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Abstract:  Road lane-line detection is pivotal for autonomous driving systems and advanced driver-

assistance systems (ADAS). However, in complex traffic scenes, challenges like shadows, road blurriness, 

and sparse markings hinder accurate detection and real-time performance. This project addresses these issues 

by implementing a lane-line detection algorithm using Python and OpenCV. The algorithm enhances 

detection by preprocessing images, employing techniques like color thresholding and edge detection, and 

utilizing Hough transform for lane boundary identification. It provides a comprehensive guide covering image 

processing, computer vision, and OpenCV, along with strategies to overcome challenges. Moreover, it 

introduces a multi-stage algorithm incorporating preprocessing, feature extraction, instance segmentation for 

precise lane delineation, and post-processing for refined results. Through experimentation, this approach 

demonstrates superior performance, ensuring reliable lane detection across diverse road conditions and 

environments, thereby contributing to the advancement of autonomous driving technology. 

 

Index Terms - Lane Detection, Computer Vision, Canny Edge Detection, Gaussian Blur, Region of 

Interest, 

Hough Transform, open CV, ADAS, Intersection over Union (IoU) or Mean Average Precision 

(MAP). 

I. INTRODUCTION 

 

With the rise in urban traffic, safety on the roads is becoming increasingly critical. Many accidents occur 

due to drivers veering out of their lanes, often due to slow reactions or disorganization. It's essential for both 

drivers and pedestrians to stick to their lanes for safe travel. Computer vision technology, a part of artificial 

intelligence, helps understand images and videos. One key task is recognizing lane markings on roads, making 

driving safer and traffic smoother. This technology can range from showing lane positions on screens to 

advanced features like automated lane switching, easing traffic congestion. Accurate lane detection is vital for 

warning systems in cars. They can alert drivers if they're drifting out of their lanes, preventing accidents. 

However, detecting lanes can be tricky in poor road conditions or bad weather. This project aims to solve these 

challenges by creating an algorithm that spots lane markings in road videos. By installing this system in 

vehicles, accidents from careless driving can be reduced. It'll also help keep school buses safe and allow 

monitoring of driver behavior by transportation authorities, improving road safety overall. 

Despite advancements in autonomous driving technology, accurate lane detection remains a challenge in 

complex traffic environments. Factors such as shadows, blurred roads, and sparse lane markings often lead to 

low detection accuracy and poor real-time performance. Existing lane detection algorithms struggle to reliably 

identify lane boundaries under these conditions, posing risks to road safety. The primary issue lies in the 

inability of current algorithms to effectively handle the diverse and dynamic nature of real-world traffic 
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scenarios. Traditional methods often rely on simplistic approaches that are insufficient in addressing the 

complexities of varying lighting conditions, road surface conditions, and other environmental factors.  

Furthermore, the lack of robustness in lane detection algorithms hampers their applicability in practical 

settings, such as autonomous vehicles and driver-assistance systems. Inaccurate lane detection can result in 

erroneous vehicle maneuvers, increasing the likelihood of accidents and endangering road users. Thus, there is 

a pressing need to develop a lane detection algorithm that can accurately and reliably identify lane boundaries 

in complex traffic scenes. This algorithm should be capable of handling challenges such as shadows, blurred 

roads, and sparse lane markings while maintaining real-time performance. By addressing these issues, the 

proposed solution aims to enhance road safety and advance the capabilities of autonomous driving systems and 

driver-assistance technologies. 

 

 

II. MOTIVATION 

 

       The reason we're doing this project is to make sure cars can see and understand the lanes on the road 

better. It's like giving them eyes to see where they should be driving. By doing this, we hope to make driving 

safer and smoother, especially for cars that can drive themselves. We're trying to make it easier for them to 

stay in their lanes and avoid accidents. Ultimately, we want to improve how cars see and interact with the 

road, making driving safer and more reliable for everyone. 

 

III. OBJECTIVES 

 

 Develop a robust lane detection algorithm using computer vision techniques, particularly focusing 

on OpenCV and Python. 

 Enhance the accuracy of lane detection in complex traffic scenes, including scenarios with shadows, 

blurred roads, and sparse lane markings. 

 Improve real-time detection speed to ensure timely response in autonomous driving and driver-

assistance systems. 

 Implement preprocessing techniques to enhance lane visibility and mitigate image imperfections 

that may affect detection accuracy. 

 Utilize advanced methods such as color thresholding, edge detection, and perspective transformation 

to isolate lane markings effectively. 

 Explore instance segmentation techniques to precisely delineate lane boundaries in challenging 

environments. 

 Evaluate the algorithm's performance through extensive experimentation on diverse datasets 

containing complex traffic scenarios. 

 Compare the proposed algorithm with existing lane detection methods to assess its effectiveness and 

potential for deployment in real-world applications. 

 Provide a comprehensive guide and documentation for implementing the lane detection algorithm, 

covering essential concepts in computer vision and OpenCV. 
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IV. RELATED WORK 

 

Sr. 

No. 

Author 

Name 

Work Algorithm 

Used 

Method Used 

1. Wangfeng 

Cheng et 

al.[1] 

Lane Line 

Detection 

Algorithm 

Based on 

Instance 

Segmentation[1] 

Instance 

Segmentation 
 Preprocessing, Feature Extraction, 

Instance Segmentation, Post-

processing.  

 The proposed algorithm achieves 

precise lane detection even in 

complex traffic scenes by leveraging 

instance segmentation techniques.  

 High accuracy 

2. Prof. 

Asmeeta et 

al. [2] 

Real Time 

Road Lane 

Detection 

System[2] 

Hough 

Transform 
 Pre-processing, Hough Transform 

 The system provides real-time lane 

detection, suitable for integration into 

autonomous driving systems and 

driver-assistance technologies. 

 High accuracy 

3. Priyanka 

Kumaris[3] 

Real-Time 

Lane Detection 

for Self-

Driving Cars 

using 

OpenCV[3] 

 

OpenCV 
 Preprocessing, Edge Detection, 

Hough Transform 

 The real-time lane detection system 

effectively identifies lane boundaries, 

contributing to the safety and 

autonomy of self-driving cars. 

 High accuracy 

4. R Shreyas et 

al. [4] 

Real Time 

Road Lane 

Detection 

Using Deep 

Convolutional 

Neural 

Network[4] 

Deep 

Convolutional 

Neural 

Network 

 Pre-processing, CNN 

 The CNN-based approach enables 

real-time lane detection with high 

accuracy, making it suitable for 

deployment in autonomous vehicles. 

 High accuracy 

5. Salna Joy et 

al. [5] 

Real Time 

Road Lane 

Detection 

using 

Computer 

Vision 

Techniques in 

Python[5] 

Computer 

Vision 

Techniques 

 Preprocessing, Feature Extraction, 

Lane Detection 

 The proposed system achieves real-

time lane detection using computer 

vision techniques, demonstrating 

effectiveness in various road 

conditions. 

 Moderate to high accuracy 

 

V. PROPOSED APROACH 

 

The proposed design of convolutional neural network (CNN) architecture tailored for lane detection. The 

architecture consists of multiple convolutional layers followed by pooling layers for feature extraction. Utilize 

skip connections or dense connections to capture both low-level and high-level features effectively.  It 

incorporates layers for up-sampling or transposed convolutions to increase spatial resolution and maintain 

localization accuracy. Output layer generates lane probability maps or binary masks indicating the presence 

of lane markings. 

 

 Image Thresholding: In this method, the pixel values of a grayscale image are assigned one of the 

two values representing black and white colours based on a threshold value. So, if the value of a pixel 

is greater than a threshold value, it is assigned one value, else it is assigned the other value. As you 

can see figure 5 and 6, after applying thresholding on the masked image, we get only the lane markings 

in the output image. Now we can easily detect these markings with the help of Hough Line 

Transformation. 
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 Hough Line Transformation: Hough Transform is a technique to detect any shape that can be 

represented mathematically. It can detect shapes like rectangles, circles, triangles, or lines. We are 

interested in detecting lane markings that can be represented as lines. Applying Hough Line 

Transformation on the image after performing image thresholding will give us the below figure 6. 

output. 

 

 Region of Interest (ROI) Selection: A region of interest was defined to focus lane detection efforts 

on the relevant portion of the image. This helped reduce computational complexity and improve 

detection speed. 

 

 Lane Detection: The Hough transform algorithm was employed to detect lines representing lane 

boundaries in the ROI. This allowed for robust lane detection even in challenging scenarios. 

 

 Instance Segmentation: To enhance lane detection accuracy, instance segmentation techniques were 

explored. This involved precisely delineating lane boundaries using advanced computer vision 

algorithms. 

 

 Post-processing: Finally, post-processing techniques were applied to refine lane detection results and 

improve overall accuracy. This included filtering out noise and spurious detections to produce more 

reliable outcomes. 

 

VI. SYSTEM ARCHITECTURE 

 

 
Fig.1: System Architecture diagram 

 

The architecture of the proposed network for robust lane detection in continuous driving scenes using 

deep neural networks likely consists of several key components tailored for this specific task. This layer 

receives the input data, which in this case would be images or frames from a continuous driving scene. 

These layers typically form the backbone of the network and are responsible for extracting hierarchical 

features from the input images. They apply convolution operations with learnable filters to capture spatial 

patterns. Following the convolutional layers, pooling layers are often employed to down sample the 

feature maps, reducing their spatial dimensions while retaining important information. Depending on the 

specific architecture, there might be layers or modules dedicated to fusing features from multiple 

convolutional pathways or different scales to enhance the network's ability to capture lane-related 

information across various contexts. This component might involve incorporating contextual information 

from the surrounding environment to improve lane detection performance. This could be achieved through 

techniques like dilated convolutions or attention mechanisms. These layers produce the final output of the 

network, typically representing the detected lane markings. The output may consist of pixel-level 

predictions or higher-level representations depending on the granularity required by the application. Post-

processing steps such as thinning, filtering, or curve fitting may be applied to refine the detected lane 

markings and improve their accuracy and continuity. During training, a loss function is used to measure 

the disparity between the predicted lane markings and ground truth annotations. This guides the 

optimization process to learn accurate lane detection parameters. This component manages the flow of 

training data through the network, including data augmentation techniques to increase the diversity of the 
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training set and improve model generalization. Metrics such as Intersection over Union (IoU) or Mean 

Average Precision (MAP) may be used to assess the performance of the network on validation or test data. 

 

VII. WORK FLOW 

 

 
Fig.2: Work flow diagram 

 

 Capturing and Decoding Video File: The process begins by capturing a video file using a 

camera or loading a pre-recorded video file. The video file is then decoded to extract individual 

frames for further processing. 

 

 Grayscale Conversion of Image: Each frame extracted from the video file is converted from 

its original color format to grayscale. This conversion simplifies subsequent processing steps 

by reducing the complexity of the image. 

 

 Noise Reduction: To improve the quality of the grayscale image, noise reduction techniques 

are applied. This may involve filtering the image using methods such as Gaussian blur to 

smooth out any irregularities caused by sensor noise or compression artifacts. 

 

 Canny Edge Detector: The pre-processed grayscale image is then passed through the Canny 

edge detector algorithm. This algorithm detects edges in the image by identifying areas of rapid 

intensity change, highlighting potential lane markings and other features. 

 

 Hough Line Transform: Next, the detected edges are analyzed using the Hough line 

transform algorithm. This algorithm identifies straight lines within the image, including those 

representing lane boundaries, by detecting patterns in the edge pixels. 

 

 Draw Lines on the Image or Video: Finally, the detected lines are overlaid onto the original 

grayscale image or video frame. This step visually represents the detected lane boundaries, 

making them easier to interpret for further analysis or display purposes. 

 

 

VIII. RESULTS AND DISCUSSION 
 

The pipeline includes steps like colour selection, edge detection, region of interest selection, Hough 

transform, and lane line extrapolation.  It's well-structured and modular, making it easy to understand and 

maintain. The pipeline utilizes different colour spaces (RGB, HSV, HSL) for colour selection to identify 

white and yellow lane markings. HSL colour space seems to provide the clearest lane lines, as mentioned 

in the comments. Canny edge detection is used after grayscale conversion and Gaussian smoothing to detect 

edges. Edge detection seems effective in highlighting lane markings. A trapezoidal region of interest is 

selected to focus only on the area where lane markings are expected. The Hough transform is applied to 

detect lines in the selected region of interest. 

Detected lines are then averaged and extrapolated to obtain lane lines. Averaging and extrapolation of 

detected lines are performed to estimate the left and right lane lines. The pipeline is extended to process 

videos by applying the lane detection algorithm frame by frame. Output videos demonstrate successful lane 

detection on different road scenarios. The processing time for videos is reasonable, but there might be room 

for optimization, especially for real-time applications. The pipeline might face challenges in complex road 

scenarios with varying lighting conditions, road markings, and obstacles. 

The pipeline may need adjustments to handle curved lane lines or abrupt changes in road geometry. 

Fine-tuning parameters such as thresholds for edge detection, Hough transform, and region of interest may 
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improve performance. Incorporating techniques like curve fitting instead of straight-line extrapolation can 

handle curved lanes better. Adding robustness to handle challenging road conditions, such as shadows, 

reflections, and occlusions. Experimenting with advanced computer vision techniques like deep learning 

for more accurate lane detection. 

  

 
               Fig.3: Loading test images               Fig.4: Color Selection   Fig.5: HSV color 

space 

 

The image's dimensions are chosen to include the road lanes and identify the triangle as our region of 

interest. Then a mask with the same dimension as the image is constructed, which is effectively an array of 

all zeros. Now we'll fill the triangular dimension in this mask with 255 to make our region of interest 

dimensions white. Now we'll combine the canny image with the mask in a bitwise AND operation to get our 

final region of interest. 

Now we apply the Hough transform approach to determine the lane lines by detecting straight lines in 

the image. A straight line is described by the following equation: y = mx + b. The line's slope is simply a 

climb over a run. If the y intercept and slope are known, the line can be plotted as a single dot in Hough Space. 

There are numerous lines that can pass through this dot, each with different 'm' and 'b' values. Each point can 

be crossed by a number of different lines, each with a different slope and y intercept value. There is, however, 

one line that connects both sites. We can figure this out by looking at the point of intersection in adequate 

space, because that point of intersection represents the 'm' and 'b' values of a line that crosses both locations 

in Hough Space. To identify the lines, we must first divide our Hough space into a grid. Each bin in the grid 

corresponds to the line's slope and y intercept value. Every point of intersection in a Hough Space bin will 

receive a vote from the bin to which it belongs. Our line will be drawn from the bin with the most votes. The 

slope of a vertical line, on the other hand, is infinite. So, to express vertical lines, we will use polar coordinates 

instead of cartesian coordinates. 

 

 
    Fig.6: HSL color space                                                       Fig.7: Gray scaling the images 
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Fig.8: Region of interest (ROI)                  Fig.9: Hough Transform                  Fig.10: Averaging and 

extrapolating         

                                                                                                                                                           the lane 

lines 

IX. CONCLUSION  

 The developed lane detection algorithm, leveraging computer vision techniques and OpenCV, addresses 

the challenges posed by complex traffic scenes. By enhancing detection accuracy and real-time performance, 

the algorithm contributes to improving road safety and advancing autonomous driving technology.  The Road 

Lane Line Detection project aims to enhance road safety and advance autonomous driving technology through 

the development of a robust lane detection algorithm. Leveraging computer vision techniques and OpenCV, 

the algorithm addresses challenges such as shadows, blurred roads, and sparse lane markings, which often 

hinder accurate detection and real-time performance in complex traffic scenes. The pipeline encompasses 

various stages, including color selection, edge detection, region of interest selection, Hough transform, and 

lane line extrapolation. It is well-structured and modular, facilitating ease of understanding and maintenance. 

Different color spaces are explored for color selection, with HSL color space yielding the clearest lane lines. 

Canny edge detection effectively highlights lane markings, followed by the application of the Hough 

transform to detect lines representing lane boundaries in the region of interest. Detected lines are then 

averaged and extrapolated to obtain precise lane lines. 

X. FUTURE SCOPE 

        Future work may involve further refining the algorithm to handle additional challenges, such as adverse 
weather conditions and dynamic traffic environments. Additionally, integration with other sensor modalities 
and machine learning techniques could enhance the algorithm's capabilities and expand its applicability in 
various road scenarios. Overall, the proposed lane detection algorithm represents a significant step towards 
safer and more efficient transportation systems. 
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