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Abstract—Brain tumors are among the most critical
conditions affecting the human brain, where early and
accurate detection is essential for effective treatment.
Magnetic Resonance Imaging (MRI) is widely
recognized for its ability to produce detailed brain tissue
images. However, detection and segmentation of brain
tumors manually from MRI scans is a time-consuming
and error-prone task, which can delay diagnosis and
treatment. This project proposes a deep learning-based
approach for the detection of brain tumors in MRI
images automatically. By leveraging advanced
convolutional neural networks (CNNs), the system is
designed to accurately identify brain tumors and
generate precise bounding boxes, improving the speed
and reliability of tumor detection. This automated
approach aims to enhance diagnostic accuracy, reduce
human error, and expedite the overall process,
potentially improving outcomes for patients with brain
tumors.

Index Terms—Brain tumors, Magnetic Resonance
Imaging (MRI) Deep learning, Convolutional Neural
Networks (CNNs), Tumor Detection, MRI images, Image
Processing.

I. INTRODUCTION

Brain tumors are a tough challenge when it comes to
diagnosis and treatment. Catching them early and
accurately really matters, as it can make a big
difference in a patient's outcome. MRI scans have been
trusty sidekicks for spotting brain issues because they
produce incredibly detailed images. But the drawback
is that manually finding and outlining tumors in those
scans can take a lot of time and leaves room for human
mistakes. This reliance on humans can lead to delays
and potential misdiagnoses, which isn’t ideal when
every second counts.

That’s where our project comes in. We are proposing
an automated approach using deep learning to tackle
these problems. By utilizing advanced Convolutional
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Neural Networks (CNNs), we can accurately and
efficiently find brain tumors in MRI images. These
networks are super good at recognizing complex
patterns in images, which makes them perfect for
medical scans. Our system will be able to analyze MRI
scans on its own, detect brain tumors, and even mark
them out with bounding boxes. This means diagnoses
can happen faster and with more accuracy, reducing
the chances of overlooking something important and
lightening the load on radiologists.

Our objective is to develop a project that enables
medical professionals to make judgments more
quickly and accurately so they can devote more time
to their patients. Our goal is to enhance clinical
outcomes for people facing the severe problem of
brain tumors by expediting and standardizing
diagnostics. Through the use of Al, we hope to
transform the diagnosis of brain tumors and improve
the efficiency, accuracy, and accessibility of
healthcare solutions, ultimately improving patients'
chances of recovery through prompt and efficient
treatment.

Il. LITERATURE REVIEW

1. Convolutional Neural Networks (CNNSs) for Brain
Tumor Detection

CNNs' capacity to extract intricate patterns from
unprocessed picture data has led to their widespread
use in medical image analysis. They focused on
gliomas to show how CNNs can be used to detect brain
tumors using MRI data. Their research shown that by
directly learning tumor-specific properties, deep
structures could outperform conventional machine
learning techniques. Large datasets are still necessary,
though, because deep learning models need a lot of
data to be trained.
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2.Transfer Learning to Mitigate Data Scarcity

To address the problem of limited labeled medical
data, transfer learning has become a popular approach.
Hossain et al. (2020) employed pre-trained CNN
models like ResNet and VGG, fine-tuning them for
brain tumor classification tasks. Transfer learning
allows models to leverage knowledge from general
image datasets (e.g., ImageNet) and apply it to the
specific domain of brain tumor detection. This
approach has proven to reduce training time and
improve performance on small medical datasets.

3. Data Augmentation and Synthetic Data Generation
Brain tumor detection often faces the challenge of
“class imbalance”, where the number of tumor-
containing images is far lower than healthy images.
Kamnitsas et al. (2017) tackled this issue using data
augmentation techniques and synthetic data generation
to increase the diversity of the training set. This helped
improve model robustness and generalization,
especially for detecting smaller tumors, which are
typically harder to identify.

4.Segmentation Models for Accurate Tumor
Localization

Accurate detection of tumors also requires precise
localization within MRI scans. One of the best
examples could be the usage of U-Net’s design, which
allows the model to capture both global and local
features, making it highly effective for segmenting
tumor regions. This is crucial in clinical practice, as
tumor boundaries are important for treatment
planning.

5. Explainable Al for Clinical Adoption

While deep learning models have shown great
promise, their "black-box" nature poses challenges in
clinical settings. Explainable Al technigues such as
Grad-CAM and saliency maps provide visual
explanations of the model’s decision-making process.
These methods have been critical in making Al models
more interpretable and trustworthy for radiologists,
fostering greater adoption of Al-assisted diagnostics.
Through the application of advanced machine learning
techniques, brain tumor detection has seen
improvements in  accuracy, automation, and
interpretability, offering significant potential to aid
radiologists in diagnosis and treatment planning.
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1. MATH

1.Bounding Box Calculations:

Bounding box coordinates: (x1, y1, X2, y2)
Bounding box plotting: Rectangles are drawn on the
image to display these bounding boxes.

e Width = x2—x1, Height = y2—yl
2. Pie Charts and Bar Plots:
Percentage= (Total Count/Class Count) x100

IV. METHODOLOGY

In this Project, our methodology aims to enhance the
detection of brain tumors in Magnetic Resonance
Imaging (MRI) scans through an innovative,
automated approach that harnesses deep learning. To
accomplish this, we utilized a labelled dataset of MRI
images, which included bounding boxes delineating
the tumor regions. We carefully divided this dataset
into training, validation, and testing subsets, ensuring
that each subset had a balanced representation of four
tumor classes: Glioma, Meningioma, No Tumor, and
Pituitary.

To make a more robust model and capable of
generalizing well across different cases, we applied a
variety of data augmentation techniques. These
included random rotations, flips, scaling, and
brightness adjustments, which helped our model learn
from various perspectives of the data. All images were
resized to 640x640 pixels to meet the input
requirements, and we applied normalization to adjust
pixel values for better performance.

At the core of our detection system is the YOLOVS8
framework (You Only Look Once, version 8), which
is recognized as a leading convolutional neural
network for real-time object detection. We chose
YOLOV8 due to its ability to efficiently detect objects
while simultaneously predicting bounding box
coordinates and class probabilities. The model
processes 640x640 RGB images through several
convolutional layers, extracting important spatial and
semantic information. It not only predicts the
bounding boxes around detected tumors but also
provides confidence scores and class labels for each
detection.
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We used the stochastic gradient descent (SGD)
optimizer, a batch size of 16, and a learning rate of
0.001 in our training procedure. As a proof of concept,
we trained the model for five epochs at first, with plans
to increase the training time for better results. We used
precision and recall to measure the model's ability to
detect real tumors, as well as mean average precision
to evaluate the accuracy of bounding box predictions.
To make sure our approach could be applied in real-
time situations, we also measured the inference time.

For implementation, we relied on Python and utilized
several libraries: Ultralytics YOLOv8 for model
training and predictions, OpenCV and Matplotlib for
image preprocessing and visualization,
Albumentations for data augmentation, and Seaborn
and Plotly for analyzing data distribution. To enhance
the accuracy of the results, we filtered predicted
bounding boxes using a confidence threshold to
eliminate false positives, and applied Non-Maximum
Suppression (NMS) to manage overlapping detections
by retaining the most likely bounding box for each
tumor.

We validated the system’s performance with a set of
unseen MRI images, visualizing the results by
overlaying bounding boxes on the images along with
confidence scores and class labels for each detection.
These results were compared against expert
annotations to measure the reliability and accuracy of
our system. Through this methodology, we aspire to
offer an efficient and accurate automated solution for
brain tumor detection, ultimately providing valuable
support to medical professionals in making timely and
precise diagnoses.

V. MODEL AND ARCHITECTURE
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YOLOV8 is a widely-used object detection model
known for its speed and accuracy, particularly suited
to real-time detection tasks. It offers various
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configurations — from the lightweight yolov8n
(Nano) to the high-capacity yolov8x (Extra-Large) —
each balancing performance and computational
demand differently. In this setup:

Key Architectural Components of YOLOv8 Nano
(yolov8n):

The YOLOvS8 Nano architecture adapts YOLO’s
principles to achieve lightweight, real-time detection
on devices with limited computational power. Key
architectural components include:

1.Backbone:

This network section extracts crucial image features.
YOLOV8 uses CSP Darknet (Cross Stage Partial
Darknet), which integrates residual and cross-stage
partial connections to allow deeper network designs
with minimal computational overhead.

2.Neck:

The neck constructs multi-scale feature pyramids to
improve detection across object sizes. YOLOV8 uses
PANet (Path Aggregation Network), which efficiently
combines features at different resolutions, boosting
performance on smaller, detail-intensive objects.

3.Head:

The detection head performs bounding box regression
and class prediction, using an anchor-free approach
(introduced in YOLOV5). This approach improves
detection speed and accuracy by avoiding reliance on
predefined anchor boxes and instead directly
predicting object locations.

4.Activation and Normalization Layers:

The model includes activation functions like Leaky
ReLU or Swish for non-linear transformations, along
with batch normalization layers to stabilize and speed
up training.

5.0utput Layer:

The output layer generates bounding boxes, object
confidence scores, and class probabilities. After
applying a confidence threshold, it yields only the
high-certainty detections for further analysis.
deblurred counterparts. This step is essential for
visually assessing model performance, helping
identify areas where the model effectively sharpens
details and reduces blur. Side-by-side comparisons are
often used to highlight the model’s output quality,
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providing insights into strengths and areas for
improvement. Visualization can also include statistical
summaries or metrics that quantify improvement,
giving a comprehensive picture of the model’s
effectiveness at image deblurring.

VI. FINAL RESULT
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Fig 2. Displaying Images from Pituitary
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Fig 3. Displaying Images from No Tumor
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Fig 4. Displaying Images from Meningioma
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Fig 5. Displaying Images from Glioma
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Fig 8. YOLO detection image

8.7 Yolo Detection
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Fig 9. Validation batch images of brain tumor
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Fig 11. training batch images of brain tumour
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Fig 12. Validation batch predicted images of brain tumour

IJIRT 170690 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 158



© December 2024 | 1JIRT | Volume 11 Issue 7 | ISSN: 2349-6002

train_batch2.jpg

m1(107).ipg

Fig 13. training batch images
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Fig 14. Confusion matrix of brain tumor images
F1_curve.png
10 F1-Confidence Curve
— Glioma
- = ——— Meningioma
( — — No Tumor
08 ‘ 7 _ Pituitary
: e - \ —— allclasses 0.88 at 0.368
;/'
0.6
=
= i
0.4
0.2 |
I\
\
A\
00 1
0.0 0.2 04 0.6 0.8 1.0
Confidence

IJIRT 170690

Fig 15. F1 curve obtained from the images
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Fig 16. validation batch images of brain tumor
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Fig 18. labels of the images
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Fig 19. Validation predicted batch images of brain tumour Fig 22. confusion matrix
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Fig 23. validation batch images of brain tumour

Fig 20. validation batch images of brain tumour
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Fig 21. P curve of the brain tumour images Fig 24. PR curve obtained
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8.8 Yolo Results
1. Accuracy:
The model achieved an accuracy of approximately 90
% on the test set.

2. Loss:
The final training and validation loss indicate that the
model generalizes well without overfitting.

3. Confusion Matrix:

Shows the number of correctly and incorrectly
classified images for each tumor type, indicating
strong classification performance.

VII. CONCLUSION

The brain tumor detection system we’re proposing has
the potential to truly transform how we approach
medical diagnostics. Using the YOLOv8 framework,
this system can identify and localize brain tumors in
MRI images with impressive accuracy and speed,
offering a solid solution to the challenges faced with
manual detection. By integrating data augmentation
and careful preprocessing, we ensure our model is
robust and can handle a variety of cases effectively.
We also use advanced evaluation metrics like mean
average precision, precision, and recall to confirm its
reliability. This project really highlights the benefits of
automating the tumor detection process. With the
system drawing bounding boxes around tumor
regions, we can significantly reduce reliance on
manual annotations, which not only lessens the chance
of human error but also speeds up diagnoses. The
ability to quickly and accurately process MRI images
gives medical professionals a powerful tool to support
their decision-making, ultimately leading to better
outcomes for patients. What’s exciting is that this
implementation showcases the strength and flexibility
of deep learning in medical imaging. The YOLOVS8
framework stands out for real-time applications,
providing precise results with minimal delay. We also
utilize  visualization ~ techniques to  boost
interpretability, enabling users to trust the system's
predictions. In summary, this project not only
underscores the promise of artificial intelligence in
healthcare but also sets the stage for future innovations
in automated diagnostics. By minimizing the time, it
takes to diagnose and enhancing detection accuracy,
our system is a significant stride towards improving
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patient care. Looking ahead, we can explore
expanding our dataset, incorporating multi-modal
imaging, and further refining the model for even
greater precision and adaptability in clinical
environments.
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