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Abstract - Medical image includes various image modalities and procedures, which helps in patient 
treatment and diagnosis. Many abnormalities are occurred in human brain. Among them, with the 
frequent occurrence of the tumor disease and its complexity, brain tumor has become important research 
topic in the medical field. The brain tumor diagnosis is mainly based on the medical imaging data analysis 
from the images of brain tumor. However, the accurate analysis tumor medical image is highly dependent 
on the knowledge, experience and eye strain of a doctor. with the advancement in the field of artificial 
intelligence along with computer vision provided opportunity for brain tumor identification more 
precisely without explicit feature extraction and human intervention. Deep Learning, the recent 
advancement in the field of artificial intelligence, makes system enable learning features automatically for 
the given problem without human expertise. In deep learning, convolutional neural network (CNN) is a 
promising architecture that applied to visual imagery. The aim of this paper is to develop and propose a 
CNN model for classifying brain abnormalities by considering one of the abnormality i.e. brain tumor. 
For that, the different benchmark CNN models are applied and evaluated. The results obtained from 
these models are analysed that motivates us to develop the custom CNN model for the said problem. 
From the performance evaluation, it is found that, the proposed model outperforms with good accuracy. 
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1. Introduction 

With advancement in the modern medical science standards, medical research and diagnosis became easy with 
the help of medical imaging technology. So, medical diagnostic images play an important role in the medical 
field research. Medical image includes various image modalities and procedures, which helps in patient 
treatment and diagnosis. Hence, it plays a dominant role in deciding the actions for the benefit of the patients’ 
health. Many abnormalities are occurred in human brain. Among them, with the frequent occurrence of the 
tumor disease and its complexity, brain tumor has become important research topic in the medical field. Unusual 
growth of the tissues forms the tumor. It is an uncontrolled growth of cancer in the particular part of the body. 
There are various forms of the tumor with differentiable features and each demands special type of treatment 
[1]. The major categories of the brain tumor are primary brain tumor and metastatic brain tumor. Primary brain 
tumor mainly forms in the brain while the metastatic tumor spread via brain and forms elsewhere in the body. 
The brain tumor symptoms highly dependent on the type, size and location of the tumor[2]. It mostly occurs 
when circulation of the blood stuck throughout the brain because of the tumor. Common symptoms of the brain 
tumor are problem in walking and balancing, vomiting and headache. The brain tumor diagnosis is mainly based 
on the medical imaging data analysis from the images of brain tumor [3]. So, accurate analysis of the tumor 
image is the primary step in predicting condition of the tumor affected patient. However, the accurate analysis 
tumor medical image is highly dependent on the knowledge, experience and eye strain of a doctor. Generally, 
MRI - Magnetic Resonance Imaging is used for obtaining quality imaging. Hence, MRI is widely used in brain 
scanning images to identify brain tumor easily from it. Digital representation of the tissue features that can be 
obtained from the tissue plan can be obtained using MRI very easily. MRI scanner produced horizontally and 
vertically sliced images.  
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Nervous system and brain cancer is mentioned as the 10th leading cause for the deaths worldwide [4]. The 
survival rate of the people with the brain cancer in last five years is the 34% for men and 36% women [5]. 
However, human interpretation of this may leads to false identification of brain tumor. Using computerized 
system for brain tumor identification, based on appearances of the basic symptoms from the image, make tumor 
identification easy and more precise. There are various technologies available with makes digital image 
processing feasible and allow to extract meaningful information out of it. Image processing using machine 
learning technology used decade ago for the various images related task like segmentation, classification, 
highlighting specific area of the image and many more. However, image processing demands manual feature 
extraction, which again requires domain expertise and makes it human perception dependent. However, with the 
advancement in the field of artificial intelligence along with computer vision provided opportunity for brain 
tumor identification more precisely without explicit feature extraction and human intervention. Deep Learning, 
the recent advancement in the field of artificial intelligence, makes system enable learning features 
automatically for the given problem without human expertise [6]. In deep learning, convolutional neural 
network (CNN) is a promising architecture that applied to visual imagery [7].  

The aim of this paper is to develop and propose a CNN model for classifying brain abnormalities by considering 
one of the abnormality i.e. brain tumor. For that, the different benchmark CNN models are applied and 
evaluated. The results obtained from these models are analysed that motivates us to develop the custom CNN 
model for the said problem.  

2. Survey of Literature 

Ming Li & et al. [8] proposed three-dimensional MRI brain tumor identification model, which combines CNN 
with multimodal information fusion, called a Multi-CNN. This model collects the brain lesions with the 
different characteristics of the modal in three-dimensional space. To maintain the speed of the network and to 
avoid the problem of overfitting normalization layer was added between convolutional layer and pooling layer. 
The experimentation shows that compared with two-dimensional and single model brain tumor detection model, 
Multi-CNN modal provides significantly high accuracy. Authors in the paper [9], presented the brain tumor 
identification modal by segmenting MRI images using Fuzzy C-Means clustering and classification of the tumor 
was done using CNN modal. They have compared the results of various machine learning classification 
algorithms like SVM, Logistic Regression, K-nearest neighbor, Random Forest and Naïve Bayes, with CNN 
modal. Accuracy provided by CNN model was 97.42%, which is highest, compared with other machine learning 
classifiers.  

Hasan Ucuzal & et al. [10] developed the web based brain tumor classification system using high-precision T1 
MRI images and convolutional neural network. According to the performance matrices obtained, authors were 
able to achieve 98% of classification accuracy on training dataset and 91% accuracy on test dataset. The system 
was implemented on two datasets and obtained 96.13% and 98.70% accuracy respectively for both. Authors in 
the paper [11] proposed new CNN based method for automatic segmenting Glioma, Meningioma, and Pituitary 
types of brain tumors. Results of the network highlighted that separation of the images based on the angles 
improves the accuracy of the segmentation. Evaluation of the network shows that 0.73 Dice score was obtained 
for a single network and 0.79 obtained for the multiple networks. Ming Sihang Zhou & et al. [12] presented 
high-resolution multi-scale encoder-decoder network (HMEDN) model to deal with the blurry medical image 
segmentation. To exploit the comprehensive semantic information multi-scale dense connections with encode-
decoder structure was introduced. Experimentation on the network shows that along with the network 
complexity increasing the semantic feature maps improves the overall network performance largely. Authors in 
the paper [13] presented the network with 3 convolutional blocks, each with 11 layers depth and consists 6 
convolutional layers with 3x3 filters, 2 max-pooling layers and three dense fully-connected layers. Authors have 
performed the preprocessing intensity equalization on all the images by normalizing and by computing standard 
deviation and mean intensity, values removed the noise form the images. Proposed model was able to achieve 
the 88%, 83% and 77% accuracy with the whole tumor, core tumor and active tumor in the BraTS dataset.  

Salma X sun & et al. [14] proposed a SegNet model for brain tumor segmentation. The specialty of the proposed 
model is that it separately train all modalities and combine the output at the post-processing stage of the SegNet. 
There are pair encoder and decoder in the architecture. Model contains 13 convolutional layers consists 3 x 3 
filters, ReLU activation layer, batch normalization and 2x2 filter max-pooling layer. The segmentation 
technique was able to achieve accuracy of 85% for entire tumor, 81% for core and 79% for enhancing tumor. 
Authors in the paper [15] presented two pathway CNN model for tumor identification from the MRI image. The 
network extracts large path size 37x37 and minor 19x19 patch size at the same time. To avoid the problem of 
overfitting in the network dropout and maxout layers were used. Architecture consists six convolutional layers 
with varying filter size, which enables model to learn the different size features. The model achieved accuracy 
80% with complete, 67% with core and 85% with enhancing tumor respectively. The literature shows that deep 
learning and CNN models can be applied for the brain tumor classification promptly.  
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3. Materials and Methods 

3.1. Dataset Accumulation 

A benchmark dataset for Brain Tumor has been acquired from fighshare data repository. [16] It contains total of 
3064 images of type T1-weighted contrast-enhanced images. They have collected these slices from 233 patients. 
The tumor types they considered are meningioma, glioma and pituitary tumor. There are 708 slices are available 
for meningioma tumor, 1426 slices are available for glioma tumor and 930 slices are available for pituitary 
tumor. The data are available matlab format with .mat extension. For conducting experiment, the dataset 
converted into .jpg files and arrange into appropriate class label folders. The following figure 1 represents the 
sample image of each class available in the dataset. 

  
 
 
 
 
 
 
 
 

Fig. 1. Sample of Image of Each Class from the Dataset 

3.2. Data Augmentation 

Deep learning models normally required huge dataset to train the model. The performance is often improved 
with the amount of the data available. Moreover, the data should be in balanced and diverse form [17]. It 
contains the techniques that artificially increased the data size and diversity of the entire dataset. The common 
augmentation techniques are flipping, cropping and rotating the images. We have applied the said augmentation 
techniques to increase the dataset size from 3064 to 12067 images. After data augmentation, there are 3709 
images available for meningioma, 4427 images available for glioma and 3931 images are available for pituitary 
tumor.  

3.3. CNN Network Architecture 

We have first implemented pre-trained benchmark CNN models trained on ImageNet dataset to evaluate the 
performance of the same. Motivating from the results obtained, we have developed our own CNN model for 
brain abnormality detection using the brain tumor dataset. Various state-of-the-art CNN models are 
experimented and evaluated by fine-tuning it for brain tumor detection and classification. The models evaluated 
include VGG16, VGG19, ResNet50V2, ResNet101V2, MobileNetV2 and DenseNet121 and proposed deep 
CNN model. 

3.4. Various Pre-Trained Benchmark CNN Models Used for Tumor Classification 

Deep learning is the key instrument in the artificial intelligence for the application like image classification [18]. 
The goal of image classification is to classify a specific image from set of possible categories [19]. Pre-trained 
models are already trained model on the benchmark dataset to solve a problem similar to various real time 
classification tasks. The ImageNet dataset consists 15 million high-resolution images categorized into around 
22,000 used for training all the benchmark CNN models. The various pre-trained models are used in this 
research work for the brain tumor classification task. The model used was VGG16, winner of the 
ILSVR(Imagenet) competition in 2014. VGG16 consists convolutional layers of 3x3 filters and with stride 1 and 
used padding and max-pooling layers with 2x2 filters and stride 2. At the end, it has two fully connected layers 
[20]. There is consistent arrangement of convolution and max-pooling layers throughout the network. The next 
model used is VGG19, which follows similar architecture like VGG16, except it has 19 layers whereas VGG16 
has 16 layers. MobileNetV2 used for tumor classification follows inverted residual architecture. Unlike 
traditional residual models, input and output of the residual block are thin bottleneck blocks. MobileNetV2 
consists two types of blocks one residual block with 1 stride and another with stride 2 for down sampling [21]. 
Another model used in the research work is ResNet – winner of the ImageNet challenge 2015. With the 
invention of ResNet, new era of training deep neural networks with 150+ layers were started [22]. Prior to that it 
was difficult to train deep neural network because of vanishing gradient problem. The basic idea behind the 
ResNet architecture was the identity shortcut connection, which fits the input from the previous layer to the 
subsequent layer without altering the input. ResNet50 is the smaller version of the ResNet architecture and 
frequently used as the starting point in transfer learning. ResNet101 is the 101 layers’ deep convolutional neural 
network. The pre-trained version of the network train over more than million images from the ImageNet dataset 
was used for the brain tumor classification task for the comparison with other network. In 2017, paper 
representing DenseNet (Dense Convolutional Network) won the best research paper award with 2000 citations. 
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DenseNet was able to achieve high accuracy compared with ResNet using fewer parameters. In this architecture, 
each layer of the network obtains additional input from all its previous layers and passes its own feature map to 
next subsequent layers of the network. Thus, each layer receives collective knowledge from its all preceding 
layers, which helps in improving the overall accuracy of model. DenseNet network become compact and thinner 
as each layer receives feature map from its all preceding layers. DenseNet121 with 121 layers used in this 
research to solve the problem of brain tumor classification.  

3.5. A proposed CNN Model for brain abnormality classification 

Brain tumor classification performs using CNN that is consists with several layers as displayed in the following 
figure 2. The convolutional layer is followed by an activation layer. We have used Rectified Linear Unit (ReLU) 
as an activation function. Moreover, batch normalization is used to make the network faster and stable. The 
addition of pooling layer after convolutional layer is a common pattern in CNN network. Here, max pooling 
layers are applied after some of the convolutional layers that calculate maximum value for each patch of a 
feature map. At last, flatten layer is applied to convert the data into one dimensional array to pass it as an input 
to the next layer. The fully connected layers are used for classification and the last fully connected layer outputs 
in three class. It gives “1” as an output for meningioma, “2” for glioma and “3” for pituitary tumor.  

Layer Properties 

Image Input 128 X 128 X 3 

Convolutional + ReLU 64 Filters of size (3 x 3 x 3) with Padding = same, Rectified 
Linear Unit 

Convolutional  + ReLU + 
MaxPooling 

64 Filters of size (3 x 3 x 3) with Padding = same, Rectified 
Linear Unit, 2×2 max pooling with stride [2 2] 

Convolutional + Batch 
Normalization + ReLU  

64 Filters of size (3 x 3 x 3) with Padding = same, Batch 
Normalization, Rectified Linear Unit 

Convolutional + Batch 
Normalization + ReLU + 
MaxPooling 

64 Filters of size (3 x 3 x 3) with Padding = same, Batch 
Normalization, Rectified Linear Unit, 2×2 max pooling with 
stride [2 2] 

Convolutional + Batch 
Normalization + ReLU 

64 Filters of size (3 x 3 x 3) with Padding = same, 

Batch Normalization, Rectified Linear Unit 

Convolutional + Batch 
Normalization +ReLU 

64 Filters of size (3 x 3 x 3) with Padding = same,  

Batch Normalization, Rectified Linear Unit 

Convolutional + Batch 
Normalization +ReLU + 
MaxPooling 

64 Filters of size (3 x 3 x 3) with Padding = same, 

Batch Normalization, Rectified Linear Unit, 2×2 max 
pooling with stride [2 2] 

Convolutional + Batch 
Normalization +ReLU 

64 Filters of size (3 x 3 x 3) with Padding = same 

Batch Normalization, Rectified Linear Unit 

Convolutional + Batch 
Normalization +ReLU 

128 Filters of size (3 x 3 x 3) with Padding = same 

Batch Normalization, Rectified Linear Unit 

Convolutional + Batch 
Normalization +ReLU 

128 Filters of size (3 x 3 x 3) with Padding = same 

Batch Normalization, Rectified Linear Unit 

Flatten Flatten into MLP 

Fully Connected layer + Batch 
Normalization + ReLU 

256 Neurons with Batch Normalization and Rectified Linear 
Unit 

Fully Connected layer + Batch 
Normalization + ReLU 

256 Neurons with Batch Normalization and Rectified Linear 
Unit 

Fully Connected + Softmax 3 Neurons in Last Layer for final output 

Fig. 2. A Network Architecture of a proposed CNN Model for brain abnormality classification 

 
 
 
 

e-ISSN : 0976-5166 
p-ISSN : 2231-3850 Hetal Barad et al. / Indian Journal of Computer Science and Engineering (IJCSE)

DOI : 10.21817/indjcse/2020/v11i6/201106058 Vol. 11 No. 6 Nov-Dec 2020 796



4. Experimental Methodology 

The following figure 3 describes the experimental methods used in this research. Each deep learning model 
requires data for training. In this research, the dataset is acquired from Figshare data repository. The data is then 
converted from .mat file to .jpg file. There are three classes are available in dataset. Therefore, the images are 
organised into appropriate folders. Data augmentation is applied to the dataset to artificially enhance the size 
and diversity in the data. Then benchmark CNN models are identified that includes VGG16, VGG19, 
ResNET101, MobileNetV2 etc. For conducting experiment, we have used Keras and TensorFlow libraries for 
CNN model implementation [23]. The dataset is then after split into training, validation and testing. The ratio 
preserves is 80%, 10% and 10% respectively. To load the image, Keras provided ImageDataGenerator class that 
is used in the experiment. The models are built and compiled to start the training. The model is evaluated to 
obtain the results. Standard metrics like accuracy and loss are used for performance evaluation.   

 
Fig. 3. An Experimental methodology for Training and Evaluation of CNN Models 

4.1. Hardware and Software 

For implementation, we have used Keras and TensorFlow deep learning libraries. Keras is a high level API that 
builds on the top of TensorFlow library. Moreover, Keras is specially designed for performing deep learning 
based applications and provides a convenient way to build CNN models. Keras is a high level API that uses 
Tensorflow or Theano as a backend. Keras is very simple and available with very good documentation and 
learning resources. TensorFlow is an open-source library that offers both high-level and low-level APIs.  

For hardware and software support, a cloud platform namely Google Colab is used. Colab is a free Jupyter 
notebook environment that runs completely in the cloud. We have used Google Colab notebook and executed 
code on Google’s GPU using Google’s cloud servers. Colab supports a development environment in Python that 
makes easy to use other packages like Scikit, NumPy, Matplotlib etc.  

4.2. Hyperparameters and Network Training 

Hyperparameters are used to define the CNN structure and determines how the network is trained. The entire 
training process is governed by set of hyperparameters. It is required to set hyperparameters before training. 
There are various hyperparameters available including learning rate, optimizer, loss function, batch size, epoch 
etc [24]. The following are the details regarding the hyperparameters used in this experiment. 

 Learning rate: Learning rate regulates the speed for learning weights by a model. A larger learning 
rate speeds up the learning but may the model not converged. A lower learning rate converges 
smoothly compared to a larger learning rate. A decaying rate of learning is preferred 
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 Batch size: Batch size decides the number of samples passed in a model for a particular iteration. The 
typical sizes chosen are 32, 64, 128, etc.  

 Number of Steps: the number of steps defines the total number of training iterations required for the 
proposed object detection model. This number depends on the dataset's size and several other factors 
(including for how long the model does train). A training step is referred to as an update in one 
gradient. During one step, the amount of training samples assigns to batch size is processed.  

 Activation function: Activation functions introduce non-linearity in the network and help to learn 
nonlinear prediction boundaries. ReLU, Sigmoid, Tanh, etc. are some of the most popular activation 
functions used in object detection models. 

 Dropout rate: The dropout rate is used to solve the overfitting problem of the network. Dropout means 
dropping neurons of the network. They are chosen at random during the training process.  

 Optimizer: Optimizer algorithms are used to calculate the optimal values for internal parameters (i.e., 
weights, bias, etc.). It helps to minimize the error function.  

The following table 1 describes the values set for hyperparameters before training. The following values are 
obtained after tuning the hyperparameters to get optimum level of accuracy. 

Table 1. Values sets for Hyperparameters 

Hyperparameter Name Value 

Learning Rate 0.001 

Batch Size 32 

Training step or Iterations 9652/32 (Total training samples/batch size) 

Epoch 20 

Optimizer SGD 

Loss Function Categorical Cross-entropy 

Dropout rate 0.2 

Epoch 20 

4.3. Loss Functions 

There are two performance parameters most often used to measure the performance of CNN model i.e. accuracy 
and loss. The aim of a good training is not only about increase the accuracy but also to decrease the loss. This 
can be achieved by optimizing the weights of CNN model. Loss is a function that measures an error occurred in 
prediction by a model [25]. There are two functions generally used to measure loss i.e. mean square error and 
categorical cross entropy. To determine the performance of a CNN model, accuracy and loss can be graphically 
described as shown in figure 4. The loss and accuracy are measured at two stages; training and validation. In 
following figure 4, training and validation accuracy and losses are going parallel and closely to each other. This 
shows that model is trained adequately without underfitting and overfitting. 

 

Fig. 4. Accuracy and Loss for the Proposed Model 
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5. Results and Discussion 

The following table 2 shows the total number of parameters, trainable parameters and non-trainable parameters 
contain by a CNN model. Most of the benchmark models are having large number of parameters to learn as they 
having very deep network architecture. Whereas, from table 2, it has found that, the proposed CNN model is 
having lowest number of parameters without compromising accuracy. 

Table 2. Parameters Learned by CNN Models 

 VGG16 VGG19 MobileNet 
V2 

ResNet50 ResNet101 Densenet 
121 

Proposed 
CNN 

Total 
params 

21,204,035 26,513,731 18,381,123 49,321,731 68,383,491 19,949,379 2,683,075 

Trainable 
params 

6,489,347 6,489,347 16,157,251 25,802,371 25,854,595 12,995,523 2,664,387 

Non-
trainable 
params 

14,714,688 20,024,384 2,223,872 23,519,360 42,528,896 6,953,856 18,688 

The following table 3 shows the accuracy and loss values for different CNN models. The values for accuracy 
and loss are provided for training, validation and testing. From the results, it can be found that, VGG16 and 
VGG19 obtained the lowest accuracy and highest loss. MobileNetV2 performs better than VGG16 and VGG19. 
Both of the variants for ResNet i.e. ResNet50 and ResNet101 work well including Densenet121. Among all, the 
proposed CNN model outperforms with highest training, validation and testing accuracy i.e. 0.9985, 0.9637 and 
0.9670. Moreover, the values for losses are also lowest i.e. 0.0246, 0.1018 and 0.1038 respectively. Along with 
the optimum values of accuracy and loss, the time taken to train the entire model is significantly less for the 
proposed CNN model. 

Table 3. Accuracy and Loss for CNN Models 

Parameters VGG16 VGG19 MobileNet
V2 

ResNet50 ResNet101 Densenet
121 

Proposed 
CNN 

Training 
accuracy 

0.8877 0.8625 0.9762 0.9925 0.9902 0.9910 0.9985 

Training Loss 0.2838 0.3426 0.0647 0.0254 0.0319 0.0283 0.0246 

Validation 
Accuracy 

0.8730 0.8606 0.8994 0.9417 0.9506 0.9633 0.9637 

Validation Loss 0.2159 0.3207 0.2477 0.1687 0.3082 0.1418 0.1018 

Testing 
Accuracy 

0.8657 0.8690 0.9062 0.9594 0.9552 0.9670 0.9670 

Testing Loss 0.4759 0.3215 0.1839 0.1166 0.1248 0.1620 0.1038 

Time taken to 
Train the Model 

0:33:53.
256950 

0:32:54
.186228 

0:31:25.39
9036 

0:47:29.71
7618 

1:14:41.84
9550 

1:15:42.38
6142 

0:14:18.36
6423 

6. Conclusion 

In this paper, we have developed and proposed a convolutional neural network (CNN) model for multi-class 
classification of brain abnormality. Brain tumor is considered one of the major brain abnormalities and 
therefore, the model is applied and experimented on brain tumor dataset. Several benchmark CNN models that 
include VGG16, VGG19, MobileNetV2, ResNet50, ResNet101 and DenseNet121 are applied and evaluated for 
performance comparison. By seeing the results, it can be found that, the proposed CNN model outperforms 
among other CNN models. It consumes less parameters and less time for training. From the graphs of accuracy 
and loss, it is observed that the proposed model converge optimally as compared to other CNN models. 
Moreover, the highest accuracy and lowest loss are also obtained from the proposed model.  
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