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ABSTRACT  With the rapid development of technology, cutting-edge technologies such as autonomous driving and assisted driving are getting closer and closer to our lives, and lane line detection technology is one of the basic supports and key technologies. Only if the lane line detection system can accurately and stably detect lane lines can it provide accurate and reliable guidance information for vehicle driving, so this paper investigates the lane line detection algorithm based on SFNet.

INDEX TERMS  Lane  Line  Detection; Semantic  Segmentation; Computer  Vision; SFNet 

INTRODUCTION
Background and Significance

With the continuous development of the economy, people's living standards have been significantly improved. More and more people choose to travel by private car, but the convenience of private car travel has also led to a series of social problems, such as traffic congestion and frequent traffic accidents. Traffic accident data released by China's National Bureau of Statistics shows that by the end of 2020, the number of private cars in China had reached 243.93 million, an increase of 175.08 million compared to last year. There were 159,335 car accidents, accounting for 64.3% of the total number of traffic accidents[1]. Studies have shown that 94% of traffic accidents are caused by human error and that intelligent driving systems can theoretically prevent accidents caused by these factors altogether [2][3]. Therefore, it is of great social significance to study intelligent driving systems to improve car driving safety and thus reduce the occurrence of road traffic accidents. 

ADAS and autonomous driving systems have been intensively researched by academia and industry in order to improve travel efficiency and reduce the incidence of traffic accidents [4]. Lane Following, Lane Keeping Assist, Lane departure Warning, Forward Collision Warning, Intelligent Cruise Control, Autonomous Emergency Braking and other basic tasks to achieve guidance of the vehicle [5]. The autonomous driving system is mainly composed of two parts, the sensing system and the decision system, which enables full control of the vehicle. The perception system consists of several subsystems responsible for tasks such as obstacle detection and tracking, road mapping, traffic signal detection and recognition, etc. The decision system is also usually divided into several subsystems to perform tasks such as route planning, path planning, behaviour selection, motion planning and control [6]. The first key step towards autonomous driving is to recognise and understand the surrounding environment. 

The lane lines themselves contain important information about the road scene and are important traffic signs to guide vehicles. Lane line detection not only provides information on the location and category of each lane, but also locates the drivable area on the road. Accurate lane positioning can help monitor driver status, predict driver intentions, warn drivers of deviations and assist drivers in controlling their vehicles. Lane lines detection is therefore an essential component of ADAS and autonomous driving systems. 

However, the robust and fast detection of lane lines in complex environments is still challenging due to a number of factors. Firstly, the single structure of the lane line itself does not provide an effective feature for lane line detection. Secondly, complex road scenarios such as heavy obstruction of lane lines by surrounding vehicles, blurred road markings due to road wear and tear, poor lighting conditions and extreme weather conditions all make accurate lane line detection difficult. In addition, lane navigation systems and lane departure warning systems require lane line detection algorithms that are not only robust, but also have a certain degree of real-time performance. However, deep learning based lane line detection algorithms often have complex computations and cannot guarantee fast detection. Therefore, the study of how to accurately and quickly detect lane lines in complex environments is a very important issue for the implementation of intelligent driving.

Research Status 
In recent years, a variety of lane line detection methods have been proposed by many scholars. These can be classified as LIDAR-based lane line detection, vision-aware lane line detection and combined vision sensor and LIDAR-based lane line detection [7]. LIDAR-based detection systems rely on the LIDAR emitting millions of laser beams in a short period of time and using the return time difference to accurately measure the distance and shape of surrounding objects, thus completing 3D modelling of the surrounding environment. LIDAR-based lane line detection methods are able to achieve accurate ranging of targets, while not being affected by lighting conditions, but the high cost and large size of the LIDAR unit makes it difficult to integrate into the vehicle interior, making this method not widely available. Detection systems based on a combination of visual perception and LIDAR are mainly based on camera detection as the core, together with millimetre wave radar, ultrasonic radar and low-cost LIDAR to complete the understanding of the lane scene. In situations where visual sensors perform poorly (e.g. extreme weather conditions or off-road conditions), visual data can be fused with other sensor modes to provide a better estimate of the road scene. Vision sensor-based detection systems rely on just one camera combined with deep learning algorithms to determine the location of lane lines, identify vehicles and other obstacles such as pedestrians, and thus complete the understanding of the surrounding scene. In contrast to the other two methods, this approach does not require external infrastructure and does not rely on pre-collected high-precision map data. Compared to sensors such as LIDAR, vision sensors have the advantages of high resolution, low power consumption, low cost, easy aesthetic integration and non-intrusiveness, and are widely used in the field of autonomous driving. This paper focuses on vision-aware lane line detection algorithms based on vision perception. 

Vision-based lane line detection algorithms need to detect the exact location of each lane in an image and identify the type of lane line. The algorithm usually consists of two parts: a feature extraction algorithm and a lane line modelling algorithm. The feature extraction algorithm is responsible for capturing features such as edges, colour and texture of the lane lines, while the lane modeling algorithm obtains a functional expression for the spatial position of the lane lines by means of linear or non-linear fitting methods. Mainstream lane detection methods can be divided into two categories: traditional image processing-based detection methods and deep learning-based detection methods.

Literature Review
A.Lane-line detection based on traditional methods
Traditional lane line detection is usually carried out based on models or hand-crafted features and can be divided into feature-based lane line detection methods and model-based lane line detection methods. 

Feature-based lane line detection method 

Lane lines are usually white or yellow elongated rectangles that differ significantly from the road surface. Therefore, feature-based lane line detection methods often identify and localise lane lines by analysing the appearance features such as lane line edges, gradients of pixel points, and colours. Niu et al. proposed a lane line detection method with two-stage feature extraction [8]. The algorithm extracts small segments of lane edges using a modified Hough transform and clusters the extracted contours using the DBSCAN (Density Based Spatial Clustering of Applications with Noise) clustering algorithm. Finally, the structured feature that the lane lines intersect at the vanishing point is used to identify the lane lines. Bertozzi et al. proposed a colour-based lane detection algorithm [9]. The algorithm first applies an Inverse Perspective Mapping (IPM) transformation to the image to remove the perspective distortion of the monocular camera, and A Region of Interest (ROI) is selected in the overhead view. Then, the lane line candidate segments are filtered out based on the large difference between the lane line and road surface grey values, and the filtered image is enhanced by morphological expansion. Finally, a line-by-line adaptive threshold scan is performed to determine the lane marker lines based on the lane width and roadway median coordinates. Rasmussen et al. use a Gabor filter to detect the texture direction of each pixel point, then estimate the vanishing point by Hough voting, and finally form a drivable region with line segments that are in the same direction as the vanishing point and from which lane lines are extracted from them [10].

Model-based lane line detection method 

In addition to their appearance, lane lines also have certain geometric and structural characteristics. The lane lines are usually continuous or interrupted straight lines or curves; adjacent lane lines are parallel; lane lines in the same direction intersect at a point at infinity and other structural features. Model-based lane line detection methods often use the above features to extract ROIs and then use mathematical models to describe the lane line structure. Commonly used mathematical models are straight lines, parabolas, hyperbolas and spline curves. Jung et al. propose a method for detecting and tracking lanes using multi-frame spatio-temporal images [11]. The method uses the temporal consistency of the lane width and the Hough transform to detect two parallel lines representing the edges of the lane, and uses a weighted least squares algorithm to fit the detected lane lines to a cubic curve model. Berriel et al. proposed a particle filtering-based method for tracking lane markers in a cubic spline model [12]. The method first extracts the ROI in the inverse perspective image, second sets an adaptive threshold to find the lane line candidates, and finally uses particle filtering to smooth the lane line markers extracted in the current frame and the previous frame, and outputs the three control points of the lane line spline model by the particle filter. Zhou et al. proposed a lane detection algorithm based on a geometric model and Gabor filtering [13]. The lane line geometry model contains four parameters: start position, original lane direction, lane width and lane curvature. The algorithm first estimates the first three parameters using dominant direction estimation and local Hough transformations, and then uses a lane module matching algorithm to match the best-fit model. The feature-based detection method requires manual feature creation and is highly dependent on clear lane markings. In complex road scenarios, pavement wear, poor lighting conditions, noise, and other obstacle occlusions can all affect detection results, making the algorithm lack robustness. Although the model-based detection method is more robust to noise and lighting conditions than the feature-based detection method, the fixed lane model is difficult to apply to a wide range of lane structures in real road scenarios and the algorithm lacks generalisation capability.

B.Deep learning-based lane line detection 

In recent years, deep learning has been a great success in the field of computer vision, and lane line detection methods based on deep learning have been proven to outperform traditional methods. Deep learning based lane line detection methods can be divided into lane line detection based on classification methods, lane line detection based on target detection and lane line detection based on segmentation. 

Lane line detection based on classification methods 

The goal of the image classification task is to classify different images into pre-defined categories. Therefore, classification-based lane line detection methods first need to determine lane locations by combining a priori information before lane recognition can be achieved using classification methods. Kim et al. first used a conventional edge extraction method to obtain the edges of the lane lines, then used a Convolutional Neural Network (CNN) to enhance the information of the lane markers in the ROI, and finally used a Random Sample Consensus (RANSAC) algorithm to edge classification, thus achieving lane line detection [14]. Gurghian et al. mounted cameras horizontally on both sides of the body to capture close-up images of lane lines to achieve initial localisation of lane lines. By training the CNN network DeepLane on a self-built dataset, they were able to perform end-to-end detection of the localised lane lines [15].

Lane-line detection based on target detection 

Target detection can be seen as a localisation and classification task for multiple targets. Regression of lane coordinates in the form of target detection is also an effective method of lane line detection. Target-based lane detection usually starts by marking the feature points or bounding boxes of each lane segment, and then uses coordinate regression to detect the lane lines. Huval et al. proposed a 'sliding window' detector to generate lane line masks and perform bounding box regression [16]. The lane line regression predicts a six-dimensional vector, with the first four dimensions representing the two endpoints of the local line segment and the remaining two dimensions representing the depth of the two endpoints of the lane line relative to the camera. To obtain semantic information about the lane lines, the line segments consisting of the two endpoints are clustered into lane lines using DBSCAN during post-processing. Lee et al. proposed detection and recognition of lane lines and pavement markers guided by vanishing points. A multi-task end-to-end network, VPGNet, is proposed in the paper [6]. The algorithm uses multi-labelled task branches to output regions with high probability of lane lines. During post-processing, the sampled points are first projected into a bird's eye view by IPM, and then clustering and quadratic regression are performed on the sampled points. Huang et al. proposed STLNet, a lane boundary detection network based on spatio-temporal and deep learning [17]. Distinguished from VPGNet, STLNet uses time-constrained features as prior knowledge. The network first preprocesses the image with traditional methods, then classifies the lane lines using CNN and regresses the lane line positions, and finally performs lane line fitting in the IPM image. Both of these methods use IPM in the post-processing process, so the algorithm requires the use of camera parameters and the applicability of the algorithm is constrained. 

(3) Segmentation-based lane line detection 

Image segmentation is the pixel-level classification of an image. Segmentation-based lane line detection often labels lane lines and background pixel points as different classes, and then classifies the image at the pixel level by semantic segmentation or instance segmentation [20]. Instance segmentation-based detection methods output individual lanes end-to-end, while semantic segmentation-based detection methods often first generate lane masks using segmentation networks and then output lane line equations through post-processing algorithms (e.g. clustering, curve fitting, etc.). 

1) Example segmentation based lane line detection method 

Pan et al. proposed a special neural network structure SCNN [4] for lane line detection. This structure converts the traditional Layer-by-layer connection of convolutional layers into a Slice-by-slice connection in the feature map, allowing the pixels in the map to pass spatial information between rows and columns. This structure is very effective for identifying targets with strong spatial relationships but few form cues, such as lane lines and utility poles. However, the spatial message transfer at the pixel level requires significant computational overhead and the algorithm only achieves a detection speed of 7.5 FPS. 

Hou et al. propose a lane line detection model based on the Self Attention Distillation (SAD )[18] module. The model extracts an attentional feature map from a network trained to a certain level and encodes rich contextual information as a form of free supervision, thus allowing the model to enhance its own representational learning without additional labels and external supervision. Furthermore, SAD is only used in the training phase and does not increase inference time.  

Wang et al. proposed a lane line search framework, CurveLane-NAS, consisting of a feature fusion search module, a backbone network search module, and an adaptive point blending module [19]. Among them, the feature fusion search module is used to search for network structures that can better fuse local and global contextual information, the backbone network search module is used to explore efficient feature extractors with good semantic information and low latency, and the adaptive point blending module is used to explore multi-level post-processing refinement strategies to combine the prediction results of multi-scale head networks. The framework is able to automatically capture global coherence features and local curvature features of lane lines, effectively solving the problem of difficult curve detection. However, the search for a detection framework that is applicable to a specific dataset is time-consuming. 

2) Semantic segmentation-based lane line detection method 

Neven et al. propose an end-to-end trainable lane line detection network [21]. The network consists of a multi-task segmentation sub-network LaneNet and a perspective transformation network H-Net. LaneNet modifies the encoder-decoder structure of ENet into a two-branch network, with one branch semantically segmenting the original image to output lane line masks and the other branch iteratively clustering lane instances. In post-processing, the inverse perspective transformation parameters are predicted by the H-Net network to eliminate perspective errors due to road variations, and a third-order polynomial is fitted to each lane instance in the top view.

Hsu et al. proposed a new learning objective to train deep neural networks for end-to-end lane ground line detection [22]. In contrast to semantic segmentation networks that output end-to-end categories of individual pixels, the authors propose to use pairwise relationships between pixels as supervision to guide the FCN to learn pixel-level clusters and assign a cluster index to each pixel. Each pixel cluster is a lane line example, with indexes required to be close enough for the same lane instance and far enough for different lane instances, and lane lines are instantiated during post-processing without considering lane line fitting. 

Chang et al. trained the lane line segmentation network on a dataset collected in complex weather and used a custom breadth-first search algorithm to detect all lane line instances in the segmented output lane line mask [23]. Each lane instance was clustered in the IPM image using unsupervised attentional voting and a quadratic polynomial was fitted to each instance. Finally, the fit results are projected onto the original image space. This method relies on the inverse perspective parameters of the camera and lacks some robustness. 

Yuan et al. proposed the use of a lightweight semantic segmentation network, ICNet, for lane line detection [24]. The authors designed a weight loss function based on the sample proportion to solve the sample imbalance problem, and used K-means clustering and least squares fitting to post-process the segmented output lane line masks to obtain the lane line equations. The method achieves a segmentation accuracy of 67.1% mIoU and a segmentation speed of 30 FPS on the Baidu ApolloScape dataset. 

Segmentation-based detection methods improve lane line detection accuracy in two main directions: improving the semantic segmentation effect and dividing lane instances. The end-to-end lane detection methods usually output lane instances without considering the noise generated by the segmentation process. In this paper, we further investigate how to improve the performance of lane detection algorithms based on semantic segmentation to enable robust and fast detection of lane lines in complex scenarios.
 RELATE WORK

Semantic segmentation is an important branch in the field of computer vision, which refers to the pixel-level understanding of images and the labelling of the class of each pixel point in the image [25]. Semantic segmentation is also often referred to as intensive prediction since it requires predicting the class of each pixel point. Figure 1 shows an example of semantic segmentation, with the original image on the left and the result of semantic segmentation on the right. Unlike instance segmentation, semantic segmentation focuses only on the class of each pixel point and does not distinguish between different instances within the same class. Therefore, in the segmentation result image on the right, objects in the same category are labelled as one colour.
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FIGURE 1. Example of semantic segmentation
Semantic segmentation is used in a wide range of applications as it not only classifies images, but also provides accurate location information. In the field of autonomous driving, semantic segmentation is often used to sense road scenes to ensure safe driving. In the field of intelligent healthcare, CT scans are segmented to quickly locate and identify lesions, thereby improving diagnostic efficiency [26]. In the field of geographic information systems, high resolution remote sensing images are segmented to produce land cover maps, which greatly saves human and financial resources [27].

Traditional semantic segmentation algorithms often employ TextonForest and Random Forests classifiers to make pixel-level decisions and classify images [25]. However, each classifier is generally suitable for identifying only one class and the classification accuracy is limited by the production features. With the continuous development of deep learning, CNN has not only achieved great success in the direction of image classification due to its powerful learning capability, but also greatly promoted the development of semantic segmentation techniques. CNN-based semantic segmentation methods far surpass traditional segmentation methods in terms of accuracy and efficiency.

A CNN-based semantic segmentation network is usually a fully convolutional neural network. Semantic segmentation techniques can be classified into FCN-based semantic segmentation networks, coding structure-based semantic segmentation networks, semantic segmentation networks based on integrated contextual information and feature fusion-based semantic segmentation networks according to the structural features of the network.

A.  Semantic Segmentation Based on FCN
A classical CNN has several convolutional layers followed by one or more fully-connected layers, which are responsible for mapping the feature map output from the convolutional layers into a fixed-length feature vector to achieve target classification. Due to the presence of fully-connected layers, classical CNNs can only accept fixed size inputs. Therefore, traditional CNN-based semantic segmentation algorithms usually chunk the image, using the image blocks around each pixel to predict the class of the current pixel. However, the overlap of neighbouring pixel blocks inevitably leads to a lot of repeated computations. In addition, the size of the pixel blocks can limit the range of sensory fields. Typically, the pixel blocks are much smaller than the whole image, which allows the CNN to extract only local features, thus affecting the performance of the classifier. In summary, CNN-based semantic segmentation techniques are inefficient and unsuitable. 

In 2016, Long et al. proposed Fully Convolutional Networks (FCN)[28] to achieve semantic-level image segmentation. Unlike the classical CNN, this network first replaces the fully connected layers of classical classification networks such as AlexNet, VGG, GoogleNet and ResNet with convolutional layers, enabling the network to accept inputs of arbitrary size, and then performs a deconvolution operation on the feature map output from the last convolutional layer, upsampling it to the same size as the input image, and finally performs pixel-by-pixel prediction on the upsampled FCN has achieved a milestone in semantic segmentation by enabling pixel-level prediction while preserving the spatial location of each pixel in the original image. This has led to a milestone in semantic segmentation. 

After the input image has undergone successive convolution and pooling operations, although the semantic information is continuously enhanced, the pooling operation causes a certain amount of pixel location information to be lost. In addition, the segmentation results obtained by direct deconvolution of the full convolution results are often coarse. Therefore, to improve the coarse pixel localisation by deconvolution, FCN introduces a jump-join structure. This structure combines detailed low-level information with coarse deep-level information, thus improving the spatial accuracy of the output.

B.  Semantic Segmentation Based on Encoder-decoder 

Despite the power and flexibility of the FCN, there are limitations due to the lack of various features; the encoder network of the FCN has a large number of parameters, but the decoder network is very small and the overall size of the network makes it difficult to train end-to-end on a given task. Although the FCN addresses this problem by gradually adding decoders to the existing trained network, the network performance no longer improves when the third decoder is added. The inability to add high-resolution feature mappings to the training inevitably leads to a loss of edge information, and excessive loss of boundary detail is detrimental to the segmentation task. In addition, the reuse of the encoder feature maps in the decoder causes the network to consume a large amount of video memory during testing.
To improve on the shortcomings of the FCN, SegNet [29] adds decoders to the FCN, forming the most popular encoder-decoder network structure for segmentation tasks today.SegNet is a strictly symmetric structure, with each encoder having its corresponding decoder. The encoder consists of VGG16 [30] with the fully connected layer removed and is responsible for feature extraction of the input image. The decoder is responsible for recovering the image resolution by first upsampling the input using the maximum pooling index stored during the corresponding encoding process to produce a sparse feature mapping, which is then convolved with a trainable decoder filter to produce a dense feature mapping. Compared to the jump-join structure of FCN, SegNet reuses the maximum pooled index stored during encoding for decoding, which not only improves boundary delineation but also reduces the number of parameters for end-to-end training.

Semantic Segmentation Based on Integration of Contextual Information
For segmentation tasks, local information is important for achieving good pixel-level classification, but global contextual relationship matching is also important for the understanding of complex scenes. This means that semantic segmentation needs to balance the relationship between local and global information. Semantic segmentation therefore requires the integration of information from different spatial scales.

Zhao et al. proposed the Pyramid Pooling Module (PPM) [31] to aggregate contextual information at different scales, thus improving the network's ability to obtain global information. The PSPNet built on this module can make more use of global contextual information and effectively improve the accuracy of semantic segmentation. In contrast to the low-resolution feature map, which is rich in semantic information but low in location information, the high-resolution feature map combines features at four pooling scales to form a pyramidal structure. The feature maps at different levels are upsampled and stitched together with the unpooled feature maps as global features for the pyramid pooling. Compared to FCN, the addition of the PPM module reduces the loss of contextual information between different sub-regions and effectively improves segmentation.

D.  Performance Analysis
All of the above CNN-based segmentation networks achieve end-to-end pixel-level prediction, and a comparison of the network performance on the CityScape dataset is shown in Figures 2. SegNet, a decoder-based semantic segmentation network, effectively improves boundary segmentation by up-sampling the decoder input using the maximum pooling index stored during the encoding process, but the network structure is not real-time and has low segmentation accuracy. PSPNet, a segmentation network based on the integration of global contextual information, aggregates global contextual [image: image1.png]Prediction




information through the Pyramid Module PPM and has a high segmentation accuracy, but the frame rate of the network is only 1.6 FPS and the real-time performance is poor.

FIGURE 2. Performance comparison of classic segmentation networks[32]
All the above segmentation networks use linear interpolation for upsampling in the decoding process, ignoring the motion relationship of the feature mapping, which results in ineffective propagation of semantic information from the top to the bottom layer. To solve this problem, Li et al. proposed SFNet in 2020 and achieved a segmentation accuracy of 80.4% mIoU and a segmentation speed of 26 FPS on CityScape, which has obvious advantages over other networks SFNet in terms of segmentation accuracy and speed. Therefore, in order to detect lane lines robustly and quickly in complex scenes, SFNet is chosen as one of the directions to explore in this research.
IV. Methods

A. Base Network
In this research,  SFNet will be tested as the base semantic segmentation network for lane line detection. SFNet network is a deep fully convolutional neural network containing a bottom-up path as an encoder and a top-down path as a decoder decoder. 

The encoder of the network consists of a four-stage backbone network and a pyramid module (PPM). ResNet-18, a classification network pre-trained on ImageNet [33], was selected and the last fully connected layer was removed to form the backbone network to provide different levels of feature representation. Each stage of the backbone network consists of blocks of residuals, and each stage starts with a convolutional layer with a step size of 2 to expand the perceptual field and reduce the computational effort. The extracted feature maps from the backbone network are fed into the PPM to retain global contextual information. As the output of the PPM has the same resolution as the output of the last stage of the backbone network, the two are combined as the output of the encoder.

The decoder is a top-down feature pyramid network FPN [34]. In the decoding stage, bilinear interpolation, deconvolution and least proximity interpolation are often used for upsampling, but they do not take into account the relationship between feature maps, resulting in the invalid propagation of high-level semantic information.The FAM module uses feature-aligned upsampling to replace bilinear interpolation upsampling, and fuses the aligned high-level feature maps with the low-level feature maps through element summing to reduce the information loss due to semantic misalignment. This reduces information loss due to semantic misalignment. In the process of scene resolution, the outputs of the four stages of decoding are upsampled to the same resolution by the FAM module and concatenated together for final prediction. In the end, the decoder outputs a lane mask image of the same resolution size as the original image.

Lightweight Backbone Network

Backbone networks are responsible for extracting features from images and usually consist of a classification network with the last fully connected layer removed. Commonly used backbone networks include AlexNet, VGG, GoogleNet, ResNet and so on. The feature extraction capability of a backbone network depends on the network structure and the number of parameters. A strong backbone network has an important impact on the segmentation accuracy, but too many parameters will affect the real-time performance of the segmentation algorithm. In order to achieve real-time detection, a lightweight backbone network, ResNet18, is selected for feature extraction in this paper.
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Deep neural networks are widely used in visual recognition tasks due to their powerful ability to extract features. In the early days, network performance was often improved by deepening the network, but too many layers can cause gradient disappearance or gradient explosion [35] [36], making it difficult for the neural network to converge. In addition, adding more layers to a suitably deep network can increase the training error and cause model degradation [37]. To solve the problem of model performance degradation caused by deepening the number of layers of the network, He et al. proposed a residual learning module [3], the structure of which is shown in Figure 3.

FIGURE 3. Residual block

The residual block is divided into two parts: the constant mapping and the residual mapping. The residual mapping generally consists of two or three convolutions, as reflected in the straight line on the left of Figure 3, and is referred to as the "residual linking mechanism". The short-circuit linking mechanism allows for lossless propagation of gradients during backcasting, effectively solving the problem of gradient disappearance. Compared to the feature mapping learned directly by the convolution operation, residual learning is less involved and less computationally intensive. In addition, residual learning will linearly superimpose the learned results in the shallow network, and F will gradually converge to 0 when reaching the deeper network, thus making the residual blocks into constant mappings, effectively avoiding the problem of model performance degradation caused by increasing the number of network layers.

The classical ResNet network is a modification of VGG19 with the addition of residual units through a short-circuiting mechanism. ResNet18, ResNet50 and ResNet101 are often used as backbone networks. As the number of layers of the network deepens, the number of network parameters increases and the ability of the backbone network to extract features is also enhanced. In this paper, we propose to use semantic segmentation to achieve real-time detection of lane lines, and the Resnet18 model has a small number of parameters, so the classical network Resnet18 is used as the backbone network of the lane line detection model with the last fully connected layer removed.

The lane line detection algorithm needs to provide the exact location and shape of each lane. The gradual decrease in feature map resolution during the encoding process causes some loss of location information. The location information is important for elongated targets such as lane lines, so recovering accurate location information during decoding and combining it with semantic information from higher-level features is key to obtaining accurate lane line edges, so it is planned to add a feature alignment module.

The feature representation of each segmentation subtask is first improved by using the channel attention mechanism, making each segmentation subtask more focused on its own task. Then the feature maps of the two segmentation subtasks, adjacent lane and current lane, are feature fused. The fused feature maps are then connected to the lane segmentation task's feature maps in the channel dimension as supplementary features, and finally the feature representation of the lane segmentation task is improved using the channel attention mechanism. Through the feature fusion method, the lost spatial information in the lane line segmentation task can be supplemented to some extent from the current lane and adjacent lane area segmentation task, thus improving the lane line segmentation effect.

 Result

A. Datasets
The TuSimple datasets, a dedicated lane detection dataset provided by Tucson Future Technologies, contains 3626 video clips in the training set and 2782 video clips in the test set. Each video clip contains 20 frames, including one annotated image with a resolution of 1280*720, and the dataset contains images of traffic scenes recorded at different times and under different traffic conditions.
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    FIGURE 4. TuSimple Datasets
B. Evaluation indicators
In order to verify the effectiveness of the lane line detection algorithm designed in this paper, two evaluation methods were used in the experimental design. The first evaluation method is to evaluate the multi-task feature aggregation semantic network designed in this paper from the perspective of semantic segmentation, using mainstream semantic segmentation evaluation metrics to verify the effectiveness of the semantic segmentation network and the design of each component designed in this paper. The second evaluation approach is to combine the designed semantic segmentation network structure with morphological post-processing methods to perform a more fine-grained lane line instance level evaluation, here using the official TuSimple evaluation tool, and to compare the evaluation results with mainstream papers using the same dataset to verify the effectiveness of the overall lane line detection algorithm. 

The IOU (Intersection-over-Union) is the intersection-to-merge ratio, which is often used as the most important metric in semantic segmentation, and is defined as the ratio of the intersection to the merge between the predicted outcome and the true value. As shown in Equation 1. where P is the predicted value and G is the true value. 
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In order to evaluate the performance of the network more comprehensively, this paper introduces Precision, Recall and F1 values as additional metrics in the evaluation. The F1 value is an overall evaluation of the result of combining the accuracy and recall, and is calculated as shown in Equation 2.
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V. Evaluation

The lane line detection algorithm based on semantic segmentation proposed in this study is able to cope with many types of interference, but does not address the occlusion problem. When the traffic is very congested, the severe occlusion of lane lines by surrounding vehicles makes the semantic segmentation-based lane line detection algorithm unable to locate lanes well. In order to generalise the results of the pixel-by-pixel prediction of semantic segmentation, a combination of the algorithm designed in this paper and the methods of instance segmentation or panoramic segmentation could be considered at a later stage to better achieve a comprehensive perception of the scene data. In addition, the experiments require high performance servers, which is an important factor affecting the progress of this research.
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