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Abstract: In order to solve problems of poor stability and large trajectory-tracking errors
when intelligent vehicles are travelling at different speeds, when working conditions that
require obstacle avoidance are not taken into account in the trajectory-tracking process,
an obstacle avoidance re-planner adaptive trajectory-tracking controller is proposed. For
this obstacle avoidance trajectory re-planner, the prediction model is calculated based
on the vehicle point mass model, an objective function utilizing the obstacle avoidance
function is designed, and finally the obstacle avoidance trajectory is output using a fifth-
degree polynomial fitting. For the trajectory-tracking controller, 138 sets of valid data are
screened from 300 sets of offline simulation experiments, and the optimal combinations
of different vehicle travel speeds and predicted time domains are obtained using grey
correlation analysis, and each set of speeds and predicted time domains are fitted using
Fourier approximation to design the adaptive parameter model. Using CarSim/Simulink
co-simulation, simulation results comparing obstacle avoidance performance and trajectory-
tracking performance between the fixed time-domain controller and the controller designed
in this paper show that the control accuracy of the controller designed in this paper is
improved by 19.9% and the solution speed is increased by 15% at 50 km/h speed; at
100 km/h speed, the maximum traverse angle deviation and maximum lateral deviation
are reduced by 0.5% and 26.9%, respectively. In the multi-obstacle environment, the
controller is able to achieve obstacle avoidance, and the lateral deviation, traverse angular
velocity, and centre-of-mass lateral deviation are all better than those of the fixed time-
domain controller. It can be seen that the controller designed in this paper is more stable
and has better tracking performance when considering obstacle avoidance.

Keywords: autonomous driving; trajectory planning; adaptive model predictive control;
trajectory-tracking controller design; obstacle avoidance

1. Introduction
Automatic driving technology is the focus of current research in the field of intelligent

vehicles; trajectory-tracking control is a key component of automatic driving technology [1],
as the stability of the trajectory-tracking control and tracking accuracy determine whether
a self-driving vehicle can be safe and stable while driving. At present, the design of the
trajectory-tracking controller for self-driving cars often uses the following methods: PID
control [2], sliding mode control [3], fuzzy control [4], etc. These methods can control vehicle
steering and track the desired trajectory given by the planning layer relatively accurately.

Because model predictive control (MPC) can complete multivariate optimisation, it
shows better robustness in the face of interference from uncertain parameters, and has a
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great advantage in solving optimisation problems with constraints [5–7]; as such, it has
been widely used in solving the trajectory-tracking control problems of self-driving vehicles.
Falcone et al. [8] proposed an active steering control design method based on MPC, and
experimentally verified that vehicles using this method can maintain stability at low and
high speeds, and that the control effect is good. Zhiheng [9] designed an MPC trajectory-
tracking controller which considers vehicle dynamics constraints to improve the stability
of a vehicle under low adhesion conditions. Ji et al. [10] proposed a multi-constraint
model predictive control (MMPC) to calculate front wheel angles for collision avoidance,
etc., and the stability of path tracking was verified by simulation. The improvement of
MPC performance by multi-constraint systems sometimes results in the phenomenon of
non-smooth control increments, which reduces the accuracy and robustness of trajectory
tracking. In recent years, some scholars have adopted variable weight MPC algorithms to
improve the accuracy and stability of trajectory tracking by introducing adaptive algorithms.
Xu Xing et al. [11] used the empirical formula and neural network control to adaptively
control pre-sighting time in MPC to improve accuracy of distributed unmanned vehicle
trajectory-tracking systems. Wang et al. [12] combined the fuzzy control algorithm with
MPC to dynamically adjust lateral displacement target weights, so that vehicles would have
better robustness when changing lanes at different speeds. Wang Yi et al. [13] proposed a
variable parameter path-tracking control method based on the use of vehicle speed and
road geometry as MPC parameters to improve accuracy in tracking paths at high speeds.
Yuan et al. [14] proposed an adaptive path-tracking controller, which consists of an optimal
reference model for heading angles and a model prediction controller, and obtains the
deviations in the heading angle through a fuzzy control and neural network model, and
the MPC achieves higher tracking accuracy at different speeds through steering control.

In the research on modelling predictive trajectory control, many scholars adopt a fixed
prediction time horizon. However, when dealing with complex driving environments, the
fixed prediction time-domain MPC algorithm may not be able to accurately control vehicle
tracking paths in various conditions. It also does not take into account obstacle avoidance
conditions during the trajectory-tracking process. In order to improve the performance of
trajectory-tracking systems and complete the obstacle avoidance task when facing obstacles
in the driving processes of self-driving vehicles, an adaptive time-domain MPC controller
combined with obstacle avoidance planning is designed in this study, which can obtain the
adaptive time-domain parameter based on changes in vehicle speed, and which continues
to carry out the trajectory-tracking task after the obstacle avoidance task has been achieved,
and at the same time, maintains good trajectory-tracking accuracy and stability.

2. Materials and Methods
2.1. Obstacle Avoidance Re-Planning Trajectory-Tracking Control System Design

When an intelligent vehicle is driving autonomously on a real road, the presence
of pedestrians, other vehicles, and obstacles makes the environment around the vehicle
very complex, so the vehicle may not be able to ensure the safety of the vehicle just
by direct tracking of the reference trajectory [15,16]. When there are obstacles in the
reference trajectory, it creates an obstacle avoidance trajectory-tracking problem, and the
intelligent vehicle needs to safely avoid obstacles under the premise of satisfying the
problem’s constraints and then fit the reference trajectory as much as possible to complete
the trajectory tracking.

This paper designs a trajectory-tracking control system with obstacle avoidance, as
shown in Figure 1. This control system is mainly composed of two parts: the obstacle avoid-
ance re-planning controller and the trajectory-tracking controller. The obstacle avoidance
re-planning controller uses the obstacle information identified by the sensing module and
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the reference trajectory information to plan a temporary trajectory that can avoid obstacles,
and outputs it to the trajectory-tracking controller. The trajectory-tracking controller calcu-
lates and analyses the corresponding front wheel rotation angle according to the temporary
trajectory, and transmits this information to the intelligent vehicle to complete the tracking
control action for the obstacle avoidance trajectory.
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2.2. Modelling of Vehicle Dynamics

Vehicle modelling is the basis for studying intelligent vehicles to realize trajectory
planning and trajectory-tracking control, and it needs to be simplified as much as possible
due to the need for accurate descriptions of dynamics in order to reduce the computational
demands of control algorithms [17]. Figure 2 shows the three-degrees-of-freedom vehicle
monorail model.

World Electr. Veh. J. 2025, 16, x FOR PEER REVIEW  3  of  21 
 

This paper designs a trajectory-tracking control system with obstacle avoidance, as 

shown  in Figure 1. This control system  is mainly composed of  two parts:  the obstacle 

avoidance  re-planning  controller  and  the  trajectory-tracking  controller.  The  obstacle 

avoidance re-planning controller uses the obstacle information identified by the sensing 

module and the reference trajectory information to plan a temporary trajectory that can 

avoid obstacles, and outputs it to the trajectory-tracking controller. The trajectory-tracking 

controller calculates and analyses the corresponding front wheel rotation angle according 

to  the  temporary  trajectory, and  transmits  this  information  to  the  intelligent vehicle  to 

complete the tracking control action for the obstacle avoidance trajectory. 

 

Figure 1. Obstacle avoidance re-planning trajectory-tracking control system design. 

2.2. Modelling of Vehicle Dynamics 

Vehicle modelling  is the basis for studying  intelligent vehicles to realize trajectory 

planning and trajectory-tracking control, and it needs to be simplified as much as possible 

due to the need for accurate descriptions of dynamics in order to reduce the computational 

demands of control algorithms [17]. Figure 2 shows the three-degrees-of-freedom vehicle 

monorail model. 

 

Figure 2. Vehicle dynamics model. 

According to Newton’s second law, the force balance equation is as follows: 

Figure 2. Vehicle dynamics model.

According to Newton’s second law, the force balance equation is as follows:
m

..
x = m

.
y

.
φ + 2Fxf + 2Fxr

m
..
y = −m

.
y

.
φ + 2Fyf + 2Fyr

Iz
..
φ = 2aFyf − 2bFyr

(1)

The variables in this equation include m, representing the mass of the vehicle; a and
b, denoting the distance from the centre mass of the vehicle to the front and rear axes,
respectively; Iz, which is the moment of inertia around the Z-axis; Fxf and Fxr, representing
the X-axis directional force on the front and rear wheels of the vehicle, respectively; and Fyf

and Fyr, denoting the Y-axis directional force on the front and rear wheels, respectively.
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In accordance with the established relationship between the body coordinate system
and the ground inertia coordinate system, the following formula can be deduced:{ .

Y =
.
x sin φ +

.
y cos φ

.
X =

.
x cos φ − .

y sin φ
(2)

According to the tire force [18], when combined with Equations (1) and (2), the vehicle
dynamics model can be obtained as follows:

..
x =

.
y

.
φ + 2

m

[
Clfsf − Ccf

(
δf −

.
y+a

.
φ

.
x

)
δf + Clrsr

]
..
y = − .

x
.
φ + 2

m

[
Ccf

(
δf −

.
y+a

.
φ

.
x

)
+ Ccr

b
.
φ− .

y
.
x

]
..
φ = 2

Iz

[
aCcf

(
δf −

.
y+a

.
φ

.
x

)
− bCcr

b
.
φ− .

y
.
x

] (3)

The following variables must be considered: Clf and Clr are the longitudinal stiffness
of the front and rear wheels, respectively; sf and sr are the slip rates of the front and
rear wheels, respectively; Ccf and Ccr are the lateral deflection stiffnesses of the front
and rear wheels, respectively; and δf and δr are the turning angles of the front and rear
wheels, respectively.

2.3. Obstacle Avoidance Trajectory Re-Planning Controller Design
2.3.1. Predictive Model

The planning module cycle is generally longer than the control cycle; in order to
reduce the computation of the planning module and improve the system response between
the planning module and the control module, this chapter adopts a point mass model with
good real-time performance as the prediction model for the planning module, which will
ignore the body dimensions and does not take into account the load transfer that occurs
during the motion process, and only uses a mass model to describe the vehicle’s motion
state, which is simpler than either the vehicle kinematic model or the vehicle dynamics
model, and its biggest advantage is that it can take a vehicle’s lateral acceleration constraints
into account. The vehicle point mass model is shown below:

The point mass model is built in in the geodetic coordinate system XOY and the body
coordinate system xoy. In Figure 3,

.
x and

.
y are the longitudinal and transverse velocities

of the vehicle in the body coordinate system, respectively. Assuming that the vehicle is
travelling at a constant speed, the expressions of the kinematic equations for the point mass
of the vehicle are as follows: 

..
y = ay
..
x = 0
.
φ =

ay
.
x.

Y =
.
x sin φ +

.
y cos φ

.
X =

.
x cos φ − .

y sin φ

(4)

In the formula,
.

Y and
.

X are the longitudinal and transverse velocities of the vehicle
in the geodetic coordinate system, respectively; ay is the longitudinal accelerations of the
vehicle, respectively; and φ and

.
φ are the transverse swing angle and transverse swing

angular velocity of the vehicle, respectively.
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Using the above state space equations as a predictive model for the system, the
nonlinear system is expressed as follows:{ .

ξ(t) = f (ξ(t), u(t))
η(t) = Cξ(t)

(5)

In the formula, the state quantity ξ =
[ .
y

.
x φ Y X

]T , the control quantity u =
[
ay
]
, and

the output quantity matrix C =

[
0 0 1 0 0
0 0 0 1 0

]
.

The system is obtained by discretising the system using zero-order system keeping:

ξ(k + i + 1) = ξ(k + i) + ∆T f (ξ(k + i), u(k + i)), i = 0, 1, · · · , Np − 1 (6)

The optimal control quantity for the above nonlinear model predictive control is U,
which is defined in the following form:

U(k) =


u(k|k )
u(k + 1|k )
...
u(k + Nc − 1|k )

 (7)

According to Formulas (6) and (7), the state quantities of the system in the whole
prediction time domain can be introduced, and the specific derivation process is as follows:

ξ(k + 1) = ξ(k|k ) + ∆T f (ξ(k|k ), u(k|k ))
ξ(k + 2) = ξ(k + 1|k ) + ∆T f (ξ(k + 1|k ), u(k + 1|k ))
...
ξ(k + Nc) = ξ(k + Nc − 1|k ) + ∆T f (ξ(k + Nc − 1|k ), u(k + Nc − 1|k ))
...
ξ
(
k + Np

)
= ξ

(
k + Np − 1|k

)
+ ∆T f

(
ξ
(
k + Np − 1|k

)
, u(k + Nc − 1|k )

)
(8)
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Consequently, the subsequent equation for the system’s output in the prediction time
domain can be deduced on the basis of the relationship between the system’s output and
the state quantities.

η(k + 1|k ) = Cξ(k + 1|k )
= Cξ(k|k ) + C∆∆T(ξ(k|k ), u(k|k ))

η(k + 2|k ) = Cξ(k + 2|k )
= Cξ(k + 1|k ) + C∆∆T(ξ(k + 1|k ), u(k + 1|k ))

...
η(k + Nc|k ) = Cξ(k + Nc)

= Cξ(k + Nc − 1|k ) + C∆∆T(ξ(k + Nc − 1|k ), u(k + Nc − 1|k ))
...

η
(
k + Np|k

)
= Cξ

(
k + Np

)
= Cξ

(
k + Np − 1|k

)
+ C∆∆T

(
ξ
(
k + Np − 1|k

)
, u(k + Nc − 1|k )

)

(9)

At this juncture, it is feasible to obtain the output quantities in the prediction time
domain Np based on the current state quantities of the system and the sequence of control
quantities in the future control time domain Nc, which in turn completes the iteration.

2.3.2. Obstacle Avoidance Function and Objective Function Design

The function of the obstacle avoidance controller is to plan an obstacle avoidance
trajectory that meets a set of requirements based on obstacle information. In the process of
an intelligent vehicle travelling, obstacle information is generally recognized and perceived
by a sensor system equipped on the intelligent vehicle. When obstacle points are close
to each other, they can be directly interpreted as a large obstacle to be processed; when
obstacle points are distant from each other, they can be directly interpreted as a number of
individual small obstacles. Therefore, selection in the obstacle avoidance function needs
to take into account the specific location information of the obstacles. There also exists
a penalty function, in order to is to adjust function value by calculating the deviation of
the distance between the vehicle and the obstacle [19]. In this paper, the selected obstacle
avoidance function is as follows:{

Jobs,i =
Sobsvi

(xi−x0)
2+(yi−y0)

2+ε

vi = v2
x + v2

y
(10)

In the formula, Sobs is the weighting factor, (xi, yi) is the positional coordinates of the
obstacle in the body coordinate system, (x0, y0) is the vehicle centre of mass coordinates,
and ε is a smaller positive number to prevent the denominator from being zero.

A schematic diagram of the obstacle avoidance function is shown in Figure 4. When
the obstacle is far away from the vehicle, the value of the obstacle avoidance function is
small, as shown in the dark blue region of the figure; when the obstacle is closer to the
vehicle, the value of the obstacle avoidance function increases, as shown in the light blue
region of the figure.

Firstly, the heading angle of the vehicle should be consistent with the centre line
of the lane during normal driving; secondly, all obstacles can be avoided safely when
encountering obstacles; and finally, the steering frequency and amplitude of the vehicle
should be considered to ensure the comfort and safety of the ride. Based on the above three
objectives, the design objective function is as follows [18]:
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min
ut

Np

∑
i=1

∥∥∥φ(k + i|k )− φre f (k + i|k )
∥∥∥2

Q
+

Nc−1
∑

i=0
∥u(k + i|k )∥2

R + Jobs,i

s.t.Xmin < X(k + i) < Xmax

aymin < ay(k + i) < aymax

(11)

In the formula, the first expression reflects the vehicle’s need to follow the centre line
of the lane to ensure that the vehicle can follow the lane, near the centre line of the lane,
after successfully avoiding an obstacle, while the second characterises the magnitude and
frequency of the vehicle’s steering angle during obstacle avoidance, to maintain lateral
stability when steering to avoid an obstacle. Jobs,i is the value of the obstacle avoidance
function at sampling moment i.
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2.3.3. Fifth-Degree Polynomial Fitting of Obstacle Avoidance Trajectories

The planning layer is solved by optimisation to obtain a series of discrete collision-free
points; the number of discrete points is related to the length of the prediction time domain,
and pN discrete points will be generated in the prediction time domain pN. If the planning
layer is directly delivered to the motion control layer in the form of discrete points, it is
necessary to change the number of upper and lower controller interfaces simultaneously
when different prediction time domains are used, and, secondly, this will also lead to the
disadvantage in that the input interfaces will take up too much memory; in addition, due to
the inconsistency of the sampling period of the planning layer and the motion control layer,
there is a timestamp between the sequence of discrete points in the planning layer and
the target points in the motion control layer, and therefore it is necessary to convert these
discrete points into continuous curves by curve fitting. Considering that the first-order and
second-order derivatives of the quintic polynomial are continuous, which can ensure that
the velocity and acceleration of the curve can be well followed by the motion control layer,
the quintic polynomial is used to curve-fit the discrete path points, and the expression of
the quintic polynomial is as follows:{

Y = a0X5 + a1X4 + a2X3 + a3X2 + a4X + a5

φ = b0X5 + b1X4 + b2X3 + b3X2 + b4X + b5
(12)

In the formula, Y is the vehicle position transverse coordinate, φ is the vehicle’s swing
angle, and ap = [a0, a1, a2, a3, a4, a5] and bp = [b0, b1, b2, b3, b4, b5] are the coefficients to be
determined for the fifth-degree polynomial.
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2.4. Adaptive Predictive Time Domain Trajectory Tracker Design
2.4.1. Gray Correlation Analysis

Statistical methods used to carry out systematic analysis of the more classic methods
are as follows: regression analysis, analysis of variance, principal component analysis, etc.;
these methods tend to be grey, as there is no typical distribution pattern. The core idea of
grey correlation analysis is to judge the degree of connection between the characteristic
sequences based on the fit of the increasing and decreasing trends of the curves drawn by
the parameters of the sequences, and it, in principle, does not require the quality of the
samples; additionally, the quantitative results of the analyses using the grey correlation
analysis method will always be the same as the results of the qualitative analyses, which is a
great natural advantage of the grey correlation analysis method over the other mathematical
statistical analysis methods.

The grey correlation reflects the degree of influence of the factors in the system on
the target value, and the general steps of analysis using the grey correlation method are
as follows:

1. Determining the analytical series;

First, two key sets of series are defined: a reference series, reflecting the properties
of the system, which consists of data characterising the behaviour of the system, and a
comparison series, containing data on the factors influencing the behaviour of the system.
Each of these two sets of series provides a quantitative description of the state of the system
and the factors influencing it. As further analysed below, the reference series, also known
as the parent series, is denoted as: Y = {Y(k)|k = 1, 2,∧, n}; the comparison series, also
known as the subsequence can be denoted as: Xi = {Xi(k)|k = 1, 2,∧, n}, i = 1, 2,∧, m.

2. Dimensionlessness of variables;

Dimensionless treatment of variables is carried out to enable data of different mag-
nitudes to be compared under the same criteria, ensuring the accuracy and reliability of
analysis results.

xi(k) =
Xi(k)
Xi(k)

, k = 1, 2, Λ, n; i = 0, 1, 2, Λ, m (13)

3. Calculate the grey correlation coefficient between the parent sequence and the subse-
quence.

The correlation coefficient between X0(k) and Xi(k) is calculated with the formula:

ξi(k) =
min

i
min

k
|y(k)− xi(k)|+ ρ max

i
max

k
|y(k)− xi(k)|

|y(k)− xi(k)|+ ρ max
i

max
k

|y(k)− xi(k)|
(14)

Making ∆i(k) = |y(k), xi(k)| yields the following equation:

ξi(k) =
min

i
min

k
∆i(k) + ρ max

i
max

k
∆i(k)

∆i(k) + ρ max
i

max
k

∆i(k)
(15)

In the formula, ρ represents the resolution factor; the larger the ρ value, the smaller
the resolving power. The general value of ρ is (0,1), but the value can be adjusted according
to the quality of the sample. Usually, ρ is taken to be 0.5.

4. Calculating correlation;

The correlation coefficient results usually contain multiple dispersed values, and in
order to synthesise these moment-specific correlation values into a composite metric, it is
necessary to compute an average of these values to obtain a quantitative representation of
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the overall degree of correlation between the two series [20]. The formula for calculating
the degree of association ri is as follows:

ri =
1
n

n

∑
k=1

ξi(k), k = 1, 2, Λ, n (16)

5. Order by relevance;

If r1 < r2, the reference series Y is more similar to the comparison series X. After
calculating the correlation coefficients between the Xi(k) sequence and the Y(k) sequence,
the correlation values can be sorted, and the average ri of the correlation coefficients for
each category, i.e., the correlation between Xi(k) and Y(k), can be calculated.

2.4.2. Determination of Optimal Time-Domain Parameters

According to the grey correlation analysis method, the predicted time-domain pa-
rameter Np is selected as the parent sequence, and the maximum lateral deviation of the
reprogrammed trajectory from the reference trajectory, the lateral acceleration amplitude,
and the amplitude of the lateral deviation of the centre of mass are used as the characteristic
sequences (evaluation items) to analyse the degree of correlation of each evaluation item
to the parent sequence. The maximum lateral deviation reflects the error between the
reprogrammed trajectory and the original reference trajectory, and the lateral acceleration
amplitude and the centre-of-mass lateral declination amplitude reflect the stability of the
vehicle motion and ride comfort during the tracking process.

In the environment where the reference trajectory is set as a lane-changing double-
shifted line trajectory and there are multiple obstacles, 5 m/s is used as the speed interval,
and offline simulation experiments are carried out for the controller within a speed interval
from 18 to 90 km/h. The value range of the prediction time domain is set to [5,15] with
reference to the simulation experience, and the total number of experimental groups is
300. To ensure the effectiveness of the controller’s prediction time-domain parameters, the
parameters are selected based on the following criteria:

1. The selected time-domain parameters should enable the trajectory re-planning process
to smoothly avoid obstacles;

2. The selected time-domain parameters should result in a new trajectory, obtained after
re-planning by the controller, having the smallest deviation from the original reference
trajectory;

3. The selected time-domain parameters should enable the vehicle to re-track the original
reference trajectory after obstacle avoidance actions;

4. The selected time-domain parameters should not cause overshooting during the
tracking test;

5. The selected time-domain parameters should not cause yaw angle oscillation during
the tracking test.

Based on the above screening conditions, 138 groups of tests satisfying the require-
ments were obtained. In order to facilitate the integration of the index data into the scale, the
evaluation items with smaller values were multiplied by 10, and the resolution coefficient
was taken as 0.5, so that the correlation coefficients between the parent series prediction
time domain parameter Np and the evaluation items of each sub-sequence were obtained
as shown in Figure 5.



World Electr. Veh. J. 2025, 16, 191 10 of 20

World Electr. Veh. J. 2025, 16, x FOR PEER REVIEW  10  of  21 
 

Based on the above screening conditions, 138 groups of tests satisfying the require-

ments were obtained. In order to facilitate the integration of the index data into the scale, 

the evaluation items with smaller values were multiplied by 10, and the resolution coeffi-

cient was taken as 0.5, so that the correlation coefficients between the parent series predic-

tion time domain parameter Np and the evaluation items of each sub-sequence were ob-

tained as shown in Figure 5. 

 

Figure 5. Plot of predicted time-domain parameters versus evaluation term coefficientst. 

The grey correlation of each evaluation item to 𝑁௣ was calculated according to Equa-

tion (16): 

  3,2,1,~
,

138

1




niNr
cp

i
in    (17) 

In the formula,  𝑟௡  represents the grey relational degree of each evaluation criterion 
with respect to the time-domain parameters; 𝜔ప෦  denotes the weight of the  𝑖-th indicator 
variable, with equal weights assigned as 1/138 in this context;  𝜁ே೛,೎represents the domain 

correlation coefficient for the time domain parameter. 

The grey correlation ranking results obtained according to Equation (17) are shown 

in Table 1. 

Table 1. Gray correlation rankings. 

Evaluation Item  Main Sequence  Relevance  Rank 

Maximum Lateral Deviation  𝑁௣  0.776  1 

Lateral Acceleration Amplitude  𝑁௣  0.714  2 

Centroid Lateral Deviation Amplitude  𝑁௣  0.679  3 

The time-domain grey correlation results show that the maximum lateral deviation 

has the highest correlation with the predicted time domain, so the minimum value of the 

maximum bias deviation is used as a reference term in the offline experimental data to 

select the optimal data set for the predicted time domain at different vehicle speeds. 

The Fourier series consists of a series of sums of trigonometric functions, which can 

be used to fit a continuous periodic function or a periodic function that contains the first 

type of discontinuity [21]. Because of the periodicity presented by the time-domain pa-

rameters with the speed change, this paper uses the Fourier approximation method to fit 

the time-domain parameters and the speed parameters. The formulae for the Fourier ap-

proximation method of fitting are as follows: 

0

1
( ) [ ( (

2
) )]n n

n

a
f t a cos n t b sin n t 





      (18) 

   

Figure 5. Plot of predicted time-domain parameters versus evaluation term coefficientst.

The grey correlation of each evaluation item to Np was calculated according to
Equation (16):

rn =
138

∑
i=1

ω̃iξNp,c(i), n = 1, 2, 3 (17)

In the formula, rn represents the grey relational degree of each evaluation criterion
with respect to the time-domain parameters;

∼
ωi denotes the weight of the i-th indicator

variable, with equal weights assigned as 1/138 in this context; ζNp,c represents the domain
correlation coefficient for the time domain parameter.

The grey correlation ranking results obtained according to Equation (17) are shown in
Table 1.

Table 1. Gray correlation rankings.

Evaluation Item Main Sequence Relevance Rank

Maximum Lateral Deviation Np 0.776 1

Lateral
Acceleration Amplitude Np 0.714 2

Centroid Lateral
Deviation Amplitude Np 0.679 3

The time-domain grey correlation results show that the maximum lateral deviation
has the highest correlation with the predicted time domain, so the minimum value of the
maximum bias deviation is used as a reference term in the offline experimental data to
select the optimal data set for the predicted time domain at different vehicle speeds.

The Fourier series consists of a series of sums of trigonometric functions, which can be
used to fit a continuous periodic function or a periodic function that contains the first type
of discontinuity [21]. Because of the periodicity presented by the time-domain parameters
with the speed change, this paper uses the Fourier approximation method to fit the time-
domain parameters and the speed parameters. The formulae for the Fourier approximation
method of fitting are as follows:

f (t) =
a0

2
+

∞

∑
n=1

[ancos(nωt) + bnsin(nωt)] (18)

In the Formula (19):

a0 =
2
T

∫ t0+T

t0

f (t)cos(ωt)dt, an =
2
T

∫ t0+T

t0

f (t)cos(nωt)dt, bn =
2
T

∫ t0+T

t0

f (t)sin(nωt)dt (19)

f (t) is the fitted function; a0
2 is the average height of the curve that defines the da-

tum of the fitted curve. t0 → t0 + T denotes a period; ω denotes the rotational speed
such that the period of the orthogonal function group sin, cos at n = 1 is the same as
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the fitted period, so there is ω = 2π
T ; T is the period of the fitted function f (t), where

T = tmax − tmin; i.e., the defined interval of the whole function being fitted is a period;
f (t)cos (nωt) and f (t)sin(nωt) are the zoom-in and zoom-out of the set of functions for
each period by a factor of f (t) at the point t; a1, b1 is the multiplicative relationship obtained
by averaging the f (t)cos (ωt) and f (t)sin(ωt) integrations and evaluating the group of
functions as a whole.

The Fourier approximation method is used to fit the prediction time-domain param-
eters and speed parameters, and, at the same time, in order to prevent overfitting, the
simulation computation time is used as the weight, and, finally, the adaptive prediction
time-domain parameter model based on the speed change is obtained as shown in For-
mula (20), and the prediction time-domain fitting diagram selected after comprehensive
evaluation is shown in Figure 6.

Np =
2

∑
i=1

a0 + ai cos(ixω) + bi sin(ixω), 0 ≤ x ≤ 100 (20)
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In the equation, a, b, and ω represent the Fourier fitting coefficients of the time domain,
and x represents the longitudinal speed of the vehicle in the global coordinate system.

2.4.3. Trajectory-Tracking Controller Function Design

The vehicle model used for trajectory-tracking control is the dynamics model created
using Equation (3). The state variables are

( .
Y,

.
X,

.
θ, θ, Y, X

)
, and the control variable is

the front wheel steering angle δ. The specific form of the MPC controller for the tracking
control layer is shown in Equation (21) [18].

min
NP
∑

i=1
||η(t + i|t)− ηre f (t + i|t)||2Q +

Nc−1
∑

i=1
∥ ∆u(t + 1|t) ∥2

R +ρε2

s.t.∆Umin ≤ ∆Ut ≤ ∆Umax

Umin ≤ A∆Ut + Ut ≤ Umax

yhc,min ≤ yhc ≤ yhc,max

ysc,min − ε ≤ ysc ≤ ysc,max + ε

ε > 0

(21)

In the equation, ηre f =
[
Yre f , φre f

]
represents the local reference trajectory; yhc rep-

resents the hard constraint output; ysc represents the soft constraint output; yhc,min and
yhc,max are the hard constraint limits; and ysc,min and ysc,max are the soft constraint limits.
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3. Local Obstacle Avoidance Path Planning and Trajectory
Tracking Verification
3.1. Comparative Experimental Analysis of Fixed Prediction Time Domain Simulation

To visually demonstrate the impact of different predictive time domains on the
trajectory-tracking control process, a MATLAB 2023b/Simulink and CarSim integrated
simulation platform was set up for simulation experiment analysis. In CarSim, an E-class
vehicle with a wheelbase of 3050 mm was selected as the controlled vehicle model, with
basic vehicle parameters listed in Table 2 and MPC controller parameters in Table 3. Simula-
tions were conducted at representative speeds of 50 km/h and 100 km/h, using three sets of
different predictive time-domain values for testing on a lane-changing, double lane-change
trajectory. The simulation test results are shown in Figures 7 and 8.

Table 2. Basic vehicle parameters.

Parameter Value

Vehicle mass, m/kg 1650
Distance from rear axle to vehicle centre of mass, b/m 1.65

Moment of inertia around Z-axis, Iz/
(
kg·m2) 3234

Effective rolling radius of tire, Re/m 0.32
Centre of mass height, hCG/m 0.53

Front and rear wheel slip ratio, S f ,r 0.2

Table 3. Controller parameters.

Parameter Value

Prediction Time Domain 10, 20, 30
Control Time Domain 3
Sampling Period, t/s 0.03

Front Wheel Angle Restraint −10∼10◦

Front Wheel Angle Increment 0.53◦

Q
[

100 0
0 100

]
R [10]

Weighting Factor ρ 1000
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From Figure 7, it can be observed that different prediction time domains have varying
effects on the controller’s trajectory-tracking performance. When the prediction time do-
main parameter is set to 10, the controller exhibits minimal lateral deviation while tracking
the double lane-change trajectory. However, it shows significant overshoot when tracking
straight trajectories, with lateral deviation gradually increasing to 6.5 m, completely deviat-
ing from the target trajectory and heading. When the prediction time domain parameter
is set to 30, the controller is able to complete the tracking task, but compared to when
it is set to 20, there is a larger lateral deviation and some lag in tracking. Combining
Figures 7 and 8, it can be seen that as the target tracking speed increases from 50 km/h to
100 km/h, when the predicted time-domain parameter is still taken as 10, the vehicle shows
a large offset at the large curvature of the reference trajectory, which indicates that the
tracking effect of the FP-MPC controller in complex road conditions has a strong correlation
with the change of the vehicle speed under different speed conditions.

3.2. Simulation Comparison Experiment of AP-MPC

The essence of the adaptive prediction time domain parameter model in Equation (20)
is to reduce the computational burden of the algorithm while ensuring controller-tracking
accuracy and stability. By selecting relatively optimal prediction time domain parameters,
it aims to lower the computational requirements of the controller’s SOC (System-on-Chip).
The designed AP-MPC controller’s variation in time-domain prediction parameters with
target vehicle speeds and computation times for the double lane-change trajectory in
obstacle-free conditions is depicted in Figure 9.
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In order to verify the tracking performance of the AP-MPC controller at the control
layer, the simulation results are compared with the fixed prediction time-domain FP-MPC
controller under the double-shifted lane-changing trajectory, and 50 km/h and 100 km/h
are selected as the representative vehicle speeds. The prediction time-domain parameters
computed by the adaptive prediction time-domain model are rounded to 50 km/h: Np = 14;
100 km/h: Np = 24. The values of other parameters are kept constant, and the simulation
results are shown in Figures 10 and 11.
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From Figures 10 and 11, it is easy to see that the trajectory-tracking effect of the
AP-MPC controller is better than that of the FP-MPC controller under different speed
conditions. When the target speed is 50 km/h, the maximum traverse angle deviation of
FP-MPC controller is 6.66◦, and the measured simulation computation time is 9.17 s, while
the maximum traverse angle deviation of AP-MPC controller is 5.33◦ and the measured
simulation computation time is 7.79 s, which indicates an improvement in the control
accuracy of 19.9% and the controller solution speed by 15%, and the maximum traverse
deviation, traverse angle deviation, and the maximum traverse angle deviation of AP-
MPC controller is 5.33◦ and the measured simulation computation time is 7.79 s. The
control accuracy is improved by 19.9%, and the controller solution speed by 15%. The
maximum lateral deviation and the oscillation amplitude of the transverse pendulum
angle of the controller are smaller than those of the FP-MPC controller. When the speed
reaches 100 km/h, the AP-MPC controller effectively reduces the overshooting amount of
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the trajectory-tracking control, and its maximum traverse angle deviation and maximum
lateral deviation are reduced by 0.5% and 26.9%, respectively, compared with those of
the timing-domain controller. This shows that under high-speed driving conditions, the
AP-MPC controller has better control effects and higher vehicle stability.

3.3. Comparative Test of AP-MPC Simulation Under Multiple Obstacle Conditions

In the obstacle avoidance re-planning AP-MPC trajectory-tracking simulation exper-
iment, the control time-domain parameters of the tracking controller and the prediction
and control time-domain parameters in the planning module are fixed, and the controller
prediction time-domain parameters are automatically adjusted by the adaptive prediction
time-domain parameter model to study the effect of the change in the prediction time-
domain parameters of the control layer, on the trajectory re-planning and tracking control
accuracy. The basic parameters of the AP-MPC controller are shown in Table 4.

Table 4. AP-MPC controller parameters.

Control Parameter Trajectory Planning Layer Trajectory-Tracking Layer

Predictive time domain 15 /
Control time domain 2 2

Sampling period T 0.1 s 0.05 s
Front Wheel Angle Restraint / −10◦ ∼ 10◦

Front wheel angle increment / 0.85◦

Weighting matrix Q [100]
[

100 0
0 100

]
Weighting coefficients of the Obstacle

avoidance function Sobs
500 /

Weighting matrix R [20] 5 × 105

Weighting factor ρ / 1000

The joint simulation test ignores the influence of aerodynamics, tire flat ratio, and other
factors, as well as the road surface attachment coefficient µ = 1.0; the reference trajectory is
the lane change double-shift line trajectory; the obstacles are set at the first and third large
curvature of the trajectory and at the straight-line segment; and the coordinates of the points
at the lower left corner of the three obstacles are as follows: obstacle 1: (30, 0.5); obstacle 2:
(65, −0.5); obstacle 3: (150, −1.9); the tested vehicles were travelling at the desired speeds of
36 km/h and 72 km/h respectively; according to Equation (20), the values of the prediction
time-domain parameters calculated by the adaptive prediction time-domain model after
rounding are as follows: 36 km/h: Np = 10; 72 km/h: Np = 13; the fixed prediction time
domain parameter takes the value of: Np = 8. The values of other parameters are kept
constant, and the simulation test results are shown in Figures 11 and 12.

1. Test results at a longitudinal speed of 36 km/h:
2. Test results at a longitudinal speed of 72 km/h:

From Figure 12a,c, it can be seen that at a longitudinal speed of 36 km/h, the AP-MPC
controller can successfully avoid multiple obstacles and continue to track the original refer-
ence trajectory after the end of the obstacle avoidance action, and its transverse deviation
gradually converges, while the FP-MPC controller is unsuccessful in avoiding the first
and third obstacles, and gradually deviates from the original reference trajectory at the
third obstacle. The AP-MPC controller maintains a large safety distance when avoiding
all three obstacles, and the maximum lateral safety distances of the three obstacles are as
follows: obstacle 1: 0.92 m; obstacle 2: 12.94 m; and obstacle 3: 0.61 m. The minimum
turning radius is too large because of the large axle spacing of the vehicle model in CarSim,
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which makes the safety distance for obstacle avoidance at obstacle 2 too large. Obstacle 3 is
located in the straight-line segment of the double-shifted trajectory, and it can be seen that
the AP-MPC controller starts to control the vehicle obstacle avoidance action at 14 m from
the obstacle, and continues to track the reference trajectory after the obstacle avoidance is
completed. Combining Figure 12b,e,f, it can be seen that the stability of the vehicle during
traveling is high, and its lateral acceleration and centre-of-mass lateral deflection are within
the effective constraints.

World Electr. Veh. J. 2025, 16, x FOR PEER REVIEW  17  of  21 
 

Weighting matrix  Q  [100]  
100 0

0 100

 
 
 

 

Weighting coefficients of the 

Obstacle avoidance function 
𝑆௢௕௦   

500   / 

Weighting matrix  R  [20]   5 ൈ  10ହ 
Weighting factor  ρ  /  1000 

The  joint simulation  test  ignores  the  influence of aerodynamics, tire flat ratio, and 

other factors, as well as the road surface attachment coefficient  𝜇  = 1.0; the reference tra-
jectory is the lane change double-shift line trajectory; the obstacles are set at the first and 

third large curvature of the trajectory and at the straight-line segment; and the coordinates 

of the points at the lower left corner of the three obstacles are as follows: obstacle 1: (30, 

0.5); obstacle 2: (65, −0.5); obstacle 3: (150, −1.9); the tested vehicles were travelling at the 

desired speeds of 36 km/h and 72 km/h respectively; according to Equation (19), the values 

of the prediction time-domain parameters calculated by the adaptive prediction time-do-

main model after rounding are as follows: 36 km/h: 𝑁௣=10; 72 km/h: 𝑁௣=13; the fixed pre-
diction time domain parameter takes the value of:  𝑁௣  = 8. The values of other parameters 

are kept constant, and the simulation test results are shown in Figures 11 and 12. 

1. Test results at a longitudinal speed of 36 km/h: 

(a) Trajectory re-planning comparison  (b) Comparison of yaw angles 

(c) Comparison of lateral deviations  (d) Comparison of yaw angular velocities 

World Electr. Veh. J. 2025, 16, x FOR PEER REVIEW  18  of  21 
 

(e) Comparison of lateral acceleration  (f) Comparison of centroid side declination 

Figure 12. Test results with multiple obstacles at a longitudinal speed of 36 km/h. 

2. Test results at a longitudinal speed of 72 km/h: 

From Figures 12a,c, it can be seen that at a longitudinal speed of 36 km/h, the AP-

MPC controller can successfully avoid multiple obstacles and continue to track the origi-

nal reference trajectory after the end of the obstacle avoidance action, and its transverse 

deviation gradually converges, while the FP-MPC controller is unsuccessful in avoiding 

the first and third obstacles, and gradually deviates from the original reference trajectory 

at  the  third  obstacle.  The AP-MPC  controller maintains  a  large  safety  distance when 

avoiding all three obstacles, and the maximum lateral safety distances of the three obsta-

cles are as follows: obstacle 1: 0.92 m; obstacle 2: 12.94 m; and obstacle 3: 0.61 m. The min-

imum turning radius is too large because of the large axle spacing of the vehicle model in 

CarSim, which makes the safety distance for obstacle avoidance at obstacle 2 too  large. 

Obstacle 3 is located in the straight-line segment of the double-shifted trajectory, and it 

can be seen that the AP-MPC controller starts to control the vehicle obstacle avoidance 

action at 14 m from the obstacle, and continues to track the reference trajectory after the 

obstacle avoidance is completed. Combining Figure 12b,e,f, it can be seen that the stability 

of the vehicle during traveling is high, and its lateral acceleration and centre-of-mass lat-

eral deflection are within the effective constraints. 

It can be concluded from Figure 13 that with the increase in vehicle speed, the con-

troller’s time domain parameter requirements become smaller; a smaller prediction time-

domain FP-MPC controller can also complete obstacle avoidance of the three obstacles on 

the original reference trajectory, but the amplitude of its transverse deviation, transverse 

angular velocity, and centre-of-mass lateral deflection angle, which are quantities reflect-

ing the stability of the vehicle manoeuvre and ride comfort, are larger than those of the 

AP-MPC controller. The output of the AP-MPC controller is smooth and better in real time 

under multiple obstacle conditions, which can adapt to the change of vehicle speed, and 

the controlled vehicle is in a stable driving state during the whole obstacle avoidance and 

trajectory-tracking process. 

Figure 12. Test results with multiple obstacles at a longitudinal speed of 36 km/h.

It can be concluded from Figure 13 that with the increase in vehicle speed, the con-
troller’s time domain parameter requirements become smaller; a smaller prediction time-
domain FP-MPC controller can also complete obstacle avoidance of the three obstacles on
the original reference trajectory, but the amplitude of its transverse deviation, transverse
angular velocity, and centre-of-mass lateral deflection angle, which are quantities reflecting
the stability of the vehicle manoeuvre and ride comfort, are larger than those of the AP-
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MPC controller. The output of the AP-MPC controller is smooth and better in real time
under multiple obstacle conditions, which can adapt to the change of vehicle speed, and
the controlled vehicle is in a stable driving state during the whole obstacle avoidance and
trajectory-tracking process.
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4. Conclusions
This study enhances the existing trajectory-tracking control system by integrating

an obstacle avoidance planning module and designing an Adaptive Predictive Model
Predictive Control (AP-MPC) controller to adapt to the impacts of trajectory re-planning
and tracking control on predictive time horizons. The newly constructed system includes a
trajectory planner with obstacle avoidance capabilities and a trajectory-tracking controller.
The trajectory planning module utilizes a point-mass model for prediction, employing
MPC algorithms to plan local reference trajectories upon detecting obstacles, which are



World Electr. Veh. J. 2025, 16, 191 19 of 20

then transmitted to the tracking control module. The trajectory-tracking module uses a
dynamic model for prediction and calculates the front wheel steering angle control output
based on newly planned local reference trajectory information.

Group simulation tests are conducted in the joint simulation platform of MAT-
LAB/Simulink and CarSim at different longitudinal speeds, and the experimental results
show that the controllers demonstrate good tracking control performance at both 36 km/h
and 72 km/h, and that the target vehicle can re-track the original reference trajectory after
completing the obstacle avoidance task in a number of multiple obstacle scenarios. This can
be further optimised in subsequent studies in conjunction with real vehicle experiments.
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