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Abstract: Generative Adversarial Network is powerful tools for creating new and realistic data to help in to improve machine
learning models, specifically when there’s not enough labeled data. It has two parts: Generator-which create a fake data and
Discriminator-which tries to tell real data from fake. Through the continuous competition, generator gradually learns to create
increasingly realistic data. This paper looks at how GANSs can be used to make more data, helping with problems like unbalanced
classes and over fitting. It also explains how newer types of GANSs, such as Conditional and Wasserstein, increase training
stability and enhance the caliber of the data they produce. We also share real-world examples of how GANSs are used in different
areas, like identifying images analyzing medical scans, and understanding language. These examples show that using GANs to
create extra data can really help improve machine learning results. In the final part of paper, we talk about some of the problems
that still need to be solved and what the future might look like for this technology. We also explain why it’s important to use both
real and fake data carefully, so that models stay accurate and works well.
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|. Introduction

Generative Adversarial Networks (GANS), Introduce by IAN Good fellow et ai.in2014, have transform data augmentation
machine learning. Unlike traditional techniques like rotation or scaling, which offer limited variation, GANs generated entirely
new realistic data that closely resembles the original distribution. These make them especially valuable in domains with limited
label data, such as healthcare and autonomous driving

GANs consist of two networks — generator and a discriminator — that compete in adversarial setup. Through this process the
generator learns to produce high quality synthetic data. There versatility allows GAN’s to be applied in various field, including
image, text, audio and video generation.

As research advances, improved architectures continue to address challenges like instability and high computational cost. Overall
GANs offers a powerful solution to data scarcity and enhance model performance through realistic data augmentation.

In summary, GANSs offer a powerful, flexible, and evolving approach to data augmentation that enhances machine learning model
robustness and accuracy across a wide range of applications.

11. Methodology

This section explains how we studied the used of GAN’s to improve data for machine learning. Our approach has three main
parts: Design and settle, testing and analysis.

1 Design and setup
1.1 Data Selection: - we pick up two types of data set to work with:
CIFAR - 10: A popular image data set with 60000 small classes in 10 different categories.

Breast histopathology images: medical mages used to detect Cancer, which often we have more examples have healthy issue then
cancerous, causing imbalance.

1.2 GAN’s models:

We used basic GAN’s Made up of two parts that generator that creates fake data and a discriminator that checks if the data looks
rear. We also used to improve versions of GAN’s:

Conditional GAN’s: These creates data for a specific class and hateful for making more samples of underrepresented groups.
Wasserstein GAN’s: These help the training process be more stable and produce better quality fake data.

1.3 Data Augmentation: We resin the GAN’s model on our chosen data set for several rounds, improving the generator and
discrimination at each time. After Training, the generator made new synthetic data to add to the original data set. For conditional
GAN’s we told the generator which class to create, so it could help balance classes that had fewer examples.
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2 Testing:
2.1: Model Training:
We train different machine learning model.
e For images, we used convolutional neural networks (CNNN’s)
e For other data types, we used common classifier like random forest and support vector machines.

Models were train using only real data, only augmented data with GAN’s generate sample and a mix a both. We kept training
conditions the same for fair comparison.

2.2: Measuring Performance:

We check how well models perform using accuracy, precision, recall, F1- Score and AUC (Area under ROC curve). These tells
us how could the models are this especially on hard to predict classes. We also measured the quality of generated fail data using
scores called FID and Inception scored, which shows how realistic and varied the synthetic samples are.

3 Analysis:

3.1: Comparative Analysis: Comparing results we compare different GAN’s types affected models’ performance on each
dataset. We paid special attention to whether augmented data help models do better on classes that had fewer examples.

3.2: Statistical Test

To be sure our improvement was real and not just by chance, we used statistical test to compared modals train with and without
GAN’s augmented data.

3.3: Challenges and Limitations: We look at possible problems such as the chance that models might over fit to fake data. We
also noted that training GANSs can be tricky and required careful Tuning settings to get good results.
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I11. Result

The results of implementing GAN-generated data to enhance machine learning model performance are presented in this section.
The results are discussed under three key areas: model performance, synthetic data quality, and comparative analysis.
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1. Model Performance Metrics
1.1 CIFAR-10 Image Classification

The baseline model achieved an accuracy of 85.2% with an F1-Score of 0.83. Following the addition of GAN-generated images
to the dataset, the model's accuracy increased to 92.5%, while it’s F1-Score (0.91), precision, and recall all increased in parallel.
This reflects a significant 7.3% increase in accuracy, indicating enhanced model generalization due to the synthetic data.

1.2 Breast Histopathology Images

In the medical imaging task, the baseline accuracy was 78.4%, while the GAN-augmented model reached 85.1%. Similar gains
were observed in F1-Score (0.84) and recall. This shows that GANs can also improve performance in sensitive applications like
medical diagnosis, particularly where labeled data is limited.

2. Quality of Synthetic Data
The quality of GAN-generated samples was evaluated using Fréchet Inception Distance (FID) and Inception Score (IS):
e CIFAR-10: FID=124,1S=8.2
e Medical Images: FID =15.8,1S=7.5
These results suggest that the synthetic images were both realistic and diverse, making them suitable for data augmentation.
3. Comparative Analysis

GAN augmentation was especially effective in addressing class imbalance, with notable improvements in recall and F1-Score for
minority classes in CIFAR-10. Statistical analysis (paired t-tests) confirmed that the performance gains were significant (p <
0.01).

Among different architectures, Wasserstein GANs (WGANS) outperformed standard GANs and Conditional GANSs, providing
2-3% higher accuracy. This suggests WGANSs offer better training stability and higher-quality outputs.

1V. Discussion

The study shows that using GAN-generated synthetic data significantly improved the performance of machine learning models.
On the CIFAR-10 dataset, the model's accuracy increased from 85.2% to 92.5% after augmentation, along with notable
improvements in Fl-score, precision, and recall. A similar trend was observed in the medical imaging task, where the model’s
accuracy rose from 78.4% to 85.1%, confirming the effectiveness of GANSs in enhancing classification performance, especially in
domains with limited data.

The quality of the synthetic images was evaluated using Fréchet Inception Distance and Inception Score, with results indicating
that the GAN-generated data closely resembled real samples in both diversity and realism. This highlights the capability of GANs
to produce high-quality data suitable for training.

Additionally, GANs helped address class imbalance by improving performance on underrepresented classes. Statistical tests
confirmed that the performance gains were significant. Among the architectures tested, Wasserstein GANs outperformed others,
offering further improvements in model accuracy. Overall, the findings suggest that GAN-based data augmentation is a valuable
strategy for improving model robustness and generalization.

V. Conclusion

This study shows that using Generative Adversarial Networks (GANS) to create additional training data can greatly improve the
performance of machine learning models. When synthetic data generated by GANs was added to the original datasets, models
performed better in terms of accuracy, precision, recall, and F1-score—especially when the data was imbalanced or limited.

The quality of the generated images was tested using standard evaluation methods, and results confirmed that GANs can produce
realistic and useful data. This means GANs can be a helpful tool in situations where collecting real data is difficult or expensive.

However, training GANSs can be challenging and may require a lot of computing power. Also, the study was based on only two
datasets, so more work is needed to test this method in other areas and with different types of data.

This research highlights the value of GANs in improving machine learning results through data augmentation. With further
development and testing, GANSs could become a powerful tool for researchers and developers working with limited or unbalanced
data.
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