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Abstract:  Image segmentation is an essential pre-

processing trend in a complicated and composite 

image dealing algorithm in Brain MRI. Segmentation 

plays a fine role in the medical image segmentation. In 

order to attain fine segmentation, the MRI brain 

tumour image is dealing with the SVM.  In this 

method the image detection and classification is based 

on three processing steps. They are noise removal and 

classification, texture formulation, segmentation based 

on multifractal features. AdaBoost SVM algorithm is 

used for segmentation by incorporating registered atlas 

information meanwhile Fisher SVM algorithm is more 

suitable for segmenting the complex tumours. In 

addition, which incorporates the information about the 

atlas based segmentation subset. 

Keywords: Magnetic Resonance Imaging, Support 

vector machine, AdaBoost SVM, Fisher SVM. 

1. Introduction 

A tumour is a solid abrasion which is formed due to 

irregular growth of brain cells and its symptoms varies 

on the place of tumour inside the brain[1-3]. The 

average no of people who are suffering from different 

types of tumour is 87,000  and this number is 

increasing day by day. Brain is the essential part of the 

body which is responsible for controlling and 

coordinating all other body organs, so if a tumour is 

located in a portion of brain then activities which are 

controlled by that part of nervous system are also 

affected. In automatic segmentation, tumor is 

perceived using varying intensity of tumors in brain 

(Magnetic Resonance Imaging) MRI[4-8]. Brain 

tumor segmentation is commonly divided into so many 

techniques, in this paper it is categorized by feature 

based  and atlas based . In proposed that adaptive 

parameter variation scheme provides an automatic way 

to set segmentation sensitivity parameters locally 

according to each feature's characteristics instead of 

the entire image. Digital anatomic atlas and MR image 

intensity is used for brain tumor segmentation[9-14]. 

In developed tumor segmentation and statistical 

classification of brain MR images using an atlas based 

proceeding. In that only some challenges associated 

with atlas-based segmentation it needs some physical 

grouping of template MRI. In examines the 

consistency of segments based on local features and 

their interactions with one another, also selects 

segments at successive steps to generate a final 

segmentation. In proposed the adaptive parameter 

variation scheme provides an automatic way to set 

segmentation sensitivity parameters locally according to 

each feature's characteristics instead of the entire 

image[15]. 

Among feature based techniques, proposed 

brain tumor segmentation using Discriminative Random 

Field, a set of multi-scale image-based and alignment-

based features are used for segmentation. discussed 

Conditional Random Field based hybrid discriminative 

generative model for segmentation and labelling of 

brain tumor tissues in MRI. introduced Haar- like 

structure to determine the false part of active contour 

with higher accuracy from the global force of gradient 

vector flow and a new algorithm to update the external 

force field together with the local information of 

magneto static energy[16][17].  

Studied textons  and level set features with 

atlas-based priors to build statistical models for tissues. 

In this the level set techniques are responsive to 

initialization and known to suffer from boundary 

leaking artefacts. In [18], the authors proposed a 

parametric active contour model that facilitates brain 

tumor discovery in MRI and also this model makes to a 

certain extent unsophisticated supposition that there is a 

single continuous feature associated with tumor.it  

exploits patient-specific initial probabilities with non-

local features to capture background in sequence and a 

standard classification forest as a discriminative multi-

class classification model it is a combined 

segmentation[19-22] is one of the successful method in 

image segmentation It is a part of quality feature mining 

method the composite texture model of brain tumor in 

MRI may be more flexible to multifractional , the 

adequacy of different feature selection and tumor 

segmentation techniques using multiple features 

including mBm with the feature models spatially-

varying mixed tumor quality[23]. 

This adaptive parameter variation scheme 

provides an automatic way to set segmentation 

sensitivity parameters locally according to each feature's 

characteristics instead of the whole image it does not 

require any dataset. The geometrical attributes are 

defined by a shape preceding for a particular 

applications that is targeting objects of interest, or by 

one or more general constraints such as boundaries 

between features for the non-specific applications[24]. 
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 This paper proposes the modified sigmoid 

function with Gaussian filter for image pre-processing. 

This technique is used to improve the quality of image 

in all the features. The feature based segmentation 

using the non-Euclidean distance measure for 

clustering the similar pixels[25-29].  

The object classification is done by using 

combined Fisher (Support vector machine) SVM with 

modified AdaBoost classifiers and the mBm is used 

for detecting the shape of an object. Here, the 

AdaBoost algorithm needs less tuning parameters for 

increasing the efficiency of classification technique. In 

this paper, the sigmoid function is used to control both 

contrast and brightness of the real time images. The 

Gaussian filter is mainly used to reducing the noise 

from the given blur image[29][30]. 

2. System Model 

The proposed system for brain tumour segmentation 

method is illustrated in Figure. 1. This paper 

concentrates on classification and segmentation of a 

brain tumour image. The figure 1 shows the system 

architecture of the proposed system. In the proposed 

method consists of four stages named as Noise 

removal, feature mining, classification of tumours and 

segmentation. 

 Image segmentation is an essential pre-

processing tread in a complicated and composite 

image dealing out algorithm in Brain MRI. Tumour 

detection is done initially by MRI, BIOPSY, SPINAL 

TAPE TEST, and ANNINOGARM and by some other 

similar kind of tests are expensive. Hence a new brain 

tumour  classification system is required for early 

classification and categorization of tumour. In the 

proposed system consists of pre-processing, texture 

formulation using mBm and corresponding algorithm 

then the  segmentation is carried out based on the 

multifractal features. An algorithm for segmentation is 

Adaboost SVM classifiers and also incorporating the 

information from registered atlas may provide useful 

for segmentation of more subtle and complex tumors. 

Also fascinating to explore the proposed modified 

AdaBoost classification method when one incorporates 

atlas based prior information in the segmentation 

framework.   

A formal stochastic model to estimate multi-

fractal dimension (multi-FD) for brain tumor texture 

extraction in brain MRI is proposed. Due to composite 

look in MRI, brain tumor quality is formulated by 

means of a multiresolution fractal model known as 

multifractional Brownian motion (mBm). Fractal 

geometry describes objects in non-integer dimension. 

While a straight line has a dimension of exactly one, a 

fractal curve may have a dimension between one and 

two. The main attraction of fractal geometry stems 

from the ability to describe the irregular or fragmented 

shape of natural features as well as other complex 

objects that traditional Euclidean geometry fails to 

analyse. This phenomenon is often expressed by spatial 

or time domain statistical scaling laws and is mainly 

characterized by the power-law behaviour of real world 

physical systems.  

A multi-fractal feature based brain tumor 

segmentation method is developed next. The fusion of 

multi-FD with fractal and intensity features significantly 

improves brain tumor segmentation and classification. 

Boosting is a general method for improving the 

accuracy of any given learning algorithm. Due to 

ineffectiveness in classifying complex tumor texture, an 

ensemble boosting method is considered. AdaBoost 

classifier yields a highly accurate component classifier 

for constructing a strong classifier as linear combination 

of simple classifiers . 

3. Processing Steps 

3.1 Pre-Processing 

Brain MR images are subjected to be corrupted by noise 

during the image transmission and image digitization 

during the process of imaging. Preprocessing is a 

process to remove these noises from the MRI Brain 

image. The extra-cranial tissues are also removed from 

the image. It also converts the heterogeneous image into 

homogeneous image. Any filter will remove the noise in 

an image but also will corrupt minute details of the 

image. We adopt anisotropic diffusion filter for the pre-

processing of brain MR images since it removes the 

noise and also preserves the edges.  

For an image with noise, at the edges, the 

features get blurred. In this method, we use anisotropic 

diffusion filtering to perform denoising. The filter ranks 

the neighbouring pixels according to its intensity value 

and the median value is found for the pixel under 

evaluation. The new median or middle value then 

replaces the central pixel. Anisotropic diffusion filters 

perform well for noises such as, shot or impulse noise 

even if the values extremely large. 

3.2 Feature Extraction 

A multi-fractal feature based brain tumor segmentation 

method is developed next. The fusion of multi-FD with 

fractal and intensity features significantly improves 

brain tumor segmentation and classification. Boosting is 

a general method for improving the accuracy of any 

given learning algorithm. Due to ineffectiveness in 

classifying complex tumor texture, an ensemble 

boosting method is considered. AdaBoost classifier 

yields a highly accurate component classifier for 

constructing a strong classifier as linear combination of 

simple classifiers 

3.3 Histogram Equalization 

A method in which Histogram of an image is obtained 

and its contrast is adjusted is called as histogram 

equalization. Some images are having backgrounds and 

foregrounds with different intensities; In these cases this 
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equalization technique can be applied. It is also known 

as spatial domain method. 

3.4. Gaussian Filter 

A Gaussian filter is a filter whose impulse response is 

a Gaussian function. Gaussian filters are developed 

avoid overshoot of step function input while reducing 

the rise and fall period. This temperament is especially 

much correlated to the actuality to the Gaussian filter 

has the minimum possible group delay. 

4. Linearly Separable Support Vector Machines 

Support vector machines (SVM) are supervised 

learning models. A Support vector machine constructs 

a hyper plane or set of hyper planes in a high or 

immeasurable dimensional hole, with the intention of 

optimally separates the statistics into two categories. It 

is based on top of the assessment plane that defines 

resolution boundaries .  

Ensemble method is used for unstable 

classifier to achieve improve performance. AdaBoost 

(Adaptive Boosting), is a machine learning meta-

algorithm was introduced by Y. Freund et.al were won 

the influential “Gold prize”. Which is used in 

concurrence by way of previous methods is combined 

into a weighted sum that represents the final output of 

the boosted classifier for a given set of training 

sample. It maintains weight for each sample. For each 

iteration, it is adaptively regulate weights. By the use 

of AdaBoost higher weights are difficult for 

component classifier. Also it combines all the 

constituent classifiers to make assessment. It is 

sensitive to noisy data. It is less susceptible to the 

over-fitting.  

It is very fast, simple and easy to program, 

versatile, and no parameters to tune except t. Its 

disadvantages are weak classifiers too complex leads 

to over-fitting, In addition to the experimental 

substantiation, AdaBoost is principally susceptible to 

homogeneous noise.  

4.1 Connection and Comparison between Linear & 

AdaBoost SVM  

The Boosting and Support Vector Machines methods 

are “essentially the same” except the measuring 

techniques for the boundary. Boosting relies simply 

the majority salient dimensions and SVMs uses kernel 

tricks (l2 norm) to compute scalar products in feature 

space and boosting uses l1-norm. Using any desired 

linear or non-linear hyper-plane the  SVM classifier 

completely  and clearly exploit the margin while 

minimizing the number of wrongly classified 

examples while in a greedy fashion with lowest error, 

AdaBoost combines a set of weak learners in order to 

form a strong classifier. 

4.2 Proposed System Architecture & Methodology  

This technique is used to improve the quality of image 

in all the features. The feature based segmentation using 

the mBm distance measure for clustering the similar 

pixels. The object classification is done by using 

combined Fisher SVM with the modified AdaBoost 

SVM classifiers and Canny Edge Detector is used for 

the edge detection. This edge detection is used for 

detecting the shape of an object. Here, the AdaBoost 

algorithm needs less tuning parameters for increasing 

the efficiency of classification technique. In this paper, 

the sigmoid function is used to control both contrast and 

brightness of the MRI Tumour images. The Gaussian 

filter is mainly used to reducing the noise from the given 

blur image. 

4.3 Classification  

The SVM and Adaboost are the most used classifiers 

having good performance and more efficiency 

compared to other classifiers. This paper gives the 

combined Fisher SVM with modified feature based 

AdaBoost classifiers for object classification. Normally, 

Adaboost classifiers are having less tuning parameters 

compared to SVM and SVM is not affected by the noise 

sensitivity. This tuning parameter is mainly used for 

improving the performance of classifiers. Here, the 

kernel function is used to improve the performance of 

the SVM. This paper gives the fisher kernel for 

mapping the data into high dimensional space. The 

fisher kernel function is a best measurement for finding 

the similarity between two objects. This similarity will 

be calculated using the texture feature and the corners 

of the shape feature  

Step 1: Getting the Brain MR Image.  

Step 2: The filtering technique is applied into Brain                  

MRimage to remove the noise.  

Step 3: Find the texture formulation. 

Step 4: Find the features of the image for the 

feature based segmentation.  

Step 5: Apply the classification technique for Brain 

tumour image classification 

4.4 Modified Adaboost Segmentation  

 Modified Adaboost algorithms using the following 

steps:  

1. Initialize the weights Xj
+
, Xj

- 
.It will be 

represented as follows:  

 

Xj
+

 =1/2M
+
 and Xj

- 
=1/2M

- 

Here, j= 1, 2… M  and     –ve, +ve represent the 

classification samples.  

2. For s= 1 to N , Find the decision stump Ds(w) to 

the training data using the weights Xi
+
 and Xi

-
. Here 

DS(x) is represented as follows:  

𝐷𝑠(𝑊) = 𝑠𝑖𝑔𝑛(𝑊𝑖 + 𝑇𝑠) 
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Where, tmis a feature value is also called as 

threshold for the decision stump.  

3. Compute the error  

𝑒𝑟𝑟𝑜𝑟 =  𝑀𝑖=1 𝑊𝑖𝑛𝑘(𝑍𝑖 ≠ 𝐷𝑠(𝑤))

 𝑀𝑖=1 𝑊𝑖𝑚
 

4. Compute Ᏸm. Where  
Ᏸ𝑚 = 𝑙𝑛⁡(1 − 𝑒𝑟𝑟𝑜𝑟)

𝑒𝑟𝑟𝑜𝑟
 

5.  Combine the Adaboost SVM and Fisher 

SVM detection and segmentation outputs. 

𝐺(𝑤) = 

𝑀

𝑗=1

Ᏸ𝑚𝐷𝑠(𝑤) 

4.5 Fisher SVM with Modified Adaboost 

Classification  

SVM is the supervised learning technique for object 

classification. It constructs the hyper plane in high or 

infinite dimensional space. Normally, in SVM the 

small dimensional data is mapped into high 

dimensional space for detecting the similarity between 

two objects. This mapping is done by using the kernel 

function. The kernels are Graph kernel, fisher kernel, 

RBF kernel and polynomial kernel. This paper gives 

fisher kernel for SVM classification of object 

detection. The following equation shows the fisher 

SVM with the modified adaboost.  

Ds(w) – represents the Fisher SVM, Ᏸm  - 

Classifiers Computation.  

Here, below   equation  shows the Fisher 

SVM,  

𝐹(𝑤) = Ᏸ𝑚𝐷𝑠(𝑤) 

The equation shows the minimization problem of 

SVM,  

𝑋 =  

1≤ 𝑖 ≤ 𝑚 1<𝑗<𝑚  

𝑝(𝑖, 𝑗)

+ 1/2  

1≤ 𝑖 ≤ 𝑚 1<𝑗<𝑚  

𝑄(𝑖, 𝑗) 

𝑈(𝑊𝑗,𝑊𝑧) = 𝑂´𝑤𝑗 𝐽¯𝑂𝑤𝑖  

𝑂𝑥 = ∅ ′𝑙𝑜𝑔𝐵(𝑤) 

Where, J - is the Fisher information matrix, Oj – 

is represents the fisher score.  

5. Results 

This method resolves the feature based segmentation 

through customized non Euclidean distance process. 

Here Canny Edge detector is applying into the 

database for finding the borders of dissimilar degrees. 

The previous algorithms are not focussed in the 

dissimilar degrees. At that time the same object in the 

dissimilar degree has not detected. But this proposal 

gives algorithm for detecting the object in any dissimilar 

degree. 

sam

ples 

Adaboost 

(%) 

SVM 

(%) 

Modified 

Adaboost 

(%) 

Modified 

Adaboost 

with 

Fisher 

SVM (%) 

 

25 83.20 85.00 91.00 93.00 

50 88.00 88.60 93.00 93.60 

75 85.00 86.00 90.00 92.00 

100 84.60 85.30 88.00 91.70 

125 86.00 87.10 89.60 90.60 

150 90.50 91.50 92.00 94.00 

200 Expected output 95.50 

 

6. Conclusion and Discussion 

This process will be done by using the feature based 

segmentation with modified non Euclidean distance 

measures. This paper gives algorithm for detecting the 

object in any direction. The object classification is done 

by using combined Fisher SVM with the modified 

AdaBoost SVM classifiers and the edges are detected 

using the Canny Edge Detector. This edge detection is 

used for detecting the shape of the edges object. Here, 

the AdaBoost algorithm needs less tuning parameters 

for increasing the efficiency of classification technique. 

In this paper, the sigmoid function is used to control 

both contrast and brightness of the MRI Tumour 

images. Also, contrast among previous modern brain 

tumor segmentation techniques among widely existing 

low-quality glioma in BRATS2012 dataset show with 

the intention of our methods break previous methods 

intended for the majority of the patients. Also it does not 

require deformable image registration with any 

predefined atlas An algorithm for segmentation is 

modified  AdaBoost SVM and also  incorporating the 

information from registered atlas may provide useful for 

segmentation of more subtle and complex tumors also to 

investigate the proposed modified AdaBoost 

classification method when one incorporates atlas based 

prior information in the segmentation framework. 
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