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Abstract—This study investigates and compares the perfor-
mance of Vision Transformers (ViTs) and Convolutional Neural
Networks (CNNs) for brain tumor classification using MRI
scans from the Kaggle Brain Tumor MRI dataset, establishing
a comprehensive benchmark for evaluation. To enhance visual
fidelity without altering spatial resolution, Real-Enhanced Super
Resolution Generative Adversarial Networks (Real-ESRGAN)
were employed for preprocessing. After applying Real-ESRGAN,
a significant improvement in classification accuracy and fea-
ture clarity was observed across all models, indicating the
importance of high-quality input in medical imaging tasks.
Five transformer-based models—Swin-Tiny, ViT, DeiT, Mobile-
ViT, and PiT—were benchmarked against five CNN architec-
tures, including ResNet50, EfficientNet-B0, VGG16, AlexNet, and
DenseNet-121. Building on these results, a modified late-fusion
ensemble combining ResNet50 and Vision Transformer was
developed to integrate both global and local feature extraction
capabilities. The proposed hybrid architecture achieved superior
classification performance, outperforming all individual ViT and
CNN models. Furthermore, Explainable AI techniques were
applied using Local Interpretable Model-agnostic Explanations
(LIME) to visualize decision patterns, revealing that ViTs and the
late-fusion ensemble exploit broader contextual regions for tumor
localization, while CNNs concentrate on more confined spatial
areas. The integrated framework of Real-ESRGAN enhance-
ment, late-fusion ensembleing, and LIME-based interpretation
collectively advances both accuracy and explainability, offering
a promising direction for reliable and interpretable brain tumor
diagnosis in clinical applications.

Index Terms—VisionTransformers, ConvolutionalNeuralNet-
works, ResNet50, RealESRGAN, LIME
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I. INTRODUCTION

Among the most dangerous neurological conditions are brain tumors,
among which gliomas, meningiomas, pituitary tumors, and tumor-free in-
stances present different diagnostic challenges because of their uneven
boundaries and varied morphology [1]. The timely and accurate detection
of malignant tumors in magnetic resonance imaging (MRI) is crucial for
determining the appropriate treatment plan and enhancing patient outcomes.

In automated medical image processing, deep learning (DL) has emerged as
a crucial element, particularly in the categorization of brain tumors from MRI
scans. Convolutional neural networks (CNNs), such as ResNet-50 and Effi-
cientNet, have demonstrated high accuracy in multi-class classification tasks,
often surpassing 99% [2]. They often employ hierarchical feature extraction
and specialized receptive fields, which enhance performance, especially in
contexts with little data.

A more recent class of deep learning models called Vision Transformers
(ViTs) use self-attention techniques across image patches instead of convo-
lutional kernels. Although they usually need larger datasets and fine-tuning
to perform successfully, this helps them to more effectively capture global
context and long-range dependencies [3]. The results of comparative research
in medical image classification have been varied. For example, in one bench-
mark test, DeiT-Small (a compact transformer variation) outperformed ViT-
Base and EfficientNet-B0 for the task of brain tumor identification, achieving
92.16% accuracy [4]. According to recent studies, applying Real-ESRGAN
for MRI image enhancement significantly improves classification performance
for both CNNs and vision transformers, while hybrid architectures combining
these models can further outperform individual networks [5].

Examples of Explainable AI (XAI) methods that have been extensively
employed to enhance the interpretability of DL models are Grad-CAM, SHAP,
and LIME. In the medical field, where decision transparency is essential,
this is particularly important [6]. LIME successfully identifies relevant tumor
locations in MRI-based brain tumor categorization and offers local, compre-
hensible explanations, boosting doctors’ confidence in CNN-based forecasts
[7] [8]. For segmentation tasks, hybrid architectures that combine the localized
strength of CNNs with the global representational capability of ViTs have
also been developed; these architectures offer high accuracy and interpretable
heatmaps that are appropriate for clinical insight [9].

II. RELATED WORKS

The use of deep learning for MRI scan-based brain tumor classification
has advanced significantly in recent years. From conventional CNNs to
sophisticated Vision Transformers (ViTs) and their hybrid or self-supervised
variations, researchers have investigated a broad range of models. In addition
to model innovation, efforts have been directed toward improving image qual-
ity using GAN-based preprocessing techniques and increasing interpretability
through Explainable AI (XAI) techniques. This section covers recent advance-
ments, highlighting state-of-the-art structures, evaluation outcomes, and the
rising emphasis on clinical application and transparency.

In 2025, Jing et al. [10] proposed a context cluster model for brain
tumor MRI classification, leveraging the Brain Tumor MRI Dataset to achieve
robust performance, emphasizing improved feature extraction and clinical
applicability.

Previous studies have demonstrated the effectiveness of pre-trained deep
learning models, such as VGG-16, VGG-19, and ResNet50, in brain MRI
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image categorization tasks. Krishnapriya et al. [11] conducted a comparative
study employing data augmentation and transfer learning techniques, revealing
that the VGG-19 model with transfer learning achieved superior performance
metrics, including accuracy and F1 score.

A Rotation Invariant Vision Transformer (RViT), which embeds rotating
patch representations, was presented by Krishnan et al. (2024) to handle
orientation variability. In comparison to naı̈ve ViT versions, their model
showed robustness with an accuracy of 98.6% on the Kaggle Brain Tumor
MRI dataset [12].

On the BrTMHD-2023 dataset, Ahmed et al. (2024) achieved 98.97%
accuracy and a 97% F1-score using a hybrid ViT–GRU architecture with
integrated Explainable AI (XAI) techniques, such as attention mapping, SHAP,
and LIME [13]. Similarly, Zeineldin et al. (2024) developed TransXAI, a
hybrid CNN–ViT segmentation model for multimodal glioma MRI, which
generated heatmaps with high accuracy that could be clinically interpreted
[9].

Sahu (2025) used the same preprocessing pipelines to compare ViT-B16
with EfficientNetB0. While EfficientNetB0 suffered from overfitting, ViT-B16
achieved superior generalization with an accuracy of 71.6%. ViT’s superior
tumor region localization was validated by Grad-CAM and attention maps
[9]. For brain tumor classification, Kawadkar (2025) compared CNNs and
ViTs more broadly and found that DeiT-Small outperformed ResNet-50 and
EfficientNet-B0, achieving 92.16% accuracy [4].

In an assessment of deep learning techniques for MRI-based brain tumor
analysis, Hosny (2025) noted that XAI techniques and hybrid CNN–ViT
systems were new developments [14]. Similarly, Karagoz et al. [4](2024)
created a self-supervised model called Residual Vision Transformer (ResViT)
that was pre-trained using MRI synthesis. The potential of self-supervision
was demonstrated by ResViT’s 98.5% accuracy in low-data circumstances.

CNNs and ViTs have been widely used in other medical imaging areas
outside brain tumor categorization, like transformer-based models have also
performed well in histopathology for cancer subtype classification [6], retinal
fundus imaging for diabetic retinopathy [15], and chest X-ray analysis for
pneumonia detection [16]. These investigations attest to ViTs’ versatility
across a wide range of clinical imaging activities.

Classification systems are further strengthened by preprocessing and im-
provement techniques. To recover fine structural information from MRI and
CT scans, GAN-based super-resolution techniques like ESRGAN and Real-
ESRGAN have been used. Compared to classical interpolation, studies show
that improving tumor border clarity with GAN-based upscaling enhances
segmentation and classification accuracy [17].

One of the biggest issues with clinical adoption is still interpretability.
Iftikhar et al. (2025) coupled CNNs with LIME and SHAP to provide
reliable visual explanations [8], whereas Abraham et al. (2025) employed
DenseNet169 with LIME for transparent tumor detection [7]. The need for
interpretable deep learning in high-stakes judgments is shown by the use of
Grad-CAM visuals in pathology to highlight malignant tissue [19] and in
cardiology to explain arrhythmia detection models [20].

Overall, the research shows that CNNs continue to be effective at extracting
local features, ViTs are excellent at capturing global contextual dependencies,
and hybrid/self-supervised systems offer a compromise between robustness
and accuracy. These architectures hold great potential for accurate and clin-
ically important brain tumor classification when paired with interpretability
frameworks like LIME and augmentation techniques like Real-ESRGAN.

III. BACKGROUND STUDY

A. Real-ESRGAN
By concentrating on practical picture restoration tasks, Real-ESRGAN

(Real-Enhanced Super-Resolution Generative Adversarial Network) is a so-
phisticated image super-resolution method that enhances the original ESR-
GAN framework [18]. Although ESRGAN showed great promise in producing
visually appealing high-resolution images from low-resolution counterparts, it
frequently failed to handle real-world degradations like noise, compression
artifacts, and blur present in medical imaging datasets [21]. By using an
improved network design and a more extended degradation model, Real-
ESRGAN overcomes these drawbacks and is therefore a good fit for intricate
picture-enhancing applications.

Residual-in-Residual Dense Blocks (RRDBs), which enable stable and effi-
cient training while maintaining fine details, are a key component of the Real-
ESRGAN architecture [22]. Furthermore, the technique presents a second-
order degradation modeling methodology that more accurately replicates the
aberrations found in actual low-quality photos. This allows the network to
function reliably on real images and generalize beyond artificial degradations

[17]. Additionally, to balance fidelity and visual quality, Real-ESRGAN uses
enhanced training objectives, such as perceptual loss and adversarial loss.

The need for Real-ESRGAN in the context of brain tumor MRI classi-
fication stems from the fact that medical pictures are sometimes obtained
in less-than-ideal circumstances, leading to noisy or low-resolution scans
that may mask minor tumor signs. In addition to making structural features
more visible, high-resolution reconstructions also boost the efficiency of
deep learning models used downstream, like Vision Transformers (ViTs)
and Convolutional Neural Networks (CNNs). Real-ESRGAN allows models
to learn more discriminative features by reconstructing finer textures and
more distinct anatomical boundaries, which eventually improves classification
accuracy and provides more dependable diagnostic help [23].

To illustrate the structural design of Real-ESRGAN, Fig. 1 presents
the architecture, which highlights its use of Residual-in-Residual Dense
Blocks (RRDBs), advanced degradation modeling, and an adversarial learning
framework. This configuration enables the network to effectively reconstruct
high-resolution images from degraded low-resolution inputs, making it highly
suitable for enhancing medical images such as MRI scans.

Fig. 1. REAL-ESRGAN architecture.

B. LIME
A post-hoc interpretability method called Local Interpretable Model-

Agnostic Explanations (LIME) was created to provide a human-
comprehensible explanation for the predictions of intricate machine learning
models [24]. Convolutional Neural Networks (CNNs) and Vision Transformers
(ViTs) are two examples of contemporary deep learning models that are
frequently referred to as ”black boxes” because of their high level of com-
plexity and opaque decision-making procedures. This is addressed by LIME,
which provides insights into which features contribute most to the output by
producing locally interpretable approximations of a model’s behavior around
a particular prediction [25].

LIME’s basic idea is to adjust the input data surrounding the instance
being explained and track how the model’s predictions alter [26]. To ascertain
their impact on the classification result, superpixels—localized portions of
the image—are frequently masked or altered for image data. The decision
boundary of the original model is then locally approximated by fitting a
straightforward, interpretable model, like a decision tree or sparse linear
model, to these altered data [27]. By emphasizing the characteristics that most
influence the particular choice, this surrogate model makes the explanation
both accurate to the intricate model and intelligible to people.

Since interpretability is essential in medical decision-making, LIME is
especially required in the setting of brain tumor MRI categorization. To
establish confidence and confirm the diagnosis, doctors and radiologists need
clear proof of why a model predicts a particular tumor type [28]. LIME assists
in verifying if the choice is founded on clinically significant features, including
tumor borders or texture irregularities, rather than unimportant artifacts, by
graphically showing the areas of the MRI scan that affected the model’s
prediction. This interpretability bridges the gap between artificial intelligence
systems and medical practice by promoting clinical validation and improving
accountability.

Fig. 2 shows the LIME method, which starts with perturbing the original
input and applying the complicated model to generate local predictions.
After that, an interpretable surrogate model that approximates the local
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decision boundary—like a linear regressor—is trained using these predictions.
By making it possible to identify the most significant input regions—in
the instance of MRI images, the superpixels that contribute most to the
classification decision—this design provides insight into the logic of the
model.

Fig. 2. LIME architecture.

C. Performance Matrices
Accuracy: It measures the percentage of cases that were correctly classified

out of all the predictions the model made. Accuracy is a straightforward but
effective indicator that gives a clear indication of a classification system’s
overall performance. Accuracy by itself, however, could not be enough in
situations with extremely unbalanced datasets, even though it provides an
intuitive picture of model performance [29].

The mathematical formulation of accuracy is expressed as:

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

where FP (False Positives) denotes negative cases that are mistakenly
classified as positive, FN (False Negatives) denotes positive cases that are
mistakenly classified as negative, TP (True Positives) denotes correctly
identified positive cases, and TN (True Negatives) denotes identified negative
cases [30].

Precision: Precision focuses exclusively on the dependability of positive
forecasts, as opposed to accuracy, which takes into account both positive
and negative predictions. In situations where the cost of false positives is
significant, like in medical diagnostics, where incorrectly identifying healthy
tissue as a tumor may result in needless treatments, this statistic is especially
crucial [31].

The mathematical formulation of precision is expressed as:

Precision =
TP

TP + FP
(2)

where TP (True Positives) represents correctly identified positive cases,
and FP (False Positives) represents negative instances incorrectly classified as
positive [30].

Recall: Recall is concerned with the model’s capacity to capture all perti-
nent positive cases, as opposed to precision, which highlights the consistency
of positive predictions. Because of this, recall is particularly crucial in fields
like medical imaging, where a false negative—the failure to notice a positive
case—can have detrimental effects [32].

The mathematical formulation of recall is expressed as:

Recall =
TP

TP + FN
(3)

where TP (True Positives) denotes correctly classified positive cases, and
FN (False Negatives) refers to positive cases that were incorrectly classified
as negative [33].

F1-score: A popular machine learning performance metric that strikes a
harmonious balance between recall and precision is the F1-score. The F1-
score is especially helpful when working with imbalanced datasets since it
combines the two metrics into a single metric, whereas precision and recall
concentrate on eliminating false positives and false negatives, respectively
[34]. This measure makes sure that both precision and recall are considered
fairly, without either taking precedence over the other.

The mathematical formulation of the F1-score is given as:

F1-score = 2×
Precision × Recall
Precision + Recall

(4)

Confusion Matrix: The confusion matrix is especially useful in applications
like medical imaging, where knowing the types of errors is as important
as knowing the overall performance, because it offers a detailed breakdown
of classification results, highlighting both correct and incorrect predictions,
unlike single-value metrics like accuracy [35].

A typical confusion matrix for binary classification is structured as:

Confusion Matrix =

[
TN FP
FN TP

]
(5)

where TP (True Positives) are correctly classified positive cases, TN (True
Negatives) are correctly classified negative cases, FP (False Positives) are
incorrectly classified negative cases, and FN (False Negatives) are incorrectly
classified positive cases [33].

IV. METHODOLOGY
This section outlines the proposed framework for brain tumor MRI classi-

fication, detailing the overall training pipeline, data preprocessing strategies,
and the integration of explainability methods. The methodology emphasizes
image quality enhancement, model design, and interpretability, ensuring that
the classification system is both accurate and transparent.

Fig. 3 illustrates the training workflow, which includes data pre-processing,
model training, and explainability integration using LIME. By enhancing im-
age quality via Real-ESRGAN and contrasting the decision-making processes
of Vision Transformers (ViTs) and Convolutional Neural Networks (CNNs),
the proposed approach seeks to improve tumor classification performance.

To further leverage the complementary advantages of both architectures,
a llate-fusion ensemble is proposed. This model is constructed by selecting
the top-performing CNN and ViT from our experiments and combining them
into a unified framework. A Vision Transformer (ViT) and a ResNet50 with
pretrained weights are the two models that are trained sequentially using MRI
brain tumor datasets. Class-balanced cross-entropy loss, cosine learning rate
scheduling, and the AdamW optimizer with a learning rate of 2 × 10−5

are used to fine-tune both models for 10 epochs in order to address class
imbalance. As part of the ensemble technique, each model generates four-
class logits for each input, which are then aggregated via element-wise logit
averaging. By combining the global attention mechanisms of ViT with the
local feature extraction power of ResNet, the resulting late-fusion ensemble,
displayed in Fig. 4, lowers prediction variance.

In addition to confusion matrices and training visuals, the hybrid system
is assessed using a wide range of performance metrics, such as accuracy,
precision, recall, and F1-score. Based on test accuracy, the top-performing
models are preserved. For brain tumor MRI categorization, the suggested
framework offers a dependable and understandable solution by combining
complementary architectural elements.

A. Dataset Description
The open-access Brain Tumor dataset (Brain Tumor MRI Dataset) has

been collected from Kaggle [36] for this research. As seen in Fig. 5, the
dataset comprises 7,023 MRI scans categorized into four groups: glioma,
meningioma, pituitary tumor, and no tumor. These images are commonly used
in medical imaging studies and offer a well-balanced basis for multi-class
classification tasks.

A selection of example pictures from the dataset is shown in Fig. 6, which
shows the differences between the brain MRI scans used for evaluation and
training. These pictures demonstrate the variety of tumor forms, sizes, and
intensities, all of which are important for creating a strong classification model
that can be used to many patients and imaging scenarios.

B. Image Preprocessing
All MRI scans were preprocessed before model training to ensure the

dataset’s consistency and reliability. Each picture underwent intensity normal-
ization, which reduced the pixel values to an initial size appropriate for the
input layers of deep learning models and rescaled them to a particular range.
This step minimizes inter-patient variability and scanner-related variations,
ensuring that the models concentrate on tumor-relevant features instead of
imaging artifacts. As illustrated in Fig. 7, the upscaled image differs from the
main image.

The Real-ESRGAN architecture was used to further enhance visual quality.
Real-ESRGAN uses a generative adversarial network, as opposed to traditional
interpolation or bicubic rescaling, to recover structural features, improve
perceived sharpness, and enhance fine-grained textures [18]. Crucially, while
enhancing small tumor borders that are essential for detection, the enhance-
ment method maintained the original spatial resolution, avoiding distortion of
anatomical features.
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Fig. 3. Proposed methodology for research work

C. Data Splitting
The dataset was separated into subsets for testing (20%), validation (10%),

and training (70%). To maintain class balance throughout the splits, stratified
sampling was used. This made sure that the evaluation of the model accurately
represented the distribution of tumor types.

D. Adopted Machine Learning Models
Vision Transformers (ViTs) and Convolutional Neural Networks (CNNs)

are two types of deep learning architectures that we used in this study to
classify brain tumor MRI images. These models were chosen because to their
shown effectiveness in medical image analysis as well as their complimentary
advantages over localized feature extraction in global context learning.

Vision Transformers (ViTs)
• Swin-Tiny Transformer: The Swin Transformer enables scalable per-

formance across vision tasks by introducing hierarchical feature maps
utilizing shifted windows [37]. Because of its multi-stage design, which
enables both local and global context capture, it is useful for tumor
diagnosis in situations where regional structural details differ.

• Vision Transformer (ViT-Base): ViT splits images into patches and
processes them through a transformer encoder [3]. By modeling long-
range dependencies, it captures global tumor features, often surpassing
CNNs in accuracy when trained on sufficiently large datasets.

• DeiT (Data-efficient Image Transformer): DeiT improves ViT training
efficiency by incorporating knowledge distillation with CNN teachers
[38]. This makes it more suitable for medical imaging datasets, which
are often smaller than natural image corpora.

• MobileViT: By combining ViT blocks with convolutional layers, Mo-
bileViT is made for lightweight deployment on edge devices [39]. It is
quite useful for real-time healthcare applications because of its balance
between local and global feature learning.

• PiT (Pooling-based Vision Transformer): PiT introduces pooling layers
between transformer stages to progressively reduce spatial dimensions

[40]. This hierarchical structure improves computational efficiency
while maintaining strong accuracy, making it well-suited for brain tumor
MRI classification, where both fine and coarse details are important.

Convolutional Neural Networks (CNNs)
• ResNet-50: ResNet addressed vanishing gradients in deep CNNs by

using residual learning [41]. It has been extensively utilized in medical
image categorization, including brain MRI, and its skip connections
enable efficient training of deeper models.

• EfficientNet: EfficientNet uses compound scaling to systematically scale
depth, width, and resolution [42]. Large-scale MRI datasets can benefit
from its efficiency, which allows for strong performance with less
computing overhead.

• VGG16: To boost representational strength, VGG16 uses stacked 3x3
convolutional layers [43]. Despite being computationally demanding, its
simplicity and robust feature extraction make it a standard model for
medical imaging research.

• AlexNet: AlexNet was one of the pioneering CNN architectures for
image classification [44]. Though relatively shallow compared to mod-
ern networks, it provides a useful baseline and historical perspective in
tumor classification tasks.

• DenseNet-121: DenseNet offers dense connections, in which all prior
layers provide input to each layer [45]. Because of its improved feature
reuse, strengthened gradient flow, and fewer parameters, DenseNet-121
is a very successful classifier for brain tumor MRIs.

These well-chosen models enable a fair comparative analysis of brain
tumor MRI classification performance and interpretability by combining the
advantages of transformer-based global reasoning with CNN-based local
feature extraction.

E. Explainable AI
All trained models were evaluated using Local Interpretable Model-

agnostic Explanations (LIME) to improve the predictability and interpretabil-
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Fig. 4. Proposed late-fusion ensemble architecture.

Fig. 5. Distribution of MRI scans of the four tumor classes in the Kaggle
Brain Tumor MRI Dataset.

Fig. 6. Some images from the dataset.

ity of the model predictions. LIME provides interpretable explanations of
which MRI scan regions have the biggest influence on predictions by adjusting
input data and training a local surrogate model to approximate the decision
boundary of the black-box model [24]. Researchers and doctors can verify
if the models are focusing on tumor-relevant anatomical features rather than
irrelevant background information, thanks to these visual explanations.

LIME usually highlighted compact superpixel patches that had a strong

Fig. 7. Image before and after upscaling

correlation with the tumor or its surrounding boundaries for Convolutional
Neural Networks (CNNs). This illustrates how hierarchical convolutional
kernels, used in CNN design, can recognize local spatial patterns [44].
Vision Transformers (ViTs), on the other hand, frequently displayed larger
highlighted areas throughout MRI slices. This behavior is consistent with
transformers’ self-attention mechanism, which represents contextual informa-
tion and long-range dependencies throughout the image [3].

V. RESULTS AND DISCUSSION

The following section presents the experimental outcomes, performance
metrics, and conclusions from training and evaluating various Vision Trans-
formers (ViTs) and Convolutional Neural Networks (CNNs) on the Kaggle
Brain Tumor MRI dataset. The investigation highlights the differences in
spatial attention patterns between CNNs and ViTs for the diagnosis of brain
cancers by comparing model accuracy, training duration, and explainability
using Local Interpretable Model-agnostic Explanations (LIME).

A. Accuracy, Precision, Recall, and F1-score
The experimental results showed that both Convolutional Neural Networks

(CNNs) and Vision Transformers (ViTs) performed exceptionally well on
the Brain Tumor MRI dataset. With immaculate F1-scores of 100%, ViT
and Swin-Tiny, two of the ViT-based models, performed nearly identically,
with 99.77% and 99.76% accuracy, respectively. While PiT and MobileViT
produced somewhat lower accuracies of 98.17% and 96.49%, respectively,
DeiT also showed great performance with 99.69% accuracy, indicating a trade-
off between predictive strength and lightweight design.
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With an F1-score of 99.5% and the maximum accuracy of 99.31% for
CNN architectures, ResNet50 outperformed DenseNet (99.24%) and VGG16
(99.08%). Conversely, EfficientNet (95.42%) and AlexNet (95.88%) generated
lesser scores while maintaining dependable performance.

Notably, with an accuracy of 99.85%, immaculate recall of 100%, and
a perfect F1-score, the late-fusion ensemble (ViT-ResFusion) fared better
overall than any of the separate models. This demonstrates the complementary
advantages of CNN-based and transformer-based designs, indicating that
hybrid strategies may further enhance classification robustness in medical
imaging.

Furthermore, Table I presents the results obtained before applying the Real-
ESRGAN preprocessing technique, while Table II illustrates the performance
after enhancement. A consistent 2–5% performance improvement is observed
across all models following Real-ESRGAN integration, confirming that high-
quality, super-resolved MRI inputs substantially boost model accuracy and
generalization.

TABLE I
COMPARISON OF MODEL PERFORMANCE METRICS BEFORE USING

REAL-ESRGAN

Model Name Accuracy Precision Recall F1-score
Vision Transformers (ViTs)

Swin-Tiny 95.67% 95.50% 95.75% 96.00%
ViT 96.75% 95.50% 95.75% 97.00%
DeiT 94.96% 94.75% 94.50% 94.75%
MobileViT 95.94% 95.25% 95.50% 95.25%
PiT 93.75% 93.25% 93.00% 93.25%

Convolutional Neural Networks (CNNs)
ResNet50 96.51% 96.25% 96.25% 96.50%
EfficientNet 92.24% 92.50% 92.00% 92.25%
VGG16 93.80% 93.25% 93.25% 93.00%
AlexNet 94.50% 94.75% 94.50% 94.75%
DenseNet 96.32% 96.25% 96.25% 96.25%

late-fusion ensemble
ViT-ResFusion 97.81% 97.75% 97.25% 97.00%

TABLE II
COMPARISON OF MODEL PERFORMANCE METRICS AFTER USING

REAL-ESRGAN

Model Name Accuracy Precision Recall F1-score
Vision Transformers (ViTs)

Swin-Tiny 99.76% 99.75% 99.75% 100%
ViT 99.77% 99.75% 99.75% 100%
DeiT 99.69% 99.75% 99.50% 99.75%
MobileViT 96.49% 96.50% 96.50% 96.25%
PiT 98.17% 98.25% 98.00% 98.25%

Convolutional Neural Networks (CNNs)
ResNet50 99.31% 99.25% 99.25% 99.50%
EfficientNet 95.42% 95.50% 95.00% 95.00%
VGG16 99.08% 99.25% 99.25% 99.00%
AlexNet 95.88% 95.75% 95.5% 95.75%
DenseNet 99.24% 99.25% 99.25% 99.25%

late-fusion ensemble
ViT-ResFusion 99.85% 99.75% 100% 100%

B. Model Training Matrices Over Epochs and Confusion
Matrices

Vision Transformers (ViTs)
• Swin-Tiny: The exceptional performance of the Swin Tiny model in

identifying brain cancers (glioma, meningioma, notumor, and pituitary)
on 1,311 samples is shown in Fig. 8. The confusion matrix shows
almost perfect predictions: Using a blue intensity scale (0-400), 298/300
gliomas, 306/306 meningiomas, 405/405 tumors, and 299/300 pituitary
tumors were accurately recognized with only three errors (two gliomas
were mistaken for meningiomas, and one pituitary was mistaken for
meningioma), yielding an accuracy of around 99.8%. Rapid convergence
is confirmed by training metrics over 10 epochs: accuracy, precision,

and recall increase from 0.92 to 1.0 by epoch 9 (overall best); loss
decreases from 0.3 to 0.05 by epoch 5 (best at 10); and testing (green)
curves closely match training (red), demonstrating no overfitting and
strong generalization.

Fig. 8. Training, Testing Metrics, and Confusion Matrix of Swin-Tiny for
Brain Tumor MRI Classification.

• ViT: The Base Vision Transformer (ViT) model’s training dynamics and
performance on a brain tumor classification task (glioma, meningioma,
notumor, pituitary) are depicted in the graphs in Fig. 9. The subplot
on the left shows four panels that track metrics over ten epochs. Both
training (red) and testing (green) see a significant drop in loss, which
stabilizes around 0.05 by epoch 10 (best epoch). By epoch 5 (best),
accuracy increases to approximately 1.0 for training (red) and 0.95 for
testing (green). Robust convergence without overfitting is indicated by
the precision and recall for training (red) and testing (green), which
peak at epochs 8 and 5, respectively, and remain above 0.95 after
epoch 2. Strong classification is shown in the right confusion matrix,
with only three misclassifications for the 299/300 gliomas, 304/305
meningiomas, 405/405 tumors, and 298/300 pituitary tumors that were
correctly diagnosed.

Fig. 9. Training, Testing Metrics, and Confusion Matrix of ViT for Brain
Tumor MRI Classification.

• DeiT: The training dynamics and performance of a Data-efficient
Image Transformer (DeiT) model for classifying brain tumors (glioma,
meningioma, notumor, and pituitary) are shown in the graphs in Fig.
10. Four panels spanning ten epochs make up the left subplot. For
training (red) and testing (green), loss decreases quickly, leveling out at
about 0.05 by epoch 10 (optimal for loss). By epoch 7 (best), accuracy
increases to about 1.0 for training (red) and 0.96 for testing (green).
After epoch 2, both training (red) and testing (green) precision and recall
surpass 0.95, peaking at epoch 7, indicating effective convergence with
little overfitting. With only a few small errors (2 gliomas to meningioma,
2 pituitary to meningioma), the right confusion matrix displays great
results: 298/300 gliomas, 306/306 meningiomas, 405/405 tumors, and
298/300 pituitary tumors were correctly diagnosed.

• MobileViT: For the purpose of classifying brain tumors (glioma, menin-
gioma, notumor, and pituitary), the graphs in Fig. 11 demonstrate the
training dynamics and performance of a MobileViT model. Metrics are
tracked across ten epochs in the left subplot. Training (red) and testing
(green) show a steady decrease in loss, which reaches a peak of 0.2 by
epoch 10. By epoch 10, accuracy increases to approximately 0.95 for
both training (red) and testing (green). By epoch 10, training (red) and
testing (green) precision and recall increase from approximately 0.75
to approximately 0.95, indicating steady learning without overfitting.
Solid findings are shown by the right confusion matrix, which shows
that 296/300 pituitary tumors, 290/293 meningiomas, 398/405 tumors,
and 281/300 gliomas were correctly diagnosed, whereas 32 misclassi-
fications occurred across classes.
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Fig. 10. Training, Testing Metrics, and Confusion Matrix of DeiT for Brain
Tumor MRI Classification.

Fig. 11. Training, Testing Metrics, and Confusion Matrix of MobileViT for
Brain Tumor MRI Classification.

• PiT: A Pooling-based Vision Transformer (PiT) model for classifying
brain tumors (glioma, meningioma, notumor, and pituitary) is described
by the graphs in Fig. 12. Metrics are tracked across ten epochs in the
left subplot. Training (red) and testing (green) see a steady decline
in loss, which stabilizes at about 0.1 by epoch 6 (best). By epoch 6,
accuracy increases to approximately 0.98 for training (red) and 0.96 for
testing (green). By epoch 6, training (red) and testing (green) precision
and recall increase from approximately 0.90 to approximately 0.99,
indicating good convergence without appreciable overfitting. Robust
findings are shown in the right confusion matrix, with 16 misclassifica-
tions across classes and correct diagnoses for 289/300 gliomas, 301/305
meningiomas, 399/405 tumors, and 298/300 pituitary tumors.

Fig. 12. Training, Testing Metrics, and Confusion Matrix of PiT for Brain
Tumor MRI Classification.

Convolutional Neural Networks (CNNs)
• ResNet50: With testing loss stabilizing at roughly 0.15 by epoch 8,

the ideal point for low divergence from training loss, the ResNet50
model exhibits strong training performance over 10 epochs in Fig. 13.
With effective convergence and negligible overfitting, accuracy peaks
at 0.98 for testing and 0.96 for training. High predictive dependability
is highlighted by precision and recall metrics that surpass 0.98 for
every class. With only a few small misclassifications, the confusion
matrix shows excellent classification on the brain tumor dataset: gliomas
(294/300 correct), meningiomas (304/305), no-tumors (405/405), and
pituitaries (299/300). The model’s effectiveness for medical imaging
tasks is validated by its near-perfect F1-scores.

• EfficientNet: The EfficientNet B0 model shows consistent training over
10 epochs, and by epoch 7, the optimal epoch as demonstrated by
minimal training-testing divergence, testing loss has decreased to about
0.30 in Fig. 14. With controlled overfitting, accuracy increases to 0.92
for testing and 0.95 for training. Reliable performance is indicated

Fig. 13. Training, Testing Metrics, and Confusion Matrix of ResNet50 for
Brain Tumor MRI Classification.

by precision and recall metrics that range between 0.85 and 0.95
across classes and testing scores that stabilize above 0.90. The brain
tumor dataset’s classification issues are highlighted by the confusion
matrix: gliomas (263/300 correctly classified, 37 incorrectly categorized
as meningiomas), meningiomas (292/305), no-tumors (402/405), and
pituitaries (294/300), with six pituitaries incorrectly classed as menin-
giomas and other errors dispersed throughout. In comparison to deeper
architectures, it generally produces good but imprecise F1-scores.

Fig. 14. Training, Testing Metrics, and Confusion Matrix of EfficientNet for
Brain Tumor MRI Classification.

• VGG16: The VGG16 model shows efficient training over 10 epochs,
with tight alignment with training loss indicating the best epoch in
Fig. 15, and testing loss dropping to about 0.10 by epoch 8. Both
training and testing accuracy of 0.98 show good generalization without
appreciable overfitting. Excellent predictive consistency is demonstrated
by precision and recall metrics that routinely exceed 0.98 across courses
and testing scores that peak close to 1.00. With only one pituitary
mislabeled as a meningioma and one no-tumor mislabeled as pituitary,
the confusion matrix validates robust classification on the brain tumor
dataset: gliomas (290/300 correct, 10 misclassified as meningiomas),
meningiomas (305/305), and no-tumors (405/405). This results in almost
flawless F1-scores, confirming the dependability of VGG16 for tumor
identification.

Fig. 15. Training, Testing Metrics, and Confusion Matrix of VGG16 for Brain
Tumor MRI Classification.

• AlexNet: By epoch 10, the optimal point exhibiting moderate training-
testing alignment, the AlexNet model shows consistent training over
10 epochs, with testing loss stabilizing at 0.20 in Fig. 16. Accuracy
increases to 0.95 for training and 0.94 for testing, suggesting decent
convergence with a small amount of overfitting. With testing scores
peaking at 0.95 and precision and recall metrics ranging from 0.86
to 0.96 across classes, the prediction strength is strong but varies.
On the brain tumor dataset, the confusion matrix shows significant
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classification errors: pituitaries (296/300, 3 as meningiomas), menin-
giomas (291/305, with 6 as no-tumor), gliomas (268/300 correct, 30
misclassified as meningiomas), and no-tumors (402/405). Overall, it
produces respectable F1-scores, but in difficult situations, its precision
lags.

Fig. 16. Training, Testing Metrics, and Confusion Matrix of AlexNet for
Brain Tumor MRI Classification.

• DenseNet-121: According to Fig. 17, the DenseNet-121 model exhibits
consistent training over ten epochs, with testing loss decreasing to
roughly 0.15 by epoch 10, the ideal epoch with balanced training-testing
convergence. With little overfitting visible, accuracy is 0.98 for testing
and 0.99 for training. Superior predictive dependability is shown by
precision and recall values that surpass 0.98 across classes and peak at
0.99 for testing. With isolated errors such as three meningiomas being
misclassified as pituitaries, the confusion matrix performs well on the
brain tumor dataset: gliomas (295/300 correct, 4 misclassified as menin-
giomas), meningiomas (302/305), no-tumors (405/405), and pituitaries
(299/300). This setup produces remarkable F1-scores, demonstrating the
efficacy of DenseNet-121 for accurate tumor categorization.

Fig. 17. Training, Testing Metrics, and Confusion Matrix of DenseNet-121
for Brain Tumor MRI Classification.

• Proposed late-fusion ensemble: Performance indicators for the late-
fusion ensemble, which combines Vision Transformer (ViT) and
ResNet50 for classifying brain tumors (glioma, meningioma, notumor,
and pituitary), are displayed in the accompanying graphics. With
only a few minor misclassifications (e.g., 1 glioma as meningioma;
1 pituitary as meningioma), the confusion matrix shows remarkable
accuracy: 299/300 gliomas, 306/306 meningiomas, 405/405 notumors,
and 299/299 pituitary cases were correctly identified. In Fig. 18, ViT
training curves (best at epoch 9) show that precision/recall is 0.98,
testing accuracy peaks at 0.94, and loss drops to about 0.05. The
convergence of the ResNet50 curves (best at epoch 8) is compara-
ble: precision/recall 0.99, accuracy 0.95, and loss 0.08. All things
considered, the model shows strong generalization and almost flawless
multiclass discrimination.

C. LIME analysis
The proposed late-fusion ensemble performs exceptionally well in the

LIME visualizations of brain MRI axial cross-sections for glioma identifi-
cation in Fig. 19, providing incredibly precise and focused predictions by
combining convolutional neural networks (CNNs) and vision transformers
(ViTs). By reducing noise and incorporating holistic context, this hybrid
approach produces precise, non-fragmented red-orange overlays that are
closely aligned with true tumor boundaries in the frontal and temporal lobes
bilaterally. The segmentation accuracy is significantly higher than that of
standalone models in terms of both specificity and clinical reliability. ViTs, on
the other hand, show wider coverage with 30–50% more scattered overlays,

Fig. 18. Training, testing, and confusion matrix of late-fusion ensemble.

which reflects their global perceptual processing and allows for smoother, less
fragmented regions that are excellent at integrating subtle enhancements for
early or ambiguous detections. However, in real-time applications, this comes
at the expense of higher computational demands.

In opposition to ViTs’ vast perspectives, CNN-based models, such as
DenseNet-121 and ResNet50, can appear noisier and more localized. However,
they highlight hierarchical local details in small, interconnected clusters,
producing clear, vivid highlights that are excellent for interpretable insights
in focused interventions. Because of its multi-scale architecture, the Pyramid
Vision Transformer (PiT) is the only ViT that exhibits sparsity, allowing
for effective feature extraction without undue dispersion. Consistent glioma
predictions across all architectures highlight the dataset’s resilience and
establish the late-fusion ensemble as the best-balanced option for neuro-
oncological operations, where ViTs improve contextual awareness and CNNs
offer granular precision.

VI. COMPARATIVE ANALYSIS

The Brain Tumor MRI dataset is used to compare Vision Transformers
(ViTs) with Convolutional Neural Networks (CNNs), highlighting the trade-
offs and complementary benefits of each model.

Accuracy and Predictive Performance: In comparison to CNNs, ViTs often
obtained somewhat greater accuracies. DeiT (99.69%) and ViT-Base (99.77%),
for example, marginally outperformed their CNN counterparts, ResNet-50
(99.31%) and DenseNet (99.24%). CNNs continued to be quite competitive in
spite of this disparity, providing more straightforward training pipelines with
almost identical outputs. However, the intricacy of medical imaging tasks
proved too much for lightweight CNNs like AlexNet, which only managed
95.88%, confirming their limited representational ability.

Training Efficiency: CNNs outperformed the majority of Vision Trans-
formers in terms of training efficiency. They maintained good classification
accuracy while achieving faster convergence and lower processing cost thanks
to their hierarchical convolutional structure and efficient parameter sharing.
On the other hand, because ViTs depend on self-attention mechanisms and
must simulate long-range dependencies between visual patches, they often
require more intensive training. Lightweight transformer variations like PiT
and MobileViT, on the other hand, demonstrated increased efficiency and
closed the accuracy gap with CNNs. These results imply that while ViTs
perform better when accuracy is valued above efficiency, CNNs are still quite
appropriate in situations with constrained computational resources.

Explainability and Attention Patterns: Different approaches to decision-
making were identified by LIME-based interpretability. CNNs continuously
targeted small, localized tumor locations using hierarchical convolutional fil-
ters. ViTs, on the other hand, used global self-attention mechanisms to capture
more dispersed and expansive tumor regions. Their increased accuracy was
probably aided by this global approach, particularly when dealing with tumor
boundaries that were obscure or irregularly shaped. DenseNet and ResNet-50,
two deep CNNs, showed more global behavior, which is interesting since it
suggests that dense connections can mimic transformer-like reasoning.

late-fusion ensemble Advantage: With an accuracy of 99.85%, perfect
recall (100%), and a flawless F1-score (100%), our late-fusion ensemble (ViT
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Fig. 19. LIME graphs of different ML models

+ ResNet-50) outperformed the others by combining the best features of both
paradigms. This illustrates how a more robust and dependable classifier is
created by fusing the localized feature extraction of CNNs with the global
reasoning power of ViTs, surpassing all individual models.

VII. CONCLUSION

This study offered a thorough assessment of Convolutional Neural Net-
works (CNNs), Vision Transformers (ViTs), and a suggested late-fusion
ensemble for classifying brain tumors from MRI data. According to the
comparison investigation, CNNs showed superior training efficiency and com-
putational simplicity through hierarchical convolutional feature extraction, but
ViTs generally achieved higher predictive accuracy thanks to their global self-
attention mechanisms. With CNNs concentrating on localized tumor locations
and ViTs gathering global contextual inputs, explainability analysis using
LIME further demonstrated the complementary decision-making patterns of
the two architectures.

Most significantly, with an accuracy of 99.85%, perfect recall, and a
faultless F1-score, the suggested late-fusion ensemble (ViT + ResNet-50)
performed better than any of the separate models. The benefits of combining
the localized feature extraction power of CNNs with the global reasoning
capability of ViTs are highlighted by this better performance.

The findings show that although ViTs and CNNs both perform well on
their own, combining them into a hybrid framework produces a more robust
and dependable method for classifying brain tumor MRI images. This implies
that hybrid designs, which provide improved accuracy and interpretability for
clinical decision support, have a great deal of promise for future developments
in medical imaging.

REFERENCES

[1] Reddy, C., Reddy, P. A., Janapati, H., Assiri, B., Shuaib, M., Alam, S., &
Sheneamer, A. (2024). A fine-tuned vision transformer based enhanced

multi-class brain tumor classification using MRI scan imagery. Frontiers
in oncology, 14, 1400341.
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