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Brain tumor classification is an important problem in computer-aided diagnosis (CAD) for medical applications.
This paper focuses on a 3-class classification problem to differentiate among glioma, meningioma and pituitary
tumors, which form three prominent types of brain tumor. The proposed classification system adopts the concept
of deep transfer learning and uses a pre-trained GoogLeNet to extract features from brain MRI images. Proven
classifier models are integrated to classify the extracted features. The experiment follows a patient-level five-fold
cross-validation process, on MRI dataset from figshare. The proposed system records a mean classification ac-

curacy of 98%, outperforming all state-of-the-art methods. Other performance measures used in the study are the
area under the curve (AUC), precision, recall, F-score and specificity. In addition, the paper addresses a practical
aspect by evaluating the system with fewer training samples. The observations of the study imply that transfer
learning is a useful technique when the availability of medical images is limited. The paper provides an ana-
lytical discussion on misclassifications also.

1. Introduction

Accurate and prompt diagnosis of brain tumors is essential for im-
plementing an effective treatment of this disease. The choice of a
treatment modality depends on the stage of the tumor at the time of
diagnosis, the pathological type, and grade of the tumor. Computer-
aided diagnosis (CAD) techniques have been assisting neuro-oncologists
in numerous ways. CAD applications in neuro-oncology include tumor
detection, classification, and grading. CAD-based brain tumor classifi-
cation into benign and malignant tumors is an extensively researched
topic [1]. Grading of glioma, which is a major class of malignant tu-
mors, is another research problem in this domain [2]. The aforemen-
tioned CAD systems rely on magnetic resonance imaging (MRI) images
of the brain. This is because of the ability of MRI to provide a higher
contrast for soft tissues in brain compared to computed tomography
(CT) images.

Recent works on computer-aided medical diagnosis provide im-
proved performances owing to the advent of deep learning concepts.
Deep learning strategies have been extensively used in the medical
image analysis of breast cancer studies [3] and lung cancer diagnosis
[4]. Zuo et al. [5] developed a deep learning algorithm for human skin
detection, which is a part of dermatology diagnostics. Charron et al. [6]
used a deep convolutional neural network (CNN) to monitor brain
metastases. More recently, a special class of deep learning, known as
deep transfer learning, has been dominating the studies on visual
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categorization, object recognition and image classification problems
[7]. Transfer learning allows the use of a pre-trained CNN model, which
was actually developed for another related application. Transfer
learning has shown its potential in CAD of medical problems also. Zhou
et al. [8] used a pre-trained InceptionV3 model for differentiating be-
nign and malignant renal tumors on CT images. Deniz et al. [9] pro-
posed a classifier for breast cancer on histopathologic images. The au-
thors used a pre-trained VGG-16 model and a fine-tuned AlexNet for
extracting features, which were then classified using a support vector
machine (SVM). Hussein et al. [10] introduced a learning model for
lung tumor characterization and for pancreatic tumor characterization.
The learning model was based on knowledge transfer and it had a 3D
CNN architecture. The accuracy measures reported in the transfer
learning-based algorithms were superior to those obtained using
handcrafted engineering. Specifically, transfer learning has gathered
attention in applications related to neuro-oncology. Studies were con-
ducted to extract deep features from brain MRI images using pre-
trained networks [11,12]. The studies showed the capability of transfer
learning to work with smaller datasets. Yang et al. [13] used AlexNet
and GoogLeNet in their research work on the grading of glioma from
MRI images. In terms of the performance measures observed, Goo-
gleNet proved superior to AlexNet for the task. Talo et al. [14]
achieved remarkable classification performance with deep transfer
learning in their work on brain abnormality classification. The authors
used ResNet-34 and the experiments included training of modified
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dense layers, training with data augmentation and fine tuning of a
transfer learned model. The experimental results concluded that a deep
transfer learned model can be adapted to medical image classification,
with minimum pre-processing. Jain et al. [15] used a pre-trained VGG-
16 network for diagnosis of Alzheimers disease from MRI. Transfer
learning was applied to content-based image retrieval (CBIR) for brain
tumors [16]. The evaluation was performed on a publicly available
dataset and obtained promising results.

Brain tumor classification into subtypes is a more challenging re-
search problem. The related challenges are attributed to the following
factors: 1) brain tumors exhibit high variations with respect to shape,
size and intensity [17]; 2) tumors from different pathological types
might show similar appearances [18]. Among all brain tumors, glioma,
meningioma and pituitary tumor account for the highest incidence rates
[16]. Cheng et al. [17] worked on the 3-class brain tumor categoriza-
tion problem with T1-MRI images. This was the first significant work on
classification that used the challenging dataset from figshare. The
proposed approach relied on the manually delineated tumor border to
extract features from the region of interest. In the work, the authors
experimented with a wide range of image features and a set of classifier
models. The best classification performance was achieved by an SVM
model on bag of words (BoW) features. The experiments followed a
standard five-fold cross-validation procedure. The performance mea-
sures used were specificity, sensitivity and classification accuracy. Is-
mael and Abdel-Qadar [19] proposed a classification algorithm based
on statistical features extracted by discrete wavelet transform (DWT)
and a Gabor filter. The features were then used to train a multi-layer
perceptron (MLP) classifier. The algorithm was evaluated on the fig-
share dataset, as used in the previous work [17]. A random division of
database images into 70% and 30% was done to form the training set
and validation set, respectively.

A CNN-based deep learning model was successfully applied to the
considered brain tumor classification problem [20]. The advantage of
CNN-based classifier systems is that they do not require manually
segmented tumor regions and provide a fully automated classifier. A
CNN architecture was designed to extract features from brain MRI in
the work by Pashaei et al. [21]. The model had five learnable layers and
the size of filters in all the layers was 3x3. The CNN model gave a
classification accuracy of 81%. The performance was enhanced by using
CNN features with a classifier model from the class of extreme learning
machines (ELM). For this work, recall measures for the class pituitary
tumor were very high while those of meningioma were very low. This
suggests limitations in the classifier's discrimination capability. A
modified CNN architecture, known as a capsule network (CapsNet), was
used in brain tumor classification by Afshar et al. [22]. CapsNet utilised
the spatial relationship between the tumor and its surrounding tissues.
Still, the improvement in performance was meagre.

The limitations of the existing works on classification of brain tu-
mors into meningioma, glioma and pituitary tumors are summarized as
follows. The performance of state-of-the-art methods is inadequate
considering the medical significance of the classification problem.
Earlier methods relied on manually delineated tumor regions, prior to
classification. This prevented them from being fully automated. The
automatic algorithms developed using CNN and its variants could not
achieve an influential improvement in performance. Further, the ex-
isting methods were tested on the figshare dataset, which is unbalanced
(with respect to tumor classes). Hence, performance evaluation using
metrics other than accuracy becomes significant. Another fact is that no
related work has attended to the concern of data scarcity that can ap-
pear in practice.

In this paper, we present an accurate and automatic classification
system designed for three pathological types of brain tumor (glioma,
meningioma and pituitary tumor). The implementation uses a deep
transfer learned CNN model for feature extraction from brain MRI
images. The extracted features are classified using proven classifiers. A
comprehensive evaluation of the proposed system is then conducted.
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The proposed system recorded the best classification performance,
compared to all the related works, when evaluated on the open dataset
from figshare. Also, with a smaller number of training samples the
proposed algorithm is found to produce acceptable results. The major
contributions of this paper are listed below.

e For the first time, the concept of deep transfer learning is applied to
the specific 3-class brain tumor classification problem.

e A substantial improvement in performance is observed when
transfer learned deep CNN features are used with proven classifier
models.

e The proposed method recorded the best classification accuracy
compared to state-of-the-art methods.

o The proposed method gives a considerably good performance even
when a smaller number of training samples is used.

e The phenomenon of overfitting with fewer training data and its
impact on classification performance are studied.

The remaining part of this paper is organized as follows. In section
2, we present an overview of the concept of transfer learning, followed
by a description of the dataset used in the study and the complete
framework for the proposed classification algorithm. Section 3 gives
details of the experiments performed, presents evaluation results and
provides discussion on the results. Section 4 provides the conclusion of
this paper.

2. Method

In this work, we applied a pre-trained deep network, the
GoogLeNet, to our classification problem via transfer learning.

2.1. Transfer learning in inductive setting

Transfer learning is the technique by which the knowledge gained
by an already trained model is used to learn another set of data [23].
Given a source domain (D;) and a learning task (T;) in the source do-
main, a target domain (D;) and the corresponding learning task (T;), the
objective of transfer learning is to improve the learning in D, using the
knowledge in Dy and T;. Based on the type of task and on the nature of
the data available at the source and target domains, different settings
are defined for transfer learning [7]. The transfer learning approach is
known as inductive transfer learning when labelled data is available in
the source and target domains for a classification task [24]. In such a
scenario, the domain is represented as D = (x;y,) V i, where Xx; is the
feature vector for the ith training sample and y, is the class label for the
ith training sample. The setting for transfer learning with respect to our
application is explained in the following statements.

GoogLeNet is defined as a deep network with the number of
learnable layers being 22 [25]. It has two convolutional layers, two
pooling layers and nine inception modules, and a fully connected layer.
Again, an inception module has six convolution layers and a pooling
layer. The module consists of filters of sizes 1x1, 3x3 and 5x5 in its
architecture [13]. Filters with different kernel sizes are expected to
capture different patterns in data. The feature maps, corresponding to
different filters, are concatenated at the output of each module. More-
over, 1x1 convolutions are performed prior to convolutions by larger
kernels. They are meant for dimension reduction in computations.
GoogLeNet was the winner in the Imagenet large scale visual recogni-
tion challenge (ILSVRC) held in 2014. It was trained using 1.2 million
natural images in Imagenet. Each image in Imagenet belonged to one of
the 1000 defined classes. Training samples in Imagenet define the
source domain and the source task is a 1000-class classification pro-
blem.

We define our task as the classification of brain tumors into three
types. T1-contrast enhanced (CE) MRI images from figshare [26] form
our dataset and define the target domain. Fig. 1 demonstrates the basic
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Fig. 2. Modifying GoogLeNet for the application.

framework of the transfer learning approach as applied to our work. We
modified the last three layers of GoogLeNet so as to adapt it to the
target domain. The fully connected (FC) layer in the original GoogLeNet
was removed. Instead, a new FC layer with an output size of three was
inserted. The softmax layer, following the FC layer, and the cross-en-
tropy-based classification layer at the output were replaced with new
ones. The modified deep learning model is shown in Fig. 2. Then, we
performed a fine tuning of the modified GoogLeNet by training it with
MRI images from figshare. The learning factors for weights and bias at
the FC layer were set to a high value of 10. The idea was to make the
network learn abstract high-level features specific to the target domain.
The low-level features were expected to be learned by the pre-trained
layers from the original GoogLeNet. The transfer learned and fine-tuned
deep CNN could then be used for experiments using MRI data from the
figshare dataset.

2.2. Proposed classification framework

The proposed algorithm makes use of the modified and fine-tuned
GoogLeNet to learn the features of brain MRI images with tumors. (The
extracted features using modified GoogLeNet will be referred to as deep
CNN features in the rest of this paper.) Features extracted from layers
near to the fully connected layer give good discriminative representa-
tions for trained images. Fig. 3 shows the scatter plot of features ob-
tained at the FC layer of the transfer learned GoogLeNet. The transfer
learned model has a softmax classifier layer, which can classify image
data from figshare into three tumor classes. However, an improved
performance is expected when deep CNN features are provided to well-
established pattern classifiers [27]. In the proposed work, the deep CNN
features were tested on two sets of classifier models other than the
softmax classifier within deep CNN. These are the SVM and k-nearest
neighbours (KNN) classifiers. The choice of SVM for our experiments
was a result of motivation from previous works where SVM had shown
good performance in classifying CNN features. In cases when data
points are not easily separable by SVM planes, a density estimation
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based classifier could be more useful. Following this thought, KNN was
considered for our experiments. Fig. 4 shows the overall framework for
the proposed classification system. Deep CNN features of the training
data and test data, and class labels of the training data form inputs to
the classifier model. The model predicts and outputs class labels for the
test data.

3. Experiments and results

We implemented the proposed classification model in MATLAB
2018b on a computer having specifications of 32 GB RAM and Intel E3-
1245v6 @3.70 GHz CPU.

3.1. Dataset and pre-processing

The dataset from figshare is openly available [26] and is commonly
used for evaluating classification and retrieval algorithms [16]. It is a
collection of 3064 brain MRI images from 233 patients, diagnosed with
one of the three brain tumors (meningioma, glioma and pituitary tu-
mors). The images belong to the T1-CE MRI modality and include
coronal, sagittal and axial views. It contains 1426 brain MRI images
with glioma (corresponding to 89 patients), 708 images for me-
ningioma (corresponding to 82 patients) and the remaining 930 images
correspond to cases of pituitary tumor (belonging to 62 patients). The
images are available as .mat files and the size of each image is 512x512.
GoogLeNet was originally designed for RGB colour images, with an
input layer of size 224x224x3. The MRI images in the dataset were pre-
processed in the following manner (Fig. 5). They were normalized in
intensity values. A min-max normalization technique was followed to
scale the intensity values between 0 and 1. They were resized to

MR : ‘ :
Normalize » Resize

image

Fig. 5. Data preprocessing steps.
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224x224. Because MRI images are greyscale images, three channels
were then created by replicating the greyscale values three times. The
evaluation procedure for the designed system on the figshare dataset
followed a patient-level five-fold cross-validation. The entire dataset of
233 patients was divided into five disjoint subsets. The divided subsets
were of approximately equal size. One subset was selected as the test set
while the rest formed the training set. This process was repeated such
that every subset formed the test set once. Such a division of the dataset
was to ensure that the data of a particular patient was not simulta-
neously present in the test set and in the training set.

3.2. Classifier settings

The performance of an image classification system depends on the
combination of image features and the classifier model. With regard to
the classifier models used in the final stage of the proposed brain tumor
classification system, there are three distinct experimental settings.

1. Transfer learned deep CNN model with its softmax classifier, as a
stand-alone system.

The modified GoogLeNet was trained using the training set (after
pre-processing). The hyperparameters of the network were heuristically
adjusted so as to facilitate the convergence of the loss function during
training (Fig. 6). Adam was the chosen optimizer, considering its good
learning rate and the parameter-specific adaptive nature of the learning
rates. For Adam, the initial learning rate was chosen as 0.0003. The
choice of a high value might prevent the loss function from converging
and could cause overshoots. And a very small value of the learning rate
increases the training time. The mini-batch size was set to 30. The
choice is a compromise between the speed of training (a larger batch
size means faster training) and the computational requirements (limit
set by the computer specifications). Also, a very large batch size ad-
versely affects the model quality. Cross-entropy is the loss function used
as it gives the measure of the closeness of the predicted and actual
distributions. A higher learning rate is desirable at the modified FC
layer so as to learn the MRI image specific features. So, a learning factor
of 10 is set. The number of epochs was limited to 10, considering the
occurrence of overfitting. The hyperparameter settings of our experi-
ment are listed in Table 1.

2 Deep CNN features with SVM classifier.

We extracted features from the pooling layer, placed after the final
inception module of the modified GoogLeNet. The features were then
classified using SVM. We used a multi-class SVM with an error-cor-
recting output code (ECOC) model. A one-vs-all strategy was used for
multi-class classification. There were three binary SVM learners, each
with a linear kernel. Other parameters of SVM are given in Table 1.

3 Deep CNN features with KNN classifier.
Features were extracted in a manner similar to the previous setting.

A classification experiment was then performed with the KNN classifier.
The main parameters of KNN include k, the number of nearest

|\ Eptng oL BB T A8 Epng i, Eooh10

0 100 200 300 400 500 600 700 800
Iteration

Fig. 6. Loss function of the transfer learned model during training.
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Table 1
Experimental parameters.

Model Parameters Settings (values)
Transfer learned initial learning rate 0.0003
deep mini-batch size 30
network learning algorithm Adam cross-entropy
loss function 10
maximum epochs 10
learning factor @ FC layer
SVM model sub-type ECOC hinge
loss function one-vs-all
coding SVM linear
learner L2
kernel BFGS
regularization
solver
KNN Number of neighbours, k distance 49
Euclidean

neighbours and the distance metric. We chose the value for k as 49, the
square root of the number of samples in the training set as per our cross-
validation settings. A lower value of k can make the system susceptible
to noise and overfitting. A higher value means more computations. In
addition, data imbalances with respect to classes may dominate the
results if k is chosen high. We used Euclidean distance as the distance
metric.

We conducted the experiments five times, and each experiment
followed a five-fold cross-validation process. The average of the results
after five trials is presented in a mean+standard deviation format.

3.3. Performance metrics and evaluation

Several performance measures are defined for the standard eva-
luation of a classifier. Classification accuracy is the most extensively
used quality index. Accuracy, in classification, is defined as the ratio of
the number of correctly classified samples to the total number of data
samples. The classification accuracies obtained in our experiments are
the following.

e The classification accuracy of the deep transfer learned (stand-
alone) model is 92.3+0.7%.

e The accuracy with SVM on deep CNN features is 97.8+0.2%.

® The accuracy with KNN on deep CNN features is 98.0+0.4%.

The data reveals that a superior performance is achieved when SVM
or KNN is used to classify the deep CNN features.

Classification accuracy is an effective measure to characterize the
performance when the test dataset contains an equal number of samples
from each class. However, the dataset considered for the discussed
classification problem is an unbalanced dataset. This necessitates fur-
ther evaluation of the proposed system with more performance indices.
We used confusion matrices to study the performance of our tumor
classification system. A confusion matrix summarizes correct and in-
correct classifications in a tabular form. Table 2 shows a sample con-
fusion matrix for the SVM classifier, obtained during our experi-
mentation. (M, G and P refer to meningioma, glioma and pituitary

Table 2
Confusion matrix for SVM classifier on deep CNN features (where M, G, and P
refer to meningioma, glioma and pituitary tumor, respectively).

Predicted
M G P
Actual M 684 11 13
G 30 1394 2
P 9 0 921
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Table 3

Class-specific evaluation of brain tumor classifier.
Tumor type Precision Recall Specificity
Meningioma 94.7+0.8 96.0+0.5 98.4+0.2
Glioma 99.2+0.3 97.9+0.2 99.4+0.3
Pituitary tumor 98.0+£0.7 98.9+0.2 99.1+0.1

tumor, respectively.)

From a confusion matrix, different metrics can be derived to in-
dicate the classifier's performance, specific to each tumor -class.
Essential metrics are precision, recall (or sensitivity) and specificity and
are calculated using the relations given below Eq 1.

TP

Precision = TP TP
TP
Recall = TP+—FN
P ™N
Specificity = 75 5 )

where, TP, FP, TN and FN are the number of classified cases of true
positives, false positives, true negatives and false negatives, respec-
tively. Table 3 presents the category-specific performance of the pro-
posed system when the SVM classifier was used with deep CNN fea-
tures. The specificity values for all the classes are high. This is an
indication of correctly identifying samples without a particular disease.
The harmonic mean of precision and recall gives another important
statistical measure of classification called the F-score, for each class. As
there is an imbalance among the three classes, the metric called the
average F-score (F,,) is computed by the relation given below Eq 2.

Fo= i Precision.*Recall,
we o) Precision, + Recall, )

The calculated value of F,, for our system with SVM classifier is
0.97.

3.4. Smaller training data

The original training set, used for validation of one test set, con-
stitutes 80% of the images in the figshare dataset. The theory of transfer
learning is recognized as a solution to the problem of scarcity of data to
train a deep CNN [13,23]. We tested the capability of our system to
perform under the condition when the availability of training data is
limited:

1. By randomly selecting 70% of the original training set (i.e. 56% of
the total images in figshare)

2. Using 50% of the original training set (i.e. 40% of the total images in
figshare)

3. Using 25% of the original training set (i.e. 20% of the total images in
figshare)

We trained the transfer learned model with the smaller amount of
data. The test set was then provided to the model. The features were
extracted and then classified using SVM. Table 4 presents the corre-
sponding performance measures. In addition to the overall

Table 4

Performance with reduced training data.
Training data Accuracy AUC (%)

Meningioma Glioma Pituitary

Full 97.8+0.2 99.5 99.9 99.7
70% 97.1+0.2 99.4 99.7 99.8
50% 95.7+0.5 98.7 99.1 99.7
25% 93.3+0.6 97.8 98.9 99.2
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classification accuracy, we used receiver operating characteristic (ROC)
curves during analysis. Fig. 7 represents the ROC curves obtained for
the case when 50% of the training data is used.

Ideally, the area under the curve (AUC) of ROC is unity. AUC values
for the three classes of tumors are shown in Table 4. The values indicate
that the reduction in size of the training data has not impaired the
system performance significantly. The observation has an advantage in
practical scenarios. This is because the number of training samples
available could be limited due to the unavailability of more medical
data. Another obvious advantage of the smaller training set is a shorter
training time. In our experiments, the training time for deep CNN was
decreased from 2hr 40min to 55min when the number of training
samples was reduced to 25% of the original.

3.5. Comparison with related works

We compared the performance of our method with all the existing
methods on the specific 3-class classification problem of brain tumors.
Table 5 provides a broad comparison based on classification accuracy as
a metric. The comparison shows that our method surpasses all the state-
of-the-art methods. The third column in the table defines the portion of
the entire dataset used in training. The proposed method recorded the
best result when 80% of the data samples was used for training. Instead,
we present results for the case when 56% of the dataset is used for
training. This is to illustrate the performance of our method with much
smaller training data in comparison to related works. The table contains
only accuracy as a performance metric because it is the common metric
that is used in all the related works. In fact, the proposed work is better
than the state-of-the-art methods in terms of all the metrics. Table 6
provides a more detailed comparison. Based on sensitivity and speci-
ficity measures, the proposed method is superior to the works [17,19]
that used these measures. The proposed method shows an improvement
over another method [21] in terms of the F,, score also.

3.6. Regarding misclassifications

Based on the performance evaluation and detailed analysis, the
following inferences about the system are made. The accuracy of the
system improved when SVM or KNN was used instead of the classifi-
cation layer within the transfer learned model. This meant that some of

Table 5

Related works & comparison using figshare dataset.
Work Method Training data Accuracy
Jun Cheng [17] BoW-SVM 80% 91.28%
Ismael [19] DWT-Gabor-NN 70% 91.90%
Pashaei [21] CNN-ELM 70% 93.68%
Nyoman [20] CNN 84.19%
Afshar [22] CapsNet 90.89%
Proposed deep CNN-SVM 56% 97.1%
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Table 6
Comparison using other metrics (where M, G, and P refer to meningioma, glioma and pituitary tumor, respectively).
Work Precision Recall Specificity F_avg
M G P M G P M G P
JunCheng [17] - - - 86.0 96.4 87.3 95.5 96.3 95.3 -
Ismael [19] - - - 86.9 95.1 91.2 96.0 96.3 95.7 -
Pashaei [21] 94.5 91.0 98.3 76.8 97.5 100 - - - 0.93
Proposed 94.7 99.2 98.0 96.0 97.9 98.9 98.4 99.4 99.1 0.97
Table 7 Table 8
Classifier predictions. Confusion matrix for SVM classifier on deep CNN features obtained after
training with 25% of train data (where M, G, and P refer to meningioma, glioma
Sample Image Actual Softmax SVM Lo .
and pituitary tumor, respectively).
Meningioma Pituitary tumor Pituitary tumor Predicted
M G P
Actual M 614 61 33
G 65 1358 3
P 29 8 893
Meningioma Pituitary tumor Meningioma

Pituitary tumor Meningioma Pituitary tumor
Glioma Glioma Glioma
——Training

--e-- Validation
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Fig. 8. Training and validation loss on training the model with 25% of training
set.

the classifications, which went wrong with the softmax-based classifier
(of the deep learning model), were correctly classified by the SVM- and
KNN-based classifiers. Table 7 shows a few of the sample instances.
From the confusion matrix (Table 2) and the calculated class-specific
metrics (Table 3), we find that most of the misclassifications pertain to
the class meningioma. This finding can be attributed to the fact that
there were fewer samples from this class in the dataset and that no
class-specific data augmentation was used to balance the dataset. An-
other aspect that our work concentrated on was the handling of smaller
amounts of training data. We noticed a relative drop in performance
(Table 4) with the reduction in training samples. This suggests that the
discriminative power of features extracted using the transfer learned
deep CNN is affected. This effect was further analysed by studying the
variation of training and validation losses against iterations. Fig. 8

shows a sample instance where 25% of the training data was used. In
this case, we find that the training loss decreases, whereas the valida-
tion loss increases after 60 iterations. This behaviour indicates that the
phenomenon of overfitting took place. This is the reason for the lower
classification accuracy because the model has learned specific training
images without gaining a good generalization capability. This, in turn,
means that the model complexity is greater compared to the available
training samples. Table 8 represents the confusion matrix for the SVM
classifier which was provided with features from the deep transfer
learning model trained with 25% of the training set. It is used to study
misclassifications as a consequence of overfitting. The class me-
ningioma had the smallest number of samples in the training set and
was the most affected class in terms of misclassifications. Overfitting
could be avoided either by stopping the training at an earlier stage or by
data augmentation. This aspect suggests scope for work in the future.

4. Conclusion

This paper presents an accurate and fully automatic system, with
minimum pre-processing, for brain tumor classification. The proposed
system applied the concept of deep transfer learning to extract features
from brain MRI images. The features were used with proven classifier
models for an improved performance. The system recorded the best
classification accuracy compared to all the related works. The perfor-
mance was evaluated using other metrics also, to ascertain the ro-
bustness of the system. Moreover, the system showed a good perfor-
mance with a smaller number of training samples. Despite the
achievements reported in this paper, several improvements remain
possible: First, to the relatively poor performance of the transfer learned
model as a stand-alone classifier. Second, there was considerable mis-
classification of samples from the class meningioma. Third, the phe-
nomenon of overfitting with smaller training data was observed. Future
research in the domain shall address these issues, possibly using data
augmentation and further tuning of the transfer learned model.
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