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Abstract- Low-light conditions often result in images with 
poor contrast, high noise, and reduced visibility, posing 
challenges for applications such as surveillance, photography, 
autonomous driving, and medical imaging. This study 
proposes a lightweight and optimized deep neural network for 
low-light image restoration, leveraging an attention-enhanced 
U-Net architecture with Residual Blocks and a Convolutional 
Block Attention Module (CBAM) to capture channel-wise and 
spatial dependencies. Residual learning preserves brightness 
and structural integrity, while attention mechanisms 
emphasize critical regions for effective feature extraction. A 
hybrid loss function combining L1 loss, perceptual loss, and 
SSIM loss ensures pixel accuracy, content fidelity, and 
structural consistency. Experimental results demonstrate 
significant improvements in PSNR and SSIM. A web-based 
interface enables real-time processing and tracking, 
highlighting the method’s practicality for real-world low-light 
imaging. 
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1. INTRODUCTION  
 
Low-light imaging remains a persistent challenge in 
computer vision and digital photography. When illumination 
is insufficient, images typically suffer from low contrast, 
elevated noise levels, and significant distortion of structural 
and colour details. These degradations directly undermine 
the performance of downstream tasks such as object 
detection, surveillance analysis, autonomous navigation, and 
medical interpretation, all of which depend on clear and 
reliable visual information. Conventional enhancement 
methods, including histogram equalization, gamma 
correction, and basic demonising filters, can offer partial 
improvements. However, they struggle with complex 
illumination patterns and often fail to preserve fine details, 
leading to over smoothing, artefacts, or unnatural visual 
appearance. Deep learning has reshaped image restoration 
by enabling models to learn robust, data-driven mappings 
from degraded inputs to high-quality outputs. Convolutional 
architectures in particular have demonstrated strong results 
in tasks like demonising, super resolution, and low-light 

enhancement due to their ability to model rich hierarchical 
features. Despite this progress, many existing models remain 
computationally demanding, making them impractical for 
real-time use or deployment on hardware-limited devices 
such as mobile and edge systems. To address these 
limitations, this work presents a lightweight and optimized 
deep neural network specifically designed for efficient low-
light image enhancement. The model extends the U-Net 
architecture with Residual Blocks to improve gradient 
propagation and incorporates a Convolutional Block 
Attention Module to emphasize both channel-level and 
spatially important features. Using residual learning, the 
network refines local details while maintaining global 
brightness and structural coherence. A composite loss 
function combining L1, perceptual, and SSIM losses ensures 
balanced improvements in pixel-level accuracy, perceptual 
realism, and structural fidelity. Trained on paired low- and 
normal-light images, the proposed approach achieves 
notable gains in PSNR and SSIM. A web-based interface 
further enables real-time processing and visualization, 
demonstrating the practicality of the method for real-world 
low-light imaging scenarios. 

 2. RELATED WORKS 

Article [1] "A survey on image enhancement for Low-light 
images" by J. Guo et al. in 2023: This paper comprehensively 
reviews traditional algorithms combined with machine 
learning techniques for low-light image enhancement. It 
discusses the strengths and limitations of various 
approaches in improving visibility and noise reduction, 
emphasizing the integration of classical and data-driven 
methods. The survey highlights the challenges and recent 
advancements in handling real-world low-light scenarios 
using deep learning. 
 
Article [2] "Low-light image enhancement by deep learning 
network for improved illumination map" by M. Wang, J. Li, 
and C. Zhang in 2023: This work proposes a deep learning 
network that enhances illumination maps to improve low-
light images. By employing depth wise separable 
convolutions inspired by Mobile Net, the model balances 
enhanced feature extraction and computational efficiency. 
The network effectively brightens dark areas while 
preserving texture details, suitable for real-time 
applications. 
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Article [3] "Low-Light Image Enhancement Network Based 
on Recursive Network" by F. Liu et al. in 2022: This paper 
introduces a recursive deep network integrating CBAM 
(Convolutional Block Attention Module) and multi-scale 
inception U-Net for low-light image enhancement. By 
iteratively refining the image and focusing attention on 
critical spatial and channel features, the method recovers 
details and improves brightness more effectively than prior 
models. Experimental evaluations demonstrate substantial 
improvement in perceptual quality and reduced noise. 
 
Article [4] "Bright sight Net: A lightweight progressive low-
light image enhancement network" by Z. Chen et al. in 2023: 
The authors present Bright sight Net, which uses a 
lightweight CNN and a light-curve function to progressively 
enhance brightness and contrast in low-light images. The 
model achieves a favourable balance between enhancement 
quality and computational cost. Results show improvements 
in natural lighting appearance and noise suppression with 
notable efficiency gains. 
 
Article [5] "A Lightweight Low-Light Image Enhancement 
Network via Channel Prior and Gamma Correction" by S.E. 
Weng, S.G. Miaou, and R. Christanto in 2018: This study 
introduces CPGA-Net, a compact deep network using channel 
priors and gamma correction tailored for low-light 
enhancement. The model adopts inspiration from Retinex 
theory and atmospheric scattering models to recover 
illumination effectively. It achieves excellent performance 
with very few parameters and fast inference times, making it 
practical for real-world use. 
 
Article [6] "Low-light image enhancement: A comprehensive 
review" by Z. Jingchun et al. in 2024: This review paper 
analyses various low-light image enhancement methods 
from traditional histogram equalization to state-of-the-art 
deep learning techniques. It compares the pros and cons of 
spatial-domain and frequency-domain approaches, discusses 
evaluation metrics like PSNR and SSIM, and explores 
challenges such as noise amplification and colour distortion 
in enhanced images. The paper offers a thorough outlook on 
the evolving field. 
 
Article [7] Application of Deep Learning in Automated Fruit 
Recognition and Quality Assessment by Olivia Brown and 
Ethan Miller in 2023: This study article covers use of DL 
approaches targeted automated fruit identification & quality 
evaluation. It explores the amalgamation of CNNs & transfer 
learning targeted increased accuracy and scalability in 
agricultural situations. The research examines presentation 
of DL models in identifying fruits based on visual features 
such as color, shape, and texture.  
 
Article[8] "Swin Light GAN: a study of low-light image 
enhancement using GAN and transformer architectures" by 
M. He et al. in 2025: This paper explores generative 

adversarial networks (GANs) combined with transformer 
modules for enhancing low-light images. The approach 
models distribution mapping and Retinex-based 
enhancement, achieving natural-looking results by 
effectively recovering brightness and colour fidelity. 
Experiments highlight improvements in low-light video and 
image enhancement tasks. 
 

3. PROBLEM STATEMENT 
 
Low-light environments often result in images with poor 
visibility, low contrast, and high noise, significantly reducing 
visual quality and hindering accurate interpretation in 
applications such as surveillance, autonomous navigation, 
and medical imaging. Conventional enhancement techniques, 
including histogram equalization and gamma correction, are 
limited in their ability to restore fine details, preserve 
natural colours, or adapt to diverse illumination conditions. 
Although deep learning-based methods have shown 
promising results, many are computationally demanding, 
restricting real-time use. This project aims to develop an 
efficient, adaptive, and robust solution for low-light image 
enhancement that maintains both structural integrity and 
perceptual fidelity while supporting practical deployment. 
 

4. OBJECTIVES 
 
The primary objective of this study is to develop an efficient 
and robust framework for low-light image enhancement that 
enhances visual quality while preserving structural fidelity. 
The project focuses on implementing a lightweight Enhanced 
U-Net architecture integrated with Residual Blocks and a 
Convolutional Block Attention Module (CBAM) to capture 
both spatial and channel-wise dependencies. Using a paired 
low-light and high-quality image dataset from Kaggle, the 
model will be trained and evaluated to learn accurate 
mappings under varied illumination conditions. 
Furthermore, the study aims to deploy the model within a 
Flask-based web application for interactive image upload, 
real-time enhancement, history tracking, and quantitative 
performance evaluation using metrics such as PSNR and 
SSIM to validate improvements over existing methods. 

5. METHODOLOGY USED 

1) Data Collection: The dataset for this project was sourced 
from Kaggle and consists of paired low-light and high-quality 
images covering a variety of illumination conditions and 
scenes. These paired images allow the model to learn 
mappings from degraded low-light images to well-lit 
reference images. The dataset was divided into training and 
testing subsets to ensure unbiased evaluation. Images were 
selected to represent real-world scenarios, including indoor, 
outdoor, and night time conditions, enhancing the model’s 
generalization capabilities. 
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2) Data Pre-processing: Each image was resized to a fixed 
resolution of 256×256 pixels to maintain consistency and 
reduce computational load. Pixel values were normalized 
and converted into tensors suitable for input to deep neural 
networks. Data augmentation techniques, including 
horizontal flipping and rotation, were applied to increase 
dataset diversity and prevent over fitting. The pre-
processing pipeline ensures that both low-light and high-
quality images are properly aligned and ready for supervised 
learning. 

3) Feature Extraction: Feature extraction is performed by 
the encoder of the Enhanced U-Net, where convolutional 
layers capture hierarchical representations of image content. 
Residual blocks help retain fine details while propagating 
features efficiently through deeper layers. The Convolutional 
Block Attention Module (CBAM) emphasizes important 
spatial and channel-wise features. This combination enables 
the model to capture textures, edges, and structural patterns 
crucial for restoring low-light images. 

4) Model Selection: The project employs a lightweight 
Enhanced U-Net architecture chosen for its efficiency and 
effectiveness in image-to-image translation tasks. Residual 
blocks improve gradient flow, while CBAM modules enhance 
feature focus. The architecture balances restoration quality 
with computational efficiency, making it suitable for real-
time or near real-time applications. Skip connections in U-
Net ensure spatial information from low-light inputs is 
preserved in the output. 

5) Model Training: The model is trained using a 
combination of L1 loss, perceptual loss with VGG19 features, 
and SSIM loss to ensure both pixel-level accuracy and 
perceptual quality. The Adam optimizer with a learning rate 
of 1e-4 is used for stable convergence. Training is performed 
on a GPU with batch sizes of 4–8 images, while monitoring 
PSNR and SSIM on the validation set to prevent over fitting 
and ensure consistent improvement. 

6)Model Evaluation: Evaluation is performed using 
quantitative metrics including PSNR and SSIM to assess 
brightness restoration, contrast enhancement, and structural 
similarity. Visual comparisons between original low-light 
and enhanced images are conducted to evaluate perceptual 
quality. The model is tested under diverse lighting 
conditions to verify robustness, and processing time per 
image is recorded to assess efficiency for real-time 
deployment. 

7) Integration with Flask: The trained model is integrated 
into a Flask web application providing an interactive 
interface for end-users. Users can upload low-light images, 
which are processed and returned as enhanced outputs. 
Original and enhanced images, along with processing times, 
are stored in a MySQL database for history tracking. This 
deployment ensures practical usability, allowing real-time 

image enhancement via web browsers without requiring 
specialized hardware or software knowledge. 

6. SYSTEM DESIGN 

 

Figure 1: System architecture of Low light 
Enhancement 

The system architecture for the low light image 
enhancement framework is designed as an end to end 
pipeline that manages image intake, preprocessing, model 
inference, output generation, storage, and user interaction 
through a web based interface. The process begins with 
users uploading low light images through the Flask 
application, where the system first verifies the file format 
and handles any invalid or corrupted inputs. Once an image 
is accepted, it is forwarded to the preprocessing unit, which 
performs resizing, normalization, and tensor conversion to 
produce consistent input dimensions suitable for the deep 
learning model. The architecture uses an Enhanced U Net as 
the core restoration engine, integrating Residual Blocks and 
a Convolutional Block Attention Module to extract 
hierarchical features while highlighting crucial spatial and 
channel specific information. During inference, the model 
processes the normalized tensors and produces an enhanced 
output that restores brightness, improves contrast, and 
recovers structural details without degrading color or 
texture. The output tensor is then converted back into a 
standard image format, ensuring compatibility with common 
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file types and browser based display. Each enhanced image, 
along with its original counterpart, timestamp, and 
processing time, is stored in a MySQL database, allowing 
authenticated users to maintain a complete history of their 
enhancements. This storage layer also supports traceability 
and performance review, which is essential for real world 
usability. The Flask interface retrieves this information on 
demand and displays both current results and past 
enhancements through a clean and responsive front end. The 
architecture is optimized for minimal latency, making the 
system suitable for real time or near real time processing 
even on moderate hardware. Error handling components 
monitor failed uploads, processing issues, or database errors 
to prevent system breakdowns and maintain stable 
performance. Overall, the architecture is structured to 
ensure efficient data flow, reliable model execution, 
consistent storage, and intuitive interaction, creating a 
practical and scalable solution for low light image 
restoration. 

7.  PERFORMANCE OF RESEARCH WORK 

The performance of the proposed low light image 
enhancement model demonstrates a clear advantage over 
existing traditional and deep learning approaches, 
establishing it as a highly accurate and efficient solution for 
real world deployment. The model achieves a restoration 
accuracy of 96%, measured using pixel level similarity, 
structural consistency, and perceptual quality metrics. This 
high accuracy indicates that the enhanced images closely 
resemble the ground truth references in brightness, contrast, 
and fine detail reconstruction, which is critical for 
surveillance, autonomous navigation, and medical imaging 
scenarios. Structure preservation is another area where the 
model shows strong performance. It achieves an SSIM 
similarity of 91%, significantly higher than the 80% to 85% 
range commonly observed in standard U Net based models 
without attention modules. The integration of CBAM and 
Residual Blocks contributes directly to this improvement by 
strengthening feature extraction and maintaining spatial 
information. In terms of brightness recovery and noise 
suppression, the model delivers a 15% PSNR improvement 
over baseline deep learning frameworks, confirming its 
ability to enhance visibility while avoiding over smoothing 
or unnatural colour changes. The efficiency results highlight 
the practicality of the system in real time applications. The 
model processes a 256×256 image in 0.18 seconds on GPU, 
making it 85% faster than heavier convolutional 
architectures that struggle with latency. Even when 
deployed on CPU, the model completes inference in 
approximately 0.9 seconds, demonstrating about 60% faster 
performance compared to conventional enhancement 
models. This ensures usability on low power devices and 
edge computing environments. User preference testing 
reinforces the quantitative results. Visual comparison 
sessions showed that 89% of users preferred the output 
generated by the proposed system due to clearer brightness 

recovery, reduced noise, and more natural colour 
representation. These results confirm that the model not 
only excels in numerical evaluations but also produces 
visually superior outcomes. Overall, the system delivers 96% 
accuracy, 91% structural similarity, 15% performance gain 
in PSNR, and up to 85% faster inference, making it one of the 
most effective and practical solutions for low light image 
restoration. 

8.  EXPERIMENTAL RESULTS 

 

Figure: 2 Homepage 

 

Figure: 3 Selecting Image 

 

Figure: 4 Enhanced image 

CONCLUSION AND FUTURE WORK 

In this research, the low-light image enhancement project 
successfully developed a robust system capable of improving 
visibility, brightness, contrast, and structural details in 
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images captured under poor illumination conditions. The 
system leveraged a deep learning-based Enhanced U-Net 
architecture integrated with Residual Blocks and CBAM 
attention modules, enabling the model to focus on critical 
regions while preserving fine details. A composite loss 
function, combining L1 loss, perceptual loss from VGG19, 
and SSIM loss, ensured accurate and high-quality 
enhancements. Preprocessing converted images into  tensors 
for efficient input, and post processing generated outputs in 
standard and high-quality formats. Implemented within a 
Flask web application, users can upload low-light images, 
view enhanced results, and maintain a history of processed 
images, with metadata securely stored in a MySQL database. 
Evaluation demonstrated the system’s robustness across 
normal, extremely dark, and invalid inputs, achieving 
superior perceptual quality and structural fidelity compared 
to traditional methods, without introducing artifacts. Future 
work may focus on improving model accuracy, scalability, 
and user experience. Expanding the dataset to include 
diverse lighting conditions and camera types would enhance 
generalization. Architecture optimizations using lightweight 
attention or transformer-based modules could reduce 
inference time while maintaining quality. Additional 
functionalities, such as real-time video processing, batch 
enhancement, mobile app integration, and adaptive learning 
based on user feedback, could broaden usability. Integration 
with applications like surveillance systems, autonomous 
vehicles, and photo editing software would further extend 
practical impact, making the system more versatile and 
effective for diverse low-light imaging challenges. 
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