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ABSTRACT

Brain tumor (BT) classification plays a vital role in computer-aided diagnosis, as early detec-
tion directly influences treatment planning and patient survival. Advances in artificial intelli-
gence, particularly in machine learning (ML) and deep learning (DL), have greatly improved
automated tumor identification from magnetic resonance imaging (MRI), reducing reliance
on manual assessment. This study proposes a hybrid framework that combines generative
adversarial networks (GANSs), convolutional neural networks (CNNs), and Vision Transformers
(ViTs) for accurate tumor classification. GANs are used to generate realistic synthetic MRI
images, addressing data scarcity and increasing dataset diversity. CNNs extract discrimina-
tive deep features, accelerating training while limiting overfitting. These features are then
processed by a ViT model, capable of capturing complex spatial relationships within medi-
cal images. Experimental results show that the proposed ViT-CNN-GAN approach achieves
97.36% accuracy, outperforming conventional methods. Overall, this framework demon-
strates the potential of advanced DL models to strengthen MRI-based tumor diagnosis and
support more reliable clinical decision-making.

KEYWORDS
brain tumor (BT), generative adversarial networks (GANs), VGG-16, ResNet50, Vision
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1  INTRODUCTION

The brain is commonly recognized as the most intricate organ of the human body
and a core element of the nervous system. It is composed of highly specialized tis-
sues and neural cells responsible for controlling vital functions such as breathing,
movement coordination, and sensory processing. Given its essential role, the timely
identification of brain tumors remains a major priority in both clinical care and
biomedical research [1].
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Cancer is still one of the top diseases causing death around the world and a signif-
icant factor affecting life expectancy across nations. In 2020, brain tumors accounted
for 1.6% of all tumors in the human body and 2.5% of tumor-related deaths. Given
the continually rising frequency of brain cancers worldwide, the World Health
Organization (WHO) has highlighted their screening, diagnosis, and treatment as
a critical public health priority [2]. The abnormal development of brain tissue is
the hallmark of a brain tumor. Unlike many other tumor types, brain tumors typi-
cally expand locally and rarely metastasize beyond the brain. This localized growth
makes classification particularly challenging, as brain tumors can develop in differ-
ent parts of the nervous system [3]. Our study’s main goal is to enhance brain tumor
(BT) classification using magnetic resonance imaging (MRI) images and neural net-
work architectures.

Numerous techniques have been created to automate the prediction of tumors in
medical images, many of which leverage machine learning (ML) techniques. These
methods generally consist of two primary steps: feature extraction (FE) and the
application of a classification model. Sharma et al. [4] highlighted the vital impor-
tance of human life in society, particularly within the medical field, emphasizing the
necessity of timely intervention, identification, and categorization of brain tumors.
Addressing the challenge of classification often involves FE and classification
through ML algorithms. In this context, Saba et al. [5] presented a novel method for
BT early detection and classification, such as ischemic strokes and gliomas, utilizing
ML techniques combined with FE algorithms.

Although these approaches have shown positive results, they face limitations,
particularly when working with large datasets. In contrast, deep learning (DL)-based
techniques have proven highly effective in managing extensive data. Heba Mohsen
et al. [6] proposed an innovative method employing a deep neural network (DNN)
for categorizing BT images. They segmented images employing fuzzy C-means, using
Discrete Wavelet Transformations (DWT) to extract features, and applying princi-
pal component analysis (PCA) to reduce dimensionality. Similarly, a method using
convolutional neural networks (CNNs) was presented by Milica M. Badza et al. [7]
to identify and categorize brain malignancies, namely meningiomas, gliomas, and
pituitary tumors.

Transfer learning is a method that allows information gathered from a model
that’s already been trained to be used with a fresh dataset. Arshia et al. [8] utilized
and analyzed various CNN models, such as AlexNet, GoogleNet, and VGG-16, to
enable the identification and classification of brain cancers based on MRI images.

This study introduces a creative approach for BT classification by integrating
GANs, CNNs, and Vision Transformers (ViTs). Our approach addresses critical diffi-
culties in using GANs for medical image analysis for synthetic image generation to
enhance data diversity, CNNs for effective FE and optimized model training, and ViTs
for capturing intricate spatial dependencies. The proposed methodology ensures
improved classification accuracy, increased robustness against variations, and a
promising possibility of early BT identification, thereby contributing to advance-
ments in computer-aided diagnosis.

The rest of this paper is structured as follows: Section 2 presents an overview of
related work, highlighting key advancements and challenges. Section 3 outlines the
methodologies and techniques utilized in our proposed approach. In Section 4, we
introduce and analyze the experimental solutions attained. Lastly, Section 5 pro-
vides a conclusion summarizing our findings and suggests directions for subsequent
research that are outlined.
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2 RELATED WORK

This unit aims to provide a complete analysis of previous studies focused on
the application of FE techniques, ML, DL architectures, auto-encoders, and trans-
former models in identifying and categorizing brain cancers. Numerous studies in
this area emphasize early disease detection through non-invasive CAD techniques,
effectively reducing reliance on surgical or invasive procedures. Sekhar et al. [9]
developed a fully automated CAD system designed to improve the precision of early
BT detection. Their methodology incorporates an automatic feature selection mech-
anism combined with a hybrid approach utilizing support vector machine (SVM)
and K-nearest neighbor (KNN) classifiers. This framework significantly advances
the field by enhancing both the accuracy and efficiency of BT classification. Several
image-processing architectures have been explored for disease detection and classi-
fication. Our study focuses on the earlier prediction of brain tumors, nearly aligning
with the referenced work. These investigations operate in the similar field of medi-
cal imaging, employing similar computer vision techniques. However, our proposed
approach demonstrated superior performance, surpassing numerous modern mod-
els of brain tumor classification accuracy.

Several deep CNNs have been pre-trained and are actively utilized for extract-
ing high-level features from magnetic resonance images. These networks are essen-
tial to capturing intricate patterns and structural details within medical imaging,
improving the precision of disease identification and classification. Amin et al. [10]
developed a methodology for segmenting and classifying brain tumors utilizing DNN
and MRI. DL has shown itself to be a successful strategy for solving classification
challenges. Sultan et al. [11] presented a DL technique that employs CNNs to detect
and classify several kinds of brain tumors, which include Meningioma, Glioma, and
Pituitary tumors. In a similar vein, Anaraki et al. [12] proposed a new technique
that combines CNNs with a genetic algorithm to categorize brain tumors using MRL
In another study, Hiseyin and Engin [13] presented an innovative technique that
makes use of CNNs’ FE capabilities to categorize brain and liver cancers, the signal
processing potential of DWT, and the long-term memory feature for signal classifica-
tion. Additionally, Parnian Afshar et al. [14] developed a technique that divides brain
tumors into three groups: Gliomas, Pituitaries, and Meningiomas, employing CNNs
within the CapsuleNet architecture and applying MRI images. These approaches
are widely used for quick recognition and prediction of brain tumor-related out-
comes. This study conducts a comparative analysis to determine the approach that
works well for the given assignment and to present the corresponding findings.
While these approaches demonstrate high accuracy, their effectiveness often dimin-
ishes when applied to large-scale datasets, posing challenges in handling extensive
medical image databases. Javeria et al. [15] employed a FE approach that integrated
multiple techniques, including Gabor wavelet features (GWF), histograms of ori-
ented gradients (HOG), local binary patterns (LBP), and segmentation-based frac-
tal texture analysis (SFTA). By combining these methods, they generated a hybrid
feature vector designed to enhance texture representation and improve classifica-
tion performance. In the field of computer vision, a promising strategy for enhanc-
ing classification performance involves integrating multiple techniques, such as
merging and fusing feature vectors obtained from different extraction methods.
This approach leverages complementary information from diverse features, lead-
ing to more robust and accurate classification results. Mostafa et al. [16] utilized a
fusion-based strategy that integrated texture and morphometric characteristics to
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investigate a possible biomarker for diagnosis for brain tumors. Their study aspired
to enhance category accuracy by leveraging the complementary strengths of these
features, ultimately improving the reliability of tumor identification. An alterna-
tive method that emphasizes capturing direct correlations between images could
offer enhanced effectiveness for brain image analysis when compared to traditional
convolutional neural networks. Hossain et al. [17] leveraged ViTs as a classification
framework and introduced a transfer learning-based multiclass classification model
to enhance classification accuracy. Within this scope, convolutional autoencoders
serve as a widely adopted neural network architecture for image processing tasks,
primarily focusing on capturing spatial dependencies within input data to support
diverse image analysis applications. Nayak et al. [18] conducted an inventive deep
autoencoder-based exploratory analysis of BT data. These autoencoders were used
to create a condensed version of the input data, which was then rebuilt to resemble
the initial data. This approach facilitated both the prediction and the disease’s clas-
sification by leveraging the representations of the learned data. Anaya-Isaza et al.
[19] proposed a different strategy utilizing transformers for BT classification, using
self-attention processes to record complex spatial features and enhance diagnostic
accuracy. Afshar et al. [20] integrated advanced Capsule Networks (CapsNets) into
their framework, allowing the model to process contextual information from sur-
rounding brain tissues while maintaining a strong focus on tumor localization. By
incorporating tumor boundary details as supplementary inputs within the pipe-
line, their approach enhanced CapsNet’s ability to capture spatial hierarchies and
improve classification accuracy.

The previously discussed FE and classification techniques face several chal-
lenges, including reliance on extensive datasets, high computational costs, and
difficulties in interpretability. To overcome these limitations, ongoing advance-
ments in computer vision are needed to develop models that are more efficient,
require less training data, and provide greater transparency in decision-making.
Enhancing FE techniques with improved architectures can lead to better general-
ization capabilities, reducing dependency on large annotated datasets while main-
taining high accuracy in tumor classification. Exploring innovative approaches
that surpass these constraints is essential for improving predictive performance in
medical imaging.

In medical diagnostics, real-time decision-making is critical, particularly in
urgent scenarios where timely and accurate assessments can significantly impact
patient outcomes. Evaluating the inference of a model’s speed and computational
efficiency is important to ensure its practical deployment in clinical environments.
Achieving a balance between rapid processing and high diagnostic accuracy is neces-
sary for developing reliable automated systems that assist healthcare professionals.
Therefore, optimizing classification models to operate efficiently while maintaining
precision remains a crucial objective in advancing methods for identifying and clas-
sifying brain tumors [21].

The essential contributions of this study may be summarized in the following
order: Standard image processing methods were used throughout the preprocessing
stage to improve data Integrity and optimize subsequent analysis. FE was conducted
using two DL architectures, VGG-16 and ResNet50, to capture pertinent patterns,
accelerate training, reduce overfitting, and improve classification reliability. The
extracted features were then fused into a unified vector and fed into a ViT for final
classification. To ensure the efficacy of the proposed approach, a comprehensive
evaluation was performed at each stage to refine the methodology. The findings
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demonstrate the capacity of this framework for early BT diagnosis using cutting-edge
computer vision and DL methods for medical applications.

3  COMPUTATIONAL FRAMEWORK AND METHODS

This section presents the overall structure of our suggested methodology.
Figure 1 offers a detailed breakdown of the architectural parts intended for BT
classification. The proposed strategy is structured into three main phases: data
preparation, identifying characteristics using DL (GAN, VGG-16, and ResNet50), and
classification using ViT, each playing a pivotal role in the workflow. Initially, we
describe the dataset employed in this study (Section 3.1). Before moving on to the
next stage (Section 3.2), the MRI pictures go through preprocessing techniques to
improve quality. In the next phase, a GAN architecture is utilized to produce syn-
thetic yet realistic images, while CNN-based architectures are leveraged to extract
features, speed up model training, and reduce overfitting (Section 3.3). Lastly, a
RandomForestRegressor is applied to assess the GAN-generated images and retain
the most relevant ones for classification with ViTs (Section 3.4). The following sub-
sections provide an in-depth discussion of these fundamental components:
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Fig. 1. GAN-CNN-ViT-based architecture for BT classification

3.1 Overview of the data

In this study, we utilized brain MRI images from the freely accessible Kaggle
MRI dataset for BT [22]. This dataset comprises 253 MRI scans categorized into two
classes: 155 images labeled as ‘yes’ for tumorous cases and 98 images labeled as
‘no’ for non-tumorous cases. These MRI scans serve as the foundational data for
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our study, enabling the exploration of distinct imaging characteristics associated
with brain tumors. To enhance the dataset, improve classification performance,
and prevent overfitting, we employed a Generative Adversarial Network to gen-
erate additional synthetic MRI images, increasing the dataset tenfold (from 253 to
2530 images) in practice. The extracted features from both real and synthetic images
were then processed using CNN to capture meaningful patterns. Finally, a Vision
Transformer model was utilized for classification, leveraging its ability to analyze
spatial dependencies and improve diagnostic accuracy. This hybrid approach inte-
grates the strengths of GANs and ViTs to achieve a robust and efficient classification
framework.

To ensure a robust and reliable evaluation of the proposed model, a 5-fold
cross-validation strategy was adopted during the dataset partitioning process.
Specifically, the dataset was divided into five equally sized subsets, where in each
iteration, 80% of the data were used for training and 20% for validation. The final
performance was reported as the average of the results obtained across all folds,
thereby reducing evaluation bias and improving the generalization capability of
the model. The distribution of the dataset across different categories is presented
in Table 1.

Table 1. Dataset partitioning using 5-fold cross-validation for the GAN-augmented dataset

Number of Images Percentage of Images [%]
SteP Tumorous Non-Tumorous Total Tumorous Non-Tumorous Total
Train 1518 506 2024 75 25 80
Validation 380 126 506 75 25 20

3.2 Data preparation

The implementation of preprocessing techniques to refine datasets and extract
meaningful information for classifier input has gained significant traction in the
domains of computer vision and image processing [23]. These methods enhance data
quality, improve feature representation, and ultimately contribute to more accurate
predictive outcomes. In this study, we employ widely recognized image-processing
techniques, with the essential strategies utilized in this phase detailed in the follow-
ing sections.

e Data Crop

A significant portion of the brain MRI images in our dataset contains unnec-
essary background regions, which can negatively impact classification accuracy.
To address this issue, it is essential to crop the images to retain only the most rel-
evant information [24]. In this study, we use a cropping technique that identifies
prominent feature points and extracts a specific region of interest based on these
boundaries. There are five essential phases in the process: We load the actual MRI
pictures first. Next, we use thresholding to generate binary masks, which help in
segmenting the area of interest. In the third step, we perform dilation and erosion
operations to minimize noise and enhance the quality of segmentation. Then,
we identify the four extreme points—top, bottom, left, and right—based on the
largest contour of the thresholder image. Finally, we crop the image according to
these extreme points to isolate the brain region, followed by bicubic interpolation
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to standardize the image size. Figure 2 provides a visual representation of the
cropping procedure applied to our dataset.
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Fig. 2. Sequential steps in the image cropping process: (a) original MRI image; (b) image after binary
thresholding; (c) detected external contour shown in green; (d) identified extreme boundary points
(R, G, B, Y); (e) final region of interest after cropping

Generative Adversarial Networks (GANS)

Deep learning models, notably convolutional neural networks, require exten-
sive datasets to achieve robust training and prevent overfitting. Conventional
data augmentation methods primarily utilize geometric transformations, includ-
ing image rotation, scaling, image resizing, controlled noise addition, spatial
translation, and horizontal/vertical flipping [25]. However, these techniques may
not be entirely effective for medical imaging datasets due to their inherent com-
plexity and domain-specific constraints. An emerging approach for augmenting
medical image datasets is based on GANs, a DL framework that generates realistic
images from random noise. This technique expands dataset size, thereby improv-
ing model generalization and performance [26].

A GAN is made up of the discriminator and generator neural networks, which
operate in an opposing training framework. The generator is responsible for cre-
ating synthetic data samples that closely resemble real dataset instances, whereas
the discriminator makes an attempt to distinguish between created and authen-
tic data [27]. This competitive learning paradigm enhances learning efficiency,
as the generator progressively improves its ability to produce highly realistic
examples to trick the discriminator. Concurrently, the discriminator refines its
capacity to distinguish real images from artificial ones [28]. Through this continu-
ous feedback loop, GANs enhance data augmentation by generating high-quality
synthetic images that closely mimic real medical scans.

Despite their potential, GANs exhibit several challenges that affect their prac-
tical implementation. A significant limitation is their convergence instability, as
there is no universally established criterion to determine when the generator
has reached optimal performance [29]. Standard loss functions fail to provide
a reliable indication of GAN training completion, making it difficult to assess
whether high-quality synthetic images have been achieved. Additionally, tradi-
tional GANSs rely on the Jensen-Shannon divergence for measuring distribution
similarity, which may not always be optimal for training stability. To address
these issues, researchers have explored alternative strategies, such as modifying
the loss function and incorporating the Earth Mover distance metric to enhance
convergence. In this study, to address the limited dataset size, improve classifica-
tion performance, and prevent overfitting, a standard GAN model was employed
for data augmentation, increasing the dataset tenfold (from 253 to 2530 images)
in practice, while being trained over 10 epochs to ensure convergence stability
and assess generator and discriminator losses. Figure 3 presents an overview of
the operation of the proposed GAN model.
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3.3 DeepFE

A specific class of DL models, known as convolutional neural networks, is
designed to handle tasks related to image processing and pattern recognition. Their
architectures efficiently extract hierarchical features and spatial relationships from
images through the use of convolutional, pooling, and fully connected layers. This
capability makes CNNs particularly well suited for applications such as object detec-
tion, image classification, and medical imaging-based analysis [30].

One of the main advantages of CNNs is their ability to automatically extract rele-
vant features from raw images without requiring manual feature engineering. This
FE process enhances model efficiency by reducing input dimensionality while pre-
serving critical information. Additionally, CNNs incorporate regularization strategies
like dropout and batch normalization in order to reduce overfitting and enhance
generalization using new data [31].

In this study, we used VGG-16 and ResNet50 for deep FE, aiming to enhance model
training efficiency and minimize overfitting. These models’ convolutional, pooling,
and normalizing layers were utilized while omitting the fully connected classifica-
tion layers. The extracted features were then processed in the Vision Transformer
model for classification. The subsequent sections provide a detailed overview of the
VGG-16 and ResNet50 architectures and their contributions to our approach.

VGG-16: A large collection of images in several categories has been used to pre-
train the deep convolutional neural network model VGG-16. It is specifically designed
for image classification tasks and belongs to the VGGNet (Visual Geometry Group
Network) family. This model is characterized by its deep architecture and consistent
layer design. The name “VGG-16” originates from its structure, which consists of 16
trainable weight layers. The design is useful for FE in a variety of image-process-
ing applications since it consists of thirteen convolutional layers, followed by fully
linked and output layers. [32].

In this work, deep feature representations are obtained by retaining only the
convolutional, pooling, and normalization components of the VGG-16 architecture,
while the final fully connected classification layers are excluded. The convolutional
blocks rely on compact 3x3 kernels applied with a unit stride, whereas the pool-
ing operations use a stride of 2 to progressively reduce the spatial resolution of the
feature maps. In the final stage, the retrieved features were aggregated to create
a dimension-based feature vector (1,1,1000). This vector was then concatenated
with the feature representation obtained from ResNet50, which maintains the same
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dimensional structure, ensuring a comprehensive feature set for subsequent classi-
fication. Figure 4 presents the structured pipeline illustrating the successive trans-
formations and processing steps of the VGG-16 model applied to the dataset.

ﬁ Convolution + Relu Activation
ﬁ Max Pooling
Conl

Input images Conv2

{ Conv3
y Conv4

Conv5

) ) 14x14x51 7x7x512

1V 28x28x512
56x56x256

nJ

28
1x1x1000

224x224x64

Fig. 4. VGG-16 processing pipeline

ResNet50 is a deep CNN designed for computer vision tasks, where residual
functions with regard to the input layer are taught to its weighted layers. The ResNet
architecture was introduced to address the issues with disappearing and expanding
gradients that occur in extremely deep networks, allowing for improved training
stability and performance [33]. The ResNet50 model consists of 50 layers structured
into different stages, the architecture is structured around an input stage, followed
by an initial convolutional module, four successive levels built from residual units,
a global average pooling operation, and a final dense layer. For this study, the model
leverages the entire network depth, apart from the terminal dense layer dedicated to
classification, which was omitted to focus on extracting deep features. The extracted
feature maps were then aggregated into a vector of dimension (1,1,1000), ensuring
compatibility for concatenation with the corresponding feature vector obtained from
VGG-16. Figure 5 depicts the systematic processing pipeline detailing the sequential
transformations associated with the ResNet50 model when applied to the dataset.

m Convolution + Relu Activation

Max Pooling Dense
Input images Convl -b -
1
Conv2
il b,
/ Conv3 Conv4 Convs
/ 28x28x512 14x14x1024  7x7x2048
/ 6x56x64 _bn_
1x1x1000

112x112x64
224x224x3

Fig. 5. ResNet50 processing pipeline
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The concatenation of feature vectors in this study enhances model performance
by integrating essential feature representations. This approach enhances feature
representation, thereby enabling a more comprehensive understanding of the data.
This approach improves the model’s ability to generalize effectively, producing cate-
gorization results that are more trustworthy. In addition, by compacting the feature
space, the concatenation strategy reduces the risk of overfitting and improves inter-
pretability, which ultimately strengthens the overall BT classification pipeline.

Hyperparameters: All experiments were implemented using a TensorFlow
2.6.4 and Keras 2.6.0 implementation. The VGG-16 and ResNet-50 models rely on
fixed architectural hyperparameters, including kernel size, padding, and stride,
which remain unchanged during training. In contrast, the trainable parameters
of the networks, namely weights and biases, are optimized iteratively. Stochastic
Gradient Descent was employed as the optimization algorithm, with the learning
rate set to 0.001 to ensure stable convergence and efficient learning. Model perfor-
mance during training was evaluated using the cross-entropy loss function, which
quantifies the divergence between predicted class probabilities and reference labels.
The network was trained for 40 epochs with a batch size of 32 samples. These hyper-
parameter settings were selected to provide a suitable trade-off between computa-
tional efficiency and predictive accuracy while promoting stable convergence and
improved generalization.

Discussion: The proposed framework leverages the complementary strengths of
two convolutional architectures, namely VGG-16 and ResNet50, to enhance both pre-
dictive capability and computational practicality. Owing to its regular and sequential
design, VGG-16 is particularly well suited for capturing progressively refined feature
representations, which are essential for accurate image classification. In contrast,
ResNet50 introduces residual learning mechanisms that enable efficient gradient
propagation across deeper layers. This design choice alleviates optimization difficul-
ties commonly encountered in deep networks, thereby supporting stable training
while maintaining strong classification performance.

The joint utilization of VGG-16 and ResNet-50 within the framework leverages
their complementary properties, combining expressive hierarchical feature learning
with improved optimization dynamics through residual connections. This synergy
not only enhances model training but also aids in reducing overfitting, ultimately
improving classification accuracy and the overall robustness of our approach.
Furthermore, integrating these feature representations within a ViT model enables
more refined decision-making, leveraging both local and global image features for
precise tumor classification.

3.4 Vision transformer-based classification

The Vision Transformer represents a neural network model specifically designed
for image analysis [34]. Unlike CNNs, which rely on convolutional and pooling
operations, ViT utilizes a self-attention mechanism, a concept inspired by human
cognition that selectively focuses on the most relevant aspects of an image while
disregarding less significant details [35]. This approach allows ViT to extract relevant
information and long-range relationships than typical CNN-based architectures.

Within a ViT framework, an image is segmented into fixed-size patches, and the
resulting representations are first reshaped into a one-dimensional format and orga-
nized as a sequence of tokens. This token sequence is then forwarded to a stack
of Transformer blocks, where self-attention mechanisms and non-linear operations

International Journal of Online and Biomedical Engineering (iJOE) 13


https://online-journals.org/index.php/i-joe

Zine-dine et al.

are applied to refine the feature representations [36]. As a result, ViT generates a
feature-rich vector representation for each patch, which is later aggregated to facil-
itate jobs like classifying images. Figure 6 provides a visual representation of how
our ViT model operates.
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Fig. 6. Sequential processing stages in the ViT model

Discussion: In our strategy, the incorporation regarding the ViT technique pro-
vides notable benefits compared to conventional convolutional architectures. Unlike
CNNs, which primarily focus on local FE through convolutional filters, ViT relies on
self-attention operations to establish global dependencies between image patches,
enabling comprehensive contextual modeling. This characteristic allows ViT to
achieve an additional thorough comprehension of visual data, making it especially
effective in complex classification tasks. Additionally, ViT’s ability to process images
as sequences of patches eliminates the need for convolutional inductive biases,
enabling greater adaptability to diverse image variations. By integrating ViT into our
structure, we improve feature representation capabilities and improve classification
performance, demonstrating its effectiveness in the given use.

3.5 Performance analysis and discussion

Our method is structured around a carefully created three-stage approach with
the goal of optimizing the efficiency and accuracy of our study framework. The first
phase focuses on dataset preprocessing and augmentation, where a GAN is employed
to enhance data diversity and realism. This stage not only cleans up the raw data but
also strengthens feature representation, leading to improved generalization. In the
second phase, we adopt a novel FE strategy by combining the outputs of two well-
established neural network models, VGG16 and ResNet50. This feature obtaining
leverages the complementary strengths of both architectures, facilitating accelerated
training in the Vision Transformer model while mitigating overfitting. By integrating
these deep feature representations, our approach ensures a more comprehensive
understanding of spatial dependencies within the data, ultimately enhancing clas-
sification performance. The final phase involves utilizing a ViT model specifically
designed for classification, capitalizing on its capacity to extract spatial relationships
and identify complex patterns from images. This structured methodology enables

14 International Journal of Online and Biomedical Engineering (iJOF) iJOE | Vol. 22 No. 8 (2026)


https://online-journals.org/index.php/i-joe

1J0E | Vol. 22 No. 8 (2026)

Brain Tumor Classification Using a Hybrid Learning Strategy Integrating GAN-Augmented Neural Networks

precise and nuanced classification, reinforcing the robustness of our approach.
Additionally, given the critical role of medical diagnostics performance in real time,
particularly in emergency scenarios, we assessed the inference time of the model.
Our approach successfully achieves classification results in under a minute, skill-
fully striking a balance between accuracy and speed to guarantee practical applica-
bility in applied contexts and medical settings.

4  EXPERIMENTAL EVALUATION AND FINDINGS

This section presents the experimental framework and the corresponding results
obtained from the proposed GAN-enhanced neural network approach for BT classi-
fication. It first summarizes the methodological setup and the implementation envi-
ronment adopted for model development. The evaluation criteria employed to assess
classification performance are then detailed. Finally, a comprehensive comparative
analysis of the different experimental configurations investigated in this study is
provided, we analyze our results and propose potential avenues for future research.

4.1 Description of the technical execution environment

To carry out this study under optimal technical conditions, a computing envi-
ronment capable of handling intensive DL operations was carefully selected. The
experiments were conducted using Google Colab, which offered access to GPU accel-
eration and approximately 12 GB of RAM, enabling efficient processing of computa-
tionally demanding stages such as training, validation, and performance testing of
the proposed architecture.

The implementation of the models was developed using TensorFlow
(version 2.6.4) in combination with Keras (version 2.6.0), providing a flexible and
stable framework for designing and optimizing deep neural networks. This config-
uration facilitated the seamless integration of the generative adversarial network,
multiple convolutional neural network architectures, and the Vision Transformer
within a unified hybrid framework dedicated to BT classification. Overall, the
selected setup ensured both computational efficiency and methodological consis-
tency throughout the experimental phase.

4.2 Analytical findings

Torigorously evaluate the predictive capability of the proposed classification frame-
work, a comprehensive set of performance metrics was systematically employed.
Specifically, precision, recall, overall accuracy, F1-score, and loss values were com-
puted to capture complementary aspects of model behavior, including class-wise dis-
crimination, balance between sensitivity and specificity, and optimization stability.
The joint consideration of these indicators ensures a robust and multidimensional
assessment of classification effectiveness, particularly in the context of medical image
analysis where class imbalance and misclassification costs are critical concerns.

The subsequent sections provide an in-depth quantitative analysis of these met-
rics, supported by detailed visualizations of training and validation loss and accuracy
trajectories. The examination of these learning curves enables a thorough evalu-
ation of convergence dynamics, generalization capacity, and potential overfitting
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phenomena, thereby offering deeper insight into the stability and reliability of the
proposed approach.

Model Effectiveness Evaluation

Assessing the effectiveness of an ML model for a specific task necessitates the
use of multiple evaluation criteria and analytical techniques. These measures
provide a comprehensive understanding of the model’s predictive accuracy, gen-
eralization capacity, and reliability on previously unseen data. By systematically
applying such metrics, it becomes possible not only to quantify performance but
also to detect potential limitations, including overfitting or underfitting, thereby
guiding further model refinement and optimization [37]. To assess the success of
our experiment, we utilized several evaluation indicators tailored to the classifi-
cation task, including precision, recall, accuracy, and F1-score.

Precision: the percentage of results that are relevant, and it is defined as:

Precision = L @)
TP + FP

Recall: quantifies the proportion of actual positive instances that are correctly
identified by the proposed algorithm. Formally, it is defined as:
Recall= —2F 2)
TP+FN
Accuracy: measures the overall proportion of correctly classified instances
among the total number of samples. It reflects the global predictive correctness
of the model across all classes. Mathematically, it is expressed as:

Accuracy = TP+ TN (3)
4 TP+TN + FP+FN

The F1-score: is a composite evaluation metric commonly used in classifi-
cation tasks to provide a balanced assessment between precision and recall. It
represents the harmonic mean of these two indicators, thereby emphasizing the
trade-off between false positives and false negatives. The F1-score is mathemati-
cally defined as:

F—Z*P*R

! P+R @

In this context, TP, TN, FP, and FN correspond to the counts of correctly identi-
fied positive samples, correctly identified negative samples, incorrectly predicted
positive instances, and incorrectly predicted negative instances, respectively.
While overall accuracy offers a broad measure of predictive correctness, it does
not always provide a reliable reflection of model performance, particularly when
the class distribution is uneven. Under such circumstances, additional evaluation
measures are required to obtain a more balanced and informative assessment of
the classifier’s behavior.

The experimental validation was conducted using a publicly available BT
dataset obtained from a Kaggle challenge dedicated to tumor classification
tasks. This dataset served as the empirical foundation for evaluating the pro-
posed framework. The core objective of the study was to leverage deep feature
representations extracted from two established convolutional neural network
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architectures, namely VGG-16 and ResNet50. These high-level representations
were subsequently employed as input embeddings for a Vision Transformer-
based classifier, enabling the integration of convolutional feature learning with
transformer-based modeling.

To further enhance discriminative capacity, a spatial feature refinement pro-
cess was applied prior to the final classification stage, aiming to improve rep-
resentational quality and predictive robustness. The following section presents
the primary evaluation criteria, specifically loss and accuracy, which are used
to quantitatively analyze the learning behavior and overall effectiveness of the
proposed approach.

¢ Quantitative Analysis of Predictive Accuracy and Loss Convergence

Accuracy: reflects the proportion of correctly classified samples relative to
the total number of observations, providing a global indication of predictive
reliability. It expresses the extent to which the model’s outputs align with the
true labels. The following figures illustrate the quantitative results obtained from
these predictions.

Loss: quantifies the deviation between the predicted outputs and the corre-
sponding ground-truth labels. It represents the aggregated error computed across
all samples within the training or validation set, serving as the objective function
minimized during optimization [38].

The experimental analysis was conducted using the publicly available BT
(Two-Class) dataset from Kaggle. Following a preprocessing stage based on
computer vision techniques, deep representations were extracted from VGG-16
and ResNet50 architectures and subsequently provided to a ViT classifier to
enhance spatial dependency modeling beyond conventional CNN limitations.
Figures 7 and 8 illustrate the corresponding accuracy and loss curves for each
evaluated model.
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Fig. 7. ResNet50-ViT accuracy and loss curves
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Fig. 8. VGG-16-ViT accuracy and loss curves
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In summary, the experimental results indicate that a single CNN-based feature
extractor already achieves competitive classification performance relative to
comparable studies using the same dataset. To further improve predictive capa-
bility, a dual-FE strategy combining VGG-16 and ResNet50 was adopted, where
the fused representations were provided to the classifier to enhance robustness
and reduce generalization issues. Figure 9 presents the corresponding accuracy
and loss trends of the proposed framework.
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Fig. 9. Accuracy and loss trajectories of the proposed hybrid architecture

A detailed examination of the obtained results confirms the strong effective-
ness of the proposed framework, which surpasses several recent state-of-the-art
approaches. This improvement can be attributed to the synergistic combina-
tion of VGG-16 and ResNet50 feature extractors with a ViT module, enabling
enhanced representation learning and improved modeling of long-range spatial
dependencies.

4.3 Analytical interpretation of the results

The proposed framework combines advanced image preprocessing procedures
with GAN-based data augmentation to enrich the diversity and realism of the training
samples. By integrating VGG-16 and ResNet50 for local FE with a Vision Transformer
for global dependency modeling, the method achieves a comprehensive and robust
representation of image characteristics. Table 2 summarizes the classification per-
formance obtained at each stage of the proposed pipeline.

Table 2. Summary of classification performance across different feature configurations

Feature Strategy Classifier Applied Accuracy (%)
Raw dataset (no augmentation) VGG16 76.18
GAN-enhanced data AlexNet 79.94
GAN-enhanced data DenseNet 88.74
GAN-enhanced data ViT 89.83
GAN+ResNet50 features ViT 94.63
GAN+VGG16 features ViT 96.29
GAN + (VGG-16 Concat ResNet50) features Proposed ViT 97.36
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The proposed hybrid framework exhibits improved computational efficiency
while providing complementary advantages over standalone CNN and transformer-
based architectures. By jointly modeling fine-grained local patterns and broader
contextual dependencies, the approach achieves a more comprehensive feature
representation. The table above illustrates the corresponding performance results
of the developed model.

The superior performance of the proposed framework becomes particularly
apparent when combining a Vision Transformer with concatenated deep represen-
tations extracted from VGG-16 and ResNet50 architectures. While convolutional net-
works are known for their stable optimization behavior and strong discriminative
capacity, their receptive field mechanism inherently limits their ability to explicitly
model long-range spatial interactions and relative positional relationships between
distant features. Consequently, CNN-based representations may insufficiently encode
global contextual dependencies across the image.

To address this limitation, the ViT component introduces a self-attention mech-
anism that enables direct modeling of pairwise feature interactions, allowing the
network to dynamically weigh the relevance of different regions. By segmenting the
input image into structured patches, the transformer architecture processes both
fine-grained local cues and broader contextual information within a unified frame-
work. Experimental observations indicate that this hybrid integration enhances rep-
resentational richness, improves scalability, and maintains architectural efficiency.
Nevertheless, transformer-based models remain sensitive to dataset size and require
careful optimization to achieve stable convergence.

The proposed framework integrates advanced deep FE strategies with a ViT-based
prediction module, resulting in improved classification performance compared to
existing approaches in BT analysis. Furthermore, the computational efficiency of the
model was assessed under real-time conditions, achieving an accuracy of 97.36%
with an inference time below one minute. These findings highlight both the pre-
dictive strength and the practical feasibility of the proposed method for real-world
clinical deployment.

Our results demonstrate strong and reliable performance, outperforming sev-
eral recent approaches, as shown in Table 3. This effectiveness stems from a well-
structured pipeline that integrates careful preprocessing, texture FE, and the com-
bined use of deep representations from VGG-16 and ResNet50, further enhanced by
a ViT to capture long-range dependencies through self-attention. In addition, the use
of computer vision techniques and data enrichment strategies, including GAN-based
augmentation, has contributed to improved training efficiency, reduced overfitting,
and enhanced the overall robustness of the classification framework.

Table 3. Comparative performance of the proposed method against various CNN-based approaches
using the same dataset

Reference Classification Method FE Method Accuracy
[39] FC Layer CNN 90%
[40] VGG-16 Lu-Net 90%
[41] Stacking HOG + Wavelet 92%
[42] ResNet-50 CNN 96%
[43] AlexNet CNN 96%
Proposed ViT GAN + (VGG-16 Concat ResNet50) 97%
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5 CONCLUSION AND PERSPECTIVE

This study introduces a hybrid DL framework for BT classification based on com-
plementary neural network architectures. The proposed methodology is structured
into three main stages. The first stage involves dataset preparation, including image
normalization, resizing, cropping, and augmentation to ensure data consistency
and variability. The second stage focuses on deep FE using VGG-16 and ResNet50
networks to capture discriminative visual patterns. Finally, the extracted represen-
tations are provided to a ViT model, which performs the classification task by mod-
eling both local and global contextual dependencies.

The effectiveness of the proposed framework lies in the complementary integra-
tion of two deep FE backbones, VGG-16 and ResNet50. The high-level representations
generated by these architectures are fused through feature vector concatenation,
forming a unified embedding space that enriches the descriptive capacity of the
model. This consolidated representation is subsequently processed by a ViT classi-
fier, enabling enhanced predictive performance through joint modeling of local and
global dependencies.

The experimental findings demonstrate the effectiveness of the adopted FE
strategies, as both VGG-16 and ResNet50 successfully derive high-level representa-
tions from MRI images. The fusion of these complementary deep features further
enhances the descriptive strength of the learned embedding space. Moreover, the
ViT component effectively models spatial dependencies across image regions, con-
tributing to improved classification performance. Overall, this study advances the
development of reliable computer-aided diagnostic systems within the domain of
digital pathology.

Numerous studies in disease classification have yet to meet the standards expected
by medical professionals, often due to approaches that exhibit limited accuracy, high
data demands, or computational inefficiency in DL models. Future work will extend
this study to additional brain disease datasets, with the goal of developing meth-
ods that address these shortcomings while maintaining robust performance and
efficiency.
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