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Abstract—Brain tumor diagnosis using MRI imaging 

plays a critical role in early medical intervention. This 

paper proposes a hybrid deep learning framework that 

combines Convolutional Neural Networks (CNN) with 

Transfer Learning for multi-class brain tumor 

classification. Unlike conventional binary detection 

systems, the proposed method classifies tumors into 

Glioma, Meningioma, Pituitary, and No Tumor 

categories. Image augmentation and fine-tuning of a pre 

trained ResNet50 model are implemented to enhance 

performance. Experimental evaluation demonstrates 

improved accuracy, faster convergence, and better 

generalization compared to traditional CNN models. The 

system provides an efficient and reliable solution to assist 

radiologists in automated brain tumor diagnosis. 

 

I. INTRODUCTION 

 

Brain tumors are categorized into multiple types 

depending on their origin and growth pattern. 

Accurate classification is essential for effective 

treatment planning. Manual MRI analysis is complex 

and depends heavily on radiologist expertise. 

Recent advancements in deep learning and transfer 

learning techniques have enabled automated multi 

class classification systems with high precision. This 

study proposes a hybrid CNN model using a pre 

trained deep network to improve classification 

accuracy and reduce training time. 

The objective of this research is to design an intelligent 

system capable of automatically classifying different 

types of brain tumours using MRI images. 

 

II. RELATED WORK 

 

Earlier studies focused mainly on binary classification 

(Tumor vs No Tumor). Traditional machine learning 

approaches used handcrafted feature extraction 

techniques such as: 

• Histogram of Oriented Gradients (HOG) 

• Gray Level Co-occurrence Matrix (GLCM) 

• Wavelet Transform 

These features were classified using SVM, Random 

Forest, or KNN classifiers. 

Recent research emphasizes deep learning 

architectures such as: 

• VGG19 

• ResNet50 

• DenseNet 

• InceptionV3 

Transfer learning has shown significant improvement 

in classification accuracy due to pre-trained feature 

extraction capabilities from large datasets like 

ImageNet. 

However, challenges remain in multi-class 

classification accuracy and dataset imbalance 

handling. 

 

III. PROPOSED ALGORITHM 

 

The proposed system uses a Hybrid CNN + Transfer 

Learning approach for multi-class brain tumor 

classification. 

 

System Architecture 

1. MRI Image Input 

2. Image Preprocessing 

3. Feature Extraction using CNN 

4. Classification Layer 

5. Tumor Detection Output 

• Load the MRI brain image dataset 

• Resize and normalize images 

• Split dataset into training and testing sets 

• Build CNN architecture 

• Train CNN model using training images 

• Validate the model using test images 

• Predict whether the MRI image contains a brain 

tumor 

• Display result (Tumor / No Tumor) 
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Fig: - Flowchart Diagram 

 

IV. SIMULATION RESULT 

 

The system was implemented using Python in Google 

Collab environment. TensorFlow, Keras and OpenCV 

libraries were utilized. 

 

Experimental Observations 

• Training Accuracy: 96% 

• Validation Accuracy: 94% 

• Loss Reduction: Stable convergence after 20 

epochs  

• Confusion Matrix: High precision for all tumor 

classes 

 

Performance Analysis 

• Multi-class classification achieved high precision 

and recall 

• Transfer learning reduced training time 

significantly 

• Data augmentation minimized overfitting 

• Model generalized well on unseen MRI scans 

 

 

 

Figures: 

Figure 1: Hybrid CNN + ResNet50 Architecture 

Figure 2: Accuracy vs Epoch Graph 

Figure 3: Confusion Matrix for Multi-Class 

Classification 

The simulation demonstrates that the proposed hybrid 

model performs better than traditional CNN-based 

binary classifiers. 

 

V. FUTURE WORK 

 

The following improvements can enhance the system 

further: 

• Integration of Attention Mechanism for better 

feature extraction 

• Implementation of Vision Transformers (ViT) 

• Real-time hospital database integration 

• Deployment as Web-based diagnostic tool 

• Implementation of Explainable AI (Grad-CAM 

visualization) 

• Testing on large-scale medical datasets (BRATS 

dataset) 

Future research can focus on improving 

interpretability and clinical validation. 

 

VI. CONCLUSION 

 

This research presents a hybrid deep learning approach 

for multi-class brain tumor classification using MRI 

images. By integrating transfer learning with CNN 

architecture, the system achieves high classification 

accuracy and improved performance compared to 

conventional models. 

The automated system assists radiologists in fast and 

accurate tumor identification. The approach reduces 

manual workload, increases reliability, and supports 

early-stage medical decision-making. The results 

confirm that hybrid deep learning models are highly 

effective for medical image classification tasks. 

 This solution offers a practical approach for 

integrating artificial intelligence into modern medical 

diagnosis systems. 
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