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Abstract- This project focuses on developing an Al/ML-based
system for removing haze and smoke from images, enhancing
visibility in adverse environmental conditions. Using deep
learning techniques, particularly Convolutional Neural
Networks (CNNs) and image processing algorithms, the
system identifies and eliminates haze and smoke from images,
restoring their clarity. The proposed approach utilizes
supervised learning with a dataset comprising hazy and clear
image pairs. The model learns to estimate depth and
reconstruct clearer images by leveraging end-to-end learning
mechanisms. The system has applications in surveillance,
autonomous vehicles, and satellite imaging, ensuring better
visibility and improved decision-making in critical
scenarios.s.
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I. INTRODUCTION
1.1 Basic Definition

Haze and smoke are significant environmental factors
that degrade image quality by obscuring details and reducing
contrast. These visibility issues pose serious challenges in
various applications, including traffic monitoring, defense
surveillance, autonomous vehicle navigation, and satellite
imaging. Traditional image enhancement techniques often fail
to effectively remove haze and smoke due to their inability to
adapt to varying environmental conditions and dynamic
atmospheric distortions.

In recent years, Al and Machine Learning (ML) have
emerged as powerful tools for image restoration, providing
data-driven solutions that outperform traditional dehazing and
desmoking methods. This paper presents a novel AI/ML-based
approach to image dehazing and desmoking, utilizing deep
learning techniques to enhance image clarity. By employing
Convolutional Neural Networks (CNNs) and encoder-decoder
architectures, the system learns to reconstruct clear images
from hazy or smoke-affected inputs.
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The primary objective of this research is to develop
an automated and efficient model that enhances visibility in
real-world conditions. The proposed model leverages deep
neural networks trained on diverse datasets to improve
generalization across different atmospheric scenarios. The
integration of Al-driven dehazing techniques significantly
enhances image contrast and detail, making it applicable to a
wide range of fields, including remote sensing, autonomous
systems, and smart surveillance networks.

This paper is structured as follows: Section Il covers
dataset preparation and preprocessing techniques, Section 11l
details the model architecture and training process, Section 1V
presents the evaluation metrics and experimental results,
Section V discusses visualization and qualitative assessments,
and Section VI concludes with future research directions.

1.1 Basic Definition

Dehazing and desmoking refer to the process of
removing haze, fog, and smoke from images to restore clarity
and visibility. These techniques are widely used in image
processing to enhance the quality of images captured in poor
atmospheric conditions.

Haze is an atmospheric phenomenon that reduces
visibility due to the scattering of light by small airborne
particles such as dust, smoke, or pollutants. This scattering
effect causes images to appear washed out and blurry, making
it difficult to extract meaningful information. Similarly, smoke
is composed of airborne particulates and gases that further
obscure image details, creating additional challenges for
image recognition and analysis.

In  computer vision, dehazing and desmoking
methods utilize image enhancement techniques, deep learning
models, and atmospheric scattering models to reconstruct clear
images. The goal is to improve contrast, remove distortions,
and enhance overall image quality, making it suitable for
applications such as autonomous vehicles, remote sensing, and
surveillance systems.

1.2 Basic Concepts

www.ijsart.com



IJSART - Volume 11 Issue 3 - MARCH 2025

The dehazing and desmoking process involves multiple
computational and theoretical principles that contribute to
image enhancement. Some fundamental concepts include:

1. Atmospheric Scattering Model: This model
describes the degradation of image quality due to the
scattering of light by particles in the atmosphere. It is
mathematically represented as:
where is the observed hazy image, is the scene
radiance (clear image), is the transmission map, and
is the global atmospheric light.

2. Transmission Estimation: Transmission maps
estimate the amount of light reaching the camera
from different regions of the image, which helps in
restoring clarity.

3. Dark Channel Prior (DCP): A statistical approach
that assumes at least one color channel in a clear
image has a low intensity in most regions. This
assumption aids in estimating haze thickness.

4. Convolutional Neural Networks (CNNs): A deep
learning architecture widely used in image processing
to extract features and remove distortions by learning
patterns from labeled datasets.

5. Generative Adversarial Networks (GANSs):
Advanced deep learning models that improve
dehazing by generating high-quality, realistic

dehazed images through adversarial training.

6. Loss Functions: Functions such as Mean Squared
Error (MSE) and Structural Similarity Index (SSIM)
that help optimize Al models by measuring the
difference between predicted and ground-truth
images.

7. Histogram Equalization: A preprocessing technique
that enhances image contrast by redistributing
intensity  values, making  features  more
distinguishable.

Dehazing and desmoking are complex processes that
involve multiple computational techniques and theoretical
principles. One of the primary concepts is the Atmospheric
Scattering Model, which explains how haze and smoke affect
image visibility. According to this model, light gets scattered
due to atmospheric particles, reducing image contrast and
clarity. The mathematical representation of this model is
essential for estimating the transmission map, which helps in
image restoration.

Another crucial concept is Deep Learning for Image
Restoration, where Convolutional Neural Networks (CNNSs)
are widely used for feature extraction and image enhancement.
CNN-based architectures, including encoder-decoder models
and Generative Adversarial Networks (GANs), play a
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significant role in reconstructing clear images from hazy or
smoke-affected inputs. These models learn patterns from
labeled datasets and improve the quality of restored images
over time.

Additionally, Loss Functions and Optimization
Techniques are fundamental to training Al models for
dehazing and desmoking. Metrics such as Mean Squared Error
(MSE), Structural Similarity Index (SSIM), and Peak Signal-
to-Noise Ratio (PSNR) help measure the accuracy of the
restored images. Optimizers like Adam and RMSprop ensure
stable convergence during training, allowing the model to
adapt effectively to different haze and smoke intensities.

Il. OBJECTIVES

The primary objective of this research is to develop a
robust Al/ML-based system capable of effectively removing
haze and smoke from images to enhance visibility and clarity.
The system leverages deep learning techniques to improve
image quality in real-time applications, addressing challenges
in various domains such as surveillance, autonomous
navigation, and remote sensing.

Specific Objectives:

1. Develop an AI/ML Model for
Desmoking

Dehazing and

Implement a deep learning-based approach using
Convolutional Neural Networks (CNNs) and Generative
Adversarial Networks (GANs) to reconstruct clear images
from hazy or smoke-affected inputs.

2. Enhance Image Quality and Visibility

Utilize advanced image processing techniques to
improve contrast, remove distortions, and restore fine details
in degraded images.
3. Optimize Model Performance

Train the model using diverse datasets and fine-tune
hyperparameters to achieve high accuracy in dehazing and

desmoking.

Evaluate performance using metrics such as Peak Signal-to-
Noise Ratio (PSNR) and Structural Similarity Index (SSIM).

4. Enable Real-Time Processing
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Implement an efficient algorithm that can process images in
real time, making it suitable for practical applications in
various industries.

5. Test and Validate in Real-World Scenarios

Assess the system’s effectiveness across different
environmental conditions, including fog, pollution, and
smoke-filled areas.
6. Improve Computational Efficiency

Optimize the model's architecture and reduce
computational complexity to enhance processing speed and
resource efficiency.
7. Enhance Model Generalization

Train the system on diverse datasets to ensure
adaptability across different atmospheric and lighting
conditions.

8. Integrate Adaptive Learning Mechanisms

Implement self-learning and adaptive Al techniques
to improve performance over time based on new data inputs.

9. Develop a User-Friendly Interface

Design an interactive and accessible system interface
for seamless deployment in real-world applications.

10. Explore Future Extensions

Investigate the integration of Transformer-based
models and hybrid Al techniques to further enhance image
clarity and restoration.

By achieving these objectives, this research aims to
contribute to the field of computer vision by providing a
reliable, automated solution for image enhancement in adverse
atmospheric conditions.
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I1l. PROPOSED METHODOLOGY
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IV. METHODOLOGY

The proposed dehazing and desmoking system
follows a structured methodology to ensure accurate image
restoration. The methodology consists of the following steps:

3.1 Data Collection and Preprocessing

Dataset Acquisition: Collect hazy and clear image pairs from
open-source datasets and real-world environments.

Preprocessing Techniques:

Image Normalization: Scale pixel values to a fixed range.
Data Augmentation: Apply transformations like rotation,
flipping, and brightness adjustment.

Histogram Equalization: Enhance contrast for better feature
extraction.

3.2 Model Selection and Architecture

Deep Learning Model: Use CNN or GAN for image
restoration.

Architecture Design:

Encoder: Extract features from input images.

Decoder: Reconstruct the dehazed/desmoked image.

Skip Connections: Improve image details by linking encoder
layers to decoder layers.

3.3 Training and Optimization

Training Process:
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Use supervised learning with paired input-output
images.Employ batch processing for efficient training.

Loss Functions:

Mean Squared Error (MSE): Measure pixel-wise error.
Structural Similarity Index (SSIM): Compare structural
differences between images.

Optimization Techniques:

Adam optimizer for stable gradient updates.Learning rate
scheduling to prevent overfitting.

3.4 Evaluation and Testing
e Performance Metrics:

Peak Signal-to-Noise Ratio (PSNR) to measure image clarity.
SSIM to assess structural similarity.

e Testing Scenarios:

Evaluate on synthetic and real-world images.
Compare results with traditional dehazing algorithms.

3.5 Deployment and Application
Real-Time Processing: Optimize model for fast inference.

User Interface Development: Create an interactive tool for
easy usage.

Application Areas:

Surveillance and security systems.

Autonomous vehicles and smart transportation.

Remote sensing and environmental monitoring.

This structured methodology ensures that the dehazing and
desmoking system is effective, efficient, and applicable to
real-world scenarios.

V. ADVANTAGES
The AIl/ML-based dehazing and desmoking system offers
several key advantages that make it a superior choice over
traditional dehazing methods:

1. Enhanced Image Clarity

Removes haze and smoke effectively, improving visibility and
contrast in degraded images.
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2. Automated Process
Unlike traditional manual techniques, the deep learning model
automates the dehazing process, reducing human intervention.

3. Real-Time Processing

Optimized for fast execution, allowing real-time image
restoration for critical applications such as surveillance and
autonomous navigation.

4. Improved Accuracy

Utilizes advanced deep learning techniques like CNNs and
GANSs to achieve higher accuracy compared to conventional
image enhancement methods.

5. Robust Generalization

Trained on diverse datasets to perform well under different
atmospheric conditions, ensuring adaptability across various
real-world scenarios.

6. Noise and Artifact Reduction

Effectively reduces unwanted noise and artifacts introduced
during the dehazing process, preserving fine image details.

7. Scalability and Flexibility

Can be adapted to different environments, including satellite
imaging, traffic monitoring, and underwater vision
enhancement.

8. Optimized Computational Efficiency

Employs efficient model

techniques to minimize
compromising performance.

architectures and optimization
processing overhead without
9. Integration with Existing Systems

Can be easily integrated into existing surveillance and
autonomous vehicle systems to enhance visibility in real time.

10. Future-Proof and Extensible
Can be further improved by incorporating advanced Al
techniques such as Transformer-based models and self-

learning mechanisms.

11. Supports Multiple Image Formats
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The system can process various image formats (JPEG, PNG,
TIFF, etc.), making it compatible with diverse applications.

12. Reduces Dependence on Expensive Sensors

By improving visibility through software-based enhancement,
it reduces the need for costly specialized hardware sensors.

VI. CONCLUSION

The proposed Al/ML-based dehazing and desmoking
system successfully addresses the challenges posed by haze
and smoke in images, significantly improving visibility and
image clarity. By leveraging deep learning techniques such as
Convolutional Neural Networks (CNNs) and Generative
Adversarial Networks (GANs), the system effectively
reconstructs clear images from degraded inputs. This approach
outperforms traditional dehazing techniques by reducing
artifacts, enhancing contrast, and preserving fine details.

The research demonstrates the system’s effectiveness
through extensive training on diverse datasets and evaluation
using performance metrics such as Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index (SSIM). Results
indicate that the Al-driven model achieves high accuracy in
image restoration while maintaining computational efficiency,
making it suitable for real-time applications. The ability to
generalize across different environmental conditions ensures
adaptability in various fields, including surveillance,
autonomous navigation, and remote sensing.

Moreover, the proposed system is scalable and can be
further optimized by integrating advanced deep learning
techniques, such as Transformer-based models and self-
learning mechanisms. Future improvements may focus on
enhancing real-time processing speed, expanding dataset
diversity, and reducing computational overhead. Additionally,
incorporating adaptive learning capabilities will enable the
model to continuously improve based on real-world feedback,
increasing its robustness and efficiency over time.

In conclusion, this study contributes to the
advancement of computer vision by providing an innovative
and automated solution for image dehazing and desmoking.
The implementation of AI/ML in this domain not only
improves image clarity but also paves the way for future
research and development in visibility —enhancement
technologies.  With  continued  improvements  and
optimizations, this system has the potential to revolutionize
various industries where clear visual perception is critical.
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