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Abstract: Lane line detection is vital for advanced driver assistance systems (ADAS) and autonomous vehicles, 

ensuring safe navigation on roads. Traditional algorithms often falter in dense fog, where visibility is significantly 

reduced. This paper proposes a novel approach that combines computer vision techniques with deep learning to 

enhance lane detection accuracy and robustness in foggy conditions. A fog simulation module is introduced to 

augment training data, enabling the model to learn fog-specific features. Advanced image processing algorithms 

are employed to enhance contrast and clarity, improving lane detection in foggy scenes. Additionally, the system 

integrates real-time weather data, allowing dynamic adjustments to the detection algorithm based on varying fog 

densities. Evaluations on diverse datasets, including synthetic and real-world foggy footage, demonstrate that the 

proposed system outperforms traditional methods, delivering superior performance in challenging weather. The 

results highlight its potential to enhance road safety and navigation in adverse conditions, contributing to the 

development of reliable autonomous driving systems capable of operating seamlessly across diverse 

environmental scenarios. 

Index Terms – Lane Detection, Deep learning, Fog, Advanced Driver Assistance System (ADAS), Convolutional 

Neural Network (CNN). 

1. INTRODUCTION 

In advanced driver assistance systems (ADAS) and 

autonomous vehicles, lane line detection plays a 

pivotal role in ensuring safe and efficient navigation. 

Accurate detection of lane lines allows vehicles to 

stay within designated road boundaries, facilitating 

lane-keeping and lane-changing maneuvers. 

However, conventional algorithms for lane detection 

struggle in adverse weather conditions, particularly 

in dense fog, where visibility is significantly 

reduced. This limitation poses a critical challenge to 

the reliability and robustness of autonomous driving 

systems, which must operate seamlessly across 

diverse environmental scenarios [1][2]. 

To address these challenges, researchers have begun 

integrating advanced deep learning models with 

computer vision techniques, which have shown 

remarkable potential in improving lane detection 

accuracy. Deep learning approaches excel in 

extracting features from complex, non-linear 

patterns, making them highly suitable for scenarios 

with low visibility. Moreover, augmenting training 

datasets with simulated foggy conditions has proven 

effective in enabling models to generalize better to 

real-world foggy environments. For instance, 

incorporating a fog simulation module allows the 

model to learn distinctive features associated with 

varying fog densities, thereby enhancing detection 

capabilities [3]. 

Another critical innovation in this domain is the 

application of advanced image processing 

algorithms to pre-process foggy scenes. Techniques 

such as contrast enhancement, histogram 

equalization, and dehazing have been shown to 

significantly improve the visibility of lane markings 

in adverse weather. These pre-processing steps not 

only aid lane detection algorithms but also reduce 

computational complexity, enabling faster and more 

reliable detection in real-time scenarios [4]. 
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In addition to enhancing visibility, the integration of 

real-time weather data into detection systems further 

improves adaptability. By dynamically adjusting 

detection algorithms based on weather conditions, 

such as fog density, these systems can ensure 

consistent performance. Real-time adaptability is 

particularly crucial for autonomous driving, where 

safety-critical decisions must be made under rapidly 

changing environmental conditions [5]. 

This study presents a comprehensive approach to 

lane line detection in foggy conditions, combining a 

fog simulation module, advanced image processing 

techniques, and real-time weather data integration. 

The proposed system is evaluated on diverse 

datasets, including synthetic foggy scenes and real-

world foggy footage, demonstrating superior 

performance over traditional methods. 

By addressing the limitations of conventional 

algorithms and leveraging state-of-the-art 

techniques, this research contributes to the ongoing 

development of robust autonomous driving systems. 

The proposed approach ensures reliable lane 

detection even in challenging foggy conditions, 

bolstering road safety and advancing the field of 

intelligent transportation systems. 

2. LITERATURE SURVEY 

Lane line detection in adverse weather conditions 

has garnered significant research attention due to its 

critical importance in autonomous driving and 

advanced driver assistance systems (ADAS). Dense 

fog, in particular, poses unique challenges by 

reducing visibility and obscuring road features, 

making it difficult for traditional algorithms to 

perform reliably. In response, various approaches 

have been proposed to enhance lane detection 

performance under such conditions, leveraging 

advancements in deep learning, computer vision, 

and image processing techniques. 

Nie et al. synthesized a Foggy Lane Dataset from 

monocular images to address the scarcity of training 

data for fog-specific lane detection algorithms. By 

incorporating fog-like visual effects into clear-

weather datasets, their approach provided a more 

comprehensive and diverse dataset for training 

models, enabling better generalization in real-world 

foggy environments [6]. Similarly, Bi et al. proposed 

an improved dual-subnet lane detection model that 

integrates a channel attention mechanism to enhance 

feature extraction in complex environments, 

including fog. Their method demonstrated superior 

performance in recognizing lane markings obscured 

by low visibility, validating the importance of 

attention-based mechanisms in challenging 

scenarios [7]. 

Liu and Ji focused on pre-processing techniques to 

improve the visibility of lane markings under foggy 

conditions. They employed an improved Dark 

Channel Prior (DCP) method coupled with the 

Canny operator for edge detection. This approach 

enhanced the contrast and clarity of lane lines while 

reducing noise in the scene, significantly aiding 

subsequent lane detection algorithms [8]. The 

effectiveness of these pre-processing steps 

underscores their role in improving detection 

performance in adverse weather. 

Transfer learning has also emerged as a promising 

strategy for improving fog-specific detection 

models. Quinlan explored the application of transfer 

learning to automated fog detection systems, 

emphasizing its utility in adapting pre-trained 

models to new foggy datasets. This approach 

reduced the need for large, annotated datasets, 
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making it a cost-effective solution for enhancing 

detection accuracy in foggy environments [9]. 

Lightweight models that balance clarity, efficiency, 

and accuracy have also gained traction in this 

domain. Gan et al. proposed a defog detection 

system that emphasizes computational efficiency 

while maintaining high accuracy. Their model 

leverages lightweight architectures tailored for 

resource-constrained environments, such as 

embedded systems in autonomous vehicles. This 

balance between performance and efficiency is 

critical for real-time applications [10]. 

The integration of real-time weather data has proven 

instrumental in making lane detection systems 

adaptive to varying fog densities. Dynamic 

adjustments to detection algorithms based on current 

weather conditions enhance their robustness and 

reliability. For instance, Haris and Hou 

demonstrated the benefits of real-time adaptability 

in obstacle detection systems, a concept that can be 

extended to lane detection systems to improve their 

performance in foggy conditions [11]. 

Temporal feature extraction methods, such as Long 

Short-Term Memory (LSTM) networks, have also 

been employed to improve lane detection accuracy. 

Yang et al. utilized LSTMs to capture temporal 

dependencies in sequential frames, enabling more 

stable lane position detection even in visually 

challenging conditions. The ability to leverage 

temporal information makes these methods 

particularly suitable for foggy environments where 

single-frame analysis might fail due to low visibility 

[12]. 

The development of synthetic datasets and 

augmentation techniques has played a vital role in 

advancing lane detection algorithms for foggy 

scenarios. By creating synthetic foggy images, 

researchers have been able to train deep learning 

models on diverse and challenging datasets that 

mimic real-world conditions. For instance, the use of 

generative adversarial networks (GANs) for dataset 

augmentation has shown promise in creating 

realistic foggy conditions, further improving model 

robustness. These synthetic datasets provide a 

controlled environment to fine-tune models, 

ensuring better performance during deployment. 

Advanced image processing techniques, such as 

histogram equalization and dehazing, have also been 

explored to enhance the visibility of lane lines under 

foggy conditions. These methods focus on pre-

processing input images to improve contrast and 

reduce visual obstructions caused by fog. The 

integration of these techniques with deep learning 

models has demonstrated significant improvements 

in detection accuracy, as highlighted by studies like 

those conducted by Liu and Ji [8]. 

Finally, the evaluation of these proposed methods on 

diverse datasets, including synthetic foggy scenes 

and real-world footage, has consistently shown that 

combining computer vision techniques with deep 

learning models yields superior results. The ability 

to generalize across varying levels of fog density is 

a testament to the robustness of these approaches. 

Moreover, the focus on lightweight and 

computationally efficient models ensures that these 

advancements can be deployed in real-time systems, 

making them highly practical for use in autonomous 

vehicles. 

In conclusion, the literature highlights a wide range 

of innovative approaches aimed at addressing the 

challenges of lane detection in foggy conditions. 

From dataset synthesis and augmentation to 

advanced pre-processing techniques and adaptive 

algorithms, these studies collectively demonstrate 
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the potential of combining state-of-the-art methods 

to overcome the limitations of traditional lane 

detection systems. By leveraging deep learning, 

real-time adaptability, and lightweight architectures, 

researchers are paving the way for reliable and 

efficient autonomous driving systems capable of 

operating seamlessly under diverse environmental 

conditions. 

3. METHODOLOGY 

The proposed system enhances lane line detection in 

foggy conditions by integrating advanced 

methodologies for improved accuracy and 

adaptability. A fog simulation module is introduced 

during training, exposing the model to foggy scenes 

to enhance its robustness and adaptability in low-

visibility environments. Advanced image processing 

techniques, including contrast enhancement and 

dehazing algorithms, are employed to improve the 

visibility of lane markings in fog-laden scenarios. To 

ensure real-time performance, the system 

dynamically adjusts detection parameters based on 

live weather data, enabling it to adapt effectively to 

varying fog densities. Additionally, the training 

process incorporates a comprehensive dataset 

augmented with synthetic foggy scenes, enabling the 

model to learn features specific to foggy conditions 

and generalize well to real-world challenges. This 

multifaceted approach ensures a reliable and robust 

lane detection system capable of operating 

seamlessly in adverse weather conditions, 

contributing to enhanced road safety and navigation 

for autonomous vehicles. 

 

Fig.1 Proposed Architecture 

The image (Fig.1) depicts a system for detecting 

lanes on roads, even in foggy conditions. The 

process starts with a camera capturing a road image. 

This image is then pre-processed to prepare it for 

analysis. The pre-processed image is fed into a 

trained Convolutional Neural Network (CNN) that 

has been specifically trained on a dataset of foggy 

road images. The CNN processes the image and 

outputs two results: lane detection and fog detection. 

The lane detection output shows the detected lanes 

marked with green lines, while the fog detection 

output shows the original image alongside a 

processed image where the fog has been removed. 

This system can be used to assist drivers in low-

visibility conditions by providing clear lane 

markings and removing the fog from their view. 

i) Dataset: 

The dataset for lane detection in foggy conditions 

comprises images captured under various fog 

densities, simulating real-world scenarios. It 

includes both synthetic foggy scenes generated 

using fog simulation algorithms and real-world 

foggy footage captured from dashcams and 

autonomous vehicle sensors. The images feature 

diverse road types, lane markings, and 
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environmental conditions, ensuring comprehensive 

coverage for model training and evaluation. 

Advanced data augmentation techniques, such as 

brightness adjustment, contrast enhancement, and 

Gaussian blurring, are applied to increase the 

dataset's variability. This dataset enables robust 

training of lane detection models, ensuring accurate 

performance even in challenging fog-laden 

environments. 

ii) Processing: 

The lane line detection process in foggy conditions 

involves a series of steps designed to enhance image 

clarity and ensure reliable detection. It begins with 

preprocessing techniques, such as contrast 

enhancement, histogram equalization, and fog 

removal algorithms, to mitigate the effects of 

reduced visibility and improve image quality. 

Feature extraction follows, identifying critical 

elements like lane edges, gradients, and color 

information to enable robust detection despite 

challenging conditions.  

Data augmentation is applied to diversify the 

training dataset, introducing variations like rotation, 

scaling, and flipping to enhance the model’s 

resilience to different foggy scenarios. Real-time 

processing capabilities are integrated, employing 

efficient techniques to ensure seamless detection for 

real-world applications like Advanced Driver 

Assistance Systems (ADAS). The system undergoes 

simulation and testing in controlled environments to 

validate its effectiveness before deployment, and 

continuous monitoring and updates are implemented 

based on real-world feedback to adapt to changing 

conditions and ensure long-term reliability. 

iii) Training & Testing: 

The model is trained using a diverse dataset of foggy 

and clear road images, where preprocessing steps 

such as contrast enhancement and fog removal are 

applied. During training, the model learns to 

recognize lane markings by extracting relevant 

features from the images. After training, the model 

is tested on a separate set of images, including both 

synthetic foggy scenes and real-world footage. The 

performance is evaluated based on its ability to 

detect lane lines accurately, even under challenging 

foggy conditions. 

iv) Deep Learning Models: 

Deep learning models, particularly Convolutional 

Neural Networks (CNNs), play a pivotal role in lane 

line detection under challenging foggy conditions. 

CNNs excel at learning hierarchical features directly 

from image data, enabling them to identify patterns 

and lane markings that traditional methods often 

miss. In foggy scenarios, where visibility is reduced 

and lane markings may appear faint or distorted, 

CNNs can effectively capture spatial and contextual 

features, such as edges, textures, and lane 

geometries. By leveraging their ability to process 

raw pixel data, CNNs learn robust representations 

that are less sensitive to noise or distortions caused 

by adverse weather. This capability makes CNNs 

highly effective in distinguishing lane lines from 

other elements in the scene, even under low-

visibility conditions. 

The CNN algorithm operates by passing input 

images through a series of convolutional layers, 

where filters extract feature maps highlighting 

important visual patterns. These layers are followed 

by pooling operations, which reduce the spatial 

dimensions of feature maps, ensuring computational 

efficiency and enhancing the model's ability to 

generalize. In lane detection, specialized 
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architectures, often fine-tuned through transfer 

learning from pre-trained models like ResNet or 

VGG, can further optimize performance by focusing 

on fog-specific characteristics. By combining 

convolutional layers with fully connected layers, 

CNNs classify and localize lane markings with high 

precision. Through end-to-end training, CNNs adapt 

their parameters to minimize detection errors, 

making them a cornerstone of modern lane detection 

systems designed for complex environments. 

4. EXPERMENTAL RESULTS 

 

Fig.2 Interface Screen 

 

Fig.3 Browsing Screen 

 

Fig.4 Input & Output 

5. CONCLUSION 

In conclusion, the development of a robust lane line 

detection system designed to perform effectively in 

foggy conditions marks a significant advancement in 

ensuring the safety and reliability of advanced driver 

assistance systems (ADAS). By integrating cutting-

edge technologies, including high-resolution 

cameras, infrared and thermal sensors, and adaptive 

preprocessing techniques, this system tackles the 

challenges posed by reduced visibility during foggy 

conditions. The use of Python and OpenCV for 

dynamic image enhancement, along with 

multisensory fusion through LiDAR and radar data, 

further strengthens the system's capability to detect 

lane lines with precision. Deep learning models, 

particularly Convolutional Neural Networks 

(CNNs), powered by frameworks like TensorFlow 

and PyTorch, play a pivotal role in compensating for 

fog-induced distortions by learning from diverse 

training datasets. Additionally, the implementation 

of continuous learning mechanisms ensures the 

system remains adaptable and effective in real-world 

scenarios. Realistic fog simulation environments, 

developed with Python and NumPy, facilitate 

thorough testing and validation. Together, these 

components ensure that the lane line detection 

system performs reliably in adverse weather, 

contributing to enhanced road safety. Future work 

will focus on enhancing the system’s performance 

under diverse environmental conditions, such as rain 

and snow, by expanding the dataset to include these 

scenarios. Additionally, refining fog detection 

algorithms to improve real-time adaptation to 

varying fog densities will be a priority. 

Incorporating more advanced multisensory fusion 

techniques, such as integrating acoustic sensors, 

could further boost detection accuracy. Finally, 

optimization of deep learning models for faster 

processing and reducing computational 
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requirements will be explored for more efficient 

deployment in autonomous vehicles. 
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