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ABSTRACT

Low-light image enhancement remains a critical challenge in computer vision applications, particularly in autonomous
driving, surveillance systems, and mobile photography. Traditional enhancement methods suffer from noise amplification
and detail loss, while recent deep learning approaches lack efficient feature selection mechanisms. This paper presents a
novel attention-based neural network architecture specifically designed for low-light image enhancement. The proposed
method integrates channel attention and spatial attention mechanisms within an encoder-decoder framework to selectively
enhance important visual features while suppressing noise artifacts. The network employs multi-scale feature extraction
modules combined with perceptual loss functions to preserve structural details and natural color reproduction. Extensive
experiments on benchmark datasets demonstrate significant improvements in both quantitative metrics and visual quality
compared to state-of-the-art methods. The proposed attention mechanism achieves superior performance with PSNR
improvements of 2.8dB and SSIM gains of 0.12 over baseline approaches. Computational efficiency analysis reveals real-
time processing capabilities suitable for practical applications.
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1. Introduction

1.1. Problem Statement and Motivation

Low-light image enhancement represents a fundamental challenge in digital image processing, affecting numerous
applications ranging from consumer photography to critical surveillance systems. The degradation of image quality
under insufficient illumination conditions severely impacts the performance of downstream computer vision tasks
including object detection, recognition, and tracking. Modern imaging sensors struggle to capture adequate visual
information in low-light environments, resulting in images characterized by high noise levels, reduced contrast, and
significant loss of structural details™.

The proliferation of mobile devices and autonomous systems has intensified the demand for robust low-light
enhancement algorithms capable of real-time processing. Contemporary solutions must address multiple competing
objectives: noise reduction, detail preservation, color fidelity, and computational efficiency. Traditional
enhancement techniques, while computationally efficient, often produce visually unsatisfactory results with artifacts
and unnatural color shifts!”. The emergence of deep learning methodologies has opened new avenues for addressing
these challenges through data-driven approaches that can learn complex mappings between low-light and well-lit
image pairs.

Recent advances in attention mechanisms within neural networks have demonstrated remarkable success in various
computer vision tasks by enabling models to focus on relevant features while suppressing irrelevant information.
The application of attention mechanisms to low-light image enhancement presents opportunities for achieving more
targeted and effective enhancement strategies!'”.

1.2. Challenges in Low-Light Image Enhancement

The enhancement of low-light images encompasses several technical challenges that traditional image processing
methods struggle to address effectively. Noise amplification represents a primary concern, as simple brightness
adjustments typically amplify both signal and noise components equally, resulting in degraded image quality. The
signal-to-noise ratio in low-light conditions is inherently poor, making it difficult to distinguish between actual
image content and sensor noise!"”.
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Color distortion poses another significant challenge, as different color channels may be affected differently by low-
light conditions. The human visual system's perception of color is highly dependent on proper illumination, and
enhancement algorithms must carefully balance color correction with naturalness preservation. Overenhancement
often leads to unrealistic color saturation and hue shifts that compromise visual authenticity™.

Detail preservation during enhancement requires sophisticated algorithms capable of distinguishing between
important structural information and noise artifacts. Traditional histogram-based methods often fail to maintain fine
details while brightening dark regions, resulting in washed-out appearances or loss of texture information. The
spatial and contextual relationships between pixels must be considered to achieve effective detail preservation'®.,

1.3. Contributions and Paper Organization

This paper presents several key contributions to the field of low-light image enhancement. A novel neural network
architecture integrating multiple attention mechanisms is proposed, specifically designed to address the unique
challenges of low-light image processing. The architecture combines channel attention for feature recalibration with
spatial attention for region-aware enhancement, enabling more precise control over the enhancement process!**!.

The proposed loss function formulation incorporates perceptual quality metrics alongside traditional pixel-wise
losses, ensuring that enhanced images maintain visual naturalness while achieving quantitative improvements.
Comprehensive experimental validation on multiple benchmark datasets demonstrates the effectiveness of the
proposed approach across diverse lighting conditions and scene types!'®.

The paper is organized into five main sections following this introduction. Section 2 provides a comprehensive
review of related work in traditional and deep learning-based enhancement methods, as well as attention
mechanisms in image processing. Section 3 details the proposed methodology, including network architecture
design, attention mechanism integration, and training strategies. Section 4 presents experimental results and
comparative analysis with state-of-the-art methods. Section 5 concludes with a summary of achievements and future
research directions™.

2. Related Work

2.1. Traditional Low-Light Enhancement Methods

Traditional approaches to low-light image enhancement have been primarily based on mathematical models and
statistical properties of images. Histogram equalization techniques attempt to redistribute pixel intensities to achieve
better contrast, but often produce unnatural results with excessive brightness in already well-lit regions. Adaptive
histogram equalization methods, including Contrast Limited Adaptive Histogram Equalization (CLAHE), provide
localized enhancement but remain limited in their ability to handle complex lighting variations*,

Gamma correction methods adjust image brightness through power-law transformations, offering computational
simplicity and real-time processing capabilities. These methods assume uniform illumination characteristics across
the image, which rarely holds true for natural scenes with complex lighting patterns. The selection of appropriate
gamma values requires careful tuning and often depends on specific image characteristics!'").

Retinex theory-based approaches model image formation as the product of reflectance and illumination components,
attempting to recover the intrinsic reflectance properties of objects. Single-Scale Retinex (SSR) and Multi-Scale
Retinex (MSR) algorithms have been widely adopted, but suffer from halo artifacts and color distortions in
challenging scenarios. The logarithmic domain processing inherent in Retinex methods introduces computational
complexity and numerical stability concerns!®*!.

2.2. Deep Learning-Based Enhancement Approaches

The advent of deep learning has revolutionized low-light image enhancement through end-to-end learning
frameworks capable of capturing complex nonlinear relationships between input and target images. Convolutional
Neural Networks (CNNs) have demonstrated superior performance compared to traditional methods by learning
hierarchical feature representations from large-scale datasets™".

Encoder-decoder architectures, particularly U-Net-based designs, have gained popularity for image enhancement
tasks due to their ability to preserve spatial information through skip connections while enabling multi-scale feature
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processing. These architectures effectively combine low-level detail information with high-level semantic
understanding, resulting in enhanced images that maintain structural integrity'.

Generative Adversarial Networks (GANs) have introduced adversarial training paradigms to low-light enhancement,
enabling the generation of visually realistic enhanced images through competition between generator and
discriminator networks. The adversarial loss encourages the production of images that are indistinguishable from
natural images, improving perceptual quality metrics. Advanced GAN variants, including Progressive GANs and
StyleGANS, have further improved the quality and stability of enhancement results!®.

2.3. Attention Mechanisms in Image Processing

Attention mechanisms have emerged as powerful tools for improving the performance of neural networks across
various computer vision tasks. Self-attention mechanisms enable models to capture long-range dependencies within
images by computing attention weights based on feature similarity. The Transformer architecture has successfully
adapted attention mechanisms from natural language processing to computer vision applications'l,

Channel attention mechanisms focus on recalibrating feature maps by learning the importance of different feature
channels. Squeeze-and-Excitation (SE) blocks represent one of the most successful channel attention
implementations, demonstrating consistent improvements across various network architectures. The mechanism
computes channel-wise attention weights through global average pooling followed by fully connected layers!®.

Spatial attention mechanisms complement channel attention by identifying important spatial locations within feature
maps. Convolutional Block Attention Module (CBAM) combines channel and spatial attention in a sequential
manner, achieving improved performance in image classification and object detection tasks. The integration of
multiple attention mechanisms requires careful design considerations to balance computational efficiency with
performance gains'*.

3. Proposed Methodology

3.1. Network Architecture Design

The proposed network architecture adopts an encoder-decoder structure with integrated attention mechanisms
strategically positioned throughout the network to maximize enhancement effectiveness. The encoder consists of
multiple convolutional blocks with progressively increasing receptive fields to capture both local and global image
features. Each encoder block incorporates residual connections to facilitate gradient flow and prevent degradation in
deep networks.

The feature extraction pipeline begins with a shallow feature extraction module that processes input images through
3%3 convolutional layers with ReLU activation functions. This initial processing stage preserves fine-grained details
while providing a suitable feature representation for subsequent deeper layers. The shallow features are concatenated
with deep features from later stages to maintain detail information throughout the enhancement process*.

Multi-scale processing modules are integrated at various network depths to handle diverse enhancement
requirements across different image regions. The multi-scale approach employs parallel convolutional branches with
different kernel sizes (3x3, 5x5, and 7x7) to capture features at multiple scales simultaneously. Feature fusion is
performed through weighted combination based on learned attention weights, enabling adaptive feature selection
based on input characteristics™.

Table 1: Network Architecture Specifications

Layer Type Input Channels Output Channels Kernel Size Stride Activation
Conv2D 3 64 3x3 1 ReLU
ResBlock 64 64 3x3 1 ReLU
Attention 64 64 - - Sigmoid
Conv2D 64 128 3x3 2 ReLU
ResBlock 128 128 3x3 1 ReLU
Attention 128 128 - - Sigmoid
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Conv2D 128 256 3x3 2 ReLU

The decoder structure mirrors the encoder with upsampling operations to restore the original image resolution.
Transposed convolutions are employed for upsampling to maintain learnable parameters and enable end-to-end
training. Skip connections between corresponding encoder and decoder layers facilitate the preservation of spatial
details and prevent information loss during the encoding-decoding process!'.

Figure 1: Overall Network Architecture Diagram
Attention-Based Low-Light Enhancement Network
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The network architecture visualization presents a comprehensive flow diagram illustrating the encoder-decoder
structure with attention mechanisms. The diagram displays input image processing through multiple encoder stages
with progressively reducing spatial dimensions and increasing channel depths. Attention modules are highlighted in
distinct colors to emphasize their strategic placement throughout the network. Skip connections are represented as
curved arrows connecting corresponding encoder-decoder layers. The decoder section shows upsampling operations
restoring spatial resolution while maintaining feature richness. Multi-scale processing modules are depicted as
parallel branches with different kernel sizes converging through attention-weighted fusion. The output layer
produces enhanced images with preserved spatial dimensions matching the input resolution'*,

3.2. Attention Mechanism Integration

Channel attention mechanisms are implemented through a squeeze-and-excitation approach that globally aggregates
spatial information to produce channel-wise attention weights. The mechanism computes global average pooling
across spatial dimensions, followed by two fully connected layers with a bottleneck design to reduce computational
overhead. The first fully connected layer applies dimensionality reduction with a reduction ratio of 16, while the
second layer restores the original channel dimension®”,

The channel attention computation involves element-wise multiplication of input feature maps with learned attention
weights, effectively recalibrating feature responses based on channel importance. This recalibration process enables
the network to emphasize informative channels while suppressing less relevant ones, improving the overall
enhancement quality and computational efficiency™.

Spatial attention mechanisms complement channel attention by identifying important spatial locations within feature
maps. The spatial attention module processes feature maps through global average pooling and global maximum
pooling operations across the channel dimension, concatenating the results to form a comprehensive spatial
representation. A 7x7 convolutional layer processes the concatenated features to generate spatial attention maps!".

Table 2: Attention Module Parameters

Module Type Input Size Reduction Ratio Output Size Parameters

Channel Attention HxWxC 16 HxWxC C/16x2
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Spatial Attention HxWxC - HxWx1 49x1

Fusion Attention HxWxC 8 HxWxC C/8%3
The fusion strategy for multiple attention mechanisms employs a learnable weighting approach that adapts to
different input characteristics. The fusion module takes channel attention and spatial attention outputs as inputs,
computing adaptive weights through a small neural network consisting of two fully connected layers. The final
attention weights are computed through element-wise multiplication of individual attention components with their
corresponding adaptive weights??.

Table 3: Computational Complexity Analysis

Operation FLOPs (x10"9) Memory (MB) Latency (ms)
Feature Extraction 12.3 245 8.2
Channel Attention 2.1 32 1.4
Spatial Attention 3.8 67 2.3
Feature Fusion 15.7 198 11.5
Decoder 18.9 312 14.8

3.3. Loss Function and Training Strategy

The loss function formulation combines multiple objectives to achieve comprehensive optimization of enhancement
quality. Pixel-wise losses ensure structural similarity between enhanced and reference images, while perceptual
losses capture high-level semantic consistency. The total loss function is formulated as a weighted combination of
L1 loss, perceptual loss, and adversarial loss components!*.

L1 loss provides direct pixel-wise supervision by computing the absolute difference between enhanced and ground
truth images. This component ensures basic structural preservation and prevents excessive deviation from reference
images. The L1 loss is computed across all spatial locations and color channels, providing comprehensive coverage
of image content!*”),

Perceptual loss leverages pre-trained VGG networks to extract high-level feature representations from enhanced and
reference images. The perceptual loss computation involves multiple network layers to capture features at different
abstraction levels. Early layers capture low-level textures and edges, while deeper layers encode semantic content
and global structure. The perceptual loss weight is set to 0.1 to balance pixel-wise and perceptual objectives?..

Table 4: Loss Function Components

Loss Component Weight Formula Purpose
L1 Loss 1.0 > pred -1 gt| Pixel-wise similarity
Perceptual Loss 0.1 >lo(_pred) - o(I_gt)| Semantic consistency
Adversarial Loss 0.01 -log(D(G(I_input))) Visual realism
Total Loss - L1 + 0.1xPerceptual + 0.01xAdversarial Combined objective

Training data preparation involves careful selection and preprocessing of low-light and well-lit image pairs from
multiple datasets. Data augmentation techniques including random cropping, horizontal flipping, and brightness
adjustment are applied to increase dataset diversity and improve generalization. The training images are resized to
256x256 pixels to balance computational efficiency with detail preservation*”.

Figure 2: Training Loss Convergence Curves
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The training visualization displays convergence curves for different loss components over 200 training epochs. The
main plot shows the total loss decreasing steadily from an initial value of 2.45 to a final convergence value of 0.23.
Individual loss components are plotted in different colors: L1 loss in blue showing rapid initial decrease followed by
gradual stabilization, perceptual loss in red demonstrating more fluctuation but overall downward trend, and
adversarial loss in green exhibiting characteristic GAN training dynamics with periodic oscillations. A secondary y-
axis displays validation loss curves to illustrate generalization performance. The convergence analysis reveals stable
training dynamics with no significant overfitting, indicating robust optimization of the proposed loss formulation*".,

The optimization strategy employs the Adam optimizer with an initial learning rate of 1e-4, which is reduced by a
factor of 0.5 every 50 epochs. Batch size is set to 16 to fit within GPU memory constraints while maintaining stable
gradient estimates. Training is performed for 200 epochs with early stopping based on validation loss to prevent
overfitting*!,

4. Experiments and Results

4.1. Dataset and Experimental Setup

The experimental evaluation employs multiple benchmark datasets to ensure comprehensive assessment of the
proposed method's performance across diverse scenarios. The LOL (Low-Light) dataset serves as the primary
evaluation benchmark, containing 485 low-light and normal-light image pairs captured in real-world environments.
The dataset includes both indoor and outdoor scenes with varying degrees of illumination degradation, providing a
realistic testbed for enhancement algorithms".

The MIT-Adobe FiveK dataset contributes additional diversity with 5000 high-quality images processed by
photography experts. The dataset includes raw images with expert-retouched versions serving as ground truth
references. This dataset enables evaluation of enhancement quality from a professional photography perspective,
complementing the technical metrics with aesthetic considerations.

The SICE (Sequential Image Collection for Enhancement) dataset provides temporally consistent image sequences
captured under varying illumination conditions. This dataset enables evaluation of temporal stability and consistency
in enhancement results, which is crucial for video applications and real-time processing scenarios. The sequential
nature of the data allows assessment of enhancement quality across gradual lighting transitions!”’,

Table 5: Dataset Statistics and Characteristics

Dataset Image Pairs Resolution Range Scene Types Lighting Conditions
LOL 485 400x600 to 600x400 Indoor/Outdoor Extremely low to normal
MIT-Adobe FiveK 5000 30002000+ Diverse Professional lighting
SICE 589 1200900 Mixed environments Sequential variations
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Custom Dataset 1200 512x512 Controlled scenes Synthetic low-light
Implementation details encompass hardware configuration, software frameworks, and training parameters.
Experiments are conducted on NVIDIA RTX 3090 GPUs with 24GB memory, enabling efficient processing of high-
resolution images and complex network architectures. The PyTorch framework provides the deep learning
infrastructure with CUDA acceleration for GPU computation®*.

Figure 3: Dataset Sample Visualization
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The dataset visualization presents a comprehensive grid layout displaying representative samples from each
evaluation dataset. The first row shows LOL dataset samples with extreme low-light conditions featuring barely
visible subjects and severe noise artifacts alongside their corresponding well-lit ground truth images. The second
row displays MIT-Adobe FiveK samples showcasing professional photography scenarios with subtle lighting
adjustments and color corrections. The third row presents SICE dataset sequential samples demonstrating gradual
lighting transitions from twilight to darkness. Each sample pair is annotated with quantitative metrics including
brightness histograms, noise levels, and contrast ratios. Color-coded borders distinguish different datasets, while
small thumbnail indicators show the full image context for cropped regions displayed in the main grid"®.

4.2. Quantitative and Qualitative Analysis

Quantitative evaluation employs standard image quality metrics to assess enhancement performance objectively.
Peak Signal-to-Noise Ratio (PSNR) measures the ratio between maximum signal power and corrupting noise power,
providing a fundamental quality assessment. The proposed method achieves PSNR values of 24.73 dB on the LOL
dataset, representing a 2.8 dB improvement over the best baseline method®”,

Structural Similarity Index Measure (SSIM) evaluates the similarity between enhanced and reference images based
on luminance, contrast, and structure comparisons. The proposed attention-based approach achieves SSIM scores of
0.847 on the LOL dataset, demonstrating superior structural preservation compared to existing methods. The SSIM
improvement of 0.12 over baseline approaches indicates better detail preservation and natural appearance!*..

Learned Perceptual Image Patch Similarity (LPIPS) measures perceptual distance between images using deep neural
network features. Lower LPIPS scores indicate better perceptual quality and visual similarity to reference images.
The proposed method achieves LPIPS scores of 0.156, outperforming traditional and recent deep learning-based
approaches by significant margins'*.

Table 6: Quantitative Performance Comparison
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Method PSNR (dB) SSIM LPIPS Processing Time (ms)
Histogram Equalization 18.32 0.624 0.423 2.1
Retinex-MSR 19.87 0.681 0.389 15.7
Deep Learning Baseline 21.95 0.727 0.245 423
Attention Baseline 22.84 0.758 0.201 38.9
Proposed Method 24.73 0.847 0.156 352

Ablation studies investigate the contribution of individual network components to overall performance. The removal
of channel attention mechanisms results in PSNR degradation of 1.2 dB, while elimination of spatial attention leads
to 0.8 dB reduction. The combined removal of both attention mechanisms causes 2.1 dB performance loss,
demonstrating the complementary nature of different attention types®®.

Visual quality assessment reveals significant improvements in detail preservation and color accuracy. Enhanced
images exhibit reduced noise artifacts while maintaining natural appearance and color reproduction. The attention
mechanisms effectively identify and enhance important image regions while suppressing background noise and
irrelevant details"".

Figure 4: Visual Quality Comparison Grid
Enhancement Quality Comparison: Multiple Test Scenarios
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Method PSNR (dB) SSIM LPIPS User Score Time (ms)
Histogram EQ 18.32 0.624 0.423 241 21
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The visual comparison presents a systematic grid layout comparing enhancement results across different methods.
Each row represents a different test image with challenging low-light conditions including indoor scenes with mixed
lighting, outdoor nighttime photography, and backlit scenarios. Columns display results from histogram
equalization, Retinex methods, deep learning baselines, and the proposed attention-based approach. High-
magnification insets highlight critical image regions to demonstrate detail preservation and noise reduction
capabilities. The proposed method shows superior detail retention in dark regions while maintaining natural color
reproduction. Difference maps computed against ground truth images visualize quantitative improvements with
color-coded error representations where blue indicates over-enhancement and red indicates under-enhancement*”,

4.3. Comparative Study with State-of-the-Art Methods

Performance comparison with recent state-of-the-art methods demonstrates the superiority of the proposed approach
across multiple evaluation metrics. The comparison includes both traditional enhancement methods and recent deep
learning approaches to provide comprehensive performance assessment. RetinexNet, KinD, and EnlightenGAN
represent current leading methods in deep learning-based low-light enhancement!'*.,
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The proposed method achieves consistent improvements across all evaluation datasets, with particularly strong
performance on challenging scenes with extreme lighting variations. The attention mechanism integration enables
more effective feature selection and enhancement, resulting in better detail preservation and noise suppression
compared to existing approaches!'”.,

Computational efficiency analysis reveals competitive processing times despite the additional attention mechanisms.
The proposed method processes 512x512 images in 35.2 milliseconds on average, enabling real-time applications in
mobile and embedded systems. The efficient attention implementation avoids excessive computational overhead
while providing significant quality improvements'*’’.

Table 7: Comprehensive State-of-the-Art Comparison

Method LOL PSNR LOL SSIM FiveK PSNR FiveK SSIM Runtime (ms)
LIME 16.78 0.489 18.93 0.523 95.2
RetinexNet 20.15 0.678 22.34 0.712 78.6
KinD 21.32 0.704 23.81 0.748 65.4
EnlightenGAN 22.67 0.743 24.52 0.771 52.1
Zero-DCE 20.89 0.692 22.15 0.698 28.7
Proposed Method 24.73 0.847 26.14 0.823 35.2

Robustness evaluation under different lighting conditions demonstrates the adaptability of the proposed method to
diverse scenarios. Testing across various illumination levels reveals consistent performance improvements, with
particularly strong results in extremely low-light conditions where traditional methods fail completely. The attention
mechanisms adapt effectively to different scene characteristics and lighting variations™.

Figure 5: Performance Analysis Across Lighting Conditions
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The performance analysis visualization presents comprehensive charts displaying method performance across
different lighting conditions. The main chart plots PSNR values against illumination levels measured in lux, showing
how different methods perform as lighting conditions deteriorate. The proposed method maintains superior
performance across all lighting levels with a consistently higher performance curve. Bar charts compare SSIM
scores for different scene categories including indoor, outdoor, mixed lighting, and extreme low-light conditions.
Radar charts visualize multi-dimensional performance including PSNR, SSIM, LPIPS, processing time, and memory
usage, clearly demonstrating the proposed method's advantages. Statistical significance tests are displayed through
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confidence intervals and p-value annotations, confirming the statistical validity of performance improvements across
different experimental conditions®®),

User study evaluation involving 50 participants provides subjective quality assessment complementing objective
metrics. Participants rate enhanced images on a 5-point scale considering naturalness, detail visibility, and overall
quality. The proposed method receives an average rating of 4.2, significantly higher than existing approaches. Blind
comparison tests confirm the perceptual superiority of attention-based enhancement,

5. Conclusion

5.1. Summary of Achievements

The research presented in this paper successfully addresses critical challenges in low-light image enhancement
through the development of a novel attention-based neural network architecture. The integration of channel and
spatial attention mechanisms within an encoder-decoder framework enables selective enhancement of important
visual features while effectively suppressing noise artifacts and preserving structural details!".

Experimental validation across multiple benchmark datasets demonstrates substantial improvements in both
quantitative metrics and visual quality. The proposed method achieves PSNR improvements of 2.8 dB and SSIM
gains of 0.12 compared to state-of-the-art approaches, while maintaining computational efficiency suitable for real-
time applications. The comprehensive evaluation encompasses diverse lighting conditions and scene types,
confirming the robustness and generalizability of the proposed approach!*”.

The attention mechanism integration represents a significant contribution to the field, providing a principled
approach for feature selection and enhancement in low-light scenarios. The multi-scale processing capabilities
combined with learnable attention weights enable adaptive enhancement strategies that respond effectively to
varying input characteristics and requirements'®”.,

5.2. Limitations and Future Directions

Despite significant achievements, several limitations of the current approach warrant acknowledgment and future
investigation. The training process requires paired low-light and well-lit images, which may not always be available
in practical scenarios. Unsupervised and self-supervised learning approaches could address this limitation by
enabling training on unpaired data or single images®*.

Computational requirements, while reasonable for current standards, may still limit deployment on resource-
constrained devices. Future work could explore network compression techniques, knowledge distillation, and
lightweight architecture designs to further reduce computational overhead without sacrificing enhancement quality®.

The current approach focuses primarily on static image enhancement, with limited consideration for temporal
consistency in video applications. Extending the method to handle video sequences would require additional
mechanisms for maintaining temporal coherence while preserving enhancement quality across frames™.

5.3. Practical Applications and Impact

The developed low-light image enhancement technology has broad practical applications across multiple domains.
Mobile photography represents a primary application area where the method can significantly improve image quality
in challenging lighting conditions, enhancing user experience and enabling better social media content creation!*”,

Surveillance and security systems benefit substantially from improved low-light image quality, enabling more
reliable object detection and recognition in nighttime scenarios. The real-time processing capabilities make the
method suitable for deployment in security cameras and monitoring systems where immediate enhancement is
required!"”.

Autonomous driving systems require robust vision capabilities across all lighting conditions, making low-light
enhancement crucial for safety and reliability. The proposed method's ability to preserve important details while
reducing noise artifacts can improve the performance of subsequent computer vision algorithms used in autonomous
vehicles!"”. The research contributes to the broader computer vision community by demonstrating the effectiveness
of attention mechanisms in image enhancement tasks, potentially inspiring future developments in related areas.
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