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Abstract— The brain tumors are the most common, and 

aggressively increasing abnormal cells, leading to a very 

short life expectancy in the higher grades. Thus, to improve 

the quality of life of patients, treatment planning is 

necessary. In this field, generally Magnetic Resonance 

Imaging (commonly known as MRI) is used to evaluate 

tumors in the human brain. To reduce the difficulties in 

manual classification of tumor vs non-tumor scans due to 

the huge amount of data and the threat to accurate 

quantitative measurements resulting in increased death rate, 
a trusted and automatic classification scheme is essential. In 

this work, a comparison is proposed between the two types 

of CNNs used in image classification. The automatic brain 

tumor detection is performed using a custom-built 

Convolutional Neural Network and a pre-trained VGG-16 

model. 
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I. INTRODUCTION 

Brain tumor is one of the vital organs in the human body, 

which consists of billions of cells. The abnormal group of 

cells is formed from the uncontrolled division of cells, 

which is also called as tumor. Brain tumors are divided into 

two types such as low grade (grade1 and grade2) and high-

grade (grade3 and grade4) tumor.  Low grade brain tumor is 

called as benign tumor. Similarly, the high grade tumor is 

called as malignant tumor. Benign tumor is a non-cancerous 

tumor. Hence it doesn’t spread into other parts of the brain. 

However, the malignant tumor is a cancerous tumor. So it 

spreads rapidly with indefinite boundaries to other regions 
of the body easily. It leads to death. 

Brain MRI image is mainly used to detect the 

tumor and tumor progress modeling process. This 

information is mainly used for tumor detection and 

treatment processes. 

MRI image gives more information about given 

medical image than the CT or ultrasound image. MRI image 

provides detailed information about brain structure and 

anomaly detection in brain tissue. Actually, Scholars offered 

unlike automated methods for brain tumors finding and type 

cataloging using brain MRI images from the time when it 
became possible to scan and freight medical images to the 

computer. Deep Learning models fixed a stirring trend in 

machine learning as the subterranean architecture can 

efficiently represent complex relationships without needing 

a large number of nodes like in the superficial architectures 

e.g. Convolutional neural network (CNN).Consequently, 

they grew quickly to become the state of the art in unlike 

health informatics areas for example medical image 

analysis, medical informatics and bioinformatics. 

A convolutional neural network (CNN) is a type of 

artificial neural network used in image recognition and 

processing that is specifically designed to process pixel data. 

CNNs are powerful image processing, artificial intelligence 

that use deep learning to perform both generative and 

descriptive tasks, often using machine vision that includes 

image and video recognition, along with recommender 

systems and natural language processing. A CNN uses a 

system much like a multilayer perceptron that has been 

designed for reduced processing requirements. 

The layers of a CNN consist of an input layer, an 

output layer and a hidden layer that includes multiple 
convolutional layers, pooling layers, fully connected layers 

and normalisation layers. The removal of limitations and 

increase in efficiency for image processing results in a 

system that is far more effective, simpler to trains limited for 

image processing and natural language processing. 

VGG16 is a convolutional neural network model 

proposed by K. Simonyan and A. Zisserman from the 

University of Oxford in the paper “Very Deep 

Convolutional Networks for Large-Scale Image 

Recognition”. The model achieves 92.7% top-5 test 

accuracy in ImageNet, which is a dataset of over 14 million 
images belonging to 1000 classes. t was one million images 

belonging to 1000 classes. It was one of the famous model 

submitted to ILSVRC-2014. It makes the improvement over 

AlexNet by replacing large kernel-sized filters (11 and 5 in 

the first and second convolutional layer, respectively) with 

multiple 3×3 kernel-sized filters one after another. VGG16 

was trained for weeks and was using NVIDIA Titan Black 

GPU’s. 
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II. LITERATURE SURVEY 

Overall, with the growth of deep learning, modern computer 

vision techniques can be divided into two main types, 

namely (1) traditional techniques such as SIFT, textons, 

SURF and local binary patterns and a few others combined 

with machine learning [5]–[7] and (2) deep learning based 

techniques. Under traditional techniques,   regularised   non- 

negative matrix factorization (NMF) [8], Computer - aided 

Diagnosis (CAD) systems with computation methods like 
K-means clustering [9] and Principal Component Analysis 

(PCA) and Support Vector Machines (SVM) [10] are used 

for brain tumor detection. In these algorithms, it is required 

to hand-tune the features representing brain tumors, which is 

a complex, and time consuming task. This tedious hand-

craft feature generation can be overcome by applying deep 

learning networks, mainly, Convolutional Neural Networks. 

Brain tumor grading is done using 

Backpropagation Neural Networks and Convolutional 

Neural Networks in [13]. The performance of 

backpropagation is less than the CNNs used as listed in the 
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experimented results of the said research. But, the number of 

layers used are limited to three per network, which is not 

enough to do more feature extraction and learning [13]. 
Thus, classifying the tumor types would not be successful 

using that methodology. Support Vector Machines (SVMs) 

along with Artificial Neural Networks (ANNs) are also used 

to classify the stages of tumors. 

The MRI images are segmented using Template-

based K-means and modified Fuzzy C-means algorithm. By 

using ANNs, the error of the learning process is reduced 

[14]. Though the accuracy of this method is 97.44%, the 

number of images used in training process is comparatively 

low. This evokes a significant question whether this method 

is acceptable for any dataset which might contain thousands 

of images. Knowledge of a previous task to a new task in 
order to improve learning and performance. 

A CNN trained with ImageNet dataset [15] is used 

as the feature point extractor. Here, T1-weighted, T2- 

weighted, FLAIR and ADM modalities of axial MRI images 

are used to tune the model. Accuracies are calculated for 

each modality [16]. This method is tested only using the 

axial planar images. Also, varying accuracies is another 

major drawback of this method. This method might not 

work if images of other two planes are also used as input. 

Brain image segmentations are done by using a model 

developed with Fully- connected Convolutional Neural 
Networks(FCNNs) and Fully-Connected Conditional 

Random Fields(CRFs) [17]. 

In this method, the images are preprocessed, 

segmented using the designed model and post-processed. In 

pre- processing, MRI scans are normalized by subtracting 

the gray-value of the highest intensity histogram to make 

them comparable. The FCNNs are adopted from another 

research and the CRFs are formulated using Recurrent 

Neural Networks (RNNs). Post-processing improves the 

performance of the segmentation. The tumors are classified 

into five categories as necrosis, edema, non-enhancing core, 

enhancing core and healthy tissues. The main differences of 
the above studies and the work in this paper are the CNN 

model architecture, the dataset, the tumor types, the MRI 

planes and the use of different performance metrics such as 

F1-score and confusion matrix. 

III. RESEARCH 

Many methods have been investigated for medical image 

analysis; promising results have been provided by 
computational intelligence and machine learning methods in 

medical image processing [10]. The problem of brain 

tumour segmentation from multimodal MRI scans is still a 

challenging task, although recently various advanced 

methods of automated segmentation have been proposed to 

solve this task. 

Discriminative learning techniques such as SVM, 

decision forests, and conditional random fields (CRFs) have 

been reviewed. One common aspect of classical 

discriminative models is that their implementation is based 

on predefined features, as opposed to deep learning models 

that automatically learn a hierarchy of increasingly complex 
features directly from data, resulting in more robust features. 

Used two different CNNs for the segmentation of LGG and 

HGG. 

A novel bio-physiomechanical tumor growth 
modeling is presented to analyze the step by steps tumor 

growth of patients. It will be applied for gliomas and solid 

tumor with individual margins to seizure the significant 

tumor mass effect. The discrete and continuous methods are 

combined to make a tumor growth modeling. The proposed 

scheme provides the likelihood to tacitly segment tumor-

bearing brain images based on atlas-based registration. This 

technique is mainly used for brain tissue segmentation.But 

the computation time is high. 

The Fuzzy C-Means (FCM) segmentation is 

applied to separate the tumor and non-tumor region of brain. 

Also wavelet feature are extracted by using multilevel 
Discrete Wavelet Transform (DWT). Finally, Deep Neural 

Network (DNN) is incorporated for brain tumor 

classification with high accuracy. This technique is 

compared with KNN, Linear Discriminant Analysis (LDA) 

and Sequential Minimal Optimization (SMO) classification 

methods. An accuracy rate of 96.97% in the analysis of 

DNN based brain tumor classification. But the complexity is 

very high and performance is very poor. 

IV. METHODOLOGY 

A. Training of CNN 

The primary purpose of Convolution in case of a ConvNet is 

to extract features from the input image. Convolution 

preserves the spatial relationship between pixels by learning 

image features using small squares of input data. Every 

image can be considered as a matrix of pixel values. 

Consider a 5 x 5 image as in figure 5 whose pixel values are 

only 0 and 1. 

B. Ntroducing Non Linearity (ReLU) 

An additional operation called ReLU has been used after 

every Convolution operation. ReLU stands for Rectified 

Linear Unit and is a non-linear operation ReLU is an 

element wise operation (applied per pixel) and replaces all 

negative pixel values in the feature map by zero. 
The purpose of ReLU is to introduce non-linearity 

in our ConvNet, since most of the real-world data we would 

want our ConvNet to learn would be non-linear. Other non 

linear functions such as tanh or sigmoid can also be used 

instead of ReLU, but ReLU has been found to perform 

better in most situations. 

C. The Pooling Step 

Spatial Pooling (also called subsampling or downsampling) 

reduces the dimensionality of each feature map but retains 

the most important information. Spatial Pooling can be of 

different types: 

Max, Average, Sum etc. In case of Max Pooling, 

we define a spatial neighbourhood (for example, a 2×2 

window) and take the largest element from the rectified 

feature map within that window. 

Instead of taking the largest element we could also 

take the average (Average Pooling) or sum of all elements in 
that window. In practice, Max Pooling has been shown to 

work better. 
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D. Fully Connected Layer 

The Fully Connected layer is a traditional Multi-Layer 

Perceptron that uses a softmax activation function in the 

output layer . The term “Fully Connected” implies that 

every neuron in the previous layer is connected to every 

neuron on the next layer. 

The output from the convolutional and pooling 

layers represent high-level features of the input image. The 

purpose of the Fully Connected layer is to use these features 
for classifying the input image into various classes based on 

the training dataset. The sum of output probabilities from 

the Fully Connected Layer is 1. 

E. Training using Back Propagation 

The Convolution + Pooling layers act as Feature Extractors 

from the input image while Fully Connected layer acts as a 
classifier. 

F. VGG-16 

VGG-16 is a convolutional neural network that is trained on 

more than a million images from the ImageNet database. 

The network is 16 layers deep and can classify images into 
1000 object categories, such as keyboard, mouse, pencil, 

and many animals. As a result, the network has learned rich 

feature representations for a wide range of images. The 

network has an image input size of 224-by-224. The VGG-

16 architecture consists of twelve convolutional layers, 

some of which are followed by maximum pooling layers and 

then four fully-connected layers and finally a 1000-way 

softmax classifier. 

Keywords - ReLU , Pooling Layer , Fully connected layer. 

V. PROCESS 

 
Fig. 1: CNN Architecture 

VI. RESULTS 

The dataset contains tumor and non-tumor MRI images 

collected from different online resources. Real cases of 

patients, tumor images were obtained from Kaggle. 

In this work, efficient automatic brain tumor 

detection is performed by using convolution neural network. 

Simulation is performed by using python language. The 

accuracy is calculated and compared with a pre-trained 

model aka VGG-16. 

The training accuracy, validation accuracy and 

validation loss are calculated to find the efficiency of 
proposed brain tumor classification scheme. Based on 

feature value, the classification output is generated and 

accuracy is calculated. 

VII. CONCLUSION 

The main goal of this research work is to design efficient 

automatic brain tumor classification with high accuracy, 

performance and low complexity. 
In this report, we first briefly explained our 

motivation of this project and showed some background 

materials. Then, we precisely illustrated our task, including 

the learning task and the performance task. After that, we 

introduced our solution in detail. 

We have used Keras library with Tensorflow as 

backend to train our Convolutional Neural Network to learn 

features to classify between the images of tumored and non 

tumored brain MRI images. We also looked insight into 

what Deep Networks learned from images and explained 

why they achieve good performance. Various parameter 

settings were explored to improve classification accuracy on 
the test dataset. The highest accuracy of this approach is 

82%, which is also our best result. 

In the future, we will explore more to achieve 

better performance. For instance, we will try to change the 

architecture and parameter settings of the Convolutional 

Neural Network based on the feature visualization of 

different layers’ feature maps. Also, we will apply different 

parameter settings for Convolutional Neural Networks. We 

may also try object localization to eliminate the influence of 

complicated backgrounds. Additionally, we would like to 

extract more features or try a combination of human-crafted 
features and learned features. 

REFERENCES 

[1] N. C. Council, C. C. Victoria, and C. C. Australia, 

Understanding brain tumours: a guide for people with 

brain or spinal cord tumours and their families and 

friends / Cancer Council. Cancer Council NSW 

Woolloomooloo, NSW, 20142014. [Online]. Available: 

http://www.cancercouncil.com.au/wp-content/uploads/ 
2014/05/CAN879-Brain-NSW.pdf 

[2] About brain tumors, a primer for patients and 

caregivers. American Brain Tumor Association, 2010. 

[Online]. Available:http://www.abta.org/secure/about-

brain-tumors-a- primer.pdf 

[3] P. S. Rtu Rana, “Brain tumor detection through Mr 

Images: A review of literature,” in IOSR Journal of 

Computer Engineering (IOSR-JCE). 



Brain Tumor Image Classification using Convolutional Neural Network and VGG 

 (IJSRD/Vol. 8/Issue 2/2020/103) 

 

 All rights reserved by www.ijsrd.com 408 

[4] D. N. Louis, A. Perry, G. Reifenberger, A. von 

Deimling, D. Figarella-Branger, W. K. Cavenee, H. 

Ohgaki, O. D. Wiestler, P. Kleihues, and D. W. Ellison, 
“The 2016 world health organization classification of 

tumors of the central nervous system: a summary,” Acta 

Neuropathologica, vol. 131, no. 6, pp. 803–820, Jun 

2016. [Online]. Available: 

https://doi.org/10.1007/s00401-016-1545-1 

[5] D. G. Lowe, “Distinctive image features from scale- 

invariant keypoints,” Int. J. Comput. Vision, vol. 60, no. 

2, pp. 91–110, Nov. 2004. [Online]. Available: 

https://doi.org/10.1023/B:VISI. 0000029664.99615.94 

[6] R. D. Nawarathna, J. Oh, X. Yuan, J. Lee, and S. J. 

Tang, Abnormal Image Detection Using Texton 

Method in Wireless Capsule Endoscopy Videos. Berlin, 
Heidelberg: Springer Berlin Heidelberg, 2010, pp.153–

162. [Online]. Available: https://doi.org/ 10.1007/978-

3-642-13923-916 

[7] H. Bay, A. Ess, T. Tuytelaars, and L. Van Gool, 

“Speeded-up robust features (surf),” Comput. Vis. 

Image Underst.,vol.110, no. 3, pp. 346–359, Jun. 2008. 

[Online]. Available: 

http://dx.doi.org/10.1016/j.cviu.2007.09.014 

[8] N. Sauwen, D. M. Sima, M. Acou, E. Achten, F. Maes, 

U. Himmelreich, and S. V. Huffel, “A semi-automated 

segmentation framework for mri based brain tumor 
segmentation using regularized nonnegative matrix 

factorization,” in 2016 12th International Conference on 

Signal-Image Technology Internet-Based Systems 

(SITIS), Nov 2016, pp. 88–95. 

[9] M. K. Abd-Ellah, A. I. Awad, A. A. M. Khalaf, and H. 

F. A. Hamed, “Design and implementation of a 

computer-aided diagnosis system for brain tumor 

classification,” in 2016 28th International Conference 

on Microelectronics (ICM), Dec 2016, pp. 73–76. 

[10] K. D. Kharat, V. J. Pawar, and S. R. Pardeshi, “Feature 

extraction and selection from mri images for the brain 

tumor classification,” in 2016 International Conference 
on Communication and Electronics Systems (ICCES), 

Oct 2016, pp. 1–5. 

[11] L. Zhao and K. Jia, “Deep feature learning with 

discrimination mecha-nism for brain tumor 

segmentation and diagnosis,” in 2015 International 

Conference on Intelligent Information Hiding and 

Multimedia Signal Processing (IIH-MSP), Sept 2015, 

pp. 306–309. 

[12] R. Lang, L. Zhao, and K. Jia, “Brain tumor image 

segmentation based on convolution neural network,” in 

2016 9th International Congress on Image and Signal 
Processing, BioMedical Engineering and Informatics 

(CISP-BMEI), Oct 2016, pp. 1402–1406 


