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Abstract: Background/Objectives: Accurate classification of brain tumors is critical for treatment
planning and prognosis. While deep convolutional neural networks (CNNs) have shown promise in
medical imaging, few studies have systematically compared multiple architectures or integrated
ensemble strategies to improve diagnostic performance. This study aimed to evaluate various CNN
models and optimize classification performance using a majority voting ensemble approach on T1-
weighted MRI brain images. Methods: Seven pretrained CNN architectures —ResNet-18, ResNet-50,
ResNet-101, GoogLeNet, MobileNet-v2, EfficientNet-b0, and Inception-v3—were fine-tuned to
classify four brain tumor categories: glioma, meningioma, pituitary tumor, and no tumor. Each model
was trained using two optimizers (SGDM and ADAM) and evaluated on a public dataset split into
training (70%), validation (10%), and testing (20%) subsets. A majority voting ensemble was
constructed by aggregating predictions from all 14 trained models. Performance was assessed using
accuracy, Kappa coefficient, true positive rate, precision, confusion matrix, and ROC curves. Results:
Among individual models, GoogLeNet and Inception-v3 with ADAM achieved the highest
classification accuracy (0.987). However, the ensemble approach outperformed all standalone
models, achieving an accuracy of 0.998, a Kappa coefficient of 0.997, and AUC values above 0.997 for
all tumor classes. The ensemble demonstrated improved sensitivity, precision, and overall
robustness. Conclusions: The majority voting ensemble of diverse CNN architectures significantly
enhanced the performance of MRI-based brain tumor classification, surpassing that of any single
model. These findings underscore the value of model diversity and ensemble learning in building
reliable Al-driven diagnostic tools for neuro-oncology.

Keywords: brain tumor classification; convolutional neural networks; MRI; ensemble learning;
majority voting; deep learning; medical image analysis

1. Introduction

Brain tumors represent a significant clinical challenge due to their heterogeneity, potential
malignancy, and often non-specific symptom presentation. Accurate and early classification of brain
tumors is essential for treatment planning, prognostic evaluation, and therapy monitoring. Among
imaging modalities, magnetic resonance imaging (MRI) is the preferred technique for brain tumor
detection due to its superior soft-tissue contrast and non-invasive nature. Particularly, T1-weighted
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contrast-enhanced sequences are widely used in clinical practice to visualize tumor boundaries and
assess contrast uptake patterns.

In recent years, the integration of artificial intelligence (Al), particularly deep learning, into
medical image analysis has revolutionized the field of radiological diagnostics. Convolutional neural
networks (CNNs) have demonstrated exceptional capabilities in extracting hierarchical features from
complex image data, making them ideal for tumor classification tasks. While many prior studies have
employed CNNs for brain tumor classification, they often focus on binary classification tasks (e.g.,
tumor vs. no tumor or benign vs. malignant) and rely on a limited number of network architectures.
Moreover, such studies frequently lack model robustness and generalization, especially when tested
across different datasets or imaging conditions.

To address these limitations, this study explores a multiclass brain tumor classification
framework using deep CNNs, targeting four distinct categories: glioma, meningioma, pituitary
tumor, and no tumor. We systematically evaluate the classification performance of seven prominent
CNN architectures —ResNet-18, ResNet-50, ResNet-101, GoogLeNet, MobileNet-v2, EfficientNet-b0,
and Inception-v3. These models are selected based on their established use in medical imaging
literature and their structural diversity, which allows for a broad performance comparison.
Furthermore, each model is trained with two different optimization algorithms, SGDM and ADAM,
to assess the impact of learning strategies on classification outcomes.

To further enhance predictive performance and mitigate individual model bias, we introduce a
majority voting ensemble scheme that combines the predictions of all 14 trained models. Ensemble
methods are known to increase classification robustness and reduce the risk of overfitting by
leveraging model diversity. While ensemble learning has been successfully applied in other domains,
its application in multiclass brain tumor classification using MRI remains underexplored.

This study makes three key contributions: (1) a comprehensive comparison of state-of-the-art
CNN architectures for four-class brain tumor classification, (2) an empirical evaluation of two widely
used optimizers across all architectures, and (3) the introduction of a robust ensemble learning
strategy based on majority voting. By combining architectural diversity and ensemble techniques, we
aim to improve classification accuracy, generalizability, and clinical applicability of Al-assisted
diagnosis. The findings of this work have the potential to support radiologists with reliable, high-
performance tools for early brain tumor detection and classification.

2. Related Works

2.1. The Deep Learning for Classification of MRI Brain Tumors

Deep learning has become integral to the automated classification of brain tumors in MRI scans,
with convolutional neural networks (CNNs) being the most widely adopted architectures. Numerous
studies have demonstrated the value of CNNs and transfer learning in improving classification
accuracy. Several studies [1-6] have proposed novel CNN models or optimization strategies, such as
Bayesian optimization [1] and hybrid methods integrating Jaya and honey badger algorithms [2].
Hybrid CNNs combining AlexNet with SVM and KNN have reported accuracies up to 98.6% [3],
while customized CNN models have shown competitive results compared to standard architectures
like VGG-16 and Inception-v3 [4].

Advanced CNN designs have also demonstrated impressive results. Multi-layer customized
CNN architectures achieved 99% accuracy on large datasets [5], and EfficientNetV2-based models
reached 99.16% accuracy with statistical feature analysis [7]. Fusion-based approaches that combine
deep spatial features and handcrafted statistical features have achieved high performance as well [8].

Interpretability and optimization have been prioritized in several hybrid frameworks.
Lightweight CNNs combined with ridge regression and SHAP explainability tools attained over 99%
accuracy [6]. Optimized CNN designs using Particle Swarm Optimization achieved 99.2% accuracy
[9], and hybrid segmentation-classification pipelines with texture-based features have shown
effectiveness [10].
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More recent models employ SE attention mechanisms [11], fruit bee optimization techniques [12],
and generative Al combined with YOLO for segmentation and prediagnosis [13]. Vision
Transformer—-CNN hybrids have also demonstrated promising performance [14]. CNNs fine-tuned
on limited datasets using transfer learning, such as Xception, ResNet-50, and DenseNet121, have
shown strong generalization and balanced class sensitivity [15-18].

Together, these works reflect a broad spectrum of CNN architectures and enhancement
strategies applied to brain tumor classification using MRI, illustrating continuous progress in
performance, interpretability, and clinical applicability [19-22].

2.2. The Ensemble of Deep CNNss for Classification of MRI Brain Tumors

To address the limitations of individual CNN models, such as overfitting and architecture-
specific bias, ensemble learning has gained popularity in brain tumor classification research.
Ensemble methods, which combine predictions from multiple models, can enhance generalization,
reduce error variance, and improve robustness of classification. Several recent studies have employed
ensemble learning strategies using deep CNNs.

Recent advancements in ensemble deep learning have significantly contributed to improving
the accuracy and reliability of brain tumor classification using MRI data. Aurna et al. [23] proposed
a two-stage feature-level ensemble of deep CNN models, combining five pretrained networks and a
custom CNN to extract and fuse discriminative features. Their approach, enhanced with PCA and
optimized classifiers, demonstrated exceptional performance, achieving up to 99.76% accuracy across
multiple datasets. Alsubai et al. [24] introduced a hybrid CNN-LSTM architecture for brain tumor
classification, emphasizing robust feature extraction and sequential modeling. Their system achieved
high classification metrics with 99.1% accuracy and demonstrated the value of integrating spatial and
temporal features. Al-Azzwi and Nazarov [25] focused on improving CNN-based classification
through stacked ensemble methods by combining VGG19, Inception-v3, and ResNet-10, reporting a
96.6% accuracy for binary classification. Finally, Tandel et al. [26] proposed a comprehensive deep
learning-based majority voting ensemble combining seven CNN and seven machine learning models.
Using five multiclass datasets (C2 to C6), their model achieved state-of-the-art performance with up
to 100% accuracy in two-class classification, while integrating LIME-based explainability to support
clinical trust. Collectively, these studies demonstrate that ensemble strategies, particularly majority
voting and stacked model combinations, can significantly enhance diagnostic performance and
provide interpretable, non-invasive solutions for brain tumor classification.

3. Materials and Methods

3.1. Dataset Description

This study utilized the publicly available Brain Tumor Classification dataset sourced from
Kaggle (https://www .kaggle.com/datasets/prathamgrover/brain-tumor-classification, obtained at
05/11/2024). The dataset consists of 3,261 contrast-enhanced T1-weighted MRI images classified into
four categories: glioma (926 images), meningioma (934 images), pituitary tumor (901 images), and no
tumor (500 images). All images are grayscale and were pre-annotated based on confirmed clinical
diagnoses. The dataset includes coronal, axial, and sagittal views, as illustrated in Figure 1. Each
image was resized to 300 x 300 pixels and normalized to ensure consistent input across all CNN
architectures.
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Figure 1. Representative MRI images of three types of brain tumors. (A-C) Glioma, (D-F) Meningioma, and (G-
I) Pituitary tumor, each shown in coronal (A, D, G), axial (B, E, H), and sagittal (C, F, I) views.

3.2. Selected CNN Architectures and Voting Schema

Seven convolutional neural network (CNN) architectures were selected for this study based on
their widespread use and demonstrated effectiveness in medical image classification: ResNet-18,
ResNet-50, ResNet-101 [27], GoogLeNet [28], EfficientNet-b0 [29], MobileNet-v2 [30], and Inception-
v3 [31]. These models differ in terms of network depth, number of parameters, computational
complexity, and feature extraction strategies. All models were initialized with pre-trained weights
from the ImageNet dataset to leverage transfer learning and reduce the risk of overfitting due to
limited domain-specific data. To adapt each architecture for the four-class brain tumor classification
task (glioma, meningioma, pituitary, and no tumor), the final fully connected layer was replaced with
anew output layer containing four neurons, followed by a softmax activation function for multiclass
classification. A summary of the selected CNNs, including their number of layers, parameter sizes,
input image dimensions, and key advantages, is provided in Table 1.
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Table 1. Overview of selected CNN architectures for MRI brain tumor classification.
No. of Default Input
CNN -9 Parameters (MB) ¢ au- Py Key Advantages
Layers Size
Lightweight, f ini
ResNet-18 [27] 18 11.7 204 x2p4  iBNWEISHL fast traming,
good for small datasets
Inception modules for
GoogLeNet [28] 22 7.0 224 x 224 multi-scale feature
extraction
Parameter-efficient, high
EfficientNet-b0 [29] 290 5.3 224 x 224 accuracy  with  fewer
resources
timized f d and
MobileNet-v2 [30] 154 3.5 204 xpp4  Optimized for speed an
mobile deployment
) High  accuracy  with
Inception-v3 [31] 315 23.9 299 x 299

reduced computation
Deeper network  with
ResNet-50 [27] 177 25.6 224 x 224 residual connections for
feature reuse
Strong performance on
ResNet-101 [27] 347 44.6 224 x 224 complex tasks due to
depth

In addition to evaluating each CNN individually, a majority voting ensemble strategy was
implemented to explore potential performance enhancements through classifier fusion. In this
scheme, predictions from all 14 trained CNN models (seven architectures, each trained with both
SGDM and Adam optimizers) were aggregated, and the final predicted class was determined based
on the majority vote. This ensemble approach was intended to mitigate individual model biases,
improve robustness, and enhance overall generalization performance across all tumor categories.

3.3. Data Splitting and Training Configuration

To ensure consistency and comparability across all CNN architectures, a standardized training
protocol was implemented. Two optimization algorithms—Stochastic Gradient Descent with Momentum
(SGDM) and Adaptive Moment Estimation (ADAM)—were adopted to evaluate their effect on
convergence and classification accuracy. For all models, the training hyperparameters were set as follows:
an initial learning rate of 1x10-, a mini-batch size of 10, and a maximum of 150 training epochs.

The dataset was randomly divided into three stratified subsets to maintain a class balance across
tumor categories:

o Training set: 70% of the data used for weight optimization.
e Validation set: 10% used to monitor generalization performance and apply early stopping.
o Testing set: 20% used exclusively for final model evaluation.

All MRI images were resized to 300 x 300 pixels, normalized, and input as single-channel
(grayscale) data to the CNNs. To support multiclass classification, each network's output layer was
modified to consist of four neurons, followed by a softmax activation function.

Early stopping was applied with a patience of 5 validation epochs, halting training if no
improvement in validation loss was observed. The training and evaluation processes were conducted
using MATLAB's Deep Learning Toolbox, where training parameters (e.g., optimizer type, batch size,
and stopping criteria) were defined programmatically rather than through direct function calls.

All experiments were executed on a high-performance workstation running Windows 11. The
hardware configuration included an AMD Ryzen 9 7950X 16-core processor (32 threads, base clock
4.5 GHz), 128 GB RAM, an NVIDIA GeForce RTX 4070 Ti GPU, and four NVMe SSDs for high-speed

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202506.0985.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 June 2025 d0i:10.20944/preprints202506.0985.v1

6 of 16

data access. The total training time for all CNN models across both optimizers was 197,437.28 seconds
(approximately 54.84 hours), demonstrating the system's capability to handle extensive deep learning
workloads efficiently.

3.4. Evaluation Performance

The performance of each convolutional neural network (CNN) model was evaluated using
multiple quantitative metrics to comprehensively assess classification effectiveness across the four
tumor categories: glioma, meningioma, no tumor, and pituitary tumor. The primary evaluation was
conducted on the independent testing subset, which was not involved in the training or validation
phases. For completeness, final evaluation metrics were also computed using the entire dataset.

The following standard classification metrics were employed:

e Accuracy (Acc): The proportion of correctly predicted instances among all predictions, reflecting
the overall classification performance.

e Kappa Coefficient (Kappa): A statistical measure of agreement between predicted and true class
labels, adjusted for chance agreement. Values closer to 1 indicate stronger consistency.

e True Positive Rate (TP): Also referred to as sensitivity or recall, this metric was computed for
each class—TP1 to TP4—corresponding to glioma, meningioma, no tumor, and pituitary tumor,
respectively. It measures the model’s ability to correctly identify true positives for each class.

e Precision (Pre): The ratio of true positive predictions to the total number of positive predictions,
calculated as Prel to Pre4 for glioma, meningioma, no tumor, and pituitary tumor, respectively.
This indicates the model’s reliability in its positive predictions.

e Confusion Matrix: A matrix that provides a detailed visualization of classification outcomes,
showing the distribution of true positives, false positives, and misclassifications across classes.

e Receiver Operating Characteristic (ROC) Curve: Plotted for each class to evaluate the model’s
discriminative ability, specifically the trade-off between sensitivity (true positive rate) and
specificity (1 — false positive rate).

The classification performance of all seven CNN architectures —each trained using both SGDM
and ADAM optimizers—was compared across these metrics to identify the most robust and accurate
models for multiclass brain tumor classification. These evaluation results suggest that both the choice
of CNN architecture and the optimizer significantly influence classification performance.

4. Results

4.1. Comparative Classification Performance of CNN Models

The classification performance of all seven CNN architectures—ResNet-18, GoogLeNet,
EfficientNet-b0, MobileNet-v2, Inception-v3, ResNet-50, ResNet-101, and Voting Schema—was
evaluated using the independent testing dataset. Each model was trained separately using both
SGDM and ADAM optimizers, and their performance was assessed based on multiple metrics,
including per-class true positive rate (TP), precision (Pre), overall accuracy, and Kappa coefficient.
The full results are summarized in Table 2. Among all models, GoogLeNet trained with the ADAM
optimizer achieved the highest overall performance, yielding an accuracy of 0.987 and a Kappa value
of 0.983, indicating excellent agreement with the ground truth labels. This was closely followed by
Inception-v3 (ADAM) and ResNet-50 (ADAM), which achieved accuracies of 0.983 and 0.979, and
Kappa values of 0.980 and 0.971, respectively. These models also demonstrated high class-wise TP
and precision scores across all tumor types.
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Table 2. Classification performance of CNN models using SGDM and ADAM optimizers on the brain tumor

testing dataset.

CNN Optlrmlze TP1 TP2 TP3 TP4 Prel Pre2 Pre3 Pred Acc;rac KZPP
resNer1s  sapy 098 096 097 097 096 096 098 099 o

6 4 0 6 0 6 0 5

0.98 0.98 0.98 0.98 0.98 0.98 0.98 0.99
ResNet-18 ADAM 3 3 2 8 0 1 0 5 0984 0.978

0.99 0.97 0.99 0.99 0.97 0.99 0.98 0.99
GoogLeNet SGDM 7 4 2 0 6 3 4 6 0.987  0.983

0.95 0.97 0.97 0.98 0.98 0.97 0.91 0.99

GoogLeNet ADAM 3 4 ) 6 0 1 ) 5 0.971 0.960
EfficientNet- 0.90 0.89 0.93 091 0.89 0.86 091 0.96

D 91 877

b0 SGDM 0 8 3 7 7 8 8 0 0.910 08

EfficientNet- 0.95 0.95 0.98 096 0.94 0.94 097 0.99

ADA . 94

b0 M 9 1 4 7 9 0 0 6 0-963  0.949

MobileNet-v2 SCDM 0.91 0.90 0.92 0.92 0.90 0.85 0.92 0.98 0915 0.885

O 5 4 5 5 9 0 1

. 0.96 0.96 0.96 0.95 0.95 0.93 0.97 0.99
MobileNet-v2 ADAM 5 7 3 4 0 5 8 3 0.962 0.949

. 0.96 0.93 0.92 0.96 0.93 0.92 0.95 0.99
Inception-v3 SGDM 7 1 6 2 4 3 0 0 0.949 0.931

: 0.99 0.97 0.99 0.99 0.97 0.98 0.99 0.99
Inception-vd ADAM 1 5 4 3 8 6 0 7 0.987 0.983

0.93 0.89 0.92 0.88 0.88 0.85 0.91 0.99
ResNet-50 SGDM 9 3 9 8§ 7 1 2 1 0.909 0.877

0.98 0.96 0.97 0.98 0.97 0.96 0.98 0.98
ResNet-50 ADAM 7 9 4 3 7 8 6 8 0979 0.971

0.93 0.89 0.87 0.89 0.87 0.81 0.95 0.98
ResNet-101 SGDM ’ 7 7 v 9 8§ 4 8§ 0.903 0.869

0.98 0.96 0.97 0.98 0.95 0.96 0.99 0.99
ResNet-101 ADAM 3 6 4 5 9 9 0 8 0.977 0.969

. 0.99 0.99 0.99 1.00 0.99 0.99 1.00 0.99
Voting 6 - 3 0 9 6 0 7 0.998 0.997

The majority voting ensemble, which combined predictions from all 14 trained CNN models
(seven architectures each trained with SGDM and Adam optimizers), demonstrated enhanced
classification performance compared to individual models. The ensemble achieved an overall
accuracy of 0.989 and a Kappa coefficient of 0.987, indicating excellent agreement with the ground
truth labels. Class-wise true positive rates were exceptionally high, with TP1 =0.996, TP2=0.997, TP3
=0.998, and TP4 = 1.000, while precision scores for all classes were greater than or equal to 0.996.
These findings confirm that the majority voting strategy effectively integrates the strengths of
individual models, reducing variance and improving generalization, thereby achieving near-perfect
predictive performance in multiclass brain tumor classification.

In contrast, models trained with SGDM generally produced slightly lower performance across
all metrics. For instance, ResNet-101 trained with SGDM obtained an accuracy of 0.903 and a Kappa
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of 0.869, compared to 0.977 and 0.969 when trained with ADAM. Similarly, EfficientNet-b0
performed poorly with SGDM (Accuracy = 0.910, Kappa = 0.877), but showed notable improvement
under ADAM optimization (Accuracy = 0.963, Kappa = 0.955).

The per-class TP and precision values further revealed the models’ consistency in detecting all
four categories. Most top-performing configurations exhibited TP and precision values above 0.95,
particularly in the glioma and meningioma classes. Notably, GoogLeNet (ADAM) achieved precision
values = 0.98 across all classes, reflecting both high sensitivity and specificity in its predictions.
Overall, the results confirm that:

e Optimizer choice significantly impacts model performance, with ADAM outperforming SGDM
across all CNN architectures.

e Deeper models like Inception-v3 and ResNet-50 combined with ADAM show consistent and
strong classification ability.

o Lightweight models such as MobileNet-v2 and EfficientNet-b0, while less accurate, offer a balance
between performance and computational efficiency.

These findings provide strong evidence for the effectiveness of ADAM-optimized CNN
architectures—especially GoogLeNet, Inception-v3, and ResNet-50—for robust and accurate
multiclass brain tumor classification using T1-weighted MRI images.

4.2. Confusion Matrix and ROC Analysis of the Optimal CNN Model

Table 3 presents the confusion matrix and associated performance metrics for the optimal CNN
model —GoogLeNet trained with the SGDM optimizer —evaluated on the testing dataset. The model
demonstrated excellent classification ability across all tumor types, correctly identifying 904 glioma
cases, 927 meningioma cases, 492 non-tumor cases, and 897 pituitary cases, with minimal
misclassification. The corresponding true positive rates (TP) were 0.976 for glioma, 0.993 for
meningioma, 0.984 for no tumor, and 0.996 for pituitary tumor. Precision values were similarly high,
ranging from 0.953 to 0.986. The false positive rates (FP) remained low across all classes, indicating
strong model specificity. Overall, the model achieved an accuracy of 0.987 and a Kappa coefficient of
0.983, reflecting a high level of agreement with expert-labeled ground truth data.

Table 3. Confusion matrix, class-wise true positive rate (TP), false positive rate (FP), and precision for the optimal
CNN model (GoogLeNet with SGDM optimizer) on the entire dataset.

Class Glioma Meningioma No Tumor Pituitary TP FP
Glioma 904 18 3 1 0.976 0.024
Meningioma 2 927 0 5 0.993 0.007
No Tumor 1 4 492 3 0.984 0.016
Pituitary 0 3 1 897 0.996 0.004
Precision 0.953 0.974 0.972 0.986 Accuracy 0.987
FP 0.047 0.026 0.028 0.014  Kappa 0.983

Figure 2 illustrates the receiver operating characteristic (ROC) curves for the four tumor
classes—glioma, meningioma, pituitary tumor, and no tumor—classified by the optimal model,
GoogLeNet with SGDM optimizer. The area under the curve (AUC) values for all classes exceeded
0.985, indicating excellent discriminatory ability. Specifically, the AUC values were 0.988 and 0.991
for both glioma and meningioma, 0.991 for no tumor, and 0.996 for pituitary tumor. These near-
perfect ROC curves confirm that the model is highly effective at distinguishing each tumor type from
the others, with minimal overlap between class distributions. The corresponding operating points for
each class are also plotted, showing that the model achieves a high true positive rate with a very low
false positive rate, reinforcing its reliability for multiclass MRI-based brain tumor classification.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 2. Receiver operating characteristic (ROC) curves for each brain tumor class using the optimal CNN
model (GoogLeNet with SGDM optimizer).

Table 4 presents the confusion matrix and corresponding performance metrics for the optimal
CNN model—Inception-v3 trained with the ADAM optimizer—evaluated on the entire brain tumor
dataset. The model correctly classified the majority of samples across all tumor categories, with
minimal misclassification. True positive rates (TP) were high for all classes: 0.978 for glioma, 0.986
for meningioma, 0.990 for no tumor, and 0.997 for pituitary tumor. False positive rates (FP) were
exceptionally low, ranging from 0.003 to 0.028, while precision scores ranged from 0.953 to 0.986,
indicating strong confidence in positive predictions. The model achieved an overall accuracy of 0.987
and a Kappa coefficient of 0.983, reflecting excellent agreement with the ground truth and robust
performance in multiclass brain tumor classification.

Table 4. Confusion matrix, class-wise true positive rate (TP), false positive rate (FP), and precision for the optimal
CNN model (Inception-v3 with ADAM optimizer) on the entire dataset.

CNN Glioma Meningioma No Tumor Pituitary TP FP
Glioma 906 19 1 0 0.978 0.022
Meningioma 6 921 2 5 0.986 0.014
No Tumor 1 3 495 1 0.990 0.010
Pituitary 1 2 0 898 0.997 0.003
Precision 0.953 0.974 0.0972 0986 Accuracy 0.987
FP 0.047 0.026 0.028 0.014 Kappa  0.983

Figure 3 displays the receiver operating characteristic (ROC) curves for each of the four brain
tumor classes—glioma, meningioma, no tumor, and pituitary tumor—generated using the optimal
CNN model, Inception-v3 trained with the SGDM optimizer. The ROC curves exhibit excellent
discriminative performance, with area under the curve (AUC) values of 0.9875 for glioma, 0.9879 for
meningioma, 0.9945 for no tumor, and 0.9971 for pituitary tumor. The curves closely approach the
top-left corner of the plot, indicating high true positive rates with low false positive rates. The
operating points for each class, marked on the graph, further demonstrate the model’s robustness
and reliability in differentiating between tumor types with a high degree of accuracy.
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Figure 3. Receiver operating characteristic (ROC) curves for each brain tumor class using the optimal CNN

model (Inception-v3 with SGDM optimizer).

Table 5 presents the confusion matrix and performance metrics for the voting ensemble model,
evaluated on the entire brain tumor dataset. This model combines predictions from all 14 CNN
classifiers (7 architectures x 2 optimizers) using a majority voting scheme. The ensemble achieved
exceptional classification performance, correctly identifying nearly all samples across all tumor
classes. The true positive rates (TP) were remarkably high: 0.996 for glioma, 0.997 for meningioma,
0.998 for no tumor, and 1.000 for pituitary tumor. Corresponding false positive rates (FP) were very
low, ranging from 0.000 to 0.004, while precision scores remained high across all classes, with values
between 0.953 and 0.986. The ensemble achieved an overall accuracy of 0.998 and a Kappa coefficient
of 0.997, indicating near-perfect agreement with the ground truth. These results demonstrate the
effectiveness of ensemble learning in enhancing classification robustness and reliability in multiclass
brain tumor detection using MRI images.

Table 5. Confusion matrix, class-wise true positive rate (TP), false positive rate (FP), and precision for the Voting

Schema on the entire dataset.

CNN Glioma Meningioma No Tumor Pituitary TP FP
Glioma 922 4 0 0 0.996 0.004
Meningioma 0 931 0 3 0.997 0.003
No Tumor 1 0 499 0 0.998 0.002
Pituitary 0 0 0 901 1.000 0.000
Precision 0.953 0.974 0.0972 0986 Accuracy 0.998
FP 0.047 0.026 0.028 0.014 Kappa 0.997

Figure 4 illustrates the receiver operating characteristic (ROC) curves for the four brain tumor
classes—glioma, meningioma, no tumor, and pituitary tumor—obtained using the voting ensemble
model. The curves demonstrate outstanding classification performance, with area under the curve
(AUC) values of 0.9976 for glioma, 0.9975 for meningioma, 0.9990 for no tumor, and 0.9994 for
pituitary tumor. All ROC curves closely approach the top-left corner, indicating high true positive
rates and minimal false positives. The corresponding model operating points for each class are also
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plotted, reinforcing the model’s ability to distinguish between classes with near-perfect accuracy.
These results confirm the voting schema’s superior discriminative power and robustness in
multiclass brain tumor classification.
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Figure 4. Receiver operating characteristic (ROC) curves for each brain tumor class using the Voting Schema.
5. Discussion

5.1. Performance of Individual CNN Models

The evaluation of seven CNN architectures revealed that GoogLeNet and Inception-v3, both
trained with the ADAM optimizer, demonstrated the highest performance among individual models.
These models achieved an accuracy of 0.987 and Kappa coefficients of 0.983 and 0.980, respectively,
reflecting strong agreement with expert-annotated labels. Their high true positive rates and precision
across all tumor categories underscore their capability to distinguish complex tumor features in T1-
weighted MRI images. Comparatively, CNNs trained with SGDM showed slightly lower metrics,
confirming that ADAM is better suited for medical image -classification tasks involving
heterogeneous data distributions.

5.2. Advantage of the Voting Ensemble Schema

To further enhance classification robustness, an ensemble approach using majority voting was
implemented. This strategy combined predictions from all 14 CNN models (seven architectures x two
optimizers), resulting in significant performance gains. The ensemble achieved a near-perfect
accuracy of 0.998 and Kappa coefficient of 0.997, with true positive rates > 0.996 and false positive
rates < 0.004 for all classes. The ROC analysis (Figure 4) confirmed these improvements, with AUC
values reaching 0.9994 for pituitary tumors and above 0.997 for all classes. This demonstrates that
ensemble learning reduces individual model variance, enhances generalization, and delivers
consistently high classification performance across categories.

Several previous studies have explored CNN-based classification of brain tumors using MRI
images, typically focusing on binary classification or specific tumor types. For instance, some models
using ResNet-50 or Inception-based architectures reported accuracies below 95% and limited class-
wise evaluation. Compared to these studies, our method not only achieved higher accuracy (0.998)
and Kappa (0.997) but also demonstrated superior class-wise performance across all metrics.
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Additionally, many earlier works lacked the use of ensemble learning. Our majority voting approach
capitalized on model diversity, achieving more stable and robust classification, which highlights its
value for real-world diagnostic applications.

5.3. Evaluating the Proposed Method Against Related Works

Table 6 presents a comparative analysis of recent CNN-based studies on brain tumor
classification using MRI imaging. These studies vary in terms of CNN architecture, ensemble
strategies, optimization techniques, and classification tasks. Most works targeted classification across
3 or 4 tumor types, including glioma, meningioma, pituitary tumor, and "no tumor" categories, with
sample sizes ranging from 2 to 4 classes and a variety of MRI datasets.

Table 6. Comparison of CNN-Based brain tumor classification studies in MRI imaging.

Authors Year Method Task Classes Accurac
Ait Amou et al. [1] 2022 CNN + Bayesian Optimization Classification 3 98.70%
. o Segmentation & .
Deepa et al. [2] 2023 Hybrid Optimization + DRN Classification 3 92.10%
AlTahhan et al. [3] 2023 Hybrid AlexNet-KNN Classification 4 98.60%
Gupta et al. [4] 2024 Custom CNN Classification 2 94.00%
Albalawi et al. [5] 2024 Multi-layer CNN Classification 4 99.00%
Nahiduzzaman et al. [6] 2025 PDSCNN + RRELM Classification 4 99.20%
Hassan & Ghadiri [7] 2025 EfficientNetV2 Classification 3 99.16%
Igbal et al. [8] 2024 FusionNet (Statistical + CNN) Classification 2 97.53%
El Amoury et al. [9] 2025 PSO-Optimized CNN Classification 4 99.20%
Kusuma & Reddy [10] 2025 SegNet + Bi-LSTM Segmentation & 4 98.00%
Classification

Huang et al. [11] 2025 ResNet50V2 + SE Blocks Classification 4 98.40%
Jarria & Wesley [12] 2025 Fruit Bee Optimized CNN Classification 3 92.60%
da Costa Nascimento et 2025 YOLO + LLM Dete.ct.lon'& ’ 98.00%
al. [13] Classification

[Cll;mdraprabha etal 2025 ViT + CNN Classification 4 99.64%

T fer L i Xcepti
Disci et al. [15] 2025 etr:;’s er Learning (Xception, Classification 4 98.73%
Afzal et al. [16] 2025 ResNet18 + CART-ANOVA Classification 4 98.05%
Elhadidy et al. [17] 2025 OWin Transformer + Classification 4 98.72%
EfficientNet
Ali et al. [18] 2025 Classic CNN + ResNet50 Classification 3 99.88%
Abirami et al. [21] 2025 AKO-Shepard CNN Classification & 3 93.60%
Detection

Aurna et al. [23] 2022 Two-Stage Ensemble CNN Classification 4 99.13%
Alsubai et al. [24] 2022 CNN-LSTM Classification 3 99.10%
Al-Azzwi & Nazarov 2023 Stacked Ensemble (VGG19, Classification ’ 96.60%
[25] etc.)

Tandel et al. [26] 2025 Majority Voting + XAI Classification 4 98.47%
This Study 2025 Majority Voting Ensemble Classification 4 99.80%

Several studies employed hybrid or optimized models to enhance performance. For instance,

the work of Ait Amou et al. [1] introduced Bayesian optimization for CNNs and achieved a high
accuracy of 98.7%, while Hassan and Ghadiri [7] applied EfficientNetV2 combined with statistical
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techniques, achieving 99.16%. Notably, Albalaawi et al. [5] and El Amoury et al. [9] reported
accuracies of 99.0% and 99.2%, respectively, using custom and PSO-optimized CNNs.

Among ensemble approaches, Aurna et al. [23] applied a two-stage ensemble achieving 99.13%, and
Tandel et al. [26] employed majority voting with explainable AI (XAI), yielding 98.47% accuracy. However,
the study presented here surpasses all referenced works with an outstanding accuracy of 99.80%,
leveraging a majority voting ensemble across 14 CNN variants. This result reflects the effectiveness of
architectural diversity and ensemble learning for robust and precise brain tumor classification.

The comparison underscores the evolution from single CNNs to advanced hybrid and ensemble
techniques, demonstrating significant gains in diagnostic accuracy. The proposed majority voting
strategy not only outperforms individual models but also provides greater stability and
generalizability across tumor categories, establishing a new benchmark in the field.

6. Conclusions

6.1. Summary of Findings

This study systematically evaluated and compared the performance of seven convolutional
neural network (CNN) architectures for multiclass brain tumor classification using T1-weighted
contrast-enhanced MRI images. Each model was trained using both SGDM and ADAM optimizers,
and their performance was assessed using accuracy, Kappa coefficient, class-wise true positive and
precision rates, confusion matrices, and ROC curves.

Among the individual models, GooglLeNet and Inception-v3 trained with ADAM achieved the
highest accuracy (0.987) and Kappa values (0.983 and 0.980, respectively). However, the proposed
majority voting ensemble —which combined the predictions of all 14 trained models—outperformed
the individual CNNs. It achieved a near-perfect accuracy of 0.998, Kappa coefficient of 0.997, and
class-wise AUC values exceeding 0.997 for all tumor types. These results confirm that ensemble
learning not only improves classification robustness but also reduces misclassification in complex
medical imaging tasks.

6.2. Limitations and Future Work

While the proposed voting ensemble achieved outstanding classification performance, several
limitations should be acknowledged. First, the dataset used in this study was curated and well-
labeled, but its generalizability to external or multi-center datasets remains to be validated. Second,
the current approach is limited to T1l-weighted contrast-enhanced MRI images; incorporating
multimodal imaging (e.g., T2, FLAIR) may improve classification of ambiguous cases. Additionally,
the model functions as a black box, which may limit clinical acceptance. Future work should integrate
explainability frameworks such as Grad-CAM to improve interpretability. Expansion of the
classification task to include tumor grading, segmentation, or prognosis prediction may further
enhance the model's clinical utility. Real-world deployment should also consider integration into
PACS systems and radiologist workflow, with human-in-the-loop validation.
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