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Abstract

Brain tumors are frequently classified with high accuracy using convolutional
neural networks (CNNs) and better comprehend the spatial connections among
pixels in complex pictures. Due to their tiny receptive fields, the majority of deep
convolutional neural network (DCNN)-based techniques overfit and are unable
to extract global context information from more significant regions. While dilated
convolution retains data resolution at the output layer and increases the receptive
tield without adding computation, stacking several dilated convolutions has the
drawback of producing a grid effect. To handle gridding artifacts and extract both
coarse and fine features from the images, this research suggests using a dilated
parallel deep convolutional neural network (PDCNN) architecture that preserves
a wide receptive field. To reduce complexity, initially, input images are resized
and then grayscale transformed. Data augmentation has since been used to
expand the number of datasets. Dilated PDCNN makes use of the lower
computational overhead and contributes to the reduction of gridding artifacts. By
contrasting various dilation rates, the global path uses a low dilation rate (2, 1, 1),
while the local path uses a high dilation rate (4, 2, 1) for decrement even numbers
to tackle gridding artifacts and extract both coarse and fine features from the two
parallel paths. Using three different types of MRI datasets, the suggested dilated
PDCNN with the average ensemble method performs better. The accuracy
provided by the Multiclass Kaggle dataset-IIl, Figshare dataset-II, and Binary
tumor identification dataset-I is 98.35%, 98.13%, and 98.67%, respectively. In
comparison to state-of-the-art techniques, the suggested structure improves

results by extracting both fine and coarse features, making it efficient.
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Chapter 1: INTRODUCTION

This chapter explains the overview of recent state of the deep learning models in
brain tumor detection and classification. In the field of brain tumor identification and
categorization research, Section 1.1 provides the background of this research. The problem
statement is then covered in section 1.2. In sections 1.3 and 1.4, the aims and objectives,
and the contribution of the research are discussed, respectively.Finally, section 1.5

includes an outline of the remaining chapters of the Thesis.

1.1 BACKGROUND

The growth that may adversely impact a person's life is a brain tumor, which
can appear in the tissues enclosing the brain or skull. Two characteristics can
identify a benign or malignant growth. While secondary tumors, also referred to
as brain metastasis tumors, and are typically formed from tumors outside the
brain, primary cancers start inside the brain. Meningioma, pituitary adenomas,
and gliomas are the three most common primary brain tumors. The brain, and
spinal cord membrane layers, are the origin of meningioma, a tumor that grows
slowly. Cancerous cells that arise in the pituitary gland are referred to as pituitary
adenomas [1]. The brain tissue is compressed by the irregular growth of these
tumors. Malignant tumors, in comparison with benign tumors, grow unevenly

and damage the tissues around them.

Surgical techniques are frequently employed in the treatment of brain
tumors [2]. Because MRI is non-interfering, it is preferred over computed
tomography (CT), positron emission tomography (PMT), and X-rays [3]. It is
estimated that 79,340 Americans aged 40 and older will be diagnosed with a
primary brain tumor by 2023. It is estimated that one million Americans suffer
from primary brain tumors; of these, 72% are benign tumors and 28% are

malignant. The adults with primary brain tumors typically have meningioma
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(46.1%), glioblastoma (16.4%), and pituitary tumors (14.5%) [4, 5]. Biopsies are
taken for analysis after the tumor is found using standard medical techniques
like MRI. The first test used in medicine to find cancer is the MRI [6, 7]. Two MRI

pictures of two distinct brains are shown in Fig. 1.1.

Fig. 1.1 MRI scans are performed on two different brains. On the left is a

tumor, and on the right is a healthy [8].

As the number of patients has grown, individually analyzing these images
has become laborious, disorganized, and frequently incorrect. A computer-aided
diagnostic technique that concludes the expense of brain MRI identification
needs to be developed to ease this limitation. Many attempts have been made to
create an extremely effective and trustworthy method for classifying brain
tumors automatically. Conventional approaches to machine learning rely on
handmade qualities, which increases the cost and limits the durability of the
solution. But occasionally, models of supervised learning can perform better than
unsupervised learning strategies, leading to an overfitted framework that is
inappropriate for another large database. These challenges underscore the
significance of creating a machine learning-based, fully automated system for
classifying brain tumors. CNN's architecture is based on a neural network known
as the deep learning model, which excels at image recognition and classification

[9, 10].

The receptive field in CNN is too tiny to produce excellent precision [11]. The
size of the input region that generates the feature is referred to as the receptive
tield in a deep learning context. The receptive field is significant because it
provides the information that the neuron has the ability to receive when
generating a prediction. The size of the convolutional layer kernel and the

convolution's stride define a neuron's receptive field within a CNN. A larger
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receptive field is produced by a larger stride or kernel size, which gives the
neuron get to more information from the input image. A smaller kernel size or a
smaller stride results in a smaller receptive field, which means that the neuron has
access to less information from the input image. The size of the receptive field can
be adjusted to suit the specific requirements of the task at hand. The receptive

field's size can be changed to meet the particular needs of the current task.

A large receptive field of the convolution kernel would help enhance the
efficiency of the classification techniques because the fixed size of the sliding
window in CNN misses out on utilizing techniques like convolution, pooling,
and flattening. The recommended model's parameters possess the ability to
acquire characteristics extracted from the images. While hyper parameters are
focused on, recent iterations of CNN models have yet to focus much on them.
Another important consideration is CNN's local feature collection. Furthermore,
because of the limited quantity of the kernel, sharply raising the dilation rate
could exacerbate feature collection failures and hinder small object detection [12].
High dilation rates may impact tiny object detection. As a result, the dilation rate
has been gradually decreased in this suggested model. By doing this, the dilated
teature map's sparsity has decreased and more data can be extracted from the

investigated region.

Using publicly available Kaggle and Figshare datasets, this work aims to
develop a fully autonomous dilated PDCNN with an average ensemble model
for brain tumor classification [8, 13, 14]. This article suggests an architecture for
the detection and classification of brain tumors that consists of two
synchronously dilated DCNNs. Because convolutions are accurate and time-
efficient processes, the dilated PDCNN with an average ensemble model
performs more quickly than the conditional random field (CRF)-based methods.
The recommended dilated PDCNN with an average ensemble framework

incorporates batch normalization to normalize the results of previous layers.
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By simultaneously integrating two DCNNs with two distinct window sizes,
parallel pathways enable the model to learn both global and local features. While
maintaining a large receptive field, this research also recommends managing
gridding artifacts and extracting both coarse and fine characteristics from the

image.

The motivations for this study are to find an effective dilated parallel deep
convolutional neural network with average ensemble method to detect and
classify brain tumor along with pre-processing technique that overcomes the

limitations of the deep CNN model.

1.2 PROBLEM STATEMENT

Prior to beginning treatment, the most significant challenge is identifying
and categorizing brain MRI tumors. There are not many studies on tumor
diagnosis as a time-saving method, despite the majority of brain tumor
identification research focusing on tumor slicing and positioning methods. Most
DCNN-based methods are unable to acquire global context details of larger
regions because of the small receptive fields. Staking multiple dilated
convolutions has the disadvantage of creating a grid effect, even though dilated
convolution maintains data resolution at the output layer and expands the
receptive field without incorporating calculation. If the dilation factor (DF) is low,
the model may have a smaller receptive field but misses the coarse characteristics.
In contrast, when the DF is excessive, the model is unable to learn from the finer

details.

1.3 AIMS AND OBJECTIVES

The main objectives of this research is to develop a dilated PDCNN
architecture that maintains a large receptive field to cope with gridding
distortions and capture both coarse and file attributes from images.

The objectives of this research are specified as below:
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i. To develop an effective data pre-processing technique for brain
tumor classification.

ii. To develop a dilated PDCNN with even-numbered dilation rate
decrements at the local and global paths and combine two parallel
CNNss with hyper-parameter tuning for brain tumor classification.

iii. To employ a feature fusion technology that significantly enhances
the dynamic properties offered by the two simultaneous
convolutional layers.

iv.  Toemploy an average ensemble technique to classify the brain tumor
images using obtained features.

v. To perform a comparative analysis of the proposed system to study

the improvements in efficiency and performance.

1.4 CONTRIBUTION

Since brain tumor images contain multi-scale features like local, global,
coarse, and fine features however, traditional CNN collects features randomly
without knowing the feature types. The majority of deep CNN-based techniques
cause overfitting problem. Due to their tiny receptive fields, CNN are unable to
extract global context information from more significant regions. Using high
dilation rates results in the gridding phenomenon that prevents the model from
learning from finer features resulting in the low accuracy. To handle gridding
artifacts and extract both coarse and fine features from the images, this research
suggests using a dilated parallel deep convolutional neural network (PDCNN)
architecture that preserves a wide receptive field. To reduce complexity, initially,
input images are resized and then grayscale transformed. Data augmentation has
since been used to expand the number of datasets. Dilated PDCNN makes use of
the lower computational overhead and contributes to the reduction of gridding
artifacts. By contrasting various dilation rates, the global path uses a low dilation

rate (2, 1, 1), while the local path uses a high dilation rate (4, 2, 1) for decremented
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even numbers to tackle gridding artifacts and extract both coarse and fine
features from the two parallel paths. The potential impact extends beyond
overcoming specific challenges in brain tumor classification, paving the way for

greater improvements and developments in related domains.

1.5 THESIS OUTLINE

The literature in this thesis is organized in five chapters. The contents of

these chapters are briefly discussed as follows:

e Chapter 1, the introduction chapter, contains research motivation,
objective and thesis organization. Motivation for the research, objective
for the study and how this thesis paper is organized are concisely
described in the chapter.

e Theoretical background in line with literature review associated with
the study is organized in chapter 2. It will provide a brief overview of
the theories, formulas and literature required for the audience to grow
interest in and understand the study.

e Chapter 3 systematically organizes the methodological framework
followed in the study. A comprehensive flowchart for the
methodological framework is illustrated for providing a concise
understanding on how the study is performed. Details on designing
and modeling of various algorithms along with design parameters and
tigures are included in the chapter.

e Chapter 4 includes simulation results, performance analysis, and
comparative study. Data and output figures are included in this
chapter.

e Finally, chapter 5 summarizes overall study method, results and
findings. Challenges and limitations are also discussed. Future

recommendations and conclusion finish the thesis paper.

Chapter 1: INTRODUCTION 6



Chapter 2: LITERATURE REVIEW

This chapter offers the reader a thorough theoretical foundation reinforced by a
substantial body of literature. In order to define the issue and provide a solution, this
chapter will assist with understanding the fundamental vocabulary and concepts of the
pertinent subject, such as brain tumors and their detection and classification. Brain tumor
terminology and basic concepts are explained in section 2.1. Next, section 2.2 and section
2.3 explain how neural networks, and dilated convolutional neural networks, operate.
Section 2.4 describes the principles of classifiers, including the Softmax, Support Vector
Machine (SVM), K-Nearest Neighbor (K-NN), Naive Bayes (NB), and Decision Tree
(DT).

2.1 CONCEPT AND TERMINOLOGIES

A tumor is an abnormal mass that can develop on or inside the skull. This
unusual and anomalous region of the human brain is referred to by two distinct
names: tumor and cancer. Cancer and tumors do not share the same traits. A
tumor is an unusual growth of cells, either solid or fluid-filled. Primary and

secondary tumors are two types of tumors [15, 16].

The cells of the organ in which the tumor is located make up the primary
tumor. The nervous system primarily supports the growth of primary tumors,
which grow very slowly. Gliomas are the name for this kind of tumor that is
connected to the nervous system. Cancer is the fast and uncontrollable expansion
of abnormal cells that harms the brain’s surrounding healthy tissues. Benign,
Malignant, and Pre-malignant [1, 17] are the three categories for tumors. Non-
cancerous symptoms are present in malignant. Pre-malignant tissue possesses
precancerous traits. The cells that make up a secondary tumor come from various
parts of the body. It spreads swiftly. In another way, it is possible to claim that

cancer cells are the root cause of secondary tumors. It follows that while not all
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tumors are cancer, all cancers are tumors [18]. Tumors can be categorized using a

variety of factors, as listed below:

e Location of tumor in skull
e Location of tumor in brain

e Location of tumor in compartment
The following is a classification of dominant pathology bases:

e Benign

e Malignant

2.1.1 Brain Tumor Diagnosis and Medical Imaging Methods
Early diagnosis facilitates the course of treatment. Various methods, such as
brain biopsies and brain imaging systems, are employed to diagnose tumors and

determine the cause and consequences of associated diseases.

A brain biopsies involves drilling a hole in the skull, removing a tumor and
tissue sample, and using a microscope to examine the tumor’s type, composition,
and origin. This method poses a serious risk to human life. When doing a biopsy,
imaging techniques are also utilized to find the tumor and remove tissue samples

[19].

MRIs, CT scans, and x-rays are some of the imaging methods used to obtain

images of the brain in order to diagnose tumors based on their location and size.

A CT scan [20] is a crucial imaging method in the medical field that can
provide information in just a couple of seconds and typically only takes a small
amount of time. Compared to x-rays, it aids in providing clearer information, but

there is very little chance of radiation exposure.

Positron emission tomography, or PET, involves injecting a radioactive
substance into the bloodstream, which a scanner then detects to produce an image.
This method provides information about the functioning and activity of the brain.

This technique uses harmful materials at a low cost [21].
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X-rays are an imaging method that cannot provide precise information about
an origin. If x-rays are applied repeatedly to the same body in the same location,
they can result in skin cancer. However, this method is simple to use and less

costly [22].

Another method that uses radio frequency signals to create an image of the
brain is magnetic resonance imaging (MRI) [23]. The specific method for this study

is this form of imaging.

2.1.2 Brain Tumor Characteristics on MRI

Imaging methods such as MRI are more beneficial than x-rays [9]. MR images
are free of hazardous radiation and give medical professionals all the information
they need to diagnose patients and make decisions. The preprocessing of MR
images is utilized in the diagnosis and detection of brain tumors. Depending on
the requirements, several MRI types are employed in this procedure. Varieties of
MRI sequences, such as T1, T2, and FLAIR that are used as input in the

preprocessing stage.

The concepts of TE and TR must be understood in order to comprehend the
idea of various MRI image types. The term “time of echo,” or TE, refers to the
interval of time between an RF pulse being delivered and an echo signal being
received. Repetition time, or TR, is the amount of time that passes between two

consecutive pulses applied in the same order.

T1-weighted images: has a fluid and CSF appearance that is dark. Compared
to white matter, gray matter is darker in color. In brain structure imaging, T1
produces superior results; fat seems brighter in this form of image. Longitudinal
relaxation is used to create images with little TE and TR time (TR—500msec,

TE—14msec).

T2-weighted images: appear brighter because they have more CSF and fluid

signal intensity than tissue. T2 employed a long (TR—4000msec, TE—19msec)
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traverse relaxation time for TE and TR to generate images. T2 is better for fluids

and water, making it perfect for edematous tissue [24].

FLAIR is similar to T2, but the CSF fluid is lessened, and the abnormalities
are still visible. It works well for brain edema imaging. It produces images with
very long TE and TR times (TR—9000msec, TE—114msec) [25]. The distinction

between these different sequence types in an MR image is shown in Fig. 2.1.

T1-weighted T2-weighted

Fig. 2.1 Types of MRI technique [26].

2.2 NEURAL NETWORKS

An artificial intelligence procedure called a neural network teaches
computers to process data in a manner that is similar to the way the human brain
does. Deep learning is a type of machine learning method that uses neurons or
networked nodes arranged in a layer-by-layer structure resembling the human
brain [27]. With little assistance from human, computers can make intelligent
decisions with the help of neural networks. There are several types of neural
networks, including artificial neural network (ANN), convolutional neural
network (CNN), and dilated convolutional neural network (CNN). Some

important neural networks are listed below.

2.2.1 Artificial neural network
ANN:s are a specialized set of algorithms that follow the neuron structure of
the human brain and are used in various sorts of classification or pattern

recognition tasks. This learning can take a varying amount of time depending on
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the complexity of the problem and this is basically how humans learn. ANNSs try
to mimic this high order learning behavior to find relations in data sets or to model
unknown transfer functions. The basic unit of computation in an artificial neural
network is called a neuron. All the neurons in a neural network are arranged in
layers. A neural network may contain multiples of different types of layers in
them. The first or initial layer is called the input layer. This layer contains input
neurons and any inputs to the neural network are applied through this layer. As
this is the first layer, no processing is done here and the data is just forwarded to
the internal layers. The layers between the first or input layer and the last or output
layers are called hidden layers. Each hidden layer may hold varying amounts of
neurons in them depending on the application. These neurons take weighted
inputs from neurons in the previous layer and apply biases to them. After the
weighted sums are taken and biases are accounted for, the outputs from each
neuron may pass through an activation function and forwarded to the neurons in
the succeeding layer. The final layer of a neural network is called the output layer.
They also do similar computations as the neurons in the hidden layers [28]. Fig.

2.2 depicts the basic structure of ANN.

Fig. 2.2 The basic structure of the ANN [29].
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2.2.2 Convolutional Neural Network

A deep feed-forward neural network model known as a convolutional neural
network is used to analyze grid-like data, such as images [30]. The CNN has
excellent feature extraction capabilities due to the construction of many filters,
which it employs to extract representative features from input data layer by layer
[31, 32]. Fig. 2.3 depicts the basic structure of CNN [33]. The most basic CNN
model consists of one trainable feature extraction step and one classification step.
The feature extraction step has 3 layers: a convolution layer, an activation layer
and a pooling layer. The classification step consists of multiple fully connected

layers of a multilayer perceptron [34].

Input Featzugizgaps Feature m:e:tluorflo Feature Fully
82732 maps 14*14 P maps 10*10 Connected
Laver Output
= eI : S O
Convolutions ‘ _
Subsampling Convolutions Subsampling

Fig. 2.3 The basic structure of the CNN [33].

2.2.2.1 Convolutional Layer

One of the most significant core modules in CNN is the convolutional
layer. It includes a number of convolution kernels. The kernel is often a matrix,
with each value representing a weight learned from the input data. An error back
propagation method determines these weights automatically [35]. Fig. 2.4 depicts
the calculation technique principal schematic diagram of a convolution
operation.

Fig. 2.4 shows how the convolution kernel can be shifted along with the
up-down and left-right directions in accordance with the stride on the input
teature map [35]. The rectangular convolution kernel can be used in the feed-
forward calculation process to traverse every element on the whole input feature

map in order to obtain the output feature maps of the convolutional layer.

Chapter 2: LITERATURE REVIEW 12



512 |68 |2 |0 |1 2
4 13 |45 |1 ]9 |6 3 =) Source Layer
319 (21|14 |7 |7 |6 9
1|3 |46 |8 |2 |2 1
8|14 |62 |3 |1 |8 8
518 [9 (0|1 |0 |2 3
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Fig. 2.4 Visualization of the convolutional operation [36].
The convolution operation equation is shown in (2.1).

Opqr = FW! It + b)) .1)

Where for r** kernel in layer [, 0}, , expresses the resultant feature map
of position (p,q), W;! represents the weight vector’s values, Izl,;,l indicates the
input vector of position (p,q) in the [ —1, and bl is the symbol of bias. In
addition, the activation function is f(.) [37].
2.2.2.2 Activation Functions

Following the convolution operation, the output of the convolution layer
is subjected to a nonlinear transformation activation function. Nonlinear
transformations can be obtained using various activation functions.

The most popular activation parameter for FC layers is the Rectified Linear

Unit (ReLU), which is illustrated in (2.2) [38].

x forx = O} 2.2)

f(x)={0 forx <0
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It should be mentioned that the final FC layer's activation function is
usually SoftMax for the categorization of multiple classes and Sigmoid for binary
classification. The node values in the final FC layer of a CNN can be computed
using (2.3), and the sigmoid activation function for a binary categorization issue
is illustrated in (2.4) [37,39].

z=wrh+b (2.3)

1
1+exp(—2z)

Py =1[x) = (2.4)

Where, h stands for the NN layers' internal calculations, b shows the bias,
and w stands for the weights used to determine an output node's value.
Furthermore, the input vector and output class are denoted by x and y,
respectively. The SoftMax activation function is shown in (2.5) for the multi-class

categorization problem.

_ ey
PO = 52 et 25)

where, x stands for the input vector and y for the class in the case of a
multi-class categorization problem. Additionally, the c*"* component of the class
rating vector in the final FC layer is displayed by f.. The category k with the
highest P coefficient is chosen as the output class in the SoftMax activation
function [40].

The Sigmoid, hyperbolic tangent, and ReLU are the most often utilized
activation functions in CNN. The sigmoid's input value x is — ~ +e, and the
sigmoid's output value f (x) is 0-1. The output value f (x) of tanh functions is —
1-1. Although both of these functions are better at nonlinear transformation, they
also have an issue with gradient fading and saturation. The output change values
f (x) of the two functions practically equal zero when the input value x's absolute
value is high. To address this issue, the ReLU activation function only evaluates
the forward signal. The ReLU activation function only considers the forward

signal, eliminating the influence of the negative signal, and it has an excellent
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fitting ability and sparsity, which considerably improves calculation efficiency

[39]. Table 2.1 shows the equations and graphs.

Table 2.1: Activation Functions in a CNN

Name Expressions Graphs
of the
function
1.0
0.8
o () =
Sigmoid / .
I 0.6 -
1+e™*

-6

Relu () =
{x,x > 0}
0,x<0
J) =
1-e~2%
1+e72%
Tanh
2.2.2.3 Pooling Layer

The primary goals of pooling are to reduce the dimension and quality of

trainable parameters of a CNN and to separate the most significant representative
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features from the activation layer’s output feature maps. For feature screening, a
rectangular pooling kernel is primarily used in the pooling operation.
Fig. 2.5 shows the calculating process, principle schematic diagram, and

pooling operation.

Feature Map: 4x4 Average-pool with
Max-pool with 2x2 3 | 2 NI
) |3 415]3]1 7 [
7 8 <_I 213|813 :> 0 0
6|7 1]2]5

Fig. 2.5 Visualization of the pooling operation.

The two main types of pooling operations are maximum pooling and
average pooling. The max-pooling method chooses the highest value possible
from each element in the relevant area of the pooling window to serve as its
representative value.

In the relevant area of the pooling window, average pooling determines
the average value from all the elements as the representative value. Average
pooling is more sensitive to background information, while max-pooling excels
at managing texture features [41].

By down-sampling, pooling layers lower the dimensionality of the feature
maps. The stride, padding, and filter size are among the hyper-parameters that
comprise pooling layers, although they do not contain any other parameters.
Two common varieties of pooling layers are max pooling and global average
pooling. Patches are taken from the feature maps and the greatest value in each
patch is chosen as the output in the max pooling process. By averaging over all
of the feature map's elements, global average pooling turns a feature map into a
1x1 array. (2.6) is used to calculate the output size following a
convolution/pooling operation in a CNN [40].
n-f+2p

0 ==L +1 (2.6)
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Where, n stands for the dimension of input, f is the kernel size, the
padding size is shown by p, and s is symbol of stride size.
2.2.2.4 Fully Connected Layer

The pooling layers’ feature maps are smoothed out and sent to several one-
dimensional (1D) vectors known as FC Layer or dense layers. The number of
nodes in the final FC layer corresponds to the number of classes in a given
classification task. FC layers” hyper-parameters, which comprise the number of
weights and activation functions.

Traditional CNN architecture employs a fully connected layer during the
classification step. A fully connected layer in a traditional CNN typically consists
of two to three layers that are fully connected to a feedforward neural network.
A CNN's flatten function converts the final output feature map into a one-
dimensional array. The primary responsibility is to further extract the features
from the output data of CNN and to link the feature extraction stages with the
SoftMax classifier. All neurons between layers are interconnected in a network
that is fully connected, as described below [41]:

0X)=[f(W XX +B) 2.7)

Where, the activation function is denoted by {(X), a fully connected layer’s
input is denoted by X; W, and B are the weights and biases of a fully connected
network and the result of a fully connected layer is O(X) [41].
2.2.2,5 Cross Entropy Loss Function

A backpropagation algorithm is used during CNN training to adjust the
weights of the FC and convolution layers. The two main elements of
backpropagation are the loss function and Gradient Descent (GD), in which GD
is used to minimize the loss function. Among the loss functions most frequently
employed by CNNss is the Cross-Entropy (CE) loss function. Consequently, it is
possible to compute the CE loss function for a binary categorization issue with

sigmoid activation function, as shown in (2.8) [39].

1 1 -
L= 3 =i log (o) + (1 - ¥ log G 2] (2.8)

1+exp(-2z)
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Where, z is computed using formula (2.3). The CE loss function can be
expressed as (2.9) for a multi-class categorization issue with the SoftMax

activation function [39].

1 exp(fyi)
L=< Y- log(m)] (2.9)

Where, N denotes the quantity of training elements, input image class i*" is
indicated by y;, and the ¢ component of the category scores vector in the final
FC layer is presented by f; [39].

GD is a method for limiting an theta — parametrized objective function
J(8). Batch GD, Stochastic GD (SGD), and mini-batch GD are the three variations
of GD. Employing (2.10), each variable in the dataset gets modified for every
training sample in batch GD. SGD updates the parameters for every training
sample in the dataset, unlike batch GD. A mini-batch of n samples from the
dataset is updated for variables in mini-batch GD. SGD and mini-batch GD
formulas are shown in (2.11) and (2.12), accordingly. The variables in these
equations are the capable of learning variable, 8, the objective function j(6) that

needs to be lowered, the learning rate n, and Vg J(0) indicates the gradient of the

objective function regarding parameters 6 [39].

6:=0-1.YJ(6) (2.10)
0:=0—n.VyJ(O; xD;yD) (2.11)
0 := 0 —1n.VgJ(6; xEtM; yEitn)y (2.12)

2.3 DILATED CONVOLUTIONAL NEURAL NETWORK

Expanding the receptive field in deep learning involves boosting the
dimension and depth of the convolution kernel, which in turn enhances the
number of elements in the network. By adding weights of zero to the
conventional convolution kernel, dilated convolution may enhance the receptive
tield without adding more network elements. A 1-dilated convolution kernel

similar to the conventional 3x3 convolution kernel is depicted in Fig. 2.6 (a). A 2-
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dilated convolution kernel with a 5x5 receptive field is shown in Fig. 2.6 (b); the

remaining weights have been assigned zero and nine acceptable weights remain.

1 2 3
4 5 6
7 8 9
(a)
1 0 2 0 3
0 0 0 0 0
4 0 5 0 6
0 0 0 0 0
7 0 8 0 9
(b)

Fig.2.6 Parallelism of conventional 3-by-3 convolution kernels with 5-

by-5 2-dilated convolution kernels.

Equation (2.13) defines the convolution operator * as follows: 1-D dilated
convolution using dilation rate [ =1 connects input picture F alongside kernel k.
The term “standard convolutional neural network” refers to the 1-D convolution.
The network is identified as dilated convolutional neural network when the
dilation rate [ rises.

(Fxk)(P) = Xs+e=p F(s) X k(t) (2.13)

Upon the introduction of a dilation rate when a dilation factor called [ is
introduced and by generalizing this factor [ that can be defined as,

(F * k)(P) = Xstie=p F(s) X k(t) (2.14)

A fundamental convolution neural network has a value of | = 1[42].
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24 CLASSIFIERS

A type of machine learning algorithm called a classifier is employed in data
science to categorize on input of data. Labeled data is utilized to train classifier
algorithms; for example, in image identification the classifier receives the training
data with labels for the images. After obtaining sufficient training, the classifier
can be trained to accept unlabeled images and produce categorization labels for
each image. Classifier algorithms use sophisticated mathematical and statistical
techniques to predict the probability that a given data input will be classified in
a specific way [43]. Data learning uses a variety of classifier types, including
Softmax, K-Nearest Neighbor (K-NN), Decision Tree (DT), Support Vector
Machine (SVM), and others.

2.4.1 SoftMax Classifier

SoftMax classifier is a supervised learning method that is typically used
when there are numerous classes involved, in contrast to logistic regression
classifier which is used for binary class classification. Each class in the SoftMax
classifier is given a probability distribution. All other probabilities are scaled in
accordance with the probability distribution of the class that has the highest
likelihood, which is normalized to 1. The output of the neurons is similarly
converted into a probability distribution over the classes via a softmax function.
It possesses the following qualities [43]:

* It has characteristics with the logistic sigmoid, which is also linked
and used in probabilistic modeling.

* It accepts values in the range of 0 and 1, where 0 represents
impossibility and 1 represents a certainty.

* Given an input x, the softmax derivative with respect to that input
can be seen as a prediction of the likelihood that a specific class

would be chosen.
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2.4.2 SVM Classifier

The Support Vector Machine (SVM), one of the most popular supervised
learning algorithms, can be used to resolve problems with both regression and
classification. The SVM algorithm is a categorization technique that works by

creating a hyperplane with the maximum margin between classes.

@A Maximum

Margin Positive
Hyperplane

Maximum .:' J/ ¢ o
Margin v X L I 4

Hyperplane

/( "\ Support
Negative Hyperplane Vect(;rs

Fig.2.7 Visualization of the SVM classification process [44].

An SVM needs a collection of instances, each of which can be expressed as
a pair of (x;, y;). x; is an input vector's symbol and its matching class label is
indicated b y,;. Taking into consideration a training set of S = [(x1, ¥1), . . ., (%},
y1)], in which x; € R%and y; € [+1, —1]. The two categories' splitting hyperplanes

are computed using (2.15) [45].

Vi (WTXi + b) >1- Ei , Vl' =1.........1 (215)

Where, in case of data points, §; represents non-negative stack variables.
The concluding SVM optimization problem is given as (2.16) to (2.18) applying
Lagrange dual [45].

Max- /2 L,j=1 i & Vi Yj K (xu x]) + Zl 1 Q4 (2.16)
Yic1a;y;=0 2.17)
0@ <C Vi=1uuunol (2.18)
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Where, K (x;, x;) represents kernel function, «; denotes the multipliers of
Lagrange, and parameter C < « is a penalty. Particularly,a; # 0 exclusively for
support vectors with x;. As shown in (2.19), an actually separable case is handled
using a linear kernel.

Linear: K (x;, x;) = x/ x; (2.19)

Both the Kuhn-Tucker condition and the optional weight vector are shown
in (2.20) and (2.21) [45].

w* =Y af yix; (2.20)
a [y(w'xi+ b)) —1+8;]=0 (2.21)

In SVM, the ideal hyperplane is computed as illustrated in (2.22) [45].
F(x)=Y!_,af v;K (x;,x) + b* (2.22)

Lastly, the definition of the decision function is (2.23) [45]

C(x) =sign (X'_, a] y;K (x;,x) + b*) (2.23)

For non-linearly distinguishable categories in SVM, two of the most popular
kernel operations are polynomial and RBF kernels. The expressions (2.24) and
(2.25) illustrate the formulas for both of those kernel functions, where r and vy
stand for the hyper-parameters of the polynomial and RBF kernels, accordingly
[45, 46].

Polynomial: K (x;,x;) = (x] x; + 1), r€ Z* (2.24)

ai [yi(wx+ b)) —1+8,]=0 (2.25)

2.4.3 KNN Classifier

Because of its simplicity and efficiency, k-nearest neighbor classifier is a
popular classifier. It has been referred to as a lazy learner because its training
phase consists of storing all training examples as classifiers and it waits to decide
how to generalize beyond the training data until it encounters each new query
instance. A machine learning classification algorithm called KNN determines the
distance between each training set of data and a given sample in order to

complete the classification task. Based on the majority vote on the labels of the k
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nearest neighbors that were chosen, a label is thus assigned to the given sample

[47].

Feature 1

most likely class

Feature 2

Fig.2.8 KNN classification for a two-class problem when the k parameter

is set to “3”and “5” (the “pink” and the “blue” circles). An invisible

sample point is indicated by the green star [47].

With x’ serving as the data point and y’ as its corresponding class, a
training set D and a test object z = (x', y’) are considered. The KNN algorithm
calculates the separation between z and each of the points (x, y) € D, where x
represents training set data and y indicates class-corresponding data. The test
object is given the majority category among its nearest neighbors based on (2.26)

after acquiring the K nearest neighbors’ collection D, [48].

y, = arg max,, Z(x,y)e D, (v =1y;) (2.26)

Where, v stands for a class, y; represents the class of ith closest neighbor,
and I (-) for an indicator function, which is equal to 1 in the case that its statement
is true and equal to 0 in the other case. The value of the results is greatly affected
by the choice of K. For instance, if the coefficient K is too large, lots of data points
from different classes will be included in the list of nearest neighbors, and a very

small K value may render the result sensitive to noise points. Another crucial
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component in creating a KNN technique is the distance measuring. A method for
distance calculation used in the construction of a KNN classifier is Euclidean

distance. In (2.27), the Euclidean distance function is illustrated [48].

d(m, n)=/(my — ny)? + -+ (m, — n,)? (2.27)

Where, m=(m,, my, ..., my) and n=(ny, ny, ..., n,) denote two data points

having p characteristics.

2.4.4 Naive Bayes Classifier
A machine learning classification technique called Naive Bayes (NB)
predicts the final class using vectors of attributes and class prior probabilities, as

shown in (2.28) [48].

P (X=x |C=0)*P(C=i)
P (X=x)

P(C=i|X=x)=

(2.28)

Where, x = (x4, x4,. . . , X,,), indicates the set of all attributes taken form a
region (2 =D, x... *D, and C is the resultant class representative. P (X=x | C=
i) in the NB classifier is computed by taking the dataset's features to be
independent, and calculating the probability as shown in (2.29) [48].

PX=xIC=i)=[[},P(x|C=1) (2.29)

In the NB approach, the category that has the highest probability is chosen
to be the expected class of an input vector. Each group in the NB classifier has the
same term P (X =x). As such, it can be disregarded, and the following is the final
classification formula [48, 49]:

C*(x) =arg max; P(X =x|C =i) X P(C =1i) (2.30)
2.4.5 Decision Tree Classifier

Although decision trees, a supervised learning technique, are generally
preferred for classification, they can be utilized for solving regression and
classification problems as well. It is a classifier based on a tree structure, where
each leaf node represents the classification outcome, internal nodes represent
dataset features, and branch represent decision rules. Two nodes make up a

decision tree: Decision node and Leaf node. Decision nodes are used to make
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decisions and have many branches, whereas leaf nodes are the outcomes of

decisions and do not have any more branches. The general layout of a decision

tree is shown in Fig. 2.9.

Decision Node ——)~Root Node

(T T T # _____ » ¢

| Sub-Tree
|

Decision Node

l
v v

Decision Node

! |
i v v

_— e — — — — =

Leaf Node Leaf Node Leaf Node Decision Node
N o e e e e |
Leaf Node Leaf Node

Fig.2.9 The general structure of the decision tree [50].

The Decision tree structures represent an approach to non-parametric

supervised learning that can be employed for classification as well as regression.

The goal is to create a model that predicts the value of an objective variable using

fundamental decision rules inferred from the data features. Decision trees have a

number of benefits.

Minimal data preparation is needed. For the purposes of data
normalization, dummy variable creation, and blank value removal,
other techniques are commonly applied.

Efficient in comprehension and interpretation. One can envision
trees.

The logarithmic cost of data prediction increases with the quantity of
data points utilized for training the structure of the tree.

Capable of managing data that is both a categorical and numerical.
The other approaches are typically focused on examining datasets
with a single kind of parameter.

Capable of managing multiple output issues.
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With training vectors x; € R",i=1,...,1and a label vector y € R!, a decision
tree successively divides the domain of features so that instances that share
similar desired values are organized together [48].

Let the data at node m be denoted by @, having n,, instances. Splitting 8 =
(J, tm) for every candidate which is composed of a characteristic j, and threshold

tm, dividing the data into Qlef () and ”g ht(@) subgroups [48]
m(0) =Gyl x < ) (2.31)
" 0) = Qm \ Qi () (2.32)

Next, a loss function H () is used to calculate the quality of a potential split

of node m [48].

left

G(Qm 0) = "= H (Q"(®)) +

Tlg

H(Q”g’“(e)) (2.33)

To determine the settings that will reduce the impurity [48].
0" = argming G (Q,, 0) (2.34)
Carry out for Qlef “6") and Qng ht(@*) subsets until the maximum

permitted depth is achieved, n,, < mingmpies 07 Ny = 1. [48]

2.4.6 Average Ensemble Method
Machine learning and signal analysis both use the statistical technique of
ensemble averaging. Model averaging is a machine learning technique for
ensemble learning in which each member of the ensemble makes an equal
contribution to the ultimate prediction. A group of frameworks often
outperforms a single one because the individual errors in the models "average
out." Two characteristics of artificial neural networks are the foundation of the
ensemble averaging concept.
» It is possible to decrease bias in any network, but doing so can boost
variance.
* It is possible to minimize the variance in an ensemble of networks

without affecting bias.
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Through ensemble averaging, a set of low-bias, high-variance networks are
combined to produce a new, low-bias, low-variance structure. The theory
provides a clear method for assembling a group of experts with high variance
and low bias, then averaging them. This basically means that a set of experts with
different parameters are created; these are often the initial synaptic weights, but
other parameters (like the learning rate, momentum, etc.) can also be varied.
Certain authors advise against stopping too soon and varying weight decay. As
a result, the actions are:

e Create N experts, each starting at a different value: Typically, initial
values are selected at random from a distribution.

e Train every specialist independently.

e Add up all the experts and take the mean of their scores.

A more sophisticated form of the ensemble average sees the outcome as a
weighted total rather than just the average of all the experts. Assuming that every
expert is y;, then the total outcome y can be described as follows:

y(X,a) = Zf_l a; y; (X) where, @ = weighted set (2.35)

Neural networks are used to solve the optimizing issue of identifying alpha
[51, 52].

Theoretical background in line with literature review associated with the
study is observed in this chapter. It provides a brief overview of the concept and
terminologies of brain tumor diagnosis and medical imaging methods, brain
tumor characteristics on MRI, different types of neural networks, and machine
learning classifiers that are used in this research, required for the audience to

grow interest in and understand the study.
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Chapter 3: MATERIALS AND METHODOLOGY

The materials and methodology used in the investigation are covered in detail in
this chapter. The suggested approach is described in Section 3.1. The details of the
experimental data are described in Section 3.2.The data from the experiment and its pre-
processing methods are described in Section 3.3. The methods for enhancing experimental
data are described in Section 3.4. Next, using the average ensemble method, the developed
dilated PDCNN is explained in Section 3.5. In Section 3.6, the machine learning

classifiers- SVM, KNN, NB, and Decision Tree techniques- are explained.

3.1 OVERVIEW OF METHODOLOGY

The biggest issue before starting treatment is identifying and categorizing
tumors from brain MRI scans. There aren't many studies on tumor diagnosis as a
time-saving method, despite the majority of brain tumor identification research
focusing on tumor slicing and positioning methods. Most DCNN-based methods
are unable to acquire global context details of larger regions because of the small
receptive fields. Stacking multiple dilated convolutions has the disadvantage of
creating a grid effect, even though dilated convolution maintains data resolution
at the output layer and expands the receptive field without incorporating
calculation. In the event that the dilation factor is low, the model may have a
smaller receptive field but misses the coarse characteristics. In contrast, when the
dilation factor is excessive, the model is unable to learn from the finer details.
This study proposes the use of a dilated PDCNN architecture that maintains a
large receptive field to cope with gridding distortions and capture both coarse
and fine attributes from images. Initial input image resizing is followed by
grayscale transformation to minimize complexity. Data augmentation has since
been used to expand the number of datasets. While maintaining an extensive

receptive field, dilated PDCNN utilizes the reduced computational cost and helps
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to reduce gridding artifacts. The schematic representation of the suggested

dilated PDCNN design is presented in Fig. 3.1.

Pre- Classifier
Processing Support
Size Data Proposed Vector
Adjustment Augmentation Dilated = Machine \
T PDCNN
Input Gray Feature K-Nearest "4 Average
MRI Conversion Extraction Neighbor Ensemble
: /
Anisotropic L Naive
Diffusion Bayes
Filtering
Decision
= Tree
Classification
Output

Fig.3.1 Proposed methodology’s workflow.

The sequence that follows is the order in which the recommended
structure's events occur: brain MRI images are fed into the input layer of the
dilated PDCNNSs after being processed. The initial images are converted from
various resolution dimensions to 32 x 32 pixels for training reasons. The grayscale
transformation of these input images contributes to a reduction in complexity.
Following that, new images are created from prior ones using data augmentation.
The data set has been split into training and testing subsets in order to train the
suggested network. The PDCNN structure then makes use of the chosen dilated
rates to effectively classify the input images. Following the classification of the
images using four classifiers (SVM, KNN, Decision Tree, and Naive Bayes), the
brain tumor identification process is completed using an average ensemble
approach.

The step-by-step flow of the suggested framework is mentioned in

Algorithm 1.

Algorithm 1 Algorithm Based on Brain Tumor Detection and Classification Approach

Input Representative three different public datasets of brain MRI pictures: I;,j =

1,2,..,K of size W x H and the class labels C = 2, 3, 4.
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Output Brain Tumor Detection & Classification

1:  Develop a Dilated PDCNN with selected parameters

2: Accuracy === (

3: forepoch=1,2,...., N gpcns do

4 forimage=1,2, ......... » Kbatch size dO

5: Image ,ogiz0q®= Resize (Image, Set W = 32, H = 32)

6 Image 4., *= Grayscale, Using Image ., = rgb2gray(Image,..;ecq)

7 Image 347, == Augmentation ( Image 4,4y)

8 Input layer takes Image 44, and sends it to the convolution layers to extract features
9 Suggested Parallel Dilated Deep Convolutional Layers

10: Train the dilated PDCNN model with ML classifiers including SVM, KNN, NB, and
Decision Tree.

11: Calculate the test accuracy for each ML classifier with the average ensemble

12: Calculate error rate, e(t)

13.  end for

14. end for

3.2 DATASET DESCRIPTION

This study makes use of three distinct public datasets containing images
from brain MRIs. The details regarding the dataset are provided as follows.
3.2.1 Dataset-I

Through the Kaggle platform, the initial accessible dataset of binary-class
MRI scans of the brain has been obtained for simplicity and this dataset is widely
used. This data is known as dataset-I in this study [8]. This set of 253 brain MRI
images includes 98 samples with tumors and 155 samples without tumors.
3.2.2 Dataset-II

The Figshare dataset containing 233 patients' brain MRI images is employed
in this research [13]. These brain MRI images are obtained at Nanfang Hospital
and General Hospital, two Chinese medical centers. This dataset, designated
dataset-II, comprises 3064 brain MRI scans, including 1426 glioma tumors, 708
meningioma tumors, and 930 pituitary tumors.
3.2.3 Dataset-III

The additional dataset utilized in this study can also be obtained via the

Kaggle website [14]; it contains brain MRI images of glioma tumor, meningioma
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tumor, no tumor, and pituitary tumor, numbered 826, 822, 395, and 827, in that
order. This collection of data is identified as dataset-III in the current research.
The four different kinds of brain MRI images that are present in dataset-III are

shown in Fig. 3.2.

(a) No Tumor (b) Glioma Tumor  (c) Meningioma Tumor (d) Pituitary Tumor

Fig. 3.2 Examples of brain MR images [14].

3.3 PREPROCESSING

A method for enhancing the efficiency of a machine learning model is called
data preprocessing, which involves purifying and preparing data for usage by
the model. The skull photos in the MRI datasets are not all identical in width, and
height; instead, each image is scaled to 32 x 32 pixels for training purposes.
Grayscale conversion of these data contributes to a reduction in the level of
complexity. Digital images can be noise-free without having their edges blurred
through the utilization of the anisotropic diffusion filter.

Table 3.1. Filtered Dataset after Utilization of Anisotropic Diffusion Filter.

No Tumor Glioma Tumor Meningioma Tumor Pituitary Tumor

Input image Input image Input image Input image

MRI Brain
Pictures [12]

Anisotropic Filtered image
Diffusion
Filtered

Pictures
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3.4 DATA AUGMENTATION

Since deep learning needs a lot of data to extract information, data
enhancement is being employed at this time to increase the quantity of available
data by altering the initial image. Supplementary data can be used to increase the
effectiveness of categorized outcomes. Illustrations can undergo the following
procedures: shifting, scaling, translation, and filtering methods. This article uses
the process of anisotropic diffusion filtering as augmentation. It can efficiently
retain sharp transitions and smooth out regions with uniform intensity,

producing clear pictures with improved features.

Table 3.2. Dataset Statistics.

Category Original Augmented
Data Data
Number Percentage Number Percentage

Dataset I Tumor | Yes 98 61% 196 61%

No 155 39% 310 39%

Total 253 100% 506 100%

Dataset II Glioma 1426 47% 2852 47%

Meningioma 708 23% 1416 23%

Pituitary 930 30% 1860 30%

Total 3064 100% 6128 100%
Dataset I11 Glioma 826 28.78% 1652 28.78%
Meningioma 822 28.64% 1644 28.64%
Pituitary 395 13.76% 790 13.76%
No Tumor 827 28.81% 1654 28.81%

Total 2870 100% 5740 100%

3.5 DEVELOPED DILATED PDCNN DESIGN

This research presents the design of a multiscale dilated two simultaneous
deep CNN technique to extract multiscale detail characteristics from MRI images.
To increase the receptive field despite adding more parameters to the network,
dilated convolution is used. Additionally, batch normalization is used to
guarantee that the model's precision won't drop as the network depth increases.

The multiscale extraction of characteristics, integrating path, and

classification stage are the three main elements of the suggested network, as
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illustrated in Fig. 3.3. Since the suggested model uses dilated CNNSs, the DF is an

additional hyper-parameter that must be considered.

fc_ 1
layer fc 2
layer

Y

ML Classifiers

J

Extract Global & Finer Features
=>  (SVM, KNN, NB,
Decision Tree)

J
T
Extract Local & Coarse Features I I

Conv_ relu Cross_nor Max_poo Batch_nor Fc Dropou
2 laye  m layer | layer m layer lay t layer

Fig. 3.3 Proposed architecture of dilated PDCNN model.

Both local and global characteristics are acquired in the dilated PDCNN
framework through the corresponding local and global routes. However, most
DCNN-based methods cannot effectively collect both local and global data
because of their tiny receptive fields. Stacking multiple dilated convolutions has
the disadvantage of creating a grid effect, even though dilated convolution
maintains data resolution at the output layer and expands the receptive field
without incorporating computation. In the event that, with poor DF, the model
may contain a smaller receptive field nevertheless misses the coarse features. In
contrast, with the excessive DF, the model is unable to pick up from the finer
details. By contrasting various DFs, these suitable DFs are chosen for both local
and global feature paths. Each of the convolutional layers is followed by the max-
pooling layer for every single path that down samples the outcome of the
convolutional layer and uses the ReLU activation function. In the end, an average
ensemble method is employed to carry out the brain tumor categorization

process after four ML classifiers —have been training the images.
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The step-by-step flow of the suggested dilated PDCNN structure is

mentioned in Algorithm 2.

Algorithm 2 Algorithm Based on Dilated PDCNN Model

Parallel Dilated Deep Convolutional Layers

i.  For the local and coarse path set the window size = 5 and for the global and finer
path set the window size =12
ii. Divide I,j=1,2,..,Kinto blocks a;i=123,..,Bj=123,.. K, of size
w X h X d,where d = Number of feature maps in I f and B = Number of blocks
created from each I;
iii. Flatten a;; into vector x; € R"i=1,2,..M,whereM =KX B,and D =w X h xd

iv.  Large dilation _rate: Coarse Features
V. Small dilation _rate: Finer Features
vi.  Compare different configurations of dilation rates to find best-diagnosed results
.. . . x forx=0
Vii. Compute ReLU activation function, f(x) = {0 for x < 0}
viii. Compute cross-channel normalization, x = axx = 5 where a, 8, K are
&+ window channel size)

the hyperparameters in the normalization and ss = sum of squares of the elements
in the normalization window

ix. Apply max-out plan, Z to different feature maps Oy, O, 1, ... ... , O¢ k_1Which
takes maximum over the O, and maps it individually as represented in Zs;; =
max(0s,j, Osi1,ij> - - » Osik-1,ij)

Xx.  Apply Adam_Optimizer to minimize error rate
xi.  Repeat steps ii, vii, ix twice for both parallel paths where filter number 96.

xii.  Update weights using back_propagation
xiii. Weightsg.,, ®™= Save Weights
xiv.  Employ the optimized weights to extract the multiscale features in the training set

3.5.1 Multiscale Feature Selection Path

CNNs have been used extensively in the field of medicine and have
demonstrated good results in the segmentation and classification of medical
images. CNN architectures are built using a variety of building blocks, such as
Fully-Connected (FC) layers, pooling layers, and convolution layers.
Convolution layers, which combine linear and nonlinear operations—that is,
activation functions and convolution operations —are used in feature extraction.
Kernels and their hyper-parameters, such as the size, quantity, stride, padding,
and activation function of each kernel, are the parameters of convolution layer.
Six convolution layers are used in the two simultaneous paths and the
convolution operation occurs using equation (3.1) [37].

l _ L 7l-1 l
Opqr = fF(WH I + b}) (3.1)
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Where, for " kernel in layer [, 0} , - expresses the resultant feature map of
position (p, q), W} represents the weight vector’s values, Izl,,_q1 indicates the input
vector of position (p, q) in the [ — 1, and b} is the symbol of bias. In addition, the
activation function is f(.). By down-sampling, pooling layers lower the
dimensionality of the feature maps. The stride, padding, and filter size are among
the hyper-parameters that comprise pooling layers, although they do not contain
any other parameters.

Two common varieties of pooling layers are max pooling and global
average pooling. Maximum pooling layer is used in this structure. The output
size of the pooling operation in CNN is calculated using equation (3.2).

0 =[] +1 (3.2)

Where, n stands for the dimension of input, f is the kernel size, the padding
size is shown by p, and s is symbol of stride size [40].

The pooling layers' feature maps are smoothed out and sent to several one-
dimensional (1D) vectors known as FC layers. The most popular activation
parameter for FC layers is the Rectified Linear Unit (ReLU), which is illustrated
in (3.3) [38].

x forx= O} (3.3)

f(x) ={0 forx <0

The final FC layer's activation function is usually SoftMax for the

categorization of multiple classes and Sigmoid for binary classification. The node

values in the final FC layer of the proposed model has computed using (3.4), and

the sigmoid activation function for a binary categorization dataset-I is calculated
using (3.5) [37, 39].

z=wrh+b (3.4)

1
1+exp(—2z)

Py =1lx) = (3.5)

Where, h stands for the neural network layers' internal calculations, b
shows the bias, and w stands for the weights used to determine an output node's
value. Furthermore, the input vector and output class are denoted by x and y,

respectively. The SoftMax activation function is calculated using (3.6) for the
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multi-class categorization Figshare dataset-Il and Kaggle dataset-III in this

proposed structure [40].

__emly)
PO = 5 e (3:6)

Where, x stands for the input vector and y for the class in the case of a multi-
class categorization problem. Additionally, the ¢*"* component of the class rating
vector in the final FC layer is displayed by f.. The category k with the highest P
coefficient is chosen as the output class in the SoftMax activation function.

A backpropagation algorithm has used during CNN training to adjust the
weights of the FC and convolution layers.

Expanding the receptive field in deep learning involves boosting the
dimension and depth of the convolution kernel, which in turn enhances the
number of elements in the network. By adding weights of zero to the
conventional convolution kernel, dilated convolution may enhance the receptive
tield without adding more network elements.

Equation (3.7) defines the convolution operator * as follows: 1-D dilated
convolution using dilation rate [ =1 connects input picture F alongside kernel k.
The term “standard convolutional neural network” refers to the 1-D
convolution. The network is identified as dilated convolutional neural network
when the dilation rate [ rises.

(Fxk)(P) = Zs+e=p F(s) X k(t) (3.7)

Upon the introduction of a dilation rate when a dilation factor called [ is
introduced and by generalizing this factor [ that can be defined as,

(F k) (D) = Lstie=p F(s) X k(1) (3.8)

Using equation (3.8), the dilated convolution operation is calculated in this
proposed structure. The fundamental CNN has a value of | = 1[42, 43].

The main function of dilated convolution layer is to extract features. In
addition to conveying fine and high-level feature details, MRI images also
contain rough and low-level information. As a result, image data must be

extracted at several scales. Specifically, the local and global routes are employed
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to obtain the local and global features. Within the local route, the convolutional
layers make use of the small 5x5 pixel window dimension to provide low-level
details about the images. However, a vast number of filters with 12x12 pixels are
present in the convolutional stages of the global path. The same 5 by 5 filters are
used by three different convolution layers throughout the local path, and each
layer's decremented even number of high DF (4, 2, 1) is the only factor used to
produce the coarse feature maps. Three distinct convolution layers in the global
path employ identical 12 x 12 filters, and the generation of finer feature maps is
exclusively dependent on the tiny DF (2, 1, 1) of every single layer. As illustrated
in Fig. 3.3, three convolution layers with distinct filter numbers (128, 96, 96) are
applied at each feature extraction path to extract image data at various scales.

Convl, Conv3, and Conv4 provide local as well as coarse features, while
Conv2, Conv5, and Conv6 supply global as well as fine features. The max-
pooling layer is employed after each convolutional layer for each path that
down-samples the output of the convolutional layer. By employing a 2 x 2
kernel, the max-pooling layers lower the dimension of the attributes that are
produced.

A dimension of (32, 32, 1) is assigned to each input tensor in the suggested
model's structure. To test the impact of the DF on the model's efficiency and
comprehend the gridding impact brought about by the dilation approach, the
interior design is kept as simple as possible. In the local path, layer Convl
applies a 5 x 5 filter and a dilation factor of d;=4 to generate coarse feature maps
(such as shapes and contours); layer Conv3 applies the same filter and dilation
factor of d,=2 along with the final convolution to generate coarse feature maps
once more; and layer Conv4 applies a 5 x 5 filter and dilation factor of d3=1 to
generate coarse feature maps. In the global route, layer Conv2 applies a 12 x 12
tilter and a dilation factor of d,=2, layer Conv5 applies the same filter and
dilation factor of ds=1 along with the last convolution to generate fine feature

maps once more, and layer Conv6 applies a 12 x 12 filter and a dilation factor of
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de=1 to generate fine feature maps. The activation function of ReLU is utilized
by all six convolutional stages.
3.5.2 Merge Stage

A merge layer connects the two routes, creating a single path with a
cascaded link until it reaches the endpoint. This process extracts multiscale
features, where local paths with high dilation rates extract local as well as coarse
features, and global paths with low dilation rates extract global as well as fine
features. Two fully interconnected layers that are connected to a dropout layer
through the merging pathway come after a batch normalization layer and a ReLU
layer. This model has included dropout layer to handle the overfitting issues and
speed up the training process. Overfitting occurs when a model gets highly good
at capturing the intricate details of the training data, limiting its capacity to
generalize efficiently to new, previously unknown data. This problem becomes
more evident as the network's depth increases as layers increase, resulting in
outstanding performance on the training set but a significant loss on the testing
set. The proposed dilated PDCNN presented in this study is highlighted for its
minimal number of layers and parameters. In order to address the issue of
performance degradation brought on by a boost in neural network stages, batch
normalization is used. Equation (3.9) provides the feature map that results after
a merging phase [35].

Z = a(BN(f(0)) (3.9)

Where, o stands for the ReLU activation function, BN denotes the batch
normalization function and f(X) denotes the fused feature maps from each
channel in the preceding paths.
3.5.3 Hyper-parameter Tuning

Hyper-parameter adjusting is a successful parameter searching technique
for the suggested dilated PDCNN framework. The dense layer, optimization, and
dropout measure are among the parameters that must be chosen to perform this

PDCNN adjustment.
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It provides the framework with the ideal set of parameters, producing the
most effective results. The training data for the simulated scenario is provided by
the effective adjustment of the hyper-parameter, which includes the Adaptive
Moment Estimation (Adam) optimizer, 0.3 dropout, 512 dense layers, and 0.0001
rate of learning. In this work, the weight of the layers is updated via Adam, the
optimizer that calculates the adaptive learning rates of every parameter. The
training setting employs a validation frequency of 20 Hz. The highest average
accuracy for the test datasets is collected for each run. When the epoch count
reaches 70, the framework is trained employing a range of epoch counts; it
acquires 98.67% accuracy for dataset-1. It acquires 98.13% and 98.35% accuracy

for dataset-II, and dataset-III respectively when the epoch number is 60.

Table 3.3. Hyper-parameter Settings for Model Training.

Hyper-parameter Optimized Value
Optimizer Adam
Dropout 0.3

Dense Layer 512
Learning Rate 0.0001
Maximum Epoch 50
Validation Frequency 20
Iteration Per Epoch 34

3.5.4 Feature Map of Dilated Convolutional Layer

CNN feature map represents specific attributes in the input image as the
result of a convolutional layer. It is produced by filtering input images or the
previous layers' feature map output. The feature maps that are acquired from
every convolutional layer are presented in Fig. 3.4 and 3.5. In Fig. 3.4, the low-
level and coarse features of the three convolutional layers conv_1, conv_3, and
conv_4 having filters of 128, 96, and 96 are displayed. The feature maps in this
tigure are primarily composed of coarse and local features which represent the
texture in an image. In this local path, a dilated CNN algorithm that has DFs
associated with (d,= 4, d,= 2, d3= 1) is referred to as dilated PDCNN (4, 2, 1). In

Fig. 3.5, the high-level feature maps include contour representations, shape
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descriptors and fine features of the deeper three convolutional layers conv_2,
conv_5, and conv_6 having the same filters, are shown. DFs corresponding to
(d4=2,ds=1, d¢= 1) are used in this global path. The multiscale feature maps,
which are displayed in Fig. 3.6, are greatly improved when these features are
combined using a feature fusion technique. Fig. 3.7 displays the final multiscale
features that are extracted, along with a fully connected layer that is prevented
from overfitting by employing the dropout technique.

Local & Coarse Features (conv_1 [DF: 4*4], conv_3 [DEF: 2*2], and conv_4
[DF: 1*1])

Layer conv_1 Features Layer conv_3 Features Layer conv_4 Features

B .
E“ -

.. o

(a) - (b) ©

Fig. 3.4 Local and coarse feature maps of various convolutional layers of the
Dilated PDCNN (a) Feature map of conv_1-layer (b) Feature map of conv_3-

layer (c) Feature map of conv_4-layer.

Global & Finer Features (conv_2 [DF: 2*2], conv_5 [DF: 1*1], and conv_6
[DEF: 1*1])

Layer conv_2 Features Layer conv_5 Features Layer conv_6 Features

'\-‘ :ﬂ

(a) (b) (©)
Fig. 3.5 Global and finer feature maps of various convolutional layers of the
Dilated PDCNN (a) Feature map of conv_2-layer (b) Feature map of conv_5-

layer (c) Feature map of conv_6-layer.
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Layer addition Features

Fig. 3.7 Features extraction after FC_2 layer.

3.5.5 Parameters for Dilated PDCNN Model
Both FC and convolutional layers provide parameters that can be learned.
Parameters are the quantities of weights that the CNN structure learns during
training. It is possible to calculate the convolutional layer parameters (P.opny)
equation as follows [10]:
Poony = Fy *E, * Eyym * Cin + Epum (3.10)
Fp and F,, stand for the length and width of the filter, accordingly. F,,;,
indicates the quantity of filters. C;, indicates the associated layer's input channel

quantity. The parameters of the layer that is fully connected (Prc) are as follows

[10]:
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Prc = Awrev) * Nunity T Nunie (3.11)

Where, Aprery indicates the prior layer's activation pattern and Niynr)
denotes the number of neurons that make up the present FC layer. There are no
variables that can be learned in the max-pooling layer. The batch-normalization
layer's variables are the product of the number of channels utilized in the

preceding convolutional layer.

Table 3.4. Information about the Suggested Dilated PDCNN Framework.

Layer Type No of Filter Stride | Dilation Activation Total

Filters Size Factor Shape Learnable
Parameters

Image MRI - - - - 32x32x1 0

Conv layer 128 5x5 2,2 44 16x16x128 3328

ReLU - - - - 16x16x128 0

Cross Channel - - - - 16x16x128 0

Normalization

Max Pooling - 2x2 2,2 - 8x8x128 0

Conv layer 96 5x5 2,2 2,2 4x4x96 307296

Conv layer 128 12x12 2,2 2,2 16x16x128 18560

ReLU - - - - 4x4x96 0

Max Pooling - 2x2 2,2 - 2x2x96 0

Conv layer 96 5x5 2,2 11 1x1x96 230496

ReLU - - - - 1x1x96 0

Max Pooling - 2x2 2,2 - 1x1x96 0

ReLU - - - - 16x16x128 0

Cross-Channel - - - - 16x16x128 0

Normalization

Max Pooling - 2x2 2,2 - 8x8x128 0

Conv layer 96 12x12 2,2 11 4x4x96 1769568

ReLU - - - - 4x4x96 0

Max - 2x2 2,2 - 2x2x96 0

Conv layer 96 12x12 2,2 11 1x1x96 1327200

ReLU - - - - 1x1x96 0

Max Pooling - 2x2 2,2 - 1x1x96 0

Elements-wise - - - - 1x1x96 0

addition of 2

inputs

Batch - - - - 1x1x96 192

Normalization
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ReLU - - - - 1x1x96 0

FC_1layer - - - - 1x1x512 49664

ReLU - - - - 1x1x512 0

Dropout layer : - : - 1x1x512 0

FC_2 layer - - - - Ix1x2 1026
Total = 3, 707,
330

3.6 CLASSIFICATION STAGE

In this categorization phase, extracting all the multiscale attributes from the
last FC layer, four types of classifiers: SVM, KNN, NB, and Decision tree are used
to categorize the three types of brain tumor datasets. The following subsections
go over the machine learning classifiers and their hyper-parameter settings that
were employed in this experiment to classify brain tumors.

3.6.1 SVM

One of the most potent classification algorithms, SVM was introduced by
Vapnik. It operates by building a hyperplane with the greatest possible margin
between classes. SVM converts the initial data space into a higher dimension
space using the kernel function, K(x,,x;). The following (3.12) defines the
hyperplane function that will be used to separate the data [45]:

f () = Xnet @nynK (tn, xi) + b (3.12)

Where, x,, is support vector data (deep features from brain MR image), o,
is Lagrange multiplier, and y, represent a target class of these three datasets
employed in this research, such that the first dataset is binary (normal and
abnormal) class dataset, while the second dataset has three classes (glioma,
meningioma, and pituitary) and the third dataset has four different classes
(normal, glioma, meningioma, and pituitary tumor) withn=1, 2, 3, ..., N. In this
work, the most commonly used kernel function is used at the SVM algorithm is
linear kernel.

As shown in (3.13), an actually separable case is handled using a linear

kernel.

Chapter 3: MATERIALS AND METHODOLOGY 43



Linear: K (x,, x;) = (xp, X;) (3.13)

Where, K (x,, x;) represents kernel function [45, 48].

Hence, a multiclass linear support vector machine with a linear kernel
function and a zero verbose value is employed in this suggested method.

It is apparent that the SVM classifier is added at the final stage of the
suggested model’s output. The effective features that are produced by applying
the suggested model serve as the inputs for the SVM classifier. Three different
types of output are present in the SVM classifier because this method uses three

different types of datasets. Table 3.5 lists the SVM network’s parameters.

Table 3.5. SVM C(lassifier Parameter.

SVM Parameters Size/ Value
C 1.0
Filter/kernel “linear”
Degree 3
probability “false”
Shrin king true
class weight “none”
verbose false
Random state “none”
Decision function “ovr”
shape

3.6.2 K-NN

One of the most basic approaches for classification is K-NN. It performs
predictions directly from the training set that is stored in the memory. For
instance, to classify a new data instance (a deep feature from brain MR image), k-
NN chooses the set of k objects from the training instances that are closest to the
new data instance by calculating the distance and assigns the label with two
classes (normal or tumor), three classes (glioma, meningioma, and pituitary) or
four classes (normal, glioma, meningioma, and pituitary tumor) and does the

selection based on the majority vote of its k neighbors to the new data instance.
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The distances between the new data instance and the training data instances
are the most frequently measured using Manhattan distance and Euclidean
distance. The k-NN algorithm in this work, is measured using the Euclidean
distance. Data points x and y's Euclidean distance, d are computed as follows

[48]:

d0y) = [Si - w0 .19

Below is an illustration of the k-NN algorithm in brief [48]:

e Chose a suitable distance metric initially.

e During the training stage, store all the training data set P in pairs as
follows:

P = (y;,¢),i =1,...,n (3.15)
where in the training dataset, y; is a training pattern, n is the amount
of training patterns and c; is its corresponding class.

e (Calculate the distances between the new features vector and the
stored (training data) features during the testing stage. Then, classify
the new class example by based on the vote of the k neighbors who
have the most votes.

The accuracy of the algorithm is assessed using the correct classification
provided during the test phase. The k value can be changed until a respectable
degree of accuracy is achieved if the outcome is not satisfactory. As can be seen,
the number of neighbors is limited to 5, and selected the best value of K was
determined to be 5. This value is then applied with the highest accuracy to
dataset-I, II, and III, respectively. The zero standardized value is used to
standardize the predictors.

It is apparent that the K-NN classifier is added at the final stage of the
suggested model’s output. The effective features that are produced by applying
the suggested model serve as the inputs for this classifier. Table 3.6 lists the K-

NN network’s parameters.
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Table 3.6. K-NN Classifier Parameter.

KNN Parameters Size/Value
Leaf size 30
N_neighbors 5

Metric params “none”
weights “uniform”
P 2
algorithm “auto”

3.6.3 Naive Bayes
NB classifier is the machine learning classifier with the assumption of
conditional independence between the attributes given the class. In this article,

the final class is predicted using vectors of attributes and class prior probabilities,

as shown in (3.16) [48].

P (X=x |C=i)*P(C=i)

P(C=ilX=x)= " o

(3.16)

Where, X indicates the given data instance (extracted deep features from
brain MR image) which is represented by its feature vector (x4, ... ,x, ) and C is
the class target (type of brain tumor) with two classes (normal and tumor) for
binary dataset-I or three classes (glioma, meningioma, and pituitary) for Figshare
dataset-II, or four classes (normal, glioma, meningioma, and pituitary) for
multiclass Kaggle dataset-Ill . Here, P (X = x|C = i) in this classifier is
computed by taking the dataset's features to be independent, and calculating the
probability as shown in (3.17) [48, 49].

PX=x|C=i)=[[}-,P(x|C=1) (3.17)

NB can save a significant amount of time and is appropriate for handling
multi-class prediction problems. The value for the minimum threshold of
probabilities for the NB classifier is 0.001. For every predictor, and class
combination, the kernel smoothing window width is automatically chosen by

default in this suggested approach.
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3.6.4 Decision Tree

Decision tree structures represent an approach to non-parametric
supervised learning that can be employed in classification as well as regression.
This model is employed in this research to create a model that makes use of
fundamental decision rules inferred from the data features taken out of brain
magnetic resonance imaging. With training vectors x; € R", i=1,...,1 and a label
vector y € R, a decision tree successively divides the domain of features so that
instances that share similar desired values are organized together.

Three datasets are used in this proposed approach. Here dataset-I at
node m be denoted by Q,,. Splitting 8 = (j, t;;) for every candidate which is
composed of a characteristic j and threshold t,,,, dividing the dataset-1,Q,, into

Left () and Q9" (6) subgroups [48]
m (0)={(e ) % < tn} (3.18)
" (0)=Qn \ Q" (6) (3.19)
Next, to calculate the quality of a potential split of node m, a loss function

H() is used [48].

left

6(Qm ) = "2 H (47 (8)) + ™ H(QR™ (8)) (3:20)

This process should be carried out for Q' (6*) and Q9™

(6™) subsets until
the maximum permitted depth is achieved. These steps are also followed for the
other two datasets multiclass Figshare dataset-II and Kaggle dataset-III.

The decision tree can quickly determine which data is relevant and which
is not. The maximum number of branch nodes in the suggested method is fixed
at 1. In this approach, there must be a minimum of one leaf node.

3.6.5 Average Ensemble Method

Machine learning and signal analysis both use the statistical technique of

ensemble averaging. Model averaging is a machine learning technique for

ensemble learning in which each member of the ensemble makes an equal

contribution to the ultimate prediction. A group of frameworks often
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outperforms a single one because the individual errors in the models "average
out." In average ensemble method, the actions are:
> Create N experts, each starting at a different value: Typically, initial
values are selected at random from a distribution.
> Train every specialist independently.
» Add up all the experts and take the mean of their scores.

These steps of average ensemble method are used to average the accuracy
to acquire the final outcome in the proposed method [51, 52].

A comprehensive flowchart for the methodological framework is illustrated
in this chapter for providing a concise understanding on how the research is
performed. Details on designing and modeling of various algorithms along with
dataset description, dataset preprocessing, data augmentation, and design

parameters and figures are discussed in the chapter.
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Chapter 4: RESULT AND ANALYSIS

This chapter investigates how the suggested system performs with various dilation
factors, classifiers, and the feature fusion technology. Section 4.1 describes the
experimental outcomes and evaluation of the proposed system including the performance
analysis of the suggested dilated PDCHH model, comparative analysis of different
dilation rate, impact of applying dilation on the proposed model, evaluation
measurements of the proposed system on the three datasets and analysis between the

proposed model and earlier research on the topic.

4.1 EXPERIMENTAL OUTCOMES AND EVALUATION

MATLARB is used to run the implementation program for the suggested
dilated PDCNN model. The computing device is equipped with a Core i5
processor manufactured by Intel, running at 3.2 GHz, eight GB of RAM, and
Windows 10 operating system installed.

4.1.1 Performance Analysis of Suggested Dilated PDCNN Model
The confusion matrix is used to express the classification system's results.

The efficiency is evaluated using the following criterion [52].

True Positive+True Negative

Accuracy = 4.1
Yy (Positive+Negative) ( )
.. True Positive
Precision = — — (4.2)
(True Positive+False Positive)
True Negative
Recall = — , (4.3)
(False Positive+True Negative)
2+ True Positive
F1 Score = (4.4)

(2#True Positive+False Positive+False Negative)

Table 4.1 provides an overview of the effectiveness statistics of the PDCNN
strategy using ML classifiers for dataset-I. Comparing the PDCNN algorithm
using the Decision Tree classifier to the remaining models, Table 4.1 shows that
it achieves the greatest level of accuracy, precision, recall, and F1 score. With a

98.67% accuracy rate, 96.55% precision rate, 97.87% recall rate, and 98.25% F1-
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score, the PDCNN model utilizing the Decision Tree classifier outperforms
comparable machine learning classifiers. In conclusion, the PDCNN's accuracy,
precision, recall, and fl-score when using the average ensemble technique are

96.54%, 94.16%, 96.37%, and 95.49%, respectively.

Table 4.1. Performance Parameters of PDCNN Model with ML Classifiers on

Dataset-1.

PDCNN Models Utilizing ML  Accuracy  Precision Recall F1-Score

Classification (%) (%) (%) (%)

PDCNN 96.03 94.92 96.74 94.92
PDCNN with SVM 97.33 93.10 95.83 96.43
PDCNN with KNN 96.00 93.10 95.74 94.74
PDCNN with NB 94.67 93.10 95.65 93.10
PDCNN with Decision Tree 98.67 96.55 97.87 98.25
PDCNN with Average Ensemble 96.54 94.16 96.37 95.49

Table 4.2. Performance Parameters of Dilated PDCNN Model with ML Classifiers

on Dataset-1.

Dilated PDCNN Models Utilizing  Accuracy Precision  Recall F1-Score
ML Classification (%) (%) (%) (%)
Dilated PDCNN 97.33 93.10 95.83 96.43
Dilated PDCNN with SVM 98.67 100.00 100.00 98.31
Dilated PDCNN with KNN 100.00 100.00 100.00 100.00
Dilated PDCNN with NB 97.33 100.00 100.00 96.67
Dilated PDCNN with Decision Tree ~ 100.00 100.00 100.00 100.00
Dilated PDCNN with Average 98.67 98.62 99.17 98.28
Ensemble

Table 4.2 provides an overview of the dilated PDCNN algorithm's efficiency
indicators using ML classifiers over dataset-I. As per Table 4.2 findings, the
dilated PDCNN model that incorporates KNN and Decision Tree classifiers has
the best Fl-score, recall, accuracy, and precision in comparison with the
remaining models. The suggested dilated PDCNN model utilizing KNN and
Decision Tree classifiers has 100.00% for all performance criteria, which is better
than the outcomes obtained by other ML classifiers. The dilated PDCNN model
that includes SVM and NB classifiers is noteworthy for having 100% precision

and recall, which is also the same as the dilated PDCNN model alongside KNN
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and Decision Tree classifiers. However, the KNN and Decision Tree classifier
execute better concerning other performance indicators. The suggested dilated
PDCNN utilizing the average ensemble approach for the dataset-I has finalized
accuracy, precision, recall, and fl-score values of 98.67%, 98.62%, 99.17%, and
98.28%, accordingly, after implementing the average ensemble technique.

Table 4.3. Performance Parameters of PDCNN Model with ML Classifiers on

Dataset-II.

PDCNN Models Utilizing ML  Accuracy  Precision Recall F1-Score

Classification (%) (%) (%) (%)

PDCNN 97.60 97.00 97.60 97.30
PDCNN with SVM 97.71 97.33 97.33 97.33
PDCNN with KNN 97.40 96.67 97.33 97.00
PDCNN with NB 97.40 97.00 97.00 97.33
PDCNN with Decision Tree 96.60 95.67 96.67 96.33
PDCNN with Average Ensemble 97.34 96.74 97.19 97.06

Table 4.3 provides an overview of the PDCNN algorithm's efficiency
indicators using ML classifiers over dataset-II. The results shown in Table 4.3
show that, in comparison to other designs, the PDCNN model employing SVM
provides the best accuracy, precision, and F1 score. In comparison to the
outcomes of other ML classification methods, the PDCNN  algorithm
incorporating the SVM classifier offers an accuracy of 97.71%, precision of
97.33%, and Fl-score of 97.33%. But the PDCNN has the highest recall value
among all the models which is 97.60%. Finally, applying the average ensemble
method, the values of accuracy, precision, recall, and f1-score of the PDCNN with
average ensemble method for dataset-II are 97.34%, 96.74%, 97.19%, and 97.06%
respectively which is greater than the method for dataset-I.

An overview of the dilated PDCNN algorithm's efficiency indicators using
ML classifiers over dataset-II is provided in Table 4.4. The results shown in Table
4.4 demonstrate that, when contrasted to other scenarios, the dilated PDCNN
algorithm using the NB classifier provides the highest performance indicators.
The suggested dilated PDCNN model incorporating the NB classifier

outperforms the findings of the remaining ML classifiers alongside accuracy of
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98.90%, precision of 98.67%, recall of 98.67%, and F1-score of 98.67%. In the end,
using the average ensemble approach, the suggested dilated PDCNN employing
the average ensemble technique for the dataset-II has accuracy, precision, recall,
and f1-score values of 98.13%, 97.74%, 98.05%, and 97.80%, accordingly.

Table 4.4. Performance Parameters of Dilated PDCNN Model with ML Classifiers

on Dataset-II.

Dilated PDCNN Models Utilizing  Accuracy = Precision  Recall F1-Score

ML Classification (%) (%) (%) (%)
Dilated PDCNN 98.20 98.00 98.33 98.00
Dilated PDCNN with SVM 97.72 97.33 97.33 97.33
Dilated PDCNN with KNN 97.60 97.00 97.60 97.30
Dilated PDCNN with NB 98.90 98.67 98.67 98.67
Dilated PDCNN with Decision Tree  98.21 97.67 98.33 97.67
Dilated PDCNN with Average 98.13 97.74 98.05 97.80
Ensemble

Table 4.5. Performance Parameters of PDCNN Model with ML Classifiers on

Dataset-III.

PDCNN Models Utilizing ML  Accuracy  Precision Recall F1-Score

Classification (%) (%) (%) (%)

PDCNN 96.80 96.25 96.50 96.25
PDCNN with SVM 97.94 98.00 97.50 97.75
PDCNN with KNN 97.80 97.50 97.50 97.25
PDCNN with NB 97.90 97.75 97.50 97.70
PDCNN with Decision Tree 97.40 97.75 96.50 96.75
PDCNN with Average Ensemble 97.58 97.45 97.10 97.15

Table 4.5 provides an overview of the PDCNN model's effectiveness
indicators using the machine learning classifiers for dataset-IIl. The PDCNN
algorithm utilizing SVM delivers the best-fit, performance indicators when
compared to other scenarios, as indicated by the results shown in Table 4.5. With
an accuracy rate of 97.94%, a precision of 98.00%, a recall of 97.50%, and an F1-
score of 97.75%, the PDCNN model incorporating the SVM classifier outperforms
other ML algorithms. Recall of the recommended PDCNN framework using
KNN and NB classifiers is noteworthy at 97.50%, matching that of the suggested
dilated PDCNN structure alongside the SVM classifier; however, the KNN
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classifier performs better than all other classifiers in terms of other indicators of
performance. Upon implementing the average ensemble method, the PDCNN's
accuracy, precision, recall, and f1-score for dataset-III are 97.58%, 97.45%, 97.10%,
and 97.15%, respectively.

Table 4.6. Performance Parameters of Dilated PDCNN Model with ML Classifiers

on Dataset-III.

Dilated PDCNN Models Utilizing  Accuracy  Precision  Recall F1-Score

ML Classification (%) (%) (%) (%)
Dilated PDCNN 98.21 98.25 97.75 98.25
Dilated PDCNN with SVM 98.60 98.50 98.25 98.50
Dilated PDCNN with KNN 98.50 98.50 98.00 98.50
Dilated PDCNN with NB 98.57 98.50 98.00 98.50
Dilated PDCNN with Decision Tree ~ 97.85 98.00 97.25 97.25
Dilated PDCNN with Average 98.35 98.35 97.85 98.20
Ensemble

Table 4.6 provides an overview of the effectiveness measurements of the
suggested dilated PDCNN model using machine learning classifiers for dataset-
III. In comparison to other models, the accuracy, precision, recall, and f1-score of
the suggested dilated PDCNN alongside SVM classifier are 98.50%, 98.50%,
98.25%, and 98.50%, respectively, based on the results shown in Table 4.6. The
findings of the dilated PDCNN employing average ensemble technique for
dataset-% are, after executing the average ensemble strategy, 98.35%, 98.35%,
97.85%, and 98.20%, accordingly, in terms of accuracy, precision, recall, and f1-
score.

4.1.2 Comparative Analysis of Different Dilation Rate

While dilated convolution retains data resolution at the output layer and
increases the receptive field without adding computation, stacking several
dilated convolutions has the drawback of producing a grid effect. Validating the
results involves comparing multiple combinations of dilation rates for the
various convolution layers. Large dilation rates may impact tiny object
recognition. As a result, the DF has gradually decreased (even-numbered

arithmetic decreasing) at the local path in the suggested framework. By doing
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this, the dilated feature map's sparsity is reduced, and more data can be extracted
from the investigated region. At the global path, the low DF (2, 1, 1) has been

carried out to extract the fine features.

100.00%
98.00%

96.00%
94.00%
92.00%
90.00%
88.00%
86.00%
84.00%

Dataset-1 Dataset-2 Dataset-3

Accuracy

m Global (4,2,1),Local(4,2,1)  96.00% 96.90% 93.20%
Global (4,2,1),Local(8,4,2)  94.70% 95.27% 90%
m Global (4,2,1),Local(1,1,1)  94.67% 96.60% 94.60%
| mGlobal (2,1,1),Local(4,2,1)  97.33% 98.20% 97.94% |
B Global (1,1,1),Local(2,2,2)  97.30% 97.70% 93.70%

Fig. 4.1 Comparing accuracy across different configurations of dilation rates.

A comprehensive review of the gridding issue and the consequences of
different dilation rates can be found in the accompanying Fig. 4.1. The poor
efficiency of the (4, 2, 1) dilated value for the global pathway as well as (8, 4, 2)
dilated value for the local route of the suggested model is caused by the gridding
phenomenon, which arises when high DF are used. This limits the framework
from acquiring finer characteristics. When a high DF (4, 2, 1) is used for both local
and global paths, the accuracy increases more than before. On the contrary, using
low dilation rates, the model only learns fine features. When low DF (1, 1, 1) is
used in the global path and (2, 2, 2) is used for the local path, the value of accuracy
for dataset-I, dataset-II, and dataset-Ill is 97.30%, 97.70%, and 93.70%
respectively. When a low DF (2, 1, 1) is used for the global feature and a high DF
(4, 2, 1) is used for the local feature, the highest accuracy is achieved. The highest
accuracy for dataset-I, dataset-II, and dataset-III is 97.33%, 98.20%, and 97.94%
respectively. Providing the best-case scenario, a well-balanced model (4, 2, 1) for
the local path and (2, 1, 1) for the global path may acquire both the coarse as well

as fine characteristics of the pictures.
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4.1.3 Impact of Applying Dilation on the Proposed Model
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Fig.4.2 Graphical representation of performance parameters of the proposed
dilated PDCNN model.

In the categories of efficiency, precision, recall, F1 score, error rate, kappa,
and training time, Fig. 4.2 shows that the suggested dilated PDCNN alongside
the average ensemble approach executes better than the conventional PDCNN
alongside the average ensemble framework. Values of the effectiveness indicators
will increase even further if dilation is applied to increase the efficiency of the
recommended approach. These findings show that in comparison to the
proposed PDCNN model using the average ensemble technique, the proposed
dilated average ensemble classifier for three types of dataset indicates a higher
accuracy, precision, recall, f1-score, kappa, and lower error rate, training time.
4.1.4 Evaluation Measurements of the Proposed System

With the SVM, KNN, NB, and Decision Tree classifiers for dataset-I, Table
4.7 illustrates the classification accuracy, erroneous, duration, and kappa scores
for the suggested PDCNN as well as dilated PDCNN architectures. When the
expected precision of the random classifier is considered, the kappa statistic
expresses how closely the instances identified by the classification model
matched the data assigned as ground truth. In comparison to the PDCNN

alongside the average ensemble model, the dilated PDCNN has a larger kappa.
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The error rate has reduced, and the elapsed time has increased following the
application of dilation to the PDCNN with the average ensemble model.

Table 4.7. Evaluation Results of the Proposed System on the Binary Classification

Dataset-I.
Structure Classifier Performance Indicators
Accuracy Error Time Kappa
(%) (%) (s)
PDCNN Custom PDCNN 96.03 3.97 662 0.917
PDCNN and SVM 97.33 2.67 1020 0.943
PDCNN and KNN 96.00 4.00 1069 0.915
PDCNN and NB 94.67 5.33 1079 0.888
PDCNN and Decision Tree 98.67 1.33 1070 0.972
Average Ensemble 96.54 3.46 980 0.927
Dilated Custom PDCNN 97.33 2.67 1683 0.943
PDCNN
PDCNN and SVM 98.67 1.33 1020 0.972
PDCNN and KNN 100.00 0.00 1223 1.000
PDCNN and NB 97.33 2.67 1223 0.944
PDCNN and Decision Tree 100.00 0.00 1223 1.000
Average Ensemble 98.67 1.33 1274 0.972
Confusion Matrix Confusion Matrix
No 36?(-;% 2:% 963;; Ne 382.3% o.g% 1003//
%’_ ves o.g% 614.2% 1)08// % Yos 1-;% ef:g% 927;;“/0
H H
100% 95.8% 97.3% 96.7% 100% 98.7%
0.0% 4.2% 2.7% 3.3% 0.0% 1.3%
S 4?;9 X 4@6
Target Class Target Class
(a) Dilated PDCNN (b) Dilated PDCNN + SVM
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Fig.4.3 The suggested Dilated PDCNN model's confusion matrices employing
ML classifiers for Dataset-I.
Fig. 4.3 displays the confusion matrices of the suggested dilated PDCNN

model that includes ML classifiers. Comparing the recommended dilated
PDCNN structure to the PDCNN model, this figure indicates that the accuracy
of the latter is enhanced after dilation. When dilation is considered, the accuracy
of the suggested model increases to 98.67% from 96.54% after using the ensemble

technique.
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Table 4.8. Evaluation Results of the Proposed System on the Multiclass Figshare

Dataset-II.
Structure Classifier Performance Indicators
Accuracy Error Time Kappa
(%) (%) (s)
PDCNN Custom PDCNN 97.64 2.36 8050 0.963
PDCNN and SVM 97.71 2.29 6106 0.960
PDCNN and KNN 97.40 2.60 6307 0.959
PDCNN and NB 97.40 2.60 4998 0.959
PDCNN and Decision Tree 96.60 3.40 7170 0.946
Average Ensemble 97.35 2.65 6526 0.958
Dilated Custom PDCNN 98.20 1.80 7204 0.972
PDCNN
PDCNN and SVM 97.72 2.28 6106 0.962
PDCNN and KNN 97.60 2.40 6187 0.961
PDCNN and NB 98.90 1.10 6149 0.982
PDCNN and Decision Tree 98.21 1.79 8381 0.972
Average Ensemble 98.13 1.87 6805 0.970

The success rate, error, period, and kappa statistics for the suggested
PDCNN and dilated PDCNN architectures employing the SVM, KNN, NB, and
Decision Tree classifiers for dataset-II are presented in Table 4.8. When the
expected precision of the random classifier is considered, the kappa statistic
expresses how closely the instances identified by the classification model
matched the data assigned as ground truth. As compared to the PDCNN
employing the average ensemble model's kappa, the dilated PDCNN offers
greater kappa. The error rate has dropped when dilation is applied to the
PDCNN using the average ensemble method, but the time that passed has
increased.

The suggested dilated PDCNN model containing ML classifiers' confusion
matrices appears in Fig. 4.4. In contrast to the PDCNN model, this figure
demonstrates that the accuracy of the recommended dilated PDCNN model
increases after dilation. The accuracy of the suggested model increases to 98.13%
from 97.35% after using the average ensemble method when dilation is

considered.
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Fig.4.4 The suggested Dilated PDCNN model's confusion matrices employing
ML classifiers for Dataset-II.

Table 4.9. Evaluation Results of the Proposed System on the Multiclass Kaggle

Dataset-III.

Structure Classifier Performance Indicators

Accuracy  Error Time (s) Kappa

(%) (%)
PDCNN Custom PDCNN 96.80 3.20 5633 0.956
PDCNN and SVM 97.94 2.06 4462 0.972
PDCNN and KNN 97.80 2.20 5753 0.969
PDCNN and NB 97.90 2.10 5753 0.972
PDCNN and Decision Tree ~ 97.40 2.60 5753 0.965
Average Ensemble 97.58 242 5470 0.967
Dilated Custom PDCNN 98.21 1.79 4891 0.976
PDCNN
PDCNN and SVM 98.60 1.40 4739 0.980
PDCNN and KNN 98.50 1.50 4739 0.979
PDCNN and NB 98.57 1.43 4739 0.980
PDCNN and Decision Tree ~ 97.85 2.15 4739 0.971
Average Ensemble 98.35 1.65 4769 0.977

Table 4.9 presents the kappa values, accuracy, error, and training

duration for the recommended PDCNN and dilated PDCNN models that employ
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the SVM, KNN, NB, and Decision Tree classifiers for dataset-1II, in that order.
When compared to the PDCNN employing an average ensemble model, the
dilated PDCNN has a higher kappa value. The error rate has reduced, and the
elapsed time has increased following the application of dilation to the PDCNN

with the average ensemble model.
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Fig. 4.5 The suggested Dilated PDCNN model's confusion matrices

employing ML classifiers for Dataset-III.

Fig. 4.5 displays the confusion matrices of the suggested dilated PDCNN
model that includes ML classifiers. In comparison to the PDCNN approach, this
figure demonstrates that the accuracy of the proposed dilated PDCNN structure
increases after dilation. Implementing the average ensemble method while
dilation is considered causes the accuracy of the suggested framework to increase

from 97.58% to 98.35%.

4.1.5 Analysis between the Proposed Model and the Earlier Research
A comprehensive assessment is made at the end of the validation process

for the proposed approach. A brief overview is shown in Table 4.10.
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Table 4.10. Assessment of the Employed Kaggle and Figshare Datasets with the

Methods Currently in Use.

No | Authors Structure Year Data Type Accuracy (%)
1. P. Afshar et | Capsule Networks 2019 Figshare Dataset-1I | 90.89
al. [12]
2. C. L. | CNN 2020 Binary Dataset-I 96.08
Choudhur
y et al. [53]
3. | H H. | Resize+ Augmentation + 2019 Figshare Dataset-II | 96.13
Sultan et al. | CNN + Hyperparameter
[54] Tuning
4. A. Biswas | Resize+ Anisotropic | 2023 Figshare Dataset-II | 96
et al. [55] Diffusion Filter+
Adaptive Histogram
Equalizationt =~ DCNN-
SVM
5. | Suhib et. al | Gray Transformation + | 2020 Binary Dataset-I 96.7
[5] Resize + Flatten + CNN
6. A. E. | Resize+ Augmentation + | 2021 Kaggle Dataset-IIl | 96.00
Minarno et | CNN+ Hyperparameter
al. [34] Tuning
7. | Priyansh et | CNN-Based Transfer | 2021 Binary Dataset-I Resnet-50-95,
al. [56] Learning Approach VGG-16- 90,
Inception-V3-
55
8. T. Rahman | Resize+ Gray+ Augmen- | 2022 Binary Dataset-I 96.9
etal. [57] tation+ Binary+ CNN
9. H.A. Thresholding + | 2022 Figshare Dataset-II | CNN-RF-96.52
Munira et Cropping+ Resizing+ Kaggle Dataset-IIl | CNN-SVM-
al. [58] Rescaling+ CNN-RE and 95.41
CNN-SVM
10. | T. Rahman | Resize + Gray | 2023 Binary Dataset-I 97.33
et al. [59] Transformation + Figshare Dataset-1I | 97.60
Augmentation + PDCNN Kaggle Dataset-1II | 98.12
11. | Proposed Resize + Gray scale - Binary Dataset-I 98.67
Method Transformation+ Figshare Dataset- 98.13
Augmentation + Dilated i
PDCNN+ Machine Kaggle Dataset-IIl = 98.35
Learning Classifiers+

Average Ensemble

Experimental outcomes and evaluation of this proposed dilated PDCNN model

alongwith simulation results, performance analysis, and comparative study of this
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research are presented in this chapter. Data and output figures with graphical

representation are also presenteded.
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Chapter 5: CONCLUSIONS

The entire discussion of the method for classifying and detecting brain tumors, as
well as its conclusion and future research, will be addressed in this chapter. In Section
5.1, the overall conclusion is explained through a discussion of results, interpretations,
and a brief synopsis of the thesis. The difficulties in creating a suggested system that is
capable of identifying and categorizing brain tumors are discussed in Section 5.2. Section
5.3 outlines recommendations for future research that include analyzing and modifying

other models.

5.1 CONCLUSION

Since brain tumors vary in shape, dimension, and structure, proper
identification of these conditions remains extremely difficult. It is well-known
how important it is to detect brain tumors early to receive the right medical care.
This study proposed a dilated PDCNN structure with machine learning
classifiers to detect and classify brain tumors from MRI images. The proposed
dilated PDCNN with the average ensemble method is evaluated for binary and
multi-class classification on the Kaggle dataset, which contains four different
types of tumor images, while the Figshare dataset contains three types of tumor
images. The suggested dilated convolution with an expanded receptive field of
the kernel has increased the computation efficiency while preserving high
accuracy.

With an increasing number of patients, manually analyzing MRI images has
grown more complicated, time-consuming, and frequently inaccurate.
Conventional machine learning techniques utilize handmade properties, which
reduces the solution's durability and raises its cost. Nonetheless, there are
situations when supervised learning models perform better than unsupervised

learning strategies, leading to an overfitted structure that is inappropriate for
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another large database. These problems emphasize how crucial it is to create a
fully machine learning-based classification system for brain tumors. By
combining the average ensemble technique with PDCNN, this investigation
presents a novel approach to the identification and classification of brain tumors.
The dilated PDCNN architecture includes both local and global multiscale
feature selection paths, a merging phase, and categorization pathways. The initial
pictures are converted to grayscale, which makes the process easier. After that,
new images are made from old ones by employing data augmentation. Using a
modest window size of 5x5 pixels and gradually high dilation rates (4, 2, 1) for
each convolution layer, the convolutional layers in the local path collect coarse
characteristics and provide local data to the images. In contrast, the global path's
convolutional layers obtain fine details by using a large window dimension of 12
by 12 pixels and low dilation rates (2, 1, 1) for every layer of convolution. ReLU
activation function and max-pooling layer are applied after each convolutional
layer for each path that down-samples the convolutional layer output. A fusion
layer connects the two parallel pathways, forming a single path with a cascading
link that continues until it reaches the end destination. Two fully connected layers
that are attached to a dropout layer that is included in the merging route come
after a batch-normalized layer and a ReLU layer. At the output path, the four
classifier types—SVM, KNN, NB, and Decision Tree—are used to execute the
brain tumor categorization procedure. A regularization method called dropout is
also employed to stop the training data from being overfitting.

Among all the performance parameters of dilated PDCNN model with
machine learning classifiers on binary Dataset-I, multiclass Figshare Dataset-II
and Multiclass Kaggle Dataset-III, including accuracy, precision, recall, and F1-
score, binary classification Dataset-I provides the best outcomes. The value of
accuracy, precision, recall, and Fl-score of dilated PDCNN model on binary

classification Dataset-I is 98.67%, 98.62%, 99.17% and 98.28% respectively.
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The impact of different dilation rates on the model's accuracy has been
examined for the dilated PDCNN. The comparison analysis among various
dilation rate arrangements for the various convolution layers demonstrates that
the decremented large dilation rate (4, 2, 1) for the local path and the low dilation
rate (2, 1, 1) for the global path yield the best results, based on an understanding
of the gridding phenomenon and various recommendations for the dilation rate
parameter for each layer. For datasets I, II, and III, the highest accuracy values
obtained are 98.67%, 98.13%, and 98.35%. This demonstrates that while the global
path (lower dilation rates) gains knowledge from the finer features, the local path
(higher dilation rates) concentrates on the coarse features. The best outcomes are
obtained with this combination.

The results in terms of accuracy, precision, recall, Fl-score, error rate,
kappa, and training duration, the suggested dilated PDCNN with the average
ensemble model performs better than the standard PDCNN with the average
ensemble approach. The performance indicators' values will increase even
further if the three different types of datasets are dilated to increase the suggested
dilated PDCNN's efficiency with the average ensemble model. A thorough
comparison is done once the evaluation of the proposed method is accomplished.
The findings demonstrate that the suggested simultaneous network topology
outperforms detection and classification techniques that have been previously
published.

The framework achieved outstanding accuracy, precision, recall, and F1-
score regarding the binary brain cancer dataset-I. In order to gain a better
understanding of the inner workings of the network and its effectiveness of the
dilation rate parameter, experimental evaluation can be performed on other
datasets in future investigations. Additionally, studies can be carried out to
identify brain tumors with greater accuracy by utilizing actual patient

information from any source (various images captured by scanners).
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5.2 LIMITATION AND CHALLENGES OF THE STUDY

Owing to their numerous advantages, deep learning algorithms have been

applied extensively for the detection and classification of brain tumors.

Nevertheless, there are certain restrictions and difficulties with using deep

learning algorithms to detect brain tumors, which are detailed below.

Deep learning algorithms work incredibly well when fed massive
amounts of data. For Deep learning algorithms to function properly
in brain tumor detection and classification, it is therefore extremely
difficult to collect large amount of brain tumor data.

Deep learning model training is an expensive and time-consuming
procedure. Weeks of training in high-end GPU computers are
needed for the most sophisticate models. For training the model, a
significant amount of memory is also required.

Again deep learning performs poolyon unbalanced collections of
data. The class containing additional information samples is
incorrectly classified by it. It is therefore a major issue to have a
balanced dataset on brain tumors. Consequently, in cases where the
data is unbalanced, deep learning models should be trained using

alternative techniques.

5.3 RECOMMENDATION FOR FURTHER STUDY

This study makes no use of pre-trained models. In this study, a
number of pre-trained models like VGG-16, Resnet-50, InceptionV3,
AlexNet etc. may be employed on the large dataset.

This research can be expanded to more datasets, contributing to a
better understanding of the performance of brain tumor detection

and classification from images.
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e Additionally, studies can be carried out to identify brain tumors
with greater accuracy by utilizing actual patient information from
any source (various images captured by scanners).

e The present study employs four types of classifiers. It is extensible to

multiple classifiers.
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