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Abstract: An unusual mass of tissue in which some cells multiply and grows uncontrollably 

is called brain tumor. It starts growing inside the skull and interpose with the regular 

functioning of the brain. It needs to be detected at an early stage using MRI or CT scanned 

images when it is as small as possible because the tumor can possibly result to cancer. So, the 

proposed methodology employed here comprises of three stages, they are segmentation, 

feature extraction and classification. Take MRI image of the brain as an input. Then, Perform 

the binarization operation using Otsu segmentation, Then, implement K means clustering 

based segmentation technique for proper detection of tumor region. K-means clustering 

displays other important tissues and edges along with the tumor region. In addition, extract 

the features using 3 level DWT, principal component analysis (PCA), gray level co-

occurrence matrix. Finally, perform the training and testing of features using SVM, CNN 

classifiers, which classifies the both benign and malignant brain tumors. The proposed CNN 

classification resulted in superior performance as compared to SVM classifier. 

Keywords— Convolutional neural network, Magnetic resonance imaging, Fully connected 
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1. Introduction 

The irregular, uncontrollable growth of cells in the human brain is known as tumors that 

keeps multiplying with time. The abnormal cells damage the good ones and keeps growing 

and affects regular human body activity. Brain tumors are of four grades which mainly 

describes the growth rate of tumors. Two classes of brain tumor can be noticed, one is 

cancerous and another is non-cancerous. Cancerous tumors are of higher grade (three or four) 

and non-cancerous tumors are of lower grade (one or two). It is predicted that nearly 18,020 

adults will pass on from primary cancer this year [1]. If formation of tumor is analyzed at the 

first stage, there's a high probability of improvement and these abnormal cells won’t become 

cancerous cell. Magnetic resonance imaging is a safest way for analysis of brain tumor. It 

generates radio waves and strong magnetic field through which brief depiction of brain is 

captured [2]. Thus, precisely identifying the classes of brain tumors is regarded as most 

crucial job. Convolutional neural network is considered as the feature extractor & also have 

weight sharing concept. Every neuron calculates their own weight products [3]. For 

classification purpose convolutional neural network is an efficient approach. Convolutional 

neural network is nothing but a normal neural network where instead of matrix 

multiplication, convolution operation is performed in its layers. The function of different 

layers is convolution, down-sampling, flattening, removing overfitting, mapping features etc. 

This paper proposed, a combination of CNN and SVM model to accurately identify three 

classes (pituitary, glioma and meningioma) of brain tumors where significant features are 

extracted from the layer named fully connected and classification is performed with the help 

of CNN features using SVM. 
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The upcoming part of this proposed paper contains literature review described in part II, 

proposed methodology with theory in part III, result analysis and equation calculation in part 

IV and Conclusion and Future work in part V. 

2. Literature survey  

From the very early years when image processing started adding in the research field, 

researchers are working on brain tumors. The preceding researches on this topic from several 

papers are written below: In [4], Parnian A. proposed a method where capsule network was 

used as a form of convolutional neural network. The proposed structure aims at focusing both 

the main area of tumors and their association with nearby tissues. This method got the 

accuracy of 90.89%. In [5], S. Deepak proposed to design a convolutional neural network for 

the extraction of features and then used support vector machine to work with those features 

and classification. Then compared proposed work using several datasets. The accuracy of the 

work was 95.82%. In [6], Zar N. K. S. proposed method of transfer learning where 

preprocessing was done before CNN training. Then used VGG-19 pretrained model for 

tunning. The proposed model got the accuracy of 94.82%. In [7], Sunanda D. proposed a 

classifier method using convolutional neural network where some morphological operation 

was used and resize, filtering, equalize, and histogram analysis were done. The average 

accuracy of the proposed work is 94.39%. In [8], Justin S. P. proposed a method where a lot 

of preprocessing algorithms like vanilla processing, zooming, resize, augmentation, locating 

were performed and then built a convolutional neural networking model and also random 

forest as classifier. Per image accuracy was 90.25% in this paper. 

3. Proposed Method 

This system can be summarized in three stages. First stage is the pre-processing which 

enhances the brain MRI image and make it more suitable to analyze. Enhanced images are 

obtained using morphological operations, pixel subtraction and image filtering. Second stage 

is the intensity adjustment-based segmentation which segments the region of the tumor from 

the enhanced image. Third stage is pixel addition which shows the location of the tumor on 

the original image. Figure 1 shows the proposed system’s flowchart. 

 
Figure 1. Proposed Method. 

3.1 Image Filtering 
The purpose of image filtering is to remove the noises on the digital images. Image filtering 

is one of the most common issues in digital image processing. Image filtering is the main tool 

in the majority of image processing software. Image filtering is one of the most common 

methods used to improve image quality. Image quality is important for human vision. In 

image processing, the image often has noise that cannot easily be removed. The median filter 

is a linear filter and is an intuitive and easy to apply filtering method for filtering images. 

Reducing the density variation between the pixels is an example of this definition. The 

median filter is usually used to remove noises from the image. The working principle of the 

median filter is to change each pixel value on the image with an average value that includes 

its neighbors as well as itself. As a result of this process, pixel values that do not represent the 

surroundings are removed from the image. The average filter is generally regarded as the 
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convolution filter. Like other convolution filters, it is based on a kernel that represents the 

neighborhood shape and size to be determined when computing the median.  

3.2 K-Means Clustering 

This section briefly explains the basic theory of K-means clustering. Let A={ai| i=1,…,f} be 

attributes of f-dimensional vectors and X={xi | i=1,…,N} be each data of A. The K-means 

clustering separates X into k partitions called clusters S={si| i=1,…,k} where M εX is 

Mi={mij| j=1,…, n(si)} as members of si, where n(si) is number of members for si. Each 

cluster has cluster center of C={ci | i=1,…,k}.  

 
Figure 2. Flow chart of k-means clustering 

K-means clustering algorithm can be described as follows 

1. Initiate its algorithm by generating random starting points of initial centroids C. 

2. Calculate the distance d between X to cluster center C. Euclidean distance is commonly 

used to express the distance. 

3. Separate xi for i=1...N into S in which it has minimum d(xi,C). 

4. Determine the new cluster centersci for i=1...k defined as: 

  

Ci=
1

𝑛𝑖
∑ 𝑚𝑖𝑗
𝑛(𝑠𝑖)
𝑗=1 ∈ 𝑠𝑖 

5. Go back to step 2 until all centroids are convergent. 

The centroids can be said converged if their positions do not change in the iteration. It also 

may stop in the t iteration with a threshold ε if those positions have been updated by the 

distance below ε: 
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3.3 GLCM Feature Extraction   

The symptoms associated with various Phyto-pathological problems of brain tumor leaves 

under investigation visible on the affected leaves were extracted from their respective images 

using K-means. The image analysis was mainly focuses on the extraction of shape features 

and their color based segmentation.  The image analysis technique is done using Gray-level 

co-occurrence matrix. The affected areas vary in color and texture and are dominant in 

classifying disease symptoms. So, we have considered both color and texture features for 

recognition and classification purpose. The use of color features in the noticeable light 

spectrum provided additional image characteristic features over traditional gray-scale 

representation. GLCM is a method in which both color and texture features are taken into 

account to arrive at unique features which represent that image. 

Gray-co-matrix function can be used to create the GLCM (Gray level co-occurrence matrix). 

Gray comatrix function calculates how often the relationship between the pixel value i occurs 

with respect to the pixel value j. The pixel to its immediate right and by default the spatial 

relationship is defined as the pixel of interest Even though the spatial relation between the 

two pixels is verified. Each element in the GLCM is nothing but the sum of the number of 

times that the pixel value i occurs with relation to the pixel value j.in the input image. 

For the full dynamic range of an image the processing required to calculate a GLCM is 

prohibitive. The input image was scaled by the gray matrix. By default, to reduce the 

intensity values from 256 to 8 in Grayscale image gray comatrix use scaling. Using the 

number of levels and the gray limits parameters of the gray comatrix function the number of 

gray levels and the scaling of the intensity values in the GLCM can be controlled. The 

properties about the spatial distribution of the Gray level in the texture image can be revealed 

by the Gray level co-occurrence matrix.       

3.3.1 Texture features 

We all know about the term Texture but for defining it is a hard time. One can differentiate 

the two different Textures by recognizing the similarities and differences. Commonly there 

are three ways for the usage of the Textures. Based on the Textures the images can be 

segmented to differentiate between already segmented regions or to classify them. We can 

reproduce Textures by producing the descriptions. The texture can be analyzed in three 

different ways.  

3.3.2 Statistical features 

Normally the textures may be random but with the consistent properties. Such Textures can 

be described by their statistical properties. Moment of intensity plays a major role in 

describing the Texture in a region. Suppose in a region we construct the histogram of the 

intensities then the moments of the 1-D (one dimensional) histogram can be computed. 

 The mean intensity which we have discussed is the first moment. 

 The variance describes how similar the intensities are within the region then this 

variance is the second central moment. 

 Skew describes the symmetry of the intensity distribution about the mean then this 

skew is the third central moment. 

The following figure shows how gray co matrix calculates the first three values in a GLCM. 

In the output GLCM, element (1,1) contains the value 1 because there is only one instance in 

the input image where two horizontally adjacent pixels have the values 1 and 1, respectively. 

GLCM (1,2) contains the value 2 because there are two instances where two horizontally 

adjacent pixels have the values 1 and 2. Element (1,3) in the GLCM has the value 0 because 

there are no instances of two horizontally adjacent pixels with the values 1 and 3. gray co 
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matrix continues processing the input image, scanning the image for other pixel pairs (i, j) 

and recording the sums in the corresponding elements of the GLCM. 

 
Figure 3. GLCM 

Specifying the offsets: By default, a single GLCM with the spatial relationship, or offset, 

defined as two horizontally adjacent pixels created by the Gray co matrix function. Gray co 

matrix can create a multiple GLCM’S for a single image because a single horizontal offset 

might not be sensitive to texture with a vertical orientation. To create the multiple GLCM’S 

an array of 0ffsets to the Gray co matrix function is specified. These offsets define pixel 

relationships of varying distance and direction. For example, you can define an array of 

offsets that specify four directions (horizontal, vertical, and two diagonals) and four 

distances. In this case, the input image is represented by 16 GLCM’ s. When you calculate 

statistics from these GLCM’ s, you can take the average. 

After treating the GLCMs Gray co props function may be used to derive several statistics 

from them. These derived statistics gives information about the texture of an image. By 

calling the gray props function you can specify the statistics you want. The following table 

illustrates the statistics you have been derived.  

Table 1. GLCM features 

Statistics Description 

Homogeneity It measures the closeness of the distribution of elements between the GLCM 

and the GLCM diagonal 

Energy It is known as the uniformity or the Angular second moment. It provides the 

sum of the square of the elements in the GLCM 

Correlation It measures the occurrence of the joint probability of the specified pixel 

pairs. 

Contrast In the Gray level co-occurrence matrix, it measures the local variations. 

3.4 Classification  

3.4.1 SVM 

At present SVM is popular classification tool used for pattern recognition and other 

classification purposes. Support vector machines (SVM) are a group of supervised learning 

methods that can be applied to classification or regression. The normal SVM classifier takes 

the set of involvement data and calculates to classify them in one of the only two separate 

classes. SVM classifier is trained by a given set of training data and a model is willing to 

classify test data established upon this model. Most habitual classification models are 

established on the empirical risk minimization principle. SVM implements the structural risk 

minimization principle which pursues to reduce the training error and a sureness interval 

term. A number of submissions showed that SVM hold the superior classification capability 

in production with minor sample, nonlinearity and high dimensionality pattern identification.  
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Support Vector Machines are based on the concept of decision planes that define decision 

boundaries. A decision plane is one that splits among a set of objects having different class 

association. Classifier that separate a set of objects into their corresponding classes with a 

line. Supreme classification tasks, however, are not that modest, and regularly more difficult 

structures are needed in order to make an optimal separation, i.e., correctly classify new 

objects (test cases) on the basis of the examples that are available (train cases). All the 

evidence from beyond processes is given to multiclass SVM .The Multiclass SVM were used 

for brain tumor disease classification. 

3.2 CNN 

Architecture In the following Figure 4, the full CNN architecture (19 layers) layer operation 

is described. Here is a short description of the used layers:  

Convolutional Layer: The convolutional layer takes the input image and features are taken 

out from that and make a map of feature. In the proposed model, there are three convolution 

layers used and every convolutional layer has a batch normalization layer with activation 

reLu. The first convolutional 2D layer filter size is 7*7 and 32 number of channels are used to 

produce feature maps. In the second one, the filter size is kept 5*5 having 64 number of 

channels and in the last one 3*3 size filter is used and number of channels are 128. 

Batch-normalization Layer: This layer is used after every convolutional 2D layer and this 

layer standardizes the input values of the previous layer. 

Rectifier Activation Function (ReLu) This activation function is used several times in 

proposed model. Every Convolutional 2D layer has this activation function and the first fully-

connected layer has this activation function also. This is widely used because this function 

has no problem with removing the gradient. Because of this benefit, it is preferred over other 

activation functions.  

Max-pooling Layer: This layer is mainly used for decreasing the number of samples taken 

from the upper layer. This also decreases the feature map area but keeps the region feature 

unchanged and that is what makes this layer unique and efficient. The reduction depends on 

the stride size used on the layer. Here in this method, the stride in all three max-pooling 

layers is 2 which means the calculation of pooling happens using a gap of two matrices from 

before and 2*2 pool size is chosen. 

Fully Connected layer: This layer is known as doing classification and also does regression. 

This layer takes values from previous layer but not directly rather the values got flatten and 

then the values are taken. All the neurons in the layer is connected with each other and thus 

gives the decision of classification. In this method, two of these layers were used having 520 

units and 3 units individually.  

 
Figure 4. Convolutional Neural Network Architecture 
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Dropout Layer: Normally dropout means removing something. This layer is mainly used for 

avoiding the overfitting problem of the proposed architecture. In this method, one dropout 

layer is used after the first fully connected layer. This layer change input values randomly. 

Softmax Layer: This classifier layer takes values from the last fc layer and performs 

classification operation using the softmax function. Cross-entropy error or loss is the 

principal feature of this function. It determines the probabilities of the training network for 

validation of testing images. 

4. Results and Discussions 

  

 

 

 

 

 

 

 

 

 

 

 

 

                                             Figure 5 Input MRI Image 

  

 

 

 

 

 

 

 

 

 

 

                                        Figure 6 MRI Preprocessing Image 

 

                                                     

  

 

 

 

 

 

 

 

 

 

 

                                                     Figure 7 Segmented Image 
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Figures: 5,6,7 are the results of SVM Methodology tumor detection 

 

Figure 8 . Input MRI image 

    Figure 9. Noise removal image enhanced MRI image 

                                               Figure 10. Multi Level segmentation 
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    Figure 11. Edge detection and Multi Level Clustering 

 

 
                                             Figure 12. Brain Tumor Detected image 

 
Figure 13. Performance metrics 

 
Figure 14. Tumor Classification 

 

Figures 8,9,10,11,12,13 are the results of CNN methodology tumor detection 
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5. Conclusion 

The system developed in this thesis is an aid to the medical people to diagnose the brain 

cancer using MRI images. The system uses morphological operations, pixel subtraction, 

mean filtering, intensity adjustment-based segmentation and pixel addition to identify the 

images with and without tumor. Take MRI image of the brain as an input. Then, Perform the 

binarization operation using Otsu segmentation, Then, implement K means clustering based 

segmentation technique for proper detection of tumor region. K-means clustering displays 

other important tissues and edges along with the tumor region. In addition, extract the 

features using 3 level DWT, principal component analysis (PCA), gray level co-occurrence 

matrix. Finally, perform the training and testing of features using SVM and CNN 

classification, which classifies the both benign and malignant brain tumors. The CNN method 

resulted in better performance. 
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