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________________________________________________________________________________________________________ 

 

Abstract - Image classification will be used for automated visual inspection to classify MRI images. It will be performed 

through textures analysis and probabilistic neural network as well as support vector machine. The textures are extracted 

using co-occurrence features. There are 6 classes of brain MRI having different brain disease. The proposed method 

contains HARVARD Database contains training and testing images. After feature extraction, confusion matrix is plotted 

with the help of training data and testing data. Confusion matrix gives accuracy for each class and also gives overall 

accuracy for support vector machine and probabilistic neural network 

 

IndexTerms - GLCM, Feature Extraction, MRI, Confusion matrix, SVM Classifier, PNN Classifier. 
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I. INTRODUCTION 

MRI is a system which has many applications and more than 25,000 scanners are used in worldwide. MRI has an drive 

on conclusion and treat in many specialties although the effect on better fitness outcomes is provisional.  The use of MRI is 

usually in preferred to CT when either modality could give up the same in sequence as MRI does not require any ionization 

emission.         MRI is in general a secure method but there are number of incidents which harmful to patients. Contraindications 

to MRI include most cochlear implants and cardiac pacemakers, shrapnel and metallic strange bodies in the eyes. The protection 

of MRI during the first trimester of pregnancy is unsure, but it may be preferable to other options.  The continued amplify in order 

for MRI inside the healthcare industry has led to concerns about cost efficiency and over conclusion. 

MRI is a medical imaging method used in radiology to image the composition and used diagnose to disease. MRI 

scanners uses high power magnets generate magnetic fields, radio waves, and field gradients to form images of the body. As MRI 

scanner has tunnel shaped tool which generates sequence of gradient which change magnetic field to its precise level and it also 

requires cross-sectional area of image. When the RF pulse ceases, the hydrogen ions come back to their inhabitant state and free 

the energy immersed from the pulses. This low energy (in the pW range) is detected by the recipient coils in the MRI and sent to a 

computer, where an Inverse Fourier transformation (IFT) converts the indication from the protons as arithmetical (k-space 

(magnetic resonance imaging)) data into a picture that can be interpreted by the clinician. The method is broadly used for 

identification and performance of disease and without affecting the human body to ionizing radiation in hospitals. 

There are two types of category: Supervised learning technique and unsupervised learning technique. Supervised 

learning technique contains Artificial Neural Network (ANN), Support Vector Machine (SVM) and K-Nearest Neighbor (KNN) 

which are used for classification. Unsupervised learning technique contains K-means Clustering, Self Organizing Map (SOM) 

used for data clustering. 

 

II. SYSTEM DESCRIPTION  

The principle of proposed method is to classify brain MRI images into 6 classes. Proposed system consists of two main 

phases. One is Training phase and another is testing phase. Proposed system overview has been exposed in Fig.1. The features are 

extracted using gray level co-occurance matrix. To perform classification, it requires large database. In this system a sample of 6 

classes of brain MRI images were collected. 20 normal images, 36 images of Glioma, 14 images of Meningioma, 10 images of 

Sarcoma, 32 images of Alzheimer, and 25 images of Agnosia were taken.  From these database, 72 images are training images and 

remaining 61 images are testing images. Image processing techniques are applied to images such as GLCM. Images are required to 

be preprocessed for feature extraction process.R2013b MATLAB version is used in the proposed work to get high accuracy of 

results.    
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Fig 1 System Architecture 

As per the block diagram Fig.1every block describes process of classification of images. Proposed system consist of 

training phase and testing phase, classification of brain MRI images into different classes. For feature extraction, gray level co-

occurance matrix is used. Confusion matrix is used to calculate accuracy of classifier with the accuracy of different brain MRI 

image classes. 

A. Classifier Design: 

        Classifier design consists of establishing the logical structure of classifier and the mathematical basis of the classification 

rule. Commonly, for each object encountered, the classifier computes, for each of the classes, a value that indicates (by its 

magnitude) the degree to which that object resembles the object that are typical of that class. This value is computed as a function 

of the feature and it is used to select the most appropriate class. Most classifier decision rules reduce to a threshold rule that 

partitions the measurement space into disjoint region one for each class. If the feature value fall within a particular region, then the 

object is assigned to the corresponding class. 

B. Classifier Training: 

         Once the basic decision rules of the classifier have been established, one must determine the particular threshold values 

that separate the classes. This is generally done by training the classifier on a group of known objects. The training set is a 

collection of objects from each class that have been previously identified by some accurate method. Objects in training set are 

measured and measurement space is partitioned, by decision surfaces into regions that maximize the accuracy of the classifier when 

it operates on the training set. 

C. Classifier Testing: 

          A classifier’s accuracy is directly estimated by tabulating its performance on a known test set of object. If the test set is 

big enough to be representative of objects at large and if it is free of error, the resulting estimate of performance can be quite useful. 

An alternative method of estimating performance is to use a test set of known objects to estimate PDFs of features for objects 

belonging to each group. A better approach is to use separate test set for evaluating the performance of classifier. 

D. Feature Extraction:   

         The most important step in abnormality detection is the ability of extracting some unique attributes from MRI image, 

which help to generate a specific code for each individual. Therefore, feature extraction is a crucial step to the success of an 

classification system. In order to provide accurate classification of brain MRI images, the most discriminating information present 

in an MRI image must be extracted. Only the significant features of the image must be encoded so that comparisons between 

templates can be made.  

Features, the characteristics of the objects of interest, if selected carefully are representative of the maximum relevant information 

that the image has to offer for a complete characterization of a lesion.  

E. Gray Level Co-occurance Matrix (GLCM) 

          A co-occurrence matrix is also known as a co-occurrence distribution. It is defined over an image to be the distribution of 

co-occurring values at a particular offset.Originally it was proposed by R.M. Haralick, the co-occurrence matrix representation of 

texture features explores the grey level spatial dependence of texture. A mathematical definition of the co-occurrence matrix is as 

follows: 

- Given a position operator P(i,j), 

- Let Abe an n x n matrix 

- Whose element A[i][j] is the number of times that points with grey level (intensity) g[i] occur, in the position 

specified by P, relative to points with grey level g[j]. 

- Let C be the n x n matrix that is produced by dividing A with the total number of point pairs that satisfy P. C[i][j] is a 

measure of the joint probability that a pair of points satisfying P will have values g[i], g[j]. 
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- C is called a co-occurrence matrix defined by P. 

Examples for the operator P are: “i above j”, or “i one position to the right and two below j”, etc.  

For example; with an 8 grey-level image representation and a vector t that considers only one neighbor, we would find: 

 

1 1 5 6 8 

2 3 5 7 1 

4 5 7 1 2 

8 5 1 2 5 

Fig 2: Image example 

           GLCM is formed from gray scale image. Therefore we want to convert the color image into gray scale image by using 

MATLAB. The GLCM is calculates how regularly a pixel with gray-level i.e. grayscale intensity or Tone value i occurs either 

horizontally, vertically, or diagonally to adjacent pixels with the value j. The directions are analyzed according to directions. The 

directions are mentioned by using angle. For example horizontal direction is mentioned by 0ᴼ, vertical direction is represented by 

90ᴼ, bottom left to top right diagonal is represented by -45ᴼ and top left to bottom right is represented by -135ᴼ. It is denoted by P0, 

P90, P45 and P135. 

          Now for image above we will take horizontal approach. The given image has gray level values form 1 to 8. So the gray 

level co-occurrence matrix (GLCM) should be of dimension 8×8. Now the pixel value 1 having a pixel valued 2 immediately right 

to it is occurred two times in the image. Therefore in gray level co-occurrence matrix the value of element (1, 2) is 2. Similarly for 

the pixel value 1 having a pixel valued 1 immediately right to it is occurred only one time in the image so value of element (1, 1) is 

1. Value of (5, 7) is 2, value of (1, 5) is 1, value of (2,3) is 1, value of (2,5) is 1, value of (3,5) is 1, value of (4,5) is 1, value of (5,1) 

is 1 , value of (5,6) is 1, value of (5,7) is 2, value of (6,8) is 1, value of (7,1) is 2, value of (8,5) is 1. All other elements of GLCM 

(gray level co-occurrence matrix) are 0.This way we can find the gray level co-occurrence matrix (GLCM). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 3: GLCM 

 

G. Support Vector Machine: 

A supervised machine learning technique supports classification easily and accurately. In this paper multi-class SVM 

was applied based on the best features available in the reduced dimensions of template to upgrade the performance ratio. Multi- 

 1 2 3 4 5 6 7 8 

1 1 2 0 0 1 0 0 0 

2 0 0 1 0 1 0 0 0 

3 0 0 0 0 1 0 0 0 

4 0 0 0 0 1 0 0 0 

5 1 0 0 0 0 1 2 0 

6 0 0 0 0 0 0 0 1 

7 2 0 0 0 0 0 0 0 

8 0 0 0 0 1 0 0 0 
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class SVM generated 40 classes separately for authorized users. Sample of multi-class SVM is depicted.  Selecting a specific 

kernel and parameters are usually done in a try-and-see manner. SVM classifier’s retrieved data from the template was generated 

in feature extraction stage. It draws the hyper plane to classify the given data. 

Machine Learning is ability to enable the computer to learn. It uses algorithm and techniques which perform different 

tasks and activities to provide efficient learning. Our main problem is that how can we represent complex patterns and how to 

exclude bogus patterns. Support Vector Machine is a machine learning tool used for classification and regression. Support Vector 

Machine is based on supervised learning which classifies points to one of two disjoint half-spaces. It uses nonlinear mapping to 

convert the original data into higher dimension. Its objective is to construct a function which will correctly predict the class to 

which the new point belongs and the old points belong. With an appropriate nonlinear mapping, two data sets can always be 

divided by hyperplane. Hyperplane separates the tuples of one class from another and defines decision boundary. There are many 

hyper planes that separate the data but only one will achieve maximum separation. The main reason behind maximum margin or 

separation because if we use a decision boundary to classify, it may end up nearer to one set of datasets compared to others. This 

was the case when data is linear but mostly we find data is non-linear and data set is inseparable then we use kernels.  The core 

purpose of SVM is to separate the data with decision boundary and extends it to non-linear boundaries using kernel trick. Major 

benefit of Svm is versatile means different Kernel functions can be specified for the decision function. General kernels are 

provided, but it is also possible to specify custom kernels.  

SVM becomes prominent when we used pixel maps as input; it gives accuracy equivalent to neural networks with 

elaborated features in a handwriting recognition task. Support vector machine is used for many applications such as text 

categorization, pattern recognition, face recognition, handwriting analysis but especially for classification and regression 

applications. Neural Networks are easier to apply than support vector machine but sometimes it provides insufficient results. Even 

the perceptron learning algorithms (e.g. gradient descent) are slower than SVM learning. Svm has been found to be unbeaten 

when used for pattern classification problems.  One of the major challenge is that of choosing a suitable kernel for given 

application. But there are many standard or default choices such as Gaussian or polynomial kernel but if these prove worthless 

then more elaborate kernels are needed.  Traditional Classification approaches perform weakly when working directly because of 

high dimensionality of data but support vector machine can avoid the pitfalls of very high dimensionality representations. Support 

vector machine is the most promising technique and approach as compared to others. Support vector machine scales fairly well to 

high dimensional data and the trade-off between classifier complexity and error can be controlled explicitly. Another benefit of 

SVMs and kernel methods is that one can design and use a kernel for a particular problem that could be applied directly to the 

data without the need for a feature extraction process. It is particularly important in problems where a lot of structure of the data is 

lost by the feature extraction process. Example is text processing. Limitations of Svm are speed, size both in training and testing. 

Discrete data presents another problem. Most severe difficulty with SVMs is the high algorithmic complexity and extensive 

memory requirements. In short we can say that the development of SVM is an utterly different from standard algorithms used for 

learning and SVM provides a fresh insight into this learning. 

H. Probabilistic Neural Network: 

A probabilistic neural network is predominantly a classifier.PNN uses a supervised training set to develop probability density 

functions within a pattern layer. This is a model based on competitive learning with a ‘winner takes all attitude’ and the core 

concept based on multivariate probability estimation. Probabilistic (PNN) and General Regression Neural Networks (GRNN) 

have similar architectures, but there is a fundamental difference. Probabilistic networks perform classification where the target 

variable is categorical, whereas general regression neural networks perform regression where the target variable is continuous. If 

you select a PNN/GRNN network, DTREG will automatically select the correct type of network based on the type of target 

variable. 

 

 

 

 

 

Fig 4: Architecture of PNN 

All PNN networks have four layers: 

i. Input layer:-There is one neuron in the input layer for each predictor variable. In the case of categorical variables, N-1 

neurons are used where N is the number of categories. The input neurons (or processing before the input layer) 
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standardize the range of the values by subtracting the median and dividing by the interquartile range. The input neurons 

then feed the values to each of the neurons in the hidden layer.  

ii. Hidden layer: - This layer has one neuron for each case in the training data set. The neuron stores the values of the 

predictor variables for the case along with the target value. When presented with the x vector of input values from the 

input layer, a hidden neuron computes the Euclidean distance of the test case from the neuron’s center point and then 

applies the RBF kernel function using the sigma value(s). The resulting value is passed to the neurons in the pattern 

layer.  

iii. Pattern layer / Summation layer: - The next layer in the network is different for PNN networks and for GRNN 

networks. For PNN networks there is one pattern neuron for each category of the target variable. The actual target 

category of each training case is stored with each hidden neuron; the weighted value coming out of a hidden neuron is 

fed only to the pattern neuron that corresponds to the hidden neuron’s category. The pattern neurons add the values for 

the class they represent (hence, it is a weighted vote for that category).  

iv. Decision layer: - The decision layer is different for PNN and GRNN networks. For PNN networks, the decision layer 

compares the weighted votes for each target category accumulated in the pattern layer and uses the largest vote to 

predict the target category.  

I. Confusion Matrix: 

Confusion matrix has two classes, target class and output class. This matrix is used for multiple classifications. 

Confusion matrix is also called as contingency matrix for supervised learning and for unsupervised learning; it is called as 

matching matrix.  

For confusion matrix plot, the rows shows target class and columns shows output class. Matching of target class and 

output class is shown in diagonal cell. The off diagonal cells show class which are not matching. The right side column shows 

output class accuracy and bottom row shows target class accuracy. The overall accuracy shown at bottom right of cell.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5: Confusion Matrix 

III. SIMULAED RESULTS: 

The normal and defective types of images are shown below. Images of brain MRI diseases are taken. 

 

 

 

 

 

 

Fig 6: Examples of Normal brain MRI images 

file:///E:/Planet%20Publication/IJEDR/Volume%203/Vol%203%20Issue%202/Published_Paper_V3_I2/www.ijedr.org


© 2016 IJEDR | Volume 4, Issue 1 | ISSN: 2321-9939 

IJEDR1601039 International Journal of Engineering Development and Research (www.ijedr.org) 228 

 

 

 

 

                   (a) Glioma               (b) Meningioma            (c) Sarcoma             (d) Alzheimer              (e) Agnosia 

Fig 7: Examples of Different types of disease of brain 

HARVARD database contains different classes of MRI images. Database contains training images and testing images. 

Gray Level Co-occurance Matrix is used to extract the features. Following figure shows GLCM Feature Extraction for 3 classes 

i.e. Normal, Sarcoma and  Alzheimer disease. The graph shows number of extracted features. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 8: GLCM Feature Extraction 

 

 

 

 

 

 

 

 

 

Fig 9: GLCM Feature Extraction for Normal Image              Fig 10: GLCM Feature Extraction for Glioma Image 

 

 

 

 

 

 

 

 

 

Fig 11: GLCM Feature Extraction for Meningioma Image     Fig 12: GLCM Feature Extraction for Sarcoma Image 
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Fig 13: GLCM Feature Extraction for Alzheimer Image           Fig 14: GLCM Feature Extraction for Agnosia Image 

 

After feature extraction using Gray level co-occurance matrix, confusion matrix for SVM classifier with training and 

testing data (GLCM + SVM) is done. In confusion matrix, target class vs output class is plotted. The diagonal cell shows where 

target class and output class match. Overall accuracy is shown at last row of plot which. Each class gives different overall 

accuracy. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig15:  Confusion Matrix for SVM (Training Accuracy)              Fig16:  Confusion Matrix for SVM (Testing Accuracy)  

Confusion matrix for Support vector Machine is plotted. For Support vector machine, training accuracy and testing 

accuracy is calculated. We get 87.3% Training Accuracy and 70% Testing Accuracy for Support Vector Machine.  

For comparing SVM classifier with PNN classifier, Confusion matrix for PNN classifier is also calculated. Also for Probabilistic 

Neural Network, training accuracy and testing accuracy is calculated. We get 100% Training Accuracy and 96.7% Testing 

Accuracy for Probabilistic Neural Network.  

 
Fig17:  Confusion Matrix for PNN (Training Accuracy)                 Fig18:  Confusion Matrix for PNN (Testing Accuracy) 
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All four confusion matrix gives comparison between SVM classifier and PNN classifier. From above four results, PNN 

classifier get more accuracy than SVM classifier which means that PNN classifier is more accurate than SVM 

classifier.Confusion matrix gives clear difference in accuracy of SVM classifier and PNN classifier. 

The following table shows difference in training and testing accuracy for SVM classifer and PNN classifier. 

 

TABLE 6.1 Comparison of Testing Accuracy of SVM and PNN 

Sr. 

No. 
Class 

Accuracy 

(SVM) 

Accuracy 

(PNN) 

Overall TRAINING 

Accuracy (SVM) 

Overall TRAINNG 

Accuracy (PNN) 

1 Normal 14.10% 14.10% 

87.3% 100% 

2 Glioma 25.4% 26.80% 

3 Meningioma 14.1% 14.10% 

4 Sarcoma 0% 8.50% 

5 Alzheimer 19.7% 21.1% 

6 Agnosia 14.1% 15.50% 

TABLE 6.2 Comparison of Training Accuracy of SVM and PNN 

IV. CONCLUSION 

In this work, classification of brain MRI images by comparing SVM classifier and PNN classifier gives rise to increase 

in training and testing speed of feature extraction. This proposed system provides better accuracy for PNN classifier than SVM 

classifier. 

As per results PNN classification gives more efficient results as it takes less time to calculate accuracy whereas SVM 

classifier takes more time to calculate accuracy. Our proposed method gives graph of number of feature extracted from gray level 

co-occurance matrix. PNN classification gives more reliable and accurate result. 
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Sr. 

No. 
Class 

Accuracy 

(SVM) 

Accuracy 

(PNN) 

Overall TESTING Accuracy 

(SVM) 

Overall TESTING Accuracy 

(PNN) 

1 Normal 16.70% 16.70% 

70% 96.7% 

2 Glioma 23.3% 28.3% 

3 Meningioma 5% 6.70% 

4 Sarcoma 0% 5% 

5 Alzheimer 16.70% 18.3% 

6 Agnosia 8% 21.7% 
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