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Abstract:  
Magnetic Resonance Imaging (MRI) is widely 

used for brain tumor diagnosis because it 

provides detailed visualization of brain tissues. 

However, manual examination of MRI images 

is time-consuming and may be affected by 

diagnostic variability. This paper presents a 

deep learning-based framework for automated 

brain tumor detection and classification from 

MRI images. The proposed system performs 

image preprocessing, including resizing, 

normalization, noise reduction, and data 

augmentation, followed by automatic feature 

extraction using a Convolutional Neural 

Network (CNN). U-Net can be employed for 

tumor segmentation, while ResNet and Vision 

Transformer architectures provide enhanced 

feature learning. The system classifies MRI 

images into Glioma, Meningioma, Pituitary 

Tumor, and No Tumor categories and provides 

prediction confidence through a graphical 

interface. Performance is evaluated using 

Accuracy, Precision, Recall, F1-score, Dice 

Similarity Coefficient, Intersection over Union, 

and confusion matrix analysis. The framework 

aims to reduce manual workload and support 

faster, consistent, and computer-assisted brain 

tumor assessment. 

Keywords:. MRI, Brain Tumor Detection, Brain 

Tumor Classification, Deep Learning, 

Convolutional Neural Network. 

 

I. INTRODUCTION  

Brain tumors are abnormal growths of cells 

within the brain that can significantly affect 

neurological functions and overall health. 

Early and accurate detection is important for 

diagnosis, treatment planning, and patient 

management. Magnetic Resonance Imaging 

(MRI) is one of the most widely used imaging 

techniques for brain-tumor assessment 

because it provides detailed visualization of 

brain tissues and enables identification of 

tumor location, size, shape, and appearance. 

 

Conventional diagnosis mainly depends on 

radiologists manually examining multiple 

MRI slices. This process can be time-

consuming, particularly when a large number 

of images need to be analyzed. Traditional 

computer-aided diagnosis methods generally 

perform image enhancement and manually 

extract features such as shape, edges, texture, 

and intensity before applying classifiers such 

as Support Vector Machine (SVM), K-

Nearest Neighbors (KNN), Decision Tree, or 

Random Forest. The performance of these 

approaches can strongly depend on the quality 

of the handcrafted features. 

Deep learning has provided an effective 

alternative because it can automatically learn 

discriminative features directly from MRI 

images. Convolutional Neural Networks 

(CNNs) can learn hierarchical spatial 

representations through convolution and 

pooling operations, reducing the requirement 

for manual feature engineering. U-Net can be 

used for tumor-region segmentation, while 

ResNet and Vision Transformer (ViT) 

architectures can provide enhanced feature 

representation. 

The proposed system focuses on automated 

MRI brain-tumor detection and classification. 

The system preprocesses MRI images, 

extracts relevant features using deep learning, 

detects tumor presence, and classifies the 
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image into Glioma, Meningioma, Pituitary 

Tumor, or No Tumor. A confidence score is 

also generated with the prediction to support 

interpretation. 

The main objective is to develop an 

automated and user-friendly framework that 

can reduce manual analysis effort, improve 

consistency, and assist radiologists in MRI 

brain-tumor assessment.. 

 

II. LITERATURE SURVEY 

Deep learning has increasingly been 

applied to brain-tumor detection, 

classification, and segmentation using MRI. 

Existing research has investigated CNN 

architectures, transfer learning, image 

preprocessing techniques, public datasets, and 

different performance measures. Deep 

learning approaches are particularly useful 

because they can automatically learn relevant 

image representations from MRI scans. 

Several studies have focused on deep 

learning-based brain-tumor segmentation. 

CNN, U-Net, ResNet, Fully Convolutional 

Networks (FCN), and Transformer-based 

architectures have been investigated for 

accurate tumor localization. Segmentation 

provides detailed information about tumor 

boundaries and can support treatment 

planning and clinical assessment. However, 

limitations such as insufficient annotated 

datasets, high computational requirements, 

and model robustness continue to affect 

practical deployment. 

Although deep learning has demonstrated 

considerable potential, several challenges 

remain. Large annotated MRI datasets are 

difficult to obtain because of privacy 

restrictions and expensive expert annotation. 

Models trained using different scanners, 

imaging protocols, or patient populations may 

also show reduced generalization. 

Furthermore, computational requirements and 

the black-box nature of deep learning can 

create barriers to clinical adoption. 

Therefore, the proposed work integrates 

preprocessing, automatic deep feature 

extraction, tumor detection, classification, 

segmentation capability, and performance 

evaluation into a unified MRI brain-tumor 

analysis framework.. 

 

III. PROPOSED WORK  

The proposed work presents a deep 

learning-based MRI brain tumor detection and 

classification system that automatically 

analyzes brain MRI images and provides 

tumor prediction results. The system begins 

with the collection of MRI brain images from 

suitable datasets and performs preprocessing 

operations such as image resizing, 

normalization, noise reduction, image-quality 

assessment, and data augmentation to obtain 

consistent and improved input images. The 

preprocessed MRI images are then provided 

to a deep learning model, primarily a 

Convolutional Neural Network (CNN), which 

automatically extracts hierarchical features 

and learns tumor-related patterns without 

relying on handcrafted features. U-Net can be 

incorporated to identify and segment the 

tumor region, while ResNet and Vision 

Transformer (ViT) architectures can be used 

to enhance feature representation and 

classification. The trained model detects 

whether a tumor is present and classifies the 

MRI image into Glioma, Meningioma, 

Pituitary Tumor, or No Tumor based on the 

predicted probability. The system evaluates 

its performance using Accuracy, Precision, 

Recall, F1-score, Dice Similarity Coefficient 

(DSC), Intersection over Union (IoU), and 

confusion matrix analysis. Finally, the 

predicted class and confidence score are 

displayed through a graphical user interface, 

providing an easily interpretable output for 

supporting radiologists in brain-tumor 

assessment. 

 

IV. METHODOLOGY 

The proposed methodology consists of a 

sequence of stages for automated MRI brain-

tumor analysis, beginning with MRI image 

collection and ending with prediction and 

performance evaluation. MRI brain images 

are collected from suitable datasets such as 

BraTS, Figshare, TCIA, Kaggle, or authorized 

medical databases and are organized 

according to the available tumor classes. The 

collected images are first subjected to 

preprocessing, including resizing, 

normalization, noise reduction, image-quality 

assessment, and data augmentation. Rotation, 

zooming, shifting, and shearing are used as 
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augmentation operations to increase image 

diversity and reduce overfitting. The 

processed dataset is divided into training, 

validation, and testing subsets. The training 

images are supplied to a Convolutional 

Neural Network (CNN), which automatically 

learns hierarchical features through 

convolutional, activation, pooling, dropout, 

and fully connected layers. The model 

parameters are optimized using gradient-

based learning methods such as Adam. After 

training, the model detects the presence of a 

tumor and classifies the MRI image into 

Glioma, Meningioma, Pituitary Tumor, or No 

Tumor according to the predicted probability. 

U-Net can be used when tumor-region 

segmentation is required. The performance of 

the system is evaluated using Accuracy, 

Precision, Recall, F1-score, Dice Similarity 

Coefficient (DSC), Intersection over Union 

(IoU), confusion matrix, and training-

validation loss. Finally, the predicted tumor 

class and confidence score are displayed 

through the graphical user interface. 

 

V. ALGORITHMS 

A. Convolutional Neural Network (CNN) 

CNN is the primary deep learning algorithm 

used for MRI brain-tumor analysis. It 

automatically extracts hierarchical image 

features through convolutional and pooling 

layers, enabling the model to learn tumor-

related patterns and classify MRI images into 

the defined brain-tumor categories. 

B. U-Net 

U-Net is employed for brain-tumor 

segmentation and precise tumor-region 

localization. Its architecture extracts 

contextual information and reconstructs 

spatial details, enabling the system to identify 

tumor boundaries and generate segmentation 

regions from preprocessed MRI brain images. 

C. ResNet 

ResNet is incorporated as an enhanced deep 

learning architecture for feature extraction 

and classification. Its residual connections 

facilitate deeper feature learning, allowing the 

model to represent complex MRI 

characteristics and improve brain-tumor 

classification within the proposed framework. 

D. Vision Transformer 

Vision Transformer is incorporated for 

advanced MRI feature representation and 

classification. Its attention-based mechanism 

captures relationships between different 

image regions, enabling broader contextual 

feature learning and supporting improved 

analysis of brain-tumor characteristics from 

MRI images. 

 

VI. RESULTS AND DISCUSSION 

A. Classification Performance 

The proposed system performs automated 

classification of MRI brain images into four 

categories: Glioma, Meningioma, Pituitary 

Tumor, and No Tumor. The trained deep 

learning model extracts relevant image 

features and uses the learned representations 

to determine the most probable class. 

 
Fig. 1. Classification Performance Comparison of 

Deep Learning Models 

 

B. Evaluation Metrics 

The system evaluates classification 

performance using Accuracy, Precision, 

Recall, and F1-score. Accuracy measures the 

overall correctness of predictions, Precision 

evaluates the reliability of positive predictions, 

Recall measures the ability to identify actual 

positive cases, and F1-score provides a 

balanced measure of Precision and Recall. 

 
Fig. 2. Class-Wise Classification Performance 

 

C. Tumor Segmentation Performance 

For tumor localization and segmentation, the 

proposed framework uses Dice Similarity 
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Coefficient and Intersection over Union. 

These metrics measure the overlap between 

the predicted tumor region and the 

corresponding reference region, providing an 

indication of segmentation quality. 
 

D. Confusion Matrix Analysis 

The confusion matrix is used to analyze class-

wise prediction performance. It identifies 

correctly and incorrectly classified MRI 

images across Glioma, Meningioma, Pituitary 

Tumor, and No Tumor classes. This analysis 

helps identify classes that may be difficult for 

the model to distinguish. 

 
Fig. 3. Confusion Matrix of the Proposed CNN 

Model 

 

E. Training and Validation Analysis 

Training and validation loss are analyzed to 

understand the learning behavior of the deep 

learning model. The comparison between 

training and validation performance can 

indicate whether the model is learning 

effectively or experiencing overfitting or 

underfitting. 

 
Fig. 4. Tumor Segmentation Performance Using U-

Net 

F. Prediction and Confidence Score 

The final prediction module displays the 

detected tumor category along with its 

confidence score. The output can include 

Glioma, Meningioma, Pituitary Tumor, or No 

Tumor, providing a simple graphical 

representation that can assist radiologists and 

medical practitioners in interpreting the model 

output. 

 

VII. CONCLUSION 

This paper presented a deep learning-based 

framework for automated brain-tumor 

detection and classification using MRI 

images. The proposed system integrates 

image preprocessing, automatic feature 

extraction, tumor detection, classification, 

segmentation, performance evaluation, and 

result visualization into a unified workflow. 

CNN is used for automatic feature learning, 

while U-Net supports tumor segmentation and 

ResNet and Vision Transformer provide 

enhanced feature representation. The system 

classifies MRI images into Glioma, 

Meningioma, Pituitary Tumor, and No Tumor 

categories and provides a confidence score 

with the prediction. Performance is evaluated 

using Accuracy, Precision, Recall, F1-score, 

Dice Similarity Coefficient, IoU, and 

confusion-matrix analysis. The framework 

can reduce manual analysis effort and provide 

faster, consistent computer-assisted MRI 

assessment. However, the current project does 

not report verified numerical experimental 

results; therefore, quantitative performance 

claims require validation using the actual test 

dataset. Future work can focus on larger 

annotated datasets, independent validation, 

improved segmentation, model 

interpretability, and robust clinical evaluation. 
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