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Abstract: - Brain tumor diagnosis is a very crucial task. This system provides an efficient and fast way for diagnosis of 
the brain tumor. Proposed system consists of multiple phases. First phase consists of texture feature extraction from 
brain MR images. Second phase classify brain images on the bases of these texture feature using ensemble base 
classifier. After classification tumor region is extracted from those images which are classified as malignant using two-
stage segmentation process. Segmentation consists of skull removal and tumor extraction phases. Quantitative results 
show that our proposed system performed very efficiently and accurately. We achieved accuracy of classification 
beyond 99%. Segmentation results also show that brain tumor region is extracted quite accurately.     
 
Key-Words: - Segmentation, Classification, Texture feature, Magnetic resonance imaging (MRI), Support vector 
machine (SVM), Ensemble base classifier.  
 
1   Introduction 
Brain is the kernel part of the body. Brain has a very 
complex structure. Brain is hidden from direct view by 
the protective skull. This skull gives brain protection 
from injuries as well as it hinders the study of its 
function in both health and disease. But brain can be 
affected by a problem which cause change in its normal 
structure and its normal behavior .This problem is 
known as brain tumor. Brain tumor causes the abnormal 
growth of the cells in the brain. The cells which supplies 
the brain in the arteries are tightly bound together 
thereby routine laboratory test are inadequate to analyze 
the chemistry of brain. Computed tomography and 
magnetic resonance imaging are two imaging modalities 
that allow the doctors and researchers to study the brain 
by looking at the brain non-invasively [1]. 
     Magnetic Resonance Imaging (MRI) is a medical 
imaging technique. Radiologist used it for the 
visualization of the internal structure of the body. MRI 
provides rich information about human soft tissues 
anatomy.MRI helps for diagnosis of the brain tumor. 
Images obtained by the MRI are used for analyzing and 
studying the behavior of the brain.     
     Image intensity in MRI depends upon four 
parameters. One is proton density (PD) which is 
determined by the relative concentration of water 
molecules. Other three parameters are T1, T2, and T2* 
relaxation, which reflect different features of the local 
environment of individual protons.  
     Classification is the technique for classifying the 

objects into corresponding classes. Ones the brain 
images acquired they are classified as normal and 
abnormal.  For classification of the images different 
features of the image are extracted. These features are 
used for classifying the brain MR image as normal and 
abnormal. After this classification segmentation is 
performed on the images for tumor region extraction. 
Image segmentation is a process of partitioning an 
image into different homogeneous regions, so that 
meaningful information about the image can be obtained 
and different analysis can be performed on that 
segmented   image. Extraction of brain tumor region 
requires the segmentation of brain MR images into two 
segments. One segment contains the normal brain cells 
and the second segment contains the tumorous cells of 
the brain. This segmentation is binary in nature. Correct 
segmentation of MR images is very important because 
most of the time MR images are not highly contrast 
thereby these segments can be easily overlapped with 
each other. 
     Proposed system combines feature extraction 
techniques with classification and segmentation 
techniques for the diagnosis of the brain as normal or 
tumorous and for extraction of tumor part from the 
tumorous brain images. Texture feature extraction 
technique [2][3] are used for the purpose of feature 
extraction from brain MR images. First order histogram 
based features and concurrence matrix based features [2] 
are extracted. These are used independently and 
combined for classification. Proposed system used 
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ensemble base classifier [4] for the classification of 
brain images as normal or tumorous. Last phase of the 
proposed system is segmentation. Segmentation is 
performed in two steps. First step removes the skull part 
from the brain MR image using [5].After brain portion 
extraction, tumor region is extracted using FCM [6]. 
     Our proposed technique is fully automatic and robust. 
No prior knowledge of the image is required about its 
feature, contents, type and model. Proposed system is 
very accurate system for diagnosing the brain tumor. 
     The paper is organized as follows: Related work is 
represented in section 2. Details of the proposed method 
are described in section 3. Section 4 contains details of 
experimentation and results. Conclusion and future work 
is presented in section 5. 
 
 
2   Related Work 
For classification of brain images as normal and 
abnormal El-Syed et al [7] proposed a hybrid technique. 
In the technique[7] first features of the brain MR image 
are extracted using Discrete Wavelet Transform (DWT) 
which are then reduced using PCA. Last step is 
classification based on these features. Two types of 
classifiers are used for classification one is feed forward 
fack propagation neural network and second is K-nearest 
neighbors. Maximum 98.6% accuracy is achieved by 
[7].  
     For MRI brain image segmentation Sripama [8] 
proposed fuzzy symmetry based genetic clustering 
technique. In [8] numbers of clusters are evolved by 
variable length genetic fuzzy clustering technique. For 
measuring quality of cluster fuzzy point symmetry based 
cluster validity index is proposed in this paper. 
Experiments are performed on different T1, T2 and PD 
brain images. This technique performs better then FCM 
and Expectation Maximization algorithm. But this 
technique does not consider spatial information and 
sometime does not segment brain image correctly. This 
technique also does not work properly for the data sets 
which have same point as a center for different 
clusters.Zhang proposed a Hidden Markov Random 
Field Model and the Expectation-Maximization 
algorithm for segmentation of brain MR images [9]. 
This is a fully automatic technique for brain MR images 
segmentation. This method is based on estimation of 
threshold that is heuristic in nature. Thus most of the 
time, this method does not produce accurate results. 
Method in [9] is also computationally very expensive. 
     Fuzzy c-means (FCM) clustering [6] is an 
unsupervised system that has been effectively applied in 
fields such as astronomy, geology, medical imaging, 
target  recognition, and image segmentation for 
clustering, classifier designs and feature analysis. 

Cluster Validity is the procedure of evaluating 
quantitatively the results of a clustering algorithm. 
Bezdek proposed two cluster validity indexes [10], the 
partition coefficient (PC) and partition entropy (PE), 
defined as 
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     PC and PE is used to measure the fuzziness of the 
fuzzy partition matrix, the lower the fuzziness of a 
partition is, the larger the PC value (or the smaller the 
PE value). The two indexes use only the membership 
values of the fuzzy partition; therefore, they are devoid 
of connection to the structure of the data set. 
 
 
3   Proposed Method 
The proposed system consists of multiple phases. Fig. 1 
shows the details of the proposed system. First MR 
image for diagnosis is provided to the system as an 
input. Second step of the proposed system is to extract 
features from this input image. Texture feature 
extraction [2] method is used for extracting features 
from the MR image.  After feature extraction, these 
features independently are used for classification as 
malignant and benign MR image.Ensemble base 
classifier[4] is used for classification. It classifies the 
brain image on the bases of multiple classifiers. No 
more processing is required once the MR image is 
determined as benign.  
     But when the MR image is determined as malignant 
by the classifier it is further processed for extracting 
tumor portion from it. For this purpose segmentation is 
performed on this MR image in two steps. First skull 
gets removed from this MR images using[5] and brain 
portion is extracted. After brain portion extraction tumor 
region is extracted from this using [6]. Following are the 
details of the proposed system: 
 
3.1 Feature Extraction 
The transformation of an image into its set of features is 
known as feature extraction. Useful features of the 
image are extracted from the image for classification 
purpose. It is a challenging task to extract good feature 
set for classification. There are many techniques for 
feature extraction e.g. texture Features[2][3], gabor 
features[11], feature based on wavelet transform[12], 
principal component analysis, minimum noise fraction 
transform, discriminant analysis, decision boundary 
feature extraction, non-parametric weighted feature  
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Fig. 1 Proposed System 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

Fig. 2 Feature Extraction 
 
extraction and spectral mixture analysis [13]. We are 
using texture feature for our proposed system. 
 

3.1.1 Texture Features 
Proposed system used two methods for extracting the 
texture features. First method is based on first order 
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histogram which is local in nature and second method is 
based on co-occurrence matrix which is called as second 
order texture feature.Fig.2 shows the details of the 
feature extraction process. 

3.1.1.1 First-order histogram based features 
Histogram of the image gives summary of the statistical 
information about the image. So first order statistical 
information of the image can be obtained using 
histogram of the image. Probability density of 
occurrence of the intensity levels can be obtained by 
dividing the value of intensity level histogram with total 
number of pixels in the image. 

P (i)=h(i)/NM,    i=0,1,..G-1 (3) 
Where N is number of the resolution cells in the 
horizontal spatial domain and M is the number of 
resolution cells in the vertical spatial domain. G is the 
total gray level of an image. 
     For quantitatively describing the first order statistical 
features of the image, useful features of the image can 
be obtained from the histogram. Mean is the average 
value of the intensity of the image. Varaince tells the 
intensity variation around the mean.Skewness is the 
measure which tells the symmetriness of the histogram 
around the mean.Kurtosis is the flatness of the 
histogram.Uniformaty of the histogram is represented by 
the entropy. Following is the list of features obtained 
using histogram of the image [2]. 
Mean:  ∑                               (4) 
Variance:  ∑                (5) 
Skewness: ∑          (6) 
Kurtosis: ∑ 3  (7) 
Energy:  ∑                           (8) 
Entropy:  ∑ log         (9) 

3.1.1.2 Co-occurrence matrix based features 
Histogram based features are local in nature. Theses 
features does not consider spatial information into 
consideration.So for this purpose gray-level spatial co-
occurance matrix hd(i,j) based features are defined 
which are known as second order histogram based 
features.These features are based on the joint probability 
distribution of pairs of pixels. Distance d and angle  θ 
within a given neighborhood are used for calculation of 
joint probability distribution between pixels[2]. 
Normally d=1,2 and θ=0o,45 o, 90 o,135 o are used for 
calculation.Co-occurance matrix calculation is 
illustrated in Fig. 3 for d=1. Texture features can be 
described using this co-occurrence matrix. Following 
equations define these features [2].  
Angular second moment(energy):               

                   ∑ ∑ ,                           (10) 
 

: ∑ ∑  ,
                (11) 

 
Inertia:  ∑ ∑ ,                      (12) 
Absolute Value:  ∑ ∑ | | ,               (13) 
 
Inverse Difference: ∑ ∑ ,             (14) 
 
Entropy: ∑ ∑ , log    (15) 
Maximum Probability: ,,                    (16) 
 
 
3.2 Classification 
Classification is the procedure for classifying the input 
patterns into analogous classes. Selection of a suitable 
classifier requires consideration of many factors: 

• Classification accuracy 
• Algorithm performance 
• Computational resources 

There are basically two types of classification. One is 
known as unsupervised classification and other is known 
as supervised classification [13]. Unsupervised 
classification is the identification of natural groups, or 
structures, within multi-spectral data. The following 
characteristics apply to an unsupervised classification 

• No extensive prior knowledge of the region is 
required 

• Many of the detailed decisions required for 
supervised classification are not required for 
unsupervised classification creating less 
opportunity for the operator to make errors. 

• Unsupervised classification allows unique 
classes to be recognized as distinct units.  

  Whereas supervised classification is the process of 
using samples of known identity to classify samples of 
unknown identity. The following characteristics apply to 
a supervised classification:  

• Requires detailed knowledge of the area. 
• Input patterns are provided with the labels 
• Able to detect serious errors by examining 

training data to determine whether they have 
been correctly classified. 

Proposed system used Ensemble base classifier [4] for 
the classification purpose. This Ensemble base classifier 
uses support vector machine for classification. Next 
section describes the details of the classification 
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procedure followed by the proposed system. 
 
 

 
 
 

 
Fig. 3 The spatial co-occurrence matrix calculation 

 
 
3.2.1 Support Vector Machine 
Support vector machine (SVM) is one of the techniques 
used for the classification purpose. SVM has also been 
applied on different real world problems such as face 
recognition [14], text categorization [15], cancer 
diagnosis[16], glaucoma diagnosis, microarray gene 
expression data analysis.Proposed system used SVM for 
binary classification of brain MR image as normal or 
tumor affected. SVM basically tries to divide the given 
data into decision surface. Decision surface is a 
hyperplane which divides the data into two classes. 
Training points are the supporting vector which defines 
the hyperplane. The basic theme of SVM is to maximize 
the margins between two classes of the hyperplane. 
 
3.2.2 Ensemble Base Classification 
Ensemble base classifier is used for classification by the 
proposed system. This is a novel idea proposed by M. 
Arfan[4]. In this technique a number of classifiers are 
generated. Results of all these classifiers are merged 
together using algebraic combination rules. This 
methodology substantially improves the performance of 
the overall classification. SVM is used as the base 
classifier by the ensemble classifier used by the 
proposed system. Each classifier gives binary results . 
Cross validation method is used for dividing the dataset 
into training and testing data. On testing data Holdout 
testing is performed. For K-fold training and testing first 
data is arranged into different K-folds. And each fold is 
further divided into K blocks. Random overlap datasets 
are generated for each block. Training is performed for 
k-1 blocks of each fold. Remaining block is used for 
testing purpose. Fig. 4 show the ensemble base 
classification. 

 
 
3.3   Segmentation 
After the classification phase segmentation of the 
malignant images is performed into two steps.  
 
3.3.1 Skull removal and brain region extraction 
M.Stella and Blair proposed [5] a method which 
performs automatic segmentation of the Brain from MR 
images and this method performs segmentation even in 
the presence of RF inhomogenieties. This method 
follows an integrated approach  for segmentation which 
is based on prior knowledge, anisotropic filters and 
snake contouring techniques. 
  
3.3.2 Brain Tumor Extraction 
After brain region extraction brain tumor is extracted 
using FCM.For accurately finding the number of 
clusters, FCM algorithm is iterated for a range of 
hypothesized numbers of clusters. And best option for 
cluster is chosen based on cluster validity measure. 
Some cluster validity measures, the partition coefficient 
(PC) and the partition entropy (PE), Bezdek [6],[10] 
yielded amazingly good results for some of the test 
images. This might be partially due to the special nature 
of the data, which is not common in clustering 
problems: the data is 1-D and at least one entry exists at 
each possible point. On the other hand, accepting the 
fact that different values might fit the given data (e.g., 
for segmentation at different detail), a threshold on the 
validity measure should be chosen below/above which is 
accepted. 
     We have used a technique based upon fuzzy entropy 
that locates optimal and dynamic threshold according to  
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Fig. 4 Architecture of Ensemble Base Classifier 
 

Technique AANLIB Data 
Accuracy (%) 

Real MRI Data 
Accuracy (%) 

Texture Combined+ Ensemble 
Classifier 

99.2 99.63 

First Order + Ensemble Classifier 96.87 96.62 

Second Order + Ensemble Classifier 98 97.13 

Texture Combined+ SVM 97.82 97.19 

First Order + SVM 96.2 96.53 

Second Order + SVM 97 96.89 

Texture Combined+ ANN 95.4 97.78 

First Order + ANN 92.5 93.41 

Second Order + ANN 91.42 92.22 

DWT+ PCA+ Ensemble Classifier 99.54 98.64 

DWT+PCA+ANN[7] 95.4 94.3 

DWT+PCA+KNN[7] 98.2 97.5 

DWT+SOM[7] 95.13 94.72 

DWT+SVM[7] 97.25 96.64 

Table1. Comparison of classification performance for the proposed technique and recently other work  

Data Set 

Testing Training 

Holdout Testing K-Fold 

Cross 
Validation 

Classifier 1 Block 1 Block 2 Block 3 Block k

Classifier 2 Block 1 Block 2 Block 3 Block k

Classifier 3 Block 1 Block 2 Block 3 Block k

Classifier 4 Block 1 Block 2 Block 3 Block k

Training Testing
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the clusters find out by using eminent method of FCM 
(Fuzzy C-Mean). Input of this phase is fuzzy 
membership matrix from prior phase. It also gives an 
objective function that is used to find out adaptive, 
optimal and dynamic threshold which is used in the next  
phase to segment the image. We have used logarithmic 
fuzzy entropy based error functions [10] equation (4) 
that is depicted in Fig 3. The thresholds values are 
obtained from the objective function, as the gray levels 
with the maximal levels of fuzziness respectively. 

 
Logarithmic Entropy 

H A = - 1
n ln 2

∑
µA xi ln µA xi +(1-µA(xi)

1- ln µA xi
i       (17) 

 
4   Experimentation and Results 
The proposed method has been implemented using the 
Matlab environment on Core 2 Duo, processor speed 1.6 
GHz .The proposed system has been tested on the data 
set available at web [17].It has also been tested on 
dataset of real brain MR images consisting of normal 
and tumorous brain images.  
     Table 1 shows the results of all experimentations. We 
first perform classification of the dataset. Once the 
classification is done, the malignant brain images are 
further segmented for extraction of tumor region from 
these brain MR images. 
     Performance of each classifier is measure in terms of 
confusion matrix, sensitivity, specificity and accuracy. 
Sensitivity is a measure which determines the 
probability of the results that are true positive such that 
person has the tumor. 
     Specificity is a measure which determines the 
probability of the results that are true negative such that 
person does not have the tumor. 
     Accuracy is a measure which determines the 
probability that how much results are accurately 
classified. 
For classification purpose, first each classifier is tested 
using first order feature set. Performance of each 
classifier is measured for this feature set. Fig.5 shows 
the performance of each classifier when first order 
histogram base feature set is used for classification. 
Results show that Ensemble base classifier gives higher 
accuracy as compared to other classifiers. Second order 
texture feature set is also tested against each classifier. 
Fig.6 shows the performance of all classifier using 
second order feature set. When we combined the first 
order and second order texture feature and perform 

classification on these combined features set then the 
results improve tremendously. Fig.7 shows the 
performance of each classifier against combined texture 
feature set. By comparing out results with the other 
recently work [7], for each case ensemble base classifier 
gives the higher accuracy .It also gives very accurate 
sensitivity and specificity rates as compared to [7]. 
     We also tested the performance of ensemble base 
classifier for the feature extracted by using the DWT and 
then reduced using PCA. Ensemble base classifier also 
gives higher accuracy in this case also as compared to 
the recently proposed technique [7]. 
     Classification phase provides the images which are 
malignant to the segmentation phase as input. 
Segmentation phase of the proposed system quite 
accurately extract the tumor region from these malignant 
brain images. Fig. 9 shows the results of segmentation 
phase. All images show that tumor region which is very 
high in contrast is quite accurately identified and 
extracted by the proposed system.  
 
 
 

 
 
Fig.5 Graph shows each classifier’s performance using 
First Order Texture Features.  
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Fig. 6 Graph shows each classifier’s performance using 
Second Order Texture Features. 
 

Fig. 7 Graph shows each classifier’s performance using 
Combined Texture Features 
 

 
 
Fig. 8 Graph shows each classifier’s performance using 
DWT features, EC represents Ensemble base Classifier  

 

 
a. Original  MR Image 

 
b. Tumor Extracted Region 

 
 c. Original  MR Image 

 
d. Tumor Extracted Region 

 
e. Original  MR Image 

 
f. Tumor Extracted Region 

 
g. Original  MR Image 

 
h. Tumor Extracted Region 

 
i. Original  MR Image 

 
j. Tumor Extracted Region 

  
 
Fig. 9 Tumor region is extracted from the original 
malignant  brain MR image 
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5   Conclusion 
Proposed system is developed for diagnosing the brain 
tumor from brain MR images. This system performs this 
diagnosis in multiple phases. First phase of diagnosis is 
texture feature extraction which consists of first order 
and second order texture feature extraction. These 
extracted features are used for classification. In 
classification phase proposed system used ensemble 
base classifier for classifying brain images as benign and 
malignant. Once the images are determined as malignant 
these are further processed for tumor extraction from 
them. Tumor extraction is performed in the 
segmentation phase. Segmentation phase is a multi step 
phase. It first removes the skull part of the brain and 
then extracts the tumor region using FCM and gives us 
the boundary of the tumor.  
     All experiments show that the proposed system gives 
exceptionally good results as compared to the recently 
proposed techniques. We achieved accuracy of 
classification more than then 99%. We also achieved 
very accurate results of segmentation which effectively 
extract the tumor region from brain MR images. 
     Future work of this research is to measure the 
thickness and area of the tumor extracted region.  
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