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Abstract 

Brain cancer detection is a crucial area of medical research, where early and accurate diagnosis can 

significantly improve patient outcomes. Traditional machine learning and deep learning approaches have 

shown promise, but their limitations in feature extraction and generalization necessitate a more robust 

framework. In this study, we propose a Hybrid Ensemble Framework that integrates Convolutional Neural 

Networks (CNN), Recurrent Neural Networks (RNN), and Support Vector Machines (SVM) to enhance 

brain tumor detection from MRI scans. The CNN extracts spatial features, while the RNN captures 

temporal dependencies, and the fused feature set is classified using an SVM for improved accuracy. The 

proposed approach leverages feature fusion to combine the strengths of deep learning and classical machine 

learning, ensuring a more comprehensive representation of the tumor characteristics. Extensive 

experiments on publicly available MRI datasets demonstrate that our framework outperforms standalone 

models in terms of accuracy, sensitivity, and specificity. By combining multiple learning paradigms, our 

method enhances diagnostic precision, making it a viable solution for clinical applications. 

Keywords : Brain cancer detection, Hybrid Ensemble Framework, CNN, RNN, SVM, Feature Fusion, 
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1. Introduction 

Brain cancer is a severe and life-threatening condition that requires early and precise detection to improve 

patient outcomes and survival rates [1]. Among various diagnostic imaging techniques, Magnetic 

Resonance Imaging (MRI) is widely used due to its ability to provide detailed anatomical structures and 

soft tissue contrast without exposure to ionizing radiation. MRI scans help radiologists detect and classify 

brain tumors based on their size, location, and intensity. However, manual analysis of MRI images is highly 

time-consuming, subjective, and prone to human error, leading to inconsistencies in diagnosis. With the 

increasing volume of medical imaging data, there is a growing demand for automated, accurate, and 

efficient diagnostic systems that can assist radiologists in detecting brain tumors with higher precision [2]. 

Traditional machine learning-based approaches for brain tumor classification often rely on handcrafted 

features, such as texture, shape, and intensity, extracted from MRI scans. While these techniques have 

demonstrated reasonable success, their effectiveness is limited by their dependence on feature engineering, 

which requires expert knowledge and may not generalize well to diverse datasets [3]. In contrast, deep 
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learning-based models have emerged as powerful alternatives, as they can automatically extract meaningful 

features from raw images without manual intervention. Convolutional Neural Networks (CNNs) have been 

particularly successful in medical image analysis, as they excel in capturing spatial hierarchies of features 

from MRI scans. However, CNNs primarily focus on spatial characteristics and may not effectively capture 

sequential dependencies present in multi-slice MRI scans, where tumor progression and tissue variations 

across slices contain crucial diagnostic information [4]. 

To overcome these limitations, Recurrent Neural Networks (RNNs), especially Long Short-Term Memory 

(LSTM) networks, have been explored for capturing temporal dependencies in sequential medical images. 

LSTMs are particularly useful in handling MRI slices as a sequence, allowing the model to learn patterns 

over multiple slices rather than treating them as independent images. Despite these advancements, 

standalone deep learning models, including CNNs and RNNs, often suffer from challenges such as 

overfitting, high computational requirements, and difficulty in generalizing across different datasets, 

especially when trained on limited medical imaging data. Additionally, most deep learning classifiers rely 

on softmax activation, which may not be optimal for distinguishing subtle variations in tumor 

characteristics [5]. 

To address these challenges, we propose a Hybrid Ensemble Framework that integrates CNN, RNN, and 

Support Vector Machine (SVM) for brain cancer detection. The CNN component extracts spatial features 

from MRI scans, while the RNN component (LSTM or GRU) captures temporal relationships across 

sequential slices. The extracted feature vectors from both networks are then fused to form a comprehensive 

feature representation. Instead of using a standard softmax classifier, we employ SVM for final 

classification, as it is highly effective in handling high-dimensional data and provides better decision 

boundaries, especially when dealing with small and imbalanced datasets. 

The key contributions of our study are as follows: 

1. Feature Fusion of Spatial and Temporal Information: The proposed framework combines the 

strengths of CNN and RNN to enhance the representational capability of the extracted features. 

This allows the model to learn both spatial structures and temporal dependencies in MRI scans, 

leading to improved classification performance [6]. 

2. Robust Classification Using SVM: Unlike traditional deep learning models that rely on softmax, 

the use of SVM enables better generalization, handling high-dimensional feature spaces and 

improving classification accuracy. 

3. Enhanced Generalization and Reduced Overfitting: By leveraging a hybrid approach that combines 

deep learning and classical machine learning, our model is more robust to dataset variations and 

less prone to overfitting, making it suitable for real-world medical applications. 

4. Performance Evaluation on Public MRI Datasets: We conduct extensive experiments on publicly 

available MRI datasets, demonstrating that our hybrid ensemble framework outperforms standalone 

CNN, RNN, and SVM models in terms of accuracy. 

The rest of this paper is organized as follows: Section 2 presents a review of related work in brain cancer 

detection using machine learning and deep learning techniques. Section 3 describes the proposed 

methodology, including dataset preprocessing, CNN and RNN architectures, feature fusion strategies, and 

SVM-based classification. Section 4 details the experimental setup, evaluation metrics, and results. Section 

5 discusses the implications of our findings, potential limitations, and future research directions. Finally, 

Section 6 concludes the study, summarizing key contributions and the impact of our hybrid ensemble 

framework in brain tumor diagnosis [6]. 
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2. Literature Review 

I. Mahmud et al. (2023) [7] The study proposed a CNN architecture and compared its performance with 

ResNet-50, VGG16, and Inception V3. Using a dataset of 3,264 MRI images, the CNN model achieved 

93.3% accuracy, 98.43% AUC, 91.19% recall, and a loss of 0.25, outperforming existing models. The study 

emphasizes the effectiveness of CNNs in early brain tumor detection, aiding in timely diagnosis and 

treatment. 

R. U. Ginting et al. (2022) [8]  The study highlighted the lack of optimal diagnostic techniques and 

incomplete case registration in Indonesia. An Android-based application was developed using the ridge 

polynomial neural network algorithm for brain cancer detection. Tested on patients at Haji Adam Malik 

General Hospital Medan, the model achieved results in the 450th iteration with an MSE of 0.021550, 

providing a cost-effective diagnostic solution. 

R. Singh et al.(2022) [9] The study emphasized the importance of early diagnosis, noting that brain tumors 

rank second in cancer-related deaths among men aged 20-39 and fifth among women in the same age group. 

It highlighted how automated imaging modalities surpass manual assessment, improving diagnostic 

accuracy and reliability. 

M. Fayadh et al., (2022) [10]  A DCNN-based model was proposed for CT-scan brain image classification 

using a dataset of 4,500 images (3,600 for training, 900 for testing). The model, with 2,398,750 parameters, 

achieved 98.5% accuracy when trained on 50×50 pixel images for 100 epochs, demonstrating its efficacy 

in brain tumor detection. 

S. K. et al., (2022) [11]  The study addressed challenges in early-stage brain tumor detection and developed 

a Rectangular Microstrip Patch Antenna operating at 7.3 GHz using HFSS Software. The antenna, with 

dimensions of 31.68 × 31.01 × 0.75 mm³, was tested on a brain phantom with a 1.5mm tumor, successfully 

detecting tumors based on performance variations. 

C. Kavitha and K. B. Naveen (2022) [12] The study proposed a two-phase technique using lung CT scans, 

involving image acquisition, preprocessing, binarization, thresholding, division, feature extraction, and 

neural network classification. The system achieved 94% accuracy, enhancing early lung cancer diagnosis 

and prognosis. 

S. Poornam and S. Alagarsamy, (2022) [13]  The study introduced a brain tumor classification system that 

applied image preprocessing, augmentation, and neural network training. Their ensemble model (EBTDM) 

achieved an overall accuracy of 98.60%, demonstrating its effectiveness in improving brain tumor 

classification accuracy. 

Convolutional Neural Networks (CNNs) have been particularly successful in medical image analysis due 

to their hierarchical structure, which mimics the human visual system. By using convolutional layers, 

pooling operations, and fully connected layers, CNNs can detect subtle patterns in MRI scans that may not 

be visible to the human eye. 
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3. Proposed Concept  

 

Fig 1. Flowchart of Research  

The proposed work focuses on developing a Hybrid Ensemble Framework for Brain Cancer Detection by 

integrating CNN, RNN, and SVM for feature fusion. The workflow begins with data collection from MRI 

and CT scans, followed by preprocessing techniques such as noise reduction, normalization, segmentation, 

and data augmentation to enhance image quality. The next phase involves model development, where deep 

learning architectures like CNN and RNN are combined with SVM to extract robust spatial and sequential 

features for improved classification. The models undergo training and hyperparameter tuning to optimize 

performance, followed by validation using cross-validation and performance metrics. The testing phase 

evaluates key metrics, including accuracy, , ensuring the effectiveness of the model. Finally, the framework 

undergoes evaluation through comparisons with existing methods and error analysis, leading to an 

optimized prediction system for early and accurate brain cancer detection. This approach enhances 

diagnostic capabilities, supporting medical professionals in timely intervention and treatment. 

4. Experiment Analysis and Results 

The implementation of the Hybrid Ensemble Framework for Brain Cancer Detection is developed using 

Python, leveraging powerful deep learning and machine learning libraries such as TensorFlow, Keras, and 

Scikit-learn. The framework integrates CNN, RNN, and SVM for feature extraction and classification, 

ensuring robust performance. Preprocessing steps, including noise reduction, normalization, segmentation, 

and augmentation, are performed using OpenCV and NumPy to enhance image quality. Model training and 

evaluation are conducted using GPU-accelerated computation with TensorFlow, optimizing 

hyperparameters through techniques like grid search and cross-validation. The implementation also 

includes performance metric analysis, such as accuracy, ensuring reliable predictions. The final model is 
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validated and tested on MRI and CT scan datasets, making it a scalable and efficient solution for brain 

cancer detection. 

 

Fig 2. Dataset Details 

 

Fig 3 Model Accuracy 

 

Fig 4. Model Loss 
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Fig 5 Implementation Main Screen 

 

Fig 6 Brain Cancer Detection Model Trainer 

 

Fig 7 Brain Cancer Detection – Model Selection 
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Fig 8 Brain Cancer Detection – Cancer Detected 

 

 

 

http://www.ijcrt.org/


www.ijcrt.org                                                      © 2025 IJCRT | Volume 13, Issue 5 May 2025 | ISSN: 2320-2882 

IJCRT25A5412 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org m335 
 

5. Conclusion 

The proposed Hybrid Ensemble Framework for Brain Cancer Detection integrates CNN, RNN, and SVM 

to enhance the accuracy and reliability of tumor classification from MRI and CT scans. By leveraging deep 

learning for feature extraction and machine learning for classification, the framework improves early 

detection capabilities, aiding in timely diagnosis and treatment. The implementation in Python utilizes 

advanced preprocessing techniques, hyperparameter tuning, and performance evaluation to optimize 

results. Experimental analysis demonstrates that the proposed approach achieves superior accuracy 

compared to existing methods. Future work can explore the integration of additional deep learning 

architectures, larger datasets, and real-time implementation in clinical environments to further enhance 

diagnostic capabilities. 
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