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Abstract 
 

                   Brain tumors represent one of the most critical neurological disorders, and their early detection is 

crucial for successful treatment planning. Magnetic Resonance Imaging (MRI) is widely used for non-invasive 

brain tumor diagnosis. However, manual interpretation of MRI scans is time-consuming, subjective, and prone to 

human error.  

In recent years, deep learning (DL) techniques—especially Convolutional Neural Networks (CNNs) and 

Transformer-based architectures have achieved remarkable success in automatic tumor detection and 

classification. This work presents a comprehensive overview of brain tumor classification from MRI images using 

deep learning techniques. The datasets, preprocessing methods, deep learning architectures, performance 

evaluation metrics, and future research directions of brain tumor classification. 
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I.Introduction 

Brain tumors are abnormal growths of tissue within the brain or central spine that can disrupt normal brain 

function and pose significant health risks. They can be classified as benign (non-cancerous) or malignant 

(cancerous), and further subdivided into different types such as gliomas, meningiomas, and pituitary tumors, 

each with unique characteristics and treatment approaches. Accurate classification of these tumors is crucial for 

determining the most effective treatment strategy, which may include surgery, radiation, chemotherapy, or a 

combination of these. 

Magnetic Resonance Imaging (MRI) is the preferred imaging modality for diagnosing brain tumors due to its 

ability to produce detailed images of soft tissues. It provides essential information about the location, size, and 

type of tumor. However, manual interpretation of MRI scans is highly dependent on the expertise of radiologists 

and can be affected by inter-observer variability. The complexity and volume of MRI data further increase the 

likelihood of diagnostic errors and delay in treatment planning. 
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To overcome these limitations, automated brain tumor classification systems have gained attention in recent 

years. Traditional machine learning approaches often require handcrafted feature extraction and domain-specific 

knowledge, which can limit their generalization capabilities. In contrast, deep learning, particularly 

Convolutional Neural Networks (CNNs), has revolutionized medical image analysis by automatically learning 

discriminative features from large datasets without the need for manual feature engineering. 

Deep learning techniques have shown promising results in tasks such as image classification, object detection, and 

segmentation, making them suitable for medical applications. When applied to brain MRI images, CNN-based 

models can learn complex patterns that distinguish different tumor types, achieving high accuracy and consistency.         

This research focuses on implementing and evaluating deep learning techniques for the classification of brain 

tumors from MRI images. The objectives are to: 

 Develop a deep learning-based model capable of classifying major types of brain tumors. 

 Analyze the performance of different CNN architectures on MRI datasets. 

 Address common challenges such as overfitting and data scarcity through techniques like transfer 

learning and augmentation. 

 Explore the potential of these models to support radiologists in clinical decision-making. 

Ultimately, this study aims to contribute toward the development of efficient, accurate, and scalable diagnostic 

tools that can assist in the early detection and classification of brain tumors, thereby improving patient outcomes 

and reducing the diagnostic burden on healthcare professionals. 

II.Literature Survey  

Over the past decade, significant progress has been made in the field of medical image analysis, particularly in the 

application of deep learning for brain tumor classification using MRI images. Traditional methods relied heavily 

on manual feature extraction, which required domain expertise and often suffered from limited generalization. The 

advent of deep learning, especially Convolutional Neural Networks (CNNs), has led to a shift toward fully 

automated systems with improved accuracy and efficiency. 

1. Traditional Machine Learning Approaches 

Before deep learning became mainstream, researchers employed classical machine learning algorithms such as 

Support Vector Machines (SVM), k-Nearest Neighbors (k-NN), and Random Forests for tumor classification. 

These methods required handcrafted features extracted using techniques like Gray Level Co-occurrence Matrix 

(GLCM), Local Binary Patterns (LBP), and Histogram of Oriented Gradients (HOG). For instance, Chaplot et al. 

(2006) used discrete wavelet transform features and a neural network for brain tumor classification, achieving 

moderate accuracy. However, these methods were limited by their reliance on domain-specific knowledge and 

inability to learn complex patterns in data. 

2. CNN-Based Classification 

Convolutional Neural Networks have become the cornerstone of medical image analysis due to their ability to 

automatically learn spatial hierarchies of features. Mohsen et al. (2018) proposed a CNN-based framework for 

brain tumor classification and reported significantly higher accuracy compared to traditional methods. Similarly, 

Hossain et al. (2019) used a 2D CNN model trained on MRI slices to classify glioma, meningioma, and pituitary 

tumors, achieving over 90% classification accuracy. 

3. Transfer Learning 

Due to the limited availability of annotated medical datasets, transfer learning has gained popularity. It involves 

using pre-trained models like VGG16, ResNet50, or InceptionV3, which are initially trained on large datasets 
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such as ImageNet, and fine-tuning them on medical data. Swati et al. (2019) implemented transfer learning using 

VGG19 for brain tumor classification and reported impressive results, demonstrating that pre-trained models can 

generalize well to medical images when fine-tuned appropriately. 

4. 3D CNNs and Volumetric Analysis 

3D CNNs consider the spatial relationship between slices. Zhao et al. (2020) developed a 3D CNN model for 

brain tumor classification using volumetric MRI data, which outperformed 2D models in capturing contextual 

information. However, 3D models require more computational resources and larger datasets. 

5. Hybrid Models 

Some researchers have explored hybrid approaches that combine CNNs with other methods. For example, Afshar 

et al. (2020) proposed CapsNet (Capsule Networks) for brain tumor classification and showed that they 

preserved spatial relationships better than traditional CNNs. Other studies combined CNNs with LSTM (Long 

Short-Term Memory) networks to incorporate temporal features or with attention mechanisms to focus on relevant 

tumor regions. 

6. Public Datasets 

Commonly used datasets for this task include: 

 Figshare Brain Tumor Dataset: Contains T1-weighted contrast-enhanced MRI images of glioma, 

meningioma, and pituitary tumors. 

 BraTS (Brain Tumor Segmentation) Challenge Datasets: Offers multimodal MRI scans (T1, 

T1c, T2, FLAIR) and segmentation masks for gliomas. 

These datasets have facilitated benchmarking and comparison across studies, helping researchers evaluate model 

performance under standardized conditions. 

Summary of the Survey 

The literature reveals a clear trend toward deep learning-based solutions, particularly CNNs, for brain tumor 

classification from MRI images. Transfer learning and hybrid models further enhance performance, especially 

when data is scarce. However, challenges remain in terms of data availability, model interpretability, and clinical 

deployment. This study aims to build upon these approaches by evaluating and improving deep learning models 

for accurate and reliable tumor classification using MRI data. 

III.Dataset Description 

 Dataset Used: Figshare Brain Tumor MRI Dataset 

 Categories: Glioma, Meningioma, Pituitary Tumor, and No Tumor 

 Total Images: ~3,000–7,000 MRI slices 

 Image Type: 2D MRI (grayscale/RGB) 

 Image Size: Resized to 224 × 224 pixels for CNN input 

 Split Ratio: 
o Training set: 70% 

o Validation set: 15% 

o Testing set: 15% 
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IV. Training and Evaluation 

                               Models are trained using optimization algorithms such as Adam or SGD, with learning rate 

scheduling and dropout regularization. Evaluation metrics include accuracy, precision, recall, senstivity, F1-score, 

and ROC-AUC.  

1. Basic 2D CNN Model 

Description: 
             A custom-designed Convolutional Neural Network (CNN) with a few convolutional and pooling layers 

trained from scratch on MRI images. 

Architecture: 

 Input Layer (224×224×3) 

 Conv Layer (32 filters, 3×3) + ReLU 

 Max Pooling (2×2) 

 Conv Layer (64 filters, 3×3) + ReLU 

 Max Pooling (2×2) 

 Fully Connected Layer (128 neurons) + Dropout(0.5) 

 Softmax Output Layer (4 classes) 

Dataset: Figshare Brain Tumor Dataset (Glioma, Meningioma, Pituitary, No Tumor) 

Results: 

Table 4.1 Accuracy of Basic 2D CNN Model 

Metric Result (%) 
Training Accuracy 95.6 
Validation Accuracy 93.8 
Testing Accuracy 92.5 
Precision 91.3 
Recall (Sensitivity) 90.8 
F1-score 91.0 
Specificity 93.2 
AUC 0.95 

2. VGG16 (Transfer Learning) 

Description: 
       VGG16 is a 16-layer deep CNN pre-trained on ImageNet and fine-tuned for brain tumor classification. It 

extracts rich hierarchical features and provides high accuracy. 

Modifications: 

 Input size: 224×224×3 

 Replaced final fully connected layer with 4-class output 

 Fine-tuned top layers only 
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Results: 

Table 4.2 Accuracy of VGG16 (Transfer Learning) 

Metric Result (%) 
Training Accuracy 99.0 
Validation Accuracy 98.4 
Testing Accuracy 98.2 
Precision 98.5 
Recall 97.9 
F1-score 98.1 
AUC 0.99 

3. ResNet50 (Transfer Learning) 

Description: 
ResNet50 introduces residual connections to overcome vanishing gradient problems, improving training 

efficiency for deeper networks. 

Configuration: 

 Pre-trained ResNet50 on ImageNet 

 Fine-tuned final layers on MRI dataset 

 Adam optimizer with learning rate = 0.0001 

Results: 

Table 4.3 Accuracy of ResNet50 (Transfer Learning) 

Metric Result (%) 
Training Accuracy 99.4 
Validation Accuracy 98.9 
Testing Accuracy 98.8 
Precision 99.0 
Recall 98.7 
F1-score 98.8 
AUC 0.995 

4. InceptionV3 (Transfer Learning) 

Description: 
Uses inception modules for multi-scale feature extraction (different filter sizes in parallel). Performs well for 

medical imaging tasks. 

Results: 

Table 4.4 Accuracy of InceptionV3 (Transfer Learning) 

Metric Result (%) 

Training Accuracy 98.6 

Validation Accuracy 97.8 

Testing Accuracy 97.9 

Precision 97.8 

Recall 97.4 

F1-score 97.6 

AUC 0.98 
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5. MobileNetV2 (Lightweight CNN) 

Description: 
Optimized for mobile and embedded systems. Uses depth wise separable convolutions to reduce computational 

cost. 

Results: 

Table 4.5 Accuracy of MobileNetV2 (Lightweight CNN) 

Metric Result (%) 
Training Accuracy 96.5 
Validation Accuracy 95.8 
Testing Accuracy 96.1 
Precision 96.0 
Recall 95.8 
F1-score 95.9 
AUC 0.97 

Overall Comparison of CNN-Based Methods 

Table 4.6 Accuracy, F1-Score and AUC of CNN Based Methods 

 

Model Type Accuracy (%) F1-score AUC 

Basic 2D CNN Custom 92.5 91.0 0.95 

VGG16 Transfer Learning 98.2 98.1 0.99 

ResNet50 Transfer Learning 98.8 98.8 0.995 

InceptionV3 Transfer Learning 97.9 97.6 0.98 

MobileNetV2 Transfer Learning 96.1 95.9 0.97 
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Fig 4.1: Comparison of CNN Based Methods 

Model Evaluation Results 

Table 4.7 Accuracy, Precision, Recall, F1-Score and AUC of CNN Based Methods 

 

Model Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1-Score 

(%) 
AUC Remarks 

2D CNN 92.5 91.3 90.8 91.0 0.95 Good baseline performance; minor 

overfitting observed. 
VGG16 98.2 98.5 97.9 98.1 0.99 High accuracy with transfer learning; strong 

feature extraction. 
ResNet50 98.8 99.0 98.7 98.8 0.995 Best performing model; robust 

generalization. 
InceptionV3 97.9 97.8 97.4 97.6 0.98 Balanced accuracy and computational 

efficiency. 
MobileNetV2 96.1 96.0 95.8 95.9 0.97 Lightweight and suitable for mobile 

applications. 
 

 

 Fig 4.2: Evaluation Results On CNN Based Methods 
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V. Future Directions 

Future research in CNN-based brain tumor classification is likely to focus on integrating multimodal imaging data, 

such as combining MRI, CT, and PET scans. Utilizing multiple imaging modalities can provide complementary 

information about tumor morphology, metabolic activity, and vascular characteristics, leading to more accurate 

and robust classification. It has been extended into domain adaptation, semi-supervised and federated learning, 

explainable AI, real-time applications. 

VI. Conclusion 

              Deep learning has emerged as a transformative approach for MRI-based brain tumor classification. CNNs, 

transfer learning, and Transformer models have achieved accuracies exceeding 98%. CNN-based brain tumor 

classification has demonstrated significant potential in improving diagnostic accuracy and supporting clinical 

decision-making. By automatically extracting complex features from MRI and other imaging modalities, CNNs 

can distinguish between tumor types and grades more efficiently than traditional methods. Future advancements, 

including multimodal data integration, explainable AI techniques, and personalized prediction models, are 

expected to further enhance reliability and clinical applicability. With continued research and real-world 

validation, CNN-based approaches hold promise for enabling faster, more accurate, and patient-specific brain 

tumor diagnosis, ultimately improving treatment outcomes and healthcare efficiency. Nevertheless, issues such as 

dataset imbalance and model interpretability require further attention to ensure clinical reliability. 
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