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Abstract

Brain tumor classification plays a crucial role in early diagnosis and treatment planning of
neurological diseases. Among different brain tumors, Gliomas are particularly challenging
to diagnose due to their heterogeneous structure and varying appearance in medical images.
Magnetic Resonance Imaging (MRI) is widely used for brain tumor detection; however,
manual interpretation of MRI scans is time-consuming and highly dependent on expert
knowledge. Recent advances in deep learning have significantly improved automated
medical image analysis, particularly through Convolutional Neural Networks (CNNs).

In this study, we propose an ensemble deep learning framework for accurate classification
of Glioma brain tumors using MRI images. The proposed approach integrates multiple
convolutional neural network architectures to enhance feature extraction and improve
classification performance. MRI images are first preprocessed to enhance image quality
and reduce noise before being fed into the ensemble model. The predictions of individual
deep learning models are combined to achieve more robust and reliable classification
results.

The proposed framework is evaluated using standard performance metrics including
accuracy, precision, recall, and Fl-score. Experimental results demonstrate that the
ensemble model outperforms individual deep learning models and improves the overall
classification performance. The proposed approach provides a reliable and efficient tool
for automated Glioma tumor classification and has the potential to assist clinicians in early
diagnosis and treatment planning.

Keywords: Glioma Brain Tumor, MRI Imaging, Deep Learning, Ensemble Learning,
CNN, Medical Image Classification.

1. Introduction

Brain tumors represent one of the most critical neurological disorders and are associated with high
morbidity and mortality rates worldwide. Among the different types of brain tumors, gliomas are the most
common and aggressive primary brain tumors originating from glial cells in the central nervous system.
Gliomas account for a significant proportion of malignant brain tumors and exhibit considerable
heterogeneity in terms of their structure, growth patterns, and clinical behavior. Accurate classification of
glioma tumors is therefore essential for effective treatment planning, prognosis evaluation, and clinical
decision-making [1].

Medical imaging plays a vital role in the diagnosis and assessment of brain tumors. Among various imaging
modalities, Magnetic Resonance Imaging (MRI) is widely used due to its superior soft-tissue contrast and
ability to provide detailed anatomical information about brain structures. MRI scans allow clinicians to
visualize tumor location, size, and morphological characteristics, making them a standard diagnostic tool
for brain tumor analysis [2]. However, manual interpretation of MRI images is time-consuming and highly
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dependent on the expertise of radiologists. Furthermore, variability in tumor appearance and overlapping
imaging features often make accurate classification challenging [3].

Recent advances in artificial intelligence have significantly improved automated medical image analysis.
In particular, deep learning techniques have demonstrated remarkable success in image classification, object
detection, and segmentation tasks. Convolutional Neural Networks (CNNs) have emerged as one of the
most effective deep learning architectures for analyzing medical images due to their ability to automatically
learn hierarchical features directly from raw image data [4]. CNN-based models have been widely applied
in brain tumor detection and classification, achieving promising results in distinguishing between different
tumor types and grades [5].

Despite these advancements, single deep learning models often suffer from limitations such as overfitting,
sensitivity to training data, and lack of generalization when applied to complex medical datasets. To address
these challenges, ensemble learning techniques have been introduced to improve model robustness and
predictive performance. Ensemble approaches combine the outputs of multiple machine learning or deep
learning models in order to generate a more accurate and stable prediction compared to individual models
[6]. By leveraging complementary strengths of different architectures, ensemble models can significantly
enhance classification accuracy and reduce prediction errors [7].

In the context of medical imaging, ensemble deep learning methods have shown promising potential for
improving diagnostic accuracy. Several studies have demonstrated that combining multiple CNN
architectures can lead to better feature extraction and more reliable classification of brain tumors from MRI
images [8]. However, designing an efficient ensemble framework that effectively integrates multiple deep
learning models while maintaining computational efficiency remains an open research challenge.

Motivated by these challenges, this study proposes an ensemble deep learning framework for the accurate
classification of glioma brain tumors using MRI images. The proposed approach integrates multiple
convolutional neural network architectures to enhance feature representation and improve classification
performance. MRI images are first preprocessed to enhance image quality and normalize input data before
being fed into individual deep learning models. The outputs of these models are then combined through an
ensemble strategy to generate the final classification result. Experimental evaluation demonstrates that the
proposed ensemble approach improves classification accuracy and provides more robust predictions
compared to individual CNN models.

The main contributions of this study are summarized as follows:

1. Anovel ensemble deep learning framework for the classification of glioma brain tumors from MRI
images.

2. Animproved feature extraction strategy using multiple convolutional neural network architectures.

3. A comprehensive evaluation of the proposed model using standard performance metrics including
accuracy, precision, recall, and F1-score.

4. A comparative analysis demonstrating the effectiveness of the proposed ensemble model against
individual deep learning models.

The remainder of this paper is organized as follows. Section 2 presents the related work on deep learning-
based brain tumor classification. Section 3 describes the dataset and the proposed ensemble methodology.
Section 4 discusses the experimental results and performance evaluation. Finally, Section 5 concludes the
paper and outlines potential directions for future research.

2. Related Work

Recent advances in deep learning have significantly improved the performance of automated brain tumor
classification systems using Magnetic Resonance Imaging (MRI). A large number of studies have focused
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on applying convolutional neural networks (CNNs) for the detection and classification of brain tumors due
to their ability to automatically learn hierarchical features from image data.

Several researchers have utilized CNN-based architectures for MRI-based brain tumor classification. For
instance, a deep learning model based on convolutional neural networks was proposed to classify brain
tumors using MRI images, achieving high classification accuracy compared with traditional machine
learning approaches [9]. Similarly, transfer learning techniques using pre-trained CNN models have been
widely explored for brain tumor classification tasks. These models leverage knowledge learned from large
image datasets and adapt it to medical imaging applications, improving feature extraction and classification
performance [10].

In addition to standard CNN architectures, deeper models such as residual networks and densely connected
neural networks have been introduced to address the limitations of traditional CNN models. These
architectures improve gradient flow and allow deeper networks to learn more complex image
representations, which are particularly useful in analyzing heterogeneous brain tumor structures in MRI
scans [11]. Studies have shown that such deep architectures can significantly improve classification
performance for glioma and other brain tumor types.

Despite the promising results achieved by individual deep learning models, researchers have identified
several challenges including overfitting, sensitivity to training data, and limited generalization ability. To
overcome these issues, ensemble learning techniques have been introduced to combine predictions from
multiple models. Ensemble learning aims to improve predictive performance by aggregating outputs from
multiple classifiers, thereby reducing model variance and increasing robustness [12].

Recent research has demonstrated that ensemble deep learning approaches can significantly enhance the
accuracy of brain tumor classification systems. By combining multiple CNN models, ensemble frameworks
are capable of capturing complementary features from MRI images and producing more reliable predictions
[13]. Several studies have reported that ensemble models outperform individual CNN architectures in tumor
classification tasks.

Furthermore, hybrid ensemble frameworks that integrate different deep learning architectures such as
CNN:gs, residual networks, and attention-based models have also been proposed. These approaches aim to
improve feature extraction capabilities and provide a more comprehensive representation of tumor
characteristics in MRI images [14]. The integration of ensemble learning with advanced deep learning
architectures has therefore become an active area of research in medical image analysis.

Although these methods have shown promising results, challenges still remain in achieving highly reliable
and clinically applicable tumor classification systems. Variations in MRI acquisition protocols, limited
annotated datasets, and the complex nature of glioma tumors continue to affect classification performance.
Therefore, developing more robust and efficient ensemble deep learning frameworks remains an important
research direction for improving automated glioma brain tumor classification.

3. Methodology

This section presents a detailed methodology for the classification of glioma brain tumors using an
ensemble deep learning approach. The workflow consists of dataset acquisition, preprocessing, deep
learning model development, ensemble framework, training procedures, and performance evaluation.

3.1 Dataset Description

For this study, MRI datasets were acquired from both publicly available repositories and medical
institutions to ensure diversity and coverage of multiple glioma subtypes. The dataset includes T1-weighted,
T2-weighted, and FLAIR MRI scans and covers three primary glioma categories: Low-Grade Glioma
(LGG), High-Grade Glioma (HGG), and mixed/other subtypes.

Dataset Summary:
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TUMOR TYPE NO. OF IMAGES
LGG 1,200
HGG 1,500
MIXED/OTHER 800

This dataset provides a comprehensive representation of glioma diversity, enabling the development of a
robust classification model.

3.2 Data Preprocessing

Preprocessing ensures that the MRI images are suitable for deep learning models and improves model
generalization.

1. Image Normalization: All MRI images are normalized to the range [0,1] to remove variations
caused by different scanner settings.

2. Image Resizing: Images are resized to 224x224 pixels to standardize the input for CNN models.
Noise Reduction: Gaussian filtering is applied to reduce scanner and environmental noise.

4. Segmentation: Tumor regions are segmented using thresholding and morphological operations to
focus the model on regions of interest.

5. Data Augmentation: To enhance model robustness and prevent overfitting, augmentation
techniques such as rotation, flipping, zooming, scaling, and translation are applied.

These preprocessing steps allow the model to learn meaningful features while handling dataset variability
effectively.

3.3 Deep Learning Models
The core of the classification system involves multiple deep learning architectures:
e Convolutional Neural Networks (CNNs): Used for automatic feature extraction from MRI images.

e Residual Networks (ResNet50): Addresses vanishing gradient problems and allows deeper network
training.

e  VGG16: A deep CNN architecture suitable for hierarchical feature learning.

o EfficientNet: Optimized CNN architecture balancing network depth, width, and resolution for
higher accuracy with lower computation.

Each model is trained independently to extract complementary features that will later be integrated in the
ensemble framework.

3.4 Proposed Ensemble Framework

To improve predictive accuracy and robustness, an ensemble learning approach combines multiple deep
learning models.

Ensemble Techniques Used:

1. Bagging: Models are trained independently on random subsets of the dataset, and their predictions are
averaged to reduce variance.

2. Boosting: Models are trained sequentially, with each model focusing on correcting errors from the
previous model.
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Pfinalusing averaging is:

Let P, represent the predicted probability vector from the i™model. The final ensemble prediction

n
1
Ptinal = ;Z P
i=1

optimize the combined predictions:

Proposed Workflow Diagram:

Stacking: Outputs from multiple models are combined using a meta-classifier that learns the optimal

Where nis the total number of models in the ensemble. For stacking, a meta-classifier fy,q51s trained to

Pfinal = Pmeta (P, Py oo v oo Py)
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Fig 3.1: Research Methodology
3.5 Training Configuration
e Loss Function: Categorical Cross-Entropy
e Optimizer: Adam
e Learning Rate: 0.0001 (adjusted using learning rate scheduler)
e Batch Size: 32
e Epochs: 50-100 depending on convergence
e Validation: 5-fold cross-validation to ensure generalization

Hyperparameter tuning is performed to optimize learning rate, batch size, and model depth for maximum
performance.

3.6 Model Evaluation
The ensemble model is evaluated using the following metrics:
e Accuracy: Overall proportion of correctly classified images.
e Precision: Correctly predicted positive cases over total predicted positives.
e Recall (Sensitivity): Correctly predicted positive cases over total actual positives.
e Fl-score: Harmonic mean of precision and recall.
e Confusion Matrix: Visualizes correct and incorrect predictions across classes.
e ROC Curve & AUC (optional): Evaluates classification performance across thresholds.
Cross-validation ensures the model generalizes well and mitigates overfitting.
3.7 Clinical Relevance

Although full hospital deployment is outside this study, the model is designed to be clinically interpretable,
aiding radiologists in:

e Early detection of gliomas

e Accurate tumor subtype classification

e Improved diagnostic decision-making
4. Results and Discussion

This section presents the experimental results obtained from the proposed ensemble deep learning
framework for glioma brain tumor classification. The results are analyzed using various evaluation metrics,
visualizations, and comparative studies with individual models.

4.1 Experimental Setup
e Hardware: NVIDIA RTX 3090 GPU, 64 GB RAM
e Software: Python 3.10, TensorFlow 2.12, Keras
e Dataset: Combined MRI dataset as described in Section 3.1
e Data Split: 70% training, 15% validation, 15% testing
Table 4.1: Dataset Split for Training, Validation, and Testing
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Low-Grade Glioma (LGG) 1,200 840 180 180
High-Grade Glioma (HGG) 1,500 1,050 225 225
Mixed/Other 800 560 120 120
Total 3,500 2,450 525 525
4.2 Performance of Individual Models
Each deep learning model was trained individually to establish baseline performance.
Table 4.2: Individual Model Performance Metrics
> )
g 3 = =
2 = & S 8
2 B s = S
@ < = ~ :
CNN 88.2 87.5 88.0 87.7
ResNet50 91.0 90.8 91.2 91.0
VGG16 89.5 88.9 89.0 88.9
EfficientNet 92.1 91.5 92.0 91.7

Observation: EfficientNet achieved the highest individual performance due to optimized depth and width
scaling.

4.3 Ensemble Model Performance

The ensemble framework combined the predictions of CNN, ResNet50, VGG16, and EfficientNet using
bagging, boosting, and stacking.

Table 4.3: Ensemble Model Performance
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Bagging 94.3 94.0 94.2 94.1
Boosting 95.1 94.8 95.0 94.9
Stacking 96.7 96.5 96.6 96.5

Equation 4.1: Weighted Stacking Prediction

n n
Pfinal = Z wj Pi;Z w; =1
i=1 i=1

Where P;is the prediction of the i'"model, and wjis the weight assigned based on validation accuracy.

4.4 Confusion Matrix

Table 4.4: Confusion Matrix for Stacking Ensemble
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LGG 173 5 2
HGG 4 218 3
Mixed/Other 1 2 117

The following figure shows Confusion Matrix for Stacking Ensemble
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Fig 4.1: Confusion Matrix for Stacking Ensemble

Observation: Most misclassifications occur between LGG and HGG, which is consistent with high inter-

class similarity.
4.5 ROC Curve and AUC Analysis
Equation 4.2: ROC AUC Calculation

1
AUC = f TPR (FPR™! (x))dx
0

Where TPR is True Positive Rate and FPR is False Positive Rate.
Figure 4.2: ROC Curves for Ensemble Models
e Stacking: AUC =0.98
e Boosting: AUC =0.96
e Bagging: AUC=0.95
Observation: The stacking ensemble demonstrates superior discriminative capability.
4.6 Comparative Analysis

The proposed ensemble model is compared with existing studies on MRI-based glioma classification.

Table 4.4: Comparison with Existing Literature
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Observation: The proposed model outperforms previous approaches by ~1.5-6%, demonstrating the
advantage of combining multiple architectures via stacking.

4.7 Analytical Insights

1. Ensemble Learning Improves Accuracy: Stacking ensemble consistently outperforms individual
models and simpler ensemble methods.

2. Data Augmentation Enhances Generalization: Rotation, flipping, and scaling improved F1-score by
~2%.

3. Transfer Learning Reduces Training Time: Pretrained weights from ImageNet accelerated convergence
and improved feature extraction for small datasets.

4. Class Imbalance Handling: Weighted loss functions mitigated bias toward majority classes, ensuring
balanced performance.

5. Clinical Applicability: High accuracy (>96%) and robust performance across multiple metrics indicate
potential for aiding radiologists in early diagnosis.

4.8 Proposed Workflow Summary

The proposed methodology implements a systematic ensemble-based deep learning framework for brain
tumor grading, specifically focusing on the classification of Low-Grade Glioma (LGG) and High-Grade
Glioma (HGG) from multi-sequence MRI data. The comprehensive analytical workflow integrates multiple
convolutional neural network architectures with ensemble learning techniques to enhance classification
performance and generalization capability.

5. Conclusion

This study presented an ensemble deep learning approach for the classification of glioma brain tumors from
MRI images. By integrating multiple deep learning architectures, including CNN, ResNet50, VGG16, and
EfficientNet, through stacking, boosting, and bagging techniques, the proposed framework demonstrated
significant improvements in classification accuracy and robustness compared to individual models.

5.1.Key Findings:

1. Superior Classification Performance:
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2.

3.

o The stacking ensemble achieved the highest accuracy of 96.7%, outperforming both
individual models and simpler ensemble strategies.

o Precision, recall, and Fl-score were consistently high across all glioma classes,
demonstrating the model’s reliability in differentiating between Low-Grade Gliomas,
High-Grade Gliomas, and mixed/other subtypes.

Effectiveness of Ensemble Techniques:

o Combining predictions from multiple architectures improved feature representation and
reduced model bias, particularly for classes with limited samples.

o Weighted stacking allowed optimal aggregation of model outputs, enhancing the
robustness of the final predictions.

Impact of Preprocessing and Data Augmentation:

o Image normalization, segmentation, and augmentation techniques increased dataset
variability and improved model generalization.

o Transfer learning using pre-trained ImageNet weights reduced training time while
maintaining high feature extraction efficiency.

4. Clinical Implications:

o The proposed ensemble framework has the potential to support radiologists in accurate and
timely glioma diagnosis.

o High predictive performance suggests applicability in real-world clinical workflows,
potentially aiding early intervention and treatment planning.

5.2 Limitations

Despite the promising results, certain limitations were identified:

Dataset Constraints: Availability of annotated MRI images for rare glioma subtypes remains
limited, which may affect model generalization to extremely uncommon cases.

Computational Complexity: Ensemble deep learning requires substantial GPU resources and
longer training times, which may hinder deployment in low-resource clinical settings.

Inter-Scanner Variability: Differences in MRI scanners and acquisition protocols can introduce
variability, potentially affecting model performance on new datasets.

5.3 Future Work

To further enhance the performance and clinical utility of glioma classification models, the following future
directions are recommended:

L.

Integration of Multi-Modal Imaging: Combining MRI with PET or CT scans to leverage
complementary imaging features for more accurate tumor characterization.

Explainable AI (XAI) Approaches: Implementing interpretability techniques to provide visual
explanations of model predictions, improving clinician trust and transparency.

Semi-Supervised and Few-Shot Learning: Addressing dataset scarcity by utilizing semi-
supervised, self-supervised, or few-shot learning approaches for rare glioma subtypes.

Real-Time Clinical Deployment: Developing lightweight ensemble models suitable for real-time
integration into hospital workflows with minimal computational overhead.
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5. Longitudinal Analysis: Extending the framework to predict tumor progression and treatment
response over time using sequential MRI scans.
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