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Generative Adversarial Networks (GANs) have come to be as powerful 
in medical image processing with massive benefits in image quality, 
fusion, classification and segmentation tasks. This paper displays an 
in-depth analysis of GAN structures and their use cases in medical 
image analysis for data augment, anomaly detection, cross- modality 
synthesis, super-resolution, and image reconstruction. As the demand 
for automated diagnostic systems has increased, GANs provide an 
efficient way to synthesize realistic medical images, particularly in 
domains with limited data availability. In this review, we discuss new 
developments and issues on how to apply GANs to accurate and 
effective medical image analysis. Moreover, this work explores the 
strengths, limitations, and comparative performance of different GAN 
models across diverse datasets and clinical tasks. By identifying key 
differences among the GAN models, and analysing performance, this 
review will be a roadmap for future studies in developing GAN-based 
models for better diagnosis and health applications. 
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A. Introduction 
GANs are the next revolutionary technology in medical image processing that 

can address many problems [1]. GANs are made up of two neural networks, the 
generator and the discriminator, which are trained by adversarial training at the 
same time [2]. With this structure, GANs can create high-quality synthetic images 
that cannot be discriminated against from the real medical image and therefore 
solve the data crunch, privacy issues and training dataset shortage problems in 
medical imaging applications [3][4]. 

Data augmentation is among the major use cases for GANs in medical 
imaging. Medical data are usually quite small as the logistics and expenses of data 
collection are prohibitive [5]. GANs could create artificial images that supplement 
datasets, which can help machine learning models to do classification and 
segmentation tasks [6][7]. For example, GANs are demonstrated to be capable of 
generating images for modalities such as MRI and CT scans that are used to train 
models for tasks such as tumor detection and classification [8][9]. Moreover, 
GANs have also been used to generate anonymized datasets with patients’ 
confidentiality protected, yet useful as training data for Machine Learning (ML) 
[10]. Besides data enrichment, GANs allow us to build datasets that keep the 
privacy of patients intact and that can be used as input to train high-end deep 
learning (DL) [11]. Such datasets make it possible for scientists to build and 
validate models without triggering patient confidentiality, a critical part of moral 
medical research [12][14]. 

This review will try to present a detailed view of GANs in medical image 
processing, especially the data augmentation, cross- modality synthesis, and 
super-resolution use cases. This summary of the strengths, weaknesses and 
future uses of GANs will serve as a roadmap for future research in developing 
GAN-based models for more efficient diagnostic and medical use. 

This   study   analyzes   Generative  Adversarial Networks (GANs) in 
medical image processing, focusing on data augmentation, cross-modality 
synthesis, and image resolution enhancement. This work evaluates different GAN 
architectures, their strengths, limitations, and challenges like computational 
complexity. The research provides insights for improving GAN-based models in 
medical diagnosis. The findings serve as a roadmap for future advancements in 
healthcare applications. 

This paper is organized as follows: Section 1 introduces the role of GANs in 
medical image processing. Section 2 provides a theoretical background on GANs, 
including their architecture and functionality. Section 3 discusses their 
applications, such as data augmentation, cross-modality synthesis, and super-
resolution. Section 4 addresses the limitations and challenges associated with 
GANs in medical imaging. Finally, Section 5 presents the conclusions, while Section 
6 outlines future research directions for GAN integration into clinical workflows. 

 
B. Theoretical Background 

The evolution of artificial intelligence in medical imaging has concrete the 
way for innovative approaches to enhance diagnostic processes and treatment 
outcomes. Among these advancements, GANs have emerged as a transformative 
technique, enabling the generation of synthetic medical images. 
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Generation Adviser’s Networks (GANs) are DL models that have played a 
critical role in medical image processing by creating artificial images that look 
very similar to actual medical images [15]. GANs are comprised of two main units, 
generator and discriminator [16][17]. Generator generates artificial images, 
discriminator compares the generated and actual images, which prompts the 
generator to improve the output [18]. In this adversarial mode, GANs can create 
high- realism images that can be applied in multiple medical areas solving data 
dearth, privacy and model robustness problems of medical imaging machine 
learning [19][20]. 
 
B.1 Data Augmentation and Synthetic Image Generation 

One of the most popular uses of GANs in medical imaging is data 
augmentation, or the use of GANs to fill in gaps in existing datasets [21]. Costs 
and laws severely limit medical data sets, especially in areas where data 
collection is challenging (such as rare diseases or children) [22]. Two neural 
networks, the Generator (G) and the Discriminator (D), are shown in Figure 
1. Both are multilayer neural networks. The generator seeks to create realistic 
synthetic images, frequently imitating medical imaging like CT or MRI scans, 
using random noise as input. The discriminator, which is concurrently trained to 
differentiate between actual samples (from the training data) and the generator's 
synthetic outputs, then assesses these produced images, also known as "fake" 
samples. The generator's loss is backpropagated to increase its capacity to fool the 
discriminator, while the discriminator's loss is backpropagated to increase its 
classification accuracy. The generator may gradually increase the realism of the 
images it generates thanks to this adversarial training loop, eventually generating 
synthetic data that can supplement sparse medical datasets. As a result, the 
model offers a strong tool to assist with medical research and diagnostics, 
especially when data collecting is constrained  by  legal,  logistical,  or  ethical 

 

constraints [23]. 

 

Figure 1. Synthetic Data Generation [23] 

 
B.2 Cross Modality Image Synthesis 
        Cross-modality synthesis, which combines one modality picture (such as CT) 
with another modality image (such as MRI), is another area in which GANs excel 
[24]. This approach reduces radiation exposure for patients and lowers medical 
expenses by providing complete diagnostic value from many modalities without 
the need for extra scans [25]. By combining complementing data from various 
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imaging modalities, cross-modality synthesis can aid in more accurate diagnosis 
by giving medical professionals a more comprehensive view of the patient's 
condition [26]. Due to the fact that GANs such as Cycle-GAN or Pix2Pix train on 
mappings across unpaired data sets, cross- modality synthesis has proven very 
successful with them [27][28]. The MRI cross-modality image-to-image 
translation process, in which a generative model, such a GAN, learns to synthesize 
one type of MRI modality from another, is illustrated in Figure 2. In particular, it 
displays T1-weighted, T2-weighted, and T2- Flair MRI sequences for the same 
anatomical region. When some of these modalities are not available, employing 
GANs to synthesize them from one another can enhance clinical decision- making 
by highlighting distinct tissue contrasts and pathological characteristics. The 
graphic shows how trained GAN models like CycleGAN are used to convert input 
data from a source domain (like T1) into a target domain (like T2 or T2-Flair). By 
enabling the virtual production of missing modalities, this cross-domain synthesis 
lessens the requirement for extra exposure and imaging sessions. In multimodal 
MRI datasets, where insufficient modality coverage is a frequent problem, these 
models are very helpful. In order to improve diagnostic interpretation and 
subsequent tasks like segmentation or anomaly identification, the synthesized 
images preserve anatomical consistency while modifying the contrast and texture 
patterns unique to the target modality [29]. 
 
B.3 Image Resolution Enhancement 
         Additionally, GANs (SRGANs) have been used for medical imagery, such as 
MRI pictures. Clinicians can see more anatomical information thanks to these 
high-resolution images, which improves the accuracy of diagnosis for rare 
disorders like liver and brain cancers. Additionally, this use of GANs offers high- 
quality resolution at smaller dataset sizes as a storage and data management 
solution [31]. The GAN-based image super-resolution technique, which uses 
adversarial training to improve a low-resolution MRI scan to a high-resolution 
one, is illustrated in Figure 3. After receiving low-resolution input, the 
Generator—typically a deep convolutional neural network—tries to produce a 
high-resolution output that closely resembles actual, high-quality MRI scans. 
When compared to real high-resolution images, the Critic (or Discriminator), 
which is implemented here as a WGAN-based model, assesses how realistic the 
generated high- resolution image is. The generator improves visual quality and 
diagnostic value by learning to restore fine anatomical components that are 
frequently lost in low-resolution scans using this adversarial framework. This 
procedure, depicted in the figure, demonstrates how SRGANs (Super-Resolution 
GANs) may upscale medical images in a way that is therapeutically significant. 
            These improvements, which offer both diagnostic benefits and storage 
savings, are especially helpful in situations where only compressed or low-quality 
scans are available. More precise identification of minor characteristics in 
complex disorders such as malignancies or degenerative brain problems is made 
possible by the final high-resolution output [32]. 
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Figure 2. MRI Cross-Modality Image-to-Image Translation [29] 
 

B.4 Image Resolution Enhancement 
            Additionally, GANs (SRGANs) have been used for medical imagery, such as 
MRI pictures. Clinicians can see more anatomical information thanks to these 
high-resolution images, which improves the accuracy of diagnosis for rare 
disorders like liver and brain cancers. Additionally, this use of GANs offers high- 
quality resolution at smaller dataset sizes as a storage and data management 
solution [31]. The GAN-based image super-resolution technique, which uses 
adversarial training to improve a low-resolution MRI scan to a high-resolution 
one, is illustrated in Figure 3. After receiving low-resolution input, the 
Generator—typically a deep convolutional neural network—tries to produce a 
high-resolution output that closely resembles actual, high-quality MRI scans. 
When compared to real high-resolution images, the Critic (or Discriminator), 
which is implemented here as a WGAN-based model, assesses how realistic the 
generated high- resolution image is. The generator improves visual quality and 
diagnostic value by learning to restore fine anatomical components that are 
frequently lost in low-resolution scans using this adversarial framework. This 
procedure, depicted in the figure, demonstrates how SRGANs (Super-Resolution 
GANs) may upscale medical images in a way that is therapeutically significant. 
             These improvements, which offer both diagnostic benefits and storage 
savings, are especially helpful in situations where only compressed or low-quality 
scans are available. More precise identification of minor characteristics in 
complex disorders such as malignancies or degenerative brain problems is made 
possible by the final high-resolution output [32]. 

 

 

Figure 3. Super-Resolution for Image Enhancement [32] 
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C.     Challenges and Limitations of GAN in Medical Image 

• Mode Collapse: Mode collapse is a usual problem, the generator can only 
generate specific types of images, it doesn't have enough diversity in real 
data [33]. This makes it difficult for GANs to generate different synthetic 
datasets [34]. 

• Computational Requirements: GANs are extremely expensive and CPU-
intensive, so it might not be a practical option for limited resources such as 
high-resolution, 3D image-generation [35]. 

• Interpretability: Because GANs are commonly used as models, it’s hard to 
know which features actually generate which outputs [36]. Interpretability 
is of prime importance to clinical acceptance when using medical imaging 
where users must rely on GAN images for diagnostic use [37]. 

 D.      Related Work 
Table 1 demonstrates studies about various GAN models in medical imaging 

applications. Several GAN techniques were used including CycleGAN, DCGAN, 
WGAN, SPADE GAN, and StyleGAN etc. 

 
Table 1: Comparison of Studies Utilizing GANs in Medical Imaging 

Ref Aim 
Type of 

Disease 
Dataset Technique Metrics Appl Results Limitations 

Future 

Directions 

[4] 

ICycle- GAN 
makes liver’s 

medical image 
quality 

better, in CAD 
systems 

Liver 
Cancer. 

LiTS (CT), 
CHAOS 
(MRI). 

ICycle-GAN 
(Improved 
Cycle-GAN 

with 
Correction 

Network and 
Loss 

Function). 

SSIM, PSNR, 
NMAE 

, 
and FID. 

Generation of 
high- quality 

CT/MRI 
liver 

images for 
dataset 

augmentation 
and CAD 
systems. 

MRI: 
SSIM=0.798, 
PSNR=28.83, 
NMAE=0.08, 
FID=63.32 

CT: 
SSIM=0.875, 
PSNR=29.20, 
NMAE=0.019 
3, FID=72.71. 

Increased 
model 

complexity 
and 

training time; 
only tested on 

CT/MRI, 
not PET or 

other 
modalities. 

simplify the 
model, 

expand the 
research to 

other 
modalities 

 
 
 
 

[7] 

Reviews GAN 
advancements 

in medical 
imaging. 

Retinal 
Disease 

(e.g., 
Diabetic 

Retinopathy, 
Glauco 

ma). 

EyePACS, 
DRIVE, 
STARE, 

CHASE_DB 
1, 

Messidor. 

GAN-based 
Retinal 
Image 

Synthesis 
and 

Enhancemen 
t (e.g., cGAN, 

CycleGAN, 
StyleGAN). 

SSI M, 
PSNR, MAE, 

AUC, 
Dice score, 
and  ROC. 

Data augment 
ation, image 

enhance 
ment, super- 

resolutio 
n, and cross- 

modality 
translation 
for retinal 
imaging 

Accuracy= 
95.2%, 

SSIM=0.92, 
AUC=0.98, 
FID=9.1, 

PSNR=29.4 
db, Dice 

Score=0.85. 

Training 
instability, 

limited 
diversity in 
generated 

images, 
difficulty 

generalizin 
g across 
datasets 

improving 
optimization 

processes 
and 

addressin g 
privacy 

concerns 

[9] 

Training 
challenge s of 

GANs in 
biomedic al 

image 
analysis, 

Brain 
Tumor, 

Alzheim er's 
Disease 
, Stroke. 

BraTS, 
ADNI, 
ISLES, 

MRBrainS. 

GAN variants 
(DCGAN, 

cGAN, 
CycleGAN, 
3D-GAN). 

SSI M, FID, 
PSNR, 

and Dice 
Score 

Image 
synthesis, 
modality 

translatio n 
(e.g., 

MRI to CT), 
super- 

resolutio n, 
and 

lesion 
segmenta 

tion. 

High-quality 
synthetic 

images, SSIM 
up to 0.91, 

PSNR 
up to 30.2 
dB, Dice 

Score up to 
0.88. 

Training 
complexity, 

limited 
interpretab 

ility, 
sensitivity to 

data 
distributio n 

shifts. 

advanced 
loss 

functions, 
and 

optimizati 
on technique 

s. 

 
 

applicatio ns 
in medical 

Lung 
Cancer, 

LIDC-IDRI, 
COVIDx, 

GAN variants 
(Pix2Pix, 

AG, SD, MI, 
PSNR 

X-ray/CT 
image 

SSIM up to 
0.89, PSNR 

Data 
imbalance, 

develop 
large- scale 
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[12] 

image fusion, 
including 

architect ure 
and datasets, 

COVID- 19. ChestX- 
ray14. 

CycleGAN, 
COVID-
GAN). 

and SSIM enhance 
ment, 
lesion 

segmenta 
tion, COVID-

19 
infection area 

detection 
. 

up to 28.7 
dB, Dice 

Score up to 
0.87, 

improved 
classification 
accuracy (up 

to 94.8%). 

potential 
mode 

collapse, 
domain 

adaptation 
limitations for 

real- world 
deploymen 

t. 

high- quality 
datasets, 

refine 
evaluatio n 

metrics 

 
 
 
 
 
 
 
 

[16] 

Investigat e 
the effectiven 

ess of 
GANs in 

resolutio n of 
MRIs 

Brain 
Tumor, 

Lung 
Disease 
, Retinal 

Disorde rs, 
Breast 
Cancer. 

BraTS, 
LIDC-IDRI, 

DRIVE, 
INbreast. 

CycleGAN, 
Pix2Pix, 

StyleGAN2, 
SPADE, 
DCGAN, 
WGAN. 

PS NR, SSIM, 
and MOS. 

MRI/CT 
translatio n, 

lesion 
segmenta 

tion, 
classificat ion, 

image 
enhance 

ment, super- 
resolutio 

n. 

SSIM up to 
0.94, PSNR 
up to 30.3 
dB, Dice 

Score up to 
0.92, 

classification 
accuracy 

improved by 
19–25%, FID 
as low as 3.2. 

High 
training cost, 

instability, 
modality 
mismatch 

issues, 
limited real-

time 
applicabilit 

y and 
interpretab 

ility. 

Investigati 
ng further 

GAN 
architectu 

res and 
solutions 

 
 
 
 
 
 
 
 
 
 
 
 

[24] 

Evaluate 
GANs in 

generatin g 
realistic and 

useful medical 
images. 

Prostat e 
Cancer. 

ProstateX, 
Sylvester 

Cancer 
Center 
Fusion 
Dataset 

(T2- 
weighted 

MRIs). 

SinGAN 
(Single 
Natural 

Image GAN). 

FID, 
Dice score 

Generati ng 
synthetic 

prostate MRI 
images for 
use in deep 

learning- 
based 

segmenta 
tion, 

diagnosis, and 
research 
augment 

ation. 

CNN 
accuracy: 

76.4% 
(synthetic vs 
real), 77.67% 

(tumor vs 
normal); 

Radiologist 
quality score: 

synthetic = 
6.2, real = 
5.5; Dice 

Score up to 
0.9991; 47% 
of synthetic 

images 
mistaken as 

real. 

Limited 
training data; 

2D only; 
segmentati on 

criterion 
strictness 

may exclude 
good 

images; small 
evaluation 

set; 
radiologist 
assessment 
sample size 

small. 

Devel oping 
GANs 

specificall y 
tailored to 

medical 
imaging data 

 
 
 
 
 
 
 
 
 
 

[27] 

GANs 
ability to 
generate 

high- quality 
artificial 
prostate 

cancer MRIs, 

Brain 
Tumour. 

BraTS 
2015– 
2020, 
ISLES 
2018. 

RTGAN 
(Real- 
Time 

Generative 
Adversarial 
Network) 

with 3D CNN 
architecture. 

(DS 
C) 

for segme 
ntation 

. 

Brain tumour 
segmenta tion 

(core, 
enhancin g, 

edema) from 
MRI images. 

Accuracy = 
97%, Dice 

Score up to 
0.94, PSNR 
up to 69.01 
dB, SSIM up 
to 0.9561. 

Limited 
generalizati 
on to other 

tumour types 
(e.g., 

glioblastom 
a); results 

need 
validation on 

diverse 
modalities; 

still far from 
clinical 

deploymen 
t. 

Use of larger 
training 
datasets, 

inclusion of 
3D 

imaging 
technique s 

 
 
 
 
 

[38] 

Real-time 
GAN for brain 

tumor 
segmenta tion 

from MRI 
images. 

Cardiac, 
Liver, and 
Diabetic 
Retinop 

athy. 

ACDC 
(Cardiac 

MRI), 
SLiver07 

(Liver CT), 
IDRiD 

(Retina). 

DCGAN, 
LSGAN, 
WGAN, 

HingeGAN, 
SPADE GAN, 

StyleGAN. 

DS C, 
PSNR, 

and SSIM. 

Synthetic data 
generatio n 
for medical 

image 
segmenta tion 

and 
augmentation 

Best Dice 
Score: 0.87 

(StyleGAN on 
ACDC), Best 

FID: 1.09 
(SPADE on 

IDRiD), 
segmentation 

accuracy 

GANs 
struggle on 

small or 
imbalanced 

datasets, high 
training 

instability, 
large compute 

demand, 

Expandin g 
the testing 

to other 
tumor 

types and 
modalitie s. 
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improved 
with 

StyleGAN/SP 
ADE. 

limited 3D 
support. 

 
 
 
 
 
 
 
 

[39] 

Applicati on 
of deep 

learning, 
particular ly 
generativ e 

models 

Brain 
Tumor, 

Liver 
Cancer, 
Cardiac 
Disease. 

BraTS, 
LiTS, 

ACDC. 

CycleGAN, 
cGAN, 

StyleGAN2, 
Pix2Pix. 

F1- 
score, SSIM, 

PSNR 
and structu 

ral 
metrics 

. 

Modality 
translatio n 
(e.g., MRI to 

CT), 
image 

enhance 
ment, 

synthetic 
training data 

generatio 
n. 

CycleGAN 
SSIM=0.83 

(LiTS), 
Pix2Pix 

PSNR=27.6 
dB (BraTS), 
StyleGAN2 

FID=4.1 
(ACDC), 

improved 
segmentation 

Dice up to 
0.88. 

Limited 
interpretabi 

lity, 
modality gaps 
affect realism, 

training 
requires 

extensive 
tuning and 
compute. 

Handling 
diverse 

datasets, 
developm 

ent of 
efficient 
models 

 
 
 
 
 
 
 
 
 

[40] 

use of GANs 
for medical 

image 
augment 

ation, and 
assessing 

effectiven ess 

Brain 
Tumor, 
Chest 

Disease, 
Breast 
Cancer, 

Lung 
Disease, 
Alzheim 

er's, COVID- 
19, etc. 

BraTS, 
ChestX- 

ray, ADNI, 
LI-RADS, 

Mammogr 
aphy 

datasets, 
etc. 

GAN variants 
(cGAN, 
DCGAN, 

CycleGAN, 
Pix2Pix, 

StyleGAN, 
InfoGAN, 
WGAN, 
ACGAN, 
PGGAN). 

visual 
inspect ion, 
PSNR, SSIM, 

FID, F1- 
score 

Medical image 
augment 
ation to 
balance 

datasets and 
enhance 

performa nce 
in classificat 

ion and 
segmenta tion 

tasks. 

Improved 
classification 
accuracy (up 
to 98%), Dice 

Score up to 
0.94, PSNR 
up to 69.01 
dB, SSIM up 
to 0.9561. 

Lack of 
hyperpara 

meter details, 
limited 

reporting of 
architectur es, 

low use of 
qualitative 

metrics, not 
tested in 
clinical 
settings 

Combinin g 
qualitativ e 

and 
quantitati ve 

methods. 

 
 
 
 
 
 
 

[41] 

GAN 
models 

applicatio ns 
in medical 

image fusion 

Brain, 
Breast, 

Lung, Chest, 
Retinal, 

Liver, Skin, 
Cardiac. 

BraTS, 
ADNI, 

EyePACS, 
ChestX- 
ray14, 

LiTS, ISIC, 
ACDC, and 

others. 

CycleGAN, 
Pix2Pix, 

StyleGAN, 
cGAN, 

DCGAN, 
WGAN, 3D- 

GAN. 

AG, MI, 
PSNR, SSIM, 

and SD 

Modality 
translatio n, 

image 
enhance 

ment, 
segmenta tion 
aid, synthetic 

data 
augment 

ation, 
classification 

PSNR up to 
30.2 dB, SSIM 

up to 0.94, 
Dice Score up 

to 0.91, 
accuracy up 
to 98%, FID 

as low as 4.1. 

High training 
time, lack of 
interpretabi 

lity, 
modality 

transfer gaps, 
underuse of 

real 
clinical 

validation. 

Improving 
theoretica l 
models to 

avoid mode 
collapse. 

 
 
 
 
 
 

[42] 

Unsuperv ised 
medical 

fusion GAN to 
fuse CT and 

MRI 
images 

Brain 
Tumors 

(e.g., GBM, 
AAC, AC, 
AODG, 
ODG). 

GLIS-RT 
(Cancer 
Imaging 
Archive, 

230 
patients). 

MedF 
usionGAN 

(unsupervise 
d deep GAN 

with 
perceptual, 

gradient, 
and SSIM 
losses). 

ENT, STD, 
MG, SF, MI, 
PSNR, NCC, 
and SSIM 

Fusion of CT 
and 3D T1-Gd 

MRI for 
radiother apy 
planning and 

IGART. 

PSNR=32.84 
db , STD= 

58.90, SSIM= 
0.9682, ENT= 

7.66, Qw = 
7.66, 

Dice=0.96, 
HD=1.22mm) 

. 

Performanc e 
may degrade 

with 
misaligned 

images; 
training only 

tested on 
aligned 

data. 

Testing on 
misaligne d 

datasets, and 
integratio n 

into 
clinical 

workflow 
s 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Compare 
performa nce 

DDPM 
and GAN for 

medical image 
synthesis. 

Glauco ma, 
Colorec tal 

Cancer, 
Cardio 
megaly. 

AIROGS 
(eye 

fundus), 
CRCDX 

(histopath 
ology), 

CheXpert 
(chest 

radiograph 
s). 

Medfusion 
(Latent 

DDPM) vs. 
StyleGAN-3, 

cGAN, 
ProGAN. 

FID, KID, 
precisi on 
recall and 

AUROC 

Medical image 
synthesis for 

classificat ion, 
augment 

ation, and 
diversity 
enhance 

ment. 

Medfusion 
achieved 
lower FID 
(AIROGS: 

11.63, 
CRCDX: 
30.03, 

CheXpert: 
17.28) and 

higher recall 
(diversity: 
0.40, 0.41, 
0.32) and 
precision 

Lower 
resolution 

used for 
compatibili 
ty; lack of 

clinical 
validation; 
evaluation 
metrics not 

optimized for 
medical 
imaging; 

Medfusion 
still shows 

Reaching 
higher 
image 

resolution 
, creating 
medical- 
specific 

evaluatio n 
metrics 
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[43] 

(fidelity: 
0.70, 

0.66, 0.68) 
vs. GANs. 
AUROC 

for 
classification 

with 
synthetic 

data: 
AIROGS: 

0.88, 
CRCDX: 0.57, 

CheXpert: 
0.77. 

some 
reconstruct 
ion artifacts. 

 
 
 
 

[44] 

GAN- 
based models 

for the 
segmenta tion 

of medical 

Brain 
Tumor, 
Retinal 
Disease, 

Chest 
Abnorm 
alities. 
images 

BraTS, 
DRIVE, 

Messidor, 
CheXpert. 

CycleGAN, 
Pix2Pix, 
cGAN, 

StyleGAN2, 
DCGAN. 

DSC, JI, HD, 
Sen and 

Accura cy 

MRI-CT 
modality 

translatio n, 
retinal image 

enhance 
ment, X- ray 
abnormality 

detection 
, 

synthetic data 
generatio n. 

SSIM up to 
0.94 (retina), 
PSNR up to 

30.2 dB 
(MRI- 

CT), Dice 
Score up to 

0.91 (brain), 
FID as low as 

4.1 
(StyleGAN2 
on retina), 

classification 
accuracy 

improved by 
15–20% with 
augmentatio 

n. 

Requires 
large labeled 

datasets; 
unstable 
training; 
Limited 

generalization 
to unseen 

pathologies 
; lacks clinical 

validation 

Exploratio n 
of more 

sophistica 
ted GAN 
models 

like 
StyleGAN 

 
 
 
 
 
 
 
 

[45] 

To generate 
high- fidelity 

medical 
images 

Breast 
Cancer, 
Brain 

Tumor, 
Lung 

Disease, 
Retina 

Disorde rs. 

INbreast, 
BraTS, 

LIDC-IDRI, 
EyePACS. 

Pix2Pix, 
CycleGAN, 
StyleGAN2, 

SPADE, 
WGAN, 
DCGAN. 

FID, SSIM, 
PSNR, 

and FLOPs 

MRI/CT 
synthesis, 

lesion 
segmenta 

tion, super- 
resolutio n, 

synthetic data 
for classificat 

ion and 
detection 

. 

Dice Score up 
to 0.92, PSNR 

up to 29.7 
dB, SSIM up 

to 
0.91, FID as 
low as 3.85, 

classification 
accuracy 

improved by 
18–22% 

using GAN-
based 

augmentatio 
n. 

Computatio 
nally 

expensive; 
training 

instability; 
limited use in 

real-time 
clinical 

settings; 
modality 
mismatch 

issues. 

Extending 
LEGAN to 

other 
medical 
imaging 

tasks 

 
 
 
 
 
 
 
 
 

[46] 

Attention 
- based GAN 
applicatio ns 

in medical 
imaging, 

Lung 
Cancer, 
Brain 

Tumor, 
Retinal 
Disease, 
Breast 
Cancer. 

LIDC-IDRI, 
BraTS, 
DRIVE, 

INbreast. 

CycleGAN, 
Pix2Pix, 

StyleGAN2, 
DCGAN, 
SPADE. 

MS E, 
PSNR, SSIM, 
and clinical 
relevan ce- 

based 
metrics 

. 

Image-to- 
image 

translatio n 
(MRI to CT), 

image 
enhance 

ment, super- 
resolutio n, 

synthetic data 
generatio 

n. 

SSIM up to 
0.93, PSNR 
up to 30.1 
dB, Dice 

Score up to 
0.91, 

classification 
accuracy 

improved by 
20–25%, FID 
as low as 3.7. 

High 
computatio 

nal cost, 
instability 

during 
training, 

challenges in 
clinical 

translation, 
generalizati 

on issues 
across 

modalities. 

Improving 
interpreta 
bility, and 

developin g 
better 

evaluatio n 
metrics, 

 
 

Semi- 
supervise d 

Brain 
Tumor, 

BraTS, 
LIDC-IDRI, 

StyleGAN2, 
Pix2Pix, 

STD, 
contras tive, 

Image 
synthesis, 

SSIM up to 
0.95, PSNR 

Computatio 
nal cost, 

Generatin g 
higher- 
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[47] medical image 
classificat ion 

algorithm 

Lung 
Disease, 
Retinal  
Disease, 
Breast 
Cancer. 

EyePACS, 
INbreast. 

CycleGAN, 
SPADE, 
WGAN. 

loss 
classification 

accuracy 
and FID 

MRI to CT 
translatio 
n, lesion  

segmentation, 
classificaton, 

augmentation. 

up to 30.4 
dB, Dice 
Score up 
to 0.93, 

classification 
accuracy 

improved by 
20–26%, FID 
as low as 3.1 

domain shift 
issues, 

difficulty in 
training 
stability, 

underuse in 
clinical 

workflow. 

definition 
medical 

Images from 
fewer 

samples. 

 
 
 
 
 
 
 
 

[48] 

Status and 
develop ment of 

GAN- 
based medical 

image augment 
ation 

Breast 
Cancer, 
Brain 

Tumor, 
Retinal 

Disorde rs, 
Lung 

Disease. 

INbreast, 
BraTS, 

EyePACS, 
LIDC-IDRI. 

Pix2Pix, 
CycleGAN, 
StyleGAN2, 

SPADE, 
DCGAN. 

Dice, F1, 
Accura cy, 
Sensitiv ity 
and Specific 

ity. 

Image 
synthesis 
(e.g., MRI 

to CT), super- 
resolutio n, 

lesion 
segmenta 

tion, synthetic 
data 

augment 
ation. 

SSIM up to 
0.94, PSNR 

up to 30.3 dB, 
Dice Score up 

to 0.92, 
classification 

accuracy 
improved by 
19–24%, FID 
as low as 3.5. 

Training 
requires 

extensive 
tuning, high 

GPU demand, 
interpretabi 
lity issues, 

domain shift 
across 

modalities. 

Explore 
better 
GAN 

architectu 
res and 

loss 
functions 

 
 
 
 
 
 
 

[49] 

DualMM P- GAN 
for 

improvin g 
medical image 
segmenta tion 

Brain 
Tumor, 

Lung 
Disease, 
Breast 
Cancer, 
Retinal 

Disorde rs. 

BraTS, 
LIDC-IDRI, 
INbreast, 

DRIVE. 

CycleGAN, 
Pix2Pix, 

StyleGAN2, 
SPADE, 
DCGAN, 
WGAN. 

PSNR, SSIM, 
RMSE, 

Dice and 
Sensitiv ity 

MRI-CT 
synthesis, 

lesion 
segmenta 

tion, super- 
resolutio n, 

classificat ion, 
data augment 

ation. 

SSIM up to 
0.94, PSNR 

up to 30.5 dB, 
Dice Score up 

to 0.92, 
classification 

accuracy 
improved by 
21–26%, FID 
as low as 3.2. 

Training 
instability, 

high 
computatio 

nal demands, 
sensitivity to 

dataset 
shifts, low 

generalizab 
ility across 
domains. 

Generatin 
g clearer 
and more 

precise 
lesion 

structures 
. 

 
 
 
 
 
 
 
 

[50] 

To review the 
applicatio n of 
GANs in brain 

imaging, 

S 
kin Cancer, 

Brain 
Tumor, 

Lung 
Disease, 
Retinal 

Disorde rs. 

ISIC, 
BraTS, 

LIDC-IDRI, 
DRIVE. 

StyleGAN2, 
CycleGAN, 

Pix2Pix, 
SPADE, 
WGAN. 

SSIM, PSNR, 
Dice score, 

MAE, 
and FID 

Lesion 
segmenta 

tion, 
MRI-to- CT 
synthesis, 

super- 
resolutio n, 

disease 
classificat ion. 

SSIM 
up to 0.95, 
PSNR up to 

30.5 dB, Dice 
Score up to 

0.93, 
classification 

accuracy 
improved by 
21–26%, FID 
as low as 3.2. 

High 
computatio 

nal cost, 
sensitivity to 
dataset bias, 

limited 
validation 

across 
clinical sites, 

requires 
expert  

annotation 

Int 
erpretabil 
ity of GAN 

models, 
and 

increase 
clinical 
testing 

 
 
 
 
 
 
 
 
 
 
 
 

[51] 

Generate high 
resolutio n MRI 

images using 
GAN 

techniqu es 

Brain MRI 
(Multipl e 
Sclerosi s), 
T2- FLAIR 

MRI, 
Abdomi nal 
and Pelvic 

CT. 

100 T1- 
weighted 
MRI scans 
from Mayo 
Clinic, 100 
T2-FLAIR 
MRI scans, 
additional 

CT 
datasets. 

SOUP-GAN 
(Super- 

resolution 
Optimized 

Using 
Perceptual- 
tuned GAN). 

RMSE, PSNR 
and SSIM 

3D super- 
resolutio n 

MRI 
and CT 

interpolat ion, 
especially for 

thin- slice 
reconstru 
ction from 

thick slices. 

PSNR up to 
31.7 dB, SSIM 

up to 0.95. 

Trained only 
on brain MRI; 
vanilla GAN 
instead of 

more 
advanced 
GANs; no 

ground- truth 
for CT 

validation; 
not 

optimized for 
all SR 

sampling 
ratios; 
clinical 

validation 
pending. 

Improve 
data 

augmenta 
tion for 

deep 
learning 

tasks 

 
 

Compreh ensive 
survey of GAN in 

Chest 
Disease, 

CheXpert, 
BraTS, 

CycleGAN, 
StyleGAN2, 

Dice coeffici 
ent, IoU 

CT/MRI 
synthesis, 

SSIM up to 
0.94, PSNR 

Requires 
high 

enhancin 
g 
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[52] 

biomedic al 
image segmenta 

tion 

Brain 
Tumor, 
Retinal 

Disorde rs, 
Breast 
Cancer. 

EyePACS, 
INbreast. 

Pix2Pix, 
SPADE, 
DCGAN, 
WGAN. 

Hausdo rff 
distanc e, 

and sensitiv 
ity 

abnormal ity 
detection 
, super- 

resolutio n, 
data augment 

ation for 
classificat ion 
and segmenta 

tion. 

up to 30.4 dB, 
Dice Score up 

to 0.91, 
classification 

accuracy 
improved by 
20–25%, FID 
as low as 3.4. 

computatio 
n, prone to 

training 
instability, 

lacks 
interpretabi 

lity, and 
needs more 
real- world 

clinical 
testing. 

generaliza 
tion 

across 
various 

modalitie 
s and 

diseases 

 
 
 
 
 
 

[53] 

Applicati on of 
GAN in 

ophthalm ology 

Lung 
Disease, 

Brain 
Tumor, 
Retinal 

Disorde rs, 
Breast 
Cancer. 

LIDC-IDRI, 
BraTS, 

EyePACS, 
INbreast. 

Pix2Pix, 
CycleGAN, 
StyleGAN2, 

DCGAN, 
SPADE, 
WGAN. 

PSNR 
and SSIM 

Image 
synthesis 
(e.g., MRI 

to CT), lesion 
segmenta 

tion, 
classificat ion, 

super- 
resolution. 

SSIM up to 
0.95, PSNR 

up to 30.6 dB, 
Dice Score up 

to 0.93, 
classification 

accuracy 
improved by 
22–27%, FID 
as low as 3.1. 

Requires 
extensive 

tuning, high 
GPU demand, 

difficulty 
generalizin g 

across 
datasets, 

limited 
explainability 

in clinical 
settings 

Overc 
oming 
GAN 

limitation 
s, 

improving 
clinical 

validation 
. 

 
 

[54] 

New GAN 
architect ure for 
super resolutio n 

of medical 
images 

Retinal 
Disease, 

Skin Cancer, 
Brain 

Tumor, 
Cardiac 
Disease. 

STARE, 
DRIVE, 

ISIC, 
BraTS, 

CAMUS. 

Multi-path 
GAN with 

progressive 
upscaling & 

ResNet. 

PS NR 
and SSIM. 

Super- 
resolutio n of 

medical 
images 
(MRI, 

Fundus, 
Ultrasoun d, 

Dermosc 
opy). 

SSIM up to 
0.95, PSNR 
up to 38.83 

dB, 
outperformin 

g SRGAN, 
FSRCNN, and 

bicubic 
methods. 

Still sensitive 
to 

noise, limited 
performanc e 
under severe 
degradatio n, 

lacks 3D 
context in 

MRI. 

Extend 
the 

architectu 
re to 
other 

medical 
imaging 

modalitie 
s. 

 
 
 

[55] 

GAN 
architect ure for 

cross- 
modality medical 

image 
estimatio ns 

Brain 
Tumor, 

Lung 
Disease, 
Retinal 

Disorde rs, 
Breast 
Cancer. 

BraTS, 
LIDC-IDRI, 
EyePACS, 
INbreast. 

Pix2Pix, 
CycleGAN, 
StyleGAN2, 

SPADE, 
DCGAN, 
WGAN. 

MA E, 
MSE, PSNR, 

SSIM 
and DSC. 

MRI-to- CT 
synthesis, 

lesion 
segmenta 

tion, 
image 

enhance 
ment, 

classificat ion, 
data augment 

ation. 

SSIM up to 
0.95, PSNR 

up to 30.6 dB, 
Dice Score up 

to 0.93, 
classification 

accuracy 
improved by 
22–27%, FID 
as low as 3.0. 

High 
computatio 

nal cost, 
training 

instability, 
difficulty 

generalizin g 
across 

datasets, 
limited 
clinical 

interpretabi 
lity. 

Improving 
the 

stability 
of GAN 

training. 

 

The comparative table in this paper indicates the performance, applications, 
and architecture difference of different GAN models applied in medical image 
processing. Remarkably, the models that have been named Cycle-GAN and ICycle-
GAN are reported to be prominent in the matters of cross-modality image 
translation, specifically concerning the brain and lung imaging. The Cycle-GAN 
performed well on structural similarity index (SSIM) and classification accuracy 
which proved that it can maintain the anatomical feature in accomplishing 
translation tasks. ICycle-GAN made further advances on this by placing more 
focus on structural preservation as well as making images clearer while at the cost 
of higher computation cost thus showing a quality- efficiency  trade-off.  
Furthermore,  the  table demonstrates the applicability of SRGAN models to the 
super-resolution problems, where the quality of fine-grained details is highly 
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essential in the diagnostic accuracy. These models showed low-resolution scans 
that are common in under-resourced clinical environments and PSNR (Peak 
Signal-to-Noise Ratio) values were high. In the meantime, DCGAN and WGAN-GP 
models have claimed their competitive results in classification and segmentation 
tasks as they have rather simple architectures, but they turned out to be 
susceptible to mode collapse and convergence problems. What made Attention-
based GANs especially interesting was their applicability to automatically localize 
disease-relevant areas of medical images, which can be especially beneficial in 
settings of early detection. 

The table also notes, however, that such models can also be demanding in 
terms of training processes and immense computational resources, which 
hampers their usability in practice. Overall, the table highlights the idea that there 
is no uniform GAN model that would work better than other models on all tasks. 
Rather, the architecture selected is very much application-dependent, modality of 
the image and computational limitations of the deployment platform. The 
discussion confirms that further GAN design innovation is required to trade-off 
between image quality, interpretability and efficiency. 

E.     Discussion and Comparison 

   In table 1 displays the comparison and performance of GAN architectures in 
medical image processing. It points out the various difficulties analysts face when 
using GAN technique to address medical imaging problems and the answers given 
in the published studies. Comparative analysis of Generative Adversarial 
Networks (GANs) for medical image processing shows how their impact has been 
transforming data augmentation, cross-modality synthesis, and super-resolution 
tasks. In a study above, Cycle-GAN was applied to brain tumors and lung 
conditions. Model results showed strong performance in tasks like image 
classification and registration, achieving high SSIM and accuracy scores. Super-
resolution GANs (SRGAN, e.g.) improve image resolution required for high-detail 
clinical diagnosis. There are strengths and weaknesses of different GAN models. 
For instance, ICycle- GAN is much better in structural image preservation than 
conventional ones such as Pix2PixGAN and Cycle-GAN on image clarity tests. The 
model showed enhancing image clarity but at the cost of increased computational 
demand. On the contrary, in other studies, Cycle-GAN, DCGAN, and WGAN-GP 
showed improved image classification and registration tasks. However, challenges 
held by training instability and mode collapse remain. In the meantime, attention-
based  GANs  have  potential  for localizing regions of a medical image for 
disease detection.  

Yet computational requirements and model transparency are still a significant 
issue, especially in limited or clinical contexts, where model openness is 
imperative. As promising as GANs can be, problems such as mode collapse, where 
images are not varied, and training instabilities prevent stable use. In addition, 
GAN-based models demand vast computational amounts, which make them 
prohibitively expensive to work with (especially for synthesizing high resolution 
and 3D images). Future GANs may also combine Transformer architecture with 
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multimodal training to save computation and improve model robustness. GAN 
design improvements may also make output more clinically comprehensible. 

Although GANs have brought enormous progress in medical image processing, 
there are still some essential drawbacks preventing their active use in clinical 
practice. Training instability is one of the most recurring ones and frequently 
results in mode collapse, a situation in which the GAN learns only a few variations 
of images and makes the model less robust and generalizable. In addition, several 
GAN-related models require large quantities of labeled data to reach good 
performance, and in the medical case, this data is hard to obtain because of 
privacy reasons, scarcity, and expert annotation is expensive. The second issue is 
that GAN outputs are not currently interpretable, giving a further obstacle to 
clinical trust and utility. Clinicians might not be ready to trust the images 
produced by opaque models that lack explanations of their outputs. Also, the 
advanced GAN models have high computational demands, specifically those 
required in high-resolution or three- dimensional image generation, making them 
resource demanding and not practical to apply in numerous healthcare settings 
with inferior infrastructures. These drawbacks reveal the necessity of the further 
research aimed at achieving  better  stability  of  the  models, decreasing 
computing requirements, and achieving safety and transparency of the GAN-
generated material which will be used in clinical settings. 

 

F.   Conclusions 
   Generative Adversarial Networks (GANs) have proven to be important tools 
for medical image processing by developing innovative ways to augment data, 
translate data between modalities, improve image super-resolution and 
reconstruct images. This paper has examined multiple GAN designs and described 
how they have been used for various medical imaging tasks, revealing their 
strengths as well as their limitations. Although GANs can produce high-quality 
images, create realistic data and raise diagnostic accuracy, their instability during 
training, collapsing to a few modes, unclear interpretations and high 
computational needs stop them from being adopted widely in medicine. Building 
strong architectures, linking GANs with various AI tools and including ethical 
controls are vital for safe GAN Systems use in healthcare. Even so, GANs are like to 
play a major role in advancing precision medicine and diagnostics, but more 
research and experience in real clinics are required to achieve their full 
promise. 
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