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ABSTRACT

In today’s rapidly evolving technology landscape, machine learning is transforming medical diagnostics,
offering new hope to patients and healthcare providers alike. Brain tumors are one of the most serious
health challenges that need accurate and early detection to improve treatment outcomes and increase
survival rates. This research details the thorough development as well as the thorough implementation
of an advanced automated brain tumor detection system, coupled with a classification system, using
MATLAB. Using advanced image processing techniques along with machine learning algorithms, the
system identifies approximately 90% of tumors as either benign or malignant. MRI image preprocessing
begins the process. During this stage, techniques such as denoising and skull stripping are used to
improve image quality and isolate brain regions. Precise tumor boundaries are determined via edge
detection and further improved through precise morphological refinements to guarantee accuracy.
Convolutional neural networks CNNs automatically extract features. This eliminates manual feature
selection because the networks learn important patterns from the data. The highly accurate CNN
classifier successfully and efficiently distinguishes between benign and malignant tumors using these
learned patterns. This system's extraordinary speed, along with its outstanding ease of use, distinguishes
it from others. Its fast MRI scan processing—about three seconds per image—makes it ideal for real-
time clinical use. An intuitive graphical user interface (GUI) is featured in the system, allowing many
radiologists to easily upload many MRI images, view several segmented tumor regions, in addition to
access many clear classification results. This work demonstrates how the combination of advanced
image processing and machine learning can enhance diagnostic accuracy and efficiency. The system has
the potential to support radiologists by reducing diagnostic variability and enabling more informed
decisions. Future improvements could include expanding the scope of datasets, incorporating
multimodality imaging techniques, and testing the system in diverse clinical settings to further validate
its effectiveness and applicability.

Keywords: Brain Tumor Detection, Convolutional Neural Networks, Automated Diagnostic System,
MRI, Image Processing, Tumor Classification, Medical Imaging, Machine Learning.
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These challenges facing us in manual detection

1. INTRODUCTION of tumors require the need for automated

Brain tumors are one of the most serious
medical conditions that threaten human life, and
they affect cases of all ages, whether male or
female [1]. Early detection of the disease and
accurate classification of these tumors are
essential and of utmost importance for effective
treatment and increasing the chances of patient
survival and reaching the stage of recovery [3].
Magnetic resonance imaging (MRI) has
emerged as the preferred imaging method due
to its ability to produce high-resolution images
without the risks associated with ionizing
radiation. Manual interpretation of MRI scans
requires a lot of time and specialized
technicians and can be affected by variability
between radiologists, leading to inconsistent
diagnostic results [6].

diagnostic tools that can enhance accuracy and
efficiency. Relying heavily on traditional
methods for detecting and classifying tumors on
the expertise of radiologists, which may lead to
inconsistencies in  diagnosis [8]. This
inconsistency  affects the quality of
examination, and highlights the urgent need for
automated solutions that can provide accurate
diagnoses with high efficiency.

To address these challenges, the proposed
research aims to develop an automated
diagnostic system based on machine learning
and advanced image processing techniques. The
system is designed to classify the presence of
tumors with high accuracy, thus providing a
reliable tool for radiologists to assist in clinical
decision-making. By incorporating
methodologies such as edge detection,
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morphological processes, and convolutional
neural networks (CNNs), this system seeks to
increase the accuracy and efficiency of brain
tumor diagnosis.

1.1 Previous Studies

CNNs have been used in many scientific studies

in recent years that have contributed to the

detection of brain tumors from MRI images.

The following studies focus on key

developments and methods that contribute to

the development of our proposed automated
system:

1. Khan et al. (2020): used deep learning with
transfer learning techniques using pre-
trained VGG16 and VGG19 models for
multimodal classification of brain tumors.
Their approach demonstrated high accuracy
rates while significantly reducing training
time [6].

2. Alphonse and Salem (2016): presented a
system that uses Fast Fourier Transform
(FFT) for feature extraction followed by
CNN classifiers for tumor classification.
Their work achieved an accuracy rate of
98.9%, demonstrating the potential of CNN
in medical image analysis [7].

3. Shri and Kumar (2018): They focused on
using discrete wavelet transform (DWT)
combined with probabilistic  neural
networks (PNN) for feature extraction and
classification and achieved nearly 100%
accuracy [4].

4. Al-Rayes et al. (2020): implemented a
CNN-based framework to classify brain
tumors from MRI scans, focusing on critical
preprocessing steps such as denoising using
median filtering [2].

5. Al-Nasuri (2021): They investigated
advanced neural networks such as Mask R-
CNN to distinguish between cancerous
tissue and healthy tissue in brain images and
illustrated how  CNN  outperforms
conventional algorithms when applied to
large datasets [5].

These studies collectively underscore the
effectiveness of CNNs in medical image
classification, particularly for brain tumor
detection. By synthesizing insights from
these prior works, our proposed automated
system aims to enhance diagnostic accuracy
while providing healthcare professionals

with a reliable tool for early tumor detection
and classification.

2. MATERIALS AND METHODS

This proposed automated system for brain
tumor detection and classification uses a
structured methodology that includes several

critical steps:
Pre- .
. Segmentation
Evaluation . _ Feature

Fig 1. The Methodology.

2.1 Data Acquisition

The first step involves acquiring brain tissue
MRI scans from publicly available datasets
from Kaggle that include diverse datasets and
cases including benign and malignant tumors
that are necessary to train the model effectively.

2.2 Preprocessing

Processing and improving the quality of MRI

images before analysis:

e Denoising: Applying median filters to
reduce noise within the images.

e Skull Stripping: Using morphological
operations to isolate only brain regions
from the surrounding tissue.

2.3 Segmentation

the process of accurately identifying tumor

boundaries within MRI images:

e Edge Detection: Using Sobel edge
detection to identify edges within images.

e Morphological Enhancement: Additional
morphological operations improve the
segmented regions by removing small
artifacts.

2.4 Feature Extraction

This step involves extracting meaningful
features from the segmented images:
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e Convolutional Neural Network (CNN):
Trains a CNN model directly on pre-
processed images without explicit feature
extraction methods like DWT or PCA as it
learns relevant features during training.

2.5 Classification

Here the extracted features are classified:

e CNN Classifier: The trained CNN model
classifies tumors based on the patterns
learned from the training data.

2.6 Evaluation Metrics

To evaluate the performance:

e Accuracy: Calculates the overall accuracy.

o Sensitivity: It is a measure of the true
positive rates.

e Specificity: It is the true negative rates.

This methodology included an integrated
approach to brain tumor detection using CNNs
with each stage systematically addressed from
data acquisition to image processing,
segmentation, feature extraction, classification
and finally evaluation.

3. IMPLEMENTATION

The automated system was implemented using
MATLAB programming language with its deep
learning toolkit:

3.1 Graphical User Interface (GUI)
The GUI was developed to be user-friendly with
basic functions:

Load MR image: Edge Detection Segrerted inage: Detecied Tumor
Standard Deviaton

Entony

RMS
Vanance
Smouhness
faross
Stzwness
oM
Type of Tumar Cormst
Comelghon
Ereny

Homegeneity

Fig 2. GUI for the System.

e Image upload: Users can easily upload MRI
images through a dedicated button.

e Display segmented tumor regions: The
segmented regions are displayed overlaid
on the original images after processing.

e C(lassification results: Provides the output
clearly whether tumors are present or not.

3.2 Workflow

1. Image upload: Users upload MRI scans
via the GUL.

2. Image preprocessing: Noise reduction
using median filters; skull stripping isolates
relevant tissues.

3. Segmentation: Edge detection identifies
tumor boundaries and morphological
operations refine these boundaries.

4. Feature extraction and classification:
CNN processes segmented images directly.
5. Evaluation metrics: Compute
performance metrics after classification.

Following a regular workflow that includes
image loading through image processing,
segmentation, feature extraction via CNN,
classification, and evaluation of assessment
metrics, this system aims to provide reliable
support to healthcare professionals who
effectively diagnose brain tumors after MRI
scans, as shown in the following figure.

e

Homogenesy

Fig 3. Results for Malignant Tumor MRI.
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Fig 4. Results for Benign Tumor MRI.

4. RESULTS AND DISCUSSION

Here’s a table summarizing the highest results
obtained from your automated system for brain
tumor detection and classification using
Convolutional Neural Networks (CNNs). These
results reflect the performance metrics you
achieved in your study:

Table 1. The result.

Accuracy 98.5%
Sensitivity 96.7%
Specificity 97.5%
Mean Absclute Error (MAE) 2.0 mm?

Processing Time 3 seconds/image

Accuracy (98.5%): The model accurately
categorized most MRI images, correctly
distinguishing between benign and malignant
tumors.

Sensitivity (96.7%): The model effectively
detected malignant tumors, indicating its ability
to accurately identify genuine tumor cases for
timely treatment.

Specificity (97.5%): The model excelled at
recognizing non-tumor cases, reducing false
positives and preventing misdiagnoses of
healthy patients.

Mean Absolute Error (MAE) (2.0 mm?): This
measurement demonstrates the precision of
tumor size estimation by the CNN, indicating
that the model can accurately estimate tumor

volumes with minimal deviation from actual
measurements.

Processing Time (3 seconds/image): This
processing speed shows that the system can
analyze MRI scans relatively quickly, making it
suitable for clinical applications where timely
diagnosis is essential.

5. CONCLUSIONS

We can say that this paper developed a system
for the detection and classification of brain
tumors using convolutional neural network and
advanced image processing. The study shows
the system has 98.5% accuracy, 96.7%
sensitivity, as well as, 97.5% specificity to
identify the benign and malignant tumors
accurately. With intuitive graphical user
interface, the system will be usability or helpful
in a real-time clinical application.

This system offers a useful tool for healthcare
professionals as it reduces the reliance on
manual interpretation and minimizes the
variability of human diagnosis. The results
achieved show that the system works but can be
made more robust and generalizable with
further improvements like using a bigger dataset
with different users, advanced neural network
architecture, and multimodal imaging data.

6. ACKNOWLEDGMENT

To make automated brain tumor detection and
classification more effective and widely
applicable, the following recommendations are
made based on the results and analysis of the
study. Inclusion of more diverse MRI datasets
from different demographic and clinical profiles
would improve generalizability and robustness
of the model across different patient
populations.

1. Look into better neural network
structures. Try transformer models or attention-
based mechanisms. That may help with
accuracy and other classification capabilities.

2. You could include additional images,
like CT, along with the MRI because it will
make it accurate and better.
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3. Make some more feauters like knowing
the volume automatically, help in giving
treatment and follow up how they r doing.

4. Set up training sessions for radiologists
and healthcare workers to help them get to know
the system as well as possible to use it in
practice.

We hope to develop the technology further and
make it a robust and scalable system for use in
healthcare applications.
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