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Abstract 

Lane line detection is very important for autonomous 

vehicles and Advanced Driver Assistance Systems 

(ADAS). Traditional methods generally do not 

perform well under complex conditions that lead to 

the adoption of Artificial Intelligence (AI) for 

enhanced robustness. Furthermore deep learning 

methods may be used to have more precise 

performance .The paper examines various AI-based 

lane line detection techniques, and then discusses 

associated challenges; paper also explores potential 

real-world applications. The research also presents, 

a practical implementation for lane line detection 

using deep learning. 
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 Introduction 

Lane line detection serves as a fundamental 

component in ensuring vehicle safety and 

navigation. While traditional image 

processing techniques have been employed, 

they often struggle with complex and 

varying road conditions, occlusions and 

lighting. Artificial Intelligence, particularly 

deep learning, is more capable of learning 

complex patterns directly from data hence 

offers a promising alternative for lane line 

detection.  

AI Techniques for Lane Line Detection 

The application of Artificial Intelligence 

(AI) to lane detection has significantly 

advanced the field, allowing for robust, 

accurate, and adaptive systems that 

outperform traditional image processing 

methods. The most prominent AI-based 

approaches fall into several categories: 

semantic segmentation, object detection, 

instance segmentation, and end-to-end 

learning. 

1. Semantic Segmentation 

Semantic segmentation is one of the most 

widely used AI techniques in lane detection. 

It involves classifying each pixel in an 

image into predefined categories, such as 

"lane," "road," or "background." 

• U-Net and its Variants: U-Net has 

become a popular choice due to its 

encoder-decoder architecture with 

skip connections that preserve spatial 

information. It's particularly effective 

for lane markings, which are 

typically thin and elongated [1]. 

• DeepLabV3+: This model improves 

on semantic segmentation by using 

atrous convolutions and spatial 

pyramid pooling to capture context at 

multiple scales, which is useful for 
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detecting lanes under varied 

environmental conditions [2]. 

• SCNN (Spatial CNN): SCNN adds 

a spatial propagation layer that 

allows for information flow across 

spatial dimensions, improving 

detection of continuous lines even in 

occluded or worn-out regions [3]. 

2. Object Detection-Based Lane Detection 

Some approaches frame lane lines as objects 

and apply object detection techniques to 

localize them. 

• YOLO (You Only Look Once): 

Models like YOLOv5 are trained to 

treat lane segments as bounding 

boxes. This method is 

computationally efficient but may 

lack the fine-grained accuracy 

required for precise vehicle control 

[4]. 

• LaneNet: A hybrid method 

combining instance segmentation 

and clustering to detect and 

differentiate multiple lanes in a 

single image [5] . 

3. Instance Segmentation 

Unlike semantic segmentation, instance 

segmentation differentiates between 

individual instances of the same class, which 

is essential for multi-lane roads. 

• ENet-SAD: An enhancement of the 

lightweight ENet architecture, it uses 

self-attention distillation to improve 

the model’s performance on fine 

structures such as lane markings [6]. 

4. Keypoint and Anchor-Based 

Approaches 

Newer methods focus on detecting lane 

anchor points and interpolating them to 

reconstruct lane lines, enabling faster 

inference. 

• Ultra Fast Lane Detection (UFLD): 

This model transforms lane detection 

into a classification problem at pre-

defined vertical anchors, reducing 

computational complexity and 

enabling real-time detection even on 

embedded systems [8]. 

5. End-to-End Learning 

These models directly map raw input images 

to steering commands or lane curvature 

estimates. 

• PilotNet by NVIDIA [7]   is a well-

known example that takes camera 

input and predicts steering angles. 

Although these models perform well 

under ideal conditions, they lack 

transparency and are sensitive to 

domain shifts. 

6. Hybrid Approaches 

Hybrid methods combine classical computer 

vision (e.g., perspective transforms, edge 

detection) with AI models. These systems 

benefit from the speed and interpretability of 
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traditional methods and the accuracy and 

adaptability of deep learning. 

• For example, AI models can detect 

coarse lane regions, while Kalman 

filters or polynomial curve fitting 

refines them into continuous 

trajectories. 
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Challenges in Lane Line Detection 

• Environmental Variability: 

Changes in lighting, weather 

conditions, and road types can affect 

detection accuracy. 

• Lane Marking Quality: Faded or 

occluded lane lines pose significant 

challenges. 

• Data Annotation: Annotating large 

datasets for training deep learning 

models is time-consuming and 

requires expertise. 

• Computational Constraints: 

Deploying complex models in real-

time applications necessitates 

optimization for speed and 

efficiency. 

Applications 

• Autonomous Vehicles: Accurate 

lane detection is crucial for vehicle 

localization and navigation. 

• ADAS Features: Lane Departure 

Warning (LDW) and Lane Keeping 

Assist (LKA) systems rely on lane 

detection. 

• Traffic Management: Lane usage 

data can inform traffic flow 

optimization and infrastructure 

planning. 
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Practical Implementation: Deep Learning 

for Lane Detection 

•  Dataset 

The BDD100K dataset, containing diverse 

driving scenarios with annotated lane 

markings, serves as the training and 

evaluation benchmark . 

• Model Architecture 

A U-Net model with a ResNet-34 backbone 

is employed. The encoder extracts features, 

while the decoder reconstructs the spatial 

dimensions to produce a lane mask. 

• Training Strategy 

The model is trained using a combination of 

Binary Cross-Entropy (BCE) and Dice loss 

functions to handle class imbalance. Data 

augmentation techniques, such as rotation, 

flipping, and scaling, are applied to enhance 

generalization. 

• Evaluation Metrics 

Performance is assessed using Intersection 

over Union (IoU) and Dice Coefficient, 

providing insights into the model's accuracy 

in detecting lane markings. 

• Implementation Code 

python 

CopyEdit 

import tensorflow as tf 

from tensorflow.keras import layers, models 

 

def unet_model(input_size=(256, 256, 3)): 

    inputs = layers.Input(input_size) 

    # Encoder 

    x = layers.Conv2D(64, (3, 3), 

activation='relu', padding='same')(inputs) 

    x = layers.MaxPooling2D((2, 2))(x) 

    # Decoder 

    x = layers.Conv2DTranspose(64, (3, 3), 

activation='relu', padding='same')(x) 

    outputs = layers.Conv2D(1, (1, 1), 

activation='sigmoid')(x) 

    model = models.Model(inputs, outputs) 

    return model 

 

model = unet_model() 

model.compile(optimizer='adam', 

loss='binary_crossentropy', 

metrics=['accuracy']) 

This code snippet defines a simple U-Net 

model suitable for lane detection tasks. 

 Future Directions 

• Self-Supervised Learning: 

Reducing dependency on labeled 

data. 

• Sensor Fusion: Integrating LiDAR 

and radar data for improved 

detection. 

• Edge Computing: Optimizing 

models for deployment on embedded 

systems. 

Conclusion 

AI-driven lane line detection has 

significantly advanced, offering robust 
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solutions to real-world challenges. 

Continued research and development are 

essential for further improvements and real-

world deployment. 
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