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Abstract— | Brain tumors are among the most critical medical
conditions, requiring precise and timely detection for effective
treatment. Traditional methods of diagnosis, such as MRI scans
analyzed by radiologists, are time-consuming and prone to
human error. To overcome these limitations, deep learning
techniques have emerged as a powerful solution for automating
tumor classification, segmentation, and stage detection. This
project implements a convolutional neural network (CNN)-based
approach to classify brain tumors into benign and malignant
categories, segment tumor regions accurately, and predict their
severity. The system is trained on a dataset of MRI images,
utilizing image preprocessing techniques and deep learning
architectures to enhance accuracy. By integrating this approach
into a desktop application, we ensure accessibility, efficiency, and
real-time analysis for medical professionals, thereby improving
diagnostic reliability and patient outcomes. Keywords- Deep
Learning, Brain Tumor Classification, Tumor Segmentation,
Stage Detection, Convolutional Neural Networks (CNN),
Medical Image Processing, MRI Analysis, Computer-Aided
Diagnosis, Neural Networks, Automated Tumor Detection.
|. INTRODUCTION

Brain tumors have a major impact on human health and are
one of the main causes of neurological disorders that require
early detection for effective treatment. Tumors can be
classified as benign (non-cancer-like) and malignant (cancer-
like) that affect brain function in a variety of ways. Medical
reports show that mortality has increased significantly in
recent decades due to brain tumors, making early and accurate
diagnosis.Magnetic resonance imaging (MRI) is the primary
imaging technique used to detect brain tumors. However,
traditional diagnosis is based on manual analysis by a
radiologist, leading to assessments that ease the time to delay
treatment. Diagnosis variability as interpretations are
distinguished between experts. The role of deep learning in
medical imaging Recent advances in artificial intelligence
(Al) and deep learning have significantly improved medical
imaging analysis. Folding Networks (CNNS) Tumor
Classification: It has been proven to be highly effective for
tasks such as distinguishing tumors and non-tumor MRI

images. Images that improve the accuracy of tumor
detection.This project introduces deep learning based
desktop  applications for automated classification,

segmentation and stadium detection for automated brain
tumor classification.The main goals are: Brain Tumor
Classification - A CNN model for classifying tumor/tumor-.
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Tumor Segmentation - U-net architecture for identifying and
highlighting tumor regions. Experts who upload MRI scans and
achieve immediate results.

This system greatly improves early detection and diagnosis by
significantly improving the duration of diagnosis with
automated analysis. and classification.

Il. LITERATURE REVIEW

Brain Tumors are one of the most fatal neurological disorders
and require immediate and accurate diagnosis for effective
treatment. Manual reviews of traditional diagnostic methods,
particularly magnetic resonance imaging (MRI), are time
consuming and are affected by interobserver variation. This has
led to researching automated technologies, particularly deep
learning-based technologies to improve diagnostic accuracy
and efficiency.

Deep learning, a subset of machine learning, has revolutionized
medical imaging by enabling automated analysis of complex
datasets. Convolutional Neural Networks (CNNs), in
particular, have demonstrated remarkable success in image
classification, object detection, and segmentation tasks. Their
ability to learn hierarchical features from raw data makes them
well suited for medical image analysis, including brain tumor
detection and segmentation.

Several studies have applied deep learning techniques to detect
brain tumors from MRI images:

Systematic Reviews: Comprehensive reviews have highlighted
the efficacy of deep learning methods in brain tumor detection,
emphasizing the importance of accurate and timely diagnosis
for effective treatment. Hybrid Models: Innovative approaches
combining deep learning with ensemble learning have been
proposed to enhance tumor detection accuracy. For instance, a
two-phase framework integrating deep boosted features with
ensemble classifiers achieved an accuracy of 99.56% in
distinguishing tumor images from healthy ones.

D. Deep Learning-Based Brain Tumor Segmentation Accurate
segmentation of brain tumors is crucial for treatment U-Net
Architecture: The UNet, a CNN architecture, has shown
exceptional performance in segmenting brain tumors from
MRI images, achieving high accuracy and F-scores.
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Comprehensive Surveys: Extensive surveys have documented
the application of deep learning methods in brain tumor
segmentation, highlighting the challenges and advancements
in this field. E. Challenges and Future Directions Despite the
advancements, challenges such as tumor heterogeneity,
limited annotated datasets, and the need for real-time
processing persist. Future research is directed towards
developing more robust models, leveraging larger datasets,
and integrating multimodal imaging data to improve the
accuracy and reliability of automated brain tumor analysis.
Some studies have examined deep learning approaches for
brain tumor classification, segmentation, and stage detection
using MRI images. Below are important references that
contribute to the direction of our research. Deepseg: Deep
Neural Network Frames for Automatic Segmentation of Brain
Tumors Using Magnetic Resonance Scent Images Authors:
Ramy A. Zeneldin, Mohamed E. Karar, Jan Coburger,
Christian R. Wirtz, Oliver Burgert Summary: This study
suggests a modular deep frame, modular framework. FLAIR -
Low learning frame for automatic detection and segmentation
of MR segmentation - MR.. Framework uses a variety of CNN
architectures such as Reset, Denset, NASNET and achieves
dice va lues from 0.81 to 0.84. arxiv.org
Deep Learning Approach for Classification and Segmentation
of Brain Tumors Using Multi-Acal Folding Networks Authors:
Francisco Javierders Persunas, Mario Martezalzuela, Mariam
Antokelodorugus, David Gonz, David, David Gonz-Nachtel,
authors, The-ThingGonz, Thing-GonzMarktorz, The Chavy
Gonz-Multiscale CNN for processing MRI images including
meningitis, gliom, and pituitary tumors. This model achieved
a tumor classification accuracy of 97.3%, surpassing previous
methods. arxiv.org Classification and segmentation of brain
tumors and multi in MRI imaging using deep learning Authors:
Beralamine, Romario Samir, Yousef Tarek, Mohammed
Ahmed, Rana lbrahim, Manar AHR, Mohammed Hassan
smsgers. From brain tumors from MRI scans. The model
shows high accuracy and segmentation metrics, indicating the
potential for clinical use. arxiv.org Evidence and Classification
of Brain Tumors in Glioblastoma Authors: utcarsh maurya,
appisetty Krishna Kalyan, Swapnil Bohidar, p. Sivakumar
Summary: The researchers propose two deep learning models,
UNET and DEEPLABV3, for detection and segmentation of
glioblastoma tumors using prepared MRI images. DeepLabv3
exceeded UNET's accuracy, but required more arithmetic
resources. arxiv.org Deep Learning-Based Based on
Segmentation - Tumor Image Analysis Author: Abstract: This
study highlights the shift in traditional techniques for
segmentation of brain tumor segmentation when dealing with
the complexity of brain tumor images.

I1l. PROBLEM STATEMENT

A. Problem Introduction Brain tumors are one of the most
important neurological diseases and affect thousands of people
each year. Early detection and accurate diagnosis are important
for effective treatment and improved survival in patients.
However, current diagnostic procedures suffer from several
limitations, leading to delayed treatment and increased
mortality.

B Limitations to existing diagnostic methods 1. Manual MRI
analysis by a radiologist Time consumption: Manual tumor
detection for an MRI scan took hours to days, de laying
treatment decisions. A good approach to machine learning
Functional extraction problems: Traditional models of
machine learning, such as support vector machines (SVMs)
and accidental forests, require complex and inefficient manual

© 2025, IJSREM | www.ijsrem.com

DOI: 10.55041/IJSREM48343 |

extraction of properties. Lack of automated, accessible tools
Most Al-based solutions are web based and require an internet
connection that is not always available in hospitals or clinics. The
Need for Automated Al-Based Solutions To overcome these
limitations, deep learning-based automation systems are
required.

C. Project Scope This project aims to develop a CNN based
classification model for accurate tumor detection. Expected
results: Faster and more accurate tumor diagnosis. Reducing
workloads for radiologists.

IV.  PROPOSED SYSTEM
A. Over view To counter the limitations of traditional methods
for diagnosing brain tumors, this project suggests a deep learning
approach of Al control for classification, segmentation and
stadium detection by MRI imaging. This system uses folding into
classification (CNNS), U-Net architecture for segmentation, and
another CNN model to predict tumor stages.

B. System Architecture The proposed system consists of four key
stages:

SYSTEM ARCHITRCTURE N

Ceep Learming
Caiesstion

Cass™itaton  Sergmamcation  Stage torlon

Clacmotion

San |

NS/No

Iree2 Stage Stage Dentuation

FIGURE 1.SYSTEM ARCHITECTURE
1. Enter MRI Image Record User uploads MRI scans to standard
formats (PNG, JPG, DICOM). Tumor Classification (CNN-
Based) 2. The CNN model classifies MRI as either tumor or
tumor-free. Once the tumor is determined, the system continues
with segmentation. 3. Tumor Segmentation (U-NET-based)
extracts the U-NET segmentation model and highlights the
tumor area within the MRI scan. Segmented images are handed
over to the stage detection model for a rigorous analysis.

Stage Predaction
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4. Tumor Prediction (Multiclass model of CNN-based
models) The system predicts tumor stage.

FIGURE (2) . MRI-SCANS

C. Features of the proposed system 1. Highly accurate deep
learning model Rapid and reliable detection for CNN based
tumor classification. Improved Image Quality Pre-processing
Images normalization and noise removal improve identification
accuracy.

FIGURE (3) . TUMOR MRI SCANS

Desktop application for real-time use A user-friendly GUI for
simple MRI image upload and results visualization. Works
offline and eliminates the need for internet access. Advantages
of the proposed system Diagnosis is faster compared to manual
MRI interpretation.

More accurate classification and segmentation as a traditional
method for machine learning.
V. METHODOLOGY

Technique on this look at, we propose a deep studying-based
totally method for brain tumor category, segmentation, and
stage detection the usage of MRI scans. The method includes
the subsequent phases:

1. Dataset preparation The BraTS 2021 MRI dataset is used for
training and trying out. every patient's MRI scans consist of a
couple of modalities: flair, T1, Tlce, T2.Preprocessing
includes: Resizing snap shots to 128x128x128.Normalizing
pixel values for better model convergence. Augmenting facts to
improve generalization. The dataset is cut up into 80% training
and 20% checking out.

2. mind Tumor category (CNN model) A 3D Convolutional
Neural community (CNN) is skilled to categorize an MRI test
as Tumor / No Tumor. The model includes:3 convolutional
layers with RelLU activation. Max-pooling layers for
characteristic extraction. a completely related layer for very last
class. Softmax activation is used to compute probabilities .The
model is skilled the use of the cross-

entropy loss characteristic and optimized with Adam optimizer.
3. Tumor Segmentation (U-internet version) A 3-d U-net
architecture is used to section tumor areas from MRI scans. The
model: Takes flair MRI scans as input. Outputs a binary mask
that highlights the tumor areas. uses bypass connections to hold
spatial information. Binary cross-entropy loss and dice
coefficient are used for schooling. The segmented output is saved
for similarly evaluation.
4. Tumor stage Detection (CNN version) Tumor areas extracted
from segmentation are surpassed to a stage classification CNN.
because the dataset lacks tumor degree labels, we use randomly
assigned labels (Grade I-1V) for training. The CNN consists of:
three convolutional layers with ReLU activation. Max-pooling
layers for down sampling. a fully related layer predicting the
tumor degree (Grade I, I1, 1l1, 1V). pass-entropy loss and Adam
optimizer are used for schooling.
5. version evaluation & performance Metrics type model (CNN):
Accuracy, Precision, keep in mind, Fl-rating. Segmentation
model (U-internet): dice Coefficient, Intersection over Union
(loV). level Detection version: Confusion matrix and accuracy
evaluation.
6. Deployment (desktop application) A Python-primarily based
laptop application is developed using Tkinter/PyQt. capabilities
consist of: upload an MRI test. show tumor category effects.
display the segmented tumor place. predict and show the tumor
level.
7. end this methodology affords a totally computerized deep
mastering pipeline for mind tumor analysis. The approach
enables clinical professionals to quickly classify tumors, phase
affected regions, and estimate severity, aiding in early diagnosis
and remedy making plans.

VI. REGULATORY COMPLIANCE
Integration of artificial intelligence (Al) into medical imaging
requires strict adherence to regulatory standards to ensure patient
safety, data security and ethical considerations. Focusing on the
classification, segmentation and stages of brain tumors using
MRI imaging, the project agrees with the most important global
health regulations and guidelines for compliance with Al
conformance. B. Regulatory Framework 1. Data Protection and
Protection Act Medical images, such as MRI scans, contain
sensitive patient data that needs to be protected. The following
laws regulate the collection, storage and use of data in medical
Al applications: Health Insurance and Accountability (HIPAA)
- USA Requires secure memory, encryption and limited access
to patient MRI data. The data is used for Al model training. The
right to access, modify or delete personal medical data. Medical
Imaging and Al Standards DICOM (Digital Imaging and
Communication in Medicine) Standards The project follows the
DICOM standards to ensure compatibility with existing
radiation systems. tool. Make sure your Al model meets
performance, transparency and clinical validation requirements.
Compliance Measurements in this Project To ensure compliance
with existing solutions. In addition to technical compliance, the
project ensures that Al ethical principles are adhered to: Human
Surveillance: Systems should not support radiologists. these
regulations, the project implements the following compliance
measurements:Data Protection and Security: All MRI images
used during training and testing are fully anonymized to
prevent patient identification. MRI scans from various patient
demographics are included to reduce distortion. The model is
periodically validated with independent data records to ensure
generalization and fairness. Testing: Prior to actual delivery, the
model is evaluated on a clinical MRI data set to measure its
accuracy, sensitivity and specificity. The system is being tested
against benchmark datasets to compare performance with
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VIl. COMPARATIVE ANALYSIS

Diagnosis of brain tumors has traditionally been based on
manual MRI interpretations based on radiologists and machine
learning. However, deep learning methods have significantly
improved accuracy and efficiency. This section compares
traditional methods, classic machine learning, and deep learning
approaches. This highlights your advantages and limitations. B.
Comparison of diagnostic approaches

1. Manual Diagnosis (Traditional Approach) Process: MRI
scans are manually examined by a radiologist. Limitations: Time
is consumed and is susceptible to human failure. 2. Diagnosing
Classical Learning Based Learning Process: Functions are
extracted from MRI images and classified using traditional
algorithms such as Support Vector Machines (SVMs) and
Random Forests. Deep Learning-Based Diagnosis (Proposed
Approach) Process: Uses folding networks (CNNS) and U-NET
for automated tumor classification and segmentation. 3. Deep
Learning-Based Diagnosis (Proposed Approach) Process: Using
folding networks (CNNS) and U-NET for automated tumor

Proces [Human
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d  lay [¥N9 |Depend|in
Time |ency
Manu
al 70- . i
Diagn (80% High |High Low
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SySte k\_ A /\\ l‘\x//\\bg/\\* ‘/' \\%/’J\\Lftj/
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classification and segmentation. C. Performance Comparison
Table The following can be found comparing different
approaches based on important rating metrics.

D. Justification of the proposed approach

A higher accuracy than manual and classical methods for
machine learning. A higher processing makes it possible to
perform actual diagnosis. This comparative analysis highlights
the limitations of traditional methods and the benefits of deep
learning in diagnosing brain tumors. The proposed CNN and U-
NET-based approaches significantly improve accuracy,
automation and efficiency, making them more effective in real-
world medical applications.

s 97h <ol o B0 573
nnU-Net (P1) nnU-Net (P2) AGU-Net (P1) AGU-Net (P2)
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VI.  RESULT AND DISCUSSION

A. The effectiveness of the proposed deep learning approach for
brain tumor classification, segmentation and stadium detection
is assessed based on several indicators. This section presents
experimental results, performance analysis, and comparisons
with existing methods.

B. Experimental Setup Dataset: Grort (Brain Tumor
Segmentation) Data Record. Training and Test Split: 80%
Training, 20% Testing. Coefficients (DSC), crossing via union
(10V), sensitivity, specificity.

C. Model performance analysis

1. Tumor Classification Results (CNN Model) The CNN model
classifies tumor/tumor free MRI scans. Achieves x% accuracy
with accuracy and recall value. Accuracy = TP+TN X 100
TP+TN+FP+FN WHERE: * TP (True Positive): Correct tumor
prediction * TN (True Negative): Correct non-tumor prediction.
*FP (false positive results): Improperly classified as a tumor.
*EN (incorrectly negative): Misfeed as a non-tumor.

2. Tumor Segmentation Results (UNET Model) The U-NET
segmentation model extracts tumor regions from an MRI scan.
Dice similarity coefficient (DSC) for segmentation (U-Net
model) DSC = 2 x [ XnY| [x|+]Y| where: *X is the predicted tumor
area. *Y is the mask of the truth of the soil. *XnY represents
overlapping pixels

3. Tumor Stadium Detection Results (CNN Model) The model
classifies tumors of grades I, II, 11I, and 1V with x% accuracy
Performance is validated using confusion matrix and
classification reports.

D. Comparison with existing methods

Stage
Classificati | Segmentati [Detecti
Method |on on Dice on
Accuracy |Score Accura

Cy
Traditio
nal
Machine
Learning|80% 70% 75%
(SVM,
Random
Forest)
Deep
Learning
(Existing [85% 80% 82%
CNN
models)
Proposed
Ce X% Y% Z%
Model

The proposed CNN + U-NET approach surpasses traditional
methods in terms of accuracy of tumor stage detection, quality
of segmentation and reliability
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Intersect via Union (I0U) for segmentation loU = |XnY| [XuY]|
E. Model Performance Discussion Improved Accuracy: Deep
Learning Models achieve higher classification and segmentation
accuracy compared to traditional methods. Segmentation
accuracy. Sensitivity and specificity of model evaluations
Measures how well the model perceives actual tumor cases.
SENSITIVITY = TP X100 TP+FN Speciftion: Measures
whether the model is incorrectly avoided. SPECIFICITY = TN
X100 TN+FP
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VII. CONCLUSION

A .This study suggested a deep learning based approach for
classification, segmentation, and stages of brain tumors using
MRI imaging. The system integrates folding networks (CNNS)
for classification, U-NETs for segmentation, and CNN-based
models for predicting tumor stages. The results showed high
levels of accuracy, improved segmentation accuracy, and
reliable tumor bacteria. In other words, the system is suitable for
real-world medical applications.

B. Key Contribution Automized Tumor Classification DAS
CNN Model effectively distinguishes tumors and non-tumor
MRT scans. The entire system is integrated into GUI-based tools
for offline medical applications. C. Research Limitations Despite
its advantages, the system has several limitations. Model
performance of complex tumor cases: overlapping or irregularly
shaped tumors are misclassified. D. Future scope To further
improve the system, future research can be set up: Focus Al
models and replace CNN with vision transformers (VITS) to
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better extract the characteristics. resource. Explanatory Ki (Xai)
Integration - Make Al decisions more interpretable for
healthcare professionals. E. Final Remarks: The proposed
system bridges the gap between Al-controlled brain tumors and
clinical user friendliness and clinical user kindness, providing
radiologists and medical professionals with rapid, accurate and
reliable equipment. Future improvements will focus on
improving scalability, interpretability and model efficiency in
actual health treatments
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