboratories, 

until it was published in the year 1982; the method was quite 

unfamiliar to many [2]. In 1965, Forgy [3] published the same 

essential method, which is why it is so called as Lloyd-Forgy. 

In 1965, the term ‘Fuzzy’ was introduced by Zadeh [4]. It was 

an extended version of the classical set theory, and it tends to 

be a powerful tool for soft partitioning of data. The ideology 

related to the use of fuzzy set theory [1] for clustering was first 

connoted by Ruspini [5, 6]. The author has suggested the 

fuzzy clustering because it is one of the unsupervised 

algorithms that reduce the rate of human intervention, and the 

least requirement of prior information of the data to be 

clustered. Thus, it is used in many applications including 

medical image analysis, and the author has recommended it 

especially for brain image analysis as it is capable of handling 

the extremities such as complex structured unsupervised data 

with wider range of 

uncertainty.  
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The modification of FKM is done because it converges 

quickly to cluster the pixels, and they have the general 

property to lose vital pixels while undergoing clustering, 

which mostly ends in under segmentation. The weighted value 

function is involved to cluster maximum number of pixels 

available in the input data during the clustering process. 

Hence, under segmentation gets diminished at a higher rate. 

Color conversion–based segmentation merged with K–means 

render the tracking of tumor object in brain MRI by 

converting grayscale image into color space image, and the 

segmentation operation of the image is controlled by labelling 

using cluster index which helps to detect the exact tumor size 

and topology [7]. The algorithm functions quicker, which 

makes it recommendable for clinical/real–time applications. 

[8] have introduced an unsupervised segmentation of MR 

brain images using Dual Tree Complex Wavelet Transform 

(DT–CWT) and K–means algorithm. The augmentation of 

TC value is required by the algorithm. Also, the algorithm 

segments T1–W MR brain images only, which needs to be 

expanded. MiMSeg algorithm was developed by [9] for the 

automatic identification of GBM tumors in DWI brain image, 

and it is the mixture of K–means clustering and Gaussian 

Mixture Model (GMM). The application of the algorithm 

have utilized only on one type of tumor and it could be 

extended to identify other types of tumors present in different 

MR brain image sequences.  

III. DESCRIPTION OF DATASET 

The dataset has totally 115 MR brain images, includes 17 

clinical images, 21 images from Harvard BrainWeb 

Repository, 50 images from BRATS–2013 Challenge Dataset 

[10] and 27 images from BrainWeb: Simulated Brain 

Database [11]. The clinical images acquired using MRI 

scanner (developed by Siemens–Aera) with magnetic field 

intensity of 1.5 Tesla. The proposed algorithm was tested on 

different MR sequences of brain images, such as the 

T1–Weighted (T1-W), T2–Weighted (T2-W), Fluid 

Attenuated Inversion Recovery (FLAIR), Multi Planar 

Reconstruction (MPR) and Contrast Enhancement (CE), also 

with three different axes namely the axial, sagittal and 

coronal. The dataset consists of different types of tumors, 

which are, Glioma, Astrocytoma, Meningioma, Metastatic 

Carcinoma, Pituitary Adenomas and Primitive Neuro 

Ectodermal. 

IV. METHODLOGY 

Fig. 1. represents the block diagram of the proposed 

method. The input MR brain images are pre-processed by 

Contrast limited Adaptive Histogram Equalization (CLAHE), 

which has the advantage over the Adaptive Histogram 

Equalization (AHE), and CLAHE has the ability to avoid the 

noise amplification developing in the homogeneous regions. 

Thus, the IMFKM deals the poor image contrast setback, 

which is one of the major problems in MR brain image 

segmentation. The pre-processed image is given as input to 

MFKM algorithm for the segmentation process, and the 

segmented results is further optimized using BFO (introduced 

by passino [12]) algorithm. The optimum threshold by BFO is 

utilized to get optimum segmentation results.  

 

 
Fig. 1. Block diagram of the proposed IMFKM algorithm. 

A. The Step by Step Procedure of proposed IMFKM   

Algorithm 

 Initialising the cluster based on the number of peaks from 

CLAHE. 

 Membership function (  assigned to each data point ( ) 

corresponding to each cluster and the centroid ( )  is 

calculated. (1) and (2) represents the membership function 

and centroid, correspondingly.  

                             

 

Where, ‘ ’ defines the number of clusters,   = 1 illustrates the 

first cluster and ‘ ’ represents the fuzziness co–efficient. 

                                              

Where,  represents the updated membership function. 

 The clustering process is done by Euclidean distance  

with the help of ( ) and Weighted value . 

 After each iteration,  and  are updated in using (3). 

The objective function of segmentation is given in (3) and it 

is minimized to find the best location for the clusters.  

 

                                         

 

                                       

 

 In (3), ’ states the segmented output image, ‘ ’ defines 

the total number of iterations, ‘ ’ and ‘ ’ are the rows and 

columns of the input image, respectively. ‘ ’ indicates the 

total number of pixels present in the input image 
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Fig. 2. Segmented results of clinical and Harvard BrainWeb dataset. 
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Fig. 3. Segmented results of BrainWeb: Simulated Brain Database. 
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Fig. 4. Segmented results of BRATS-2013 Challenge dataset. 
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Fig. 5.  Comparison of segmented results of proposed method with other soft computing techniques. 

 

Table- I: Performance Analysis Using Comparison Metrics 

Comparison Metrics 

Algorithms 

FCM 
PSO–FC

M 

BFO-MFC

M 

BFO-MFK

M 
IMFKM 

MSE 0.1425 0.1121 0.1015 0.2166 0.1092 

PSNR in dB 56.51 57.63 58.064 54.855 57.749 

TC in % 23.559 22.544 25.231 23.354 32.76 

DOI in % 38.134 36.79 40.29 37.865 49.35 

Computational Time in Seconds 24.775 22.365 7.928 10.360 8.098 

Memory Requirement in Bytes 
4320000

0 
155000000 1687 1810 1739 

 

and ‘ ’ represents the number of clusters into which the given 

input image is to be partitioned. The weighted value function 

is given in (4),  (i
th 

pixel belonging to the j
th

 cluster) is 

used to update the  value of every pixel and  are updated. 

In addition to the membership value of the pixel, IMFKM is 

effectively lessen the effect of noise acting upon a pixel [13] 

using the intensity levels of the neighbouring pixels.  

Moreover, the presence of  in the proposed IMFKM 

algorithm helps in minimizing  the convergence rate of the 

algorithm [14, 15] and it guarantees that every pixel in the 

input MR brain images are grouped by IMFKM. 

 The re-evaluation of IMFKM segmented result is done 

using the optimum threshold which is obtained by the 

objective function of BFO algorithm as represented in  (5).  

 

                        

            Where,  

    = Swarm attractant cost function. 

 = The location of 
th

 bacterium at 
 th      

chemotactic, 
 th    

reproductive  and  
 h
  elimination and dispersal step. 

P           =    

Number of parameters to be optimized    

                         which are present in each bacterium. 

 

 The final segmentation upon J, arbitrated from MFKM is 

obtained using BFO threshold function. 

 Finally, tissue segmentation and tumor identification take 

place concurrently. 
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V. RESULT AND DISCUSSION  

Figures Fig. 2 to Fig. 4 elucidate the segmentation results of 

the proposed algorithm for the dataset mentioned in section 

III. In Fig. 2. the complicated cases have been taken to prove 

the efficiency of the proposed IMFKM algorithm, which are 

very difficult to diagnose during clinical procedures. From 

Fig. 2. (A) to (G), IMFKM results empower the MFKM 

results, and in that, the tissues are clearly segmented. 

Moreover, Fig. 2. (A), (D), (E) and (G) prove the excellence 

of the proposed algorithm, which the tumor regions are 

identified with high level of accuracy. Fig. 3. represents the 

results of BrainWeb: Simulated Brain Database for different 

noise levels, where IMFKM give best results than MFKM 

results, which shows the proposed algorithm works well even 

on the noisy images. Similarly, Fig. 4. represents the 

outstanding segmenttion results of IMFKM than the MFKM 

for the BRATS-2013 challenge dataset, which explicitly state 

that the IMFKM produces results better than the MFKM 

segmentation results.  

Fig. 5. gives the assessment of proposed IMFKM algorithm 

with the other soft computing methods such as conventional 

Fuzzy C-Means (FCM), Particle Swarm Optimization based 

FCM (PSO-FCM) [16], BFO based Modified Fuzzy C-Means 

(BFO-MFCM) [17] and BFO based Modified Fuzzy 

K-Means (BFO-MFKM) [18].  Table I and II give the 

comparison of benchmark metrics such as Mean Squared 

Error (MSE), Peak Signal to Noise Ratio (PSNR), Jaccard 

Tanimoto Cofficient (TC), Dice Overlap Index (DOI), 

sensitivity, specificity, computational time (C.Time) and 

memory requirement. 

 

Table- II: Performance Analysis Using Sensitivity and 

Specificity Values 
Algorithms Sensitivity Specificity 

FCM 0.7992 0.7126 

PSO–FCM 0.8701 0.7965 

BFOA–MFKM 0.9032 0.9821 

BFOA–MFCM 0.9048 0.9825 

IMFKM 0.9356 0.9921 

 

Fig. 6. Comparison of PSNR, TC, DOI and  

Computational Time 
 

 
 

Fig. 7.  Comparison of Sensitivity and Specificity. 
 

The graphical representations for the comparison of results 

of Table I and Table II have shown in Fig. 6 and Fig. 7 

respectively, to have clear understanding of the proposed 

algorithm, IMFKM. 

VI. CONCLUSION 

The proposed IMFKM algorithm deals 115 MR brain 

images with different type of tumors and complicated cases, 

also for different types of MR sequences and for various noise 

levels. The IMFKM also dealt with intensity inhomogeneity, 

noise and poor image contrast, which prove the over-all 

efficacy of IMFKM with other algorithms as mentioned in 

results section V. Further decrease in MSE and PSNR values, 

and with subsequent increase of TC and DOI values are 

considered to be the furture scope of this research work. 
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