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Brain tumor image segmentation is an important clinical research. It is growth of abnormal cells, includes 

various stages such as beining, malignant and normal tumor. Earlier stage of detection is necessary to 

prevent complications of loss of vision and speech. The segmentation is defined to be complicated and 

difficult task. 

For the classification of the voxels, a classifier called Support Vector Machine (SVM) is used which includes 

the supervised learning algorithm and Learning Vector Quantization (LVQ) with high diversity data like tumor 

appearance and its contour deformation. A feature vector is to be constructed in which the features for 

constructing vectors are gained from the Discrete Wavelet Transform (DWT) coefficients. This construction is 

mainly used for identifying tissue types which includes White Matter (WM), Grey Matter (GM), Cerebrospinal 

Fluid (CSF) and pathological tissues. The accuracies and the performance are provided in terms of training 

performance and the classification of accuracies. 

MRI images are visually vague and demand high diversity in tumor area. Hence, the segmentation is done 

through SVM, as it reduces classification error rate and they provide better accuracy. Future research will 

minimize the work of manual interaction and will take to exactness. 
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I. INTRODUCTION 

Image processing is widely used in medical 

applications. With the rapid development of 

digitization the medical images have been digitized 

and image processing is used to store and analyze 

the image in medical applications. It is very difficult 

through the usual techniques where the medical 

image cannot be highly interpreted and thus 

produces less accuracy results by consuming a lot 

of time. 

 Magnetic resonance imaging is an advanced 

medical imaging technique which provides almost 

accurate information about the human soft tissues 

in brain. It has various advantages when compared 

with other imaging techniques. MRI can provide 

three-dimensional data with high contrast between 

soft tissues. However, the amount of data is not 

sufficient for manual interpretation and analysis; 

hence it has been one of the major problems in the 

prominent use of MRI. 
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 Although MRI provides immense data related to 

tumor area, the segmentation of tumour is defined 

to be the complicated and difficult task. This is 

because of their heterogeneity. The heterogeneity of 

tumour makes the process complex, as they are 

having different shapes and sizes which appear at 

different location. In addition to this, noise in the 

brain also increases the complexity in segmenting 

tumor. Therefore automatic brain tumor 

segmentation is considered to provide better 

performance in which they eliminate various 

complexities in the different parts of the brain by 

utilizing this technique [1]. 

The earlier stage of detection is necessary to 

prevent the complications of loss of vision and 

speech which may lead to paralysis or even to 

death. 

 

Types of Tumor: 

The Brain tumour is classified into two main types, 

namely: 

a) Primary tumour 

b) Secondary tumour 

 

Primary Tumour: 

Primary tumor is the initial growth of the abnormal 

and the unwanted tissues in the brain. Depending 

on the concentration the primary tumor are 

classified in to two types [2]. 

(i)  Benign Tumor: 

Benign tumor is a tumor where they are having 

their boundaries or the edges in which they does 

not spread over the other parts of the body. It is 

considerably serious if they are meant to be in the 

important areas of the brain. It can step in to the 

disability and even it lead to the death [3]. 

 (ii) Malignant Tumor: 

 Malignant tumor is considered to be the most 

serious one and they develop rapidly. They affect 

the various necessary organs which even lead to 

the death. About 80% of the malignant tumors are 

referred to as the gliomas; it refers to the tumor 

which has been originating from the gilial cells of 

the brain [2]. 

 

Secondary Brain Tumor: 

 Secondary brain tumor is a tumor where the 

tumor in the brain is arisen from the other tumor 

in the body. They are mainly formed from the cells 

that have broken away from the primary tumor and 

have spread in the bloodstream to the brain. The 

primary source for the secondary tumor is the lung 

or the blood cancer [2]. 

II. EASE OF USE 

MRI utilizes the mechanism of nuclear magnetic 
resonance (NMR) in order to image nuclei of atoms 
inside the body. 
There are several typical MRI segmentation 
approaches as follows:  

1. Threshold techniques: The classification of 
each pixel depends on its own information 
such as intensity and colour information. 
Those techniques are efficient when the 
histograms of objects and background are 
clearly separated.   

2. Region-based segmentation: in which the 
concept of extracting features from a pixel 
and its neighbours is exploited to derive 
relevant information for each pixel.   

3. Statistical approaches: This method labels 
pixels according to probability values, 
which are determined based on the 
intensity distribution of the image. With a 
suitable assumption about the distribution, 

statistical techniques attempt to solve the 

problem of estimating the associated class 
label, given only the intensity for each pixel. 
Such an estimation problem is necessarily 
formulated from an established criterion.  

4. Cooperative hierarchical computation 
approach: Uses pyramid structures to 
associate the image properties to an array 
of father node, selecting iteratively the point 
that average or associate to a certain image 
value. 

5. ANN image segmentation techniques: 
Originated from clustering algorithms and 
pattern recognition methods which usually 
aim to develop unsupervised segmentation 
algorithms. 

 

 

  III. MATERIALS AND METHODS 

A.   Description 

Brain tumor MRI images are analyzed with tumor 

segmentation with division of tumor core and 

edema parts. This data is taken for evaluation with 

fivefold cross validation. 

B.   Proposed method 

In order to extract the features of the tissues to 

satisfy the segmented parts first the non-specific 

parts are removed that are not parts of the tumor 

region.  After that the filtering process is applied to 

eliminate the noise from the MRI images. A 

classifier called Support Vector Machine (SVM) is 

used to classify voxels; Support Vector Machine 

includes the supervised learning algorithm and 

class labeling method with high diversity data like 

tumor appearance and its contour deformation. On 

comparing with other techniques, Instead of using 
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Multimodal MRI images for clustering of voxels 

Support Vector Machine has been used in order to 

obtain better results. A feature vector has been 

constructed which is based on the coefficients of 

the Wavelet Transforms. This has been obtained for 

identification of tissue types which includes White 

Matter (WM), Grey Matter (GM), Cerebrospinal 

Fluid (CSF) and pathological tissues. The 

accuracies and the performance are provided in 

terms of training performance and the 

classification accuracies. 

 
Figure 1: Brain Tumor Segmentation Flow Chart 

 

C.  DWT based feature extraction 

DWT is a technique used to extract features of each 

image from brain MRI, which extracts maximum 

highlighting pixels present in images to progress 

results. Fourier series analysis chooses sinusoids 

as the basis function whereas wavelet analysis is 

based on a decomposition of a signal using an 

orthonormal family of basic functions and it is an 

interesting and relatively recent tool which has 

been discovered. Sinusoids are useful in analyzing 

periodic and time-invariant phenomena, while 

wavelets are well suited for the analysis of 

transient, time-varying signals because its energy 

is concentrated in time. Moreover, in spatial 

domain, DWT analysis also gives the best 

performance in detecting discontinuities or abrupt 

changes in signals. 

Suppose segmented image function be d (z) and d 

(z) ∈ L2(R) (Where R is the set of real numbers, 

L2(R) denotes the set of measurable, square 

integrable one-dimensional functions) related to 

wavelet function ¥(z) and scaling function £(z). A 

wavelet series expansion is similar in form of the 

well-known Fourier series expansion. It maps a 

function of a continuous variable into a sequence 

of coefficients. If the function being expanded is a 

sequence of numbers, such as samples of a 

continuous function d (z), the resulting coefficients 

are called the DWT of d (z). The DWT transform pair 

is defined as  

 

W£ (j0, k) = 1/√M ∑d (z) £j0,k(z)                                           (1) 

                                Z  

 

W¥ (j, k) =1/√M ∑d (Z) ¥j,k(Z);          for j ≥ j0                     

(2) 

                             Z  

And 

                                                                                 1 

f (z) =1/√M  ∑W£ (j0,k) £j0,k  (z)+1/√M  ∑W¥ (j,k) ¥j,k (z)      
(3) 
                      k                                                    j=j0   

 

 

Where d (z), £j0, k (z) and ¥ j, k (z) are functions of 

the discrete variable z = 0, 1, 2… M− 1. Letj0 = 0, 

and select M (the length of the discrete samples of 

d(z)) to be a power of 2 (i.e. M= 2j) so that the 

summations are performed over z = 0, 1, 2, …, M− 

1, j = 0, 1, 2, …, J − 1, and k=0, 1, 2, …, 2j − 1. The 

transform itself is composed of M coefficients, the 

minimum scale is 0, and the maximum scale is J − 

1. The coefficients defined in (3, 4) are usually 

called approximation and detail coefficients, 

respectively. The process of computing these 

coefficients is referred as DWT analysis. On the 

other hand, DWT synthesis (or inverse DWT) is 

defined by (5) to reconstruct d (z) with these 

coefficients. Finally, it should be remembered that 

(3–5) are valid for orthonormal bases and tight 

frames alone. 

 

When we apply DWT on an image, it divides the 

image into frequency components. The low 

frequency components are approximate 

coefficients holding almost the original image i.e. 

Tumor area and high frequency components are 

detailed coefficients holding additional information 

about the image i.e. white matter, grey matter, etc. 

SVM 
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Low frequency corresponds to just the structural 

or predominant information of the image 

while high frequencies corresponds to the edges of 

the image.  These detailed coefficients can be used 

to analyze the image.  

After the conversion we manipulate high frequency 

component to keep the required regions strictly 

visible. These high frequency image data is further 

retrieved in extraction procedure to serve the 

purpose of analysis. This way, we can eliminate 

extraneous information, but there is also a great 

benefit that the DWT is lossless. 

 

 IV. RESULTS AND DISCUSSIONS 

A. MRI Input 

The main purpose of MRI in medical imaging 

technique is mainly to study about the detailed 

internal structures. MRI utilises the mechanism of 

nuclear magnetic resonance (NMR) in order to 

image nuclei of atoms inside the body. Magnetic 

Resonance Imaging allows images of internal 

anatomy to be acquired in a safe and non-invasive 

way to analyse it in much better way. The main 

idea behind this principle of NMR is to allow the 

different type of visualizations to perform. It 

provides various data on the tumor region as it 

reveals different parts in tumor area with wide 

variety of visuals. 

 

 

Figure 2: Input Image 

B. Pre-processing 

The noise removal is essential technique in process 

of image segmentation. The noise can be eliminated 

by various approaches some of it includes 

structuring elements, various types of filters. 

Anisotropic Diffusion Filter uses the law of 

diffusion on pixel intensities to smooth the textures 

in an image. A threshold function is used to 

prevent diffusion to occur across edges, and hence 

it preserves edges in the image (unlike for instance 

Gaussian blur filter.) This makes it very interesting 

if you want to remove noise, but do not want to 

smooth out the edges of your image, for instance if 

you want to use these to segment the image, 

without being perturbed by noise. 

 

 
 

Figure 3: Preprocessed Image 

C. Image Segmentation 

The image segmentation is the division or 

separation of the image into regions of similar 

features. The definitive aim in image processing 

applications is to extract important attributes from 

the image data, from which a descriptive, 

interpretative, or understandable prospect can be 

achieved by the machine. There are various 

methods used for image segmentation. Some of 

them are thresholding, region growing, classifier, 

clustering, artificial neural networks, deformable 

models, atlas-guided approaches, level set 

methods. In a sequence of image processing 

operations thresholding is used as an initial step [6], 

[7]. 

Classifier methods which are usually supervised 

methods are pattern recognition techniques which 

partitions a feature space derived from the image 

by using data with known labels. A simple classifier 

is used which is the nearest-neighbor classifier, in 

which each pixel is classified in the same class as 

the training datum with the closest intensity [8]. 

 

 
 

Figure 4: Image Segmentation 
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First we have to distinguish whether we want to 

classify data or cluster. If we are interested in 

classification we should not use an unsupervised 

learning scheme, as data cluster may not match 

class distributions. For class distributions we need 

to apply learning vector quantize or SVM. These are 

supervised learning models with associated 

learning algorithms that analyses data for 

classification and regression analysis. In K-means 

clustering, clusters are formed through centroid 

and cluster size whereas in unsupervised learning 

it is done geometrically.  

 

 
 

Figure 5: Discrete Wavelet Transform Operation 

 

In this paper, the segmentation is done by using 

wavelet based histogram thresholding where, the 

threshold value is chosen by performing 2-D 

wavelet based analysis. We currently have used 

fusing the images using the Daubechies mother 

wavelet. 

It is based on the use of recurrence relations to 

generate finer discrete samples of mother wavelet; 

each resolution is twice that of previous one [10]. 

The basis behind the 2D DWT is that it is known as 

a multi-resolution transform. It analyzes our 

signal and decomposes our signal into multiple 

scales / sizes and features. Each scale / size has a 

bunch of features that describe something about 

the signal that was not seen in the other scales [4]. 

 

 
 

Figure 6: Bank of filters iterated for the DWT standard 

 

The input data is then passed through set of low 

pass and high pass filters. Increasing the rate of 

already sampled signal is called up sampling 

whereas decreasing the rate is called down 

sampling. The output of high pass and low pass 

filters are down sampled by 2. 

 For MATLAB, dwt2 outputs of four different 

variables which correspond to the variable names 

of the output of dwt2: 

 LL - Low-Low. This means that the vertical 

direction of your 2D image / signal is low-pass 

filtered as well as the horizontal direction. 

 LH - Low-High. This means that the vertical 

direction of your 2D image / signal is low-pass 

filtered while the horizontal direction is 

high-pass filtered. 

 HL - High-Low. This means that the vertical 

direction of your 2D image / signal is 

high-pass filtered while the horizontal 

direction is low-pass filtered. 

 HH - High-High. This means that the 

vertical direction of your 2D image / signal is 

high-pass filtered as well as the horizontal 

direction.  

In 1D-DWT average of fine details in small area is 

recorded. In case of 2D-DWT we first perform one 

step of the transform on all rows. The left side of 

the matrix contains  

Next we apply one step to all columns.  This result 

in four types of coefficients: LL, HL, LH, HH. 

 

 
Figure 7: First stage of step 1 wavelet decomposition 

 
Figure 8: Final stage of step 1 wavelet decomposition 

 
Figure 9:2-step decomposition 

D. Classification:  

 

 
Figure 10: Classification of Brain 
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The proposed classification method is based on 

Softmax regression model which is acting or 

classified against the tumor tissues in order to 

differentiate the tumor area and the other parts of 

the brain. The proposed classification method 

requires no explicit regularization because the 

patch feature contains the contextual information 

of voxels in the image. The proposed method leads 

a natural smoothness to the segmentation results 

without explicit regularization by using this 

contextual information.  

The bounding box method is based on the 

property of the symmetrical structure of the brain 

i.e. left and right lobes of the brain. Assumption is 

made that tumor is located in one of the two halves 

of the brain. One half acts as reference image while 

other as test image. From all the pairs, the pair (m, 

n) is found for which difference (E (m)-E (n)) is 

maximum. This defines the boundary of bounding 

box. The score plot function is defined by the 

Bhattacharya coefficient. The proposed method 

leads a natural smoothness to the segmentation 

results. 

V. PERFORMANCE EVALUATION 
 

Detection of brain tumor has got a very important 

role in the treatment and its cure. The existing 

classification method has less limitations regarding 

accuracy, exactness and requires manual 

interactions. 

 
 

Figure 11: Segmented Tumor Image 

The proposed method leads a natural 

smoothness to the segmentation results. Then the 

segmented tumour is seen separately with the help 

of SVM classifier based on supervised learning 

mechanism. 

 

VI. CONCLUSION 

Nowadays the applications of image processing can 

be found in areas like electronics, remote sensing, 

bio-medical and so on. In this paper various 

existing segmentation methods for brain MR image 

have been discussed. In addition to tumor 

heterogeneity, tumor edges can be complex and 

visually vague. Hence we use discrete wavelet 

transform and support vector machine to identify 

tumor with much better accuracy. Tumor 

subclasses can also be detected using 

segmentation, which makes the diagnosis easier. 

Introducing such system has various applications 

in the field of cancer treatments.   

REFERENCES 

[1] J. J. Corso, E. Sharon, S. Dube, S. El-Saden, U. 

Sinha, and A. Yuille, “Efficient multilevel braintumor 

segmentation with integrated Bayesian model 

classification”, IEEE Trans. Med Imag., vol 27, no.5, 

pp.629-640, May 2008. 

[2] M. B. Cuadra, C. Pollo, A. Bardera, O. Cuisenaire, J. 

G.Villemure, and J. P. Thiran, “Atlas-based 

segmentation of pathological MR brain images using 

a model of lesion growth “. 

[3] C. L. Biji, D. Selvathi, and A. Panicker, “Tumor 

detection in brain magnetic resonance images using 

modified thresholding techniques,” Commun. 

Comput. Inform. Sic., vol. 4, pp. 300–308, 2011. 

[4] Prof. Mark Fowler, Department of Electrical 

Engineering, State University of New York at 

Binghamton “Wavelet Transform Theory” 

Presentation.  

[5] Mrs. Archana S. Vaidya, Pooja N. More., Rita K. 

Fegade, Madhuri A. Bhavsar, Pooja V. Raut, GES‟s 

R. H. Sapat College of Engineering, Management 

Studies and Research, Nashik, “Image 

Steganography using DWT and Blowfish Algorithms”, 

IOSR Journal of Computer Engineering (IOSR-JCE) 

e-ISSN: 2278-0661, p- ISSN: 2278-8727 Volume 8, 

Issue 6 (Jan. - Feb. 2013), PP 15-19. 

[6] Polakowski W. R, Cournoyer D. A, Rogers S. K, et. 

al., “Computer-aided breast cancer detection and 

diagnosis of masses using difference of Gaussians 

and derivative-based feature saliency,” IEEE 

Transaction on Medical Imaging, 1997.  

[7] Cheng H. D, Lui Y. M, Freimanis R.I, “A novel 

approach to microcalcification detection using fuzzy 

logic technique,” IEEE Transaction Medical Imaging, 

1998.  

[8] Engr. V. C. and Chijindu , “Medical Image 

Segmentation Methodologies A Classified Overview,” 

African Journal of Computing & ICT., 2012.  

[9] Ju Cheng Yang, Jin Wook Shin, and Dong Sun 

Park., “Comparing Study for Detecting 

Microcalcifications in Digital Mammogram Using 

Wavelets,” LNCS 3177, pp. 409–415, 2004. 

[10] Wei Ping Li Junli, Zhao Shanxu,Lu Dongming,Chen 

Gang, “A Method of Detection Micro-Calcifications in 

Mammograms Using Wavelets and Adaptive 

Thresholds,” The second International Conference 

on Bioinformatics and Biomedical Engineering, 

ICBBE 2008, pp.2361 – 2364, 2008. 



 

 
18     Volume 3 | Special Issue 02 | March 2017 | ISSN:2455-3778 | www.ijmtst.com/nccit2017.html  

 

 

Proceedings of National Conference on Computing & Information Technology (NCCIT-2017) 
 

[11] Mallat, S., “A theory for multiresolution signals 

decomposition: The wavelet representation,” IEEE 

Trans. Pattern Anal. Mach. Intell., Vol. 11, No. 7, pp. 

674–693, 1989. 

[12] Daubechies, I., “Orthonormal bases of compactly 

supported wavelets,” Commun. Pure Appl. Math., 

Vol. 41, No. 7, pp. 909–996, 1988. 

[13] Anbeek, P., Vincken, K.L., Viergever, M.A.: 

„Automated MS-lesion segmentation by K-nearest 

neighbor classification‟, Midas J. MS Lesion 

Segmentation (MICCAI 2008 Workshop), 2008 

 


