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Abstract

This scientific article investigates the impact of data augmentation methods on the effectiveness of brain tumor
classification using deep learning techniques. Brain tumor diagnosis from MRI images is a critical task in medical imaging,
where limited and imbalanced datasets often reduce model performance and generalization ability. Data augmentation is
widely used to overcome these limitations by artificially increasing dataset diversity. In this study, various augmentation
techniques such as geometric transformations, intensity adjustments, and GAN-based synthetic image generation are
analyzed in terms of their influence on classification accuracy. Experimental results show that data augmentation
significantly improves model performance, with accuracy gains ranging from 5% to 20% depending on the applied method.
The findings confirm that carefully selected augmentation strategies enhance the robustness and reliability of brain tumor
classification systems.
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1. Introduction tumor classification systems based on deep learning have
become a significant area of research in recent years.
Brain tumor classification is one of the most important Deep learning models, particularly Convolutional Neural
and challenging tasks in the field of medical image Networks (CNNs), have demonstrated remarkable
analysis and artificial intelligence. Early and accurate performance in image classification tasks, including
medical imaging. These models are capable of
automatically learning hierarchical features from raw
image data, eliminating the need for manual feature
extraction. Despite their success, deep learning models
require large amounts of labeled data to achieve high
accuracy and generalization ability. In medical domains,

however, obtaining large annotated datasets is often

detection of brain tumors plays a crucial role in
improving patient survival rates and determining
appropriate treatment strategies. Magnetic Resonance
Imaging (MRI) is widely used in clinical practice for the
detection and visualization of brain abnormalities due to
its high-resolution imaging capabilities and non-invasive
nature. However, interpreting MRI scans manually is
time-consuming, subjective, and highly dependent on the
experience of radiologists. Therefore, automated brain

difficult due to privacy concerns, high labeling costs, and
the need for expert knowledge. As a result, most
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available medical datasets are relatively small and
imbalanced, which leads to overfitting and reduced
model performance.

To address these limitations, data augmentation
techniques have emerged as an effective solution. Data
augmentation refers to the process of artificially
increasing the size and diversity of a training dataset by
applying various transformations to existing images.
These transformations help models become more robust
and invariant to variations in orientation, scale,
brightness, and noise. Common augmentation methods
include rotation, flipping, translation, scaling, cropping,
and intensity adjustments. In recent years, more
advanced techniques such as Generative Adversarial
Networks (GANs) have also been introduced to generate
synthetic yet realistic medical images.

In the context of brain tumor classification, data
augmentation plays a particularly important role because
tumor appearance can vary significantly in shape, size,
location, and intensity. Without augmentation, deep
learning models may learn biased patterns from limited
data, resulting in poor generalization on unseen cases.
Therefore, integrating effective augmentation strategies
into the training pipeline can significantly improve
classification performance, reduce overfitting, and
enhance model robustness.

This study focuses on analyzing the impact of different
data augmentation techniques on the performance of
brain tumor classification models. By comparing
traditional geometric and intensity-based
transformations with advanced generative approaches,
the research aims to identify which methods contribute
most effectively to improving model accuracy and
reliability [1-3].

2. Methods

This section describes the dataset, preprocessing steps,
data augmentation techniques, model architecture, and
evaluation metrics used in this study for brain tumor
classification.

The study utilizes a publicly available brain MRI dataset
containing images classified into multiple categories,
such as glioma, meningioma, pituitary tumor, and non-
tumor cases. The dataset consists of labeled MRI scans
collected from different patients, ensuring variability in
tumor appearance, size, and location. However, like most
medical datasets, it is relatively small and exhibits class
imbalance, where some tumor types have significantly
fewer samples than others. This imbalance can
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negatively affect the learning process of deep learning
models.

Before applying augmentation techniques, all MRI
images are preprocessed to ensure consistency and
improve model performance. The preprocessing steps
include resizing all images to a fixed resolution,
normalization of pixel values to a standard range, and
removal of irrelevant background noise. Additionally,
grayscale conversion is applied if the dataset contains
multi-channel images, ensuring uniform input format for
the convolutional neural network. These steps help
reduce computational complexity and improve
convergence during training [4,5].

To improve dataset diversity, several augmentation
techniques are applied:

>  Geometric Transformations: Rotation
(£15° to £30°), horizontal and vertical flipping, random
cropping, and scaling are used to simulate different
viewing angles and spatial variations.

> Intensity Transformations: Brightness and
contrast adjustments are applied to simulate variations in
imaging conditions, while Gaussian noise is added to
improve robustness against sensor noise.

> Advanced Augmentation: Elastic
deformation is used to mimic anatomical variations in
brain structures. Additionally, Generative Adversarial
Networks (GANs) are employed to generate synthetic
MRI images that closely resemble real tumor images.
These augmentation techniques are applied both
individually and in combination to evaluate their impact
on classification performance.
A Convolutional Neural Network (CNN) is used as the
primary classification model. The architecture consists of
multiple convolutional layers for feature extraction,
followed by pooling layers for dimensionality reduction.
Dropout layers are included to prevent overfitting, and
fully connected layers are used for final classification.
The output layer uses a softmax activation function to
classify images into different tumor categories.
The model is trained using the augmented dataset with a
categorical cross-entropy loss function. The Adam
optimizer is used for efficient gradient descent
optimization. The dataset is divided into training,
validation, and testing sets to ensure unbiased evaluation
of model performance. Early stopping is applied to
prevent overfitting during training.
Model performance is evaluated wusing standard
classification metrics, including accuracy, precision,
recall, and Fl-score. These metrics provide a
comprehensive understanding of how well the model
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performs across different tumor classes, especially in
imbalanced datasets [6,7].
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Effect of data augmentation methods on brain tumor
classification performance

F1-score

Precision Recall

Data Augmentation Accuracy
Method
No Augmentation 82.3
Geometric Transformations 88.6
Intensity Transformations 90.2
Geometric + Intensity 92.1
Combined

GAN-based Augmentation 94.5

The results presented in Table 1 clearly demonstrate that
data augmentation techniques have a significant impact
on the performance of brain tumor classification models.
In the absence of data augmentation, the model achieves
an accuracy of 82.3%, indicating relatively limited
generalization capability. This lower performance can be
attributed to overfitting, which commonly occurs when
deep learning models are trained on small and
imbalanced medical datasets.

When geometric transformations such as rotation,
flipping, scaling, and cropping are applied, the model
performance improves substantially, reaching an
accuracy of 88.6%. This improvement indicates that the
model becomes more robust to spatial variations in MRI
images and is better able to generalize across different
orientations of brain structures.

Intensity-based transformations further enhance the
results, increasing accuracy to 90.2%. These
transformations simulate variations in MRI acquisition
conditions, such as brightness and contrast differences,
allowing the model to become more stable under real-
world imaging variability.

The combination of geometric and intensity-based
augmentation yields even better performance, with an
accuracy of 92.1%. This result demonstrates that
combining multiple augmentation strategies provides
complementary benefits, enabling the model to learn
more diverse and representative features from the
dataset.

The highest performance is achieved using GAN-based
augmentation, with an accuracy of 94.5%. This approach
generates synthetic but highly realistic MRI images,
significantly increasing dataset diversity and improving
class balance. As a result, the model shows improved
sensitivity in detecting different types of brain tumors,
especially in underrepresented classes.
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Overall, the findings confirm that more advanced
augmentation techniques lead to progressively better
model performance. Among all methods evaluated,
GAN-based augmentation proves to be the most effective
strategy for enhancing brain tumor classification
accuracy and robustness.

3. Results and Discussion

The experimental results of this study demonstrate the
substantial impact of data augmentation techniques on
the performance of brain tumor classification models.
Overall, all augmentation strategies led to improved
classification accuracy, precision, recall, and F1-score
compared to the baseline model trained without
augmentation. The baseline model achieved an accuracy
of 82.3%, which reflects the limitations of training deep
learning models on small and imbalanced medical
datasets. Such datasets often lead to overfitting, where
the model learns dataset-specific patterns rather than
generalizable features, resulting in reduced performance
on unseen MRI images.

When geometric transformations were applied, including
rotation, flipping, scaling, and cropping, the model’s
accuracy increased significantly to 88.6%. This
improvement indicates that the model became more
invariant to spatial variations in MRI scans. In real
clinical environments, brain MRI images may differ in
orientation or positioning due to patient movement or
scanning procedures. Therefore, geometric augmentation
helps the model learn robust spatial features, reducing
sensitivity to  such  variations.  Additionally,
improvements in precision and recall suggest that the
model reduced both false positives and false negatives,
leading to more reliable classification outcomes.
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The application of intensity-based augmentation further
enhanced the model’s performance, resulting in an
accuracy of 90.2%. This improvement can be attributed
to the model’s increased ability to handle variations in
image brightness, contrast, and noise levels, which are
common in MRI data due to differences in imaging
devices and acquisition settings. By exposing the model
to such variations during training, intensity augmentation
improves generalization and stability, making the model
more applicable to real-world clinical data [8,9].

A more substantial improvement was observed when
geometric and intensity-based augmentations were
combined. In this case, the model achieved an accuracy
of 92.1%, along with higher precision, recall, and F1-
score values. This result demonstrates that combining
strategies provides
geometric

multiple augmentation
complementary benefits. While
transformations improve spatial robustness, intensity
transformations enhance resistance to imaging condition
variations. Together, they enable the model to learn more
comprehensive and discriminative feature
representations. This combination reduces overfitting
more effectively than individual augmentation methods
and ensures better generalization across diverse MRI
samples.

The best performance was achieved using GAN-based
augmentation, where synthetic MRI images were
generated to expand the training dataset. This approach
resulted in an accuracy of 94.5%, which is the highest
among all tested methods. GAN-generated images
closely resemble real MRI scans, allowing the model to
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learn from a more diverse and balanced dataset. This is
particularly important for medical datasets, where some
tumor classes are underrepresented. By generating
realistic synthetic samples, GANs help mitigate class
imbalance and improve the model’s sensitivity to rare
tumor types. The increase in recall and F1-score further
confirms that the model becomes more effective in
correctly identifying both majority and minority classes.
From a comparative perspective, the results clearly
indicate a consistent performance improvement as the
complexity of augmentation techniques increases.
Simple geometric transformations provide a moderate
improvement, while intensity-based methods offer
additional gains. However, the combination of multiple
traditional methods yields better results, and GAN-based
augmentation delivers the most significant enhancement.
This trend highlights the importance of dataset diversity
in training deep learning models for medical image
analysis.

In conclusion, the findings of this study confirm that data
augmentation is a critical component in improving brain
tumor classification performance. It not only enhances
accuracy but also significantly improves model
robustness, generalization, and reliability. Advanced
augmentation techniques, particularly GAN-based
approaches, demonstrate strong potential for addressing
the challenges of limited and imbalanced medical
datasets. However, it is also important to consider
computational cost and implementation complexity
when applying advanced methods in practical clinical
systems [10].
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Figure 1. Comparative analysis of data augmentation techniques on brain tumor classification accuracy using
deep learning models

Figure 1 illustrates the comparative performance of
different data augmentation techniques on brain tumor
classification accuracy using a deep learning model. The
results clearly show a consistent improvement in
classification accuracy as more advanced augmentation
strategies are applied.

The baseline model without any augmentation achieves
an accuracy of 82.3%, which represents the lowest
performance among all tested methods. This indicates
that training the model on limited and unbalanced MRI
data leads to insufficient generalization and a higher
likelihood of overfitting. In this case, the model struggles
to correctly classify unseen brain tumor images due to
lack of variability in the training dataset.

When geometric augmentation techniques are
introduced, the accuracy increases significantly to
88.6%. This improvement demonstrates that
transformations such as rotation, flipping, and scaling
help the model become more robust to spatial variations
in MRI scans. Since brain tumor images can appear in
different orientations depending on scanning conditions,
geometric augmentation allows the model to learn
invariant features, improving its ability to generalize.
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The use of intensity-based augmentation further
enhances performance, raising accuracy to 90.2%. This
suggests that variations in brightness, contrast, and noise
levels play an important role in medical imaging. MRI
scans from different machines or hospitals often differ in
visual quality, and intensity augmentation helps the
model adapt to these variations, resulting in more stable
predictions.

A more noticeable improvement is observed when
geometric and intensity-based augmentations are
combined, achieving an accuracy of 92.1%. This result
indicates that combining multiple augmentation
strategies provides complementary benefits. While
geometric transformations improve spatial
understanding, intensity transformations enhance
robustness against imaging condition variations.
Together, they enable the model to learn richer and more
discriminative feature representations.

The highest performance is achieved using GAN-based
augmentation, with an accuracy of 94.5%. This method
significantly outperforms traditional augmentation
techniques because it generates synthetic but highly
realistic MRI images. These generated samples increase
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dataset diversity and help balance underrepresented
tumor classes. As a result, the model learns more
generalized patterns and improves its ability to correctly
identify different tumor types, including rare cases.
Overall, Figure 1 clearly demonstrates that more
advanced data augmentation techniques lead to
progressively better classification performance. The
trend confirms that dataset diversity is a key factor in
improving deep learning-based medical image analysis.
Among all methods, GAN-based augmentation proves to
be the most effective approach for enhancing brain tumor
classification accuracy and robustness.

4. Conclusion

This study comprehensively analyzed the impact of data
augmentation techniques on improving the performance
of deep learning models for brain tumor classification.
Due to the inherently limited size and class imbalance of
medical MRI datasets, such constraints significantly
reduce model generalization ability and increase the risk
of overfitting. The experimental results clearly
demonstrate that data augmentation plays a crucial role
in addressing these challenges and enhancing model
robustness.

All  applied augmentation strategies—including
geometric transformations, intensity-based adjustments,
their combined use, and GAN-based synthetic image
generation—contributed to notable improvements in
classification performance. Compared to the baseline
model accuracy of 82.3%, all methods showed
progressive gains: geometric transformations achieved
88.6%, intensity-based augmentation reached 90.2%, the
combined approach resulted in 92.1%, and GAN-based
augmentation delivered the highest performance of
94.5%.

The findings indicate that while traditional augmentation
techniques provide moderate improvements by
introducing invariance to spatial and intensity variations,
more advanced generative approaches offer substantially
greater benefits. In particular, GAN-based augmentation
enhances dataset diversity, improves class balance, and
significantly increases the model’s sensitivity to
underrepresented tumor classes. This leads to improved
recall and F1-score, which are critical metrics in medical
diagnosis applications.

Overall, the results confirm that data augmentation is an
essential component in developing accurate and reliable
brain tumor classification systems based on deep
learning. Among the evaluated methods, GAN-based
augmentation proved to be the most effective strategy for
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improving both performance and generalization

capability. However, despite its advantages, the

computational complexity and resource requirements of
advanced augmentation techniques should be carefully
considered when integrating them into real-world
clinical systems.
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