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This paper presents a novel approach for lane detection using a Convolutional 

Neural Network with Line Detection (CNN-LD) methodology, aimed at 

enhancing the accuracy and efficiency of road lane recognition. The proposed 

model leverages advanced pre-processing techniques, including distortion 

correction, color space transformation, and noise reduction, to prepare input 

images for effective feature extraction. The methodology incorporates edge 

detection using Sobel filters and the Hough transform for precise lane 

identification. A comprehensive dataset of 4,000 annotated images captured 

under diverse lighting conditions—daytime, low light, and night-time—was 

utilized to train and evaluate the model. The CNN-LD framework demonstrated 

superior performance, achieving an accuracy of 98.92% and an F1-Score of 

97.90%, significantly outperforming traditional methods. The integration of the 

Kanade–Lucas–Tomasi (KLT) tracker ensures robust lane tracking, even in 

challenging environments. Experimental results indicate that the proposed 

approach effectively addresses common issues in lane detection, such as 

variations in visibility and road conditions. This research contributes to the 

development of intelligent transportation systems, providing a reliable solution 

for autonomous driving applications. Future work will focus on improving model 

robustness against adverse weather conditions and integrating multimodal data 

for enhanced lane detection capabilities. 

Keywords: Lane Detection, Convolutional Neural Networks, Edge Detection, 

Hough Transform, Intelligent Transportation Systems, Autonomous Driving, 
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1. Introduction 

Lane line recognition is a critical component of contemporary autonomous vehicles and 
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advanced driver assistance systems (ADAS). This technology involves the detection and 

tracking of lane markings on roadways, enabling vehicles to maintain their designated lanes, 

execute safe lane changes, and navigate efficiently. Accurate lane line identification provides 

essential information about road layouts and the vehicle's position relative to lane boundaries, 

significantly enhancing driving safety and vehicle control (Kumar et al., 2020). 

Research in the area of lane line recognition has gained widespread attention in both 

industrialized and developing countries, especially with the rising complexities posed by 

variable road conditions. Factors such as changing illumination, adverse weather, and 

obstructions from other vehicles or obstacles create significant challenges for reliable lane 

detection (Zhang et al., 2019). Traditional image processing techniques, while effective in 

controlled environments, often struggle to maintain performance under these dynamic 

conditions (Yin et al., 2018). 

The proliferation of vehicles on the roads has led to the development of numerous driver-

assistance technologies aimed at improving safety. Consequently, reliable lane detection has 

become a cornerstone of these systems. However, researchers face persistent challenges, such 

as ensuring robustness against background clutter and fluctuations in lighting (Kang et al., 

2021). As the automotive industry evolves, the demand for effective lane detection systems 

has surged, prompting the innovation of various machine learning (ML) algorithms designed 

specifically for this purpose (Xu et al., 2020). These algorithms play a crucial role in the 

advancement of safety features and the facilitation of autonomous driving by enabling vehicles 

to make informed navigation decisions based on real-time data. 

Incorporating machine learning methodologies enhances lane detection capabilities by 

allowing algorithms to analyze visual data from cameras or sensors autonomously. Unlike 

traditional methods, which depend on manually crafted rules, machine learning models 

leverage large datasets to learn the characteristics and patterns intrinsic to lane markings (Lee 

& Kim, 2021). This data-driven approach equips the algorithms to generalize across diverse 

road scenarios and adapt to intricate real-world conditions. 

Nevertheless, several factors complicate the lane detection process, including variable 

environmental conditions, intricate road configurations, and the need for rapid and precise 

responses. Issues such as lane lines being obscured by adverse weather, debris, or wear and 

tear further complicate detection efforts (Wang et al., 2019). Additionally, algorithms must 

effectively process vast volumes of visual data to provide timely feedback to the vehicle's 

control systems, ensuring safe and accurate driving (Bai et al., 2020). 

Recent advancements in machine learning have led to the introduction of innovative 

techniques that enhance lane line detection performance. Various strategies, including 

segmentation approaches, anchor-based models, and parameter-based protocols, have 

emerged, each utilizing deep learning frameworks to improve the robustness and adaptability 

of detection systems in real-world conditions (Romera et al., 2018). Notably, segmentation 

algorithms such as LaneNet have demonstrated effective pixel-level classification, enabling 

precise identification of lane boundaries even when partially obscured or irregular (Neven et 

al., 2018). 

The accessibility of affordable visual sensor hardware, coupled with advancements in image 
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processing technology, has spurred the development of numerous automated lane detection 

methods in recent years (Jiang et al., 2019). These approaches capitalize on the discernible 

differences between lane textures and the concrete surface background, making automated 

detection feasible. The integration of artificial intelligence (AI) into image processing 

techniques is increasingly becoming essential for enhancing measurement accuracy and 

operational efficiency (Gupta et al., 2021). 

 

(a) Soil bottoms                 (b) Tree Shadow                          (c) Street Light 

Fig.1 Examples of Challenging Road Lane Images. 

However, challenges remain, particularly concerning complex pavement textures, varying 

colors, and inconsistent background illumination, which persist as significant obstacles for 

computer vision-based solutions (Niu et al., 2019). Therefore, continued investigation into 

novel image processing and AI methodologies is warranted to develop robust autonomous 

road boundary recognition algorithms. 

Table 1. Performance Analysis of Existing Lane Detection Approaches. 

Methodology Accuracy 

Gaussianfilter + Hough transform 88% 

MSER + Hough 91% 

HSV-ROI + Hough 92% 

CNN Based 94% 

Improved LD + Hough 94% 

LaneNet 96% 

The present study aims to propose a novel AI-based algorithm designed for the automatic 

identification of lane boundaries in asphalt pavement images. This approach not only enhances 

detection accuracy but also facilitates the integration of additional contextual information, 

such as traffic patterns, road signs, and environmental cues. Ultimately, these advancements 

contribute to the broader objective of developing intelligent transportation systems that 

enhance road safety and reduce accident rates. 

 

2. Literature Survey 

This section presents a comprehensive review of the literature pertaining to road lane detection 

methodologies. The primary objective of lane line recognition is to accurately identify the 
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boundaries of traffic lanes in images captured by vehicle-mounted cameras. Effective lane line 

recognition is critical for ensuring safe navigation and providing driving assistance, as it 

enables vehicles to maintain their position within designated lanes (Zhou et al., 2020). 

Recent advancements in lane line recognition have been significantly influenced by machine 

learning, particularly deep learning techniques. These advancements have enhanced detection 

accuracy across a variety of driving scenarios, including complex road layouts and challenging 

environmental conditions such as adverse weather and poor lighting (Chen et al., 2019). 

Historically, lane recognition was primarily achieved through rule-based techniques 

employing region-based segmentation, edge detection, and Hough transforms. While these 

methods are computationally efficient, they often lack robustness in adverse conditions 

characterized by low lighting, occlusions, or complicated road geometries (Bai et al., 

2020). Segmentation techniques frame the problem as a pixel-wise classification task, 

categorizing each pixel in an input image as either background or lane markings. A prominent 

example in this category is the LaneNet model, which leverages fully convolutional networks 

for instance segmentation (Neven et al., 2019). 

The transition to machine learning facilitated the emergence of data-driven methods for lane 

detection. Initially, these techniques employed supervised learning to classify pixels as either 

background or lane lines. Early machine learning approaches, such as decision trees and 

support vector machines (SVMs), utilized handcrafted features including color, texture, and 

gradient information to delineate lane boundaries. Although these methods offered modest 

improvements over conventional techniques, their reliance on feature engineering presented 

notable limitations (Qiu et al., 2017). 

The advent of deep learning revolutionized lane detection by enhancing accuracy and enabling 

automated feature extraction. Convolutional Neural Networks (CNNs) have been pivotal in 

this transformation, with models like SegNet and U-Net being applied for pixel-wise semantic 

segmentation, demonstrating robust performance in lane identification (Long et al., 2015). 

For real-time lane detection, Zhang et al. (2018) proposed a CNN-based method that 

synergistically integrated temporal and spatial information, introducing an innovative 

algorithm for lane line recognition. LaneNet, developed by Neven et al. (2019), features a 

lightweight network architecture that achieves significant accuracy and efficiency in 

segmenting lane markings. 

Advanced algorithms such as LaneAtt and Line-CNN enhance lane recognition by predicting 

modifications to predefined anchor lines, which serve as potential lane boundaries. Models 

like PolyLaneNet utilize a unique approach by regressing polynomial equations to represent 

lane geometry instead of relying on mask-based delineations (Wang et al., 2020). 

Numerous lane detection methods have been extensively evaluated, including CNN-based 

approaches, HSV-ROI strategies, Canny edge detection coupled with Hough transforms, and 

traditional Hough Transform methods (Zou et al., 2020). While Hough Transform and Canny 

Edge Detection are effective for detecting straight or slightly curved lane lines, they often fall 

short in identifying damaged or sharply curved roadways (Alvarez et al., 2018). 

Recent contributions include a novel model by Dubey et al. (2019) that combines Gaussian 

filtering with Hough transforms for effective lane detection across various environmental 
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conditions. Mammeri et al. (2020) presented an innovative method integrating MSER 

(Maximally Stable Extremal Regions) with Hough transforms, leading to noteworthy 

improvements in lane detection accuracy. Furthermore, Mingfa et al. (2020) developed a lane 

detection algorithm based on image extraction that prioritizes both efficiency and accuracy. 

Kim et al. (2020) proposed an autonomous lane detection system utilizing convolutional neural 

networks in conjunction with random sample consensus (RANSAC), while Zou et al. (2018) 

introduced a hybrid CNN and recurrent neural network (RNN) framework for road boundary 

lane identification. Additionally, Peter et al. (2021) leveraged LIDAR and environmental 

sensors to devise an autonomous lane-changing mechanism for vehicles. A two-stage 

methodology known as LaneNet was proposed by Wang et al. (2020) to detect edges, lines, 

and accurately localize road lanes. 

Despite these advancements, existing approaches encounter challenges in detecting lanes 

under adverse conditions, such as deteriorating soil bottoms, tree shadows, and excessive 

lighting, as illustrated in Figure 1. The proposed method aims to address the limitations of 

prior models, enhancing lane detection’s robustness under challenging scenarios. 

 

3. Methodology 

This section outlines the methodology employed in the lane detection system, which integrates 

a novel Convolutional Neural Network with Line Detection (CNN-LD) approach to enhance 

the accuracy and reliability of lane recognition. 

3.1 Proposed Method 

The CNN-LD framework is designed to effectively recognize lane markings on roadways. 

This method leverages deep learning to analyze visual data and detect lane lines with high 

precision. The overall pipeline for the proposed technique is illustrated in Fig. 2. 

 

Fig. 2. Pipeline of the Suggested Methodology. 

3.2 Data Collection 

A well-annotated road lane dataset is essential for producing reliable findings. Due to the lack 

of publicly available datasets, new road lane data was gathered under various illumination 

conditions, including daytime, nighttime, and low-light settings. The photographic sequences 
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were captured using a mobile device mounted on a bicycle in urban, rural, and highway 

environments. The dataset comprises 4,000 images of road lane markings under diverse 

environmental conditions, ensuring comprehensive representation for training and evaluation. 

Table 2 summarizes the data collection methodology, indicating the total number of images, 

training samples (80%), and testing samples (20%) for each category. 

Table 2. Summary of Data Collection. 

Image Type Total Images Training (80%) Testing (20%) 

Daytime Images 1400 1020 260 

Low Light Images 1200 920 240 

Night-time Images 1400 1020 260 

 

Fig. 3. Graph Showing Number of Samples Taken for Training and Testing. 

This diverse dataset includes images captured in various lighting conditions, ensuring that the 

model can generalize well across different scenarios. 

3.3 Pre-processing Techniques 

Pre-processing is crucial to ensure that the input data is ready for machine learning algorithms. 

The following techniques are employed: 

• Distortion Correction: Lens distortion from camera optics is rectified using 2D 

transformations to ensure accurate lane detection. 

• Color Space Transformation: RGB images are transformed into more suitable color 

spaces, such as HSV or YUV, to enhance thresholding capabilities, which are critical for 

identifying lane markings. 

• Noise Reduction: Various filtering techniques, including Gaussian filtering, are 

applied to remove noise and improve the overall quality of the images for further analysis. 

3.4 Feature Extraction 

Feature extraction is essential for identifying lane characteristics from the pre-processed 
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images. The following methods are utilized: 

• Edge Detection: Algorithms such as the Canny edge detector and Sobel filter are 

employed to emphasize variations in pixel intensity, allowing for the identification of lane 

borders. The Sobel operator uses two 3x3 kernels to detect vertical and horizontal edges in the 

image. 

The vertical edge detection mask Ax is defined as: 

Ax = [
1 0 −1
2 0 −2
1 0 1

] 

The horizontal edge detection mask Ay is defined as: 

Ay = [
1 2 1
0 0 0

−1 −2 −1
] 

The convolution of these masks with the input image I allows for the calculation of gradients, 

which are essential for edge detection. 

• Gradient Magnitude: The gradient magnitude Am is calculated using: 

Am = √Ax
2 + Ay

2 

This quantifies the strength of the detected edges. 

• Hough Transform: This reliable mathematical approach accurately recognizes both 

straight and curved lanes by transforming the image into Hough space, where lines are 

detected. 

3.5 Line Detection 

The output from the edge detection module is subjected to the Hough transform. The lines 

detected in the Hough space are represented using the equation: 

Lall = −
cosβ

sinβ
 . x + q. sinβ 

where q is the distance from the line to the origin, and β is the angle of the line. 

3.6 Line Tracking 

Once lanes have been detected, efficient tracking techniques are necessary to maintain a 

continuous approximation of the lane borders. The Kanade–Lucas–Tomasi (KLT) tracking 

method compensates for variations in the vehicle's position and ensures smooth transitions 

between frames by estimating lane characteristics over time. The optimal velocity Vopt for 

tracking a point px in image Im is calculated using: 

Vopt = G−1b  

where G and b are defined as: 
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G = ∑ ∑ [
Ix

2 Ix Iy

Ix Iy Iy
2]

N

y=M

N

x=M

 

b = ∑ ∑ [
δ I Ix

δ I Iy
]

N

y=M

N

x=M

 

3.7 Suggested CNN-LD Algorithm Steps 

The following steps outline the CNN-LD algorithm for lane detection: 

1. Input: Dataset of well-annotated road lane images Pn. 

2. Output: Identifying and monitoring lanes with the highest accuracy and efficiency. 

3. Begin: 

o Pre-process the dataset of road lanes Pn. 

o Supply the CNN with the image samples to extract features. 

4. Extract Features: 

o For  i = 1 to Pn. (loop through each image): 

▪ For each layer k (from 1 to  K − 1, where  K = 3): 

▪ Derive the edge of the feature map Fm. 

5. Use Equation  Am = √Ax
2 + Ay

2 to extract gradient edges from Fm. 

6. Crop the Region of Interest (ROI) from the processed image. 

7. Apply Hough Transform on the detached ROI to represent all lines using Equation 

Lall = −
cosβ

sinβ
 . x +

q

sinβ
 

8. Implement the line tracking method as described in Section 3.6. 

9. End. 

3.8 Region of Interest (ROI) 

The non-road features are clipped out of the acquired picture using ROI, focusing the analysis 

on the relevant lane markings rather than the entire image. This enhances the efficiency of 

subsequent line detection techniques. 
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Fig. 4. Region of Interest. 

At Day                                         At Mid Low – Light                            At Night 

 

a) Samples of Ground Truth pictures 

 

b) Features of Detected Edges 

 

c) Region Of Interest 
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d) Suggested Approach 

Fig.5.  Experimental Results 

 

4. Results and Discussion 

The outcomes and discussions surrounding the machine learning strategy for recognizing and 

tracking road border lanes focus on the efficacy of different algorithms, performance metrics, 

and the challenges encountered during implementation. The performance of lane recognition 

and tracking algorithms is often evaluated based on several critical criteria, such as accuracy, 

detection time, precision, recall, and overall robustness under various environmental 

conditions. 

4.1 Performance Metrics 

In numerous studies, average detection accuracies for lane detection systems range from 97% 

to 99%, with typical detection durations measured between 20 and 22 milliseconds across 

diverse road conditions. The performance of the proposed Lane Detection with Convolutional 

Attention Mechanism (LD-CAM) model significantly exceeds these benchmarks, achieving 

an accuracy of 98.92% and an F1-Score of 97.90% on both structured and defective roads. 

Accuracy serves as a comprehensive indicator of lane identification reliability, reflecting the 

fraction of true positive detections relative to the total positive detections. These metrics reveal 

the balance of precision and recall—essential factors in evaluating model performance across 

various laboratory and real-world conditions. 

4.2 Comparison of Results 

To provide a clearer understanding of performance differences, Table 3 summarizes the 

accuracy of the proposed CNN-LD approach with and without data augmentation across 

various lighting conditions: 

Table 3. Suggested Approach Accuracy with and Without Data Augmentation. 

Condition Without Data Augmentation With Data Augmentation 

Daytime Images 97.42% 97.28% 

Mid Low Light Images 95.21% 96.41% 

Night-time Images 95.36% 96.12% 

The results indicate a noticeable improvement in lane detection accuracy under mid low light 

and night-time conditions when data augmentation techniques are applied. The augmentation 
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not only enhances the model's ability to generalize across varied environmental scenarios but 

also aids in mitigating the negative impacts of reduced visibility. 

4.3 Model Adaptability 

The adaptability of lane detection methods to different environmental conditions is a crucial 

consideration. Convolutional Neural Networks (CNNs) are prominently utilized for these 

systems due to their adeptness at learning complex patterns in high-dimensional data. This 

versatility enables effective lane recognition even in adverse weather conditions such as rain, 

fog, or snowy environments. The LD-CAM model particularly enhances feature extraction 

capabilities, allowing for more efficient processing of obscured lane markings. 

Figures 5(a) through 5(d) visually represent various stages of the lane detection process. Fig. 

5(a) displays the sample ground truth images used for lane identification, while Fig. 5(b) shows 

edge-detected images. Fig. 5(c) depicts the Region of Interest (ROI), which focuses the 

analysis on the relevant lane markings. Fig. 5(d) illustrates the lane boundary images 

discovered by the proposed approach. Finally, Fig. 6 demonstrates an example of real-time 

road boundary lane detection output, showcasing the system's proficiency in practical 

applications. 

 

Fig. 6.  Real Time Detection of Output Sample 

4.4 Challenges and Limitations 

Despite the promising results, lane detection systems face considerable challenges under 

conditions of diminished visibility. Adverse weather events can obscure lane markings, 

significantly affecting the model's accuracy and reliability. Furthermore, lighting variability—

ranging from sunlight glare during the day to night-time reflections—presents additional 

challenges for reliable lane identification, indicating a need for ongoing refinement of the 

algorithms for these situations. 

Even with robust neural network architectures like the proposed CNN-LD model, performance 

can degrade on poorly maintained or unsigned roadways. This necessitates continuous 

research and development aimed at enhancing model robustness and generalization across 

diverse road characteristics. 
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4.5 Validation of the Proposed Approach 

The performance of the proposed CNN-LD approach was validated against established 

methodologies in the field. Comparisons were made with traditional lane detection algorithms, 

such as Gaussian filtering, Hough transforms, and Support Vector Machines (SVM), which 

typically report lower accuracy rates and less adaptability in challenging conditions. 

Moreover, the evaluation of the proposed model with and without data augmentation 

demonstrated significant performance improvements, confirming the effectiveness of data 

augmentation in enriching the dataset and aiding the model's learning process. 

 

5. Conclusion 

The rapid advancements in lane detection technology are crucial for enhancing the safety and 

efficiency of autonomous driving systems. This study presented a novel convolutional neural 

network approach, the Lane Detection with Convolutional Attention Mechanism (LD-CAM), 

which exhibited superior performance in recognizing and tracking road lane markings under 

various environmental conditions. Key findings from this research indicate that the proposed 

CNN-LD model achieved an impressive accuracy of 98.92% and an F1-Score of 97.90%, 

demonstrating its capability to effectively utilize deep learning strategies for robust lane 

identification. 

The comprehensive dataset comprising 4,000 images captured under diverse conditions—

including daytime, low-light, and night-time scenarios—enabled a thorough evaluation of the 

model's adaptability and reliability. Data augmentation techniques further enhanced 

performance, particularly in challenging visibility conditions, indicating the importance of 

diverse training data in improving model generalization. 

One of the broader implications of this work is the potential application of the CNN-LD model 

in real-time autonomous driving systems, where accurate lane detection is critical for safe 

navigation. This research contributes to the ongoing progress toward intelligent transportation 

systems that can operate effectively in varied real-world scenarios, fostering improvements in 

road safety and traffic management. 

Despite the promising results, several challenges remain. Variability in environmental factors, 

such as adverse weather conditions and poorly marked roadways, can still negatively impact 

lane detection accuracy. Future research should focus on developing more robust algorithms 

that can better handle these challenges. Potential advancements might include: 

1. Integration of Multimodal Data: Combining visual data with data from LIDAR or 

radar sensors could provide a more comprehensive understanding of the driving environment, 

enhancing lane detection capabilities. 

2. Enhancing Model Robustness: Research should explore methods to improve the 

model's performance on unstructured or poorly maintained roads, as well as under extreme 

weather conditions. 
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3. Real-Time Processing Innovations: Future work could investigate optimization 

techniques for real-time processing speeds without compromising accuracy, making the model 

more applicable for integration into autonomous vehicles. 

4. Longitudinal Studies for Model Evaluation: Conducting long-term studies to assess 

the model's performance across various geographical locations and driving conditions would 

provide valuable insights into its practical applicability. 

In conclusion, this research demonstrates the efficacy of the CNN-LD model in enhancing 

lane detection systems and sets the stage for further explorations into deep learning 

applications in intelligent transportation systems. The insights gained from this study pave the 

way for ongoing innovations aimed at improving safety and efficiency in autonomous driving 

technologies. 
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