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Abstract
This paper explores the possibility of applying segmentation 
techniques to identify the deformities in brain images. In this 
paper KumarSwamy Generalized Gamma Distributions (KGGD) 
it utilized for identifying this diseases the layers. The work is 
presented by considering brain MRI images. The performance 
of the developed model compare the existing models based on 
performance metrics such as Average Difference, Maximum 
Distance ,Image Fidelity, Mean Squared error Signal to noise 
ratio

Keywords
Segmentation, Brain Images, Quality Index, Performance Index, 
Kumarswamy Generalized Gamma Distribution. 

I. Introduction
Medical image processing is a field of image processing which 
concern with regard to the diseases of the human anatomy. 
Many models are developed to study about whereas diseases 
and developed models for suggesting corrective mechanisms 
among these diseases, diseases related to Neuro Degenerative 
disorders are mostly focused in this literature. This is due to the 
fact that these disorders affect the brain and leading to brain deaths. 
Among these brain diseases, the diseases like Ret syndrome, 
Parksion, Alzheimer diseases mostly focused. The number of 
patients affected with these diseases are increasing as per the 
latest statistics [1]. In order to have a comprehensive look out 
different models have been developed based on edge enhancement 
technique, region identification, boundary extraction and also 
work is projected using models like SVM, HMM, AN. Among 
these models methodologies based on statistical distribution are 
considered to be more robust[2]. Hence latest work is projected 
using mixture model like GMM with gibbs sampler etc. [3-5]. 
However the basic assumption of considering these model is with 
the fact that the shape of the brain images may be symmetric. 
In reality the shape of human brain is asymmetric in nature and 
differs from patient to patient. Hence to identify the diseases 
more accurately asymmetric distribution will be well suited 
[6-7]. More our work the number of damaged pixel in a effected 
image will be less in number compared to non damaged pixel 
and due to this very fact the damaged brain tissues exhibit long 
tails. Hence in order to cater the images will long tails generalised 
gamma distribution will be well suited. This distribution contains 
several other distributions like Gamma, Log Normal, Wiebull, 
Chi-Suare Distribution as particular cases. Hence this paper 
focused to identify the damaged brain tissues from the MRI 
brain medical images using KumarSwamy Generalized Gamma 
Distribution. The rest of the paper is organized as follows. In the 
section II the Probability distribution function of kumarswamy 
Generalized Gamma distribution is presented. In section III deals 
with the identification of the tumour compared to a non-tumour 
using Euclidian distance. Section IV of the paper highlights the 
methodology the conclusion together with performance evaluation 
is presented in section V of the paper. 

II. Kumar Swamy Generalized Gamma Distribution 
(KSGGD)
The KumarSwamy Generalized Distribution is utilized in this 
paper for the classification of disease tissues is carried out using 
KSGGD. The main advantage of this model is that, it suits best 
for extracting finer details in the regions of the brain having 
asymmetric nature. The PDF of the distribution is given by 

where a, b are the shape parameters and x is the pixel value

III. Clustering the Disease and Non-Disease Layers
In order to identify in disease parts we have to cluster the brain 
MRI images. In order to cluster, the brain images are to be analyzed 
exactly. The brain image consists of three main tissues called 
the White Matter(WM), Gray Matter(GM), and Ceberio Spinal 
Fluid(CSF). The white matter is essential for the storage i.e. the  
memory, the gray matter is essential for initiating the action fast 
and CSF sense the fluid from the spinal card to the brain to perform 
the action. When as the brain is affected either the white matter 
or gray matter gets affected. Hence its leads to diseases related to 
identification and immobility. We cater these diseases T1-waited 
images; T2-weighted images are mostly preferred. In this paper 
we confined to T1- weighted images. Identification of the tumour 
helps to curtail most of the brain diseases, these tumours however 
may be due to brain blood clots, rupture in brain tissues are the 
actual disease that may lead to brain disorder. Hence to identify 
the actual diseased layer, the intensity of the pixels play a vital 
role. The distance between each of the pixels are calculated using 
Euclidian distance to discriminate the damaged and non-damaged 
pixels. The formula for the identification of damaged pixels using 
Euclidian distance is given by
Euclidean dist((x, y), (a, b)) = √ ((x - a)² + (y - b))²

IV. Methodology
 In this paper MRI images are considered for the identification 
of the tumour related diseases in the   brain. The main advantage 
of using MRI images is due to its non ionising property [8]. The 
brain images are extracted from UCI medical database. This 
database consists of several other medical related diseases together 
with brain related diseases. The MRI images extracted are first 
clustered into damage and non-damage regions and in order to 
exactly classify the damage pixels. KSGGD is utilized. Each of the 
damaged pixels is given as input and the PDF values are extracted. 
The maximum likely hood estimate is carried out to identify the 
disease and non-disease. The component likely hood is identified 
to identify a tumour. The developed model is compared with that 
of the models based on GMM. The original dataset considered is 
presented in Figure-1.
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Fig. 1: Dataset of Brain Images

Fig. 2: Tumour Affected Images After Clustering

Performance is carried out using quality metric like Average 
Difference, Maximum Distance, Image Fidelity, Mean Squared 
error Signal to noise ratio and the results obtain are presented in 
Table 1.

Image Quality 
Metric

Standard 
Limits

Standard 
Criteria KSGGD

Average 
Difference

Maximum 
Distance

Image 
Fidelity

Mean 
Squared error

Signal to 
noise ratio

-1 to 1
-1 to 1
0 to 1
0 to 1
-∞  to ∞

Closer 
to 1
Closer 
to 1
Closer 
to 1
Closer 
to 0
As big 
Possible

0.773
0.922
0.875
0.134
29.23

Average 
Difference
Maximum 
Distance
Image 
Fidelity
Mean 
Squared error
Signal to 
noise ratio

-1  to 1
-1 to 1
0 to 1
0 to 1
-∞  to ∞

Closer 
to 1
Closer 
to 1
Closer 
to 1
Closer 
to 0
As big 
Possible

0.876
0.897
0.876
0.211
35.65

Difference

Maximum 
Distance

Image 
Fidelity

Mean 
Squared error

Signal to 
noise ratio

-1  to 1
-1 to 1
0 to 1
0 to 1
-∞  to ∞

Closer 
to 1
Closer 
to 1
Closer 
to 1
Closer 
to 0
As big 
Possible

0.76
0.879
0.86
0.23
37.98

Difference

Maximum 
Distance

Image 
Fidelity

Mean 
Squared error

Signal to 
noise ratio

-1  to 1
-1 to 1
0 to 1
0 to 1
-∞  to ∞

Closer 
to 1
Closer 
to 1
Closer 
to 1
Closer 
to 0
As big 
Possible

0.473
0.977
0.813
0.121
33.28

Difference

Maximum 
Distance

Image 
Fidelity

Mean 
Squared error

Signal to 
noise ratio

-1  to 1
-1 to 1
0 to 1
0 to 1
-∞  to ∞

Closer 
to 1
Closer 
to 1
Closer 
to 1
Closer 
to 0
As big 
Possible

0.764
0.819
0.812
0.228
5.514

Difference

Maximum 
Distance

Image 
Fidelity

Mean 
Squared error

Signal to 
noise ratio

-1  to 1
-1 to 1
0 to 1
0 to 1
-∞  to ∞

Closer 
to 1
Closer 
to 1
Closer 
to 1
Closer 
to 0
As big 
Possible

0.3653
0.892
0.787
0.145
49.22
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From the above table, it can be clearly identified that the develop 
model out performs the existing models

V. Conclusion
This paper highlights a methodology for the identification of brain 
diseases using Kumar Swamy Generalized Gamma Distribution. 
The performance of the developed model is evaluated by using 
quality metrics and segmentation metrics. The developed method 
is compared with that of the existing models based on GMM. The 
results shows that this method has better performance results.
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