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Abstract: Recently, the intelligent platoon has attracted a lot of attention in both academic and
industrial research. For each intelligent platoon, all vehicles drive sequentially in a line, which helps
to improve fuel economy and road capacity. Consider two adjacent vehicles in the intelligent platoon,
and there is no mechanical boundary between them. However, an intelligent platoon may still
suffer from the issues of poor vehicle-following performance during the process of vehicle-following,
especially when it obtains its own position and other parameters inaccurately. To address this issue,
this paper proposes a model predictive control method based on an improved version of Kalman
filtering, aiming to enhance the anti-interference capacity of intelligent platoons in scenarios where the
following vehicles have acquired inaccurate parameters resulting from environmental disturbances
and sensor noise. Firstly, this paper establishes a three-degree-of-freedom single-track model for
the following vehicle, conducting dynamic analysis of its lateral, longitudinal, and yaw movements.
Then, this paper develops a horizontal and longitudinal formation driving control frame of the
intelligent vehicle platoon. Moreover, this paper also has employed Kalman filtering for interference
reduction of state parameters and designs an improved model predictive controller. The proposed
scheme is verified and evaluated through a joint simulation within Carsim and MATLAB/Simulink,
and the results demonstrate that the longitudinal following error is reduced by 37% and the lateral
following error is reduced by 51% compared to traditional algorithms, effectively improving the
stability of intelligent vehicle platoons during following driving.

Keywords: Kalman filtering; model predictive control; external disturbance; collaborative driving

1. Introduction

In recent years, with the continuous development of intelligent transportation sys-
tem, there has been a growing interest in research on intelligent vehicle platooning. An
intelligent vehicle platoon consists of several interconnected vehicles that optimize their
driving strategies through information exchange and sharing, enabling them to maintain
high velocities and small gaps between vehicles [1–4]. The control of intelligent vehicle
platoon driving involves the interaction between preceding and following vehicles. Im-
proper control of any individual intelligent vehicle can lead to increased overall lateral
and longitudinal driving errors in the platoon, resulting in decreased platoon stability and
potential safety hazards. Furthermore, current research on formation control of intelligent
vehicle platoons only considers the longitudinal motion of vehicles, neglecting the influence
of lateral motion on longitudinal motion. This paper comprehensively considers both the
lateral and longitudinal motions of intelligent vehicle platoons to control the formation of
vehicles and ensure platoon stability. Currently, the mainstream approaches for controlling
the formation driving of intelligent vehicle platoons can be classified into three categories:
sliding mode control, model predictive control, and neural network-based methods.

(1) Sliding mode control: The main principle is that the system continuously changes
according to the current operating state, causing the system to move according to
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the predetermined trajectory and reach the sliding surface in a limited time, reduc-
ing the platoon driving difference and controlling it within the specified range [5].
Negash N. M. et al. [6] explored the problem of optimal velocity tracking of the vehi-
cle platoon, modeled the automatic driving system by using the human-like prediction
vehicle following model, and proposed a sliding mode control method based on adap-
tive radial basis function neural network. Through simulation analysis, the platoon
stability of the vehicle platoon system was ensured. Gao Z. et al. [7] investigated
the problem of vehicle platoon following control with actuator saturation, dynamic
uncertainty and unknown disturbance. Based on the saturation function and fixed-
time performance function of the Gaussian difference function, an adaptive fixed-time
sliding mode control scheme was proposed to ensure that the vehicle platoon fol-
lowing difference converged to a steady state within a fixed time. Boo J. et al. [8]
proposed a robust bidirectional longitudinal platoon control method based on integral
sliding mode control for vehicles with unknown acceleration and unknown matching
disturbance. The finite time robust estimator was used to estimate the acceleration
and unknown matching disturbance of adjacent vehicles, and the disturbance compen-
sation was carried out, effectively improving the performance of platoon following
control. This method can overcome the uncertainty of the system and has strong
robustness to external disturbances. However, when the trajectory of the system
reaches the sliding mode surface, it is difficult to strictly follow the equilibrium point
of the sliding mode surface, and the system is prone to jitter.

(2) Model predictive control: This model establishes a prediction model based on the
current state of the control object, predicts the future output value of the control object,
and then corrects it based on feedback to achieve the optimal control effect [9]. Luo
Q. et al. [10], aiming at the control problem of heterogeneous platoon affected by
perturbations and modeling differences, proposed an improved model prediction
controller, which used a particle swarm optimization algorithm with an H∞ perfor-
mance index of augmenting difference system to optimize the gain in the integrated
control strategy, effectively reducing the platoon following difference. Hu X. et al. [11]
proposed a distributed MPC scheme to solve the problems of model uncertainty,
external interference and time delay existing in platoon control, which carried out
unbiased estimation of system state and disturbance, eliminated vehicle following
difference, and ensured the stability of platoon following. Ju Z. et al. [12] proposed a
distributed stochastic MPC algorithm for vehicle platoon, aiming at the performance
of vehicle platoon following control. Under the condition that vehicle driving is full
of uncertainties, the algorithm transformed the stochastic MPC problem into a de-
terministic problem through constraint tightening. Through simulation analysis, the
algorithm ensured the stability of vehicle platoon difference convergence. This type
of method can explicitly handle the constraints of the controlled system and has the
advantage of performance optimization, but its complex computational complexity
can affect the timeliness of the system.

(3) Neural network control: This involves statistical analysis of platoon trajectory data,
mining relevant driving behavior patterns, establishing corresponding fitting relation-
ships, and achieving effective control of vehicle formation [13]. Huang J. et al. [14]
proposed a vehicle platoon following control strategy based on adaptive neural net-
work algorithm. This method uses adaptive neural network to estimate the nonlinear
terms in the vehicle model and compensates the control input with the estimated value,
effectively improving the vehicle platoon following performance. Wu Z. et al. [15]
aiming at the problem that it is difficult to control nonlinear vehicle platoon following
due to measurement differences and environmental interference, applied radial basis
function neural network to approximate the nonlinear function, and designed an
adaptive distributed controller by using reverse step control method to ensure the
consistency of vehicle formation following. An J. et al. [16] solved the distributed
adaptive singular free fixed time neural network tracking control problem for vehicle
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platoon with model uncertainty. They used adaptive neural networks and H∞ control
theory to deal with unknown nonlinearity and mismatched complete disturbances in
third-order vehicle dynamics. The effectiveness of the proposed algorithm for platoon
following control was verified through simulation experiments. Such methods can
learn from data sets, extract model features, solve nonlinear problems, and have a
certain generalization ability, but their data demand is large, training equipment and
time costs are high, and the application threshold is high.

The advantage of the MPC algorithm is that it can deal with constraints explicitly
and solve linear or nonlinear problems with constraints online by predicting the future
state of the system. With the improvement of on-board computer computing power,
the calculation delay problem can be better solved. Therefore, the MPC algorithm has
great potential for application in intelligent vehicle platoon decision-making and control.
The above lists the current applications of three mainstream methods in the control of
intelligent vehicle platoons, but there is a lack of research on the problem that the following
vehicle obtains its own parameters inaccurately due to the influence of sensor noise and
environmental disturbance during the driving process of the intelligent vehicle platoon,
thus affecting the driving effect of intelligent vehicle platoon. In this paper, an improved
model prediction controller based on Kalman filtering is designed to solve this problem. In
this paper, interference signals caused by sensor noise and environmental interference are
converted into noise consistent with Gaussian distribution, and noise reduction is carried
out through Kalman filtering. The state parameters after noise reduction are input to the
model prediction controller to calculate the expected Angle and vehicle velocity and control
the intelligent vehicle platoon to follow. To solve the driving control problem of horizontal
and longitudinal formation of intelligent vehicle platoon, this paper proposes an improved
model prediction controller based on Kalman filtering. In Section 2, the three-degree-of-
freedom model of intelligent vehicle platoons is derived based on the single-track model
and nonlinear tire model, and a transverse and longitudinal control framework for the
intelligent vehicle platoon is proposed. Section 3 uses Kalman filtering to denoise the
system state parameters, designs an improved model predictive controller, and obtains
the objective function and constraint conditions of this paper through analysis. Section 4
uses Carsim and MATLAB/Simulink joint simulation to compare with traditional control
algorithms and verify the effectiveness of the algorithm proposed in this paper. Section 5
summarizes the work presented in this paper.

2. System Model
2.1. Problem Description

Consider an intelligent vehicle platoon composed of four intelligent connected vehicles
driving along the expected trajectory with the expected distance between vehicles on the
road. Among them, the intelligent vehicle platoon includes one leading vehicle and three
following vehicles. The trajectory of the lead vehicle is predetermined, and the following
vehicle tracks the driving trajectory of the preceding vehicle. Assuming that each vehicle in
the intelligent vehicle platoon is equipped with onboard sensing devices and wireless signal
transmission devices, all of them can detect the driving status information of surrounding
vehicles and obtain the driving trajectory of the preceding vehicle through the wireless
signal transmission device. The problem of collaborative control of intelligent vehicle
platoon can be transformed into the problem of controlling the lateral steering angle and
longitudinal acceleration of the following vehicles in the intelligent vehicle platoon. The
following vehicles develop driving strategies based on their current driving status, adjust
the steering angle and longitudinal acceleration, track the driving trajectory of the preceding
vehicle, and send this information to the following vehicle. The following vehicle repeats
this process until the end of platoon.
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2.2. Intelligent Vehicle Platoon Monorail Model

In order to investigate the horizontal and vertical cooperative control of intelligent
vehicle in the process of driving, this paper establishes a single-track model to study the
following vehicle dynamics of intelligent vehicle platooning system [17,18]. Assume that at
a certain moment, the front and rear vehicles of the intelligent vehicle platoon are in a stable
state, ignoring the role of suspension and its impact on vehicle motion and the absence of
wheel load transfer, the wheels of the same axis are concentrated on a single wheel located
in the center of the front or rear axle, and any following vehicle in the intelligent vehicle
platoon is taken and its monorail model is established, as shown in Figure 1.
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Considering the lateral, longitudinal, and yawing motion of the following vehicle,
taking a following vehicle as an example, the mass and yaw moment of inertia of m and Iz
are respectively obtained.

.
φ is the yaw angle velocity of the following vehicle; δw is the front

wheel angle of the following vehicle; vy and vx are the lateral and longitudinal velocities
at the center of mass of the following vehicle, respectively.

..
x and

.
x are the longitudinal

acceleration and velocity of the following vehicle, and
..
y and

.
y are the lateral acceleration

and velocity of the following vehicle, respectively. Fy f and Fyr are the lateral forces on
the front and rear wheels of the following vehicle respectively, and Fx f and Fxr are the
longitudinal forces on the front and rear wheels of the following vehicle, respectively. l f
and lr are the distances from the center of mass of the following vehicle to the front and
rear axles respectively. Through dynamic analysis, the intelligent vehicle’s 3-DOF model
can be obtained as follows: (1)–(3):

Longitudinal motion:

m
( ..

x − .
y

.
φ
)
= Fx f cosδw − Fy f sinδw + Fxr (1)

Lateral motion:
m
( ..
y +

.
x

.
φ
)
= Fx f sinδw + Fy f cosδw + Fyr (2)

Yaw motion:
Iz

..
φ =

(
Fx f sinδw + Fy f cosδw

)
l f − lrFyr (3)

α f and αr are the side declination angles of the front and rear wheels of the following vehicle,
respectively. It is assumed that the side declination angles are small, so the trigonometric
function in the equation is approximated. The side declination angles of the front and rear
wheels of the following vehicle can be obtained through the analysis of the single track
model as shown in Equations (4) and (5):

α f = δw −
.
y +

.
φl f

.
x

(4)

αr =

.
φlr −

.
y

.
x

(5)
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In order to solve the longitudinal force and lateral force on the front and rear axles
of the following vehicle, this paper uses the Pacejka tire model [19,20]. When the steering
angle and slip rate of the following vehicle are small, the longitudinal force and lateral
force on the vehicle tire are as shown in Equation (6):

Fx f = Cx f s f
Fy f = Cy f α f
Fxr = Cxrsr
Fyr = Cyrαr

(6)

In the equation, Cx f and Cxr are the longitudinal stiffness of the tires before and after
the following vehicle, and Cy f and Cyr are the transverse stiffness of the tires before and
after the following vehicle, respectively. s f and sr are the slippage ratio of the tires before
and after the following vehicle respectively.

When the following vehicle is controlled in the intelligent vehicle platoon, its refer-
ence trajectory is the inertial coordinate system, and the relationship between the inertial
coordinate system and the body coordinate system is shown in Equations (7) and (8):{ .

X =
.
xcosφ − .

ysinφ
.

Y =
.
xsinφ +

.
ycosφ

(7)

{ ..
X =

..
xcosφ − ..

ysinφ −
.

Y
.
φ

..
Y =

..
xsinφ +

..
ycosφ +

.
X

.
φ

(8)

Combine Equations (4)–(8) and arrange Equations (1)–(3) into Equations (9)–(11):

m
..
x = m

.
y

.
φ + Cx f s f − Cy f δw

(
δw −

.
y +

.
φl f

.
x

)
+ Cxrsr (9)

m
..
y = −m

.
x

.
φ + Cx f s f δw + Cy f

(
δw −

.
y+

.
φl f
.
x

)
+Cyr

.
φlr−

.
y

.
x

(10)

Iz
..
φ =

[
Cx f s f δw + Cy f

(
δw −

.
y+

.
φl f
.
x

)]
l f

−Cyrlr
.
φlr−

.
y

.
x

(11)

Since the longitudinal acceleration in this paper is a control quantity, Equation (9) is
updated and corrected, as shown in Equation (12):

m
..
x = max (12)

This text analyzes the three motion directions of the following vehicle in combination
with the model established above and defines the system state variable as ζ and the input
quantity as u, as shown in Equation (13):{

ζ =
( .

x,
.
y, φ,

.
φ, X, Y,

.
X,

.
Y
)

u = (ax, δw)
(13)

In the Equation, the control variables are, respectively, the acceleration of the following
vehicle and the front wheel angle ax and δw, The nonlinear Equation of state of the intelligent
vehicle platoon system is integrated, as shown in Equation (14):{ .

ζ = f (ζ, u)
η = h(ζ)

(14)

where η is the output.
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2.3. Control Framework

The following control framework is proposed in this paper to address the issue of
horizontal and vertical cooperative control of intelligent vehicle platoons, as shown in
Figure 2. The driving trajectory and velocity of the lead vehicle are predetermined values,
the driving track of the leading vehicle is obtained by following the driving vehicle, and
the reference track of the leading vehicle is tracked. In order to mitigate the influence of
external driving disturbance on the accuracy of self-vehicle parameters obtained by the
following vehicle and improve the control performance of the model prediction controller,
a Kalman filter is employed to estimate and compensate for system state parameters
affected by external disturbances. The estimated actual system state parameters under
external disturbance are then fed into the model predictive controller. The model prediction
controller optimizes and solves the optimal acceleration and steering angle according
to the system state parameters, objective function, and constraint conditions and inputs
them into the prediction model. Through model feedback and intra-team communication
interaction information, the solution process is cyclically optimized and feedback-corrected
to realize the control of horizontal and longitudinal driving difference of the intelligent
vehicle platoon.
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3. Controller Design
3.1. Prediction Model

The intelligent vehicle platoon system investigated in this paper is a nonlinear system,
which can give rise to intricate nonlinear constraints that impact the real-time performance
and stability of vehicle control. In this paper, the approximate linearization method is
employed to linearize Equation (14) and depict the nonlinear system as a linear system for
analysis, as shown in Equation (15):{ .

ζt = Btζt + Etut
ηt = Gtζt

(15)

where Bt is the constant matrix related to vehicle parameters, Et is the nonlinear input part
of the intelligent vehicle platoon Equation of state, Gt is the output variable constant matrix,
as shown in Equations (17)–(19) for details, and ut is the input parameter of the intelligent
vehicle platoon.

During platoon driving, the inevitable presence of input and measurement distur-
bances can adversely affect the estimation of system variable parameters, leading to a
reduction in the control effectiveness of the platoon. This paper considers these pertur-
bations and employs the Euler method for discretizing Equation (15), as described in
Equation (16): 

ζ(k + 1) = B(k)ζ(k) + E(k)u(k) + ω(k)
Z(k) = H(k)ζ(k) + ν(k)
η(k) = G(k)ζ(k)

(16)



World Electr. Veh. J. 2024, 15, 144 7 of 18

Bt =



0 0 0 0 0 0 0 0
Cy f (

.
y+

.
φl f )−Cyr(

.
φlr−

.
y)

m(
.
x)

2 − .
φ −Cy f +Cyr

m
.
x

0
Cyr lr−Cy f l f

m
.
x

− .
x 0 0 0 0

0 0 0 1 0 0 0 0
Cy f l f (

.
y+

.
φl f )+Cyr lr(

.
φlr−

.
y)

Iz(
.
x)

2
Cyr lr−Cy f l f

Iz
.
x

0 −Cy f l f
2+Cyr lr2

Iz
.
x

0 0 0 0

1 −φ − .
y 0 0 0 0 0

φ 1
.
x 0 0 0 0 0

0 0 − ..
y −

.
Y 0 0 0 − .

φ

0 0
..
x

.
X 0 0

.
φ 0


(17)

Et =



1 0

0
Cx f s f +Cy f

m
0 0

0
Cx f s f l f +Cy f l f

Iz
0 0
0 0
1 0
φ 0


(18)

Gt =

[
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0

]
(19)

H(k) =



0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0


(20)

where B(k) = I + TBt, E(k) = TEt, G(k) = Gt, T is the sampling time, and H(k) is the
observation matrix. ω(k) and ν(k) are process noise and measurement noise, respectively;
the two are independent of each other and accord with normal distribution. The pro-
cess noise covariance of Q(k) = E

[
ω(k)ω(k)T

]
, and the measurement noise covariance

R(k) = E
[
υ(k)υ(k)T

]
. The initial state value of the system is x(0), and the initial covariance

matrix is ρ0. This paper calculates the estimated state according to the Kalman filter, as
shown in Equation (21):

ζ̂( k + 1|k) = B(k)ζ̂(k) + E(k)u(k)
ϱ(k + 1) = Ẑ(k + 1)− H(k)ζ̂( k + 1|k)
Ṕ( k + 1|k) = B(k + 1)P( k|k)B(k + 1)T + Q(k)

K(k + 1) = Ṕ(k+1)H(k+1)T

H(k+1)Ṕ( k+1|k)H(k+1)T+R(k)
ζ̂( k + 1|k + 1) = ζ̂( k + 1|k) + K(k + 1)ϱ(k + 1)
P(k + 1) = (I − K(k + 1)H(k + 1))Ṕ( k + 1|k)
ζ̂( k + 1|k + 1) = ζ̂( k + 1|k) + K(k + 1)ϱ(k + 1)

(21)

where ϱ is the difference between the observed and predicted values of the system, Ṕ is
the predicted value of the system covariance, K is the Kalman gain, and P is the updated
value of the system covariance. After de-perturbation, the state parameter value shown in
Equation (21) is finally obtained and input to the controller.

In the process of tracking the vehicle in front, the system needs to predict the decision-
making behavior of the vehicle within the specified prediction interval and reduce the
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difference between the predicted value and the target value. Due to the mechanical
constraints of the vehicle itself, the changes in the control quantity before and after the time
cannot be too big, so the change increment of the control quantity needs to be constrained.
This paper establishes a new state Equation based on Equation (16), selects ∆u as the new
control variable, and adds u(k − 1) to the system state variable, as shown in Equation (22):

∼
ζ (k + 1) =

∼
B(k)

∼
ζ (k) +

∼
E(k)

∼
u(k)

∼
η(k) =

∼
G(k)

∼
ζ (k)

(22)

where 

∼
ζ (k) =

[
ζ̂(k)

u(k − 1)

]
∼
u(k) = ∆u(k) = u(k)− u(k − 1)

∼
B(k) =

[
B(k) E(k)
01×8 I

]
∼
E(k) =

[
E(k)

I

]
∼
G(k) =

[
G(k) 0

]
(23)

Set the prediction time domain and control time domain of the MPC controller to Np
and Nc, and specify Np > Nc. Specifying that the current moment is k and the initial mo-

ment state
∼
ζ (k) can be obtained by sensor measurement or state estimation. Equation (22)

can be written in the following form, as shown in Equation (24):

∼
ηa(k) = ψ(k)

∼
ζ a(k) + Φ(k)∆

∼
ua(k) (24)

where
∼
ηa(k), ψ, Φ, ∆

∼
ua(k) See Equations (25)–(28) for details:

∼
ηa(k) =



η( k + 1|k)
η( k + 2|k)

...
η( k + Nc|k)

...
η
(

k + Np
∣∣k)


Np×1

(25)

ψ(k) =
∼
G(k)



∼
B(k)
∼
B

2
(k)
...

∼
B

Np
(k)

 (26)

Φ(k) =
∼
G(k)



∼
E(k) 0 · · · 0

∼
B(k)

∼
E(k)

∼
E(k) · · · 0

...
...

. . .
...

∼
B

Nc−1
(k)

∼
E(k)

∼
B

Nc−2
(k)

∼
E(k) · · ·

∼
E(k)

∼
B

Nc
(k)

∼
E(k)

∼
B

Nc−1
(k)

∼
E(k) · · ·

∼
B(k)

∼
E(k)

...
...

. . .
...

∼
B

Np−1
(k)

∼
E(k)

∼
B

Np−2
(k)

∼
E(k) · · ·

∼
B

Np−Nc
(k)

∼
E(k)


(27)
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∆
∼
ua(k) =


∆u(k)

∆u(k + 1)
...

∆u( k + Nc − 1|k)


Nc×1

(28)

3.2. Objective Function

In this paper, the trajectory of the lead vehicle is provided, so only the objective
function is designed for the following vehicle. To accomplish cooperative driving among
intelligent vehicle platoons and ensure that an intelligent vehicle platoon keeps the desired
distance along the desired trajectory, the objective function designed in this paper is
as follows:

(1) One of the main objectives of the longitudinal driving control of the intelligent vehicle
platoon is to maintain the desired longitudinal workshop distance and ensure that
the following difference is as small as possible. This control objective is achieved by
solving the objective function Ji1, as shown in Equation (29):

Ji1 =
Np

∑
j=1

∥Xi(k + j|k )− Xi−1(k + j)− Ddes∥2 (29)

where Xi is the longitudinal position of the i following vehicle in the intelligent
vehicle platoon, and Ddes is the expected workshop distance. Compared with the
fixed interval strategy, the constant interval strategy is more conducive to improving
the driving safety of the following vehicle. Therefore, the constant interval strategy
is adopted in this paper to set the expected workshop distance, and the expected
workshop distance can be described as Equation (30):

Ddes = C + hvx (30)

where Ddes is the expected workshop distance, C is the safe distance, h is the front
time distance, vx is the longitudinal velocity.

(2) In order to ensure the driving effect of the vehicle following, it is necessary to control
the velocity of the following vehicle so that the velocity of the following vehicle is
as consistent as possible with the velocity of the leading vehicle. This control goal is
achieved by solving the objective function Ji2, as shown in Equation (31):

Ji2 =
Np

∑
j=1

∥vi(k + j|k )− vi−1(k + j)∥2 (31)

(3) The main objective of lateral driving control of the intelligent vehicle platoon is to
minimize the difference between current lateral driving position of the following
vehicle and the lateral position of the reference trajectory, and to ensure that the yaw
angle difference is as small as possible, This control goal is achieved by solving the
objective function Ji3, as shown in Equation (32):

Ji3 =
Np

∑
j=1

∥∥∥Yi(k + j|k )− Yre f (k + j|k )
∥∥∥2

+
Np

∑
j=1

∥∥∥φi(k + j|k )− φre f (k + j|k )
∥∥∥2

(32)

where Yi is the lateral position of the i following vehicle in the intelligent vehicle
platoon, Yre f is its reference position, φi is the yaw angle of the i following vehicle,
and φre f is its reference yaw angle.
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By integrating the above three objective functions, the objective function of this paper
can be obtained as shown in Equation (33):

minJi

{∼
ζ a(k), ∆

∼
ua(k)

}
= min{Ji1 + Ji2 + Ji3} (33)

It is converted into a quadratic objective function. In order to avoid the situation of no
solution under constraints, relaxation factors are added, as shown in Equation (34):

J(k) =
Np

∑
j=1

∥∥∥η(k + j|k )− ηre f (k + j|k )
∥∥∥2 ∼

Q+
Nc

∑
j=1

∥∆u(k + j|k )∥2∼R + ρ̌ε2 (34)

where
∼
Q and

∼
R are output weight matrix and input weight matrix, respectively.

∼
Q = diag

(
Q∆x, Q∆v, Q∆y, Q∆φ

)
Np

, Q∆x, Q∆v.

Q∆y, Q∆φ is the weight factor for the longitudinal distance error, vehicle velocity
error, lateral position error, and yaw angle error of the following car and the preceding car,

respectively.
∼
R = diag(R, R · · · R)Nc

was calculated by the controller to obtain the weight
coefficient of expected angle of following vehicle and velocity, ρ̌ is the weight factor, and
ε is the relaxation factor.

3.3. Optimization Solution

Substitute Equation (24) into Equation (34) to obtain Equation (35):

J(k) =
[∼

ηa(k)−
∼
ηre f (k)

]T ∼
Q
[∼

ηa(k)−
∼
ηre f (k)

]
+ ∆

∼
ua(k)

T∼
R∆

∼
ua(k) + ρ̌ε2 (35)

The output difference in the prediction time domain is expressed as Equation (36):

M(k) = ψ
∼
ζ a(k)−

∼
ηre f (k) (36)

By substituting Equation (36) into Equation (35), the updated objective function can
be obtained as shown in Equation (37):

Ji

{∼
ζ a(k), ∆

∼
ua(k)

}
=

[
∆
∼
ua(k)

T
, ε

]T
Lt

[
∆
∼
ua(k)

T
, ε

]
+ Nt

[
∆
∼
ua(k)

T
, ε

]
+ St (37)

where Lt =

[
Φ(k)T ∼

QΦ(k) 0
0 ρ̌

]
, Nt =

[
2M(k)T ∼

QΦ(k) 0
]
, St = M(k)T ∼

QM(k), St is con-

stant at time k, Ω =

[
∆
∼
ua(k)

T
, ε

]
, then Equation (37) can be updated to Equation (38):

J(k) =
1
2

ΩT LtΩ + NtΩ (38)

The optimal control incremental input is obtained by solving the following optimiza-
tion problems; for details, see Equation (39):

min
Ω

J(k) = 1
2 ΩT LtΩ + NtΩ

s.t. umin ≤ u(k) ≤ umax

∆
∼
uamin ≤ ∆

∼
ua(k) ≤ ∆

∼
uamax

∼
ηamin ≤ ∼

ηa(k) ≤
∼
ηamax#

(39)

The quadratic programming process solved by MATLAB is shown in Figure 3:
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The constraint conditions in the Equation are control quantity, control increment, and
output quantity within their respective prescribed ranges. The optimal control increment
obtained in the control time domain is expressed as Equation (40):

∆
∼
ua(k)

∗
=


∆u(k)∗

∆u(k + 1)∗

...
∆u( k + Nc − 1|k)∗


Nc×1

(40)

According to the basic principle of MPC, the first optimal control increment obtained
by the solution is input to the system, then the first control quantity can be expressed as
Equation (41):

u(k) = u(k − 1) + ∆u(k)∗ (41)

The optimal control quantity obtained from the above Equation will act on the system
to control the driving of the following vehicle and then cycle the above solution process
until the optimal control quantity is solved at the next time.

4. Simulation Analysis
4.1. Simulation Parameter Setting

To verify the effectiveness of the improved MPC based on Kalman filtering, this paper
uses Carsim and MATLAB/Simulink to build an intelligent vehicle platoon driving control
model with a road slip rate of 0.8. The simulation scene is depicted in Figure 4, while
Table 1 presents the vehicle parameters and Table 2 provides the control parameters.
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Table 1. Vehicle parameters.

Parameter Name Value Unit

Vehicle mass 1270 kg
Distance from center of mass to front axis 1015 mm

Front and rear axle distance 2910 mm
Body height 1610 mm

Height of center of mass 540 mm
Tyre radius 325 mm

Moment of inertia about the z axis 1536.7 kg/m2

The lead vehicle’s initial position is set at 30 m, while the three following vehicles have
initial longitudinal positions of 20 m, 10 m, and 0 m, respectively, all vehicles in the team
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have an initial velocity of 5 m/s, and the simulation duration is designed to last for 30 s;
during this time period, the velocity v1 of the lead vehicle changes as follows:

v1 =


5, 0 ≤ t ≤ 5
5 − 0.4(t − 5), 5 ≤ t ≤ 10
3 + 2.3(t − 10), 10 ≤ t ≤ 13
10, 13 ≤ t ≤ 30

(42)

where, the unit of vehicle velocity v1 is m/s, and the unit of time t is s.

Table 2. Control parameters.

Parameter Name Range Unit

vx [2, 15] m/s
ax [−5, 5] m/s2
δw [−20, 30] ◦

∆
∼
uax

[−1.5, 1.5] m/s2

∆
∼
uδw

[−5, 5] ◦

C 6 m
h 1 -

In this paper, the communication topology of the vehicle platoon is the predecessor
following. According to the guideline standard 2021-0135T-QC [21] in the construction
of China’s National Vehicle Networking Industry Standard System, when the vehicle
transmits information unidirectionally, the communication delay should be less than 4 ms.
In this paper, the corresponding simulation experiment parameters are set on the basis
of the national standard, and the communication delay is set to 4 ms. In order to avoid
the failure of the quadratic programming in this paper to solve the result in time, the
sampling time in this paper is set to 0.1 s. Since the sampling time is much larger than the
communication delay, the influence of communication delay on the queuing of intelligent
vehicles is ignored in this paper.

Taking the intelligent vehicle 2 as an example, Figures 5 and 6, respectively, show the
block diagram of the model predictive control system based on improved Kalman filtering
and the block diagram of the PID control system. In the improved model predictive control
system based on Kalman filtering, firstly, Gaussian noise is added into the information
input by Carsim, and after noise reduction processing by Kalman filtering, the input of
the model predictive controller is the longitudinal velocity of the front and rear vehicles,
the longitudinal acceleration of the front and rear vehicles, the transverse displacement of
the front and rear vehicles, the longitudinal displacement of the front and rear vehicles,
and the yaw angle. The model prediction controller calculates the desired acceleration and
angle of the output. The rotation angle directly acts on the vehicle and controls the lateral
following of the vehicle. The acceleration is converted into the corresponding velocity, the
actual distance between the vehicle and the vehicle in front is calculated, and the expected
distance is calculated through the fixed time distance strategy for comparative analysis, so
as to control the longitudinal following.

Figure 6 is the PID control system diagram; taking the second vehicle as an example,
other vehicles are consistent with this. The input of PID controller is the longitudinal
velocity of the front and rear vehicle, the longitudinal acceleration of the front and rear
vehicle, the lateral displacement of the front and rear vehicle, the longitudinal displacement
and the yaw angle. The outputs are angle and acceleration. Taking longitudinal follow
drive as an example, the PID adjustment idea in this paper is to adjust P and I first, and
then adjust D. The main observation is whether the desired acceleration calculated by the
controller can keep the following vehicle running at the desired workshop distance, and the
workshop distance is calculated using the constant interval strategy. When P is adjusted, it
is adjusted from small to large. When the system is stable, the actual workshop distance is
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stable with the expected workshop distance, and there is a certain error, but it is basically
close to the expected workshop distance curve. Then I is adjusted from small to large,
and the value of I is gradually increased until the actual workshop distance curve fits the
expected workshop distance curve. Then observe the overshoot phenomenon of the system
and slowly increase D until the overshoot is eliminated, at which time the PID adjustment
is completed.
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4.2. Controller Performance Analysis

In order to validate the controller’s performance, this section conducts a joint simula-
tion experiment on the horizontal and longitudinal driving of the platoon under the curve
scene, and verifies the effectiveness of the controller designed in this paper on the control of
the horizontal and longitudinal driving of the platoon by comparing the control effect with
that of the traditional control method PID. Figure 7 is the simulation result of this paper.
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Figure 7. Improved MPC and PID performance comparison diagram for horizontal and vertical
control of intelligent vehicle platoon.

Figure 7a–c show the horizontal and longitudinal control performance curve of the
intelligent platoon controlled by the MPC improved by Kalman filtering. Figure 7a illus-
trates the intelligent platoon’s driving trajectory. It can be seen from the figure that three
following vehicles have better driving control following the lead vehicle on the curved
road. Figure 7b displays the longitudinal velocity diagram of the intelligent vehicle platoon,
revealing three stages of expected velocity changes: deceleration, acceleration, and uniform
velocity. Figure 7c shows the longitudinal displacement curve of the intelligent vehicle
platoon. It can be seen from the figure that there is no cross-collision in the intelligent
vehicle platoon during the driving process. Figure 7d–h, respectively, exhibit the improved
model prediction controller and PID controller’s horizontal and vertical control effects on
the intelligent platoon.

The changes in longitudinal velocity difference and inter-vehicle distance of the intelli-
gent platoon are illustrated in Figure 7d–f. To enhance vehicle driving safety, this study
employs a constant time distance strategy to calculate the expected inter-vehicle distance
longitudinally. As can be seen from the figure, when utilizing the improved model for
controller prediction, the maximum velocity difference of the intelligent platoon during
the driving process is about 2.12 m/s, and the maximum vehicle spacing difference is
about 1.95 m, both of which occur between the following vehicle 1 and the lead vehicle,
without the situation of backward expansion. At the end of the simulation time, the overall
velocity of the intelligent platoon converges to 0, and the workshop distance converges
to the expected workshop distance of 16 m. When employing a PID controller, the max-
imum velocity difference is about 2.95 m/s, the maximum vehicle spacing difference is
about 3.1 m, both approaching 0 at simulation completion time. By comparison with PID
control algorithm results, it can be observed that this paper’s proposed algorithm can
reduce the maximum velocity difference by approximately 28% and the maximum vehicle
spacing difference by roughly 37%. Furthermore, by comparing the time of maximum
velocity difference and workshop distance difference to steady state, it can be seen that the
convergence time of the proposed algorithm is shorter.

The horizontal control performance curve of the intelligent platoon is depicted in
Figure 7g–h. It can be observed from the diagram that when employing the improved
model predictive controller, the maximum front wheel angle difference and the maximum
lateral position difference of the intelligent platoon during the driving process are about
2.08◦ and about 0.27 m, respectively, both occurring between following vehicle 1 and the
lead vehicle, without the situation of backward expansion. The difference approaches 0 at
the end of the simulation time. When PID controller is adopted, the maximum front wheel
angle difference is about 4◦ and the maximum lateral position difference is about 0.56 m
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during the driving of the intelligent team, both of which appear between the following
vehicle 1 and the lead vehicle, without backward expansion, and approach to 0 at the end
of the simulation time. By comparison, compared with PID control algorithm, the proposed
algorithm can reduce the maximum angle difference by about 48% and the maximum
vehicle spacing difference by roughly 51%.

In summary, compared with the traditional PID control algorithm, the improved MPC
algorithm based on KF proposed in this paper has reduced peak values in terms of velocity
difference, workshop distance difference, front wheel angle difference, and lateral position
difference, and no backward diffusion has occurred, which has effectively enhanced the
following and stability of intelligent vehicle platoon.

5. Conclusions

The paper has proposed an improved MPC based on KF for the horizontal and longitu-
dinal formation control of intelligent vehicle platoon. A discrete version of the established
vehicle dynamics model was obtained to derive the system prediction formula. Considering
the influence of external disturbance, noise was added to the system prediction formula
and measurement formula, and the noise was reduced by KF to improve the accuracy of
the following vehicle in obtaining its own state parameters. Leveraging the KF algorithm, a
prediction controller for the horizontal and vertical distributed model of intelligent vehicle
platoon was designed, and a quadratic objective function J(k) was constructed. Simulation
experiments were conducted on Carsim and MATLAB/Simulink platforms to compare the
proposed method with traditional control algorithms for evaluating their respective control
performances. The control performance of the proposed method and the traditional control
algorithm has been compared. The simulation results have shown that the improved
MPC algorithm based on KF was able to achieve a good following effect at time-varying
vehicle velocity by de-disturbing the state variables with interference, and the following
error did not spread backward. Compared with the traditional algorithm without noise
reduction, the longitudinal and lateral following errors were reduced by 37% and 51%,
effectively improving the stability of intelligent vehicle platoon following. The reduction
in the longitudinal following distance of the intelligent vehicle platoon greatly improved
the utilization rate of road space and could effectively alleviate traffic congestion. The
reduction in the lateral following error could reduce the air resistance of the vehicle when
it is following, reduce fuel consumption, and reduce environmental pollution. In summary,
the reduction of the horizontal and longitudinal following error of the intelligent vehicle
platoon has important economic and social value.
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Nomenclature

Name Abbreviation
Model Predictive Control MPC
Kalman Filtering KF
Sliding Mode Control SMC
Neural Network Control NNC
3-Degree-of-Freedom Model 3-DOF
Name Implication
m mass
Iz Moment of inertia of yaw motion
.
φ Yaw angular velocity
δw angle
vy Lateral velocity at the center of mass
vx Longitudinal velocity at the center of mass
..
x,

.
x Longitudinal acceleration and velocity

..
y,

.
y Lateral acceleration and velocity

Fy f , Fyr Front and rear lateral forces
Fx f ,Fxr Front and rear longitudinal forces
l f , lr The distance from the center of mass to the front axle and the

distance from the center of mass to the rear axle
α f , αr The side Angle of the front wheel and the side Angle of the

rear wheel
Cx f , Cxr Longitudinal stiffness of front and rear tires
Cy f , Cyr Lateral stiffness of front and rear tires
s f , sr Slip rate of front and rear tires
ζ System state variable
u System input variable
ax, δw Control variable acceleration and steering Angle
η Output variable
Bt Constant matrix of vehicle parameter correlation
Et Nonlinear input to the equation of state
Gt Output variable constant matrix
ut Input parameter
H(k) Observation matrix
ω(k), ν(k) Process noise and measurement noise
x(0) The initial status of the system
ρ0 Initial covariance matrix
ϱ Error between the observed and predicted values of the system
Ṕ Predicted value of system covariance
K Kalman gain
Np, Nc Prediction domain and control domain
Ddes Expected workshop spacing
C Safe distance
h Head time
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