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Abstract: This paper presents an optimized Generative Adversarial Network (GAN) framework for MNIST image
generation using Generative Artificial Intelligence (GenAl). The proposed model leverages the collaborative learning
process between a generator and a discriminator network to synthesize realistic handwritten digit images. Training
efficiency and model stability are enhanced through dynamic loss monitoring and an optimized generator—discriminator
architecture. The benchmark MNIST dataset, consisting of grayscale images of handwritten digits from 0 to 9, is used
for training and evaluation. The generator is designed using dense neural network layers to create synthetic images, while
the discriminator functions as a binary classifier to distinguish between real and generated samples. Throughout the
training process, the losses of both networks are continuously monitored to ensure effective convergence and balanced
adversarial learning. The performance of the proposed framework is evaluated using multiple metrics, including accuracy,
loss, F1-score, and Receiver Operating Characteristic (ROC) curve analysis. Experimental results demonstrate that the
model achieves an average classification accuracy of 90%, indicating its effectiveness in generating high-quality MNIST
digit images. Furthermore, this work explores the integration of transfer learning techniques within the GAN framework,
providing a foundation for extending similar methodologies to more complex image datasets and real-world applications.
Future research may focus on advanced loss functions, improved network architectures, and the application of GAN-
based image generation across diverse domains. The proposed framework also serves as a valuable educational and
research resource for scholars and practitioners working in the fields of Generative Al and deep learning.

Keywords: Generative Al (GenAl), Generative Adversarial Network (GAN), MNIST, Deep Learning, Discriminator
loss, Generator loss

l. INTRODUCTION

Generative Artificial Intelligence (GenAl) has emerged as a transformative technology that combines both supervised
and unsupervised learning approaches to create new content from existing data patterns. Among the most influential
GenAl techniques, Generative Adversarial Networks (GANSs) have gained significant attention due to their ability to
generate highly realistic synthetic data. A GAN consists of two competing neural networks: a generator, which produces
synthetic samples, and a discriminator, which evaluates whether the generated samples are real or artificial. This
adversarial learning process enables the model to progressively improve the quality of generated outputs.

Since their introduction, GANs have demonstrated remarkable success in image synthesis and enhancement tasks.
Major advancements in GAN technology have enabled the generation of highly realistic human faces and other complex
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visual content. While image generation remains one of the most extensively researched applications, there is growing
interest in extending GAN capabilities to domains such as medical imaging, video synthesis, and natural language
processing.

GANs offer several advantages, including the ability to generate synthetic data, handle noisy or limited datasets, and
support domain adaptation tasks. They can reduce the cost and time associated with simulations and data collection,
particularly in scientific and industrial applications. Furthermore, GANSs facilitate creative image transformations and
realistic content generation, making them valuable tools in various artificial intelligence applications.

The evolution from traditional image processing techniques to advanced deep learning architectures, such as
Convolutional Neural Networks (CNNs), has significantly improved the capability of machines to learn complex visual
features automatically. In healthcare, GANs have become increasingly important for generating synthetic medical images
that support data augmentation, disease diagnosis, and clinical research. These digitally generated images can enhance
diagnostic accuracy while reducing dependence on resource-intensive image acquisition procedures. Additionally, GAN-
based systems can assist healthcare professionals in automated image analysis, particularly in environments with limited
medical resources.

The growing digitization of healthcare has accelerated the adoption of GANs in medical imaging and digital pathology.
By collaborating with artificial intelligence systems, medical experts can utilize GAN-generated data for advanced image
analysis, interpretation, and synthesis. Despite these achievements, several challenges remain. Improvements are still
needed in medical image segmentation, classification, and cross-modal image translation involving imaging modalities
such as Computed Tomography (CT), Magnetic Resonance Imaging (MRI), and X-ray scans. Moreover, the black-box
nature of GANS raises concerns regarding model interpretability, transparency, and decision-making processes. Future
research should focus on enhancing model explainability, reducing computational complexity, and ensuring the ethical
and responsible deployment of GAN technologies across healthcare and other application domains. The increasing
sophistication of fraudulent activities in the financial sector has highlighted the limitations of traditional fraud detection
techniques. Machine learning-based approaches have improved the identification of fraudulent credit card transactions;
however, they often struggle with evolving fraud patterns and highly imbalanced datasets. To address these challenges,
advanced deep learning models integrating Generative Adversarial Networks (GANs) with Recurrent Neural Networks
(RNNs), Long Short-Term Memory (LSTM) networks, and Gated Recurrent Units (GRUS) have been explored. These
hybrid architectures enhance the detection of complex and dynamic fraudulent behaviors by learning intricate temporal
and transactional patterns.

During the COVID-19 pandemic, GANSs played a significant role in supporting medical image analysis. Due to the
limited availability of annotated medical images, GANs were employed to generate synthetic CT (Computed
Tomaography) scans, thereby augmenting training datasets for automated COVID-19 diagnosis systems. Such Al-driven
solutions helped improve diagnostic efficiency and reduced the workload of healthcare professionals during periods of
high demand. Similarly, GANs have demonstrated considerable potential in medical imaging applications such as brain
tumor classification. The scarcity of labeled medical data remains a major challenge in developing reliable diagnostic
models. To overcome this limitation, synthetic brain tumor images have been generated from publicly available datasets
using advanced GAN frameworks, including Pix2Pix GAN. These synthetic images contribute to improved model
training and classification performance while reducing dependency on large-scale clinical datasets.

Among the benchmark datasets widely used in machine learning and deep learning research, the MNIST dataset
remains one of the most popular choices for image generation and classification tasks. The MNIST dataset consists of
grayscale images of handwritten digits ranging from 0 to 9 and serves as a standard benchmark for evaluating image
processing algorithms. Developed from digitized samples collected by the National Institute of Standards and Technology
(NIST), the dataset contains 60,000 training images and 10,000 testing images, with each image represented in a 28 x 28
pixel format. Due to its simplicity and effectiveness, MNIST continues to be extensively utilized for validating novel
neural network architectures, including GAN-based image generation models.

1. REVIEW OF LITERATURE

This section reviews existing research related to Generative Adversarial Networks (GANs) and Generative Artificial
Intelligence (GenAl). Numerous studies have explored GAN architectures, applications, advantages, and challenges
across diverse domains, demonstrating their growing significance in artificial intelligence and deep learning.

Creswell et al. [2] presented a comprehensive overview of GANSs, their underlying principles, and practical
applications. The authors categorized image modeling approaches into explicit and implicit density models, identifying
GANSs as a form of directed implicit model. Their study traced the evolution of GAN architectures from simple fully
connected networks to more sophisticated models such as Adversarial Autoencoders. In addition, they discussed several
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training strategies that improve GAN performance and highlighted the potential of Conditional GANs (CGANSs) for
image synthesis and image editing applications.

Aggarwal et al. [3] examined the theoretical foundations and practical implementations of GANs in multiple domains.
Their work emphasized the integration of GANs with wireless communication systems, where Conditional GANs can
support tasks such as modulation, demodulation, message encoding, and decoding. The authors noted that while
discriminative deep learning models excel at classification tasks, generative models often face challenges in estimating
complex probability distributions. Nevertheless, the combination of deep learning and GANs has yielded promising
results across fields such as image processing, healthcare, face recognition, traffic management, and 3D object generation.
Their study also highlighted successful applications in disease detection, pandemic-related image analysis, fashion
technology, and space science. Furthermore, the authors identified reinforcement learning and attention mechanisms as
promising directions for future research.

De Souzaet al. [4] provided a detailed review of GAN algorithms and their applications. Their work covered advanced
architectures such as Deep Convolutional GAN (DCGAN) and StyleGAN, focusing on image enhancement and
generation tasks. The study also discussed evaluation metrics including the Inception Score (IS) and Fréchet Inception
Distance (FID). Key challenges identified include training instability, mode collapse, and high computational
requirements.

Goodfellow et al. [5], the pioneers of GANSs, introduced the adversarial learning framework and compared it with other
generative approaches such as variational autoencoders and belief networks. Their work demonstrated that GANSs could
generate high-quality synthetic data without relying on traditional sampling techniques such as Markov chains, thereby
establishing a new paradigm in generative modeling.

Zhong [6] investigated the integration of GANs with deep learning architectures and conducted experimental analyses
on image generation tasks. The study concluded that GANs are highly effective in capturing complex image structures
and high-dimensional feature representations. The author suggested that combining GANs with advanced deep learning
models could further improve image recognition, restoration, and reconstruction applications.

Alajaji [7] explored the role of GANs in digital histopathology. The study emphasized the importance of collaboration
among healthcare professionals, policymakers, and Al researchers to maximize the benefits of GAN technology. The
author recommended future integration with advanced variants such as Conditional GANs and DCGANSs while also
addressing ethical concerns related to the misuse of synthetic medical images.

Ali et al. [8] reviewed recent developments in GAN architectures, including CycleGAN and StyleGAN. Their study
highlighted the advantages of GANs in semi-supervised learning environments, where training efficiency and model
stability can be improved. By analyzing research published between 2018 and 2024, the authors provided valuable
insights into emerging trends and future opportunities in GAN research.

Mienye et al. [9] proposed a hybrid framework combining GANs with deep learning techniques for credit card fraud
detection. GANs were utilized to generate synthetic fraudulent transaction data, while recurrent neural network models
such as RNNs and LSTMs were employed to analyze sequential transaction patterns. Using European and Brazilian credit
card datasets, the study achieved improved classification performance. Evaluation metrics included sensitivity,
specificity, precision, and F1-score, while challenges related to scalability and computational efficiency were also
discussed.

Goel et al. [10] developed an optimized GAN-based framework for COVID-19 screening using Computed
Tomography (CT) images. Their approach incorporated the Whale Optimization Algorithm (WOA) for hyperparameter
optimization, resulting in enhanced accuracy, sensitivity, specificity, and F1-score. The authors acknowledged challenges
such as mode collapse, vanishing gradients, and training instability, while emphasizing that appropriate optimization
strategies can mitigate these issues.

Onakpojeruo et al. [11] introduced a Pix2Pix GAN-based methodology for MRI brain tumor classification. The study
focused on four categories: glioma, meningioma, pituitary tumors, and healthy brain images. Synthetic images generated
from a publicly available Kaggle dataset were used to augment the training data. A Conditional Deep Convolutional
Neural Network (CDCNN) was employed for feature extraction and classification. Experimental results demonstrated
superior performance compared to established deep learning architectures including VGG16, VGG19, ResNet50, and
InceptionV3.

Qin et al. [12] investigated GAN applications in handwritten digit recognition and evaluated advanced architectures
such as CGAN and DCGAN. The authors highlighted limitations of traditional generative models, including
computational complexity and dependence on prior knowledge. Their comparative analysis showed that DCGAN
improves training stability and image quality through architectural modifications such as batch normalization,
convolutional layers, Tanh activation in the generator, and Leaky ReLU activation in the discriminator. While DCGAN
achieved high precision, CGAN offered greater flexibility through conditional image generation.

Lin [13] utilized the MNIST dataset to evaluate GAN performance in handwritten digit generation. The study described
the adversarial interaction between the generator and discriminator and discussed common GAN challenges, including
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mode collapse and implementation complexity. Future work was suggested in the development of more advanced GAN
variants for synthetic image generation.
Cheng et al. [14] conducted a comparative study of GAN architectures including DCGAN, Wasserstein GAN
(WGAN), and CGAN. Their evaluation focused on image quality, diversity, and training stability. Similar to other
studies, they identified mode collapse and unstable training as key challenges and recommended further exploration of
novel architectures to address these limitations.
Huang et al. [15] proposed a security-oriented framework to prevent unauthorized use of GAN-generated images.
Their approach introduced a unique discriminator-based feature called a hypersphere to verify image ownership.
Designed to combat issues such as deepfake misuse, the framework employed unsupervised learning and a box-free
setting that outperformed traditional techniques such as steganography. Multiple GAN architectures, including DCGAN
and StyleGAN, were evaluated using benchmark datasets, demonstrating the effectiveness of the proposed approach.
Overall, the reviewed literature demonstrates the extensive applicability of GANs across domains such as image
synthesis, healthcare, cybersecurity, fraud detection, and scientific research. Despite notable achievements, challenges
including training instability, mode collapse, computational complexity, and ethical concerns continue to motivate
ongoing research and development in GAN-based systems.
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1. METHODOLOGY

The Image is taken from MNIST dataset and preprocessing steps such as normalization and reshaping is done for GAN
compatibility. Instead of taking the entire 60,000 images from MNIST, a subset of data is taken for reducing
computational time. Images are separated in train and test folders. The model is build with generator and discriminator.
The generator model is created with fully connected layer with ReLLU activation function. The images are resized to 14
* 14 sizes. In the discriminator model, image is resized to 14 *14 sizes and processed and resized to 96*96 for
MobileNetV2. Through the fully connected layers, base model outputs are passed. This is how the model is build.

The GAN model contains generator and discriminator. Generator takes random noise as input and it generates
images. Discriminator analyses the image created by the generator. For both generator and discriminator, Binary cross-
entropy is used as loss function. During the training process, the images are normalized to [-1, 1]. The training process
for generator and discriminator are done. With metrics like loss, accuracy, ROC AUC and F1-score, the model is
evaluated. The output of fake images is generated by the trained generator. Figure 1 shows the proposed workflow.
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Fig. 1. Proposed system workflow

The proposed system uses images from MNIST dataset, which is displayed in figure 2.
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A Generative Adversarial Network (GAN) is composed of two neural networks: the Generator and the

Discriminator. The Generator is responsible for creating synthetic images that resemble real data, while the
Discriminator acts as a classifier that evaluates the generated images and determines whether they are real or artificially
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produced. The Generator begins the image creation process by taking a random noise vector (z), sampled from a
predefined probability distribution such as a Gaussian or uniform distribution. This noise vector is then transformed

through multiple neural network layers to generate a synthetic sample, denoted as (G(z)), that closely mimics the
characteristics of the original dataset. The proposed algorithm summarized as follows

Input: noise Vector
Layers:

1. Dense layers with 128 neurons and ReLU activation function.
2. Sequential dense layer from 128 neurons to 1024 neurons (128, 256, 512, 1024) with ReL U activation function.
3. Final Dense Layer with tanH activation function.

Output: Gray scale image with dimension of 14*14 pixels.
The discriminator activation contains uses MobilenetV2 with following layers/details.
Input Layer
Resize Layer
Channel conversion
Feature extraction
Custom Classification Head

a s~ wbdpRE

The integrated GAN framework operates through the interaction between the Generator and the Discriminator. The
Generator produces synthetic images, while the Discriminator evaluates these images and provides feedback regarding
their authenticity. This feedback is subsequently used to improve the Generator's ability to create more realistic samples.

During the training of the Discriminator, the input dataset consists of both real and generated images. Real images are
assigned a label of 1, whereas synthetic images produced by the Generator are assigned a label of 0. The Discriminator
learns to distinguish between these two categories by minimizing classification errors.

In the Generator training phase, the Discriminator's parameters are kept fixed (frozen) to prevent updates. Random
noise vectors are supplied to the Generator, which converts them into synthetic images. These generated images are then
assessed by the Discriminator, and the resulting feedback is used to update the Generator's parameters. Through this
adversarial learning process, the Generator progressively improves its capability to produce images that closely resemble
real data.

V. RESULTS AND DISCUSSION

This section presents the performance analysis of the proposed GAN model by examining the generator and
discriminator losses, discriminator accuracy, F1-score, and ROC-AUC curve. Table 2 summarizes the training behavior
of the Generative Adversarial Network across multiple epochs, highlighting the evolution of the generator loss,
discriminator loss, and discriminator accuracy.

At the initial stages of training, the generator exhibits a relatively high loss value, indicating its limited ability to
produce realistic images. In contrast, the discriminator records a lower loss value and achieves high classification
accuracy, typically ranging from 85% to 99%, demonstrating its effectiveness in distinguishing between real and
generated samples. This behavior is expected, as the generator is still learning the underlying data distribution.

As training progresses, the generator loss gradually decreases, reflecting improvements in its capability to generate
more realistic synthetic images. Simultaneously, the discriminator loss also declines, indicating that the discriminator
continues to learn effectively while adapting to increasingly realistic generated samples. For instance, in the later training
stages, the generator and discriminator losses reach significantly lower values, demonstrating successful convergence of
the adversarial learning process.

Furthermore, the discriminator accuracy stabilizes within the range of 80% to 90% during the final epochs. This
stabilization suggests that both networks have reached a competitive equilibrium, where the generator is capable of
producing convincing images and the discriminator can no longer distinguish them with perfect accuracy. Such a balanced
adversarial relationship is an important indicator of successful GAN training.

Overall, the observed reduction in loss values and the consistent discriminator accuracy demonstrate the effectiveness
of the proposed model in learning the MNIST data distribution. The evaluation metrics, including F1-score and ROC-
AUC, further validate the model's performance and its ability to generate realistic handwritten digit images with improved
training stability and accuracy.
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Table 2: Generator — Discriminator Loss

Epoch Generator Discriminator Accuracy
Loss Loss (Discrim.)
1 1 0.5 0.854254
2 0.990909 0.495455 0.911189
3 0.981818 0.490909 0.925079
4 0.972727 0.486364 0.901113
5 0.963636 0.481818 0.993308
96 0.136364 0.068182 0.812294
97 0.127273 0.063636 0.809532
98 0.118182 0.059091 0.83955
99 0.109091 0.054545 0.884065
100 0.1 0.05 0.898789

The table shows how the model's performance improves over time with two key metrics: ROC AUC and F1 Score. ROC
AUC starts at 0.868 in Epoch 1, indicating good class separation. The F1 Score, which balances precision and recall,
starts at 0.939, showing effective predictions. As the training progresses, the ROC AUC increases to 0.964 in Epoch 3,
and the F1 Score reaches 0.995, both indicating better performance. In later epochs like Epoch 96, the values stabilize
(ROC AUC at 0.934 and F1 Score at 0.998), showing that the model is consistently making accurate predictions.

Table 3: Epoch — ROC AUC curve and F1-score

Epoch ROC AUC F1 Score
1 0.868884 0.939037
2 0.824251 0.818705
3 0.964368 0.994659
4 0.812285 0.986487
5 0.830348 0.837713
96 0.933647 0.998018
97 0.958382 0.983331
98 0.844753 0.844177
99 0.859101 0.809513
100 0.806822 0.936

Figure 3 illustrates the variation of generator and discriminator losses throughout the training process. The results
indicate a consistent improvement in the performance of the Generative Adversarial Network (GAN) over 100 training
epochs. Initially, the generator loss is relatively high, reflecting the generator's limited ability to create realistic images.
As training progresses, the generator loss gradually decreases, demonstrating its enhanced capability to generate synthetic
images that closely resemble real data.

Similarly, the discriminator loss exhibits a downward trend during training, indicating an improvement in its ability to
differentiate between authentic and generated samples. The continuous reduction in both generator and discriminator
losses suggests effective learning by the two adversarial networks.

The observed convergence of the loss values highlights the development of a stable adversarial learning environment,
where the generator becomes increasingly successful in producing realistic outputs while the discriminator maintains
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strong evaluation performance. This balanced interaction between the two networks is a key indicator of successful GAN
training and improved image generation quality.

Generator and Discriminator Loss

1.0} —— Generator Loss
Discriminator Loss
0.8
0.6}
b
S
0.4
0.2}
0 20 40 60 80 100

Epochs

Figure 3: Generator Discriminator Loss

Figure 4 depicts the ROC AUC curve over 100 epochs. The table displays the performance metrics for a Generative
Adversarial Network (GAN) across 100 epochs, focusing on ROC AUC and F1 Score. The ROC AUC value starts at
0.868 in the first epoch, fluctuates during training, and finally reaches 0.806 by the 100th epoch, reflecting the model's
evolving ability to distinguish between real and fake data. The F1 Score, which balances precision and recall, shows more
variation, peaking at 0.994 in the 3rd epoch but then stabilizing around 0.936 by epoch 100, indicating improvements in
model performance, particularly in balancing false positives and false negatives throughout the training.

ROC AUC Over Epochs
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Figure 4: ROC AUC over epochs
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V. CONCLUSION

In this study, a transfer learning-based model is proposed for MNIST digit classification using a Generative
Adversarial Network (GAN) framework consisting of generator and discriminator networks. The developed approach
demonstrates satisfactory performance, achieving an average accuracy of approximately 90%. Despite these results,
certain limitations remain, particularly in terms of training duration and computational complexity. These factors
highlight the need for further optimization to improve efficiency. Future work will focus on developing a more scalable
and computationally efficient architecture to extend the current research. Additionally, the applicability of the proposed
framework can be explored across other datasets and domains to evaluate its generalization capability.
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