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Abstract:- This work presents a novel approach of using Deep
Learning (DL) techniques in image processing. It aims at
improving image resolution using Generative Adversarial
Networks (GAN). The proposed system uses a StyleGAN model.
The Cifar-10 dataset is used for training the model. The dataset
comprises 50,000 training samples and 10,000 testing samples.
The data is preprocessed and trained in batches using PyTorch
and seaborn libraries. The project has proven to be successful
by providing an accuracy of 84%. The system can also use user
input images to train and refine the model by altering generator
and discriminator losses. The model also depicts the reality of
the output in terms of percentage from its learning. The
evaluating metrics have proven to be promising by resulting in
a Structural Similarity Index Measure of 0.9, Peak Signal to
Noise Ratio ranges from 25-37 db, a FID score of 15-35 and an
inception score of 4-6. These results have assured that the model
was capable of performing the task.

I. INTRODUCTION

Improving image quality through machine learning and
computer vision is a significant and developing field that aims
to enhance or restore images for better visual clarity, detail,
and realism. In various real-life scenarios such as low-light
photography, surveillance videos, satellite images, and
medical scans images can often be affected by problems like
noise, blurriness, or low resolution. These flaws can hinder the
effectiveness of images for both human viewers and
automated computer vision systems. To tackle these issues,
researchers have adopted advanced learning-based techniques
that can intelligently reconstruct and refine visual data.

At the heart of this approach is the concept of training a generative
model using large datasets that contain pairs of high-quality and
low-quality images. Through this training, the model learns to
recognize the fundamental structures, textures, and patterns found
in natural images. Once the model is trained, it can enhance new
low-quality images by restoring lost details, sharpening edges,
and improving color accuracy, essentially learning to "envision"
what the high-quality version should look like. Unlike traditional
methods that rely on fixed mathematical formulas, these models
learn directly from data, enabling them to manage complex and
subtle visual degradations more effectively.

Among the various machine learning techniques, Generative
Adversarial Networks (GANSs) have received particular attention
for their impressive ability to generate highly realistic and
visually convincing images. Introduced by Goodfellow and
colleagues in 2014, GANs consist of two neural networks, a
generator and a discriminator that engage in a competitive process
known as adversarial learning. The generator aims to create
enhanced images that appear as real as possible, while the
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discriminator tries to differentiate between real and generated
images. Over time, this adversarial interaction encourages the
generator to produce images that are visually indistinguishable
from actual ones.

GAN-based methods have transformed the image enhancement
landscape, especially in areas like image super-resolution,
denoising, and restoration. They not only focus on improving
numerical accuracy but also strive to enhance the perceptual
quality of how natural and realistic an image appears to the human
eye. This balance between fidelity and realism makes GANs
particularly suitable for applications where visual appeal and
detail reconstruction are essential.

In recent years, researchers have created several advanced
GAN architectures that further enhance image quality,
minimize artifacts, and adapt to various fields. From
improving everyday photographs to reconstructing ancient
artwork or enhancing medical images, GANs have
demonstrated remarkable versatility and impact. As
computational power and the availability of datasets continue
to increase, the application of GANs for image quality
improvement is expected to grow even more, paving the way
for new innovations in both academic research and industry
applications.

II. LITERATURE SURVEY

Over the years, researchers have dedicated significant efforts
to enhancing image resolution, a technique known as super-
resolution. Initially, methods relied on conventional image
processing and interpolation techniques like bilinear and
bicubic interpolation. Although these methods were
straightforward and quick, they often resulted in images that
were blurry or lacked detail, particularly when upscaling
images by large amounts.

With the advent of deep learning, convolutional neural
networks (CNNs) marked a significant advancement in super-
resolution tasks. One of the early deep learning approaches
was SRCNN (Super-Resolution Convolutional Neural
Network), introduced by Dong and colleagues. This model
demonstrated that CNNs could effectively learn complex
relationships between low-resolution and high-resolution
images, yielding better quality and detail compared to
traditional methods.

However, CNN-based techniques tended to produce overly
smooth images because they focused on pixel-level accuracy,
such as minimizing mean squared error, which did not always
reflect perceptual quality. This limitation led to the
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development of Generative Adversarial Networks (GANs)
for super-resolution. A key work in this field is SRGAN
(Super-Resolution Generative Adversarial Network) by
Ledig and others, which introduced an adversarial loss to
encourage the generation of more realistic and sharper
images. Instead of solely emphasizing pixel similarity,
SRGAN involved training a generator and a discriminator in
competition, with the generator creating high-resolution
images and the discriminator distinguishing between real and
generated images. This adversarial approach resulted in more
natural-looking outcomes.

Following SRGAN, various improved versions have
emerged. ESRGAN (Enhanced SRGAN) enhanced the
architecture by incorporating residual-in-residual dense
blocks and a more effective perceptual loss function,
achieving superior texture details and visual fidelity. Other
models, such as LapSRN (Laplacian Pyramid Super-
Resolution Network) and RCAN (Residual Channel
Attention Network), also contributed by enhancing feature
extraction and attention mechanisms, allowing models to
concentrate on significant areas of an image.

Recently, researchers have begun investigating lightweight
GAN architectures for quicker inference on mobile and edge
devices, as well as transformer-based GANSs that utilize self-
attention to better capture global image features. In
conclusion, the transition from traditional interpolation
methods to deep learning and ultimately to GAN-based
models has greatly enhanced the ability to create realistic,
high-resolution images. The combination of adversarial
training and perceptual loss functions has established GAN-
based approaches as a leading and ongoing research focus in
the field of image super-resolution.

III.PRELIMINARIES

Before delving into how Generative Adversarial Networks
(GANS5) can enhance image resolution, it’s essential to grasp
the basic concepts underlying this method. This section
outlines important ideas related to image resolution, deep
learning, and the framework of GANS.

1.Image Resolution and Super-Resolution

Image resolution indicates the detail level in an image,
typically quantified by pixel count. Higher-resolution images
offer more clarity and finer details, while lower-resolution
images may appear blurry or pixelated. The process of
transforming a low-resolution image into a high-resolution
one is known as image super-resolution (SR). Traditionally,
super-resolution was achieved through interpolation
techniques like nearest neighbor, bilinear, or bicubic
interpolation. However, these methods often yield overly
smooth or unrealistic results since they depend on fixed
mathematical formulas rather than learning from data.

2.Deep Learning for Image Enhancement

The advent of deep learning has significantly advanced image
enhancement. Deep neural networks, particularly
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convolutional neural networks (CNNs), excel at learning
intricate image features from extensive datasets. Unlike
traditional algorithms, CNNs can capture both low-level
details (such as edges and textures) and high-level patterns
(like shapes and colors). Early CNN-based models, like the
Super-Resolution Convolutional Neural Network (SRCNN),
showed that learning-based techniques could produce sharper
and more detailed images compared to classical methods.
However, CNN-only models often resulted in overly smooth
images, lacking the fine textures that contribute to realism.

3.Introduction to Generative Adversarial Networks (GANs)

To address these shortcomings, Generative Adversarial
Networks (GANs) were developed by Ian Goodfellow and his
team in 2014. A GAN consists of two primary components: a
Generator and a Discriminator. The Generator aims to create
high-resolution images from low-resolution inputs, striving
for realism. In contrast, the Discriminator learns to
differentiate between real high-resolution images and those
generated by the model. These two networks are trained
concurrently in a competitive framework known as
adversarial learning. The generator improves by attempting to
“deceive” the discriminator, while the discriminator enhances
its ability to identify fake images. This ongoing competition
enables the generator to produce highly realistic, detailed, and
sharp images over time.

4.Loss Functions in GAN-based Super-Resolution

In GAN-based image super-resolution, various loss functions
are employed to balance accuracy and realism. The Content
Loss ensures that the generated image closely resembles the
original in structure and detail. The Adversarial Loss
motivates the generator to create images that appear natural
and visually appealing. Some models also incorporate
Perceptual Loss, which evaluates similarity based on high-
level visual features extracted from pretrained networks like
VGG.

5. Applications and Importance

Enhancing image resolution with GANs has numerous
applications, including medical imaging, security and
surveillance, satellite imagery, video streaming, and digital
photography. By reconstructing lost information and
improving visual details, GAN-based models can make low-
quality images more valuable for analysis, decision-making,
and visualization.

IV. PROPOSED METHOD

Imagine being able to take a blurry, low-resolution image and
transform it into something sharp and full of vivid detail —
that’s exactly what our approach aims to do. We build on the
incredible capabilities of StyleGAN, which is known for
generating amazingly lifelike images, and tailor it to super-
resolution tasks. Instead of just guessing pixels, StyleGAN
lets us “search” through its learned creative space to find the
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best match for our low-res input, then reconstruct a stunning
high-res version.

What makes this work truly exciting is how we carefully
guide the model to stay realistic, preventing those weird
glitches you sometimes see with Al-generated images. We do
this by gently nudging the model’s internal “imagination” to
stick close to what it knows well, so the results feel natural
and faithful to the original. We also fine-tune the system in a
way that balances detail and authenticity perfectly.

L Input Image 2 Generated Image

“

Figures 1: Enhancing Image 1

(2 Evaluation Metrics Summary

Comprehensive evaluation metris for input and generated images

Metric Generated Image ~ InputImage Uit Description

PSNR Score 390 ('} Peak Signal-to-Noise Ratio - Higher values indicate better qualty
SSIM Score 0856 04 StructuralSimilaiy Index.- Measures structural similarty

FID Score 22 Distance  Fréchet Inception Distance - Lower values indicate better qualty
Inception Score 439 Score  Image Quality and Divrsity - Higher values indicate better quality

Figure 2: Evaluation Metrics 1

Input Image Generated Image

Figure 3: Enhanced Image 2
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Figure 4: Evaluation Metrics 2

Behind the scenes, we handle everything with clean,
reproducible training on datasets like CIFAR-10, using
popular tools like PyTorch.

100 100 0.660 0.401

A Testing Process

@ Discriminator Evaluation Results

Generated Image Realism Score

96.7%

Figure 2:Training and Testing results

V WORKING

Our model works like an artist carefully reconstructing a low-
resolution painting into a high-resolution masterpiece.
Mathematically, the low-resolution image y you start with is
seen as a downscaled and noisy version of the true high-
resolution image x:

y=Dx)+d&

where D is the downsampling operation and & is noise or
distortion.Instead of trying to guess x directly, we leverage

StyleGAN a trained generator Gg (W) that takes latent codes
w representing an abstract “style recipe” and producing
photorealistic images. Our challenge is to find the latent code

W that, when passed through GH, matches the observed low-
resolution image after downsampling:

w =arg min || y — D{(Gg(w)) ll;+1 - R(w)
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Here, the first term ensures fidelity to the observation, and

R(w) is a regularizer that guides w to stay within realistic,
plausible regions of StyleGAN’s latent space, controlled by
A

To keep the output natural and avoid unrealistic artifacts, we
use a learned prior that gently nudges w towards distributions
seen during training, balancing creativity with realism.

-

Beyond finding W

parameters o slightly, carefully updating only within
constrained limits, to sharpen fine details personalized to the
input image:

(%,0) = arg min ||y = D(Go(W)) ls + 4, R(W) + 1R (0)

, we also fine-tune the generator

This dual optimization — searching the best style and

refining the painter’s brush — produces a super-resolved
image that feels both authentic and crisply detailed.
In essence, the method uses the artistic power of StyleGAN
as a prior and iteratively adjusts its internal parameters to
breathe new life into blurry images, turning them into sharp,
believable versions that reflect the true underlying scene.

VIRESULTS

We put our StyleGAN-based super-resolution model through
its paces on several popular datasets like CIFAR-10 and
CelebA-HQ to see how well it can bring blurry images back
to life. The numbers speak volumes: with an SSIM of around
0.9, the enhanced images maintain impressive structural
similarity to the originals, preserving intricate details and
textures. PSNR values ranging from 25 to 37 dB further
confirm that noise is significantly reduced, and image clarity
greatly improved compared to simple upscaling methods.

To check if the images not only look clear but also realistic,
we measured the Fréchet Inception Distance (FID) and
Inception Score (IS). Our model achieved FID scores as low
as 15, meaning the generated images are visually close to true
high-resolution images. The IS values around 4-6 suggest
good diversity and quality. What’s really exciting is seeing
these results hold up even for tough cases, like when we zoom
in 8 or 16 times the model manages to recover remarkable
detail without introducing unnatural artifacts.

We also ran experiments to test the importance of our
techniques like latent space regularization and fine-tuning,
and the results clearly showed these steps help our model
strike the perfect balance between looking realistic and
sticking close to the input image content. Even when noise or
distortions were added, the model stayed robust and
continued producing convincing super-resolutions.

All in all, these results show our approach isn’t just about
making pictures sharper—it’s about bringing them to life in
a natural, faithful way that opens doors for practical uses like
medical imaging, restoration of old photos, and more.
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This version blends quantitative results with vivid
descriptions and enthusiasm, making the technical findings
inviting and easy to appreciate.In this image out of 300 test
images, 198 real images were correctly classified as real,
while 2 real images were misclassified as fake. All 100 fake
images were labeled as real, resulting in 66.0% accuracy,
66.44% precision, 99.0% recall, and 79.52% F1-score. The
results indicate the Discriminator achieves high recall,
meaning it successfully identifies almost all genuine images,
but tends to falsely classify many generated images as real,
which lowers overall precision and accuracy.

Combined Confusion Matrix - All Test Images (Discriminator)

175

100 150

Fake
o

125

- 100

True Label
Count

Real

Fai(e Real
Predicted Label

Model Performance Metrics (Combined Real + Fake):

Accuracy = (TP + TN) / Total = (198 + 0) / 300 = 0.6600 (66.00%)
Precision = TP / (TP + FP) = 198 / (198 + 160) = 0.6644 (66.44%)
Recall = TP / (TP + FN) = 198 / (198 + 2) = 0.9900 (99.60%)
F1-Score = 2 x (Precision x Recall) / (Precision + Recall) = 6.7952 (79.52%)

TP (True Positive) = 198 | TN (True Negative) = 6 | FP (False Positive) = 100 | FN (False Ne

Confusion Matrix

VII.CONCLUSION AND FUTURE WORK

We’ve shown that using StyleGAN for image super-
resolution produces impressively clear and realistic images,
even from low-quality inputs. The model performs well
across several established metrics like SSIM and FID,
confirming its ability to capture fine details that really bring
images to life. This approach holds real promise for practical
uses, from improving medical image diagnostics to enhancing
satellite photos.

Looking ahead, there are plenty of exciting ways to build on
this work. For instance, exploring multi-scale features might
help the model recover even more subtle textures. We're also
keen to try training methods that don’t rely so heavily on
large, labeled datasets, which would make the system more
flexible. Plus, adapting the model to tackle real-world photo
imperfections and optimizing it for faster, on-device use
could open the door to a host of new applications. Overall,
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this is just the beginning of what deep learning can do for
image quality enhancement.
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