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Abstract: The symmetry principle has significant guiding value in vehicle dynamics modeling and
motion control. In complex driving scenarios, there are problems of low accuracy and large time
delay in the trajectory tracking control of unmanned ground vehicles. In order to solve this problem
and improve the motion control of unmanned ground vehicles, a vehicle coordination control method
based on chaotic particle swarm optimization (CPSO) and model predictive control (MPC) algorithms
is proposed. To achieve coordinated control of vehicle trajectory tracking and yaw stability, a model
predictive controller was designed with the objective of minimizing trajectory tracking errors and
yaw stability tracking errors. The required front wheel angle and yaw torque control variables were
obtained by solving nonlinear constraint optimization. At the same time, considering the problems of
low computational efficiency, high solving time, and local optimization in model predictive control,
a chaotic particle swarm optimization algorithm is introduced to solve the optimization constraint
problem within model predictive control, thereby effectively improving the computational efficiency
and accuracy of the model predictive trajectory tracking controller. The results show that compared
with MPC, the multi-objective function optimization solution time and vehicle lane changing time
of CPSOMPC improved by 24.51% and 7.21%, respectively, which indicates the coordinated control
method that combines the CPSO and MPC algorithms can effectively improve trajectory tracking
performance while ensuring vehicle lateral stability.

Keywords: trajectory tracking; coordinated control; model predictive control; vehicle stability

1. Introduction

With the rapid development of artificial intelligence and autonomous driving technol-
ogy, intelligent vehicles have become a research hotspot in the fields of automobiles and
transportation. However, in practical applications, intelligent vehicles need to face various
complex driving scenarios, such as busy urban traffic, adverse weather conditions, and
sudden traffic events. These scenarios place extremely high demands on vehicle control.
The driving scenarios and dynamic coupling relationships of intelligent vehicles are rela-
tively complex. At the same time, the addition of functional modules to electronic control
systems further enhances the complexity and computational complexity of the motion
control process [1,2]. Therefore, vehicle control systems have high requirements in terms
of computational efficiency and real-time performance [3-5]. Trajectory tracking is one
of the important aspects of autonomous vehicle technology. Intelligent vehicle trajectory
tracking control aims to achieve precise tracking of the vehicle’s predetermined trajectory
through advanced control algorithms and the system’s architecture, thus improving driving
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safety, comfort, and efficiency. In recent years, researchers in this field have continuously
improved tracking control technology through breakthroughs in sensor technology and
innovation in control theory [6-8]. For model predictive control methods, it is necessary
to deal with finite time domain optimization problems with future time steps, and their
computational efficiency and optimization solving ability directly determine the control
accuracy and real-time performance of the model predictive controller, which in turn af-
fect the effectiveness of vehicle trajectory tracking and stability control [9,10]. Thus, the
optimization and improvement of model predictive control algorithms have important
practical significance.

The negative impact of time delay factors on intelligent vehicle trajectory tracking con-
trol is significant. The existence of time delay problems may lead to a decrease in a control
system’s performance and may even cause instability in vehicle motion control. Multiple
compensation and control methods can be adopted for time delay problems [11-13]. The
slow response and trajectory deviation caused by time delays may prevent vehicles from
making timely and correct judgments and executing corresponding actions in emergency
situations, thereby increasing the risk of accidents. Therefore, in intelligent vehicle tra-
jectory tracking control, effective handling of time delay issues is an important link for
ensuring effectiveness in vehicle trajectory tracking control and driving safety [14-16]. By
optimizing the processing speed of sensor data, constructing predictive control algorithms
with high solving ability, introducing robust control strategies, adjusting control param-
eters in real time, and establishing accurate models, the impact of time delay factors on
control systems can be effectively mitigated, and the accuracy and stability of trajectory
tracking can be improved. For the model predictive control algorithm in trajectory tracking
control, the real-time performance of the control system can be improved by adjusting the
optimization solution rate of the optimization predictive control algorithm [17,18].

At the same time, vehicle driving stability and chassis control methods within the
trajectory tracking control process cannot be ignored. The trajectory tracking of intelligent
vehicles mainly refers to the tracking of pre-set trajectories during the driving process,
maintaining accurate matching with the trajectories [19-21]. Then, in order to achieve
this goal, the automotive chassis control system needs to be able to accurately control
the vehicle’s dynamic behavior such as speed, steering, and drive distribution so that
the vehicle can operate according to the expected trajectory. Chassis coordination control
is the key to achieving precise control and driving safety [22,23]. In-depth research on
advanced control algorithms and technologies is of great value for improving the processing
ability and system performance of vehicle motion control systems in the face of time
delay problems [24,25]. Common compensation methods for time delay problems include
predictive control, the Smith predictor, etc. These methods offset the impact of time
delays by predicting future states or adjusting system models. In addition, some advanced
control methods such as adaptive control and fuzzy control can also effectively address
the problem of time delay [26,27]. The particle swarm optimization algorithm, due to
its inherent advantages of fewer adjustment parameters, fast solving speed, and global
optimization, can effectively avoid the problems of large computational complexity and
local optima faced by conventional model predictive controllers when solving constrained
optimization problems [28,29]. The use of the particle swarm optimization algorithm to
solve the constraint optimization problem in model predictive controllers can effectively
integrate the advantages of the particle swarm optimization algorithm and model predictive
control algorithm and improve the optimization solving ability and control application
effect of model predictive controllers, thereby achieving improvements in unmanned
vehicle trajectory tracking control accuracy and real-time control [30,31], which will have
important research significance and application value.

Symmetry theory plays an important role in vehicle dynamics control. In terms of
vehicle dynamics modeling, and in order to construct a simplified vehicle model, the
principle of symmetry can be used to simplify the complexity of the model while maintain-
ing its accuracy and effectiveness [32,33]. In terms of vehicle stability control, symmetry
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theory can be used to guide the design and implementation of vehicle stability control. The
stability control of vehicles is an important aspect of vehicle dynamics control, including
longitudinal stability, lateral stability, and vertical stability. Through the principle of sym-
metry, control algorithms can be optimized, and vehicle dynamic stability boundaries can
be set to improve the stability of the vehicle under various road conditions and driving
conditions, thereby improving the driving safety of the vehicle. Therefore, the development
and implementation of relevant algorithms can further improve the dynamic control effect
and trajectory tracking accuracy of autonomous ground vehicles.

To improve the accuracy and real-time performance of unmanned vehicle trajectory
tracking control, in this paper, a vehicle trajectory model predictive control method based
on chaotic particle swarm optimization was studied. A trajectory tracking model predictive
controller was constructed based on the dynamics model of unmanned vehicles, and the
required front wheel angles for trajectory tracking and yaw stability control were obtained
by combining the objective function and nonlinear constraint optimization solution method.
On this basis, a nonlinear constraint optimization problem based on chaotic particle swarm
optimization was studied to improve the solving efficiency and tracking control accuracy
of the model predictive controller, thereby achieving effective improvement of unmanned
vehicle trajectory tracking and yaw stability control effects. In this study, in order to
address the limited efficiency of MPC multi-objective constraint function optimization and
the real-time performance of vehicle motion control, the CPSO algorithm was introduced
to significantly improve the optimization and solving ability of MPC, thereby enhancing
the effectiveness of vehicle motion control.

The rest of this paper is organized as follows. The dynamics model of the unmanned
ground vehicle is presented in Section 2. The trajectory tracking controller based on
chaotic particle swarm optimization MPC is analyzed in Section 3. The verification of
results is presented in Section 4, and the conclusive remarks and discussions are presented
in Section 5.

2. Dynamics Model of an Unmanned Ground Vehicle

Figure 1 shows a schematic diagram of the monorail dynamics model for autonomous
vehicles. This study only considers the dynamic control problem of intelligent vehicles
in the horizontal motion plane and does not involve the vertical motion characteristics
and dynamic control effects of the vehicle. We must establish a vehicle dynamics equation
that considers lateral and yaw degrees of freedom to characterize the dynamic relationship
between vehicle state parameters and construct a dynamic coordinate system xoy, where
the origin of the dynamic coordinate system coincides with the vehicle center of mass,
and the x-axis and y-axis represent the longitudinal and lateral motion directions of the
vehicle, respectively. Assuming the tyre characteristics are consistent, we can ignore the
dynamic equations of the vehicle suspension system and the vehicle’s motion in pitch, roll,
and vertical directions and only discuss the vehicle’s motion in the xoy plane. Thus, the
dynamic model equations of unmanned vehicles can be represented as

moy = mvyy + 2F s cos &y — 2F, rsind¢ + 2Fyy, 1)
mb, = —moyy + 2Ffsin 6¢ 4 2F, s cos 55 + 2F,, (2)
Ly =I¢Ffcosdf — I;Fyr + M, (3)

where m is the vehicle mass; vy is the longitudinal speed; vy is the lateral speed; v is the
yaw rare of the vehicle; lf and [, respectively, represent the distance from the vehicle’s
center of mass to the front and rear axes; I, is the moment of inertia around the z axis and
the heading angle of the vehicle; M is the external yaw moment; Fyf and Fy,, respectively,
represent the longitudinal tyre force of the front and rear axes; and Fyf and Fyr represent
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front and rear lateral tyre forces, respectively. At the same time, the tyre model based on
the empirical magic formula is used to estimate the longitudinal and transverse tyre forces:

Y(A) = Dsin{Carctan[BA — E(BA — arctan(BA))]}, 4)

where Y(A) is the output of the model and is used to represent the longitudinal force,
transverse force or aligning moment of the tyre; B is the stiffness coefficient; C is the curve
shape coefficient; D is the peak coefficient; E is the curve curvature coefficient; and A is the
side deflection angle or longitudinal slip rate of the tyre. The tyre sideslip angle can be
expressed as

ap = (lf'y+vy)/vx—(5f, 5)
ar = (vy — lry) /vx
where J; is the front wheel steering angle, and ay and &, are the front and rear axle tyre

sideslip angle, respectively. The vehicle coordinates in the geodetic coordinate system can
be expressed as

Y = &sing + jcos ¢ ©)
X =xcos@—ysing’

where, x = vy, y = vy, ¢ = 7.

Desired path

0
Figure 1. Vehicle dynamic model.

3. Trajectory Tracking Controller Based on Chaotic Particle Swarm Optimization MPC
3.1. Trajectory Tracking Control Method Based on MPC

The actual driving scene of unmanned vehicle is complex and changeable, so it is
necessary to consider the influence of many nonlinear interference factors on the model
accuracy. At the same time, for the model prediction controller, the influence of nonlinear
factors on the control accuracy should be dealt with in the design process. Combining
Equations (1)—(3) and (6), and in order to improve the control accuracy of the vehicle
motion controller, the vehicle model is linearized by Taylor expansion so that the linear
time-varying vehicle model can be expressed as

Xp = f(xx, ug) = Agxy + Byuyg

y = Cexg @
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where x, = [x y ¢ 7 Y X]T is the system state quantity, ux = [Jf MZ]T is
the control input, Ay = % is the state transition, By = % is the input matrix, and
= 000010
001000
According to Equation (7), the prediction equation does not constrain the increment of
vehicle control accurately enough. In order to solve this problem, the incremental model is
Ax(k+1) = ArAx(k) + BrAu(k)
y(k) = Cehx(k)
be represented as x'(k|k) = [x(k|k) u(k—1[k)] T The system model in Equation (7) can
then be extended as

is the measurement matrix.

proposed as , and the system state with increments can

x'(k+1]k) = A'kx(k|k) + B'xAu(klk) ®)
1 (klk) = Crx(k[k) '

Ac B
O1x6 1
The prediction range and control range are defined as h, and h, respectively, and meet
the conditions that the output of the next time in the system can be obtained by using the
state variable and the control variable of the current time. The calculation formula of the
system prediction equation at the kth sampling time can be expressed as

where Ay = [ }, B’y = [Bx 1] T 11(k|k) is the output at the current time.

Y (k+1[k) = ¥z&(k) + ©:AU(K), )

where Y (k + 1|k) is the system output at the kth sampling time.
In order to realize the coordinated control of vehicle trajectory tracking and yaw
stability, the objective function is designed as

hp he—1
J) =Y qllde(k+ k) + Y galldu(k + k)% + 56, (10)
=i j=0

where Ae(k + j|k) is the tracking error of vehicle trajectory and yaw velocity; Au(k + j|k)
is the incremental control input; Q and R are the state increment weighting matrix and
control increment weighting matrix, respectively; ¢ is the relaxation factor; and ¢y, g2 and
g3 are the system adjustment parameters. In the model prediction controller, the trajectory
tracking error and yaw stabilization tracking error are included in Ae, and the accuracy of
target tracking control is reflected. Au is used to represent the control effect of front wheel
steering angle and extra yaw moment. The purpose of the controller is to make the tracking
error ||Ae(k + j|k) Hé as close to zero as possible. At this point, the objective function in (13)
can be reduced to an expression for solving the control increment

J(&u, AU) = AUH: AU + GiAUY, (11)

T
(©)] ¢ QO¢
0
of change; G; = [ZEtT QO¢ O] and E; are the tracking errors in the prediction domain; and
H; and G; are the input for quantum particle swarm optimization.

where H; = [ ] is the positive definite matrix and used to adjust the control rate

The tyre angle constraint is defined as ‘tx f,,’ < 2°, and the road adhesion coeffi-

lay| < mgg
Ay,min — € < ay < Ay,max
problem of vehicle trajectory tracking and lateral stability can be transformed into an opti-

cient constraint is defined as { . Then, the coordinated control
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mization problem under constrained conditions, and the optimization objective function
can be expressed as

rgglnAuthAutT + Gau;

t

St AUmin < AUy < Almax

Umin < AyAUr + Up < Umax- (12)
uh,min < uh < Uh,max

Us jin — € < Us < Usmax + €

where Upin and Umax are, respectively, the minimum and maximum values of the input
quantity; Almin and AlUmax are the minimum and maximum increments, respectively;Y}, i,
and Y}, max are the minimum and maximum values, respectively, of the hard output limits;
Y min and Ys max are the minimum and maximum values, respectively, of the soft output
limits; and A, is the Kronecker product.

3.2. Nonlinear Constrained Optimization Calculation Based on Chaotic Particle Swarm Optimization

Traditional MPC requires solving a finite time range of open-loop optimization prob-
lems at each sampling moment, which is very time-consuming. Particle swarm optimization
(PSO) can effectively improve the computational efficiency of the MPC optimal solution
and reduce the output delay. The particle swarm optimization algorithm uses velocity and
position to represent particle state and realizes global optimization through population
initialization, fitness function calculation, and parameter update iteration. The update
formula is as follows

1 _ ok ko ok ko ok
Uiy = Woigtan (Pid - vid) +car (Pgd - xid) (13)
k+1 k+1 !

X =g+
where v;‘d is the j-dimensional velocity of the i-th particle; xf.‘d is the j-dimensional position
of the i-th particle; w is the inertia weight coefficient; ¢; and ¢ are both learning factors
greater than 0; and c; and c; satisfy the random distribution of [0, 1].

However, the disadvantage of PSO is that it is easy for local minimum points to
appear, resulting in limited local convergence and resolution space. When PSO is used
to optimize multi-peak function, it can easily fall into local minima, which leads to slow
convergence and means accurate results cannot be obtained. Chaos is a common nonlinear
phenomenon in nature, and its behavior is random. Chaos has the characteristics of
randomness, ergodicity, and regularity because of its exquisite internal structure. The
chaos optimization algorithm can avoid the disadvantage of local extreme values of particle
swarm optimization algorithm by maintaining population diversity.

The logical model involved in the chaotic optimization method can be expressed as

Zn1 = f(zn) = 4zn(1—zn), (14)

where yu is the control parameter and its value is 4, and z, is the chaos variable value
of the nth iteration. Chaotic variables are searched by their own laws of motion, and
their randomness helps to improve the ability of large-scale search. Since the particle
swarm optimization algorithm is prone to prematurity and local optimization problems, in
addition, the uncertainty of the initial random particles can easily cause different degrees of
difference in the iterative calculation results of the algorithm. Thus, the chaos variable can
be converted into the linear mapping formula of the optimization variable and expressed as

Xp+1 = Xmin + Zn+1 (xmux - xmin)r (15)
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where X, and x4y are the minimum and maximum values of the optimization variable.
The constrained optimization problem in Equation (12) can be expressed as follows

min](X),X = [xler/ T ,XD] (16)

s.t.x; € [ai,bi], (Z =1,2,--- ,D) ’
where X is the input variable, D is the number of variables, [(x) is the objective function, and
[a;, b;] is the range of x; (that is, the constraints of the optimization objective function). The
purpose of the optimization algorithm is to search for the optimal input to minimize the
objective function by combining the objective function in Equation (10) and the optimization
constraint of Equation (12).

The basic idea of chaotic particle swarm optimization is to introduce a chaotic state
into the optimization variables. Firstly, the range of chaotic motion is transformed into the
value range of optimization variables by the carrier method. Then, the obtained chaotic
variables are represented as particles and searched by using cooperation and competition
among particles. At the same time, small perturbations are added for each chaos variable
and the optimal solution is searched by iteratively updating the velocity and position of
the particles. The iterative formula of particle swarm optimization algorithm based on Tent
mapping can be expressed as

Zpt1 = H(1—2|z, —05]), 0 < zp <1, 17)

where p is the control parameter from 0 to 1. If the value of y is 1, the Tent map is
in a completely chaotic state. According to the chaotic search method, a small chaotic
disturbance is added to the current optimal solution:

zp = (1 —ka)z" +kaz, (18)

where k,; is the adjustment parameter between 0 and 1; zj is the chaos variable at the
k-th iteration; z; is the corresponding chaotic variable after adding a small disturbance to
variable z; and its chaotic sequence vectors generated by Tent map are Z = (21,22 - - - ,zp)
and Z' = (2/1,2/5- -+ ,2'p) respectively; and the variable z* is the optimal chaotic vector
formed by mapping the current optimal vector. It can be expressed as

* X* — Xmin

z = —D0""—7/".
Xmax - Xmin

(19)

In the initial search, if x; changes a lot, then k,; increases accordingly. During the
search process, when x; is close to the optimal, k; is gradually adjusted to be smaller so
that the search can be optimized in the following determined region:

k

’
kmax

ky=1- (20)
where k is the number of iterations, and ki, is the maximum number of iterations.
Finally, the iterative steps of the chaotic particle swarm optimization algorithm can
be summarized as follows: (1) Initialize the chaotic variable, set the particle swarm value
to 500, and generate the chaotic sequence based on Tent mapping. (2) The chaos variable
is introduced into the optimization variable of Equation (16), and the carrier method is
used to update it into the optimization variable. Meanwhile, the chaotic variable interval is
transformed into the corresponding optimization variable interval. (3) Calculate the fitness
function corresponding to the particle at the current iteration time. If the position of the
particle after iteration is better than the individual historical optimal position or the popu-
lation optimal position, the individual historical optimal value and the population optimal
value of the particle are updated by comparing the results. (4) Update particle velocity and
position according to Equation (13). (5) The particle swarm is arranged in ascending order
according to the fitness value of the particle. If the current optimal value does not change
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after a certain number of iterations and the current number k < %k,mx of iterations, the step
(6) is continued; otherwise, step (8) is performed. (6) Chaotic perturbation is introduced,
and the optimal particle position is updated by chaotic search. Chaotic perturbations in
Equations (18)—(20) are added to the optimization variables, corresponding to 50% particles
in the current group with small fitness values, and the mapping optimization variables are
calculated. Then, the chaos search is iteratively performed until the termination condition
is met. (7) The particles in the particle swarm are arranged in ascending order, and the
average fitness of the population is calculated and compared with the optimal fitness. If the
comparison difference is small enough to reach the preset termination condition, the search
is stopped, and the optimal solution is returned; otherwise, step (8) is performed. (8) If
k =k + 1, return to Step 3. Combined with the above content, the chaotic particle swarm
optimization algorithm flow is shown in Figure 2.

‘ Start ‘

v

Chaos variable initialization,
Generating chaotic sequences based on
Tent mapping

v

Calculate the optimal particle value

v

Calculate the particle fitness function at
the current iteration time

v

Update particle velocity and position

v

The fitness values of particles are
arranged in ascending order, then
determine the number of iterations

k+1

Determination of
optimal fitness value

NO

Updating the optimal particle position
through chaotic search

v

Ascending arrangement of particle swarm,
calculating the average fitness of the
population and comparing it with the
optimal fitness

v

Update particle optimal values -

Determine whether
the preset termination conditions
have been met

NO

Stop searching and return to the optimal
solution

Figure 2. Process of chaos particle swarm optimization algorithm.
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3.3. Tyre Force Distribution Method Considering Multi-Objective Optimization

According to the model prediction controller and chaotic particle swarm optimization
algorithm, the required control values of front wheel angle and yaw moment are obtained.
Next, the speed controller and the wheel hub motor torque optimization distribution
method are designed to achieve the control requirements of yaw moment.

The first objective function for longitudinal vehicle driving control is

Ji = (Fx — Fug) "W (Fx — Fyg), 1)

where F, = [Fx1 Fy» Fua Fx4] T represents the real-time tyre forces, F,; the referenced
tyre forces, and W = diag[w; wy, w3 wj] the assignment matrix.
Considering the load transfer issue of the tyre, the relationship of longitudinal force

and vertical force is
Fxfl _ Fxff _ Fxrl o Fxrr

= = = . (22)
szl szr Eo Fzrr
. . . in 4 in 4
According to Equation (22), it can be deduced that F,; = Y F;=—Y F,;. Thus,
g il mg =1
Z1
i=1

the assignment coefficient of matrix W is

wi =% (23)

4F,;"

The second objective function for yaw moment control is

_ [T Mzd ! T Mzd
o) sl e

where By is the control matrix and can be = written @ as

1 1 1 1
- coséfbs + lf sin ¢ coséfbs + lf sin é¢ -b b
yaw moment.

When the response capacity of the hub motor is fixed, the smaller the difference
between the torque assigned to the hub motor and the current actual drive torque, the
shorter the response time for the hub motor to reach the required drive torque, and the
lower the instantaneous fluctuation and impact of the motor torque, which has certain
significance for motor energy optimization and vehicle ride comfort. Therefore, the third
objective function for suppressing instantaneous fluctuations and improving the motor
response speed of in-motor torque is

T
By ] , and M,; is the desired

4

=Y (Fui— Fu)’, (25)

1

where Fy, represents the actual tyre forces.
According to above three functions, the overall objective function is

minfy = min(kJ; +koJ> + k3J3), (26)

where k1, ky, and k3 are regulating parameters.

Objective function 1 is designed to achieve longitudinal vehicle speed tracking control
and obtain the overall longitudinal force driving demand. The overall longitudinal force
driving demand can be expressed as

Fy=F.+F +F,+F, 27)
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=

where F, is the acceleration driving resistance, Fyis the friction rolling resistance, F; is
the air resistance, and F; is the slope resistance. A PID controller is designed to realize the
vehicle speed tracking control. The model equation of the controller can be expressed as

b b —Fo—h p(03g —0x) + K / o — 0)dt 4k, T = 00) o)
m dt
where kp, k;, and k; are PID controller parameters. Thus, the required longitudinal force
driving demand can be obtained according to (46).
In objective function 3, the relationship between the longitudinal force demand F,;
and the yaw moment demand M, and the driving force of the four tyres can be expressed as

de =Fa+Fo+F3+Fa

. 29
M: = (Fa — Fa)l + (Fia — Fua)! @)
By solving Equation (29), we can obtain F,; = % + 2 Fpand Fy3 = de — % — Fy4.
The combination of Formulas (27) and (29) is then obtained as follows:
M, 2 2 Fyu M: 2 2
7"’? FxZ_Fal +(Fx2_Pu2) + T_E_FJA_P{B +(Fx4_Fa4) . (30)

In combination with Equation (30), the partial derivative of Fy, and Fy4 is set to 0, respec-
tively, and the optimal solution below the objective function 3 is obtained:

F. M. Fy1—F
sz—ﬂ_i_iZ_dlde

Foy % B 1\% _ EpFu (31
Thus, the tyre forces Fyx1 and Fy3 are obtained as follows:

TS R (2)

Fo =4l — f + 0%
Taking the partial derivative of subobjective functions J; and J,, we have glll = W(fx — de),
aa% = (Px — By {Aéd }) According to 5 ]f = ah + ko ah = 0 and calculating the ex-

treme value, the optimal result of tyre force dlstrlbutlon is
bl -1 M4
Fr= (klw+k21) k1 WiFyg + kaBx Fall (33)
X

In summary, the final comprehensive tyre force optimization distribution results can
be derived:

Ld+% Fin — Fpp

4 4] 2

Fy M. En—Fp
Fe— (W ko) [ Wiy kB [Mot] | k| 4 2 34
= (kW +kalI) 1ixd+2x1_~xd +3@7% Fis — Fu (34)

4 4] 2

Fg M; Fyz—Fy

L 4 4] 2 J

Combined with the above content, the trajectory tracking and yaw stability control strate-
gies of unmanned vehicles can be obtained, as shown in Figure 3.
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. Chaos variable initialization,
Initial Vehicle model and Generating chaotic sequences based on
» nitial state states Tent mapping
v v ‘ Calculate the optimal particle value ‘
Linear error model ‘ Calculate the particle fitness function aT L3
the current iteration time
+ ¢ + ‘ Update particle velocity and position ‘
v Referenced Referenced pe
> .
trajectory yawrate The fitness values of particles are
e arranged in ascending order, then
* determine the number of iterations
q Objective function =
1 Determination of
optimal fitness value
¢ Prediction control No
Updating the optimal particle position
1 sequences > ‘ through chaotic search
e v
Ascending arrangement of particle swarm
Vx . calculating the average fitness of the
hicl d 1 g g
1 Vehicle spee contro population and comparing it with the
¢ optimal fitness
F X F;cd ‘ Update particle optimal values }4—
X1 Mz
=] Tire force allocation <& St ermine whoter o
the preset termination conditions
have been met
YES
5 7 Stop searching and return to the optimal
< : solution

Figure 3. Overall vehicle control strategy.

4. Result Verification

In order to verify the effectiveness of the predictive control method based on a chaotic
particle swarm optimization model in vehicle trajectory tracking and yaw stability control,
the simulation test and verification under lane changing conditions were carried out in a
Carsim and Simulink co-simulation environment. In the simulation condition, the reference
trajectory was set as a typical lane changing trajectory condition, the target speed was set
to 30 km/h, the control time domain and prediction time domain of the model prediction
controller were set to 0.1, the chaotic particle swarm size was set to 500, and the maximum
number of iterations was set to 500.

The comparison results of vehicle trajectories obtained are shown in Figure 4. As can
be seen from Figure 4, the model predictive control method can achieve accurate tracking
of the reference trajectory in lane changing conditions, among which the introduction of
chaotic particle swarm optimization algorithm further improves the trajectory tracking
accuracy. In contrast, the tracking results using only the model predictive control method
show a more obvious time-lag phenomenon, the tracking accuracy is relatively low, and
the recovery rate of the vehicle trajectory is also relatively lagging. At this time, the
resulting comparison results of vehicle heading angle are shown in Figure 5. The tracking
results of the vehicle heading angle are consistent with the variation trend of vehicle
trajectory. Compared with a single model predictive control algorithm, the combination of
model predictive control and chaotic particle swarm optimization algorithm can effectively
improve the rolling update calculation rate of the controller, so that the change of vehicle
heading angle can track the reference value faster, and the tracking real-time and tracking
accuracy have been significantly improved.
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Figure 5. Comparison of vehicle heading angle.

The comparison results of vehicle trajectory tracking errors are shown in Figure 6.
According to the comparison results of the lateral deviation of trajectory tracking, it can
be seen that the model predictive control method combined with chaotic particle swarm
optimization algorithm has a more obvious inhibition effect on the lateral deviation of
trajectory tracking and has better performance in terms of fluctuation amplitude and
convergence speed. In contrast, the single model predictive control method has relatively
large error fluctuation, and its error convergence trend is obviously more lagging. The
comparison results of course deviation also show the same change trend. The introduction
of the chaotic particle swarm optimization algorithm can significantly reduce the amplitude
of course deviation and accelerate the convergence speed.
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Figure 6. Comparison of vehicle trajectory tracking errors: (a) lateral deviation; (b) heading deviation.

The comparison results of vehicle yaw angular speed are shown in Figure 7. It can
be seen from the figure that the vehicle yaw speed under the two control algorithms can
track and control the reference yaw speed on the overall trend so as to maintain the vehicle
yaw stability. The vehicle yaw velocity obtained by the model prediction controller based
on chaotic particle swarm optimization algorithm is relatively better in its tracking effect;
the change of vehicle yaw velocity is more stable on the whole, and the tracking control
precision is relatively higher.
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Figure 7. Comparison of vehicle yaw rate.

The results of tyre force optimization distribution are shown in Figure 8. It can be
seen from the figure that the changing trend of four-wheel tyre force is directly related to
the changing trend of vehicle driving trajectory and yaw angle speed. When the vehicle
needs to achieve rapid lane change cruising through steering control, the tyre force of the
vehicle also increases rapidly, providing sufficient driving force to the tyres to overcome
the additional steering resistance. During the rapid lane change, the tyre force of the right
front wheel is greater than that of the left front wheel, which helps to overcome the steering
resistance of the vehicle during the lane change steering. At the same time, the tyre force of
the right rear wheel is less than that of the left rear wheel, which helps to provide enough
additional yaw moment of the vehicle while overcoming steering resistance, thus achieving
yaw stability control while achieving steering maneuverability of the vehicle.
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Figure 8. Optimization distribution results of tyre force.
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In order to more clearly and intuitively reflect the direct role of the proposed CPSO
algorithm in improving the MPC solving ability and thereby affecting the vehicle trajec-
tory tracking and yaw stability control effects, further quantitative statistical analysis and
comparison of control effects were conducted. We calculated and compared the lateral
offset and heading error related to trajectory tracking performance under the conventional
MPC algorithm, PSOMPC algorithm, and CPSOMPC algorithm; the yaw rate error related
to vehicle stability; and the optimization solution time and lane changing time directly
reflecting the time delay problem. The comparison results are listed in Table 1. As shown
in Table 1, compared with conventional MPC algorithms, the average lateral offset and
evaluation heading error of the PSOMPC and CPSOMPC algorithm are significantly re-
duced, the trajectory tracking error is significantly suppressed, and the trajectory tracking
accuracy is improved. Moreover, the tracking error of the yaw rate is relatively small at
this time, and the tracking control effect of the vehicle’s yaw stability is improved. In
addition, the optimization problem solving times under the PSOMPC and CPSOMPC
optimization algorithm were 430 ms and 382 ms, respectively, which is significantly smaller
than the 506 ms under the MPC algorithm. The times required for the vehicle’s trajectory to
complete lane changing were 12.36 s, 12.59 s and 13.32 s, respectively. The multi-objective
function optimization solution time and vehicle lane changing time improved by 24.51%
and 7.21%, respectively. This indicates that the application of the CPSO optimization
algorithm effectively improves efficiency in solving the constraint objective function and
reduces the controller operation time, thereby reducing the time required for vehicle lane
changing and stabilization and effectively improving the maneuverability and real-time
performance of vehicle motion control.

Table 1. Quantitative comparative analysis of control results.

Average Lateral Average Heading  Average Yaw rate Optimal Calculation Lane Changing
Offset (m) Error (deg) Error (rad/s) Time (ms) Time (s)
MPC 0.0331 0.1296 0.0269 506 13.32
PSOMPC 0.0176 0.0593 0.0211 430 12.59
CPSOMPC 0.0136 0.0307 0.0183 382 12.36

5. Conclusions and Discussion

In order to improve the precision and real-time control of unmanned vehicle trajectory
tracking, a coordinated control method of vehicle trajectory tracking and yaw stability
based on chaotic particle swarm optimization and a model predictive control algorithm was
proposed. A discrete linear time-varying vehicle dynamics equation was constructed based
on the unmanned vehicle dynamics model, and a model prediction controller covering
multi-objective constrained optimization was designed. On this basis, in order to avoid
local optimization of multi-objective constraint optimization problems and improve the
efficiency of optimization constraint solving, a nonlinear constraint optimization method
based on chaotic particle swarm optimization algorithm was designed to improve the
optimization solution effect of a model prediction controller, so as to effectively improve
the trajectory tracking and yaw stability control effect. The results show that the trajectory
tracking control method combined with chaotic particle swarm optimization algorithm
and model predictive control algorithm can effectively improve the control precision and
efficiency of the trajectory tracking process while maintaining the stability of vehicle yaw.

At present, the combination of the model predictive control and particle swarm op-
timization algorithms also encounters some limitations in solving the problem of time
delay in intelligent vehicle trajectory tracking control. Model dependency is one of the
most important factors. The performance of MPC largely depends on the vehicle dynamics
model used. If the model is inaccurate or fails to fully consider the complexity of actual
vehicle behavior, the effectiveness of the control algorithm may be affected. In addition, the
accuracy of the model will also change with changes in vehicle status, environmental con-
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ditions, and usage time, which further increases the difficulty of control and optimization.
The related research appears to be of great significance. Meanwhile, robustness is also a key
issue that urgently needs to be overcome. In intelligent vehicle trajectory tracking control,
the system often faces various uncertainties due to changes in road conditions, vehicle
status, sensor noise, and other factors. However, traditional model predictive control
algorithms are often designed and optimized based on idealized models, with insufficient
consideration of uncertainty factors in actual systems, which may lead to poor robustness
of the algorithm in practical applications.

In future research, the time delay problems in intelligent vehicle dynamics control
systems will be an important issue. We believe that targeted research can be conducted
from three aspects: communication delays, actuator delays, and control system delays.
By analyzing the mechanism of induced time delay, the characteristics of time delay can
be effectively characterized, and a refined time delay model can be established. Then,
combined with the mechanism model, a high-performance controller for intelligent vehicle
dynamics time delay control can be designed, and advanced control algorithms can be
matched and optimized based on the actual dynamic characteristics of the vehicle, thereby
achieving real-time performance improvement of the control system. The problem of time
delay in intelligent vehicle dynamics control is a complex and important research topic. By
deeply analyzing the phenomenon and impacts of time delay, summarizing existing control
strategies, developing advanced control methods and real-time performance optimization
strategies, balancing vehicle safety and stability indicators, and combining collaborative
design factors in software and hardware, we can provide more reliable, efficient, and safe
solutions for future intelligent control of vehicle dynamics.
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