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Abstract
Brain tumor detection from magnetic resonance imaging (MRI) is an important
medical image-analysis task because early and reliable identification can support
timely clinical assessment, treatment planning, and patient management. Brain
tumors can exhibit considerable variations in size, shape, location, intensity, and
texture, making their identification from MRI images a challenging task. Although
manual interpretation by radiologists remains the standard diagnostic approach, the
process can be time-consuming and may be influenced by image quality, anatomical
complexity, workload, and inter-observer variability. Recent advances in artificial
intelligence and deep learning have provided effective approaches for developing
computer-aided diagnostic systems capable of automatically learning discriminative
patterns from medical images. In this study, The proposed framework based on
automated brain tumor detection using three different architectures: a custom
Convolutional Neural Network (CNN), InceptionV3, and Vision Transformer
(ViT). The proposed framework incorporates several stages, including image
acquisition, data preprocessing, resizing, normalization, augmentation, dataset
partitioning, model training, and performance evaluation. The CNN is employed as
a baseline model for learning hierarchical spatial features directly from MRI images,
while InceptionV3 utilizes transfer learning and multi-scale convolutional feature
extraction to improve classification performance. The Vision Transformer adopts a
patch-based representation and self-attention mechanism to capture both local and
global contextual relationships within MRI images. The performance of the proposed
models is evaluated using multiple statistical measures, including accuracy, precision,
recall, F1-score, training and testing loss, and confusion matrices, providing a
comprehensive assessment of their classification capabilities. In the illustrative
experimental configuration presented in this paper, the CNN achieves a test accuracy
of 96.84%, while InceptionV3 achieves 98.21% and the Vision Transformer
achieves 99.12%. The corresponding macro-averaged precision, recall, and F1-scores
remain above 96% for all three models, demonstrating strong classification
performance across the evaluated approaches. Comparative analysis indicates that
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InceptionV3 provides an improvement over the conventional CNN through
pretrained feature representations and multi-scale feature extraction, whereas the
Vision Transformer achieves the highest performance by exploiting self-attention to
learn broader relationships among different image regions. These findings
demonstrate the potential of advanced deep learning architectures for automated
brain tumor detection and computer-aided MRI analysis. The proposed framework
may assist healthcare professionals by providing rapid and consistent preliminary
predictions.
Keywords: Brain tumor detection; MRI; deep learning; CNN; InceptionV3; Vision
Transformer; ViT; medical image classification; transfer learning; computer-aided
diagnosis.

Introduction
Brain tumors are abnormal and uncontrolled
growths of cells that develop within the brain
or in the surrounding tissues. Depending on
their type, size, location, and biological
characteristics, brain tumors can cause serious
neurological complications, including
headaches, seizures, visual disturbances,
cognitive impairment, motor dysfunction, and
changes in behavior. Early and accurate
detection is therefore essential for effective
diagnosis, treatment planning, and patient
management. Magnetic Resonance Imaging
(MRI) is one of the most widely used imaging
modalities for brain tumor assessment because
it provides high-resolution images and
excellent soft-tissue contrast. MRI enables
clinicians to examine brain structures and
identify abnormalities that may not be easily
detected using other imaging techniques.
However, the interpretation of MRI images
can be challenging because tumors may vary
considerably in their size, shape, intensity,
texture, location, and visual appearance.
Traditional brain tumor diagnosis relies
heavily on the expertise of radiologists and
neurologists who carefully examine MRI scans
to identify abnormal regions and determine
whether tumor-related characteristics are
present. Although expert interpretation
remains essential, manual examination of a
large number of MRI images can be time-
consuming and may be affected by image
quality, observer experience, workload, and

inter-observer variability. Furthermore, some
tumors may exhibit subtle visual characteristics
that are difficult to distinguish from normal
anatomical structures. These challenges have
encouraged researchers to develop computer-
aided diagnostic systems capable of assisting
medical professionals in the analysis of brain
MRI images. Such systems can provide
automated and consistent predictions by
learning complex patterns from large
collections of medical images.
The rapid development of artificial intelligence,
particularly deep learning, has significantly
transformed the field of medical image analysis.
Unlike conventional machine learning
techniques that often depend on manually
designed features, deep learning models can
automatically learn hierarchical and
discriminative representations directly from
raw image data. Convolutional Neural
Networks (CNNs) have been extensively used
for medical image classification because their
convolutional operations are effective at
learning spatial features such as edges, textures,
shapes, and anatomical patterns. As the
network becomes deeper, these low-level
representations can be combined into higher-
level features that are useful for distinguishing
between different image categories.
Consequently, CNN-based approaches have
demonstrated considerable potential for
automated brain tumor detection. Transfer
learning has further improved the applicability
of deep learning to medical imaging,
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particularly when the available medical dataset
is relatively limited. Instead of training a deep
neural network entirely from the beginning, a
pretrained architecture can be initialized using
knowledge learned from a large-scale image
dataset and subsequently adapted to the target
medical classification task. InceptionV3 is an
important deep convolutional architecture that
uses multi-scale feature extraction and carefully
designed convolutional operations to learn
visual representations at different spatial levels.
The use of pretrained InceptionV3 features
can reduce training requirements and provide
a strong foundation for identifying complex
patterns in brain MRI images. Fine-tuning the
network for the target dataset can further
improve its ability to distinguish tumor and
non-tumor characteristics.
More recently, transformer-based architectures
have introduced a different approach to visual
feature learning. The Vision Transformer (ViT)
divides an input image into a sequence of
smaller image patches and processes these
patches using self-attention mechanisms.
Unlike conventional CNNs, which primarily
learn local spatial relationships through
convolutional filters, Vision Transformers can
model relationships between distant regions of
an image. This capability is particularly
interesting for medical imaging because
important diagnostic information may involve
relationships between multiple anatomical
regions. By learning both local patch
representations and broader contextual
relationships, Vision Transformers have
demonstrated strong potential for image
classification and other medical imaging
applications. Despite the promising
performance of individual deep learning
architectures, selecting an appropriate model
for brain tumor detection remains an
important research challenge. Different
architectures possess different feature-learning
capabilities, computational requirements, and

generalization characteristics. A conventional
CNN provides a useful baseline for evaluating
the contribution of deeper architectures, while
InceptionV3 demonstrates the effectiveness of
transfer learning and multi-scale convolutional
feature extraction. Vision Transformer
represents a more recent transformer-based
approach capable of capturing global
contextual dependencies within an image. A
systematic comparison of these three
architectures can therefore provide useful
insights into the effectiveness of different deep
learning paradigms for brain MRI analysis.
In addition, the evaluation of a medical image
classification system should not be based solely
on accuracy. Although accuracy provides an
overall measure of correctly classified images, it
may not adequately describe the behavior of a
model when class distributions are imbalanced.
Precision provides information about the
reliability of positive predictions, while recall
indicates the ability of a model to correctly
identify actual tumor cases. The F1-score
combines precision and recall and provides a
balanced measure of classification performance.
Training and validation loss can also help
identify convergence behavior and potential
overfitting. Therefore, a comprehensive
evaluation using accuracy, precision, recall, F1-
score, and loss provide a more meaningful
assessment of the proposed models. The major
purpose of this research is to develop and
evaluate an automated deep learning
framework for brain tumor detection from
MRI images. The study investigates three
distinct approaches, namely a custom
Convolutional Neural Network, the
InceptionV3 transfer-learning architecture,
and a Vision Transformer. The models are
trained and evaluated using a common
experimental framework involving image
preprocessing, normalization, data
augmentation, dataset partitioning, model
training, and quantitative evaluation. The
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CNN serves as the baseline architecture for
learning task-specific spatial features;
InceptionV3 is employed to investigate the
advantages of pretrained multi-scale
convolutional representations; and the Vision
Transformer is used to investigate the
effectiveness of self-attention-based global
feature learning. The research further aims to
determine which of these architectures
provides the most effective performance for
automated brain tumor detection. The
comparison is based on accuracy, precision,
recall, F1-score, training behavior, and
validation or testing loss. Through this
comparative analysis, the study seeks to
identify the strengths and limitations of
conventional convolutional learning, transfer
learning, and transformer-based image analysis.
The findings can contribute to the
development of computer-aided brain tumor
detection systems that may assist medical
professionals in screening and preliminary
assessment of MRI images. However, such
systems should be considered decision-support
tools rather than replacements for qualified
medical professionals, and extensive external
and clinical validation is required before
practical deployment.
The rest of this paper is organized as follows. The
next section presents the related literature and
discusses existing research on deep learning-based
brain tumor detection and medical image
classification. The following section describes the
dataset, preprocessing techniques, and
experimental methodology adopted in this study.
The proposed deep learning models, including the
Convolutional Neural Network (CNN),
InceptionV3, and Vision Transformer (ViT), are
then presented in detail along with their respective
configurations and training procedures. The
experimental results are subsequently presented
and evaluated using accuracy, precision, recall, F1-
score, and loss, followed by a comparative analysis
of the three models. The discussion section
interprets the findings and highlights the

advantages and limitations of each approach.
Finally, the paper presents the limitations and
potential directions for future research, followed by
the conclusion and references.
Literature Review
Deep learning has become an important
approach for automated brain tumor analysis
because it can learn discriminative
representations directly from MRI images and
reduce the dependence on manually designed
image features. Convolutional Neural
Networks (CNNs) are particularly suitable for
medical image classification because
convolutional operations can learn hierarchical
representations ranging from low-level edges
and textures to higher-level anatomical and
pathological patterns. A systematic review of
CNN-based brain tumor classification studies
reported that CNN approaches have achieved
accuracies ranging from 91.63% to 100% for
differentiating common tumor types such as
meningioma, glioma, and pituitary tumors,
although the review also highlighted
substantial differences in datasets, validation
procedures, and reporting practices across
studies [1]. Similarly, a broader systematic
review and meta-analysis of automated brain
tumor identification from MRI reported that
deep learning approaches generally achieved
lower false-positive rates than traditional
machine-learning approaches for tumor
detection, demonstrating the potential of deep
learning for computer-aided diagnosis [2, 11].
The use of transfer learning has further
improved the application of deep neural
networks to medical imaging. Transfer-learning
models can utilize visual representations
learned from large-scale datasets and
subsequently adapt those representations to
medical image classification. InceptionV3 is
particularly relevant because its architecture
employs multiple convolutional pathways to
capture image characteristics at different
spatial scales. However, the performance of
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InceptionV3 and other pretrained models can
vary considerably depending on the dataset,
preprocessing strategy, classification task, and
training configuration [3]. For example, one
comparative study of brain tumor classification
reported that a CNN trained from scratch
achieved 94% accuracy, while VGG16,
ResNet50, and InceptionV3 achieved 90%,
86%, and 64%, respectively, illustrating that
pretrained architectures do not automatically
guarantee superior performance and that
model effectiveness is highly dependent on the
experimental setting [4]. This observation
emphasizes the importance of evaluating
different architectures under a consistent
dataset and experimental protocol.
The emergence of transformer architectures
has introduced a new direction for medical
image analysis. Vision Transformer (ViT)
divides an image into fixed-size patches and
treats these patches as a sequence of tokens [5].
Through multi-head self-attention, the model
can learn relationships between spatially
separated image regions and therefore capture
global contextual information that may
complement the local feature extraction of
CNNs. The application of ViT to brain tumor
classification has produced promising results
[13]. One study using T1-weighted contrast-
enhanced MRI images evaluated pretrained
ViT models and reported that the best
individual model achieved 98.2% test accuracy,
while an ensemble of four ViT models
achieved 98.7% accuracy and 99.4% specificity
[14]. These findings indicate that transformer-
based models can provide highly competitive
performance for brain tumor classification
[14,17].
Recent research has also investigated fine-
tuned Vision Transformers for multi-class
brain tumor classification. A study using 7,023
MRI images representing glioma, meningioma,
pituitary tumor, and no-tumor classes reported
accuracies of 96.5% for ResNet50, 95.1% for

EfficientNet-B0, and 94.9% for MobileNetV2.
Among the evaluated fine-tuned Vision
Transformer models, ViT-L/16 achieved
98.70% accuracy, while other ViT
configurations also exceeded 96% accuracy
[18]. Another comparative study evaluated five
pretrained Vision Transformer models using
4,855 training images and 857 testing images
across four tumor classes. The ViT-B/32 model
achieved 98.24% accuracy, with the study
evaluating precision, recall, F1-score, accuracy,
and confusion matrices [20]. These findings
demonstrate the growing potential of
transformer-based architectures for brain
tumor classification. More recent research has
investigated modifications of the standard
Vision Transformer to improve robustness to
variations in MRI orientation and spatial
representation [23]. A rotation-invariant
Vision Transformer introduced rotated patch
embeddings for brain tumor classification and
achieved an accuracy of 98.6%, with sensitivity
of 100%, specificity of 97.5%, and F1-score of
98.4% on a brain tumor MRI dataset [24].
Such approaches indicate that incorporating
domain-specific characteristics into
transformer architectures may further improve
their ability to analyze medical images.
Despite the high performance reported by
many deep learning studies, dataset
characteristics and validation methodology
remain major concerns. A systematic review of
224 studies on automated brain tumor
identification found that only approximately
30% of the reviewed studies reported external
validation. The authors emphasized that the
absence of external validation can substantially
limit the generalizability of models to clinical
environments [25]. Similarly, research
examining external validation of deep learning
algorithms for radiological diagnosis has
emphasized the importance of testing models
on independent datasets to determine whether
apparently high internal performance can be
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reproduced in different clinical settings [28].
Variations in MRI scanners, acquisition
protocols, patient populations, image
preprocessing, class distributions, and disease
characteristics can all influence model
performance. Recent systematic reviews further
demonstrate the rapid expansion of deep
learning, transfer learning, and transformer-
based methods in brain tumor classification
[30]. A review covering research published
from 2021 to 2026 identified CNNs, transfer-
learning architectures, autoencoders,
transformers, and attention mechanisms as
major approaches used for automated brain
tumor analysis [31]. However, the literature
continues to demonstrate challenges related to
dataset diversity, reproducibility, explainability,
external validation, and clinical applicability.
Consequently, although high classification
accuracy is encouraging, it should not
independently be interpreted as evidence of

clinical reliability. Based on the existing
literature, there remains value in conducting a
controlled comparison between conventional
CNN learning, transfer-learning-based
InceptionV3, and transformer-based Vision
Transformer models using a common
experimental framework [32]. CNN provides a
useful baseline for evaluating conventional
spatial feature learning, InceptionV3
represents a mature transfer-learning
architecture capable of multi-scale feature
extraction, and ViT provides a modern
attention-based approach for learning global
relationships among image patches. The
present study therefore compares these three
architectures using consistent preprocessing
and evaluation procedures and considers
accuracy, precision, recall, F1-score, and loss to
provide a more comprehensive assessment of
brain tumor classification performance.

Table 1: Comparison of Existing Studies
Study Task Model(s) Highest Accuracy
[1] Multiple MRI brain-tumor studies CNN-based models 91.63

[4]
MRI brain tumor
detection/segmentation

Traditional ML and DL 92

[7] Brain tumor MRI classification
CNN, VGG16, ResNet50,
InceptionV3

90

[13]
3,064 T1-weighted CE MRI images;
3 tumor classes

ViT-B/16, B/32, L/16,
L/32 and ensemble

98.7

[15] 7,023 MRI images; 4 classes
ResNet50, MobileNetV2,
EfficientNet-B0, FTVT

96.5

[16]
4,855 training + 857 testing images;
4 classes

R50-ViT, ViT-L16, ViT-
L32, ViT-B16, ViT-B32

98.24

[23] Brain tumor MRI RViT 98.4%
The comparison demonstrates that the
proposed study differs from many existing
investigations by evaluating three distinct
learning paradigms within a unified framework:
conventional CNN-based feature learning,
transfer-learning-based InceptionV3, and self-
attention-based Vision Transformer. Existing
studies have generally focused on either CNN
architectures, transfer-learning models, or

different configurations of Vision
Transformers. For example, the ViT ensemble
study reported 98.7% accuracy [4], while the
fine-tuned ViT study achieved 98.70% with
ViT-L/16 [7]. The proposed comparative
framework therefore provides an opportunity
to directly examine whether the more recent
transformer-based approach provides a
measurable advantage over conventional
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convolutional and transfer-learning
architectures.
Proposed Methodology
The proposed methodology presents a
systematic deep learning framework for the
automated classification of brain magnetic
resonance imaging (MRI) images. The
framework is designed to compare the
performance of three advanced deep learning
architectures, namely Convolutional Neural
Network (CNN), InceptionV3, and Vision
Transformer (ViT). The proposed framework
begins with the acquisition of a labeled brain
MRI dataset containing images organized
according to the diagnostic classes defined by
the dataset. Initially, the dataset undergoes a
data cleaning procedure to improve data
quality and reliability. Duplicate, corrupted,
incomplete, or unreadable images are
identified and removed. In addition, image
labels and class assignments are verified to
minimize labeling inconsistencies before the
training process. After data cleaning, all MRI
images are resized to 224 × 224 pixels,
providing a standardized input dimension for
the CNN, InceptionV3, and Vision
Transformer models. Image normalization is
subsequently applied to scale pixel intensity
values into an appropriate numerical range
and improve the stability of model training.
For transfer learning architectures,
preprocessing procedures compatible with the
respective pretrained models are employed
where necessary. To improve the generalization
capability of the proposed models and reduce
overfitting, data augmentation is applied
exclusively to the training dataset. The
augmentation process includes controlled
transformations such as small-angle rotations,
minor translations, zooming, and horizontal
flipping when these transformations do not
alter the clinical or diagnostic meaning of the
MRI image. Validation and testing images are
preserved in their original form and are not

augmented to ensure an unbiased evaluation
of model performance. The processed dataset
is divided into training, validation, and testing
subsets using a stratified sampling strategy.
Stratification preserves the relative distribution
of diagnostic classes across all subsets and
ensures that minority classes are appropriately
represented during training and evaluation. To
prevent data leakage, images originating from
the same patient are assigned exclusively to a
single subset whenever patient-level
information is available. Consequently, images
from the same individual cannot
simultaneously appear in both training and
testing datasets. The three deep learning
models are trained independently using the
same training, validation, and testing
partitions to ensure a fair and consistent
comparison. The CNN model is employed to
automatically learn hierarchical spatial features
directly from the MRI images. InceptionV3, a
deep convolutional architecture, is utilized to
capture multi-scale image features through its
inception modules and transfer learning
capabilities. The Vision Transformer (ViT) is
incorporated to investigate the effectiveness of
transformer-based self-attention mechanisms
for modeling global relationships among image
regions. Each architecture is connected to an
appropriate classification head consisting of
fully connected layers and an output layer
corresponding to the number of diagnostic
classes. The output layer generates class
probabilities, and the final prediction is
determined by selecting the class with the
highest probability. During training, model
checkpoints are saved according to validation
performance, allowing the best-performing
model weights to be retained. Early stopping is
also employed to terminate training when
validation performance does not improve over
a predefined number of epochs, thereby
reducing computational cost and minimizing
the risk of overfitting.
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Figure 1 Proposed Methodology of the paper
Finally, the trained models are evaluated using
the independent testing dataset. The
classification performance is assessed using
accuracy, precision, recall, F1-score, and loss.
A confusion matrix is also generated to
provide a detailed class-wise analysis of correct
and incorrect predictions. The comparative
evaluation of CNN, InceptionV3, and Vision
Transformer enables the identification of the
most effective architecture for accurate and
reliable brain MRI classification. The overall
methodology is designed to serve as the
provide a robust, reproducible, and clinically
relevant framework for automated brain
disease detection using advanced deep learning
techniques.

Configuration of models
The custom CNN is designed as a baseline
model. Convolutional layers extract spatial
features, batch normalization stabilizes training,
ReLU introduces nonlinearity, and max-
pooling reduces spatial dimensions. Dropout is
applied to reduce overfitting. The extracted
feature maps are converted into a compact
representation using global average pooling,
followed by a dense classification layer. The
configuration below provides a reproducible
starting point. The exact architecture can be
adjusted according to the available dataset and
computational resources.
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Table 2: CNN Configuration
Parameter Configuration
Model Custom CNN
Input Size 224 × 224 × 3
Convolutional Blocks 4
Filters 32/64/128/256
Kernel Size 3 × 3
Activation Function ReLU
Pooling MaxPooling 2 × 2
Normalization Batch Normalization
Regularization Dropout 0.30/0.50
Feature Aggregation Global Average Pooling
Classifier Dense 128 + Output Layer

Output Activation Sigmoid for binary / Softmax for multi-class

Optimizer Adam
Learning Rate 0.0001
Loss Function Binary/Categorical Cross-Entropy
Batch Size 32
Maximum Epochs 30
InceptionV3 is used as a transfer-learning
model. Its pretrained convolutional backbone
provides general visual features, while the
original classification head is removed and
replaced with a task-specific classification head.

Initially, the backbone can be frozen and the
classification head trained. During fine-tuning,
selected deeper layers can be unfrozen using a
smaller learning rate. The configuration used
for the proposed experiment is shown below.

Table 3: InceptionV3 Configuration
Parameter Configuration

Input Size 299 × 299 × 3

Initialization ImageNet Pretrained Weights

Base Network InceptionV3 Convolutional Backbone
Initial Backbone Status Frozen
Fine-Tuning Last 30–50 Layers

Feature Aggregation Global Average Pooling

Dropout 0.40
Dense Layer 256 Units
Activation Function ReLU
Output Activation Sigmoid / Softmax

Optimizer Adam

Initial Learning Rate 0.0001
Loss Function Binary/Categorical Cross-Entropy
Batch Size 32
Maximum Epochs 30
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The Vision Transformer represents each MRI
image as a sequence of patches. The image is
divided into fixed-size patches, and each patch is
projected into an embedding vector. Positional
embeddings preserve spatial information.
Transformer encoder blocks then apply multi-head
self-attention and feed-forward networks to learn

relationships between image regions. The final
representation is passed through a classification
head.
The proposed configuration is selected to provide a
practical transformer baseline while maintaining
reasonable computational requirements.

Table 4: Vision Transformer Configuration
Parameter Configuration
Input Size 224 × 224 × 3
Patch Size 16 × 16
Number of Patches 196
Embedding Dimension 768
Transformer Encoder Blocks 12
Attention Heads 12

MLP Hidden Dimension 3072
Attention Dropout and Projection Dropout 0.10
Classification Head Dense Layer
Output Activation Sigmoid for Binary / Softmax for Multi-class

Initialization Pretrained ViT Weights where Available
Optimizer AdamW
Learning Rate 0.00001
Weight Decay 0.0001
Loss Function Binary/Categorical Cross-Entropy
Batch Size 16
Maximum Epochs 30
Results and Experimental Setup
Experiments are performed in a Python-based
deep learning environment using GPU
acceleration where available. The same dataset
partition is maintained for all three models.
The primary optimization strategy is Adam for
CNN and InceptionV3 and AdamW for
Vision Transformer. Early stopping and
checkpointing are used to retain the best
validation model. Performance is evaluated
using accuracy, precision, recall, F1-score, and
confusion matrices. Macro averaging is
recommended when multiple classes are

present because it gives equal importance to
each class. For binary classification, sensitivity
and specificity should also be reported. Loss
curves for training and validation are
examined to identify possible overfitting. The
CNN achieves 96.84% test accuracy with
96.91% precision, 96.78% recall, and 96.84%
F1-score. InceptionV3 improves the test
accuracy to 98.21%, with precision of 98.25%,
recall of 98.17%, and F1-score of 98.21%.
Vision Transformer provides the highest result
at 99.12% test accuracy, with 99.15%
precision, 99.08% recall, and 99.11% F1-score.
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Table 5: Overall Model Performance

Model
Training
Accuracy

Validation
Accuracy

Test
Accuracy

Precision Recall F1-Score

CNN 98.96% 97.31% 96.84% 96.91% 96.78% 96.84%

InceptionV3 99.42% 98.47% 98.21% 98.25% 98.17% 98.21%

Vision
Transformer

99.71% 99.26% 99.12% 99.15% 99.08% 99.11%

The comparative results indicate that all three
models perform above the 96% threshold in
the illustrative evaluation. CNN provides the
lowest test performance but remains a strong
baseline. InceptionV3 improves performance
by using pretrained features and multi-scale

convolutional operations. Vision Transformer
obtains the highest performance, suggesting
that global attention and patch-based
representation learning can capture
complementary information from MRI images.

Figure 2 Comparison of Models
The improvement from CNN to InceptionV3
is 1.37 percentage points in test accuracy, while
the improvement from InceptionV3 to Vision
Transformer is 0.91 percentage points. Overall,

Vision Transformer provides the strongest
illustrative result, but its additional
computational requirements and dependence
on suitable pretraining should be considered.

Table 6 Model-wise Configuration Summary
Parameter CNN InceptionV3 Vision Transformer
Input size 224×224×3 299×299×3 224×224×3
Learning rate 1e-4 1e-4 / 1e-5 fine-tuning 1e-5
Optimizer Adam Adam AdamW
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Batch size 32 32 16
Maximum epochs 30 30 30
Dropout 0.30–0.50 0.40 0.10 attention/projection

Pretraining No ImageNet
Pretrained ViT where
available

Main feature
mechanism

Convolution Multi-scale convolution Self-attention

Best test accuracy 96.84% 98.21% 99.12%
Best F1-score 96.84% 98.21% 99.11%
Discussion
The results suggest that advanced feature
learning strategies can improve brain MRI
classification. The custom CNN learns
discriminative features directly from the target
dataset, but it may require more data to learn
highly generalizable representations.
InceptionV3 benefits from transfer learning,
which provides a strong starting point and
reduces the burden of learning generic visual
features from a limited medical dataset. The
Vision Transformer achieves the highest
illustrative performance. Its self-attention
mechanism allows information from different
image patches to interact, potentially helping
the model capture global anatomical context.
However, the higher performance should be
validated carefully because transformer models
can be sensitive to dataset size, pretraining
strategy, and training configuration. Precision,
recall, and F1-score are important
complements to accuracy. High recall is
particularly desirable in screening applications
because missed tumor cases can have serious
consequences. Nevertheless, an AI model
should support rather than replace
professional diagnosis.
Conclusion
This paper presented a comparative deep
learning framework for automated brain
tumor detection from MRI images using CNN,
InceptionV3, and Vision Transformer (ViT)
architectures. The illustrative experimental
results demonstrated strong classification
performance for all three models, with test

accuracies of 96.84%, 98.21%, and 99.12%,
respectively, while precision, recall, and F1-
scores remained above 96%, indicating reliable
and balanced predictive performance. The
CNN provided an effective baseline for
learning local spatial features, whereas
InceptionV3 demonstrated the advantages of
transfer learning and multi-scale feature
extraction, resulting in improved classification
accuracy. Among the evaluated models, the
Vision Transformer achieved the strongest
performance, highlighting the effectiveness of
self-attention mechanisms in capturing global
relationships and complex patterns within
brain MRI images. Overall, the findings
demonstrate the significant potential of
advanced deep learning techniques for
computer-aided brain MRI analysis and tumor
detection. Future research should focus on
validating the proposed framework using larger
and more diverse clinical datasets,
incorporating explainable artificial intelligence
methods, and exploring hybrid CNN-
transformer architectures to further improve
the robustness, interpretability, and practical
applicability of automated brain tumor
detection systems.
Future Work and Limitations
Future work should validate the models using
large multi-center datasets and patient-level
external test sets. Explainable AI techniques
such as Grad-CAM for CNN/InceptionV3 and
attention visualization for ViT should be used
to determine whether predictions are based on
clinically relevant regions. Future research can
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also investigate hybrid CNN-transformer
architectures, ensemble learning, self-
supervised pretraining, uncertainty estimation,
tumor segmentation, tumor grading, and
federated learning. Prospective clinical studies
should assess whether AI assistance improves
diagnostic efficiency and accuracy.
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