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Abstract: Brain tumor detection is one of the most 

important tasks in the medical field because early 

diagnosis can significantly improve patient survival 

rates and treatment effectiveness. Magnetic 

Resonance Imaging (MRI) is commonly used for 

identifying abnormalities in brain tissues; however, 

manual analysis of MRI images is time-consuming 

and highly dependent on radiologists’ expertise. To 

address these challenges, this paper presents an 

automated Brain Tumor Detection System using 

Deep Learning techniques. 

The proposed system uses Convolutional Neural 

Networks (CNN) along with Transfer Learning based 

on the VGG16 architecture to classify MRI brain 

images into Tumor and No Tumor categories. The 

MRI images are preprocessed using resizing, 

normalization, and data augmentation techniques to 

improve model accuracy and robustness. The deep 

learning model automatically extracts important 

features from MRI images and performs efficient 

classification with minimal human intervention. 

A Flask-based web application is developed to 

provide real-time prediction results through a simple 

and user-friendly interface. The experimental results 

demonstrate that the proposed system achieves high 

accuracy, reduces diagnostic time, and minimizes 

human errors. The system can assist healthcare 

professionals in faster decision-making and can be 

further extended for advanced tumor classification 

and real-time medical applications. 

Index terms - — Brain Tumor Detection, Deep 

Learning, CNN, VGG16, MRI Image Classification, 

Transfer Learning, Medical Image Processing, 

Artificial Intelligence, Flask Application. 

 

1. INTRODUCTION 

Artificial Intelligence (AI) and Deep Learning (DL) 

technologies have rapidly transformed the healthcare 

industry by enabling intelligent and automated 

disease diagnosis systems. Among various critical 

diseases, brain tumors are considered one of the most 

dangerous neurological disorders because they 

directly affect the functioning of the human brain. A 

brain tumor is an abnormal growth of cells inside the 

brain or surrounding tissues, which may be benign 

(non-cancerous) or malignant (cancerous). Early 

detection of brain tumors is extremely important 

because timely diagnosis can improve treatment 

planning, reduce complications, and increase patient 

survival rates. However, detecting tumors accurately 

at an early stage remains a major challenge in 

medical imaging and diagnosis. 

Magnetic Resonance Imaging (MRI) is one of the 

most widely used imaging techniques for detecting 

brain abnormalities because it provides detailed and 

http://www.ijerst./


Int. J. Engg. Res. & Sci. & Tech. 2026 
 
 
 

ISSN 2319-5991                                www.ijerst.org               Vol. 22, No. 2(2), 2026              692 

high-resolution images of soft brain tissues. 

Radiologists traditionally analyze MRI scans 

manually to identify tumor regions based on image 

patterns, texture, and intensity variations. Although 

MRI is highly effective, manual diagnosis is time-

consuming, complex, and dependent on the expertise 

of medical professionals. In many cases, small or 

low-contrast tumors may be overlooked, leading to 

delayed or incorrect diagnosis. Additionally, 

hospitals generate a large volume of MRI data daily, 

making manual analysis increasingly difficult and 

inefficient. These limitations highlight the need for an 

automated and reliable brain tumor detection system. 

Recent advancements in Deep Learning, particularly 

Convolutional Neural Networks (CNNs), have shown 

excellent performance in medical image analysis 

tasks such as image classification, segmentation, and 

object detection. CNN models automatically learn 

important features from images without requiring 

manual feature extraction. Furthermore, Transfer 

Learning techniques using pre-trained models such as 

VGG16 improve accuracy and reduce training time 

by utilizing previously learned knowledge from 

large-scale datasets. In this project, a Deep Learning-

based Brain Tumor Detection System is proposed 

using CNN and VGG16 Transfer Learning to classify 

MRI images into Tumor and No Tumor categories. 

The system also incorporates preprocessing 

techniques such as resizing, normalization, and data 

augmentation to improve model robustness. A Flask-

based web application is developed to provide real-

time predictions through a simple and user-friendly 

interface. The proposed system aims to reduce 

diagnosis time, minimize human errors, and assist 

healthcare professionals in making faster and more 

accurate medical decisions. 

2. LITERATURE SURVEY 

a)  U-Net: Convolutional Networks for Biomedical 

Image Segmentation: 

Most people agree that thousands of annotated 

training samples are necessary for deep networks to 

be successfully trained. In order to make better use of 

the existing annotated examples, we offer a network 

and training technique in this study that heavily 

depends on data augmentation. The design comprises 

of a symmetric expanding path for accurate 

localization and a contracting path for context 

capture. We demonstrate that such a network 

outperforms the previous best approach (a sliding-

window convolutional network) on the ISBI 

challenge for segmentation of neural structures in 

electron microscopic stacks and can be trained end-

to-end using extremely few photos. We won the 2015 

ISBI cell tracking competition by a wide margin 

using the same network that was trained on 

transmitted light microscopy images (phase contrast 

and DIC). The network is also fast. On a modern 

GPU, segmenting a 512x512 picture takes less than a 

second. 

b) Very Deep Convolutional Networks for Large-

Scale Image Recognition: 

In this study, we examine how the depth of the 

convolutional network affects its accuracy in the 

context of large-scale picture recognition. Our 

primary contribution is a comprehensive analysis of 

networks with increasing depth utilizing an 

architecture with relatively tiny (3x3) convolution 

filters, which demonstrates that raising the depth to 

16–19 weight layers may significantly outperform the 

state-of-the-art configurations. These results served 
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as the foundation for our ImageNet Challenge 2014 

entry, in which our team placed first in the 

localization track and second in the classification 

track. Additionally, we demonstrate that our 

representations obtain state-of-the-art outcomes when 

applied to different datasets. To encourage more 

study on the application of deep visual 

representations in computer vision, we have released 

our two top-performing ConvNet models to the 

public. 

c) ImageNet Classification with Deep 

Convolutional 

Neural Networks: 

To categorize the 1.2 million high-resolution photos 

in the ImageNet LSVRC-2010 competition into the 

1000 different classes, we trained a large, deep 

convolutional neural network. We obtained top-1 and 

top-5 error rates of 37.5% on the test data. and 

17.0%, which is much superior to the prior state-of-

the-art. The neural network, which has 60 million 

parameters and 650,000 neurons, consists of five 

convolutional layers, some of which are followed by 

max-pooling layers, and three fully-connected layers 

with a final 1000-way softmax. We employed non-

saturating neurons and a very effective GPU 

implementation of the convolution process to speed 

up training. We used a recently invented 

regularization technique called "dropout" to lessen 

overfitting in the fully-connected layers, and it 

worked really well. Additionally, we submitted a 

version of this model to the ILSVRC-2012 

competition, which we won with a top-5 test error 

rate of 15.3% as opposed to the second-best entry's 

26.2%. 

d)  ImageNet classification with deep 

convolutional neural networks: 

To categorize the 1.2 million high-resolution photos 

in the ImageNet LSVRC-2010 competition into the 

1000 distinct classes, we trained a large, deep 

convolutional neural network. Our top-1 and top-5 

error rates on the test data were 37.5% and 17.0%, 

respectively, which is significantly better than the 

prior state-of-the-art. Five convolutional layers, some 

of which are followed by max-pooling layers, and 

three fully-connected layers with a final 1000-way 

softmax make up the neural network, which contains 

650,000 neurons and 60 million parameters. We 

employed non-saturating neurons and a very effective 

GPU version of the convolution process to speed up 

training. We used a recently invented regularization 

technique termed "dropout" to lessen overrides in the 

fully-connected layers, and it worked rather well. We 

also entered a version of this model in the ILSVRC-

2012 competition, where we won with a top-5 test 

error rate of 15.3%, while the second-best entry 

achieved 26.2%. 

e)  N-BaIoT—Network-Based Detection of IoT 

Botnet Attacks Using Deep Autoencoders: 

Gliomas are the most prevalent and aggressive kind 

of brain tumor, with a relatively short life expectancy 

at their maximum grade. Therefore, a crucial step in 

enhancing the quality of life for cancer patients is 

treatment planning. A popular imaging method for 

evaluating malignant tumors is magnetic resonance 

imaging (MRI). However, the volume of data 

generated by MRI makes manual segmentation 

impractical in a reasonable period of time, which 

restricts the use of accurate quantitative assessments 

in clinical practice. Therefore, automatic and 
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trustworthy segmentation techniques are needed; yet, 

automatic segmentation is a difficult challenge due to 

the significant spatial and anatomical heterogeneity 

among brain tumors. In this study, we investigate tiny 

3x3 kernels and present an automated segmentation 

approach based on Convolutional Neural Networks 

(CNN). Because there are fewer weights in the 

network, using tiny kernels not only helps prevent 

overfitting but also enables the creation of a deeper 

architecture. We also looked at the use of intensity 

normalization as a pre-processing step, which, while 

uncommon in CNN-based segmentation techniques, 

proved to be quite successful for brain tumor 

segmentation in MRI images when combined with 

data augmentation. The Brain Tumor Segmentation 

Challenge 2013 database (BRATS 2013) confirmed 

our solution, which concurrently achieved the top 

spot for the full, core, and enhancing areas in the 

Dice Similarity Coefficient measure (0.88, 0.83, 

0.77) for the Challenge data set. Additionally, the 

online evaluation platform gave it the top spot 

overall. Using the same approach, we also took part 

in the on-site BRATS 2015 Challenge, where we 

placed second with Dice Similarity Coefficient 

metrics of 0.78, 0.65, and 0.75 for the whole, core, 

and enhancing areas, respectively. 

3. METHODOLOGY 

i) Proposed Work: 

The proposed work focuses on the development of an 

automated Brain Tumor Detection System using 

Deep Learning techniques for accurate and efficient 

analysis of MRI brain images. The system is 

designed to overcome the limitations of traditional 

manual diagnosis methods by utilizing Convolutional 

Neural Networks (CNN) and Transfer Learning with 

the VGG16 architecture. The proposed model 

automatically extracts important image features such 

as edges, textures, and abnormal tumor patterns from 

MRI scans without requiring manual feature 

engineering. MRI images are preprocessed using 

resizing, normalization, and data augmentation 

techniques to improve image quality, reduce 

overfitting, and enhance the overall performance of 

the model. The processed images are then classified 

into two categories: Tumor and No Tumor with high 

prediction accuracy. 

The proposed system also includes a Flask-based web 

application that provides a user-friendly interface for 

real-time tumor prediction. Users can upload MRI 

images through the web interface, and the trained 

deep learning model analyzes the image and 

generates instant prediction results. The system 

reduces the workload of radiologists, minimizes 

human errors, and decreases diagnosis time. In 

addition, the use of Transfer Learning with VGG16 

improves classification efficiency even when limited 

medical datasets are available. The overall workflow 

of the proposed system includes MRI image 

acquisition, preprocessing, feature extraction using 

CNN and VGG16, classification using fully 

connected layers, and result visualization. The 

proposed work aims to provide a reliable, scalable, 

and cost-effective healthcare solution that can assist 

medical professionals in early brain tumor diagnosis 

and can be extended in the future for multi-class 

tumor classification and tumor segmentation 

applications. 

ii) System Architecture: 

The system architecture of the proposed Brain Tumor 

Detection System represents the complete workflow 
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involved in detecting tumors from MRI brain images 

using Deep Learning techniques. The architecture 

consists of multiple stages including image 

acquisition, preprocessing, feature extraction, dataset 

splitting, CNN model training, classification, and 

performance evaluation. The overall architecture is 

designed to automate the tumor detection process and 

provide accurate prediction results with minimal 

human intervention. The uploaded MRI image is first 

given as input to the system, where preprocessing 

operations such as image resizing, normalization, and 

noise reduction are performed to improve image 

quality and maintain consistency in the dataset. After 

preprocessing, important image features such as 

edges, textures, and abnormal tumor patterns are 

extracted using Convolutional Neural Networks 

(CNN) and Transfer Learning with the VGG16 

model. 

The extracted features are then divided into training 

and testing datasets for model learning and 

evaluation. During the training phase, the CNN 

model learns complex tumor patterns from MRI 

images and performs classification into two 

categories: Tumor and No Tumor. The architecture 

uses deep learning layers such as convolution layers, 

pooling layers, flatten layers, fully connected layers, 

and a sigmoid output layer for efficient prediction. 

Once classification is completed, the system 

generates prediction results along with performance 

metrics such as accuracy, loss, precision, recall, and 

confusion matrix. The final prediction is displayed 

through a Flask-based web application interface, 

allowing users to upload MRI images and receive 

instant diagnostic results. The proposed architecture 

improves diagnostic accuracy, reduces manual effort, 

minimizes human errors, and enables fast real-time 

prediction for healthcare applications. 

 

Fig1 proposed architecture 

iii) Modules: 

1. Image Upload Module 

This module allows users to upload MRI brain 

images into the system through the web interface. 

The uploaded images are collected in formats such as 

JPG or PNG and sent to the preprocessing stage for 

further analysis. The module acts as the entry point of 

the system and provides easy interaction for doctors 

or users. 

2. Preprocessing Module 

The preprocessing module prepares MRI images for 

deep learning model training and prediction. It 

performs operations such as image resizing to 

224×224 pixels, normalization of pixel values, noise 

removal, and data augmentation techniques like 

rotation, zooming, and flipping. These steps improve 

image quality, maintain uniformity, and increase 

model accuracy.  

3. Feature Extraction Module 

This module uses Convolutional Neural Networks 

(CNN) along with the VGG16 Transfer Learning 

model to automatically extract important features 

from MRI images. Features such as edges, textures, 
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shapes, and tumor regions are identified without 

manual feature engineering. This improves 

classification performance and reduces human effort. 

4. Dataset Splitting Module 

The dataset splitting module divides MRI images into 

training and testing datasets. The training dataset is 

used to train the CNN model, while the testing 

dataset is used to evaluate the model’s performance. 

This module helps in validating the effectiveness and 

generalization capability of the proposed system. 

5. CNN Classification Module 

The CNN classification module performs the main 

tumor detection task. The extracted features are 

processed through convolution layers, pooling layers, 

flatten layers, dense layers, and sigmoid activation 

functions to classify MRI images into: 

• Tumor  

• No Tumor  

The module automatically learns complex patterns 

and generates accurate predictions.  

6. Prediction Module 

The prediction module processes new MRI images 

and generates real-time output results. After 

classification, the system displays whether the 

uploaded MRI image contains a tumor or not. The 

module also generates probability scores and 

prediction confidence. 

iv) Algorithms: 

1. Convolutional Neural Network (CNN) 

Algorithm 

The primary algorithm used in the proposed system is 

the Convolutional Neural Network (CNN), which is 

highly effective for image classification tasks. CNN 

automatically extracts important features such as 

edges, textures, shapes, and tumor regions from MRI 

brain images. The CNN architecture consists of 

convolution layers, pooling layers, flatten layers, and 

fully connected layers that work together to classify 

MRI images into Tumor and No Tumor categories. 

The convolution layer applies filters to detect 

important patterns, while pooling layers reduce image 

dimensions and computational complexity. Finally, 

dense layers perform classification using learned 

features. CNN eliminates the need for manual feature 

extraction and improves prediction accuracy in 

medical image analysis.  

2. VGG16 Transfer Learning Algorithm 

The proposed system uses the VGG16 Transfer 

Learning model for efficient feature extraction and 

improved classification performance. VGG16 is a 

pre-trained deep learning model trained on large 

image datasets such as ImageNet. Instead of training 

the entire model from scratch, the pre-trained layers 

of VGG16 are reused to extract high-level image 

features from MRI scans. Additional dense layers are 

added for binary classification. Transfer Learning 

reduces training time, improves model accuracy, and 

works effectively even with limited medical datasets. 

The frozen layers retain previously learned image 

features, which helps in detecting complex tumor 

patterns more accurately.  

4. EXPERIMENTAL RESULTS 
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The experimental results demonstrate the 

effectiveness and reliability of the proposed Brain 

Tumor Detection System using Deep Learning 

techniques. The system was trained and tested using 

MRI brain image datasets containing Tumor and No 

Tumor classes. During experimentation, various 

preprocessing techniques such as image resizing, 

normalization, and data augmentation were applied to 

improve model performance and reduce overfitting. 

The proposed model utilized Convolutional Neural 

Networks (CNN) along with the VGG16 Transfer 

Learning architecture for feature extraction and 

classification. The dataset was divided into training 

and testing datasets to evaluate the generalization 

capability of the model. The training process was 

carried out over multiple epochs using the Adam 

optimizer and Binary Cross-Entropy loss function to 

achieve optimal classification performance. 

The trained model achieved high classification 

accuracy in distinguishing MRI images containing 

tumors from normal brain images. Experimental 

evaluation was performed using performance metrics 

such as Accuracy, Precision, Recall, F1-Score, Loss, 

and Confusion Matrix. The confusion matrix results 

indicated that the model successfully classified most 

MRI images correctly with minimal misclassification. 

The CNN with VGG16 architecture provided better 

feature learning capability and improved prediction 

accuracy compared to traditional machine learning 

methods. The system also demonstrated fast 

prediction speed and real-time performance through 

the Flask-based web application interface. Users were 

able to upload MRI images and receive instant 

diagnostic results efficiently. The experimental 

outcomes confirm that the proposed deep learning-

based system is highly effective for automated brain 

tumor detection and can assist healthcare 

professionals in improving diagnostic accuracy while 

reducing manual effort and diagnosis time. 

Accuracy: A test's accuracy is its capacity to 

distinguish healthy from ill cases. Find the percentage 

of instances with genuine positives and negatives to 

assess test accuracy. 

Accuracy = TP + TN /(TP + TN + FP + FN) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑁 + 𝑇𝑃)

𝑇
 

Precision: Classification accuracy or positive cases 

constitute precision. The formula for accuracy is: 

Precision = True positives/ (True positives + False 

positives) = TP/(TP + FP) 

Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

Recall: A model's recall measures its ability to 

recognize all appropriate machine learning class 

instances. The ratio of accurately predicted positive 

observations to total positives indicates a model's 

class instance detection skill. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝐹𝑁 + 𝑇𝑃)
 

mAP: Mean Average Precision ranks quality.  It 

considers the number and order of relevant ideas.  

Calculating MAP at K uses the arithmetic mean of 

each user or query's Average Precision (AP). 
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F1-Score: A high F1 score suggests an accurate 

machine learning model. Integrating recall and 

precision improves model correctness. Accuracy 

measures how often a model predicts a dataset 

correctly. 

𝐹1 = 2 ⋅
(𝑅𝑒𝑐𝑎𝑙𝑙 ⋅ Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛)

(𝑅𝑒𝑐𝑎𝑙𝑙 + Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛)
 

 

Fig2 Confusion Matrix 

 

Fig3 Sample Prediction Results 

 

Fig4 Detection Result 

 

5. CONCLUSION 

The proposed Brain Tumor Detection System using 

Deep Learning provides an efficient, accurate, and 

automated solution for detecting brain tumors from 

MRI images. The system successfully utilizes 

Convolutional Neural Networks (CNN) along with 

Transfer Learning using the VGG16 architecture to 

classify MRI images into Tumor and No Tumor 

categories. By applying preprocessing techniques 

such as image resizing, normalization, and data 

augmentation, the model achieves improved 

robustness and higher prediction accuracy. The 

automated feature extraction capability of CNN 

eliminates the need for manual feature engineering 

and significantly reduces human effort in medical 

image analysis. 

The experimental results demonstrate that the 

proposed system achieves reliable performance with 

high accuracy, low prediction loss, and efficient 

classification capability. The integration of a Flask-

based web application further enhances the usability 

of the system by allowing users to upload MRI 

images and obtain real-time prediction results 

through a simple interface. The proposed system 

reduces diagnosis time, minimizes human errors, and 
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assists healthcare professionals in making faster and 

more accurate medical decisions. Overall, the project 

highlights the importance of Artificial Intelligence 

and Deep Learning in healthcare applications and 

provides a scalable foundation for future 

advancements in automated medical diagnosis 

systems. 

6. FUTURE SCOPE 

The proposed Brain Tumor Detection System can be 

further enhanced in several ways to improve its 

performance, accuracy, and real-world applicability 

in the healthcare domain. Currently, the system 

performs binary classification by identifying whether 

a tumor is present or not in MRI brain images. In 

future, the system can be extended to perform multi-

class tumor classification, where different types of 

brain tumors such as Glioma, Meningioma, and 

Pituitary tumors can be identified separately. This 

enhancement would provide more detailed diagnostic 

information and assist doctors in selecting 

appropriate treatment methods. Additionally, 

advanced Deep Learning architectures such as 

ResNet, EfficientNet, and DenseNet can be integrated 

to further improve classification accuracy and feature 

extraction capability. 

Another important future enhancement is tumor 

segmentation, where the exact location and 

boundaries of the tumor can be detected within MRI 

images. This would help surgeons and radiologists 

analyze tumor size, shape, and affected regions more 

accurately. The system can also be integrated with 

cloud computing and mobile healthcare applications 

to enable remote diagnosis and telemedicine services. 

Real-time clinical deployment in hospitals and 

diagnostic centers can further improve healthcare 

accessibility, especially in rural areas where expert 

radiologists are limited. Moreover, larger and more 

diverse MRI datasets can be used for training to 

improve model generalization and robustness. Future 

research may also focus on integrating explainable AI 

techniques to provide interpretable predictions, 

helping medical professionals better understand the 

decision-making process of the deep learning model. 
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