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1 Introduction:
The car industry has grown to become one of the world's largest and most important industries in the whole world, contributing significantly to the economic growth of Germany, Japan, the United States, and other nations. In each industrialized country, the car industry plays a significant role in encouraging and driving the upgrading of industrial structure and the growth of other connected sectors. Simultaneously, many nations face a conflict between significant development in automotive sales and a lack of fundamental road infrastructure. In many nations, negative phenomena such as automotive traffic accidents, energy waste, road congestion, and pollution have become increasingly common and dangerous. According to estimates, road traffic collisions cause an estimated 1.35 million deaths and 50 million injuries every year globally, with over 90% of them happening in Low- and Middle-Income Countries (LMICs). Apart from the obvious grief and suffering that these fatalities and injuries caused to people and communities, they also impose a significant financial price, particularly on LMICs, by impeding economic progress [1]. According to the ministry of public security's statistical analysis of road accidents, lane departure is responsible for nearly half of all significant traffic incidents [2]. 

As a result, reducing the frequency of traffic accidents and ensuring traffic safety has long been an issue that governments all over the globe have been focused on and devoted to investigating and solving. With the advancement of artificial intelligence technologies, unmanned driving technology has become increasingly popular. Many firms across the globe are now conducting research in the field of autonomous driving using AI technology. Since 2013, Baidu has been researching driverless technology and has undertaken various experiments in certain places. It was implemented in Changsha in 2020 to provide mass-market autonomous taxi services. Tucson Future is dedicated to serving the globe with unmanned transportation services. The unmanned vehicles it created were successfully deployed in 2015, delivering delivery services to a variety of locations around the United States. The total distance traveled by unmanned vehicles has surpassed 44,900 kilometers. In 2021, the American Tesla company's electric automobile with an automatic driving assistance system will sell well all over the world.

Deep learning technology's fast advancement has supplied increased technological power for autonomous and assisted driving. Perception, decision-making, and automated control are the three aspects of autonomous and assisted driving, according to researchers. Deep learning technology is intimately linked to the perception and decision-making aspects. The car camera captures real-time photos, which are subsequently processed using deep learning to recognize targets, classify images, segment them, and so on. In the traffic environment, the algorithm evaluates and processes information such as lane lines, pedestrians, cars, signal lights, and traffic signs. Deep neural network technology is used in the decision-making section to deliver optimal driving judgments for automobiles.

Lane line detection is a critical component of both assisted and autonomous driving perception systems. Lane lines can be used to plan and lead cars, provide road departure warnings, aid drivers in making decisions, and assure driver safety. Lidar, millimeter-wave radar, video, image detection, and other technologies are among the current autonomous driving environment perception approaches. Lidar, for example, can collect three-dimensional coordinates, distance length, azimuth, laser reflection strength, and laser code of the target at any moment, with a wide range of detection parameters and excellent detection accuracy. Lane line detection is a system that proposes characteristics in static photos, mostly by collecting photographs of the area around the automobile using onboard sensors. Lidar sensors are used to gather pictures in order to recognize lane lines, however, lidar can only detect apparent lane lines and is quite costly. As a result, the majority of the work is done with a low-cost camera. Because its imaging mechanism is comparable to that of the human visual system, the pictures it takes are more suited to human comprehension, making manual annotation of photos easier. Deep learning may be used in even the most complicated road situations. It can tackle issues that typical detection methods can't handle, such as lane line occlusion and defect detection. At the same time, lidar is readily impacted by the atmosphere and weather, so it's usually used in conjunction with other detection technologies; millimeter-wave radar, on the other hand, is less affected by light and weather and can measure distances more precisely. As a result, vision-based detection technology can compensate for the lack of perception of radar detection technology and is now the most reliable detection approach for assisted and autonomous driving.


2 Literature Review:
Because lane line detection has significant research and application value for intelligent vehicle driving technology, it has drawn a large number of great researchers from both within and outside the country to study it, yielding rewarding research findings. Lane line identification methods vary depending on the road conditions and the types of lane lines and may be divided into two categories: traditional image processing algorithms and deep learning algorithms.

The traditional image processing technique primarily identifies the lane line based on its characteristics and creates the lane line model by integrating those features with the model. By selecting an appropriate threshold segmentation method, the feature detection algorithm extracts obvious features such as lane line color, texture, edge, direction, and shape, and then selects an appropriate lane model for lane line detection; the commonly used models are straight-line models, a parabolic model, or a higher-order curve model. However, with the rapid advancement of deep learning, an increasing number of researchers have shown that standard lane line identification is ineffective in many complicated cases. Deep learning approaches are rapidly being applied to lane line identification to overcome this challenge, and they have produced many good outcomes. Traditional lane line identification methods primarily consist of two types: feature-based and model-based:

(1) Feature-Based Lane Line Detection Algorithm
The texture, grey value, gradient, and other feature distinctions between the lane line and its surrounding environment are used to extract the lane line's features. To separate the feature information of the lane lines from the road, a suitable threshold segmentation approach may be used based on this property. Danilo et al. [3] provided a method for extracting lane information using color, edge, width, and vehicle speed as inputs First, the target region is determined by the vehicle's speed. Second, by combining the color edge feature approach and the probability method, the lane lines are identified and recognized. Finally, by selecting the fitting model on both sides of the lane, the quantity of lane markers, and the lane centroid information, the geometric model is employed to determine the size of the region. Madrid et al. [4] claimed that the gradient is blurred by triangular fuzzy sets, which is quicker and more efficient than classic gradient techniques, due to the peculiarities of the human eye's perception of pixel grey level and the correlation between pixels in its neighborhood. Only when the lane lines are clear and complete, and the edge features are visible, can the feature-based lane line identification algorithm achieve successful detection results. In the event of substantial noise, such as blurred and incomplete lane lines, the detection results achieved by this sort of algorithm are inadequate. As a result, for lane lines with minor edge characteristics, a suitable detection method must be used.

To address the low accuracy of existing lane detection algorithms in challenging environments such as night and rain, Yehui Shen et al. [5] suggested a lane detection and recognition approach based on the dynamic region of interest (ROI) selection and the firefly algorithm. To accomplish dynamic ROI adjust, first conduct distortion correction, greyscale, and blur image preprocessing on the captured lane image. Then, using the vanishing point as a guide, estimate the ROI's height, and continuously modify the ROI's width depending on the previous frame's detection of the lane line to minimize interference elements and limit the amount of computation to the maximum degree possible. Eventually, an improved firefly algorithm for edge detection is given to address the problem that the canny operator is susceptible to noise in the old technique. Because a large number of fireflies may rapidly and accurately converge to the brightest spot, it has a high local exploration capability and rapid convergence rate, but it also has the drawback of being easy to slide into local optimality. The Firefly method is enhanced based on the above features to divide the ROI into many boxes to address the problem, making it appropriate for edge detection. The Hough transform is utilized to find the straight line of the ROI partitioned into numerous boxes, and the least square approach is used to extract lane lines from several identified straight lines.

To optimize the lane line identification technique based on the Hough transform, Fang Zheng et al. [6] devised an approach that directly identifies lane lines in Hough space. The picture is processed using the Hough transform, and the points in Hough space that adhere to the parallel, length, and angle properties, as well as the intercept characteristics of the lane line, are chosen. The lane line equation was immediately translated from the points. The lane lines are also carried out with the help of fusion and property identification. It streamlines the process and enhances the search algorithm's efficiency.

(2) Model-based Lane Line Detection Algorithm
The model-based lane line detection problem is based on analyzing the trajectory characteristics of various lane lines, choosing a suitable mathematical model for fitting, and then converting the lane line fitting issue into a model parameter solution problem. When utilizing straight lines to model lane lines, the parameters acquired by the straight-line model fit out the lane lines when the lane lines are straight. However, because the straight-line model is inaccurate when the lane line is a curve, a curve model must be included to simulate lane lines of various forms as they approach the lane's boundary. Guo et al. [7] suggested a RANSAC-based cyclic fitting approach for corners. The linear interference of numerous complicated settings may be eliminated in different circumstances, allowing the lane to be rapidly and precisely recognized, although the impact is poor when there are occlusions or lane line flaws.

Jung [8] presented a method that uses several models at various phases. A linear parabolic lane model is utilized in the tracking phase; in the near field, the linear model is used to get reliable information about the lane; in the far-field, a quadratic function is employed to follow the curved section of the road successfully.

Jianwen Wang et al. [9] proposed fitting the paired lane lines with a hyperbolic model. The least-squares approach was utilized to create the model parameters based on the lane edge to lower the lane line calculation parameters and increase the algorithm's efficiency.

Wang et al. [10] upgraded the Hough transform and Kirsch operator so that the detection results are more resilient and adaptable, and the unnecessary information of the operator is eliminated, the algorithm's computational cost is lowered by the matrix operation, and lane line detection is improved. The Sobel operator, LOG operator, Kirsch operator, Canny operator, and other edge detection operators are widely utilized. A comparison study is done using the curve image as an example, in conjunction with the concept of each detection technique, and a Matlab simulation is produced. The Kirsch detection operator appears to have apparent benefits, the most plentiful information extraction, and the best detection outcomes, based on the comparison of the aforementioned groups.

To suit the lane line, the model-based lane line recognition algorithm must first examine the road target information before selecting a specific model and determining the relevant model parameters. The model-based lane line detection approach works well in basic settings, but it also adapts well to situations when the lane lines are obstructed and the road surface has intricate interference. However, in scenarios with diverse road conditions, a single road model will not be able to suit the lane lines effectively.

(3) Deep Learning Lane Line Detection Algorithm
Environmental changes have a significant impact on classical detection approaches, which are subject to environmental impacts and rely on manual feature extraction. In complicated settings where lane lines are occluded by other objects, lane lines are fading, colors are variable, and illumination is uneven, traditional detection algorithms perform poorly. Deep learning acquires features by training a huge number of samples and then learns on its own. The target characteristics can be automatically trained to adjust the learning parameters throughout the model training process. As a result, deep learning algorithms are increasingly being used in lane line identification by academics.

Malik Haris et al. [11] suggested a convolutional neural network for lane offset estimation and lane line identification, which changes the issues of lane line recognition into instance segmentation. They created a convolutional neural network model after preprocessing the data to establish the lane line label format, label the labels, and supplement the data: (a) To detect lane line characteristics, they coupled the squeeze split combine (SSC) module with the maximum pooling. (b) They employed bilinear interpolation to rebuild lane line information after converting low-level data to high-level features using a multi-scale spatial convolution structure. (c) Using the hierarchical loss model, they construct feature maps and real lane line prediction maps. Finally, the convolutional neural network is configured for Adam optimization, and the network parameters are optimized for the backpropagation model. To split the lanes into distinct lane lines, the cross-entropy loss function of the classification job is employed as the error calculation technique. They also looked into the process of lane vanishing and applied loss optimization to increase perceptual ability at various levels and sizes, as well as the consistency of lane detection findings. It not only solves the lane recognition problem in dense traffic scenarios, but it also solves the problem of inconsistent detection results between near and far lane lines owing to lane line-scale variations.

For lane line detection, Weiwei Chen et al. [12] described and studied lane line departure warning systems (LDWS), image processing techniques, and semantic segmentation approaches. The LDWS module of the safety driving aid system is crucial (SDAS). It's a type of safety device that can notify the driver if the vehicle is likely to depart from the lane or has already done so. LDWS collects road data near the driving vehicle using appropriate sensors, evaluates the status of the vehicle, calculates the warning threshold and warning period established in the system, and determines whether the vehicle is diverting from the current driving lane. Lane line detection, lane line fitting, departure decision, and warning release are all elements of the LDWS system. In classic image processing and computer vision technologies, they specified five phases of the lane line identification algorithm: The inverse perspective mapping (IPM) transform has two advantages: (a) lane image capture, (b) valid lane region creation, and (c) valid region augmentation. On the one hand, it can minimize the number of computations, but it will certainly lose some information about the features. The lane lines in bird's eye perspective, on the other hand, are essentially parallel lines, and line extraction can be improved by restricting the geometry of the lines. (d)image feature extraction: To recognize lane lines, image feature extraction algorithms primarily employ the lane line geometry, pixel gradient, and color features in the picture. The fundamental feature extraction procedure involves first converting the image to grayscale and then extracting lane area or edge feature information. Similarity-based and discontinuity-based algorithms are two types of similarity-based algorithms. (e)lane line modeling: vanishing point and Hough transform are two model-based techniques. After that, they presented three different types of semantic segmentation models for lane line detection: (a) a network model based on a convolutional neural network (CNN), (b) a decoder-encoder structure model, and (c) a model combining CNN and recurrent neural network (RNN).

Ko Y et al. [13] proposed a lane line detection method based on keypoint estimation and point instance segmentation. The author believes that there are many unnecessary outputs in lane line detection algorithms such as semantic segmentation, and lane lines can be accurately expressed with only a few key points. The algorithm framework of the paper is a neural network composed of several hourglass modules. Each hourglass module includes an encoder-decoder structure and three output branches: a confidence branch, an offset branch, and an embedded branch. The confidence branch and the offset branch are used to predict lane lines. The keypoint location, the embedding branch is used to generate the feature vector of each keypoint, and each keypoint instance is distinguished through the clustering process. The network can freely tailor the number of hourglass modules to change the network scale and can detect lane lines in different directions and numbers, with a low false-positive rate and high accuracy.

Gansbeke et al. [14] proposed an end-to-end lane line detection network based on differentiable least-squares fitting, which consists of a deep network that predicts a weight map of each lane line segmentation and a least-squares fit of the returned curve parameters. The combined module consists of two parts. Different from the multi-level steps of general neural network feature extraction + model fitting, this method integrates the fitting process into the network structure and optimizes the area enclosed between the prediction curve and the label curve from a bird's-eye view as a geometric loss function. Direct output of lane line parameters. The advantage of this method is that the network is directly optimized for the lane line result parameters rather than the staged lane segmentation task. Experiments show that the end-to-end lane line fitting parameter prediction method is better than the two-step method, and can reach a detection speed of 70fps, but the processing ability for complex road conditions needs to be improved.

There is no need to study road conditions or how vehicles operate because deep learning is used, but this detection approach can better characterize the properties of lane lines than traditional lane line detection methods and extraction because it is trained on a huge number of data sets. This approach necessitates the calibration of a large number of datasets, which is labor-intensive, computationally demanding, and costly, but it is appropriate for complex scenarios. The specific differences between the three feature methods proposed above and the advantages and disadvantages of each method, as shown in Table 1.1

	Approach
	Advantages
	Disadvantages

	Feature-based approach
	Low complexity, simple and fast algorithm
	Sensitive to noise and dependent on image features

	Model-based approach
	Suitable and flexible for any shape of lane lines 
	High computational cost, limited to fixed curvature

	The approach based on deep learning
	Applicable to any scene and any number of lanes
	Huge dataset and high computational cost





3 Methods: 
3.1 Image preprocessing
The lane line detection data is obtained by onboard cameras. Generally speaking, these images contain a large amount of invalid interference information, resulting in inaccurate identification of lane lines. To highlight more useful information and reduce the difficulty of detection, it is necessary to preprocess the collected images to improve the detection efficiency of lane line detection. Since various subsequent algorithms all depend on the results obtained from preprocessing, the processed images are required not only to ensure that the basic information of the lane edges will not be lost but also to retain the detailed features of the images. Incorrect preprocessing results will directly affect the results and analysis of subsequent image processing, resulting in the inability to accurately identify the target lane lines.

The image preprocessing methods to be used in this paper include: denoising the image by graying and filtering and smoothing the image collected by the camera; then according to the color, edge, texture, and specific information of the lane line, It performs gradient-based edge detection and image threshold segmentation, and distinguishes the target lane line from the background by enhancing the edge features of the lane line, and selects the region of interest to obtain a limited processing area.

3.1.1 Grayscale image
The original picture obtained by the vehicle camera is generally a color image. The pixels in each image are composed of three components: red, green, and blue. The values of all pixels on these three channels are from 0 to 255. An image can be composed of up to 256*256*256 Colors contain a huge amount of information, so the processing speed is slow and the efficiency is low. Since a lot of information in the color image is useless, it is difficult to meet the requirement of real-time performance if it is directly operated without processing. Therefore, it is necessary to convert an image containing various rich colors into a single-channel grayscale image by grayscale processing. Since the converted grayscale image can almost completely cover the required image feature information, the amount of data is greatly reduced, and the real-time performance is also guaranteed by reducing the hardware operation rate. The function of image grayscale is to convert a color image with rich information into a grayscale image.

3.1.2 Filtering and smoothing
Since the image captured by the vehicle camera will be disturbed by some external environment on the actual road, the noise will be generated in some areas of the image, which will reduce the quality of the image and affect the detection and recognition of the lane lines behind. First, it is necessary to analyze the causes of image noise. The noise mainly comes from external environmental interference such as uneven lighting, tree shadows, etc. Second, due to the hardware problems of the camera itself, there are some noise points in the image information collected by the photosensitive element. To improve the existing noise, it is necessary to apply smooth filtering to the image to eliminate the isolated noise, and at the same time to keep the edge information well, to reduce the influence of external noise on the detection result as much as possible, to improve the detection effect.

3.1.3 Binarization
To extract lane lines from road images, it is necessary to distinguish the lane line objects from the road background through binarization. Binarization is based on a grayscale image of 256 brightness levels, converting all the pixels contained in the image into a black and white image with only two grayscale values. After the image is binarized, it not only reduces the interference of non-target factors, but also reduces the storage space, and the processing is simpler and more convenient.

The basic idea of binarization processing is to compare the image f(x,y) with each pixel (x,y) and the given threshold T, when it is higher than the pixel segmentation threshold T, it will be displayed in white, and if it is lower than the pixel segmentation threshold T The pixels of T are displayed in black.

3.1.4 Edge detection
After obtaining the binary contour map of the lane, edge detection techniques are usually used to extract the edge information in the lane line. The edge is composed of a class of points with a large difference in gray value from the adjacent pixels. Due to the sudden change of information such as gray level or structure, the edge has rich information. This feature can be well applied to lane lines. Detection: By extracting edge information, the contour information of the lane line is detected to determine the position of the lane line.

Existing edge detection methods are usually gradient-based edge detection methods, which use differential operations in an image to determine whether it is an image edge operation. It can be seen that the maximum value of the derivative represents the point where the change is most significant. For current edge detection, commonly used detection operators include the Roberts operator, Prewitt operator, Sobel operator, Laplacian operator, and Canny operator.

3.1.5 Extract region of interest
For lane line detection, by observing the layout of the road scene in the image, the analysis shows that in the process of driving on the road, the road information is complex and changeable, which increases the difficulty of lane line extraction, so it can be eliminated by extracting the region of interest. Interference with lane lines. The collected road images are divided into two different areas: (1) the target lane area to be identified; (2) the background area on both sides of the lane and the sky area above.

3.2 Lane line detection based on traditional methods
Due to the different driving environments, the lane lines captured by the onboard cameras are also different. In addition to the scenes with clear lane markings under normal road conditions, there are also many complex scenes. For example, lane lines in strong light, trees on both sides of the driveway, shadows from buildings, broken lane lines, and inconsistent colors.

For the straight-line model under normal road conditions, the Hough straight line detection algorithm is used, which has fewer parameters, is easy to calculate, and has a fast detection speed. The curve model under complex road conditions contains more parameters, and the description of the curved road is more accurate, but the calculation amount is greatly increased, and the complexity is also high. 

3.2.1 Lane Line Detection Based on Hough Transform
Hough transform is an algorithm used to detect straight lines. Its essence is to use the duality of points and lines to switch the specific curve in the image coordinate system to the polar coordinate system. The parameters of each curve correspond to a point in the parameter space, transforming the curve parameter problem in image space into a peak problem using voting statistics space. Based on this principle, the straight line detection problem can be transformed into a coordinate clustering statistical problem in the parameter coordinate system. The classic Hough transform is mostly used to detect straight lines. After development, it can also be used for the detection of shapes such as circles or ellipses. In lane line detection, the line segments that form the edge of the lane line are generally identified by the Hough transform, and the coordinates of the endpoints of the line segments are used to determine the position and number of the lane line angle

3.2.2 Lane Line Detection Based on Bird's Eye View Polynomial Fitting
The method based on bird's-eye view polynomial fitting searches the lane line information in the bird's-eye view and detects the lane line using polynomial curve fitting. Projecting the road image to the bird's-eye view can make the lane line information present a more concise and clear distribution. It is beneficial to the statistics of lane line information and the expression of lane line detection results. The method mainly includes the steps of image binarization, inverse perspective transformation, effective pixel search and fitting of lane lines, etc.

3.3 Lane line detection based on deep learning
In recent years, due to the limitations of traditional image processing methods when applied to various complex lane scenes, deep learning has developed rapidly. More and more people have begun to study and improve it so that the deep neural network has been significantly developed in terms of feature extraction and nonlinear function modeling.

3.3.1 Introduction to Convolutional Neural Networks
The convolutional neural network is formed by stacking network layers, the network structure includes input layer, convolution layer, max pooling layer, fully connected layer, and output layer. For classification tasks, a fully connected layer is usually used to predict the category of the output image, and the image size will become smaller when the image is segmented, and image segmentation requires the input and output sizes to be the same, so it is necessary to segment the smaller image. Sampling processing to restore the size of the image. As shown in the figure below, when the calculation window scans to a certain position of the image, the center of the window is the anchor point, the size of the convolution kernel is the window size, and the elements in the window are inner product with the convolution kernel.
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Figure 1. Convolution step

3.3.2 Activation function
Each neuron node in the neural network receives the output value of the previous layer of neurons as the input value of the neuron and then transmits the input value to the next layer of neurons. There is a functional relationship between the output of the upper layer and the input of the lower layer, called the activation function.

If the activation function is not used, the relationship between the output and the input is linear, which leads to a limited application range of the network. When the input and output are nonlinear, a nonlinear function needs to be introduced as the excitation function, so that the multi-layer neural network has a nonlinear relationship. The expression can choose different functions as activation functions according to different input and output situations. The two most common activation functions are the Sigmoid function and the RELU function.

(1) Sigmoid function
The continuous real value of the input of the sigmoid function, the output value will make it between 0 and 1, and the final result has only two values: 0 or 1, as is shown in formula (3.1). But because it is easy to saturate, when the input is very large or small, the result is not ideal.
	
	
	formula (3.1)



(2) RELU function
The RELU function is nonlinear. At this time, the input and output are no longer a linear combination. The mathematical expression is such as formula (3.2). The activation function has a fast convergence speed and a small amount of calculation. It is widely used in convolutional neural networks.
	
	
	formula (3.2)



3.3.3 Optimizer
Deep learning is to continuously update network parameters and use these parameters to perform various nonlinear transformations on the input to fit the output, which is equivalent to finding the optimal solution. The algorithm for updating parameters is usually called an optimizer. The gradient descent method is the most basic type of optimizer, and the Adam algorithm is an improved first-order optimization algorithm based on the traditional stochastic gradient descent method. , the parameters obtained at each iteration are in a fixed range.

3.3.4 LaneNet and H-Net
Instance segmentation is often used for lane line detection based on implicit features. Instance segmentation subdivides different individuals belonging to the same category based on semantic segmentation so that each instance has a different label. First, the image areas belonging to the category of lane lines are extracted to form a lane line mask, and then each lane line is separated by clustering and other methods to form a lane line instance. For lane line detection, especially for multi-lane line detection tasks. For example, being able to distinguish each lane line instance at different locations is of great significance for scene understanding. This network consists of LaneNet and H-Net.

LaneNet is responsible for extracting lane line instances in the image, each lane line consists of a pixel set and has an independent lane mark to distinguish different lane line instances. LaneNet includes two parts: segmentation branch and embedding branch.

The segmentation branch is used to solve the two-class problem of lane lines and backgrounds in the picture, divide the positions of all lane lines, and obtain the mask for the highlight of the lane lines. The Embedding branch represents the lane line pixels in the form of feature vectors so that the features on the same lane line are close and the features on different lane lines are far away, and finally, each lane line instance can be obtained by clustering the feature vectors.

H-Net generates perspective transformation parameters according to the input image road scene, projects the result of lane line segmentation into the top view, and then maps it back to the original image display after cubic polynomial fitting.

3.4 Timeline
	Literature review
	15/06/22

	Software familiarisation
	01/07/22

	Lane Line Detection Based on Hough Transform
	25/07/22

	Lane Line Detection Based on Bird's Eye View Polynomial Fitting
	15/08/22

	Lane Line Detection Based on Deep Learning
	01/09/22

	Final draft preparation
	20/09/22

	Submission
	31/09/22




4 Results: 
Firstly, the road image acquisition and algorithm road test system need to be constructed, and then the image processing and neural network technology commonly used in the lane line detection algorithm need to be studied. Secondly, analyze the network structure of lane line detection based on instance segmentation and compare the detection results of different algorithms. Thirdly, select the basic algorithm process for research and the basic network framework for improvement, and summarize the reasons for the performance degradation of the algorithm in the face of changing traffic scenarios. And propose some solutions to enhance the anti-interference ability of the algorithm.

4.1 Detection performance indicators
The lane line label of the TuSimple dataset is a series of equally spaced points. Accuracy is used as the official evaluation indicator, which is defined as the ratio of the number of correctly predicted lane line points to the total number of lane line points in the label. The performance indicators commonly used in instance segmentation methods can also be used for evaluation, including IoU (Intersection over Union) and . IoU is the ratio of the overlapping parts of the two regions to all parts, and in the lane line detection task, it is the ratio of the intersection of the pixel points of the lane line prediction area and the pixel points of the lane line label area to the number of elements in the union.  is a comprehensive evaluation index including precision rate and recall rate, and its calculation method is shown in formula (4.1).

	
	
	formula (4.1)



Among them, Precision represents the ratio of the number of correctly recognized lane lines to the total number of recognized lane lines, and Recall represents the ratio of the number of correctly recognized lane lines to the number of actual existing lane lines. The calculation method is shown in formula (4.2)

	
	
	formula (4.2)

	
	
	



4.2 Real-time indicators
For the environmental perception task of autonomous driving, the speed of the algorithm determines whether it has practical significance. If the environmental perception module cannot obtain environmental information in real-time, the entire process of subsequent decision-making planning and control of the system will be slowed down. Therefore, the real-time performance of the lane line detection algorithm is very important.

Target detection tasks usually use the time consumed by processing each frame of the image as an indicator of the running speed of the algorithm, and at the same time use Frame Per Second (FPS) as a real-time representation. In this paper, the time taken from the algorithm to read the image to the output of the lane line detection result is taken as the processing time of a single frame of the image.




5 Evaluation: 
With the continuous growth of car ownership and the rapid development of road traffic, traffic safety and road congestion has been a wide concern in society, which are closely related to people's life and property safety and social operation efficiency. At this stage, driving assistance systems such as lane departure warning and lane-keeping assistance, as well as the automatic driving technology that will eventually be realized, are inseparable from the important environmental perception task of lane line detection. Real-time, accuracy, and reliability are the key requirements for lane line detection algorithms.

However, there are several difficulties in lane line detecting. The first difficulty is the inclement weather. Weather conditions vary widely in most circumstances, and the impact of light variations is multifaceted, which is a key challenge for all vision-based systems. The second difficulty is that the algorithm is complex and computationally intensive. The time complexity and space complexity need to be optimized to make the algorithm faster and simpler
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