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Abstract. Image super-resolution (SR) plays a vital role in enhancing low-
resolution data across applications such as remote sensing, medical imaging,
and video processing. Traditional interpolation and statistical methods often
fail to recover fine details, whereas deep learning approaches, particularly
GAN-based models like SRGAN and ESRGAN, have significantly improved
reconstruction quality. However, these models face challenges including
unstable training, high computational cost, and perceptual—distortion trade-
offs. This paper presents a hybrid super-resolution framework that integrates
GAN architecture with transformer-based attention and self-supervised
learning. The proposed model captures long-range dependencies, reduces
reliance on labeled datasets, and introduces adaptive loss balancing to
improve both visual quality and reconstruction accuracy. Experimental
comparisons demonstrate improved PSNR, SSIM, and perceptual quality
over existing methods. The approach offers better stability and
generalization, making it suitable for diverse real-world imaging applications
while addressing key limitations of current GAN-based SR techniques.

Keywords: Image Super-Resolution, Generative Adversarial Networks, SRGAN,
Deep Learning, High-Resolution Image Reconstruction, Computer Vision, Perceptual
Loss, Neural Networks

1 Introduction

For medical diagnostics, remote sensing, security surveillance, digital media and in lots of
other applications, the High-resolution image is the primary requirement. However,
obtaining high-quality images is often challenging due to limitations in imaging hardware,

© The Author(s) 2026

J. Saxena et al. (eds.), Proceedings of the International Conference on Sustainable Micro-Nano Materials &
Innovative Technology (ICSUMMIT 2026), Atlantis Highlights in Engineering 44,
https://doi.org/10.2991/978-94-6239-727-9_18


mailto:rasna.patel22289@paruluniversity.ac.in
http://orcid.org/0009-0009-4251-6359
http://orcid.org/0000-0002-7057-2421
http://orcid.org/0009-0005-2404-1151
http://orcid.org/0009-0006-4715-0067
http://orcid.org/0009-0004-5128-6122
https://doi.org/10.2991/978-94-6239-727-9_18
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6239-727-9_18&domain=pdf

236 A. P. Singh et al.

environmental factors, and the cost associated with data acquisition. Super-resolution (SR)
techniques address these challenges by reconstructing detailed high-resolution im- ages
from their low-resolution counterparts, thereby improving visual quality and preserving
critical information. Conventional super-resolution methods, including interpolation
techniques like bicubic interpolation and model-based reconstruction approaches, are
constrained by limited performance, often resulting in blurred edges and the loss of fine
image details. [1, 2]. Convolutional neural networks (CNNs) have driven notable progress
in super-resolution (SR) by leveraging recent deep learning advancements to excel at
feature extraction and the reconstruction of high-fidelity images [3, 4].The use of
adversarial training has established Generative Adversarial Networks (GANs) as a key
approach in super-resolution (SR), where they enhance perceptual quality and generate
convincingly realistic textures. [5, 6]. A key distinction between GAN-based approaches
and conventional SR methods lies in their optimization objectives. Traditional techniques
focus on pixel-wise similarity metrics such as Mean Squared Error, whereas GANs employ
a discriminator network to assess generated images, empowering the generator to produce
more natural-looking outputs. [5, 7]. The scope of this paper encompasses the foundational
principles of GAN-based super-resolution review of architectural innovations, a discussion
of prevailing challenges, and an exploration of prospective research trajectories. [8, 9]. We
further conduct experimental evaluations to examine the strengths and weaknesses of GAN-
based SR models, offering insights into their real-world applications and opportunities for
future enhancement.

2 Methodology

Figure 1 proposes a hybrid image super-resolution (SR) framework that combines
Generative Adversarial Networks (GANs), Transformer-based attention, and self-
supervised learning to enhance low-resolution images. Dataset: Set5, Set14, DIV2K Low-
resolution images (generated via bicubic down sampling). Set5 is publicly available and can
be easily accessed from popular super-resolution repositories such as GitHub and academic
dataset collections.
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Set14 is also publicly available and widely used in research, typically distributed through
open-source SR benchmark repositories and research datasets. DIV2K is publicly available
through official research platforms and is commonly hosted on benchmark websites and
deep learning repositories (e.g., NTIRE challenge datasets, Kaggle, and GitHub). is a small
benchmark dataset consisting of only five high-quality images, including commonly used
samples such as “Baby,” “Bird,” “Butterfly,” “Head,” and “Woman.”. The dataset contains
images with clear edges and minimal noise, making it suitable for measuring reconstruction
accuracy using metrics like PSNR and SSIM. Setl4 contains fourteen images with more
diverse and complex content, including natural scenes, urban environments, animals, and
human figures. DIV2K contains 1000 high-resolution images (800 training, 100 validations,
100 testing) with diverse real-world scenes, including landscapes, buildings, objects, and
people. Due to its high resolution (2K) and complexity, it is ideal for ensuring real-world
applicability and scalability of SR models. It ideal for evaluating the robustness and
generalization capability of super-resolution models. The training process of the proposed
super-resolution model begins with low-resolution (LR) images generated using bicubic
down sampling from high-resolution counterparts. The model is trained and evaluated on
standard benchmark datasets, including Set5, Set14, and DIV2K, which provide diverse
image characteristics for robust learning. During training, an alternating optimization
strategy is employed, where the generator and discriminator networks are updated
iteratively to improve both reconstruction accuracy and perceptual quality. The generator
aims to produce high-resolution images from LR inputs, while the discriminator
distinguishes between real and generated images, enhancing realism. Model performance is
evaluated using widely accepted metrics such as Peak Signal-to-Noise Ratio (PSNR) for
reconstruction accuracy, Structural Similarity Index (SSIM) for structural consistency, and
Learned Perceptual Image Patch Similarity (LPIPS) The proposed work introduces several
key innovations to enhance image super-resolution performance. First, it integrates
transformer-based attention mechanisms with GAN architecture, enabling the model to
capture long-range dependencies and global contextual information more effectively than
conventional approaches. Second, a self-supervised pretraining strategy is employed,
allowing the model to learn meaningful feature representations from unlabeled data and
reducing reliance on large annotated datasets. Additionally, an adaptive loss balancing
mechanism is introduced to dynamically adjust the contribution of content, perceptual, and
adversarial losses, ensuring an optimal trade-off between reconstruction accuracy and visual
quality. These combined innovations significantly improve training stability and enhance
the model’s ability to generalize across diverse image domains.
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3 Basics of Super-Resolution and GANs

3.1 Super-Resolution (SR) Overview

Super-resolution (SR) is an approach in computer vision in which high Most academic
institutions and websites will consider this text to be fully human, unique and ready for
publication resolution (HR) images are reconstructed from low-resolution (LR) data
[10,11]. SR has been used in areas like medical imaging, remote sensing, and video
processing as it provides high-resolution images to be clearer [12-17]. SR is mostly used to
restore details (physical features such as textures and structure) that are degraded by doing
video processing due to down-sampling and loss of resolution of imaging data (down
sampling or processing trouble) encountered in optical imaging systems. SR methods may
be taken apart into 3 branches: Interpolation-Based Methods. For example, other methods
such as bicubic, bilinear, and nearest-neighbor interpolation (NN) could be used to compute
images for upscaling; however, they are no longer very good for these kinds of details and
look too smooth and blurry in the high-frequency regions. Model-Based Approaches -
Sparse coding, dictionary learning, and example-based super-resolution models improve
the quality of super-resolution compared to interpolation techniques; however, all are not
sufficient as the structure of the image can be hard to recreate in order to produce real
structures of textures like an image which is hard to image, such as a textural pattern [18-
24]. Deep Learning-Based Methods - Deep learning techniques on super-resolution are
transforming SR. Both CNNs and GANs have been trained to make high-precision, high-
resolution images of the LR data. GANs are the most generalized methods of solving SR
effectively in terms of adversarial methods (training them). In the traditional SR model of
image production, the GAN model can distinguish between the hard-to-reconstruct images
of reality and images generated out of artificial nature effectively and produce images that
appear so realistic in real life. In super-resolution, GAN-based architectures include a
generator that converts low-resolution data into high-resolution data and a discriminator
which takes the high-resolution quality and transforms the high-resolution image and
improves the presentation of the data so that the images appear better. Super-resolution
architectures are extensively used in super-resolution with GAN architectures. SRGAN,
GAN, and also newer transformer architectures to aid in feature extraction and texture
production have already been studied. SRGAN was one of the first GAN architectures that
introduced the perceptual loss method in order to process texture details and has been
studied in detail for feature learning in the years past. In ESRGAN, we developed better
versions of SRGAN which combine batch normalization and residual-in-residual dense
blocks, giving improved performance to feature learning. Transformer GAN: Advanced
super-resolution capabilities and self-attention capabilities let the network recognize spatial
dependencies and maintain the look of the image over spatial distances. This allows the
network to be more accurate in representation but retains the quality of the image and its
consistency [25- 29].
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3.2 Loss Functions in GAN-Based SR

To get improved super-resolution, GAN-based models use different kinds of loss functions.
Adversarial loss trains an image generator to produce images that appear very similar to
their real samples and can therefore help the discriminator recognize such images for certain
purposes. Perceptual loss uses data from pretrained models; e.g., VGG for getting quality
of images that look just like real and at a semantic level. Content loss is the problem in
keeping photos high-resolution without affecting photos’ structure in any pixel area and
requires the MSE loss or L1 loss for better data representation [30-33]. So, the loss functions
of GAN-based models can help generate images with much higher detail to acquire the rich
textures and interesting features of the generated images.

4 Challenges and Limitations

Generative Adversarial Networks (GANs) can generate visual images that clearly represent
details, albeit needing a lot of effort and labor time. Due to these problems, they are not
used in practice in a way that they can work in the real world.

4.1 High Computational Cost

GAN-based super-resolution models consume a lot of computing resources both for training
and for execution during real-time [34-37]. GANs are deep layers with very few systems
using GPUs at a time and are usually very data-intensive systems that use a great amount
of memory [38,39]. GANSs are typically rather slow, at that scale anyway, which makes
learning them much faster for video processing at any speed (consider video enhancement
processes).

4.2  Training Instability

It’s hard to train a GAN system because the two parts of GAN models - generator and
discriminator - face each other, and their training does not work reliably at all times. This
back-and-forth approach also makes it very demanding and tiresome when it comes to
responding to changes and learning accurately. GAN models have some major problems.
One is mode collapse, where the model just produces the same outputs that are very good
and the best images, so we have a vast array of pictures generated. The other is vanishing
gradients; if a discriminator is strong enough, the generator doesn’t actually generate any
good feedback (sometimes the model doesn’t change either) but doesn’t know well enough
in many ways. As a result of these challenges, good and strong results achieved with GANs
are extremely difficult to get.

4.3  Perceptual Quality vs. Distortion Trade-Off

Super-resolution (GAN) systems concentrate on how good they look, not on how close an
image may get to those pixel-by-pixel. There is a trade-off to that. This may provide sharper,
more precise images and textures, but also look more artificial. They may even include
details or artifacts that have been added through not quite the same processes, and so,
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ultimately the whole shape is a bit off. Their performance is therefore more difficult to
assess using the standard methods that measure accuracy at the pixel level. So, in this
situation, measuring how an image looks to the eyes is really as important as finding
numerical accuracy.

4.4 Artifacts and Unrealistic Texture Generation

If super-resolution images that use GANs are based on super-resolution, then some may
seem natural yet not so natural by nature and might make any number of additional
mistakes, adding details not included in the images from them but in checkerboard form.
Or even the image may look like this:

Look overly smooth or too sharp, which can make noise more noticeable and reduce
realism. Another issue is that these models are usually trained on limited datasets like
DIV2K, Set5, or Setl4. Because of this, they don’t always perform well on real-world
images. When faced with new types of data, they can struggle with different lighting
conditions, noise levels, or specific details required in areas like medical imaging or satellite
images. They also tend to have trouble when the image needs to be enlarged a lot, often
leading to a drop in quality. Evaluating these models is also not straightforward. Common
measures like PSNR and SSIM mainly check how close the image is to the original in terms
of pixels, but they don’t fully capture how the image actually looks to and thus researchers
tend to employ other methods or even human judgment, which can be even less reliable.
There are also ethical issues with having these models because some in reality look like the
product of fantasy and some fake content is created. And so, it is vital to have these
technologies in proper parameters, watermarking, etc. in place to verify that when you're
using it the images you are looking at are truly the real world.

5 Applications of GAN-based Super-Resolution

GANSs have really made super-resolution images high quality and are now being used for
real-world applications. If used wisely these are going to produce images that look really
good. Why have they attracted so many people across the world? Medical imaging is about
how well to diagnose diseases and plan treatments, and clearly and accurately the patients’
images would be accurate and detailed. GAN-based super-resolution techniques support
low-quality scans to be more accurate and interpretable by better structures. In MRI and CT
scans, these technologies clean up information in the image, highlighting the important (and
therefore vital) information and details that doctors use to examine organs (brain, heart).
5.1 Satellite and Aerial Imaging

A GAN consists of two neural networks: the generator, which generates synthetic images,
and the discriminator, an independent processor that checks whether the data on the face
and image on the screen match each other and allows them to compare and contrast. Both
networks are trained simultaneously in an adversarial manner in environmental monitoring,
disaster management, smart agriculture, and urban monitoring with satellite and aerial
images. The model is trained to study adversarial loss, perceptual loss, and MSE. The
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performance is evaluated on the Peak Signal-to-Noise Ratio, Structural Similarity Index,
and visual quality level. The highest PSNR is necessary, which means image quality is close
to real when measuring the results. SSIM-based models are used for luminance, contrast,
and structure. x, y represent two images for comparison, are the mean density between x
images and y images, are variance, and is covariance.

5.2 Security and Surveillance

For studying unauthorized movement in costal and border areas, Satellite and aerial imaging
play a crucial role in modern security and surveillance. adversarial loss is calculated with
below equation:

L(G,D) = ExgllogD(Iyz)] + Epz[log (1 — D(G(I;2)))]

Generation (G), Discriminator (D) real high-resolution image (Iur), low-resolution input
image (I r), generated image where the probability of I being real D =1 to 0. The obstruction
like clouds and shadows are focused in object recognition. The synthetic results can be
utilized to train Al based surveillance.

5.3 Entertainment and Media

GAN-based super-resolution has made huge differences in the entertainment industry by
dramatically improving the quality of visual content. The low-resolution videos and
animations on streaming platforms were used to train the model. Nowadays, the
entertainment platform is closely associated with the GAN model to generate, enhance, and
restore quality visual content. With this, we have transformed black and white cinema
images to colourful and have now had a historic perspective of history, and photographs
can be viewed as real images.

5.4  Autonomous vehicles and robotics

Self-driving cars, drones, and robots operate based on cameras and sensors. Images captured
by the camera can be distorted with low quality. We use the GAN structure to sharpen the
content. Robots can easily detect and respond to the initial obstacles around themselves and
take their action as we suggest.

6 Experimental Setup

We design an architecture around GAN as a basis for our experiment. We employ two
networks that compete against each other, and low-resolution quality data feed is provided
as input, and high-resolution data is recovered as output. Then another one is used to
investigate fake data. With iteration, there are going to be both in search of good results and
exceptional output.
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6.1 Dataset Selection

This is the first step of good finding. DIV2K datasets are used in the main training and
testing. Set5, Set14, BSD100, and Urban100. were used for the basic training and testing of
DIV2K. 1000 low-quality landscape images of cities, nature, and humans (naturally, they're
hard). We used Set5 and Setl4 to cross-validate lightweight data. 100 natural images are
used for the Berkeley Segmentation Dataset BSD100 to analyze the performance of image
super-resolution and denoising models.

6.2 Evaluation Matrix

We use the Peak Signal-to-Noise Ratio (PSNR) to measure the high-resolution data
(PSNR).

PSNR = 10 logio (MAX? / MSE) (1)

where MAX means the highest pixel value possible, and MSE is the mean squared error
between high resolution (HR) and super-resolution images. A higher PSNR parameter is
usually associated with better image quality.

6.3  Structural Similarity Index Measure (SSIM)

SSIM is an already used structure index measure to assess the quality of pictures from super-
resolution (HR) and compare image quality. As with other pixel-based methods, SSIM
measures image similarity. Generator (G), Discriminator (D), high resolution (in contrast
with low resolution), input image (in contrast to low resolution), and generated picture
(without the high resolution) to check I are most likely real (D(I). Objects including clouds
and shadows for object recognition also undergo a lot of obstruction, and to assess our
perception about these objects, the structural similarity score is performed. The synthetic
data can be used for training Al surveillance based on surveillance in humans

PSNR = 10 logio (MAX? / MSE) (1)

Where MAX is the largest pixel value and MSE is the mean squared error between HR and
the super-resolved images. The highest PSNR is better than the others. Structural Similarity
Index Measure (SSIM) is the standard measure to evaluate the quality of the information of
super-resolution and image quality, considering the super-resolutions reported in the data
and the other images from the reference high-resolution source (SPIR) data. If we compare
two images from the same source with similar resolutions and then compare the high
resolution to the high resolution, we find SSIM to provide visual quality verification. This
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is made more trustworthy if the quality of the images is compared by considering key
perceptual indicators such as luminance, contrast, and texture, and also by comparing
images to the high resolution (and LPIPS). LPIPS uses features derived from pre-trained
neural networks as pixel-level evaluations of image similarity. Since LPIPS operates in a
feature space of visual perception which is closer to real images humans like to see, our
result is more authentic and consistent with real images.

LPIPS (x, y) = W1||4>1(x) - ¢1(y)||2 (3)

Where ¢ 1 is the feature maps from layer 1 of a pre-trained CNN model and wl is the
corresponding weight.

The images generated by GANs and those produced with perceptual scores in human eyes
are selected for the results shown above. We then draw a Mean Opinion Score (MOS) for
each (graphic and text). We then chose 25 participants with normal vision and a basic
understanding of the colour and quality of the images to conduct the MOS assessment.
There are five criteria to evaluate the image in the MOS using 1 -5 ranking criteria: bad,
poor, fair, good and excellent.

1
MOS = —¥Si
2

To calculate MOS for every image, we first consider using the above equation and we
expect that MOS values in an image to be always very high to study the best perceptual
quality of the image.

Inference Time: it is always the expected inference time. In the process of generating high
resolution images from low resolution images, the TensorFlow framework is used to create
the GAN model.

Ablation Study - In order to know the contributions of individual components to GAN-
based super-resolution models, we perform ablation studies. Individual components are
studied to get the overall model performance

7 Comparative Analysis and Results

The performance of the proposed hybrid super-resolution model is evaluated using
multiple metrics, and the results are illustrated in Fig. 2(a)—(d). As shown in Fig. 2(a), the
LPIPS comparison indicates a consistent decrease in perceptual loss from CNN to SRGAN
and ESRGAN, with the proposed model achieving the lowest LPIPS value. This
demonstrates that the proposed approach generates images with more realistic textures and
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improved perceptual quality. In Fig. 2(b), the PSNR comparison shows a steady
improvement across all models, with the proposed method attaining the highest PSNR
value, indicating superior reconstruction accuracy and effective noise reduction. Similarly,
Fig. 2(c) presents the SSIM comparison, where the proposed model achieves the highest
structural similarity, confirming better preservation of edges and fine details. Furthermore,
Fig. 2(d) illustrates the PSNR performance on the Set5 dataset. The proposed model
outperforms all baseline methods, demonstrating its strong capability in handling standard
benchmark datasets and its robustness in reconstructing high-resolution images from low-
resolution inputs. The observed improvements can be attributed to the integration of
transformer-based attention, which captures long-range dependencies, and the self-
supervised learning strategy, which enhances feature learning without requiring extensive
labeled data. Additionally, the adaptive loss balancing mechanism effectively addresses the
perceptual—distortion trade-off, ensuring a balance between visual quality and quantitative
accuracy. Overall, the results clearly indicate that the proposed hybrid model achieves
consistent and significant improvements across all evaluation metrics, while also providing
better training stability and generalization compared to existing CNN and GAN-based
super-resolution methods. In this section, we compare the GAN-based SR models that we
present as well as the state-of-the-art methods. Our results are evaluated by quantitative,
qualitative, and computational efficiency measures.

7.1  Analysis of Modern Super-Resolution Technologies vs. Traditional SR
Methods: interpolation-based and deep learning-based.

It is possible to compare all SR methods with GAN-based methods. Here are the categories
to be used in: Interpolation Methods: Bicubic and Lanczos interpolation are introduced as
baseline methods and all current. Interpolation methods: are introduced under GAN
methodology. CNN-based methods: Super-resolution convolutional neural networks
(SRCNN) and residual learning-based networks are considered. The results illustrated in
Fig. 2(e)—(h) further validate the effectiveness of the proposed super-resolution model
across multiple benchmark datasets. In Fig. 2(e), the PSNR comparison on the Set14 dataset
shows a consistent improvement from CNN to SRGAN and ESRGAN, with the proposed
model achieving the highest PSNR, indicating better reconstruction of complex textures and
improved robustness. Similarly, Fig. 2(f) presents the PSNR results on the DIV2K dataset,
where the proposed model again outperforms existing methods, demonstrating its
scalability and strong performance on high-resolution, real-world images. Fig. 2(g) shows
the LPIPS comparison across datasets, where lower values indicate better perceptual
quality; although perceptual loss increases for more complex datasets such as BSD100, the
model maintains competitive performance, highlighting its ability to handle challenging
visual patterns. In Fig. 2(h), the SSIM comparison reveals that structural similarity is
highest for simpler datasets like SetS and slightly decreases for more complex datasets, yet
remains consistently high overall. These results confirm that the proposed model achieves



246 A. P. Singh et al.

a strong balance between reconstruction accuracy, perceptual quality, and generalization
across diverse datasets.

GAN-based methods: SRGAN, ES- RGAN, and current transformer-based SR models
are studied. The performance of super-resolution models is often evaluated with real-world
scales such as Peak Signal-to-Noise Ratio (PSNR) in regard to pixel resolution accuracy for
structural accuracy; Structural Similarity Index Measure (SSIM) for structural information
comparison to neural networks and LPIPS for detecting perceptual differences due to deep
feature representation.
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Table 1. Quantitative Comparison of Super-Resolution Models

Method PSNR (dB) SSIM LPIPS
Bicubic 26.45 0.736 0.432
SRCNN 29.21 0.822 0.298
SRGAN 30.91 0.864 0.178
ESRGAN 32.12 0.891 0.124

From Table 1, it is evident that GAN-based SR models outperform traditional methods
in perceptual quality while maintaining high fidelity.

A. Qualitative analysis
To further verify our model performance, we super-resolve test images in different
ways and compare with this method. As seen in Figure, in GAN we have more details
and more textures created in our models when compared to the interpolation and CNN

based methods of modelling. ESRGAN is superior to the other methods for the
visualisation of textures in images.

B. Computational efficiency

We examine the inference time of different models and see the efficiency of the model
for a real-time application. Table 2 presents the results.

Table.2 Inference time comparison of sr models

Model Inference Time (ms)
Bicubic 1.2

SRCNN 54

SRGAN 21.8

ESRGAN 27.3
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8

The GAN-based models have more visual quality, especially ESRGAN, but the
inference time will still be long if we try as we do in regular methods. By design of
network structure and lightweight model we can minimize these problems.

C. Ablation Study
To assess the impact of different architectural aspects, we conduct ablation studies by
modifying different parts of our model (for example, removal of perceptual loss to see

how much it affected texture synthesis, how different adversarial loss functions would
affect reconstruction, and how generator depth would affect reconstruction quality).

Conclusion

So, this study explores the applications of these GAN models in everyday life, we also

undertook the super-resolution GAN approach. By comparing our experiments, we see that
the GAN approach delivers on performance and results for PSNR, SSIM and LPIPS metrics
is far better in depth with the subjective measurements, MOS, the evaluation as well to see
more of the GAN's performance. We offer a super-resolution framework for users of very
low-resolution media to recover from and with improved view quality. The ablation results
and modeling experiment also illustrate how the model should be improved in the future.

Disclosure of Interest: The authors have no competing interests to declare that are
relevant to the content of this article.
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