
 

 
 
 
 

Duan, X., Wang, Q., Tian, D., Zhou, J., Wang, J., Sheng, Z., Zhao, D.  and Sun, 
Y. (2021) Implementing Trajectory Tracking Control Algorithm for Autonomous 
Vehicle. In: 4th IEEE International Conference on Unmanned Systems (ICUS 2021), 
Beijing, China, 15-17 Oct 2021, pp. 947-953. ISBN 9781665438858  

(doi: 10.1109/ICUS52573.2021.9641133) 

 

This is the Author Accepted Manuscript.  

 

© 2021 IEEE.  Personal use of this material is permitted.  Permission from IEEE must 
be obtained for all other uses, in any current or future media, including 
reprinting/republishing this material for advertising or promotional purposes, creating 
new collective works, for resale or redistribution to servers or lists, or reuse of any 
copyrighted component of this work in other works. 

 

There may be differences between this version and the published version. You are 
advised to consult the publisher’s version if you wish to cite from it.  

 

http://eprints.gla.ac.uk/256996/ 

 

Deposited on: 13 October 2021 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Enlighten – Research publications by members of the University of Glasgow 
http://eprints.gla.ac.uk  

http://dx.doi.org/10.1109/ICUS52573.2021.9641133
http://eprints.gla.ac.uk/256996/
http://eprints.gla.ac.uk/


XXX-X-XXXX-XXXX-X/XX/$XX.00 ©20XX IEEE 

Implementing Trajectory Tracking Control 

Algorithm for Autonomous Vehicle 

1st Xuting Duan  

School of Transportation Science and 

Engineering 

Beihang University 

Beijing, China 

duanxuting@buaa.edu.cn 

4th Jianshan Zhou 

School of Transportation Science and 

Engineering 

Beihang University 

Beijing, China 

jianshanzhou@foxmail.com 

7th Dezong Zhao 

James Watt School of Engineering 

University of Glasgow 

Glasgow, U.K. 

Dezong.Zhao@glasgow.ac.uk 

2nd Qi Wang 

School of Transportation Science and 

Engineering 

Beihang University 

Beijing, China 

qiwang@buaa.edu.cn 

5th Jian Wang 

School of Transportation Science and 

Engineering 

Beihang University 

Beijing, China 

07248@buaa.edu.cn  

8th Yafu Sun 

China TransInfo Technology Co., Ltd 

Beijing, China 

sunyafu@ctfo.com 

3rd Daxin Tian* 

School of Transportation Science and 

Engineering 

Beihang University 

Beijing, China 

dtian@buaa.edu.cn 

6th Zhengguo Sheng 

Department of Engineering and Design 

University of Sussex 

Brighton, U.K. 

z.sheng@sussex.ac.uk 

Abstract—This paper adopts the lateral and longitudinal 

control decoupling strategy to study the control algorithm of 

automated driving systems. The Frenet-frame is used for 

lateral control. According to the lateral error and heading error 

of the self-driving vehicle and the reference path, the model 

predictive control (MPC) is used to realize the lateral control of 

the self-driving vehicle to complete the tracking of the target 

trajectory. Longitudinal control is separated into two modes: 

speed control and tracking control. According to the driving 

environment of autonomous vehicles, a decision-making control 

strategy is designed to achieve smooth switching of the 

controller for the two control modes. The speed control mode 

uses the proportional-integral-derivative (PID) controller to 

realize the speed tracking control of the reference speed or the 

driver's setting. The following error model is established for the 

tracking control mode, and the Linear-Quadratic-Regulator 

(LQR) controller is used to realize the distance control of the 

vehicle in front. Finally, the algorithm is validated based on the 

ROS-CoppeliaSim simulation platform and field testing of 

autonomous vehicles in the actual tournament. The results show 

that the lateral and longitudinal decoupling algorithm has a 

good control effect, environmental adaptability, and stability. 

Keywords—vehicle control, Frenet-frame, MPC, LQR, 

distance control 

I. INTRODUCTION  

A. Motivation 

Autonomous vehicles have made significant progress in 
the last few decades, thanks to the rapid development of 
sensors, computers, and control technology software and 
hardware. Their related technologies have been widely used 
in production, transportation, mining, military, agriculture, 
and other fields.  The key technologies of autonomous 
vehicles mainly include environment perception, behavior 
decision-making, path planning, and trajectory tracking. As 
one of the core technologies of autonomous vehicles, 
trajectory tracking is a prerequisite for automatic driving.  In 

this paper, we investigate the autonomous driving trajectory 
tracking control algorithm in a constrained environment. The 
purpose is to simplify the composition of the autonomous 
driving system so that the control module can share some of 
the decision-making content to work efficiently and reliably 
in application scenarios, such as logistics distribution in closed 
parks and intelligent connections. Autonomous patrol and 
security checks are examples of application scenarios as well. 
In these scenarios, the task is generally a straight line, and the 
surroundings with few traffic participants are relatively simple. 
As a result, we reduce the complexity of the decision-making 
system and share the task from the control aspect. Furthermore, 
to ensure safe driving on fixed roadways, we decouple the 
control laterally and longitudinally and switch the state in the 
longitudinal control. Figure 1 illustrates the control 
architecture. 

The main contributions of this article are summarized as 
follows:  

• Decoupling the control module in the automatic 
driving system. The longitudinal control is based on 
the Frenet-frame to establish a vehicle lateral 
tracking error model. The vehicle kinematics model 
is used to design the MPC to optimize the turning 
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Fig. 1.  Schematic diagram of control architecture. 
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angle in different scenarios to realize the reference 
path for complex curvature changes.  

• The speed control and distance control are switched 
according to the vehicle operating environment in the 
longitudinal control. The LQR controller is designed 
for the distance control state. The distance and 
curvature information of the reference trajectory is 
used to obtain accurate vehicle spacing to achieve 
stable follow-up to the target state. 

The remains of the paper are organized as follows: Part II 
introduces the model establishment and controller design of 
the lateral control algorithm. Part III introduces the 
longitudinal control strategy and the design of the speed 
controller and distance controller. Part IV is based on a 
simulation platform and an actual vehicle for verification. 
Finally, we conclude this paper. 

B. Related work 

The technology of trajectory tracking control is an 
essential element in the automatic driving system. Its primary 
function is to determine the steering, driving, and braking 
commands that allow the intelligent car to track the trajectory 
accurately based on the trajectory generated by the planning 
layer. When a vehicle’s motion is decoupled, it could be 
classified into two types of control: lateral motion control and 
longitudinal motion control [1-3]. 

Current research on the lateral control of intelligent cars is 
divided into geometric theory and model predictive control 
theory. Many control techniques can be regarded as 
extensions of these two theories. Pure pursuit tracking 
algorithm and Stanley algorithm are two famous methods for 
path tracking control of unmanned vehicles based on 
geometric models[4-5]. Scholars from Carnegie Mellon 
University proposed the pure pursuit path tracking algorithm 
for robotics’ path tracking control [4]. This method selects a 
preview point ahead of the path and draws a tangent arc 
between the current position and the preview point. The arc is 
tangent to the direction of the vehicle's body. According to the 
Geometric Vehicle Model, users can calculate the front wheel 
angle corresponding to the arc radius and use it as the control 
variable input. The tracking stability of the above algorithm 
has a strong dependence on the preview distance, and it is 
difficult to find a suitable value, and the algorithm is based on 
a simple geometric model and ignores the motion 
characteristics of the vehicle. Therefore, a large tracking error 
will occur during steering driving in a high-speed scene, so it 
is often used in a low-speed driving scene. The method based 
on model predictive control considers the motion 
characteristics of the vehicle, the constraints of the actuator, 
and the comfort constraints, etc., which can ensure stable and 
safe driving in the face of complex driving loops. GONG et al 
[6]. explained in detail how to use model predictive control 
methods in the tracking and control of autonomous vehicles 
from the two directions of vehicle kinematics and dynamics. 
Kuhne et al[7]. established a model for the kinematics of a 
mobile robot, obtained a linear discrete system state space 
model, and used the model predictive control algorithm for 
simulation tests to verify the trajectory tracking algorithm.  
FALCONE et al. designed predictive control based on 
nonlinear models and linear time for driverless vehicle lane 
change scenarios on low-attachment roads [8].  

The PID control method is the most widely used in the 
longitudinal motion control of unmanned vehicles. Its main 

benefit is that it is simple and practical, On the theoretical level, 
proper adjustment of PID parameters based on the model will 
surely achieve good results. However, eliminate the impact of 
system parameter uncertainty and external disturbance on the 
longitudinal control performance[9]. The intelligent PID 
technique is used to correct for unmodeled dynamic features 
in the longitudinal control of the vehicle start-stop condition 
[10]. HANG et al. from Tongji University created an adaptive 
vehicle speed control rule by combining an RBF neural 
network with sliding mode control [11].Model predictive 
control is capable of dealing with multi-variable constrained 
optimal control problems and has a wide variety of 
applications. The nonlinear model predictive control was 
integrated to design a vehicle speed tracking controller [12]. 
In addition, some passenger automobiles are outfitted with 
advanced driving assistance systems recently. Adaptive cruise 
control is one of them that has received much attention from 
academics worldwide [13-20]. The vehicle employs 
intelligent decision-making algorithms to achieve 
standardized automatic following behavior. The driver just 
needs to manage the direction, which substantially lowers the 
driver's workload. 

II. LATERAL CONTROL 

A. System Modeling and Problem Statement 

The reasonable selection of vehicle models is significant 
to realizing better path tracking effects for unmanned vehicles 
based on model predictive control. However, the reasonable 
selection here needs to consider the model's complexity, 
accuracy, and difficulty, and the complexity varies with the 
model. As the accuracy increases, overly complex models will 
not only take up a lot of computing resources but also provide 
the difficulty of optimization. As a result, it will be 
challenging to ensure the real-time performance of the control 
algorithm based on different application scenarios and 
platform computing capabilities. 

This article focuses on vehicles and mobile robots with 
Ackerman steering structures in low-speed scenes. Because 
they are driving at low speeds on good roads, they do not need 
to consider vehicle handling stability and dynamics. Based on 
the kinematics model from Researching the law of motion 
from the perspective of geometry and designing a path 
tracking controller can achieve low model complexity, 
convenient optimization and accuracy, and a better path 
tracking effect. 

Based on the Frenet-frame to build a tracking error model 
as shown in figure 2. 

 

Fig. 2. Coordinitiong definition for path following task. 
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With reference to Fig. 2, assuming that the coordinates of 
the autonomous vehicle under the global path point are(x, y), 
the reference path is given by a series of discrete coordinate 
points defined by the planning module or implementation, 𝐿 
represents the wheelbase of the autonomous vehicle, and 𝛿 
represents the vehicle front-wheel turning angle, Ψ represents 
the heading angle, 𝑉  represents the vehicle speed, 𝐿𝑎 
represents the lateral error, Ψ𝑡  represents the angle between 
the tangent of the reference path point and the X-axis, and S 
represents the arc length parameter along the path. 

Define the heading error Ψ𝑒 = Ψ − Ψ𝑟, the instantaneous 
curvature of the reference path is 𝑘(𝑠), and the relationship is 
as follows[21]:                            

 k(s) = 
dΨr

ds
 (1) 

 Ψ̇r = k(s)ṡ (2) 

which implies: 

 ṡ = Vcos(Ψ
e
) + Ψ̇rLa (3) 

 L̇a = Vsin(Ψe) (4) 

 Ψ̇e = Ψ ̇ - Ψ̇r (5) 

 
Ψ̇e = 

Vtan(δ)

L
 - 

k(s)Vcos(Ψe)

1-k(s)La

 . (6) 

Combine the above equations, and we get: 

 

[
L̇a

Ψ̇e

] = [

sin(Ψe)

tan(δ)

L
 - 

k(s)cos(Ψe)

1 - k(s)La

] V . (7) 

For the heading angle deviation, use the small-angle 

assumption 𝑠𝑖𝑛(Ψ𝑒) = Ψ𝑒，𝑐𝑜𝑠(Ψ𝑒) = 1, and let 𝑘(𝑠)𝐿𝑎 =
0, we get: 

 

[
L̇a

Ψ̇e

] = [
0 V

0 0
] [

La

Ψe
] + [

0
V

Lcos2δr

] δ + [
0

-Vk(s)
] . (8) 

Let x=[La Ψe]
T, 𝑢 = 𝛿 The vehicle error model can be 

expressed as: 

 ẋ = Ax + Bu + z . (9) 

Further, adopt the forward Euler method for discretization 
processing to obtain the discrete system state equation: 

ẋ(k) = Ax(k) + Bu(k) + z(k) = 
x(k + 1) - x(k)

T
 

 x(k + 1) =(AT + E)x(k) + BTu(k) + Tz(k) (10) 

where 𝐴𝑘 = (𝐴𝑇 + 𝐸) = [
1 𝑉𝑡
0 1

] ； 𝐵𝑘 = 𝐵𝑇 =

[
0

𝑇𝐿𝑐𝑜𝑠2𝛿𝑟
] ;   𝑧𝑘 = 𝑇𝑧(𝑘) = [

0
−𝑉𝑘(𝑠)𝑇

] , and T is the 

sampling time. 

B. Path Tracking Controller Design 

The design of the objective function is an essential part of 
the model predictive controller, which is mainly designed 
according to the requirements of the control system for control 
indicators. For example, for the model predictive controller 
for path tracking, it is hoped that the control system can enable 
the robot chassis to quickly and smoothly catch up Target path. 

J(k)= ∑‖y(k+i|k)‖
Q

2

Np

i=1

+ ∑ ‖u(k+i|k)-ur(k+i|k)‖𝑅
2

NC-1

i=1

 (11) 

Among them, 𝑁𝑃  is the prediction horizon, and 𝑁𝐶  is the 
control horizon. 

According to the model to construct the prediction 
equation to predict the future output of the vehicle: 

 𝑌=ζx(k) + ΘU + Z (12) 

where 

𝑌 =

[
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U= [

u(k|k)

u(k+1|k)
⋮

u(k+NC-1|k)

]

Nc×1

 

 

Z=

[
 
 
 
 
 

z(k)

Akz(k)+z(k)

Ak
2z(k)+Akz(k)+z(k)

⋮

A
k

Np-1
z(k)+A

k

Np-2
z(k)+…+Akz(k)+z(k)]

 
 
 
 
 

Np×1

 . 

According to the "prediction equation", it can be seen that 
the current state quantity x(k|k)  and the control quantity 
u(k|k)  of the system can be calculated to obtain the state 
quantity and output quantity in the predicted horizon. 

Suppose E=ζx(k) + Z and put the prediction equation into 
the optimization objective function: 

J = YTQ
Q

Y + (U - Uref)
TRR(U - Uref) 

   = (E+ΘU)TQ
Q
(E+ΘU)+(U - Uref)

TRR(U - Uref) 

   = UT (ΘTQ
Q

Θ + RR) U + 2 (ETQ
Q

Θ - Uref
T RR) U 

       + (ETQ
Q

E + Uref
T RRUref) . 

(13) 

In the formula, Q
Q
 = INP

⨂Q, RR = INP
⨂R, ⨂ represents 

the Kronecker product, and (𝐸𝑇𝑄𝑄E + U𝑟𝑒𝑓
𝑇 𝑅𝑅𝑈𝑟𝑒𝑓)  has 

nothing to do with the control quantity, so in the optimization 
solution, it can be ignored, and the cost function can be 
expressed as: 

 J=UT (ΘTQ
Q

Θ+RR) U + 2 (ETQ
Q

Θ-Uref
T RR) U . (14) 

In order to facilitate the solution, the optimization problem 
of model predictive control is transformed into a standard 
quadratic programming problem,  

set H = Θ𝑇𝑄𝑄Θ + 𝑅𝑅, 𝑓 = 𝐸𝑇𝑄𝑄Θ − U𝑟𝑒𝑓
𝑇 𝑅𝑅, 



 
𝐽 = 2 (

1

2
𝑈𝑇𝐻𝑈 + 𝑓𝑇𝑈) . (15) 

The system constraints are: 

umin ≤ u(k) ≤ umax, k = 0,1,⋯,NC-1 

After conversion 

 
min  J = 

1

2
UTHU + fT

U (16) 

s. t.  Umin ≤ U ≤ Umax . 
After the optimization solution, a series of control variables in 
the control time domain is obtained 

U=[u(k) u(k+1) ⋯ u(k+NC-1)]T 

III. LONGITUDINAL CONTROL 

A. Control Strategy 

When there is no target vehicle in front of the autonomous 
vehicle, or the actual distance between the target vehicle and 
the self-driving vehicle is greater than the expected safety 
distance, the system enters the speed control mode and cruises 
at the reference speed on the waypoints. The system enters the 
tracking control mode when there is a target vehicle in front 
of the autonomous vehicle, and the actual distance between 
the two vehicles is less than the set safe distance S (Figure 3). 
The autonomous vehicle's braking is controlled when the 
target vehicle slows down to avoid rear-end collisions. When 
the target vehicle accelerates, the autonomous vehicle will 
soon follow and accelerate to the same speed (the target 
vehicle speed does not exceed the set cruising speed vmax). 
After the vehicle speed surpasses the indicated maximum 
speed, the current speed should be maintained at a constant 
level. 

 

Fig. 3. Schematic diagram of longitudinal movement. 

This strategy is based on a fixed-time headway model: v 
represents speed, a represents acceleration, subscripts p and h 
represent the preceding and autonomous vehicles, 
respectively. S  represents the conditions for switching 
between the speed control mode and the tracking control mode. 
The conditions are set and affected by the system and Limit 
the performance of the sensor. When the distance between two 
cars in the same lane is less than S, the system switches to the 
tracking control mode. At this time, it is expected to maintain 
a distance of  𝐒𝒕 from the preceding vehicle. 

 St = VPτ + d0 (17) 
 

where 𝝉 is the time headway and 𝒅𝟎 represents the distance 
between the front and rear cars that should be maintained after 
parking. 

B. Controller Design 

The control objective in speed control mode is to track the 
speed on the reference trajectory of the vehicle or to drive at 
the cruise speed set by the system. This section builds a PI 
speed controller based on PID theory to calculate the desired 

acceleration so that the controlled vehicle speed tends to the 
set speed, 𝑉𝑠𝑒𝑡 , as follows: 

 
ades = Kp(Vset -  vh) +  Ki ∫ (Vset - vh)dt 

t

0

. (18) 

In the formula: 𝐾𝑝 is the proportional gain coefficient, 𝐾𝑖  is 

the integral gain coefficient, 𝑉𝑠𝑒𝑡  is the target vehicle speed, 
and 𝑣ℎ is the vehicle speed. 

When designing distance control, first consider 
longitudinal following performance and safety to ensure that 
the vehicle can safely follow the vehicle in front when the 
vehicle is following the control. Car-following performance 
shows that the distance between two cars is reasonable during 
the follow-up process. There will be no congestion and 
reduced traffic efficiency due to excessive distance. Safety 
requires that the vehicle's following distance cannot be too 
small to prevent the vehicle from being difficult to brake in 
time under dangerous conditions. Based on the above analysis, 
in the distance control process, the method based on the fixed 
period is used to determine the safe distance to the vehicle in 
front. It is worth noting that, unlike the traditional adaptive 
cruise, it uses the information on the reference path to match 
the sensor-based vehicle position to the reference path to 

obtain the relative distance further S𝑡 of the vehicle during the 
driving process, as shown in Figure 4.  

 

Fig. 4. Schematic diagram of the relative position of the vehicle. 

The longitudinal relationship between vehicles is shown in 
the following formula: 

 S =  S𝑝 − Sℎ  . (19) 

In the above formula, S𝑝  and Sℎ  are the positions of the 

vehicle ahead and the autonomous vehicle in the same lane in 
the path coordinate system. 

State space equation: 

 �̇� = 𝐴𝑥 + 𝐵𝑢 + 𝐺𝑤 (20) 

where: 

x= [
x1

x2
] = [

St-S

vp-vh
] 

u = ades   w = ap 

S

Sₜ  Vₕ  aₕ   Vₚ   aₚ   

S

Sₜ 

 Vₚ   aₚ   

 Vₕ  aₕ  

Sₕ  

Sₚ 



A = [
0 -1

0 0
] , B = [

0

-1
] , G = [

τ

1
] . 

Further get the discrete state equation: 

 x(k+1) = Atx(k) + Bt(k) + Gtw(k) . (21) 

where 𝑢 = −𝐾𝑥, the cost function: 

 
J = 

1

2
∑[(xT

(k)Qx(k) + uT(k)Ru(k)]

∞

0

 (22) 

where Q and R are the weighting matrices. 

IV. ALGORITHM VERIFICATION 

A. Simulation 

In order to test the proposed path tracking controller, the 
high-fidelity software package CoppeliaSim is used to realize 
the high-precision model of the unmanned vehicle, and 
simulations are carried out in different scenarios. The overall 
simulation environment is a collaborative system that includes 
the CoppeliaSim simulation platform and is combined with 
ROS. Add motion constraints to the mechanical joint points of 
the high-precision vehicle model on the CoppeliaSim 
simulation platform to form a front-wheel steering rear-wheel 
drive smart car model with Ackerman steering capability; add 
GPS and IMU sensors and write feedback in its script file. The 
vehicle model's real-time position, speed, and attitude 
information interface in the simulation environment 
communicate with ROS. 

In order to test the control performance of the lateral path 
tracking controller and the rationality of the system design, the 
design of simulation scenario 1 is shown in Figure 5: Blue and 
red static obstacles are used to form a 3-meter-wide 8-shaped 
road. The static obstacles on the left and right sides and the 
vehicle model are all set with collision attributes. When the 
vehicle touches the obstacles on both sides, it cannot move 
forward. The center path is the desired path, composed of two 
circles with a diameter of 18.25m tangent to the coordinate (15, 
0). In the experiment, the vehicle accelerates from a stationary 
state to 5m/s from the starting position (-5, 0) and then 
longitudinally enters the figure-8 at a constant speed. First 
rounds the right circle and then cuts into the left circle at the 
tangent point and travels one round. Then drive out 
longitudinally at the tangent point. The wheelbase of the 
vehicle model is 1.54m, and the left and right wheelbase is 
1.10 m. The simulation result is shown in Figure 6. 

In simulation, the prediction step length and control step 
length in the model predictive control algorithm are 
particularly important. It should be ensured that the prediction 
step length is not less than the control step length  Nc ≤ Np. 

The larger the selected prediction step length, the more 
considerable information about the future vehicle dynamics. 
However, better tracking performance can be obtained. On the 
other hand, a more extensive prediction range means that the 
calculation time of MPC is longer. Theories and experiments 
show that in the model predictive control algorithm, if the 
control step is larger, it is easier to obtain a smoother control 
effect. Therefore, the selection of prediction step length and 
control step length is essentially a trade-off between tracking 
performance and real-time calculation results. In summary, 
select the prediction step length and control step length as Np 

= 70 and Nc= 50. The minimum and maximum steering wheel 
angle is limited to ±0.61(rad).  

 

Fig. 5.  Fixed curvature road scene. 

Experiment 1 mainly verifies the controller to test the 
tracking effect of the controller when the straight road changes 
to a curve and the curve changes to a straight road. Compared 
with the reference path, the tracking effect of the vehicle is 
shown in figure 6(a): 

 

(a) Position 

 

(b) Lateral deviation 

 

(c) Yaw deviation 



 

(d) Steering wheel angle  

Fig. 6.  Simulation results for experiment 1. (a) Position. (b) Lateral deviation. 

(c) Yaw deviation. (d) Steering wheel angle. 

Note: The sudden changes at 10s, 40s, and 73s in the above 
result graph are caused by errors when the vehicle passes 
through the tangent point of the two circles and selects the left 
and right circular paths, and has nothing to do with our control 
algorithm (the work will be improved later). Figure 6(a) shows 
that the vehicle can accurately track the reference trajectory. 
The lateral error can be observed in Fig. 6(b). The maximum 
lateral error is no more than 0.2m. The heading error can be 
observed in Fig. 6(c). Again, the maximum error is not more 
than 0.1rad. 

Based on experiment 1, in order to verify the tracking 
effect of the designed path tracking controller when facing a 
path with variable curvature, experiment 2 is designed. As 
shown in Figure 7, a reference path with continuous curvature 
is set on an analog map 120 meters long and 100 meters wide. 

 

Fig. 7.  Continuously variable curvature road. 

The lateral tracking algorithm still has a good tracking 
effect on the road with continuous curvature, as shown in 
Figure 8. 

B. Real vehicle 

The longitudinal control algorithm is directly deployed on 
the actual vehicle for verification, as shown in Figure 9. The 
control algorithm in this article was used to participate in the 
"2021 World Intelligent Driving Challenge" held in Tianjin, 
and our team won the bronze medal. The participating vehicle 
includes light sensors such as lidar, camera, radar, GPS, etc. 
Based on the high-definition map provided by the race group, 
the company can drive safely under the restriction of 17 scene 
rules such as starting, changing lanes, following, parking, and 
V2X. 

 

Fig. 9. Algorithm verification platform. 
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Fig. 8. Simulation results for experiment 2. 
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Fig. 10. Results for longitudinal control.  (a) Velocity. (b) Distance between 

front and rear vehicles. (c) Acceleration. 

We selected the real-time data of one of the scenes. From 
Figure 10, we can see that the autonomous vehicle can follow 
the speed change of the preceding vehicle in time, and the 
calculated acceleration is within an appropriate range while 
maintaining a stable and safe distance from the preceding 
vehicle. In the period of 23s-44s, the effect of follow-up and 
stop-and-go was achieved, and the experimental results met 
the design requirements. 

V. CONCLUSION  

This article studies the longitudinal and lateral trajectory 
tracking control of autonomous vehicles. The specific 
research conclusions are summarized as follows: for lateral 
control, the model based on Frenet-frame tracking error paired 
with the MPC controller offers a superior control effect. The 
speed control and distance control state switches in the 
longitudinal control can be used to track the trajectory in the 
longitudinal direction. In addition, by mapping the vehicle on 
the path coordinates, the relative position of the front and rear 
vehicles can be accurately determined, substantially 
improving the longitudinal tracking ability. 
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