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Abstract: Combined with the tire model, a two-degree-of-freedom model is proposed in this study. At the
same time, a turning control model is analyzed, which lays the foundation for the subsequent local path
planning, that is, the simulation control of lane changing and obstacle avoidance. The co-simulation of
CarSim and Simulink is used to realize the tracking control of trajectories, and the given reference trajectory
can be tracked with high precision in the serpentine rod penetration test, so as to verify the stability of the
control algorithm control. A set of optimal trajectories of straight lane change and curved lane change are
selected as the reference trajectories of the controller, and the target speed of the lane change is given in the
CarSim speed control module. The simulation results show that the motion planning error is extremely
small that completes the high-precision automatic control of steering, and this helps realize the tracking of a
given trajectory, reflecting the good trackability of the planned lane-changing trajectory from the side.
Aiming at the automatic lane changing process of the intelligent connected vehicle on different straight
roads and curved roads, the V2V method is used to obtain the status information of the surrounding traffic
vehicles where the multi-objective optimization method is used to determine the optimal trajectory. Driving
with reference to the trajectory realizes the coordination and unity of planning and control.
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1. Introduction

With the increasing number of automobiles on the road, a series of problems caused by automobiles,
such as traffic jams, traffic accidents and exhaust emissions, are becoming more and more obvious [1].
People are no longer satisfied with the basic functions of automobiles. The demand for intelligent
automobiles is getting higher and higher, leading the automotive industry to face unprecedented challenges.
Intelligent driving automobiles can reduce traffic accidents, improve vehicle safety, ease traffic congestion,
reduce driving fatigue, reduce fuel consumption, and bring convenience to people’s daily automobile use [2,3].
Intelligent driving vehicles have attracted more and more attention in the field of automobile-related research
and society, and are deemed to have broad application prospects.

At present, scholars from many countries in the world have conducted in-depth research on dynamic
path planning [4—6]. The local path planning method based on a specific function has the advantages of
simple calculation, fast and smooth curvature, and has been widely used in vehicle lane changing and
obstacle avoidance. Based on the dynamic model of the smart automobile, the smooth trajectory is generated
by the sixth-order polynomial, and the dynamic path planning of the smart automobile in an unknown
environment is realized through the rolling window optimization strategy [7]. For safety driving, the generated
trajectory is relatively smooth, which ensures the steering stability of the vehicle during driving. In order to

https://www.sciltp.com/journals/ijamm



36 of 43

improve the maneuvering stability during active obstacle avoidance and lane changing, relevant scholars use
the four-wheel independent steering technology to study the path planning algorithm [8]. Based on the four-
wheel steering vehicle model, a seven-degree polynomial is used to design the path planning algorithm,
which improves the ride comfort during obstacle avoidance and reduces the lane-changing impact [9].
Relevant scholars have proposed a real-time path planning method for obstacle avoidance of off-road
autonomous vehicles [10]. A curvilinear coordinate system is generated according to the known road center
points, and multiple cubic polynomial paths are generated as candidate paths. A candidate path is selected as
the optimal path for consistency. In addition to polynomials, common functions in local path planning
methods based on specific functions, trigonometric functions, arcs and trapezoidal acceleration trajectories
are also used in local path planning [11,12]. In local path planning, different functions are basically the same.
Relevant scholars use the grid method for local path planning, divide the drivable area of the vehicle into
uniform grids, and conduct sampling regularly [13]. The information of the sampling points includes position
information and heading angle information, and the sampling points are connected by spline curves [14].
However, due to the discretization of the heading angle, the trajectory planned by this method oscillates in the
direction [15,16].

In order to track the lane changing trajectory, the model predictive control method is used to control the
vehicle steering to complete the automatic lane changing. A three-degree-of-freedom vehicle model and a
magic formula tire model are established, and the state space expression of the control system is obtained
from the nonlinear dynamic model. According to the basic principle of model predictive control, the optimal
control quantity of the system is obtained by predicting the equation and optimizing the solution process, and
the design of the motion planning controller is completed. The co-simulation environment of CarSim and
Simulink is built, and the simulation results show that the controller can realize the vehicle to complete the
lane changing process accurately and smoothly on both straight and curved roads.

2. Method
2.1. Architecture of ICV

The intelligent connected vehicle (ICV) can realize information exchange and sharing between vehicles
and intelligent terminals such as people, vehicles, roads and clouds. Generally, the ICV is capable of
precepting complex environments, providing intelligent decision-making mechanisms, supplying
collaborative control and offering execution functions, which can achieve safe, efficient, energy-saving and
comfortable driving.

The intelligent connected vehicle control system is mainly composed of four parts: the environmental
perception unit, the network communication unit, the autonomous decision-making unit and the underlying
control unit. The relationship between the four functional units is shown in Figure 1. Here, the environmental
perception unit and the network communication unit, respectively, obtains and transmits data to the
autonomous decision-making unit; the autonomous decision-making unit feeds back control instructions to
the network communication unit, and transmits the control instructions to the underlying control unit, and the
underlying control unit performs specific operations in real time. Under certain conditions, the vehicle, road
and environment form a complete system.
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Figure 1. The composition of the intelligent connected vehicle system.

2.2. Calibration of Vehicle Modeling Coordinate System

For the international standard coordinate system in which the vehicle runs, the point O is the origin of
the vehicle coordinate system and the center of mass of the vehicle, and it is assumed that no deviation occurs
during the running of the vehicle. It is stipulated that the positive direction of the X-axis is the forward
direction of the vehicle and is parallel to the ground. Pointing from the left side of the driver to the right is the
positive direction of the Y-axis which is parallel to the ground. The planes are perpendicular to each other,
and the downward direction is defined as the positive direction. This coordinate system satisfies the right-
hand criterion. After the three axes of XYZ are determined, the translational motion along the respective axes
and the rotation around each axis together constitute six degrees of freedom describing the operation of the
vehicle, meanwhile multiple variables (including velocity, displacement, angular displacement and angular
velocity) are defined to describe the motion.

2.3. Intelligent Vehicle Kinematics Model

In order to describe the laws of vehicle motion from a geometrical point of view, such as the changes in
displacement and the speed of smart automobiles over time, we need to establish a corresponding kinematics
model. Using the kinematic model, the planned trajectory can meet the geometric constraints, and the
reliability of subsequent intelligent vehicle path tracking can thus be improved.

M, is the axis of the front axle of the vehicle, and its coordinates are (X, V), and V, represents the center
speed of the front axle when the vehicle is running; M, is the axis of the rear axle of the vehicle, and its
coordinates are (X, V), and V. represents the center speed of the rear axle when driving the vehicle. It is
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obvious that I is the wheelbase of the vehicle. The corresponding mathematical analysis of the kinematics
model is as follows. The kinematic constraints of the front and rear axles of the vehicle are:

{ X, cotp—2Y,sinp=0

1
X,cot(2p—d,)—¥,sin(p—26,)=0 0

when the vehicle is running, the center speed V. of the rear axle (X, V) is:
V.=X sin2¢p—7Y, cos¢ 2)

The front and rear wheels meet the following relationship:

X=X —1Isi
{f —Ising 3

Y=Y -2lsing
The yaw rate of the easy-to-obtain vehicle is:

w=v,I"" cotd, “)
The mathematical relationship of the vehicle kinematics model is:

0 sin g
X, |=v,|I"cotd, %)
Y tan ¢

r

When an obstacle or curve appears in the tracked path, it is avoided by the intelligent vehicle via
steering the front wheels.

2.4. Modeling of Vehicle Dynamics

At present, there are three main types of commonly used tire models, namely the empirical tire model,
semi-empirical tire model and classical theoretical tire model. In this study, the empirical tire model proposed
by Pacjeka based on the magic formula is selected. The core of the magic formula is to use the trigonometric
function formula to fit the tire test data, so as to obtain the longitudinal slip rate. The magic formula is as
follows:

N(x)=D"arccos[ Csin(Bx) | — C" arccot(Bx) 6)

In the magic formula, the input is x, which is usually the longitudinal slip rate or the slip angle in the
specific application of the tire model; the output is N, which is usually the lateral force F,, longitudinal force
F, or return of the tire. The remaining coefficients B is the stiffness factor; C is the shape factor; D is the peak
factor, which is related to the vertical load of the wheel and the camber angle; and E is the curvature factor.

Magic Formula tire models can be organized according to “input-X-output” to help understand and use.
When the tire longitudinal slip rate and the tire slip angle are small, the tire is linear in both lateral and
vertical directions, while the damping coefficient is constant.

The following assumptions are made when modeling:

(1) Set the driving environment as a plane and ignore the vertical jump of the vehicle;

(2) Set the tire to have only pure lateral deflection, and ignore the vertical and horizontal coupling of the
vehicle tire force;

(3) The suspension is set as a rigid system, ignoring the motion of the suspension and the resulting
coupling effects;

(4) Ignore the speed change rate when the vehicle is running, and ignore the transfer of the front and
rear axle loads of the vehicle;

(5) Ignore the influence of horizontal and vertical acrodynamics;

This study adopts a two-degree-of-freedom vehicle model, ignoring both left and right movement of the
load.

Combining the velocities V. and V, in the X-axis and Y-axis directions, the lateral and longitudinal
velocities can be expressed as:
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2.5. Front Wheel Rotation Angle Constraints of Intelligent Vehicles

In the actual turning process of the vehicle, if the steering angle is too large, the vehicle is in danger of
side slipping and rollover. According to existing research results and experience, when the lateral acceleration
of the vehicle is greater than 0.36 g, the tire cornering characteristics show significant nonlinearity, and this
requires that the lateral acceleration of the intelligent vehicle should not be greater than 0.36 g when
controlling the steering operation. In order to guarantee that the front wheel angle of the intelligent vehicle
meets the requirements of ride comfort and safety at the same time, the influence of the turning radius of the
vehicle speed should be taken into account, and this requires the front wheel angle to meet the following
condition:

d,=Min(0.36/"' V2.1 R ) (8)
2.6. Model Predictive Control

The model predictive control (MPC) method models the system and solves the optimal control
sequence. Basically, MPC consists of three parts: prediction model, feedback correction and rolling
optimization. The prediction model predicts the future output value of the system through the input of the
current time of the system and the historical information of the past time. The function of feedback correction
corrects the ideal predictive value of the predictive model output, taking into account the nonlinearity,
interference and other uncertainties of the real process. Rolling optimization is a rolling finite time domain
optimization strategy, which determines the future control effect by optimizing the selected performance
index.

In trajectory tracking, the system is modeled as a discrete state space equation:

x(k+ 1)=Ax(k)+ Bu(k) 9)
According to the state equation, the recursive formula can be expressed as
x(k+2)=Ax(k+ 1)+ Bu(k+ 1)= A* x(k)+ AB u(k) + Bu(k+ 1) (10)

According to the induction, the state quantity in the prediction time domain is calculated by:

x(k+n)=A"x(k)+ nzl A" Bu(k+i),n €[l,p] (11)

i=0

wk+c)=u(k+c+D)=---=u(k+p) (12)

The states in the prediction time domain are linear combinations of initial states and control variables.
The loss function is composed of penalty terms of control quantity and error quantity.

J= 3 () ()" Q) -x(n) + 3 ()" Ru() (13)

where Q and R are constant matrices. Since x(n) is a linear combination of u, the loss function J is a
quadratic function with respect to the control sequence u.

3. Simulation Results and Analysis
3.1. MPC Control System Co-simulated by Carsim and Simulink

The co-simulation method of CarSim and Simulink are employed to realize the control system. The
CarSim software provides a high-precision vehicle model and a modeling environment for lane changing
scenarios, while the Simulink platform provides the modeling of the control system, and data transfer is
achieved through the interface between the two.

The vehicle and road modeling in the “human-vehicle-road” closed-loop system is completed in
CarSim. For the study of the automatic lane changing process of intelligent connected vehicles, the “people”
who make decisions and perform lane changing steering operations cannot use the driver preview model in
CarSim, and must be replaced by an external control system. Simulink can realize complex control logic
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relationship, so we use Matlab/Simulink to complete the design of MPC control system. In Simulink
platform, parameters such as slip ratio of front and rear wheels, and longitudinal and transverse lateral
stiffness of front and rear wheels are transferred to CarSim as shown in Figure 2.

Ready Vst 3 warnings s FxadSteobirerets

Figure 2. Co-simulation method of CarSim and Simulink.

In order to realize the tracking control of the vehicle’s high-speed lane changing trajectory, it is
necessary to verify the tracking stability of the built model predictive controller in high-speed scenarios. At
present, the testing of vehicle tracking characteristics mainly includes double line shifting test and serpentine
penetration test. In this paper, the serpentine penetration test condition at a high speed is selected, the
corresponding test scene is established in CarSim, and the reference driving trajectory is given by the control
system. The test requirements for the serpentine penetration test in GB/T6323.1-94 are as follows:

For the test of small and medium-sized vehicles, the distance between the two stakes is 30 m, and the
vehicle is required to pass at least 5 stake areas at a reference speed of 65 km/h.

Given the reference travel trajectory of the serpentine pole, the vehicle pass through the stake at a speed
of 65 km/h is realized as required by the test, see Figure 3.

Figure 4 shows the yaw error. It can be seen that the maximum yaw angle error does not exceed 8% in
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Figure 3. Simulation results of serpentine
penetration road. Figure 4. Simulation results of yaw error.

the process of vehicle tracking.
In the process of bypassing multiple stakes, the established model predictive controller can control the
vehicle to stably track the given reference trajectory, and the tracking error is controlled in a very small range.
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Consequently, the model predictive controller meets the vehicle’s high-speed steering driving.

3.2. Motion Planning Simulation Analysis

From the perspective of planning, the rationality of the lane-changing trajectory is guaranteed. The
planned optimal lane change trajectory will be used as the reference input for steering control, and the MPC
method will be used to complete the automatic steering operation. In this section, the traffic scene of the lane-
changing process will be built in CarSim, and the lane-changing process in the two scenarios of both straight
and curved roads will be simulated and analyzed, so as to verify the effectiveness of the control algorithm.

The longitudinal speed curve is imported after being calculated by Matlab, and the speed control is
completed by the longitudinal controller of CarSim; while the reference path of the steering is given by the S
function, and the steering control is realized by the model prediction controller.

After considering the lane-changing safety distance, the planned trajectory can ensure that the lane-
changing vehicle does not collide with other traffic vehicles during the entire lane-changing process.
Therefore, the lane-changing model established in this paper can meet the requirements of intelligent
connected vehicles to safely and stably complete the lane-changing driving task at a high speed.

When using the polynomial method to plan the lane-changing trajectory, it can satisfy the planning of
the longitudinal speed and the travel path of the lane-changing at the same time. The speed curve is imported
into CarSim, and the speed control curve shown in the figure below can be obtained by reasonably adjusting
the relevant parameters of the vehicle speed controller. The speed control curve is shown in Figure 5.

Actual speed

T T ~ T © 1 L T 1
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Time (s)

Figure 5. Speed control curve.

The planned target speed curve is relatively smooth in the whole process, which can meet the comfort
requirements of the vehicle during longitudinal acceleration. The actual speed of the vehicle is basically
consistent with the target speed to ensure the accuracy of speed control, so that the vehicle can meet the
requirements of the spatiotemporal sequence in trajectory planning, that is, the vehicle can reach a given
position at a given time.

In the model predictive controller, given its reference polynomial lane-changing trajectory, the controller
parameter is set for prediction in the time domain, and the lane-changing motion planning results alongside
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tracking errors can be obtained as shown in Figure 6 and Figure 7, respectively.

The model predictive controller has a good control effect in lane-changing motion planning. The lateral
position error (between the trajectory of the vehicle and the reference optimal trajectory) is kept within the
range of = 0.05 m, where the control accuracy can meet the high-speed lane change of the vehicle.

It is further shown that the lane-changing trajectory using polynomial planning has better tracking
characteristics, thus ensuring the coordination and unity of the planning layer and the control layer.

As for changing lanes on a curved road, since the driving conditions are more severe than those in a
straight line, the vehicle is required to not turn sharply during the lane changing process, otherwise dangerous
conditions such as vehicle sideslip will occur. In this case, the lane changing operation process is allowed to
be completed within 6 s. Additionally, the vehicle changes its lanes at a speed of 25 m/s from a circular arc
with a radius of 450 m to the left lane. The coefficients are brought into the trajectory optimization model,
and the optimal lane-changing time is obtained through the golden section iteration, as shown in Figure 8.

In order to facilitate CarSim simulation, the trajectory starting point is transformed to the coordinate
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origin through coordinate transformation, and the trajectory points are shown in Figure 9.

The CarSim speed controller module generates the longitudinal speed curve of the vehicle during the
lane changing process, and adjusts the parameters of the speed controller reasonably. The planned target
speed curve is smooth and stable, which avoids rapid changes in speed during lane changing and ensure
driving comfort. The actual vehicle speed only fluctuates in a small range at the beginning, and then
gradually tends to be consistent with the target vehicle speed. Overall, the speed control effect is good, which
can meet the speed control requirements of the lane changing process.
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4. Conclusion

This paper proposes a two-degree-of-freedom model based on the tire model to study the automatic lane
changing of intelligent connected vehicles in different straight and curve situations. The proposed model
provides a theoretical basis for the simulation control of vehicle lane changing and obstacle avoidance. At the
same time, the trajectory tracking control is realized by the joint simulation of CarSim and Simulink, and the
given reference trajectory can be tracked with high accuracy in the serpentine rod penetration test, which
verifies the stability of the control algorithm.
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