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Abstract: Patient health can be diagnosed and monitored with the help of medical imaging techniques
such as MRI, CT-scans etc. Based on the disease diagnoses further treatment can be planned by medical
practitioners. The treatment planning may get deployed due to the lengthy process of diagnosis. To
overcome from this problem, Al based diagnostic systems are adapted by hospitals. These systems are
built using Al based algorithms, which need huge amount of medical datasets to train the model.
However, the scarcity of annotated medical datasets and privacy constraints often limit the application
of deep learning models. Generative Adversarial Networks (GANs) are emerging as a promising
approach for realistic data generation, augmentation, cross-modality translation, and super-resolution
in medical imaging. This paper presents review based on GAN architecture, variants of GAN, their
applications in medical imaging, the benefits they offer, challenges faced, and future directions. By
evaluating current research, this paper highlights how GANs are transforming the field of medical image
analysis.
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Introduction

Applications of Artificial Intelligence (Al) is wide spread ranging from agricultural to medical imaging. In
medical imaging Al applied for deep diagnosis images. There are various image modalities exist such as
Magnetic Resonance Imaging (MRI), Computed Tomography (CT), and X-rays are known techniques used
to diagnose the images. Al models built on these images enable accurate diagnosis of conditions such
as tumors, lesions, and organ abnormalities. Such models are built using deep learning algorithms to
help medical practitioners in early detection of diseases and focus on disease cure. Despite of
advantages deep learning models used for medical image analysis often struggle due to limited
availability of annotated datasets, which is caused by high annotation costs, patient privacy issues, and
scarcity of rare disease samples. Traditional data augmentation provides some relief but lacks the ability
to create fundamentally new examples. Therefore on the other hand we have Generative Adversarial
Networks (GANs) which help us to create large realistic images. GANs, introduced by Goodfellow et al.
(2014) [1], offer a unique solution by generating new, realistic images that capture the underlying data
distribution [2]. Table 1 shows the comparison of traditional images generation V/s GAN images.
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Table 1. Comparison of traditional images generation V//s GAN images

Aspect

Traditional Data Augmentation

GAN-based Augmentation

Diversity of

Produces only small variations of

Generates new, realistic, and diverse

Data existing data (rotation, flips, | samples beyond the original dataset.
brightness).
Complex Cannot capture complex variations | Learns and reproduces complex
Feature (e.g., new tumor shapes or imaging | features and textures from training
Modeling artifacts). data.
Medical Risk of unrealistic transformations | Produces anatomically plausible and
Realism (e.g., flipping X-ray can shift heart | realistic synthetic images.
position).
Dataset Increases  redundancy; limited | Significantly expands dataset with
Expansion contribution to dataset richness. novel samples, reducing class
imbalance.

Overfitting Risk

May lead to models overfitting on
repeated simple patterns.

Reduces overfitting by introducing
unseen but realistic variations.

Scalability Limited scalability, constrained by | Highly  scalable, can generate
basic transformations. thousands of realistic samples.
Use Cases Quick, simple, low-resource | Requires higher computation but

preprocessing.

provides substantial gains in accuracy

and generalization.

This paper reviews the application of GANs in medical imaging, providing insights into architectures,
applications, challenges, and future research directions.

Overview of GANs

GANs methodology is based on neural network. There are two neural networks present in GAN: a
Discriminator and a Generator, trained concurrently in a minimax game. The Generator network
produces artificial examples, while the Discriminator network tries to differentiate actual from fake
samples. Through adversarial training, the Generator improves until it produces highly realistic images.
The efficacy of this network is emphasized by its capability to produce high-quality artificial images that
can significantly augment the training datasets, thereby addressing the scarcity of available clinical data
[3]. GAN-based augmentation generates entirely new, diverse, and realistic samples, effectively
addressing class imbalance, improving generalization, and providing scalable, high-quality datasets for
medical image analysis. Figure 1 shows workflow of the GAN networks. Generate takes random noise
as input and generates the fake image. Discriminator network compares fake data against real data and
outputs label of the image as "real or fake." Feedback loop helps the Generator improve until it
produces realistic outputs [4],[5].
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Figure 1. Workflow of GAN networks

Since the introduction of Generative Adversarial Networks (GANs) in 2014, several variants have evolved
to address challenges in stability, convergence, and image quality. Figure 2 shows GAN variants and
their time line. This figure illustrates the taxonomy of GANs, including DCGAN, CycleGAN, StyleGAN, and
conditional GANs, and their relevance in medical imaging tasks. The original GAN framework often
suffered from training instability and mode collapse, limiting its effectiveness. To overcome these issues,
Deep Convolutional Generative Adversarial Network (DCGAN) incorporated convolutional layers,
providing more stable training and improved image synthesis [6]. Wasserstein Generative Adversarial
Network (WGAN) further enhanced stability by replacing the Jensen-Shannon divergence with the
Wasserstein distance, giving a more meaningful loss metric. Building upon this, Wasserstein Generative
Adversarial Network with Gradient Penalty (WGAN-GP) introduced a gradient penalty to enforce
Lipschitz continuity and reduce training failures [7], [8]. For image-to-image translation, Pix2Pix and
CycleGAN were developed, with CycleGAN [9], [10]lenabling unpaired data translation—especially
valuable in medical imaging. StyleGAN revolutionized realism and control, producing photorealistic,
high-resolution images [11],[12]. Each variant represents a step toward solving specific problems like
instability, lack of diversity, and limited realism, making GANs more versatile across domains including
healthcare, entertainment, and sustainability.
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Figure 2. GAN variants and their timeline

Table 2 shows GAN variants , their key characteristics and applications in detail.
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Table 2: Comparison of GAN Variants in Medical Imaging

GAN Variant Key Characteristics Applications (General + Maedical
Imaging)

Vanilla GAN First GAN model by Goodfellow (2014); | Proof of concept, simple image
generator & discriminator trained in a | synthesis, low-resolution medical
minimax game. image generation.

DCGAN (Deep | Uses convolutional & deconvolutional | Data augmentation in medical

Convolutional GAN) | layers; stable training; better image | imaging (MRI, CT, X-ray), synthetic
quality. sample generation.

WGAN (Wasserstein | Introduces Wasserstein distance instead | High-quality medical image

GAN) of JS divergence; improves stability; | reconstruction, pathology image
mitigates mode collapse. synthesis.

WGAN-GP Improves WGAN with gradient penalty | MRI reconstruction, reducing

(Gradient Penalty) for Lipschitz continuity; smoother | artifacts, super-resolution medical
convergence. imaging.
Conditional GAN | Conditions generation on labels or input | Modality translation (MRI->CT),
(cGAN) (e.g., class labels, images). tumor localization, organ-specific
data generation.
CycleGAN Learns mapping between two domains | Cross-modality translation
without paired data (unpaired training). (MRI<>CT, PET<>MRI),
histopathology image mapping.
Pix2Pix Image-to-image translation with paired | Segmentation, medical annotation
training data. automation (e.g., CT scan labeling).
StyleGAN / | Style-based generator; controls image | High-resolution medical images,
StyleGAN2 attributes at multiple scales; state-of- | dermatology image synthesis, facial
the-art realism. anomaly datasets.
Progressive Gradually grows layers during training; | Histopathology images, radiology
Growing GAN | enables large-scale high-res images. dataset augmentation.
(PGGAN)
BigGAN Scalable GAN; trained on large datasets; | Large medical datasets, research
generates diverse & realistic images. datasets (e.g., brain MRI).
InfoGAN Maximizes mutual information; learns | Feature disentanglement in medical
interpretable latent representations. imaging (e.g., tumor shape/size
analysis).
SRGAN (Super- | Enhances image resolution; uses | Improving resolution of MRI, CT,

Resolution GAN)

perceptual loss.

ultrasound scans.

BEGAN (Boundary
Equilibrium GAN)

Autoencoder-based discriminator;
balances generator & discriminator.

Anomaly detection in medical
images, rare disease detection.

Evaluation of GAN performance often involves metrics such as Frechet Inception Distance (FID),
Inception Score (IS), and Structural Similarity Index (SSIM), though this score may not fully reflect
medical relevance.

Applications of GANs in Medical Imaging

GANs have emerged as a powerful class of deep learning models capable of generating realistic
synthetic data through an adversarial process between a generator and a discriminator. In the domain
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of medical imaging, GANs have proved substantial potential by overcoming limitations of traditional
data augmentation, enabling cross-modality image translation, enhancing low-resolution scans, and
supporting segmentation tasks [13], [14]. Figure 3 shows the various applications of GANs such as data
augmentation, image reconstruction, modality translation, segmentation, and anomaly detection.
Furthermore, GANs play a crucial role in privacy-preserving data sharing and anomaly detection. While
challenges such as training instability, evaluation metrics, and ethical concerns remain, the evolution of
GANs continues to expand their applicability. With advances in hybrid architectures and integration with
diffusion models, GANs are poised to become indispensable in medical research, diagnostics, and other
high-impact real-world applications.

Data Image
Augmentatiion Reconstruction

APPLICATIONS OF GANs
IN MEDICAL IMAGING

Modality Anomaly
Translation Detection

Segmentation

Figure 3. Applications of GANs in medical imaging
a) Data Augmentation

GANSs can generate synthetic medical images to increase dataset size and diversity. For example, GANs
have been used to generate synthetic MRI brain scans for tumor detection tasks, improving classifier
generalization compared to traditional augmentation.

b) Cross-Modality Image Translation

CycleGAN and similar models enable translation between modalities such as MRI to CT or PET to CT. This
reduces the need for multiple imaging sessions, lowering cost and radiation exposure. Unpaired training
makes it practical where aligned datasets are unavailable.

c) Image Reconstruction & Enhancement

SGS Engineering & Sciences, VOL. 1 NO .4 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

GANs enhance medical imaging by reconstructing missing details and improving resolution. Applications
include denoising low-quality scans and producing super-resolution ultrasound and X-ray images.

d) Segmentation Assistance

GANs are used to produce synthetic training data for segmentation tasks or combined with U-Net
architectures for improved tumor and organ segmentation accuracy.

e) Privacy-Preserving Data Sharing

GANs can generate realistic yet anonymized synthetic medical data. This addresses privacy issues,
allowing hospitals and research institutions to share data without compromising patient confidentiality.

Advantages of GANs in Medical Imaging
GAN generated images can have following advantages:
e Generate highly diverse and realistic synthetic data.
e Enable cross-modality imaging, reducing the need for costly scans.

e Improve training in rare disease diagnosis.
e Provide tools for enhancing image quality and resolution.

Challenges and Limitations

Despite their promise, GANs face several challenges as discussed below:
a) Training Instability and Mode Collapse:

GAN training often suffers from instability due to the adversarial nature of optimization. Mode collapse
occurs when the generator produces limited variations, reducing the diversity of synthetic images and
failing to capture the true data distribution [15].

b) Artifacts and Medical Validity

GAN-generated image pool can have unrealistic features, distortions, or visual artifacts. In the context of
medical imaging, similar inaccuracies can affect clinical reliability since small artefacts may lead to
incorrect diagnostic decisions.

c) Evaluation Metrics Limitations

Standard metrics such as Inception Score (IS) or Frechet Inception Distance (FID) applied on GAN
generated images to evaluate synthesized images may have good visual similarity but may not fully
capture clinical or diagnostic quality. An image produced may be mathematically good but lacks in
medical significance [16].
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d) High Computational Costs

Training of GAN networks needs high computational resources such as GPUs and large datasets.
Training process is significantly time consuming, making them resource-intensive. Therefore this
process is resource intensive and limits adoption in smaller healthcare settings or developing research
institutions.

e) Ethical Risks and Misuse

The power of GANSs to create synthetic data look like a real data raises a concerns about misuse, such as
generating deepfakes or forged medical records. There are also issues regarding the ethics of data
ownership, patient privacy, and the process for obtaining informed consent.

Future Directions

The future of GAN research in medical imaging promises to overcome existing limitations and broaden
clinical impact. One important avenue is the development of hybrid GAN-diffusion models, which
combine the realism of diffusion-based methods with the efficiency of adversarial training, resulting in
higher-quality and more diverse medical images. Another key direction is the creation of explainable
GANs, designed to provide transparency in image generation processes. By incorporating interpretability
mechanisms, these models can help build clinician trust and ensure synthetic images align with medical
reality. Additionally, federated GANs represent an exciting frontier, enabling multiple hospitals and
research centers to collaboratively train models without sharing sensitive patient data, thereby
preserving privacy while enhancing data diversity. The integration of multimodal GANs that combine
clinical, genomic, and imaging data can further enrich diagnostic capabilities, allowing for more holistic
decision-making and personalized treatment strategies. Finally, rigorous clinical validation studies are
essential to translate GAN innovations into real-world healthcare. Such studies should focus not only on
technical performance but also on usability, ethical considerations, and alignment with medical
standards. By addressing these directions, GANs can evolve from experimental tools into trustworthy
clinical assets, revolutionizing medical imaging workflows, aiding in early disease detection, and
enhancing patient care outcomes [17], [18].

Conclusion

GANs are reshaping the landscape of medical imaging by enabling data augmentation, cross-modality
translation, image enhancement, and privacy-preserving synthetic data generation. While technical
challenges remain, their potential to support diagnostic accuracy and expand datasets is undeniable.
With further advancements in stability, interpretability, and clinical validation, GANs could become a
standard tool in healthcare imaging pipelines.
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