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ABSTRACT
The article presents a new method to find the abnormal growth of brain tissue is the challenging task. Earlier
days the tumour was calculated manually. But it will take long time and reduce the accuracy. To overcome the
drawback automatic brain segmentation was implemented. The tumour detection is performed in the following ways.
Acquiring of MRI brain image is the first step, and then it is processed to remove the unnecessary noise present in
the acquired image. Further the SWT (Stationary Wavelet Transform) helps to extract features from the pre-
processed image. In the last stage, Self-Organizing Map (SOM) & PNN Classifiers are employed to categorize the
usual and irregular tissues.
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1. INTRODUCTION

Brain tumour can be identified using symptoms that depend on the part of brain and also symptoms such as

headache, leisure, trouble with vision, nausea and cerebral changes. The brain tumour occurs due to the following
unknown factor like genetic reason, exposure to vinyl chloride, and ionizing radiation. They are two types of tumour
called primary tumour and secondary tumour. Gliomas and meningiomas are the primary tumour which occurs in
adults. Benign or cancerous tumour are called as Primary tumours. Schwannomas is a type of secondary tumour
which occurs in both men and women. They start in one part of the body and spread through brain. Secondary tumour
is known as malignant tumour. Age, race, chemical exposure and exposure to radiation are also the reason for
tumours. The computer aided segmentation is performed on X-ray images, which is obtained from different
perspectives and can be combined using CT scans to create the slices of the bones, blood vessels and soft tissues
inside the body. The CT scanned images gives more details than X-rays. MRI scanner applies a very strong magnetic
field which aligns the proton spins. The MRI scanner use to create pictures of tissues using magnetic and radio waves
that can be view through the computer, there is no exposure to X-rays or any damages forms of radiation. MRI scan
can be different from CT scan. No ionization radiation is produced in MRI scan because they are more able to
illustrate all soft tissues and higher density tissues. MRI scan can give more anatomically detailed images of joints,
the brain and spinal cord. It gives clear view of normal and abnormal tissues; it is possible to distinguish cystic
lesions from malignant tumours, to identify areas of infectivity and tenderness and for estimation of joint tendons
tears.
Literature Review: Tobias Guenther (2009), Stroke injury or tumour leads to brain injury which affects the visual
system. The reconstruction of the visual field is possible but it is difficult and sometimes the homogeneity distribution
in the visual system fails. The problem can be avoided with the help of TOPM model and SOM classifier for data
examination. Thus the visual field topography was improved by the TOPM.

Tao Song (2007), suggested a new method called as probabilistic neural network (PNN). The proposed
method uses Covariance matrix for smoothing of PNN kernel function. The probability density function is estimated
using WPNN. Next it uses SOM (Self Organizing Map) to perform classification of an MRI brain image.

Shaheen Ahmed (2011), the different features like intensity fractal texture and level set segmentation is used
to find the posterior fossa PF tumour from paediatric patients. The tumour portion form abnormal brain MRI image
is obtained by using four different features and three different algorithms. The features is ranked with the help of
Kullback Leibler divergence method and expectation maximization algorithm. The new established algorithm gives
good result.

Javad Alirezaie (1998), in this paper they have presented an unsupervised clustering technique for magnetic
resonance MR of multispectral images of the human brain. A set of codebook vectors can be obtained for mapping
the features by using the Self Organizing Feature Map SOFM. The classification can be done by the mapping of
features using the neural network. Skull stripping is a method prior to the segmentation which is generally used for
the clear view between the skull and cerebrum, during this process the skull part can be separated from the brain
tissues. The implemented method classify abnormal brain image into three tissues like white matter gray matter and
cerebral spinal fluid CSF. Finally the ¢ means clustering is done for the comparison of the results with other methods.
Existing Method:

Discrete Wavelet Transform: DWT is one of the linear transformation operations, which can be performed on data
vector. The length of the data vector is integer power of two. In this, it can separate data into different frequency
components, and then studies each element with resolution matching the exact scale. Multi-atlas method is a feature
used in multiscale representation to calculate the specified location for new images. Then, a initial estimation of the
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shape is extracted using data driven segmentation scheme. The formerly obtained form in learned shape space is
regularized by multiscale shape constraints
Self-Organizing Maps: One of the unsupervised competitive learning algorithm for automatic segmentation is
SOM.

Working of SOM Algorithm: The Self-Organizing Map algorithm can be done by 4 following steps:

. Each node’s weight is initialized and a vector is selected in a random manner from the set of training data
and used in the network.

° Each node is compared with input vector in order to find the similarity between the two nodes. The winning
vector is found based on the similarity, which is called as Best Matching Unit (BMU).

° The radius of the neighbourhood is calculated by the BMU. Generally this value starts large and slowly
decreases by comparing the other nodes.

. Any node found between the radius of the BMU is adjusted to make like the input vector. The closer node

has more weight.
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Fig.1. Self-organising map output

2. PROPOSED METHOD:

Stationary Wavelet Transform: Translation invariance is one of the main drawback in Discrete Wavelet transform,
thus in order to overcome this, a new wavelet design known as Stationary Wavelet transform is used. Accurate time
frequency localization is achieved with the help of SWT. Because it does not use down sampling and makes it is
easy to design. The input is processed by high and low pass filters. Sequence length will the same as in DWT and
provides redundant information. SWT is time invariant; hence it provides accurate time frequency localization.
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Pre-processing: It is one of the basic methods to improve the quality of image. The image quality is affected due to
artifact occurs in medical imaging, huge amount noise.
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Fig.3. Pre-processed image output
Gray Scale Contrast Enhancement: Image interpretation and understanding the image for further processing is the
main aim of gray scale contrast enhancement. This process makes image brighter and improves visual details in the
image.
Noise Removal: Spatial resolution and contrast rendition are the main parameters that are affected by noise. This
makes the image to be low in visibility and sharpness.
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Fig.4. Decompsition and initial step of feature extraction
Gray level Co-Occurrence Matrix: Gray level co-occurrence matrix is a texture examining method for identifying
different textures using pixel relationship process. Textures are identified by calculating the pixel pairs with specific
values and then extracting statistical measures using GLCM.
Texture Features:
Energy: Energy is the disorder in texture image that is detected by calculating the amount of homogeneousness in

the image. Energy (u) is
=/ M) 5 ) B

i=1j=1
Entropy: Entropy is the measure of complexity of image. Higher level of entropy is obtained only for complex
textures. Entropy (f3) is
f3=>" ) pd,0G))log(pd 66, )
i=0 j=0
Contrast: Contrast can be calculated by estimating the shadow of the texture and its local variance. Gray level co-
occurrence matrix measures (GLCM) assist to find the Contrast (f2) is

f2 =302 n? {15 212 pd, 00, )}, where n = |i — |
Correlation: Joint probability occurrence used to measure the correlation for a specified pixel pairs.
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Homogenity: Closeness of distribution element in GLCM to GLCM diagonal used to measure the homogeneity.
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Table.1. Values extracted for different parameters
S.No. Energy Contrast | Correlation | Homogeneity | Entropy
1 (Normal) 0.0000 (LH) | 0.9000 | 0.0000 0.0001 0.0004
0.0000 (HL) | 1.5094 | -0.0000 0.0000 0.0004
2 (Normal) 0.0000 0.4880 | 0.0000 0.0000 0.0006
0.0000 1.1052 | 0.0000 0.0000 0.0006
3 (Benigin) 0.0000 0.7191 | 0.0000 0.0000 0.0005
0.0000 1.0925 | 0.0000 0.0000 0.0005
4 (Benign) 0.0000 0.9941 | 0.0000 0.0000 0.0005
0.0000 1.6160 | -0.0000 0.0000 0.0005
5 (Normal) 0.0002 0.0001 | 0.0004 0.0006 0.0042
0.0002 1.0005 | 0.0001 0.0005 0.0049
6 (Benign) 0.0000 0.9941 | 0.0000 0.0000 0.0005
0.0000 1.6160 | -0.0000 0.0000 0.0005
7 (Benign) 0.0003 55174 | 0.0004 0.0007 0.0035
0.0003 6.9899 | 0.0002 0.0006 0.0037
8 (Benign) 0.0000 0.9830 | 0.0000 0.0000 0.0005
0.0000 1.4694 | -0.0000 0.0000 0.0006
9 (Malignant) | 0.0000 0.9439 | 0.0000 0.0000 0.0005
0.0000 1.5441 | 0.0000 0.0000 0.0005

Probabilistic Neural Networks: The proposed method uses the feed-forward neural network type called
Probabilistic neural network (PNN) for pattern recognition problems. The approximation of parent probability
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distribution function in each class is done by a Parzen window. Probability of the new input data is projected by PDF
and then Bayes’ rule is used to allocate highest posterior probability of the class. Thus mis-classification reduced.
An algorithm called Kernel Fisher discriminant algorithm helps to design the PNN model using Bayesian network
and it has four layers namely Input layer, Hidden layer, Pattern layer/Summation layer, Output layer.

Input layer: Inputs are received from the previous process (i.e. Wavelet). The inputs are categorized in the form of
N number of categories. When there are N numbers of categories there will be N-1 neurons.

Pattern layer: In pattern layer each neuron consist of a training set. Predictor variables are stored along with the
target value. Euclidean distance of the case is found and from this radical functions are determined.

Summation layer: The weighted value of hidden neuron is fed only to the pattern neuron that corresponds to the
hidden neuron’s category and corresponding values are added by the pattern neurons for the class represented.
Output layer: Comparison of weighted values is done in the output layer.
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Fig.4. Final segmented output

3. CONCLUSION

Segmentation and time consumption is a challenging task from MRI data. Generally, boundaries of different
tissues in MRI brain images are not clear because white and gray matter intensities were very close which makes the
boundary identification to be difficult. We have proposed a method that can overcome the difficulty of accuracy and
diagnosis time and results with increased yield. By comparing the results of SOM and PNN, our proposed method
(PNN) has higher performance than the existing method (SOM).
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