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[bookmark: _Toc113403637]Abstract
In recent years, with the gradual development of the transport industry, traffic accidents have been increasing year by year, making traffic safety a widespread concern in society. In order to reduce the occurrence of traffic accidents and ensure driving safety, scholars have conducted a series of studies on vehicle-assisted driving. Research shows that image-based lane line detection and lane departure warning technologies have become the main research directions in vehicle-assisted driving systems. The thesis focuses on the problems of lane line detection in vehicle-assisted driving systems by studying a variety of complex road scenarios such as lane lines being blocked by other obstacles; road shadows caused by trees and buildings on both sides of the road; faded lane lines, inconsistent colors and uneven illumination, and other lane line detection algorithms. Different algorithms are used to fit different lane line types and scenarios.

The main points are as follows.
1. Pre-processing of the original image captured by the vehicle camera to enhance lane features and prepare for subsequent lane line recognition. The pre-processing process includes binarization, noise reduction for the target region, region of interest extraction, and then threshold segmentation based on the lane line edge features to distinguish the target lane line from the background.

2. For road scenes with straight lane lines and normal illumination, the Hough transform algorithm is used for fitting. Firstly, the Canny operator is used for edge detection, and then the Hough transform algorithm is used to fit the lane line edge pixels.

3. For complex road scenes with curved lane line types, large road shadows ,and faded lane lines, a sliding window polynomial-based algorithm is used to fit their lane lines. The paper improves the segmentation method by combining multiple thresholds to separate the target from the background; finally, the curve is fitted using a sliding window polynomial fitting method.

4. For road scenarios with multiple lane lines and lane lines obscured by other obstacles, the multiple lane line detection problems are converted into a semantic segmentation problem, proposing to improve the hourglass module to adopt the structure of encoder-decoder plus stubbing layer, and selecting two hourglass modules stacked for feature extraction of the image, making the whole network more accurate in controlling local and global information, reducing the computational effort and improving the model detection speed. Compared with traditional image processing methods, the algorithm is more adaptable to complex scenarios such as lane lines being obscured and unclear lanes ahead, while improving robustness and having good detection accuracy.
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[bookmark: _Toc113403639]Chapter 1: Introduction 
The automobile industry has developed into one of the biggest and most significant global sectors, making a considerable contribution to the economies of Germany, Japan, the US, and other countries. Every industrialized nation's auto industry contributes significantly to the development of the industrial structure and the expansion of other related industries. Many countries simultaneously struggle with the tension between rapid growth in vehicle sales and a shortage of essential road infrastructure. Negative phenomena including motor accidents, energy waste, traffic jams, and pollution are becoming more prevalent and harmful in many different countries. According to the latest United Nations statistics, up to 50 million people are injured and approximately 1.26 million are killed in road traffic accidents worldwide each year, resulting in an economic cost of nearly US$1.9 trillion [1]. Surveys have shown that in order to able to avoid a traffic accident, the driver should take some proactive measures at least 0.5s in advance of a critical situation [2]. Therefore, it is a constant goal to take measures to reduce the number of traffic accidents.

Along with the rapid development of artificial intelligence technology, the combination of the traditional automotive industry and the emerging information technology industry has given rise to one of the hot spots of concern - autonomous driving technology [3]. The core of driverless technology can be seen as a complex intelligent control system that integrates several sub-functional modules, such as mechanical control, path planning, and intelligent sensing. The joint operation of the various modules enables the vehicle to operate driverless under the command of a unified system [4]. The aim of research and development of driverless technology is to develop intelligent urban mobility. This technology solves a number of problems such as urban traffic congestion and accidents, while at the same time providing drivers with a driving experience that is both safe, comfortable, and entertaining. The research and implementation of driverless technology are therefore of great relevance and have a very promising future [5].

The ability to perceive the surrounding driving scene while the vehicle is in motion is a key technology in the realization of driverless vehicles, and enabling unmanned vehicles to accurately identify the location of lane lines in real driving scenarios is an important part of their perception capability. At the same time, the accuracy of lane line recognition is also crucial to the decision-making of the unmanned vehicle and directly affects the safety of the vehicle on the road [6]. Lane line detection technology is also important for existing advanced driver assistance systems [7]. Advanced driver assistance systems for vehicles require several subsystems to work together to ensure driver safety, including a blind zone warning/lane change warning subsystem, a forward collision warning subsystem, an intersection assisted mobility subsystem, a pedestrian collision prevention subsystem, a lane departure warning subsystem and a left turn assist subsystem. Improving the accuracy of lane line recognition helps vehicles to give accurate lane departure warnings and lane change warnings, which reduces the probability of driver negligence causing crashes and reduces the number of traffic accidents due to personal reasons. High-quality lane line detection results are therefore an important guarantee of driving safety and it is of great interest to investigate lane line detection algorithms.

Lane detection algorithms can be broadly classified into two categories: those that extract features from images before relying on algorithm fitting [8], and those based on deep learning [9] methods to identify lane lines in driving scenes. In the former category, most algorithms require the extraction of image features such as color features [10] and edge features [11]. Next, a number of other algorithms are often used to help with lane detection, such as the Randomly Sampled Consistent Algorithm (RANSAC) [12] and the Hough Transform method [13]. However, such methods usually depend on the choice of specific features in a given scene to get good results, which is difficult to achieve in complex driving scenarios. Cars capable of performing autonomous driving need to be highly competent in understanding driving scenarios, especially in a variety of complex driving scenarios. In this context, deep learning-based lane line recognition algorithms [14] offer a great advantage. More and more driverless-related research areas have seen new developments in recent years with the help of deep learning, such as the segmentation of driving scenes, the determination of driveable areas, driver visual saliency detection [15], and so on. Feature processing of driving scenes in terms of spatial relationships by means of deep convolutional neural networks can provide sufficient feature information for different perception tasks. Therefore, deep learning-based lane line detection algorithms are more in line with the demand for intelligent vehicles and are a work of future development trend and research significance.


[bookmark: _Toc113403640]Chapter 2: Literature review
In recent years, many scholars at home and abroad have proposed a variety of lane line detection methods. The many detection methods can be classified as LIDAR-based lane line detection, vision-based lane line detection, and lane line detection based on a combination of vision sensing and LIDAR. LIDAR-based detection systems rely on the LIDAR emitting millions of laser beams in a short period of time and accurately measuring the distance and shape of the surrounding objects through their return time difference, thus completing a 3D modeling of the surrounding environment. LIDAR-based lane line detection methods are able to accurately range targets regardless of lighting conditions, but the high cost and size of LIDAR devices make them difficult to integrate into the interior of a vehicle, making this method less widely used. Detection systems based on a combination of visual perception and LIDAR are mainly based on camera detection as the core, together with millimeter 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 visual 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 modeling algorithm. The feature extraction algorithm is responsible for capturing features such as edges, color, 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.

[bookmark: _Toc113403641]2.1 Lane-line detection based on traditional methods
Traditional lane line detection is usually based on models or hand-made features and can be divided into feature-based lane line detection methods and model-based lane line detection methods.
[bookmark: _Toc113403642]2.1.1 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 locate lane lines by analyzing their edges, gradients of pixel points, color, and other appearance features.

A lane line detection method with two-stage feature extraction is proposed by Niu et al [16]. 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 of lane lines intersecting at vanishing points is used to identify the lane lines.

A color-based lane detection algorithm was proposed by Bertozzi et al [17]. The algorithm first applies an Inverse Perspective Mapping (IPM) transformation to the image to remove perspective distortion from the monocular camera and selects a Region of Interest (ROI) 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 images are enhanced by morphological expansion. Finally, the lane markings are determined by adaptive threshold scanning on a line-by-line basis according to the lane width and the road center axis coordinates.

Rasmussen et al. [18] use a Gabor filter to detect the texture direction of each pixel, then estimate the vanishing point by Hough voting, and finally compose a drivable area with line segments in the same direction as the vanishing point and extract lane lines from it.

[bookmark: _Toc113403643]2.1.2 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; neighboring 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 these 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. [19] present a method for detecting and tracking lanes using multi-frame Spatio-temporal images. The method uses the temporal consistency of lane width and the Hough transform to detect two parallel lines representing the lane edges and uses a weighted least squares algorithm to fit the detected lane lines into a cubic curve model.

Berriel et al. [20] propose a particle filtering-based lane marker tracking method for the cubic spline model. The method first extracts the ROI in the inverse perspective image, second sets an adaptive threshold to find lane line candidate regions, and finally uses particle filtering to smooth the lane line markers extracted in the current frame and the previous frame, and outputs three control points of the lane line spline model by the particle filter.

Zhou et al. [21] propose a lane detection algorithm based on a geometric model and Gabor filtering. The lane line geometric model contains four parameters: starting 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.

[bookmark: _Toc113403644]2.2 Lane-line detection based on deep learning
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 shown 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. 
[bookmark: _Toc113403645]2.2.1 Lane line detection based on classification methods 
The goal of the image classification task is to classify different images into pre-defined classes. Therefore, lane line detection methods based on classification methods first need to determine the lane position by combining a priori information before lane recognition can be achieved using classification methods. 

Kim et al. [22] first used the traditional edge extraction method to obtain the edges of lane lines, then used a Convolutional Neural Network (CNN) to enhance the information of the lane markers in the ROI, and finally used Random Sample Consensus (RANSAC) to classify the edges, thus achieving lane line detection

Gurghian et al. [23] mounted cameras horizontally on both sides of the body to capture close-up images of lane lines to achieve initial localization 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 localized lane lines.

[bookmark: _Toc113403646]2.2.2 Lane-line detection based on target detection 
Target detection can be seen as a localization 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 detection based lane line detection usually starts by marking the feature points or bounding boxes of each lane line segment and then detects the lane line using coordinate regression.

Huval et al. [24] propose a 'sliding window' detector to generate lane line masks and perform bounding box regression. 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. [25] proposed the detection and recognition of lane and road markings guided by vanishing points. A multi-task end-to-end network, VPGNet, is proposed in the paper. the algorithm outputs regions with a high probability of lane lines using multi-labelled task branches, and in post-processing, the sampled points are first projected into a bird's eye view by IPM, followed by clustering and quadratic regression of the sampled points.

Huang et al. [26] propose STLNet, a lane boundary detection network based on spatio-temporal and deep learning, which differs from VPGNet in that STLNet takes 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 fits the lane lines 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.

[bookmark: _Toc113403647]2.2.3 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 means of semantic segmentation or instance segmentation [27]. While instance segmentation-based detection methods output individual lanes end-to-end, and semantic segmentation-based detection methods tend to 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. [28] propose a special neural network structure, SCNN, 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, spatial message passing at the pixel level requires significant computational overhead and the algorithm only achieves a detection speed of 7.5 FPS.

Hou et al. [29] propose a lane line detection model based on the Self Attention Distillation (SAD) 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. In addition, SAD is only used in the training phase and does not increase inference time.

(2) Semantic segmentation-based lane line detection method 
Neven et al. [30] propose an end-to-end trainable network for lane line detection. The network consists of a multi-task segmentation sub-network LaneNet and a viewpoint transformation network H-Net. LaneNet modifies the ENet of the encoder-decoder structure into a two-branch network, with one branch performing semantic segmentation of the original map to output lane line masks, and the other branch outputting lane instances through iterative clustering. In post-processing, the inverse perspective transformation parameters are predicted by the H-Net network to eliminate perspective errors due to changes in the road surface, and a third-order polynomial is fitted to each lane instance in the top view. 

Hsu et al. [31] propose a new learning objective to train deep neural networks for end-to-end lane ground detection. In contrast to semantic segmentation networks that output categories of individual pixels end-to-end, the authors propose to use pairwise relationships between pixels as supervision to guide the FCN to learn pixel-level clustering and assign a clustered 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 the lane lines are instantiated during post-processing and lane line fitting is not considered.

Chang et al. [32] trained the lane segmentation network on a dataset collected in complex weather and used a custom breadth-first search algorithm to detect all lane instances in the segmented output lane masks. Each lane instance is clustered in the IPM image using unsupervised attentional voting, and a quadratic polynomial is 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.



[bookmark: _Toc113403648]Chapter 3 Methodology
[bookmark: _Toc113403649]3.1 Lane line fitting based on traditional methods
Lane line detection data is obtained from onboard cameras, and in general, these images cover a large amount of invalid and distracting information, resulting in inaccurate lane line recognition. In order to highlight more useful information and reduce the difficulty of detection, the captured images need to be pre-processed to improve the detection efficiency of lane line detection. The processed image needs to ensure that not only is the basic lane edge information not lost, but also that the detailed features of the image are retained. Incorrect pre-processing results will directly affect the results and analysis of the subsequent image processing, resulting in the inability to accurately identify the target lane lines.

The image pre-processing method used in this paper includes: de-noising the image by greying and filtering and smoothing the image captured by the camera; then performing gradient-based edge detection and image thresholding segmentation based on the color, edge, texture and specific information of the lane lines, by enhancing the edge features of the lane lines so as to distinguish the target lane lines from the background, by region of interest selection The image is pre-processed with the gradient-based edge detection and image thresholding. The pre-processing steps are shown in Figure 3.1.


Figure 3.1 Image pre-processing steps
[bookmark: _Toc113403650]3.1.1 Image greyscaling
The original image obtained from the vehicle camera is generally a color image. The pixel points in each image are made up of red, green and blue components, and all pixel points take values from 0 to 255 on these three channels. As much of the information in a color image is useless, it would be difficult to meet the real-time requirements without processing it directly. It is therefore necessary to convert images containing a variety of rich colors into a single-channel greyscale image by greyscaling them. This reduces the amount of data and guarantees real-time performance by reducing the rate of hardware operations. The role of image greyscaling is to convert an information-rich color image into a greyscale image. The commonly used greyscale methods are:

(1) Component method
The luminance of a component of R, G and B is extracted separately and the color image is greyed out using the luminance.

(2) Maximum value method
For each pixel point of the different color channels take the maximum value on the 3 channels as the greyscale value of the pixel, as in Formula (3.1), the resulting greyscale map will be relatively brighter overall.
	
	Formula (3.1)



(3) Mean value method
The values of the three channels for each pixel point are averaged to obtain a grey-scale image, as in Formula (3.2).
	
	Formula (3.2)



This thesis uses three different methods to convert the original image to a greyscale method, a comparison of which is shown in Figure 3.2.
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	(a) Original image
	(b) Component method
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	(c) Maximum value method
	(d) Mean value method


Figure 3.2 Comparison of each greyscale chart
From the analysis of the principle and effect of greyscale processing, all the above images can be converted into single-channel greyscale images with very clear road edges. In this thesis, the mean value method was chosen for the greyscale processing.
[bookmark: _Toc113403651]3.1.2 Filtering and smoothing
As the images captured by the vehicle-mounted camera can be disturbed by certain external environments on the actual road, noise can be generated in certain areas of the image, which can lead to reduced picture quality and affect the detection and recognition of lane lines behind. In order to improve the existing noise, the image needs to be smoothed and filtered to eliminate isolated noise, while keeping the edge information well maintained and minimizing the impact of external noise on the detection results, thus improving the detection results. Two methods, mean filtering and Gaussian filtering, are commonly used to achieve linear filtering.

(1) Mean value filtering
The principle of mean filtering is to select a small area of the image, add up the grey values of the pixels in that area and average them, then use the average value as the value of all the pixels in that area. A fixed template is usually set at 3*3 and the middle pixel and the 8 pixels around it form a template, which is then averaged over the 9 pixels to give the pixel value of all the points in the area. According to its principle, mean filtering removes noise from the image by removing points that do not match the surrounding pixels.

(2) Gaussian filtering
Gaussian filtering is broadly similar to mean filtering in that it uses a fixed template to scan each pixel in the image, the difference being that Gaussian filtering multiplies each pixel by a different weight, and this weight is determined by a Gaussian function. The method is good at suppressing noise when the noise points generated by the image conform to a normal distribution. The function of Gaussian filtering is given in Formula (3.3), with the expression
	
	Formula (3.3)


where  is the standard deviation of x and  is the mean of x.

After introducing the filtering method, the noise generated by the camera was analyzed and a better filter was selected to filter out as much of the noise present on the road as possible while ensuring accuracy. A comparison of the filtering methods is shown in Figure 3.3.
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	(a) Mean value filtering
	(b) Gaussian filtering


Figure 3.3 Comparison chart of the two filtering methods
From the analysis of the filtering principles and effects, the above images all remove noise very well, while the road edge information is very clear. In the thesis, the filtering method chosen is Gaussian filtering in linear filtering.
[bookmark: _Toc113403652]3.1.3 Binarization
In order to extract the lane lines from the road image, the lane line target needs to be distinguished from the road background by binarization. Binarization is based on a grey-scale image with 256 luminance levels, converting all pixels contained in the image into a black and white image containing only two grey values. The binarization process not only reduces the interference of non-target factors but also reduces storage space and makes processing simpler and easier.

The basic idea of the binarization process is to compare the image f(x,y) with each pixel point (x,y) and a given threshold T. When above the pixel segmentation threshold T all pixels are displayed in white and those below T are displayed in black. The image is binarized as shown in Formula (3.4).

	
	Formula (3.4)


where s(x,y) denotes the greyscale value of (x,y) after binarization; f(x,y) denotes the greyscale map of (x,y) before binarization; and T denotes the segmentation threshold.

Threshold selection is the most important thing in binarization processing. If the threshold is chosen too small, fine noise in the image will be extracted; conversely, if the threshold is chosen too large, some of the target detail will be lost, resulting in target loss and affecting the final extraction result. Considering the changes in lighting and complex weather during lane line acquisition, as well as the shadows of buildings and trees around the lane, if the segmentation threshold is set to a fixed value, the binarization effect will not be satisfactory, so for different situations, different thresholds must be adopted for segmentation. The following methods of thresholding are commonly used, namely global thresholding, local thresholding and adaptive thresholding.

(1) Global thresholding principle
Global thresholding is the process of finding the best segmentation threshold by using global information about the whole image. By setting different feature thresholds, the pixel points in an image can be divided into several categories. By analyzing the greyscale and color characteristics of the input original image, the image can be divided into two parts by selecting the optimal segmentation threshold. In the thesis, the image is first converted into a greyscale image and then the optimal segmentation threshold is set to 127 by using the global information of the whole image. when a pixel exceeds the threshold, the part is not changed and the other part is set to 0.

(2) Local Thresholding Principle
Local thresholding is similar to the global thresholding principle, except that local thresholding first divides the image into blocks and then divides the image into blocks by setting different thresholds, noting that if the segmentation area set in this method is too small, the result will be poor.

(3) Adaptive thresholding principle
Adaptive threshold segmentation, i.e. segmentation using different thresholds for different scenes, is not a fixed value, but the threshold is automatically adjusted as the environment varies. The method has good applicability in different environments. The following thresholding methods were used to process the images, which are shown in Figure 3.4.
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	(a) Original image
	(b) Global threshold segmentation
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	(c) Adaptive threshold segmentation
	


Figure 3.4 Comparison chart of threshold segmentation methods

As can be seen from Figure 3.4, the adaptive thresholding method was used to obtain a partially blurred road, while the global thresholding segmentation method not only fits accurately to the edge information of the lane lines but also filters out the noise extremely well.
[bookmark: _Toc113403653]3.1.4 Edge detection
After obtaining a binary contour map of the lane, edge detection techniques are often used to extract edge information from the lane lines. Edges are a class of points that differ significantly from the grey value of the adjacent pixels and are rich in information due to abrupt changes in information such as greyscale or structure.

Existing edge detection methods are usually gradient-based edge detection methods, which are operations that use differentiation operations in an image to determine whether it is an image edge or not. It can be seen that the maximum value of the derivative indicates the point where the change is most significant. For current edge detection, commonly used detection operators include Roberts, Prewitt, Sobel, Laplacian and Canny operators. The above operators are based on features with large variations in image edge information, and the various operator features are used to set corresponding thresholds to calculate gradient intensity variations to detect edges, and finally, based on the pixel point values The edge extraction is based on whether the pixel value exceeds the threshold or not.
[bookmark: _Toc113403654]3.1.5 Area of interest extraction
For lane line detection, by observing the layout of the road scene in the image, the analysis shows that the road information is complex and variable during the driving process on the road, increasing the difficulty of lane line extraction, so the interference of non-lane lines can be eliminated by extracting the target region of interest [33]. The captured road images are divided into two different regions: (1) the target lane region to be recognized; (2) the background region on both sides of the lane and the sky region above. By extracting the region of interest the aim is to eliminate the non-target region, as shown in Figure 3.5.
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	(a) Original image
	(b) Region of interest


Figure 3.5 Region of interest extraction
As can be seen in Figure 3.5(b), the desired target area is obtained by removing invalid information from the background and sky on both sides. This processing reduces the amount of information in the algorithm and makes subsequent processing simpler while improving detection efficiency.

[bookmark: _Toc113403655]3.2 Deep learning-based lane line fitting
Traditional lane detection methods rely heavily on strong a priori knowledge and require manual searches for specific lane features such as geometry, color, gradient, etc. These methods are sensitive to noise such as changes in lighting, moving vehicles and damaged surfaces, and are poorly robust and inefficient. In today's era of big data, it is easy to access large amounts of image information, and only by combining the processing of large data volumes with machine vision can we stay at the forefront of the technology of our time. With the rapid development of neural networks, more and more researchers are using deep neural networks in combination with machine vision.

Convolutional Neural Networks (CNN) have become a popular tool for solving machine vision tasks due to their excellent performance in machine vision tasks. In the case of lane line detection, the use of CNNs can reduce the influence of many distracting factors in complex road scenes, resulting in robust lane line prediction maps.
[bookmark: _Toc113403656]This section describes several important components of CNNs.
[bookmark: _Toc113403657]3.2.1 Convolutional layer
The convolutional layer is the core of a convolutional neural network. In image detection, the target features are mainly extracted from the underlying features such as greyscale and shape. Convolutional computation requires setting the size of a convolutional kernel, which is used to convolve the neighborhood of a pixel to obtain the neighborhood features, i.e. the Kernel starts from the top left corner of the image and moves horizontally and vertically in stride size until all pixels are traversed. During the traversal process, the Kernel and the image pixels are multiplied and added together, and the sum replaces the central pixel value of the convolved region. The final convolution result is the Feature Map. The convolution is calculated separately for each color channel of the image, so if the input image is a three-channel RGB image, the Feature Map will be a three-channel feature map.

In the convolution process, the Kernel is equivalent to a filter, i.e. an image or feature map is filtered through a filter to achieve the filtering process, and the filtering result is the convolution result. In the training process of a CNN model, the initial values of the weight parameters of the convolution layer are random values, and the parameters are gradually adjusted during the iterative training of the target features, so that the parameters gradually converge and the model has the ability to detect the image features of the target.

The convolution calculation is shown in Figure 3.6. Usually a padding operation is required to maintain the size of the input image, by filling in the edges of the image with "0" to keep the image size consistent.

[image: ]
Figure 3.6 Convolution operations
When the convolution layer performs the computation, the feature maps extracted differ depending on the Kernel. In image processing, there are many image processing methods done based on convolution operations, such as mean filtering, Gaussian filtering and edge sharpening, whose convolution kernels are shown in Figure 3.7.
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	(a) Mean value filtering
	(b) Gaussian filtering
	(c) Image sharpening


Figure 3.7 Convolution kernels under different image processing methods

[bookmark: _Toc113403658]3.2.2 Pooling layer
In a convolutional neural network, if the original size of the input data is maintained for training, there will be difficulties in training the model due to the large size of the network parameters, which affects the efficiency of the algorithm and may lead to overfitting as the training progresses. Therefore, deep learning based image semantic segmentation requires pooling to reduce the number of training parameters and the space size of the image or feature map during feature extraction. Usually, a pooling layer is added after the convolutional layer in order to reduce the number of parameters, maintain image feature invariance and increase the convolutional kernel field of perception to prevent overfitting, while preserving the main features and making the feature information extracted from the convolutional layer not severely lost.

The pooling layer is used without the need to set the learning parameters like a convolutional layer, it only needs to set the Kernel, Stride and the pooling method. The pooling methods are usually mean pooling and maximum pooling, but in the case of lane line detection, i.e. the corresponding target detection, the final result is a binary map. Therefore, maximum pooling is used here to better perform the task of lane line detection, and the maximum pooling is calculated as shown in Figure 3.8.

[image: ]
Figure 3.8 Maximum value pooling
[bookmark: _Toc113403659]3.2.3 Activation layer
In a neural network, the input of a neuron is the output of the neuron in the upper layer, which in this case results in a linear relationship between the input and output of the upper and lower layers of each neuron node, and the linear relationship is easily verified in neural network training. Therefore, in order to build a neural network model that can learn complex data (e.g. pictures, audio and video), an activation function is essential.

Without the use of an activation function in a convolutional neural network, even with a large number of hidden layers, the learning approximation capability of the neural network model is limited due to the linear relationship between the input and output. Only with the addition of an activation function can a CNN model have the ability to learn to approximate complex target image features in a non-linear way. The three commonly used activation functions are described below.

(1) The Sigmoid function
The Sigmoid function has an output between 0 and 1, regardless of the input. The Sigmoid function is a monotonically continuous function, differentiable everywhere and easy to derive derivatives from, but the near saturation zone on the left and right sides of the Sigmoid function often causes the gradient to vanish, and the inclusion of exponential operations in network learning and the fact that the output is not centered on 0 leads to slower convergence.

The expression for the Sigmoid function is： 
	
	Formula (3.5)



The image of the Sigmoid function is shown in Figure 3.9.
[image: ]
Figure 3.9 The Sigmoid function image

(2) The Tanh function
The Tanh function has an output between -1 and 1, regardless of the input. It is also a monotonically continuous function and is differentiable everywhere. The left-hand side of the function is negative and the right-hand side is positive. In network learning, the Tanh function can be used to have faster convergence because the slope is greater in its linear region around 0. However, the Tanh function has a larger range of near-saturation zones on the left and right than the Sigmoid function, and does not solve the problem of gradient disappearance.

The Tanh function expression is：

	
	Formula (3.6)



The image of the Tanh function is shown in Figure 3.10.
[image: ]
Figure 3.10 The Tanh function image

(3) The Relu Function
The left-hand side of the Relu function is suppressed, with all its values being 0, while the right-hand side is an increasing region. Also for the ReLU function, its value does not saturate when x>0, solving the problem of gradient disappearance. Therefore, in convolutional neural networks, the ReLU function is often used to enhance the feature extraction capability of the network.


The Relu function expression is :
	𝑓(𝑥) = max(0, 𝑥)
	Formula (3.7)



The image of the Relu function is shown in Figure 3.11The image of the Relu function is shown in Figure 3.11:
[image: ]
Figure 3.11 The Relu function image

[bookmark: _Toc113403660]3.2.4 Fully connected layer
Each neuron is fully connected in the Fully connected layers, which are shown in Figure 3.12.

[image: ]
Figure 3.12 Diagram of the fully connected layer

CNN training of target features is generally divided into a feature extraction part and a feature classification part. The feature extraction part mainly consists of convolutional, activation and pooling layers, while the feature classification part is a fully-connected layer that classifies the labeled features of the extracted targets.

[bookmark: _Toc113403661]3.2.4 Deconvolution layer
The deconvolution method is proposed in Literature [34], using a deconvolution network to visualize the extracted features by inverse pooling, inverse activation and inverse convolution of the extracted feature map to obtain a feature map that is consistent with the resolution of the input image. In a neural network model, the presence of pooling layers leads to smaller and smaller feature map sizes. Therefore, in order to reduce the feature map to the original size of the input image and achieve end-to-end detection, it is usually necessary to map the low-resolution feature map to a high-resolution feature map by deconvolution layer. The deconvolution is equivalent to the inverse of convolution, where the deconvolution operation only maximizes the recovery of the input detail features from the convolved feature values, and does not allow for full restoration.

The steps for deconvolution are as follows. 
(1) Invert the convolution kernel up and down. 
(2) Complement 0 according to the input dimension and step size. 
(3) Convolution with the inverted kernel after the 0's are filled.
[bookmark: _Toc113403662]3.2.5 Several classical neural network models 
In the case of lane line detection, given the distinctive features of lane lines and the high demand for real time, the design of the neural network structure needs to take into account not only the detection accuracy but also the computational complexity. It would be counterproductive to compromise real-time performance in order to ensure the accuracy of lane detection. Therefore, it is necessary to design a deep learning network structure that is suitable for lane line detection.
 
Lane line detection based on deep learning can be classified as an image segmentation task. Image segmentation, as opposed to target recognition and image classification, requires the detected lane line image features to be presented in an intuitive form. The image segmentation task can be considered using a semantic segmentation approach, where the semantic segmentation model is able to take the extracted feature map and achieve a classification for each pixel, so that each pixel in the image can be classified with a corresponding label. And since the lane line image segmentation task is a binary classification task, i.e. the lane line image is detected by the semantic segmentation model, each pixel will be detected as a background or lane line label to obtain a binarised image for lane line detection, and the binarised image is undoubtedly a very intuitive representation of the image features of the lane line. 

Currently, some of the more mature and popular neural network models for semantic segmentation are FCN [35], SegNet [36], ResNet [37] and so on. While possessing high accuracy in these networks, all of them have the disadvantage of large network models and high computational effort. Lane line detection needs to consider real-time, so these models cannot be directly applied in lane line detection. In this paper, we design a deep learning based lane line semantic segmentation network model, which is mainly constructed from the following classical semantic segmentation models.

(1) FCN
The proposal of FCN opened up a path for semantic segmentation and laid a solid foundation for subsequent research on semantic segmentation. Before FCN, most convolutional neural network structures (e.g. VGG16, VGG19, etc.) used fully-connected layers to classify images, and the detection results were only the category probabilities of the images, which could not visualize the image features extracted by the neural network model. The FCN model is based on the classical CNN model VGG19, which replaces all the computationally simple convolutional layers with the more time-consuming fully-connected layers.

During the training process of the FCN, the initial feature map with a small resolution is obtained after feature extraction due to the presence of pooling layers, which cannot represent the image features intuitively. In order to achieve pixel-level classification, the initial feature map is reduced to the original input image resolution through the deconvolution layer, so that each pixel point has a corresponding label to achieve the semantic segmentation of the image. the FCN network model structure, as shown in Figure 3.13.

[image: ]
Figure 3.13 FCN structure

(2) SegNet
SegNet is proposed as a deep network structure for semantic segmentation of images for autonomous driving tasks based on the structure of the FCN, which can be divided into two main parts: the encoder and the decoder. The encoder is the feature extraction part of the convolutional neural network, while the decoder is the feature reduction part, which achieves semantic segmentation by up-sampling the initial feature map layer by layer to restore the input image resolution.

A schematic representation of the SegNet network model is shown in Figure 3.14.

[image: ]
Figure 3.14 SegNet structure

(3) ResNet 
Generally speaking, the deeper the network layer, the richer and more accurate the feature information detected. However, according to experimental evidence, the accuracy of the training data decreases as the network is deepened. This is not due to overfitting, which is a hallmark of the network, but rather to the high accuracy of the training and the low accuracy of the test set. However, the current problem is a drop in training accuracy, which, as can be seen through the literature [38], is due to the gradient explosion and gradient disappearance problems that occur with optimizers as the layers of the deep learning network deepen, leading to a drop in training accuracy and making it difficult to train deeper network structures.

There is a simple solution to this phenomenon - data normalization. By normalizing the data in the network, the network model is able to avoid this problem to a certain extent. However, this method only works for networks with a few dozen layers. Therefore, in order to make deeper networks with good training detection, Kai-Ming He et al. [39] proposed an idea: assuming that the existing model has reached saturation, adding a constant mapping layer after the model should not increase the error further and design a ResNet network model based on this. The structure of the ResNet network model is shown in Figure 3.15.
[image: ]
Figure 3.15 ResNet structure



[bookmark: _Toc113403663]Chapter 4: Results and discussion 
[bookmark: _Toc113403664]4.1 Detection method based on the Hough transform model
For scenarios where normal road conditions and the lane line type is straight, the thesis uses a straight line detection based on the Hough transform method, which is an efficient algorithm for straight line detection. The detection algorithm determines the position of a straight line by mapping the coordinates of the line in the Cartesian coordinate system to another coordinate space under which the parameter coordinates are obtained.

[bookmark: _Toc113403665]4.1.1 Principle of the Hough linear detection algorithm
The Hough transform is an algorithm used to detect straight lines. Its essence is to switch a particular curve in an image coordinate system to a polar coordinate system using the pairwise property of points and lines. The parameters of each curve correspond to a point in the parameter space, converting the curve parameter problem in image space to a peak problem using the voting statistics space. The individual points on a given line in the Cartesian co-ordinate system are labelled in the x-y co-ordinate system, as shown in Figure 4.1.
[image: ]
Figure 4.1 Straight line in the x-y coordinate system
According to the equation of the line as in Formula (4.1).
	y = kx+b
	Formula (4.1)


By converting the coordinates of the points on the line from x-y coordinates to Cartesian k-b coordinates, the points in the x-y coordinate system are transformed into a line in the new coordinate system, and the equation of the line becomes as in Formula (4.2).
	b =-xk+y
	Formula (4.2)


The straight line parameters are also changed from k, b to x, y. Mapping the points in the diagram to the new coordinate system results in an infinite number of straight lines, as shown in Figure 4.2.
[image: ]
Figure 4.2 Cartesian coordinates k-b straight line mapping graph

Based on this principle, the straight-line detection problem can be transformed into a statistical problem of clustering coordinates in a parametric coordinate system.
[bookmark: _Toc113403666]4.1.2 Analysis of Hough transform model detection results
The Hough straight line detection algorithm is similar to the Hough detection algorithm in that the straight line detection is transformed into a coordinate mapping followed by a problem of clustering discrete points, with the coordinates of the clustered points corresponding to the parameters of the straight line, and for straight lanes, excellent results can be obtained using this method. The specific steps are:

(1) After the image is captured with the on-board camera, it is firstly greyed out by the cv2.cvtColor(image,cv2.COLOR_RGB2GRAY) function. The purpose of greying out is to obtain a feature map containing all the lane target information to reduce the number of subsequent calculations, as shown in Figure 4.3.
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	(a) The original image
	(b) The grayscale image


Figure 4.3 Grayscale processing

(2) The grey-scale map is then filtered to ensure that the noise is removed without losing the original useful information. The thesis uses Gaussian filtering, which is a Gaussian filtering algorithm with a good noise removal effect. Gaussian filtering is used to suppress normally distributed noise by convolving a Gaussian kernel with the original image. In this thesis, Gaussian filtering is performed by the cv2.GaussianBlur(gray,(kernel_size, kernel_size), 0) function, where gray denotes the greyscale map and kernel_size denotes the Gaussian kernel, set to 5*5. The recognition results are shown in Figure 4.4.
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	(a) The grayscale image
	(b) Gaussian filtering


Figure 4.4 Filter processing

(3) Canny thresholding is then performed, as Canny is a two-threshold processing mechanism that requires two thresholds, a low threshold T1 and a high threshold T2, to be set. The paper uses the cv2.Canny(np.uint8(blur_gray), low_threshold,high_threshold) function for edge extraction of lane line features, the two thresholds low_threshold, high_threshold are 50, 150 respectively. threshold are 50 and 150 respectively, and the recognition results are shown in Figure 4.5.
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	(a) Gaussian filtering
	(b) Canny threshold segmentation 


	Figure 4.5 Threshold segmentation processing	

The region of interest is then extracted, and the region of interest in the thesis is determined mainly based on the greyscale gradient information of the image. The gradient direction of the lane lines in the image is mostly horizontal. In the detection process, the redundant image information is mainly concentrated below the sky area above and the bottom near car area taken by the on-board camera, and the thesis identifies the results by region_of_interest (img, vertices) as shown in Figure 4.6.
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	(a) Threshold segmentation diagram
	(b) Map of areas of interest


	Figure 4.6 Area of interest extraction	
As can be seen in Figure 4.6, the ROI segmentation method used in the thesis not only filters out the sky area above the road, but also preserves the redundant map of the near-vehicle area, allowing the region of interest in the lane line area to be detected to be accurately obtained.

(5) The final Hough line detection and recognition was performed using the hough_lines(img, rho, theta,threshold, min_line_len, max_line_gap) function, where img is the original image, and the distance resolution and radian angle resolution of the Hough grid were set to 2, pi/180 respectively. The final purpose of the straight line detection algorithm is to count the spatial peaks, so it is necessary to set the minimum voting value, above which it is considered whether the identified straight line, the thesis is set to 15. Finally, the minimum number of pixels to form a straight line and the maximum pixel spacing between connectable line segments are set to 20, the final recognition results are shown in Figure 4.7.
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	(a) Threshold segmentation diagram
	(b) Results graph


Figure 4.7 detection result
[bookmark: _Toc113403667]4.2 Detection method based on polynomial fitting of sliding windows
Although lane lines are predominantly straight lines, curves still exist in many road conditions and therefore curve detection is a critical part of lane line detection. For curve detection, due to its high complexity, a simplified curve algorithm is required to achieve the lane line detection requirements. A mathematical model for curved lane lines is proposed for the problem that the Hough transform is good for fitting straight lines but poor for curves. The original image is greyed out, filtered and thresholded for segmentation in the same way as in Section 4.1.
[bookmark: _Toc113403668]4.2.1 Perspective transformation
As the image captured by the in-vehicle camera is the image information of the direction of travel directly in front of the vehicle, for better lane line detection, a top view image of the road surface is required to obtain an approximately parallel lane line for subsequent processing. The paper uses the camera imaging principle to map the pixel points on the original image to the top view image using an inverse perspective transformation method.

It is known from image imaging principles that not all pixel points on the original map can be mapped into the overhead view. In theory, only the points below the vanishing point can be shown in the top view of the road. Based on the location of the previously detected vanishing point, the known camera parameters are used to determine the converted area, i.e. a part of the area of interest, to obtain the converted top view image and then to carry out the lane line detection and recognition. The conversion formula for the inverse perspective transformation is derived based on the coordinate system. So the recognition needs to be converted to a two-dimensional spatial projection, i.e. the spatial coordinates (x,y,z) are converted to (l,m,n), as in Formula (4.3).

	
	Formula (4.3)



Where  is the perspective transformation matrix,  is the source target point， is the target point. The transformation matrix and the inverse transformation matrix are obtained through the source target points and the target points. The transformed image is obtained by inputting the image obtained after threshold segmentation and the transform matrix, as shown in Figure 4.8.

[image: ]
Figure 4.8 Perspective view

[bookmark: _Toc113403669]4.2.2 Locating the lane line basepoint
Firstly, the left and right lane lines need to be identified, i.e. the base point of the lane lines needs to be determined. As the pixels of the lane lines are concentrated somewhere on the horizontal axis, the image is divided into two parts, the thesis uses the pixel distribution of the bottom half of the perspective view as a basis, the peak of the pixel distribution on the horizontal axis is most likely the base point of the left and right lane lines. The location of the lane line pixel points was determined by first intercepting the bottom half of the image and adding the pixels by column, by plotting a histogram from which the peak of the sum of the pixels in each column can be seen. As shown in Figure 4.9 it can be seen that the left and right lane lines are distributed at pixel peaks around 150 and 400, representing the left and right peaks respectively.

[image: ]
Figure 4.9 Histogram
[bookmark: _Toc113403670]4.2.3 Sliding window traversal and detection
After locating the base point through the perspective view, the histogram will obtain the left and right peaks so that the two peaks are used as the starting point for the left and right lane lines. At the same time traversal and detection is carried out by means of sliding windows, with the aim of obtaining the pixel indexes of the left and right lane lines. The thesis chooses the number of sliding windows to be 9, the width to be 100 and the condition for redrawing the sliding windows: the minimum number of pixels to be 50. variables and lists are also set to record the starting position of their sliding windows and the indexes of the left and right pixels.

The specific steps are to draw the sliding window by iterating through the coordinates of all non-zero pixels in the single channel image and saving them in a list. When the program iterates through the loop, the starting point of the left and right sliding window positions and the pixel indexes of the left and right lane lines are traversed and recorded, and then the number of sliding windows is started to be iterated through. The number of valid pixels in the window is set to determine if the number of valid pixels satisfies the condition for redrawing the sliding window, while the average of the horizontal coordinates of the valid pixels is used as the base coordinates for the next window, and the iterative detection is done in turn until the number of cycles is satisfied.

The position coordinates of the left and right lane line pixels were obtained by sliding window fitting to generate the x and y values used for plotting, and a second order polynomial was used to fit the left and right lane lines to plot the corresponding left and right lane lines. The results of the polynomial fit are shown in Figure 4.10.

[image: ]
Figure 4.10 Fitting results
Finally, the inverse transformation matrix is obtained through the perspective transformation, the drawn binary aerial view of the left and right lane lines is converted to the original image space through the inverse transformation matrix and the result is merged with the original image. The radius of curvature and the center offset position is also calculated through mathematical relations and they are labelled on the graph. The final lane line recognition results are shown in Figure 4.11.
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	(a) Original image
	(b) Detection results


Figure 4.11 Detection results

[bookmark: _Toc113403671]4.3 Deep learning-based lane line detection method
[bookmark: _Toc113403672]4.3.1 The dataset
The lane line dataset used in the thesis is TuSimple, which contains 3626 training images and 2782 test images, as well as various lane line images for different scenarios. test set. The raw_file is the path of the 20th frame of each data segment, the lanes and h_samples are the specific annotations of the data, the h_samples are the vertical coordinates and the lanes are the horizontal coordinates of each lane. The above data indicates that there are 4 lane lines and the first pixel of the first lane line is (632,240). After processing, the required annotation file was obtained and the image obtained after processing is shown in Figure 4.12.
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	(a) Original image
	(b) Image after labeling


Figure 4.12 Dataset annotation

[bookmark: _Toc113403673]4.3.2 Overall network structure
The neural network model used in this paper is the Stacked Hourglass Network (SHN). The overall flow of the network is shown in Figure 4.13. The input image is passed through the image adjustment layer, pre-processed to compress the input size to 512*256, and then passed to the feature extraction layer. In this study, the input data size of 512*256 is compressed to 64*32 by the convolutional layer and the maximum pooling layer, saving memory and computation time, and then the hourglass module is used to extract features from the input image. Next, the overall structure of the hourglass module is described in detail in this paper.

Stacked Hourglass networks are modular networks where the hourglass modules are essentially made up of a number of residual modules, which can be stacked into different hourglass modules depending on the number of residual modules. At the same time, different numbers of hourglass modules can be selected for training according to the task requirements. As the main objective of this paper is to design a network model for lane line detection, it is necessary to take into account both the accuracy of detection and the real-time performance of detection, so two hourglass modules are selected to be stacked as the backbone network for training.

(1) Hourglass module
The feature extraction layer was selected as a stacked hourglass network, which achieved excellent performance in key point detection. The overall network structure contains two identical hourglass blocks for feature extraction. The overall network structure of the hourglass module is shown in Figure 4.13.

[image: ]
Figure 4.13 Hourglass module structure

The Hourglass module is the core component of the Stacked Hourglass network. It is shown in Figure 4.13. In the figure, the orange and blue parts are the basic residual module of the Hourglass module; the orange part/2 indicates the down-sampling operation of the input image by means of maximum pooling to extract deeper feature information; the blue part*2 indicates the reconstruction of the feature map by means of up-sampling operation. The red dashed box marked section is the structure of the improved residual module. Depending on the complexity of the problem to be solved, different numbers of hourglass modules can be selected for stacking, the more the number of hourglass modules, the more accurate the results. However, too many hourglass modules will also increase the computation of the network and affect the detection speed of the model.

To extract lane line feature information using the Hourglass module, an image is an input and after pre-processing operations on the image it is passed to the Stacked Hourglass module. The features obtained from C4 through the bottleneck module are defined as C4a and the result of upsampling C7 is defined as C7_up. The extracted features are then fused.

	C4b=C(C7_up,C4a)
	Formula (4.3)



Formula (4.3) is the fusion operation for the C7_up, C4a feature layer, i.e. the two feature maps are added in the same dimension to obtain the new feature map C4b. Then, we will fuse the different depth features in turn to obtain the shallow, medium and deep layers, as shown in Formula (4.4), (4.5) and (4.6), to enrich the final detection feature layer. Table 4.1 shows the details of each layer in the hourglass module.
	C3b=C(C4b_up, C3a)
	Formula (4.4)

	C2b=C(C3b_up, C2a)
	Formula (4.5)

	C1b=C(C2b_up, C1a)
	Formula (4.6)




	
	Layer
	Type
	Filter
	Size/Stride

	Encoder
	Down-bottleneck
	Conv
	32
	1/1

	
	
	Conv
	32
	3/2

	
	
	Conv
	128
	1/1

	
	
	Conv
	128
	3/2

	
	bottleneck
	Conv
	32
	1/1

	
	
	Conv
	32
	3/1

	
	
	Conv
	128
	1/1

	
	
	Conv
	128
	1/1

	Decoder
	Up-bottleneck
	Conv
	32
	1/1

	
	
	ConvTranspose
	32
	3/2

	
	
	Conv
	128
	1/1

	
	
	ConvTranspose
	128
	3/2

	Output branch
	Conv+relu+bn
	64
	3/1

	
	Conv+relu+bn
	32
	3/1

	
	Conv
	C
	1/1


Table 4.1 Hourglass module structure
(2) Encoding-decoding structure
The overall structure of the Hourglass module is symmetrical in form and is divided into two parts: the encoder and the decoder. The encoder part extracts the image features by convolution and pooling of the input image data, while the decoder part restores the precise details of the image lost during the encoding process due to downsampling operations. As shown in Figure 4.13, in the middle of the hourglass module, the first half of it is downsampled by 4 times maximum pooling to extract deeper feature information in the image. However, when detecting the lane lines, it is very easy to lose the boundary information of the lane lines through multiple downsampling operations, which affects the accuracy of the final localization and detection of the lane lines. Therefore, the feature map is reconstructed in the second half of the hourglass module by up-sampling the same number of times as down-sampling to bring it back to the size of the original input image.

[bookmark: _Toc113403674]4.3.3 Data pre-processing
The quality of the input data directly determines how well the model is able to predict and generalize. Therefore, pre-processing of the input images pre-processing is necessary. The image pre-processing methods selected in this paper specifically include：

(1) Image scaling
As the images in the Tusimple dataset chosen for this project have a high resolution, they cannot be trained directly. Because the higher the resolution of the images, the more memory resources are required for training. Setting the batch size too large will easily exceed the memory and lead to the model not being trained; while setting the batch size too small will lead to the slow convergence of the model. Secondly, the higher the resolution of the input image, the larger the perceptual field is required to extract information, and the usual use of downsampling to increase the perceptual field will lead to an increase in model complexity. Therefore, all the images contained in the Tusimple dataset are resized images, i.e. the original input image is resized to 512*256 and the corresponding points are matched. By compressing the image size to save as much memory space as possible, the detection speed is accelerated.
(2) Data normalization
Normalization of data is the process of processing the incoming data so that it is distributed in a certain interval, which makes it easier to train the data and helps to speed up the convergence of the model during training. In this paper, we use a simple scaling method to normalize the input images. The images in the Tusimple dataset are in RGB format, and the pixel values are all distributed in the interval [0,255].
(3) Data Augmentation
Data Augmentation is the process of using existing data to generate more equivalent (and equally valid) data to enrich the distribution of training data. Through data augmentation, a large amount of training data can be provided for the model to be trained, which not only makes the model learning parameters more accurate but also improves the robustness of the model. In addition, data augmentation can also be used to improve the generalization of the model and avoid overfitting problems. In this paper, several common data augmentation methods have been selected to enhance the training set data. The results are shown in Figure 4.3. The first row shows the original image of the training set, the second row from left to right shows the shading, Gaussian noise and flipping of the training image, and the third row from left to right shows the panning, rotation and intensity adjustment of the training image.
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Figure 4.14 Examples of data enhancement


[bookmark: _Toc113403675]4.3.4 Loss function selection
In the lane line semantic segmentation problem studied in this paper, the number of positive sample pixels is much smaller than the number of negative sample pixels, and the category distribution is extremely unbalanced. In this case, the ability to select a suitable loss function is crucial to the network prediction accuracy. At present, the more commonly used loss functions are as follows. 
(1) Cross-entropy loss function 
The semantic segmentation problem is to achieve a pixel-by-pixel classification of the image, so when calculating the cross-entropy loss function, the cross-entropy loss is first calculated for each pixel point in the image, and then the average of the losses of all pixel points is calculated. The cross-entropy loss is calculated as shown in Formula 4.7.
 
	
	Formula (4.7)


For the binary classification problem, this is calculated as shown in Formula 4.8.
	
	Formula (4.8)



where  denotes the label value of sample point i, with positive samples being 1 and negative samples being 0;  denotes the probability of predicting that sample i belongs to category c, and N represents the total number of sample points.

(2) Weighted cross-entropy loss function
The cross-entropy loss function is relatively simple and can be applied to most semantic segmentation problems, but there is an obvious drawback in the segmentation of the lane line versus background problem in this chapter, where negative sample loss can dominate the total loss, resulting in poor network performance. The weighted cross-entropy loss function therefore counteracts the problem of imbalance in the number of lane line pixels versus background pixels by setting the weights. Its formula is.
	
	Formula (4.9)



Where  represents the category weight and is calculated as
	
	Formula (4.10)



The weighted cross-entropy loss function is chosen for the model in this paper and the hyperparameter q is set to 1.02.
[bookmark: _Toc113403676]4.3.5 Training details
To improve training efficiency, all images were first normalized using the mean (0.485,0.456,0.406) and standard deviation (0.229,0.224,0.225) of the three channels of the images before they were fed into the network. A momentum batch gradient descent (MBGD) optimization solver was used to train the network. The parameter update formula for the small batch gradient descent method is:
	
	Formula (4.11)



where W is the model parameter,  is the learning rate and represents the gradient at the current moment.

The optimization method is fast, updating the parameters based on the gradients of a small portion of the data each time, which is much faster than the standard gradient descent method that uses the gradients of all the samples to update the parameters. It is also more stable than stochastic gradient descent (SGD), which randomly selects one of the training samples to calculate the gradient at each update round. However, MBGD still suffers from a certain degree of oscillation, and the choice of batch_size also affects the training effect of the network, with too small a batch size causing severe oscillation and too large a batch size making the training time too long. Therefore, considering both requirements, a batch size of 20 is chosen for the training of the network.
[bookmark: _Toc113403677]4.3.6 Evaluation indicators
The evaluation metrics in this paper follow the original evaluation scheme of the Tusimple dataset, giving the final detection accuracy and comparing it with the accuracy of the Tusimple dataset, defined as a detected lane line and its corresponding labelled true value. Points where the distance from the detected lane line to the corresponding lane labeled true value is less than the threshold specified in the dataset are considered to be correctly detected points. The accuracy is the ratio of the number of correctly detected points to the number of points with lane lines labelled with the true value. Thus, the final expression obtained is shown in Formula 4.12.

	
	Formula (4.12)



where  indicates the number of points correctly predicted by the network model for a given image, and indicates the number of true value points corresponding to it. False negatives and false positives are also given by the following equations.
	
	Formula (4.13)



	
	Formula (4.14)


Where  is the number of predicted wrong lanes,  indicates the number of predicted lanes,  indicates the number of missing lanes and  indicates the real lanes.
[bookmark: _Toc113403678]4.3.7 The result

Figure 4.15 and Figure 4.16 show the changes in accuracy and loss function of the network model during the training process, respectively.

[image: ]
Figure 4.15 Detection accuracy during network model training
[image: ]
Figure 4.16 Total loss function during network model training

The detection results of our model on the TuSimple dataset are shown in Table 4.2.
	Accuracy
	FP
	FN

	90.32%
	0.0935
	0.0473


Table 4.2 Results

Figure 4.17 shows the detection results of the proposed model in this paper for different scenarios in the Tusimple dataset. The figure shows that the network model is able to accurately detect the lane lines at the far end of the image when the curvature of the lane lines is large. The network model is also able to detect lane lines accurately despite the presence of a large number of vehicles on the road and the presence of obscured lane lines.
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Figure 4.17 Results of lane line detection for different scenarios


[bookmark: _Toc113403679]Chapter 5: Conclusion
As a key technology in the vision system of smart driving cars, the thesis starts from two directions for lane line recognition. The first direction is based on traditional image processing methods to classify lane lines into two categories: straight lane line recognition in normal road conditions and curved lane line recognition in complex road conditions. For normal road conditions where the lane type is straight, the thesis uses a fit based on the Hough transform; the curved case in complex road conditions is fitted with a sliding window polynomial based on multiple thresholds. For scenarios with multiple lane lines and road scenarios where the lane lines are obscured by other obstacles, the thesis proposes a deep learning based approach to convert the lane line recognition problem into a semantic segmentation problem, with the main work accomplished as follows. 

(1) The development status of lane line detection technology at home and abroad is studied, which is roughly divided into two directions, traditional methods and deep learning methods, for choosing the optimal solution to the problem of lane line recognition in different scenarios.
(2) After the lane line picture is obtained by the camera, the image is edge-enhanced by pre-processing to highlight the lane line edges; then threshold segmentation is performed, and the thesis performs edge extraction by combining a variety of threshold segmentation methods with two channel information in Sobel and HSL, and the curve is fitted with a sliding window polynomial method.
(3) To address the current problem that lane line detection is susceptible to complex environmental factors, the paper proposes the use of an improved hourglass module to extract lane line feature information. The Hourglass model is an encoder-decoder plus stub layer structure system, in which the deep-level information of the image is extracted by multiple downsampling in the encoder part, and the shallow-level information of the image is fused with the deep-level information by using the stub layer. At the same time, two identical hourglass modules are stacked to extract features from the input image, thus providing good control of both global and local information, and helping to improve lane detection accuracy.



[bookmark: _Toc113403680]Chapter 6 Reflection
The lane line detection algorithm proposed in the current thesis still has some shortcomings. Reviewing the whole lane line algorithm process, the following shortcomings were found: (1) In the traditional lane line recognition part: although the lane lines are divided into two modules: straight lines and curves, the two types of lane line recognition are separated for pre-processing and threshold segmentation, without designing a pre-processing and threshold segmentation module that can be integrated together. (2) In the deep learning recognition part: the dataset used in the thesis is a small sample, which is difficult to cover comprehensively, so it cannot cope with all lane line scenarios and needs to be extended and enhanced to increase comprehensiveness and diversity. At the same time, the lane line images with severe lane wear, missing lanes and difficult lane line images under bad weather conditions need to be further enhanced and improved.

Finally, I would like to say a few words about my year at University of Wales Trinity Saint David: When I first arrived in the UK, it took me a long time to get used to the differences between the UK and China in terms of learning styles and the English-only communication environment. Fortunately, I met enthusiastic students and patient teachers who helped me through the difficult period of adjustment to a foreign country for the first time. This year has been very rewarding, not only in terms of acquiring new knowledge, but also in terms of gaining a deeper understanding of a new culture, which is a completely different experience from travelling to the UK. If I had the chance in the future, I would love to come back to the UK, to Swansea and to University of Wales Trinity Saint David.
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