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Abstract
Diagnosing a brain tumor usually begins with Magnetic Resonance Imaging (MRI). However, the complexity
associated with the MRI system makes this task non-trivial. Especially, distinguishing between different types of
tumors, i.e., Meningioma, Glioma and Pituitary is not easy and is highly subjective. To address this issue, we train
a Convolutional Neural Network (CNN) using transfer learning to classifying MRI images into the mentioned tumor
types. We used pre-trained models of VGG16 and VGG19 and re-trained them on the publicly available dataset of
figshare. A comparison of the performance of these models reveals that VGG16 models achieves a maximum accuracy
of 84.59%, whereas the maximum accuracy attained by VGG19 is 86.70%. Our experimental results demonstrate
that the task of classifying tumorous MRI images can be efficiently done with CNN.
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1

Introduction

T

he brain diseases come in different forms of infections, trauma, stroke, seizures, and tumors.
The most common method for differential diagnostics
of tumor type is magnetic resonance imaging (MRI).
However, it is susceptible to human subjectivity [19].
Detection of tumorous cells from other contents in the
image is the core problem being faced in diagnosis systems of medical imaging [20]. Tumor is the abnormal
tissue growth inside the brain. Specifically, tumor is
formed on three layers of membrane called Meninges.
Glioma begins in gluey supportive cells and Pituitary
tumor occurs due to abnormal growth of pituitary
gland. MRI technique which are non-invasive and nonionizing radiations are used. Mostly, MRI technique
has proven to be quite successful in the diagnosis of
brain disease. In Rural areas, situation is worst and
hardly any brain specialist is available. Therefore, a
machine learning based automated solution to this
problem is required. Classification is an important
diagnosing task which can classify diseases in efficient
and accurate way.
Pakistan has shortage of the expertise in this area. As
brain tumor is growing and it leads to cancer which
affects the Central Nervous System (CNS), thus the
patients are typically monitored by MRI technique. In
this paper, a Convolutional or deep learning algorithm
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Fig. 1: Traditional machine learning Vs. Transfer
Learning

has been designed to execute in once the featurespace changes. Transfer learning is used to disable
this isolated learning strategy and utilize the acquired
knowledge of one task to solve the correlated problems
or tasks as shown in Figure 1.
Convolutional Neural Network based learning algorithms are more appropriate for accurate feature
extraction of image classification. To save time and
computational cost for complete dataset training, it
is a common practice to use pre-trained models from
Imagenet library according to model requirements.
Strategies in transfer learning are based on trained
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Fig. 2: Strategies in transfer learning

data. Following are three strategies used in transfer
leaning. First strategy trains the entire model and uses
the architecture of the pre-trained model and trains it
according to a dataset. Second strategy trains some
layers and leaves others as frozen. The third strategy
freezes the convolutional base and keeps it in its original form and uses its outputs to feed the classifier. In
this paper, we have utilized second strategy.
The pre-trained convolutional neural networks are
general-ly composed of two parts:
• Convolutional base performs feature extraction
• Classifier base classifies the input images on the
bases of feature extraction
For image classification problem, slandered method is
to practice stack of fully connected layers followed by
Softmax activation function.
Following are some limitations and challenges of this
research.
• Designing and implementation of artificial neural
network
• High computational cost and time for training entire model as well as convolutional based learning
algorithm
• Shortage of technical expertise
The aim is to develop an intelligent system that
can help doctors distinguish between healthy and unhealthy MRI images and develop an efficient automatic
system for image classification and can be implemented in rural areas with satisfactory performance.

2

Literature Review

Brain tumors affect humans badly because of the
abnormal growth of the cells within the brain. Benign
tumors are less harmful than malignant tumors as malignant tumors are fast growing [1]. In [2], a formalized
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input model for generating medically acceptable terms
is used. The same model is passed into diagnostic
decision support system as a set of needed input that
supports the diagnosis process and a lexicon pattern
after the clinical guidance. In [3], image segmentation
is done with color space and feature extraction is used
by GLCM matrix and these features are trained and
tested using Support Vector Machine(SVM). Neural
Network is used to classify images into normal and
abnormal.
In [4], content based image retrieval(CBIR) is used
for brain tumor in three steps using the augmented
tumor region as Region Of Interest (ROI). The tumor
is split into sub regions by adaptive spatial division
method and finally the fisher kernel framework is
applied. In [5], Classification of MRI images is done by
Support Vector Machine (SVM) with various kernels.
The penalized fuzzy is used for feature extraction, and
genetic algorithm is used for feature optimization.The
authors in [5] show that the qualitative analysis gives
a reasonable output for noise reduction in images.
In [6], a model for image classification is used and
three feature extraction methods are used as intensity
histogram, gray level co-occurrence matrix GLCM,
and bag of words with an accuracy of 82.30%, 84.7%,
88.1%, respectively. However, no neural network is
used.
The improvement in technology and machine learning
can help radiologists in tumor diagnostics without
invasive measures. A machine learning algorithm that
can achieve substantial results in image segmentation
and classification is Convolutional Neural Network
(CNN) [20]. The MRI images cannot be directly fed
to CNN for processing due to noises generated due
to patient movement while MRI scanning and other
external noises, etc. Hence the images needs to be preprocessed for efficient tumor detection [19].

3

Methodology

Transfer learning is used on pre-processed data. The
reason for choosing transfer learning is that it has high
accuracy. Transfer learning is efficient for data training and testing, because it contains already trained
model. Transfer learning requires to just apply input
according to our requirement and get our output.
VGG16 architecture was developed by Simonyon and
Zisserman for Imagenet ILVRC2014 computation. The
design is inspired by Alexnet by increasing the number
of features map or convolution as depth of network
increases. The network comprises of 138 parameters.
VGG19 is a convolutional neural network that has
19 layers depth. The pre-trained network can classify
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Fig. 3: VGG16 architecture

images into 1000 object categories. The proposed work
is done in Python. The dataset of 3064 images is used.
CNN algorithm is used via transfer learning for the
classification of brain tumor images into three diseases
named as Glioma, Meningioma and Pituitary tumor.
Diseases are classified as class name C1, C2 and C3
respectively. CNN is used for two parts. It first extracts
the images features and then leads to classification on
the basis of detected features. A python script is used
where X attribute is used as an input and Y as output.
Here both architecture and weights of CNN are used.
For feature extraction, shuffling is taken where images
are divided into their targeted folders as their classes
C1, C2 and C3. Level normal common method is used
and file is saved into CSV format. A base model is
used for not taking its 13 layer trained data and for
removing last layer of architecture and keeping top
on false as flagon model. Softmax function is used for
activation and Dense flow function is used for our three
classes. Figure 3 shows the architecture of VGG16.
3.1

Pre-Processing

The figshare dataset is commonly available for evaluating the classification performance of three levels of
brain tumors as Meningioma, Glomma and pituitary
tumor with 3064 MRI images from 233 patients. The
images are available in mat format with each image
having a dimension of 512 × 512. Images are extracted
from dataset and down-sampled from 512 × 512 to
224 × 224 and converted into RGB and 32-bit which
is the requirement of transfer learning for VGG16 and
VGG19 models. Subsequently, the images are shuffled
into their targeted folders as shown in Figure 4.
The images in the dataset are pre-processed in the
manner as shown below in Figure 5.
The entire dataset is divided into three sub-folders
as Training, validation and testing images in the
following percentages: 70%, 15%, 15%, respectively.
The flow process describes image normalization and
resizing according to model requirement and then use
implemented random image shuffling, image rotation,
width and height shift, shearing and horizontal and
vertical flips. The VGG models architectures are used
with their pre-trained and optimized weights. Adam

Fig. 4: Image name with class names

Fig. 5: Dataset flow processing

optimizer is chosen for its good learning rate. The
initial learning rate was set to default. The mini batch
size was set to 32. This choice compromises between
speed of training and computational requirements.
Cross entropy is used for loss function which provides
the measure of closeness of actual and predicted distribution. The maximum number of epochs are set to 25
for VGG16 and 15 for VGG19.
3.2

Training

70% dataset is used for training. For training, original
classifier is removed and the new classifier is added
and last layer is trained and other layers are frozen
because they are general. First, the data set is trained
on VGG16. After training it is found that 494 images
belong to C1, 998 images belong to C2, and 651
images belong to C3 .Figure 6 shows a few samples
from the training dataset.

Fig. 6: Trained Data Screen shot
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Fig. 7: Tested Data Screen shot

Fig. 8: Screenshot of validated data

3.3

Fig. 9: Accuracy and loss graph on VGG16

Testing

Testing is very important step in every research. 15%
dataset is used for testing. From testing, it is found
that 107 images belonged to C1, 214 images belonged
to C2, and 140 images belonged to C3 .Figure 7 shows
a few samples of test dataset for VGG16 model.
3.4

Validation

Validation shows the values of right elements that
needs to be measured. We use 15% data for validation.
After validation, it is found that 106 images belonged
to C1, 214 images belonged to C2, and 139 images
belonged to C3.

4

Results & Discussion

The proposed classification system was implemented
in python 3.6 on ’Co laboratory’ which is provided by
Google as cloud computing with hyper threading and
CUDA cores support.
We also compared the classification performance of
VGG19 in contrast with VGG16. VGG19 achieved an
accuracy of 85% with epoch size 25, and 86.7% with an
epoch size of 15. Figure 6 shows the accuracy achieved
on the two epoch sizes.
VGG19 model was found to have better performance
than VGG16 in terms of classification accuracy. The
confusion matrix of VGG19 model is shown in Figure
12. From evaluation metrics it is shown that given

Fig. 10: Accuracy and Loss graph on VGG19 in epoch
25
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techniques may be used to improve the performance.
In addition to that, the epoch step size can be changed
for better results. In the similar way, modification in
layers is also expected to give superior results.

6

Fig. 11: Accuracy and Loss graph on VGG19 in epoch
15

Conclusion

In this paper, we have shown that the non-trivial task
of brain tumor classification from MRI images can be
efficiently done with deep learning. We retrained two
models (VGG16 and VGG19) on a publicly available
brain tumor dataset. The evaluation of our trained
models showed that we were able to achieve a satisfactory accuracy values for both the models. VGG19,
having a more complex architecture than VGG16, was
found to deliver a superior performance in terms of
classification accuracy. In future, we aim to improve
the classification accuracy by developing a deeper
CNN framework and training it on a much bigger MRI
dataset.
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Fig. 12: Confusion matrix of VGG19 with 86.7% accuracy
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