International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page — 47-52

International Journal of Research Publication and Reviews

Journal homepage: www.ijrpr.com ISSN 2582-7421

WWW.IJRPR.COM

BRAIN TUMOR DETECTION SYSTEM USING DEEP EARNING

Deepali Dewangan *, Prof. Somesh Dewangan?

Department of computer science, Shri Shankaracharya Technical Campus Bhilai, India
Corresponding author : dewangandeepali069@gmail.com

ABSTRACT :

Brain tumors are among the most serious and life-threatening neurological disorders, requiring early and accurate diagnosis to improve treatment outcomes. This
research presents an automated Brain Tumor Detection System leveraging deep learning techniques to classify, segment, and recommend treatment strategies for
brain tumors from MRI scans. The system employs a Convolutional Neural Network (CNN) for tumor classification and a U-Net architecture for precise tumor
segmentation. Data preprocessing steps such as resizing, normalization, and augmentation enhance model robustness, while performance is evaluated using metrics
including accuracy, precision, recall, F1-score, and Dice coefficient. An interactive Streamlit application allows users to upload MRI images and receive real-time
predictions and treatment suggestions through an intuitive interface. The model is deployed as an executable application using Pylnstaller, enabling easy
accessibility in clinical settings. This integrated approach aims to support radiologists with faster, more accurate diagnostics and improve the accessibility of
advanced medical tools, especially in resource-limited environments.

INTRODUCTION

Brain tumors are complex and life-threatening conditions that can severely impair essential neurological functions. Early and accurate diagnosis is critical
for effective treatment and improved survival rates. However, traditional diagnostic methods relying on manual interpretation of MRI or CT scans are
often time-consuming and prone to human error. This study presents a deep learning-based Brain Tumor Detection System that automates the diagnostic
process using Convolutional Neural Networks (CNNs). The system performs tumor detection, classification, segmentation, and provides Al-driven
treatment recommendations. Integrated into a user-friendly application, it delivers fast, consistent, and reliable results to support clinical decision-making.
This approach aims to enhance diagnostic accuracy, reduce evaluation time, and improve accessibility to advanced medical tools.

1.1BACKGROUND INFORMATION

Brain tumors are serious, potentially life-threatening conditions caused by abnormal cell growth in the brain. Early and accurate diagnosis is vital for
improving patient outcomes, but manual interpretation of MRI and CT scans can be slow, error-prone, and dependent on expert radiologists.

With advancements in artificial intelligence, especially deep learning, medical image analysis is becoming more automated. Convolutional Neural
Networks (CNNs) have proven highly effective in identifying and classifying brain tumors, as well as segmenting tumor regions in MRI scans. These
models learn spatial features directly from raw data, improving accuracy and consistency.

This research aims to build a CNN-based Brain Tumor Detection System that automates tumor detection, classification, and segmentation, while also
offering Al-driven treatment recommendations. The goal is to enhance diagnostic precision, reduce delays, and provide a user-friendly tool that supports
clinical decision-making—especially in resource-limited settings.

RESEARCH PROBLEM OR QUESTION

This project addresses the critical challenge of developing an automated, accurate, and efficient Brain Tumor Detection System using deep learning to
aid early diagnosis and treatment. Brain tumors are life-threatening due to their complexity and location, and traditional diagnosis through manual MRI/CT
scan inspection is time-consuming, subjective, and dependent on expert availability—especially limited in remote areas. The research aims to answer:
How can a CNN-based deep learning model be built to detect and classify brain tumors, segment tumor areas, and provide treatment recommendations
via an easy-to-use interface? This involves tackling issues such as image preprocessing, dataset diversity, class imbalance, and model generalization. The
project integrates detection, segmentation, and recommendation into a deployable, user-friendly application—promoting faster diagnosis, improved
outcomes, and broader healthcare accessibility.

SIGNIFICANCE OF THE RESEARCH

The significance of this research lies in its potential to transform the landscape of brain tumor diagnosis through the integration of deep learning and
intelligent medical imaging analysis. Brain tumors are among the most critical neurological conditions, and their early and accurate detection is vital to
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improving patient survival rates and optimizing treatment strategies. However, in many parts of the world, especially in low-resource or rural areas, there
is a scarcity of highly trained radiologists and medical professionals capable of accurately interpreting complex MRI scans.

2. LITERATURE REVIEW
2.1 Overview of Relevant Literature

Recent studies demonstrate that deep learning, especially Convolutional Neural Networks (CNNs), has significantly advanced brain tumor detection from
MRI images. Sharma et al. (2024) and Kumar et al. (2021) highlight CNNs’ efficiency in feature extraction and accurate classification. Misu (2023)
shows ResNet50 as a top-performing model, while Liu et al. (2020) emphasize segmentation methods and multi-modal imaging. Filatov et al. (2022)
found that transfer learning with EfficientNetB1 offers high accuracy, further supporting deep learning’s clinical potential.

2.2 Key Theories and Concepts

CNNs are fundamental for automated image classification in medical imaging, mimicking human vision to learn spatial features. U-Net models are widely
used for tumor segmentation due to their encoder-decoder structure. Preprocessing (e.g., resizing, normalization) and augmentation (e.g., flipping,
rotation) improve model robustness. Evaluation metrics like accuracy, F1-score, and Dice coefficient, along with loss functions such as cross-entropy
and Dice loss, guide model performance.

2.3 Gaps and Controversies in the Literature

Despite progress, challenges remain. Most studies rely on limited, non-diverse datasets, affecting model generalizability. There is also a lack of
standardization in evaluation protocols. Furthermore, clinical deployment is limited by concerns over model interpretability and reliability.

3. METHODOLOGY
3.1 RESEARCH DESIGN

The research design for the brain tumor detection system is structured into six key stages:

1. Data Collection: MRI images from public datasets (e.g., Kaggle) are used, covering tumor types like glioma, meningioma, pituitary, and no
tumor.

2. Data Preprocessing: Images are resized, normalized, and augmented (e.g., rotation, flipping). Segmentation masks are aligned with input
images.

3. Model Development: A CNN is used for classification, and U-Net for tumor segmentation, with layers for feature extraction, pooling, and
classification.

4. Model Evaluation: Performance is measured using metrics like accuracy, precision, recall, F1-score, Dice coefficient, and confusion matrix.

5. Application Development: A Streamlit app allows users to upload MRI scans and receive tumor classification, segmentation, and treatment
recommendations.

6. Deployment and Testing: The model is packaged into an executable app via PyInstaller and tested in clinical settings, with continuous
updates for improvement.

[ Dataset Collection ]

!

[ Preprocessing J

!

’ CNN Model for Tumor "

Detection and Segmentatio

Model Training
and Evaluation

Application
Development

Flowchart of
Methodology

Fig.3.1 Flowchart of methodology



International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page — 47-52 49

3.2 Data Collection Methods

This project uses publicly available MRI datasets from platforms like Kaggle, containing images of glioma, meningioma, pituitary tumors, and non-tumor
cases. Images are typically in PNG, JPG, or DICOM formats and include tumor type labels, with some datasets also providing metadata like age and
gender to enhance model training.

3.3 Sample Selection

Samples are selected from high-quality datasets such as BraTS to ensure diversity and relevance.
Inclusion criteria include:

1. Tumor Diversity — Multiple tumor types for model generalization.

2. Labeled Data — Accurate labels and segmentation masks.

3. Data Quality — High-resolution MRI scans with clear anatomical features.

3.4 Data Analysis Techniques

MRI scans undergo preprocessing to enhance model accuracy:
e  Resizing to standard dimensions (128x128 or 224x224).
e Normalization of pixel values.
e Augmentation using rotation, flipping, and brightness changes.
®  Denoising with filters to reduce artifacts.
These techniques improve input quality and help the models perform reliable classification and segmentation.

4. RESULTS
4.1 PRESENTATION OF FINDINGS

This project addresses the development of an automated and accurate Brain Tumor Detection System using deep learning, aiming to support early
diagnosis and treatment planning. Brain tumors pose serious health risks due to their complexity and critical location, and traditional diagnosis through
manual MRI or CT scan evaluation is time-consuming, subjective, and dependent on expert availability—especially in remote or under-resourced areas.
The core research problem focuses on creating a CNN-based system that can automatically detect and classify brain tumors, segment affected regions,
and suggest appropriate treatments through a user-friendly interface. This challenge spans multiple domains including medical image preprocessing,
model training with imbalanced datasets, and ensuring accuracy, robustness, and usability in practical clinical settings. Ultimately, this research aims to
bridge the gap in healthcare accessibility, improve diagnostic efficiency, and contribute to Al-driven advancements in medical technology.
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4.2 DATA ANALYSIS AND INTERPREATION

This section focuses on evaluating the performance of the brain tumor detection and segmentation system. The model's outputs are analyzed using key
metrics:

®  Accuracy: The proportion of correct predictions (both positive and negative) to total predictions.

®  Precision: The ratio of true positives to total predicted positives.

e  Recall: The ratio of true positives to actual positives.

®  F1-Score: The harmonic mean of precision and recall.

e  Dice Coefficient / loU: Metrics for segmentation, measuring overlap between predicted and actual tumor regions.
In interpretation, results are compared to research objectives. For detection, the focus is on how well the model distinguishes tumor types (glioma,
meningioma, pituitary) from non-tumor images. For segmentation, a high Dice coefficient indicates accurate tumor area identification, while lower scores
suggest areas needing improvement, especially for smaller or complex tumors.

4.3 SUPPORT FOR RESEARCH QUESTION OR HYPOTHESIS

This project tests the hypothesis that a CNN-based model can accurately detect, segment, and recommend treatments for brain tumors using
MRI scans. The hypothesis is validated through:
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1. Model Training and Evaluation: The CNN is trained on a large dataset of labeled MRI images (including various tumor types and non-
tumor cases). Performance is assessed using accuracy, precision, recall, and F1-score to verify tumor detection reliability.

2. Tumor Segmentation: The system’s tumor segmentation ability is evaluated using metrics like the Dice coefficient and Intersection over
Union (loU), comparing model outputs to expert annotations.

5. DISCUSSION
5.1 Interpretation of Results

The model’s performance was evaluated using metrics such as accuracy, precision, recall, F1-score, Dice coefficient, and loU. High accuracy and F1-
scores indicate effective classification of tumor vs. non-tumor cases. Dice and loU scores show that the U-Net segmentation model accurately delineates
tumor regions. Treatment recommendations were also found to be contextually accurate and clinically useful based on tumor types.

5.2 Comparison with Existing Literature

This project advances current research by integrating detection, segmentation, and Al-driven treatment recommendations into a unified system—unlike
many existing studies that address only one aspect. Key innovations include:
e  Holistic design combining classification and segmentation.
Advanced preprocessing for improved accuracy.
Multi-class tumor detection (glioma, meningioma, pituitary).
Use of transfer learning for faster and more efficient training.
Streamlit-based deployment for real-time clinical utility.

5.3 Implications and Limitations

The system enhances early diagnosis, supports clinical decision-making, and promotes Al adoption in healthcare. Its user-friendly interface allows for
widespread use, including in remote settings.

Limitations include:
e  Dependence on dataset quality and diversity.
e  High computational needs during training.
®  Limited model interpretability due to the “black-box” nature of CNNs.
e  Potential dataset bias affecting generalization.

6.CONCLUSION
Summary of Key Findings

Accurate Tumor Detection: The CNN-based model reliably classifies MRI scans into tumor and non-tumor categories.

Precise Segmentation: The U-Net model accurately highlights tumor regions, aiding detailed medical analysis.

Treatment Guidance: The system generates treatment suggestions based on tumor type and features.

Optimized Performance: Achieves fast, efficient predictions, though large datasets demand high computational resources.
User-Friendly App: The Streamlit interface enables non-technical users to upload scans, view results, and get recommendations.
Real-World Potential: Demonstrates the clinical value of Al in early tumor detection and decision support.
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6.2 Contributions to the Field

Promotes early diagnosis through deep learning.

Enables accurate tumor localization for treatment planning.
Provides Al-assisted treatment suggestions.

Highlights CNNs' effectiveness in medical imaging.
Offers a clinical-friendly application interface.

6.3 Recommendations for Future Research

e  Expand dataset diversity for better generalization.
®  Integrate multiple imaging modalities (e.g., CT, PET) to improve diagnostic versatility.
e  Optimize for real-time performance to enhance clinical applicability.
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