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Abstract
The solution to the problem of environmental perception is one of the important prerequisites for the realisation of intelligent vehicle autonomous driving, and lane line detection research occupies a key position in environmental perception. With the development of deep learning technology at home and abroad, and also to minimise the impact of environmental factors on the lane line detection task, researchers have started to utilise this technology for lane line detection research. This thesis considers lane line detection as an image segmentation problem and conducts research on lane line detection based on deep learning algorithms to meet the challenge of rapid environmental changes during driving.
In this work, a lane line detection method based on the U2-Net model is proposed. Firstly, in order to allow the model to focus more attention on the lane line information, a CBAM attention module is chosen to be fused on top of the U2-Net model. Then, in order to extract accurate lane position information, a position information extraction module was added to the U2-Net model. The performance of the U2-Net model in detecting lane lines was significantly improved by these two improvements. An accuracy of 95.63% was achieved on the Tusimple data, while an F1-measure of 74.4% was achieved on the CULane dataset. Experiments have shown that our method can perform lane line detection well in complex environments such as congested roads, severe obstructions, and dazzling light.
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[bookmark: _Toc646]1. INTRODUCTION
Since the introduction of the automobile in the 19th century, the automobile industry has developed rapidly, and the production of automobiles has increased rapidly. The widespread use of automobiles has made life much easier. However, the number of traffic accidents has gradually increased, posing a major threat to people's lives. In order to minimise the impact of human factors on traffic, it is possible to start by improving the safety of the car, for example. Specifically, by first studying, then refining, and finally extending the safety systems of cars, the safety factor can be improved to the extent that driverless vehicles can be progressively achieved and eventually completely shielded from human influence. Based on a large amount of real-world test data, ADAS and other systems can always assist the driver when driving in order to minimise traffic accidents.
Recently, advanced assisted driving systems similar to ADAS have been emerging and are becoming a focus of research and development for use as intelligent vehicles. Such systems can provide timely alerts when the driver is driving the vehicle. The data is collected by relying on on-board sensors such as LIDAR, cameras, etc. Once processed, the system will identify the current traffic situation and assist the driver in making decisions in case of an emergency. In summary, such systems can not only make the driver more comfortable when driving the car, but also avoid traffic accidents and reduce accident injuries.
The rapid development of intelligent technology has given rise to intelligent vehicles. Since the 1870s, a few countries have put research into intelligent vehicles on the agenda. In May 1989, the NavLab series of intelligent vehicles was developed by Carnegie Mellon University in the United States, which has the significance of being the pioneering work of intelligent vehicles. The series of intelligent vehicles first rely on multiple on-board cameras to collect road data information, and then use computers to analyse the collected information and get the analysis results. In 2015, the UK also developed a smart vehicle. In the case of the Lutz Pathfinder, the vehicle can carry two people and their luggage at a speed of up to 24km/h and travel up to 64km. The intelligent vehicle relies on sensor devices such as cameras and LIDAR to obtain information about the environment around the vehicle, which is then processed by a computer for the purpose of sensing the environment and regulating the direction and speed of the intelligent vehicle to avoid vehicles or other obstacles based on the results.
In terms of causes, there is a need to minimise or even avoid human-caused traffic accidents. In terms of conditions, artificial intelligence technology, especially deep learning technology, is currently advancing. Therefore, the need for the development of intelligent vehicle technology is just in time. In the above-mentioned intelligent vehicle driving process, the accurate completion of the task of lane line detection is crucial for driving safety. As can be seen from the above, lane line detection is of great value for the development of intelligent vehicles.
The driving environment for intelligent vehicles is complex and variable, with weather, traffic conditions, light intensity, noise interference, lane line curvature changes, and many other factors impeding driving safety. This makes lane line detection more difficult. In summary, the difficulties can be divided into the following:
(1) Bad weather. In the event of heavy snow, fog, or storms, snow or water may accumulate and obscure the lane lines, making them undetectable. In addition, the camera lens may also be disturbed by obscuring snow, fog, or rain.
(2) Complicated traffic conditions. In complex traffic conditions, there may be problems with lane lines being obscured by pedestrians or vehicles.
(3) Light intensities. Whether it is strong light, low light, or alternating between strong and weak light, lane line detection can be affected. If the light intensity changes during travel, there may be problems with reflections on the road; when travelling at night, there may be strong light from other vehicles' headlights or dim light.
(4) Noise disturbance. If long strips of noise appear on the road and are similar to other features of the lane lines, such as colour or length, false detection may perhaps occur.
(5) Curvature variation. If the curvature of the lane line changes significantly, or if the curvature is large, it will be difficult to detect.
As can be seen from the above description, the driving environment is complex and changing and is affected by many factors such as weather, the road, and traffic. In addition, lane line detection needs to take into account not only low or strong light, sudden changes in light, rain, fog, and other poor quality weather, and other environmental influences such as these, but also other unexpected conditions. In the process of engineering lane line detection, not only good accuracy but also real-time performance is required. As a result, recognition through manual feature extraction is often difficult to cope with in complex driving environments. In addition, to address the shortcomings of the above-mentioned traditional methods that rely on manual feature extraction and deep learning-based approaches that are mostly unengineered in practice, this thesis proposes a lane line detection model based on the U2Net [1] model.


2. [bookmark: _Toc5563]LITERATURE REVIEW
Many features of intelligent cars, including lane-based navigation and high-definition map modeling, are impacted by lane line detection [2]. In addition, industrial cameras have the following advantages over LIDAR detection: they are less expensive and more robust. In addition, the different stages of environmental perception can be processed by computer vision [3]. Traditional and deep learning-based algorithms are the two primary divisions of vision-based lane line identification systems. In the field of lane line detection, traditional methods usually consist of three steps: first, the image is preprocessed to eliminate noise interference, and then researchers generally choose to perform an inverse perspective transformation on the lane line image, or to delineate a region of interest (ROI). Then, feature information extraction is implemented. Finally, lane model fitting is performed to identify the lane lines. In the field of lane line detection, the accuracy of the emerging deep learning method is significantly higher compared to traditional methods. The method learns feature information autonomously and has a high generalisation capability by means of a neural network model. In recent years, in the direction of computer vision, vision-based lane line detection under the deep learning approach is generally divided into two ways: detection and segmentation. Both have in common that the preprocessed lane line images are labelled and then trained, tested, and validated in a constructed neural network model. The model is then optimised and a more accurate lane detection model is obtained. The difference is that detection refers to the classification of a determined position and only the detection target needs to be framed. The segmentation approach requires further judgement to identify which target a particular pixel belongs to.
[bookmark: _Toc26417]2.1 Lane Line Detection Based on Traditional Algorithms
In order to achieve autonomous navigation of intelligent vehicles in environments such as urban and off-road, it is crucial to study lane line detection algorithms so that they are accurate, generic, and real-time [4]. As far as the traditional approach is concerned, in the model-based detection approach, the lane line detection problem is equivalent to the parameter calculation problem. The method is insensitive to noise and generally does not mis-detect lane lines if they are locally defaced and damaged in the image. Feature-based detection methods target lane line features, mark feature points and then classify them, i.e., lane line points and non-lane line points, which are processed to obtain lane line detection results.
[bookmark: _Toc14009]2.1.1 Model-based lane line detection
For model-based algorithms, there are two categories: straight line models and curve models. Due to its resistance to noise and missing data, the Hough transform is a frequently used line identification method for lane straight lines [5]. Therefore,  a straight line model is often created by the Hough transform to complete the detection; for curved lanes, curve models include random sampling, consistent algorithms, and higher order curves, etc., which are fitted using several of the above commonly used methods.
For the condition of alternating straight and curved lane lines, Sui Liang et al [6] proposed a segmented model lane line recognition algorithm, which consists of a combination of the Hough transform and a quadratic curve model. First, the ROI is segmented on the image, and then the LOG operator is applied to edge detection in the ROI. Subsequently, straight lines are detected by the Hough transform and processed reciprocally to obtain two straight line segments. Based on the trend in both directions, the above two models are made to switch with the situation to finally fit the lane lines. In structured road traffic systems, curves are traffic accident prone areas. How to effectively detect lane lines and provide drivers with timely information about the traffic ahead is a difficult task to assist with safe driving. Traditional lane detection techniques are not very applicable in curvy conditions. Therefore, for the curve model, Duan et al [7] proposed a lane line detection algorithm, which was obtained by improving the sequential random sampling consistency (RANSAC). Experimental results demonstrate that this algorithm is less prone to false detection and can detect lane lines in real time and accurately when faced with a variable environment. To address the shortcomings of the existing linear model, Yanwen Wu [8] proposed an algorithm which combines vision sensors with a high-accuracy map to achieve lane line detection and tracking. In the first step, the lane line edges are obtained after improving the Hough transform; then, the selected model parameters are refreshed according to the filter prediction to complete the lane line fitting; finally, the trajectory tracking is achieved by using the high precision map and the a priori model parameters. For night driving, Li Yadi et al [9] implemented a detection algorithm for the inner lane straight line of the lane where the vehicle is located. First, the image is binarised by preprocessing, in which Laplacian operators are used to enable lane line edge feature enhancement; then, thresholding is implemented by the OTSU algorithm and edge detection is performed by Canny operators. finally, straight line fitting is completed by the Hough transform based on slope constraints within the bottom 1/3 of the image. Using complicated road circumstances and dynamic surroundings, Cao et al. [10] suggested an intelligent vehicle lane recognition algorithm to overcome the issues of low detection accuracy and poor real-time performance of generic techniques. Firstly, the distorted image is transformed and edge detection is performed using a superposition thresholding algorithm to extract the region of interest; then, a bird's eye view of the lane line image is obtained by means of an inverse perspective transformation. The lane line curve is then fitted using the RANSAC algorithm based on the third-order B-sample curve model, and the radius of curvature is determined once the curve has been evaluated through fitting. Finally, using driving films under challenging road conditions and the TuSimple dataset, simulation test tests of the lane recognition method were conducted. Compared with other algorithms, the lane line detection algorithm has obvious advantages, with good accuracy and meets the real-time requirements. It also has strong anti-interference ability and high detection efficiency.
[bookmark: _Toc3285]2.1.2 Feature-based lane line detection
Lane line features usually contain information such as colour, gradient, and intensity of edges. When feature-based lane line detection is performed, it is generally processed using pixels and filtered based on this feature to extract lane line candidate regions from the image.
Starting from colour features, Ma et al [11] proposed a detection algorithm which was implemented under the CIE Lab colour features and then clustered to achieve lane line detection. The color space can provide more valuable information than a greyscale image. The algorithm proves that it is feasible to identify lane lines by colour clustering. The quadratic curve is then used to match lanes according to the geometric characteristics of the road, and the least squares method is proposed to describe the parameters of the quadratic curve. While Li et al [12] used colour features, the image was greyed out and then the image was captured with possible noise, which was processed by median filtering. Then, the lane edges are detected by adaptive thresholding, and at the same time, the region is divided to construct a dynamic ROI, and the Hough transform is improved to obtain the candidate lines in this way. Finally, an inter-frame correlation is used to constrain the lane lines and update them simultaneously. Some scholars focus on edge gradients, and Liu et al [13] firstly, the edge feature points are extracted by the gradient distribution characteristics of the lane line edges. Then, the lane line feature points are used to have continuity. In addition, with properties such as gradient direction consistency, clustering of feature points is implemented to obtain discrete regions. At the same time, the similarity between each region is assessed and clustering is carried out. Finally, the feature points in the optimal class are selected and lane lines are fitted. For the problem of lane line image feature intensity, Win et al [14] worked out a lane detection algorithm, which is based on the Retinex algorithm and can perform feature collection for lane line detection under different lighting conditions. In addition, the algorithm can be used to effectively reduce the computation time and accurately detect the left and right boundaries. Yu et al. [15] suggested an effective lane detection approach, which is implemented via deep feature extraction, to perform real-time lane detection in various road situations. Feature extraction from the lane lines, lane fitting, and picture preprocessing are the method's three primary steps. An aerial view of the lane line picture is first created during the preprocessing step using the inverse perspective mapping (IPM) technique, and then a Canny operator is employed to produce an edge image. In the deep lane feature extraction step, a cutting-edge lane extraction method is suggested. First, a line segment detector is used to quickly recognize line segments in IPM images (LSD). The proposed adaptive lane clustering technique is then used to group the nearby line segments produced by the LSD approach. The target lines are then separated from the other lines using the suggested local grey-scale maximum cascaded spatial correlation filtering (GMSF) algorithm. A hierarchical lane detecting method was created by Cheng et al [16] to handle both organized and unstructured road surfaces. The system first categorizes the surroundings surrounding the roads before applying the proper algorithms to various types of roads. Instead of employing a single sophisticated algorithm to cover all instances, this hierarchical structure enables relatively straightforward and effective lane recognition techniques to attain high accuracy. Pixels with lane marker colors are retrieved as feature points for environmental classification. In this study, model selection and maximum likelihood estimation of Gaussian parameters in high-dimensional feature spaces are accomplished using Eigenvalue decomposition and regularized discriminant analysis. For unstructured roads, the scene in the image is divided into regions using mean-translation segmentation. Possible candidate road boundaries are selected from the region boundaries, and then the most likely option from the candidates is selected as the lane boundary using Bayesian rules. For structured roads, vehicles of the same color as the lane markings are first eliminated from the feature points, then inclination and turning point searches are performed to determine the boundaries, and finally, lane line detection is completed by extracting the feature points. For unstructured roads, Wang et al [17] instead used a monocular camera to capture images from both sides of the road. Among the many image processing methods, an optimised method is selected through analysis and comparison to preprocess the original image, and after detecting straight lines through the Hough transform, the lane boundaries are identified and marked.
Traditional image detection methods have a number of limitations. Firstly, the application scenario is limited. In complex road environments, road wear and tear, obstacle occlusion, changing light conditions, cloudy and rainy days can all affect the algorithm's detection effectiveness, and the robustness is poor. Secondly, the number of lane lines on the road is not fixed, but the traditional method requires fixed lanes in the first place, so it is difficult to apply to real road scenarios and has poor generalisation capability.
[bookmark: _Toc19221]2.2 Deep learning based lane line detection
Traditional lane line identification algorithms need a combination of expertise and skill to manually alter the parameters in the algorithm according to various driving conditions because they are vulnerable to environmental scenarios like rain, snow, fog, and darkness. In addition, the Canny operator commonly used in traditional methods is widely used for lane line edge recognition, but the traditional Canny operator has shortcomings in adaptive capability and anti-interference capability [18]. In recent years, deep learning (including recurrent neural network) techniques have won numerous competitions in the fields of pattern recognition and machine learning [19], and their development has provided new directions for implementing lane line detection in different scenarios. The construction of a neural network is typically more intricate and consists of an input layer, an implicit layer, and an output layer. The data extrapolated from the lane line image will differ if the network layers are different. When it comes to lane images, the extracted characteristics are typically low-dimensional for the underlying network layer structure, but when the layers are added, the network layer begins to learn higher-dimensional data, such as the lane image's color, contour, or texture features. This sub-section describes a few representative studies of lane line detection algorithms based on deep learning methods.
If the road scene is straightforward, merely the RANSAC algorithm can be used to determine lanes. However, it is challenging to finish the detection due to noise edges if the road scene is complicated, including roadside trees, fences, or crossroads, etc. Due of the noisy edges, it becomes challenging to finish the detection. In order to solve this issue, Kim et al. [20] used CNNs for lane line detection. The edge map of the region of interest is input during training of the CNN. The image with simply white lane lines against a black backdrop is utilized as the target after training. By layering the convolutional and subsampling layers of this CNN, which represent the deep structure of deep learning, noise lines are eliminated.
Vision-based deep learning lane line detection algorithms in complex scenes still have many issues to be addressed, such as marker deficiencies, overexposure, and shadows. Experimental results using DNN-related algorithms show that: The relevance of each channel in the DNN is not taken into account, and the empirical scale of the perceptual field in the network is much less than the theoretical scale. D. Xiao et al. [21] suggested an attention module (AMSC) that uses learnable coefficients to integrate self-attention and channel attention simultaneously in order to overcome these two problems. The team also suggested an attentional DNN for lane marker recognition and used AMSC to LargeFOV (modified LargeFOV). Their suggested module exhibits some characteristics, such as intrinsic parallel computing advantages that require fewer parameters and convolution operations, when compared to state-of-the-art approaches that represent pixel and channel dependencies.
Lane recognition is made more difficult by how complicated the real-world road environment is. Deep learning's explosive growth in recent years has shown how to approach and resolve this issue. Deep learning is simply concerned with the diversity of samples and is unconcerned about changes in the environment. With enough samples trained, targets can be detected and recognised. On the basis of deep learning, Chen et al [22] proposed a Mask R-CNN based lane detection algorithm, which can not only detect lanes quickly, but also achieve an accuracy of 97.9% on the TSD-Max dataset. For multi-lane, Shirke et al [23] proposed an entropy fusion-based multi-lane detection method. The main use of the proposed model is to combine the results obtained from the EW-CSA-based DCNN and the area-based iterative algorithm to provide efficient multi-lane lane detection. For different driving scenarios, Fabio Pizzati et al [24] designed a lane line detection algorithm that is based on the ROS framework and uses mean squared uncertainty estimation to obtain better performance during the training of a multi-task CNN. The algorithm first extracts information from the street scene using two CNNs and a data fusion algorithm, then processes the information using a single CNN, and finally determines whether the information is available by comparing it with the image labels. The algorithm obtains the pixel information of the lane line image without causing inaccuracies in the detection of blank parts that could lead to changes in the lane line information.
Existing work has rarely considered the detection of lane lines in adverse weather conditions, which may degrade lane detection performance. In order to use both FCN-RGB-edge and FCN-edge techniques, Zakaria et al. [25] created a fully convolutional neural network model (FCN) with RGB and Canny edge detection as input. The three stages of model creation were data collection, platform construction, and benchmarking against current techniques and data. The proposed technique produced a 4% improvement in both cases over the original FCN-RGB image. The Canny edge detection approach collected the required data from the image effectively and ignored raindrops by treating them as noise. In conclusion, the technique may help automatic data gathering systems perform better at spotting lane lines in wet conditions. When pictures are taken in rainy weather, in addition to the presence of low light, there is the potential for distortion of the lane lines as the light is reflected by the road surface due to the wetness of the road. At night, the limited light may cause color distortion. For unfavourable driving environments such as rain and night, Seokju Lee's research team [26] proposed a unified end-to-end trainable multitasking network, VPGNet, which can handle the detection and recognition of lane lines in real time. At the same time, by building this network, this research team established a benchmark dataset for lane line marking. The 20,000 images were divided into 17 lane marking categories in four different scenarios: no rain, light rain, heavy rain, and night time, which were used to train and evaluate multiple versions of the multitasking network and to verify the significance of each task.
Li et al [27] proposed an improved codec network with an instance matching normalisation network (IB network) and an attention network structure. By replacing the pixel classification of the scene annotation with a structure that captures the content image, further optimization of this part from the idea of image style transformation is considered to address the shortcomings of batch normalisation in capturing texture in end-to-end segmentation. To exploit the visual and appearance invariance of the encoder stage instance normalisation, an IBN layer is applied instead of the normal BN layer. The network is then given an attention mechanism to have it concentrate on lane sections. With just lanes and backdrop, this structure is suitable for two different kinds of semantic segmentation problems. For lane line and road semantic segmentation based on monocular vision, When multi-level features were combined with extended convolutional operations and FPNs in the ResNet framework, Liu et al[28] .'s developed expanded feature pyramid network (FPN) with feature aggregation, or DFFA, and this deep learning model proved successful and efficient.
Some research teams have also started with instance segmentation, with researchers such as Neven [29] building a network model of the lane line detection problem as an instance segmentation problem, which can be trained end-to-end so that each of these lane lines forms its own instance. The lane line identification technique is a type of instance segmentation that can manage circumstances involving many lanes as well as simultaneous lane changes. In order to parameterize the lane instances before the lane lines are segmented, the method uses an image-based alert perspective transformation rather than a fixed "bird's eye view" transformation. By constructing a dual model based on instance segmentation utilizing the now fashionable convolutional neural network (CNN), Wang et al. [30] enhanced the conventional lane detection approach. During the capture and processing of images, the distributed computing architecture offered by edge cloud computing was utilized to increase data processing effectiveness. The real-time performance of lane detection is enhanced by the lane fitting procedure, which creates a variable matrix for successful detection in the case of slope changes.
In order to use visual information more efficiently and solve the problem of spatial information transfer on feature maps, i.e. to establish spatial relationships between pixel points, previous approaches have been based on RNN and MRF/CRF post-processing. While the performance of RNN-based approaches is not very good due to the limited range of information transfer, MRF/CRF-based approaches are too computationally expensive and their performance needs to be improved. et al. proposed a spatial convolutional neural network (SCNN) [31] to detect lane lines. The traditional layer-by-layer convolution is replaced by a slice-by-slice convolution operation within the feature map. A special convolution operation is used in the segmentation module, where information of different dimensions is aggregated by processing the sliced features and adding them one by one, which allows the information to be passed between rows of the image. However, the slow detection speed of this method limits further development.
By enhancing the semantic segmentation effect and splitting lane instances, segmentation-based detection techniques increase the accuracy of lane line identification. The noise produced by the segmentation process is typically not taken into account by end-to-end lane identification algorithms when outputting lane instances. These techniques frequently fail to accurately detect lane line borders, which is a major issue. For instance, some of the results of smooth lane identification provide a curved appearance. In order to enable reliable and quick detection of lane lines in complicated settings, we further explore in this study how to enhance the performance of lane detection algorithms based on semantic segmentation.


3. [bookmark: _Toc25226]RESEARCH METHODOLOGY
This chapter first addresses convolutional neural networks, detailing their main structures and roles, including structural layers such as the convolutional layer, activation function, pooling layer, and fully connected layer. Then four representative feature extraction network models are introduced, namely AlexNet [32], Visual Geometry Group Network (VGG) [33], GoogLeNet [34], Deep Residual Network (ResNet) [35] and other networks. Meanwhile, the theoretical knowledge of four classical semantic segmentation models, including FCN [36], U-Net [37], SegNet [38], and DeepLabV3+ [39], is presented. The content of these convolutional neural networks provides the theoretical basis for subsequent discussions related to deep learning-based lane line detection algorithms. Finally, common datasets and evaluation metrics for lane line detection algorithms are presented.
3.1 [bookmark: _Toc10689]Convolutional neural networks
While traditional image processing methods rely on manually designed features, deep learning does not have such limitations and is more capable of generalisation. When raw image data is fed into a neural network, deep learning is able to learn abstract feature information incrementally, from bottom to top level. Image segmentation plays an important role in the semantic understanding of image features and refers to the process of dividing an image into a number of regions with similar properties. Recently, there has been a gradual rise in the use of deep learning to segment images, and image segmentation has evolved gradually. Convolutional neural networks are the main deep neural networks used in this thesis to implement a lane line detection algorithm based on semantic segmentation.
Convolutional neural networks (CNNs) contain at least one convolutional layer. The convolutional layer performs operations by means of convolutional operations instead of using matrix multiplication [40], and was first proposed by Alexander Waibel. The network usually has a multi-layered structure. CNNs extract features by convolutional operations, reduce parameters by weight sharing, pooling, etc. to reduce computation, and finally complete image processing tasks such as classification, detection, and segmentation. The network structure of a CNN can be seen as a hierarchical model, with the input layer, the implicit layer, and the output layer in order. The training process of CNN is briefly described as follows: first, all weights are initialised to random values. Then, the input training image is made to pass through the above network layer structure, and the probabilities of all output classes are obtained. Additionally, for the output layer, back propagation is used to calculate the gradient of the error with respect to the weights after the total error has been determined. Finally, the gradient descent approach is used to update all weights in order to reduce output layer error.
3.1.1 [bookmark: _Toc24264]Convolution layers
In the case of convolution, a neighborhood feature is obtained by doing a convolution operation on a neighborhood in the original image. Convolution is the process of selecting a convolution kernel and multiplying it with the corresponding part of the pixel values in the image to obtain the sum, which is the feature value of the image in this small region. In this context, the convolution kernel can be thought of as a matrix of weights. The convolution layer is then constructed from the eigenfaces, which contain multiple neurons. In a CNN, neurons and convolution kernels are interrelated.
After the input image, the convolutional layer is used for the feature information, which requires a convolution operation to achieve. First, the lower dimensional feature information, such as line features, edge features, corner features, etc., is captured by the lower convolutional layer. Then, using the higher convolutional layers, the above feature information is reorganised. Finally, the above steps are used to obtain high-dimensional features, which are generally more abstract. After inputting the image data, the feature values are calculated using convolutional operations while the convolutional kernel slides. Once the convolution kernels have covered the input image, the overall feature information of the input is obtained. When multiple convolutional kernels are applied in a network, they usually represent different convolutional kernels, representing different pattern features. The process of convolution is shown in Figure 1.
[image: 卷积]
Fig. 1. Convolution operation
Assume that the input image has a width of W, a height of H, a number of channels of D, a convolution kernel of size F, a number of N, a step size of S, and a number of fill zeros of Q. After the convolution operation, the output image is defined as follows:
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where Width indicates the width of the output image after convolution, Height indicates the height of the output image after convolution, and Depth indicates the depth of the output image after convolution.
3.1.2 [bookmark: _Toc17754] Activation functions
For the activation function, which gives the neural network its core function, the ability to model non-linearities [41]. This capability is mainly achieved by discerning whether the output value of a neuron can be activated or not. For example, a neuron is considered to be activated if its output value exceeds a set threshold, otherwise it is set to 0. When the output value of a neuron is set to 0, it means that such features are weak or non-existent in that image region. When a neural network has multiple hidden layers, but no activation function, it has no non-linear representation and is no different from a neural network with only one layer. So it can be considered that adding an activation function to a neural network allows it to be layered and able to perform non-linear mapping. In the case of deep neural networks, the following types of activation functions are commonly used, and are described below.
The sigmoid activation function is defined as follows:
	
	(4)


The image of the sigmoid function is shown in Figure 2:
[image: sigmoid]
Fig. 2. Sigmoid function
The shortcomings of the sigmoid function are that, firstly, it is easy to saturate. As can be seen from Figure 2, if the input value is too large or too small, the gradient value of the neuron will gradually converge to 0. Therefore, if the initial value of the input parameter is too large and the network is propagating positively, most of the neurons will be close to saturation, which makes it difficult for the neural network to learn. This makes it difficult for the neural network to learn. If the network propagates backwards, the model weights are difficult to update. Second, the output is not 0-averaged. If the input is positive, the gradient value of the derived weight ω is also positive. When its input is negative, then the gradient sought is the same negative value. When updating the weights ω, the above situation has the following consequence: in a neural network, if it is back-propagated, the update direction is either positive or negative, which can affect the speed of convergence.
The ReLU activation function is defined as follows:
	
	(5)


The image of the ReLU function is shown in Figure 3:
[image: ReLU]
Fig. 3. ReLU function
The ReLU function is expressed in the sense that if the input of a neuron is negative, the output value is 0. Otherwise, the output is equal to the input. In backpropagation, the gradient size of the descent in this layer generally changes along with the output of the previous layer of the network, i.e., it decreases with it, so the ReLU function has the advantage of converging faster compared to the Sigmoid function. In addition, for the ReLU function, it is only required to discriminate between positive and negative output values to obtain the activation value, so it is less computationally intensive and less complex than the Sigmoid function. However, the ReLU function still has shortcomings. If the input is negative, the corresponding gradient value is 0. Therefore, when the gradient size is always 0 after the ReLU function during negative gradient calculation, and the neuron no longer responds to the data, the neuron is determined to be necrotic.
The Tanh activation function is defined as follows:
	
	(6)


The image of the Tanh function is shown in Figure 3:
[image: Tanh]
Fig. 4. Tanh function
The Tanh function maps its output values between -1 and 1 after inputting the independent variables. Therefore, the inputs of the post-layer network are almost always homogenised by 0. Compared to the sigmoid function, there is no second point of deficiency, and therefore the Tanh function is more often used. However, as with the first problem of the Sigmoid function, the Tanh function is prone to gradient saturation and this problem has never been solved.
3.1.3 [bookmark: _Toc20383] Pooling layer
For Pooling Layers, which reduce the dimensionality of the data and allow the network to avoid overfitting, it is a down-sampling process [42]. This network layer integrates all the pixel features in a given neighbourhood to obtain new features. Since the convolution kernel is usually small after the convolution operation, the image is still large. In order to reduce the data dimensionality and keep the network parameters as small as possible, downsampling should be performed. After pooling, the feature information is reduced and the parameters are similarly reduced. Therefore, it is guaranteed that the features have not changed after the transformation. If the target is transformed, e.g. by translation, rotation, or stretching, the desired features are still obtained.
Pooling generally consists of mean pooling and maximum pooling. As shown in Figure 5, mean pooling involves dividing the neighborhood and averaging the selected eigenvalues. For Max Pooling, the neighbourhood is also divided and the feature values are then averaged, as shown in Figure 6.
[image: 平均池化]
Fig. 5. Mean pooling
[image: 最大池化]
Fig. 6. Maximum pooling
Assuming that the input image has a width of W, a height of H, a number of channels of D, a pooling layer of size F and a step size S, the output image after pooling is defined as follows:
	
	(7)

	
	(8)
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where Width indicates the width of the output image after convolution, Height indicates the height of the output image after convolution, and Depth indicates the depth of the output image after convolution.
3.1.4 [bookmark: _Toc18961] Fully connected layers
Fully Connected Layers are used in CNNs for classification. In a CNN, each neuron in a fully connected layer is fully connected to the neurons in the previous layer. The information with classification properties is processed by the convolutional layer or pooling layer and then passed through the final fully connected layer. Finally, the local features are fused and their processing results are passed on to the output layer. How a suitable loss function is chosen is extremely important for a classification task. For example, when classifying in the fully connected layer, if the subject is logistic regression, it is the softmax layer. It is calculated as follows:
	
	(10)


where j denotes the prediction category, X denotes the feature input from the previous layer, W denotes the weight, and K denotes the number of categories.
3.2 [bookmark: _Toc21869] Feature extraction network
Feature extraction networks, also known as backbone networks, are the root of visual recognition tasks and an important part of semantic segmentation networks. Their main role in semantic segmentation networks is to extract information from images, generate feature maps, and pass them to the networks that follow. Commonly used feature extraction networks include AlexNet [32], Visual Geometry Group Network (VGG) [32], GoogLeNet [34], Deep Residual Network (ResNet) [35], etc. All these networks have strong feature extraction capabilities.
3.2.1 [bookmark: _Toc12270] AlexNet
The first convolutional neural network was the LeNet-5 network, but it was the AlexNet network that first attracted attention. In 2012, Alex et al. proposed the AlexNet network, which won the ImageNet competition by a significant margin, with top-1 and top-5 error rates of 37.5% and 17.0%, respectively. The success of the AlexNet network is no coincidence. Compared with the LeNet-5 network, the AlexNet network has the following advantages: 
(1) The number of layers of the network is deepened, with five convolutional layers, three pooling layers and three fully connected layers, enhancing the feature extraction capability of the network but also posing the risk of overfitting. 
(2)  The features of the ReLU activation function are exploited to avoid gradient disappearance. 
(3)  To suppress overfitting, the AlexNet network adopted a data augmentation strategy and also used dropout. 
(4) Dual GPUs were used for training, enabling more complex convolutional neural networks and speeding up training. 
The AlexNet network structure is shown in Figure 7. 
[image: C:\Users\毕立锐\Desktop\国外\AlexNet.pngAlexNet]
Fig. 6. The architecture of AlexNet [32].
3.2.2 [bookmark: _Toc9371]VGG
The VGG [33] feature extraction network was proposed by Simonyan et al. in 2014, and the network achieved a new result in the ImageNet challenge that year, which was a significant improvement over previous methods. The VGG feature extraction network has five network structures, among which VGG16 is the most widely used, so this section focuses on the network structure of VGG16. As shown in Figure 7, the VGG16 feature extraction network consists of five modules, each containing a maximum pooling layer. Meanwhile, each module contains multiple convolutional layers, and each convolutional layer is followed by an activation layer.
The main contributions of the VGG family of networks are: 
(1) Deeper convolutional neural networks were built, demonstrating that increasing the depth of the network can improve feature extraction.
(2)  The convolutional layer uses smaller convolutional kernels compared to the previous versions of LeNet [49] and AlexNet [32]. The significance of using small convolutional kernels is mainly twofold. First, the convolution of stacked small convolutional kernels can obtain the same perceptual field as the convolution of a single large convolutional kernel, which significantly reduces the number of parameters of the network and improves the training speed. Secondly, the convolution of stacked small convolutional kernels can improve the non-linear representation of the network compared to the convolution of a single large convolutional kernel, making the network a better fit. 
[image: VGG]
Fig. 7. The architecture of VGG.
Although the VGG family of networks has made some breakthroughs in the image classification problem, deeper networks not only increase the number of parameters and computational effort, but also introduce the problem of gradient disappearance, making the optimization of the network more difficult. 
3.2.3 [bookmark: _Toc3129] GoogLeNet
GoogLeNet is a deep neural network model created by the Google team based on the Inception module, which won the 2014 ImageNet competition and has since been improved over the course of the last two years. It is now accessible in various distributions, including InceptionV2, InceptionV3, and InceptionV4. Expanding the network in the deep and wide directions is the most effective way to improve the capability of neural networks, but many problems arise, such as overfitting due to too many parameters and a limited training set, high computational complexity due to large networks and large numbers of parameters, and gradient dispersion problems in deep networks. Therefore, it is considered to reduce the number of parameters but increase the depth and width of the network. Replacing full connections with sparse connections will reduce some of the number of parameters. However, most of the hardware is used to solve the density matrix, so even with very small data, the overhead of the operations cannot be effectively reduced. According to this requirement, the Google network uses the modular architecture of Inception. The essence of Inception is to combine multiple convolutional or pooling operations in one piece to form a net component, and when performing the net architecture, in the component The construction of the net architecture is carried out in the form of a component. Figure 8 shows the detailed architecture of InceptionV1. The different scale features are fused by stitching together convolutional kernels of different sizes. However, a 5×5 convolutional kernel can still be computationally expensive when the number of layers is increased to a certain level. In order to improve this situation, GoogLeNet, like VGGNet, borrowed the 1×1 convolutional idea from Network in Network [43] and added 1×1 convolutional kernels to each of the three different sizes of convolutional kernels and maximum pooling, resulting in the complete structure of InceptionV1. The subsequent V2 version, on the other hand, used Batch Normalization [44] on top of V1 and referred to VGG with two 3×3 convolutions instead of one 5×5 convolution, as well as 1×n convolutions and n×1 convolutions instead of n×n convolutions, greatly reducing the number of parameters while causing no disturbance to the expressive power of the network. The subsequent version V3 used Label Smoothing on top of V2 and added the RMSProp optimiser. The latest version V4, on the other hand, introduced residual blocks in conjunction with ResNet.
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Fig. 8. The architecture of InceptionV1.
3.2.4 [bookmark: _Toc19939] ResNet
As deep convolutional neural networks have been studied in depth, researchers have found that increasing the depth of the network allows the network to extract more complex features. However, deeper networks not only increased the computational effort but also caused the problems of gradient disappearance and gradient explosion during training. For this reason, in 2016, He et al. proposed ResNet [35], which won the ImageNet classification challenge in 2015, and the literature also won the CVPR Best Paper Award in 2016, which is of rapid development has important implications.
ResNet contains several network structures, and this section introduces ResNet-50 as an example, which proposes a residual block to solve the degradation problem of deep convolutional neural networks. As shown in Figure 9, the residual block consists of three convolutional layers stacked together, each containing two feature propagation paths. The residual block takes x as input, and the left branch contains three convolutional layers and two activation layers. In the left branch, the features passed into the residual block are first compressed using 1×1 convolution to reduce the dimensionality of the input features and reduce the computational effort. Feature extraction is then performed using 3×3 convolution, followed by 1×1 convolution to keep the number of output feature channels the same as the number of original input feature channels in the residual block. The right side of the residual block is the input feature constant transfer process. Finally, the features of the left and right branches are summed up to obtain the final output. The feature output (original feature mapping) of the residual block is H(x), and the residual mapping obtained after the intermediate convolution layer is F(x), from which we can obtain:
		H(x)=F(x)+x            
	(11)



[image: 残差]
Fig. 9. The architecture of Resdual Block.
The residual network causes the stacked convolutional layers to fit the residual mapping F(x) instead of the original mapping H(x), the reason for this operation is that it is easier to learn the residual mapping than the original mapping. When the residual mapping is 0, the residual block simply does a constant mapping at this point and the network performance does not degrade; when the residual mapping is not 0, the residual block learns new features based on the input features, thus improving the network performance. In addition, the cross-layer connection allows features from different layers to be passed to each other, effectively alleviating the problem of gradient disappearance.
As shown in Figure 10, The ResNet network design is based on the VGG family of networks, with the addition of residual blocks through a short-circuiting mechanism and the replacement of the original VGG 3×3 convolution with residual blocks; an important design principle of the ResNet network is that the number of channels in the feature map doubles as the feature map size becomes smaller, maintaining the complexity of the network layers. At the same time, the use of convolution between ResNet modules to reduce the feature map size instead of pooling in VGG preserves the location information of the target to some extent.
[image: ResNet-50]
Fig. 10. The architecture of ResNet-50.
3.3 [bookmark: _Toc772]Semantic segmentation networks
Semantic segmentation of images requires that each pixel point in an image be given a specific class. When applying convolutional neural networks to the case of classification, a classification vector is usually calculated using a fully connected layer, representing the various probabilities of image classification. Therefore, the network models used for classification were not suitable for semantic segmentation of images. It was not until the advent of fully convolutional networks that this situation was broken. Since then, semantic segmentation networks have inherited the idea of full convolutional networks, and this has led to two main types of network models for this purpose: 
(1) Network models that increase the depth of the network, fuse semantic features at different levels, and aim for segmentation accuracy. 
(2) Lightweight network models that use more efficient structures to build convolutional layers and are constructed with real-time performance as the goal.
3.3.1 [bookmark: _Toc2609] FCN
The FCN [36], first proposed by Shelhamer Evan et al. in 2015, enables end-to-end pixel-level semantic segmentation, enabling classification of every pixel in an image, and is an inspiration for the development of subsequent semantic segmentation networks. Convolutional neural networks are suitable for image level classification and regression problems. The FCN is modified based on convolutional neural networks: the fully connected layer is replaced by a convolutional layer to achieve pixel-level semantic segmentation; the feature map of the last convolutional layer is up-sampled using a deconvolutional layer, reducing the feature map to the same size as the original image, which on the one hand classifies each image element, and on the other hand, the spatial information of the image is preserved. The FCN structure is shown in Figure 11. 
[image: FCN]
Fig. 11. The architecture of FCN [36].
The FCN replaces the fully-connected layer of the classical convolutional neural network with a convolutional layer so that the input image is no longer limited to a fixed size, thus converting the classical network into a fully convolutional neural network that can input images of any size. A second convolution and pooling operation is then performed, where the image is reduced to a quarter of the size of the original image. This is followed by a third convolution and pooling operation, where the image is reduced to one-eighth the size of the original image, and the feature image generated by the third convolution is retained. The fourth convolution and pooling reduces the image to one-sixteenth the size of the original image and preserves the feature image generated for the fourth time. Finally, after the fifth convolution and pooling, the image has been reduced to one-thirty-second of the original image. The fully-connected layer of the convolutional neural network is replaced with a convolutional layer, and the hotspot map of one-thirty-second size after five convolutions and pooling is convolved using two convolutional layers.
The low-dimensional feature map is extracted through multiple convolutional layers to obtain a high-dimensional feature map that is rich in semantic information. In order to convert the high-dimensional feature map to the same size as the original image, FCN uses deconvolution to increase the resolution of the feature map, and the resulting hotspot map is then upsampled by a factor of 8 to restore the original image size. Since the high-dimensional feature map after feature extraction loses most of the instance information, it is difficult to recover it even after upsampling using deconvolution. The result obtained by directly increasing the resolution is known as FCN-32s, and the segmentation result is blurred with loss of detail information and low accuracy. Therefore, the feature map of conv4 is up-sampled and fused with FCN-32s to compensate for the lost detail information, resulting in FCN-16s, and the feature map of conv3 is up-sampled and fused with FCN-16s to obtain FCN-8s, which has the highest accuracy. This structure is called the "leapfrog structure", which fuses the deep semantic information with the shallow feature information and makes full use of the instance information in the low-dimensional feature map, which can obtain more detailed information and further improve the effect of semantic segmentation.
3.3.2 [bookmark: _Toc557]SegNet
SegNet, one of the classics of codec network architecture, has been an inspiration for the development of semantic segmentation models. The encoder uses downsampling to extract contextual information from the image and generate a feature map rich in semantic information. The decoder increases the size of the encoder-generated feature map, restores the location of the features, and gradually recovers the lost details, resulting in a predicted map of the same size as the original image. The SegNet network structure is shown in Figure 12. 
[image: SegNet]
Fig. 12. The architecture of SegNet [38].
For the encoder part, SegNet uses the first 13 layers of VGG-16 to extract image features through convolutional layers. To speed up the convergence of the network, each convolutional layer is followed by a batch normalization (BN) layer and a ReLU function. To keep the image input and output dimensions consistent, SegNet fills in "0" around the input image and uses a maximum pooling operation to capture more translation invariant features.
In the decoder section, SegNet combines deconvolution and upsampling to retain detailed information on the one hand and increase the size of the image on the other. The deconvolution reduces the image classification, and the upsampling receives the pixel index values of the encoder's maximum pooling. Finally, the SoftMax classifier is used to obtain the probability of image attribute classification, which is mapped to the corresponding attribute according to the probability of the image element, completing the semantic segmentation of the image.
3.3.3 [bookmark: _Toc11804]U-Net
In 2015, Ronneberger et al. proposed U-Net for medical images [37], which pushed the development of code-and-decode semantic segmentation networks. In recent years' research, it has been found that U-Net is not only applicable to medical images but also performs well in the field of remote sensing images. At the same time, U-Net solves the problem of semantic segmentation's demand for a large number of samples and computational resources and is suitable for image segmentation tasks with a small number of samples. 
U- Net is a semantic segmentation model based on a fully convolutional neural network with a symmetric U-shaped structure that encodes and decodes image features and then fuses them with deep and shallow semantic features in the network. The encoder (systolic path), on the left, consists of four convolutional blocks, each consisting of two convolutional layers with 3×3 convolutional kernels, connected to the convolutional blocks by a Max Pooling layer, with the feature map expanding to double the number of channels and reducing to one-half of its original size with each pass through the convolutional blocks and pooling layers. After the fourth convolution and pooling, the feature map is reduced to one-sixteenth of its original size, and then passes through two convolution layers of 3×3 convolution kernels and upsampling operations into the decoder. To the right of the convolution block is the decoder (dilation path), again consisting of four convolution blocks, each consisting of two convolution layers of 3×3 convolution kernels, connected to the convolution blocks by upsampling, with the feature map reduced to half its original size and increased to twice its original size with each pass through the convolution blocks and upsampling channels. After the fourth convolution and upsampling, the feature map is restored to the same size as the input image. The two sides are symmetrically distributed, forming a U-shaped structure, as shown in Figure 13. To reduce the problem of feature information loss due to maximum pooling, the output of each encoder is superimposed with the input channels of the corresponding decoder. Finally, the number of output image channels is compressed and then entered into the SoftMax classifier to obtain the probability of image element attribute classification, which is mapped to the corresponding attribute according to the corresponding probability of the image element to complete the semantic segmentation of the image.
The systolic path is responsible for capturing the image features, while the dilated path is responsible for pinpointing the features, i.e., using downsampling operations to acquire the semantic information and upsampling operations to localise the semantic information. The structure of the U-Net incorporates cropping and copying between the two sides of the path to combine deep and shallow features. The main contribution of U-Net is the use of jump-connected fusion features, which helps to restore the information loss caused by downsampling and achieve more accurate segmentation. Although U-Net is superior in simple segmentation tasks, it does not perform well in multi-category and high-resolution tasks, and it cannot achieve fine segmentation of object boundaries.
[image: U-Net]
Fig. 13. The architecture of U-Net [37].
3.3.4 [bookmark: _Toc31062]DeepLabV3+
The development of this direction has been provided by the hole space pyramidal pooling module and the hole convolution proposed by Chen et al. in the DeepLab series of networks [39]. The general way to enhance the perceptual field is to increase the size of the convolution kernel, but this approach increases the number of parameters and computational effort significantly, and the proposed empty convolution effectively solves this problem. The difference between this and the normal convolution is that there is a fixed distance between each convolution operator of the convolution kernel, i.e. the dilatation rate, which can be seen as a special case of the normal convolution where the dilatation rate is 1. It can be seen that the null convolution can expand the field of perception without increasing the parameters, thus obtaining more feature information.
The development of this direction has been provided by the atrous space pyramidal pooling module and the hole convolution proposed by Chen et al. in the DeepLab series of networks [39]. The general way to enhance the perceptual field is to increase the size of the convolution kernel, but this approach increases the number of parameters and computational effort significantly, and the proposed empty convolution effectively solves this problem. The difference with normal convolution is that there is a fixed distance between each convolution operator of the convolution kernel, i.e. the expansion rate. The implementation of the null convolution is shown in Figure 14, where it can be seen that the normal convolution is a special case of the null convolution with an expansion rate of 1. It can be seen that the null convolution can expand the field of perception without increasing the parameters, thus obtaining more feature information.
[image: dilation rate]
Fig. 14. Dilation Convolution.
The DeepLabV3+ [39] network is shown in Figure 15. The void space pyramidal pooling, located after the Xception [45] feature extraction network, is one of the main contributions of the Deep Lab family of networks. The module uses a parallel structure of five branches, four of which are void convolutions with different expansion rates for multi-scale information extraction, and another one is averaging pooling to integrate global information. These are simultaneously applied to the same feature map and ultimately perform channel fusion on the output of each branch. The difference with other DeepLab networks is the addition of a decoder to fuse shallow features with deep features to improve the accuracy of object boundary segmentation. Nevertheless, due to the large number of channels in the deep feature map, the parallel structure of the void space pyramidal pooling causes higher computational costs, and the problem of loss of pixel location information is not addressed.
[image: Deeplabv3+]
Fig. 15. The architecture of DeepLabV3+ [39].
3.4 [bookmark: _Toc19076]Dataset
In deep learning, datasets are very important and the size of the dataset affects the final model's detection. The dataset is also divided into a training set, a validation set, and a test set. The model is trained on the parameters of the neural network using the training set, and the model's performance is evaluated using the validation set, which is continuously updated, tuned, and optimised. After the model has been trained, the test set is used to objectively evaluate the performance of the network. When the data in the validation set is sufficiently representative and generalized, there is no need to use a test machine.
In the field of lane line detection, there are many public datasets related to lane lines, of which the TuSimple [46] and the CULane [31] dataset are the most representative.The TuSimple dataset is mostly highway lane lines with clear lane lines and is currently more widely used in model training and new papers.The CULane dataset has a complex scene, contains a variety of complex backgrounds, and is large. The CULane dataset is complex, contains a variety of complex backgrounds, is large and challenging, and is often used for lane line detection research.
3.4.1 [bookmark: _Toc7835]Tusimple
The Tusimple [46] dataset has 3626 images in the training set and 2782 images in the test set, with a resolution of 1280×720. The majority of the scenes are sunny, daytime, and lane line images at different times of the day, including 2, 3, or 4 lanes or more, with discrete, equally spaced points to represent the lane lines, and the returned json file records the discrete The returned json file records the two-dimensional coordinates of the lane points in the diagram. The json file for each image contains discrete point information for four lane lines, i.e., the two current lane lines and the two left and right lane lines, for a total of four lane lines.
[image: Tusimple]
Fig. 16. Some sample data from Tusimple dataset.
3.4.2 [bookmark: _Toc27361]CULane
The CULane [31] dataset is a collection of lane line data from different scenarios of a taxi in Beijing under different weather conditions. It was built for academic research on lane detection, and its acquisition time is over 50 h. The CULane dataset has a total of 133,235 frames. The number of frames in the training set is 88,880, the number of frames in the validation set is 9,675, and the number of frames in the test set is 34680 frames. The image resolution is 1640 x 590, mainly urban scenes, and the CULane dataset scenes can be divided into normal scenes and eight difficult-to-detect scenes. The challenging scenes accounted for 72.3% and included congestion, night, missing lane lines, glare, landmark arrows, dimness, curves, and intersection sections, as shown in Figure 17. The images in the dataset are all labelled with only four lane line areas, i.e., the two current lane lines and the two left and right lane lines. 
[image: CULane]
Fig. 17. Some sample data from CULane dataset.
3.5 [bookmark: _Toc3609]Evaluation metrics
There are various evaluation metrics for the results of lane line detection tasks, and different evaluation metrics should be used for different datasets. For the Tsuimple dataset, the official evaluation metric is accuracy. The accuracy is measured as the ratio of the number of correctly predicted lane points, Cpred, to the total number of lane points, Tgt. The higher the accuracy, the better, and the formula is as follows:
	
	(12)


For the CULane dataset, the F1-measure, which is a weighted sum of precision and recall, is used as an evaluation metric, which combines the results of accuracy and recall. The formula is defined as follows:
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3.6 [bookmark: _Toc10052]Experimental setup
The experimental setup in this paper mainly includes software, hardware, and various hyperparameter settings within the algorithm. The deep learning framework used is PyTorch, which is one of the mainstream deep learning frameworks with the largest user base, supports a large number of advanced APIs for deep learning, and has good compatibility. The whole experiment was run on an NVIDIA GeForce GTX 2080Ti server. The server system environment is Unbantu, and the main language used is Python 3.7. During the training process, the input data was uniformly cropped to a size of 320×320, the Adam optimizer was chosen to be used, the learning rate size was set to 0.0001, and the batch size was set to 8.


4. [bookmark: _Toc17020]DESIGN AND IMPLEMENTATION
Lane lane detection is at the heart of assisted driving systems, and it is important to design a good detection convolutional neural network to better extract lane lane features from images. In the lane line detection task, there are problems such as missing lane lines, blurred lane lines, and occlusion by vehicles, which can seriously affect the accuracy of lane line detection. In this chapter, a U2Net-based lane detection algorithm is proposed to address these problems. First, the principles of the U2Net [1] model and the module composition are elaborated. Then, the principles of several commonly used attention mechanisms are introduced, and a suitable attention module is selected to be embedded in the U2Net model. The attention mechanism can effectively acquire rich information and extract more useful and tighter features while suppressing noisy information. Finally, as lane line detection is sensitive to boundary information, it is necessary to focus not only on the geometry of the object but also on edge information such as colour, texture, and illumination. Therefore, the U2Net model was improved by adding a module for extracting lane position information. The model was also validated by ablation experiments on the TuSimple dataset and the CULane dataset to verify the effectiveness of these improvements.
4.1 [bookmark: _Toc12055]U2Net
U2net is a two-layer nested U-shaped network structure, mainly consisting of residual U-blocks (RSU) for extracting multi-scale feature extraction and an outer U-shaped structure connecting the RSU [1]. The algorithm is designed to extract higher resolution feature maps at low computational cost without using a pre-trained backbone network for image classification. The RSU consists of three parts: an input convolutional layer that performs channel conversion on the input; a U-shaped structure that extracts contextual information at multiple scales; and a residual connectivity layer that connects the input and intermediate layers via residual blocks. The RSU structure is shown in Figure 18. 
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Fig. 18. The architecture of RSU.
In Figure 18, Cin and Cout are the number of channels in the input and output layers respectively, M is the number of channels in the inner layer, and H and W are the length and width of the input respectively. The larger the L, the deeper the network depth of the RSU, the more pooling operations, and the richer the local and global features extracted. The addition is the residual connectivity layer that fuses local and multi-scale features. Each green box in the diagram represents a convolutional layer, and each convolutional layer contains three operations: convolutional operations, Batch Normalization (BN), and activation function non-linearization. ReLU is a segmented linear function with one-sided inhibition, which allows sparse activation of neurons and automatic feature decoupling, improving the speed of convergence. The left side of the Unet structure is the encoding structure, where the blue box represents the convolutional layer plus downsampling operation, which obtains multi-scale features by a multi-layer 3×3 convolution operation and increases the perceptual field by a downsampling operation; the right side of the U-net structure is the decoding structure, where the yellow square represents the convolutional layer plus sampling operation, which encodes the features output from the convolutional layer into a high-resolution image. The yellow square represents the convolutional layer plus the sampling operation.
The overall structure of U2-Net consists of three parts: a 6-stage encoder; a 5-stage decoder composition; and a feature fusion output module connecting the final stage encoder and decoder, each consisting of a set of RSU modules. The overall structure of U2net is shown in Figure 19. 
[image: U2Net]
Fig. 19. The architecture of U2-Net.
In Figure 19, the first four stages of the encoder in En_1, En_2 , En_3, and En_4 are filled with RSU modules with different numbers of layers, from 4 to 7, respectively, so as to obtain spatial information at different scales. In the encoders of En_5 and En_6, a modified version of the RSU-F module is used, replacing the convolutional upsampling operation with an extended convolution, so that the resolution of the feature map in the intermediate layer is the same as that of the input layer; the structure of the decoder part is similar to that of the encoder, both using RSU modules of different levels and a modified version of the RSU-F module; the final part is the significant feature map fusion module. The S6, S5, S4, S3, S2, S1 feature maps are first generated from the En_6 encoder as well as from the different stages of the decoder by means of convolution layers and sigmoid activation functions, and these probability maps are upsampled to the size of the input image. These probability maps are then fused by a concatenation operation, a 1×1 convolutional layer, and a sigmoid function to form the final segmentation result output.
4.2 [bookmark: _Toc5936]Attention mechanisms
With the rapid development of deep learning in recent years, most tasks in computer vision are based on neural networks. However, in artificial neural networks, the features cannot be equated without distinction by automatically recognising the input image. This is because different features have different strengths of influence on the inference performed by the network. The use of neural networks to construct attention mechanisms that actively focus on valid regions reduces the preference for irrelevant messages, thus improving the recognition performance of the network. In computer vision, the central task of the attention mechanism is to create a system for autonomously and independently judging the importance of messages. Using the autonomy of neurons allows the attention mechanism to have a better learning capability, thus enabling it to better understand the environment in which the neuronal network is represented and thus be able to visually optimise the network structure as well as adjust the parameters.
The basic principle of the attention mechanism can be summarised as follows: the importance of each feature is described using various weights in the network, with the important features being reinforced and the non-critical features being suppressed. In the last few years, in the field of computer vision, the attention mechanism has been mainly used to generate an attention structure model using masks, in which the neural network is trained to focus more on features in the recognition area by learning the desired area and by updating the weights and generating masks, which are then weighted with the original features.
4.2.1 [bookmark: _Toc23322]Spatial attention mechanism
In the field of computer vision, the network can be made to pay more attention to the spatial location of objects in an image, and Figure 20 shows the spatial attention structure. The new feature map obtained from the channel attention is used as the input to the spatial attention module, which first performs MaxPool and AvgPool in the spatial domain to obtain two two-dimensional vectors, after which the two vectors are stitched together and convolved to obtain a two-dimensional spatial attention, which is similarly broadcast in spatial dimensions and then multiplied by the original input elements to output the final feature map. In this way, the model obtains a feature map with richer global information, which can then be fed into the subsequent classification network to make better use of the global information to classify and predict the lane position, to a certain extent, to improve the accuracy.
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Fig. 20. The architecture of spatial attention module [47].
The specific implementation formula for the spatial attention mechanism is defined as follows:
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The first input feature map , using maximum pooling and average pooling in parallel along the channel direction, generates two feature maps,  denotes the feature map obtained by averaging pooling,  denotes the feature map obtained by maximum pooling, and the two feature maps with a channel number of 1 are fused with features in a direct stitching manner. Next, feature extraction is performed using a convolutional layer with a convolutional kernel of 7 × 7, while converting the number of channels to 1 in order to bootstrap the features using multiplication. Finally, the Sigmoid function was used for activation, generating spatial attention weights of .
4.2.2 [bookmark: _Toc18666]Channel attention mechanism
In a convolutional neural network, the feature map typically has multiple channels, and after the features are extracted by the convolutional layer, each channel is not equally relevant to the global feature information. Channel attention allows the network to focus on what the image is, and Figure 21 shows the channel attention structure. The output obtained from the backbone network is first used as the input feature map in the channel domain for MaxPool and AvgPool, respectively, with the output being two one-dimensional vectors. The two are then fed into the fully connected layer of the shared multilayer perceptron for the corresponding operations and summed to obtain the one-dimensional channel attention, which is broadcast in channel dimensions and then multiplied with the original input elements to obtain the new feature map after the channel attention adjustment. 
[image: C:\Users\毕立锐\Desktop\国外\通道注意力.png通道注意力]
Fig. 21. The architecture of channel attention module [47].
The specific implementation formula for the channel attention mechanism is defined as follows:
	
	(19)

	
	(20)

	
	(21)



The first input feature map  is generated in parallel using average pooling and maximum pooling, similar to the spatial attention mechanism to generate the feature maps  and , which denote the feature maps after average pooling and maximum pooling in the channel attention mechanism, respectively, where  and . The two feature maps are then fed into a small shared network with the resulting feature maps at the same scale, after which the resulting feature maps are summed in a direct The resulting feature maps are then fused in a direct summation manner. The final channel attention weights  are obtained by a non-linear transformation using the sigmoid function.
4.2.3 [bookmark: _Toc2112]CBAM attention mechanism
The CBAM attention module fuses the spatial attention module with the channel attention module by connecting them in series, as shown in Figure 22. The fused module can focus on both spatial and channel information of the input features.
[image: CBAM]
Fig. 22. The architecture of channel attention module [47].
The CBAM attention module calculation formula is defined as follows:
	
	(22)

	
	(23)


where F′ is the channel attention output feature map, F′′ is the spatial attention output feature map, i.e. the final output feature map, and  denotes the element-by-element corresponding multiplication operation. 
4.3 [bookmark: _Toc20384]Improvements to U2-Net
In deep learning methods for lane line detection tasks, convolutional neural networks concentrate on the extraction of regional features, which is a reflection of the local perceptual field of convolution. However, for complex road scenarios, the lane detection problem is difficult to solve by learning only local features. Fully-connected layers can exploit the global perceptual field in classification problems, but over-stacking fully-connected layers can easily lead to a dramatic increase in the number of parameters. In the lane detection algorithm based on line classification, the basic idea is still to use CNN for feature extraction and finally fully connected for classification. The introduction of an attention mechanism in which global information can be aggregated well and attached to local features, and the attention module itself can be lightweight and not add too much computational cost. In addition, the lane line detection task itself is based on the fact that lane lines occupy only a small number of pixels in the whole road scene, and it is clearly redundant to focus on all pixels equally. The CBAM attention module was finally chosen to be applied through ablation experiments with different attention modules.
Meanwhile, as lane line detection is sensitive to boundary information, not only the geometry of the object is concerned, but also the edge information such as colour, texture and illumination. Inspired by DFN [48], this paper also improves the U2-Net model by adding a location information extraction module(LIEM) for extracting lane position information. The refinement residual block(RB), shown schematically in Figure 23, is where the feature mappings from the feature network's first four decoder stages all pass. A convolution layer with a 1×1 size makes up the block's initial component. The information from all channels might be combined in the interim. In order to further improve the feature map, the next is a fundamental residual block. This block's architecture, which was influenced by ResNet, can also help each stage's recognition abilities.
[image: Refinement residual module]
Fig. 23. The architecture of the refinement residual block(RB) [48].
When doing a semantic segmentation job, the prediction is often confused with many categories that share a similar look, especially if those categories are physically close together. As a result, we must emphasize the differentiation between characteristics. In order to motivate the feature learning, we use a semantic limit. By using explicit supervision of semantic boundaries, which forces the network to train a feature with substantial inter-class distinctiveness, we can extract precise location information. So, in order to expand the inter-class differentiation of characteristics, we suggest a spatial module. Similar to a semantic boundary detection task, it directly learns a semantic boundary with explicit semantic border supervision. This allows for the differentiation of the characteristics on either side of the semantic barrier.
There are several phases in the feature network. While the high stage features have richer semantic information, the low stage features have more detailed information. We require semantic boundaries with greater semantic implications for our task. As a result, we created the location module. Some of the original edges' lack of semantic information is eliminated since this module can concurrently get correct edge information from low stages and semantic information from higher stages. In this manner, the high stage semantic information can stage-wise modify the low stage detailed edge information.
The overall structure of the model proposed in this paper consists of a 6-stage encoder, a 5-stage decoder, and a multi-scale feature extraction module for extracting sleep stage transition rules. The overall structure of the model is shown in Figure 24. Among them, the left side of the network is the encoding process, which consists of 6 Unet modules. The encoders of different stages are connected to each other through the Downsample layer, which reduces the network parameters while retaining the main features and prevents the model from overfitting. On the right side of the model is the decoding process, which consists of five Unet modules. In the sixth stage, the encoder En_6 and the five decoders are connected to each other via the upsample layer to recover the feature map after downsampling by a bilinear interpolation operation. At the same time, a CBAM attention module is introduced between the encoders and decoders of the first five stages, which is connected in series with the output of the CBAM module after the upsampling operation of the decoder of the previous stage is completed to obtain the decoder input of the next stage, thus achieving the effect of strengthening the learning ability of the model for important feature regions. In addition, the outputs of the first four encoders are feature refined and then fused into a feature module S7 containing rich location information. The final seven feature maps S7, S6, S5, S4, S3, S2 and S1 are fused into the final detection result map by a feature fusion operation.
[image: C:\Users\毕立锐\Desktop\国外\模型结构.tif模型结构]
Fig. 24. The architecture of our proposed model.


5. [bookmark: _Toc19015]RESULTS AND DISCUSSION
In this work, we first set up a set of ablation experiments to verify the performance of U2-Net fusing channel attention, spatial attention, and CBAM attention, respectively, as a way to select the attention combination that can better aggregate global information and improve the accuracy of lane detection. Table 1 shows a comparison of the lane detection accuracies achieved by different versions of the model on the Tusimple test set. 
	Method
	Accuracy
	Runtime(ms)

	U2-Net
	94.61%
	19.1

	U2-Net + Channel Attention
	94.97% 
	20.5 

	U2-Net + Spatial Attention
	95.21%
	19.8

	U2-Net + CBAM
	95.47%
	21.8


Table 1. Experiments of different attention modules on Tusimple dataset.
Based on the experimental results, it can be seen that the single channel attention module was the least effective, with a detection accuracy of only 94.97% on the Tusimple test set due to the important role of spatial location information of the lanes in detecting lane lines. In addition, fusing single spatial attention results in a higher detection accuracy of 95.21% than fusing channel attention. Finally, even better performance was achieved using the CBAM attention module, with an accuracy of 95.47% on the Tusimple test set, which was 0.86% higher than the U2-Net model without fusing any attention module. This could demonstrate a more rational network structure by having the network focus on the lane lines themselves first in the channel dimension and then on the spatial location of the lane lines in the spatial dimension through the attention mechanism. Meanwhile, the incorporation of the CBAM attention module reduces the detection rate of the model by only 2.7 ms.
	Baseline
	CBAM
	LIEM
	Accuracy

	✓
	
	
	94.61%

	✓
	
	✓
	95.19%

	✓
	✓
	✓
	95.63%


Table 2. Experiments of different versions of the fusion model on Tusimple dataset.
By fusing the various modules after confirming the functions of the various attention modules, the function of location information extraction was confirmed. The findings are displayed in Table 2. As shown in Table 2, the accuracy rate of the U2-Net after fusing the location information extraction was 95.19%, which is 0.58% higher than the accuracy rate of the U2-Net model before. The greatest accuracy of 95.63% was obtained when the position information extraction and CBAM attention modules were combined, surpassing U2-Net 1.02 points without any changes.
At the same time, the graphs of the results output by Grad-CAM allow a clear comparison of the attention paid to lane line information by the different versions of the model. As can be seen from Figure 25, the model that incorporates both the CBAM attention and location information extraction modules focuses most on lane line features.
[image: 拼图2]
Figure 25. Heat maps of different versions of the model. (b) heat maps of U2-Net, (c) heat maps of U2-Net with spatial attention module, (d) heat maps of U2-Net with CBAM, (e)heat maps of U2-Net with both of CBAM and location information extraction module.
[image: Tusimple对比]
Figure 26. Lane line detection result of different versions of the model on Tusimple. (b) label (c) heat maps of U2-Net, (d) heat maps of U2-Net with CBAM, (e)heat maps of U2-Net with both of CBAM and location information extraction module.
The test results for the different versions of the model on the Tusimple dataset are shown in Figure 26. Since the Tusimple dataset is a relatively simple benchmark for lane detection, it can be seen from Figure 26 that all models of this version achieve good detection results. It is only when detecting lanes at long distances that the U2-Net, which incorporates the CBAM and location information extraction modules, can show that it can detect them more accurately.
	Method
	F1-measure
	Runtime(ms)

	U2-Net
	72.1%
	19.1

	U2-Net + Channel Attention
	72.6% 
	20.5 

	U2-Net + Spatial Attention
	73.2%
	19.8

	U2-Net + CBAM
	73.6%
	21.8

	U2-Net + CBAM + LIEN
	74.4%
	24.7


Table 3. Experiments of different versions model on CULane dataset.
Compared to the Tusimple dataset, the CULane dataset is much more complex. As can be seen from Table 3, the U2-Net, which incorporates the CABM and location information extraction modules, achieved the highest F1-measure, at 74.4%. This is 2.3% higher than the original U2-Net. From Figure 27, it is easier to compare the performance gap between the various versions of the model. Unlike other models that have difficulty detecting lane lines in complex environments, our method performs well even in complex environments such as congested roads, severe occlusions, and glare.
[image: CULane对比]
Figure 27. Lane line detection result of different versions of the model on CULane. (b) label (c) heat maps of U2-Net, (d) heat maps of U2-Net with CBAM, (e)heat maps of U2-Net with both of CBAM and location information extraction module.
6. [bookmark: _Toc1329]CONCLUSION
Today, cars are commonplace in people's daily lives. The need for vehicle safety aspects is then increasing. Among the safety technologies in this area, lane line detection has an important place, and the rapid development of deep learning offers the possibility of engineering this technology in practice. Lane lane detection algorithms require excellent robustness and real-time performance to enable cars to maintain fast and accurate judgements in a variety of driving environments. Current vision-based lane line detection algorithms have seen researchers move towards a deep learning-based approach, mainly through the introduction of convolutional neural networks, to deal with complex and diverse driving scenarios.
In Chapter 1, the paper first clarifies the background and significance of the research on lane line detection tasks and the problems that exist in lane line detection tasks today. Then, in Chapter 2, the research results achieved by domestic and international scholars in this field are reviewed and the future trends in this field are analyzed. Then, in Chapter 3, the basic principles of CNNs used in lane line detection models are described, mainly including convolutional layers, pooling layers, and activation functions. Relevant applications of CNNs in computer vision, including feature extraction and semantic segmentation, are also described, and several representative methods for the corresponding tasks are highlighted. In Chapter 4, the U2-Net network model is introduced and the principles, advantages, and applications of the attention mechanism are discussed. This is followed by an improvement to the U2-Net model. Relevant applications of CNNs in computer vision, including feature extraction and semantic segmentation, are also described, and several representative methods for the corresponding tasks are highlighted. In Chapter 4, the U2-Net network model is introduced and the principles, advantages, and applications of the attention mechanism are discussed. This is followed by an improvement to the U2-Net model. Firstly, the way in which the model is integrated with the attention mechanism module is described. Secondly, a location information extraction module is added to the model in order to improve the detection accuracy of the model. Finally, ablation experiments are conducted to verify the effectiveness of the improved method. The paper's lane line detection model is also tested against other methods on the dataset. It is verified that the lane line detection proposed in this paper is indeed effective in improving the accuracy of lane detection. In particular, the F1-measure of this paper's detection algorithm achieves 74.4% on the CULane dataset. The detection accuracy on the TuSimple dataset reached 95.63%.
The main contributions of this paper are as follows:
(1)  Introduction of the CBAM attention module. To address the problem that it is difficult to capture global feature information when the U2-Net-based lane line detection algorithm performs feature extraction, the attention mechanism is used to aggregate global features, which improves the accuracy of detection to a certain extent.
(2) The lane line detection is sensitive to boundary information, not only focusing on the geometry of the lane line but also on the edge information of the lane line, such as colour, texture, and illumination. In this paper, a position information extraction module is added to the U2-Net model, which focuses more on the information of the lane boundary and can better use the edge information to determine the lane lines.

7. [bookmark: _Toc15429][bookmark: _Toc43040073]REFLECTION 
Deep learning has had a profound impact on the development of vision-based lane detection techniques, but the deep learning aspect of lane detection algorithms requires large data sets to support them, and the uninterpretable nature of neural network models leaves much to be desired in terms of stability, a problem that is also present in the deep learning aspect of the algorithms in this thesis. Even so, the deep learning-based detection algorithms are still more effective than most traditional algorithms. Therefore, this thesis argues that the future direction of lane line detection will continue to rely on deep learning to address the issues of real-time and accuracy by continuously improving the algorithms to meet the robustness requirements of intelligent vehicles at high speeds.
For the study of lane line detection, this thesis, despite the little progress made, still has many shortcomings that need further refinement and improvement:
(1) This paper does not attempt to use deep learning methods combined with traditional machine learning methods, and future attempts can be made to add other traditional machine learning algorithms again to make the algorithm more complete.
(2) The main purpose of the algorithm in this paper is to detect lane lines quickly and accurately, and no corresponding consideration has been made for the color of the lane lines or the type of virtual reality.
(3) Although this paper uses a representative data set for experiments, it is still slightly inadequate compared to real-life severe weather and complex surroundings, which makes the network's generalisation capability insufficient.
(4) Lane line detection is the core of an assisted driving system, but to ensure vehicle traffic safety, it is not enough to achieve fast and accurate lane line detection, but should also consider the integration with other modules of the assisted driving system, such as GPS, IoT, and other high-precision sensors (LIDAR, etc.), through the aggregation of information from various aspects, so as to achieve driving safety.
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