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Abstract—Brain tumor is one of the most common types of
tumor, and it is one of the primary reasons of human death and
also it has its effect on the humans of all age groups. But, with
early detection, the severity of the tumor can be reduced, and
there may be a chance of getting better treatment. Generally,
brain tumor classification is done using biopsy, which can be
achieved only after brain surgery and this method is invasive. So,
different types of automated hybrid classification techniques can
be utilized to reduce human errors during diagnosis by
radiologists and avoid surgery. With advanced technology, i.e. by
the hybrid methods obtained by combining machine learning,
and deep learning algorithms, radiologists can easily diagnose the
tumor from MRI Scans without any invasive methods. This
paper introduces a hybrid method for classifying tumors and
obtaining different grades of tumors. In order to use two
classification algorithms with MRI images, this paper also utilizes
a hybrid CNN architecture method. In this technique, feature
extraction is done using AlexNet and VGG, while image
classification is done using SVM. The main strategy combines the
CNN algorithm's pre-trained AlexNet and VGG algorithms. The
feature vector obtained is given to SVM and it is employed for
pattern classification. The second method integrates a soft-max
classifier with such a finely trained AlexNet.

Keywords-A brain tumor; MRI images; deep learning; CNN;
AlexNet; VGG; SVM.

l. INTRODUCTION

Brain tumour disorders have a serious impact on people and
are increasingly life-threatening and have been gradually on the
rise in recent years. A brain tumour is the tenth most frequent
cause of mortality for men and women. The International
Agency for Research on Cancer (IARC) estimates that each
year, 126,000 people worldwide receive a tumour diagnosis,
and 97,000 of them pass away. The probability of survival for
those diagnosed with brain tumours varies depending on the
patient's age, tumour kind, and severity. Brain tumours can be
categorised as either aggressive or slow-growing tumours. A
slow-growing tumor [2], also known as benign, does not spread
into the other parts of the body, whereas the destructive, also
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known as malignant, extends from one region to other parts of
the body. According to WHO, brain tumors are considered into
four grades (I-1V), where first two grades are the benign tumors
and the second two grades are considered malignant tumors.

The brain tumor detection and classification can be done by
the combination of various machine and deep learning
techniques like KNN, SVM, AlexNet, ResNet, Google Net and
VGG and in this paper the automated hybrid method of
AlexNet along with VGG is employed for feature extraction
and SVM is used for Classification.

The following information is provided regarding various
tumour grades: Grade | tumours grow relatively slowly and do
not spread very quickly. These tumours can be removed
surgically and are attached, giving them a higher chance of
long-term survival. Pilocytic astrocytoma, Grade 11, is one such
tumour that develops relatively slowly but has the potential to
spread to nearby tissues and progress to a high-grade tumour.
The possibility of this tumour returning after surgery exists as
well. Oligodendroglioma, Grade Ill, is one such tumour. This
tumour spreads to other organs and grows faster than grade Il
ones. Surgery cannot separate these malignancies. Grade 1V -
These cancers proliferate and spread quickly. After-surgery
chemotherapy or radiation is required after surgery for this type
of tumor.

This paper is structured as section Il gives the information
about the different works carried out carried out by researchers
in this field and also mentions different types of machine and
deep learning algorithms employed for detection and
classification. Section Il defines the proposed methodology
which explains the feature extraction along with the method of
classification. Section IV gives the results obtained by different
techniques ad also gives the comparison of the results obtained
and section V describes the concluded work along with the
future scope.
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1. RELATED WORK

Deep learning [2] is one of the techniques that has grown in
popularity and significance across all industries, particularly in
the field of medical image analysis. Since it can analyse a lot of
unstructured data by passing it through numerous levels, it is
typically recommended. Each layer has the ability to gradually
extract features and pass them on to the following layer.
Convolutional Neural Networks are one of the most widely
utilised deep learning methods in the field of medical image
analysis (CNN). In order to extract data representations and
structured data features from medical images, this CNN model
provides an effective processing capability.

Gliomas, meningiomas, and pituitary tumours are the three
subtypes of brain cancers based on the two primary groups.
Based on the origin and behaviour of the cell, these categories
can range from less aggressive to more aggressive in terms of
the tumour effect. Glioma tumours are benign tumours that
only develop in the brain tissues and do not affect blood
vessels, nerve cells, or other body parts. Meningioma tumours,
which are benign and slow-growing, develop on the membrane
surface that covers the brain and the central nervous system.
Last but not least, pituitary tumours can develop inside the
skull and, even if they are small, they can be harmful to health.
Therefore, determining these tumour kinds is a crucial step in
making a clinical diagnosis of a patient.

Deep learning techniques, transfer learning techniques, and
quantum machine learning are currently applied in medical
imaging to detect cancer [2]. Due to a variety of aspects,
including tumour appearance, changeable shape, size, and
structure, research on brain tumours is still ongoing. If the
training and testing are carried out with a comparable intensity
range and resolution, the deep learning methods produce better
outcomes. However, the approaches' robustness will be
impacted by the little fluctuation in these photos. [1]. A
strategy to use transfer learning with several classifiers, use
pre-trained convolutional neural networks like AlexNet and
VGG 19, and experimentally confirm the most accurate
classifier to predict brain tumours was contributed by R. Anitha
Jasmine [4]. In the CE-MRI dataset with three different tumour
types, this technique is useful. SVM and Alex Net are used to
classify the features after they have been extracted. In contrast
to the results obtained using conventional techniques,

Ebrahim Mohammed Senan [5] claimed that deep
convolutional layers extract the most durable differentiating
information from the ROI. Combining standard machine
learning and deep learning approaches allows for the
completion of numerous experiments. For classifying brain
tumours, a mixture of AlexNet, ResNet -18, and SVM is used.
With the introduction of Alex Net and Res Net -18, deep
understanding and machine learning are combined, and the
layers are categorised using soft max and SVM. This method
performs with accuracy, sensitivity, and specificity of 95.10%,
95.25%, and 98.50% respectively.

A novel MRI brain tumour detection and classification
strategy based on the fusion of deep CNN features was put out
by Hareem Kibriya [6]. The four models are VGG16, Google
Net, ResNet50, and Alex Net, and M.Shallal [7] reviewed
them. They are four widely used deep learning models that are
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compared in terms of processing speed and accuracy to find the
best model. ResNet has the best accuracy but is the slowest
model, while Alex Net demonstrates that it has the lowest
accuracy but is the fastest model. These models can typically
be applied in real-time applications.

Deep learning and quantum machine learning techniques,
which are extensively employed for tumour localization and
classification, are the most recent advances in medical imaging
to detect malignancy [2]. Medical data is learned using the
deep learning algorithms CNN, Deep CNN, Cascaded CNN,
3D-CNN, LSTM, CRF, and U-Net CNN. Additionally, one
machine learning technique used to train the computer system
to be an expert system is image categorization. For
classification, this approach makes use of medical imagery.
The type of tumour is identified and categorised using pictures
of the brain. Other datasets, such as medical picture data, are
subjected to various classification approaches, including PNN,
K-NN, ANN, SVM, and BPNN methods. Deep learning and
hybrid machine learning algorithms are used to identify brain
cancers.

AlexNet, VGG16, Google Net, and ResNet50 were four
widely-used deep learning models that Qahtain M.Shallal [7]
compared in terms of accuracy and processing speed.
Processing times for these models, which are trained and
evaluated on general-purpose CPUs, range from 1.2 to 1.9
seconds. For detecting and forecasting brain malignancies
using magnetic resonance imaging, Shtwai Aslubai suggested a
hybrid deep learning model [8] convolutional neural network -
Long Short Term Memory. Balamurugan suggested a method
to lessen dataset complexity in his article [9]. The suggested
model has a limited number of layers, requires less iteration,
and executes more quickly. Additionally, the Lunet model
produces better findings for each of the data set's test
parameters. With a hybrid DCCN and LuNet classifier, this
technique uses a fully automated classification method.

Comparing all the methods there is a scope of increase in
accuracy and also has the chance of reducing the elapsed time.

Ill.  PROPOSED METHODOLOGY

This study suggests a novel MRI detection and
classification  technique that combines deep CNN
characteristics. The photos are first normalised before being fed
into CNN models to extract features. Then, using a hybrid
approach that combines Alex Net, VGG, and SVM, the
generated features are combined into a single feature vector.
The techniques used are effective at identifying the tumour
type and categorising various types of cancers, including
gliomas, meningiomas, and pituitary tumours.

A. Block Diagram for Classification of Tumors:

The dataset with different types of tumors are considered
and image enhancement and pre-processing is done and it is
given to the Alex net along with VGG for feature extraction
and then given to the SVM along with the soft max layer for
classification.

In this the dataset is considered with different types of
tumor images and these images are enhanced and given to the
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hybrid method of AlexNet along with VGG for feature
extraction and the given to the softmax layer along with SVM
for Classification.

In this paper the feature extraction and classification is
evaluated individually by the deep learning methods and then
these deep learning methods are combined with the machine
learning methods to obtain the improved performance metrics.
The accuracy of these methods can be increased with the use of
hybrid methods as compared to the use of only machine or
deep learning methods

Dataset Enhancement
y
Alex Net VGG-Net
Soft max SVM

MRI Evaluation &performance metrics

l

Pituitary

A 4

No tumor

Glioma Meningioma

Figure 1. Block Diagram for Classification of Tumors

After the feature extraction and the classification
techniques are employed the MRI scans are given for
evaluation and the output is obtained

B. Feature Extraction using Deep learning

A convolutional layer is used for feature learning in the
feature extraction module of the CNN architecture, which is
one of the two main modules measured[6]. Pooling layers to
reduce the size of the image; the second module is the
classification module, which is made up of completely
connected layers for classifying images. Even on the most
difficult datasets, AlexNet's model can produce results with a
high level of accuracy. Future image processing will rely more
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on AlexNet than CNN. It allows for a multi-GPU development
where a model's brain can be split in half and run on two
different GPUs. It speeds up processing and enables the
training of larger models. Transfer Learning: This approach is
used to diagnose medical imaging and X-ray screening of
luggage. This technique reduces the long network training time
required for building custom deep learning models and reduces
the requirement of a big dataset. The CNN architectures [6],
notably AlexNet and VGG, are used in this method as feature
extractors because they can do it automatically. The feature
vector is then developed using the transfer learning method.
Eight learnable layers make up AlexNet, five of which are
convolutional layers and three of which are fully connected
layers. It is generally helpful for categorization purposes due to
its reliable performance and lightweight design.

Fully Connected
Convolutional )
Pooling Q

Output
Input

QR O

Feature Extraction Classification

Figure 2. Convolutional layers in feature extraction and classification

Classification: The SVM classifier, a supervised learning
technique that belongs to generalised linear classifiers,
approves the feature vector at this phase. SVM classifiers
optimise the margin between the dataset and the hyperplane to
prevent overfitting and improve accuracy. Due to its reliable
performance, this classifier is frequently used in medical
imaging.

Meningioma ' F&
o —
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Pituitary =)

Tumor

CE-MRI Tumor
Dataset ROI

Test Images

_ T ocLasst )

Classification

Transfer Learning

Figure 3. Detection and classification methodology

IV. RESULTS AND DISCUSSION

A. Dataset

The data set is taken from Kaggle and includes no tumours,
meningiomas, gliomas, and pituitary tumours. These three
planes-coronal, sagittal, and axial-are taken into consideration.
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The size of each image in the collection is 20.6KB, and it is

512 x 512 in size.

The dataset with different types of tumorous and non-
tumorous images are considered and 15 images of each type
are considered and displayed below

The training and testing images are executed with matlab
and a confusion matrix is generated which is used to calculate
the accuracy, sensitivity, specificity and precision using the TP,
TN, FP and FN values obtained and the proposed method is
compared with the other conventional methods.
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Figure 4. Glioma images

Figure 4 images are the tumors which start in the brain or
spinal cord with the rapid growth of the cells.
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M16

Figure 5.  Meningioma images

Figure 5 images are the tumors which are non-cancerous
and they start from the membranes surrounding the spinal cord

and brain.
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Figure 6. No tumor images

Figure 6 images are the images of a healthy brain i.e.
without the effect of tumor.
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Figure 7. Pituitary

Figure 7 images are the tumors which do not spread beyond
the skull and these are non-cancerous tumors.

B. Experimental Setup

For deep feature extraction, this strategy utilised transfer
learning CNNs like AlexNet and VGG. These fused feature
vectors were then fed to an SVM for classification. The studies
were conducted using MATLAB 2019b and an Intel Core i7
processor with sixteen GB of RAM.

C. Evaluation Metrics

MRI brain images with 395 standard brain images and 826
glioma photos, 822 meningioma images, and 827 pituitary
tumour images were used to assess the proposed method. The
well-calibrated AlexNet and VGG model produced results with
an accuracy of 93.2%. The recognition accuracy was raised to
95.1% thanks to the combination of an SVM classifier and
feature extractors AlexNet and VGG. First, in order to improve
performance and reduce complexity in the segmentation of
magnetic resonance images, this technological trend is
Convolutional Neural Networks (CNN), AlexNet, and VGG.
Second, a support vector machine extracts crucial features from
segmented tissues to increase accuracy and performance
efficiency (SVM). The experimental result of the proposed
technique is based on the precision matrix, confusion matrix,
and accuracy matrix. The Table of the method used and their
accuracy is given by

o0 93.20
9 - 9020 9110
> _
ggg | 86.60
386 -
3 84 - 82.20
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80 -
78 -
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» & < &
» S&
Method used ¥

Figure 8. Different Types of Methods and Their Accuracy

D. Proposed method results

The data is divided into three components i.e. training data,
testing data and validation data and the data distribution of the
tumor types is given as follows:

The no tumor images of total 395 are divided into 290
training and 105 testing images and in 826 glioma images 726
are considered as training and 100 images for testing and in
822 meningioma images 707 are training images and 115 are
testing images and in 827 pituitary images,717 are training
images and 110 are the testing images.

TABLE I. DIFFERENT TYPES OF METHODS AND THEIR ACCURACY
Method used Accuracy(Y-axis)
VGG 82.2%
AlexNet 86.6%
VGG+SVM 90.2%
AlexNet+SVM 91.1%
AlexNet+VGG+SVM 93.2%
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TABLE Il NO. OF TRAINING AND TESTING IMAGES
Type of Total Training Testing
tumors Images images Images
No Tumor 395 290 105
Glioma 826 726 100
Meningioma 822 707 115
Pituitary 827 717 110

Training Progress (00-Jan-2023 19:61:16)
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Figure 9. Training accuracy of VGG
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Figure 10. Training accuracy of AlexNet

The confusion matrix obtained for the different methods
like VGG,AlexNet,VGG with SVM,AlexNet with SVM and
AlexNet with VGG along with SVM are given as follows:

&
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Figure 11. Confusion matrix of VGG:
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Figure 12. Confusion matrix of Alex net:
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Figure 15. Transfer learn AlexNet +VGG+SVM Confusion matrix

TABLE III. PERFORMANCE METRICS IN COMPARISON WITH OTHER
METHODS

Method used Accuracy | Precision | Sensitivity | Specificity
VGG 0.91 0.83 0.83 0.94
AlexNet 0.92 0.86 0.89 0.95
VGG+SVM 0.94 0.90 0.91 0.96
AlexNet+ 0.95 0.91 0.90 0.96
SVM
Proposed 0.96 0.93 0.94 0.98
AlexNet+
VGG+SVM
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Figure 16. Performance metrics in comparison with other methods

TABLE IV. DIAGNOSTIC ACCURACY OF FOUR METHODS FOR OBTAINING
EACH TUMOR CLASS
AlexNet
Izﬁfoﬁf VGG | AlexNet | OO AJr'gf/’\,\'jt +VGG
+SVM

Glioma 0.91 0.91 0.94 0.96 0.94
Meningioma | 0.84 0.84 0.89 0.91 0.95
No tumor 0.97 0.96 0.98 0.97 0.99
Pituitary 0.93 0.97 0.98 0.97 0.98

5 1'% H Glioma H Meningioma

£09

208

%5 0.7

@ € o €

F T

K\ & &
o ¥
Algoritham
Figure 17. Diagnostic Accuracy of four methods for obtaining each tumor
class
CONCLUSION

Because of the tumor's appearance and its varied size,
shape, and structure, there is a lot of study to be done for an
accurate diagnosis of brain tumours. Although there is great
potential for tumour identification and classification methods
when studying tumour images, there is still much work to be
done to precisely identify and segment the tumour region. This
study classifies normal and abnormal photos using a variety of
deep learning techniques to determine the various levels of
abnormalities..

The robust classification features are extracted using the
hybrid technique, which in this case combines the Alex net
with VGG and SVM, to perform the classification. The results
of this technique are comparable to those of other hybrid
approaches like GLCM with SVM, Alex net with SVM, and
VGG with SVM, which extract low-level and high-level
features from the Alex net, SVM, and VGG architectures
utilising different depths and designs. The proposed technique
had a 90.2% accuracy after being trained and assessed on 2870
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pictures. Therefore, it has been demonstrated that the suggested
method is effective and can help radiologists identify and
classify brain tumours accurately. It can also be useful in
determining the tumor's severity so that the right treatment can
be given. In the future, other CNNs like Dense Net or machine
learning classifiers like ensemble learning or random forest
may be used.
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