’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 13 Issue: 06 | Jun 2026

www.irjet.net

p-ISSN: 2395-0072

Night Vision Enhance: A Residual Attention Approach for Clear Low-
Light Image Recovery

Arji Chinna Simhadri Kumar?, K. Lakshmi?

1Final year MCA Student, Department of Computer Applications, GIET Engineering College, Andhra Pradesh, India
2Assistant Professor, Department of Computer Applications, GIET Engineering College, Andhra Pradesh, India

Abstract - The model takes a low-light image as input
and first performs preprocessing such as resizing and
normalization. It then uses multiple convolutional neural
network (CNN) layers to extract important image features,
including brightness, texture, and color information. The
enhancement module learns the illumination characteristics
of the image and generates adaptive enhancement curves to
improve brightness, contrast, and color balance while
preserving natural details. Additionally, the model reduces
noise that may become visible during the enhancement
process. Finally, the reconstruction layer combines the
enhanced features and produces a high-quality image with
improved visibility and visual quality. This approach is
effective because it does not require paired low-light and
normal-light images for training, making it efficient and
practical for real-world applications.
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1. INTRODUCTION

In today's digital world, images are used extensively in
areas such as photography, healthcare, surveillance,
remote sensing, and social media. However, during image
acquisition, transmission, or storage, unwanted
disturbances known as noise often get introduced into
images. This noise can reduce image quality, hide
important details, and negatively affect the performance of
image processing and computer vision applications.
Therefore, removing noise while preserving essential
image features has become a significant challenge.

Night Vision Enhance: A Residual Attention Approach for
Clear Low-Light Image Recovery is an advanced approach
that aims to improve image quality by automatically
learning patterns from large datasets of noisy and clean
images. Unlike traditional filtering techniques, which may
blur fine details along with noise, machine learning
models can intelligently distinguish between actual image
content and unwanted noise. By analyzing complex
relationships within image data, these models are capable
of producing cleaner and more visually appealing results
while maintaining important textures and edges.

The primary objective of this project is to develop an
efficient machine learning-based system for image
denoising. The proposed system takes a noisy image as
input, processes it using trained algorithms, and generates
a noise-free image with enhanced clarity. This approach
not only improves visual quality but also supports better
performance in applications that rely on accurate image
information. As machine learning continues to evolve,
image denoising has become a promising solution for
achieving high-quality image restoration in real-world
environments.

2. METHODOLOGY

The methodology adopted for this project focuses on
reducing noise from digital images using machine learning
techniques. The process begins with the collection of
image data containing both noisy and clear images. These
images are gathered from publicly available datasets and
are carefully selected to represent different noise
conditions and image characteristics. Before training the
model, the images are pre-processed through resizing,
normalization, and format standardization to ensure
consistency across the dataset.

Once the data preparation stage is completed, feature
learning is performed using a machine learning model
designed for image denoising. The model is trained to
identify the difference between noise patterns and actual
image content by analysing numerous image samples.
During training, the algorithm continuously adjusts its
internal parameters to minimize the difference between
the predicted output and the expected clean image. This
learning process enables the model to understand how
noise affects image quality and how it can be effectively
removed.

After training, the developed model is tested using
previously unseen noisy images. The model processes
each input image and generates an enhanced version with
reduced noise while preserving important details such as
edges, textures, and structural information. The
performance of the system is then evaluated using image
quality metrics and visual inspection to determine its
effectiveness. Finally, the results are compared with the
original noisy images to assess the level of improvement

achieved through the proposed machine learning
approach.
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The overall methodology ensures that the system not only
removes unwanted noise but also maintains the natural
appearance of the image, making it suitable for practical
applications where image quality is essential.

2.1 Data Collection and Preprocessing

The success of any machine learning model largely
depends on the quality of the data used during training.
For this project, a collection of digital images was gathered
from publicly available image datasets and online image
repositories. The dataset included images containing
different objects, scenes, lighting conditions, and textures
to ensure that the model could learn from a wide variety of
visual information. Both clean and noisy images were
utilized so that the model could wunderstand the
differences between original image content and unwanted
noise.

Since images obtained from different sources often vary in
size, format, and quality, a preprocessing stage was carried
out before training the model. Initially, all images were
converted into a common format and resized to a fixed
resolution to maintain consistency throughout the dataset.
This helped reduce computational complexity and ensured
that the model received uniform input during training.

To improve the learning process, image pixel values were
normalized to a specific range. This step allowed the
model to process image information more efficiently and
contributed to faster convergence during training. In
addition, various types of artificial noise, such as Gaussian
noise and salt-and-pepper noise, were introduced to some
clean images. This enabled the model to learn how
different noise patterns affect image quality and how they
can be removed effectively.

The dataset was then divided into training, validation, and
testing sets. The training set was used to teach the model;
the validation set helped monitor performance during
training, and the testing set was used to evaluate the final
results. Through careful data collection and preprocessing,
a reliable dataset was prepared, providing a strong
foundation for building an effective image noise reduction
system.

2.2 The Core Classification Model (Convolutional
Neural Network (CNN)

The central component of this project is a Convolutional
Neural Network (CNN)-based denoising model designed to
identify and remove unwanted noise from digital images.
Instead of treating every pixel independently, the model
learns to recognize meaningful visual patterns such as
edges, textures, and object structures while distinguishing
them from random distortions caused by noise. This

capability allows the system to preserve important image
details while improving overall image quality.

During the training process, the model is exposed to both
noisy and clean versions of images. By comparing the two,
it gradually learns how noise affects different regions of an
image and develops the ability to reconstruct a cleaner
version from a degraded input. Multiple convolutional
layers are used to extract features at different levels,
enabling the network to capture both fine details and
broader image characteristics.

Unlike traditional image filtering techniques that apply the
same operation across the entire image, the machine
learning model adapts its behaviour based on the content
present in each image. As a result, it can effectively reduce
noise while minimizing the loss of sharpness and
important visual information. The trained model serves as
the core engine of the system, transforming noisy images
into clearer and more visually accurate outputs, making it
suitable for applications where image quality plays a
critical role.

2.3 The Styling Recommendation Engine

The Styling Recommendation Engine is a supportive
module that works after the image denoising stage. Once
unwanted noise is removed from an image, this
component analyses the visual characteristics of the
processed image, such as brightness, contrast, sharpness,
and colour balance. Based on these observations, it
recommends appropriate enhancement settings that can
further improve the overall appearance of the image.
Rather than applying the same adjustments to every
image, the engine considers the unique features of each
image and suggests modifications that best suit its content.
For example, an image captured in low lighting conditions
may require a slight increase in brightness, while an image
with faded colours may benefit from colour enhancement.
By providing personalized recommendations, the Styling
Recommendation Engine helps produce images that are
not only cleaner but also more visually appealing and
natural-looking. This module adds an extra layer of
refinement to the system and contributes to a better user
experience.

2.4 System Integration and Deployment

After developing and testing the image noise reduction
model, the next step was to integrate all project
components into a single functional system. The trained
machine learning model was connected with the user
interface and image processing modules so that the entire
workflow could operate smoothly. This integration
ensures that users can upload an image, process it through
the model, and receive a denoised output without
interacting with the underlying technical processes.
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Special attention was given to maintaining compatibility
between different modules of the system. The image input
module, preprocessing functions, machine learning model,
and output generation component were carefully linked
and tested to verify that data flowed correctly from one
stage to another. Any inconsistencies in image formats or
processing outputs were resolved during this phase to
improve overall system reliability.

Once the integration process was completed, the
application was prepared for deployment. The final
system was configured to run on a local machine where
users could access the denoising functionality through a
simple and user-friendly interface. Necessary software
dependencies and libraries were installed to ensure stable
execution of the application. The deployment setup was
designed in a way that allows future improvements, such
as integrating the system into web-based platforms,
mobile applications, or cloud environments.

©) LOWLIGHTA!

Fig. 1: Result of the Night Vision Enhance
4. DISCUSSION

During the development of the Night Vision Enhance: A
Residual Attention Approach for Clear Low-Light Image
Recovery project, several practical observations were
made regarding the behaviour of noisy images and the
performance of the trained model. Images collected from
different sources contained varying levels of distortion,
which affected their visual quality and made certain
details difficult to identify. The machine learning model
was trained to recognize these unwanted patterns and
reduce them without significantly affecting the original
content of the image.

While evaluating the results, it was found that the model
was able to improve image quality in most cases by
removing a considerable amount of noise and making the
images clearer for viewing. Unlike basic filtering methods,
the model attempted to preserve important structures
such as boundaries and textures, which are often lost
during aggressive noise removal. This helped in producing
outputs that appeared more realistic and useful for further
analysis.

Another important finding was that the performance of
the system was influenced by the characteristics of the
input image. Images with moderate noise levels showed
better enhancement compared to images that were
heavily corrupted. In a few instances, very fine details
became slightly less sharp after processing, which
indicates that there is always a balance between noise
reduction and detail preservation. However, the overall
improvement in image quality was satisfactory and met
the objectives defined at the beginning of the project.

The project also provided valuable experience in data
preparation, model training, and performance evaluation.
It demonstrated how machine learning can be applied to
solve image processing problems that are difficult to
handle using fixed-rule techniques. Based on the obtained
results, the developed model can be considered a reliable
approach for reducing image noise and improving image
readability. Future improvements may include training
with larger datasets and experimenting with advanced
deep learning architectures to achieve even better results
in challenging conditions.

This project not only achieved its intended goal but also
showed that learning-based methods can adapt more
effectively to different types of image noise, making them a
practical choice for real-world applications.

5. CONCLUSIONS

The "Night Vision Enhance: A Residual Attention Approach
for Clear Low-Light Image Recovery" project
demonstrates how intelligent algorithms can improve
image quality by identifying and removing unwanted noise
while preserving important visual details. Throughout the
development of this system, different image processing
and learning techniques were utilized to distinguish
meaningful information from distortions caused by
environmental conditions, sensor limitations, or
transmission errors. The results obtained show that
machine learning can effectively enhance image clarity
without significantly affecting the original structure and
content of the image.

One of the notable outcomes of this work is the model's
ability to adapt to varying noise patterns rather than
relying solely on fixed filtering rules. This makes the
system more flexible and suitable for real-world scenarios
where image imperfections differ from one case to
another. The enhanced images produced by the model
exhibit improved visual quality, making them more useful
for further analysis, interpretation, and decision-making.

Overall, this project highlights the practical value of
machine learning in modern image processing
applications. Beyond achieving noise reduction, it provides
insight into how data-driven approaches can overcome
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challenges that traditional methods often struggle to
handle. The knowledge gained during this work can serve
as a foundation for future improvements, including real-
time image enhancement and integration with advanced
computer vision systems.
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