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Abstract 

In Magnetic resonance imaging (MRI), the technology 
has played a major role in improving image quality. 
Image segmentation is one of the most important tasks 
in medical image analysis and is often the first and the 
most critical step in many clinical applications. In last 
few decades, various segmentation techniques of 
different accuracy and degree of complexity have been 
developed and reported in the literature. The aim of the 
work is to segment the brain MRI by incorporating the 
Empirical Wavelet Transform (EWT) to identify brain 
tumour cells. The method is applied to assist the 
diagnosis of brain by detecting the tumour cells present 
in the abnormal brain image. EWT is used to 
decompose the image into a number of sub-band 
images. Gabor filter is a linear filter which is used to 
extract the texture information and perform feature 
analysis. After feature extraction, these features are 
trained and classified using support vector machine 
(SVM) classifier. The shot of the suggested approach  
gives the better identification of the tumour cells. 
 

.Keywords: frequency extraction, EWT, Gabor filter, 
classifier, segmentation. 
 

INTRODUCTION 

 

In the medical field, image segmentation for medical 
diagnosis has been playing a vital role. In computer 
vision, image segmentation is the process of 
partitioning a digital image into multiple segments 
(sets of pixels, also known as super-pixels). The more 
easier and  meaningful way of analyzing a medical 
image can be imparted by means of image segmentation 
which has the main objective of simplifying and/or  
changing the representation of the image. Image 
segmentation is typically used to locate objects 
and boundaries (lines, curves, etc.) in images. 
Decisively, image segmentation is the advancement of 
assigning a label to each and every pixel in an image, in  
 
 
 
 
 
 
 

 
 
 
 
consequence of which pixels with the same label share 
certain characteristics. 
The outcome of image segmentation is a set of 
segments that inclusively cover the entire image, or a 
set of contours extracted from the image. Each of the 
pixels in a region are similar with respect to some 
characteristic or computed property, such 
as color, intensity, or texture. Adjacent regions are 
substantially different with respect to the same 
characteristic(s). When applied to a stack of images, 
typical in medical imaging, the resulting contours after 
image segmentation can be used to create 3D 
reconstructions with the help of interpolation algorithms 
like marching cubes. 

Some of the practical applications of image 
segmentation are: 1.Content-based image retrieval 
2.Machine vision 3.Medical imaging including volume 
rendered images from computed 
tomography and magnetic resonance imaging. In 
medical imaging, image segmentation process is used to 
locate tumors and other pathologies, measure tissue 
volumes, diagnosis, study of anatomical structure, 
surgery planning, virtual surgery simulation, intra-
surgery navigation. 

Much significance has been generated in contemporary 
years in the field of image analysis and is becoming 
more and more demanding. In this context, variety of 
segmentation techniques have been probed in the 
literature involving Histogram Thresholding, Edge 
Detection, Region Growing, Watershed Transformation 
, Clustering and Soft Computing techniques. Soft 
Computing techniques involve image segmentation 
using Genetic algorithms, Fuzzy Logic techniques and 
Neural Network based approaches. 

The examination of brain disorders requires meticulous 
tissue segmentation of brain MRI images. The tissues 
are segmented into WM, GM, CSF and tumor region by 
adopting segmentation method. Brain image 
decomposition has been done by EMD as yet. Now here 
we are using unique method called Empirical Wavelet 
Transform (EWT).  A number of techniques have been 
used for the detection of brain tumor using feature 
extraction and clustering approach. Sandeep Chaplot et 
al., 2006 proposed a method for the classification of 
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magnetic resonance (MR) brain images by employing 
wavelet as an input to self-organizing maps and support 
vector machine in which author has applied this method 
to axial T2-weighted images and SVM classifier is used 
for detection of brain tumor. These extracted features 
are skilled using SVM classifier in training mode. The 
same features are extracted from test brain image and 
classified with trained patterns using SVM classifier in 
classification mode. The main objective of this work is 
to estimate the performance of an adaptive image 
decomposition technique based on EWT. 
 

RELATED WORKS 

 

In magnetic resonance imaging (MRI), the low-
resolution (LR) is commonly encountered due to 
acquisition constrains like limited sampling time or 
moving subjects. These LR may seriously have an effect 
on the post-processing and medical diagnosis. To   
restore a high-resolution   (HR)   image   from   its low-
resolution version, super-resolution technologies have 
been widely used in MRI. Super-resolution techniques 
can be roughly grouped into two main categories: 
Interpolation and non-interpolation. Edge structures [16] 
of medical images have a distinctly significant impact on 
visual scenes to become aware of suspicions, categorize 
malformations and make diagnosis. Hence, it is valuable 
to consider edge factor [16]  in image super-resolution. 
Variant prior information beyond a single image is 
expected to improve the image resolution. An efficient 
interpolation method [1] that establishes gradient 
relations between the LR image and HR reference image 
with distinguishable contrast was proposed in the remote 
sensing. This proposed process [1] has a simple but 
effective non-iterative linear model, and does not require 
training sets. Image edges were interpolated well enough 
in line with the reported results. This model employed 
by Hong Zheng, Kun Zeng, Di Guo, Jiaxi Ying, Yu 
Yang, Xi Peng, Feng Huang, Zhong Chen, Xiaobo Qu is 
known as the Super-Resolution of using Gradient 
Relations (SRGR) model [1]. The SRGR delivers a 
promising direction to model relationship between the 
multi-contrast images as a result of  its fast computing 
and attractive performance. The objective of the work is 
to model the gradient relations of  multi-contrast MRI 
images and enhance MRI super-resolution. Here, we 
proposed a new gradient linear relation model for multi-
contrast brain MRI super-resolution, which was 
encouraged by SRGR. The gradient information on 
edges of a HR reference is used to mentor the 
interpolation of a LR MRI image. To further improve 
the resolution, the non-local similarity of image patches 
is incorporated to robustly evaluate the intensity 
parameter of the model and the Iterative Back-Projection 
(IBP) filter is implemented. Experimental results will 
verify more promising results for the method than the 
compared MRI interpolation approaches. 
 

 

Magnetic resonance (MR) imaging is increasingly being 
used to assess brain growth and development in infants. 
Such studies are often   based on quantitative analysis of 
anatomical segmentations of brain MR images. 
However, the large changes in brain shape and 
appearance associated with development, the lower 
signal to noise ratio and partial volume effects in the 
neonatal brain present challenges for automatic 
segmentation of neonatal MR imaging data. A 
framework for accurate intensity-based segmentation of 
the developing neonatal brain, from the early preterm 
period to term-equivalent age, into 50 brain regions. 
Novel segmentation algorithm that models the intensities 
across the whole brain by introducing a structural 
hierarchy and anatomical constraints. Antonios 
Makropoulos, Ioannis S.Gousias, Christian Ledig, Paul 
Aligabar, Ahmaed Serag, Joseph V. Hajnal, A. David 
Edwards, Serena J.Counsell and Daniel Rueckert  
defined 
the process [10] as “Automatic Whole Brain MRI Brain 
Segmentation of the Developing Neonatal Brain” 
  
A data-driven probabilistic framework that 
simultaneously performs atlas-guided segmentation of a 
heterogeneous set of brain MR images and clusters the 
images in homogeneous subgroups, while constructing 
separate probabilistic atlases for each cluster to guide the 
segmentation. The main benefits of integrating 
segmentation[2] [3] [4], clustering [1] [5] and atlas 
construction [8] in a single framework are that: 1) our 
method can handle images of a heterogeneous group of 
subjects and automatically identifies homogeneous 
subgroups in an unsupervised way with minimal prior 
knowledge, 2) the subgroups are formed by automatic 
detection of the relevant morphological features based 
on the segmentation, 3) the atlases used by our method 
are constructed from the images themselves and 
optimally adapted for guiding the segmentation of each 
subgroup, and 4) the probabilistic atlases represent the 
morphological pattern that is specific for each subgroup 
and expose the group wise differences between different 
subgroups. the feasibility of the proposed framework 
and evaluate its performance with respect to image 
segmentation, clustering and atlas construction on 
simulated and real data sets including the publicly 
available Brain Web and ADNI data. 
 
Pim Moeskops, Max A. Viergever, Adriënne M. 
Mendrik Linda S. de Vries, Manon J. N. L. Bender, 
Ivana Išgum    [11] proposed a method for the automatic 
segmentation of MR brain images into a number of 
tissue classes using a convolutional neural network. To 
ensure that the method obtains accurate segmentation 
details as well as spatial consistency, the network uses 
multiple patch sizes and multiple convolution kernel 
sizes to acquire multi-scale information about each 
voxel. The method is not dependent on explicit features, 
but learns to recognise the information that is important 
for the classification based on training data. The method 
requires a single anatomical MR image only. 
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Atlas-based approaches have demonstrated the ability to 
automatically identify detailed brain structures from 3-D 
magnetic resonance (MR) brain images. Unfortunately, 
the accuracy of this type of method often degrades when 
processing data acquired on a different scanner platform 
or pulse sequence than the data used for the atlas 
training. Xiao Han, Bruce Fischl [8] introduced a 
measure that improves the performance of an atlas-based 
whole brain segmentation method by introducing an 
intensity renormalization procedure that automatically 
adjusts the prior atlas intensity model to new input data. 
Validation using manually labeled test datasets has 
shown that the new procedure improves the 
segmentation accuracy (as measured by the Dice 
coefficient) by 10% or more for several structures 
including hippocampus, amygdala, caudate, and 
pallidum. 
 
Susceptibility-weighted imaging (SWI) venography can 
produce detailed venous contrast and complement 
arterial dominated MR angiography (MRA) techniques. 
However, these dense reversed-contrast SWI venograms 
pose new segmentation challenges. Silvain Bériault, 
Yiming Xiao, D. Louis Collins, G. Bruce Pike [6] 
presented an automatic method for whole-brain venous 
blood segmentation in SWI using Conditional Random 
Fields (CRF). The CRF model combines different first 
and second order potentials. First-order association 
potentials are modeled as the composite of an 
appearance potential, a Hessian-based shape potential 
and a non-linear location potential. Second-order 
interaction potentials are modeled using an auto-logistic 
(smoothing) potential and a data-dependent (edge) 
potential. Minimal post-processing is used for excluding 
voxels outside the brain parenchyma and visualizing the 
surface vessels. 
 
 

LIMITATIONS OF EXISTING SYSTEM 

 

1. Accuracy is less. 
2. Tumor cells cannot be identified. 
 

PROPOSED SYSTEM 

 

Fractional Empirical wavelet transformation is used to 
analyse the noisy MRI images of brain. The Empirical 
Wavelet Transform (EWT) aims to decompose an 
image on wavelet tight frames which are built 
adaptively. The advantage of this empirical approach is 
to keep together some information otherwise it would 
be split in the case of dyadic filters. EWT is a standard 
procedure used to disintegrate the image into a number 
of sub band images. After feature extraction, these 
features are disciplined and classified using   
Support vector machine (SVM) classifier.  
 
 
 

The performance of the proposed approach is ranked by 
comparing it with some existing algorithms in terms of 
accuracy, sensitivity, and specificity. To enhance the 
spectral resolution are distribution means of the time-
frequency plane information and a classic wavelet 
analysis are incorporated using the synchro-squeezed 
wavelet transform. With a latterly endorsed transform 
called empirical wavelet transform (EWT) is used. The 
EWT is a rapid and entirely adjusting wavelet 
technique. The scaling function and wavelets accept 
themselves according to the message contained in the 
evaluated signal, and no former message regarding the 
signal is required. Similar to EMD, EWT is a entirely 
modifying signal analysis approach that can be 
conveniently used. However, Empirical Wavelet 
Transform has a firm mathematical support and also 
powerful than the empirically defined EMD. The 
extracted high frequency images are then processed by 
gabor filter. 
  
Gabor filter is the enforcement of the Gabor transform 
which is a interim Fourier transformation with Gaussian 
window for diagnosis in the spatial domain. The 
distortion data of content adaptive image stenography 
interfuse the texture information of the image. On 
enclosing there instigates texture anomaly in an image. 
This texture anomaly can be discriminated by the Gabor 
output obtained by 2D Gabor filtering. The two 
dimensional Gabor filter exemplifies the texture 
information because of its spatial selectivity and 
orientation. Further the statistical parameters are then 
estimated from the gabor filtered images. Latter 
obtaining the statistical parameters, the process next 
pursues with the SVM. 
 
In machinelearning, support-vector 
machines are administered learning models with 
correlated learning algorithms that analyze data used 
for classification and regression analysis. Given a set of 
training instances, each marked as belonging to one or 
the other of two categories, an SVM training algorithm 
fabricates a model that assigns new examples to one 
group or the other, building it a binary linear classifier 
which is non-probabilistic (despite approaches such 
as scaling exist to adopt SVM in a probabilistic 
classification setting). An SVM model is a 
representation of the examples as points in space, 
mapped so that the examples of the independent 
categories are divided by a clear gap that is as vast as 
possible. New examples are then mapped into that same 
space and envisioned to belong to a category based on 
which side of the gap they fall. The classifiers are then 
used to extract the favourable and profitable 
information from the data sets such as images. 
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Figure 1 

 

A.EMPIRICAL WAVELET TRANSFORM 

 

The advantage of this empirical approach is to keep 
together some information otherwise it would be split in 
the case of dyadic filters Empirical wavelet transform is 
built adaptively to decompose an image on wavelet tight 
frames . It is a method which is used to analyse the noisy 
MRI images of brain.. EWT is a standard procedure 
used to disintegrate the image into a number of sub band 
images. It adaptively adjust the wavelet technique by 
firm mathematical support.  
EWT is a entirely modifying signal analysis approach 
that can be conveniently used 
 

The performance of the proposed approach is ranked by 
comparing it with some existing algorithms in terms of 
accuracy, sensitivity, and specificity. To enhance the 
spectral resolution are distribution means of the time-
frequency plane information and a classic wavelet 
analysis are incorporated using the synchro-squeezed 
wavelet transform. With a latterly endorsed transform 
called empirical wavelet transform (EWT) is used.  
 
 
   

 
. 

Figure 2 

 

 

According to figure 1 the input source image figure 2 is 
processed by emipirical wavelet transform to  extract 
images at different frequencies . it helps to separate 
tumour cells from the normal cell  .fig 3 is the 
processed outcome of the source image. 

 
Figure 3 
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B.GABOR FILTER 

 
In this note, the Gabor filter is reviewed. The Gabor 
filter was originally introduced by Dennis Gabor. Gabor 
filter is the implementation of the Gabor transform 
which is a short term Fourier transformation with 
Gaussian window for analysis in the spatial domain. 
The distortion information of content adaptive image 
steganography includes the texture information of the 
image. On embedding there causes texture anomaly in 
an image. This texture anomaly can be characterized by 
the Gabor output obtained by 2D Gabor filtering. 

 
                                      Figure 4 

 
Gabor filters are directly related to Gabor wavelets, 
since they can be designed for a number of dilations and 
rotations. The filters are convolved with the signal, 
resulting in a so-called Gabor space. It is applied for 
facial expression recognition. Gabor filters have been 
widely used in pattern analysis. The Gabor space is very 
useful in image processing applications such as optical 
character recognition, iris recognition and fingerprint 
recognition. 

The extracted Gabor filtered image fig 4 is then 
captured statistically for detection of edges, contrasting 
normal cells with tumour cells  and analyzing the 
quality of filtered images. 
 
C.SUPPORT VECTOR MACHINE 

 

Support Vector Machines (SVMs) have been 
considerably researched in the data mining and machine 
learning communities for the last decade and 
assiduously applied to applications in diverse domains. 
SVMs are consistently used for learning about 
regression, classification, or ranking functions, because 
of which they are called classifying SVM, support 
vector regression (SVR), or ranking SVM (or Rank 
SVM). Two significant properties of SVMs are that 
SVMs achieve  
(1) high generalization by maximizing the margin and  

(2) support an efficient learning of nonlinear functions 
by        kernel trick. 
For classification, nonlinear kernel functions are often 
used to transform input data to a high-dimensional 
feature space in which the input data become more 
separable compared to the original input space. 
Maximum-margin hyperplanes are then created. 
Similarly, the model induced by Support Vector 
Regression ignores any training data that is close to the 
model prediction. SVMs are hence also said to belong 
to “kernel methods”. SVMs have revealed competitive 
performance in various real-world applications, like 
bioinformatics, face recognition, text mining, and 
image processing, which has provided SVMs as one of 
the state-of-the-art tools for machine learning and data 
mining, along with distinct soft computing techniques, 
e.g., neural networks [12] and fuzzy systems [2] [3] 
[6]. SVMs were originally developed for classification 
and have been extended for regression and preference 
(or rank) learning. The original form of SVMs is a 
binary classifier where the output of learned function is 
either positive or negative. 
 
 
 
 
 
 
 
 
 
 

 
 

 

Figure (a) Linear classifiers (hyperplane) in two-
dimensional spaces 
 
Binary SVMs are classifiers which discriminate data 
points of two categories. Each data object (or data point) 
is denoted by a n-dimensional vector. Each of these data 
points belongs to only either of two classes. A linear 
classifier partitioned them with an hyperplane. For 
instance, Figure (a) shows two groups of data and 
separating hyperplanes that are lines in a two-
dimensional space. There are many linear classifiers that 
correctly classify (or divide) the two groups of data such 
as L1, L2 and L3 in Fig. a. So as to achieve maximum 
separation between the two classes, SVM selects the 
hyperplane which has the largest margin. The margin is 
the summation of the shortest distance from the 
separating hyperplane to the nearest data point of both 
classes. Such a hyperplane is propably to generalize 
better, meaning that the hyperplane correctly assort 
“unseen” or testing data points.  
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SVMs does the mapping from input space to feature 
space to uphold nonlinear classification problems. The 
kernel trick is valuable for doing this by allowing the 
absence of the exact formulation of mapping function 
which could cause the issue of curse of dimensionality. 
This makes a linear classification in the new space or 
the feature space equivalent to nonlinear classification 
in the original or the input space. SVMs do these by 
mapping input vectors to a higher dimensional space or 
feature space where a maximal partitioning hyperplane 
is constructed. 
Here, the captured statistical measurements from the 
Gabor filtered image are supervised by learning models 
containing the learning algorithms. Figure 5 shows the 
comparison between the input source image and the 
processed image. 
 
 

 
 

 

Figure 5 

 
Figure 5 shows that there occurs no deviation between 
the source image and the processed image. 
 

CONCLUSION 

 

The proposed new approach decomposes the noisy 
brain MRI images by the use of empirical wavelet 
transformation which more gives more precise 
information about signal data than other signal 
techniques.This proposed method provides an effective 
approach that helps to detect the spreaded tumour cells 
more accurately. The experimental outcomes shows that 
the proposed method used an efficient SVM classifier 
which uses regression analysis to pursue with the 
captured statistics information. This is used to identify 
the tumour cells in the primary stage itself and thus can 
avoid the loss of life.  
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