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[bookmark: _Toc16544419]Abstract
Unmanned vehicles are safe, reliable and convenient, and are the development direction of future automotive technology. Therefore, this paper will study the path planning and path following technology of driverless vehicle. The research contents include the following aspects:

Firstly, in view of the problem that the traditional A* algorithm cannot avoid obstacles in the dynamic obstacle environment, poor real-time performance as the number of grids increases and the planned path is not smooth, this paper proposes an optimized A*algorithm. The traditional A* algorithm is optimized by recording the historical trajectory of the obstacle to predict the next possible motion point of the obstacle, adding the search direction restriction and expanding the search neighborhood. The simulation experiment result shows that the real-time performance and reliability of optimized A* algorithm are improved.

Then, in order to guarantee the vehicle can track the path accurately and stably, this paper proposes a compensation type following algorithm. A vehicle kinematics model is established, and the pure pursuit algorithm is compensated by distance deviation and heading angle deviation. Then the effectiveness of the optimized pure pursuit algorithm under different vehicle speeds is verified in Matlab, and the result shows that the optimized pure pursuit algorithm has better robustness, better path following control effect, smaller vehicle slip and stable driving. 
Finally, a joint simulation experiment is performed on the above two algorithms. The experiment result shows that the optimized A* algorithm and the optimized pure pursuit algorithm can be used for path planning correctly and can follow the planned path accurately and stably.
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1. [bookmark: _Toc16544420][bookmark: _Toc17236774]Introduction
Intelligent vehicle is a new type vehicle with both environmental awareness and behavioral decision-making consciousness. It can sense the vehicle's own state, surroundings and manipulate its own actuator through computer compilation program, so that to realize the purpose of forward, backward and steering of the vehicle. 
1.1. [bookmark: _Toc16544421][bookmark: _Toc17236775]Contribution to knowledge
As the future research direction of the vehicle, autonomous vehicles are considered to significantly improve traffic safety, improve transportation efficiency, and reduce environmental pollution [1]. In terms of driverless technology, it is a large-scale integrated system integrating environment sensing, vehicle state measurement, planning decision and chassis control. The subsystems complement each other to achieve efficient, stable and safe automatic driving of the intelligent vehicle. 

Intelligent vehicle path planning refers to finding an executable safe path from the current point to the target point according to the surrounding environment information [2]. In a complex environment, moving or stationary obstacles are randomly distributed. In order to guarantee vehicles can travel safely, vehicles need to communicate with the external environment and react to threats in real-time. Therefore, higher requirements are placed on the reliability and real-time performance of path planning algorithm.


Intelligent vehicle path following refers to calculating the control quantity according to the vehicle’s real-time status and the reference path to make the vehicle travel along the reference path [3]. In complex environments, path following errors and obstacles often cause path following failure and the planned path cannot be continued. At the same time, as two core modules closely connected in the planning decision-making subsystem, path planning and path following need to be able to coordinate and cooperate to build a reliable unmanned driving system and realize unmanned driving.

Based on this background, the topic studied in this paper has great theoretical significance and practical value. First of all, it is one of the key technologies to solve traffic jam problems, reduce traffic accidents and improve driving safety. Secondly, it can promote the development of the driverless car.
1.2. [bookmark: _Toc15579283][bookmark: _Toc16544422][bookmark: _Toc17236776]Problem statement
In the field of path planning, traditional A* path planning algorithm can better plan the driving path in static obstacle environment. However, the path is difficult to be planned in dynamic obstacle environment. Besides, the planned path planned is often not smooth enough, which will affect the riding comfort of passengers.

In the field of path following, the path following algorithm based on preview control theory has been widely used in robots. However, automobiles are time-varying and non-linear complex systems. Therefore, autonomous vehicles have higher requirements for the selection of preview points and the accuracy of path following.
Based on the above problems, this paper will optimize tradition A* algorithm and pure pursuit algorithm. The specific details will be introduced in chapter 4 and chapter 5.
1.3. [bookmark: _Toc15579284][bookmark: _Toc16544423][bookmark: _Toc17236777]Aim and objectives
The aim of this paper is to improve the real-time performance and reliability of path planning algorithm and path following algorithm. There are some detailed objectives:
(1) Read and collect some literature about path planning algorithm and path following algorithm.
(2) Compare different algorithms, then choose the suitable path planning algorithm.
(3) Establish vehicle models for path following algorithm.
(4) Design a more accurate and reliable path following controller.
(5) Design experiment to test the effectiveness of the optimized algorithm.
1.4. [bookmark: _Toc15579285][bookmark: _Toc16544424][bookmark: _Toc17236778]Theoretical framework 
This paper will study path planning and following technology of autonomous vehicle, including research on A* algorithm and pure pursuit algorithm strategy, and joint simulation experiment of these two optimized algorithms. The technical route adopted in this paper is shown in figure 1-1.

Figure 1-1 Technical rout[image: ]e
The main content includes:
(1) The common path planning algorithms are analyzed and compared in the same obstacle environment, and A* algorithm is selected as the path planning method. Then, optimize the traditional A* algorithm to solve the problems such as cannot avoid obstacles in the dynamic obstacle environment, poor real-time performance as the numbers of the grid increases, many inflection points in the path. 

(2) [bookmark: _Hlk16500075]In view of the problem that the pure pursuit algorithm has a large path following error and cannot correct the vehicle heading angle, the vehicle kinematics model is established, and the distance and heading angle deviation is used to compensate the improved path following algorithm. Then, simulation software is used to verify the accuracy of path following control algorithm under different vehicle speeds.

(3) Finally, combine with the above two optimized algorithms to verify their effectiveness in Matlab [4].
1.5. [bookmark: _Toc15579286][bookmark: _Toc16544425][bookmark: _Toc17236779]Assumptions, limitations, and delimitation
The research conclusions of this paper mainly rely on experimental data, so we can assume that the experimental data are representative and authentic. In order to make the hypothesis come true, multiple experiments will be conducted to take the mean value, and conclusions will be analyzed strictly according to the experimental data, so as to ensure the representativeness and authenticity of the experimental data and make the final conclusion more convincing.

However, risks are inevitable in the research process of this paper:
· Unable to complete the code
· Incomplete literature reading
· Poor time management results in research not being completed on time
· Computer failure

In order to solve the above problems, first make arrangements in advance, such as use Gantt charts to develop a research plan and strictly abide by it. In addition, read more literature to understand the relevant knowledge about driverless car and expand the scope of knowledge. The biggest risk of this paper is that the code writing cannot be completed, because if this part cannot be completed, the following research will not be able to be carried out. If this problem happens, it is possible to ask the teacher for help, and this can greatly reduce the risk that research cannot be performed because the code cannot be completed.

The research results of this paper will not affect other interests, and the research results can be freely used by researchers, teachers and students in the field of autonomous vehicle or artificial intelligence.













2. [bookmark: _Toc15579288][bookmark: _Toc16544426][bookmark: _Toc17236780]Literature review
This chapter will introduce the development status and related literature work in the field of autonomous vehicles.
2.1. [bookmark: _Toc15579289][bookmark: _Toc16544427][bookmark: _Toc17236781]Development status
Barrett Electronics [5] Company developed the world's first automated guided vehicle system, which marked the birth of autonomous vehicles. However, the rise of autonomous vehicles in the real sense is due to the emergence of intelligent transportation system. The intelligent transportation system was proposed by Western developed countries to solve the deteriorating road traffic capacity and reduce the number of road traffic accidents [6]. The intelligent transportation systems currently being implemented include the smart road system plan in the United States and the efficient and safe road transportation system in Europe [7].

In the 1980s, Carnegie Mellon University began to develop NavLab series of intelligent vehicles [8]. After years of development, many autonomous vehicles based on different platforms such as minivans, large trucks, off-road vehicles and trains have been launched. The latest model is Navlab-11 (as shown in figure 2-1), and it includes laser radar, GPS system, CCD camera and other sensors [9].
[image: ]Figure 2-1 NavLab 11 Intelligent Vehicle [10] 
[image: ]Stanford University and the Volkswagen Electronics Research Laboratory and Oracle jointly developed the intelligent vehicle Shelley (as shown in figure 2-2). On the basis of Stanley and Junior, Shelley no longer relies on lidar and cameras to perceive the surrounding environment, but relies on high-precision GPS to complete vehicle positioning and path planning, and relies on wheel speed sensors, gyroscopes and accelerometers to monitor the vehicle state [11].
Figure 2-2 Shelley Intelligent Vehicle [12]

[image: ]Google Waymo's intelligent vehicle system is based on Fiat-Chrysler Pacifica (as is shown in figure 2-3). This smart car is equipped with the latest developed long-range lidar and visual sensors [13]. Waymo smart cars have completed more than 4 million miles of driverless testing in 25 cities across the United States, with an average of 1,000 miles traveling only 0.18 times with manual intervention [14].
Figure 2-3 Waymo Intelligent Vehicle [15]
Toyota unveiled the e-palette concept vehicle in 2018 (as shown in figure 2-4). This car embodies Toyota's vision of combining transportation and life in the future. The types of cars include mobile wardrobes, mobile shoe stores, dining cars, express cars and mobile hotels to meet people's needs for life [16]. Besides, Toyota will cooperate with Amazon, Uber, Mazda and Pizza Hut to build a perfect "mobile ecosystem" by relying on the mobile service platform developed by Toyota [17].
[image: ]Figure 2-4 The Toyota e-palette concept car [18] 
2.2. [bookmark: _Toc15579290][bookmark: _Toc16544428][bookmark: _Toc17236782]Related literature work
There are many critical technologies for driverless vehicles. Among these critical technologies, path planning and path following technology have always been the key points in the field of autonomous vehicles. In this chapter, we are going to discuss the more related work to our study.
2.2.1. [bookmark: _Toc15579291][bookmark: _Toc16544429][bookmark: _Toc17236783]Path planning
Path planning plays a connecting role in driverless vehicles. Firstly, the road condition information and vehicle status information are obtained through environmental awareness technology and positioning and navigation technology [19]. Secondly, a safe path is planned according to above information. Finally, the motion control technology can realize the safe and accurate path following of the driverless vehicle. 

The common algorithms in the research of path planning mainly include rapidly-exploring random tree, ant colony optimization algorithm, artificial potential field algorithm, Dijkstra, A*, bionic intelligent algorithm [20].
(1) Rapid-exploration Random Tree Algorithm
Lavalle [21] proposed the RRT algorithm, and it is a typical representative of the sampling-based incremental search algorithm. As is shown in figure 2-5, the blue point represents the starting point and the red represents the obstacle [22]. The RRT algorithm in the figure does not directly divide the minimum raster resolution on the grid map. On the contrary, the starting point represents the root node of the random tree. By randomly determining the sampling points on the map, it is possible to quickly search for the current environment and generate path [23]. 
[image: ]Figure 2-5 RRT path planning algorithm [22]
Although this random sampling-based planning algorithm has higher real-time performance, the randomness introduced by random sampling is a major fatal flaw [24]. Therefore, when using it for path planning, the result of each planning cannot be predicted, which makes it impossible to be widely used in the automotive field where extreme reliability is pursued. 

(2) [bookmark: _Hlk14537788]Ant Colony Optimization Algorithm
[bookmark: _Hlk16356897][image: ]Ant Colony Optimization simulates the process of ant colony searching for food [25]. As is shown in figure 2-6, it simply improved the ant colony algorithm pheromone allocation mechanism, path selection strategy, heuristic function, and simulated in 20x20 and 30x30 raster map environments [26]. 
Figure 2-6 Ant colony 0ptimization path planning algorithm [26]
Although the planned shortest path can avoid falling into local optimum and can reduce the number of iterations during convergence, it is difficult to address the motion constraint problem of driverless cars in a grid environment, and computing time of the algorithm complexity will increase sharply as the number of grids increases [27].
(3) Artificial Potential Field Algorithm
[bookmark: _Hlk14538293]Khatib [28] proposed artificial potential field method, and the principle of this method is: assuming that there is a force field at the obstacle and the target point, the robot is regarded as a mass point, as shown in figure 2-7. The obstacle acts on the virtual force field as a repulsive field, and the repulsion value decreases as the increase of the distance between the vehicle and the obstacle [29]. The gravitational field is around the target [image: ]point, and the gravitational value increases with the decrease of the distance between the vehicle and the target point [30]. 
Figure 2-7 Artificial potential field algorithm [31]
The final motion direction of the robot depends on the combined forces of gravity and repulsion, as shown in the following formula:
                           (1-1)
The artificial potential field algorithm has fast convergence speed, less computation and less computing time [32]. However, in the complex dynamic environment, the net force may be zero and the vehicle may stop moving [33].
(4) Dijkstra Algorithm
Dutch computing scientist Dijkstra [34] proposed Dijkstra algorithm to find a shortest path between two points with obstacles. Its core idea is realized by setting the node set  which has searched the shortest path and the node set  which has not yet searched the shortest path. At the beginning of the planning algorithm,  only contains the starting point, then the point in  that selects the shortest path to the starting point is continuously placed in . Each time a new node is placed in , the current shortest path value of the remaining nodes from the starting point to  should be modified in the same way. This process is repeated until all the nodes in  are placed in . As is shown in figure 2-8, the green point represents the starting point, the black part represents the obstacle, the yellow point represents the target point, and the red part is the feasible field formed after extending to the target point [35]. The [image: ]yellow line represents the shortest path.
Figure 2-8 Dijkstra path planning algorithm [35]
However, the computing time increases sharply with the number of grids increases and the planned path is not smooth enough [36].
(5) A* Algorithm
The heuristic search algorithm is improved by the Dijkstra algorithm, and the most notable feature is the inclusion of heuristic functions in the search process [37]. The heuristic function is set to comprehensively evaluation algorithm in the extended search process. By comparing the magnitude of these generation values, the most suitable points are expanded. Therefore, it is no need to expand all directions, which reduces the search time (as is shown in figure 2-9). Compared with figure 2-8, the search efficiency [image: ]is improved [35]. 
Figure 2-9 A* path planning algorithm [35]
However, the planned path is still not smooth enough, and the computational time increases sharply with the number of nodes n increases [38].
(6) Bionic Intelligent Algorithm
Genetic algorithm simulates the evolution of natural biology [39]. It solves the path plan by describing the road segment as a series of halfway points and converting it into a binary string. First, the path group is initialized, followed by genetic operations (such as selection, crossover, replication, and mutation) [40]. Then, after several generations of evolution, evolution is stopped, and the solution space search is completed according to the planning requirements, and the current optimal individual is output. However, when the planning path is long, the convergence speed is slow and the calculation amount is large, so it is not suitable for solving complex path planning problems.

The fuzzy logic method uses the reflection mechanism to simulate the driver's driving experience to achieve local path planning. Chang H [41] established a fuzzy inference model to address the robot path planning problem. Through using fuzzy logic to plan the path, the effective path can be quickly planned in the dynamic environment. However, the calculation time will increase as the number of obstacles increases.

[image: ]Artificial neural network simulates the interconnected neural networks in the brain, with parallelism and distributed features (as shown in figure 2-10) [42]. The most mature and widely used are the three-layer perceptron model and the god based on back-propagation algorithm through the network [43]. At present, it has been applied in the field of path planning, but it has some problems, such as slow convergence speed and difficulty to solve a specific defect in the network [44]. 
Figure 2-10 Artificial neural network [45]


(7) Curve interpolation algorithm
The application of the curve interpolation algorithm in path planning is mainly to interpolate the known path points to obtain a continuous smooth path that can be executed by the car [46]. Commonly used smooth path curves in path planning include Bezier curve and B-spline curve.

The Bezier curve is controlled by a control point, which is based on a Bernstein polynomial. Han [47] and Gonzalez [48] mentioned the application of three or four Bezier curves to intelligent vehicle trajectory planning according to different situations. In the 2005 DARPA Smart Car Competition, Cornell University's smart car used a third-order Bezier curve to generate a smooth path that satisfies the kinematics and dynamics of the vehicle [49]. Skrjanc I and Klancar G [50] proposed a cooperative obstacle avoidance method for multi-robot based on the fourth-order Bezier curve. However, in practical applications, it is also found that the increase in the number of Bezier curves will lead to the curve deviate significantly, which requires re-collision detection of the curve. 

The B-spline curve is derived from the Bezier curve. It has local support and the curvature at the joint between adjacent curved segments is continuous [51]. For example, Koyuncu E and Inalhan G [52] proposed to use the RRT algorithm to quickly search for a line path that can reach the target in the free space, and then fit the line path through the B-spline curve. Finally, make a small adjustment to the fit curve in a small range to get the path that can be executed.
2.2.2. [bookmark: _Toc15579292][bookmark: _Toc16544430][bookmark: _Toc17236784][bookmark: _Hlk15398448]Path following
In order to guarantee that the intelligent vehicle can travel according to the planned path, motion control technology is required [53]. There are mainly two control types: The longitudinal control mainly realizes the control of the vehicle speed through the accelerator pedal and the brake pedal, and can realize acceleration and braking to guarantee that the vehicle is in a safe position in the longitudinal direction [54]. The lateral control is to control the steering wheel to ensure that the vehicle is in a safe lane during driving and to accurately follow the path. 

At present, research on path following control can be roughly divided into two types: path following control based on preview theory and path following control based on model prediction theory [55].
(1) Path following control based on preview theory
This kind of control algorithm is mainly designed based on the optimal preview control theory proposed by MacAdam [56]and Guo Konghui [57]. The basic principle is to set one or more preview points at a certain distance in front of the vehicle, and obtain the position and attitude deviation at the preview point, the desired path curvature and other information. Then the intelligent vehicle is controlled according to above information and the current motion state of the vehicle to achieve effective following of the expected path. The theory has been widely used because it accurately reflects the driver's control process on the vehicle and has a good practical verification effect. However, it is an unconstrained optimization control method, which rarely takes account into the constraints of the vehicle itself and the environment, so it cannot guarantee that the intelligent vehicle can have good adaptability under any working conditions. 

Path following control based on preview theory can be roughly divided into preview following control based on vehicle kinematics model or dynamic model and preview following control based on fuzzy control theory [58].

Based on vehicle kinematics model or dynamics model, preview and following control mainly adopts the following two implementation schemes [59]. The first one is to directly take preview deviation as the control variable to follow the intelligent vehicle. The second one is to solve the corresponding expected kinematics or dynamics parameters according to the expected driving path between the current position of the vehicle and the preview point, thereby transforming the following control problem of the path into the following control problem of kinematics or dynamics parameters. At present, the commonly used algorithms are optimal control, adaptive control and PID control [60]. The preview following controller based on kinematics model or dynamic model relies heavily on vehicle model. When the model is different from the actual driving characteristics of the vehicle, it may be difficult to achieve satisfactory tracking control results [61]. 

Fuzzy control is based on fuzzy sets, and its core idea is to express the control experience and knowledge of experts or skilled workers as language rules to achieve effective control of controlled objects (as is shown in figure 2-11) [62]. Because it does not depend on the mathematical model, therefore, this theory can effectively compensate for the problem that the path following effect becomes worse due to the inaccurate mathematical model of the vehicle. The fuzzy control theory also has two implementation schemes: following the desired path itself and following kinematics or dynamics parameters [63]. The most commonly used scheme is the first one. However, because the rules of fuzzy control are difficult to establish, therefore, the control process is more complex and difficult to achieve [64].
Figure 2-11 Structure of fuzzy control [64] [image: ]
(2) Path following control based on model prediction theory
Model predictive control (MPC) [65] was initially applied to industrial process control and is essentially an optimization method based on objective function (as is shown in figure 2-12) [66]. The concrete implementation steps can be divided into three parts [67]. The first part is model state prediction, which is based on the built system model and predicts the future time according to the current state information of the controlled object. The second part is the optimization with constraints, that is, according to the prediction information obtained in the previous step, the control sequence in the future finite time domain is optimized according to the set objective function and constraints, and the first control variable in the optimal control sequence is obtained after optimization. The third part is feedback correction, which regards the actual control effect of the first control variable in the optimal control sequence as feedback information, carries out state prediction operation again to revise the predicted value, [image: ]and then carries out a new round of optimization, so as to reciprocate.
Figure 2-12 Structure of model predictive control [64]
Because path following control algorithm based on model predictive theory can deal with vehicle kinematics and dynamics constraints online, effectively reduce the impact of time-varying, uncertainties and external environmental disturbances on the control effect of autonomous vehicles. Therefore, it has gradually become a research hotspot in the field of path following control. However, it also has shortcomings such as slow solution speed and high accuracy requirements [67].


(3) Vehicle model
The vehicle model of intelligent vehicle path following includes three types: steering geometry model, vehicle kinematics model and vehicle dynamics model [68] [69]. The geometric model of automobile steering is Ackerman steering model. The model neglects the roll and pitch motion, assumes that the longitudinal speed is constant, and the tire works in the linear region during the vehicle movement without side slip. At this point, the angle of the front wheel and the trajectory of the rear wheel has a simple geometric relationship, and a set of differential equations is used to describe the relationship among vehicle position, heading angle and speed in general [70]. The dynamic model of a vehicle describes the relationship between the external forces acting on the vehicle and its kinematic parameters, and the basis theoretical is Newtonian mechanics and analytical mechanics [71]. Because of the different degree of simplification, the dynamic model has at least 2-degrees-of-freedom and at the highest 18-degrees-of-freedom.
2.3. [bookmark: _Toc15579293][bookmark: _Toc16544431][bookmark: _Toc17236785][bookmark: _Hlk15398205]Summary
This chapter introduced the development status of autonomous vehicles, reviewed related literatures, pointed out the advantages and disadvantages of these algorithms, which lays a theoretical foundation for subsequent research.



3. [bookmark: _Toc15579294][bookmark: _Toc16544432][bookmark: _Toc17236786]Methodology
This chapter will study the research method and development method adopted in this project. First of all, this chapter introduces the selection of research methods and the reasons for selection. Then the methods of data analysis are discussed. Next, the selection of development methods was introduced. Finally, the ethical position of the project and the problems encountered in the research process are indicated.
3.1. [bookmark: _Toc15579295][bookmark: _Toc16544433][bookmark: _Toc17236787]Research method
3.1.1. [bookmark: _Toc15579296][bookmark: _Toc16544434][bookmark: _Toc17236788]Philosophy
Research philosophy means that researchers use philosophical thinking to conduct research. At present, there three types of philosophical thinking include epistemology, ontology and value theory [72]. The conclusions of this paper come from experimental results, so the epistemology is adopted. Besides, the three research philosophy positions of epistemology include positivism, realism and interpretivism [73]. 

Positivism is a philosophical thought that emphasizes facts and quantitative data. It believes that all assumptions or theories must be tested by facts and that all knowledge comes from facts [74]. Realism relies on the independence of human thought. Unlike positivism, realism believes that human society has some deep structural factors that cannot be directly observed through observation. Interpretivism holds that the world is the result of man's subjective construction, and it emphasizes understanding the world through differences and integrating people's interests into research [75]. Because the project aims to analyze the results based on reliable experimental data (obtain conclusions through facts), so the positivism method will be adopted.
3.1.2. [bookmark: _Toc15579297][bookmark: _Toc16544435][bookmark: _Toc17236789][bookmark: _Hlk15411019]Research type and method
Research types mainly include two types: basic research and applied research [76]. Basic research is a kind of research aiming at exploring knowledge innovatively, which usually has no specific purpose and cannot solve specific problems [77]. Applied research is a kind of research that uses research conclusions to address specific problems [77]. Because this project has specific problems to be solved, so the research type of this project is applied research.

There are three research methods: induction research method, deduction research method and abductive research method [78]. Inductive research method is a general rule obtained from a special case, which reflects the commonality and fundamental law of things. The goal is to obtain results from the collected data sets to determine a relationship and establish a theory [79]. The deductive research method is to derive specific results from the general rules, which can reflect the characteristics of things [80]. Abductive method refers to finding the most likely explanation in some observations [81]. This project will use the deductive research method to realize the research aim.


3.1.3. [bookmark: _Toc15579298][bookmark: _Toc16544436][bookmark: _Toc17236790]Research design and strategy
There are two research design types: Exploratory research aims to explore the research question, but does not provide the final valid evidence for the research question [82]. Conclusive research usually adopts deductive method and achieves the research goal through hypothesis testing [83]. Because this project uses a deductive method to conduct research and expects to provide the final solution to the problem, so this project is a conclusive research. Besides, this paper will use both qualitative research method and quantitative research method, and will collect data through literature review and experiments.

The main research site of this project is University of Wales Trinity Saint David, where can provide the software resources needed for the development of the project and free document download rights. First of all, this topic will comprehensively understand the development status and future development trend of autonomous through literature review, analyze the problems by reading a large number of articles, and summarize the research methods and typical cases in the literature. Then, select the appropriate algorithm to optimize, and verify the optimization results through experimental data.

The physical and human resources required to complete the project include:
Physical resources:
• A laptop - for running programs and writing
• Matlab / Sumlink software - used to write project code (mainly programming using Matlab language and Sumlink moudle)
• Microsoft Word and Microsoft Project - for paper writing and scheduling
• Related books and literature - for reading and searching for documents

Human Resources:
A 20 – 30 minutes meeting will be held with the supervisor every week. The supervisor will check the completion of the weekly tasks and give suggestions based on the completion of the tasks to help the project leader to complete the project better.
3.2. [bookmark: _Toc15579299][bookmark: _Toc16544437][bookmark: _Toc17236791]Data analysis
Data collection will use literature review and experimental methods. The literature review is to collect the mainstream path planning algorithm and path following algorithm through literature. The experimental method is to simulate these algorithms and select the appropriate algorithm to optimize. Finally, the optimization effect of the algorithm will be verified in Matlab. 

The quality of data affects the final results of research [84], so the literature data must be from a regular book or website (such as Google Scholar). The data obtained from the experiment will be obtained by the mean method. The data will be obtained by running the program multiple times, and the average value of the data is calculated to obtain the experimental data, so as to avoid data errors caused by different operating environments of the program, thereby ensuring the reliability of the data. Besides, the validity of experimental data needs to be verified. For example, verify that the data obtained is logical, and whether the data type meets the requirements to ensure the validity of the data.

All the experimental data generation procedures of this project are run by Matlab, which is directly used for data analysis. Therefore, Spss and other analysis software will not be used in this project. The analysis results of the data will be displayed using tables and graphs. The graphs are mainly used to visualization the running effect of the procedures (the types include the running results of the optimized algorithm and the original algorithm), and the specific data will be displayed using a table.
3.3. [bookmark: _Toc15579300][bookmark: _Toc16544438][bookmark: _Toc17236792]Development method
[image: ]The development method adopted in this project is feature driven development method. This approach includes five processes (as is shown in figure 3-1), in which design and build by feature are iterative processes [85]: develop an overall model, build a features list, plan by feature, design by feature and build by feature.
Figure 3-1 FDD development method lifecycle [86]

The advantages of FDD include [87]:
· Can achieve rapid development of the project
· Having a clear goal to help the team move quickly
· Allow larger teams to continue to develop products and achieve continued success

3.4. [bookmark: _Toc15579301][bookmark: _Toc16544439][bookmark: _Toc17236793]Ethical issues 
Ethics is a common social phenomenon, and the project leader must pay attention to its impact (such as honest, objective, respect others, protect privacy and so on). Attention to ethical issues during project research can help researchers [88]:
· Expand knowledge.
· Embodies values
· Avoid unnecessary conflicts of interest
· Get popular support

The ethical issues that may be encountered during the research of this paper include [89]:
· The source of the data is illegal
· There is no guarantee of data privacy
· Possible conflict of interest
· Some misleading information


In order to avoid these ethical issues and successfully complete this research topic, I will conduct the research in an honest, objective, fair and impartial manner, and be practical and realistic in the research process of this paper. I will strictly abide by the ethical and moral standards, and will not produce ethical issues. Besides, the data used in this paper all come from the published literature and the data generated by the program written by myself, and it does not harm anyone's interests. Finally, it is worth emphasizing that all information collected in this paper is for research purposes only and will be kept confidential.
3.5. [bookmark: _Toc15579302][bookmark: _Toc16544440][bookmark: _Toc17236794][bookmark: _Hlk15486928]Gannt chart
[image: ]In order to reduce the risk of this research and ensure the smooth progress of the project, the Gannt chart is used in this paper (as is shown in figure 3-2). 
[image: ]
Figure 3-2 Gannt chart of the project
4. [bookmark: _Toc15821210][bookmark: _Toc16544441][bookmark: _Toc17236795]Path planning
In this chapter, common path planning algorithms are firstly compared, and A* algorithm is selected according to its real-time performance and reliability. Then this paper makes improvement on the problem that the traditional A* algorithm cannot avoid obstacles in the dynamic obstacle environment, poor real-time performance as the number of grids increases and the planned path is not smooth. Through simulation experiment analysis, it is proved that the optimized A* algorithm can plan a safe path in dynamic environment, and has better real-time performance and smoother path.
4.1. [bookmark: _Toc15821211][bookmark: _Toc16544442][bookmark: _Toc17236796]Algorithm selection
Path planning is the premise of studying intelligent vehicle path following, and its core lies in the design of algorithm. In the second chapter of this paper, it has been introduced that the commonly used path planning algorithms mainly include rapidly-exploring random tree (RRT), artificial potential field algorithm (APF), ant colony optimization algorithm (ACO), Dijkstra and A*. In this section, the path planning algorithm with good real-time performance and reliability will be selected through experiments (conducted in the same obstacle environment in Matlab software), and the following research will be focused on the selected algorithm.
[1] [image: ][image: ]RRT algorithm
[bookmark: _Hlk16547406]Figure 4-1 The result of the RRT algorithm
The running results show that the algorithm can successfully avoid obstacles, and the time used by the algorithm in the obstacle avoidance phase is 0.0241s. Another point worth noting is that because of the random nature of the algorithm itself, the path obtained by this algorithm is different every time.
[2] [image: ]ACO algorithm
[bookmark: _Hlk15663845][bookmark: _Hlk16547415]Figure 4-2 The result of the ACO algorithm
The running results show that the algorithm can successfully avoid obstacles. However, the time used by the algorithm in the obstacle avoidance phase is 10.9312s.
[3] [image: ]APF algorithm
[bookmark: _Hlk16547433]Figure 4-3 The result of the APF algorithm
The running results show that the algorithm cannot avoid obstacles successfully.
[4] [image: ]Dijkstra algorithm
Figure 4-4 The result of the Dijkstra algorithm
The running results show that the algorithm can successfully avoid obstacles. However, the time used by the algorithm in the obstacle avoidance phase is 5.1544s.
[5] [image: ]A* algorithm
[bookmark: _Hlk16547459]Figure 4-5 The result of the A* algorithm
The running results show that the algorithm can successfully avoid obstacles. Besides, the time used by the algorithm in the obstacle avoidance phase is 0.0011s.
[6] Summary
From the above operational results, the artificial potential field method cannot successfully avoid the obstacle because its algorithm has two shortcomings [24]: the local minimum and the target unreachable. Besides, because of the random nature of the algorithm itself [33], the path obtained by the RRT algorithm is different every time it is run. Therefore, the reliability of these two algorithms are not as good as the A* algorithm, so these two algorithms will not be used.

The other three algorithms have successfully avoided obstacles, indicating that all three algorithms have good reliability. However, the real-time performance of ACO algorithm and Dijkstra algorithm is worse than the A* algorithm. Therefore, the A* algorithm has good real-time and reliability compared with other algorithms, and the following research will focus on this algorithm.
4.2. [bookmark: _Toc15821212][bookmark: _Toc16544443][bookmark: _Toc17236797]Traditional A* algorithm
4.2.1. [bookmark: _Toc15821213][bookmark: _Toc16544444][bookmark: _Toc17236798]Basic rationale
The basic rationale of traditional A* algorithm is as follows [90].
(1) First create an openlist list, which is used to store the traversal node, but the list is empty when it is first created. After the initial node A is specified, the A node is placed in the openlist list.
(2) View the 8 nodes adjacent to node A. If they are reachable, put them in the openlist list.
(3) Create a list of closelists, put the node A into the list of closelists, choose the node B which has the smallest F value, and set node A as the parent node.
(4) Take node B out of the openlist list and put it into the closelist list. Traverse all nodes adjacent to it, if the node is not in the openlist list, put it in the openlist list.
(5) If an adjacent node is in the openlist, check the path again, that is, wether the node reached by the current node has a smaller G value. If not, do not do anything. Conversely. If the G value is smaller, the parent node of that node will be set as the current node, and then the F value and G value of that node are recalculated.
(6) Repeat the steps from 1 to 5 until the target node is put in the openlist list, indicating that the traversal is completed under the condition of the heuristic function, and all the parent nodes are connected as the optimal path under the current condition, and the path is saved.
4.2.2. [bookmark: _Toc15821214][bookmark: _Toc16544445][bookmark: _Toc17236799]Evaluation function
The cost function of A* algorithm is calculated using formula 4-1:
                            (4-1)
[bookmark: _GoBack] represents the cost of moving from the starting point to the specified point,  represents the estimated cost of moving from the specified point to the target point, and  represents the final cost from the starting point to the target point after passing through the specified point.

The key to the value of  is the selection of the valuation function H(n). The main valuation functions currently used include [91]: Euclidean distance, diagonal distance, Manhattan city distance, Chebyshev distance. This paper will use the traditional diagonal distance formula to calculate H(n).
4.3. [bookmark: _Toc15821215][bookmark: _Toc16544446][bookmark: _Toc17236800]Dynamic obstacle avoidance of A* algorithm
4.3.1. [bookmark: _Toc15821216][bookmark: _Toc16544447][bookmark: _Toc17236801]Problem statement
According to whether the path planning environment changes with time, the path planning of autonomous vehicles can be divided into dynamic path planning and static path planning [92]. Static path planning is to find feasible path from starting point to target point according to existing environmental models. Dynamic path planning is to obtaining the environment information through sensors in a partially unknown or completely unknown environment, avoiding obstacles encountered during the movement process intelligently and reaching the target point.
Thi Thoa Mac [93] pointed out in his article that the static path planning algorithm usually generates the driving path based on the known environment map. However, the response to unknown or dynamic obstacles is inadequate. It may cause the planned path to be unable to avoid moving obstacles, resulting in collision.

[image: ]As shown in figure 4-6, there is a static obstacle at (9, 8). By using the original A* algorithm, a reasonable path can be planned to avoid obstacles.
[bookmark: _Hlk16547479]Figure 4-6 Path in a static environment
[image: ]However, if the obstacle is not stationary but constantly moving, the planned path may have a crash with the obstacle. It can be seen from figure 4-7, if the obstacle at (9,8) (black point) continues to move to (8,8) (red point), then the planned path will collide with the obstacle.
Figure 4-7 Path in a dynamic environment
4.3.2. [bookmark: _Toc15821217][bookmark: _Toc16544448][bookmark: _Toc17236802]Theoretical method
In order to avoid dynamic obstacle and improve the reliability of the algorithm, this paper will use real-time update map method for dynamic path planning. The main process is as follows:
(1) Enter the initial map information.
(2) Set the starting point and target point.
(3) Real-time monitoring of path information (this step is usually done by onboard sensors). 
(4) If the obstacle enters the extended neighborhood of the current node, this point will be set as the obstacle node. Then predict the next moving node according to the obstacle historical trajectory, and set the predicted node as the obstacle node.
(5) Update map information.
(6) Plan the path using the A* algorithm.
(7) Repeat the above steps until reach the target point.

The detailed principle of the map updating method based on obstacle motion direction prediction is shown as follows. 
(1) Expand its monitoring range. When the obstacle enters the detection range, record its historical movement trajectory. 
(2) When the obstacle enters the neighborhood node of the current node, the algorithm will predict its next movement point through its historical trajectory. If the obstacle is stationary, the node where the obstacle is current located will consider as an obstacle node. If the obstacle moves, the current point of the obstacle and its next possible moving point in the extended neighborhood will be regarded as the obstacle node. 

[image: ][image: ]As shown in figure 4-8(a), the current node of the obstacle is point 3. If the obstacle is predicted to be stationary by its historical moving trajectory, at this time, point 3 will be regarded as an obstacle node. As shown in figure 4-8(b), in the extended neighborhood, if the next movement point of the obstacle is predicted to be 2 and 1 by its historical movement trajectory, then point 3, point 2 and point 1 will all be regarded as obstacle node. 
(a)                         (b)
[bookmark: _Hlk16547527]Figure 4-8 Prediction of the next movement point
The prediction of obstacle motion points uses a method of calculating the slope (as is shown in formula 4-2). 
                        (4-2)
Supposing that the obstacle trajectory is detected as (3, 3), (2, 3):

Because x2 < x1, so the motion direction is going from right to left along the X-axis, and in the extended neighborhood, the next motion point is predicted to be point 2 and point 1.
4.3.3. [bookmark: _Toc15821218][bookmark: _Toc16544449][bookmark: _Toc17236803]Experiment and data analysis
In order to verify the effect, the optimized dynamic A* algorithm is run with the dynamic obstacles. Usually the detection step of the obstacle is completed by the onboard sensor, but due to the limitations of the experimental conditions, the obstacle trajectory of this experiment will be manually set. Suppose the obstacle moves from right to left along the X-axis ( (10,8)  (9,8)  (8,8)   (7,8)), and when the obstacle moves to (9, 8), the obstacle will enter the extended neighborhood of the current node.                      
[image: ]The running result is shown in the following figure 4-9 (the red dots represent the current position and the possible next motion point in the extended neighborhood of the obstacle, the blue dots are the planned paths).
[bookmark: _Hlk16547543]Figure 4-9 Experimental result of dynamic obstacle avoidance
As can be seen from figure 4-9, the planned path can avoid the original position of the obstacle and its possible next motion point in the extended neighborhood of the obstacle. Therefore, experimental results show that this method can realize A* algorithm for path planning in dynamic obstacle environment.
4.4. [bookmark: _Toc15821219][bookmark: _Toc16544450][bookmark: _Toc17236804]Real-time optimization of A* algorithm
4.4.1. [bookmark: _Toc16544451][bookmark: _Toc17236805][bookmark: _Toc15821220]Problem statement 
In the process of driving, autonomous vehicles need to plan a reasonable driving path quickly. Therefore, autonomous vehicles need a higher real-time response to the path planning algorithm to cope with different tasks [94]. In many traditional path planning processes, the shortest path planning is often more focused, while the response time is ignored. As far as the A* algorithm, when the algorithm finds the shortest path, the algorithm takes a lot of time and sacrifices efficiency. For example, M.S.Ganeshmurthy and Dr.G.R.Suresh [90] pointed out in their article that because the A* algorithm is based on a grid, so the search time will increase as the number of grids increases.
4.4.2. [bookmark: _Toc15821221][bookmark: _Toc16544452][bookmark: _Toc17236806]Theoretical method
(1) Adding search direction
When selecting the next possible point for the current point a, consider the actual direction of motion (the vector direction from the current point to the next possible node point) and the reference direction (the vector direction from the starting point to the target point). If the actual motion direction is within the allowable error of the reference direction, it can be calculated as the next possible point. Otherwise, this point is not used as the next possible point. As is shown in figure 4-10, suppose that the starting [image: ]point is 1 (1,1) and the ending point is point 25 (5,5). 
[bookmark: _Hlk16547592]Figure 4-10 Reference direction
Therefore, the reference direction of motion is 

[image: ]As is shown in figure 4-11, suppose that the current point is point 13, a total of 8 nodes may be the next possible mobile node.
[bookmark: _Hlk16547602]Figure 4-11 No search direction restrictions
The reference direction of motion is , when we limit the actual direction of motion, for example, we can set the actual direction of motion can only be within  of the reference motion direction, so the actual motion direction is between and . As is shown in figure 4-12.

[image: ]Figure 4-12 Add search direction restrictions
By adding a direction vector, the number of nodes that the A* algorithm needs to traverse in path planning can be reduced. Therefore, this method can reduce the running time and also make the search process more purposeful and directional.
(2) Change the strategy to select the next mobile node for the current node
When selecting the next possible motion node for the current node, the A* algorithm will traverse the all possible next motion nodes of the current point, then the A* algorithm will traverse the F values of these possible next motion nodes again to select the smallest F to as its next motion node [90]. Therefore, this will take a certain amount of time.

This paper proposes a method for selecting the next motion node. First, calculate the F value of the next possible motion node, and save the F value and its coordinates to the variable f_nextpoint and nextpoint. Then, continue to calculate the next possible motion node. When the next possible node with a smaller F exists value in the neighborhood of a, the variable f_nextpoint and nextpoint are updated. Otherwise, the variables remain unchanged (so the variable nextpoint always hold the next motion node coordinate with the smallest F value). Finally, after traversing all the neighborhood nodes of the current point, the coordinates in the variable nextpoint are selected as the next motion node of the current point.
4.4.3. [bookmark: _Toc15821222][bookmark: _Toc16544453][bookmark: _Toc17236807]Experiment and data analysis
In order to test the optimization effect, the original algorithm and the optimization algorithm were tested for three times under the same obstacle environment, and the running time of each time was recorded. Finally, the average running time of the two algorithms was obtained, and the experimental results are as follows.

As is shown in table 4-1, the average running time of the original A* algorithm is 438.00ms, and the average running time of the optimized A* algorithm is 345.74ms. Therefore, the optimized A* algorithm is improved by 21% compared with the original A* algorithm.
	
	1
	2
	3
	Average runtime

	Original A* algorithm
	451.42ms
	419.53ms
	443.04ms
	438.00ms

	Optimized A* algorithm
	348.63ms
	353.52
	335.06ms
	345.74ms


Table 4-1 Run Time of algorithm
As is shown in table 4-2, the original A* algorithm traverses 124 nodes in the planned path, and the optimized A* algorithm traverses 85 nodes in the planning path. Therefore, the number of traversing nodes required by the optimized A* algorithm is reduced by 31.45% compared with the original A* algorithm.
	
	Number of nodes traversed

	Original A* algorithm
	124

	Optimized A* algorithm
	85


Table 4-2 Number of nodes traversed

Through experiments, it can be concluded that the time efficiency of the optimized algorithm is improved by 21% compared with the original A* algorithm, and the traversal number of nodes is reduced by 31.45%. Therefore, this method can optimize the real-time performance of A* algorithm.
4.5. [bookmark: _Toc15821223][bookmark: _Toc16544454][bookmark: _Toc17236808]Path smoothing optimization of A* algorithm
4.5.1. [bookmark: _Toc15821224][bookmark: _Toc16544455][bookmark: _Toc17236809]Problem statement
Grid method can transform the environment information around autonomous vehicles into grid for storage, so it has significant advantages in environmental modeling [90]. However, because A* algorithm is affected by node search strategy, so there are too many sharp angles in the path. František Duchoň [95] pointed out in his article that the grid-based A* path planning algorithm has a problem: it is based on the center point of the grid and can be searched as a node, that is, it can search for 8-connectivity. However, the path search direction is limited, because the search angle is an integer multiple of 0.25 π. Therefore, there are a lot of path sharp corners.
4.5.2. [bookmark: _Toc15821225][bookmark: _Toc16544456][bookmark: _Toc17236810]Theoretical method
The original A* algorithm searches for the next node to be extended using the 8-connectivity algorithm, as shown in figure 4-13. The angle between each search direction is 0.25 π, and the node turning angle is an integral multiple of 0.25 π. For this reason, the planned path of the original A* algorithm has more sharp corners, resulting in a path that is not smooth enough.
[bookmark: _Hlk16547628][image: ]Figure 4-13 8-connectivity
[image: ]In order to eliminate the defect of 8-connectivity search, this paper proposes an improved algorithm to expand the current node search neighborhood range of A* algorithm. Take the 7×7 non-obstructed raster map (in figure 4-13) as an example, the center node is the current node n, and the 8 nodes on the first layer around it are the original A* algorithm to be extended. In addition to the 8-connectivity search algorithm, the algorithm in this paper also includes 16 nodes in the second layer around the current node n (as shown in figure 4-14) to be extended in the next step of the algorithm. At this time, the number of neighborhood nodes to be searched by the algorithm is 24, and the movement direction of nodes is 16.
[bookmark: _Hlk16547671]Figure 4-14 24-connectivity 
Similarly, the number of extensible search neighborhood nodes and movable directions of A* algorithm keeps increasing with the expansion of the number of search layers. L represents the number of node layers to be expanded when the current node n searches for the next node, NL represents the number of neighbor nodes to be searched, and DL represents the number of movable directions with the node, so the formula is:
                           (4-3)
                        (4-4)
	Number of search layer (L)
	1
	2
	3
	4

	Number of neighborhoods to be searched (NL)
	8
	24
	48
	80

	Movable direction (DL)
	8
	16
	32
	56


Table 4-3 Neighborhood extension table
4.5.3. [bookmark: _Toc15821226][bookmark: _Toc16544457][bookmark: _Toc17236811]Experiment and data analysis
In order to test the effect of the optimization method, the original A* algorithm and the optimized A* algorithm run under the same obstacles, and the running results are shown in the figure 4-15, figure 4-16 and table 4-4.
[bookmark: _Hlk16547703][image: ][image: ]Figure 4-15 Smoothness experimental results of original A* algorithm
[bookmark: _Hlk16547731] Figure 4-16 Smoothness experimental results of optimized A* algorithm
	
	Runtime
	Number of path node

	Original A* algorithm
	0.0011s
	21

	Optimized A* algorithm
	0.0012s
	17


Table 4-4 Comparison of operation results
It can be seen from the above figures and table, the search node of the optimized algorithm is reduced by 20%. This is because the optimized A* algorithm has more movable directions than the original A* algorithm when performing path search. Therefore, the sharp corners of the planned path are reduced, the path is smoother, and it is more suitable for the driving condition of the vehicle.
4.6. [bookmark: _Toc15821227][bookmark: _Toc16544458][bookmark: _Toc17236812]Summary
This chapter firstly analyzed and compared common path planning algorithms, and selected A* algorithm as the path planning method of this paper. Through simulation experiments and literature reading, the problem that the traditional A* algorithm cannot avoid obstacles in the dynamic obstacle environment, poor real-time performance as the number of grids increases and the planned path is not smooth were found. Then this paper realized to predict the possible moving points of obstacles by recording the historical trajectory of obstacles, added the restriction of searching direction of nodes, expanded the search neighborhood to solve these problems. Finally, the target path that meets the driving requirements of the car is planned.







5. [bookmark: _Toc15821228][bookmark: _Toc16544459][bookmark: _Toc17236813]Path following
In order to guarantee that the intelligent vehicle can travel along the desired path, this chapter proposes a compensation type following algorithm. By establishing a vehicle kinematics model of longitudinal and yaw, the distance deviation and heading angle deviation are used to compensate the pure pursuit algorithm. The simulation result shows that the compensation type following algorithm has better robustness, better path following control effect, smaller vehicle side slip and stable driving.
5.1. [bookmark: _Toc15821229][bookmark: _Toc16544460][bookmark: _Toc17236814]Establish vehicle kinematics model
[image: ]A linear vehicle dynamics model can be used to describe the vehicle's handling characteristics when the vehicle is turning on a well-attached road surface. The vehicle is simplified into a two-wheeler model, lateral and yaw [96]. It can be seen form figure 5-1, the longitudinal and lateral velocities of the vehicle are  and , the centroid side declination is , the vehicle yaw rate is , the distance from the centroid to the front and rear axles is , , and the front wheel angle is, the lateral forces of the front and rear wheels are  and  respectively, and the equivalent lateral stiffness of the front and rear wheels is  and  respectively, the vehicle’s total mass is , and the vehicle’s moment of inertia around the z-axis is .
[bookmark: _Hlk16547773]Figure 5-1 Linear 2-dof vehicle model [96]
Linear vehicle motion differential equation:
               （5-1）
5.2. [bookmark: _Toc15821230][bookmark: _Toc16544461][bookmark: _Toc17236815]Pure pursuit algorithm
5.2.1. [bookmark: _Toc15821231][bookmark: _Toc16544462][bookmark: _Toc17236816]Introduction of pure pursuit algorithm
[image: ]Pure pursuit algorithm is a method based on geometric calculation, which aims to calculate the arc length of vehicle from the current point to the target point [97]. The algorithm is simple and intuitive, and mainly adjusts the wheel angle by determining the appropriate forward distance to help the vehicle can follow the target path stably.
[bookmark: _Hlk16547797]Figure 5-2 Schematic diagram of the pure pursuit algorithm [97] 
According to the vehicle model (as is shown in figure 5-2), the pure pursuit algorithm uses the vehicle’s rear axle as the entry point, and the connecting line between the center of the front wheel and the center of the rear wheel serves as tangent to control the corner of the front wheel. 

In the figure 5-1,  is the next target path point to be tracked. In order to make the intelligent vehicle track the expected path smoothly, it is necessary to control the corner of the vehicle to ensure the vehicle’s rear axis can pass the path point.  represents the distance between the current vehicle rear axle position and the target path point, and  represents the angle between the current body tangent and . The following formula can be derived from the triangular sine theorem:
	                    （5-2）
	                    （5-3）
	             （5-4）
Formula (5-4) can also be written as:
                     	   5-5）
Where  is the curvature of the arc, and according to the simplified Ackerman vehicle model, the front wheel angle is expressed as：
               	       （5-6）
Combined with formulas (5-5) and (5-6), you can get:
	                  （5-7）
Because the vehicle wheelbase  is fixed, the front wheel angle of the vehicle can be calculated.

Vehicle heading angle change rate [98]：
                        （5-8）

[bookmark: _Hlk16547811][image: ]Figure 5-3 Geometric analysis of pure pursuit algorithm [97] 
Figure 5-3 is a geometric analysis of the pure pursuit algorithm. The point is the next path point to be followed, and from the figure 5-2, the point is the length between the center of mass and this point, that is, the chord length of the arc, and  is the arc. Therefore, the relationship between  and R can be expressed as:
                              （5-9）
                           （5-10）
                               （5-11）
Where, x and y are the transverse and longitudinal distances from the path point to the center of mass of vehicle respectively.

According to equations (5-9), (5-10) and (5-11), it can be deduced that:
                               （5-12）
Finally get:
                          （5-13）
This formula embodies the relationship between the front wheel angle of the vehicle and the pure pursuit algorithm, and it is the basis for establishing a follow-up control system. The vehicle’s steering angle can be obtained by  and , and  affect the accuracy of the steering angle.
5.2.2. [bookmark: _Toc15821090][bookmark: _Toc15821232][bookmark: _Toc16544463][bookmark: _Toc17236817]Forward distances
The pure pursuit controller is essentially a  controller that controls the vehicle’s lateral rotation angle. The  coefficient is . The  controller is greatly affected by the forward viewing distance . There is a certain mathematics relationship between the forward viewing distance and the vehicle speed. The formula for calculating the forward distance  is [99]:
	                          （5-14）
Where  is the vehicle speed,  is a constant, and  represents the braking distance of the vehicle in the case of the maximum deceleration , B represents the distance traveled by the vehicle between the time it encounters an emergency and the time it responds (suppose B is 0.2). represents the minimum turning radius of the vehicle, and it is related to the vehicle's own parameters (suppose C is 5).

 can be expressed as:
	                     （5-15）
Therefore, the forward distance can be expressed as:
	                         （5-16）
Therefore, the formula for the front wheel angle of the vehicle is:
	                       （5-17）
In general, the maximum and minimum forward viewing distance  is adopted to restrict and constrain the forward viewing path. The larger the current viewing distance  is, the smoother the path follows. The smaller the forward looking distance  is, the more accurate the following path will be, but it will also cause the vibration of the following vehicle.
5.3. [bookmark: _Toc15821233][bookmark: _Toc16544464][bookmark: _Toc17236818]Optimization of pure pursuit algorithm
5.3.1. [bookmark: _Toc15821234][bookmark: _Toc16544465][bookmark: _Toc17236819]Problem statement
However, the pure pursuit algorithm has the problem of selecting the preview point, and when the vehicle reaches the target path, the direction angle of the vehicle has a large deviation from the path direction. For example, CitlalliGámezSerna [100] pointed in his article that the pure pursuit algorithm does not take account into the curvature of the road, so it cannot select the proper preview point, which affects the precision of path following.
5.3.2. [bookmark: _Toc15821235][bookmark: _Toc16544466][bookmark: _Toc17236820]Theoretical method
The pure pursuit model is already shown in figure 5-2, when the vehicle travels to a, both the vehicle’s heading angle and the vehicle’s rotation angle are inclined to the desired path. The angle of the front wheel calculated according to formula (5-7) will be smaller than that at the previous moment, but it can be seen from formula (5-8) that the heading angle of the vehicle will continue to increase. This causes the vehicle to cross the expected path, increasing the following error. 

In order to address the above problems, this paper proposes an improved path following algorithm. Considering the distance deviation of the vehicle's current position and expected path to select the preview point, and combining the angle deviation of the vehicle's heading angle and expected heading angle to calculate the control quantity of [image: ]the front wheel angle, so as the vehicle can follow the expected path stably.
[bookmark: _Hlk16547829]Figure 5-4 The following model of the compensated follower algorithm
Figure 5-4 is the following model of the compensated follower algorithm,  is the center of mass coordinate of the vehicle;  is the coordinates of the preview point;  is the angle between the front and rear lines of the wheel and the x-axis, that is, the vehicle's heading angle;  is the angle between the tangent to the x-axis and the x-axis;  is the vehicle’s deviation heading angle from the tangential angle of the pre-point;  is the longitudinal speed of the vehicle;  is the distance deviation between the vehicle's center of mass and the pre-picked point, so get:
                           （5-18）
         （5-19）

When the center of mass of the vehicle is on the desired path during driving, let the front wheel angle  =. When the vehicle's travel path does not coincide with the expected path, that is,  is not zero, the front wheel angleneeds to be adjusted to realize the following of the path. The final front wheel angle is:
                    （5-20）
When the vehicle approaches the expected path, the front wheel angle is controlled by calculating the direction deviation and the distance deviation between the vehicle and the path, so that the two deviations approach 0.
5.3.3. [bookmark: _Toc15821236][bookmark: _Toc16544467][bookmark: _Toc17236821]Experiment and data analysis
In order to test the effectiveness of the path following algorithm proposed in this paper, the above mentioned linear 2-dof vehicle dynamics model is adopted in Matlab software to carry out the path following simulation of the intelligent vehicle. Vehicle parameters adopted in the simulation experiment are shown in table 5-1.
	Sign
	Number

	[image: ]/[image: ]
	1573

	[image: ]/m
	1.1

	[image: ]/m
	1.58

	[image: ]/[image: ]
	80000

	[image: ]/[image: ]
	80000

	[image: ]/[image: ]
	2873



Table 5-1 Vehicle parameters
In the table, M represents the vehicle's mass, a and b represent the vehicle’s front axle distance and vehicle’s rear axle distance, ,represent the vehicle's front wheel lateral stiffness and vehicle's rear wheel lateral stiffness,  represent the vehicle's moment of inertia.

In the simulation experiment, the initial vehicle’s position and vehicle’s heading angle are set as (0,0) and 0. The front wheel angle obtained according to formula (5-20) is used as the input of the vehicle model, and the information such as vehicle’s driving position and vehicle’s heading angle are calculated according to the model, so as to simulate the current position and heading angle information of vehicles fed back by GPS.

The lane change curve adopted in this paper is:


Optimized pure pursuit algorithm and original pure pursuit algorithm proposed in this paper were adopted to conduct lane changing simulation of the intelligent vehicle at speeds of 5m/s, 10m/s and 20m/s. The simulation results are shown in figure 5-5 and figure5-6, and the path following errors are shown in table 5-2.
[image: 160-5]
[bookmark: _Hlk16547886]Figure 5-5 Original pure pursuit algorithm driving following
[image: 160-5]
[bookmark: _Hlk16547896]Figure 5-6 Optimized pure pursuit algorithm driving following
	Algorithm
	Maximum error /m
	Average value /m
	Standard deviation /m

	Original pure pursuit algorithm（5m/s）
	0.0134
	0.0022
	0.0030

	Original pure pursuit algorithm（10m/s）
	0.0621
	0.0165
	0.0191

	Original pure pursuit algorithm（20m/s）
	0.3203
	0.1268
	0.1127

	Optimized pure pursuit algorithm（5m/s）
	0.0033
	0.0008
	0.0011

	Optimized pure pursuit algorithm（10m/s）
	0.0225
	0.0062
	0.0072

	Optimized pure pursuit algorithm（20m/s）
	0.1786
	0.0622
	0.0630


Table 5-2 Statistical results of path following error at different vehicle speeds
It can be seen from figure 5-5 that the traditional pure pursuit algorithm causes a large path following error for vehicles in the middle and later stages of lane change, making it difficult to accurately follow the expected path of lane change. From figure 5-6, although this method makes the vehicle in the middle and later produced a small path following error, but it can quickly converge to the expected path. This shows that the method under different speed when finish the expectation path following control has good robustness and better control effect.

According to table 5-2, the average following error of the optimized pure pursuit algorithm is reduced by 63.6%, 62.4% and 50.9% respectively compared with the original pure pursuit algorithm, maximum error were reduced 0.0101 m, 0.0396 m, 0.1417 m, the standard deviation is reduced, so the proposed method is more accurate than original pure pursuit algorithm.
5.4. [bookmark: _Toc15821237][bookmark: _Toc16544468][bookmark: _Toc17236822]Summary
This chapter established a vehicle kinematics model and introduced the pure pursuit algorithm. In view of the shortcomings of the algorithm, a compensation type following algorithm is proposed to compensate the distance and heading angle deviation. The simulation experiment of the given path was carried out in Matlab. And the experimental result shows that the compensated path following algorithm can be smoothly and accurately followed when the vehicle makes a turn, which is more reliable than the traditional pure pursuit algorithm.






6. [bookmark: _Toc15821096][bookmark: _Toc15936479][bookmark: _Toc16544469][bookmark: _Toc17236823]Joint simulation experiment
In order to test whether the optimization algorithm is more suitable for the application scenario of intelligent vehicles, this chapter will perform joint simulation experiment on the optimized path planning algorithm in chapter 4 and the optimized path following algorithm in chapter 5 to achieve driverless driving in a simple environment.
6.1. [bookmark: _Toc15821098][bookmark: _Toc15936480][bookmark: _Toc16544470][bookmark: _Toc17236824]Design simulation experiment
This simulation experiment will be performed on Matlab software, and the expected result is that a safe driving path can be planned, and the following error of vehicles to the planned path is less than 0.8m (average half width of a family car [101]). The specific experimental content is as follows:
(1) Set the obstacle environment
[image: ]First, set the starting point of the path to (3, 3) and the target point to (50, 50). Besides, two moving obstacles will be set on this road. Usually the detection step of the obstacle is completed by the onboard sensor, but due to the limitations of the experimental conditions, the obstacle trajectory of this experiment will be manually set. The movement path of the first obstacle and the second obstacle are shown in figure 6-1. After the process of path planning is completed, the points of the planned path will be saved and sent to the path following algorithm for use.
[bookmark: _Hlk16547920]Figure 6-1 Path of obstacles
In the figure 6-1, aa is the X coordinate of the first obstacle and bb is the Y coordinate of the first obstacle, aaa is the X coordinate of the second obstacle, and bbb is the Y coordinate of the second obstacle.
(2) Set vehicle parameters
When following the path, the parameters of the vehicle need to be set. The parameters of vehicle in this experiment are as follows:
	Sign
	Number

	u / m/s
	10

	M / kg
	1573

	a / m
	1.1

	b / m
	1.58

	[image: ]/[image: ]
	80000

	[image: ]/[image: ]
	80000

	[image: ]/[image: ]
	2873



[bookmark: _Hlk16547308]Table 6-1 Vehicle parameters of joint simulation experiment
In the table 6-1, u represents the vehicle's speed, M represents the vehicle's mass, a and b represent the vehicle’s front axle distance and vehicle’s rear axle distance, ,represent the vehicle's front wheel lateral stiffness and vehicle's rear wheel lateral stiffness,  represent the vehicle's moment of inertia.
6.2. [bookmark: _Toc15821099][bookmark: _Toc15936481][bookmark: _Toc16544471][bookmark: _Toc17236825]Analyze the data
The experimental results are shown in figure 6-2. The red line represents the expected driving path, the black line represents the actual driving path, the red point represents the point where the obstacle may collide with the vehicle in the moving process. As is shown in figure 6-2, the optimized A* algorithm plans a safe driving path in a dynamic obstacle environment. Besides, the maximum error of path following is 0.5727m, and the average following error is 0.1295m, so all of these errors are within the allowable error range. Therefore, the optimized path following algorithm can follow the planned path accurately and reach the target point successfully.
[bookmark: _Hlk16547938][image: ]Figure 6-2 The results of joint simulation experiment
6.3. [bookmark: _Toc15821100][bookmark: _Toc15936482][bookmark: _Toc16544472][bookmark: _Toc17236826]Summary
This chapter used the optimized A* algorithm to plan a driving path, and then followed the path by the optimized pure pursuit algorithm. The experimental result shows that these two algorithms can achieve driverless driving in a simple environment.










7. [bookmark: _Toc15936483][bookmark: _Toc16544473][bookmark: _Toc17236827]Conclusions and reflection
This paper researches on autonomous vehicle and studies its path planning and path following technology. The traditional A* algorithm is optimized to achieve path planning in dynamic obstacle environment, with better real-time performance and smoother path. In view of the pure pursuit algorithm, the optimized algorithm based on distance deviation and heading angle deviation compensation is designed, and the simulation experiment is performed in Matlab software. The research work of this paper is summarized as follows:
(1) The traditional A* algorithm has the problem that cannot avoid obstacles in the dynamic obstacle environment, poor real-time performance as the number of grids increases and the planned path is not smooth. In this paper, the historical movement trajectory of obstacles is recorded to predict the motion direction of obstacles and predict the next possible movement point, and then this point will be set as the obstacle point, which realizes the path planning under the dynamic obstacle environment. Besides, by adding the limitation of the search direction and expanding the search neighborhood, the real-time performance and path smoothness of A* algorithm are optimized. Finally, the experimental results show that the optimized A* algorithm has better real-time and reliability, and can plan a safe path in a dynamic obstacle environment.
(2) A compensation-type following algorithm is proposed, and vehicle kinematics model is established. The pure pursuit algorithm is compensated by distance deviation and heading angle deviation compensation. Besides, different vehicle speeds are used in the simulation software to test the optimized effect. The experimental results show that the compensating following method has better robustness, better path following control effect, smaller vehicle slip and stable driving.
(3) The optimized A* algorithm and the optimized pure pursuit were used for joint simulation experiment. Simulation results show that the path planning and following control method can plan a path correctly in simple traffic scenarios and follow the planned path accurately and stably. Therefore, the research results of this paper have certain practical significance in the field of autonomous vehicles.

The path planning algorithm and path following studied in this paper are the key technologies to realize unmanned driving. Although this paper has some research results, because the limitations of the author's knowledge, time and programming ability, there are still deficiencies in the research, and the following aspects need to be improved:
(1) In this paper, although the traditional A* algorithm has been optimized and achieved good results, the adaptability of the algorithm in complex environment needs to be optimized. Therefore, the following work should focus on the path planning in a complex dynamic obstacle environment, such as considering the speed of obstacles in the path planning process.
(2) As for vehicle path following control, this paper chooses to establish a vehicle kinematics model, which is relatively simple compared with the dynamic model but takes less consideration. Therefore, the following work can establish a dynamics vehicle model to control the input and output. 
(3) Due to the limitation of time and resource, this paper does not carry out the actual vehicle experiment. Therefore, the further work will apply the research results of this paper to the actual vehicle and carry out an actual vehicle experiment.
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1. Path Planning algorithm:
1.1 [image: ][image: ]Optimized A* algorithm code：
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1.2 Update map code：
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1.3 Variable
The constants and variables used in the code are shown below:

a) Constants:
Spoint: One-dimensional matrix. It is used to store the starting point.

Epoint: One-dimensional matrix. It is used to store the target point. 

Matrix: Multidimensional matrix. It is used to store map information and obstacle information.

kk: Allowable error between actual motion direction and reference motion direction.

b) Variables:
XMidNextpoint: The x-coordinate point of the first level points it needs to pass through when searching to the second layer point.

YMidNextpoint: The y-coordinate point of the first level points it needs to pass through when searching to the second layer point.

k: The distance between the start node to the current node.

K1: The k value of the first layer points it needs to pass through when searching to the second layer point. 

K2: The k value of the first layer points it needs to pass through when searching to the second layer point. (It is used when it needs to pass through two secondary neighborhood points).

K: The sum of k value of the first layer points it needs to pass through when searching to the second layer point. When it is infinite, the second layer point is unreachable. When it is not infinite, it means the point of the second layer is reachable, which can be used as the next node for the next step calculation.

parentx: One-dimensional matrix. It is used to store the x coordinate of the previous node of the current node.

parenty: One-dimensional matrix. It is used to store the y coordinate of the previous node of the current node.

distance: Store the distance between the current node and the intermediate point.

Nextpoint: The next node that the current node may pass through.

Runtime: The time it takes to get the path.

H: Store the distance between the target node and the intermediate point.

G: Multidimensional matrix. Store the distance between the start node to the current node.

F: Multidimensional matrix. It is used to store the total distance from the start node through the intermediate points to the target point.

openlist: Multidimensional matrix. It is used to store points that have not been checked.

closelist: Multidimensional matrix. It is used to store points that have been checked.

P: Multidimensional matrix. It is used to store the planned path nodes.

XL: Record the direction vector from the starting point to the target point.

SL: Record the direction vector from the current point to the next point.

Node: Record the number of nodes traversed.

f_nextpoint: Record the smallest F value in the extended neighborhood of the current point.

nextpoint: Record the coordinates of the point with the smallest F value.

Obstacle_K: The direction of movement of the obstacle.

Obstacle1: The coordinates of the obstacle when it first appears in the extended neighborhood of the current node.






2. Path Following algorithm:
[image: ]2.1 Optimized pure pursuit algorithm code：
[image: ]






2.2 Vehicle parameter setting
[image: ]
[image: ]2.3 Vehicle kinematics model
2.4 Variable
The constants and variables used in the code are shown below:

c) Constant
lujing: Store vehicle parameters and desired driving path.

d) Variables:
S: The distance between the vehicle's current point and the desired driving path.

n: The coordinates of the closest point to the vehicle on the expected driving path.

ll: The minimum distance between the vehicle's current point and the desired driving path.

ee: The slope between the current point and the next target point of the vehicle.

e: The angular error between the vehicle's current point and the next target point.

delx: Cumulative error between vehicle and expected travel path.

q(i): Vehicle heading angle.

v: Vehicle speed.

s: The distance traveled by the vehicle after the simulation interval.

y0: The ordinate of the current center of mass of the vehicle.

x0: The horizontal coordinate of the current center of mass of the vehicle.

fail0: Current vehicle heading angle.

gama0: Current vehicle yaw angular velocity.

belt0: Lateral deflection angle of the current vehicle center of mass.

gerror: Record the vehicle yaw angular velocity after each calculation.

berror: Record the deviation angle of vehicle centroid after each calculation.
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D Task  |Task Name Duration Start Finish
o Mode
1 » Data collection and literature review 7 days Sat 01/06/19 Mon 10/06/19
2 » Selection algorithm 5 days Tue 11/06/19 Sun 16/06/19
3 » Optimization path planning algorithm 11 days Mon 17/06/19 Sun 30/06/19
4 » Test optimized path planning algorithm 5 days Mon 01/07/19 Fri 05/07/19
5 » Optimization path following algorithm 11 days Sat 06/07/19 Fri 19/07/19
6 » Test optimized path following algorithm 4 days Sat 20/07/19 Wed 24/07/19
7 » Joint simulation experiment 3 days Thu 25/07/19 Sun 28/07/19
8 » Data analysis 3 days Mon 29/07/19 Wed 31/07/19
9 » Writing report 61 days Sat 01/06/19 Fri 23/08/19
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openlist=Matrix;
closelist=Matrix;

parentx=Matrix;%Parent node storage matrix

parenty=Matrix;

openlist (Spoint (1), Spoint(2)) =0;%Put the start node into the openlist

pp=0;

% Start searching
while(1)
num=inf;
if pp==0
Nextpoint=[Spoint (1), Spoint (2)]1;
nun=0;
pp=1;
else
Nextpoint=nextpoint;
num=f_nextpoint;
end
ppp=0;
NB=0;
nextpoint 1(1, 1)=parentx (Nextpoint (1), Nextpoint (2)) :
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m = 55;n = 55;

Spoint = [3 3];

Epoint = [50 501;

Endpoint = [Epoint(l,1) Epoint(1,2)1;

S_E_K=atan ((Endpoint (1, 2)~Spoint (1, 2)) / (Endpoint (1, 1)~Spoint (1, 1))) /pi*180;
s=1;

Node=0;

tic

o

iConstructing a map
for i = 1:m+2
for j = 1:m+2
Matrix(i, j) = inf;
end

end

% Pathfinding:

Matrix (Spoint (1), Spoint (2))=0;
Matrix(Epoint (1), Epoint (2))=inf;
GMatrix;

F=Matrix-
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K=Kkl
elseif rem(XMidNextpoint, 1)==0 && rem(YMidNextpoint, 1) =0
k1=G(XMidNextpoint, YMidNextpoint~0. 5) ;
k2=G(XMidNextpoint, YMidNextpoint+0. 5) ;
if kl —inf || k2 = -inf
K = —inf;

end
elseif rem(XMidNextpoint, 1) =0 && rem(YMidNextpoint, 1)==0
k1=G(XMidNextpoint-0. 5, YMidNextpoint) ;
k2=G(XMidNextpoint+0. 5, YMidNextpoint) ;
if k1 == —inf || k2 == —inf
K = —inf;
end
end
end
if (i==3&&j==3| | closelist (Nextpoint (1)-3+i, Nextpoint (2) -3+j)==1)%If this point is the current node or has considered the node, continue with
continue;
elseif (k == —inf)%If this point is a boundary point or an obstacle point, it means that it is not passable here, and it is directly put ir
closelist (Nextpoint (1)=3+i, Nextpoint (2)-3+j)=1;
elseif (k == inf && K "= —inf)%Indicates that this or intermediate point is a passable point, then calculate G, H, F values
distance=( (Nextpoint (1) - (Nextpoint (1)-3+i)) 2+ (Nextpoint (2)- (Nextpoint (2)-3+3)) 2) 0.5:%Calculate the diasonal distance from this point
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else
s_e_k = s_e_k+360;
end
if S_E_K+47<s_e_k && s_e_k{S_E_K+226
continue;
else
Update_map;
if F(Nextpoint (1), Nextpoint (2))==-inf
nextpoint=nextpoint_1;
NB=1;
break;
end

K=0;
k = G(Nextpoint (1)-3+i, Nextpoint (2)-3+3) ;
if i==1 || i==5 || j==1 ||j==5 %Check if the intermediate point is accessible
XMidNextpoint=(2#Nextpoint (1)-3+i)/2;
YMidNextpoint=(2#Nextpoint (2)-3+j) /2;
if rem(XMidNextpoint, 1)==0 && rem(YMidNextpoint, 1)==0
k1 = G(XMidNextpoint, YMidNextpoint) ;
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nextpoint_1(1, 2)=parenty (Nextpoint (1), Nextpoint (2)) ;
closelist (Nextpoint (1), Nextpoint (2))=1;%Put the current node into the closelist, indicating that it is no longer considered

for i = 1:5%Find the next path point around the current node, 24 neighborhood search
if NB==1
NB=0;
break;
end
for j =1:5
s_e k = atan((j=3)/(i-3)) /pix180;
if i==3 && j==3
continue;
elseif s_e_k==0 && Nextpoint (1)-3+i<=Nextpoint (1)
s_e_k = 180;
elseif s_e_k==-90
s_e_k = 270;
elseif s_e k>0 & s_e_k<90 & Nextpoint (1)-3+i<=Nextpoint (1)
s_e_k = s_e_k+180;
elseif s_e k<0 & s_e_k>-90 & Nextpoint (1)-3+i<=Nextpoint (1)
s_e_k = s_e_k+180;
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end

end

else

end

if ppp==0
£_nextpoint=F (Nextpoint (1) ~3+1i, Nextpoint (2)~3+j) ;
nextpoint=[Nextpoint (1)=3+i, Nextpoint (2)-3+j];
ppp=1;
else
if F(Nextpoint (1)=3+i, Nextpoint (2)-3+j) <f_nextpoint & F(Nextpoint (1)-3+i, Nextpoint (2)-3+j)>=0
£_nextpoint=F (Nextpoint (1) ~3+1i, Nextpoint (2)-3+j) ;
nextpoint=[Nextpoint (1)=3+i, Nextpoint (2) -3+j];
end

end
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distance=((Nextpoint (1)~ (Nextpoint (1)~3+i)) "2+ (Nextpoint (2) - (Nextpoint (2) =3+j)) "2) 0. 5;%Calculate the diagonal distance from this
if (k> (distance+G(Nextpoint (1), Nextpoint (2))))%If an adjacent node is already in the openlist, check to see if this path is better,

k=distance+G(Nextpoint (1), Nextpoint (2)) ;
H_diagonal=min (abs (Nextpoint (1)~3+i-Epoint (1)), abs (Nextpoint (2) -3+j-Epoint (2))) ;%Complex diagonal heuristic function
H_straight=abs (Nextpoint (1)-3+i-Epoint (1)) +abs (Nextpoint (2) -3+j-Epoint (2)) ;
H=sqrt (2)*H_diagonal+(H_straight-2+H_diagonal) ;
F(Nextpoint (1) -3+1i, Nextpoint (2) -3+j) =k+H;
if ppp==0

£_nextpoint=F (Nextpoint (1) ~3+1i, Nextpoint (2)~3+j) ;

nextpoint=[Nextpoint (1)=3+i, Nextpoint (2)-3+j];

ppp=1;
else

if F(Nextpoint (1)=3+i, Nextpoint (2)-3+j) <f_nextpoint & F(Nextpoint (1)-3+i, Nextpoint (2)-3+j)>=0

£_nextpoint=F (Nextpoint (1) ~3+1i, Nextpoint (2)-3+j) ;
nextpoint=[Nextpoint (1)=3+i, Nextpoint (2) -3+j];

end
end
parentx (Nextpoint (1) =3+i, Nextpoint (2) =3+j) =Nextpoint (1) ;
parenty (Nextpoint (1) =3+i, Nextpoint (2) =3+j) =Nextpoint (2) ;
Node=Node+1:
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G(Nextpoint (1) -3+i, Nextpoint (2) -3+j) =G(Nextpoint (1), Nextpoint (2) ) +distance;%Calculate the moving cost of the current node to this po:
openlist (Nextpoint (1)=3+i, Nextpoint (2)=3+3)=0;%Put this point into the openlist
H_diagonal=min (abs (Nextpoint (1) ~3+i-Epoint (1)), abs (Nextpoint (2) -3+j-Epoint (2))) ;%Complex diagonal heuristic function
H_straight=abs (Nextpoint (1)-3+i-Epoint (1)) +abs (Nextpoint (2) -3+j-Epoint (2)) ;
H=sqrt (2)*H_diagonal+(H_straight-2*H_diagonal) ;%Calculate the moving cost from this point to the end node
F(Nextpoint (1) -3+, Nextpoint (2) ~3+3j) =G (Nextpoint (1) -3+i, Nextpoint (2) -3+j) +H;%Calculate the total moving cost from this node to the e
if ppp==0

f_nextpoint=F (Nextpoint (1) -3+i, Nextpoint (2)-3+j) ;

nextpoint=[Nextpoint (1)=3+i, Nextpoint (2)-3+j];

ppp=1;
else

if F(Nextpoint (1)=3+i, Nextpoint (2)-3+j) <f_nextpoint & F(Nextpoint (1)-3+i, Nextpoint (2)-3+j)>=0

f_nextpoint=F (Nextpoint (1)-3+i, Nextpoint (2)-3+j) ;
nextpoint=[Nextpoint (1)=3+i, Nextpoint (2)-3+j];

end
end
parentx (Nextpoint (1) -3+i, Nextpoint (2) -3+j) =Nextpoint (1) ;%Save the current node as the parent of this node
parenty (Nextpoint (1) =3+i, Nextpoint (2) =3+j) =Nextpoint (2) ;
Node=Node+1;

else

if K = -inf
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ootk Interpolation method is used to fit and save the polyline curves¥¥iid
P=P";
a=P(1,:);
b=P(2,:);
Ifor ss=1:1length(P(L, :))
a(1,ss)=P(1, length(P(1, :))+1-ss) ;
-end
Ifor ss=1:1length(P(L, :))
b(1,s5)=P(2, length(P(2, :))+1-ss) ;
-end
path=[a;b];
values3=path;
valuesl = sperv([[path(1,1) path(l,:) path(l,end)];[path(2,1) path(2,:) path(2,end)1],3);
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enda

% Get the paths
while (1)
if (num==inf)
break;
end

P(s, :)=Epoint;
s=s+1;
xx=Epoint (1) ;
Epoint (1)=parentx (Epoint (1), Epoint (2)) ;
Epoint (2)=parenty (xx, Epoint (2)) ;
if (parentx (Epoint (1), Epoint (2))==Spoint (1) &parenty (Epoint (1), Epoint (2)) ==Spoint (2) )
P(s, :)=Epoint;
break;
end
end
P(s+1, :)=Spoint;

toc
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if (((Nextpoint (1)-3+i)==Epoint (1) && (Nextpoint (2) -3+ j) ==Epoint (2) &K==0) | | nun==inf)
parentx (Epoint (1), Epoint (2) ) =Nextpoint (1) ;
parenty (Epoint (1), Epoint (2) ) =Nextpoint (2) ;
break;
end
end

end

if (((Nextpoint (1)-3+i)==Epoint (1) && (Nextpoint (2) -3+ j) ==Epoint (2) &K==0) | | nun==inf)
parentx (Epoint (1), Epoint (2) ) =Nextpoint (1) ;
parenty (Epoint (1), Epoint (2) ) =Nextpoint (2) ;
break;

end

end

if (((Nextpoint (1)-3+i)==Epoint (1) && (Nextpoint (2) -3+ j) ==Epoint (2) &K==0) | | nun==inf)
parentx (Epoint (1), Epoint (2) ) =Nextpoint (1) ;
parenty (Epoint (1), Epoint (2) ) =Nextpoint (2) ;
break;

end
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for ii=l:length(path)
if path(1,ii)<(Obstacle(1,4)-5) || path(l, ii)>Obstacle (1, 4)
RARARASH]
pathl (1, jj)=path(l, ii);
pathl (2, jj)=path(2, ii);
end
end
values2 = sperv([[pathl(1,1) pathl(l,:) pathl(l,end)];[pathl(2,1) pathl(2,:) pathl(2 end)1],3);

save (' Planning. mat’,’ valuesl’, values2’,’ values3’)
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else

Matrix(Obstaclel(l, 1), Obstaclel(l,2)+oi
G(Obstaclel(1, 1), Obstaclel (1, 2) +oi)=-inf;
F(Obstaclel(1,1), Obstaclel (1, 2)+oi)=="
openlist (Obstaclel(l, 1), Obstaclel (1, 2)+oi
closelist (Obstaclel(l, 1), Obstaclel(1,2)+0i)=1;

parentx (Obstaclel (1, 1), Obstaclel (1, 2) +0i) ==inf;
parenty (Obstaclel(1, 1), Obstaclel (1, 2) +oi)=—inf;

=—inf;

inf;

end
end
-1seif Obstacle K==0 &k Obstacle(l,4)<Obstacle(1,3)
for 0i=0:4
if Obstaclel(l, 1)==Nextpoint (1) && Obstaclel(1,2)==Nextpoint (2)
continue;

else
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Obstacle_K=atan((Obstacle(2, 3)—Obstacle(2,2))/(Obstacle (1, 3)—-Obstacle(1,2)))/pi*180;
Obstaclel=[Obstacle(1,4) Obstacle(2,4)]:%K=0
if Obstacle_K==0 & Obstacle(1,4)>Obstacle(l,3)
for 0i=0:4
if Obstaclel(l, 1)==Nextpoint (1) && Obstaclel(1,2)==Nextpoint (2)
continue;

else
Matrix (Obstaclel (1, 1)+oi, Obstaclel (1, 2))==inf;
G(Obstaclel (1, 1) +oi, Obstaclel (1, 2))=-inf;
F(Obstaclel(1,1)+oi, Obstaclel (1, 2))=-inf;
openlist (Obstaclel(1,1)+oi, Obstaclel(l,2))
closelist (Obstaclel(l, 1)+oi, Obstaclel(1,2))=1;
parentx (Obstaclel (1, 1)+oi, Obstaclel (1,2))==inf;
parenty (Obstaclel (1, 1)+oi, Obstaclel (1,2))==inf;

end

end
elseif  Obstacle K==90
for 0i=0:4
if Obstaclel(l, 1)==Nextpoint (1) && Obstaclel(1,2)==Nextpoint (2)
continue;

else




image68.png
end

end
elseif  0<Obstacle K && Obstacle_K<90 && Obstacle (1, 6)>Obstacle(1,5)
for 0i=0:4
if Obstaclel(l, 1)==Nextpoint (1) && Obstaclel(1,2)==Nextpoint (2)
continue;
else
Matrix(Obstaclel (1, 1)+oi, Obstaclel (1, 2)+oi)=—inf;
G(Obstaclel (1, 1) +oi, Obstaclel (1, 2) +oi)=-inf;
F(Obstaclel(l,1)+oi, Obstaclel (1, 2) +oi)=-inf;
openlist (Obstaclel(1, 1) +oi, Obstaclel (1, 2) +oi)=-inf;
closelist (Obstaclel (1, 1) +oi, Obstaclel (1, 2)+0i)=1;
parentx (Obstaclel (1, 1) +oi, Obstaclel (1, 2) +oi)==inf;
parenty (Obstaclel (1, 1) +oi, Obstaclel(1, 2) +oi)==inf;
end
end
elseif —90<Obstacle K && Obstacle_K<0 && Obstacle (1, 6)<Obstacle(l,5)
for 0i=0:4
if Obstaclel(l, 1)==Nextpoint (1) && Obstaclel(1,2)==Nextpoint (2)

continue;

else
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Matrix (Obstaclel (1, 1)-oi, Obstaclel (1, 2))==inf;
G(Obstaclel (1, 1)-oi, Obstaclel (1, 2))=-inf;
F(Obstaclel(1,1)-oi, Obstaclel (1, 2))=-inf;
openlist (Obstaclel(1,1)-oi, Obstaclel(l,2))
closelist (Obstaclel(l, 1)-oi, Obstaclel(1,2))=1;
parentx (Obstaclel (1, 1)-oi, Obstaclel (1,2))==inf;
parenty (Obstaclel (1, 1)-oi, Obstaclel (1, 2))==inf;
end

inf;

end
elseif Obstacle K==-90
for 0i=0:4
if Obstaclel(l, 1)==Nextpoint (1) && Obstaclel(1,2)==Nextpoint (2)
continue;
else
Matrix(Obstaclel(l, 1), Obstaclel (1, 2)-oi)=-inf;
G(Obstaclel(1,1), Obstaclel (1, 2)-o0i)
F(Obstaclel(l, 1), Obstaclel(l, 2)-oi)=-inf;
openlist (Obstaclel(l, 1), Obstaclel(l,2)~oi)
closelist(Obstaclel(l, 1), Obstaclel(l,2)-oi
parentx (Obstaclel (1, 1), Obstaclel (1, 2)-oi)=
parentv (Obstaclel(1,1).Obstaclel(1,2)-oi

inf;
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end

end

end

end

F(Obstaclel (1, 1) +oi, Obstaclel (1, 2)-0i) ==
openlist (Obstaclel (1, 1) +oi, Obstaclel (1, 2)—oi)==inf;
closelist (Obstaclel (1, 1)+oi, Obstaclel (1, 2)— :
parentx (Obstaclel (1, 1) +oi, Obstaclel (1, 2)—oi)=—inf;
parenty (Obstaclel (1, 1)+oi, Obstaclel (1, 2)-oi)==inf;

inf;
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elseif 0<Obstacle_K && Obstacle_K<90 && Obstacle (1, 6) <Obstacle(l, 5)
for 0i=0:4
if Obstaclel(l, 1)==Nextpoint (1) && Obstaclel(1,2)==Nextpoint (2)
continue;
else
Matrix(Obstaclel(,1)-oi, Obstaclel(l, 2)-oi)=-inf;
G(Obstaclel(1,1)-oi, Obstaclel (1, 2)-oi)=-inf;
F(Obstaclel(l,1)-oi, Obstaclel (1, 2)-oi)=-inf;
openlist (Obstaclel(1,1)-oi, Obstaclel (1, 2)-oi)=-inf;
closelist (Obstaclel (1, 1)-oi, Obstaclel (1, 2)-o0i)=1;
parentx (Obstaclel (1, 1)-oi, Obstaclel(1,2)~oi)==inf;
parenty (Obstaclel (1, 1)-oi, Obstaclel(1,2)~oi)==inf;
end
end
else
for 0i=0:4
if 0i==2
continue;
else
Matrix (Obstaclel (1, 1) +oi, Obstaclel (1, 2)~0i)==inf;
G(Obstaclel (1, 1)+oi, Obstaclel (1, 2)—o0i)=—inf;
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end

end

Matrix (Obstaclel(l, 1)-oi, Obstaclel (1, 2)+oi)=-inf;
G(Obstaclel (1, 1)-oi, Obstaclel (1, 2) +oi)==inf;
F(Obstaclel(1,1)-oi, Obstaclel (1, 2)+oi)==inf;
openlist (Obstaclel (1, 1)-oi, Obstaclel (1, 2) +oi)==inf;
closelist (Obstaclel (1, 1)-oi, Obstaclel (1, 2)+oi)=1;
parentx (Obstaclel (1, 1)-oi, Obstaclel (1, 2) +oi.
parenty (Obstaclel (1, 1)-oi, Obstaclel (1, 2)+oi

inf;

inf;
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s(i+l)=s(i)+v¥tf;%Calculate the distance traveled by the vehicle after {the simulation interval
sim(’ lujinggengxin’ ) ;%Using a car model
y0=yout (end, 1) ;%Gets the y-coordinate of the current center of mass
x0=yout (end, 2) ;%Gets the horizontal coordinate of the current center of mass
fai0=yout (end, 3) ;%Gets the heading Angle of the current vehicle
gamaO=yout (end, 4) ;%Gets the vehicle’s current yaw angular velocity
belta0=yout (end, 5) ;%Gets the vehicle’s current centroid Angle
gerror (i+1)=gama0:berror (i+1)=beltal;
x(i+1)=x0;y(i+1)=y0;%Store the center of mass
time(i)=s(i)/20;
-end
s(end)=[1;
values=[x;y];

save(Following.mat’,’ values’)
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Jwhile x0<x1 (end)

i=i+l;

S=sart ((x1-x0). 2+ (y1-y0). '2);

n=find(S==min(S)) ;

11=min(s) ;

ee=atan((yl(n)-yl(n-1))/(x1(n)-x1(n-1))) ;%Calculate the slope at that point
e=ee-fail;%Calculate Angle error

delx=-sin(ee)*(x1 (n) ~x0) +cos (ee) * (y1 (n) ~y0) :%The tracking error is calculated
error (i+1)=delx*0.6;

q(i)=e+atan (k¥delx/u) ;%Calculate the steering angle according to the error
wheel (1)=q (i) %1000;

v=sqrt (u. "2+ (wkbeltal). 2):
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58;k1=80000; k2=80000;u=10; q=0; dt=0. 001; t£=0. 01 ;k=1; 1z=2873;
i%initial position

belta0=0;error=0;gerror=0;berror=0;x=x0;y=y0;%Variable initialization
global x1 yl %Defining global variables

Values=load (' Planning. mat’);

valuesO=Values. valuesl;

valuesl=Values. values2;

values1=[[2:2], valuesl];

values2=valuesl’ ;

values3=unique (values2, rows’ ) ;%Remove duplicate points in the path
values4=values3’ ;

xl=valuesd (L, :);

yl=values4(2, :);
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