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Abstract:

Introduction: Brain tumor detection from MRI images is critical for early diagnosis and treatment planning. While
individual deep learning models have shown high accuracy in medical image classification, combining multiple models
can potentially enhance performance. This study aims to develop an ensemble deep learning framework using
ResNet18 and DenseNet121 to improve the accuracy of brain tumor classification. Methods: A dataset of 7,023 brain
MRI images categorized into four classes—glioma, meningioma, no tumor, and pituitary tumor—was used. Pre-
processing included resizing to 224x224 pixels, normalization, and augmentation (random flipping and rotation).
ResNet18 and DenseNet121 models were fine-tuned separately using the Adam optimizer with a learning rate of 0.001.
The ensemble method was implemented by averaging the softmax outputs of both models to generate final predictions.
Results: When evaluated individually, ResNet18 and DenseNet121 achieved validation accuracies of 97.72% and
97.79%, respectively. The ensemble model significantly outperformed both, reaching a validation accuracy of 99.36%.
This result demonstrates that integrating both architectures effectively reduces misclassification and enhances overall
robustness. Confusion matrix analysis confirmed high classification accuracy across all four tumor categories.
Conclusions: The proposed ensemble deep learning approach successfully leverages the strengths of ResNet18 and
DenseNet121, achieving superior classification accuracy for brain tumor detection in MR1 images. This method holds
promise as a reliable tool in clinical diagnostic workflows. Future research should focus on integrating additional
architectures, advanced augmentation strategies, and hyperparameter optimization to further improve performance.
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1. Introduction

Brain tumor detection plays a critical role in medical diagnostics, particularly as advancements in imaging
technologies such as MRI continue to enhance our ability to identify subtle abnormalities within the brain. The
widespread adoption of deep learning techniques has further accelerated improvements in diagnostic accuracy,
with convolutional neural networks (CNNs) becoming instrumental in classifying complex medical images. In
this study, we focus on implementing an ensemble deep learning approach that leverages the complementary
strengths of ResNet18 and DenseNet121 for classifying 7,023 human brain MRI images into four distinct
categories: glioma, meningioma, no tumor, and pituitary tumor [1].

Despite significant progress using individual models, a notable research gap exists in the exploration of
ensemble methods that combine multiple deep learning architectures for brain tumor detection. Many previous
studies have concentrated on optimizing a single model with various techniques, yet the potential benefits of
integrating different models—each with its unique feature extraction capabilities—remain underexplored. This
gap highlights the need for innovative approaches that can address challenges such as data variability, class
imbalance, and the complex nature of tumor features.

Recent state-of-the-art research has demonstrated the effectiveness of both ResNet18 and DenseNet121 in
brain tumor classification. For instance, studies by [2] and [3] have shown that ResNet18, when combined with
focal loss and advanced optimization techniques like the Bat Algorithm, can achieve classification accuracies as
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high as 95.54% and even reach 99% with perfect sensitivity and F1-score in some configurations. Similarly,
DenseNet121 has been widely recognized for its robust feature propagation and ability to mitigate the vanishing
gradient problem. Research by [4]-[8] underscores the superior performance of DenseNetl121, with reported
accuracies reaching up to 99% in various hybrid and ensemble settings. These advancements, however, also
underline a significant problem: while both models exhibit strong performance individually, there remains an
unmet need to develop a more reliable diagnostic tool by effectively combining their predictive strengths. The
challenge lies in optimizing the integration of ResNet18 and DenseNet121 to handle the inherent complexities of
MRI data and to improve overall classification robustness [9], [10], especially in real-world clinical scenarios
[11], [12].

The primary objective of this research is to implement an ensemble deep learning framework that integrates
ResNet18 and DenseNet121, aiming to enhance the accuracy and reliability of brain tumor detection from MRI
images. By leveraging the complementary feature extraction capabilities of both models, this study aspires to
contribute to the development of an automated diagnostic system that not only improves detection performance
but also supports more precise clinical decision-making in the treatment of brain tumors.

2. Method:

In this research design, the process begins with gathering the MRI dataset, followed by essential pre-processing
steps—such as augmentation, resizing, and normalization—to standardize and enhance the data. The dataset is
then split into training and validation sets, ensuring an effective evaluation of model performance. Two
convolutional neural network architectures, ResNet18 [13], [14] and DenseNet121 [15], are independently trained
and evaluated to measure their individual capabilities. Subsequently, an ensemble method is implemented by
combining these models’ predictions to potentially improve classification accuracy [16]. This comprehensive
approach aims to optimize the diagnostic performance of brain MRI classification through rigorous model
training, evaluation, and ensemble integration.
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Figure 1. Research Design
Data Collection

The data collection phase involves compiling a dataset consisting of 7,023 human brain MRI images, which have been
pre-labeled into four categories: glioma, meningioma, no tumor, and pituitary tumor. The dataset is organized into a
structured folder system (e.g., dataset/train and dataset/val) to facilitate efficient loading using tools like
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datasets.ImageFolder. This systematic organization is crucial to ensure that the training and validation phases can proceed
seamlessly.

Class: glioma Class: healthy Class: meningioma Class: pituitary

Figure 2. Sample of Dataset
Data Pre-processing

In the data pre-processing stage, the MRI images undergo several transformations to enhance data quality and variability
before being input to the deep learning models. Initially, each image is resized to 224x224 pixels, a standard input size for
pretrained models. For the training dataset, data augmentation techniques such as random horizontal flipping and random
rotation (by 10 degrees) are applied. These augmentations help to increase the diversity of the dataset and reduce the risk of
overfitting. After augmentation, images are converted to tensors and normalized using the mean [0.485,0.456,0.406] and
standard deviation [0.229,0.224,0.225]. The normalization process is governed by the formula:

X—H
- (1)
Where x is the original pixel value, p is the mean, and o is the standard deviation. For the validation dataset, only resizing
and normalization are applied to ensure that the evaluation is performed on data with a consistent distribution.

xnorm -

Implementation Algorithm

The implementation algorithm involves using two state-of-the-art deep learning architectures: ResNet18 and
DenseNet121, both of which are pretrained on large-scale datasets like ImageNet [16]-[18]. Each model is
modified to accommodate the four-class output required for brain tumor classification by replacing the fully-
connected layer in ResNet18 and the classifier layer in DenseNet121 [19], [20]. During the training phase, each
model is trained separately using supervised learning [21]-[23]. The forward pass generates predictions which are
compared against the true labels using the Cross-Entropy Loss function, mathematically defined as:

C
L=-) ylog®) (M
c=1

Where y, is the one-hot encoded true label for class ¢ and , is the predicted probability for that class. The
backpropagation algorithm is then employed to compute gradients, and the model weights are updated using the
Adam optimizer with a learning rate of 0.001. The performance is monitored on both the training and validation
datasets, and the model achieving the highest validation accuracy is saved as the optimal version. After training,
an ensemble evaluation is performed. In this stage, both models produce logits for each sample in the validation
set, which are converted into probability distributions using the softmax function:

€Zi
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The probabilities from both models are then averaged to generate the final prediction, following the equation:

1 M
Vensemble = MZ Vi (1
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where M is the number of models (in this case, M = 2). This ensemble method aims to leverage the strengths
of both models, enhancing overall prediction accuracy and robustness.



41 Indonesian Journal of Data and Science

Data Analysis Method

The data analysis method involves evaluating the performance of the models primarily through the metric of
accuracy [24]. Accuracy is calculated by comparing the number of correct predictions to the total number of
samples evaluated:

Number of Correct Predictions

2)

A =
ccuarcy Total Number of Samples

Throughout the training process, the models are regularly evaluated on the validation set to monitor their
progress. After applying the ensemble technique, accuracy is computed once more based on the averaged
probability predictions. This methodical evaluation ensures that the final model not only achieves high accuracy
but also demonstrates stable and reliable performance [25], making it suitable for practical clinical applications in
brain tumor detection. Each of these stages is designed to ensure high-quality data input, optimal model training,
and robust evaluation, collectively supporting the research goal of developing an effective automated diagnostic
system for brain tumor detection using MRI images.

3. Results and Discussion

Results

In this study, the training outcomes of two deep learning models—ResNet18 and DenseNet121—were
analyzed over a 10-epoch training process, and an ensemble approach was subsequently applied to further enhance
performance. The results of each epoch are summarized in Table 1 and Table 2. Table 1 presents the training
summary for ResNet18. The model began with a training loss of 0.3559 and an accuracy of 87.68% in the first
epoch, with a corresponding validation accuracy of 77.01%. Notably, the best validation accuracy of 97.72% was
achieved during epoch 7. Although the training accuracy continued to improve, reaching 99.02% in the final
epoch, the validation accuracy slightly decreased to 96.44% by epoch 10.

Table 1. Training Progress for ResNet18

Epoch Loss Training Accuracy  Validation Accuracy
1 0.3559 87.68% 77.01%
2 0.1917 93.29% 82.06%
3 0.1371 95.46% 80.43%
4 0.1316 95.64% 95.66%
5 0.0992 96.51% 95.94%
6 0.0758 97.44% 93.17%
7 0.0684 97.72% 97.72%
8 0.0764 97.51% 96.58%
9 0.0701 97.67% 92.53%
10 0.0339 99.02% 96.44%

Table 2 summarizes the training progress for DenseNet121. This model started with a training loss of 0.3181
and an accuracy of 88.34% in the first epoch, with a high validation accuracy of 94.73% right from the start.
Throughout the training, the model demonstrated a steady decrease in training loss—from 0.3181 down to
0.0608—and achieved its best validation accuracy of 97.79% in epoch 10.

Table 2. Training Progress for DenseNet121

Epoch Loss Training Accuracy  Validation Accuracy
1 0.3181 88.34% 94.73%
2 0.1873 93.57% 92.46%
3 0.1479 94.75% 95.59%
4 0.1318 95.34% 94.09%
5 0.1 96.42% 97.15%
6 0.0961 96.69% 97.58%
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Epoch Loss Training Accuracy  Validation Accuracy
7 0.0848 97.22% 94.73%
8 0.0656 97.74% 96.44%
9 0.0773 97.26% 93.52%
10 0.0608 98.08% 97.79%

Following the individual model training, an ensemble evaluation was conducted. This approach involved averaging the
probability outputs (after applying the softmax function) from both models. The ensemble method significantly improved
the overall performance, achieving a validation accuracy of 99.36%. This result indicates that combining the strengths of
ResNet18 and DenseNet121 can substantially enhance the reliability and accuracy of brain tumor classification.
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Figure 3. Confusion Matrix
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The overall performance is further illustrated by the visualizations. For instance, Figure 3 displays the confusion matrix,
where the majority of samples are correctly classified across the four categories. The confusion matrix highlights excellent
performance for the healthy class, with 400 samples correctly identified, and similarly high accuracy for the other tumor
classes. Figure 4 provides a comparative analysis of the validation accuracy across ResNet18, DenseNet121, and the
ensemble method, clearly showing the superior performance of the ensemble approach. In addition, Figures 5 and 6 depict
the trends of training loss and validation accuracy for DenseNet121 and ResNet18, respectively, confirming that both models
demonstrate a consistent decline in training loss and a generally increasing trend in validation accuracy over the epochs.
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Figure 6. Training Loss and Validation Accuracy for DenseNet121
Discussion

The experimental results indicate that both ResNet18 and DenseNet121 are highly effective in classifying
brain MRI images into four categories, with both models achieving validation accuracies above 97%. The steady
reduction in training loss throughout the epochs for each model confirms that they are successfully learning and
extracting relevant features from the data. However, while both models performed exceptionally well individually,
the ensemble approach yielded the highest accuracy (99.36%), thereby illustrating the benefit of combining
different model architectures. The improvement observed in the ensemble method is attributed to its ability to
harness the complementary strengths of the two models. ResNet18, with its relatively simple feature extraction
capabilities, and DenseNet121, known for its densely connected architecture that captures intricate features, when
combined, provide a more robust and reliable classification outcome. This ensemble strategy effectively mitigates
the misclassification errors that may occur when relying on a single model.

The confusion matrix (Figure 3) further supports these findings by demonstrating high accuracy in correctly
classifying the samples, particularly for the healthy class and the various tumor categories. Minor
misclassifications between similar tumor types were observed; however, the frequency of such errors is minimal
compared to the overall sample count. The comparative analysis depicted in Figure 4 clearly shows that the
ensemble method outperforms the individual models, reinforcing the conclusion that ensemble learning is a
promising approach for automated brain tumor detection. In summary, the results from this study suggest that an
ensemble deep learning framework, which integrates ResNet18 and DenseNet121, can significantly enhance
diagnostic accuracy in brain tumor classification using MRI images. Future work may focus on further refining
the ensemble approach through additional model combinations, advanced data augmentation techniques, and more
extensive hyperparameter tuning to further improve classification performance in clinical applications.
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4, Conclusion

In conclusion, this study demonstrates the effectiveness of an ensemble deep learning approach that integrates
ResNet18 and DenseNet121 for brain tumor classification from MRI images. Both models individually achieved
high validation accuracies—97.72% for ResNet18 and 97.79% for DenseNet121—while the ensemble method
further enhanced performance, reaching an impressive 99.36% accuracy. This result confirms that combining the
strengths of different deep learning architectures can significantly improve classification reliability and overall
diagnostic accuracy. The research also highlights that careful data pre-processing, proper model modification, and
systematic training can lead to robust feature extraction and learning, even when dealing with complex medical
images. The ensemble strategy, which averages the softmax probabilities from the individual models, effectively
minimizes misclassification errors and demonstrates potential for clinical applications in automated brain tumor
detection. Future research can build upon these findings by exploring additional model combinations, advanced
data augmentation techniques, and extensive hyperparameter tuning to further optimize performance. Overall, the
promising results of this study pave the way for the development of more efficient and reliable diagnostic systems
in the field of medical imaging.
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