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1. Introduction
The image processing system plays a vital role 

in the functioning of a self-driving vehicle. It allows 
the car to recognize and detect objects within its 
surroundings, assess them, and react accordingly. 
The process begins with capturing images using 
the vehicle’s onboard camera. These images are 
then converted into digital data and undergo several 
processing steps to identify objects, determine their 
positions, and analyze their movements.

In image processing, detecting and analyzing 
images demands fast and accurate data processing 
capabilities. Several techniques are utilized for 
lane detection, including the H-maxima and Hough 
transform methods [1], B-snake [2], neural network 
models [3], [4], and detection algorithms tailored for 
Raspberry Pi [5], among others. Implementing these 
approaches requires a solid understanding of image 
processing and the ability to apply that knowledge 
effectively in practical scenarios. Each method has 
its own advantages and limitations, and selecting 
the appropriate technique depends on the specific 
needs of the application and the conditions in the 
real world.

The research in [1] introduces the H-maxima 
technique, which aims to identify significant local 
maxima in an image by applying an h-threshold to 
preserve key points while minimizing or eliminating 
noise. This method enhances the prominence of 
important features, improving object recognition 
and classification. However, effective use of 
the H-maxima method requires thorough image 
preparation and preprocessing, which demands a 

strong understanding of image processing to achieve 
optimal results.

The B-snake method, also known as Biased-
Snake, is employed in the study [2][6] to form an 
active contour based on reference points, referred 
to as ‘snakes.’ This technique is adaptable and can 
be applied to a wide range of objects, enhancing 
the model’s flexibility and usability. However, 
the initial setup of the contour and the fine-tuning 
of parameters—such as curve stiffness, self-
energy coefficient, and data coefficient during the 
optimization process—are essential for achieving 
optimal performance.

The study focuses on lane detection by 
integrating image processing and computer vision 
techniques with onboard vehicle cameras. This 
approach provides a straightforward and efficient 
solution for lane recognition, addressing the 
shortcomings of other methods by eliminating the 
need for initializations, which reduces errors caused 
by poor setup. The aim of the research is to develop 
a practical, simple, and reliable method to assist 
vehicles in maintaining their lanes. By leveraging 
cameras alongside image processing and computer 
vision, the method seeks to lower costs and enhance 
flexibility, making it suitable for deployment across 
various vehicle types without relying on complex 
sensors or costly GPS systems
2. Algorithm description

This section outlines the fundamental steps 
involved in lane detection and the commonly 
employed algorithms used in this process.
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Abstract: Self-driving vehicles are advanced systems designed to function and navigate independently, without 
the need for human intervention. They possess the ability to sense and assess their surrounding environment, 
allowing them to make informed decisions to travel to their destination in a consistent and secure way. This 
paper highlights that one of the key applications of image processing technology in autonomous vehicles is 
lane detection and tracking. By utilizing cameras, these vehicles can recognize and interpret lane markings, 
enabling them to adjust their path accordingly to ensure safe and efficient movement.
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2.1. The Canny Edge Detection Algorithm
Canny Edge Detection is one of the most widely 

used techniques for identifying edges in image 
processing. Introduced by John F. Canny in 1986, it 
has since become a key tool in both computer vision 
and image processing applications. The Canny Edge 
Detection method typically involves the following 
four steps:

Step 1: Gaussian Smoothing: The input image is 
convolved with a Gaussian filter to reduce noise and 
unwanted details.

The process of applying Gaussian blur begins 
with determining the value of k for the kernel. The 
size of the kernel (2k + 1) × (2k + 1), will impact 
the level of blurriness in the image after application. 
Subsequently, each pixel in the matrix will be 
recalculated based on the values of surrounding 
pixels using the Gaussian equation:
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Step 2: Gradient Calculation: After smoothing 
the image, this step will compute the magnitude and 
direction of the image’s derivative in the horizontal 
and vertical directions using the Sobel gradient 
filter. By using the Sobel kernels Kx and Ky, we can 
calculate the image derivatives Gx and Gy:
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From the calculated partial derivatives in the x 
and y directions on the input image, we can compute 
the gradient magnitude and orientation of each pixel 
using the following formula:
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The terms G and θ are referred to as the magnitude 
and direction of the gradient.

Step 3: Non-maximum Suppression: Once the 
magnitude and direction of the derivative have been 
computed, this step focuses on eliminating non-edge 
pixels. It does so by comparing the magnitude of 
each pixel with its neighbors in the direction of the 
derivative. Pixels that are not local maxima will be 

discarded, resulting in an image that contains only 
the edge pixels.

Step 4: Hysteresis Thresholding: Finally, the 
system employs a two-level thresholding technique 
to filter out insignificant points and identify strong 
and weak edge points. The high threshold is effective 
in eliminating weak points, while the low threshold 
aids in linking strong points together to form 
continuous edge boundaries.
2.2. Masking

In image processing, utilizing a Region of 
Interest (ROI) is essential for concentrating on the 
key areas of an image while discarding irrelevant 
parts, thus enhancing processing performance and 
reducing the effects of noise. ROIs can be defined in 
various shapes, including circles, squares, triangles, 
and parallelograms, depending on the specific needs 
of the task. In this study, we employ a triangular 
ROI, with the central point of the image serving as 
the triangle’s vertex and two extreme points at the 
bottom of the image forming the base.
3. Testing

This section evaluates the model’s effectiveness 
in lane detection across different road types and 
environmental conditions. We specifically tested 
the model on various surfaces, including typical 
roads, curved roads, straight roads, standard roads, 
and highways. Additionally, our experiments were 
carried out under diverse weather conditions, such 
as sunny, cloudy, nighttime, shadowy, and rainy 
scenarios.

In Fig 2.1, we can see that the model exhibits 
a fairly high and consistent lane detection ability 
across a variety of environments. However, some 
limitations still need to be addressed. Specifically, 
the presence of noisy straight lines within the ROI 
has resulted in the detection of unnecessary straight 
lines, which could lead to misunderstandings and 
adversely affect the model’s decision-making. 
Moreover, accurately detecting curved lanes remains 
a challenge, which can introduce biases in control 
and prediction, particularly in complex situations. 
Additionally, many lanes are still missed, rendering 
lane detection in low-light conditions unreliable. 
This oversight of critical details while driving could 
pose safety risks.

These experiments provided valuable insights 
to improve and optimize the performance of the 
lane detection program by enabling us to assess 
the model’s adaptability to various real-world 
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scenarios. The results of these tests will deepen our 
understanding of the model’s sensitivity, accuracy, 
and reliability in recognizing and detecting lanes in 
actual environments.

 

 

Fig 2.1. Road lane detection in different scenes

4. Conclusion
This paper highlights the significance of real-time 

lane detection in intelligent transportation systems. 
Lane detection has been extensively studied, and 
we consider lanes as straight lines as long as they 
fall within a safe range for vehicles, given that they 
typically consist of long, smooth curves. The lanes 
were identified using a constrained search region 
combined with the Hough transformation. The 
proposed lane recognition technique is effective 
on both painted and unpainted roads, as well as on 
straight and slightly curved paths. 

In the near future, further efforts should be made 
to enhance performance under various environmental 
conditions, such as sunny, foggy, and rainy days.
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