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 In the last few years, computerized tool play important role in detection of brain tumor. 

This paper proposes a method for brain tumor classification in Medical Resonance 

Images (MRI). In this paper, CAD (Computer Aided Diagnosis) system is developed 
using GLCM (Grey Level Co-occurrence Matrix) features and Modular Neural 

Network. Feature extraction is done by using gray level covariance matrix and further 

classification is done by the Modular Neural Network. The effectiveness of this paper is 
examined on MRI brain images using classification accuracy, sensitivity and 

specificity. 
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INTRODUCTION 

 

 Medical image analysis and processing has great significance in the field of medicine, especially in non-

invasive treatment and clinical study. Medical imaging techniques and analysis tools enable both doctors and 

radiologists to arrive at a specific diagnosis. Imaging helps the doctors to visualize and analyze the image for 

understanding of abnormalities in internal structures. The medical image data obtained from bio-medical 

devices used in imaging techniques as Computed Tomography (CT), Magnetic Resonance Imaging (MRI) and 

mammogram, indicates the presence or absence of the lesion along with the patient history, which is an 

important element in the diagnosis. Magnetic Resonance Imaging (MRI) is a scanning device that uses magnetic 

fields and computers to capture images of the brain on film. It provides pictures from various planes that permit 

doctors to create a three-dimensional image of the tumor. It has become a widely-used method of high quality 

medical imaging, especially in brain imaging where soft tissue contrast and non-invasiveness are clear 

advantages. MRI is examined by radiologists based on visual interpretation of the films to identify the presence 

of abnormal tissue. Brain images have been selected for the image reference for this research because the 

injuries to the brain tend to result in large areas of the organ. The brain controls and coordinates movement, 

behavior and homeostatic body functions such as heartbeat, blood pressure, fluid balance and body temperature. 

Functions of the brain are responsible for cognition, emotion, memory, motor learning and other sorts of 

learning (Nikola K. Kasabov, et al. 2011). The classifications of brain MRI data as normal and abnormal are 

important to prune the normal patient and to consider those who have the possibility of having abnormalities or 

tumor . In dealing with human life, the results of human analysis involving false negative cases must be at low 

rate.  

 

Methodology of Research: 

 A new approach for tumor classification based on modular neural networks (MNN) is proposed in this 

paper.the computational complexity of neural identification can be greatly reduced if the whole system is 

decomposed into several subsystems.  

 This is obtained using a partitioning  algorithm.features are extracted using gray level covariance matrix 

(GLCM) and from these extracted features important ones are selected using principal component analysis 

(PCA) to reduce the complexity. The flow diagram  of proposed method is shown  in Figure 1. 
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A. Pre-Processing: 

 Preprocessing includes denoising, enhancement, binarization and dilation. Denoising is the process used to 

remove the noise present in the image; enhancement is a process to increase the contrast of the image. In this 

paper, kuan filter is used to remove the speckle noise and median filter is used to remove the salt and pepper 

noise. Histogram equalization and mean filter is implemented to enhance the image 

 

 
 

Fig. 1: Flow diagram for Brain tumor Classification System. 

 

Kuan Filter: 

 Kuan filter is used in the denoising section and it smoothen the image without removing edges or sharp 

features in the images. Kuan filter transforms the multiplicative noise model into a signal-dependent additive 

noise model. Then, the minimum mean square error criterion is applied to the model. As Kuan filter makes no 

approximation to the original model, it can be considered as superior to the Lee filter. The resulting grey-level 

value R for the smoothed pixel is:   

 R=Ic∗W +Im∗ (1−W) where Ic= centre pixel in filter window , Im = mean value of intensity within window 

and W=weighting factor  

 The output of kuan filter is shown in Fig 2. Median filter will be employed in the denoising section to 

remove salt and pepper noise. A median filter is a non-linear filter and is efficient in enhancing the image by 

removing the noise. Median filter preserves the sharpness of image edges while removing noise, the median 

filter uses the median of the neighbourhood. The output of Median filter is shown in Fig 3 

 

 

                                                          
 

 
 

 

 

 

 

Fig. 2: Output obtained by using Kuan filter. 

 

Kuan(i,j)=(J(i,j)*W)+(MeK-(W*MeK)); imnoise(I, ‘speckle’) 

Input Image Noise Image Kuan Filter Output 
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Fig. 3: Output obtained by using Median filter. 

 

Image Enhancement: 
 Image enhancement refers to accentuation, sharpening of image features such as boundaries, or contrast to 

make a graphic display more useful. It includes grey level & contrast manipulation, noise reduction, edge 

crisping and sharpening, filtering, interpolation and magnification and pseudo coloring (S. Jayaraman,et al 

2009). The enhancement filter used for better interpretation of the image is Mean filter; histogram equalization 

is also used to enhance the image further. Fig. 4 illustrates the output for image enhancement Table 1 illustrates 

the comparison of denoising filters and Table 2 illustrates comparison of enhancement filters.  

 

 
                                                        

Fig. 4: Output obtained by using Mean filter and histogram equalization. 

 
Table 1: Comparision of Denoising filters. 

Parameter Lee Filter Kuan Filter 

PSNR 13.140 16.801 

SNR 0.0698 0.5844 

RMSE 56.169 36.850 

MSE 3155.04 1357.96 

COC 0.6926 0.8579 

 
Table 2: Comparison of Enhancement filters. 

Parameter Average Filter Mean Filter 

PSNR 17.170 17.556 

SNR 0.3619 0.6348 

RMSE 35.320 33.786 

MSE 1247.51 1141.49 

COC 0.8717 0.8822 

 

Dilation: 

 The fundamental enhancement needed is to increase the contrast between the whole brain and the tumor. 

Contrast between the brain and the tumor region can differ below the threshold of human perception.  

Morphological operation is used as an image processing tool for sharpening the regions and filling the gaps for 

binarized image. The dilation operation is performed for filling the broken gaps at the edges and to have 

continuities at the boundaries. To complete dilation operation, a structuring element of 3x3 square matrix is 

applied. After filling operation on an image; centroid is calculated to localize the regions. The final extracted 

region is then logically operated for extraction of massive region in given MRI image (S. Jayaraman, et al 

2009). The output obtained by dilation process is shown in fig 5 

 

B. Feature Extraction Using Gray Level Covariance Matrix (GLCM): 

 The Gray Level Co-occurrence Matrix (GLCM) matrices were used to evaluate the texture features of the 

regions of interest. Twenty textural features like autocorrelation, energy, contrast, correlation, entropy and 
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homogeneity were extracted from the different MRI brain images and analyzed using the texture average of four 

directions and distance. 

 

 
 

Fig. 5: Output Obtained by Dilation. 

 

 To describe the features of abnormal and normal image, the entropy, energy, dissimilarity, homogeneity and 

contrast are being calculated. Table 3 illustrates the values of features extracted using GLCM features for the 

images shown in Fig 6. 

 Energy is also known as uniformity of ASM (Angular Second Moment) which is the sum of squared 

elements from the GLCM. Energy is a measure of local homogeneity and therefore it represents the opposite of 

the Entropy. Basically this feature will tell us uniformity of the texture. The higher the energy value, the bigger 

the homogeneity of the texture. The range of energy is (0,1) where energy is one  for a constant image.

  

Entropy 

measures how many bits are needed to code the image data. As the pixel values are distributed among more gray 

levels, the entropy increases. Correlation measures the joint probability occurrence of the specified pixel pairs; 

homogeneity is to measure the distribution of elements in the GLCM with respect to the diagonal. Contrast is 

associated with the average gray level difference between neighbour pixels; it is similar to variance however, 

preferred due to reduced computational load and its effectiveness as a spatial frequency measure. Energy and 

contrast are the most significant parameters in terms of visual assessment and computational load to 

discriminate between different textural patterns. Dissimilarity is a measure that defines the variation of grey 

level pairs in an image. 

  

 The equations for above-mentioned features are as follows: 
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Fig. 6: Example images for which the GLCM features are extracted. 

 

C. Feature Selection using Principal Component Analysis (PCA): 

 The principal component analysis (PCA) is one of the most successful techniques that have been used in 

image recognition and compression. The purpose of PCA is to reduce the large dimensionality of the data.  

Phases of Principal Component Analysis: 

 It has two phases; namely the training phase and the test phase. MR image recognition systems find the 

identity of a given test image according to their memory. The task of an image recognizer is to find the most 

similar feature vector of a given test image. In the training phase, feature vectors are extracted for each image in 

the training set. Let Ω1 be a training image of image .1 which has a pixel resolution of M x N (M rows, N 

columns). In order to extract PCA features of Ω1, first image is converted into a pixel vector Φ1 by 

concatenating each of the M rows into a single vector.  

 The length (or, dimensionality) of the vector Φ1 will be M x N. Here, the PCA algorithm is used as a 

dimensionality reduction technique which transforms the vector Φ1 to a vector ω1 which has a dimensionality d 

where d << M x N. For each training image Ωi, these feature vectors ωi are calculated and stored. In the testing 

phase, the feature vector ωj of the test image Ωj is computed using PCA. In order to identify the test image Ωj, 

the similarities between ωj and all of the feature vectors ωi’s in the training set are computed. The similarity 

between feature vectors is computed using Euclidean distance. The identity of the most similar ωi is the output 

of the image recognizer. If i = j, it means that the MR image j has correctly identified, otherwise if i ≠ j, it means 

that the MR image j has misclassified.    

 
Table 3: GLCM Features Extracted from Example Images. 

S.No Extracted 
features 

VALUE 

Image 1 Image 2 Image 3 Image4 Image5 Image 6 Image 7 Image8 

1 Autocorrelation 19.476 5.5214 5.1731 16.375 8.1976 4.0116 7.0166 3.9952 

2 Contrast 0.4086 0.253 0.1882 0.5645 0.2287 0.2403 0.2512 0.2496 

3 Correlation 0.9303 0.9349 0.9411 0.9551 0.9319 0.8922 0.9528 0.8910 

4 Cluster 

Prominence 

297.37 345.30 239.47 1.3659e+003 160.95 85.522 641.53 87.000 

5 Cluster Shade 12.897 36.173 28.239 89.818 11.112 11.508 62.348 12.306 

6 Dissimilarity 0.2665 0.1798 0.1567 0.2555 0.1802 0.1674 0.1963 0.1778 

7 Energy 0.1425 0.351 0.3060 0.2572 0.275 0.3932 0.2757 0.4016 

8 Entropy 2.4367 1.754 1.7336 2.0599 1.8799 1.4915 1.9603 1.5024 

9 Homogeneity 0.8829 0.9209 0.9267 0.9028 0.9174 0.9270 0.91 0.9217 

10 Maximum 
probability 

0.2487 0.5691 0.4703 0.4560 0.4391 0.5870 0.4725 0.5998 

11 Sum of squares: 

Variance 

19.5527 5.588 5.2076 16.5569 8.1317 4.0776 7.0763 4.0664 

12 Sum average 8.1853 3.85 3.8314 6.4424 5.1506 3.4742 4.2325 3.4494 

13 Sum variance 47.4556 12.766 11.2552 45.9121 18.439 8.8878 16.4915 8.8716 

14 Sum entropy 2.1735 1.5588 1.5832 1.8216 1.6938 1.3128 1.7651 1.3187 

15 Difference 

variance 

0.4086 0.253 0.1882 0.5645 0.2287 0.2403 0.2512 0.2496 

16 Difference 

entropy 

0.6264 0.503 0.4571 0.6112 0.5033 0.4785 0.5319 0.4992 
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17 Information 

measure of 

correlation1 

-0.6088 -0.629 -0.6618 -0.6463 -0.6341 0.5804 -0.6235 -0.5609 

18 Information 

measure of 

correlation2 

0.9389 0.8944 0.9055 0.9274 0.9085 0.8394 0.9114 0.8306 

19 Inverse 

difference 

normalized 
(INN) 

0.9718 0.9808 0.9829 0.9744 0.9805 0.9822 0.9788 0.9810 

20 Inverse 

difference 

moment 
normalized 

0.9942 0.9963 0.9972 0.9927 0.9966 0.9964 0.9962 0.9963 

 

D. Modular Neural Network:                              
 A modular network solves a complex computational task by dividing it into a number of simpler subtasks 

and then combining their individual solutions. Thus, a modular neural network consists of several expert neural 

networks (modules), where each expert is optimized to perform a particular task of an overall complex 

operation. An integrating unit, called gating network,is used to select or combine the outputs of the modules 

(expert networks) in order to form the final output of the modular network. In the more basic implementation of 

these neural networks, all the modules are of a same type (R. Kala, et al 2011) but different schemes could be 

also used. There exist several implementations of the modular neural network, although the most important 

difference among them refers to the nature of the gating network. In some cases, this corresponds to a single 

neuron evaluating the performance of the other expert modules . Other realizations of the gating network are 

based on a neural network trained with a data set different from the one used for training the expert networks (P. 

Georgiadis et al, 2011). In this work, all the modules (the experts and the gating network) will be trained with a 

unique data set Figure 7 shows the mixture of experts 

 

 
 

Fig. 7: Graphical representation of the modular neural network architecture. Each module (including the gating  

network) is a feed forward network and receives the same input vector. The final output of the whole  

system is the sum of zjgj 

 

 All modules, including the gating network, have n input units, that is, the number of features. 

 The number of output units in the expert networks is equal to the number of classes c, whereas that in the 

gating network is equal to the number of experts, say r. The learning process is based on the stochastic gradient 

algorithm, where the objective function is defined as: 
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 where g is the output desired for input x, zj = xwj is the output vector of the j’th expert network, 
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is the normalized output of the gating network, ui  is the total weighted input received by output unit j of the 

gating network, and gj can be viewed as the probability of selecting expert j for a particular case.Each individual 

component in the ensemble corresponds to a modular neural network, each one with the same structure: five 

expert networks and one gating network. As in the case of the multilayer perceptron, the decisions of the base 

classifiers in the ensemble are finally combined by simple majority voting. 

 

Structure of Modular Neural Network: 
 The proposed network system consists of a layer of input modules and an additional decision module All 

sub�networks are MLPs Each input variable is connected to only one of the input modules These connections 

are chosen at random The outputs of all input modules are connected to the decision network The structure is 

depicted in Figure 1 The following parameters are assumed; the dimension of the input vector is l and the 

number of classes is k. One of the design issues is to select the number of inputs per module in the first layer (n) 

this decision determines the number of input modules m=[l/n](It is assumed that l = m*n if this is not the case 

the spare inputs may be connected to constant inputs or the size of one of the networks may be altered).Each 

network in the first layer has log2k  outputs This is the required number to represent all the classes in a binary 

code. The decision network has m*log2k   inputs, The number of outputs is k1 one neuron for each class. (Mrs. 

Mamata S. Kalas, 2010) The number of weights is much less than in a fully connected monolithic MLP with the 

same number of hidden neurons as shown in fig.8 

 
 

Fig. 8: The Modular Neural Network Architecture. 

 

Training the System: 

 The training occurs in two stages All the modules are trained using the Back propagation algorithm.In the 

first phase all sub�networks in the input layer are trained The training set for each sub�network is selected 
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from the original training set The training pair for a single module consists of the components of the original 

vector which are connected to this particular network (as input vector) together with the desired output class 

represented in binary coding All input modules can be trained in parallel very easily because they are all 

mutually independent In the second stage the decision network is trained The training set for the decision 

module is built from the output of the input layer together with the original class number To calculate the set 

each original input pattern is applied to the input layer� the resulting vector together with the desired output 

class (represented in a 1�out�of k coding )form the training pair for the decision module 

 The proposed architecture was tested with different real world data sets. The number of input attributes was 

between eight and1200. Throughout the experiment it appeared that the modular network converged for a large 

range of network parameters. Particularly for huge input spaces it was often very difficult to find an appropriate 

learning coefficient for a monolithic network whereas convergence was no problem for the modular structure 

The time needed to train the modular network was much shorter than that for a monolithic network In most 

cases it took less than half the time to train the network to a similar performance. For larger input spaces the 

training was up to ten times quicker (without parallel training).For small input spaces (up to 60 attributes) the 

memorization and generalization performance of the modular network and a monolithic MLP were very similar 

on the real world data sets 

  

E. Classification: 

 Neural classification consists of two processes: Training and Testing. Neural network is the best tool in 

pattern classification application (Jian-Bo Yang, Kai-QuanShen, et al 2009; Fe´ lix F.Gonza´ lez-Navarro, 2009; 

E.I. Papageorgiou, 2009). The classifier is trained and tested on MRI brain image. The classification accuracy 

depends on training.  

 

First Stage: 

 Training and learning will be done in the first stage, In Learning/Training Phase the MNN is trained for 

recognition of different types of brain cancer. 

 The known MRI images are processed through various image processing steps such as denoising, histogram 

equalization and morphological operation etc. Gray Level Co-occurrence Matrix is used to extract the features; 

the extracted features are used in the Knowledge Base which helps in successful classification of unknown 

images. In case of Modular Neural Network these features are directly given as an input to MNN based 

classifier. The features such as autocorrelation, energy, contrast, inverse difference moment (IDM) or 

homogeneity, dissimilarity, entropy, maximum probability and inverse for each type of MRI image that was 

trained for the neural network is shown in table 3. 

 

Second Stage: 

 The second stage is testing and classification.  The GLCM  features for each input MRI image is calculated 

and  important features are selected using PCA depending on equation shown above from obtained GLCM 

features. The second step is to train the above features with the desired values of neural networks and to 

determine the MRI image belongs to which type of brain cancer. The decision is made by Modular Neural 

network (MNN) based classifier.  

 

Performance measure: 

 The terms sensitivity, specificity, accuracy are used to evaluate the performance. The respective formulas 

for those are given below. Accuracy measures the quality of the binary classification (two-class).[  P.Rajendran 

et al 2009] It takes into account true and false positives and negatives. Accuracy is generally regarded with 

balanced measure, sensitivity deals with only positive cases and specificity deals with only negative cases. TP is 

number of true positives, FP is number of false positives, TN is number of true negatives and FN is number of 

false negatives. 

 Sensitivity = TP/(TP+FN) 

 Specificity = TN/(TN+FP) 

 Accuracy= (TP+TN)/(TP+FP+TN+FN), Where 

 TP-predicts abnormal as abnormal 

 FP-predicts abnormal as normal 

 TN-predicts normal as normal 

 FN- predicts normal as abnormal 

 The information about actual and predicted cases produced by classification system is provided by 

confusion matrix given in table 4 & table 5. The performance of the system is examined by demonstrating 

correct and incorrect patterns. The higher value of accuracy, sensitivity and specificity shows better 

performance of the system. The fig .9 shows the performance curve for confusion matrix. 
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Table 4: Confusion matrix. 

Actual Predicted 

Positive Negative 

Positive TP FP 

Negative FN TN 

  

Table 5: Confusion Matrix for Testing. 

Actual PREDICTED 

Results presented in [11] 

20 Test images 

10 Normal&10Abnormal 

Our proposed system 

50 Test images 

25 Normal&25Abnormal 

Abnormal (Positive) Normal (Negative) Abnormal (Positive) Normal (Negative) 

Abnormal (Positive) 9(TP) 1(FP) 24(TP) 1(FP) 

Normal (Negative) 0(FN) 10(TN) 0(FN) 25(TN) 

 

RESULTS AND DISCUSSION 

 

 This article describes detection and Classification of Brain Cancer Using Modular Neural network (MNN). 

The complete system worked in two stages firstly Training/Learning and secondly Testing/Recognition. The 

pre-processing techniques such as denoising   histogram equalization, thresholding, and morphological 

operation are performed on Training/Learning images. Texture features are used in the Training/Learning of the 

Artificial Neural Network. Cooccurrence matrices at 0º, 45º, 90º and 135º are calculated and Gray Level Co-

occurrence Matrix (GLCM) features are extracted from the matrices.  

 The above process efficiently classifies the tumor types in brain MRI images. The proposed method trained 

with 50 MRI brain images (25 abnormal and 25 normal). Twenty GLCM features are extracted from the 50 MRI 

brain images and these inputs fed to neural input layer. At the end of the training process updated weight values 

are stored. The trained network tested for 50 brain images. In training process outputs are calculated using saved 

weight value. Table. 5 shows confusion matrix for this experiment and previous experiment (Ms.K. Kothavari et 

al 2013). The performance measures are done by computed output. Table. 6 & fig. 9 show the computed 

sensitivity, specificity and accuracy for testing data of proposed method and for testing data of previous method 

(Ms.K.Kothavari et al 2013). The obtained classification accuracy of this method was 98% whereas sensitivity 

and specificity were 100% and 96%.  

 

 
 

Fig. 9: Performance Curve for TP, FP, TN &FN. 

 
Table 6: Performance Measure comparison. 

Test case No of Test images used in [11] 

(20) 

No of Test images used in  the proposed System 

(50) 

Accuracy 95% 98% 

Sensitivity 100% 100% 

Specificity 91% 96% 
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Fig.10: Performance measure comparision  curve for Accuracy, Sensitivity & Specificity. 

 

 The training steps of an image by neural network are illustrated from   Fig 11 to Fig 14 and the output for 

classification of brain tumors as malignant, beningn and normal using Modular Neural Network is given in 

Fig.14 

 

 
 

Fig. 11: Training the image using nftool. 

 

 
Fig.12: Performance of training. 
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Fig.13: Training State. 

 

 
Error =Targets-outputs 

Fig.14: Error Histogram. 

 

 
Fig.15: Output for Classification of Brain Tumor. 
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Conclusion: 

 In this paper, MNN has been implemented for classification of MR brain image. MNN is adopted because 

of it’s   speed on training and minimal computational complexity. Fifty MRI brain images were used to train the 

MNN classifier and tests were run on different set of images to examine classifier accuracy. The developed 

classifier was examined for different set of brain images .This paper has investigated a classification of MRI 

brain images using GLCM features. The overall accuracy rate for normal and abnormal classification is 98%. 

Experimental result indicates that MNN classifier is workable with an accuracy ranged from 85% to 100% 

according to the spread value and the number of test images. 
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