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Abstract 

Accurate segmentation of brain tumor in Magnetic Resonance (MR) images is a 

challenging task due to the complex nature of brain and presence of noise in MR Images. 

Fuzzy C means (FCM) clustering algorithm is a traditional approach for brain tumor 

segmentation in MR images. But the performance of FCM algorithm degrades in the 

presence of noise, and it is also subjected to geometry allied problems. In order to overcome 

the difficulties in FCM algorithm, researchers have developed numerous variants of FCM 

algorithm. Some algorithms are good at reducing the noise effect and others are proved to 

be good in overcoming the geometry allied problems. In this paper, we propose an Improved 

Multiple Kernel Fuzzy C means clustering algorithm to simultaneously compensate both the 

shortcomings of FCM algorithm. In the proposed algorithm, spatial information of local 

neighborhood features is integrated into its similarity measure which enhances the 

robustness of the algorithm to noise. Also the Kernel based clustering used in the proposed 

algorithm produces more generalized cluster, thus overcomes the geometry allied problem. 

The proposed algorithm is applied to Multimodal Brain Tumor Segmentation database and 

clinical images. Different validation measures are used to evaluate the performance of the 

proposed algorithm with different clustering algorithms. Validation results clearly show that 

the proposed algorithm effectively segments brain tumor in MR images. 

 

Keywords: Magnetic Resonance Imaging; brain tumor segmentation; Fuzzy C means; 

multiple kernels; spatial information 

 

1. Introduction 

 
A brain tumor is a mass of anomalous and uncontrolled growth of cells in the brain [1]. 

Popular medical imaging modalities such as CT (Computed Tomography) and MRI 

(Magnetic Resonance Imaging) are commonly used to capture the brain images for 

visualization. MRI offers high contrast among different soft tissues and detailed information 

of pathologic as well as healthy brain tissues. Therefore, it has been a widely used modality 

for brain tumor detection and visualization. Segmentation of brain tumor from MR images 

have been an active research area due to its high clinical relevance in detection, treatment 

planning and surgical navigation. However, the presence of intensity inhomogeneity, noise 

and partial volume effects in MR images technically challenges the development of 
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automated MRI brain tumor segmentation. Furthermore, the diverse nature of  tumor 

structures among individuals in terms of tumor location, size, shape and texture properties 

complicates the segmentation process. Therefore it is practically important to develop 

automatic segmentation techniques focusing on above challenges. To mitigate these 

challenges and to promote the performance of brain tumor segmentation, number of brain 

tumor segmentation methods has been proposed during the last few decades [2]. 

Among the existing methods for brain tumor segmentation, fuzzy clustering methods are 

of considerable benefit for MR images, due to the uncertainty of data in the images. In 

particular, the transitional regions between tissues are not clearly defined and overlaps with 

each other resulting in partial volume effects in MR images. Fuzzy C means (FCM) 

clustering is a popular fuzzy clustering method [3] that overcomes partial volume effects by 

allowing single pixel to cluster into multiple clusters with varying degree of membership.  

Unfortunately, it fails to segment images corrupted by noise, outliers and other imaging 

artifact as it does not consider spatial context between pixels. Also, it is effective only for 

spherical clusters and does not perform well for generalized clusters. To overcome this 

geometry-implied limitations in FCM, Gustafson Kessel algorithm and Unsupervised 

Optimal Fuzzy clustering algorithm (UOFC) have been proposed for clustering original data 

and are also employed for segmentation of brain tumors in MR images, but the parameter 

constraints limits their performance[4,5]. In addition to these clustering algorithms, Kernel 

based clustering algorithm [6] has been proposed by mapping the original data onto a much 

higher dimensional Hilbert space using some non-linear transformation. The data are more 

easily clustered in higher dimensional Hilbert space forming more generalized clusters. 

However, the selection of best kernels is a crucial step in kernel based clustering. In 

Multiple Kernel Fuzzy C-Means (MKFCM) clustering algorithm, multiple kernels are 

incorporated to automatically adjust the kernel weights and make selection of kernels less 

crucial, thus immune to irrelevant features and ineffective kernels. But the spatial 

information considered does not overcome the effect of noise effectively [7]. 

Extensions of standard FCM algorithm and other kernel based for clustering algorithms 

have been proposed in the literature to overcome the effect of noise by incorporating spatial 

information. Ahmed et al.[8] integrated local spatial information into the objective function 

of FCM such that the local neighborhood influences the pixel labelling. Zhang and Cheng 

[9] proposed two variants of FCM, by computing the neighborhood term in advance to 

reduce the time complexity. Cai et al.[10] introduced a fast generalized FCM clustering 

algorithm that uses spatial information within the neighborhood window of the pixel to 

reduce the effect of noise. Yang and Tsai[11]  proposed a gaussian kernel based FCM 

algorithm with a spatial bias correction  to minimize the noise effect. Benaichouche et 

al.[12] proposed improved spatial FCM clustering by integrating spatial gray level 

information and also used Mahalanobis distance norm in the similarity measure for 

successful clustering. Despotovic et al.[13] proposed an spatially coherent fuzzy 

clustering(SCFCM) approach by integrating spatial neighborhood information in the 

similarity measure and objective function of FCM algorithm to obtain accurate segmentation 

without smoothing. Ji et al [14] proposed robust spatially constrained FCM algorithm for 

restoring noise corrupted images, based on prior and posterior probabilities and also by 

considering spatial information. Based on analysis of these algorithms and considering the 

advantage of spatial information introduced in SCFCM algorithm, we propose Improved 

Multiple kernel Fuzzy C Means (IMKFCM) clustering algorithm. The proposed clustering 

algorithm introduces a robust multiple kernel clustering with spatial constraints for image 

segmentation which compensates the effect of noise by incorporating spatial information of 
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local image features into similarity measure. We incorporate two spatial influential factors. 

One is the gray level relationship defined by the feature difference between the neighboring 

pixels in the image. The other is the spatial relationship determined by difference between 

the distance locations between neighboring pixels. Altogether, the proposed algorithm 

attempts to have robustness against noise and performs well for data exhibiting more 

complicated geometry in a unified frame work.  

 

2. Related Work 

 
 FCM clustering algorithm partitions a data set X={𝑥1,𝑥2,…,𝑥𝑛} in the feature space R 

into c fuzzy clusters by  iteratively minimizing the objective function, 

 

             𝐽𝐹𝐶𝑀 = ∑ ∑ 𝑈𝑖𝑘
𝑚

𝑛

𝑘=1

‖𝑥𝑘 − 𝑣𝑖‖2

𝑐

𝑖=1

                                                                                           (1) 

  

In Eqn(1), 𝑚 denotes the fuzzification coefficient, and 𝑈𝑖𝑘  is the membership of any data 

𝑥𝑘  belonging to the cluster 𝑖 with cluster centre  𝑣𝑖 and is expressed as 

 

              𝑈𝑖𝑘 =
1

∑ (
𝐷𝑖𝑘

2

𝐷𝑗𝑘
2 )

1
𝑚−1

𝑐
𝑗=1

                                                                                                   (2) 

 

The constraint on  𝑈𝑖𝑘 is defined  as  ∑ 𝑈𝑖𝑘
𝑐
𝑖=1 = 1 and 0 < 𝑈𝑖𝑘 < 1 . 

Cluster centre 𝑣𝑖  is updated as 

 

               𝑣𝑖 =
∑ 𝑈𝑖𝑘

𝑚𝑛
𝑘=1 𝑥𝑘

∑ 𝑈𝑖𝑘
𝑚𝑛

𝑘=1

                                                                            (3) 

 

Also, the term ‖𝑥𝑘 − 𝑣𝑖‖ in Eqn(1) indicates the similarity measure 𝐷𝑖𝑘 between the 

pixel 𝑥𝑘 and cluster center  𝑣𝑖 . The objective function is minimized when high membership 

values are assigned to data points close to the centre of their clusters and low membership 

values to data points far from the cluster center. 

 KFCM algorithm is an enhancement of FCM algorithm, that maps data from input space 

R onto higher dimensional kernel space using a kernel function Ѱ: R→H by minimizing the 

objective function as 

 

               𝐽𝐾𝐹𝐶𝑀 = ∑ ∑ 𝑈𝑖𝑘
𝑚𝑛

𝑘=1 ‖Ѱ(𝑥𝑘)Ѱ(𝑣𝑖)‖2                                  𝑐
𝑖=1                                        (4) 

 

       Here the term  ‖Ѱ(𝑥𝑘) − Ѱ(𝑣𝑖)‖ indicates the similarity measure 𝐷𝑖𝑘.The linear 

transformation function Ѱ is not given explicitly and is defined using kernel function as 

 

            𝑘(𝑥𝑘, 𝑣𝑖) = 〈Ѱ (𝑥𝑘), Ѱ (𝑣𝑖)〉                                                                           (5) 
 

               where   〈, 〉  is the inner product for Hilbert space H. Such kernel functions are 

Mercer Kernels, and the widely used Mercer Kernel includes Gaussian kernel function 

16

Tierärztliche Praxis

ISSN: 0303-6286

Vol 40, 2020



 

 

𝑘(𝑥𝑘, 𝑣𝑖) = exp (−
‖𝑥𝑘−𝑣𝑖‖2

𝜎2 ) and polynomial kernel   𝑘(𝑥𝑘, 𝑣𝑖) = (1 + 〈𝑥𝑘, 𝑣𝑖〉). By using 

these kernel functions, clustering problems can be solved in kernel space efficiently. 

In image segmentation problems, the input data consists of varying pixel properties. For 

such problems, finding a global optimal kernel for the complete set of input data is a tedious 

process. To overcome this, instead of applying a single kernel to the input data, multiple 

kernels can be applied to different input data distributions and then combined as composite 

kernel using MKFCM algorithm. In this algorithm, to increase the efficacy of choosing the 

kernel functions, a composite kernel function is defined as 

 

𝐾𝐿 = 𝑤1
𝑏𝐾1 + 𝑤2

𝑏𝐾2 + ⋯ + 𝑤𝑗
𝑏                                                                                        (6) 

 

where 𝑏 > 1 is a coefficient similar to fuzzy coefficient, 𝐾1, 𝐾2 , … … . 𝐾𝑗  denote the 

individual kernels, and the weights   𝑤𝑖,𝑤2,…,𝑤𝑗 in Eqn(6) satisfy the constraint ∑ 𝑤𝑗
𝐿
𝑗=1 = 1 . 

The objective function of such MKFCM algorithm with composite kernel is defined as 

 

𝐽𝑀𝐾𝐹𝐶𝑀 = ∑ ∑ 𝑈𝑖𝑘
𝑚𝑛

𝑘=1 ‖𝛹𝐿(𝑥𝑘) − 𝛹𝐿(𝑣𝑖)‖2𝑐
𝑖=1                                                        (7) 

 

The transformation function in the above equation is deduced using composite kernel 

function KL  as 

 

𝐾𝐿 = 〈𝛹𝐿(𝑥𝑘), 𝛹𝐿(𝑣𝑖)〉                                                                                                  (8) 

 

As a result, different kernel functions can be defined separately for different features and 

can be combined as composite kernel 𝐾𝐿 to improve the segmentation results. The 

incorporation of multiple kernels and adjusting kernel weights automatically make MKFCM 

more immune to unreliable features or kernels. 

3. The Proposed IMKFCM Clustering Algorithm 

 MKFCM clustering algorithm efficiently overcomes the geometric allied problem in 

FCM algorithm, but due to the absence of efficient spatial information, it is sensitive to 

noise. In the existing MKFCM algorithm, spatial information is incorporated in the form of 

kernel function which does not produce considerable effect on noise. Generally, the 

neighborhood pixels are highly correlated in spatial domain. Therefore, if the segmentation 

algorithm fails to incorporate the relationship between the neighborhood pixels, the 

performance of the algorithm would be minimized due to the effect of noise. To circumvent 

this shortcoming, in the proposed algorithm local neighborhood information is integrated in 

the similarity measure of objective function. 
The objective function of the proposed algorithm is defined as 

 

𝐽𝐼𝑀𝐾𝐹𝐶𝑀 = ∑ ∑ 𝑈𝑖𝑘
𝑚𝑛

𝑘=1 ‖𝛹𝐿(𝑥𝑘) − 𝛹𝐿(𝑣𝑖)‖2𝑐
𝑖=1                                                             (9) 

  

The membership function 𝑈𝑖𝑘 is updated as
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𝑈𝑖𝑘 =
1

∑ (
𝐷𝑖𝑘

2

𝐷𝑗𝑘
2 )

1
𝑚−1

𝑐
𝑗=1

                                                                                                       (10) 

 

where 𝑚 is the fuzzy coefficient,  and  𝐷𝑖𝑘 is the similarity measure.  

Generally, c number of membership values are to be computed for the pixel under 

consideration while clustering an image into c  clusters.  Segmentation is achieved by 

assigning the pixel to any cluster i for which it possesses high membership value. From this, 

one can deduce that the segmentation results rely on the similarity measure which is utilized 

to calculate the membership value. Therefore, in the proposed algorithm novel spatial 

neighborhood information is incorporated in its similarity measure to overcome the effect of 

noise.  

 Incorporating spatial neighborhood information in the similarity measure results in 

 

  𝐷𝑖𝑘 = ‖𝛹𝐿(𝑥𝑘) − 𝛹𝐿(𝑣𝑖)‖2𝑔𝑖𝑘                                                                                  (11) 
 

 In the above equation, the term  𝑔𝑖𝑘 indicates the spatial information and is defined as 

 

𝑔𝑖𝑘 = (1 − 𝛽𝐻𝑖𝑘)                                                                                                        (12) 

 

 Here, 𝐻𝑖𝑘  indicates spatial function, and  𝛽𝜖[0,1]  is neighborhood attraction parameter 

that controls the significance of neighboring pixels on center pixel 𝑥𝑘. The value of  𝛽 

between 0 and 1 indicates the influence of neighboring pixels on center pixel. If  𝛽 value is 

0, then the similarity measure tends to be that of MKFCM algorithm without the above-

specified spatial information. The spatial function  𝐻𝑖𝑘  is defined as 

 

𝐻𝑖𝑘 =
∑ 𝑈𝑖𝑎𝑆𝑘𝑎

𝑁𝑎
𝑎=1

∑ 𝑆𝑘𝑎
𝑁𝑎
𝑎=1

                                                                                                           (13) 

 

 Here, 𝑁𝑎 denotes the number of neighbors adjoining the center pixel 𝑥𝑘 in any square 

window of size 𝑝 𝑋 𝑝, 𝑈𝑖𝑎 is the membership degree of the neighbouring  pixel 𝑥𝑎 to the 

cluster i. Similar to the membership function in Eqn(10),  𝑈𝑖𝑎 reprsents the probability that 

neighbour pixel  𝑥𝑎 belongs to cluster i. The spatial factor 𝑆𝑘𝑎 relies on spatial relationship 

𝑆𝑘𝑎
(𝑠)

 and gray level relationship   𝑆𝑘𝑎
(𝑔)

 and is defined as 

 

𝑆𝑘𝑎 =
𝑆𝑘𝑎

(𝑔)

𝑆
𝑘𝑎
(𝑠)                                                                                                                                        (14) 

  

The gray level relationship 𝑆𝑘𝑎
(𝑔)

 defines the absolute gray level differences between 𝑥𝑘   and 

its neighbor 𝑥𝑎  as 

 

𝑆𝑘𝑎
(𝑔)

= ‖𝑥𝑘 − 𝑥𝑎‖                                                                                   (15) 
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𝑆𝑘𝑎
(𝑔)

 reflects the degree of gray value similarity in a window. It exhibits low values in 

homogeneous region and high values in the noise corrupted regions. 

 The spatial relationship 𝑆𝑘𝑎
(𝑠)

 defines the squared Euclidean distance between the 

coordinates (𝑆𝑘 , 𝑡𝑘) and  (𝑆𝑎 , 𝑡𝑎) of elements 𝑥𝑘 and  𝑥𝑎 respectively as 

 

𝑆𝑘𝑎
(𝑠)

= (𝑆𝑘 − 𝑆𝑎)2 + (𝑡𝑘 − 𝑡𝑎)2                                                                                    (16) 

 

 The impact of the neighbor pixels on centre pixel within a window varies based on their 

distance from the centre pixel. In Eqn(15), the spatial factor 𝑆𝑘𝑎 is inverse to spatial 

relationship 𝑆𝑘𝑎
(𝑠)

 implying that the neighbours adjoining the centre pixel 𝑥𝑘 should have 

more influence on the clustering results than the remote neighbors. Thus for each central 

pixel 𝑥𝑘 ,the spatial relationship denotes the diminishing extent of the neighbors from it. 

 The noise resistance capability of the proposed algorithm relies on the spatial function 

𝐻𝑖𝑘.  For any noisy center pixel  𝑥𝑘 having large gray level difference with its neighboring 

pixel 𝑥𝑎, the spatial information  𝐻𝑖𝑘  computed will be large, and thus the spatial function 

𝑔𝑖𝑘 in Eqn(12) becomes small for all values of  𝛽 other than zero. After the first iteration, 

the noisy pixel 𝑥𝑘 will be attracted to the cluster  i  to which its closest neighbor  𝑥𝑎 belongs. 

If the value of 𝐻𝑖𝑘  remains to be high till the last iteration, despite being its dissimilarity, 

the center pixel 𝑥𝑘  will be forced to cluster 𝑖. It  is clear that after each iteration, the 

similarity measure  of noisy pixels as well as other pixels in a window tend to a similar 

value, ignoring the noisy pixels. In this case, the gray level value of noisy pixel is large 

when compared to other pixels within the window, but the spatial function 𝑔𝑖𝑘 incorporated 

balances their similarity measure. The spatial function thus eliminates the effect of noise in 

the clustering process. 
 

100 112 75 

85 25 60 

94 109 82 

 

100 112 75 

85 𝑔𝑖𝑘 =0.2897 60 

94 109 82 

(a)                                  (b) 

Figure 1. 3 x 3 window with noise and corresponding 
spatial function value of  centre pixel (a) Centre pixel 
with noise  (b) Spatial function value obtained for noisy 
centre pixel 

 

 The impact of integrating spatial function on a noise corrupted centre pixel is illustrated 

in Figure 1(a).  In this case, the gray value of noisy centre pixel is different from the gray 

value of other pixels within the window. If the gray level distribution of the neighboring 

pixels is similar, then the centre pixel belongs to the cluster 𝑖 to which its neighbors belong, 

but in this case variation occurs. Hence integrating the spatial information with the similarity 

measure provides optimum results. The spatial information value corresponding to the noisy 

centre pixel is shown in Figure 1(b). Integrating this with the similarity measure, minimizes 

the actual distance between the centre pixel and cluster center of cluster  𝑖, and so the centre 
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pixel will be attracted to cluster  𝑖. If the spatial function continues to be small after each 

iteration, then the centre pixel will be continuously attracted towards cluster  𝑖 irrespective 

of its dissimilarity, thus suppressing the effect of noise in centre pixel.  

            

  Algorithm:  

Require: number of clusters, neighborhood attraction parameter 

fuzzification coefficient, 

           stopping criterion ∈ 

            max iteration Imax 

           Kernel functions 

 1:   for t = 1: Imax  do 

2: Randomly initialize membership matrix U0 

3:         Compute the spatial information  gik using Eqn(12) 

4: Compute the similarity measure using Eqn(11) 

5: Compute the membership value Uik using Eqn(10) with  the  

similarity measure in Eqn(11) 

6: Update membership value  Uik 

7: if   ||U (t)-U(t-1)|| <∈  then 

8: Go to 11 

9: end if 

10: end for 

11: return U the membership degrees of each pixel of the image to 

different clusters 

4. Experimental Results and Discussion 
 

 In this section, experiments for evaluation of the proposed algorithm are presented and 

compared with some reported clustering algorithms and other state-of-the-art segmentation 

methods. This section presents the quantitative and qualitative results of applying the 

proposed algorithm to MR brain tumor images. 

 For all reported clustering algorithms and proposed clustering algorithm, the value of  

fuzzification coefficient is set as 1.12, the number of clusters is set as 2 and stopping criteria 

is considered as 0.0001 for maximum iteration of 50. The value of coefficient b required for 

MKFCM and the proposed algorithm is set as 1.5. Also for the proposed algorithm and 

SCFCM algorithm, neighborhood size of 3x3 with a neighborhood attraction parameter 

value 1 is used. All the experiments are computed using MATLAB 2010Rb software with 

2.6GHz Pentium processor. In order to evaluate the proposed algorithm, two different 

scenarios are used. First, the proposed algorithm is applied to the images in the BRATS 

database [15]. Then, the proposed algorithm is used for the segmentation of   brain tumor 

from clinical real data. The evaluation measures needed to assess the performance of the 

proposed algorithm is discussed in the following section. 

 
4.1. Performance evaluation measures 

 The performance of the proposed algorithm is assessed using various validation 

measures such as Dice Coefficient (DC) and Segmentation accuracy (SA). 

 DC =  
2|G∩S|

(|G|+|S|)
                                                              (17) 
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SA =
Number of pixels correctly classified

Total number of pixels
                                                (18) 

To evaluate the   clustering   performances, Partition Entropy (𝑃𝐸) and Partition 

Coefficient (𝑃𝐶) have been employed. Partition entropy is a measure of fuzziness of clusters 

and is computed as 

 

𝑃𝐸 =
1

𝑛
(∑ ∑ 𝑈𝑖𝑘 log2 𝑈𝑖𝑘

𝑛
𝑘=1

𝑐
𝑖=1 )                                                            (19) 

 

Partition coefficient measures the overlap between clusters and is computed as 

 

𝑃𝐶 =
1

𝑛
(∑ ∑ 𝑈𝑖𝑘

2𝑛
𝑘=1

𝑐
𝑖=1   )                                                                                                 (20) 

4.2 Evaluation on BRATS database  

 

 The performance of the proposed algorithm is first evaluated using images in the 

BRATS dataset. To emphasize the robustness of proposed algorithm to noise, Gaussian 

noise of different variance levels is added to a real high grade BRATSHG_0001_FLAIR 

MR slice as shown in Figure 2. Figure 2(a) shows the MRI slice corrupted with Gaussian 

noise of variance 0.01, 0.03 and 0.05 (from top to bottom). Figure (b) to Figure 2(f) show 

the clustering results of noise corrupted MRI slice using different clustering algorithms. 

Figure 2(b) and Figure 2(c) imply that, FCM has bad performance in the presence of noise, 

and UOFC also produced almost the same result as FCM. Figure 2(d) and Figure 2(e) show 

that   KFCM and MKFCM limits their performance as the noise variance level increases. 

The proposed algorithm in Figure 2(f) produces superior results for different levels of 

Gaussian noise as the spatial information integrated balances between insensitivity to noise 

and effectiveness in retaining image details. 

  

 

         (a)                 (b)                  (c)                   (d)                    (e)                 (f) 
Figure 2. Results obtained using different clustering algorithms for a MRI slice corrupted 

by Gaussian noise of different variance (a)Sample MRI slice corrupted by Gaussian 

noise(From top to bottom:0.01,0.03 and 0.05 variance Gaussian noise) (b) FCM (c) 

UOFC (d) KFCM (e) MKFCM (F) Proposed algorithm  
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 The performance of the proposed algorithm on this MRI slice corrupted with different 

levels of noise is quantitatively evaluated using the Dice Coefficient as shown in Table 1. 

From the table, it can be viewed that the proposed algorithm is robust to noise even if the 

noise level increases with the effect of spatial information, when compared to the other 

algorithms. 

 To further evaluate the performance of proposed algorithm with other clustering 

algorithms, it is applied to the low grade images in BRATS dataset. Three samples of low 

grade glioma patients have been considered to prove the betterness of the proposed 

algorithm. 

Table 1. Quantitative comparison of different clustering algorithms for different noise 
levels 

Noise 
level 

(Variance) 

Dice Coefficient Segmentation Accuracy (%) 

FCM UOFC KFCM MKFCM Proposed  
algorithm 

FCM UOFC KFCM MKFCM Proposed 
algorithm 

0.01 0.88 0.88 0.89 0.91 0.94 87 88 89 90 94 

0.03 0.81 0.83 0.84 0.87 0.92 84 84 83 89 93 

0.05 0.78 0.70 0.71 0.90 0.91 77 81 82 87 91 

 

 

(a)                     (b)                    (c)                   (d)                     (e)                    (f) 
Figure 3. Results produced by various clustering algorithms for low grade BRATS real 

images (a) MRI (b) FCM (c) UOFC (d) KFCM (e) MKFCM (F) Proposed algorithm  

 

 The three samples of  low grade BRATS MRI slices used for evaluation is shown in 

Figure 3(a) (From top to bottom: BRATSHG_004, BRATSHG_011 and BRATSHG_014). 

Figure 3(b) to Figure 3(f) show the segmentation results obtained using FCM, UOFC, 

KFCM, MKFCM and the proposed algorithms respectively. It can be observed from Figure 

3(b) that some classification error exists in FCM algorithm. Figure 3(c) shows that UOFC 

algorithm produces more general clusters, but still is sensitive to noise. In MKFCM 

algorithm, peripheral data points generated by the cluster are misclassified as belonging to 

the high density cluster which degrades the segmentation precision. However as in  

Figure 3(e) KFCM algorithm is less immune to noise than the proposed algorithm but more 
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effective than FCM algorithm. The results of the proposed algorithm for brain tumor 

segmentation are shown in Figure 3(f).By visually analyzing the results, it is evident that the 

proposed algorithm provides better results compared to the other clustering algorithms.  

The clustering performance of an MR slice with low grade tumor is quantitatively evaluated 

using Partition coefficient and Partition entropy. Table 2 compares these measures for 

different clustering algorithms. For good clustering performance, 𝑃𝐶 value should be 

maximum and 𝑃𝐸 value should be minimum. The proposed algorithm produces better 

results when compared to other algorithms. With the integration of feature attraction and 

distance attraction of spatial information, the proposed algorithm outperforms the other 

clustering algorithms. 

  

Table 2.    Clustering quality comparison of 
various clustering algorithms for BRATS images 

Algorithm 
Validity Functions 

PC PE 

FCM 0.882 0.371 

UOFC 0.901 0.335 

KFCM 0.913 0.199 

MKFCM 0.927 0.196 

Proposed  
algorithm 

0.949 0.092 

  

  The performance of the proposed algorithm is evaluated with some other state-of-

the-art methods involving spatial constraints using Dice Coefficient and segmentation 

accuracy are shown in Table 3.  

 

 Table clearly implies that the proposed algorithm by integrating the spatial 

information in the similarity measure and also using kernel distance measure improves its 

clustering efficiency and thus outperforms the state-of-the-art methods. 

 
4.3. Evaluation on clinical MRI data 

 

 In this section, the performance of the proposed algorithm is demonstrated on clinical 

real data acquired. Figure 4 visually shows the segmentation of tumor from T1, T2 and 

FLAIR images. The first, the second and the third rows in Figure 4 (a) represent the T1, T2 

and FLAIR slices respectively, and Figure 4 (b) to Figure 4 (f) show the segmentation 

Table 3. Comparison of the proposed algorithm with other state-of-the-art 
methods with spatial constraints for BRATS images 

Images Dice Coefficient Segmentation Accuracy (%) 
MFCM KFCM_S MKFCM_S SCFCM Proposed  

algorithm 
MFCM KFCM_S MKFCM_S SCFCM Proposed  

algorithm 

BRATSHG_004 0.87 0.88 0.90 0.91 0.94 88 87 89 90 95 

BRATSHG_011 0.81 0.83 0.86 0.91 0.92 83 82 85 88 93 

BRATSHG_014 0.70 0.70 0.88 0.89 0.92 74 81 86 87 92 
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results obtained using FCM, UOFC, MKFCM, SCFCM and proposed algorithms 

respectively. It can be observed that the proposed algorithm achieves the best performance. 

 

 

         (a)                      (b)                    (c)                    (d)                     (e)                    (f) 

Figure 4. Results produced by various clustering algorithms for low grade BRATS real 

images (a) MRI (b) FCM (c) UOFC (d) KFCM (e) MKFCM (F) Proposed algorithm  

 

 Table 4 compares Partition coefficient and Partition entropy measures for different 

clustering algorithms.  As in the case of BRATS images, the proposed algorithm produces 

better results.      
Table 4.  Clustering quality comparison of various 

clustering algorithms for clinical images 

Algorithm 
Validity Functions 

PC PE 

FCM 0.873 0.379 

UOFC 0.903 0.337 

KFCM 0.908 0.189 

MKFCM 0.917 0.186 

Proposed algorithm 0.948 0.091 
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Table 5.   Comparison of Proposed algorithm with state-of-the-art methods with 
spatial constraints on clinical MR  images 

Images Dice Coefficient Segmentation Accuracy (%) 
MFCM KFCM_S MKFCM_S SCFCM Proposed  

algorithm 
MFCM KFCM_S MKFCM_S SCFCM Proposed  

algorithm 

1 0.87 0.89 0.91 0.92 0.95 88 89 90 91 96 

2 0.83 0.84 0.87 0.91 0.92 84 85 89 90 93 

3 0.73 0.71 0.90 0.90 0.94 77 82 87 88 95 

   

 The performance of proposed algorithm is quantitatively evaluated with some other 

state-of-the-art methods involving spatial constraints using the Dice Coefficient and 

segmentation accuracy for clinical MR images as shown in Table 5. Table clearly implies 

that similar to BRATS images the proposed algorithm outperforms the other algorithms 

involving spatial constraints in case of clinical images also. 
 

 

4.4. Comparison of proposed algorithm with other state-of-the-art segmentation methods 

 

 The performance of the proposed algorithm is evaluated with the methods using BRATS 

dataset and other recent work using the Dice Coefficient evaluation measure, and is shown 

in Table 6. 

Table 6.  Comparison of the proposed 
algorithm with other segmentation methods 

Method Dice Coefficient 

DCNN[16] 0.86 

CRF[17] 0.88 

PLRFC[18] 0.87 

CNN[19] 0.82 

SOM-FKM[20] 0.47 

cRBM[21] 0.67 

Proposed Algorithm 0.89 

 

  Pereira et al.[16] investigated a tumor segmentation method using Deep Convolution 

Neural Networks(DCNN) on BRATS data and reported a Dice score of 0.86. Tustison the 

winner of the BRATS challenge, evaluated the success of Random Forest Classifier (RFC) 

for brain tumor segmentation and achieved an average of 0.87 Dice score [17]. Meier et al. 

implemented parameter learning algorithm for Conditional Random Forest (PLCRF) on 

BRATS data and attained a Dice score of 0.88 [18]. Dvorak and Menze proposed a 

structured prediction with Convolutional Neural Networks (CNN) method and reported a 

Dice score value of 0.82 using BRATS data [19]. Vishnuvarthanan et al. proposed a method 

combining SOM and Fuzzy k-means (SOM-FKM) for tumor identification with an average 

Dice score of 0.47 [20]. Recently, Agn et al. proposed a modality-adaptive method for 

segmenting brain tumor based on Convolutional Restricted Boltzmann Machine (cRBM) 

with an average Dice score of 0.67 [21].The proposed algorithm with its ability to tune the 
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neighborhood attraction parameter to an optimum value, outperforms the state-of-the-art 

methods with an average Dice score of 0.89. 

 

 

5. Conclusion 
 

  In this paper, IMKFCM clustering algorithm has been proposed for brain tumor 

segmentation from MR images. It overcomes the geometric allied problem of conventional 

FCM algorithm by mapping it onto higher order kernel, and also it incorporates spatial 

information to overcome the effect of noise. In the proposed algorithm, the spatial 

information incorporated considers both the gray level and spatial relationship of pixel and 

guarantees robustness to noise. It also incorporates a neighborhood attraction parameter 

which affects the segmentation accuracy. The proposed algorithm is applied to different MR 

images in the dataset and compared with other clustering algorithms and state-of-the-art 

methods. Results have demonstrated that the proposed approach efficiently segment brain 

tumors in MR images. To further improve the performance of proposed algorithm, future 

work is focused on optimization of neighborhood attraction parameter present in the spatial 

information and also to reduce the computational complexity. 

 

 

References 

 
1. Fisher J L,.Schwartzbaum J A, Wrensch M, Wiemels J L:  Epidemiology of brain tumor. 

Neurologic Clinics. 25: 867–890, 2007. 

2. Nelly Gordillo Castillo, Eduard Montseny and Pilar Sobrevilla: State of the art survey 

on MRI brain tumor segmentation. Magnetic Resonance Imaging, 31:1426-1438, 2013. 

3. Bezdek J C: Pattern Recognition With Fuzzy Objective Function Algorithms, New York: 

Academic,1981. 

4. Praylin Selva Blessy S A, Helen Sulochana C : Performance analysis of unsupervised 

optimal fuzzy clustering algorithm for MRI brain tumor segmentation .Technology and 

Health Care 23:23–35:2015. 

5. Praylin Selva Blessy SA, Helen Sulochana C: Comparison and evaluation of clustering 

methods for MRI brain tumor segmentation. International Journal of Applied 

Engineering Research 9:9345-9348, 2014. 

6. Dao-qiang Zhang, Song-Can Chen: A novel kernelized fuzzy c means algorithm with 

application in medical image segmentation. Artificial Intelligence in Medicine 32:37–50, 

2004. 

7. Hsin-Chien Huang, Yung-Yu Chuang, Chu-Song Chen: Multiple Kernel Fuzzy 

Clustering, IEEE  Transaction On Fuzzy Systems 20:120-134,2012. 

8.  Ahmed M N, Yamany S M, Mohamed N,  Farag A A,  Moriaty T: A modified fuzzy c-

means algorithm for bias field estimation and segmentation of MRI data. IEEE 

Transaction Medical Imaging 21:193–199, 2002. 

9. Cheng S,  Zhang D : Robust image segmentation using FCM with spatial constraints 

based on new kernel induced distance measure. IEEE Transaction on   Systems, Man 

and Cybernetics-Part B: Cybernetics 34 :1907-1916, 2004. 

26

Tierärztliche Praxis

ISSN: 0303-6286

Vol 40, 2020

https://www.researchgate.net/publication/profile/Nelly_Gordillo_Castillo
https://www.researchgate.net/publication/profile/Eduard_Montseny
https://www.researchgate.net/publication/profile/Pilar_Sobrevilla


 

 

10. W.Cai , Chen S, Zhang D : Fast and robust fuzzy c means clustering algorithms 

incorporating local information for image segmentation. Pattern Recognition 3:825-

838, 2007. 

11. Miin-Shen Yang, Hsu-Shen Tsai: A Gaussian kernel-based fuzzy c -means algorithm 

with a spatial bias correction. Pattern Recognition Letter 29:1713–1725, 2008. 

12. Benaichouche A N, Ouldhadj H, P.Siarry : Improved spatial fuzzy c means clustering for 

image segmentation  using PSO initialization, Mahalanobis distance and post 

segmentation correction, Digital Signal Processing. 23:1390-1400, 2013. 

13. Ivana Despotovic, Ewout Vansteenkiste, Wilfried Philips: Spatially Coherent Fuzzy 

Clustering for Accurate and Noise-Robust Image Segmentation. IEEE Signal Processing 

Letter 20:295-298, 2013. 

14. Ji Z, Liu J, Cao G, Q.Sun, Q.Chen: Robust spatially constrained fuzzy c means 

algorithm for brain image segmentation. Pattern Recognition 47:2454-2466, 2014. 

15. Menze et al. : The Multimodal Brain Tumor Image Segmentation Benchmark (BRATS). 

IEEE Transaction on Medical Imaging 34:1993–2024, 2015. 

16. Menze B H, Reyes M, Farahani K, Kalpathy Cramer J, Kwon D:(2015) Proceedings of 

the Multimodal Brain Tumor Image Segmentation Challenge held in conjunction with 

MICCAI  (MICCAI-BRATS 2015). 

17. Pereira S,  Pinto A, Alves V, Carlos A,  Silva: Deep Convolutional Neural Networks for 

the Segmentation of Gliomas in Multi-Sequence MRI. Proceedings of the Multimodal 

Brain Tumor Image Segmentation Challenge held in conjunction with MICCAI  

(MICCAI-BRATS 2015) 52–55, 2015. 

18. Meier,  Karamitsou V, Habegger S, Wiest R , Reyes M : Parameter Learning for CRF-

based Tissue Segmentation of Brain Tumors. Proceedings of the Multimodal Brain 

Tumor Image Segmentation Challenge held in conjunction with MICCAI (MICCAI-

BRATS 2015) 48-51, 2015. 

19. Dvorak P, Menze B: Structured prediction with convolutional neural networks for 

multimodal brain tumor segmentation. Proceedings of the Multimodal Brain Tumor 

Image Segmentation Challenge held in conjunction with MICCAI  (MICCAI-BRATS 

2015)13–24, 2015. 

20. Vishnuvarthanan G, Pallikonda Rajasekaran M, Subbaraj P, Anitha Vishnuvarthanan: 

An Unsupervised learning method with a clustering approach for tumor identification 

and tissue segmentation in magnetic resonance brain images. Applied Soft Computing 

38:190-212, 2016. 

21. Mikael Agn, Per Munckaf Rosenschöld, OulaPuonti, Michael J. Lundemann,Laura 

Mancini,Anastasia Papadaki, Steffi Thust, John Ashburner,Ian Law,Koen Van Leemput: 

A modality-adaptive method for segmenting brain tumors and organs-at-risk in 

radiation therapy planning. Medical Image Analysis 54:220–237, 2019. 

 

27

Tierärztliche Praxis

ISSN: 0303-6286

Vol 40, 2020


