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ABSTRACT

Brain tumors provide significant challenges in the healthcare industry, necessitating
precise and timely diagnosis to accomplish successful treatment and improve
patient outcomes. Magnetic Resonance Imaging (MRI) and Computed Tomography
(CT) are essential tools for detecting brain malignancies, with each method offering
distinct advantages. However, relying solely on one modality can limit the accuracy
of diagnosis. This initiative introduces an innovative approach that combines MRI
and CT scans to enhance the identification and classification of brain cancers. Our
technique aims to integrate the benefits of both modalities, while mitigating their
individual limitations, through the use of a 13-layer Convolution Neural Network and
picture fusion algorithms. The workflow involves the process of uploading MRI and
CT images into an interface, where a Convolutional Neural Network (CNN) uses a
picture fusion technique in the background. The classification result indicates the
presence, characteristics, or lack of a tumor. Furthermore, the outcomes can be
acquired via a website or mobile application, enhancing convenience and efficacy
for healthcare practitioners in diagnosing patients. The objective of this research is
to optimize the effectiveness and accuracy of brain tumor diagnosis, ultimately

resulting in enhanced patient care and treatment outcomes.
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CHAPTER 1
INTRODUCTION

A brain tumor is a highly lethal condition characterized by the rapid and uncontrolled
proliferation of brain tissue within the cranial cavity.lt has the potential to be either
harmless or cancerous. Malignant tumors have the ability to grow in size. Malignant
tumors rapidly spread over the adjacent brain tissue, while benign tumors typically
exhibit gradual growth. Nevertheless, benign tumors might pose a threat as their
rapid growth can impact nearby brain regions. Approximately 70% of tumors are
classified as benign, while the remaining 30% are categorized as malignant [1].
Currently, over 120 distinct types of brain tumors, such as meningioma, glioma, and
pituitary tumors, have been discovered and recognized. Meningioma tumors are the
most prominent primary brain tumors in the meninges, and they damage both the
brain and spinal cord. [2]. The International Association of Cancer Registries (IARC)
reports that India alone sees over 28,000 annual diagnoses of brain tumors,
resulting in more than 24,000 fatalities [3]. The prevalence of brain tumors in the
United States surpasses that of other nations. In 2019, around 86,970 cases of both

benign and malignant brain tumors were detected. [4].

The radiologist employs many experimental techniques to diagnose brain cancers,
such as biopsy, Cerebrospinal fluid (CSF) examination, and X-ray analysis. During
the biopsy procedure, a surgical operation is performed to extract a small piece of
tissue. The radiologist subsequently ascertains if the tissue contains a malignancy
or not. Nevertheless, the biopsy procedure carries numerous hazards, such as
inflammation and excessive bleeding. Additionally, its accuracy stands at a mere
49.1% [5]. Cerebrospinal fluid (CSF) is a transparent fluid that is present within the
brain. The radiologist analyzes the fluids in order to identify the presence of a brain
tumor. However, like biopsy, it carries numerous hazards such as bleeding from the
incision site into the bloodstream and the potential for an allergic reaction following

the procedure .

Similarly, exposing the skull to X-rays can result in an elevated risk of cancer due to
the radiation.Currently, imaging modalities are gaining popularity among



radiologists due to their higher accuracy and less risk to patients. Various
techniques are used to acquire medical imaging data, such as radiography,
magnetic resonance imaging (MRI), and Computer tomography (CT) .MRI provides
detailed anatomical information with exceptional soft tissue contrast, making it ideal
for visualizing brain structures and detecting abnormalities.CT scans offer rapid
image acquisition and high spatial resolution, facilitating the detection of

calcifications and bone involvement.

While both MRI and CT play crucial roles in clinical practice, using either modality
alone may not capture the full spectrum of tumor characteristics. MRI can be
susceptible to motion artifacts and distortions, while CT may lack sensitivity in
detecting certain tumor features. Therefore, healthcare providers often rely on the
complementary information provided by both modalities to enhance diagnostic
accuracy. However, integrating MRI and CT images presents challenges such as
differences in imaging techniques, spatial resolution, and contrast enhancement

protocols.

Recent advancements in deep learning have revolutionized automated image
analysis and interpretation, holding immense potential for revolutionizing medical
diagnostics. Convolutional Neural Networks (CNNs), a type of deep learning
algorithm, have demonstrated remarkable success in various image recognition
tasks, including object detection and classification. CNNs extract meaningful
features and patterns directly from raw visual data, enabling precise diagnosis by

capturing hierarchical representations.

This research introduces an innovative deep learning approach for brain tumor
detection by leveraging MRI and CT data. Our methodology aims to harness the
synergistic information provided by both modalities to enhance diagnostic precision
and reliability. The overarching goal is to develop a robust and scalable system for
automated brain tumor detection using advanced deep learning techniques such as
CNN and image fusion.

The primary objective of our research is to improve the efficiency and accuracy of

brain tumor diagnosis, ultimately leading to better patient outcomes. Our goal is to

2



integrate our advanced deep learning methodology into a user-friendly application,
providing healthcare practitioners with an accessible tool for rapidly and accurately
detecting tumors and determining their specific type. This project represents a
significant step towards leveraging cutting-edge technology to enhance medical

diagnostics and improve patient care.
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Fig:1.1 : Multi-view representation of brain tumor types



CHAPTER 2
LITERATURE SURVEY

Accurate brain tumor detection using deep convolutional neural network
[2022]

This study by Md. Saikat Islam Khan et.al [6] proposes a system for automatically
classifying brain tumors based on two deep learning models. The first model uses
a fine-tuned model with the attachment of the transfer learning-based VGG16
architecture for normal and abnormal brain images, replacing fully connected layers
with four dense layers. The second model uses a 23-layers CNN architecture for
classifying multiclass brain tumors, using 3064 MRI images for training. The
proposed framework outperforms previous studies on both large and small datasets,
and prevents overfitting in a small image dataset by merging the 23-layers CNN
framework with the transfer learning-based VGG16 model.The architecture
achieves prediction accuracy of 96.7%, 97.2%, and 99.5% for meningioma, glioma,
and pituitary tumors, respectively. The overall prediction accuracy is 97.8%. The
model's consistency and generality are demonstrated by an area value of 0.989.

The architecture also achieves over 85% training and validation accuracy.

Brain Tumor Detection and Classification Using Deep Learning and Sine-
Cosine Fitness Grey Wolf Optimization [2022]

The Brain Tumor Classification Model based on CNN by Hanaa ZainEldin et al. [7]
is an enhanced model for improving brain tumor diagnosis. It uses an adaptive
dynamic sine-cosine fitness grey wolf optimizer algorithm and pre-trained models
like Inception-ResnetV2 to achieve a binary 0 or 1 (0: Normal,1: Tumor) in brain
tumor diagnosis. The algorithm optimizes CNN hyperparameters, dividing the
population into exploration and exploitation groups, ensuring efficient exploration
and avoidance of local optima. The approach is evaluated against other classifiers
such as CNN, Decision Tree, Linear Discriminant, Support Vector Machine, and K-
Nearest Neighbor.



Brain Tumor Detection and Classification Using Convolutional Neural
Network and Deep Neural Network [2020]

The paper authored by Chirodip Lodh Choudhury et al. [8] highlights the role of
Computer-Aided Diagnosis and machine learning algorithms, particularly
Convolutional Neural Networks (CNN), in improving the accuracy of tumor detection
in brain MR images. The paper presents a model that uses deep neural networks
and CNN to classify MRI images as Tumor Detected Or Tumor Not Detected with a
accuracy score of 96.08% and an f-score of 97.3. The related work section
discusses various studies that have utilized deep learning algorithms like CNN for
brain tumor classification and segmentation, achieving high accuracy rates. The
proposed model consists of a 3-layered CNN architecture connected to Fully
Connected Neural Networks, with detailed descriptions of the model's design and
implementation using Keras and TensorFlow. Activation functions like ReLU and
Tanh are used in the model for improved convergence and performance. The study
emphasizes the potential of machine learning and deep learning techniques in
enhancing the accuracy and efficiency of brain tumor detection and classification

from MRI images.

An expert system for brain tumor detection: Fuzzy C-means with super
resolution and convolutional neural network with extreme learning machine
[2020]

Fatih Ozyurtbrain et al. [9] have developed a brain tumor detection method using
super-resolution fuzzy C-means and convolutional neural networks with extreme
learning machine algorithms. The method successfully segmented and removed
brain tumors from brain magnetic resonance images, with a 98.33% accuracy rate.
The SqueezeeNet architecture was used for feature extraction, and the study used
the Cancer Genome Atlas Glioblastoma Multiform database to study the method.
The proposed method involves obtaining MRI images, converting them to grayscale,
applying the super-resolution approach, realizing, augmentation of segmented
tumors, extracting features via SqueezeNet, and. Theclassifier's performance
depends on the number of neurons in the hidden layer and the activation function

used.



Brain tumor classification based on hybrid approach [2020]

The proposed system by Wadhah Ayadi et al. [10] uses normalization, dense
speeded up robust features, and histogram of gradient approaches to improve MRI
quality and generate a discriminative feature set. It achieved an accuracy of 90.27%
The method is based on sparse representation for image classification, which has
been used in various studies. The proposed scheme is more efficient than previous
methods, and the performance is better compared to other methods. The paper also
proposes a new capsule network architecture (CapsNets) for brain tumor
classification, which extracts features from segmented images and achieves an
accuracy of 78% using the whole image and 86.56% using the tumor-segmented
region.However the accuracy is very low when compared to other methods as well

as our proposed method.

Brain Tumor Detection and Classification on MR Images by a Deep Wavelet
Auto-Encoder Model [2021]

Here Isselmou Abd El Kader et al. [11] proposes a deep wavelet autoencoder model
called the "DWAE model" to divide input data slices into tumors (abnormal) or
normal ones. The model uses a high pass filter to show the heterogeneity of MRI
images and merges slices using a high median filter. The output slices are improved
through highlight edges and smoothened input MRI brain images. The seed growing
method is applied to cluster equal pixels with input MRI data. The model is
segmented into two layers, with 200 hidden units in the first layer and 400 hidden
units in the second. Softmax layer testing and training are performed to identify
normal and abnormal MRI images. The model's contribution lies in analyzing pixel
patterns of MRI brain images, detecting, and classifying tumors with high accuracy,
short time, and low loss validation. The model's performance was tested on 2500

MR brain images from various challenges.



CHAPTER 3
AIM AND SCOPE

The aim of this project is to create a proficient system for detecting brain tumors by
utilizing an image fusion technique that integrates data from Magnetic Resonance
Imaging (MRI) and Computed Tomography (CT). The main goal is to improve the
precision and dependability of brain tumor diagnosis by utilizing the combined
advantages of both modalities. Through the incorporation of sophisticated image
processing algorithms and machine learning approaches. Furthermore, the
objective of this study is to categorize the identified malignancies into distinct
classifications, hence offering significant data for accurate diagnosis and treatment
strategizing. The research will concentrate on the development of image fusion

algorithms to efficiently merge MRI and CT images.

The Convolutional Neural Network is used as the main method for detecting and
categorizing tumors. The deep learning architectures are trained on fused MRI-CT
images in order to acquire discriminative features that are linked to various types of
tumors. Furthermore, the research will prioritize the classification of the discovered
tumors into several categories, including gliomas, meningiomas, and pituitary if
present. The CNN models will undergo training to autonomously recognize and
distinguish various tumor classifications by analyzing their distinct features collected

from the combined images.

The suggested system will be assessed using a broad range of measures, such as
accuracy, precision, recall, F1 score, and specificity. The assessment will be
performed using benchmark datasets that have accurate annotations to evaluate
the diagnostic accuracy and clinical significance of the system. The brain tumor
detection system under development will prioritize clinical applicability and usability.
Engaging in collaboration with medical professionals will guarantee that the system
fulfills the demands of practical clinical environments, such as seamless integration

with current medical imaging workflows and strict compliance with regulatory norms.



The scope of the project encompasses several key aspects such as

Image Fusion: The project involves the fusion of MRI and CT images to leverage
the complementary information provided by each modality. Image fusion
techniques will be employed to enhance the diagnostic capabilities of the
system.

Convolutional Neural Networks (CNNs): CNNs will be utilized for feature
extraction and classification of brain tumor images. These deep learning models
have demonstrated exceptional performance in image recognition tasks and are
well-suited for medical image analysis.

Automated Diagnosis: The developed system will provide automated detection
and classification of brain tumors based on input MRl and CT images. This
automation aims to streamline the diagnostic process and reduce the reliance
on manual interpretation by healthcare practitioners.

User Interface: The project will feature a user-friendly interface for uploading MRI
and CT images and displaying the diagnostic results. The interface may include
web-based and mobile application components to ensure accessibility and ease
of use.

Performance Evaluation: The performance of the automated system will be
evaluated using standard metrics such as accuracy, precision, recall, specificity,
and F1 score.

Deployment: Upon successful development and evaluation, the system will be
deployed for real-world applications in healthcare settings. This deployment may
involve collaboration with medical professionals for validation and integration

into clinical workflows.



CHAPTER 4
PROJECT DESCRIPTION

4.1 EXISTING SYSTEMS

MRI-based Approaches

MRI is widely regarded as the gold standard imaging modality for brain tumor
detection due to its excellent soft tissue contrast and ability to visualize anatomical
structures in detail. Various MRI sequences, such as T1-weighted, T2-weighted,
and contrast-enhanced MRI, provide valuable information about tumor morphology,
location, and vasculature. Additionally, advanced MRI techniques like diffusion-
weighted imaging and magnetic resonance spectroscopy offer insights into tumor
cellularity and metabolic activity, respectively. Several studies have demonstrated
the efficacy of MRI in detecting brain tumors, achieving high sensitivity and

specificity rates.

CT-based Approaches

CT imaging offers superior spatial resolution compared to MRI, making it suitable
for detecting calcifications, hemorrhages, and bone abnormalities associated with
certain types of brain tumors. While CT lacks the soft tissue contrast of MRI, it
remains a valuable tool in the initial assessment of patients with suspected brain
tumors, particularly in emergency settings where rapid diagnosis is crucial. CT is

also valuable for monitoring changes in tumor size and location over time.

4.2 PROPOSED SYSTEM

Despite the strengths of MRI and CT in brain tumor detection, each modality has
inherent limitations. MRI may suffer from artifacts, such as motion artifacts or
susceptibility artifacts, which can degrade image quality and affect diagnostic
accuracy. Additionally, MRI is relatively expensive, time-consuming, and may not
be suitable for patients with certain medical implants or conditions. On the other
hand, CT may not provide sufficient soft tissue contrast for accurate differentiation

of tumor types or characterization of tumor boundaries.



While several studies have investigated the use of machine learning algorithms and
image processing techniques for brain tumor detection using MRI or CT data, there
is a lack of research on fusion techniques combining both modalities. Most existing
approaches focus on exploiting the strengths of individual modalities rather than
integrating information from multiple sources. As a result, there is untapped potential
in developing fusion techniques that combine the complementary advantages of

MRI and CT for more accurate and comprehensive brain tumor detection.

In light of these considerations, there is a need for novel approaches that leverage
the complementary strengths of MRI and CT through image fusion techniques. By
integrating information from both modalities, fusion-based approaches have the
potential to overcome the limitations of individual imaging techniques and enhance
the accuracy and reliability of brain tumor detection. The proposed project aims to
address this gap in the existing literature by developing and evaluating a fusion-
based approach for brain tumor detection using MRI and CT images with the help
of CNN. CNNs are a class of deep learning models commonly used in image

processing tasks.

4.2.1 Standards

In this proposed project, the objective is to develop a CNN-based brain tumor
detection system utilizing MRI and CT image fusion techniques. The project will
involve training and evaluating deep neural network models, including CNNs,
implemented using appropriate frameworks such as TensorFlow. The models will be
trained on a dataset comprising MRI and CT images of brain tumors, with
performance assessed based on metrics such as accuracy, precision, recall, F1
score, and specificity. The standard for this project entails a rigorous experimental
setup, encompassing data preprocessing, model training with optimized
hyperparameters, and validation on separate test datasets. Additionally,
comprehensive evaluation using established metrics will be conducted to assess
the effectiveness of the proposed system in accurately detecting and classifying
brain tumors. Furthermore, the comparison of results will consider factors such as
computational efficiency, robustness to noise, and the visual quality of the fused
images. Through meticulous experimentation and analysis, the study aims to

identify the most effective CNN-based model for brain tumor detection, with the

10



potential for enhanced diagnostic accuracy and improved patient outcomes.

4.2.2 Constraints

Hardware Constraints:

Availability of Sufficient GPU Resources: Training deep neural networks for MRI
and CT image fusion, especially CNNs, may require access to high-performance
GPUs for efficient training due to the computational complexity of the models
and the size of the image datasets.

Memory Constraints: The large size of MRI and CT image datasets, coupled with
the complexity of neural network architectures, may necessitate significant
memory resources. Ensuring that hardware has sufficient RAM to accommodate

the data and model parameters is essential for efficient training and inference.

Software Constraints:

Compatibility with Deep Learning Frameworks: Ensure that all deep learning
frameworks and libraries required for implementing and training CNN models,
such as TensorFlow, are compatible with the development environment used for
the project.

Python Environment Setup: Proper setup of the Python environment, including
version compatibility of libraries and frameworks, is crucial for smooth execution

of the proposed CNN-based brain tumor detection project.

Model Constraints:

Model Selection and Architecture: Choosing appropriate CNN architectures
tailored to the task of brain tumor detection using MRI and CT image fusion is
critical. Experimentation with different architectures, such as convolutional
layers, pooling layers, and fusion techniques, may be necessary to achieve

optimal performance.

Training Strategies:

Implementing effective training strategies such as batch normalization, learning
rate scheduling, and regularization techniques is essential to prevent overfitting

and ensure convergence of the CNN models. Additionally, due to the variability

11



in brain tumor characteristics, robust training strategies may be required to

handle diverse tumor types and imaging conditions.

4.2.3 Trade Off

Complexity and Computational Cost:

The CNN models used for brain tumor detection may vary in complexity
depending on the architecture chosen. Deeper architectures may require more
computational resources, especially during training, potentially increasing
computational costs.

Ensuring efficient use of computational resources is crucial, particularly when
dealing with large datasets and complex neural network architectures. While
deeper models may offer higher accuracy, they may also come with increased

computational demands.

Quality of Detection and Classification:

The quality of tumor detection and classification in MRl and CT image fusion
CNN models is paramount. While complex architectures may offer higher
accuracy, simpler models may suffice for certain applications, striking a balance
between computational cost and performance.

It's essential to evaluate the trade-off between model complexity and
performance, ensuring that the chosen model architecture achieves high
accuracy in detecting and classifying brain tumors while remaining

computationally feasible for real-world deployment.

Generalization and Robustness:

CNN models for brain tumor detection must generalize well to various tumor
types and imaging conditions encountered in clinical practice. Robustness to
variations in image quality, tumor characteristics, and imaging modalities is
crucial for reliable diagnosis.

While complex models may offer higher accuracy on the training dataset, simpler
models with fewer parameters may generalize better to unseen data, potentially

enhancing robustness and reliability in real-world scenarios.

12



Interpretability and Explainability:

e The interpretability of CNN models used for brain tumor detection is essential for
clinical acceptance and trust. While complex architectures may offer higher
accuracy, simpler models with transparent decision-making processes may be
more interpretable for clinicians.

e Ensuring that the model's predictions can be explained in a clinically meaningful
way is crucial for gaining insights into the diagnostic process and building trust

among healthcare professionals.

Training Stability and Convergence:

e Stable training and convergence of CNN models are necessary to achieve
reliable and accurate brain tumor detection. While complex architectures may
offer higher accuracy, they may also be prone to training instability, requiring
careful optimization of hyperparameters and training strategies.

e Balancing model complexity with training stability is essential, ensuring that the
chosen architecture converges reliably and achieves high accuracy in detecting

brain tumors across different imaging conditions and patient populations.

4.3 ALGORITHM USED

Convolutional Neural Networks (CNNs) have revolutionized various fields,
particularly in computer vision, due to their remarkable ability to automatically learn
hierarchical features from raw input data. In the context of medical imaging, CNNs
play a crucial role in tasks such as brain tumor detection using MRI and CT images.
CNNs excel at extracting intricate patterns and spatial relationships from images,
making them well-suited for tasks requiring precise analysis of medical scans. In
this project, a CNN architecture is employed to detect and classify brain tumors by
processing MRI and CT images, thus aiding clinicians in accurate diagnosis and
treatment planning. Working Layers of the CNN: The CNN architecture utilized in
this project comprises several key layers, each serving a specific function in the

feature extraction and classification process.

13



Essential elements of a Convolutional Neural Network (CNN) consist of:

e Convolutional Layers: These layers employ convolution operations on the input
data. Convolution is a process where a filter/kernel is moved over the input
image, and each local region of the image is multiplied with the corresponding
elements of the filter. The results of these multiplications are then added
together. This procedure facilitates the network in identifying features such as
edges, textures, and patterns.

e Pooling Layers: Pooling layers perform downsampling on the feature maps
generated by convolutional layers, effectively lowering their dimensionality.

e Activation Functions: Non-linear activation functions, such as RelLU (Rectified
Linear Activation), are used to include non-linearity into the network. This
enables the network to understand and learn intricate connections between
different features.

e Fully Connected Layers: Fully connected layers establish connections between
every neuron in one layer and every neuron in the subsequent layer, allowing
the network to acquire and utilize high-level characteristics for making
predictions.

e Normalization Layers: Methods such as Batch Normalization are frequently
employed to stabilize and expedite the training of Convolutional Neural Networks

(CNNs) by normalizing the activations of each layer.

At the outset, the input MRI and CT images undergo preprocessing, including
resizing and normalization, to ensure consistency and facilitate efficient
computation. Subsequently, the CNN consists of multiple convolutional layers
responsible for extracting hierarchical features from the input images. These
convolutional layers employ learnable filters to convolve across the input images,
capturing local patterns and features. As the CNN progresses, it incorporates
additional layers such as activation functions, pooling layers, and dense layers to
enhance feature representation and enable classification. Activation functions, such
as Rectified Linear Units (ReLU), introduce non-linearity to the network, enabling it
to learn complex mappings between input and output. Pooling layers, such as max
pooling, downsample feature maps, reducing spatial dimensions while retaining

important features. Finally, dense layers, also known as fully connected layers,

14



aggregate features and perform classification based on learned representations.

EfficientNet is a state-of-the-art CNN architecture known for its scalability and
efficiency, achieved through a balanced combination of depth, width, and resolution.
The EfficientNet blocks consist of multiple layers, including depthwise separable
convolutions, squeeze-and-excitation mechanisms, and feature scaling operations.
Depthwise separable convolutions reduce computational complexity by factorizing
standard convolutions into separate depthwise and pointwise convolutions, resulting
in significant parameter reduction. Squeeze-and-excitation mechanisms recalibrate
channel-wise features adaptively, enhancing the representation of informative

features.

Output Layer and Training Process: The output layer of the CNN typically comprises
softmax activation for multi-class classification tasks or sigmoid activation for binary
classification tasks. During training, the CNN learns to minimize a predefined loss
function, such as categorical cross-entropy or binary cross-entropy, by adjusting its
parameters through optimization algorithms like stochastic gradient descent or
Adam. Backpropagation is used to compute gradients of the loss function with

respect to the network parameters, facilitating efficient parameter updates.

Once trained, the CNN model is evaluated on a separate validation dataset to
assess its performance metrics, including accuracy, precision, recall, F1-score, etc.
These metrics provide insights into the model's ability to generalize to unseen data
and its effectiveness in detecting and classifying brain tumors. During inference, the
trained CNN accepts unseen MRI and CT images as input and produces predictions
regarding the presence and type of brain tumor, thus assisting clinicians in making
informed decisions regarding patient diagnosis and treatment. Overall, the CNN
architecture employed here represents a powerful tool for brain tumor detection and
classification, leveraging the inherent capabilities of deep learning in medical image

analysis.
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4.3.1 CNN Layers

A convolutional neural network (CNN) architecture comprising 13 layers was utilized
for brain tumor detection. The model begins with an input layer defining the shape
of the input data. It is followed by a series of convolutional layers (Conv2D)

responsible for extracting features from the input images. After each convolutional

conwv2d__input input: [(INone, 150, 150, 3)]
Inputlayer output: [(INone, 150, 150, 3)]
conwv2d input: (None, 150, 150, 3)
Conv2D output: (None, 148, 148, 32)
max_pooling2d input: (None, 148, 148, 32)
MaxPooling2DD output: (MNone, 74, 74, 32)
conv2d_ 1 input: (MNone, 74, 74, 32)
Conwv2ZD output: (MNone, 72, 72, 64)

b

max_pooling2d_ 1

input:

(None, 72, 72, 64)

MaxPooling2ID

output:

(INone, 36, 36, 64)

conv2d 2

input:

(MNone, 36, 36, 64)

Conv2D»

output:

(None, 34, 34, 128)

max_pooling2d_ 2

input:

(None, 34, 34, 128)

MaxPooling2I»

output:

(None, 17, 17, 128)

conv2d_ 3

input:

(None, 17, 17, 128)

Conwv2D

outpuit:

(None, 15, 15, 128)

max_pooling2d_3 input: (MNone, 15, 15, 128)
MaxPooling2ID output: (MNone, 7, 7, 128)
h
flatten input: (None, 7, 7, 128)

Flatten outpuit: (None, 6272)

dense input: (INone, 6272)

Dense output: (INone, 1024)
dropout input: (None, 1024)
Dropout output: (MNone, 1024)
dense_ 1 input: (None, 1024)

Dense output: (INone, <)

Fig 4.1 CNN Layers
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layer, max pooling layers (MaxPooling2D) are applied to reduce the spatial

dimensions of the feature maps, aiding in feature extraction and computational

efficiency.

This process is repeated multiple times, with alternating convolutional and max

pooling layers, to progressively extract higher-level features. Finally, a dense layer

(Dense) is employed for classification, where the extracted features are flattened

and fed into a fully connected neural network for making predictions. The

combination of these layers forms a deep learning model capable of accurately

detecting brain tumors from medical images.

Input Layer: The input layer serves as the entry point for data into the neural
network. It defines the shape and format of the input data that the network will
process. For image data, the input layer typically specifies the dimensions of the
images (e.g., height, width, and number of channels). Each dimension in the

input shape corresponds to a specific feature or attribute of the data.

Convolutional Layer (Conv2D): Convolutional layers are responsible for
performing the core operation of convolution, which involves applying learnable
filters (also known as kernels) to the input data. Each filter scans across the input
data, performing element-wise multiplication with a local region of the input and
summing the results to produce a single value in the output feature map. By
learning appropriate filter weights during training, convolutional layers can
extract hierarchical features from the input data, such as edges, textures, and

shapes.

Pooling Layer (MaxPooling2D, AveragePooling2D): Pooling layers are used
to downsample the spatial dimensions of the feature maps obtained from the
convolutional layers. Max pooling and average pooling are the two common
types of pooling operations. In max pooling, the maximum value within each local
region (typically defined by a pooling window) is retained in the output feature
map, while average pooling computes the average value. Pooling helps reduce
the computational burden of subsequent layers, decrease overfitting, and
increase the receptive field of the network.
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Flatten Layer: The flatten layer is responsible for converting the multi-
dimensional feature maps obtained from the convolutional and pooling layers
into a one-dimensional vector. This transformation is necessary to prepare the
data for processing by fully connected layers. The flatten layer essentially
collapses the spatial information of the feature maps into a single vector, with

each element representing a specific feature or attribute.

Fully Connected Layer (Dense): Fully connected layers, also known as dense
layers, are traditional neural network layers where each neuron is connected to
every neuron in the previous layer. These layers perform a weighted sum of the
input values followed by an activation function to produce the output. Fully
connected layers are typically used in the latter part of CNN architectures for
tasks such as classification or regression, where high-level semantic information

is required.

Dropout Layer (Dropout): Dropout layers are a form of regularization used to
prevent overfitting in neural networks. During training, dropout randomly sets a
fraction of the input units to zero with a probability defined by the dropout rate.
This effectively introduces noise into the network and prevents neurons from
relying too heavily on specific features, encouraging the network to learn more

robust and generalizable representations.

Each of these layers plays a crucial role in the architecture of a CNN, contributing

to the network's ability to learn hierarchical representations from raw input data and

make accurate predictions for various tasks. By combining these layers in different

configurations, CNNs can achieve state-of-the-art performance in tasks such as

image classification, object detection, and semantic segmentation.
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The fourteen layers used are
e Input Layer (conv2d_input/InputLayer)

e Convolutional Layer 1 (Conv2D)

e MaxPooling Layer 1 (MaxPooling2D)
e Convolutional Layer 2 (Conv2D)

e MaxPooling Layer 2 (MaxPooling2D)
e Convolutional Layer 3 (Conv2D)

e MaxPooling Layer 3 (MaxPooling2D)
e Convolutional Layer 4 (Conv2D)

e MaxPooling Layer 4 (MaxPooling2D)
e Convolutional Layer 5 (Conv2D)

e MaxPooling Layer 5 (MaxPooling2D)
e Convolutional Layer 6 (Conv2D)

e MaxPooling Layer 6 (MaxPooling2D)
e Flatten Layer (Flatten)

e Dense Layer 1 (Dense)

e Dropout Layer (Dropout)

e Dense Layer 2 (Dense)

¢ Input Layer (conv2d_input/InputLayer): This is the input layer of the CNN,
where the input images are fed into the network. The input shape is (150, 150,
3), indicating images with a height and width of 150 pixels and 3 color channels
(RGB).

e Convolutional Layer (conv2d/Conv2D): This layer applies convolutional filters
to the input images to extract features. The output shape is (None, 148, 148, 32),
indicating 32 feature maps with a size of 148x148.

e MaxPooling Layer (max_pooling2d/MaxPooling2D): Max-pooling is applied
to reduce the spatial dimensions of the feature maps and retain the most
important information. The output shape is (None, 74, 74, 32), indicating the
feature maps are downsampled by a factor of 2.

e Convolutional Layer (conv2d_1/Conv2D): Another convolutional layer is
applied to further extract higher-level features from the downsampled feature
maps. The output shape is (None, 72, 72, 64), indicating 64 feature maps with a
size of 72x72.

19



MaxPooling Layer (max_pooling2d_1/MaxPooling2D): Another max-pooling
layer is applied to further reduce the spatial dimensions of the feature maps. The
output shape is (None, 36, 36, 64), indicating further downsampling by a factor
of 2.

Convolutional Layer (conv2d_2/Conv2D): Another convolutional layer is
applied to extract even higher-level features from the downsampled feature
maps. The output shape is (None, 34, 34, 128), indicating 128 feature maps with
a size of 34x34.

MaxPooling Layer (max_pooling2d_2/MaxPooling2D): Another max-pooling
layer is applied to further reduce the spatial dimensions of the feature maps. The
output shape is (None, 17, 17, 128), indicating further downsampling by a factor
of 2.

Convolutional Layer (conv2d_3/Conv2D): Another convolutional layer is
applied to extract even higher-level features from the downsampled feature
maps. The output shape is (None, 15, 15, 128), indicating 128 feature maps with
a size of 15x15.

MaxPooling Layer (max_pooling2d_3/MaxPooling2D): Another max-pooling
layer is applied to further reduce the spatial dimensions of the feature maps. The
output shape is (None, 7, 7, 128), indicating further downsampling by a factor of
2.

Flatten Layer (flatten/Flatten): This layer flattens the 3D feature maps into a
1D vector, preparing them for input into the fully connected layers. The output
shape is (None, 6272), indicating a flattened vector of length 6272.

Dense Layer (dense/Dense): A fully connected dense layer with 1024 neurons
is applied to the flattened feature vector. The output shape is (None, 1024),
indicating a vector of length 1024.

Dropout Layer (dropout/Dropout): Dropout is applied to regularize the model
and prevent overfitting by randomly dropping a fraction of neurons during
training. The output shape remains unchanged at (None, 1024).

Dense Layer (dense_1/Dense): Another fully connected dense layer with 4
neurons is applied to produce the final output.The output shape is (None, 4),
indicating the probabilities for each of the 4 classes (glioma, meningioma,

notumor, pituitary).
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These layers form the architecture of the CNN model, where convolutional and
pooling layers extract and process features from the input images, and fully
connected layers make predictions based on the extracted features. The dropout
layer helps prevent overfitting by introducing randomness during training, and the

final dense layer produces the classification output.

4.4 REQUIREMENT SPECIFICATIONS
4.4.1 HARDWARE REQUIREMENTS:

e Processor: i5

e Speed: 2.5 GHz

¢ RAM: 4GB (min)

e Hard Disk: 500 GB

o Keyboard: Standard Windows Keyboard
e Mouse: Two or Three Button Mouse

e Monitor: LCD, LED

4.4.2 SOFTWARE REQUIREMENTS

e Operating System: Windows 7/8/10
e Server: Anaconda

e Front End: flask,

e Server-side Script: Python, jupyter

4.4.3 LIBRARY SPECIFICATION

TensorFlow 2.9.1

TensorFlow is a machine learning framework created by Google Brain that is open-
source and used for constructing and training neural networks. Initially launched in
2015, this library has gained significant popularity and is now extensively utilized for
machine learning and deep learning purposes. TensorFlow offers a versatile and
extensive environment for creating and implementing machine learning models on

different platforms and devices.
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Notable characteristics of TensorFlow includes , it employs a dataflow graph to
depict computational processes, with nodes symbolizing mathematical operations
and edges symbolizing the movement of tensors (multi-dimensional arrays). The
utilization of a graph-based methodology enables the efficient implementation and

enhancement of intricate neural network structures.

TensorFlow incorporates automatic differentiation functionality, enabling users to
calculate gradients of mathematical expressions in relation to variables. This
property is crucial for training neural networks using gradient-based optimization
methods like stochastic gradient descent.TensorFlow provides flexibility in model
creation by offering support for many degrees of abstraction, ranging from low-level
operations to high-level APIs such as Keras. Users have the option to select the
level of abstraction that is most suitable for their requirements, whether they desire
detailed control over the structure of the model or prefer to quickly prototype using

pre-existing components.

TensorFlow is engineered to effortlessly expand its capacity across numerous CPUs
and GPUs, facilitating the parallel training of extensive machine learning models. It
provides support for distributed computing frameworks like TensorFlow Extended
(TFX) and TensorFlow Serving, enabling the deployment of models in production

contexts.

TensorFlow offers a wide range of frameworks and tools that may be used to
enhance its functionality, making it very extensible. These components consist of
TensorFlow Addons, which provides supplementary machine learning operations,
TensorFlow Lite, which enables model deployment on mobile and embedded

devices, and TensorFlow.js, which facilitates model execution in web browsers.

Applications:
TensorFlow is extensively utilized in diverse industries and fields for a broad
spectrum of machine learning and deep learning applications, encompassing:

e Categorizing images and detecting objects

e Processing natural language and generating text
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e Recognizing and synthesizing speech
e Advancing reinforcement learning and robotics

e Forecasting time series and detecting anomalies

Community and Support:

TensorFlow benefits from a substantial and engaged community of developers,

academics, and practitioners. This community actively contributes to the

advancement of TensorFlow and offers support through forums, documentation,

and tutorials. The TensorFlow website provides a wide range of tools for acquiring

knowledge about TensorFlow, including as user-friendly instructions for beginners,

in-depth courses for advanced users, and official documentation.

Under tensorflow multiple APl , Modules are used , they are

TensorFlow Keras is a neural networks API that operates at a higher level than
TensorFlow. It offers a user-friendly interface for constructing and training deep
learning models. Keras was initially created as a standalone library, but it was
subsequently incorporated into TensorFlow to function as its official high-level
API. The platform provides a straightforward and clear method for building neural
networks, simplifying the intricacies of low-level TensorFlow operations. Keras
enables developers to rapidly prototype and explore different designs, such as
convolutional neural networks (CNNs) and recurrent neural networks (RNNs),

among others.

It leverages TensorFlow's robust backend to efficiently perform computations on
GPUs and TPUs. TensorFlow Keras provides an extensive selection of pre-
existing layers, activation functions, optimizers, and loss functions, catering to
both novices and seasoned practitioners in the field of deep learning. Keras also
offers assistance for sophisticated functionalities like model subclassing and
custom layers, which enable more freedom and customisation in the creation of
intricate neural network structures. TensorFlow Keras is a flexible and user-
friendly tool that facilitates the construction and training of deep learning models.
It empowers researchers and developers to easily innovate in the field of artificial

intelligence.
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The tensorflow.keras.layers module is a component of the TensorFlow library
that offers a diverse selection of pre-defined layers for constructing neural
networks. These layers function as the fundamental components for developing
many types of deep learning models, such as convolutional neural networks

(CNNSss), recurrent neural networks (RNNs), and others.

The utilized layers include: Dense Layer (Dense): This layer is totally linked,
meaning that each neuron is coupled to every neuron in the preceding layer.The
activation layer applies an activation function to the output of the previous layer,
hence adding non-linearity into the network.The Dropout Layer (Dropout) is
utilized for regularization by randomly excluding a fraction of neurons during
training in order to mitigate overfitting.The Convolutional Layer (Conv2D) is
utilized to perform 2D convolution operations, commonly employed in
convolutional neural networks (CNNs) to extract features from input data.The
Pooling Layer (MaxPooling2D) is utilized to decrease the spatial dimensions of

feature maps by selecting the maximum values within a predetermined window.

This technique is often employed in Convolutional Neural Networks (CNNs) to
downsample the data.The Batch Normalization Layer (BatchNormalization) is
utilized to normalize the activations of the preceding layer, which helps in
enhancing training stability and expediting convergence.The Flatten Layer
(Flatten) is utilized to convert the input data into a one-dimensional array. This is

commonly done prior to connecting it to a fully connected layer.

The tensorflow.keras.optimizers is a module in TensorFlow provides a collection
of optimization algorithms used to train neural networks by minimizing the loss
function during the training process. These optimization algorithms adjust the
model parameters (weights and biases) iteratively to minimize the loss and

improve the model's performance. Two optimizers are used here
Adam Optimizer (Adam):Adam is an acronym for "Adaptive Moment Estimation”
and serves as an expansion of stochastic gradient descent (SGD).This optimizer

incorporates the benefits of two well-known optimizers, AdaGrad and
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RMSProp.Adam adjusts the learning rates for individual parameters during
training by considering the previous gradients and their squared values.The
adjustable learning rate mechanism of Adam makes it highly suitable for training
deep neural networks with big and intricate datasets.lts robustness and

usefulness in various settings make it a popular choice.

Adamax Optimizer (Adamax):Adamax is a variant of the Adam optimizer
designed to be more robust to the choice of hyperparameters, particularly the
learning rate.lt is based on the infinity norm, which is a simple way to measure
the size of a vector.Unlike Adam, which uses the L2 norm of the past gradients,
Adamax uses the infinity norm for updating the parameters..Adamax is known
for its simplicity and stability, making it a popular choice in many deep learning

applications.

Both Adam and Adamax are adaptive optimization algorithms that efficiently
update the model parameters during training, allowing neural networks to

converge faster and achieve better performance.

The tensorflow.keras.metrics module in TensorFlow provides a collection of
predefined metrics used to evaluate the performance of machine learning
models during training and inference. These metrics measure various aspects

of model performance, such as accuracy, precision, recall, F1-score, and more.

Some commonly used metrics include:

Accuracy: Measures the proportion of correctly classified instances out of the
total number of instances.

Precision: Measures the proportion of true positive predictions out of all positive
predictions, indicating the model's ability to avoid false positives.

Recall: Measures the proportion of true positive predictions out of all actual
positive instances, indicating the model's ability to identify all relevant instances.
F1-score: Harmonic mean of precision and recall, providing a balanced measure
of a model's performance.

categorical_crossentropy: It is actually a loss function rather than a metric. It is
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commonly used in multi-class classification tasks when the target variable is
categorical and one-hot encoded. The categorical crossentropy loss measures
the discrepancy between the true distribution of class labels and the predicted
distribution, often used to train neural networks using gradient descent-based

optimization algorithms.

Regularizers module provides various functions for applying regularization
techniques to neural network layers. Regularization is a technique used to
prevent overfitting by adding a penalty term to the loss function, encouraging the

model to learn simpler and smoother patterns.

The tensorflow.keras.preprocessing.image module is an integral component of
TensorFlow's Keras APl and offers an extensive array of capabilities for
manipulating image data in deep learning endeavors. The software provides
capabilities for loading, preprocessing, and enhancing image datasets,
simplifying the process of preparing image data for training deep neural network.
ImageDataGenerator is a powerful tool in this module which allows to generate
batches of augumented images on-the-fly, enhancing the diversity and size of
training dataset.we can apply various transofrmations to the images such as
roatation , width shift , height shift, shear, zoom , horizontal and vertical flipping,

brightness adjustments, and more.

The tensorflow.keras.models module provides classes and functions for
constructing, loading, and working with deep learning models in TensorFlow
Keras. The functionalities provided by this module are

Sequential, itis a class used to create a linear stack of layers in a neural network
model.lt allows you to easily build a model by adding layers sequentially, without
specifying explicit connections between layers.Sequential models are suitable
for simple architectures where each layer feeds its output to the next layer in the
stack.

Model, is a class used to create arbitrary neural network architectures by
defining input and output tensors and connecting layers accordingly.It provides
a flexible way to create complex models with multiple inputs, multiple outputs,
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shared layers, and custom connections between layers.With the Model class,
you have full control over the architecture of your neural network, enabling you
to build a wide range of models, including functional APl models.load_model , it
is a function used to load a saved Keras model from disk.It allows you to reload
a trained model and continue training, make predictions, or perform other
operations without retraining the model from scratch.Models can be saved in the

HDF5 format using the save method of the Model class.

Numpy

NumPYy is a robust numerical computing toolkit designed for Python. It has extensive

support for handling big arrays and matrices with multiple dimensions. Additionally,

it provides a diverse collection of mathematical functions that can be applied to

these arrays in an efficient manner. Below is a concise summary of the principal

characteristics and capabilities of NumPy

Arrays, The primary object in NumPYy is the ndarray, which is a multi-dimensional
array capable of storing elements of a uniform data type.

Arrays can be multidimensional, with the ability to have any number of
dimensions, such as 1D, 2D, 3D, and so on. This allows for the efficient
representation of data structures like vectors, matrices, and tensors.

Creating an array, NumPy has a variety of array creation functions, including
numpy.array(), numpy.zeros(), numpy.ones(), numpy.arange(),
numpy.linspace(), and more.These functions enable you to generate arrays with
predetermined forms and populate them with either zeros, ones, or sequences
of integers.

Operations on arrays ,NumPy provides extensive support for various
mathematical operations on arrays, such as arithmetic operations, element-wise
functions (e.g., numpy.sin(), numpy.cos(), numpy.exp()), linear algebra
operations (e.g., matrix multiplication, inversion, eigenvalue computation),
statistical operations (e.g., mean, median, standard deviation), and
more.NumPy's optimized, compiled C code implementation enables efficient
execution of these operations on huge arrays.

Indexing and slicing , It refer to the process of accessing specific elements or
subsets of elements from a sequence, such as a list or a string.NumPy provides

the capability to access and modify array items by indexing and slicing, which is
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similar to how Python lists are handled.Arrays can be indexed using integer
indices or slices, and conditional indexing can be done using boolean arrays
(masks).

Broadcasting, NumPy facilitates broadcasting, which is a robust system that
enables arithmetic operations to be executed on arrays with varying
forms.Broadcasting is a technique used in broadcasting where arrays with
smaller forms are adjusted to fit the shape of larger arrays. This allows for
element-wise operations to be performed without the need for explicit loops.
Generation of random numbers ,NumPy contains a submodule known as
numpy.random that is used for generating random numbers and random
samples from different probability distributions.This submodule offers a variety
of functions, such as numpy.random.rand(), numpy.random.randn(),
numpy.random.randint(), and others, which allow for the generation of random
numbers with various distributions.

Interoperability with External Libraries ,NumPYy is a crucial component for various
Python libraries in the scientific computing ecosystem, such as SciPy, Pandas,
Matplotlib, and TensorFlow.

It enables compatibility with various libraries, facilitating smooth integration of
mathematical calculations into broader data analysis, visualization, and machine
learning processes.

NumPy is a comprehensive library that serves as the basis for numerical
computing in Python. It allows for efficient manipulation and analysis of
numerical data for scientific computing, data analysis, machine learning, and

other applications.

Pandas

Pandas is a powerful and widely-used open-source data manipulation and
analysis library for Python. It provides easy-to-use data structures and functions
for efficiently handling structured data, making it an essential tool for data

scientists, analysts, and developers working with tabular and time series data.

Here's an overview of the key features and functionalities of Pandas

DataFrame: The core data structure in Pandas is the DataFrame, a two-
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dimensional labeled data structure with columns of potentially different data
types.DataFrames can be thought of as similar to tables in a relational database
or spreadsheets, with rows and columns.

Series: Pandas also provides the Series data structure, which is a one-
dimensional labeled array capable of holding any data type (e.g., integers,
strings, floats, Python objects).Series are often used to represent a single
column of data within a DataFrame.

Data Input/Output: Pandas supports reading and writing data from various file
formats, including CSV, Excel, JSON, SQL databases, and more.

Data Cleaning and Transformation: Pandas offers a wide range of functions for
cleaning, transforming, and reshaping data, including handling missing values,
removing duplicates, converting data types, merging and joining datasets,
pivoting, melting, and more.These functions make it easy to prepare data for
analysis and visualization.

Indexing and Selection: Pandas provides powerful indexing and selection
capabilities, allowing you to access, subset, and manipulate data using labels,
integer indices, boolean arrays, or a combination of these.

Grouping and Aggregation: Pandas supports grouping data based on one or
more keys and performing aggregation operations such as sum, mean, median,
min, max, count, etc., on the grouped data. The "groupby()" function is commonly
used for grouping data, followed by aggregation using functions like "agg()’,
“sum()’, ‘'mean()’, etc.

Overall, Pandas is a versatile and user-friendly library that simplifies data
manipulation and analysis tasks in Python. Its rich set of features and intuitive
syntax make it an indispensable tool for working with structured data in a variety

of domains, including data science, finance, economics, and more.

Shutil

The shutil library in Python, short for "shell utilities," provides a collection of high-

level operations on files and directories. It's particularly useful for tasks involving file

management, copying, moving, archiving, and deleting files or entire directory trees.

Some of the common functionalities of shutil include

Copying files ( shutil.copy(), shutil.copy2() ): Copies a single file or multiple files
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from one location to another, preserving metadata like timestamps.

Moving files ( shutil.move() ): Moves a file or directory to a new location. Unlike
the os.rename() function, shutil.move() can move files across different
filesystems.

Removing files or directories (shutil.rmtree()): Deletes a directory tree,
including all its files and subdirectories. Use with caution, as it permanently
deletes files.

Archiving operations ( shutil.make_archive() ): Creates an archive file (e.g., zip
or tar) containing the contents of a directory or file. This is useful for compressing
and packaging files for distribution or backup.

File and directory utility functions: shutil.disk usage(), shutil.chown(),
shutil.which(), and others provide additional utilities for working with files and

directories.

Overall, the shutil library simplifies common file operations, providing a more

intuitive and robust interface compared to lower-level file manipulation functions in
Python.

Sklearn

The sklearn.model_selection module in scikit-learn (or sklearn) provides tools for
model selection and evaluation, including functions for cross-validation,
hyperparameter tuning, and data splitting. Here's an overview of some key
functionalities of sklearn.model_selection

Train-Test Split: The train_test_split function splits datasets into random train
and test subsets.

It allows you to specify the size of the test set and optionally set a random seed
for reproducibility.

Cross-Validation: cross_val score, cross validate, and cross val predict
functions perform various types of cross-validation.Cross-validation helps
estimate the performance of a model by splitting the data into multiple subsets,
training the model on some subsets, and evaluating it on others.Common types
of cross-validation include k-fold cross-validation, stratified k-fold cross-

validation, and leave-one-out cross-validation.
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Parameter Tuning:GridSearchCV and RandomizedSearchCV are classes used
for hyperparameter tuning.Grid search exhaustively searches through a
specified grid of hyperparameters to find the best combination based on cross-
validated performance.Randomized search randomly samples hyperparameters
from specified distributions, which can be more efficient for large search spaces.
Model Selection:cross_val_score and GridSearchCV help compare and select
the best-performing model among multiple candidates.By evaluating models
using cross-validation, you can make more informed decisions about which
model to choose for your task.

Pipeline and Feature Union:Pipeline and FeatureUnion classes allow you to
chain multiple estimators into a single composite estimator.Pipelines are
particularly useful for chaining preprocessing steps (e.g., scaling, feature

selection) with a final estimator.

Overall, the sklearn.model_selection module provides essential functionalities for

evaluating and selecting machine learning models, tuning hyperparameters, and

ensuring reliable performance estimation through cross-validation. These tools are

crucial for building robust and well-performing machine learning pipelines in scikit-

learn.

The sklearn.metrics module in scikit-learn provides a wide range of functions for
evaluating the performance of machine learning models.

confusion_matrix: Computes the confusion matrix to evaluate the accuracy of a
classification. It provides a summary of correct and incorrect predictions broken
down by each class.

classification_report:  Generates a text report showing the main classification
metrics such as precision, recall, F1-score, and support for each class. It

provides a comprehensive summary of the performance of your classifier.
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4.5 DATASET

The dataset for this project was obtained from Kaggle, a popular platform for data
science competitions and datasets. The dataset comprises a collection of MRI and
CT images of brain tumors, sourced from various medical institutions and research
studie. These images are labeled with information regarding the type and location
of the tumors, allowing for supervised training of convolutional neural networks

(CNNs) for brain tumor detection and classification.

To ensure robust model performance and generalization, the dataset was divided
into training and testing sets using an 80/20 ratio. Specifically, 80% of the dataset
was allocated for training the CNN models, while the remaining 20% was reserved
for evaluating model performance on unseen data during testing. This partitioning
strategy helps prevent overfitting and provides a reliable assessment of model

accuracy and performance in real-world scenarios.

The dataset includes images captured from multiple viewpoints, including axial,
coronal, and sagittal perspectives, allowing for comprehensive analysis of brain
tumor types and their spatial distributions. By leveraging this diverse dataset, our
project aims to develop a CNN-based brain tumor detection system capable of
accurately identifying and classifying different tumor types across various imaging
views. Through meticulous training and evaluation using the Kaggle dataset, we
seek to enhance diagnostic accuracy and improve patient outcomes in neurology
and oncology.

The links for the dataset are included below.

e https://www.kaggle.com/datasets/darren2020/ct-to-mri-cgan

e https://www.kaggle.com/datasets/masoudnickparvar/brain-tumor-mri-dataset/
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4.6 BLOCK DIAGRAM

Dataset Training and
»| Process the Data » Testing to Pre-
(MRI and CT) processing
v
Algorithm Feature
Detected Result | < Extraction

Fig 4.2 Block Diagram

4.7 MODULES DESCRIPTION

Image Input Module
In this Module, Input refers to any information, or data, which is sent to a computer
for processing. To put it simple, input is feeding the database into the system for

process to be started.

Preprocessor Module

In this module, the received signals by the MRI and CT have a lot of information that
can be used to extract the physical and chemical information of the target tissue.
The principle of recognizing the statistical pattern is related to the assignment of
specific features to each voxel. The resulting database increases linearly with each
added attribute.

Feature Extraction Module

In this module, the feature extraction method is chosen according to the processing
to be done on the image and the target we are looking for. It can be seen in the
system architecture diagram. We have applied several of these methods to the MRI
and CT data which include first and higher-order operators as well as Gamma

Correction for texture feature analysis.
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4.8 IMPLEMENTATION

4.8.1 Installing Python

e Open your web browser and navigate to the official Python website at

https://www.python.org/.

¢ On the Python website, click on the "Downloads" tab located in the top navigation
menu.
e Review the available Python versions listed on the Downloads page. Choose the

latest stable version.

[ | @ Python-Search X | ™ Download Python | Pythonorg X | =4 - =] X
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2
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Sponsors

isionary sponsors help to host Python downloads.

Fig 4.3: Downloading python setup

e Click on the download link corresponding to your operating system to access the
installer package. Ensure that you select the appropriate installer for your system
architecture (32-bit or 64-bit).

e Once you've selected the installer package, click on the download link to initiate
the download process. Depending on your internet connection speed, the
download may take a few moments to complete.

¢ Once the installer package has finished downloading, locate the downloaded file
(e.g., python-3.x.x.exe for Windows) in your downloads folder or designated
location. Double-click on the installer file to launch the Python installer.

e The Python installer will open, presenting you with several installation options.
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Ensure that the "Install launcher for all users" and "Add Python x.x to PATH"
checkboxes are selected to enable system-wide access to Python and its
associated tools.

Review the installation options presented by the installer, such as installation
location and additional features. You can customize these options according to

your preferences or proceed with the default settings.
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Fig 4.4: Installation of python
Once you've configured the installation options, click on the "Install Now" button

to begin the installation process. The installer will copy Python files to the

specified location and set up the necessary environment variables.
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Fig 4.5: Installing setup

e After the installation process is complete, you'll see a confirmation message

indicating that Python has been successfully installed on your system. You may

also have the option to disable the path length limit, depending on need.
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Fig 4.6: Successful installation of python
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e Python is now successfully installed.

4.8.2 Installing Anaconda

e |nstall anaconda from the website https://www.anaconda.com/download and

open anaconda prompt from start menu.
e Anaconda prompt’s interface is similar to windows command interface
e And create a new environment using the command

“create<environment_name> python==<version>".

7= Anaconda Prompt

(base) C:\Users\srivathsav>conda create -n brain python==3.7

Fig 4.7: Creating a new environment

e The term "environment" refers to a self-contained directory that contains a
specific collection of Python packages and their dependencies. Anaconda
Prompt allows users to create, manage, and activate these environments,
enabling them to work on different projects with different sets of dependencies
without interference.

e When you create a new environment in Anaconda, it provides a clean and
isolated environment where you can install specific versions of Python and any
packages you need for your project. This isolation helps prevent conflicts
between different projects that may require different package versions or

dependencies.
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Anaconda environments are particularly useful for:

Dependency Management:

Ensuring that the required packages and their dependencies are installed
correctly and do not conflict with other projects.

Reproducibility:

Creating an environment with specific package versions ensures that others can
reproduce your work exactly, even if the dependencies change over time.
Project Isolation:

Each environment is independent of others, allowing you to work on multiple
projects simultaneously without worrying about interference or compatibility

issues.

e Change the environment from base into the newly created environment using
the command “activate <environment_name>"

"= Anaconda Prompt

(base) C:\Users\srivathsav>activate brain

(brain) C:\Users\srivathsav>

Fig 4.8: Changing the environment

¢ Move into the working directory of the parent file of the whole setup using the
command “cd <Folder_path>"
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Anaconda Prompt

(base) C:\Users\srivathsaveactivate brain

(brain) C:\Users\srivathsav>cd C:\project\projectfile\275u-Brain Tun

(brain) C:\project\projectfile\275u-Brain Tumor>

Fig 4.9: Moving to the working directory

¢ Run the whole setup using the command “python app.py” and the User

interface is loaded into the local server in the ip 127.0.0.1:5000

7= Anaconda Prompt - python a X e

(base) C:\Users\srivathsav>activate brain
(brain) C:\Users\srivathsav>cd C:\project\projectfile\2754-Brain Tumor

(brain) C:\project\projectfile\2754-Brain Tumor>python app.py
2024-04-06 01:57:56.998700: W tensorflow/stream_executor/platform/default/dso_loader.cc:64] Could not load dynamic library 'cudart64_110.dll'; dlerror:
cudart64_110.dll not found
2024-04-06 01:57:56.998905: I tensorflow/stream_executor/cuda/cudart_stub.cc:29] Ignore above cudart dlerror if you do not have a GPU set up on your ma
chine.
2024-04-06 01:58:05.443885: W tensorflow/stream_executor/platform/default/dso_loader.cc:64] Could not load dynamic library 'nvcuda.dll’'; dlerror: nvcud
a.dll not found
2024-04-06 01:58:05.444101: W tensorflow/stream_executor/cuda/cuda_driver.cc:269] failed call to cuInit: UNKNOWN ERROR (303)
2024-04-06 01:58:05.461661: I tensorflow/stream_executor/cuda/cuda_diagnostics.cc:169] retrieving CUDA diagnostic information for host: Crypta
2024-04-06 01:58:05.461817: I tensorflow/stream_executor/cuda/cuda_diagnostics.cc:176] hostname: Crypta
* Serving Flask app ‘'app’
* Debug mode: on

* Running on http://127.0.0.1:56000
Press CTRL#C it
* Restarting with stat
2024-04-06 01:58:07.466455: W tensorflow/stream_executor/platform/default/dso_loader.cc:64] Could not load dynamic library 'cudarté4_110.d1ll'; dlerror:
cudart64_110.d1ll not foun
2024-04-06 01:58:07.466632: I tensorflow/stream_executor/cuda/cudart_stub.cc:29] Ignore above cudart dlerror if you do not have a GPU set up on your ma
chine.
2024-04-06 01:58:10.9452u8: W tensorflow/stream_executor/platform/default/dso_loader.cc:64] Could not load dynamic library 'nvcuda.dll’; dlerror: nvcud
a.dll not found
2024-04-06 ©1:58:10.945U447: W tensorflow/stream_executor/cuda/cuda_driver.cc:269] failed call to cuInit: UNKNOWN ERROR (303)
2024-04-06 01:58:10.952902: I tensorflow/stream_executor/cuda/cuda_diagnostics.cc:169] retrieving CUDA diagnostic information for host: Crypta
2024-04-06 01:58:10.953046: I tensorflow/stream_executor/cuda/cuda_diagnostics.cc:176] hostname: Crypta
* Debugger is active!
* Debugger PIN: 122-269-688

Fig 4.10: Setup is successfully initiated
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4.9 WORKING
e The main home page has two section the first one is home which is a landing

page and has a small introduction to MRI and CT, the next section is prediction.

S D mH x e = a X
« C D 127.00.1:5000 A h 5 - 0
; g Q
Brain Tumor Home Predictior
L 4
-
3
(]
@
’L"
w
e
MRI(Magnetic resonance CT(Computed Tomography)

imaging) ® (T scans can be used to identify t

* MR is a type of diagnostic test that disease or injury within various regions

can produce detailed images of almost of the body
every structure and organ inside the * detecting possible tumors or lesions
body. within the abdomen

* Images produced by an MRI can
show organs, bones, muscles and blood
vessels.

Fig 4.11: Home page of the local website

e The prediction section has the option to upload the MRI and CT image of the
patient. Click on choose file and upload the appropriate images for MRI and CT
and click on upload images.

2 D D Home x =
« C D 127001 ne A (R

S x

)
8

Brain Tumor Home Prediction

P e 0O

Brain Tumor Using MRI and CT "

MRI Image: | Choose File | No file chosen
CT images:| Choose File | No file chosen

Upload Images

Fig 4.12: Prediction section interface
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e The result is then displayed on the page.
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<« C 127001 m = @ @ -~ O
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Result: No Tumor ?
Prediction Result: 99.42 %
Fig 4.13: Example result of No tumor
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Fig 4.14: Example result of tumor detection

e The result is also integrated into a website so that result can be seen from

anywhere by visiting iotcloud22.in/2754/
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Fig 4.15: Interface of global website

e The result is also displayed in a dedicated application in Android OS.

235AM & @ (ORARS N [T

Brain Tumor Detection

Brain Tumor Status

Glioma
Prediction

95.63

Brain |Prediction| Reading
Tumor Time
Status
1
5

Glioma 95.63 2024-04-
0
22:22:34

Fig 4.16 Android application user interface

e The Application can be downloaded from the below link.
e https://drive.google.com/file/d/1TWOmMWEoMkQ9Ewdg5Kk048LFuW9L7bosQu/
view?usp=sharing
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CHAPTER 5
RESULT AND ANALYSIS

5.1 TRAINING AND TESTING

In machine learning and deep learning, the process of training and testing a model
is essential for evaluating its performance and generalization capabilities. The
dataset is typically divided into two subsets: a training set used to train the model
and a testing set used to evaluate its performance on unseen data. In this project,
a common practice of splitting the dataset into an 80/20 ratio for training and

testing, respectively, has been employed.

e Training Phase:
During the training phase, the model learns patterns and relationships present
in the training data. The process involves iterative optimization of the model
parameters (weights and biases) using an optimization algorithm (e.g.,
stochastic gradient descent) to minimize a predefined loss function. The training
data is fed into the model in batches, and the model's predictions are compared
with the ground truth labels to compute the loss. The optimizer then adjusts the
model parameters to reduce this loss, thereby improving the model's
performance. This process continues for multiple epochs until the model

converges or reaches a satisfactory level of performance.

1600 4

1400 ~

1200 A

1000 A

800

600 4

400 A

200 A

Glioma Meningioma No tumor Pituitary

Fig 5.1: Visual representation of training dataset quantity
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e Validation Phase:
In addition to the training phase, a validation phase is often employed to monitor
the model's performance on unseen data during training. A separate validation
dataset, distinct from the training and testing sets, is used for this purpose. After
each training epoch, the model's performance is evaluated on the validation set,
and metrics such as loss and accuracy are computed. This allows for early
detection of overfitting, where the model performs well on the training data but
fails to generalize to unseen data. Regularization techniques may be applied

during training to mitigate overfitting, such as dropout and weight decay.

e Testing Phase:
Once the model has been trained, its performance is evaluated on the testing
set to assess its ability to generalize to new, unseen data. The testing phase
provides an unbiased estimate of the model's performance and helps determine
its effectiveness in real-world applications. The model's predictions on the testing
data are compared with the ground truth labels, and various evaluation metrics
are computed to quantify its performance, including accuracy, precision, recall,

F1 score, and specificity.

Training and Validation Loss Training and Validation Accuracy
= Training loss 1.00

== Validation loss
7 @ bestepoch=10

0.90

Accuracy
=)
@
&

0.80

0.75

= Training Accuracy
0.70 = Validation Accuracy
@ Dbest epoch= 10

2 4 6 8 10 2 4 6 8 10
Epochs Epochs

Fig 5.2: Graph of validation loss and accuracy
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Training Loss:

The training loss measures how well the model's predictions match the actual
targets (labels) in the training dataset. It is computed as the difference between
the predicted values and the true values, typically using a loss function) for
regression tasks or categorical cross-entropy for classification tasks. During
training, the goal is to minimize the training loss by adjusting the model's
parameters (weights and biases) through optimization algorithms like Adam. As
the training progresses, the training loss ideally decreases, indicating that the

model is improving its ability to make accurate predictions on the training data.

Validation Loss:

The validation loss measures how well the model generalizes to new, unseen
data from a separate validation dataset.Similar to the training loss, it is computed
as the difference between the model's predictions and the true values in the
validation dataset.The validation loss helps assess whether the model is
overfitting to the training data, meaning it performs well on the training data but
fails to generalize to new data.ldeally, the validation loss should decrease along
with the training loss, indicating that the model is learning useful patterns from

the training data without overfitting.

Training Accuracy:

The training accuracy measures the proportion of correctly classified examples
in the training dataset.lt provides an indication of how well the model is
performing on the training data, but it does not necessarily reflect its performance
on unseen data.As training progresses, the training accuracy typically increases

as the model learns to make more accurate predictions on the training data.

Validation Accuracy:

The validation accuracy measures the proportion of correctly classified
examples in the validation dataset.. A high validation accuracy indicates that the
model is performing well on unseen data, whereas a significant gap between

training and validation accuracy may suggest overfitting.
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An epoch refers to a single iteration over the entire dataset during the training
phase. During each epoch, the model receives input data (features) and
corresponding target labels from the training dataset, processes the data through
its layers, computes the loss, and updates its parameters (weights and biases)

based on the optimization algorithm used.

Working of epoch

Data Processing: At the beginning of each epoch, the training dataset is
shuffled to ensure that the model encounters the data in a random order. This
helps prevent the model from learning the sequence of data samples and aids
in generalization.

Forward Pass: The model performs a forward pass through its layers, applying
the learned transformations to the input data and generating predictions for each
sample in the dataset.

Loss Computation: After making predictions, the model computes a loss value,
which quantifies the difference between the predicted values and the actual
target labels. Common loss functions include mean squared error (MSE) for
regression tasks and categorical cross-entropy for classification tasks.
Backward Pass (Backpropagation): Using the computed loss, the model
performs a backward pass to update its parameters (weights and biases) in the
direction that minimizes the loss. This process, known as backpropagation,
involves computing the gradients of the loss with respect to each parameter and
adjusting the parameters accordingly.

Parameter Update: Based on the computed gradients, the model optimizer
updates the parameters using an optimization algorithm such as stochastic
gradient descent (SGD), Adam, or RMSprop. This step aims to minimize the loss
and improve the model's performance.

Iteration: The process described above is repeated for each batch of data in the
training dataset until the model has processed the entire dataset. Each complete
pass through the dataset constitutes one epoch.

Monitoring Performance: Throughout training, performance metrics such as
training loss and accuracy are monitored to assess the model's progress and

determine when to stop training. Additionally, validation loss and accuracy may
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be evaluated on a separate validation dataset to ensure that the model

generalizes well to unseen data.

By training the model over multiple epochs, it has the opportunity to learn

complex patterns and relationships present in the data, gradually improving its

performance over time. The number of epochs is a hyperparameter that needs

to be tuned based on factors such as dataset size, model complexity, and

convergence characteristics. Too few epochs may result in underfitting, while too

many epochs may lead to overfitting. Experimentation and validation techniques

such as early stopping can help determine the optimal number of epochs for a

given machine learning task.

Epoch | Loss Accuracy | Validation Validation accuracy
Loss
1/10 7.73 0.77 7.63 0.78
2/10 6.16 0.90 5.82 0.92
3/10 5.1105 |0.95 4.85 0.94
4/10 4.37 0.96 4.08 0.96
5/10 3.74 0.97 3.50 0.98
6/10 3.24 0.97 3.09 0.94
7/10 2.80 0.98 2.69 0.94
8/10 243 0.99 2.31 0.96
9/10 2.11 0.99 2.02 0.97
10/10 | 1.85 0.987 1.81 0.94

Table 5.1: Performance Metrics Evolution Across Epochs

47



Confusion Matrix
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Fig 5.3: Confusion matrix

The confusion matrix analysis for the detection and classification of brain tumors
into different types: Glioma, Meningioma, Pituitary, and No Tumor is illustrated in
figure 3 The confusion matrix provides a comprehensive overview of the model's
performance in classifying tumors across various categories, facilitating a detailed
examination of both correct and erroneous predictions. It depicts the classification
results with tumor types (Glioma, Meningioma, Pituitary) and the absence of a tumor
(No Tumor) represented along both the X and Y axes. Each cell in the matrix
quantifies the number of instances classified into a particular category, with diagonal
elements indicating correct classifications and off-diagonal elements representing

misclassifications.

The analysis of the confusion matrix allows us to assess the model's accuracy,
precision, recall, and F1-score for each tumor type and overall performance.
Specifically, diagonal elements correspond to true positive (TP) predictions,

indicating instances where the model correctly identified the tumor type. In contrast,
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off-diagonal elements represent false positive (FP) and false negative (FN)

predictions, indicating misclassifications.

Based on the confusion matrix, we compute performance metrics such as accuracy,

precision, recall, specificity, and F1-score for each tumor type, providing insights

into the model's strengths and weaknesses in tumor classification. High values

along the diagonal indicate robust classification performance, while discrepancies

between predicted and actual labels highlight areas for improvement.

Precision Recall F1-Score Support

Glioma 0.98 0.97 0.98 132
Meningioma 0.95 0.96 0.96 134
Pituitary 0.99 0.99 0.99 146
No tumor 0.99 0.98 0.98 160
Macro 0.98 0.98 0.98 572
average

Weighted 0.98 0.98 0.98 572
average

Accuracy 0.98 572

Macro Average:

Table 5.2: Classification report

Macro average calculates the unweighted mean of precision, recall, and F1 score

across all classes.Each class is given equal weight in the calculation, regardless of

its frequency or distribution in the dataset.This approach treats each class equally,

making it useful when all classes are considered equally important or when there is

a class imbalance issue.
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Weighted Average:

Weighted average calculates the weighted mean of precision, recall, and F1 score
across all classes.Each class's contribution to the average is weighted by its
support, which represents the number of true instances for each class.Classes with
larger support have a greater impact on the weighted average, reflecting their

importance in the dataset.

Support:

Support refers to the number of true instances for each class in the dataset.It
represents the distribution of samples across different classes and provides context
for evaluating the significance of performance metrics.Higher support values
indicate that a class has more instances in the dataset, while lower support values
indicate fewer instances.Support helps assess the reliability of performance metrics

by indicating the sample size on which they are based.

5.2 PERFORMANCE METRICS

Accuracy:

Accuracy measures the overall correctness of the model's predictions across all
classes. It is calculated as the ratio of correctly predicted instances (both true
positives and true negatives) to the total number of instances in the dataset.

TP + TN

Formula: Accuracy =
TP + TN + FP + FN

e TP: True Positives (instances correctly predicted as positive)
e TN: True Negatives (instances correctly predicted as negative)
e FP: False Positives (instances incorrectly predicted as positive)

¢ FN: False Negatives (instances incorrectly predicted as negative)

Accuracy ranges from 0 to 1, where 1 indicates perfect predictions and 0 indicates

complete misclassification.
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Precision:

Precision measures the accuracy of positive predictions made by the model.lt is
calculated as the ratio of true positive predictions to the total number of positive

predictions made by the model.

TP

Formula: Precision = ————
TP + FP

e TP: True Positives (instances correctly predicted as positive)

e FP: False Positives (instances incorrectly predicted as positive)

Precision ranges from 0 to 1, where 1 indicates perfect precision (no false positives)

and 0 indicates no true positives.

F1 Score:

The F1 score is the harmonic mean of precision and recall, providing a balanced

measure of the model's performance.

Recall * Precision

Formula: F1 Score = 2 « —
Recall + Precision

F1 score ranges from 0 to 1, where 1 indicates perfect precision and recall, and 0

indicates poor performance in both.

Recall (Sensitivity):

Recall measures the model's ability to correctly identify all positive instances.lt is
calculated as the ratio of true positive predictions to the total number of actual

positive instances in the dataset.

Formula: Recall = .

e TP: True Positives (instances correctly predicted as positive)

e FN: False Negatives (instances incorrectly predicted as negative)

Recall also ranges from 0 to 1, where 1 indicates perfect recall (no false negatives)

and 0 indicates no true positives.
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Specificity:
Specificity measures the proportion of actual negatives that are correctly identified
as such by the model.lt is calculated as the ratio of true negative predictions to the

total number of actual negative instances in the dataset.

TN

Formula: Specificity = ———

e TN: True Negatives (instances correctly predicted as negative)
e FP: False Positives (instances incorrectly predicted as positive)
Specificity ranges from 0 to 1, where 1 indicates perfect specificity (no false

positives) and 0O indicates no true negatives.

These performance metrics serve as essential tools for evaluating the effectiveness
and reliability of machine learning models across various domains and applications.
Beyond mere numerical assessments, they offer valuable insights into the strengths
and weaknesses of models, guiding practitioners in optimizing model performance
and decision-making processes. For instance, in healthcare, precision and recall
metrics can help clinicians gauge the accuracy of diagnostic algorithms, assisting in
timely and accurate disease identification.. Moreover, their utility extends to
regulatory compliance, where adherence to performance standards ensures the
ethical and responsible deployment of systems. By leveraging these metrics, we
can make informed decisions, monitor model stability, and drive continuous
improvement in machine learning models, ultimately enhancing their efficacy and

impact in real-world settings.
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Comparison of various parameters of MRI dataset
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Fig 5.4: Performance metrics of MRI
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Comparison of various parameters of CT dataset

Accuracy ws Number of Images Precicion vs Number of Images
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Fig 5.5: Performance metrics of CT
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Dataset Accuracy | Precision |F1 score Recall Specificity
MRI 0.87 0.90 0.87 0.89 0.90

CT 0.95 0.90 0.92 0.89 0.90
FUSED 0.95 0.96 0.95 0.96 0.94
OUTPUT

Table 5.3: Performance metrics of MRI , CT dataset and Fused Output
5.3 RESULT

The culmination of our effort highlights a notable advancement in the identification
of brain tumors, accomplished by merging MRI and CT scans. The Convolutional
Neural Network (CNN) model we developed, along with sophisticated picture fusion
techniques, has produced outstanding outcomes, achieving an accuracy rating of
95%. The model's remarkable precision demonstrates its ability to reliably detect
the existence of brain tumors from medical imaging data. In addition to our findings,
the precision, recall, and F1-score metrics demonstrate excellent performance
across various tumor types, further supporting our conclusions. The detailed
information offered by the confusion matrix further emphasizes the model's ability to

accurately classify and differentiate tumors.

Furthermore, the effective creation and implementation of our Convolutional Neural
Network (CNN) model represent a noteworthy advancement in the field of medical
imaging and artificial intelligence. We have combined advanced deep learning
algorithms with image fusion methodologies to provide healthcare practitioners with
a powerful tool for fast and accurate brain tumor identification. The achieved
accuracy of 95% not only confirms the effectiveness of our technique but also
inspires confidence in its ability to bring about significant changes in clinical
settings.Our study represents a significant milestone in utilizing cutting-edge
technologies to address important challenges in healthcare. The combination of MRI
and CT imaging techniques, along with the strong structure of our CNN model,

represents the merging of creativity and practical use. This accomplishment not only
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highlights the commitment and proficiency of our team, but also signifies the
emergence of enhanced diagnostic skills and patient care in the field of
neuroimaging. As we progress, the progress accomplished in this project acts as a
basis for further exploration and advancement, ensuring even more significant

progress in the merging of medical imaging and artificial intelligence.
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CHAPTER 6
SUMMARY AND CONCLUSION

To summarize, our study has effectively developed a robust technique for detecting
brain cancers by utilizing MRI and CT data. Our method has a 95% accuracy rate
in swiftly and precisely detecting cancers, which aids clinicians in making more
informed treatment choices. This study demonstrates the capacity of technology to
enhance healthcare and provides optimism for improved results for patients in the
future. We are enthusiastic about the potential for additional advancement and
improvement, and we eagerly anticipate observing how this technology can continue
to bring advantages to both patients and healthcare providers.While the current
project has achieved promising results in brain tumor detection, there are several
avenues for future research and development to further enhance the system's
performance and capabilities:

Enhanced Fusion Techniques: Investigate advanced image fusion techniques to
improve the integration of MRI and CT images, enhancing tumor visualization and

feature extraction.

Expand Dataset and Classes: Expand the dataset size and include additional

tumor types to improve model generalization and robustness.

Fine-tuning and Transfer Learning: Explore fine-tuning and transfer learning
strategies to adapt pre-trained CNN models to specific medical imaging tasks,

reducing the need for extensive training data.

Clinical Validation: Conduct extensive clinical validation studies to evaluate the
system's performance in real-world clinical settings and assess its impact on patient
outcomes. Integrate the developed system with existing healthcare systems
to facilitate seamless integration into clinical workflows and enable widespread
adoption by medical professionals.

Overall, the CNN-based brain tumor detection project lays the foundation for future
advancements in medical imaging technology, with the potential to significantly
improve diagnostic accuracy, patient outcomes, and healthcare delivery in the field
of neurology and oncology.

58



REFERENCES

[1]

[2]

[3]

[4]

[5]

[6]

[7]

Abd El Kader |, Xu G, Shuai Z, Saminu S, Javaid |, Ahmad IS, Kamhi S. Brain
Tumor Detection and Classification on MR Images by a Deep Wavelet Auto-
Encoder Model. Diagnostics (Basel). 2021 Aug 31;11(9):1589.

doi: 10.3390/diagnostics11091589. PMID: 34573931; PMCID: PMC8471235.

Anthony Behin, Khe Hoang-Xuan, Antoine F Carpentier, Jean-Yves Delattre,
Primary brain tumours in adults, The Lancet, Volume 361, Issue 9354,Pages
323-331, ISSN 0140-6736, https://doi.org/10.1016/S0140-6736(03)12328-8.

Ayadi, W., Charfi, I., Elhamzi, W. et al. Brain tumor classification based on
hybrid approach. Vis Comput 38, 107-117 (2022).

C. L. Choudhury, C. Mahanty, R. Kumar and B. K. Mishra, "Brain Tumor n
Detection and Classification Using Convolutional Neural Network and Deep
Neural Network," 2020 International Conference on Computer Science,
Engineering and Applications (ICCSEA), Gunupur, India, 2020, pp. 1-4, doi:
10.1109/ICCSEA49143.2020.9132874.

Dasgupta A, Gupta T, Jalali R. Indian data on central nervous tumors: A
Summary of published work. South Asian J Cancer. 2016 Jul-Sep;5(3):147-53.
doi: 10.4103/2278-330X.187589. PMID: 27606302; PMCID: PMC4991137.

Fatih Ozyurt, Eser Sert, Derya Avci, An expert system for brain tumor detection:
Fuzzy C-means with super resolution and convolutional neural network with
extreme learning machine Medical Hypotheses, Volume 134,2020,109433,
ISSN 0306-9877.

Hansson, O., Lehmann, S., Otto, M. et al. Advantages and disadvantages of

the use of the CSF Amyloid B (AB) 42/40 ratio in the diagnosis of Alzheimer’s
Disease. Alz Res Therapy 11, 34 (2019). https://doi.org/10.1186/s13195-019-
0485-0.

59


https://doi.org/10.1186/s13195-019-

[8] Hollon, T.C., Pandian, B., Adapa, A.R. et al. Near real-time intraoperative brain
tumor diagnosis using stimulated Raman histology and deep neural networks.
Nat Med 26, 52—-58 (2020). https://doi.org/10.1038/s41591-019-0715-9.

[9] Kasraeian, Sina MD1; Allison, Daniel C. MD, MBA1, 2, a; Ahlmann, Elke R.
MD1; Fedenko, Alexander N. MD3; Menendez, Lawrence R. MD, FACS4. A
Comparison of Fine-needle Aspiration, Core Biopsy, and Surgical Biopsy in the
Diagnosis of Extremity Soft Tissue Masses . DOI: 10.1007/s11999-010- 1401-

[10] Khan MSI, Rahman A, Debnath T, Karim MR, Nasir MK, Band SS, Mosavi A,
Dehzangi I. Accurate brain tumor detection using deep convolutional neural
network. Comput Struct Biotechnol J. 2022 Aug 27;20:4733-4745.
doi: 10.1016/j.csbj.2022.08.039. PMID: 36147663; PMCID: PMC9468505.

[11] Louis, D.N., Perry, A., Reifenberger, G. et al. The 2016 World Health
Organization Classification of Tumors of the Central Nervous System: a
summary. https://doi.org/10.1007/s00401-016-1545-1.

60


https://doi.org/10.1038/s41591-019-0715-9
https://doi.org/10.1007/s00401-016-1545-1

