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ABSTRACT

Brain tumours (BTs) are increasing rapidly worldwide and remain a leading cause of death for thousands of
individuals each year. Recent advances in computer vision and image processing have significantly improved
diagnostic accuracy while reducing costs and processing time, ultimately transforming healthcare technology.
Radiologists commonly turn to magnetic resonance imaging (MRI) due to its exceptional sensitivity in detecting
even the smallest anomalies within the brain. Over the years, researchers have introduced numerous methods for
identifying and classifying brain tumours. Most of these approaches fall into two categories: traditional machine
learning (ML) or deep learning (DL). Classical ML classifiers, however, come with a notable drawback—they
require manually crafted features, making the process labour-intensive and time-consuming. Deep learning has
emerged as a powerful alternative, gaining widespread adoption for both detection and classification tasks. Its
primary strength lies in automatic feature extraction, eliminating the need for manual intervention. Building on this
foundation, we present DeepTumorNet, a hybrid deep learning model that classifies three distinct types of brain
tumours—gliomas, meningiomas, and pituitary tumours—using a convolutional neural network (CNN) architecture.
Our journey began with GoogLeNet, a well-established CNN framework. To tailor it specifically for brain tumour
classification, we converted it into a hybrid model by removing the final five layers and adding fifteen additional
layers. This modification deepened the network and enhanced its learning capacity. Furthermore, we incorporated a
leaky ReLU activation function within the feature maps, which improved the model's expressiveness and allowed it
to capture more nuanced patterns. To evaluate its effectiveness, we conducted extensive experiments using a
contrast-enhanced MRI (CE-MRI) dataset. The results were compelling: DeepTumorNet achieved an accuracy of
96.45%, precision of 95.32%, recall of 96.01%, and an F1 score of 95.20%. These figures consistently outperformed
other contemporary approaches applied to the same dataset, underscoring the potential of our hybrid model as a
reliable tool for assisting clinicians in accurate brain tumour diagnosis [31].
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INTRODUCTION bloodstream [2].

Some primary tumors are more

The human brain is one of the most complex organs in
the body, containing about 100 billion nerve cells that
control the entire nervous system [1]. Because it acts as
the command center for almost all bodily functions, any
problem in the brain can lead to serious health issues.
One of the most serious problems is the development of
tumors, which happen when cells start to grow
abnormally and uncontrollably. Brain tumors are usually
divided into two main groups: primary and secondary.
Primary tumors start in the brain, while secondary
tumors, also called metastatic tumors, begin in another
part of the body and reach the brain through the

common and dangerous than others. For example,
glioma and meningioma are known to be aggressive and
can be life-threatening if not found early [3]. Glioma is
actually one of the most common types of primary brain
tumors [4]. To help understand how serious these tumors
are, the World Health Organization has created a system
that sorts brain tumors into four grades [5]. Grades 1
and 2 are considered less severe and include tumors like
meningioma. Grades 3 and 4 are more aggressive and
include tumors like glioma. In practice, gliomas make
up about 45% of cases, while meningiomas and pituitary
tumors each account for around 15%. This breakdown
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shows why it is important to classify tumors correctly,
since treatment depends on the type, size, and exact
location of the tumor. Right now, surgery is the main
treatment for brain tumors, especially since modern
methods try to reduce side effects on the nervous system
[6]. But before surgery, doctors need to find and identify
the tumor accurately. This is where medical imaging is
essential. There are several ways to image the brain,
such as computed tomography (CT), positron emission
tomography (PET), and magnetic resonance imaging
(MRI). Of these, MRI is the preferred method because it
provides  detailed two-dimensional and three-
dimensional images of the tumor's type, size, shape, and

location [6]. However, looking at MRI scans by hand
can be difficult. It takes a lot of time and can lead to
mistakes, especially as more patients need to be checked
[7]. Because of these challenges, there is a strong need
for automated solutions. A fully automated computer-
aided diagnosis (CAD) system could help doctors and
radiologists by reducing their workload and making
diagnoses more consistent and accurate. To address this,
researchers have worked on developing reliable ways to
automatically classify brain tumors. Figure 1 shows the
three main tumor types discussed in this study: glioma,
meningioma, and pituitary tumors. This provides a
visual reference for the classification task [32].

Figure 1. TI-CE MRI image dataset. Left: coronal view of a meningioma tumor. Centre: Axial view of a glioma
tumor. Right: sagittal view of a pituitary tumor. Tumor borders have been highlighted in red.

In recent years, deep learning has emerged as a
transformative technology, capturing the attention of
researchers and practitioners across virtually every
field—including medical image analysis [8]. What
makes deep learning particularly powerful is its multi-
layered architecture, which enables it to process vast
amounts of unstructured data efficiently. Each layer
gradually extracts features and passes them forward to
the next, resulting in increasingly sophisticated
representations and greater model flexibility [9]. At its
core, deep learning excels at automatic feature
extraction, eliminating the need for manual intervention
and allowing models to uncover complex patterns
directly from raw data. Among the various deep learning
architectures, convolutional neural networks (CNNs)
have become the dominant choice for medical image
processing tasks. Their efficient processing capabilities
make them ideally suited for extracting meaningful
features and representations from the structured data
found within medical images [10]. Recognizing this
potential, we developed a deep learning—based approach
aimed at improving both the performance and accuracy
of existing algorithms for brain tumor classification. To
validate our method, we tested it using a publicly
available dataset. Our proposed solution,
DeepTumorNet, is a hybrid deep learning model
designed to detect and classify brain tumors into three
primary types: meningiomas, pituitary tumors, and

gliomas. The model leverages deep learning for robust
feature extraction and incorporates a Softmax
classification layer to handle multi-class differentiation
effectively. When evaluated on the publicly available
CE-MRI dataset, DeepTumorNet achieved the highest
classification accuracy to date, outperforming traditional
deep learning architectures such as AlexNet, ResNet50,
SqueezeNet, DenseNet, DarkNet53, MobileNetV2,
ResNet101, and ShuffleNet [11, 33].

The key contributions of our work can be summarised
as follows:

»  First, we introduce DeepTumorNet—a novel hybrid
deep learning model specifically architected for the
automatic classification of brain tumors into
gliomas, meningiomas, and pituitary tumors using
contrast-enhanced MRI (CE-MRI) scans. The
model combines deep feature extraction with
Softmax-based classification to deliver accurate and
reliable results [34-40].

» Second, we conduct a rigorous evaluation of our
proposed model on a publicly available CE-MRI
dataset. The experimental results demonstrate that
DeepTumorNet achieves superior classification
accuracy compared to several state-of-the-art deep
learning models, including AlexNet, ResNet50,
SqueezeNet, DenseNet, DarkNet53, MobileNetV2,
ResNet101, and ShuffleNet [41-50].
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» Finally, our work advances the field of computer-
aided diagnosis (CAD) by offering a highly
accurate and fully automated solution. This has the
potential to significantly reduce radiologists’
workload, minimise manual diagnostic errors, and
enable faster, more reliable detection of brain
tumours in routine clinical practice [51].

The remainder of this paper is structured as follows.
Section 2 reviews related work in the field. Section 3
provides a detailed explanation of our proposed
methodology. Section 4 presents and discusses the
experimental results. Finally, Section 5 concludes the
study with a summary of findings and directions for
future research.

LITERATURE SURVEY

This section presents a comprehensive review of
contemporary deep learning approaches developed for
brain tumor classification. Researchers have explored
numerous strategies over the years, employing both
deep learning and transfer learning techniques to
address this challenging medical imaging task. Broadly
speaking, modern methods can be grouped into three
categories: deep learning—based approaches, machine
learning—based techniques, and hybrid models that
combine elements from both paradigms. Table 1
provides a summary of representative brain tumor
classification methods discussed in the literature [52,
53].

In an innovative study, [12] proposed integrating a
genetic algorithm with a convolutional neural network
(CNN) for analyzing MR images. Notably, their
approach did not rely on conventional trial-and-error
experimentation; instead, the genetic algorithm guided
the architecture design process. Through this method,
they achieved accuracy values ranging up to an
impressive 94.2%. The novelty of their work lies in
successfully merging evolutionary computation with
deep learning structures to optimize model performance
[54].

Taking a different optimization-focused path, [13]
introduced a fuzzy brainstorming technique for MR
image classification. Their methodology unfolded across
four key stages: image acquisition, enhancement, feature
extraction, and final classification. Segmentation also
formed an integral part of their pipeline. By fine-tuning
optimization  parameters alongside classification
settings, they attained an accuracy of 93.85%,
demonstrating how careful parameter adjustment can
boost model effectiveness.

Meanwhile, [14] tackled the problem of classifying
brain MRI scans into three distinct categories. Their
approach began with preprocessing steps to prepare the
images, followed by feature extraction using deep

learning models. For the actual classification task, they
turned to machine learning—specifically, the AdaBoost
algorithm. Their efforts yielded an overall accuracy of
93.3%. However, it is worth noting that employing deep
architectures for feature extraction can increase
computational costs, particularly when dealing with
large datasets [34, 55, 56].

In a separate investigation, [15] evaluated three well-
known CNN architectures—AlexNet, ResNet50, and
GoogleNet—using a dataset containing two classes of
MRI images. Among these, ResNet50 delivered the
highest performance, achieving an accuracy of 85.71%.
While the study contributed valuable insights into
tumour detection, its two-class dataset limited its ability
to address the more nuanced challenge of identifying
specific tumour stages [57, 58].

To overcome data scarcity issues, [16] proposed a novel
CNN approach that first segmented tumor regions
before classification. They tested their model on both
original and multiplexed datasets, reporting an accuracy
of 87.38% on the original data. This strategy of dataset
augmentation helped mitigate the limitations imposed
by the limited training samples [59, 60].

Expanding on architectural innovation, [17] developed a
fully automated deep multi-scale 3D-CNN for brain
image classification. Their workflow incorporated data
enlargement and preprocessing techniques to enhance
model robustness. Without preprocessing, their model
achieved an accuracy of 87.7%, highlighting the
importance of data preparation in achieving reliable
results.

Recognizing that traditional CNN architectures often
require substantial training data, [18] turned to capsule
networks as an alternative. Their proposed method
achieved an accuracy of 86.56%, compared to 82.30%
obtained using the original dataset. These results suggest
that capsule networks may offer advantages when
working with sparse datasets, making them a promising
direction for future research.

Another contribution came from [19], who developed a
CNN-based model for brain tumor categorization
without relying on segmentation. They created seven
distinct CNN variants and evaluated them on the BraTS
2020 brain MRI dataset. Among these, their second
variant achieved a training accuracy of 98.51% and a
testing accuracy of 84.19%, outperforming earlier
models in the study [61].

A more recent deep neural network—based multi-class
model was introduced by [20]. Their system employed
data augmentation techniques and leveraged a
generative adversarial network (GAN) to learn structural
patterns from BraTS 2019 images. By replacing the
network's fully connected layers with a classifier, they
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enabled accurate tumour type differentiation. Tested
with five-fold cross-validation, the model achieved a
95.6% success rate with random splits and 93.01% with
inserted splits, demonstrating strong generalisation
capabilities.

Revisiting the genetic algorithm approach, [21] explored
how evolutionary optimization could enhance CNN
accuracy for brain tumor classification. By modifying
the CNN architecture using a genetic algorithm, they
achieved a peak accuracy of 94.2% on the Figshare
dataset, reinforcing the potential of combining
evolutionary strategies with deep learning [62].

In a similar vein, [22] proposed a multi-layer deep CNN
designed to improve tumour classification accuracy

[23]. Their model was evaluated across three datasets:
BraTS 2018, Radiopaedia, and the Repository of
Molecular Brain Neoplasia Data (REMBRANDT).
Remarkably, it delivered strong performance with
considerably less preprocessing than required by earlier
methods, underscoring the efficiency gains possible
through thoughtful architecture design.

Finally, [24] applied transfer learning techniques to
enhance three-class brain tumour classification [25, 26].
Their model achieved an accuracy of 97.1% on MRI
images obtained from Figshare, surpassing other
systems trained on smaller datasets. Additionally, the
researchers analysed instances of misclassification,
offering valuable insights into the model's limitations
and areas for improvement [63-66].

Table 1. Key studies on brain tumor classification using deep learning

Reference Method Dataset Key Findings Limitations
Nahiduzzaman et | CNN-based Deep BraTsS 2020 Achieved 92.5% accuracy in Limited generalization
al. [2] Learning Model classifying glioma, due to small dataset

meningioma, and pituitary size

tumors
Rao, C.S et al. Transfer Learning BraTS 2019 & | Improved classification Requires high
[27] with ResNet-50 Private MRI accuracy (93.2%) with transfer | computational

dataset learning resources

Saleem et al. Hybrid CNN-RNN | BraTS 2018 Effective feature extraction Performance drops in

[28] Model

from MRI sequences, achieving
91.8% accuracy

noisy MRI scans

PR. Kumar et al. | 3D U-Net + Deep

Private Clinical

Outperforms traditional CNN Not tested on publicly

[30] Feature Extraction MRI Dataset models with 95% classification | available datasets
accuracy
Mostafa et al. [5] | VGG16 + SVM Figshare Brain | Achieved 90.5% accuracy in Overfitting issue in a
Classifier MRI Dataset distinguishing tumor types small dataset scenario
Zhang et al. [9] Deep CNN with BraTS 2017 Improved robustness to Requires extensive
Data Augmentation variations in MRI contrast and preprocessing and

intensity tuning

The study methodology and models that were described
above have shortcomings, as can be seen from the
analysis that was conducted above. In light of these
constraints, this study suggests novel approaches to
enhancing object (tumour) classification, dealing with
low-quality  features, improving  classification
performance on a small dataset, and increasing visibility
in MRI images.

METHODOLOGY

In this part, the suggested study approach for fine-
grained Brain Tumour (BTs) categorisation is outlined
and discussed in detail. There are two basic phases to
describe the proposed method. The research dataset used
for fine-grained BTs categorisation was first described
in detail. Secondly, we provided a detailed explanation

of the architecture and proposed method for using deep
learning to identify and categorise brain MRI scans as
either meningiomas, gliomas, or pituitary tumours [67].

3.1 Dataset Description

Clinical settings sometimes only allow for a limited
number of slices of brain CE-MRI, typically with a
substantial slice gap, rather than acquiring and making
available a 3D volume. Using such limited data to
construct a 3D model is challenging. Therefore, the 2D
slices obtained from 233 patients from a publicly
available database form the basis of the proposed
technique [5]. Gliomas (1,426 slices), pituitary tumors
(930 slices), and meningiomas (708 slices) make up the
3,064 slices that make up this dataset. Also included in
this dataset are 5-fold cross-validation indices. Using
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this data, we train using 80% for training (2452 images)
and 10% for testing (612 images). Furthermore, 10% of
the training set (approximately 612 images). This
procedure is carried out 50 times. The image's pixel size
is 0.49 x 0.49 mm?, and its in-plane resolution is 512 x
512 pixels. A 1 mm space between the slices, and each
slice is 6 mm thick. Three seasoned radiologists
carefully traced the tumor's edge by hand. A patient ID,
the tumor type label (Il gt) (where 1 indicates
meningioma, 2 gliomas, and 3 pituitary tumors), the x-

and y-coordinates of the points on the tumor's border,
and the tumor mask (T ij)—a binary image with 1 for
tumor positions and 0 for healthy ones—are all attached
to each slice in the dataset. To begin training, the pair
will serve as the baseline. To keep the neural network
from becoming overfit during training, data
augmentation with an elastic transform [3] has been
employed. In Table 2, we can see the specifics of the
study dataset [68].

Table 2. Explanation of the CE-MRI dataset

Tumor Class Patients | Total Images MRI view Total MRI Images
A* 208
Meningioma 81 709 C* 269
S* 230
A* 292
Pituitary 61 931 C* 318
S* 321
A* 493
Glioma 88 1427 C* 438
S* 495
Sum 230 3067 3064
The class-specific data augmentation approach 3.2 Feature Extraction

increased the amount of training images to 4,904
images, thus increasing their availability on each fold
iteration. Each image in the training dataset had 65 x 65
training examples extracted using a meticulous
approach. Each tumor had 325 true negative window
samples and 150 true positive examples. Pixel
standardization, which ensures that all pixels in a dataset
have the same size and distribution across all training
sets, was used to scale the pixels on these windows.

A pre-trained GoogleNet forms the basis of the feature
extraction algorithm. As a feature extraction layer is
pre-specified, the input image is allowed to propagate
forward by the GoogleNet system, which functions as
an arbitrary feature extractor. Here it stops, and we take
the features that the layer produced as our basis. The
suggested approach employs a pre-trained CNN deep
learning model called Google-Net. Initialization layers
in the Google-Net model incorporate different kernel
sizes to give varying receptive fields. [7, 69, 70].

Input
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Figure 2. Simplified architecture of GoogleNet.

In order to extract features from images, these receptive
fields generated operations in the new feature-map stack
that captured sparse correlation patterns. In this study,
we classified different kinds of brain tumours by

extracting characteristics from MRI brain scans using
the Google-Net model. Figure 3 shows the design of
Google-Net. It uses three different-sized filters (1 x 1, 3
x 3, and 5 x 5) on the same image and merges their
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features to get a strong result. The number of parameters
is reduced from 138 million to 4 million by means of its
22 layers. Reducing dimensions is the purpose of
introducing the (1 x 1) convolution. While training the
network, this design identifies the optimal weight and
characteristics  [49,50]. Feature  extraction by
dimensionality reduction of convolution layers is
illustrated in Figure 2.

3.3 DeepTumorNet

The DeepTumorNet model, which is a hybrid of CNNss,
is based on their fundamental architecture. It could take
months to train a convolution network from the
beginning because it is a tough job. Hence, the
suggested deep learning method would benefit from
using an existing pretrained classifier for training rather
than starting with a fresh deep learning classifier. Since
GoogLeNet was still the victor in the ILSVRC (2014)
ImageNet competition, we utilised it as a foundational
model for this work. With 144 layers and 22 learnable
ones, GoogLeNet includes 9 inception layer modules, 2

normalisation layers, 1 fully connected layer, 4 max
pooling layers, 1 average pooling layer, and 2
convolution layers. One max-pooling layer and six
convolutional layers made up each inception module.
The GoogLeNet input layer was updated to 224 x 224 x
1. For the pretrained GooglLeNet method, the activation
function ReLU was utilised. Simultaneously, the ReLU
activation function treated zero as the only valid
negative value. On the other hand, Leaky ReLU is an
enhanced variant of ReLU that finds positive values to
substitute for all negative ones. At the same time, the
suggested DeepTumorNet classifier substitutes 15 more
layers for the previous 5 in GoogleNet. To further
improve the expressiveness of the suggested model and
get rid of the dying ReLU issue without messing with
the main convolution neural network architecture, we
switched the ReLU activation function in the feature
map layer to the Leaky ReLU activation function. An
increase of 144 to 154 layers was the result of these
modifications. The architecture of the proposed
DeepTumorNet approach is illustrated in Figure 3.
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Figure 3. Architecture of the proposed model

The image size was instantly lowered by the first
convolution layer's use of a 7 x 7 filter (patch) size. The
2 x 2 convolution block, which is the result of
dimensionality reduction, was utilised by the second
convolution layer, which had a depth of 2. Also, the
inception module of Google ML offers various
convolution kernels, such as 1 x 1, 3 x 3, and 5 x 5
convolution kernels, which extract features at different
scales, beginning with the most delicate features and
progressing to the core features. In order to calculate
more features, a larger convolution kernel is better. In a
similar vein, the 1 x 1 convolution kernel provides more
information while decreasing the computational burden.
The four convolutional layers that have been recently
added have a very small filter size of 1 x 1. Moreover,
we were able to achieve better features in terms of
detail, accuracy, and robustness by increasing the CNN's

number of convolution layers. In contrast to the first
layer, which extracted low-level data, the four
subsequent convolutional layers extracted high-level
characteristics. The accuracy at the end of the network
was also improved by the global average pooling layer.
In addition, to address the dying ReLU issue and
enhance the expressiveness of the proposed model, the
feature map layer's ReLU activation function was
replaced with the Leaky ReLU activation function.
Classification performance was higher in the suggested
hybrid model compared to the aforementioned state-of-
the-art pretrained deep learning models since more
detailed, discriminative, and deep features were
extracted as a consequence of the extra layer. Table 3
provides more details about the additional layer,
including its name, kind, number, size, and epsilon.
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Table 3. Characteristics of added layers in the proposed hybrid model.

Layer Name Type No of Filter Filter Size Epsilon
Block 16 expand Conv 950 Ix1

Block 16 expand BN Batch Norm 0.01
Block 16 expand ReLU Clipped ReLU Layer

Block 16 depth-wise Grouped Conv 950 3x3

Block 16 depth-wise BN Batch Norm 0.01
Block 16 depth-wise ReLU Clipped ReLU Layer 0.01
Block 16 project Conv 310 Ix1

Block 16 project BN Batch Norm 0.01
Convolution 1 Conv 1270 Ix1

Convolution 1 BN Batch Norm 0.01
Out ReLU Clipped ReLU Layer

Global average pooling 2dx1 Global Average Pooling

Logits Fully Connected

Logits SoftMax SoftMax

Classification Layer Logits Classification Layer

3.3.1. Image Input Layer

In our example, the image input size was 224 x 224 x [,
and the suggested DeepTumorNet model began with the
image layer, which included the model's input. For
grayscale images, this is 1; for color images, it's 3, and it
represents the width, height, and channel size of the
input image. Before processing, the input layer reads the
images [71-73].

3.3.2. Convolutional Layer

The convolutional layer was employed to create a
feature map by recovering the deep learning features
from an input image. In order to perform the
mathematical process, two parameters are required: the
image matrix and the size of the filters, which is defined
as the height and width of the filters. In the
convolutional layers of our hybrid model, we utilize
various filter sizes of 7 x 7,5 x 5, and 1 % 1, whereas in
the max-pooling layers, we use 3 % 3. The "Padding"
name-value combination is used by convolutional layers
to add padding to the feature map input [69, 74]. One
can get more details on the discrete-time convolution
technique in Equation (1):

s) = (x*w)(t) = Loz X(@W(t — a)
1

where W stands for the kernel filter, x for the method's
input, t for the time required, and s for the results.

Equation (2) is taken into account when two-
dimensional input data is being employed:

S@f) = U*K)(@f) = Zm S 1GJ) * K(i —m,j —n) )

The areas of the desired matrix after the deep learning
convolution approach are shown by terms i and j. The
optimal method for this process is positioning the filter's
centre at the top. To achieve cross-entropy using the
proposed method, Equation (3) is applied:

S@f) = U *K)(@f) = B S 10 +m,j +n) * K(m,n) 3)

3.3.3 Activation Function

Nonlinear transformation processes frequently make use
of the activation functions in DL-based models. In the
past, the most popular and extensively utilised activation
functions that were developed were Sigmoid, Tanh, and
ReLU. On the other hand, the dying ReLU problem
occurs because ReLU outputs zero for all negative
inputs, meaning that negative inputs are deactivated.
The opposite side of a neuron is considered "dead" if it
consistently produces no signal. To solve the dying
ReLU problem, we substituted the feature map's ReLU
with the leaky ReLU activation function, which is a
value-added version of ReLU [6]. The negative number
(x) output is actually a small linear component of x
rather than zero when dealing with leaky ReLU. In
addition, for the final fifteen layers, we employed a
clipped ReLU activation function that carried out a
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thresholding operation, setting any input value below
zero to zero and any input value above zero to the given
ceiling. Equations (4)—(8) represent the activation
function formulas:

RelLU:

f@=0 Sef =033, @

Sigmoid:

1

fO) == fO=f@OA-f() O
Tanh:
tan h(x) = —— Lf'(0) = 1f @)  (6)
Clipped ReLU:
0,x<0
f(x) =4x0 < x < ceiling @)
ceiling ,x > ceiling
Leaky RelL U:
fe) = { scali’): i3?< 0 ®)

For positive inputs, the leaky ReLU function returns x;
for negative inputs, it returns a tiny value, 0.01 times x.
Therefore, in this scenario, no neuron is rendered
inactive, and the presence of dead neurons is eliminated.

3.3.4 Batch Normalization Layer

In order to standardise the outputs produced by the
suggested convolution layers, the batch normalisation
layer was employed. As a result of normalisation, the
suggested DeepTumorNet model can learn more
efficiently and in less time during training. Equations (9
to 11) outline the steps for batch normalisation:

. Xi—up
Yi = Totos )
0B = — (Xi — up)? (10)
up = -3, Xi (11)

Yi represents the new values gained from the
normalisation operation, uf stands for the stack's
average value, Xi = 1, ..., M, upf for the stack's standard
deviation gf5.

3.3.5 Pooling Layer

A down-sampling technique was employed to reduce the
size of the feature map and eliminate extraneous data
after the convolution layer; this was followed by the
pooling layer, which served to simplify the data
obtained from the convolution layer. Most pooling
algorithms use either average or maximal pooling. We

employed global average pooling in the final fifteen
layers. During pooling, the network refrains from
learning anything. The pooling procedure made use of
filters of a 3%3 size. Equation (12) lays out the steps for
pooling:

S=w2Xh2xd2 (12)
_ (wi-f)

w2 = v (13)
_ (-5

h2 = — (14)

d2 =d1 (15)

in which w1 stands for the MRI images' width, h1 for
the input images' height, d1 for the input images' depth,
f for the filter size, A for the number of steps used, and S
for the manufactured image's size.

3.3.6 Fully Connected Layer

A fully connected layer follows the convolutional layers
in the suggested model. To do this, we combine the
features learnt by the previous layers over several
images. Images are sorted into categories by this layer,
which finds the most important patterns. Since there are
three classes in the planned study—meningioma,
glioma, and pituitary—the output size value in the final
fully linked layer is 3. A result of using the suggested
FC layer for this purpose is 3. For this, we draw on
Equations (16) and (17):

ui = 3; wjt'lyj'-1 (16)
yil = f(utt) + p® (17)

This is where | represents the total number of layers, i
and j represent the total number of neurons, and y/i
represents the value created in the suggested output
layer. w; — 1;; represents the weight value of the hidden
layer, y; — 1, represents the value of the input neurones,
uy; represents the value of the output layer, and b(l)
represents the value of deviation.

3.3.7 SoftMax Layer
The completely linked layer's output is made more
normalised by the activation function. For each class,
SoftMax generates positive values by executing the
network's probabilistic calculation. In Equation (18), we
can see the SoftMax algorithm stated:

xTwj

. . _ exp
PO = 1%, W,b) = 52 e (18)

where the weight vectors are A, s, W, and b. Using each
input, the classification layer—the last layer of the
proposed model—generates the output. A probability
distribution was returned by the SoftMax activation
function [61].

RESULTS
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The purpose of this research work was to accurately
classify three different types of BT MRI images.
A DeepTumorNet model and pre-trained deep learning
models were employed to classify the CEMRI dataset; a
portion of the dataset, 30%, was reserved for testing,
while 70% was utilized for training. The findings were
obtained using a machine with an i5 processor and 8§ GB
of RAM in a Python environment. To find out how well
a deep learning network classifies data, one can use one
of several methods. When running a CNN classification
operation, a confusion matrix is frequently employed.
Metrics like F1 score, recall, accuracy, and precision
were highly sought after and favoured. A confusion
matrix is used to make these calculations [62]. This
study used standard evaluation measures, including
recall, accuracy, and precision, to assess the proposed
use of hybrid deep-learning classification based on CNN
architecture for grading brain tumours as gliomas,
meningiomas, and pituitary tumours. The suggested
model's capabilities are measured by these attributes.
Based on true positive (T.positive), true negative
(T.negative), false positive (F.positive), and false
negative (F.negative), the following are assessed. The
following is a more in-depth explanation of metrics: A
model's accuracy proportion of instances with a specific
level of correctness relative to the total number of cases,
is a measure of its correctness and quality. The
following equation is used to calculate accuracy:

T.negative +T.positive ( )

Accuracy = - — — —
T. Negative +F. Positive +F.positive +T.positive

The accuracy of a model's classifications is defined by
its precision. Here is the equation that is used to
determine the equation of precision:

T-positive

Precision = + F - positive (20)

T-positive

Specificity is used to estimate the model's efficiency.
The following is the specificity equation:

T.positive

Specificity = (21)

The degree of accuracy in categorization is provided by
the F-measure. The F-measure equation is provided
below:

T.Positive+F.Positive

recision X Recall
F — measure = 2 X Tt = =0 (22)
precision + Recall
An evaluation of a measure that shows competent
classification is provided by the recall measure. The

recall's equation is provided below:

Recall = T.positive (23)

T. positive +F. negative

The suggested method's main contribution is the
creation of a competitive and clinically applicable
approach to the automated categorisation of brain
tumours in various application contexts. In such cases, it
may be necessary to use MRI images acquired using
different imaging protocols and to distinguish between
different kinds of brain tumours, even when additional
intracranial tumours are present. Figure 4 shows the
classification of brain tumours from MRI images using
our suggested model's qualitative segmentation results.

Figure 4. Classification of brain tumor, (a) Meningioma, (b) Glioma, and (c) Pituitary
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In addition, the accuracy, precision, recall, and F1 score
were tested after the proposed DeepTumorNet model
was categorised, as shown in Figure 5. In terms of

accuracy, precision, recall, and F1 score, the suggested
DeepTumorNet model achieved 96.45%, 95.32%,
96.01%, and 95.20%, respectively.
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Figure 5. Quantitative evaluation of the proposed model

Figure 6 displays the accuracy and loss curves for the
proposed DeepTumorNet method. The
suggested model's performance in classifying images of
tumours into fine-grained types (gliomas, meningiomas,
and pituitary) is shown by the loss function. It was
shown that the suggested hybrid method correctly

detected brain tumours even at lower epochs than 80
[13] since the loss and accuracy of the model remained
about the same after epoch 50. Figure 7 shows the train-
and-validation confusion matrix of our proposed
DeepTumorNet model, which summarizes the right and
wrong classifications made by our technique.
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Figure 6. Training and validation analysis over 50 epochs
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Figure 7. Confusion matrices for the original dataset with a record of the training and validation datasets.

Network output classes are represented by non-white
rows in confusion matrices, while genuine classes are

represented by non-white columns. The diagonal
displays the numbers or percentages of correctly

Corresponding Author: Mohammed Razia Alangir Banu, raziabanul 8@gmail.com

Page 743




Deep Learning—Based Multi-Class Brain Tumor Classification Using an Enhanced CNN Architecture

classified images. Sensitivity is shown in the last row,
and specificity in the last column. The bottom-right field
displays the overall accuracy. Inside the non-white
boxes, the top number indicates the total number of
images, while the lower number indicates the training or
test set proportion relative to the entire class database.
Relevant studies on BTs utilising various DL approaches
and a comparable dataset have been previously
undertaken. Nevertheless, there were studies that relied
on fewer images with many classes (fine-grained

classification) rather than the more common binary
classification (malignant vs. benign). When compared to
the state-of-the-art methods in the literature, Table 4
clearly shows that the performance values of the
suggested hybrid model, which is based on deep
learning, were improved. We went over the results from
the literature's state-of-the-art methods and compared
them to our suggested DeepTumorNet method [17, 18,
19, 22, 24, 26].

Table 4. Experimentation results of pretrained models

Method/Teams Accuracy (%) Precision (%) | Recall (%) F1-Score (%)
Liuetal. [1] 94.93 94.00 95.10 88.40
Ayaz et al. [3] 87.83 X X 86.10
Rehman et al. [12] 94.61 X 90.20 91.10
Zhang et al. [9] 88.24 x 87.10 88.20
Masood et al. [13] 92.81 x 90.30 92.30
Hakim et al. [17] 94.30 92.10 x 89.10
Shanak et al. [11] 91.60 90.90 88.10 X
Zhu et al. [18] 93.10 92.30 92.20 x
Rani et al. [8] 92.20 92.70 91.80 89.70
This work 96.45 95.32 96.10 95.20

The results showed that DeepTumorNet was more
effective than these other methods. The wuse of
computationally more complicated hand-crafted
engineering was also crucial for categorisation. With the
addition of newly-created layers and the leaky ReLU
activation function, the suggested model's 154-layer
architecture mitigated the dying ReLU issue. As a result,
the suggested hybrid model was able to identify more
accurate features for classification and extract more
descriptive and discriminative details. The suggested
hybrid model is based on GoogLeNet, which has been
enhanced by inserting 15 additional layers and swapping
out the ReLU activation function for leaky ReLU. When
compared to the base model GoogLeNet, the newly
suggested technique achieved higher classification
accuracy. Reduced hardware requirements characterise
the DeepTumorNet model's convolutional neural
network design. A period that works well for training is
also necessary. The network's temporal complexity
increased as the number of epochs and dataset sizes
increased. On the other hand, the suggested hybrid
model that relies on deep learning was able to extract
deep features that were more descriptive, detailed, and
discriminative. For BT categorisation in real-time, the
suggested model can be integrated into an MRI

machine. Neurologists and surgeons will also find it
useful while treating BT patients [75].

CONCLUSION

Using a variety of convolutional neural networks and
an innovative hybrid model, this study set out to
categorize BTs. The proposed DeepTumorNet
framework adopted the GoogLeNet architecture as its
foundation. In order to improve GoogleNet, 15
additional deep layers were added, replacing the
previous 5 levels. In addition, the leaky ReLU
activation function was used instead of the ReLU
activation function, and the core convolution neural
network architecture remained unaffected. Following
the modifications, the overall number of layers rose
from 144 to 154. The suggested hybrid model
achieved record-breaking results in terms of
classification accuracy (96.45%), precision (95.32%),
recall (96.01%), and F1 score (95.20%). The
experimental findings proved that the suggested
hybrid model distinguished the brain tumors with
greater precision. When compared to existing state-
of-the-art  methods, the suggested method
outperformed them due to its accurate features for
brain tumor classification and its increased
computation of descriptive and discriminative data
[76].
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