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ABSTRACT

Brain tumor classification using medical image processing is becoming easier with the fast pace
of innovation in medical image analysis technology which has a large amount of MRI data sets
related to brain tumors. The precise classification of brain tumors is vital for diagnosing and treating
brain disorders. The current research project aims to design a hybrid computer-aided brain tumor
classification system based on deep leaming algorithms and conventional methods.

In contrast to the previous approach where only end-to-end deep neural networks have been
used, this paper uses the DenseNet201 architecture as a pretrained architecture to learn high-level
deep visual features from the MRI images. The learned deep features are further refined by applying
the Extra Trees Classifier based feature selection process in order to retain only the most valuable
features and reduce the redundancy. Finally, different supervised classifiers like Logistic Regression
and other machine learning classifiers are used for evaluation purposes.

The experiments have been done using a publicly accessible Brain Tumor MRI Dataset
provided by Kaggle, which consists of four types of The following classes were considered in
this study: glioma, pituitary tumor, meningioma, and nop-tumor. The criteria adopted
measure the efficiency of the proposed technique included accuracy, precision, recall, and F1
score. It was seen that both the models Linear SVM and Logistic Regression performed well
during classification.

This demonstrates that there is a way of coming up with tumor classification systems that
are both efficient and accurate, and yet do not require a lot of computing resources, unlike in
the full training of deep neural networks. The system will be very instrumental in aiding
medical professionals in diagnosing brain tumors. In addition, there is enough room for
development, such as explainable artificial intelligence and attention maps for tumor

localization.




Chapter 1
INTRODUCTION

The condition of brain tumors is among the most severe neurological diseases that can have a
substantial impact on human well-being when not detected in its early stages. Brain tumors
happen owing to the proliferation of cells in the brain and either it can be malignant or
benign based on the degree of severity of the disorder. There are several kinds of brain
tumors, such as glioma, pituitary tumors and meningioma each with varying methods of
treatment. Thus, it is crucial to recognize the nature of brain tumors before proceeding with
further diagnosis and treatment. One of the most prevalent diagnostic tools for brain tumors
is MRI [1].
The conventional process of detecting brain tumors involves the work of radiologists who
visually examine the brain MRIs. While manual inspection has been proven to be quite
efficient, the approach is prone to errors due to the time-intensive nature of the task and the
possibility of inconsistency among different observers, particularly when examining large
volumes of data. This issue has led to advancements in computer-gided diagnostic systems
that have the ability to help doctors detect and classify tumors [2]. Machine learning models
and deep learning models have performed well in analyzing medical images [3].
Nowadays, Convolutional Neural Networks (CNNs) have gained immense popularity as
feature extractors and classifiers. From this class, DenseNet201 is one of the best pretrained
models, which facilitates the reusing of features using densely connected layers and ensures
efficient propagation of gradients in training the model [4]. The features obtained through
such CNN models are, however, high-dimensional and might include redundant information.
this regard, ETC acts as an effective method for selecting key features [5].
In this study, we propose a combination approach for brain tumor classification through
feature extraction using the DenseNet201 architecture, and then selecting features using the
ETC method. This feature subset is tested by applying different machine learning techniques
like Logistic Regression, SVM, KNN_Decision Trees, Random Forests, and Gaussian Naive
Bayes. The proposed model seeks to offer an effective, efficient, and dependable means of

aiding medical practitioners in diagnosing brain tumors [6].




1.1 Motivation

Given the rising cases of neurological problems, brain tumor detection has been given
paramount importance in today's era of healthcare[ 7][8]. Brain tumors will have a catastrophic
effect on survival rates, physical capabilities, and cognitive functioning if they are not
detected[9]. However, despite the fact that MRI has gained popularity as a means of
diagnosing brain tumors, there is a great deal of pressure put on radiologists to interpret
findings as fast as possible due to the high frequency of such examinations performed[10].
Due to varying workloads and skill levels, manually interpreting these information is a long
and uneven procedure[11].

To deal with these problems, it is crucial to have intelligent automated tools that can help
medical professionals diagnose and classify brain ors in an effective manner[12][13]. With
the recent development of advanced techniques in artificial intelligence such as deep learning
and machine learning, it is now possible to mine meaningful information from medical
images[14][15]. Unfortunately, deep learning-based tools demand high computational power
and long training times[16].

This research is based on the requirement for creating a robust hybrid architecture which
integrates feature extraction from deep learning models that are per-trained with classifiers of
machine learning algorithms[17][18]. This technique will ensure better accuracy while
lowering costs associated with computation[19]. The suggested technique can help
radiologists make informed decisions and help in improving healthcare services through

effective analysis of brain tumors[20].

1.2 Objectives
The principal aims of this study are:

* Design and utilize a hybrid system that employs DenseNet201 and machine learning models
to classify brain tumors based on MRI scans.

.

13
Employ feature extraction techniques using pre-trained deep learning models instead of
training a complete deep neural network.

7
Test different models for their performance based on accuracy, precision, recall, F1-score.

.

Conduct a comparative study to find out the best performing model for brain tumor
prediction.




1.3

Challenges

There are several issues involved in utilizing deep learning techniques and machine learning

techniques for brain tumor classification within the healthcare industry:

+ Image variability: MRI images may have differences in resolution, contrast,
orientation, and protocol used during acquisition.

+ Similarity between tumors: The tumors from each class can look alike hence,
distinguishing between glioma, meningioma, and pituitary tumors is complex.

+ High dimensional nature of the problem: There are several features in the model,
which makes it complicated to train.

+ Lack of labeled data: It is hard to obtain annotated MRI images to train the deep
learning model as publicly available data is relatively few.

* Uninterpreted black-box model: Most machine learning models act as black boxes,

limiting their acceptability within healthcare.

This research project seeks to resolve the above-mentioned challenges by implementing an

intelligent framework based on feature extraction and classification using different classifiers.

1.4

Thesis Organization

Chapter 1: Introduction — explains the problem, justification, objectives, and difficulties
of the study and provides a high-level review of brain tumor categorization using MRI scans.
Chapter 2: Literature Review — Covewhe state-of-the-art research in brain tumor
detection/classification techniques including machine leaming algorithms, deep leaming
algorithms for medical images, and image processing.

Chapter 3: Purposed Work —Includes details on the pre-processing, feature extraction using
the DenseNet201 model, feature sclection process using ETC method, classifier training
procedure, and data used (Brain Tumor MRI Dataset by Kaggle).

Chapter 4: Results and Discussion — Highlights the methodology used for experiments,
performance comparison of various classifiers used, results obtained, and discussion of results
achieved.

3
Chapter 5: Conclusicmnd Future Scope —This chapter highlights some limitations in the
current work, discusses conclusions drawn from this study, and highlights the scope for future
improvement like explainable Al tumor diagnosis with heatmaps, etc.




Chapter 2

LITERATURE REVIEW

2.1 Literature Survey

Over the past ten years, researchers' interest in using MRI to categorize brain tumors has
increased becausedo the growing need for precise and prompt identification. In the past,
radiologists used image processing methods like segmentation, texture analysis, and hand-
crafted features to manually analyze MRI images. While these techniques have contributed to
the delivery of therapeutic assistance, their effectiveness has sometimes required advanced
planning and prior understanding [7].

Classifying models such as SVM (Support Vector Machine), Decision Tree, KNN (K-
Nearest Neighbor), and Random Forest have been developed in order to automate the process
of cancer detection. Despite the success of these classifiers during training using manually
constructed features from methods such as Histogram of Oriented Gradients, Gray Level Co-
occurrence Matrix, and Local Binary Patterns, the results were restricted to the quality of
manually generated features and the presence of redundant features [14].

Innovations in deep learning have significantly improved medical picture analysis. In order
to understand the hierarchy of photographs in medicine, handcrafted features do not need to be
created by deep learning models like CNNs. Brain tumor identification is successfully
accomplished by algorithms like AlexNet, ResNet, VGGNet, and DenseNet. However, due to
its dense connectedness, DenseNet201 is regarded as the best of all these algorithms [1].

There have been several studies conducted regarding the hybrid approach, where both the
conventiﬁl machine learning techniques and deep features are combined. In this approach,
the deep features can be extracted from the pre-trained CNN model by using external datasets
and classified with SVM and Logistic Regression. The features required for classification
have been selected and unnecessary features have been removed using MRMR and
ETC.[2][14]

These experiments demonstrate that the combination of transfer learning, feature
optimization, and machine learning approaches is a computationally feasible solution to brain

tumor classification problems. This is the basis of the present investigation [8].




Table 2.1. Summarized review of literature papers

S.No|Ref.| Dataset Mechanism Benefits Limitations
MRI Brain Deep learning and machine Efficient Feature Computation
1 [1] Tumor learning model for MRI Extraction and Con? lexi
Dataset classifitaion Classification Process plexity
MRI Brain Framework for EGREiEEey Automatic feature needs huge data
2 1 [2] Learning-Based Brain Tumor . e
Scans - : extraction acquisition.
Classification
Brain MRI |Hybrid transfer learning with self- Better contextual feature Compl.ex archlt.ec.ture
3 03] . . . and higher training
Dataset attention mechanism representation time
MRI Brain Hybrid transfer learning-based |Improved accuracy with Dep.endent on
4 Tumor tumor detection approach transfer learnin pretrained model
Dataset PP i & quality
5 5] MRI Brain | Deep learning integrated MRI Robust feature Computationally
Images analysis framework extraction capability expensive
6 | 6] MRI Tumor | Explainable Al integrated hybrid Improved model Increased model
Dataset deep learning model interpretability complexity
7 1 m ImageNet | DenseNet architecture with dense| Efficient feature reuse Large memory
Dataset connectivity and gradient flow requirements
Ger_leral .| Extra Trees Classifier for feature Rn_aduces_ feat}xre Randomization may
8 | [8] | Classificatio . dimensionality e
selection . affect stability
n Dataset efficiently
Classificati . . . . . iy
assicato Classification by means of High effectiveness in | Sensitive to kernel
9 | [9] |n Benchmark| . . . . .
Support Vector Machine (SVM) high dimensions selection
Dataset
10 |[10] M?}ifg;ﬁm Deep learning-based MRI tumor |  High classification Requires extensive
detection performance training data
Dataset
1| MRI Brain Hybrid CNN-based tumor Better segmentation and| High computational
Images segmentation and classification | classification accuracy overhead
General . .
12 |[12]] Classificatio |Random Forest ensemble learning R;duces overfitting and | Slower prediction for
improves robustness large forests
n Dataset
13 |[13] Classificatio Decision Tree-based classification Simple and interpretable Prone to overfitting
n Dataset model
Pattel.'n. Machine learning and pattern Strong theoretical Limited deep
14 |[14]| Recognition " . . L .
recognition techniques foundation learning integration
Dataset
15 |[15] Brain MRI | Transfer learning with deep CNN | Reduced training time | Feature redundancy
Dataset features and improved accuracy issue
| MRI Brain CNN-based brain tumor Automatic hierarchical Requlres.hlgh
16 |[16] Tumor e . computational
classification feature learning
Dataset resources
17 |07 ImageNet |Deep CNN architecture for image Significant Large-scale
Dataset classification improvement in deep computational




learning performance requirements
Kaggle Brain Public MRI dataset for tumor | Balanced and labeled | Limited real-world
18 |[18]| Tumor MRI R . .
classification dataset diversity
Dataset
. Efficient model .
19 |[19] 'Jl;ensorFlow Open-source deep learning development and Requires harldware
ramework platform acceleration
deployment
Google . L .
20 |[20] Colab Cloud-based_ GPU computing | Free GPEJ support for Limited runtime
environment experimentation resources
Platform
Machgne Scikit-learn machine learning | Easy implementation of | Limited support for
21 |[21]] Learning lib ML model deen | .
Datasct ibrary , models eep learning
2 |[22] ImageNet |Residual leamn?g through ResNet Solv_es vanishing Complex architecture
Dataset architecture gradient problem
Medical . . . . .
23 |[23] Image Deep learning models for medical| High performance in Requires large
image analysis medical imaging tasks | annotated datasets
Dataset
2.2 Dataset

The data set used in research is a publicly available set of medical imaging data, the Brain
Tumor MRI Data Set, sourced from Kaggle [11]. The data set contains a huge volume of
images taken from MRI scans of the brain that have been categorized into four groups,
including meningioma tumobglioma tumor, pituitary tumor, and no tumor cases. Each of the
images represents a specific case study based on the type of tumor.

The data set has been split into various sets of training and testing data, which means that there
is a definite line between the two types of data sets. The data set consists of thousands of MRI
images with a balanced class distribution, thus minimizing any form of bias during the training
process. All the images have been resized to a single size.

In the current research, the MRI images will be fed into the pretrained model called
DenseNet201 where high-level deep features will be extracted. After that, the features will be
optimized via feature selection. The selected database is suitable for the research because it is

large enough and highly diversified. It also has practical application in the sphere of medicine.




Meningioma

Figure 2.1: Sample MRI images representing different classes in the Brain Tumor dataset.

2.3 Problem Statement

While MRI scanning of the brain can be very helpful in determining whether there are any
abnormalities including brain tumors, identifying brain tumors is not an easy task. Brain
tumors such as glioma, pituitary tumors and meningiom at end to look similar to one another
in terms of appearance through MRI scanning. Therefore, identifying them can be considered
to be a difficult task even among the most skilled radiologists. The process usually involves
manually extracting the features from the image and then segmenting them accordingly.
However, although these procedures can be used in making the diagnosis, they have certain
drawbacks.

Due to the rapid development of the application of the eep leaminé algorithm, the
performance of the deep learning algorithm in feature extraction in medicine has proven to be
highly effective. The issue that emerges from this situation is the high-dimensional nature of the
feature vectors extracted using the deep learning algorithm. Not only does this complicate the

computational process, but it also reduces the efficiency of the process.




The main issue tackled in the current thesis revolves around the creation of a brain tumor
classification model through the use of MRI imaging. Instead of employing end-to-end deep
learning classification, the suggested methodology incorporates deep feature extraction
through DenseNet201 and feature selection based on the Extra Trees Classifier as well as
different machine learning techniques. This approach was designed to minimize the
processing time needed for accurate classification results.

Another significant problem with brain tumor classification lies in the absence of
generalized and computationally efficient models. Even though deep learning-based
approaches have proven highly effective in solving tasks related to medical image processing,
they still require plenty of labeled data, powerful computational hardware, and sufficient
training time. In most hospitals, particularly in the developing countries that lack appropriate
resources, constructing sophisticated deep learning architectures might prove to be
impossible.

Indeed, the presence of irrelevant attributes in deep features may lead to an increase in
processing difficulty. It becomes important to consider a combination approach, which will be
able to merge the speed and ease of application in the process of machine learning with the
attribute extraction capability in the deep neural network model. Other than simplifying

computations, the approach will be able to classify brain tumors appropriately.

24 Research Gap

There are many scientific studies on the classification of brain tumors where machine leaming
models and deep leaming approaches have been used. However, the current scientific research shows
that end-to-end learning systems, transfer leaming algorithms, and hybrid methods are more appropriate
when it comes to classifying MRI images. Even though most of these algorithms classify brain tumors
very accurately, the problem is that they have high computational requirements and need big datasets for
training.

One of the key problems that has been identified by various researchers with respect to deep features
generated by pre-trained CNN models in high-dimensional spaces is being discussed in the literature at
present. While deep features are shown to have adequate texture and structure, there is no account made

for the inclusion of redundant and unnecessary features, thus leading to higher computational costs.




In addition, the different techniques usecwl date are only concemed with using deep learning classifiers,
and never do they look investigating the performance efficiency of the classical machine leaming
classifiers together with the use of deep features. A comparative analysis must be made between the
various machine learning classifiers taking into account the deep features.

A highly effective approach must be developed in order for the machine learning technique to become
highly efficient in feature selection an&claﬁsify'mg brain tumors. At this stage, the emphasis must be

made on using the hybrid technique for the classification of brain tumors based on MRI images.




Chapter 3

PROPOSED WORK

3.1 Research Design

In the present study, an em}ﬁcal framework is adopted to propose and validate the proposed
hybrid framework for the classification of brain tumors from MRI images. In particular,
machine learning classification comes after deep feature extraction using the DenseNet201
framework. In order to extract the pertinent elements from the photos, the proposed method

makes use of current knowledge.

The following five steps are part of the entire research process:

Data Acquisition

l

Data Preprocessing and
Feature Engineering

Y

Model Design

Evaluation and Analysis

Figure 3.1: Flowchart illustrating the end-to-end research design process.

1. Data Acquisition — Gathering and classifying images regarding MRI from the Kaggle
Brain Tumor dataset for train/test split.
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2. Data Preprocessing and Feature Engineering — Deep features extraction through the
DenseNet201 algorithm following resizing of images and standardization of pixel

intensities.

3. Model Design — Application of dimensionality reduction and feature selection
techniques through the use of Extra Trees classifier.
a

4. Model Training — Training various Machine Learning algorithms like KNN, Naive
Bayes, Decision Tree, Random Forest, Support Vector Machine, and Logistic
Regression etcetera.

5. Analysis and Evaluation — Evaluating the accuracy of trained model using
classification performance metrics.

This structured methodology ensures reproducibility, enables systematic experimentation

, and supports accurate evaluation of the proposed brain tumor classification system.

32 Dataset Description

The data set that will be employed in this study is the open source medical image data set
called Brain Tumor MRI Data Set available on Kaggle [11]. This dataset consists of a lot of
brain MRI images and are categorized under one of the four categories — meningioma, glioma,
pituitary and no tumor. The significant thing about this dataset to highlight here is that it has
been categorized already into these four categories and therefore needs no further

classification.

+ Glioma tumor images represent abnormal growth in brain tissue.
» Meningioma tumor images correspond to tumors arising from brain membranes.
« Pituitary tumor images indicate abnormalities in the pituitary gland.

= No tumor images represent healthy brain scans.

The data set is very suitable for classification since it has an equal number of classes, and
it captures a real-world application. The varying MRIs enable the model to learn the pattern
that enables it to classify brain tumors.The inclusion of a variety of tumor morphology,
texture, and intensity data in the data set under examination further enhances its efficacy.
Since these MRI scans are taken in real-world scenarios, the software will be able to identify
significant trends for the precise classiﬁcationof cancers. As a result, the data set will provide

a trustworthy standard for assessing machine/deep learning methods for brain tumor detection.

11




Percentage Distribution of Tumor Classes
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Figure 3.2: Pie chart showing class distribution of MRI images in brain tumor dataset.

33

Data Preprocessing

Pre-processing is an extremely important process where raw MRI data is converted to an

appropriate form for use by the deep learning algorithm. The pre-processing steps performed on the

input brain MRI data include:

Images Size Modification: All the MRI images are resized to maintain the same size (224
% 224 pixels) as it should be compatible with the DenseNet201 model.

Normalization: Normalization is conducted for scaling the pixel intensities between 0 and 1
to aid model processing.

Consistency in the Data: For extracting features from images, they are passed to the
DenseNet201 model in the form of arrays.

Data Augmentation: In order to extract features, images are provided as input to the
DenseNet201 model in a format of arrays.

Feature Extraction Preparation: In order to prepare for feature extraction, extracted
features are converted into feature vectors.

Formation of Feature Vectors: Feature extraction is achieved through the conversion
of features into feature vectors.

12
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Figure 3.3: Preprocessing pipeline applied to the Brain MRI dataset.

After preprocessing, the extracted deep features are stored as numerical arrays
representing each MRI image. These feature vectors are then used as input for feature
selection and classification stages, enabling efficient learning and accurate prediction of brain

tumor classes.

34  Model Architectures and Working Principles

341  Convolutional Neural Networks (CNN)
CNNs work excellently in detecting spatial information from the input data [17]. As per

sentiment analysis using CNNs, filters are passed across the embedding of text to find out local
n-gram patterns related to sentiment. Thus, CNNs are suitable for capturing key
phrases/expressions.

This architecture begins with the input embedding layer where token embedding is done. After
that, comes the one-dimensional convolutional layer, which passes over the embeddings with
ReLU activation function. Then max-pooling is done to reduce :Hnensionality but retain
important features. Finally, classification is performed by means of a dense layer along with
softmax activation function. The loss function chosen here for training CNN is categorical
cross-entropy [14]. CNNs can recognize visual features from an image and therefore are very
useful in medical imaging tasks [23]. Pooling operations minimize computation, while

convolutions detect features including edges and tumors [22].
13




Fully
Input Data — Conv Layer — Connected Output
Layer

Figure 3.4: CNN Architecture

3.4.2 DenseNet201 Architecture

DenseNet201 is an advanced version of the convolutional neural network which increases
information transfer through dense connectivity[7]. In contrast to the usual CNN architecture
where a single layer only gets input from the previous layer, DenseNet connects all the layers
forward. This increases efficiency and can help prevent problems such as vanishing

gradients[22].

Using DenseNet201, feature maps produced by the preceding layers will be used as input,
allowing the model to better capture low and high level features. Pre-trained DenseNet201
will be used for this project. Classification layers will be removed, and output will be

considered as deep features of the MRI images[15].

Figure 3.5: DenseNet201 Architecture

14




3.43  Feature Extraction Using DenseNet

Pre-trained DenseNet201 model is utilized for extracting the deep features from the MR1 images
[7]. All images undergo processing by the model, and the features are extracted based on the output
at the last pooling layer in the network. The extracted features consist of high-level pattemns that
include important structural and textural characteristics of the images[15].

Initial
Convolution

7 x 7 Conv.
Stride = 2

Dense Block 1 Dense Block 2 Dense Block 3 Dense Block 4
(6 layers) (12 layers) (48 layers) (32 layers)

Input MRI Batch

Normalization

|
Batch Transition Transition | Transition |
Normalization Layer 2 | Ly |
2 - (1x1Cond : Hie |cm1» Global Average
: s . ‘ ety Y
Ave Pooling) ‘A.gmam\} 7x7
224 x 224 T
(Grayscale) L]
[ ]
v T T b
H 1 | | i
: ! H H [ ]
Output Channels | Output Channels | Output Channels Output Channels .
256 | 512 1024 1920 [ ]
1920-D
Feature Vector

(Extracted Features)

Figure 3.6: DenseNet-201 architecture used for deep feature extraction from
MRI images.

Although the above-described feature representation consists of valuable data, the extracted
features might contain unnecessary dimensions which will increase the complexity of computations,
as well as decrease classification performance. For addressing this problem, feature selection is
performed in order to reduce the number of dimensions while keeping valuable characteristics of the
features intact[8]. The deep features recovered from the MRI images are represented as feature
vectors in numerical form that capture the essential characteristics of the pictures. These enhanced
feature vectors are then fed into different machine learning classifiers to detect the cancer. Because
dense net 201-based feature extraction and feature selection are combined, the proposed technique

improves processing efficiency without sacrificing classification job accuracy[1] [10].
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3.44  Extra Trees Classifier (ETC)

Extra Trees Classifier (ETC) is used as a feature selection method for selecting the important
features out of the deep feature set generated from the network[8]. The ETC method works as
an ensemble learning model that uses random subspace selection strategy in order to build
several decision trees. The main difference between ETC and other tree-based methods is
that while other decision trees use randomness while building trees, ETC uses more

randomness during splitting process that helps to minimize the variance[8].

Even though the deep features are highly informative, a large number of features could be
redundant or irrelevant as well. This is where feature selection using ETC can be helpful

since this approach will enable us to perform dimensionality reduction[14].

Extra Trees Classifier (ETC)

Ensemble of Extra Randomized Trees

Tree 1 Tree 2

P b ¢ e & N
éid b dody i b

Random Split Random Split Random Split
(Randomly select feature (Randomly select feature (Randomly select feature
and threshold) and threshold) and threshold)

| ¥

i i

,,,,,,,,,,,,,,,,,,,,,,,,,,, Oeb BN
K1 v v

Ensemble Prediction
(Aggregation of predictions from all trees)

Figure 3.7: Extra Trees Classifier
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3.4.5 Machine Learning Classifiers

The attributes that will be extracted through the DenseNet201 and will then be refined
using the Extra Trees Classifier will be used as input for various classifiers based on different
learning approaches including linear, non-linear, probabilistic, and ensemble approaches. This
will be done to assess their effectiveness in identifying brain tumors through MRI attributes.

+ Logistic Regression (LR)

Logistic regression is an elementary type of linear classifier used to predict the
chances that any particular point will fall into one or more classes or categories.
Logistic regression works best when the various categories being predicted can be
categorized clearly in a straight line as opposed to being mixed together. The results
of logistic regression can be determinehby taking the raw data that is being

analyzed and applying a sigmoid function as follows:

Py=1|x)=—1 (3.1

1 4o-Wxtb)
where
. ﬁy =1 | x) Equals to probability sample belonging to class 1,
e x: feature vector,
* w: weight vector,
e b : biasterm,
e w'x+ b linear combination of input feature

For multi-class classification, the softmax function is used:

. ew;r;r
Ply =ilx) —m (3.2)
j=1
where:
s P(y =1ilx) Equals to probability of the sample belonging to class i,
e [k : total number of classes,
* w;: weight vector corresponding to class i

The model parameters are optimized using cross-entropy loss function:

L==3N y,log(¥) (3.3)

e L denotes the loss function,
s N represents the total number of training samples.

17




Logistic Regression
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Figure 3.8: Logistic Regression

® Support Vector Machine (SVM)

s yils
the actual
class label.

LI is
the predicted
probability for
the

corresponding
class.

A Support Vector Machine is a classifier. It finds the line to separate classes. This

line maximizes the space between them.
Support Vector Machines wo
They are good for data, with features.

Wix+b=0
where:
e w: weight vector,
* x:input feature vector,
e b: biasterm,
e w'x+b :separating hyperplane.

The optimization problem is defined as:

. 1 2
min,,, & {|w]
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subject to:

y;(WTx;+b) =1 (3.6)

where:
ey, represents the class label of the it" sample,
*  x; denotes the input feature vector,

e |lw | |% represents the squared magnitude of the weight vector.

For nonlinear classification, kernel functions are applied, such as the Radial Basis
Function:

—vllxi—axi|12
K (xpx) = eVl 3.7)

where:
*  K(x;x)) represents the similarity between two feature vectors,

ey controls the influeiffie of training samples,
e llx=x;| 1? denotes the Euclidean distance between feature vectors.

4 Support Vector Machine (SVM)

® Class1
® Class2

—— Decision Boundary
== Margin

(O support Vestors

Figure 3.9: Support Vector Machine
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6]
e K-Nearest Neighbors (KNN)

K Nearest Neighbors (KNN) is an instance-based method where class membership
is based on the class of the majority of the K-nearest neighbors determined by how

they are from the unknown example by some measure of distance, such as
Euclidean distance.

d(x;x;) =J22:1 (i —xp3)* (3.8)

* d(x;x;) represents the Euclidean distance between two samples,

where:

¢ xj and x;;, denote the k" feature values of samples x; and Xj,
e nis total no. of features.
The predicted class is determined as:

= arg max 1(y;=C 3.9
y=argmax.y, ., 10v;=0) (3.9)
e N, represents the set of kk-nearest neighbors,

¢ 1(y; = c) is an indicator function,
¢ cdenotes the class label.

& K-Nearest Neighbors (KNN)
Xz
o _i“ . 'Y @ Class1
[} Query Point b
o (to classify) g ® Class2
> P e S o . ©® Y& Query Point
/ i Y \ A
". !/ .‘ \\ \“ Distance
® i ',’ B ’,’. \\l e ®
® 1 ' Xk ‘ i
] i N |
1 I 2 ML / i
. \ i & ’ : 9
e N i L : °
L] L b T / ®
® N k=3 e
[ ] [ ] S k=5 _/’ ®
>
The query point is assigned the majority class X1

among its k nearest neighbors.

Figure 3.10: K-Nearest Neighbors
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* Decision Tree (DT)

Data classification through Decision Trees occurs using a recursive approach,

wherein data is split in relation to their feature values. The impurity values used for

determining the splits are provided by Gini Index, Entropy, or an alternative

measurement method.

A e fod
Gini=1-Y;_, p;?

where:

¢ p;: probability of class i,

e ¢ total number of classes.

Entropy =—%:_,p;log,p;

where:
e p;: probability of class i.

Decision Tree

Feature 1
X)=t,?
Yes w
Feature 2 Feature 2
(X)=t,? (X sty ?
Yes No Yes
p & (e (T
Feature 3 Class 1 | Feature 3 Class 0
X)sty? | (Yes) Xg)=t5? (No)

Ves/ \uo Yes
Class 1 Class 0 | Class 1
(Yes) (No) (Yes)

Figure 3.11: Decision Tree

Class 0
(No)
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* Random Forest (RF)

Random Forest is an ensemble ML approach used to build many decision trees

(DTs) that generate predictions. The goal of this strategy is to provide better

performance while reducing overfitting by utilizing random feature and sample

selection for training each DT (decision tree) in the ensemble. Finally, the

predictions made by all of the DT's will be combined together.

=38 ()
where:
. }l.\r :@al predicted output,
e T total number of decision trees,
® h,(x) : prediction of the t™ decision tree.

Random Forest

Dataset |

(3.12)

i
h I
! ] ]
Decision Tree 1 Decision Tree 2 Decision Tree N
| Prediction1 | | Prediction2 | [ Predictionn |
+ +
Class 1 Class 2 Class 2

¥
Majority Voting

(Averaging)
Final Prediction
Class 2

Figure 3.12: Random Forest
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* Gaussian Naive Bayes (GNB)

Gaussian Naive Bayes is a probabilistic classifier based on Bayes' theorem that
assumes that all features are independent from one another. The below is how to

compute the posterior probability:

a
— PN PG)

P(y|x) S (3.13)
where:
* P(ylx): posterior probability
e P(x|y): likelihood
e P(y) : prior probability
* P(x): evidence probability

Assuming a Gaussian distribution for features:

P(x;ly) = e y (3.14)

where:
*  {y:mean of feature values for class y,

. 0)2, : variance,
e X, :input feature value.
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1. Training Data

: ol e | e Classl — =
X Y)FW.
P(y|x) = ————
[[28]12]~]07| & b PC0)
1| 27 | 10 09 | ¢ ||=p| L -
H i g i | = P(y|x): posterior probability
s @32 | - (| 05 | By i « P(x|y) : likelihood
48 | 30 | .. |13 C, ‘ = P(y) : prior probability
| & ] H « P(x) : evidence (marginal likelihood)

Gaussian Naive Bayes (GNB)

2. Bayes' Theorem

3. Gaussian Distribution for Features

Assuming each feature x, follows a Gaussian
distribution for class y:

)
Pely) = - M)

; (
——exp =
Vena} 20y
* ji, : mean of the feature values for class y
. uﬁ + variance of the feature values for class y
« x; :input feature value

¥

_

4. Assumption 5. For Each Class y 6. Compute Likelihood Bl
Features are conditionally Class C, For class y
independent given the class. x Xu i =
= il /T\ﬂf"’ /?\13“’ /\'5“’ Py = [] Pl
i 1 | i
Plxly) = [ Pexly) ‘ : ‘ —
it p? uh i ¥
) IRt SIS —— "
Class C; 7. Compute Posterior 8. Predict
X 5 Xn For class y: Choose the class
2@ 2 20 : with highest posterior:
i o & rere) ||
P(ylx) = Ty § = argmax P(y|x) ||
uf? uf® P )| 2.
Figure 3.13: Gaussian Naive Bayes
3.4.6 Hybrid Framework

This hybrid method employs deep learning methods for feature extraction and machine

learning methods for classification. Due to deep learning's ability to perform excellent feature
extraction and the power of combining them together with the simpler yet effective traditional

Machine Learning classifiers we aim to achieve a strong balance between accuracy and

interpretability.
The use of DenseNet201 and ETC in conjunction with various classifiers creates an
incredible combination that produces superior results while maintaining model

interpretability. This method is well suited for medical applications in particular.
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35 Training and Evaluation Strategy

Separate groups of trajping and testing data gives a more exact evaluation of the quality of a
model. The training dataset will be used to train the classifiers of machine learning and
generate deep features, while the testing dataset will prove how well a model will generalise.
Deep features will be generated using a DenseNet201 pre-trained network, rather than
learning a completely new network from scratch.

The deep-represented features will next be distilled down to their most significant
components by utilising an Eéra Trees Classifier (ETC). Using the final deep features, all six
types of classifiers (Logistic Regression, Decision Trees, SVMs, KNNs, Random Forests, and
Gaussian Naive Bayes) will be trained.

Several evaluation metrics are us&to gauge the models' efficacy:

1. Accuracy: the proportion of correct predictions made compared to the overall number
of predictions made.

2. Precision: This represents to the ratio of correct predictions to all positive predictions.

3. Recall: how well the model is able to identify all of the relevant positives.
4. F1-Score: This is the metric used for evaluating performance, which is the harmonic
mean of the recall and precision.

5. Confusion Matrix: This is the graphic repﬁentation of all predictions made.
The test dataset is used to calculate the metrics in order to rate the performance of the model
and verify the accuracy of a classification result.

Graphically, analytical methods are used to show how classifiers perform in different ways
than does the classifier performance metric. These graphical representations of the
characteristics of how each classifier behaves in terms of classifying data and making
decisions include confusion matrices, accuracy comparison charts, and graphical
representations of the importance of the features used to train each classifier. This type of
representation makes it easier to identify the strengths and weaknesses of each classifier

when separating two types of brain tumors from one another.

The methodology suggested here ensures that both processing effectiveness and classification
performance are considered with equal importance. Transfer learning using DenseNet201
greatly simplifies the training process while still maintaining strong feature representation
compared to training a deep learning architecture from scratch. Feature reduction using ETC

removes redundant features.
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In addition, the best deep features-based method for brain tumor classification can be
determined using the comparison of different machine learning techniques. This will help in
accurate performance evaluation and lead to the construction of a useful computer-aided

diagnosis system for classifying medical images.
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Chapter 4

RESULTS AND DISCUSSION
4.1 Experimental Setup

Google Colab was used for all tests, and GPU acceleration techniques were applied
effectively extract features and to analyze models. The TensorFlow & Scikit-learn
programming libraries will serve as the foundation for the implementation framework.
Seventy-five percent of the overall dataset will be used for training the model, with a quarter
left aside for testing. Datasets will be divided in this manner.

The deep features of MRIs will be extracted using the DenseNet201 pretrained model,
and then extra trees classifier would be used for the optimization of these features in order to
select the feature vector for each MRI image. These vectors will serve as input data for
various machine learning Classifiers; all models will be trained on the standardized feature
datasets, & hyperparameters will be empirically chosen.

All of the data was preprocessed prior to the feature extraction process from the images
that would be used in the learning and testing procedures in order to guarantee consistency in
the data supplied to the model during training. Scaling, standardization, and creating
hierarchies for training and testing folders in compliance with the database structure were
among the preprocessing techniques. Prior to being used in the classifier's training, the

collected attributes were normalized.

Feature Reduction using ETC

2000

1750

1500

1250

1000

Number of Features

original selected

Figure 4.1: Feature Reduction using Extra Trees Classification
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Top 20 Important Selected Features
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Figure 4.2: Top 20 Important Selected Features

4.2 Model Performance

All four model's performances were evaluated in terms of classification performancg metrics,
including precision, recall, accuracy and F1 Score. These metrics give insight into a model's
efficient ability to classify brain tumor type into multiple categories. The model contains four
categories of brain tumors: gliomas, meningionomas, pituitary tumors and no tumors.

Table 4.1 provides a comparison of different machine learning Classifiers. Both Linear SVM
and Logistic Regression models perform better than the rest of the models in all the measures.
The improvements are evident due to the importance of extracting deep features with feature

selection, thus helping the models to learn patterns

Model Accuracy Precision Recall F1-Score
LR1_SAGA 09181 0.9249 0.9181 0.9161
LR2 NEWTON 0.9194 0.9267 0.9194 0.9172
LR3_LBFGS 0.9188 0.9260 0.9188 0.9166
LR4 LIBLINEAR 0.9144 0.9200 0.9144 0.9116
SVM_RBF 0.9075 0.9193 0.9075 0.9049
SVM_LINEAR 0.9031 09130 0.9031 0.9012
SVM_POLY 0.8956 0.9144 0.8956 0.8924
Decision Tree 0.7969 0.8147 0.7969 0.7919
KNN 0.8919 0.8958 0.8919 0.8891
Random Forest 0.8669 0.8779 0.8669 0.8606
Gaussian NB 0.7669 0.7729 0.7669 0.7578

Table 4.1: Performance Comparison of Machine Learning Models for Brain
Tumor Classification
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Model

Classifier Accuracy Comparison

LR1_SAGA 91.81%
LR2_NEWTON 91.94%
LR3_LBFGS 91.88%
LR4_LIBLINEAR 91.44%
SVM_RBF 90.75%
SVM_LINEAR 90.31%
SVM_POLY 89.56%
Decision Tree
KNN 89.19%
86.69%

Random Forest

Gaussian NB 76.69%

0.0 0.2 0.4 0.6 0.8
Accuracy

Figure 4.3: Machine Leaning Model Accuracy Comparison

The evaluation performance for different model types was evaluated and compared through
the subsequent figure which highlights the differences in Precision, Recall, Accuracy and F1-
Score between the model types. The graphs illustrate distinct differences within the_etric
values further separating individual models from each other. Overall, linear models such as
Logistic Regression and Support Vector Machines outperformed all of the other class of
models. This increased level of performance was attributed to the use of deep feature

extraction and/or selection techniques.

4.2.1  Model Performance Analysis

Based on the findings from our analysis, it becomes clear that algorithms such as gVM and

istic Regression exhibit higher levels of performance than other types of models, with respect to
metrics such as accuracy, recall, precision, and Fl-score. Their proficiency with handling high
dimensional feature spaces generated by DenseNet201 model of deep feature extraction is the cause
of their exceptional performance. They are highly efficient in defining decision boundaries.

Additionally, linear algorithms like Logistic Regression take advantage of the structure of the
deep feature set, thus simplifying any transformations that might be required otherwise. Likewise,
Support Vector Machines provide good performance due to their margin maximization, which helps

improve generalization even in high-dimensional space.
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In contrast, K-Nearest Neighbor and Random Forest classification algorithms yield average
results. Even though the KNN method computes the similarity based on distances, it depends
heavily on how the features are distributed and scaled, and thus, it performs poorly in high
dimensions. The Random Forest classifier outperforms the Decision Tree algorithm in that it
addresses overfitting, but not all types of problems.

The use of Extra Trees Classifier for the process of feature selection proves to be effective,
and it is yet another key finding of the study. In other words, the classifiers concentrate more
on the important features that have been selected from the MRIs and exclude those which are

not relevant enough to contribute to the decision-making process.

Accuracy Comparison of Classifiers
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Figure 4.3: Accuracy Comparison

The decision tree model and the Gaussian Naive Bayes classifier show poor performances
in relation to others. Decision trees have the problem of over-fitting since they are unable to
generalize the interactions of features. The assumption of Gaussian Naive Bayes about
independent features does not hold true.

Moreover, the confusion matrix from the best performing model (LR2 NEWTON) further
confirms its efficiency in successfully categorizing all types of tumors. This model is efficient
in classification tasks for all classes with very low levels of errors, thus making it a reliable

and robust one.
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4.3 Comparative Analysis

39
How well a particular machine learning model performs will largely depend on the type of

features used to build the model. The logistic regression and SVM models have achieved a
great deal of success because they can develop the ideal decision boundaries for the
classification problem at hand in high dimensional feature space.

On the contrary, the Decision Tree model and Gaussian Naive Bayes perform poorly
owing to their inability to process complex interactions of input features. While Random
Forest helps solving the problem of overfitting for Decision Tree model, it is still inferior in
performance to other classifiers.

However, the combination of DenseNet-based feature representation and feature selection

allows increasing classifier performance.

Performance Comparison of Models
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Figure 4.4: Performance Comparison

4.4 Discussion of Findings

It is clear from the results that the integration of deep feature extraction along with the classification
techniques improves the efficiency of the proposed model in classifying brain tumors. With the use
of DenseNet201, high-level structural and texture features can be extracted from the MRIs, which
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Actual

confribute towards the discrimination power of the classifier models. From the models assessed, it
was observed that logistic regression and SVMs outperform others because of their efficacy in
dealing with high-dimensional feature space.

Another critical point of view is the success of feature selection through the use of the Extra Trees
classifier. Though there are many informative features obtained from the deep learning model, it
is beneficial to eliminate redundant and unrelated features for efficient computations without

COmMPromising on accuracy.
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Figure 4.5: Confusion Matrix for LR2 NEWTON And LRI SAGA
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Figure 4.6: Confusion Matrix for LR3 LBFGS And LR4 LIBLINEAR
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Figure 4.7: Confusion Matrix for SVM_RBF And SVM_LINEAR
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Additionally, the best-performing model's confusion matrix shows little misclassification between

classes and balanced categorization across all tumor types. This illustrates how resilient the

suggested strategy is.

In conclusion, the combination feature extraction and classifiers can be used effectively for

brain tumor classification.
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Chapter 5

CONCLUSION and FUTURE WORK

5.1 Summary of Findings

Hybrid methods were created to classify MR brain tumor image data from MRI scans into
associated categories. A trained, DenseNet201 neural network was utilized to extract large
amounts of visual features from the data set. The other half of the analysis process consisted of
classifying the features based on diagnoses made by the other half of the analysis process. Several
differenélassiﬁers were created as part of the evaluation process and included logistic regression,
KNN, support vector machines (SVMs), decision trees, random forests, and naive Bayes
classifiers. Each of these classifiers was evaluated based on their accuracy in predicting results
and compared to each other to see how well they performed overall.

Experimentation determined that the linear classifiers, which consist of Logistic
Regression and SVM models, showed the best accuracy across all our performance
evaluations; accuracy, recall, precision, and Fl Score. The method of feature selection
performed very well in reducing redundancy yet keeping the selected features discriminative.

From the results, we can see that using both transfer learning and a machine-learning
model is an efficient method for detecting brain tumors, especially due to its speed over fully

trained deep learning models while still being an accurate method of predicting results.

5.2 Limitations
Although the above-mentioned approaches ensure high accuracy in classifying brain tumors, there

are several disadvantages associated with their use:

¢ Dependency on the data: The framework is built upon a certain MRI dataset available
publicly and therefore cannot be generalized to different data characteristics, machines,
and imaging protocols used by clinics.

Imbalanced classes: Even though this research used a rather evenly divided dataset in
terms of classes, many healthcare data collections include a significantly smaller number

of abnormal cases.

Lack of transparency: Using dense features from a DenseNet201 network in a hybrid
architecture reduces transparency. The difficulty of comprehending this technique is
immense.
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¢ Absence of the localization component: While this technique helps us to classify the
MRI in one of the classes, it does not give us information regarding its location.

* Resource consumption: Although this particular model uses energy less than the end-to-

end model, energy utilization is not small.

53 Future Work
Some of the potential areas for future research in order to enhance the effectiveness of

proposed classification model include following:

Multimodal Integration: In the course of future research, additional modalities such as
patients' data and/or CT scan may be considered in order to augment the present database
which is built from MRI images.

Transparency: It would be possible to highlight key information from an MRI image and hence
enhance transparency through techniques like Grad-CAM, LIME, and SHAP.

Feature Selection Algorithms: Further studies involving different techniques of feature
selection such as MRMR can aid in boosting accuracy by making sure that all features are

considered.

Transformer Networks: By permitting contextualization of the entire image rather
than isolated patches, research utilizing transformer networks (ViT), hybrid CNN-
transformer models, or similar models could enhance feature extraction.

Real-Time Clinical Applications: Implementing the algorithm in a clinical setting,

providing support in real-time, could assist radiologists in making more accurate diagnoses.

In summary, the results of this study demonstrate that deep feature extraction in conjunction
with classification algorithms is highly effective in brain tumor discrimination. Intelligent
medical systems that improve diagnostic accuracy are made possible by the successful use of

hybrid models.

36




An Integrated Approach for Brain Tumor Detection using
Deep Feature Extraction and Machine Learning Classifiers.
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