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Introduction
Brain tumours are a critical medical concern 

that pose a significant threat to human health. 
They can develop in various parts of the 
brain, often leading to severe neurological 
complications or even death if not diagnosed 
and treated in time. Early detection plays a 
vital role in improving patient outcomes, as 
timely intervention allows for better treatment 
planning and can significantly increase 
survival rates. Medical imaging techniques 
such as Magnetic Resonance Imaging (MRI) 
have become essential tools for identifying 
brain tumours, providing detailed insights into 
the brain’s structure and aiding in diagnosis.

However, accurately classifying brain 
tumours from MRI scans presents several 
challenges. Tumours exhibit considerable 
variability in terms of size, shape, and location, 
making it difficult to develop a one-size-fits-all 

Abstract

Brain tumours are among the most serious and life-threatening health conditions, with their prevalence 
steadily increasing worldwide. Early detection and accurate classification play a crucial role in 
determining appropriate treatment strategies, significantly improving the chances of patient survival. 
However, brain tumour classification remains a challenging task due to the complex nature of tumour 
structures, which can vary greatly in size, shape, and location.
Conventional methods, while effective to some extent, often struggle to achieve the desired accuracy, 
leading to potential misdiagnosis or delayed treatment.
To address these challenges, this paper presents a novel and effective system for brain tumour 
classification using a hybrid deep learning algorithm. The proposed model integrates Convolutional 
Neural Networks (CNN) and Recurrent Neural Networks (RNN) to leverage the strengths of both 
architectures. The CNN is employed to extract crucial spatial features from MRI scan images, capturing 
intricate patterns and textures that are essential for identifying tumours. Meanwhile, the RNN component 
is designed to analyze sequential dependencies in the extracted features, enabling the model to better 
understand the spatial relationships within the medical images.
Through extensive experimentation and performance evaluation, the hybrid model demonstrated 
superior classification accuracy compared to traditional methods. The results highlight the system’s 
ability to minimize false positives and improve overall precision and recall. This enhanced performance 
indicates that the proposed hybrid deep learning algorithm has strong potential to support healthcare 
professionals in making faster, more reliable diagnostic decisions, ultimately contributing to improved 
patient outcomes.

classification model. Additionally, differences 
in image quality, noise, and overlapping features 
between tumour types further complicate the 
diagnostic process. These challenges often lead 
to misclassification, which can delay treatment 
or result in incorrect medical decisions.

To address these limitations, this study 
aims to develop an effective and efficient 
system for brain tumour classification 
using a hybrid deep learning algorithm. By 
combining Convolutional Neural Networks 
(CNN) for feature extraction and Recurrent 
Neural Networks (RNN) for sequential pattern 
recognition, the proposed system leverages 
the strengths of both models to improve 
classification accuracy. The objective is to 
create a robust solution capable of handling 
complex tumour patterns while minimizing 
errors, ultimately supporting healthcare 
professionals in making faster and more 
informed diagnostic decisions.
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Literature Review
Traditional Methods for Brain Tumour Classification

Historically, brain tumour classification has relied on 
traditional machine learning techniques, notably Support Vector 
Machines (SVM) and k-Nearest Neighbors (k-NN). SVMs 
operate by identifying the optimal hyperplane that separates 
different classes within the feature space, making them effective 
for binary classification tasks. They have been applied in 
medical image analysis, including tumour detection, due to their 
robustness in handling high-dimensional data. Similarly, k-NN 
classifiers determine the class of a sample based on the majority 
class among its k-nearest neighbors in the feature space. This 
non-parametric approach has been utilized for its simplicity 
and effectiveness in pattern recognition tasks. However, both 
methods heavily depend on the quality of handcrafted features 
extracted from medical images, which can be labor- intensive 
and may not capture complex patterns inherent in tumour 
structures.
Deep Learning Approaches in Medical Image 
Classification

The advent of deep learning has revolutionized medical 
image classification, offering automated feature extraction and 
improved accuracy. Convolutional Neural Networks (CNNs) 
have been at the forefront, excelling in capturing spatial 
hierarchies in images. Their ability to learn complex features 
directly from pixel data has led to significant advancements in 
tasks such as tumour detection and segmentation. Recurrent 
Neural Networks (RNNs), particularly Long Short-Term 
Memory (LSTM) networks, are designed to handle sequential 
data and have been employed to model temporal dependencies 
in medical imaging, such as analyzing sequences of slices in 
MRI scans. Hybrid models that combine CNNs and RNNs aim 
to leverage the strengths of both architectures, capturing spatial 
features through CNNs and modeling sequential dependencies 
with RNNs. These hybrid approaches have shown promise in 
various medical imaging applications, including brain tumour 
classification.

Gaps in Existing Methods
Despite the progress made with traditional and deep 

learning methods, several challenges persist in brain tumour 
classification:

•	 Feature Representation: Traditional methods rely on 
handcrafted features, which may not adequately represent 
the complex and heterogeneous nature of tumours.

•	 Data Limitations: Deep learning models, especially 
hybrid architectures, require large datasets for training. 
However, medical imaging data is often limited due to 
privacy concerns and the rarity of certain tumour types, 
leading to potential overfitting.

•	 Computational Complexity: Hybrid models combining 
CNNs and RNNs can be computationally intensive, 
necessitating specialized hardware and longer training 
times, which may not be feasible in all clinical settings.

•	 Interpretability: Deep learning models are often 
considered “black boxes,” making it challenging for 
clinicians to interpret the results and trust the model’s 
decisions without clear explanations. Addressing these 
gaps is crucial for developing more accurate, efficient, 
and clinically applicable brain tumour classification 
systems.

Literature Survey 
Our current examination is based on prior research in the 

fields of Brain Tumor Detection and Classification. This section 
provides an overview of relevant studies and their contributions 
to the understanding of brain tumor formation and predictive 
modeling.

Methodology
Data Collection

For this study, we utilized the Brain Tumor Segmentation 
(BraTS) 2020 dataset, a comprehensive collection of pre-
operative multimodal MRI scans. The dataset comprises 3D 
MRI scans from 14G patients, including four MRI modalities: 
T1-weighted, T1-contrast-enhanced (T1CE), T2- weighted, 
and Fluid-Attenuated Inversion Recovery (FLAIR). Each scan 
is accompanied by expert-annotated labels delineating various 
tumor sub-regions, such as enhancing tumor, peritumoral 
edema, and necrotic core. This dataset is publicly accessible 
and has been widely used in brain tumor research, providing 
a standardized benchmark for evaluating segmentation and 
classification algorithms.
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Data Preprocessing
Effective preprocessing of MRI data is crucial to enhance the 

performance of deep learning models. The following steps were 
implemented:

1.	 Background Removal: To focus on the region of interest 
(ROI), non-brain tissues were removed using skull-
stripping algorithms. This step isolates the brain region, 
reducing irrelevant information and computational load.

2.	 Resampling: MRI scans often have varying resolutions. 
To standardize the voxel dimensions across all scans, 
images were resampled to a uniform resolution. This 
ensures consistency in spatial representation, facilitating 
accurate feature extraction.

3.	 Registration: Aligning images from different modalities 
is essential for accurate analysis. Rigid or affine 
registration techniques were employed to align T1, T1CE, 
T2, and FLAIR images to a common space, correcting 
for any positional discrepancies.

4.	 Intensity Normalization: Variations in MRI signal 
intensities can arise due to different scanners or 
acquisition protocols. Intensity normalization techniques 
were applied to standardize the intensity values across 
all scans, enhancing the model’s ability to learn relevant 
features.

5.	 Data Augmentation: To increase the diversity of the 
training data and prevent overfitting, data augmentation 
techniques such as rotation, flipping, and scaling were 
applied. This approach simulates various possible 
scenarios, making the model more robust to variations in 
real-world data.

These preprocessing steps ensure that the MRI data is in a 
standardized and optimal form, facilitating effective training 
of the hybrid deep learning model for accurate brain tumor 
classification.

The proposed brain tumor classification system leverages a 
hybrid deep learning architecture that integrates Convolutional 
Neural Networks (CNNs) and Recurrent Neural Networks 
(RNNs), specifically Long Short-Term Memory (LSTM) units, 
to effectively capture both spatial and sequential patterns in 
MRI data.

CNN for Feature Extraction
The CNN component is responsible for extracting hierarchical 

spatial features from the input MRI scans. It comprises 
multiple convolutional layers with rectified linear unit (ReLU) 
activations, followed by max-pooling layers to reduce spatial 
dimensions while retaining essential features.

This configuration enables the model to learn complex 
patterns associated with different tumor types.
RNN for Sequential Pattern Recognition

After feature extraction, the output is reshaped and fed into 
an RNN, utilizing LSTM units. LSTMs are adept at capturing 
temporal dependencies and sequential patterns, making them 
suitable for modeling the spatial relationships within the 
extracted features. This sequential analysis enhances the model’s 
ability to discern subtle differences between tumor classes.
Fusion Layer and Classification

The features learned by the CNN and RNN are concatenated 
in a fusion layer, creating a comprehensive representation that 
encompasses both spatial and sequential information. This fused 
feature vector is then passed through fully connected (dense) 
layers, culminating in a SoftMax activation function for multi-
class classification.
Training Process

•	 Loss Function: The model is trained using the 
categorical cross-entropy loss function, which measures 
the dissimilarity between the true labels and the predicted 
probability distributions.

•	 Optimizer: The Adam optimizer is employed to adjust 
the model’s weights during training. Adam combines 
the advantages of both Adaptive Gradient Algorithm 
(AdaGrad) and Root Mean Square Propagation 
(RMSProp), providing efficient and robust convergence.

•	 Evaluation Metrics: To assess the model’s performance, 
metrics such as accuracy, precision, recall, and the F1-
score are utilized. These metrics offer a comprehensive 
evaluation of the classifier’s effectiveness.

The training process involves backpropagation to minimize 
the loss function, with the optimizer updating the model 
parameters iteratively. The model’s performance is monitored on 
a validation set to prevent overfitting and ensure generalization 
to unseen data
Implementation Tools

The hybrid model is implemented using Python, leveraging 
the following libraries:

•	 Keras: A high-level neural networks API, running on top 
of TensorFlow, that provides user-friendly interfaces for 
defining and training models.

•	 Kaggle: An online platform offering datasets and 
computational resources, facilitating the development 
and testing of machine learning models.

These tools facilitate the development of complex deep 
learning architectures and streamline the experimentation 
process, enabling efficient implementation of the proposed 
hybrid model.
Experimental Setup
Dataset Split

The dataset was partitioned to ensure robust training and 
evaluation of the hybrid deep learning model. Specifically, 
80% of the data was allocated for training, while the remaining 
20% was reserved for testing. This split ensures that the model 
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competitive accuracy of U7.1%, but our hybrid model 
surpassed it with an improved accuracy of U8.5%.

•	 The GLCM + k-NN with Fusion Operator and AlexNet 
CNN models showed relatively lower performance, with 
accuracies of U0.U% and U1.2%, respectively.

•	 The hybrid model demonstrated significantly higher 
precision (U8.0%), indicating a substantial reduction in 
false positives.

•	 The hybrid model’s recall (U8.3%) reflects its improved 
ability to correctly identify tumour cases, reducing false 
negatives and enhancing diagnostic reliability.

Visualization
Confusion Matrix:

The confusion matrix reveals that the hybrid model achieved 
high true positive rates across all tumour classes with minimal 
false positives and false negatives.

Our hybrid model demonstrated significant improvements in 
classification performance. Comparative results showed that 
our model achieved an accuracy of 98.5%, outperforming the 
CNN (95.2%), RNN (94.1%), and Efficient Net (96.4%). The 
confusion matrix and ROC curve below further highlight the 
reduction in false positives and improved reliability.

learns effectively from a substantial portion of the data while 
being evaluated on unseen samples to assess its generalization 
capabilities.
Hardware Specifications for Training 

The model training was conducted on high-performance 
computing infrastructure to expedite the process and handle the 
computational demands of deep learning. The system utilized 
an NVIDIA DGX H100 server, which is equipped with eight 
Hopper-based H100 GPUs, each providing 80 GB of HBM3 
memory and delivering a total of 32 PFLOPs of FP8 AI 
compute. This setup ensures efficient handling of large-scale 
data and complex model architectures.
Performance Evaluation Metrics

To comprehensively evaluate the model’s performance, the 
following metrics were employed:

•	 Accuracy: The ratio of correctly predicted instances to 
the total instances, providing an overall measure of the 
model’s correctness.

•	 Precision: The ratio of true positive predictions to the sum 
of true positive and false positive predictions, indicating 
the model’s ability to correctly identify positive instances 
without misclassification.

•	 Recall (Sensitivity): The ratio of true positive predictions 
to the sum of true positive and false negative predictions, 
reflecting the model’s capability to identify all relevant 
positive cases.

•	 F1-Score: The harmonic mean of precision and recall, 
offering a balance between the two metrics, especially 
useful when dealing with imbalanced datasets.

These metrics provide a multifaceted assessment of the 
classifier’s effectiveness, ensuring that the model performs well 
not only in overall accuracy but also in correctly identifying and 
distinguishing between different tumor classes.

The performance of our proposed hybrid model, which 
integrates Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs), was evaluated and 
compared against several existing models to demonstrate its 
effectiveness in brain tumor classification
Results and Discussion
Comparative Analysis with Existing Models

To evaluate the effectiveness of our proposed hybrid model 
(CNN + RNN), we conducted a comparative analysis with 
several existing models commonly used for brain tumour 
classification. The selected models include:

1.	 Support Vector Machine (SVM) with ROI and RBF 
kernels

2.	 Gray-Level Co-occurrence Matrix (GLCM) with 
k-Nearest Neighbors (k-NN) and Fusion Operator

3.	 AlexNet CNN
4.	 Proposed Hybrid Model (CNN + RNN)
The evaluation metrics used for comparison were accuracy, 

precision, recall, and
F1-score to ensure a comprehensive assessment.

Key Observations
•	 The Proposed Hybrid Model outperformed all the 

compared models across all evaluation metrics.
•	 The SVM with ROI and RBF kernels achieved a 

Figure 1. Confusion Matrix of Proposed Hybrid Model

ROC Curves:
The hybrid model’s ROC curves achieved AUC values close 

to 1, demonstrating excellent performance in distinguishing 
tumour classes from non-tumour regions.

Our model's precision (97.8%), recall (98.2%), and F1-score 
(98.0%) further demonstrate its robustness in handling complex 
MRI data. The integration of CNN and RNN models ensures 
effective feature extraction and sequential pattern learning.
Key Findings

•	 Superior Performance: The proposed hybrid model 
achieved a remarkable

•	 U8.5% accuracy, outperforming other established 
methods.



Page 5 of 6

M. Kiran Kumar, et al.  Global Journal of Engineering Innovations and Interdisciplinary Research. 2025;5(1):25

GJEIIR. 2025; Vol 5 Issue 1

•	 Improved Diagnostic Precision: The hybrid model’s 
precision and recall rates above U8% reduce the 
likelihood of false positives and negatives, enhancing 
clinical trust.

•	 Robust Generalization: The consistent performance 
across all metrics highlights the model’s strong ability to 
generalize across diverse MRI scans.

•	 Potential for Real-World Application: The combination 
of CNN for spatial feature extraction and RNN for 
sequential pattern recognition proved highly effective in 
enhancing overall model performance.

Conclusion 
In conclusion, the hybrid deep learning model presents a 

significant improvement over traditional and contemporary 
methods, positioning it as a promising tool for accurate and 
reliable brain tumour classification. Our current examination is 
based on prior research in the fields of Brain Tumor Detection 
and Classification. This section provides an overview of relevant 
studies and their contributions to the understanding of brain 
tumor formation and predictive modeling. 

The proposed hybrid deep learning model, integrating 
Convolutional Neural Networks (CNN) and Recurrent Neural 
Networks (RNN), has demonstrated significant advancements 
in brain tumour classification. By combining the strengths of 
CNN for spatial feature extraction and RNN for sequential 
pattern recognition, the model achieved superior accuracy, 
precision, and recall compared to traditional methods. With an 
accuracy of U8.5%, the hybrid model has shown remarkable 
potential in minimizing false positives and improving diagnostic 
reliability. This enhanced performance can support healthcare 
professionals in making faster and more informed decisions, 
ultimately improving patient outcomes.
Potential Improvements for Real-World Deployment

While the proposed model performs exceptionally well in 
controlled experimental conditions, further enhancements 
are necessary for seamless deployment in real-world clinical 
settings:

•	 Model Optimization: Reducing the model’s computational 

complexity to ensure faster inference and improved 
efficiency on standard hardware.

•	 Data Augmentation Techniques: Expanding the dataset 
with synthetic MRI scans to improve the model’s 
robustness across diverse imaging conditions.

•	 Interpretability Tools: Integrating explainable AI 
techniques to enhance transparency and build trust 
among healthcare professionals.

•	 Integration with Clinical Systems: Developing user-
friendly interfaces for effortless integration with existing 
hospital infrastructure and diagnostic workflows.

Future Research Directions
To further improve the system’s adaptability and performance, 

future research may explore:
•	 Transfer Learning: Leveraging pre-trained models to 

improve learning efficiency, especially when dealing 
with limited medical imaging datasets.

•	 Federated Learning: Implementing privacy-preserving 
learning techniques to enable model training across 
multiple healthcare institutions without compromising 
patient data security.

•	 Multi-Modal Data Fusion: Incorporating additional 
data types such as genetic profiles, patient demographics, 
and clinical histories to enhance diagnostic accuracy.

•	 Attention Mechanisms: Integrating attention layers to 
improve the model’s focus on critical tumour regions 
within MRI scans.

In conclusion, this study highlights the promising potential of 
hybrid deep learning models in medical imaging. By addressing 
current limitations and adopting innovative research strategies, 
the proposed model can evolve into a powerful diagnostic tool, 
significantly contributing to improved brain tumour diagnosis 
and patient care.
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