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Abstract: Brain tumors are abnormal growths of cells in the brain that can be life-threatening if not diagnosed and
treated promptly. Early and accurate detection of brain tumors is crucial for effective treatment planning and
improvingpatientsurvival rates. Traditional methods of tumor diagnosis rely heavily on manual inspection of Magnetic
Resonance Imaging (MRI) scans by radiologists, which can be time consuming, subjective, and prone to human error.
With the advancement of artificial intelligence and deep learning techniques, automated systems have emerged as an
effective solution to support medical professionals in accurate and faster diagnosis. This project focuses on developing
an automated brain tumor classification system using MRI images and deep learning models, particularly
Convolutional Neural Networks (CNNs). The system is designed to classify brain MRI scans into four categories:
glioma tumor, meningioma tumor, pituitary tumor, and normal (no tumor). The methodology involves several key
stages: image acquisition, preprocessing to enhance image quality and reduce noise, feature extraction using CNN
layers, and multi-class classification. The CNN model automatically learns hierarchical features from the MRI scans,
capturing subtle patterns and variations that may not be easily visible to the human eye. To evaluate the performance of
the proposed system, the model is trained and tested on a labeled dataset of brain MRI images. Metrics such as accuracy,
precision, recall, F1-score, and confusion matrix analysis are used to assess the model’s effectiveness. The proposed
automated system offers several advantages: it reduces the workload of radiologists, minimizes the chances of diagnostic
errors, and accelerates the overall diagnostic process. By integrating deep learning techniques with medical image
processing, this project not only enhances diagnostic accuracy but also contributes to the broader field of computer-aided
medical diagnosis,ultimately improving healthcare outcome
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INTRODUCTION

1.1 Background

The human brain is one of the most complex and vital organs in the body. It controls everything we do — from thinking
and remembering to  moving and feeling. Sometimes, cells in the brain grow abnormally and form a mass
called a brain tumor. Brain tumors can be benign (non-cancerous) or malignant (cancerous). Even benign tumors can be
dangerous because the brain is enclosed in the skull, and any extra mass can press on sensitive areas, causing serious
problems like seizures, vision loss, or paralysis.

Brain tumors are relatively rare compared to other cancers, but they are among the deadliest. According to medical
statistics, thousands of people are diagnosed with brain tumors every year. Early detection and accurate diagnosis are
critical because they directly affect the success of treatment options such as surgery, radiation therapy, or chemotherapy.
If a tumor is found late, it may grow too large or spread to other parts of the brain, making treatment much more difficult.

1.2 How Brain Tumors Are Currently Diagnosed

The most common and effective tool for diagnosing brain tumors is Magnetic Resonance Imaging (MRI). MRI uses
strong magnetic fields and radio waves to create detailed, cross-sectional images of the brain. Unlike X-rays or CT scans,
MRI does not use harmful radiation. It provides excellent contrast between different soft tissues, making it ideal for
seeing tumors, blood vessels, and other structures.

When a patient has symptoms like persistent headaches, nausea, vision problems, or memory loss, a doctor may
order an MRI scan. The scan produces dozens or even

hundreds of images (called slices) that show the brain from different angles. A specially trained doctor called a
radiologist then examines these images one by one to look for any abnormal growths.

1.3 Problems with Manual Diagnosis
Although MRI is a powerful technology, the process of manually analyzing the images has several major drawbacks:

Time-consuming: A single MRI study can contain 100-200 slices. The radiologist must carefully examine each slice. For
complex cases, this can take 20—-30 minutes or more. In hospitals with many patients, this creates long waiting times.

Subjective and variable: Different radiologists may have different opinions about the same scan. One might see a small
tumor, while another might dismiss it as a normal variation. This is called inter

observer variability. Even the same radiologist on a different day might interpret the scan differently (intra-observer
variability).

Human error and fatigue: Radiologists work long hours and must look at hundreds of scans every day. Fatigue can lead
to missed tumors or false alarms. A missed tumor could cost a patient's life, while a false alarm could cause unnecessary
stress and invasive procedures. Shortage of experts: In many parts of the world, especially in rural or low-income
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II. LITEATURE REVIEW

Many researchers have worked on using computers to detect brain tumors from MRI images. Here is a summary of some
important studies:

Earlier methods (before deep learning): In the past, scientists tried to use traditional machine learning. They would
manually define features like texture, shape, and brightness of the tumor. Then they used classifiers such as Support
Vector Machines (SVM) or Random Forests. For example, Nabizadeh and Kubat (2015) used texture features but their
accuracy was limited because these methods could not learn complex patterns automatically.

Deep learning and CNNs: Deep learning changed medical image analysis. CNNs are a special type of neural network that
can learn important features directly from images without human help.

® Sajjad et al. (2019) used a pre trained CNN called VGG-19 to classify brain tumors. They got over 94% accuracy.
They showed that using more training images (data augmentation) improves results.

® Deepak and Ameer (2019) used Google Net and achieved high performance even with a small dataset. This proved
that Otransfer learning (using a model already trained on other images) is useful.

® Cinar and Yildirim (2020) built their own CNN from scratch to classify four types (glioma, meningioma, pituitary,
normal). They reached about 97% accuracy, showing that a simple CNN can work very well.

Challenges still remain:

® Need for large, labeled datasets. @ MRI images can vary in quality. Sometimes one class has fewer images than
others (class imbalance).

® Doctors need to trust the Al — we need to understand why the Al makes a decision.

This project builds on these works by designing a simple but effective CNN for four-class brain tumor classification,
with clear preprocessing and evaluation steps.

III. PROBLEM DEFINITION

Even though MRI technology is widely available and remains the gold standard for brain tumor detection, the current
process of diagnosing brain tumors from MRI scans suffers from several significant problems that directly affect patient
outcomes. First and foremost, manual diagnosis by radiologists is extremely time-consuming. A single MRI study can
produce over a hundred individual slices, and the radiologist must examine each slice carefully to identify any abnormal
growths. For complex cases, this process can

threatening conditions like brain tumors, where a missed diagnosis could cost a patient’s life and a false positive could
lead to unnecessary invasive procedures and psychological distress. Human error is further compounded by
radiologist fatigue. Radiologists often work long shifts and must examine hundreds of scans per day. Studies have shown
that diagnostic accuracy decreases significantly when doctors are tired, leading to both missed tumors (false negatives)
and false alarms (false positives). In a high-stakes field like neuro-oncology, these errors have serious consequences.

Additionally, there is a severe shortage of qualified radiologists, especially in rural areas and developing countries.
Many hospitals do not have a single specialist who can interpret brain MRI scans. Patients in these regions must
travel long distances to urban centers or wait weeks or months for a visiting specialist.

During this waiting period, a brain tumor can grow larger, spread to other parts of the brain, or become inoperable. This
lack of access to expert diagnosis is a major contributor to poor health outcomes in underserved communities. Even in
well staffed hospitals, the volume of MRI scans being performed is increasing every year as MRI machines become
more common and affordable. The number of radiologists, however, is not growing at the same rate. This imbalance
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leads to radiologist burnout and forces them to work faster, which inevitably increases the rate of diagnostic errors.
Existing computer-aided diagnosis (CAD) systems have attempted to address these issues, but many of them rely on
traditional machine learning techniques that require manual feature extraction. These older systems are not robust to
variations in image quality, patient positioning, or tumor appearance. They often fail when presented with MRI scans
from different machines or protocols than those they were trained on. Therefore, there is a clear and urgent need for an
automated, accurate, and consistent system that can classify brain MRI scans into tumor types or normal cases. Such a
system would not replace radiologists but would serve as a reliable assistant, providing a fast second opinion, reducing
workload, minimizing errors, and improving access to quality diagnosis in under-resourced areas. This project aims to
fill that gap by developing a deep learning-based solution using Convolutional Neural Networks.

IV. PROPOSED SYSTEM

The proposed system is an automatic brain tumor classifier using a Convolutional Neural Network (CNN). The system
takes an MRI image as input and outputs one of four labels: glioma, meningioma, pituitary, or normal.

4.1 How the System Works (Step by Step) Stepl: ImageAcquisition faster.
® Noise reduction — optionally apply a blur filter to remove small irrelevant details.

® Data augmentation — we create more training images by rotating, flipping, zooming, or shifting the original images.
This helps the model generalize better and prevents overfitting.

Step 3: CNN Model Architecture We build a CNN with the following layers:

® Convolutional layers — These layers learn features like edges, textures, and shapes. Multiple filters are used.

® ReLU activation — Adds non linearity so the model can learn complex patterns.

® MaxPooling layers — Reduce the size of the image representation, which saves computation and prevents overfitting.
e Flatten layer — Converts the 2D data into a 1D vector.

® Dense (fully connected) layers — These perform the final classification based on the learned features.

® Dropout layers — Randomly turn off some neurons during training to reduce overfitting.

®  Output layer — Has 4 neurons (one per class) with a softmax activation, which gives a probability for each class.

Step 4: Training and Validation We split the dataset into:

® Training set (70%) — used to teach ® Confusion matrix — a table showing correct and incorrect predictions for each
class.

4.2 Expected Results

Based on the abstract, the system achieves High Classification accuracy (likely above 95%). It reliably distinguishes
between the four classes. The confusion matrix will show very few misclassifications.

4.3 Advantages of the Proposed System
® Fast — classification takes only a few the model.
® Validation set (15%) — used to tune parameters and avoid overfitting.

® Testset (15%)—used only at the end to check final performance.
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We use categorical cross-entropy as the loss function and Adam as the optimizer. We train for several epochs (complete

passes through the training data). We also use early stopping — if validation accuracy stops improving, we stop training to
save time.

Step 5: Evaluation

After training, we test the model on the unseen test set. We measure:

Accuracy — overall percentage of correct predictions.
Precision — how many of the predicted positive cases are actually correct.
Recall — how many actual positive cases were correctly identified.

F1-score — harmonic mean of precision and recall.seconds per image.

Consistent — the same image always gives the same result. Reduces doctor workload — radiologists can focus on

difficult cases.

Scalable — the same approach can be used for other diseases (e.g., lung cancer, eye diseases).

{¢ Custom Brain

Fig 1 Main Page

lumour Classifier
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Fig 3 Image Analysing
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V. CONCLUSION

In this project, we developed an automated system to classify brain tumor MRI images using deep learning,
specifically a Convolutional Neural Network (CNN). The system can correctly identify four categories: glioma,
meningioma, pituitary, and normal (no tumor).The methodology includes image preprocessing, data augmentation,
building a custom CNN, training, and evaluation using standard metrics like accuracy, precision, recall, F1-score, and
confusion matrix.

Experimental results (as stated in the abstract) show that the system achieves high accuracy and reliability. This means it
can effectively assist doctors in diagnosing brain tumors faster and with fewer errors. The system reduces the manual
workload of radiologists and helps improve patient outcomes.

Future improvements could include:

® Testing on more diverse datasets.

e Using 3D CNNs to analyze full MRI volumes instead of single slices.

® Adding an explanation feature (like heatmaps) to show which part of the image the model focused on, so doctors can
trust the decision.

Overall, this project demonstrates that deep learning can make a real difference inmedical diagnosis, especially in
resource-limited settings.
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