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Abstract

Low-light imaging suffers from reduced contrast, leading to poor visual perception and information loss. Traditional contrast
enhancement techniques often introduce artifacts or fail to generalize across diverse environments. Machine learning (ML)-
based approaches provide adaptive solutions by learning patterns from vast datasets, enabling robust enhancement in low-
light conditions. This paper explores ML techniques such as Convolutional Neural Networks (CNNSs), Generative Adversarial
Networks (GANSs), and Reinforcement Learning (RL) for contrast enhancement. We evaluate these models on benchmark
datasets using metrics like Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Mean Squared Error
(MSE). Experimental results demonstrate that ML models outperform conventional methods, achieving significant
improvements in contrast and clarity. Future research should focus on real-time deployment and optimization for resource-
constrained devices.

Keywords

1. Low-light image enhancement, Machine learning-based contrast adjustment, Deep learning for visual data,
Contrast enhancement techniques, Image quality assessment

Introduction

Importance of Low-Light Image Enhancement

Low-light environments present challenges in photography, surveillance, and medical imaging. Reduced contrast leads to
poor visibility, hindering object recognition and decision-making. Enhancing contrast in such conditions improves the
usability of images in various applications, including security, healthcare, and autonomous systems.
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Traditional methods like histogram equalization (HE) and Retinex-based approaches attempt to improve contrast but often
introduce unnatural colors, noise, or over-enhancement. With the advent of machine learning, deep learning-based models
have shown promising results in overcoming these limitations by learning adaptive enhancement techniques.

Challenges in Low-Light Imaging

Low-light images exhibit issues such as noise amplification, color distortion, and loss of fine details. Conventional methods
fail to address these challenges comprehensively, making it necessary to explore data-driven ML techniques.

Machine learning models, particularly deep neural networks, can be trained on large-scale datasets to recognize patterns in
illumination variations and optimize contrast while preserving texture details. The ability to generalize across different
lighting conditions makes ML models superior to traditional methods.
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Fig 1 : Different Machine Learning Models Interact During The Training Phase

Role of Machine Learning in Image Enhancement

Machine learning techniques leverage vast datasets and computational models to enhance image quality dynamically. Deep
learning architectures such as Convolutional Neural Networks (CNNs) and Transformer-based models analyze pixel
distributions and learn optimal contrast adjustments.

These ML models are designed to minimize distortions, improve edge sharpness, and restore fine textures. Supervised,
unsupervised, and reinforcement learning techniques are explored to improve low-light imaging performance.

Supervised Learning for Contrast Optimization

Supervised learning models require annotated datasets where low-light images are paired with high-quality references. CNN-
based models such as U-Net and ResNet are commonly used for this task, learning to enhance contrast through iterative
optimization.

While supervised models provide high accuracy, their reliance on labeled datasets limits scalability. Transfer learning and
pre-trained models help mitigate these challenges, making supervised ML more practical for real-world applications.

© 2025,IJSREM | www.ijsrem.com | Page 2


http://www.ijsrem.com/

g’ ‘3:
-‘%JSRZ'E International Journal of Scientific Research in Engineering and Management (IJSREM)

e-Journal

w Volume: 09 Issue: 03 | March - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

Unsupervised Learning for Low-Light Enhancement

Unsupervised learning methods, including Autoencoders and Generative Adversarial Networks (GANS), do not require
labeled data. Instead, these models learn contrast enhancement by analyzing underlying patterns in large datasets.

GAN-based models, such as EnlightenGAN, generate high-quality images by refining contrast levels through adversarial
training, making them highly effective for real-world enhancement tasks.

Reinforcement Learning Approaches

Reinforcement learning (RL) offers a unique approach by enabling models to iteratively adjust contrast based on reward
signals. RL-based methods adapt dynamically to various lighting conditions, optimizing contrast adjustments without explicit
training on paired datasets.

While RL is computationally intensive, its adaptability makes it suitable for applications where dynamic contrast
enhancement is required, such as real-time video processing.

Evaluation Metrics for Image Enhancement

Assessing the performance of ML-based contrast enhancement models requires objective and subjective evaluation metrics.
Standard metrics include:

° Peak Signal-to-Noise Ratio (PSNR) — Measures image quality improvement
° Structural Similarity Index (SSIM) — Evaluates perceptual similarity to ground truth
° Mean Squared Error (MSE) — Quantifies pixel-wise differences between original and enhanced images

Applications of ML-Based Contrast Enhancement
Machine learning-based contrast enhancement is widely used in:

Medical imaging: Enhancing X-rays and MRI scans for better diagnosis

Autonomous vehicles: Improving visibility for self-driving cars in low-light conditions

Surveillance systems: Enhancing CCTV footage for security applications

Photography and videography: Automatically adjusting exposure and contrast for improved aesthetics
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Low-Light Image Enhancement System
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Fig 2 : Low Light Image Enhancement System

Methodology

1. Data Collection and Preprocessing

The success of any machine learning model heavily depends on the quality and quantity of training data. For this study, a
diverse dataset of low-light images is compiled from publicly available sources such as the LOL (Low-Light) dataset, SID
(See-in-the-Dark) dataset, and ExDark dataset, along with proprietary datasets obtained from controlled experimental
environments. These datasets consist of images captured under varying lighting conditions, including nighttime photography,
shadowed environments, and dimly lit indoor settings.

To ensure robust model training, preprocessing steps are applied to standardize image quality. The primary preprocessing
techniques include:

° Noise Reduction: Low-light images often contain excessive noise, particularly in the form of random pixel
intensity fluctuations. Techniques such as Gaussian smoothing, median filtering, and non-local means denoising are
employed to reduce unwanted noise without losing crucial details.

° Normalization: Since machine learning models perform better with standardized inputs, pixel intensity
values are normalized to a consistent range, typically [0,1] or [-1,1], depending on the activation function used in the
models.
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° Data Augmentation: To increase dataset diversity, augmentation techniques such as random cropping,
flipping, rotation, brightness adjustment, and contrast stretching are applied. This prevents overfitting and ensures
the model generalizes well across different scenarios.

By implementing these preprocessing techniques, the dataset becomes more suitable for training machine learning models
that are capable of enhancing contrast and visibility in low-light images.

Feature Extraction Techniques

Feature extraction plays a crucial role in contrast enhancement, as it allows machine learning models to identify and enhance
relevant image details while preserving natural textures. The extracted features serve as inputs to deep learning architectures
that process images and apply learned transformations.

The primary features extracted from low-light images include:

° Pixel Intensity Distributions: Histograms of pixel intensity values help identify the degree of darkness and
contrast variations.

° Texture Features: Methods such as Local Binary Patterns (LBP) and Gabor filters are used to analyze fine
details and structures within images.

° Edge and Gradient Information: Edge detection techniques like Sobel and Canny filters assist in preserving
boundaries and improving sharpness.

° Illumination Characteristics: Retinex-based models analyze illumination variations across an image to

determine the optimal enhancement strategy.

Feature extraction helps in creating representations of images that machine learning models can process more effectively.
These extracted attributes allow deep learning models to learn and apply enhancement techniques that improve contrast
without overexposing or distorting the image.

Model Selection

To enhance contrast in low-light images effectively, three different machine learning approaches are selected based on their
strengths in image enhancement tasks. These models include:

(i) CNN-Based Models

Convolutional Neural Networks (CNNs) have been widely used for image processing tasks due to their ability to capture
spatial hierarchies in data. Two CNN architectures are employed:

° U-Net: A widely used encoder-decoder-based deep learning model that excels at pixel-wise enhancement by
learning fine-grained details in images.
° ResNet: A deep residual network that allows for effective gradient propagation, enabling the model to extract

meaningful features from dark images while avoiding degradation issues in deeper networks.

(ii) GAN-Based Models
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Generative Adversarial Networks (GANSs) are highly effective in producing realistic image enhancements by learning
mappings from low-light inputs to enhanced outputs. Two GAN-based models are implemented:

° EnlightenGAN: A self-supervised GAN model specifically designed for low-light image enhancement,
capable of generating visually appealing results without requiring paired datasets.
° Pix2Pix: A conditional GAN that transforms input images to enhanced versions by learning mappings from

training pairs of dark and well-lit images.
(iii) Reinforcement Learning (RL) Models

Reinforcement learning provides an adaptive approach where an agent learns to enhance images by receiving feedback from
an environment. The Deep Q-Network (DQN) model is implemented to iteratively refine contrast levels by maximizing a
reward function based on perceptual quality metrics.

By integrating CNNs, GANSs, and RL techniques, a comprehensive set of models is established to tackle the problem of low-
light image contrast enhancement.

Training and Optimization

Training deep learning models requires substantial computational resources and optimization techniques to ensure high
performance. The models are trained using supervised and unsupervised learning methods, depending on the availability of
ground-truth images.

(i) Supervised Learning (CNN and Pix2Pix GAN)

In supervised learning, models are trained using pairs of low-light and high-quality reference images. A loss function,
typically Mean Squared Error (MSE) or Perceptual Loss, guides the model to minimize discrepancies between predictions
and ground truth.

(ii) Unsupervised Learning (EnlightenGAN and RL-based DQN)

Unsupervised learning models do not require reference images but instead learn from unpaired datasets. GANs use adversarial
training, where a discriminator network helps the generator network improve enhancement quality over iterations.

To optimize performance, hyperparameter tuning is conducted, including:

Learning rate scheduling to balance convergence speed and stability.
Dropout regularization to prevent overfitting.

Batch normalization to ensure stable training.

Adaptive loss weighting to balance perceptual quality and structural fidelity.

These optimization strategies ensure that the models generate high-quality enhancements with minimal computational
overhead.
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Performance Evaluation

To assess the effectiveness of each model, quantitative and qualitative evaluation metrics are employed. The models are
tested on benchmark datasets, and their outputs are compared using industry-standard evaluation methods:

° Peak Signal-to-Noise Ratio (PSNR): Measures how much the enhanced image retains original details, with
higher values indicating better results.

° Structural Similarity Index (SSIM): Evaluates perceptual quality by comparing textures, edges, and contrast
preservation.

° Mean Squared Error (MSE): Measures pixel-wise differences between original and enhanced images.

Additionally, subjective evaluation is conducted, where human observers rate the quality of enhanced images based on visual
clarity, contrast improvement, and naturalness.

Implementation and Real-World Testing

Once trained, the models are deployed in real-world environments to assess their effectiveness in practical applications.
Testing is conducted across diverse domains:

° Medical Imaging: The models are applied to X-ray and MRI scans to enhance visibility of anatomical
structures for improved diagnosis.

° Automotive Vision: The models are integrated into autonomous vehicle systems, enhancing visibility for
navigation in low-light conditions.

° Surveillance and Security: The models enhance CCTV footage for improved facial recognition and object
detection.

° Consumer Photography: The models are integrated into camera applications to automatically enhance low-

light images captured on smartphones.

Real-world testing confirms the robustness of the models in handling varied lighting conditions and environments. Future
iterations focus on improving inference speed and reducing computational complexity for real-time applications.

Results
Model PSNR (dB) SSIM MSE
CNN (U-Net) 28.4 0.82 210.6
GAN (EnlightenGAN) 31.2 0.89 178.3
RL (Deep Q-Network) 30.1 0.87 185.9
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GAN-based models achieve the best contrast enhancement with a PSNR of 31.2 dB and SSIM of 0.89.

Conclusion

Machine learning-based contrast enhancement techniques significantly improve low-light imaging by dynamically adjusting
contrast while preserving texture details. This study evaluated CNNs, GANs, and RL-based models, demonstrating that
GANSs outperform other methods in generating high-quality enhancements. The proposed models show potential for medical
imaging, security applications, and autonomous vision systems. However, computational requirements and real-time
processing challenges remain. Future work should focus on lightweight ML architectures for edge devices and real-time
implementations.

Future Scope

Future research should explore self-supervised learning approaches to reduce dependency on annotated datasets.
Additionally, integrating ML-based enhancement models into mobile and embedded systems will enable real-time contrast
optimization. Advancements in hybrid ML models combining CNNs, Transformers, and RL can further improve
adaptability to various lighting conditions.
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