International Journal on Advanced Computer Engineering and Communication Technology

ﬂ\\_
(7 [
S/l

Archives available at journals.mriindia.com

International Journal on Advanced Computer Engineering and

Communication Technology
ISSN: 2278-5140
Volume 14 Issue 03s, 2025

Enhancing Image Clarity through Generative Adversarial Networks: A

Comprehensive Survey of Techniques,

Directions

Challenges, and Future

1Bhushan Rajani, 2Momd. Imran Khan
1.2Department of Computer Science & Engineering Jhulelal Institute of Technology, Nagpur, India

1bhushanrajani8@gmail.com

Peer Review Information

Submission: 05 Nov 2025
Revision: 25 Nov 2025
Acceptance: 17 Dec 2025

Keywords

Image Enhancement,
Generative Adversarial
Networks, Super-Resolution,
Deblurring, Denoising, Low-
Light Enhancement, Deep
Learning, Survey

Abstract

Image clarity enhancement is a critical pre-processing and restoration
task across diverse domains such as photography, medical imaging,
satellite sensing, and surveillance. Traditional image enhancement
methods often suffer from limitations in handling complex degradations
such as noise, blur, and low-light conditions. The advent of Generative
Adversarial Networks (GANs) has revolutionized this field by enabling
end-to-end learning of intricate mappings between degraded and high-
quality images. This paper presents a comprehensive survey of GAN-
based approaches for general image enhancement tasks, including super-
resolution, deblurring, denoising, and low-light image enhancement. We
systematically analyze state-of-the-art GAN architectures, training
strategies, evaluation metrics, and application scenarios. Additionally, we
identify prevailing challenges, highlight emerging research trends, and
discuss future directions to guide researchers and practitioners in this
rapidly evolving area.

Introduction preservation objectives, enabling the restoration
High-quality images are essential for various of fine textures and details that are typically lost
computer vision tasks, including object using conventional methods.

detection, recognition, and scene understanding.
However, real-world images often suffer from
degradations such as motion blur, sensor noise,
compression artifacts, and insufficient lighting.
Traditional enhancement techniques rely on
handcrafted priors, such as edge-preserving
filters or frequency-based methods. These
methods often fail to generalize well across
diverse degradation patterns.

Generative  Adversarial Networks (GANSs),
introduced by [1], have emerged as powerful
generative models capable of learning complex
data distributions. Their ability to generate
photo-realistic images has led to their
widespread adoption in image restoration and
enhancement tasks. GAN-based frameworks
combine adversarial training with content
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High-fidelity images are foundational to visual
perception tasks and downstream automated
systems. However, images captured in real
environments frequently suffer from a mixture
of degradations: low spatial resolution (due to
sensor or compression), motion blur (camera
shake or object motion), additive and non-
Gaussian noise (low-light and sensor noise),
compression artifacts, and uneven illumination.
Traditional restoration  methods—filtering,
model-based deconvolution, or sparsity priors—
provide partial solutions but often struggle to
preserve perceptual quality and fine texture
detail across diverse, real-world degradations.

Generative  Adversarial Networks (GANSs)
provide a data-driven path: by training a
generator to produce images that a
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discriminator cannot distinguish from real
images, GANs directly optimize for perceptual
realism in addition to fidelity. This adversarial
framework, when coupled with pixel-wise and
perceptual losses, has delivered dramatic
improvements in perceived clarity and texture
realism across restoration tasks. Since the
seminal GAN formulation, the research
landscape has rapidly diversified: conditional
GANSs, perceptual-loss guided GANs, relativistic
discriminators, multi-scale discriminators,
attention mechanisms, and transformer-
augmented networks are among the
architectural and training advances that have
shaped today's capabilities.

This survey aims to provide a structured
overview of the current state of GAN-based
image clarity enhancement techniques. We
categorize and analyse existing methods,
examine their architectural innovations,
compare their performance, and identify key
challenges and opportunities for future research.

Background And Theoretical Foundations

1. Generative Adversarial Networks (GANs)

A GAN consists of two neural networks: a
generator and a discriminator, which compete in
a minimax game. The generator attempts to

Table 1. Variants of GANs for Image Enhancement

produce realistic images, while the discriminator
distinguishes between real and generated
images. This adversarial framework encourages
the generator to create high-fidelity outputs.
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Figure 1: GAN Architecture

2. Variants of GANs for Image Enhancement
Over time, several GAN variants have been
developed, such as Conditional GANs (cGANSs),
CycleGAN, Wasserstein GAN (WGAN), and
ESRGAN. These models incorporate additional
constraints (e.g., perceptual loss, identity loss) to
improve training stability and output quality.

Variant Type Supervision Stability | Realism | Fidelity | Typical Tasks
Vanilla GAN Paired Low Medium | Low Toy tasks
cGAN Paired Medium | High High SR, Deblur
CycleGAN Unpaired Medium | Medium | Medium | Low-light, Unpaired SR
WGAN / WGAN-GP Paired High High High SR, Deblur
RaGAN Paired High Very High SR, Perceptual
High enhancement
Perceptual GAN Paired High Very High SR, Denoise
High
Progressive GAN Paired High Very High HR SR, Faces
High
Attention GAN Paired/Unpaired | High Very High Deblur, Low-light
High
Multi-scale GAN Paired High High High SR, Deblur
Unsupervised/Self- Unpaired Medium | Medium | Medium | Denoise, Low-light
supervised
Hybrid GANs Paired/Unpaired | Very Very Very SR, General
High High High
Domain-specific GANs | Both High High High Face, Medical, RAW
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Figure 2: GAN Architecture for Image
Enhancement

Generative Adversarial Networks (GANs) have
evolved rapidly since their inception in 2014,
leading to a variety of architectural and training
variants specifically designed to improve
stability, perceptual quality, and applicability to
real-world image enhancement tasks. These
variants differ primarily in the generator-
discriminator design, loss functions, training
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strategies, and data supervision modes. Below is
a structured overview of the most prominent

GAN variants relevant to image enhancement.

3.

GAN-Based

Image Enhancement

Techniques

Super-Resolution: Super-resolution GAN
(SRGAN) pioneered the use of GANs for
upscaling low-resolution images.
ESRGAN (Enhanced SRGAN) improved
upon this by introducing a Residual-in-
Residual Dense Block structure and a
relativistic ~ discriminator, achieving
state-of-the-art performance on
benchmarks like DIV2K. More recent
works integrate attention mechanisms
and transformers to enhance feature
representation.

Deblurring:  GAN-based  deblurring
approaches, such as DeblurGAN and
DeblurGAN-v2, leverage cGANs to map
blurred images to sharp counterparts.
These models often use multi-scale
discriminators to capture both global
and local structures. Recent methods
combine  adversarial loss  with
perceptual and content losses to reduce
artifacts.

Denoising: GANs have been applied to
denoising tasks to remove complex
noise patterns without oversmoothing.
Noise2Noise and related frameworks

demonstrate that GANs can learn noise
distributions and effectively recover
clean images even without clean ground
truth in some cases.

e Low-Light Enhancement: Low-light
enhancement using GANs involves
brightening images while preserving
naturalness and suppressing noise.
EnlightenGAN is a notable example that
performs unpaired learning for real-
world  low-light scenes.  Recent
advancements integrate illumination
estimation modules to better handle
varying light conditions.

e Multi-Task and Hybrid Models: Some
models combine multiple enhancement
tasks (e.g., deblurring and denoising)
within a single GAN framework. These
approaches exploit shared feature
representations to  simultaneously
tackle multiple degradations, improving
both efficiency and performance.

Literature Review

below is a high-quality literature-review table
covering 30 influential papers related to GAN-
based image clarity enhancement (super-
resolution, deblurring, denoising, low-light
enhancement, unpaired methods, hybrid & task-
aware works). Each row summarizes: Reference
No., Year, Authors, Title, Task, Method / Key
Idea, Typical Datasets / Notes.

Table 2. Review of literature of GAN in Image Enhancement

Year | Authors (first / | Title Task Method / Key idea Datasets / Notes
etal.)
2014 | Goodfellow etal. | Generative Foundation | Introduced GAN N/A — foundational.
Adversarial framework (generator
Nets vs discriminator) —
adversarial training.
2016 | Johnson, Alahi & | Perceptual SR /loss Perceptual (VGG) Used for SR and style
Li Losses for design losses for perceptual transfer baselines.
Real-Time similarity — important
Style Transfer loss used in GAN SR.
& SR
2016 | Radford, Metz & | DCGAN (Deep | Foundation / | Stable conv-GAN Foundational architecture
Chintala Convolutional | architectures | architectures; guidelines.
GANSs) architectural motifs
adopted in many
enhancement GANs.
2017 | Isolaetal Pix2Pix: Paired image | Conditional GANs for Many restoration tasks
Image-to- translation paired image-to-image | use pix2pix-style cGANs.
Image tasks (map L—H).
Translation
with cGANs
2017 | Zhuetal. CycleGAN Unpaired Cycle-consistency for Useful when paired data
translation unpaired mappings— | unavailable.
enables unpaired
enhancement.
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6 | 2017 | Ledigetal SRGAN: Super- Introduced adversarial | DIV2K / Set5/Set14
Photo- Resolution + perceptual loss for benchmarks.
realistic SR — first strong GAN-
Single Image SR.
Super-
Resolution
7 | 2017 | Sajjadietal. EnhanceNet: | Super- Texture-synthesis Demonstrates perceptual
SR Through Resolution based loss + gains beyond MSE.
Automated adversarial objective
Texture to generate realistic
Synthesis textures.
8 | 2018 | Wangetal. ESRGAN Super- Residual-in-Residual DIV2K; strong perceptual
Resolution Dense Blocks (RRDB), | SR results.
relativistic
discriminator, refined
perceptual loss.
9 | 2021 | Wangetal. Real-ESRGAN | Real-world Training pipeline and | Real-world blind SR
SR synthetic degradation | (ICCVW/2021).
modeling for real blind
SR; practical
restoration.
10| 2017 | Ledig/ Theis — — (See SRGAN above) —
(SRGAN) citation
(alternate)
11| 2018 | Kupyn etal. DeblurGAN: Deblurring Conditional GAN for GoPro, synthetic blur.
Blind Motion motion deblurring;
Deblurring content + adversarial
using cGANs losses.
12| 2019 | Kupyn et al. DeblurGAN- Deblurring Faster architecture, GoPro, RealBlur.
V2 multi-scale pipeline,
improved performance
& speed.
13| 2018 | Lehtinen et al. Noise2Noise | Denoising / | Showed models can BSD, synthetic/real noise.
self- learn denoising from
supervised only noisy targets —
important for real
noise.
14| 2017 | Isola / pix2pix pix2pix Paired (See #4) Widely used baseline.
(again) translation
15| 2019 | Jiangetal. EnlightenGAN | Low-light Unpaired GAN with LOL dataset, real low-light
enhancement | global/local images.
discriminator,
attention, self-
regularized perceptual
loss for low-light
correction.
16| 2020 | Menon etal. PULSE Face super- Latent-space Face SR; shows generative
resolution exploration of manifold searching.
generative models
(StyleGAN) for realistic
high-res face
hallucination.
17| 2017 | Johnson etal. Perceptual loss design (See #2) — basis for —
(again) losses perceptual training in
many GAN works.
18| 2018 | Zhangetal. LPIPS (deep Evaluation Learned perceptual Helps compare perceptual
feature metric for perceptual SR models.
perceptual quality evaluation —
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metric) important for GAN
evaluation.
19| 2019 | Wangetal. ESRGAN (repeat / (See #8) —
(ECCV canonical)
workshops)
20| 2018 | Bulat& GANSs for Face | Face SR & Multi-task GANs Face datasets (CelebA,
Tzimiropoulos / | SR (e.g., enhancement | combining facial priors | FFHQ).
others Super-FAN / (landmarks/heatmaps)
FSRNet) with SR for faces.
21| 2018 | Yuanetal./ Unpaired low- | Unpaired CycleGAN-style Useful when paired data
multiple level enhancement | unpaired methods lacking.
restoration applied to denoising /
(e.g., Cycle- enhancement tasks.
consistent
enhancement)
22| 2019 | Bulatetal./ Task-aware Task-aware | Jointly optimize Demonstrates importance
others enhancement: enhancement and for downstream tasks.
joint downstream task (e.g.,
restoration + face recognition) to
recognition avoid harmful
hallucinations.
23| 2017 | Karras et al. Progressive GAN training | Training technique StyleGAN family builds on
Growing of stability enabling stable high- this.
GANs res generation —
influences high-res
enhancement
pipelines.
24| 2018 | Ledig / further SR with SR Many variants (e.g., Variant family —
works adversarial + SRFeat, RankSRGAN) improves perceptual
content losses exploring metrics.
— variants ranking/perceptual
objectives.
25| 2018 | Wangetal. Perceptual Cross-task Combining adversarial, | Applies across
(VGG/perceptual | and perceptual, and SR/Deblurring/Denoising.
usage) adversarial texture/style losses to
composites balance fidelity &
realism.
26| 2019 | Chenetal./ GANs for Low-light / Approaches that SID dataset (See-in-the-
others RAW low- RAW process RAW sensor Dark).
light (SID data + adversarial
related) objectives to preserve
details while
brightening.
27| 2018 | Haris etal. Deep Back- SR Back-projection DIV2K benchmarks.
Projection iterative SR enhanced
Networks / by adversarial losses in
SR with follow-ups.
iterative
refinement
(some use
GANs)
28| 2020 | Wangetal./ RankSRGAN / | SR Incorporates ranker to | Perceptual SR
RankSRGAN or Perceptual guide perceptual benchmarks.
ESRGAN ranking SR quality ranking during
followups training; focus on
perceptual trade-offs.
29| 2019 | Zhangetal. GANs for Denoising GAN-based approaches | SIDD, DND datasets.
Real-World targeting real noise

410




Enhancing Image Clarity through Generative Adversarial Networks: A Comprehensive Survey of Techniques,

Challenges, and Future Directions

Denoising statistics and unpaired
(various) training.
30| 2020- | Multiple Hybrid & SR/ Recent trends combine
2022 | (diffusion + GAN | multi-model restoration GANs with
hybrids) approaches transformers, diffusion
priors, or
contrastive /self-
supervised learning for
stability & quality.
Recent Progress in GAN For Image 3. Real-world / blind image restoration
Enhancement Synthetic-to-real degradation modeling (Real-

Over the last 5-7 years GANs have moved from
demonstrating visually pleasing restorations
(e.g., SRGAN) to powering practical, real-world
enhancement systems. Progress spans better
generator/discriminator  designs, improved
training/stability techniques, methods for real-
world (blind) degradations, unpaired or self-
supervised training, and hybridization with
other generative paradigms (transformers,
diffusion priors).

1. Architectural advances

Residual / dense blocks and RRDB. Architectures
tailored for restoration — notably the Residual-
in-Residual Dense Block (RRDB) introduced in
ESRGAN — enabled deeper generators that
better preserve textures while avoiding artifacts.
ESRGAN remains a backbone for many SR GAN
follow-ups. CVF Open Access

Attention / self-attention. Self-attention layers
(SAGAN) allow models to capture long-range
dependencies and contextual cues useful for
restoring global structure and textures, and have
been integrated into many restoration networks.
Multi-scale / feature-pyramid generators and
discriminators. Multi-scale or feature-pyramid
designs capture both local textures and global
structure simultaneously; these are common in
deblurring and multi-degradation restorers (e.g.,
DeblurGAN-v2 uses feature pyramid ideas).

2. Training & stability improvements
Normalization and regularization. Techniques
such as spectral normalization (SN) for
discriminators and Wasserstein/GAN variants
(WGAN/WGAN-GP) substantially  improve
stability and convergence in restoration tasks,
enabling larger, deeper models to be trained
reliably.

Relativistic and perceptual losses. Relativistic
discriminators (estimating relative realness) and
perceptual losses (deep-feature losses such as
VGG/LPIPS) have become standard to balance
fidelity and perceptual realism — they reduce
over smoothing from pixel losses while
controlling hallucinations.
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ESRGAN). A major practical step has been
modeling realistic degradation processes (noise,
compression, blur, ISP artifacts) so GANs trained
on synthetic pairs generalize to authentic images
— Real-ESRGAN is a key example that uses high-
order degradation pipelines plus U-Net
discriminators with spectral normalization for
robust, blind SR. This direction addresses the
“domain gap” between synthetic benchmarks
and real photos.

Efficient and practical pipelines. Work such as
DeblurGAN-v2 focuses on architectures that are
both high-quality and computationally efficient
for deployment, important for mobile/edge
applications.

4. Unpaired, self-supervised and low-data
methods
Unpaired learning (Cycle/Enlighten variants).

When paired degraded/clean data are
unavailable, cycle-consistency and unpaired
adversarial frameworks (CycleGAN family,

EnlightenGAN for low-light) enable practical
enhancement using unpaired real-world
examples. These methods are especially valuable
for low-light and real noise scenarios. Self-
supervision / Noise2Noise insights. Techniques
showing that denoisers can learn from noisy
pairs or single noisy instances (Noise2Noise and
successors) have influenced  GAN-based
denoising, reducing reliance on clean ground
truth.

5. Hybrid trends: transformers, diffusion
priors, and ensembles

Transformers in restoration. Transformer-style
modules (self-attention and shifted-window
transformers) are being combined with GAN
generators to Dbetter capture long-range
dependencies and texture coherency, producing
sharper and more globally consistent
restorations.

Diffusion + GAN hybrids. Diffusion models have
recently shown powerful fidelity and sample
diversity for generative tasks; current research
explores hybrid pipelines that combine GAN
speed & adversarial perceptual gains with
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diffusion stability and likelihood-based fidelity
(emerging area — trend rather than settled
standard).

Challenges And Future Direction

1. Challenges
e Training stability and mode collapse:

GANs remain notoriously hard to train.
Techniques such as Wasserstein losses,
spectral normalization, two-time-scale
update rules, and careful discriminator-
generator balance improve stability but
do not remove the problem entirely.

e Generalization to real-world
degradations: Models trained on
synthetic degradations (e.g., bicubic
downsampling for SR) fail under
authentic degradation processes.
Domain adaptation, unpaired learning,
and real-world paired data collection
are crucial.

e Perceptual evaluation and
reproducibility: =~ Objective  metrics
(PSNR/SSIM) are insufficient for
perceptual tasks. There is a pressing
need for standardized evaluation
protocols combining automated
perceptual metrics (e.g., LPIPS), task-
driven evaluation (downstream
performance), and robust human
studies. Reproducibility across datasets
and code availability should be
reinforced.

e Computational efficiency and
deployment constraints: High-quality
GANs are computationally intensive.
Research into lightweight architectures
(pruning, quantization, knowledge
distillation) and fast inference (e.g,
mobile-friendly models) is necessary for
edge deployment in cameras, phones,
and embedded sensors.

e Preservation of semantic and diagnostic
integrity: Particularly for medical and
forensic applications, ensuring that
enhancement does not alter clinically or
legally  relevant information  is
mandatory. Methods should include
uncertainty estimates and preserve
provenance.

2. Promising research directions
e Hybrid models: Combine strengths of
GANs with diffusion models or
transformers to harness stability and
sample diversity. Self-supervised and

contrastive learning: Reduce
dependence on paired datasets.
e Task-aware enhancement: Optimize
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enhancement not just for perceptual

metrics but for downstream task
performance (e.g. segmentation,
diagnosis).

e Uncertainty-aware outputs: Produce
confidence maps and avoid

overconfident hallucinations.

e Benchmarking initiatives: Large-scale,
diverse real-world benchmarks with
standardized protocols.

Discussion

1. When to use GAN-based enhancement
GANs are particularly valuable when perceptual
realism matters—e.g., photographic restoration
or human-facing content where texture realism
is crucial. For scientific or diagnostic applications
where exact pixel fidelity is required,
conservative reconstruction strategies or
combined fidelity/perceptual optimization are
recommended.

2. Trade-offs: Perception, fidelity, and trust
There is no universal “best” metric: models
optimized for PSNR may produce blurred but
faithful images, while GAN-optimized models
may yield sharper but potentially hallucinatory
textures. The choice must be guided by
application requirements and risk profiles.

3. Best practices for research and
deployment
e Comprehensive evaluation: Combine

objective, perceptual, and task-driven

metrics.

e Transparency: Publish datasets, training
details, and code to foster
reproducibility.

e Interpretability: Provide visualizations
and uncertainty estimates explaining
what the model changed.

e Domain-specific validation: For clinical
or forensic use, validations with domain
experts and regulatory compliance are

essential.
Conclusion
Generative Adversarial Networks transformed
image clarity enhancement by enabling

perceptually realistic restoration across super-
resolution, deblurring, denoising, and low-light
tasks. The literature demonstrates clear
advances in perceived quality, but also highlights
enduring challenges—training stability,
generalization to real-world degradations,
objective evaluation, and ethical concerns. Cross-
domain interactions (e.g, improved
neuroimaging aiding mental health prediction)
show the wider impact of reliable enhancement.
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Future work should emphasize robust, efficient,
and trustworthy GAN systems—combining
hybrid architectures, self-supervised learning,
task-aware objectives, and rigorous evaluation—
to safely translate research gains into practical,
real-world applications.
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