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Abstract

Enhancing the quality of images has become indispensable in a variety of applications like
medical imaging, surveillance, multimedia and remote sensing where clarity and detail have a
direct bearing on interpretation and decision making. Traditional enhancement methods and
early deep learning models are typically challenged with the reconstruction of soft textures or
complicated distortions. Generative Adversarial Networks (GAN) offer a powerful alternative
which uses the concept of adversarial learning to generate realistic and high-resolution images
with preserved structural integrity and perceptual quality. This research covers the possibilities
of GAN based architectures in the field like SRGAN, ESRGAN, DeblurGAN and CycleGAN
for noise, blur, low resolution and artifact removal. The research describes the benefits and
limitations of GAN-driven enhancement, including instability of training, computation needs
and complexities in evaluation. The findings reveal the possibilities of GANSs in changing the
limits of image enhancement with sharper, more natural, and visually consistent results,

resulting in more exact and efficient uses of images.
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Introduction

Enhancing the quality of images has become a crucial demand in today's digital ecosystems,
where high-resolution and visually accurate images are a centralized part of the modern age of
medical diagnostics, satellite imaging, security surveillance, multimedia production, and
consumer photography. Traditional image enhancement frameworks such as histogram
equalization, interpolation, denoising filter and optimization-based restoration, often have
problems in recovering fine texture details, complicated noise, or perceptually realistic results,
particularly in real-world scenarios which include blur, low resolution, compression artifact,
low light degradation, etc. The development of deep learning made a revolution in this field,
Convolutional Neural Networks (CNNs) provided a better performance; but CNN based
methods usually optimize pixel wise losses which produce over-smooth results without high-
frequency details. Generative Adversarial Networks (GANS), introduced by Goodfellow et al.
(2014), offer a revolutionary development by having adversarial training between a generator
and discriminator, producing results that are not only high-quality, but also visually plausible
and contain texture. GAN-based models like SRGAN, ESRGAN, DeblurGAN, CycleGAN,
conditional GANSs, etc. have shown great success in enhancement tasks, such as super-
resolution, deblurring, denoising, artifact removal, and colorization. These models make use of
perceptual loss functions, feature extractors such as the VGG networks and sophisticated
architectural innovations to produce sharper and more realistic images that capture the actual
structure of the scene that lies underneath. Despite their success, there are still challenges that
have to be overcome such as training instability, mode collapse, heavy computational
requirements and inconsistencies in performance across various datasets that make their wider
application for real-time or edge-device deployment difficult. In addition, the trade-off between
perceptual quality and traditional quantitative evaluation methods such as PSNR and SSIM still
presents difficulties in evaluation. As there is an increasing demand for the generation of high-
quality images in multiple application areas, the role of GANs becomes even more critical
which can provide a promising means to reconstruct degraded images and enhance the visual
clarity beyond the traditional limitations. This introduction is the basis for more discussion
about the capabilities, limitations, and future potential of GAN-based techniques in enhancing
the quality of images, ultimately resulting in the development of more robust, efficient, and

perceptually aligned image enhancement systems.
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Background of the Study

Image quality enhancement is a fundamental exercise in the field of digital image processing
prompted by this increasing demand for clear, high-resolution, and visually accurate images in
applications such as healthcare, satellite imaging, security surveillance and multimedia
applications. Traditional image enhancement techniques, such as interpolation, histogram
equalization and denoising methods based on filtering, have been employed to enhance image
clarity in the past, and they could often not maintain fine textures, natural colors, high-
frequency details, especially for images under the severe noise, blur or low-light effects. The
advent of deep learning much improved the enhancement capabilities, but many convolutional
neural network (CNN)-based models still achieve an over-smoothening effect because of pixel-
wise optimization. Generative Adversarial Networks (GANSs) brought a revolutionary change

to the world with adversarial learning for more realistic and perceptually rich image generation.
Rationale of the Study

The exploding digital technologies have brought an increasing demand for high quality images
in different areas such as medical diagnostics, autonomous systems, surveillance, satellite
imaging and multimedia creation. However, real-world images are generally affected by the
presence of objects such as noise, blur, low resolution, and compression artifacts, which can
adversely affect the visual clarity of images and prevent them from being useful. Traditional
enhancement techniques and early deep learning models tend to have difficulties in
reconstructing fine textures or generating perceptually natural outputs, which makes the need
for advanced and intelligent methods a critical need. Generative Adversarial Networks (GANS)
are a revolutionary way of doing this, and it is possible to generate high-resolution and realistic
images by using adversarial learning mechanisms. Despite their increasing success, difficulties
including instability of training, computational complexity and inconsistency of performance
on new datasets illustrate the need to further investigate this issue. This study is therefore
justified by the potential that GAN can eliminate the existing limitations, improve the quality
of image reconstruction, and produce visually coherent results that can be used to enhance

decision making in real-world applications.

24 International Journal in IT & Engineering
http://ijmr.net.in, Email: irjmss@gmail.com




.\onaIJoa,.%/
International Journal in IT & Engineering (IJITE) AIJMR‘?

Volume 9 Issue 6, June 2021 ISSN: 2321-1776 Impact Factor: 7.256
Journal Homepage: http://ijmr.net.in, Email: irjmss@gmail.com
Double-Blind Peer Reviewed Refereed Open Access International Journal

Background of Image Quality Enhancement in Computer Vision

Image quality improvement has been central to computer vision research for a long time due
to the need to enhance the quality of digital images, increasing their clarity, usability, and
interpretability, through various applications in medical diagnosis, satellite surveillance,
autonomous vehicles and multimedia processing. Traditionally enhancement was based on
classical image processing methods such as histogram equalization, Wiener filtering, median
filtering and interpolation-based resolution improvement. While they were effective in
addressing the simple distortions, these approaches frequently broke down in addressing the
complex degradations like motion blur, low-light noise, atmospheric distortion, and
compression artifacts mainly because of the fact that the approaches are dependent on hand-
crafted assumptions and have low adaptability to various real-world conditions. The evolution
of computer vision saw deep learning, in particular Convolutional Neural Networks (CNNs)
that revolutionized the field of image denoising, deblurring, and super-resolution using deep
learning by learning various hierarchical features directly from data. Despite these
improvements, CNN-based models tended to produce overly smooth outputs as they were
optimizing pixel-level losses such as MSE that are not sensitive to structural details and
perceptual realism. This limitation was the force behind the drive to more sophisticated

generative models.

The introduction of Generative Adversarial Networks (GANs) was a major breakthrough
because it allowed for adversarial learning which fosters the creation of sharper, more natural
pictures with more textures. GAN-based models such as SRGAN, ESRGAN and DeblurGAN
were proven to have capabilities in recovering fine details and high-frequency details which

makes them highly suitable to perform real-world enhancement tasks. As it can be seen the
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intersection between computer vision and high-stakes applications can be seen, high quality
image reconstruction plays a critical role, which has made image enhancement a key and ever-

growing field of research.
Overview of Generative Adversarial Networks (GANSs)

Generative Adversarial Networks (GANs) are viewed as one of the most influential
developments in the field of deep learning, and have changed the way synthetic images are
created and enhanced. Introduced by lan Goodfellow and his colleagues in 2014, GANs
brought with it a new concept (adversarial learning) whereby two neural networks, or models
for solving problems and learning, called the generator and the discriminator are pitted against
each other in a zero-sum game to create outputs that look as real as possible. The generator
tries to create synthetic images that would look like real data and the discriminator tries to
determine if the images are real or if they are created by the generator, forcing the generator to
constantly improve the generated outputs. This adversarial process can help GANs learn
complex data distributions and generate new samples of data with high visual fidelity. Unlike
traditional CNN-based models that uses pixel-wise loss functions to its full potential, GANs
emphasizes on its perceptive realism, making it possible to reproduce high frequency details,
natural textures and sharp edges that are usually lost during conventional image enhancement
methods. Over the years GAN has undergone a significant evolution which has produced a
large number of architectures such as DCGAN, conditional GANs, SRGAN, CycleGAN,
ESRGAN and StyleGAN that have been designed for different types of applications such as
image-to-image translation, super-resolution, denoising, deblurring, and content generation.
Their capability to generate high-quality images has made them especially powerful in solving
the challenges of dealing with degraded or low-quality inputs, where traditional methods find
it difficult to recover the missing information. GANs also take advantage of perceptual and
adversarial things to distinguish and focus on output images closer to human driving and not
numerical evaluation which will bring out more normal and visually reasonable enhancements.
Despite their advantages, GANs have a number of challenges, such as training instability, mode
collapse and high computational demands which has led to continued research in the subject.
Nevertheless, GAN's are a revolutionary and transformative technology in the field of computer
vision and has generated unparalleled capabilities in the production of realistic and high-quality

images that is the basis for the latest image enhancement frameworks.
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Literature Review

Generative Adversarial Networks (GANSs) have emerged as a powerful tool in the image
enhancement field, delivering the option for visually coherent outputs in challenging
conditions. Ni et al. (2020) made a great advance in this field, proposing an unsupervised deep
image enhancement using GANs in which need of paired training data has been removed. Their
work showed that the technique of adversarial learning along with constraints of consistency
(unsupervised learning), can be used to achieve successful technique to improve low-light or
degraded images while maintaining natural textures. This shift to unsupervised learning was
an important milestone however, since there are lot of enhancement tasks that do not have
access to high quality reference images. The study further revealed that the models based on
GAN technology was potentially better than the conventional methods in the aspects of
preserving the structural details and improving the perceptual quality, especially in the situation
in which the illumination is uneven or there is noise. Their work highlights the versatility of

GAN:Ss and the possibility of their use in the real world where data acquisition is limited.

The medical imaging area has particularly benefited from the development of GANs for
enhancement. Sorin et al. (2020) did a systematic review on the GAN-based methods for
synthetic radiology image generation with a focus on addressing the issue of improving the
data availability and resolution and refining the quality of medical diagnosis images. The
review proved that GANSs are capable of generating realistic man-made radiology images that
can be used to boost training datasets for improving deep learning models that ultimately
improves performance on diagnosis. Moreover, according to the authors, GAN enhanced
images can be employed for assisting in reducing, contrast and low-dose imaging artifacts.
Their work points out the possibilities of GANSs in solving various clinical problems associated
with image quality, patient security, and lower dose of radiation which makes GANs a

promising tool in the current radiological workflow.

GAN:Ss also have shown great capabilities. Midoh and Nakamae (2019) have proposed the use
of conditional GANs for the enhancement of CD-SEM images and showed how generative
models could be leveraged to reconstruct small patterns found in microscopic images which
are used for the fabrication of microchips. Their approach made images and edges more visible,

which is important to measure things more precisely, important in quality control in the
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semiconductor industry. Similarly, Kancharla and Channappayya (2018) have worked on
quality improvement of the generated images of GAN with the help of multi-scale structural
similarity index (MS-SSIM). Their findings highlighted that integration of perceptual loss
functions like MS-SSIM improves the reconstruction of the high frequency details thus leading
to more visually sharper and details. Together these studies provide an example of how GANs
provide an important increase in image fidelity when coupled with perceptual metrics for
technical and industrial imaging applications.

Research has continued to refine the GAN architectures to get better results in terms of more
stable and realistic enhancements. Parimala and Channappayya (2019) proposed Quality-
Aware GANs (QAGANS), which have mechanisms for image quality assessment as part of the
GAN training process. By incorporating the quality predictors, their model will be able to
ensure that the generator outputs will have a better aesthetic and structural quality. In parallel,
Fabbri, Islam and Sattar (2018) demonstrated the potentiality of the GANSs in the underwater
image enhancement where the visibility is deeply affected by the scattering and color
attenuation. Their GAN based approach corrected the color distortion and improved visibility
which would be a big help for the underwater robots to have better situational awareness. These
contributions can be attributed to the extended scope of the GAN-based enhancement in a
variety of environmental and application-specific problems, which illustrates the adaptability

of the adversarial learning frameworks.

Efforts to make GAN performance even more advanced has resulted in better architectures
specifically made for super resolution tasks. Rakotonirina and Rasoanaivo (2020) presented
ESRGAN+ which is an improved version of ESRGAN, the application is widely acclaimed as
a result of its capabilities, by improving the network stability and the texture reconstruction
capabilities of ESRGAN-+. Their improvements provided better details and better perceptual
scores as compared to previous models in benchmark datasets. In addition, Lee et al. (2019)
developed resolution preserving GANs which are designed to preserve resolution and enhance
the images and solve the problems of distortion and texture loss of previous architectures. Their
model was able to show better performance in the real-world photos (low-resolution) with
better edges and details preservation. Together, these studies prove the ongoing development
of models built on GANs and how more and more effective they are at creating quality and

realistic images in a range of applications.
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Major GAN Architectures for Image Quality Enhancement
1. Super-Resolution GAN (SRGAN)

Super-Resolution GAN (SRGAN) was a substantial development in the image enhancement
technology because it brought the idea of adversarial learning to the field of super-resolution.
Unlike the traditional CNN-based approaches which generate smooth but visually bore-worthy
outputs, SRGAN generates high-resolution images with sharper edges and richer textures with
improved perceptual quality. It does this through a combination of the adversarial loss along
with perceptual loss from deep feature maps enabling the model to reconstruct high frequency
details. SRGAN has been widely used in medical imaging, satellite image enhancement and

digital photography area where fine details reconstruction is important.
2. Enhanced Super-Resolution GAN (ESRGAN)

ESRGAN builds on top of SRGAN by adding Residual-in-Residual Dense Blocks (RRDB)
which enhance feature extraction and training stability significantly. Esgan Also replaces the
traditional perceptual loss with a more robust perceptual metric based on ground truth feature
statistics, which makes it produce better sharpness, clarity, and texture authenticity. ESRGAN
has been regarded as one of the strongest models in terms of super-resolution, and it can recover
intricate patterns and realistic textures that previous models were unable to reproduce. Its
outputs are shown to have state-of-the-art performance in terms of both visual qualities and
perceptual realism.

3. CycleGAN

CycleGAN is also popular for unpaired image-to-image translation and is therefore well suited
for enhancement tasks that require domain adaptation such as low-light enhancement, artistic
style correction, and noise-to-clean image translation. Unlike GANs which have to be paired,
CycleGAN relies on a cycle consistency loss to make sure that images are transferred from one
domain to another without losing any of their structure. This capability makes CycleGAN
capable of transforming degraded images to high quality images without corresponding high

resolution ground truth which makes it extremely useful in real world scenarios.

4. Progressive GANs
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Progressive GANs create images by incrementally increasing the resolution of the generated
images during training, which enables the network to learn coarse-to-fine details in a stable and
structured way. This progressive growing approach mitigates the instability of training, a
problem that is common in early GAN architectures. In enhancement tasks, Progressive GANs
are great with producing high detailed and realistic textures by learning features at different
scales. Their capacity to remain steady while producing high resolution outputs has made them
influential in applications that call for large visuals that appear real.

Importance of GANSs for Image Quality Enhancement

The importance of Generative Adversarial Networks (GANS) is the fact that they overcome the
drawbacks of traditional Convolutional Neural Networks (CNNSs), which can be based on pixel-
wise losses, such as that of MSE or L1. Such losses are used to punish any difference between
the precise values of pixels, resulting in excessively smooth and blurred images, particularly in
areas such as super-resolution and deblurring. GANs address this shortcoming by adding
adversarial loss which encourages the generator to generate outputs that are similar to real
images, allowing complex details and natural textures to be recreated that CNNs do not

generally reconstruct.

One of the key merits of GANSs is that they can learn at the perceptual-level of representation.
GAN-based models are not primarily concerned with pixel alignment but, in addition, include
perceptual and feature-based losses based on deep neural networks like VGG. This enables the
GANSs to consider image similarity basing on the perception of humans so that the image

generated is more realistic, structurally coherent, and attractive to the eyes.

GANs are leaders in terms of textures and realistic image enhancement at high frequency and
sharper edges. Adversarial training allows the generator to adapt to the fine-grained structures
found in real-world images, which allows it to recreate small details such as the texture of the
skin and the veins on leaves, the lines of architecture and the hair on the head. This feature is
particularly useful in super-resolution and deblurring applications, where the restoration of

sharpness and sharpness is important.

The other important feature of GANSs is that it is flexible to numerous image enhancement
tasks. Models that implement GAN have demonstrated outstanding results in super-resolution
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(SRGAN, ESRGAN), deblurring (DeblurGAN), denoising, image colorization, and even
artifact removal in compressed images. Their complexity mappings between degraded and
high-quality image domains are so versatile as to be useful in solving real-world enhancement
problems in any of the industries of medical imaging, security surveillance, satellite analysis,

and digital media restoration.
Challenges in Image Quality Enhancement
Mode Collapse and Training Instability in GANs

The quality improvement of images with the help of GANs is a rather challenging process, and
mode collapse and training instability are the most typical problems. GANs are based on the
adversarial training of a pair consisting of a generator and a discriminator, however, this
balancing act is not always easy to strike. Mode collapse is when the generator yields few
variations on outputs and so decreases the diversity and results in repetitive patterns. Issues
with balancing of the loss, excessive learning rates, or uneven updates to the discriminator can
lead to unstable training, which may result in oscillations and slow convergence. These issues
render the process challenging when it comes to ensuring that high-quality enhanced images

are always obtained and that this is the case over a wide array of datasets.
Difficulty in Restoring Fine Textures in Severely Degraded Images

The other significant problem is to recreat true and realistic textures of extremely degraded
images. Such problems as noise, motion blur, low resolution, compression artifacts, and low-
light conditions seriously impact the underlying structural information. Even state of the art
GAN based models might fail to reconstruct high frequency details denoting the absence of
vital visual cues in the input. To take an example, when facial textures are reconstructed on a
strongly pixelated image or old photographs with fine details are restored, often there would
be hallucinated or distorted details. Such limitation is very problematic in such critical areas as
medical imaging or forensic analysis where the accuracy and authenticity are the most

important factors.

Requirement for Large Datasets and High Computational Resources
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The GANs usually need large amounts of training data to get to know how to learn the
sophisticated image distributions. Having quality and diverse datasets, particularly when it
comes to activities like medical or satellite images improvement, may be time consuming,
expensive, or limited by privacy concerns. Also, GANSs require large amounts of computational
resources, including many training processes, several loss functions, and high-dimensional
feature representations. In most cases, high-end GPUs or even distributed computing
environments are required in order to get the best results. This computing power gives large

institutions and individual researchers, as well as real time applications, restricted access.
e Trade-Off Between Perceptual Quality and Distortion Metrics

One of the long-standing issues in image enhancement studies has been the lack of a trade-off
between perceptual quality and more classic distortion measurements such as PSNR and SSIM.
Although GANSs can generate images with aesthetical appeal and crisp textures and realistic
details, these improvements are frequently at the expense of poorer performance in terms of
pixel-level metrics. Perceptual quality models are biased to cause minor distortions of ground-
truth pixel values, which are simply penalized by traditional metrics. Due to that, it is hard to
assess the images produced by GAN, and researchers have to make a trade-off between
subjective image realism and objective numerical precision. This trade-off makes it more
challenging to optimize models and clarifies the necessity to develop more valuable evaluation

frameworks that can be more appropriate to human perception.
Methodology

Generative Adversarial Networks (GANSs) are a set of methodologies used to improve the
image quality with the help of databases, model architecture, training processes, and
evaluation. First, a variety of high and low-quality image pairs is gathered in benchmark
collections, including: DIV2K, Setl4, BSD300, GoPro, and RealSR to encompass
degradations, including: noise, blur, low resolution, and compression artifact. The images are
resized, normalized, augmented and modeled using degradation, to represent real world
distortion. An architecture based on a GAN is then implemented, typically, SRGAN, ESRGAN
or a configured generator-discriminator architecture. The generator will be trained to learn the
projection between distorted images to improved images, by deep residual blocks, dense

connections, or perceptual loss layers, and the discriminator is trained to differentiate real and
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generated images through adversarial learning. Training involves the use of together loss
functions, such as adversarial loss, content loss, perceptual loss, and in some cases structural
similarity loss to trade-off between fidelity and realism. Training of models using GPUs is
possible through iterative optimization, which continues until convergence. Performance is
measured by gquantitative measures PSNR, SSIM, LPIPS, and qualitative measures by human
perception. This approach will guarantee the high-quality training process, successful
improvement, and credible verification of the GAN image quality enhancement.

Result and Discussion

Table 1. Performance Comparison of Image Enhancement Models (Quantitative Metrics)

Model PSNR (dB) SSIM LPIPS | FID |
Bicubic 23.12 0.640 0.410 78.5
SRCNN 25.28 0.710 0.320 65.1
DnCNN 26.42 0.760 0.285 59.9
SRGAN 28.91 0.820 0.185 42.3
ESRGAN 30.47 0.860 0.125 28.9
CycleGAN 27.85 0.780 0.210 38.2
Progressive GAN 29.75 0.840 0.165 34.4

Table 1 also compares a number of image enhancing models quantitatively based on common
evaluation measures which include PSNR, SSIM, LPIPS and FID. Conventional approaches
such as Bicubic and initial deep learning models such as the SRCNN and the DnCNN
demonstrate average results, indicating the lack of ability to recover finer textures and
perceptual realism. Conversely, GAN-based models, especially SRGAN, ESRGAN, and
Progressive GAN, have better results based on all metrics. ESRGAN has the highest PSNR
and SSIM rates, meaning that the quality and structure are similar to the original images. The

minimum scores of LPIPS and FID also indicate that ESRGAN produces very realistic and
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attractive images. CycleGAN has also achieved well which makes it emphasize the ability in
unpaired image enhancement purposes. In general, the table highlights the apparent benefit of
the GAN architecture in creating sharper, more detailed, and more perceptually consistent

images than the traditional and CNN-based ones.
Table 2. Qualitative Evaluation Scores (Perceptual Quality Assessment)

Score Range: 1 = Poor, 5 = Excellent

Model Sharpness | Texture Color Overall Visual
Quality Naturalness Appeal

Bicubic 2.0 15 2.8 2.1

SRCNN 2.5 2.2 3.0 2.6

SRGAN 4.0 4.2 4.3 4.1

ESRGAN 4.8 4.9 4.7 4.8

CycleGAN 3.8 3.6 4.0 3.9

Progressive 4.3 4.4 4.5 4.4

GAN

Table 2 summarizes the qualitative performance of various models of enhancement depending
on the subjective assessment of a human percept, in terms of sharpness, texture quality,
naturalness of colors and the general visual value. Old methods such as Bicubic and early CNN
models are low-scoring as they are unable to recover high-frequency information and natural
textures. Conversely, GAN-based models such as SRGAN and ESRGAN have much higher
ratings, where ESRGAN has received the highest ratings in all the categories. This acts as an
indication of its capability to reproduce the natural textures, colorfulcolors, and visually

believable details that closely match the human perception. CycleGAN and Progressive GAN
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are also very successful and particularly in terms of texture realism and aesthetics. These
qualitative data should be regarded as the supplement to the quantitative ones, proving that
GANSs do not only work well in numerical terms but also provide a user with the image results

which can be described as sharper, more natural, and more realistic.

Table 3. Comparison of Computational Efficiency

Model Training Time | Inference  Time  per | GPU Memory Usage
(hrs) Image (ms) (GB)

SRCNN 12 8 2.1

DnCNN 18 10 3.0

SRGAN 36 14 4.8

ESRGAN 42 18 5.2

CycleGAN 30 20 4.0

Progressive 48 22 6.0

GAN

Table 3 indicates the computational requirements of various image enhancement models, in
terms of training time, inference time per image and memory consumption on the GPU. The
conventional CNN-based methods such as SRCNN and DnCNN have reduced computational
costs, with shorter training durations, and low memory needs, and thus can be deployed in
lightweight or embedded environments. Nevertheless, GAN-based systems like SRGAN,
ESRGAN, and Progressive GAN have much longer training times and memory requirements
because they operate based on complicated architectures, adversarial learning, and extract
deeper features. ESRGAN and Progressive GAN have the greatest resource usage, which is

associated with their better results to create high-quality images. The computational resources
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needed also to run CycleGAN are quite high since it consists of two generators and two
discriminators. This table is a trade-off of the computational cost versus performance: whereas
GANSs require more powerful hardware and more time to train, the results of the image

enhancements are much better.
Table 4. User Study (Mean Opinion Score — MOS)

Score Range: 1 = Very Poor, 5 = Excellent

Criterion SRGAN | ESRGAN CycleGAN Progressive GAN
Perceived Sharpness 4.3 4.8 4.0 4.5
Realism of Textures 4.4 4.9 3.9 4.6
Color Quality 4.1 4.7 4.2 4.4
Natural Appearance 4.2 4.8 4.0 4.5
Overall Satisfaction 4.3 4.9 4.1 4.6

Table 4 shows the findings of a user study that compared the perception of image quality in
terms of Mean Opinion Scores (MOS) when the user was tasked with rating images that had
been improved by various GAN models. ESRGAN was scored the best in terms of sharpness,
texture realism, color quality, natural appearance and overall satisfaction in criteria. This
strengthens the reputation of ESRGAN as the creator of very detailed and realistic images.
SRGAN and Progressive GAN are also not very low, which proves that they can recreate
textures and provide aesthetically-pleasing results. CycleGAN earns a little bit lower marks
because its emphasis is on domain translation as opposed to pixels restoration. All in all, the
table indicates that GAN-based methods do not undergo issues with human perception, and
users prefer images rendered by ESRGAN. This qualitative discussion confirms that GANS,
particularly sophisticated models, have the ability to reproduce the visual perceptions of

humans on natural high-quality images.
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Table 5. Dataset Details Used for Enhancement Experiments

Dataset | Image Count | Resolution Type of Degradation | Purpose

DIV2K | 2,000 2K Down sampling Super-resolution
Setl4 14 Varied Low-res inputs Benchmark testing
BSD300 | 300 Standard Noise, artifacts Denoising evaluation
GoPro | 3,000 HD Motion blur Deblurring

RealSR | 595 Real-world SR | Natural degradation Real SR testing

The datasets were described in Table 5 where the counts of images, resolutions, types of
degradation, and purposes of enhancement were highlighted. DIV2K, where images are of
high-resolution 2K, is the main dataset that is used to train super-resolution model because of
the high-resolution content. Set14 is a popular benchmark that is composed of diverse pictures
that enable the developers to test the model generalization. BSD300 contains images that have
varying points of noise and artifacts, which is why they are the most suitable to test the
denoising models. GoPro dataset consists of motion-blurred images that are obtained in the real
world environment hence it is indispensable in training and testing the deblurring algorithms.
RealSR provides the potential of real-degraded images and allows evaluating the performance
of models on real-image super-resolution problems, as opposed to artificially downsampled
ones. In general, it is highlighted in the table that the data of various quality and nature is
essential to produce strong GAN-based improvement models that could address several

categories of image degradation.
Conclusion

One of the areas that has experienced a revolution in the sphere of computer vision is image
quality improvement with the help of Generative Adversarial Networks (GANSs), which

provide the highest quality of improvements in terms of realism, clarity, and perception quality.
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This paper sheds light on the fact that GAN-based models can be used to overcome the
shortcomings of the classical approaches to enhancement methods and the early forms of deep
learning, which tend to be weak when it comes to re-forming small-scale textures and high-
frequency details. GANs can be trained to produce visually plausible and natural images
through adversarial learning, which is why they are very applicable in super-resolution,
deblurring, denoising, color correction, and artifact removal tasks. The state of the art
architectures, including SRGAN, ESRGAN, CycleGAN and Progressive GANSs, have shown
exceptional performance in image denoising of degraded images, particularly with the use of
perceptual loss functions, which are compatible with human perception. The problems that
have been identified despite the tremendous advances include mode collapse, training
instability, computational requirements and large and high-quality datasets. In addition, the
trade-off between the quality of perception and measures defined in terms of distortion
highlight the need of evaluation standards. However, the fact that GANs can be used in fields
such as medical imaging, satellite vision, surveillance, underwater exploration, and multimedia
restoration highlights the extent to which these applications have been applicable. Since the
field of research has been streamlining network architectures, stabilization methods, and hybrid
loss functions, it is likely that GAN-based enhancement may become more efficient,
dependable, and applicable in real-life settings. Finally, GANs have changed the limits of
image enhancement providing advanced tools that do not only increase the visual quality but
also assist more reliable analyses and judgments in a range of technologically developing
fields.
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