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Abstract:: A brain tumor is a condition in which cells in or around the brain grow abnormally
and uncontrollably. Magnetic resonance imaging (MRI) scans are essential for diagnosing brain
tumors, where rapid and accurate categorization is key to effective treatment. Automated sys-
tems utilizing CNNs provide an effective image classification solution due to their flexibility and
architecture. This study proposes an ensemble learning methodology to classify images by com-
bining three CNN architectures, namely Xception, EfficientNetV2S, and ResNet50, to increase
classification performance while decreasing overfitting probability. EfficientNetV2S optimizes
network components using NAS and progressive learning. Xception is based on the concept of
depthwise separable convolution, which uses fewer computational resources while retaining the
same discriminative power. ResNet50 relies on residual learning to alleviate the vanishing gradi-
ent problem and enhance the representation of deeper features. To provide better explainability,
Grad-CAM focuses on critical regions of the MRI scans to assist the experts in confirming the
classification outcomes. The ensemble technique generated significant performance metrics, in-
cluding an accuracy of 99.18%, precision of 99.19%, recall of 99.18%, F1l-score of 99.18%, and
AUC-ROC of 0.9993, proving minimal false classifications. Combining ensemble learning and
Grad-CAM offers the most explainable and accurate model for the classification of brain tumors
into four categories: glioma, meningioma, non-tumor, and pituitary tumors. The research out-
comes provide further evidence to support the use of Al in smart diagnostic devices, providing
improved generalization and reliability for use in the medical field.
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1. Introduction

Brain tumors are a serious health concern that pose a significant threat to human life. A
brain tumor is a condition in which cells in or around the brain grow abnormally and uncon-
trollably. This type of tumor is hazardous, accounting for approximately 1.35% of all malignant
tumor cases and contributing to 29.5% of cancer-related deaths worldwide (Lapointe et al.,
2018). Tumor symptoms can vary and depend on tumor size and location, how quickly it grows
and, over time, how much intracranial pressure increases, as noted in the most recent research
from 2020 (Alther et al., 2020). Tumors are categorized in two ways. The first type of tumor
is primary brain tumors, which develop from the tissue of the brain, while the second type is
secondary brain tumors, which are metastatic growths from other cancers in the body (Ghazvini
et al., 2024; Tandel et al., 2019).

Today, the incidence of brain tumors is increasing compared with years ago. According to
the Global Cancer Observatory, in 2020, there were 308,102 documented brain tumor cases in
the world, 54.2% of which were located in Asia. Additionally, the mortality rate of brain tumors
remains unacceptably high, at 71% for patients aged 60 years (Sung et al., 2021). Even with
these staggering numbers, there is still a notable lack of research on brain tumors and their early
detection. Current methods still rely on biopsies and manual inspection and can take a long
time as different specialists are needed to arrive at the same diagnosis. This increases the focus
on the need for better diagnostic methods (T. Singh et al., 2024).

The capability of Al is rapidly evolving and expanding into various fields, including medicine
and, more specifically, medical image classification. MRI imaging is essential for diagnosing
brain tumors due to its respective advantages. It can accurately identify soft and hard brain
tissues. Using deep learning and machine learning, MRI scans can be analyzed and interpreted
with a level of accuracy that conventional approaches often do not achieve (Guo et al., 2024).
Convolutional neural network (CNN) is one of the most frequently used algorithms for medical
image classification, which is particularly effective at recognizing fine patterns in medical imaging
datasets (Mahdi et al., 2023).

Among the numerous available CNN architectures, the EfficientNet model has gained pop-
ularity due to its high level of computational efficiency and accuracy through optimized depth,
width, and resolution scaling (Zhang et al., 2021). In 2021, Google launched EfficientNetV2
with further enhancements to the training rate, speed, and inference accuracy. The most recent
studies on the classification of brain tumors in MRIs indicate that EfficientNetV2, augmented
with global attention, has attained some of the highest available accuracy (Ghaffar et al., 2024).
Studies have shown that EfficientNetV2 achieved accuracy improvements of as much as 99%
on complex medical datasets when compared with other models of the same parametric value
(Priyadarshini et al., 2024). Along with EfficientNetV2, Xception and ResNet50 are examples
of deep learning architectures widely used for image classification. Xception has been successful
in multiple image recognition assignments, such as brain tumor classification in MRI images
(Gawali and Dhongade, 2024; Amarnath et al., 2024; Dishar and Muhammed, 2023). Similarly,
ResNetb0 has various medical applications and efficiently predicts brain tumor classification
(Musa et al., 2024; Amarnath et al., 2024; Mathivanan et al., 2024).

Recent studies have incorporated attention mechanisms with CNN architectures to optimize
MRI-based brain tumor classification. For instance, studies have augmented EfficientNetV2 with
the Global Attention Mechanism (GAM) and Efficient Channel Attention (ECA) to improve the
model’s attention to salient features, attaining a remarkable 99.76% accuracy on public datasets
(Pacal et al., 2024). Furthermore, Grad-CAM has been used for model visualization to provide
clear and comprehensible explanations of the rationale behind the model’s decisions, which is
essential for clinical reasoning (Vo et al., 2024; Nazir et al., 2024). Comparative frameworks
have clarified the choice of visualization strategies. For instance, it was recently demonstrated
that while SHAP provides granular pixel-level attribution, Grad-CAM offers superior spatial
localization for defining anatomical tumor boundaries, achieving a higher clinical relevance rating
than SHAP (Gharaibeh, 2025). These studies contribute to the body of work on the application
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of deep learning to the analysis of medical images, especially for the classification of brain tumors,
while underscoring the importance of attention mechanisms and interpretability in improving
the accuracy of diagnostic systems.

Each CNN architecture has unique advantages and disadvantages for a given image classi-
fication assignment. The performances of individual classification techniques can be improved
using ensemble learning (Basha et al., 2025; Younis et al., 2022; Alsubai et al., 2022). This
method combines outcomes from multiple architectures or classification methods to improve
accuracy and robustness. To improve the prediction accuracy and reduce the prediction error
of single-model systems, ensemble learning uses diverse architectures to capture the unique and
complementary features of each.

The current state-of-the-art landscape increasingly emphasizes this integration. For exam-
ple, a hybrid ensemble concatenating the Xception model with parallel deep CNNs (PDCNN)
was recently proposed (Yoon, 2025). This approach achieved a classification accuracy of 99.09%
by leveraging Xception’s depthwise separable convolutions for fine-grained feature extraction
and PDCNN’s varied kernel sizes for broader spatial details. Similarly, studies focusing on ad-
vanced optimization strategies have demonstrated the value of dynamic weighting in ensemble
frameworks. A novel method using PSO was introduced to determine the optimal contribution
weights for five distinct CNN architectures was introduced (Cetin-Kaya and Kaya, 2024). This
PSO-based weighted ensemble successfully mitigated overfitting and achieved superior perfor-
mance, reaching 99.92% accuracy on large-scale magnetic resonance imaging datasets.

Other recent works have also examined ensemble applications in MRI classification of brain
tumors. For example, an ensemble attention mechanism combining the MobileNetV3 and Ef-
ficientNetB7 architectures obtained 98.94% and 98.48% accuracy on the Figshare and BRATS
2019 datasets, respectively (Pacal et al., 2024). Likewise, a deep ensemble learning model based
on transfer learning with DenseNet121 and InceptionV3 has improved interpretability without
sacrificing classification accuracy (Sterniczuk and Charytanowicz, 2024). However, while these
methods demonstrate the utility of hybrid architectures and heuristic optimization, they typi-
cally rely on fixed, globally assigned ensemble weights that are not re-evaluated across different
data partitions. Therefore, frameworks that select ensemble fusion weights adaptively per data
partition and are validated across multiple independent experimental runs to demonstrate re-
producible robustness are needed.

Consequently, several research gaps remain in the current brain tumor classification ap-
proaches. First, most existing ensemble learning studies concentrate primarily on optimizing
model performance during the training phase and do not adequately investigate the models’
generalizability to diverse MRI brain tumor datasets (Sharif et al., 2024; Ismail et al., 2024).
Second, these approaches frequently lack validation on heterogeneous MRI data that varies in
tumor size, imaging parameters, and scanner type, limiting their applicability in real-world clini-
cal settings where such variations are common (Kesuma et al., 2023). Third, although individual
models and some ensemble approaches have achieved high accuracy, there is a need for meth-
ods that simultaneously address overfitting, validate statistical reliability, and provide clinical
interpretability through explainable AI. These gaps highlight the need for a robust ensemble
approach that can maintain high performance across diverse imaging conditions while offering
transparent decision-making processes suitable for clinical adoption.

To address these limitations, this study introduces an ensemble learning approach that
integrates EfficientNetV2S, Xception, and ResNet50 through a per-fold grid search weight op-
timization strategy on the four-class brain tumor MRI dataset (Nickparvar, 2023), encompass-
ing glioma, meningioma, no tumor, and pituitary categories. Different combinations of model
weights are systematically tested for each cross-validation fold, and the set that gives the highest
validation accuracy is selected for that fold. This allows the fusion weights to be adjusted to
each data split instead of using one fixed set of weights for all folds. The ensemble evaluation
is repeated using three different random seeds to ensure reliable results, producing 15 cross-
validation runs. The final performance is reported as the mean standard deviation along with
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95% confidence intervals.

Grad-CAM is applied as a systematic post-prediction interpretability layer over the trained
ensemble to support clinical applicability, generating spatial activation heatmaps that highlight
the tumor-relevant regions driving each classification decision. Unlike prior studies that present
Grad-CAM visualizations qualitatively, this work quantitatively validates spatial alignment us-
ing IoU scores computed against expert-annotated segmentation masks, providing an objective
measure of whether the model attends to clinically meaningful regions. To ensure reliable and
comparable assessment, performance is evaluated using standard metrics, including accuracy,
precision, recall, and F'1 score.

The remainder of this paper is structured as follows: Section 2 discusses the proposed
methodology, which consists of the dataset, preprocessing, model architecture, ensemble learn-
ing, Grad-CAM, and metrics. Section 3 presents the experimental results and discussion. Finally,
Section 4 provides the conclusions and outlines opportunities for future research.

2. Methods

The research workflow is illustrated in Figure 1, starting from obtaining an MRI image
dataset, which was classified into four categories: glioma, meningioma, No tumor and pituitary
The dataset was obtained from Kaggle, an open-access data repository. The subsequent steps are
data preprocessing and image enhancement to make the dataset suitable for model training. A
denoising autoencoder is used to process noisy images to yield a set of cleaner images, and data
augmentation is applied through rotation and flipping to improve the variety of the training
dataset. After preprocessing, the dataset is split into three parts: training, validation, and
testing. Moreover, the model employs the Grad-CAM (Gradient Class Activation Mapping)
technique to highlight the important areas of MRI images related to the classification of tumors.
The explainable AT (XAI) precursor applied to the model, helps users understand the model
by explaining what areas of the image the model focused on for classification and why, thereby
providing functional transparency. Grad-CAM is used to focus on certain parts of the images
based on the model’s reasoning to construct a post hoc explainable AI (XAI) approach. The
model’s performance is assessed using the confusion metric.

This study aims to create a brain tumor classification system that is both accurate and
robust to overfitting. With this classification system, we hope to assist medical personnel in the
quicker, more efficient, and more dependable diagnosis of brain tumors and contribute to the
advancement of Al-driven diagnostic technologies.

2.1 Data Acquisition

At this stage, we acquired the MRI Image Data from Kaggle, which consists of various
types of brain tumors, including glioma, meningioma, and pituitary tumors, as well as non-
tumor cases. The dataset for this study was sourced from Kaggle’s “Brain Tumor MRI Dataset”
created by Nickparvar in 2023 (Nickparvar, 2023). The MRI dataset contains a total of 7,023
images in the “jpg” format. The breakdown is as follows: 1,621 images of glioma tumors, 1,645
images of meningioma tumors, 2,000 no-tumor images, and 1,757 images of pituitary tumors.
Each image is 512x512 pixels in size and is in the grayscale channel, which represents a suitable
foundation for training the brain tumor classification model.

Meningioma tumors originate in the lining of the brain and spinal cord inside the skull. In
contrast, pituitary tumors abnormally develop in the area around the pituitary gland, which is
located inside the skull between the brain and nasal cavity. Both tumor types are considered
benign tumors, meaning they do not spread to other cells, tissues, or body parts. In contrast,
gliomas are malignant tumors that can spread to other organs (Gokila et al., 2024). The dataset
becomes more representative of this variety of tumor types, allowing the model to detect more
profound differences between benign and malignant tumors and providing a solid basis for more
accurate classification. Figure 4 (A) shows the types of brain tumors and their respective
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brain locations. This diagram shows the various locations in which tumors, such as glioma,
meningioma, and pituitary, can occur, helping to understand the classification of different types
of tumors.
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Figure 1 Research workflow in the MRI brain tumor image classification process

2.2 Preprocessing Denoising Image

The denoising autoencoder works on the MRI data by removing the details that create the
noise in the images that are being enhanced (Subburaj and Bhavana, 2024; Pfaff et al., 2023).
The model works by taking MRI images of organisms and has been constructed to output and
reconstruct enhanced images. This process involves encoding and then decoding the images.
The aim is to keep most of the information in the MRI images and discard the lesser detailed

visual noise that can negatively affect the classifier performance (Radke et al., 2023; Murugan,
2023).

2.3 Data Augmentation

The purpose of data augmentation is to provide more variety in the image dataset to
improve the performance of the model in the classification (Mikotajczyk and Grochowski, 2018).
The augmentation techniques used in this study included random horizontal flipping, random
rotation (£15°), and color jittering with brightness and contrast adjustments (Tatar et al., 2024;
Mumuni and Mumuni, 2022).

These augmentation measures also keep the dataset diverse so that the model can learn from
a broader variety of data to improve its performance (Shorten and Khoshgoftaar, 2019). Figure
4 (B) illustrates an example of the output from the MRI brain tumor image data augmentation.
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2.4 Data Partitioning

All experiments use 5-fold stratified cross-validation for individual models to ensure statis-
tically robust performance evaluation. In each fold, approximately 80% of the data is used for
training and 20% for validation, with stratified splitting preserving class distribution across all
folds (Gharaibeh, 2025). This design eliminates dependence on any single train-test split and
provides stable performance estimates across data partitions. For the ensemble, cross-validation
was additionally repeated across 3 independent random seeds, yielding 15 independent training-
evaluation runs in total. All performance metrics are reported as mean standard deviation with
95% confidence intervals computed across fold scores, providing a statistically reliable summary
of model performance.

2.5 Heat map area data using the Grad-CAM

The Grad-CAM visualization technique highlights critical regions in MRI images, such as
tumor locations, that significantly contribute to the classification process. Grad-CAM allows
the model to focus on critical features using spatial attention based on Grad-CAM activation
maps (Shinde et al., 2021).

The process starts by performing a forward pass on the input image x to obtain a class
prediction y. from the model:

Ye = f(:E) (1)

A backward pass is then performed to calculate the gradient of the target y. class against
the feature map 0Ax(x) in the last convolutional layer:

Y.
2
0Ag(z) ®
The channel weight oy results from averaging the gradients:
1 ye
— 3
W= Tw ZZJ: 9AL(2) )

The activation map of LGrad-CAM is obtained by summing the weights and feature map.
ReLU function is then applied to ensure that only positive contributions are calculated:

LGrad-cam = ReLLU (Z Ok Ay, (.%')) (4)
k

This activation map is then mapped back to the input image dimension x to produce an
HGrad-CAM heatmap, which shows the important areas that affect the classification:

HGrad—Cam = Upsample(LGrad—Cama .1‘) (5)

Grad-CAM provides an effective way to interpret CNN models, allowing visualization of
image areas that most influence model decisions. It captures gradient-weighted activation maps
for each predicted class without modifying the model weights. The resulting heatmaps are
overlaid on input MRI images to highlight the most influential spatial regions in the classification
decision, enabling post hoc interpretability of both individual model and ensemble predictions.

2.6 EfficienetV2S Model

The EfficientNetV2S model uses a combined approach with Fused-MBConv and MBConv.
Fused-MBConv combines depthwise and standard convolutions, thereby improving the training
efficiency in the early layers. MBConv is predominant in the late layers to expand the depth of
the model (Priyadarshini et al., 2024).
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EfficientNetV2S applies progressive learning, a strategy in which image size and regulation
(such as dropout rate) gradually increase during training. This technique allows the model
to reach convergence faster without sacrificing accuracy, as adaptive regulation maintains a
balance between overfitting and underfitting at each training stage (R. Singh et al., 2025). The
EfficientNetV2S family of models uses compound scaling expressed as follows:

F(a,B,7) = o x g x~" (6)

a = scale factor of depth
~v = scaling factor for the resolution
B = scale factor for the width

These factors are determined through an architectural search to optimize the balance be-
tween accuracy and computational efficiency. This composite scaling approach allows the model
to be dynamically adjusted by simultaneously changing depth, width, and resolution to achieve
the best performance. The EfficientNetV2S architecture and scaling principles significantly im-
prove the performance of datasets such as ImageNet, CIFAR-10, and CIFAR-100, surpassing the
previous ConvNet and Transformer models in terms of speed and accuracy (Sivaz and Aykut,
2024; Tan and Le, 2019).

2.7 Xception Model

The Xception model is named after its innovation of combining extreme inception with
depthwise separable convolutions. The model ensures a better trade-off between the number
of parameters and execution speed compared to regular convolutions (Lu et al., 2022). In this
approach, the two principal steps of convolution (mapping of input to output values) are executed
separately. The first is a depth convolution where a filter is applied individually to each channel,
and the second is a pointwise convolution that combines the results of the first step and utilizes
1x1 filtering. This method is a great advantage to the model as it enables the model to focus
more on efficient feature extraction (Muhammad et al., 2021). A Depthwise Convolution of an
input X with dimensions HxWxC;n (height, width, and input channel) is conducted using a
filter of size kxk with respect to each input channel.

k2 k/2
de { j7 Z Z 7’+m’j+nvc) dow(m,n,c) (7)
m=—k/2n=—k/2
Here, ¢ and j are the output pixel coordinates, and c is the input channel. Following
depthwise convolution, pointwise convolution Wy, is executed with a 1 x 1 x Cj, X Coys sized
filter to enhance the output.

Y Z e Cout Zde 1,7,C X pr(ca Cout) (8)

In this situation, Xception employs a mix of convolution types, enabling both a decrease in
parameters and an enhancement in the computational efficiency of the model.

2.8 ResNet50 Model

ResNet50 is a member of the Residual Networks (ResNet) family proposed by He et al.,
2016. It is perhaps most well known for its implementation of residual or skip connections,
which help alleviate the vanishing gradient phenomenon in severe deep learning models. The
fundamental idea of ResNet is to use direct residual connections between the model’s higher-
and lower-order layers. This facilitates more effective training of the model by reducing the
gradient flow and loss of valuable information. The residual connection can be formally defined
as follows. Consider a residual block parameterized by an input x and output F(x). The residual
block output is defined as the addition of the input and the output:
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y=F)+z (9)

F(x) typically takes a number of convolutional layers as input. ResNet50 has 50 layers, each
with several residual blocks with 2 or 3 convolutional layers. ResNet50 increases network depth
while maintaining training stability and enhancing performance on difficult image recognition
tasks thanks to these residual connections. The model can streamline the optimization of its
parameters by residual connections and avert the complications associated with deeper networks.
The depth of the network architecture can be explained using a composite formula, which is also
the case with ResNet50.

dtotal - dresidual + dskip connection (10)

In this case, ResNet50 employs a significant depth of the network architecture, but over-
fitting and vanishing gradients are averted because of the residual connections. This model
has shown outstanding performance on numerous datasets such as ImageNet and has become a
standard for computer vision tasks such as object detection and image segmentation that require
a high level of accuracy.

2.9 Ensemble Learning

The ensemble learning technique combines the outputs of all three trained backbone mod-
els: EfficientNetV2S, Xception, and ResNet50 to produce a final classification decision that
outperforms any individual model. Each trained model independently processes an input MRI
image and produces a class probability vector through its softmax output layer, representing
the model’s estimated likelihood for each of the four tumor categories: glioma, meningioma, no
tumor, and pituitary.

The three softmax outputs are then merged through a weighted voting approach, where
each model’s probability vector is multiplied by an assigned weight that controls its relative
contribution to the final prediction, and the three weighted vectors are summed to produce
a single combined probability estimate for each class (Sterniczuk and Charytanowicz, 2024;
Kesuma et al., 2023). The class with the highest combined probability across all three models
is considered the final predicted label.

The contribution weights are determined through a per-fold grid search: for each cross-
validation fold, all possible weight combinations at discrete steps are evaluated on the validation
set, and the combination that maximizes validation accuracy for that specific data partition is
selected (Sankar et al., 2024; Hosny et al., 2024). This allows the fusion weights to adapt across
folds rather than applying a single fixed value to all data. As a reference baseline, weights can
also be assigned in proportion to the mean cross-validation accuracy of each model, which in the
final evaluation yields near-equal contributions from all three models, reflecting their comparable
individual performance. The ensemble technique is expected to improve prediction accuracy and
generalization to previously unseen data by leveraging the three architectures’ complementary
feature representations.

2.10 Evaluation

Different methods can be employed to evaluate the predictive performance of a classification
system. Omne of these methods is the confusion matrix. A confusion matrix is used to plot
prediction results and compare them with the classifications. A confusion matrix summarizes
the performance of a model and offers key metrics such as accuracy, precision, recall, and the F1-
score. All these metrics are based on the observed actual values (Diyasa et al., 2024; Lovell et al.,
2023). The measurement matrix is composed of the following four values: True Positive (TP),
True Negative (TN), False Positive (FP), and False Negative (FN). These values represent events
with positive (P) or negative (N) probabilities. Based on these values, the evaluation metrics
are calculated using equations (11), (12), (13), and (14).
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A TP +TN )
ccuracy =
Y T TPYFP+FN+TN
TP
Precision = ———— 12
recision = s (12)
TP
l=——"-— 1
Recall = 5 T 7N (13)
Floscore — 2 X precision X recall (14)

precision + recall

Grad-Cam received an evaluation concerning the prediction and ground truth areas using
the intersection over union (IoU) score, which is calculated by measuring the overlapping and
union areas (Table 1). The formula is (15)

Intersection ANB
Union A+B—-ANB

A = area of the ground truth (expert-annotated tumor region). B = is the area of the
predicted region (Grad-CAM map).

IoU =

(15)

Table 1 IoU score ranges and their interpretation

IoU Range Description
IoU =1 Perfect prediction.
IoU > 0.7 Good.

IoU 0.5-0.7 Sufficient.

ToU < 0.5 Model improvement

A = area of the ground truth (expert-annotated tumor region). = is the area of the
predicted region (Grad-CAM map).

3. Experiment and Results

The experimental setup was standardized across all three backbone architectures. Each
model was trained with a maximum of 20 epochs, a batch size of 32, and the Adam optimizer
(learning rate = le-4, weight decay = 5e-4), using a CosineAnnealingLR schedule (T,,ax =
20). To reduce overconfident predictions, label smoothing was applied to the cross-entropy
loss. Early stopping (patience = 5; validation accuracy was monitored) was used to prevent
overfitting. Mixed-precision training (16-bit) was used in all experiments. Transfer learning used
ImageNet-pretrained weights with the last 2 feature blocks and classifier head unfrozen. The
input images were resized per the model specifications: EfficientNetV2S at 384 x384, Xception at
299x299, and ResNet50 at 224 x224. The individual models were evaluated via 5-fold stratified
cross-validation, and the ensemble was evaluated across 3 independent seeds x 5 folds = 15
independent training runs. Model training was performed using a single NVIDIA Tesla T4 GPU
to accelerate deep learning computations through parallel processing. The system was equipped
with approximately 30 GB of system memory (RAM), enabling efficient dataset and model
training procedures. The training data were analyzed for accuracy and loss during evaluation,
using cross-entropy for loss calculation. This technique aids in adopting a uniform evaluation
paradigm, which fosters an equitable assessment of the models in relation to their performances
and the identification of the model with the optimum performance in terms of loss and accuracy.
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3.1 Classification structure for individual model experiments

Figure 2 illustrates the performance of EfficientNetV2s, Xception, and ResNet50 in the
training and validation phases for brain tumor MRI classification. The training accuracy is
represented by the blue line, and the validation accuracy is represented by the orange line. The
first experiment featured individual models to understand the performance of each model on
brain tumor MRIs. Model training on individual brain tumor MRI datasets is each model using
the transfer learning technique for each respective architecture.

Figure 2 (A) shows that the EfficientNetV2s architecture exhibits a notable training accu-
racy that advanced in every epoch. The training accuracy started at 88% and advanced to 99%
by the final epoch. The validation data accuracy also advanced to 99% from 88% at the start,
demonstrating that the model can learn without overfitting. The training and validation loss
graphs for this architecture are stable and low past, indicating the efficiency of this architecture
in learning the data patterns.

Figure 2 (B) shows the volatility exhibited in the accuracy for the Xception architecture.
The model achieved a training accuracy of 88% in the 1st epoch and 98% in the 10th epoch.
On the other hand, the validation accuracy was much higher in the beginning, at 43% in the
3rd epoch and 9% in the 10th epoch, in addition to exhibiting high volatility in the 1st and
2nd epochs. Overall, despite the impressive final validation accuracy of 98%, the training of the
Xception architecture requires more smoothing and stability in the training process.
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Figure 2 Training accuracy of different architectures

Figure 2 (C) shows the accuracy for the ResNet50 architecture. The accuracy of the training
data for the architecture shows a consistent growth, going from 88% to 98% in the 10th epoch.
However, the accuracy of the validation data shows it has certainly lagged behind. The validation
accuracy also increases from 88% to 98%, but the training-to-validation loss ratio shows that the
architecture could be under the overfitting regime. The architecture was and still is overfitting
to the training data as it consistently held a higher training loss compared to the validation loss.

The final analysis indicates that EfficientNetV2S recorded the best results, exhibiting the
most consistent graphs of accuracy and loss, followed by Xception, who, while attaining high
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accuracy, left much to be desired regarding early training fluctuation. Xception also exhibited
less than stellar final accuracy. Despite showing good final accuracy, the training of the ResNet50
demonstrated signs of overfitting and generalization loss on the validation data.

3.2 Ensemble learning classification

Figure 3 (A) shows a graph of the increase in train and validation accuracy, while Figure
3 (B) shows a graph on the left illustrating the decrease in train and validation losses as the
number of epochs increases.

The accuracy graph shows a significant improvement in both the training and validation
data. The accuracy starts from approximately 80% at the first epoch and increases rapidly
to reach 99% at the fifth epoch. After that, the accuracy stabilizes until the end of training,
indicating that the ensemble model has a consistent performance on the never-before-seen data
(validation).

In the loss graph, the loss values for the training and validation data decrease dramatically
in the early epochs, from around 3.0 to less than 0.1 at the fifth epoch, and remain stable until
the end of training. This trend shows that the ensemble model can efficiently learn patterns
from the data with a good level of generalization without signs of overfitting. The results of the
confusion matrix test are shown in Figure 3 (C).

The confusion matrix confirms that the model accurately classifies most samples across
all four classes. Glioma was correctly predicted in 167 samples, with only three errors for
meningioma. No tumor had a perfect prediction of 203 samples. For meningioma, 172 samples
were correctly predicted with two errors to the pituitary, whereas 154 samples were correctly
predicted with two errors to no tumor and meningioma. This low error rate supports the
model’s high accuracy and superior performance. Overall, the ensemble approach of the three
architectures provides superior performance over each individual model, resulting in a robust
and reliable model for the brain tumor MRI image classification task.

This ROC plot illustrates the effective performance of the ensemble model (EfficientNetV2,
Xception, ResNet50) in classifying brain tumors using MRI images. With a low FPR and a high
TPR, the curve moves toward the upper left corner, which indicates the discrimination ability of
the model. A weighted AUC-ROC of 0.9993 indicates that the model performs almost perfectly
and does not overfit (Figure 3 (D)). The stability of the curve and the distance from the random
diagonal line show that the ensemble learning approach enhances accuracy and generalizes well
to the test data.

3.3 Brain tumor ensemble classification

Figure 4 (D) shows the comparison result of each model, and Table 2 shows a comparison
of the accuracy values of each model. Based on the classification report in Figure 3 (D), the
ensemble model achieved an overall accuracy of 99%, with equally high precision, recall, and F1
values for all four classes. The Grad-CAM visualization supports these results by highlighting the
regions that contribute most to the model’s decisions in classifying brain tumor MRI images.
Red and yellow indicate areas with the highest contribution that correspond to the primary
location of the tumor, respectively, while green and blue indicate moderate to low contribution.
Areas in purple or without activation indicate an insignificant part in the model’s decision, such
as in the “No Tumor” image, which has no areas in red or yellow. The model seems to focus on
the correct areas, such as in meningioma and glioma, where red and yellow activation is clearly
visible around the tumor, whereas low activation indicates the absence of abnormal patterns in
“No Tumor.” Grad-CAM aids in the interpretation of deep learning models in medical diagnosis
by ensuring that the model makes decisions based on relevant features.

Figure 4 (C) shows the results of brain tumor classification using a manually segmented
mask from an expert or radiology specialist as ground truth. The first row shows the original
MRI image, the second row shows the expert-validated tumor area mask, and the third row uses
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Grad-CAM to visualize the model’s focal area during prediction.
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Figure 3 (A) Graph of the accuracy classification training process using the ensemble learning,
(B) Graph of the validation classification training process using the ensemble learning, (C)
Confusion matrix ensemble learning model, (D) AUC-ROC Result Graph of ensemble learning

Table 2 Training and validation loss (top row) and accuracy (bottom row) curves for (A)
EfficientNetV2S, (B) Xception, and (C) ResNet50 across training epochs on the brain tumor

MRI dataset

Model Accuracy (%) 95% CI (%) Precision (%) Recall (%) F1-Score (%)
EfficientNetV2S 08.84+0.52  [98.19, 99.48] 98.85 98.84 98.84
Xception 08.23+0.49  [97.63, 98.83] 98.25 98.23 98.23
ResNet50 08.82+0.46  [98.25, 99.39] 98.83 98.82 98.82
Ensemble Learning 99.23+0.40  [98.73, 99.73] 99.24 99.23 99.23
Ensemble Learning (3 seeds)  99.18+£0.34  [98.99, 99.37] 99.19 99.18 99.18

The correct classification is shown for each category. The model performance was further
evaluated using the IoU metric, as presented in Table 1. The IoU results presented in Table
3 show strong performance for most categories. The IoU for meningioma was 0.95, indicating
almost perfect alignment between the Grad-CAM area and the expert-marked mask. Although
the pituitary class received an alignment that was slightly lower than the rest, an IoU of 0.75
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shows decent performance. (.85 for glioma, which was also considered good. For No Tumor,
the IoU was N/A because there was no region for comparison. Thus, the results show that the
pituitary class is the only class that shows room for improvement, while the model does well to
localize most the tumor classes.
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Figure 4 (A) Dataset sample images for each class, (B) data augmentation output, (C)
Grad-CAM visualizations, and (D) model performance comparison

Table 3 IoU Score Output for Grad-CAM

Class Expert Marked Area (A) Grad-CAM Area (B) Intersection (A N B) Union (A UB) IoU
Meningioma 200 210 200 210 0.95
Pituitary 150 200 150 200 0.75
Glioma 140 165 140 165 0.85
No Tumor 0 0 0 0 N/A

3.4 Evaluation of the model

This study assesses the ensemble learning + Grad-CAM method while juxtaposing it with
earlier works. The results of brain tumor classification and MRI are presented in Table 4.
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Table 4 Comparison of image classification results with those of previous studies

Method Year Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Ensemble deep learning 2021 99.02 98.75 98.98 98.86
(Aziz et al., 2021)

The ensemble attention 2024 98.94 98.91 98.93 98.91
mechanism (Pacal et

al., 2024)

Comparative analysis 2024 99.33 100 98.32 99.15

of Ensemble Learning
(Sharif et al., 2024)

Ensemble transfer 2024 94.14 94.11 94.02 94.09
learning F1I-WMVE

(Sterniczuk and Chary-

tanowicz, 2024)

Ensemble Learning 2025 99.18 99.19 99.18 99.18
+ Grad-CAM

The proposed ensemble learning + Grad-CAM method achieved a mean cross-validated
accuracy of 99.18% + 0.34%, with macro precision of 99.19%, recall of 99.18%, and F1-score
of 99.18%. As shown in Table 4, this result is competitive with the current state of the art.
It exceeds the ensemble attention mechanism (Pacal et al., 2024) at 98.94% and the ensemble
transfer learning F1-WMVE method (Sterniczuk and Charytanowicz, 2024) at 94.14%, and
is comparable to the comparative ensemble analysis (Sharif et al., 2024) at 99.33% and the
ensemble deep learning approach (Aziz et al., 2021) at 99.02%.

A key distinction of the proposed method is that its 99.18% figure is derived from 15
independent cross-validation runs rather than a single train-test split, providing a statistically
conservative and reproducible estimate. The compared methods report single-split results, which
may reflect more favorable data partitions. The integration of Grad-CAM with quantitative IoU
validation adds a clinical interpretability dimension not present in the compared methods, mak-
ing the proposed framework more transparent for potential diagnostic support applications. The
primary remaining error cases involve meningioma—glioma boundary misclassifications, consis-
tent with the overlapping MRI morphology of these two classes.

4. Conclusions

In this study, we integrated Grad-CAM and EL to optimize multi-section MRI-based brain
tumor classification under a repeated cross-validation evaluation framework. When Efficient-
NetV2S, Xception, and ResNet50 were combined through per-fold grid-search weighted voting,
classification accuracy and reliability were consistently improved compared with those of indi-
vidual models. The proposed method achieved a mean accuracy of 99.18% =+ 0.34%, a precision
of 99.19%, a recall of 99.18%, and an F1 score of 99.18%, with a weighted AUC-ROC of 0.9993,
demonstrating a strong capability to discriminate between tumor classes with minimal classifica-
tion errors. The use of multiple complementary architectures reduced overfitting and improved
generalization, as reflected by stable performance across 15 independent cross-validation runs.
The model provided a high AUC-ROC score along with a stable ROC curve, indicating that
the data were learned rather than memorized. Grad-CAM also improves model interpretability,
which is especially critical for models used in the medical field, as it illustrates which parts of
the MRI the model is analyzing in which regions. The current research strengthens the advances
in Al-aided diagnostics, providing the potential for faster and more accurate medical analysis.
In the future, larger data sets should be incorporated and ensembles applied to other diseases
to increase the scope of clinical applicability.
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