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ABSTRACT
Low-light images often suffer from poor visibility, low contrast, and high noise, which significantly affect the
performance of computer vision systems and visual perception. This paper, Deep Learning-Based Low Light
Image Enhancement for Improved Visibility, presents an intelligent framework that employs deep learning
techniques to enhance image quality in challenging illumination conditions. The proposed model utilizes a
convolutional neural network (CNN) architecture trained on paired low-light and normal-light datasets to
learn complex illumination mappings and restore brightness, contrast, and detail. In addition, the system
integrates noise reduction and color correction modules to produce visually pleasing and realistic outputs
while preserving natural textures. Experimental results demonstrate that the deep learning-based enhancement
model achieves superior performance compared to traditional histogram equalization and Retinex-based
methods, in terms of both quantitative metrics (PSNR, SSIM) and subjective visual quality. This approach
enhances image visibility, making it highly beneficial for applications in surveillance, autonomous driving,
medical imaging, and low-light photography.
Keywords: Low-light enhancement, deep learning, convolutional neural network, image restoration, visibility
improvement, noise reduction.
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1.INTRODUCTION equalization, gamma correction, and Retinex-
Low-light conditions often result in images with based methods, attempt to improve brightness and
poor visibility, low contrast, and high noise, which contrast but often fail to preserve natural colors
can significantly degrade the performance of and fine details, leading to overexposure or
visual systems and affect human perception. Such amplified noise.

conditions are common in surveillance, With the advent of deep learning, it has become
autonomous driving, medical imaging, and possible to design intelligent models that can learn
nighttime photography, where capturing clear complex mappings between low-light and normal-
and detailed images is critical. Traditional image light images. Convolutional Neural Networks
enhancement techniques, such as histogram (CNNSs) and their variants have shown remarkable
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ability to restore brightness, enhance contrast, and
reduce noise while maintaining the structural
integrity and color fidelity of images. By training
on large datasets of paired low-light and high-
guality images, these models can adaptively

enhance diverse illumination conditions,
outperforming conventional algorithms.
2.LITERATURE REVIEW

Low-light image enhancement has been a

significant research area in computer vision and
image processing, with approaches evolving from
traditional methods to advanced deep learning
techniques. Early methods, such as histogram
equalization  (HE), adaptive  histogram
equalization (AHE), and gamma correction,
primarily focused on adjusting image brightness
and contrast. While these techniques are
computationally efficient, they often produce
overexposed regions, amplified noise, and
unnatural colors, limiting their applicability in
real-world low-light scenarios.

Retinex-based methods, inspired by human visual
perception, model an image as the product of
reflectance and illumination components to
enhance visibility. Variants like Single-Scale
Retinex (SSR) and Multi-Scale Retinex (MSR)
have improved color preservation and dynamic
range. However, these approaches still struggle
with uneven illumination, noise amplification, and
lack of adaptability to diverse low-light conditions.
Recent advancements leverage deep learning,
particularly Convolutional Neural Networks
(CNNs), to learn end-to-end mappings from low-
light to well-lit images. Models such as LLNet,
EnlightenGAN, and RetinexNet utilize paired or
unpaired datasets to restore brightness, enhance
contrast, and suppress noise simultaneously. These
methods outperform traditional algorithms in terms

of Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index (SSIM), and
subjective visual quality, providing more natural.
With the advancement of deep learning,
especially Convolutional Neural Networks
(CNNs), researchers have developed models

capable of learning complex mappings from low-
light to well-lit images. Approaches like LLNet,
RetinexNet, and EnlightenGAN have shown the
ability to simultaneously enhance brightness,
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restore details, and suppress noise. These models
outperform conventional techniques in terms of
Peak Signal-to-Noise Ratio (PSNR), Structural
Similarity Index (SSIM), and perceptual quality.
Recent works further incorporate attention
mechanisms, multi-scale feature extraction, and
noise-aware learning to better handle illumination
variations and preserve fine details. Despite these
advancements, challenges remain in achieving
real-time performance, handling extremely
dark images, and maintaining consistent color
fidelity across diverse scenes.

Overall, the literature indicates a clear shift
towards deep learning-based  solutions,
combining illumination enhancement, noise

reduction, and color correction, which provide
more robust and visually pleasing results
compared to traditional methods.

3. EXISTING SYSTEM

Traditional low-light image enhancement methods
mainly rely on histogram-based techniques,
gamma  correction, and Retinex-based
algorithms. Histogram Equalization (HE) and its
variants adjust the overall brightness and contrast
by redistributing pixel intensity values, but they
often produce overexposed regions and fail to
preserve natural colors. Gamma correction
provides nonlinear adjustments to brightness but is
limited in handling complex illumination
variations and can introduce artifacts in very dark
areas.

Retinex-based methods, such as Single-Scale
Retinex (SSR) and Multi-Scale Retinex (MSR),
improve dynamic range and attempt to separate
illumination from reflectance. While effective in
enhancing contrast, these methods often amplify
noise in dark regions and struggle with uneven
lighting conditions. Additionally, traditional
methods do not adaptively learn scene-specific
enhancements, which limits their performance
across diverse environments.

Existing systems also lack the capability to
simultaneously reduce noise and enhance
details, leading to images that may be brighter but
visually unnatural or blurry. Moreover, most
conventional approaches are unable to generalize
well for extremely low-light conditions, such as
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night scenes or indoor environments with minimal

lighting.

complexity, and make the models Iless
generalizable.

4.PROPOSED SYSTEM

The proposed system, Deep Learning-Based Low
Light Image Enhancement for Improved
Visibility, leverages convolutional neural

networks (CNNs) to automatically enhance low-
light images while preserving natural colors and
fine details. Unlike traditional methods, the system
learns complex mappings between low-light and
well-lit images from large datasets, allowing it to
handle diverse illumination conditions effectively.
The framework consists of several key
components.  First, image  preprocessing
normalizes input images and reduces noise. Next,
the CNN-based enhancement module performs
adaptive brightness and contrast adjustment while
learning to restore details lost in dark regions. To
further improve visual quality, a noise reduction
module is integrated, which suppresses amplified
noise commonly present in low-light images.
Additionally, a color correction module ensures
that the enhanced images maintain natural and
realistic color representation.

The system is designed to operate in real-time,
making it suitable for applications such as
surveillance, autonomous driving, medical
imaging, and low-light photography. By
combining deep learning with noise reduction and
color correction, the proposed system delivers
enhanced images with improved visibility, higher
contrast, and preserved structural details,
outperforming conventional histogram-based and
Retinex-based methods.

5. METHODOLOGY

The proposed deep learning-based low-light image
enhancement system follows a structured
methodology to improve image visibility, contrast,
and color fidelity. The workflow involves data
collection, preprocessing, model design,
training, enhancement, and evaluation.

Data Collection: Large-scale datasets containing
paired low-light and normal-light images are
collected from public repositories such as LOL
(Low-Light) Dataset and other high-quality image
sources. These datasets provide diverse scenes and
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illumination conditions necessary for robust model
training.

Data Preprocessing: Input images are resized,
normalized, and augmented through techniques
such as flipping, rotation, and intensity scaling to
increase dataset diversity. Noise reduction
preprocessing is applied to minimize sensor and
environmental noise in low-light images.

Model Design: A Convolutional Neural
Network (CNN) architecture is employed to learn
the mapping between low-light inputs and their
enhanced counterparts. The network includes
multi-scale feature extraction layers to capture
both global illumination and local detail variations.
Additional modules handle noise suppression and
color correction, ensuring enhanced images are
visually appealing and natural.

Training: The model is trained using supervised
learning with loss functions that combine pixel-
wise reconstruction loss, perceptual loss, and
structural similarity (SSIM) loss. This ensures
the enhanced images maintain structural integrity,
accurate colors, and high perceptual quality.
Enhancement and Inference: Once trained, the
model takes low-light images as input and outputs
enhanced images with improved brightness,
contrast, and reduced noise. The system can
operate in real-time, making it suitable for
practical application.

6.System Model

SYSTEM ARCHITECTURE
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7..Results and Discussions

8. CONCLUSION

The proposed deep learning-based low-light image
enhancement system provides an effective solution
for improving image visibility, contrast, and
overall  visual quality under challenging
illumination conditions. By leveraging
convolutional neural networks (CNNs) along
with noise reduction and color correction
modules, the system learns to adaptively enhance
low-light images while preserving structural
details and natural colors. Compared to traditional
methods such as histogram equalization and
Retinex-based approaches, the deep learning
framework demonstrates superior performance in
both quantitative metrics (PSNR, SSIM) and
subjective visual quality assessments.

This intelligent enhancement system is suitable for
a wide range of applications, including
surveillance, autonomous driving, low-light
photography, and medical imaging, where clear
and detailed images are crucial. Its ability to
handle diverse lighting conditions and produce
natural-looking results addresses the limitations of
conventional techniques. In conclusion, the
proposed framework represents a significant
advancement in low-light image processing,
offering robust, real-time, and visually
appealing enhancements that can be applied
effectively in practical scenarios.
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