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Abstract: Lane detection is a basic task in modern vehicles with applications in advanced driver assistance systems 

(ADAS) and autonomous vehicles. It includes identifying and scanning lane boundaries on the road to ensure safe 

navigation. Recent studies have demonstrated the effectiveness of convolutional neural networks (CNNs) in accurately 

identifying lane markings under various environmental conditions. The U-Net architecture is a convolutional neural 

network design primarily for image segmentation. It works on real-time image data, to ensure quick decision-making 

for vehicle control systems. 
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I. INTRODUCTION 

    Lane detection is a fundamental capability for 

advanced driver assistance systems (ADAS) and 

autonomous vehicles, serving as a precondition for features 

like lane departure warning, overtaking assistants, and 

autonomous driving functions [1-2]. When the driver 

accidently deviates from the current lane, the system will 

issue a timely warning, as illustrated in Figure1. It plays a 

crucial role in improving driving safety and is essential for 

realizing fully autonomous driving [3-4]. The background 

of lane detection encompasses various approaches and 

challenges. Traditional methods relied on computer vision 

techniques such as edge detection and Hough transform to 

recognize lane lines [6].However, recent advancements 

have led to the development of more sophisticated methods, 

including deep learning-based approaches like semantic 

segmentation and end-to-end algorithms [3-6]. These newer 

techniques aim to improve accuracy and real-time 

performance, which are critical for autonomous driving 

applications. Lane detection systems face numerous 

challenges, including varying illumination conditions, bad 

weather, night time driving, and complex urban road 

scenarios with multiple lane markings and signs [4-6]. To 

address these issues, researchers have explored various 

strategies, such as using multiple frames for detection [7], 

employing generative adversarial networks (GANs) for 

image enhancement [5] and integrating recurrent neural 

networks (RNNs) for temporal information processing [7]. 

The prime objective of the research is to install and 

maintain a strong, approximate and the most efficient lane 

detection systems that can work reliably in a variety of 

driving conditions, paving the way for safer and more 

advanced autonomous driving technologies. 

 

Figure1. An overview of lane departure warning system and lane 

detection result using our road scene image dataset. 

Lane detection is a critical component of autonomous 

driving systems and advanced driver assistance systems 

(ADAS). Recent years have witnessed significant progress 

in this field, with various approaches and datasets being 

developed to address the challenges of lane detection in 

complex road conditions. [9-10]. Visual-based lane 

detection methods can be broadly categorized into two-step 

and one-step approaches. Two-step methods typically 

involve feature extraction followed by lane fitting, while 

one-step methods directly predict lane locations using end-

to-end deep learning models [10]. Deep learning-based 

methods have gained popularity due to their ability to 

handle complex scenarios and achieve high accuracy. 

These methods often utilize convolutional neural networks 

(CNNs) for tasks such as classification, object detection, 

and image segmentation [10-13]. Interestingly, while deep 

learning approaches have shown promising results, some 

researchers have developed robust algorithms using 

traditional computer vision techniques. For instance 

presents a model fitting-based lane detection algorithm 

using Simple Linear Iterative Clustering and RANSAC 

[11], while proposes an adaptive line segment and river 

flow method combined with Kalman filtering for lane 
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tracking [12]. These approaches demonstrate that 

traditional methods can still be effective in certain 

scenarios. While deep learning methods have shown 

superior performance in many cases, traditional techniques 

remain relevant for specific applications.  

In this research, we utilize the U-Net architecture to 

perform lane detection through semantic segmentation. U-

Net, originally designed for biomedical image 

segmentation, has proven highly effective for tasks 

requiring precise localization and pixel-wise classification. 

Its encoder-decoder structure with skip connections enables 

the network to capture both global context and fine-grained 

details, making it well-suited for identifying lane markings 

in complex road scenes. By converting annotated lane 

points into binary masks, the model learns to segment lane 

regions from input images. This approach offers a robust 

and scalable solution for real-time autonomous driving 

applications, where accurate lane detection is crucial for 

vehicle guidance and safety. 

For this study, we utilized the TuSimple dataset, a 

benchmark dataset designed for lane detection in 

autonomous driving scenarios. The dataset consists of over 

6,000 annotated video frames captured on highways under 

diverse lighting and weather conditions. Each frame is 

accompanied by detailed annotations, including lane 

markings and visibility indicators. The dataset was selected 

for its robust annotations and real-world driving scenarios, 

which align closely with our research objectives of 

developing a lane detection model capable of handling 

challenging conditions such as shadows, occlusions, and 

varying lane curvatures.  

II. MATERIALS & METHODS: 

        The automotive industry is undergoing a radical 

transformation. Autonomous vehicles will be rapidly 

becoming a reality. Central to this revolution is the ability 

of these vehicles to perceive and understand their 

surroundings, a task where lane detection plays a crucial 

role. Accurate lane detection is the bedrock upon which 

safe and efficient autonomous driving is built, allowing 

vehicles to navigate roads, maintain safe distances, and 

ultimately, deliver on the promise of a future free from 

human driving errors. This comprehensive guide will 

explore the fascinating world of deep learning-based lane 

detection, delving into the algorithms, architectures, and 

real-world applications that are shaping the future of 

transportation. 

Lane detection has come a long way from its humble 

beginnings. Early attempts relied on traditional computer 

vision techniques, such as the Hough transform and Canny 

edge detection, implemented using libraries like OpenCV. 

While these methods provided a foundational 

understanding, they struggled with the complexities of real-

world driving scenarios, often failing in the presence of 

shadows, varying lighting conditions, or road 

imperfections. The advent of deep learning marked a 

paradigm shift, offering a more robust and adaptable 

approach to lane detection. This evolution involved 

reframing the problem from simple edge detection to a 

more sophisticated segmentation task. By treating lane 

detection as a pixel-wise classification problem, deep 

learning models could learn complex patterns and achieve 

far greater accuracy than their traditional counterparts [15]. 

The proposed lane detection system is developed using a 

semantic segmentation approach based on the U-Net 

architecture. The methodology consists of several key 

stages: data pre-processing, model design, training, 

evaluation, and prediction.  

 Data Pre-processing: The TUSimple lane detection 

dataset is used, which includes road images and 

corresponding JSON label files containing lane point 

annotations. The labels are parsed to extract x-

coordinates of lane points and their corresponding y-

coordinates. Each image is read and resized to 

256×256×64 pixels for training. Simultaneously, a 

binary mask is generated for each image by drawing 

lane lines on a blank image using OpenCV. These 

masks is ground truth for training and are resized to 

match the input size. 

 Dataset Preparation: The dataset is normalized by 

scaling pixel values of images and masks to the range 

[0, 1]. The data is then split into training and  test  sets 

using an 80:20 ratio. Additionally, the mask arrays are 

expanded along the last dimension to match the 

expected model output shape. 

 Model Architecture: A U-Net-like architecture is 

implemented using Keras. The model comprises an 

encoder (down sampling path) with convolutional and 

max pooling layers that extract hierarchical features, 

and a decoder (up sampling path) that reconstructs the 

segmentation map. Skip connections between encoder 

and decoder layers help preserve spatial details. The 

final output layer uses a sigmoid activation function to 

predict a binary segmentation mask. 

 Model Training: The model is compiled with the Adam 

optimizer and binary cross-entropy loss, suitable for 

binary classification problems. It is trained for 10 

epochs with a batch size of 16, and performance is 

monitored using accuracy and validation metrics. 

 Evaluation and Visualization: After training, the model 

is evaluated on the validation set to obtain accuracy 

and loss metrics. Predictions are generated for 

validation images and visualized alongside their 

ground truth masks to qualitatively assess model 

performance. The training and validation accuracy/loss 
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are plotted to analyze the learning behavior over 

epochs. 

This methodology effectively combines deep learning and 

classical image processing techniques to achieve accurate 

lane detection, providing a solid foundation for further 

improvements and real-time deployment in autonomous 

driving systems.  

Figurer2: Architecture of U-Net 

Figure2 illustrates how the U-Net network converts a gray 

scale input image of size 256×256×3 into a binary 

segmented output map of size 256×256×1.During the 

contracting path, the input image is compressed in height 

and width but increased in the number of channels. This 

increase in channels allows the network to capture high-

level features as it progresses down the path. At the 

bottleneck, a final convolution operation is performed to 

generate a 16×16×1024 shaped feature map. The 

expansive path then takes the feature map from the 

bottleneck and converts it back into an image of the same 

size as the original input. This is done using up sampling 

layers, which increase the spatial resolution of the feature 

map while reducing the number of channels. The skip 

connections from the contracting path are used to help the 

decoder layers locate and refine the features in the image. 

Finally, each pixel in the output image represents a label 

that corresponds to a particular object or class in the input 

image [27].  

III. RESULTS & DISCUSSION 

      The TuSimple Lane Detection Dataset is a valuable 

resource for researchers and developers working on 

autonomous driving systems. This dataset is specifically 

curated to facilitate the training and evaluation of 

algorithms focused on lane detection, a crucial aspect of 

autonomous vehicle navigation. The TuSimple dataset 

includes 3626 video clips, each consisting of 20 frames, 

with the last frame in each clip containing labeled lane 

information. The dataset includes labeled lane data 

provided in the form of JSON files (label_data_0313.json, 

label_data_0531.json, label_data_0601.json) [28]. Each 

JSON entry corresponds to the labeled lanes for the last 

frame of a video clip. The dataset's directory structure is 

organized with a 'clips' folder containing sequential images 

for each video clip [28].  

The dataset has undergone a pre-processing phase to 

enhance its usability. The pre-processing steps include such 

as resizing, normalization and the annotated the lane masks 

to the lane marking. After the pre-processing step, this 

directory contains the pre-processed dataset which you can 

work for training lane detection model. 

We applied U-Net model to the dataset. The U-Net has the 

ability to perform pixel-wise semantic segmentation in real-

time is of paramount importance in mobile applications. 

Recent deep neural networks aimed at this task have the 

disadvantage of requiring a large number of floating point 

operations and have long run-times that hinder their 

usability [27] .The use of U-Net CNN for lane detection has 

shown promising results in recent studies. U-Net, 

lightweight and efficient convolutional neural network 

architecture has been adapted for lane detection tasks with 

notable success. 

Algorithm: 

Step1: Load dataset and Annotations. 

Step2: Pre-process data. 

Step3: Normalize and split Dataset. 

 Sales image and mask pixel value to the 

range[0,1]. 

 Expand mask dimensions to match model 

output. 

 Split the data set into training and 

validation(test) set (80% training , 20% 

validation). 

  Step 4: Build U-Net Model 

    Step 5: complete the model. 

    Step 6: Train the model. 

       Step 7: Evaluate the model  

    Step 8: Visualize training Progress 

     Step9: Predict and visualize Results. 

 

Figure4: (a) Real image (b) Ground Truth mask 
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The Figure 4 illustrates a comparison between a real-world 

road image and its corresponding "ground truth mask," 

often used in computer vision tasks like lane detection or 

autonomous driving. This part of the image shows an actual 

road scene, captured from a vehicle's perspective. It 

includes road markings (lane lines), the road surface, and 

the surrounding environment (e.g., trees, roadside). The 

image provides the raw visual data that a computer vision 

algorithm would process. This is a simplified, abstract 

representation of the road scene, where the lane lines are 

highlighted in white against a dark background. This mask 

serves as the "correct answer" or the expected output for a 

lane detection algorithm. During training, the algorithm 

learns to predict a mask that closely matches the ground 

truth. The ground truth mask simplifies the complex visual 

information in the real image, focusing only on the essential 

features (lane lines). This simplification helps the model 

learn more effectively and allows for a clear evaluation of 

its performance. Techniques like the Hough Transform can 

be used to detect lines in images, which is relevant 

to lane detection. 

 

Figure5. The training stage of the U-Net model with two loss 

functions on 30 epochs. 

Figure5 is the graph depicts the training losses of a U-Net 

model over 30 epochs, using two different loss functions: 

binary loss and instance loss. Both loss curves show a trend 

of decreasing sign that the model is learning. However, 

neither loss function appears to have fully converged by the 

end of 30 epochs, suggesting that further training might 

lead to additional improvement.  

Table 1: The Testing Result 

 U-Net model PINet-ResNet50 

Dataset  TuSimple TuSimple 

Train 3,268 3,268 

Model U-Net ResNet50 

Validation 358 358 

Image size 224*224 512*256 

Batch size  8 5 

Epoch 30 272 

Accuracy 97% 89% 

 

Figure 6 is the subplot shows the binary cross entropy loss 

decreasing over the epochs starting at approximately 0.12 

and ending around 0.04. This decreasing trend indicates 

that the model is learning and its predictions are becoming 

more accurate. The diagram demonstrates the training 

process of a segmentation model, where the loss decreases 

and accuracy increases over the epochs. 

 

IV. CONCLUSION 

As research continues to evolve, integrating deep learning 

with other techniques and focusing on end-to-end solutions 

shows promise for future advancements in lane detection 

technology. In this study, we successfully implemented a 

U-Net-based architecture for lane detection, achieving a 

high accuracy of 98%. The results demonstrate that U-Net 

is highly effective in capturing lane markings with 

precision, its encoder-decoder structure and ability to 

preserve spatial information through skip connections. The 

model's performance confirms its potential for real-time 

autonomous driving applications, providing a reliable and 

robust solution for lane segmentation tasks. Future work 

may involve optimizing the model for faster inference and 

testing it under more diverse driving conditions to enhance 

its generalizability. 
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