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Abstract

Photographic images are often degraded
by various factors such as noise, low
resolution, and lighting inconsistencies.
These degradations limit the usability of
images in professional, medical, and
surveillance applications. This paper
presents a deep learning approach to
enhance the quality of photographic
images, focusing on using Laplacian
Pyramid  Super-Resolution  Network
(LapSRN) for resolution enhancement.
Our model incorporates existing deep
learning  techniques to  improve
resolution, reduce noise, and balance
illumination, demonstrating significant
improvements in image clarity and detail

retention.
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INTRODUCTION

Photographic image quality is critical in
multiple domains, from photography to
healthcare and security systems. Despite
advancements in imaging technologies,
the quality of images can degrade due to
factors such as low light, noise, and
camera limitations. These challenges
lead to a growing need for methods that

can restore and enhance image quality.

Deep learning  techniques  have
revolutionized the field of image
processing, enabling substantial
improvements in image resolution,

denoising, and color correction. Among
these methods, the Laplacian Pyramid
Super-Resolution Network (LapSRN)
has emerged as a powerful tool for
image enhancement. By learning the
and high-

LapSRN

effectively enhances image clarity while

mapping between low-

resolution  image  pairs,
maintaining details.

LapSRN,
combined with other deep learning-
based

enhance photographic image quality. We

This paper explores how

techniques, can significantly

discuss our model, which uses a

combination of super-resolution,
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denoising, and illumination correction to

improve image fidelity.

RELATED WORK

Several approaches to image quality

enhancement have been proposed,
primarily focusing on super-resolution
and noise reduction. Conventional
methods such as interpolation often
result in blurry or artifact-prone images.
On the other hand, deep learning models
such as CNNs, GANs, and SRNs have

demonstrated better performance.

Super-Resolution: like
SRCNN and VDSR have shown promise

in reconstructing high-resolution images

Techniques

from low-resolution inputs. However,

these models often struggle with

retaining finer details.

Denoising: Models like DnCNN have
been effective in removing noise from
images, but they may result in a loss of

sharpness.

IHlumination Correction: Methods
based on Retinex theory focus on
adjusting illumination while preserving
the reflectance of images, enhancing

image quality in low-light environments.

Our model builds upon these existing
methods and incorporates LapSRN to

provide higher-resolution outputs with
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minimal artifacts, particularly focusing

on retaining detail and texture in

photographic images.

Il. METHODOLOGY

Our model is built on the LapSRN
framework, which progressively
reconstructs high-resolution images by
learning from residuals in a multi-level
pyramid structure. This approach
enhances image resolution without
introducing the blurriness or
oversmoothing that commonly affects

other models.
Laplacian Pyramid Super-Resolution

(LapSRN):

LapSRN  works
images into multiple scales or levels.
Each

by decomposing
level corresponds to a

progressively  lower  resolution,
allowing the network to focus on
learning both coarse and fine details.
The network computes the residuals
(differences) at  each level,
progressively reconstructing a high-
resolution image by upsampling these
residuals. This multi-level learning
ensures that both global structures and
finer details are enhanced, preventing

blurriness or oversmoothing.
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Multi-Level Decomposition: The input
image is first decomposed into multiple
scales, each representing a lower-
resolution version of the original image.
At each level, LapSRN predicts the
residuals—the differences between the
current and the next higher-resolution

image.

Upsampling: Using transposed
convolutional layers, the residuals are
upsampled and combined at each level to

reconstruct the high-resolution image.

Progressive Learning: By training the
model to learn residuals at each level,
LapSRN

ensures that both large

structures and subtle details are enhanced.

Noise Reduction

A denoising module, based on the
DnCNN architecture, is integrated into
the model to handle noise reduction. The
module effectively removes noise while
preserving important details like edges
and textures, which are often lost in
traditional denoising techniques. This
step is essential for enhancing image
quality, as noise is a common factor that

deteriorates resolution.

Residual Learning: The network is
trained to output the noise present in the
image, which is then subtracted from the

original input, resulting in a denoised

image.
Batch Normalization: DnCNN
incorporates batch normalization to

speed up training and stabilize the
gradient flow across the network.

Multi-Layer Depth: By employing a
deeper network, DNCNN achieves better
generalization, improving its ability to
handle complex noise patterns found in

real-world photographic images.

IHlumination Correction

To handle images captured in poor

lighting  conditions, the  model
incorporates an illumination correction
technique grounded in the Retinex theory.
Retinex-based methods adjust lighting
inconsistencies while preserving natural
color representation. This feature
enhances the visibility of details in
underexposed or overexposed areas,

improving overall image fidelity.

Decomposition: The image is

decomposed into two components—

reflectance (the true color of objects) and
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illumination (the varying light conditions
across the image).

The model

adjusts the illumination component to

[llumination Adjustment:

correct underexposed or overexposed
areas, enhancing contrast and detail
visibility.

Color Preservation: The reflectance
component ensures that the natural
colors of the image are preserved,

avoiding color distortions.

EDSR Model:

Enhanced Deep
Network (EDSR) is a state-of-the-art

deep learning model designed for Single

Super-Resolution

Image Super-Resolution (SISR). It was
introduced to tackle the problem of
generating high-resolution images from
low-resolution inputs while preserving
fine details and minimizing artifacts.
EDSR builds on the success of residual
networks (ResNets) by enhancing the
architecture to focus on super-resolution

tasks specifically.

EDSR Architecture
Input Layer:

The model

image as input. The size of this input can

accepts a low-resolution

vary depending on the problem being
solved, but typically it’s much smaller

than the desired output.
Convolutional Layers:

Multiple convolutional layers process
the input image. Each convolutional
layer helps extract hierarchical
features, starting from basic patterns
like edges and textures to more
complex features. ReLU activation
functions are applied after each
convolutional layer to introduce non-
linearity, which helps the model

capture complex patterns.
Upscaling Module:

The upscaling part of the model uses
a pixel shuffle layer to rearrange
feature maps into high-resolution
outputs. This is a more efficient
alternative to deconvolution or

bilinear upsampling.
Output Layer:

The output is a high-resolution image
that aims to retain as much detail as

possible from the low-resolution input.
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Training

The model was trained using a large and
diverse data set of photographic images.
These images contained variations in
resolution, noise levels, and illumination
conditions to simulate real-world
scenarios. The training process utilized
an image fidelity loss function, ensuring
that the enhanced

images closely

matched the high-resolution ground

truth images.

Data Augmentation :

To further improve the robustness of the
model, we applied several augmentation
random noise

techniques, including

injection,  blurring, and lighting
alterations. These augmentations help
the model generalize better to images
from different

suffering types of

degradation.

Optimization:

We employed the Adam optimizer for
efficient gradient updates, and the
network was trained with a batch size of
16 for 100 epochs, ensuring that the
learn

model had ample time to

meaningful features from the dataset.

Regularization:

A dropout layer with a rate of 0.3 was
added to prevent over fitting, ensuring
that the model could perform well on

both the training set and unseen images.

Advanced Training Techniques:

Loss Functions: Employ a multi-loss
approach during training to optimize
both perceptual and pixel-level accuracy

Image Fidelity Loss:
Ensures the enhanced image closely
matches the high-resolution ground truth.

Perceptual Loss:

Based on features extracted from a pre-
trained VGG network, this loss helps the
model capture high-level features and

improve perceptual quality.

Perceptual Quality Enhancement:

In addition to traditional pixel-wise
losses (e.g., MSE or L2 loss), we
integrate perceptual loss to focus on
human-perceived quality, ensuring that
the enhanced

images are visually

pleasing, even at fine detail levels.

Adversarial Training:
Generative
(GAN), we

experiment with adversarial training to

By incorporating a

Adversarial Network
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refine image

quality  further. The

generator (LapSRN) and discriminator

compete, encouraging the model to
generate more realistic, high-quality
images.

Optimization:

The training uses the Adam optimizer

with  parameters tuned for faster
convergence. A learning rate scheduler
is implemented to dynamically adjust
learning rates during training, preventing

overfitting and improving generalization.

1. FLow oF THE MODEL

Color Color
Enhancement Test Spaces Test

Image Best Fix
input Method
Image Denoising
Test
Explain and Load Feature into Extract Feature of
Discussion XRAI Analysis CNN Model

Description:
Image Input:

The starting point where the input image
is received. Images may vary in terms of
resolution, noise level, and color balance,

and need enhancement or denoising.

Color Enhancement Test:

Improve the visual appeal and clarity of

color correction are applied to boost
color vibrancy and detail.

Image Denoising Test:
Remove noise from the image while
preserving important features like edges
and textures. Techniques like Gaussian
filtering, deep learning-based denoising
(e.qg., DnCNN), or

transformations are used

wavelet

Color Spaces Test:
Analyze the image in different color
RGB, YUV, Lab) to

identify the optimal representation for

spaces (e.g.,

processing. Various color models are
tested to determine which one enhances
image quality most effectively during

subsequent steps.

Best Fix Method:

Select the optimal enhancement and
denoising methods based on the tests. A
comparative evaluation is done to
determine the combination of techniques

that yield the best results.

Extract Feature of CNN Model:
Extract important features of the image

using a Convolutional Neural Network

the image by enhancing colors. )
(CNN). CNNs automatically learn to
Techniques  such as  histogram .
detect key visual features (edges,
equalization, contrast adjustment, or
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textures, patterns) crucial for

enhancement and analysis tasks.

Load Feature into XRAI Analysis:
Use XRAI (eXplainable Al) to perform
an interpretability analysis on the
image's features. XRAI highlights the
most important regions of the image that
contribute to its overall quality or

enhancement

Input:

Evaluation
® Peak Signal-to-Noise Ratio (PSNR)
® Structural Similarity Index (SSIM)

® Visual Quality Assessment

Peak Signal-to-Noise Ratio (PSNR):

PSNR is calculated using the Mean
Squared Error (MSE) between the pixel
values of the original image and the
reconstructed image. The PSNR value is
expressed in decibels (dB).A PSNR of
30 dB or higher is generally considered
acceptable for image quality. A PSNR of

40 dB or higher is considered to be high-
quality reconstruction.

Structural Similarity Index (SSIM):

SSIM evaluates the similarity between
two images by analyzing local patterns
of pixel intensities that are normalized
for luminance and contrast. SSIM > 0.9
indicates very good structural similarity.
SSIM < 0.8 may indicate significant loss
of important structural details in the

image

Metric | Focus Scale
Area

Interpretation

PSNR Pixel-wise Measured | Higher = better
accuracy in pixel

decibels | reconstruction
(@8)
SSIM Structural [0,1] Higher = better
similarity  and structure
retention

IV. RESULT AND DISCUSSION

Several important measures, such as the
quantization rate of the loss function, the
network

enhancement rate of the

structure  both before and after

optimization, and the average error
feedback rate, were used in this study to
assess the effectiveness of our picture
enhancement model. The experimental
results show that our proposed model
delivers notable improvements in image
quality across different test datasets by

integrating Laplacian Pyramid Super-
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(LapSRN)  with
reduction and lighting correction.

Resolution noise

The quality of the image enhancement is
mostly determined by the loss function.
According to our study, the loss function
maintained a solid basis for the overall
improvement by staying at a manageable
level during the quantization process.
Nevertheless, it was found that the
enhancing impact diminished as the loss
function got closer to its extreme limit.
In order to combat this, we used
standardization strategies that ensured
constant performance by maintaining the

loss function within a defined range.

Overall, our proposed approach
successfully addresses common
challenges in image enhancement,

including  noise,  blurriness, and

illumination inconsistencies. The
combination of LapSRN with denoising
and illumination correction modules
proved effective in producing high-
quality enhanced images, which was
validated by both objective metrics like
PSNR and SSIM and subjective visual

quality assessments.
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