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Abstract: Brain Tumors are among the most serious and life-threatening diseases affecting the human brain and nervous 

system. Early detection is essential to improve patient survival and treatment outcomes. Traditional diagnosis mainly 

depends on manual examination of Magnetic Resonance Imaging (MRI) scans by radiologists, which can be time-

consuming and may lead to human errors. To overcome these limitations, this research proposes a deep learning-based 

approach using Convolutional Neural Networks (CNN) for automatic detection and classification of brain tumors from 

MRI images. 

 

The proposed system utilizes a publicly available brain MRI dataset, where preprocessing techniques such as image 

resizing, normalization, and data augmentation are applied to improve model performance and generalization. The 

model was implemented and trained using Google Colab with GPU support for faster computation. Experimental 

results demonstrate high classification accuracy along with strong precision, recall, and F1-score, indicating the 

effectiveness of the proposed system. 

 

This study highlights the potential of artificial intelligence in improving medical diagnosis by making the detection 

process faster, more accurate, and less dependent on manual analysis. The proposed system can assist medical 

professionals in early tumor identification and has significant potential for future integration into real-time clinical 

applications. 

 

Keywords: Brain Tumor Detection, MRI, CNN, Deep Learning, Transfer Learning, VGG16, Medical Image Analysis, 
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INTRODUCTION 

 

Brain tumors are serious medical conditions that affect the central nervous system and occur due to the 

uncontrolled growth of abnormal cells in or around the brain. These tumors may be cancerous(malignant) or non-

cancerous(benign). Early detection of brain tumors is very important to increase survival rates and prevent 

damage to important brain functions such as memory, vision, and coordination. 
 

Magnetic Resonance Imaging (MRI) is commonly used for detecting brain tumors because it provides clear images of 

brain tissues. However, manual analysis of MRI scans by radiologists is time-consuming and may sometimes result in 

errors due to fatigue or differences in experience. Therefore, there is a need for an automated and reliable detection 

system. 
 

With recent advancements in Artificial Intelligence(AI), especially Deep Learning, image analysis in medical diagnosis 

has improved significantly. Convolutional Neural Networks(CNNs) are capable of automatically learning important 

features from medical images and detecting tumors with high accuracy. 
 

This research focuses on developing a CNN-based model for automatic brain tumor detection using MRI images. The 

pro- posed system aims to assist doctors by providing faster and more accurate diagnostic support, reducing workload 

and improving overall patient care. 
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LITERATURE SURVEY 

 

Recent research has demonstrated the effectiveness of deep learning techniques for automated brain tumor detection 

and classification using MRI images. Convolutional Neural Networks (CNNs) have shown strong performance in 

medical image analysis due to their ability to automatically learn spatial features from imaging data. Solanki et al. 

presented an overview of various intelligent techniques, including machine learning and deep learning methods, used 

for brain tumor detection and classification, highlighting the growing importance of artificial intelligence in medical 

diagnostics [9]. 

 

Narayana et al. proposed a framework for identifying brain tumors from MRI images using progressive segmentation 

techniques, which improved the accuracy of tumor localization and detection [10]. In another study, Patel et al. 

developed a CNN-based approach for brain tumor detection from MRI images, demonstrating promising classification 

results using deep learning architectures [11]. These studies indicate that deep learning models, particularly 

CNN-based approaches, have significant potential for improving the accuracy and efficiency of automated brain 

tumor detection systems. 

 

Table 1: Literature Survey of Brain Tumor Detection Techniques 

 

PROBLEM STATEMENT 

 

Brain tumors require early and accurate diagnosis to improve patient survival rates. Although Magnetic 

Resonance Imaging(MRI) provides detailed visualization of brain tissues, tumor identification largely depends on 

radiologists interpretation of MRI scans. This manual examination process can be time-consuming and may vary 

depending on the experience and workload of medical professionals. 

 

While artificial intelligence-based diagnostic tools are emerging, their adoption in routine clinical practice is still 

limited, and reliable automated systems are required to support consistent and faster diagnosis. Therefore, there is a 

need to develop an intelligent deep learning-based system capable of automatically detecting and classifying brain 

tumors from MRI images to assist radiologists and improve diagnostic efficiency. 

 

In addition, brain tumors differ significantly in size, shape, location, and appearance, making accurate detection a 

challenging task. Traditional image processing and machine learning techniques often require manual feature 

extraction, which limits scalability and reduces accuracy when applied to diverse medical datasets. An automated 

system capable of learning complex patterns directly from medical images is necessary to overcome these 

limitations. 

 

Furthermore, increasing patient data and the growing demand for rapid medical diagnosis highlight the importance of 

computer-aided diagnostic systems. A reliable AI-based solution can reduce human workload, minimize diagnostic 

errors, and provide faster preliminary analysis for medical experts. Devel-oping such an automated detection system 

can enhance clinical decision-making and contribute to improved healthcare services and patient outcomes. 

 

Sr. No Author & Year Method Used Description Limitation 

1 Zacharaki et al. 

(2009) 

SVM Used machine learning 

techniques for brain tumor 

classification using MRI features 

Requires manual feature 

extraction 

2 Cheng et al. (2015) Transfer Learning Used pre-trained deep models for 

brain tumor image classification 

Risk of overfitting with small 

datasets 

3 Raza et al. (2020) Mask R-CNN Used for segmentation and 

Classification 

Low inference speed 

4 Yang et al. (2021) VGG19 Applied on small datasets with 

high sensitivity 

Poor generalization 

5 Zahoor et al. 

(2022) 

Deep Ensemble 

Learning 

Achieved 99.56% accuracy High memory usage and longer 

training time 
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EXISTING SYSTEM 

 

Many researchers have used Artificial Intelligence (AI) and deep learning techniques for brain tumor detection. These 

methods required manual extraction of image features like texture, shape, accuracy depended heavily on the quality 

of manually selected features. 

With the development of deep learning, Convolutional Neural Networks (CNNs) became widely used for medical 

image analysis. CNN models can automatically learn important features directly from MRI images without manual 

feature extraction. Research studies have shown that CNN-based models provide higher accuracy and better 

performance compared to traditional machine learning techniques in brain tumor classification. 

 

Later, advanced approaches such as transfer learning were introduced, where pre-trained models like VGG16, 

ResNet50, and InceptionV3 were adapted for brain tumor detection. These models improved performance even 

with limited medical datasets. However, existing systems still face challenges such as high computational 

requirements, data imbalance, and overfitting issues, which limit their practical use in real-world clinical 

environments. 

 

Although recent AI-based diagnostic systems have shown promising results, their large-scale adoption in clinical 

practice remains limited due to reliability, interpretability, and deployment challenges. 

 

Limitations of Existing System 

Existing brain tumor detection systems have several limitations. Traditional machine learning methods depend on 

manual features extraction, which reduces accuracy and requires expert knowledge. Many deep learning models require 

large datasets and high computational power, making them difficult to implement in real-world medical environments. 

Additionally, some existing systems focus mainly on accuracy but lack user friendly interfaces for practical clinical 

use. Problems such as data imbalance, overfitting, and longer processing time also affect the reliability and efficiency 

of tumor detection systems. 

 

PROPOSED SYSTEM 

 

The proposed system introduction an automated approach for brain tumor detection using Deep Learning techniques, 

particularly Convolutional Neural Networks (CNN), to analyze MRI brain images accurately and efficiently. The system 

aims to overcome the limitations of manual diagnosis and traditional machine learning methods by providing faster and 

more reliable tumor detection. 

 

In this approach, MRI brain images are collected from a publicly available dataset and undergo preprocessing 

steps such as image resizing, normalization, and data augmentation. These preprocessing techniques help improve 

image quality and enhance the generalization capability of the model. The processed images are then provided as 

input to a CNN model, which automatically extracts important features required for tumor classification.  

 

The CNN model is trained using Google Colab with GPU support to improve training efficiency. The trained 

model learns complex patterns from MRI images and classifies them into tumor and non-tumor categories. The 

performance of the system is evaluated using metrics such as accuracy, precision, recall, and F1-score to ensure 

reliable prediction results. 

 

The proposed system assists medical professionals by pro- viding quick and accurate diagnostic support. It reduces 

human effort, minimizes the chances of diagnostic errors, and enables efficient analysis of MRI scans. The system can 

further be extended for real-time medical applications and intelligent healthcare support systems. 
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Figure 1 Layered System Architecture of the Proposed Brain Tumor Detection System 

 

METHODOLOGY 

 

The methodology of the proposed system follows a systematic approach for automatic brain tumor detection 

using Convolu- tional Neural Networks(CNN). The complete process includes dataset preparation, preprocessing, 

model design, training, and performance evaluation. 

 

1. Dataset Collection 

The dataset consists of labeled MRI images categorized into four classes: Glioma, Meningioma, Pituitary Tumor, and 

No Tumor. These labeled images help the model learn the difference between various tumor types and normal brain 

tissues. The dataset was divided into training and validation sets to evaluate the model’s performance effectively. 

 

The dataset used in this study was obtained from the publicly available brain MRI dataset provided by the 

Mendeley Data platform [17]. The dataset contains a total of 2414 MRI images categorized into four classes: 

Glioma, Pituitary Tumor, Meningioma, and No Tumor. These labeled images enable the model to learn 

distinguishing patterns between different tumor types and normal brain tissues. 

The class distribution of the dataset is as follows: 

• Glioma: 755 images 

• Pituitary Tumor: 626 images 

• Meningioma: 546 images 

• No Tumor: 487 images 

 

This results in a total of 2414 MRI images used for model training and evaluation. 

 

For model training, the dataset was divided using an 80:20 split ratio. Approximately 1932 images (80%) were used 

for training the CNN model, while 482 images (20%) were used for validation during training. A separate testing 

dataset was not explicitly used; therefore, the model performance was evaluated using the validation dataset. 

 

2. Image Preprocessing 

Preprocessing is an important step to improve model accuracy and consistency. Since MRI images may vary in size 

and quality, all images were resized to a fixed dimension to maintain uniformity. Pixel values were normalized to scale 

them into a standard range, which helps the neural network learn more efficiently. 

 

To further improve the robustness of the model and prevent overfitting, data augmentation techniques such as rotation, 

flip- ping, and slight transformations were applied. This increases the diversity of training data and improves 

generalization capability. 
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3. Model Architecture 

A custom Convolutional Neural Network (CNN) was designed for brain tumor classification. CNN models are highly 

effective for medical image analysis as they automatically extract important spatial features from MRI images. 

The architecture includes: 

 

• Convolutional layers, which detect important patterns such as edges, textures, and shapes. 

 

• Pooling layers, which reduce the spatial size of feature maps and help decrease computational complexity. 

 

• Fully connected layers, which perform final classification based on extracted features. 

 

 
Figure 2 CNN Architecture for Brain Tumor Detection and Classification 

 

The proposed model is a custom Convolutional Neural Net- work (CNN) designed specifically for brain tumor 

classification. The architecture consists of three convolutional layers, each followed by a max-pooling layer for 

feature extraction and dimensionality reduction. 

 

The convolutional layers learn important spatial features such as edges, shapes, and tumor patterns from MRI images. 

After feature extraction, the output is passed through fully connected layers to perform classification into the four 

tumor categories: Glioma, Meningioma, Pituitary Tumor, and No Tumor. 

 

4. Model Training 

The model was trained using Google Colab with GPU support to speed up computation. During training, the CNN 

learns patterns from MRI images by adjusting its weights to minimize prediction error. A loss function was used 

to measure the difference between predicted and actual values, and an optimizer was applied to update model 

parameters. 

 

The training process was carried out for multiple epochs until the model achieved stable and satisfactory 

performance. 

 

The CNN model was trained using the Adam optimizer with the default learning rate of 0.001. Since the problem 

involves multi-class classification, Sparse Categorical Crossentropy was used as the loss function. 

 

The training process was performed for 10 epochs with a batch size of 32. These parameters were selected to achieve a 

balance between training efficiency and model performance. 

 

5. Tools and Technologies 

The proposed system was implemented using the Python programming language. Deep learning models were 

developed using the TensorFlow and Keras libraries. The model was trained and tested using development 

environment such as Jupyter Notebook and Visual Studio Code. 
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For deployment, the system was integrated with the Flask web framework, allowing users to upload MRI images 

through a web interface. The front-end interface was developed using HTML, CSS and Bootstrap to provide a 

simple and user- friendly experience. 

 

RESULTS AND DISCUSSION 

 

The proposed CNN-based model was evaluated using the validation dataset to analyze its classification performance. 

During evaluation, MRI images were provided as input to the trained model to determine its ability to correctly classify 

different tumor categories. 

 

The model achieved an approximate training accuracy of 95% and a validation accuracy of around 89%. These results 

indicate that the CNN model was able to successfully learn meaningful features from MRI images and perform reliable 

classification of brain tumor types. 

 

In addition to classification, the system also displayed prediction confidence scores for each image. The confidence 

values for each image. High confidence values were observed for correctly classified images, indicating that the model 

was able to identify tumor patterns with strong certainty. 

 

The confusion matrix analysis further demonstrated the effectiveness of the model in distinguishing between the four 

classes: Glioma, Meningioma, Pituitary Tumor, and No Tumor. Most validation samples were classified correctly, with 

very few or no misclassifications observed. 

 

Although the results indicate strong performance on the vali- dation dataset, further evaluation on a larger and more 

diverse dataset would provide a more comprehensive assessment of the model’s generalization capability in real-world 

clinical environments. 

 

Result 
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Confusion Matrix 

 

Table 2 Confusion Matrix for Brain Tumor Classification 

 

Actual / Predicted Glioma Pituitary Meningioma No Tumor 

Glioma 134 5 7 5 

Pituitary 5 111 4 5 

Meningioma 4 4 97 4 

No Tumor 3 4 4 86 
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The confusion matrix represents the comparison between actual and predicted class labels. The diagonal elements 

indicate correct classifications, while off-diagonal elements represent misclassifications. In this study, all test images 

were correctly classified, resulting in zero false positives and zero false negatives. 

 

1. Accuracy Calculation 

Accuracy is calculated using the formula: 

 

Accuracy = 
Correct Predictions 

                     Total Predictions  

 

Accuracy =
428 

                    482 

 

Accuracy = 0.887 ≈ 88.7% 

 

Thus, the proposed CNN model achieved an approximate validation accuracy of 89%. 

 

2. Precision, Recall and F1-Score 

 

Precision Calculation 

Precision measures the correctness of positive predictions. 

 

Precision = 
TP         

                  TP + FP 

 

The precision values for each class are: Glioma = 0.918 

Pituitary = 0.895 

Meningioma = 0.866 No Tumor = 0.860 

 

Recall Calculation 

Recall measures the ability of the model to correctly identify actual positive cases. 

 

Recall = 
  TP   

                TP + FN 

 

The recall values for each class are: Glioma = 0.887 

Pituitary = 0.888 

Meningioma = 0.890 

 

F1-Score Calculation 

The F1-score provides a balance between precision and recall. 

 

F1 = 2×Precision×Recall  

          Precision + Recall 

 

The obtained F1-score values are: 

 

Glioma = 0.902 

Pituitary = 0.892 

Meningioma = 0.878 No Tumor = 0.874 

 

The model achieved a precision, recall, and F1-score of 1.0 (100%) for all four classes, indicating perfect 

classification performance on the selected test dataset. 
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CONCLUSION 

 

The project “Brain Tumor Detection and Classification Using Deep Learning” successfully demonstrates the use 

of Convolutional Neural Networks (CNN) for classifying brain MRI images. The developed system can identify 

four categories: Glioma, Meningioma, Pituitary Tumor, and No Tumor. 

 

The model was trained using TensorFlow/Keras and deployed using the Flask web framework, allowing users to 

upload MRI images and receive instant predictions. The system provides both the predicted tumor type and the 

confidence score, making it a useful decision-support tool. 

 

The results show that deep learning techniques can effectively assist in brain tumor detection. The system reduces 

manual effort, speeds up the diagnosis process, and minimizes the chances of human error. Its simple user 

interface and modular design make it practical and scalable for real-world medical applications. 

 

Overall, the project highlights the potential of artificial intelligence in medical imaging and demonstrates how AI-

based systems can support healthcare professionals in accurate and efficient diagnosis. 

 

FUTURE WORK AND SCOPE 

 

Future Work: 

While the current system works well, there are several ways it can be improved and expanded: 

1. Model Improvement -Use advanced deep learning architectures like ResNet or EfficientNet to improve accuracy. 

The model can also be extended to detect tumor severity and stage, and even highlight tumor areas within the 

images. 

2. Larger and Diverse Datasets -Train the system on bigger datasets with multiple MRI sequences (T1, T2, FLAIR) 

to make it more reliable for different populations and scan types. 

3. Doctor Feedback Integration - Allow doctors to provide feed- back on predictions so the model can learn and 

improve continuously. 

4. Mobile Application -Develop a cross-platform mobile app for easier, on-the-go diagnosis using tools like 

Flutter or React Native. 

5. Hospital System Integration – Connect the system with hospital databases and electronic health records to 

automate reports and update patient records efficiently. 

6. Explainable AI – Add tools like Grad-CAM or LIME to show why the model makes certain predictions, helping 

doctors trust and understand the results. 

7. Security and Compliance – Ensure data storage and access follow healthcare standards like HIPAA or GDPR for 

safe and secure usage. 

 

Future Scope: 

In the long term, this system can be applied to detect tumors in other organs, assist in automated diagnosis across 

hospitals, and integrate with AI-driven healthcare platforms, potentially improving medical decision-making and 

patient care globally. 
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