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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 

field 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-III, 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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বিমূর্ত  

মস্তিষ্কের টিউমারগুস্তিষ্কে প্রায়শই েনষ্ক াস্তিউশনাি স্তনউরাি ননটওয়াে ক (স্তিএনএন) ব্যবহার েষ্কর উচ্চ 

স্তনর্ভ কিতার িাষ্কে নেস্তিবদ্ধ েরা হয় এবং জটিি ছস্তবষ্কত স্তিষ্কেিগুস্তির মষ্কে োষ্কনেশনগুস্তি আরও  াি াষ্কব 

নবাঝা যায় । তাষ্কের ক্ষুদ্র স্তরস্তিিটি  স্তিল্ডগুস্তির োরষ্কি, নবস্তশর াগ গ ীর েনষ্ক াস্তিউশনাি স্তনউরাি 

ননটওয়াে ক (স্তিস্তিএনএন) স্ত স্তিে নেৌশিগুস্তি ও ারস্তিটিং িমস্যার িম্মুখীন হয় এবং আরও উষ্কেখষ্কযাগ্য 

এস্তরয়া নেষ্কে নলাবাি ইনিরষ্কমশন নবর েরষ্কত অক্ষম। প্রিাস্তরত েন স্তিউশন আউটপুট িষ্কর নিটা 

নরষ্কজাস্তিউশন বজায় নরষ্কখ ির িংষ্কযাজন এবং গিনা না েষ্কর স্তরস্তিিটি  স্তিল্ড বৃস্তদ্ধ েষ্কর , নবশ েষ্কয়েটি 

প্রিাস্তরত েনষ্ক াস্তিউশন স্ট্যাে স্তিি ইষ্কিক্ট ততস্তর েষ্কর। স্তিস্তিং আটি কিযাক্টগুস্তি ও ারোম েরষ্কত এবং 

স্তিত্রগুস্তি নেষ্কে নমাটা এবং সূক্ষ্ম উ য় তবস্তশষ্ট্য নবর েরষ্কত, এই গষ্কবষিাটি এেটি প্রিাস্তরত িমান্তরাি গ ীর 

েনষ্ক াল্যযশনাি স্তনউরাি ননটওয়াে ক (স্তিস্তিস্তিএনএন) আস্তেকষ্কটেিার ব্যবহার েরার িরামশ ক নেয় যা এেটি 

স্তবস্তৃত স্তরস্তিিটি  স্তিল্ড বজায়  রাষ্কখ। জটিিতা েমাষ্কত, প্রােস্তমে াষ্কব, ইনপুট স্তিত্রগুস্তি পুনরায় আোর 

নেওয়া হয় এবং তারিষ্কর নিষ্কেি এ রূিান্তস্তরত েরা হয়। নিটাষ্কিষ্কটর িংখ্যা প্রিাস্তরত েরষ্কত নিটা বর্ কন 

ব্যবহৃত হষ্কয়ষ্কছ। প্রিাস্তরত স্তিস্তিস্তিএনএন স্তনম্ন েস্তিউষ্কটশনাি ও ারষ্কহি ব্যবহার েষ্কর এবং স্তিস্তিং 

আটি কিযাক্টগুস্তি হ্রাষ্কি অবোন রাষ্কখ। স্তবস্ত ন্ন প্রিারি হার তুিনা েষ্কর, নলাবাি িে এেটি স্তনম্ন প্রিারি হার 

(২, ১, ১) ব্যবহার েষ্কর, যখন নিাোি িে এেটি উচ্চ প্রিারি হার (৪, ২, ১) ব্যবহার েষ্কর স্তিস্তিং 

আটি কিযাক্টগুস্তি নমাোষ্কবিা েরষ্কত এবং দুটি িমান্তরাি নজাড় িংখ্যা িে নেষ্কে নমাটা এবং সূক্ষ্ম উ য় 

তবস্তশষ্ট্য নবর েরার জন্য। স্ততনটি স্ত ন্ন র্রষ্কির এমআরআই নিটাষ্কিট ব্যবহার েষ্কর, প্রিাস্তবত প্রিাস্তরত 

স্তিস্তিস্তিএনএন এ াষ্করজ এনষ্কিম্বি িদ্ধস্ততর িাষ্কে আরও  াি িারিম ক েষ্কর। মাস্তিক্লাি েযাগি নিটাষ্কিট 

-৩, স্তিগষ্কশয়ার নিটাষ্কিট -২ এবং বাইনাস্তর টিউমার নিটাষ্কিট-১ দ্বারা প্রেি যোে কতা শনাক্তেরি যোক্রষ্কম 

৯৮.৩৫%, ৯৮.১৩% এবং ৯৮.৬৭%। অতযাধুস্তনে নেৌশিগুস্তির তুিনায়, প্রিাস্তবত োঠাষ্কমা সূক্ষ্ম এবং 

নমাটা উ য় তবস্তশষ্ট্য আহরি েষ্কর িিািি উন্নত েষ্কর, োঠাষ্কমাষ্কে েক্ষ েষ্কর নতাষ্কি।  
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Chapter1:  INTRODUCTION  1  

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 

field 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 

feature 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 

CNNs 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. To employ 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 



Chapter 1: INTRODUCTION  6  

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: 

• 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. 

• 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. 

• 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 

figures are included in the chapter. 

• Chapter 4 includes simulation results, performance analysis, and 

comparative study. Data and output figures are included in this 

chapter. 

• Finally, chapter 5 summarizes overall study method, results and 

findings. Challenges and limitations are also discussed. Future 

recommendations and conclusion finish the thesis paper. 
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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), Naïve 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: 

• Location of tumor in skull 

• Location of tumor in brain 

• Location of tumor in compartment 

The following is a classification of dominant pathology bases: 

• Benign 

• 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. 

 

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  

ANNs 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. ANNs 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].  

X0 

X1 

X2 

X9 

H3 

H2 

H1 

Y1 

Output 

Hidden 

Input 



Chapter 2: LITERATURE REVIEW  12  

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]. 

 

 

 

 

 

  

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 

feature 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. 
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Fig. 2.4 Visualization of the convolutional operation [36].  

The convolution operation equation is shown in (2.1). 

                                          𝑂𝑝,𝑞,𝑟
𝑙 = 𝑓(𝑊𝑟

𝑙  𝐼𝑝,𝑞
𝑙−1  +  𝑏𝑟

𝑙 )                             (2.1) 

Where for 𝑟𝑡ℎ kernel in layer 𝑙, 𝑂𝑝,𝑞,𝑟
𝑙  expresses the resultant feature map 

of position  (𝑝, 𝑞) , 𝑊𝑟
𝑙  represents the weight vector’s values ,  𝐼𝑝,𝑞

𝑙−1  indicates the 

input vector of position (𝑝, 𝑞)  in the 𝑙 − 1, and 𝑏𝑟
𝑙  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]. 

                          𝒇(𝒙) = {
𝑥      𝑓𝑜𝑟 𝑥 ≥ 0
0      𝑓𝑜𝑟 𝑥 < 0

}                                     (2.2) 
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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 =  𝑤𝑇ℎ + 𝑏                            (2.3) 

                                        𝑃(𝑦 = 1|𝑥) =  
1

1+exp (−𝑧)
                                         (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. 

                                             𝑃(𝑦|𝑥) =  
exp (𝑓𝑦)

∑ exp (𝑓𝑐)𝐶
𝑐=1

                           (2.5)

               

  where, 𝑥 stands for the input vector and 𝑦 for the class in the case of a 

multi-class categorization problem. Additionally, the 𝑐𝑡ℎ component of the class 

rating vector in the final FC layer is displayed by 𝑓𝑐 . 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 −∞ ~ +∞, 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 

of the 

function  

Expressions  Graphs  

  

  

Sigmoid  

 

  

 ∫(𝑥) =
1

1+𝑒−𝑥 

  

 

  

  

Relu  

 

 

∫(𝑥) =

{
𝑥, 𝑥 ≥ 0
0, 𝑥 < 0 

}  

  

   

  

  

  

Tanh  

 

∫(𝑥) =
1−𝑒−2𝑥

1+𝑒−2𝑥  

  

 

  

  

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. 

 

  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]. 

                                                 𝑂 = [
𝑛−𝑓+2𝑝

𝑠
] + 1                                                    (2.6) 

  
Fig. 2.5  Visualization of the pooling operation.   

Average - pool with  Feature Map: 4 × 4   

Max - pool with 2 × 2     
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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]:  

 𝑂 (𝑋) =  ∫ 𝑓 (𝑊 × 𝑋 + 𝐵)       (2.7)  

  Where, the activation function is denoted by f(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 CNNs 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]. 

 𝐿 =  
1

𝑁
 ∑ − [𝑦𝑖 𝑙𝑜𝑔 (

1

1+𝑒𝑥𝑝(−𝑧)
) + (1 − 𝑦𝑖) 𝑙𝑜𝑔(

𝑒𝑥𝑝 (−𝑧)

1+𝑒𝑥𝑝 (−𝑧)
)]𝑁

𝑖=1                (2.8)  
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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]. 

                       𝐿 =  
1

𝑁
 ∑ − 𝑙𝑜𝑔(

𝑒𝑥𝑝 (𝑓𝑦𝑖)

∑ 𝑒𝑥𝑝 (𝑓𝑐)𝐶
𝑐=1

)]𝑁
𝑖=1                                                    (2.9) 

Where, 𝑁 denotes the quantity of training elements, input image class 𝑖𝑡ℎ is 

indicated by 𝑦𝑖, and the 𝑐𝑡ℎ component of the category scores vector in the final 

FC layer is presented by 𝑓𝑐 [39].  

GD is a method for limiting an 𝑡ℎ𝑒𝑡𝑎 − 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑟𝑖𝑧𝑒𝑑  objective function 

 𝐽(𝜃). 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, 𝜃, the objective function  𝐽(𝜃) that 

needs to be lowered, the learning rate η, and ∇𝜃 𝐽(𝜃) indicates the gradient of the 

objective function regarding parameters 𝜃 [39].  

                                           𝜃 ∶ =  𝜃 − 𝜂. ∇𝜃 𝐽(𝜃)                                              (2.10) 

                                                𝜃 ∶ =  𝜃 − 𝜂. ∇𝜃 𝐽(𝜃; 𝑥(𝑖); 𝑦(𝑖))                              (2.11) 

                                                𝜃 ∶ =  𝜃 − 𝜂. ∇𝜃 𝐽(𝜃; 𝑥(𝑖:𝑖+𝑛); 𝑦(𝑖:𝑖+𝑛))                  (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 

field without adding more network elements. A 1-dilated convolution kernel 

similar to the conventional 3×3 convolution kernel is depicted in Fig. 2.6 (a). A 2-
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dilated convolution kernel with a 5×5 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 𝑙 = 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 𝑙 rises.  

                                   (𝐹 ∗ 𝑘)(𝑝) =  ∑ 𝐹(𝑠) × 𝑘(𝑡)𝑠+𝑡=𝑝                                     (2.13) 

Upon the introduction of a dilation rate when a dilation factor called 𝑙 is 

introduced and by generalizing this factor 𝑙 that can be defined as,  

                                (𝐹 ∗𝑙 𝑘)(𝑝) =  ∑ 𝐹(𝑠) × 𝑘(𝑡)𝑠+𝑙𝑡=𝑝                                    (2.14) 

A fundamental convolution neural network has a value of 𝑙 = 1[42]. 
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2.4  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. 

 

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 (𝑥𝑖 , 𝑦𝑖). 𝑥𝑖  is an input vector's symbol and its matching class label is 

indicated b 𝑦1. Taking into consideration a training set of S = [(𝑥1, 𝑦1), . . . , (𝑥𝑙, 

𝑦𝑙)], in which 𝑥𝑖 ∈ ℝ𝑑and 𝑦𝑖 ∈ [+1, −1]. The two categories' splitting hyperplanes 

are computed using (2.15) [45]. 

                      𝑦𝑖 (𝑤
𝑇𝑥𝑖 + 𝑏) ≥ 1 - 𝜉 𝑖 ,  ∀𝑖  = 1 … … … … . 𝑙                                   (2.15) 

 Where, in case of data points, ξ 𝑖 represents non-negative stack variables. 

The concluding SVM optimization problem is given as (2.16) to (2.18) applying 

Lagrange dual [45].  

                 Max- 1 2⁄  ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖  𝑦𝑗   𝐾 (𝑥𝑖, 𝑥𝑗)𝑙
𝑖,𝑗=1  +   ∑ 𝛼𝑖 

𝑙
𝑖=1                          (2.16) 

                       ∑ 𝛼𝑖 𝑦𝑖 
𝑙
𝑖=1 = 0                                                                              (2.17) 

                        0 ≤  𝛼𝑖  ≤ C,     ∀𝑖 = 1 … … … … . 𝑙                                           (2.18) 
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Where, 𝐾 (𝑥𝑖, 𝑥𝑗) represents kernel function, ∝𝑖 denotes the multipliers of 

Lagrange, and parameter C ≤ ∞ is a penalty. Particularly,𝛼𝑖  ≠ 0 exclusively for 

support vectors with 𝑥𝑖. As shown in (2.19), an actually separable case is handled 

using a linear kernel.  

                                  Linear: 𝐾 (𝑥𝑖, 𝑥𝑗) ꞊ 𝑥𝑖
𝑇  𝑥𝑗                                                (2.19) 

Both the Kuhn-Tucker condition and the optional weight vector are shown 

in (2.20) and (2.21) [45]. 

                                     𝑤∗ = ∑ 𝛼𝑖
∗ 𝑦𝑖𝑥𝑖

𝑙
𝑖=1                                                              (2.20) 

                         𝛼𝑖
∗ [ 𝑦𝑖(𝑤∗𝑇

𝑥𝑖 +  𝑏∗) − 1 + ξ 𝑖 ] = 0                                        (2.21) 

 In SVM, the ideal hyperplane is computed as illustrated in (2.22) [45].  

                               F(x) = ∑ 𝛼𝑖
∗ 𝑦𝑖𝐾 (𝑥𝑖, 𝑥) + 𝑙

𝑖=1 𝑏∗                                         (2.22) 

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

                   C(x) = sign (∑ 𝛼𝑖
∗ 𝑦𝑖𝐾 (𝑥𝑖, 𝑥) + 𝑙

𝑖=1 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 γ 

stand for the hyper-parameters of the polynomial and RBF kernels, accordingly 

[45, 46]. 

                    Polynomial: 𝐾 (𝑥𝑖 , 𝑥𝑗) =  (𝑥𝑖
𝑇 𝑥𝑗  + 1)𝑟, r ∈ ℤ+                        (2.24) 

                                               𝛼𝑖
∗ [ 𝑦𝑖(𝑤∗𝑇

𝑥𝑖 +  𝑏∗) − 1 + ξ 𝑖 ] = 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]. 

 

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 𝐷𝑧 [48]. 

                                       𝑦′ = arg 𝑚𝑎𝑥𝑣 ∑ 𝐼(𝑣 = 𝑦𝑖)(𝑥,𝑦)∈ 𝐷𝑧                                (2.26) 

Where, v stands for a class, 𝑦𝑖 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) = √(𝑚1 −  𝑛1)2 + ⋯ + (𝑚𝑝 −  𝑛𝑝)2                               (2.27) 

Where, m = (𝑚1, 𝑚2, . . . , 𝑚𝑝) and n = (𝑛1, 𝑛2, . . . , 𝑛𝑝) denote two data points 

having p characteristics. 

2.4.4 Naïve Bayes Classifier  

A machine learning classification technique called Naïve Bayes (NB) 

predicts the final class using vectors of attributes and class prior probabilities, as 

shown in (2.28) [48]. 

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

𝑃 (𝑋=𝑥)
                                 (2.28) 

Where, x = (𝑥1, 𝑥1,. . . , 𝑥𝑛), indicates the set of all attributes taken form a 

region Ω = 𝐷1 ∗ . . . ∗ 𝐷𝑛 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]. 

                             𝑃 (𝑋 = 𝑥|𝐶 = 𝑖  ) =  ∏ 𝑃 (𝑥𝑗  |𝐶 = 𝑖)𝑛
𝑗=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  𝑚𝑎𝑥𝑖 𝑃(𝑋 = 𝑥 |𝐶 = 𝑖) × 𝑃(𝐶 = 𝑖)                  (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. 

 

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 𝑥𝑖 ∈  ℝ𝑛, i= 1,…, l and a label vector 𝑦 ∈  ℝ𝑙, 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 𝑄𝑚 having 𝑛𝑚 instances. Splitting 𝜃 =

(𝑗, 𝑡𝑚) for every candidate which is composed of a characteristic j, and threshold 

𝑡𝑚, dividing the data into 𝑄𝑚
𝑙𝑒𝑓𝑡

(𝜃) and 𝑄𝑚
𝑟𝑖𝑔ℎ𝑡

(𝜃) subgroups [48] 

                           𝑄𝑚
𝑙𝑒𝑓𝑡

(𝜃) = {(𝑥, 𝑦)| 𝑥𝑗 ≤  𝑡𝑚}                                                     (2.31) 

                        𝑄𝑚
𝑟𝑖𝑔ℎ𝑡

(𝜃) = 𝑄𝑚 \  𝑄𝑚
𝑙𝑒𝑓𝑡

(𝜃)                            (2.32) 

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

of node m [48]. 

          𝐺(𝑄𝑚, 𝜃) =  
𝑛𝑚

𝑙𝑒𝑓𝑡

𝑛𝑚
 𝐻 (𝑄𝑚

𝑙𝑒𝑓𝑡(𝜃)) + 
𝑛𝑚

𝑟𝑖𝑔ℎ𝑡

𝑛𝑚
 𝐻(𝑄𝑚

𝑟𝑖𝑔ℎ𝑡
(𝜃))              (2.33)  

To determine the settings that will reduce the impurity [48]. 

                       𝜃∗ = 𝑎𝑟𝑔𝑚𝑖𝑛𝜃 𝐺 (𝑄𝑚, 𝜃)                 (2.34) 

Carry out for 𝑄𝑚
𝑙𝑒𝑓𝑡

(𝜃∗)  and 𝑄𝑚
𝑟𝑖𝑔ℎ𝑡

(𝜃∗)  subsets until the maximum 

permitted depth is achieved,  𝑛𝑚 <  𝑚𝑖𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑜𝑟 𝑛𝑚 = 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:  

• 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.  

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 𝑦𝑖, then the total outcome ӯ can be described as follows: 

                     ӯ(𝑋, 𝛼) =  ∑ 𝛼𝑗  𝑦𝑗  (𝑋)𝑃
𝐽−1      where, 𝛼 = 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. 

 

 

 

 

 

 

 

 

 

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 PDCNNs after being processed. The initial images are converted from 

various resolution dimensions to 32 × 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 Naïve 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:  𝑰𝒋, 𝒋 =

𝟏, 𝟐, … , 𝑲 of size 𝑾 × 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           0 

3:    for epoch = 1, 2, ….. , 𝐍 𝒆𝒑𝒐𝒄𝒉𝒔  do 

4:       for image = 1, 2, ………,  𝐊 𝒃𝒂𝒕𝒄𝒉_𝒔𝒊𝒛𝒆  do 

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

𝟔:              𝑰𝒎𝒂𝒈𝒆 𝒈𝒓𝒂𝒚                      Grayscale, Using 𝑰𝒎𝒂𝒈𝒆𝒈𝒓𝒂𝒚 = 𝒓𝒈𝒃𝟐𝒈𝒓𝒂𝒚(𝑰𝒎𝒂𝒈𝒆𝒓𝒆𝒔𝒊𝒛𝒆𝒅)  

7:            𝑰𝒎𝒂𝒈𝒆 𝒅𝒂𝒕𝒂                       Augmentation (  𝑰𝒎𝒂𝒈𝒆 𝒈𝒓𝒂𝒚) 

8:            Input layer takes  𝑰𝒎𝒂𝒈𝒆 𝒅𝒂𝒕𝒂 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 



Chapter 3: MATERIALS AND METHODOLOGY  31  

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 
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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 

Data 

 Augmented 

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 Ⅲ 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 CNNs, the DF is an 

additional hyper-parameter that must be considered. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

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. 

M
er

g

e ML Classifiers 

(SVM, KNN, NB, 

Decision Tree) 

Extract Global & Finer Features 

Extract Local & Coarse Features 

fc_1 

layer  fc_2 

layer  

Conv_

2 

layer  

relu 

laye

r  

Cross_nor

m layer 

Max_poo

l layer 
Batch_nor

m layer 
Fc 

lay

er  

Dropou

t layer 



Chapter 3: MATERIALS AND METHODOLOGY  34  

 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 𝑰𝒋, 𝒋 = 𝟏, 𝟐, … , 𝑲 into blocks 𝒂𝒊𝒋,𝒊 = 𝟏, 𝟐, 𝟑, … , 𝑩, 𝒋 = 𝟏, 𝟐, 𝟑, … , 𝑲, of size 

𝒘 × 𝒉 × 𝒅, 𝒘𝒉𝒆𝒓𝒆 𝒅 = Number of feature maps in 𝑰𝒋 and 𝑩 = Number of blocks 

created from each 𝑰𝒋 

iii. Flatten 𝒂𝒊𝒋  into vector 𝒙𝒊 ∈ ℝ𝒏, 𝒊 = 𝟏, 𝟐, … 𝑴, 𝒘𝒉𝒆𝒓𝒆 𝑴 = 𝑲 × 𝑩, 𝒂𝒏𝒅 𝑫 = 𝒘 × 𝒉 × 𝒅 

iv. Large dilation _rate: Coarse Features 

v. Small dilation _rate: Finer Features  

vi. Compare different configurations of dilation rates to find best-diagnosed results 

vii. Compute ReLU activation function, 𝒇(𝒙) = {
𝒙      𝒇𝒐𝒓 𝒙 ≥ 𝟎
𝟎      𝒇𝒐𝒓 𝒙 < 𝟎

} 

viii. Compute cross-channel normalization, 𝒙ʹ =  
𝒙

(𝑲+ 
𝜶 × 𝒔𝒔

𝒘𝒊𝒏𝒅𝒐𝒘 𝒄𝒉𝒂𝒏𝒏𝒆𝒍 𝒔𝒊𝒛𝒆
)𝜷

 where 𝜶, 𝜷, 𝑲 are 

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

in the normalization window 

ix. Apply max-out plan, 𝒁𝒔 to different feature maps 𝑶𝒔, 𝑶𝒔+𝟏, … … , 𝑶𝒔+𝒌−𝟏which 

takes maximum over the 𝑶𝒔 and maps it individually as represented in 𝒁𝒔,𝒊,𝒋 =

𝐦𝐚𝐱(𝑶𝒔,𝒊,𝒋, 𝑶𝒔+𝟏,𝒊,𝒋, … … , 𝑶𝒔+𝒌−𝟏,𝒊,𝒋) 

x. 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.  𝐖𝐞𝐢𝐠𝐡𝐭𝐬𝐁𝐞𝐬𝐭           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]. 

                                   𝑂𝑝,𝑞,𝑟
𝑙 = 𝑓(𝑊𝑟

𝑙  𝐼𝑝,𝑞
𝑙−1  +  𝑏𝑟

𝑙 )                                                   (3.1)                  
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Where, for 𝑟𝑡ℎ kernel in layer 𝑙, 𝑂𝑝,𝑞,𝑟
𝑙  expresses the resultant feature map of 

position (𝑝, 𝑞), 𝑊𝑟
𝑙 represents the weight vector’s values, 𝐼𝑝,𝑞

𝑙−1 indicates the input 

vector of position (𝑝, 𝑞) in the 𝑙 − 1, and 𝑏𝑟
𝑙  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).  

                                    𝑂 = [
𝑛−𝑓+2𝑝

𝑠
] + 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]. 

                                  𝑓(𝒙) = {
𝑥      𝑓𝑜𝑟 𝑥 ≥ 0
0      𝑓𝑜𝑟 𝑥 < 0

}                                        (3.3) 

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 =  𝑤𝑇ℎ + 𝑏                                                              (3.4)                       

                                        𝑃(𝑦 = 1|𝑥) =  
1

1+𝑒𝑥𝑝 (−𝑧)
                                                 (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 



Chapter 3: MATERIALS AND METHODOLOGY  36  

multi-class categorization Figshare dataset-Ⅱ and Kaggle dataset-Ⅲ in this 

proposed structure [40]. 

                                        𝑃(𝑦|𝑥) =  
𝑒𝑥𝑝 (𝑓𝑦)

∑ 𝑒𝑥𝑝 (𝑓𝑐)𝐶
𝑐=1

                                                    (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 𝑐𝑡ℎ component of the class rating 

vector in the final FC layer is displayed by 𝑓𝑐. 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 

field without adding more network elements. 

Equation (3.7) defines the convolution operator * as follows: 1-D dilated 

convolution using dilation rate 𝑙 = 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 𝑙 rises.  

                                   (𝐹 ∗ 𝑘)(𝑝) =  ∑ 𝐹(𝑠) × 𝑘(𝑡)𝑠+𝑡=𝑝                                   (3.7) 

Upon the introduction of a dilation rate when a dilation factor called 𝑙 is 

introduced and by generalizing this factor 𝑙 that can be defined as,  

                                (𝐹 ∗𝑙 𝑘)(𝑝) =  ∑ 𝐹(𝑠) × 𝑘(𝑡)𝑠+𝑙𝑡=𝑝                                  (3.8) 

Using equation (3.8), the dilated convolution operation is calculated in this 

proposed structure. The fundamental CNN has a value of 𝑙 = 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 × 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. 

Conv1, 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 × 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 Conv1 

applies a 5 × 5 filter and a dilation factor of 𝑑1=4 to generate coarse feature maps 

(such as shapes and contours); layer Conv3 applies the same filter and dilation 

factor of 𝑑2=2 along with the final convolution to generate coarse feature maps 

once more; and layer Conv4 applies a 5 × 5 filter and dilation factor of 𝑑3=1 to 

generate coarse feature maps. In the global route, layer Conv2 applies a 12 × 12 

filter and a dilation factor of 𝑑4 =2, layer Conv5 applies the same filter and 

dilation factor of 𝑑5=1 along with the last convolution to generate fine feature 

maps once more, and layer Conv6 applies a 12 × 12 filter and a dilation factor of 
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𝑑6=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 =  𝜎(𝐵𝑁(𝑓(𝑋)))                                                          (3.9) 

Where, σ 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-Ⅰ. 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 

figure 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 (𝑑1= 4, 𝑑2= 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, 𝑑5= 1, 𝑑6= 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 [DF: 2*2], and conv_4 

[DF: 1*1]) 

   
                          (a)                                                     (b)                                                 (c) 

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 

[DF: 1*1]) 

                                               
                      (a)                                          (b)                                      (c) 

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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Fig. 3.6 Addition of all 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 (𝑃𝑐𝑜𝑛𝑣 ) 

equation as follows [10]: 

                                   𝑃𝑐𝑜𝑛𝑣  =  𝐹ℎ ∗ 𝐹𝑤 ∗ 𝐹𝑛𝑢𝑚 ∗ 𝐶𝑖𝑛 +  𝐹𝑛𝑢𝑚                             (3.10) 

 𝐹ℎ  and 𝐹𝑤  stand for the length and width of the filter, accordingly. 𝐹𝑛𝑢𝑚 

indicates the quantity of filters. 𝐶𝑖𝑛 indicates the associated layer's input channel 

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

[10]: 
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                                   𝑃𝐹𝐶 =  𝐴(𝑝𝑟𝑒𝑣) ∗ 𝑁(𝑢𝑛𝑖𝑡) +  𝑁𝑢𝑛𝑖𝑡                            (3.11) 

Where, 𝐴(𝑝𝑟𝑒𝑣)  indicates the prior layer's activation pattern and 𝑁(𝑢𝑛𝑖𝑡) 

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 

Filters 

Filter 

Size 

Stride Dilation 

Factor 

Activation 

Shape 

Total 

Learnable 

Parameters 

Image MRI - - - - 32×32×1 0 

Conv layer 128 5×5 2,2 4,4 16×16×128 3328 

ReLU - - - - 16×16×128 0 

Cross Channel 

Normalization 

- - - - 16×16×128 0 

Max Pooling - 2×2 2,2 - 8×8×128 0 

Conv layer 96 5×5 2,2 2,2 4×4×96 307296 

Conv layer 128 12×12 2,2 2,2 16×16×128 18560 

ReLU - - - - 4×4×96 0 

Max Pooling - 2×2 2,2 - 2×2×96 0 

Conv layer 96 5×5 2,2 1,1 1×1×96 230496 

ReLU - - - - 1×1×96 0 

Max Pooling - 2×2 2,2 - 1×1×96 0 

ReLU - - - - 16×16×128 0 

Cross-Channel 

Normalization 

- - - - 16×16×128 0 

Max Pooling - 2×2 2,2 - 8×8×128 0 

Conv layer 96 12×12 2,2 1,1 4×4×96 1769568 

ReLU - - - - 4×4×96 0 

Max - 2×2 2,2 - 2×2×96 0 

Conv layer 96 12×12 2,2 1,1 1×1×96 1327200 

ReLU - - - - 1×1×96 0 

Max Pooling - 2×2 2,2 - 1×1×96 0 

Elements-wise 

addition of 2 

inputs 

- - - - 1×1×96 0 

Batch 

Normalization 

- - - - 1×1×96 192 
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ReLU - - - - 1×1×96 0 

FC_1 layer - - - - 1×1×512 49664 

ReLU - - - - 1×1×512 0 

Dropout layer - - - - 1×1×512 0 

FC_2 layer - - - - 1×1×2 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(𝑥𝑛, 𝑥𝑖) . The following (3.12) defines the 

hyperplane function that will be used to separate the data [45]: 

                        𝑓(𝑥𝑖) = ∑ 𝛼𝑛𝑦𝑛𝐾(𝑥𝑛, 𝑥𝑖) + 𝑏𝑁
𝑛=1                                                (3.12) 

Where, 𝑥𝑛 is support vector data (deep features from brain MR image), 𝛼𝑛 

is Lagrange multiplier, and 𝑦𝑛  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) with n = 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. 
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                         Linear: 𝐾 (𝑥𝑛, 𝑥𝑖) ꞊ (𝑥𝑛, 𝑥𝑖)                                         (3.13) 

 Where, 𝐾 (𝑥𝑛, 𝑥𝑖) 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 Classifier 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 

shape 

“ovr” 

 

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]: 

                                         𝑑(𝑥, 𝑦)  =  √∑ (𝑥𝑖 − 𝑦𝑖)2𝑁
𝑖=1                                           (3.14)  

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

• Chose a suitable distance metric initially.  

• During the training stage, store all the training data set 𝑃 in pairs as 

follows: 

𝑃 =  (𝑦𝑖 , 𝑐𝑖), 𝑖 =  1, . . . , 𝑛                                                                                       (3.15) 

where in the training dataset, 𝑦𝑖 is a training pattern, 𝑛 is the amount 

of training patterns and 𝑐𝑖 is its corresponding class.  

• 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 Naïve 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 (𝐶 = 𝑖 | 𝑋 = 𝑥) =  
𝑃 (𝑋=𝑥 |𝐶=𝑖)∗𝑃(𝐶=𝑖)

𝑃 (𝑋=𝑥)
                         (3.16) 

Where, 𝑋 indicates the given data instance (extracted deep features from 

brain MR image) which is represented by its feature vector (𝑥1, … , 𝑥𝑛 ) 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-Ⅲ . 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]. 

                   𝑃 (𝑋 = 𝑥|𝐶 = 𝑖  ) =  ∏ 𝑃 (𝑥𝑗  |𝐶 = 𝑖)𝑛
𝑗=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 𝑥𝑖 ∈  ℝ𝑛, i= 1,…,l and a label 

vector 𝑦 ∈  ℝ𝑙, 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 𝑄𝑚 . Splitting 𝜃 = (𝑗, 𝑡𝑚)  for every candidate which is 

composed of a characteristic j and threshold 𝑡𝑚, dividing the dataset-Ⅰ,𝑄𝑚 into 

𝑄𝑚
𝑙𝑒𝑓𝑡

(𝜃) and 𝑄𝑚
𝑟𝑖𝑔ℎ𝑡

(𝜃) subgroups [48] 

                            𝑄𝑚
𝑙𝑒𝑓𝑡

(𝜃) = {(𝑥, 𝑦)| 𝑥𝑗 ≤  𝑡𝑚}                                                 (3.18) 

                             𝑄𝑚
𝑟𝑖𝑔ℎ𝑡

(𝜃) = 𝑄𝑚 \  𝑄𝑚
𝑙𝑒𝑓𝑡

(𝜃)                                                     (3.19) 

Next, to calculate the quality of a potential split of node m, a loss function 

H() is used [48]. 

 𝐺(𝑄𝑚, 𝜃) =  
𝑛𝑚

𝑙𝑒𝑓𝑡

𝑛𝑚
 𝐻 (𝑄𝑚

𝑙𝑒𝑓𝑡(𝜃)) +  
𝑛𝑚

𝑟𝑖𝑔ℎ𝑡

𝑛𝑚
 𝐻(𝑄𝑚

𝑟𝑖𝑔ℎ𝑡
(𝜃))                         (3.20) 

This process should be carried out for 𝑄𝑚
𝑙𝑒𝑓𝑡

(𝜃∗) and 𝑄𝑚
𝑟𝑖𝑔ℎ𝑡

(𝜃∗) 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. 

 

 



Chapter 4: RESULT AND ANALYSIS  49  

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 

MATLAB 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]. 

                         Accuracy =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

(𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒)
                                       (4.1) 

                         Precision = 
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

(𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒)
                 (4.2) 

                         Recall = 
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

(𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒)
                 (4.3) 

                        F1 Score = 
2∗ 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

(2∗𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒)
    (4.4) 

 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 f1-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-Ⅰ.  

PDCNN Models Utilizing ML 

Classification 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

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-Ⅰ. 

Dilated PDCNN Models Utilizing 

ML Classification 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

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 

Ensemble 

98.67 98.62 99.17 98.28 

 

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 F1-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 f1-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 

Classification 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

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 F1-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 

ML Classification 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

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 

Ensemble 

98.13 97.74 98.05 97.80 

 

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

Dataset-Ⅲ. 

PDCNN Models Utilizing ML 

Classification 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

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-Ⅲ. 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 

ML Classification 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

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 

Ensemble 

98.35 98.35 97.85 98.20 

 

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-⅖ 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. 

 
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-Ⅲ 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. 

Dataset-1 Dataset-2 Dataset-3

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%

Global (4,2,1),Local(1,1,1) 94.67% 96.60% 94.60%

Global (2,1,1),Local(4,2,1) 97.33% 98.20% 97.94%

Global (1,1,1),Local(2,2,2) 97.30% 97.70% 93.70%
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4.1.3 Impact of Applying Dilation on the Proposed Model 

    
 

        (a) Accuracy                                                       (b) Precision 

   

 

                     (c) Recall                                                             (d) F1-score 

   
 

                     (e) Error Rate                                                     (f) Kappa 

96.54

97.35

97.54

98.67

98.13

98.35

95 96 97 98 99

Dataset-1

Dataset-2

Dataset-3

ACCURACY (%)

D
A

TA
SE

T

Proposed Dilated  PDCNN with Average
Ensemble
PDCNN with Average Ensemble

94.16

96.74

97.45

98.62

97.74

98.35

90 92 94 96 98 100

Dataset-1

Dataset-2

Dataset-3

PRECISION (%)

D
A

TA
SE

T

Proposed Dilated  PDCNN with Average
Ensemble

PDCNN with Average Ensemble

96.37

97.19

97.1

99.17

98.05

97.85

94 96 98 100

Dataset-1

Dataset-2

Dataset-3

RECALL (%)

D
A

T
A

S
E

T

Proposed Dilated  PDCNN with Average
Ensemble

PDCNN with Average Ensemble

95.49

97.06

97.15

98.28

97.8

98.2

94 95 96 97 98 99

Dataset-1

Dataset-2

Dataset-3

F1-SCORE (%)

D
A

T
A

S
E

T

Proposed Dilated  PDCNN with Average
Ensemble

PDCNN with Average Ensemble

Dataset-1 Dataset-2 Dataset-3

3.46%

2.65% 2.42%

1.33%
1.87%

1.65%

E
R

R
O

R
 R

A
T

E

DATASET

PDCNN with Average Ensemble

Proposed Dilated  PDCNN with Average Ensemble

92.70%

95.80%
96.70%

97.20% 97.00%
97.70%

90.00%

93.00%

96.00%

99.00%

Dataset-1 Dataset-2 Dataset-3

K
A

P
P

A

DATASET

PDCNN with Average Ensemble

Proposed Dilated  PDCNN with Average Ensemble



Chapter 4: RESULT AND ANALYSIS  56  

 
 

(g) Training Time 

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 

(s) 

Kappa 

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 

PDCNN 

Custom PDCNN  97.33 2.67 1683 0.943 

 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 

 

   

     

 

   

            

(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. 

(c) Dilated PDCNN + KNN          (d) Dilated PDCNN + NB          

(e) Dilated PDCNN + Decision Tree         
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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 

(s) 

Kappa 

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 

PDCNN 

Custom PDCNN  98.20 1.80 7204 0.972 

 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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                (c) Dilated PDCNN + KNN                        (d) Dilated PDCNN + NB              

 

(a) Dilated PDCNN (b) Dilated PDCNN + SVM          
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(e) Dilated PDCNN + Decision Tree 

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 2.42 5470 0.967 

Dilated 

PDCNN 

Custom PDCNN  98.21 1.79 4891 0.976 

 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-Ⅲ, 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.  

  

 

  

                        (c) Dilated PDCNN + KNN                       (d) Dilated PDCNN + NB     

(a) Dilated PDCNN (b) Dilated PDCNN + SVM          
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(e) Dilated PDCNN + Decision Tree 

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 

al.  [12]  

Capsule Networks 2019 Figshare Dataset-Ⅱ 90.89 

2. C. L. 

Choudhur

y et al. [53]  

CNN 2020 Binary Dataset-Ⅰ 96.08 

3. H. H. 

Sultan et al. 

[54] 

Resize+ Augmentation + 

CNN + Hyperparameter 

Tuning 

2019 Figshare Dataset-Ⅱ 96.13 

4. A. Biswas 

et al. [55] 

Resize+ Anisotropic 

Diffusion Filter+ 

Adaptive Histogram 

Equalization+ DCNN-

SVM 

2023 Figshare Dataset-Ⅱ 96 

5. Suhib et. al 

[5]  

Gray Transformation + 

Resize + Flatten + CNN 

2020 Binary Dataset-Ⅰ 96.7 

6. A. E. 

Minarno et 

al. [34] 

Resize+ Augmentation + 

CNN+ Hyperparameter 

Tuning 

2021 Kaggle Dataset-Ⅲ 96.00 

7. Priyansh et 

al. [56]  

CNN-Based Transfer 

Learning Approach 

2021 Binary Dataset-Ⅰ Resnet-50-95,  

VGG-16- 90,  

Inception-V3-

55 

8. T. Rahman 

et al. [57] 

Resize+ Gray+ Augmen-

tation+ Binary+ CNN 

2022 Binary Dataset-Ⅰ 96.9 

9. H.A. 

Munira et 

al. [58] 

Thresholding + 

Cropping+ Resizing+ 

Rescaling+ CNN-RE and 

CNN-SVM 

2022 Figshare Dataset-Ⅱ 

Kaggle Dataset-Ⅲ 

CNN-RF-96.52 

CNN-SVM-

95.41 

10. T. Rahman 

et al. [59] 

Resize + Gray 

Transformation + 

Augmentation + PDCNN 

2023 Binary Dataset-Ⅰ 97.33 

Figshare Dataset-Ⅱ 97.60 

Kaggle Dataset-Ⅲ 98.12 

11. Proposed 

Method 

Resize + Gray scale 

Transformation+ 

Augmentation + Dilated 

PDCNN+ Machine 

Learning Classifiers+ 

Average Ensemble 

- Binary Dataset-Ⅰ 98.67 

Figshare Dataset-

Ⅱ 

98.13 

Kaggle Dataset-Ⅲ 98.35 

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 F1-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, F1-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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•  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). 

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

multiple classifiers. 



References  71  

References  
 

[1] T. A. Sadoon, M. H. A. Al-Hayani., "Deep Learning Model for Glioma, 

Meningioma and Pituitary Classification," International Journals of Advances in 

Applied Sciences (IJAAS), vol. 10, no. 1, pp. 88–98, 2021.  

[2] M. Kheirollahi, S. Dashti, Z. Khalaj, F. Nazemroaia, P. Mahzouni, "Brain tumors: 

Special characters for research and banking," Advanced Biomedical Research, 6 

January, 2015.  

[3] R. Vankdothu, M. A. Hameed, " Brain Tumor MRI Images Identification and 

Classification Based on the Recurrent Convolutional Neural Network," Measure: 

Sensors, 28 September, 2022. 

[4] [Online]. Available: "Quick Brain Tumor Facts |, Quick Brain Tumor Facts 

,"National Brain Tumor Society, 2023. 

[5] S. Irsheidat, R. Duwairi, "Brain Tumor Detection Using Artificial Convolutional 

Neural Networks," 2020 11th International conference on Information and 

Communication systems (ICICS), pp. 197-203, 2020. 

[6] M. Togacar, B.Ergen, Z. Comert , "BrainMRNet: Brain Tumor Detection Using 

Magnetic Resonance Images with a Novel Convolutional Neural Network 

Model,"Medical Hypotheses, vol. 134, 1 January 2020. 

[7] X. Jiang, Y. Jin, Y. Yao, "Low-dose CT lung images deboising based on multiscale 

parallel convolution neural network," The Visual Computer, vol. 37, pp. 2419–

2431, 2021. 

[8] Brain MRI Images for Brain Tumor Detection | Kaggle. 

[9] R. Yamashita, M. Nishio, R. K. G. Do, K. Togashi, "Convolutional Neural 

Networks: an overview and application in radiology," Insights into Imaging, pp. 

611-629, 2018.  

[10] Z. A. Sejuti, M. S. Islam, "A hybrid CNN-KNN approach for identification of 

COVID-19 with 5 fold- cross-validation," Sensors Internatinal, vol. 4, pp. 100229, 

2023. 

[11] L. Guimin, W. qingxiang, Q. Lida, H. Xixian, "Image Super-resolution Using a 

Dilated Convolutional Neural Networks," Neurocomputing, vol. 275, pp. 1219-

1230, 31 January,2018. 



References  72  

[12] P. Afsar, K. N. Plataniotis, A. Mohammadi, "Capsule Networks for Brain Tumor 

Classification based on MRI Images and Coarse Tumor Boundaries," 2019 IEEE 

Internatinal Conference on Acoustics, Speech and Signal Processing, Brighton, 

UK, pp. 1368- 1372, 2019. 

[13] Jun Cheng, 2017 Figshare dataset https://figshare.com/articles/brain tumor 

dataset/1512427. 

[14] Brain Tumor MRI Dataset | Kaggle. 

[15] A. Anil, A. Raj, H. A. Sarma, N. Chandran et  al., "Brain Tumor Detection from 

Brain MRI using Deep Learning," International Journal of Innovative Research in 

Applied Sciences and Engineering (IJIRASE)., vol. 3, Issue 2, pp. 68-73,August  

2019. 

[16] M. Sajjad, S. Khan, K. Muhammad, W. Wu, A. Ullah, S. W. Baik, "Multi-grade 

brain tumor classification using deep CNN with extansive data augmentation," 

Journal of Computational  Science, vol. 30, pp. 174-182, 2019. 

[17] M. A. Habib, "Brain Tumor Detection using Con volutional Neural Networks," 

Medium, 25 November 2021. 

[18] B. Ru, X. Wang, L. Yao, "Evaluation of thr information perspective: determining 

types of research papers preferred by clinicians," BMC Medical Informatics and 

Decision Making, vol. 17, pp 5-14, 5 July 2017. 

[19] [Online]. Available: "Biopsy: Types of biopsy procedures used to diagnose cancer 

- Mayo Clinic," [Accessed: 14-February-2024]. 

[20]  [Online]. Available: "CT scan – Mayo Clinic ," [Accessed: 14-February-2024]. 

[21] [Online]. Available: "Positron emission tomography scan - Mayo Clinic," 

[Accessed: 14-February-2024]. 

[22] [Online]. Available: "X-ray - Wikipedia," [Accessed: 14-February-2024]. 

[23] [Online]. Available: "MRI Basics (case.edu)," [Accessed: 14-February-2024]. 

[24] D. J. Werring, D. W. Frazer, L.J. Coward, N. A. Losseff, H. Watt et al., "Cognitive 

dysfunction in patients with cerebral microbleeds on T2-weighted gradient-echo 

MRI" Brain 127, vol. 127, Issue 10, pp. 2265-2275, October 2004. 

[25] J. Hajnal et al., "Use of Fluid Attenuated Inversion Recovery (FLAIR) Pulse 

Sequences in MRI of the Brain," Journal of Computer Assisted Tomography, pp. 

841-844, November 1992. 

https://figshare.com/articles/brain%20tumor%20dataset/1512427
https://figshare.com/articles/brain%20tumor%20dataset/1512427
https://www.mayoclinic.org/diseases-conditions/cancer/in-depth/biopsy/art-20043922
https://www.mayoclinic.org/diseases-conditions/cancer/in-depth/biopsy/art-20043922
https://www.mayoclinic.org/tests-procedures/pet-scan/about/pac-20385078
https://en.wikipedia.org/wiki/X-ray
https://case.edu/med/neurology/NR/MRI%20Basics.htm


References  73  

[26] [Online]. Available: "T1, T2 and flair - Search Images (bing.com)," [Accessed: 15-

February-2024]. 

[27] [Online]. Available: "https://aws.amazon.com/what-is/neural-network," 

[Accessed: 15-February-2024]. 

[28] J. M. G. Facundo Bre, Victor D. Fachinotti, "Prediction of wind pressure 

coefficients on building surfaces using Artificial Neural Networks," Energy and 

Buildings, vol. 158, pp. 1429-1441, January 2018. 

[29] [Online]. Available: "basic structure of ann - Search Images (bing.com)," 

[Accessed: 15-February-2024]. 

[30] I. Goodfellow, Y. Bengio, A. Courville, "MIT Press: Cambridge, MA, USA,2016, " 

Deep Learning. [Accessed: 19-January-2024]. 

[31] N. Kesav, M. G. Jibukumar, "Efficient and low complex architecture for detection 

and classification of brain tumor using two channel CNN," Journal of Kinf Saud 

University- Computer and Information Sciences, vol. 34, pp. 6229-6242, 

September 2022. 

[32] F. J. Diaz-Pernas et al., "A deep learning approach for brain tumor classification 

and segmentation using a multiscale convolutional neural network," Healthc., vil. 

9, no. 2, 2021. 

[33] [Online]. Available: "basic structure of CNN with sampling - Search Images 

(bing.com)," [Accessed: 15-February-2024]. 

[34] A. E. Minarno, M. H. C.. Mandiri, Y. Munarko, HAriyady, "Convolutional Neural 

Network with Hyperparameter Tuning for Brain Tumor Classification," Kinetik: 

Game Technology, Information System, Computer Network, Computoing, 

Electronics, and Control, vol. 6, no. 2, pp. 127-132, May 2021. 

[35] M. K. Abd-Ellah et al., "Parallel deep CNN structure for glioma detection and 

classification via brain MRI images," 2019 31st International Conference on 

Microelectronics (ICM), pp. 304-307, 2019. 

[36] [Online]. Available: "Convolution operation - Search Images (bing.com)," 

[Accessed: 15-February-2024]. 

[37] K. Balaji, K. Lavanya, "Medical image analysis with deep neural networks," Deep 

Learning and Paralel Computing Environment for Bio-engineering Systems, 

Academic Press, pp. 75-97, January 2019. 

[38] E. Fathi, B. M. Shoja, "Deep neural networks for natural language processing," 

Handbook of Statistics, vol. 38, p.p. 229-316, Elsevier, 2018. 

https://www.bing.com/images/search?view=detailV2&ccid=scU1ilIV&id=10828B9A1155871E3E32C21BC0219FCAAA0CC5A6&thid=OIP.scU1ilIV95bIqkRX2lDQ8gHaDH&mediaurl=https%3A%2F%2Fcasemed.case.edu%2Fclerkships%2Fneurology%2FWeb%2520Neurorad%2Ft1t2flairbrain.jpg&cdnurl=https%3A%2F%2Fth.bing.com%2Fth%2Fid%2FR.b1c5358a5215f796c8aa4457da50d0f2%3Frik%3DpsUMqsqfIcAbwg%26pid%3DImgRaw%26r%3D0&exph=321&expw=763&q=T1%2c+T2+and+flair&simid=608005823184982333&form=IRPRST&ck=3521F59EC4B0AC6801209D1124906E99&selectedindex=21&itb=0&ajaxhist=0&ajaxserp=0&vt=0&pivotparams=insightsToken%3Dccid_573phzT9*cp_C6DA7121FA74DB8C7B895BDBE27781AD*mid_A980757511CE6078BF95CFF9EC6D6F871018486B*simid_608018574885789063*thid_OIP.573phzT9VvemfUHXcX8KLgHaFj&sim=11&iss=VSI&ajaxhist=0&ajaxserp=0
https://www.bing.com/images/search?view=detailV2&ccid=CfwZpLrN&id=F5C7020FF3200947333A0A21AE90D4CE2F0A9E63&thid=OIP.CfwZpLrNZmLYN31O60XLmQAAAA&mediaurl=https%3A%2F%2Fwww.researchgate.net%2Fpublication%2F328506608%2Ffigure%2Ffig1%2FAS%3A685652991561730%401540483820813%2FSchematic-overview-of-a-neural-network-from-Wikimedia-Commons_Q640.jpg&cdnurl=https%3A%2F%2Fth.bing.com%2Fth%2Fid%2FR.09fc19a4bacd6662d8377d4eeb45cb99%3Frik%3DY54KL87UkK4hCg%26pid%3DImgRaw%26r%3D0&exph=416&expw=416&q=basic+structure+of+ann&simid=607990979792695648&form=IRPRST&ck=354924A30D9E7FC21D2F894427D95A65&selectedindex=2&itb=0&qpvt=basic+structure+of+ann&ajaxhist=0&ajaxserp=0&pivotparams=insightsToken%3Dccid_VQjCKTVq*cp_AD5B6C8DD0DC5E0FBD617AED7FCD09AD*mid_E514C2450E59C383FC46C34502C955C71D0D1955*simid_607992246774164039*thid_OIP.VQjCKTVq!_SriQNN3-RRQfgHaDy&vt=0&sim=11&iss=VSI&ajaxhist=0&ajaxserp=0
https://www.bing.com/images/search?view=detailV2&ccid=fmOKAWZc&id=537B4D9064AD418B0E332FFC01A0491ACA27AB5D&thid=OIP.fmOKAWZcoo3iyAjUMY-AGgHaFj&mediaurl=https%3a%2f%2fwww.researchgate.net%2fprofile%2fPatrice-Monkam-2%2fpublication%2f333771086%2ffigure%2ffig2%2fAS%3a769499355705348%401560474351887%2fCNNs-architectures-commonly-used-in-medical-imaginga-One-CNN-with-2-convolutional.ppm&cdnurl=https%3a%2f%2fth.bing.com%2fth%2fid%2fR.7e638a01665ca28de2c808d4318f801a%3frik%3dXasnyhpJoAH8Lw%26pid%3dImgRaw%26r%3d0&exph=638&expw=850&q=basic+structure+of+CNN+with+sampling&simid=607990945419244416&FORM=IRPRST&ck=B4486C6505A15B0405A906DA37EA2C3F&selectedIndex=0&itb=0&ajaxhist=0&ajaxserp=0
https://www.bing.com/images/search?view=detailV2&ccid=fmOKAWZc&id=537B4D9064AD418B0E332FFC01A0491ACA27AB5D&thid=OIP.fmOKAWZcoo3iyAjUMY-AGgHaFj&mediaurl=https%3a%2f%2fwww.researchgate.net%2fprofile%2fPatrice-Monkam-2%2fpublication%2f333771086%2ffigure%2ffig2%2fAS%3a769499355705348%401560474351887%2fCNNs-architectures-commonly-used-in-medical-imaginga-One-CNN-with-2-convolutional.ppm&cdnurl=https%3a%2f%2fth.bing.com%2fth%2fid%2fR.7e638a01665ca28de2c808d4318f801a%3frik%3dXasnyhpJoAH8Lw%26pid%3dImgRaw%26r%3d0&exph=638&expw=850&q=basic+structure+of+CNN+with+sampling&simid=607990945419244416&FORM=IRPRST&ck=B4486C6505A15B0405A906DA37EA2C3F&selectedIndex=0&itb=0&ajaxhist=0&ajaxserp=0
https://www.bing.com/images/search?view=detailV2&ccid=81dzgRc3&id=BD232C3BA5ED4754C5EFB942460A5C48E5108E07&thid=OIP.81dzgRc3LbooW7n7kh7VFgHaEE&mediaurl=https%3a%2f%2fwww.researchgate.net%2fprofile%2fVolker_Weinberg%2fpublication%2f332190148%2ffigure%2fdownload%2ffig2%2fAS%3a743933420249088%401554378957080%2fSchematic-illustration-of-a-convolutional-operation-The-convolutional-kernel-shifts-over.ppm&cdnurl=https%3a%2f%2fth.bing.com%2fth%2fid%2fR.f357738117372dba285bb9fb921ed516%3frik%3dB44Q5UhcCkZCuQ%26pid%3dImgRaw%26r%3d0&exph=468&expw=850&q=Convolution+operation&simid=608039714753814961&FORM=IRPRST&ck=600E4B5AE4D7C0C688206FD3C85F1A92&selectedIndex=0&itb=0&ajaxhist=0&ajaxserp=0


References  74  

[39] J. Schmidhuber, “Deep learning in neural networks: An overview,” Neural 

Networks, vol. 61, pp. 85–117, January 2015, 61. 

[40] V. Dumoulin, F. Visin, "A guide to convolution arithmetic for deep learning," 

arXiv preprint arXiv: 1603.07285, March 2016. 

[41] K. Adu, Y. Yu, J. Cai, N. Tashi, "Dilated Capsule Netwrork for Brain Tumor Type 

Classification via MRI Segmented Tumor Region," International Conference on 

Robotics and Biomimetics Dali, China, pp. 942-947, December 2019. 

[42] S. S. Roy, N. Rodrigues, Y. Taguchi, " Incremental Dilatins using CNN for Brain 

Tumor Classification," Applied Sciences, vol. 10, Issue 14, pp. 4915, 13 June 2022. 

[43] M. A. I. Khan, "Introduction to Softmax Classifier in PyTorch," Deep Learning 

with PyTorch, January 1 2023. [Accessed: 03-February-2024]. 

[44] [Online]. Available: "Support Vector Machines. Introduction to margins of 

separation… | by skilltohire | Medium," [Accessed: 15-February-2024]. 

[45] J. Cervantes et al., "A comprehensive survey on support vector machine 

classification: applications, challenges and trends," Neurocomputing, vol. 408, pp. 

189-215, September 2020. 

[46] C. Zhou et al., "COVID-19 detection based on image regrouping and resnet-SVM 

using chest x-ray images," IEEE Access, vol. 9, pp. 81902-81912, 2021. 

[47] [Online]. Available: "knn classifier with an example - Search Images (bing.com)," 

[Accessed: 17-February-2024]. 

[48] M. Yaseliani et al., "Pneumonia Detection Proposing a Hybrid Deep 

Convolutional Neural Network based on Two Parallel Visual Grometry Group 

Architectures and Machine Learning Classifiers,” IEEE Access, vol. 10, pp. 62110-

62128, 13 June 2022. 

[49] S. Y. Sourab, M. A, Kabir, "A comparison of hybrid deep learning models for 

pneumonia diagnosis from chest radiograms," Sensors International, vol. 3, pp. 

10167, 2022. 

[50] [Online]. Available: "1.10. Decision Trees — scikit-learn 1.3.1 documentation," 

[Accessed: 24-October-2023]. 

[51] [Online]. Available: "Ensemble averaging (machine learning) - Wikipedia," 

[Accessed: 24-October-2023]. 

[52] M. Bhuiyan, M. S. Islam, "A new ensemble learning approach to detect malaria 

from microscopic red blood cell images," Sensors International, vol. 4, pp. 100209, 

2023. 

https://medium.com/@skilltohire/support-vector-machines-4d28a427ebd
https://medium.com/@skilltohire/support-vector-machines-4d28a427ebd
https://www.bing.com/images/search?view=detailV2&ccid=5Zgkk8us&id=890238658D92ACC5AA10AE4147E64E440A48AEC4&thid=OIP.5Zgkk8usAc81w_vY7cOZUQHaG2&mediaurl=https%3a%2f%2fwww.researchgate.net%2fprofile%2fMohammad_Reza_Haji_Samadi%2fpublication%2f322358139%2ffigure%2fdownload%2ffig2%2fAS%3a581222791127043%401515585720164%2fA-typical-example-of-a-KNN-classification-for-a-two-class-problem-ie-the-pink-and.png&cdnurl=https%3a%2f%2fth.bing.com%2fth%2fid%2fR.e5982493cbac01cf35c3fbd8edc39951%3frik%3dxK5ICkRO5kdBrg%26pid%3dImgRaw%26r%3d0&exph=510&expw=551&q=knn+classifier+with+an+example&simid=608053578864217801&FORM=IRPRST&ck=2AD8CF1EE16EBB16F3E957FBEEAA810A&selectedIndex=12&itb=0&ajaxhist=0&ajaxserp=0
https://scikit-learn.org/stable/modules/tree.html?fbclid=IwAR2UjoNeoqfXKCD540eFPl3sn6n8gxU4bKwO30APdSFl-6nVN4chZ-aPN_4
https://en.wikipedia.org/wiki/Ensemble_averaging_(machine_learning)


References  75  

[53] C. L. Choudhury, C. Mahanty, R. Kumar, "Brain tumor detection nad classification 

using convolutional neural network and deep neural network," 2020 International 

Conference on Computer Science, Engineering and Applicatons (ICCSEA), pp. 1-

4, 2020. 

[54] H. H. Sultan, N. M. Salim, W. Al-atabany, "Multi-classification of Brain Tumor 

Images using Deep Neural Network," IEEE Access, pp. 69215-69225, 27 May, 2019. 

[55] A. Biswas, M. S. Islam, "A hybrid Deep CNN-SVM Approach for Brain Tumor 

Classification," Journal of Information Systems Engineering and Business 

Intelligence, vol. 9, April 2023. 

[56] S. Priyansh, A. Maheshwari, S. Maheshwari, "Predictive Modeling of Brain 

Tumor: A Deep Learning approach," Innovations in Computational Intelligence 

and Computer Vision, vol. 2, Issue 2, pp. 275-285, 2021. 

[57] T. Rahman, M. S. Islam, "MRI Brain Tumor Classification Using Deep 

Convolutional Neural Network," 2022 3rd International Conference on 

Innovations in Science, Engineering and Technology (ICISET), 26-27 Februiary, 

Chittagong, Bangladesh, 2022. 

[58] H. A. Munira, M. S. Islam,"Hybrid Deep Learning Models for Multi-classification 

of Tumour from Brain MRI," Journal of Information Systems Engineering and 

Business Intelligence, vol. 8, October 2022. 

[59] T. Rahman, M. S. Islam, "MRI brain tumor detection and classification using 

parallel deep convolutional neural networks," Measurement: Sensors, vol. 26, pp. 

100694, 2023. 

 


