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Efficient Motion Control for Heterogeneous
Autonomous Vehicle Platoon Using Multilayer

Predictive Control Framework
Guodong Du , Yuan Zou , Senior Member, IEEE, Xudong Zhang , Member, IEEE, Jie Fan ,

Wenjing Sun , and Zirui Li

Abstract—Autonomous driving technology and platooning
driving technology are important directions for the development
of intelligent and connected vehicles. Aiming at the motion
control problem of autonomous vehicle platoon, this article
proposes a multilayer predictive control framework (MPCF)
based on heuristic learning agent and improved distributed
model. First, the leading autonomous vehicle and following
heterogeneous vehicles are modeled, respectively, and the motion
control problem of autonomous platoon is described. Then, the
multilayer motion control framework is designed, which contains
highly automated tracking control optimization for the leading
vehicle (LV) and high-precision formation keeping optimization
for the following vehicles (FVs). In the upper layer, the heuristic
Dyna algorithm-based predictive control (HDY-PC) method is
proposed to improve the path tracking performance of the
LV. In the lower layer, the improved distributed model-based
predictive control (IDM-PC) method is developed to guarantee
the motion effectiveness and stability of the vehicle platoon.
Besides, the multilayer control framework can handle various
communication topologies and dynamic cut-in/cut-out maneu-
vers. The virtual environment simulation shows that the proposed
motion control framework for heterogeneous autonomous vehicle
platoon achieves better performance in path tracking and platoon
keeping. The adaptability of the framework is also verified using
another real-world scene.

Index Terms—Autonomous connected vehicle platoon, heuristic
reinforcement learning, improved distributed model, motion
control, multilayer predictive control framework (MPCF).
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I. INTRODUCTION

IN THE context of intelligent traffic systems (ITSs), intel-
ligent and connected vehicles (ICVs) and autonomous

driving technologies are developing rapidly [1]. Among several
important development directions, the platoon of connected
vehicles has attracted considerable attention and become typ-
ical application in the field of automotive intelligence [2].
Compared to a single ICV, the ICVs platoon has wider appli-
cation extensibility when performing tasks, benefitting from
its larger capacity and higher energy efficiency [3]. To achieve
the expected platooning driving effect, the appropriate control
scheme is required to optimize the motion performance of both
the leading vehicle (LV) and following vehicles (FVs). In basic
platooning tasks, the FVs should follow the motion trajectory
of the LV while maintaining a preset space between any
two adjacent vehicles [4]. In particular, when the autonomy
level of connected vehicle platoon is further improved, the
platoon system will automatically generate the optimal motion
sequence rather than relying on the speed curve reference
input from the external environment. Undoubtedly, highly
autonomous control framework is a core trend in the future
development of vehicle platooning.

A. Literature Review

In early stages of the research on the platoon control, the
proposition of advanced platoon control strategies within the
multiagent consensus control framework was growing [5], [6].
Considering the range limitation of communication topologies,
a distributed receding horizon control approach was designed
to guarantee the stability of vehicle platoon [7]. However, these
approaches adopted linear dynamics and controllers, which
were primarily for the sake of theoretical comprehensiveness
while neglecting considerations for inherent model nonlinear-
ities and input constraints.

With the rise of artificial intelligence (AI) algorithms,
machine learning has advantages in dealing with complex
control models and multidimensional constraints [8], [24]. A
deep reinforcement learning (DRL) method was proposed to
deal with the uncertainties and control constraints in the pla-
tooning behavior, and the theoretical analysis were validated
by simulation results [9]. In [10], a communication proximal
policy optimization was proposed based on the multiagent
reinforcement learning (RL) system to improve the control
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efficiency of vehicles platoon. The results showed that the
proposed RL method achieved better performance than the
traditional platoon control strategy and some existing RL
strategies. Moreover, the neural network (NN) was also applied
to the cooperative tracking control for platoon of vehicles, and
the relevant effectiveness was verified by simulation experi-
ments [11]. However, machine learning models heavily rely on
the quality and representativeness of training data, which may
lead to lack of interpretability or unintended consequences in
different application scenarios. Besides, limited by its solution
characteristic of single step decision, the machine learning
methods cannot deal with the multiagent control in connected
vehicles platoon from global optimization perspective, which
results in the suboptimal strategies problem.

In recent years, model predictive control (MPC) method
and its variants are widely used in many control problems,
which could deal with both constraints and nonlinearities
explicitly [12]. Aiming at the robust platoon control, the
framework based on tube MPC was proposed [13]. The
simulations were provided to evaluate the effectiveness of
this control framework. Wang et al. [14] designed a holistic
robust motion controller based on MPC algorithm for the ICV
platoon. It was validated that this controller realized better
suppression on position error propagation than single-structure
MPC. In view of the feature of vehicle platoon containing
multiple vehicles, several scholars introduced distributed MPC
(DMPC) schemes, where each vehicle will be assigned to a
locally optimized control problem. Zheng et al. [15] presented
a DMPC-based algorithm for heterogeneous vehicle platoon.
In the construction of this control system, the actual platoon
control problem was simplified, where only the longitudinal
motion control was considered, while the lateral control was
ignored. The effectiveness of this method was preliminarily
verified by using a simple artificially created velocity trajectory
in the longitudinal dimension of the LV. Considering the
intervehicular spacing constraints, a DMPC-based control
scheme was proposed for longitudinal motion control of
heterogeneous vehicle platoon [16]. The comparison simu-
lation demonstrated the feasibility of this scheme in several
scenarios. Wang et al. [17] proposed a DMPC algorithm
for connected vehicle platoon considering predecessor-leader
following (PLF) topology, and the consistency of platoon
spacing and speed was proved by experiments. Considering
more disturbance factors and optimization objectives, other
DMPC methods for vehicle platoon control have also been
proposed in recent years [18], [19], [20]. With the appli-
cation of vehicle-to-vehicle (V2V) communication, variable
communication topologies are required for the platoon control
problem. Different from the above studies which only consider
the specific communication topologies, Hu et al. [21] designed
a DMPC control scheme for platooning, where several typi-
cal topologies (predecessor following (PF), bidirectional, PF
leader, two predecessors following) were used.

It is worth noting that the above researches have simplified
the motion control problem of vehicle platoon. First, the
design of the platoon controller was only based on longitudinal
motion, ignoring the lateral motion of different FVs in the
platoon. In the actual application scene for vehicle platoon, the

driving route is not an ideal straight path, and it is unrealistic
to assume that the lateral motion is always consistent and
steady [22]. Therefore, designing a motion control method
for vehicle platoon to realize longitudinal control and lateral
control coordination is meaningful. Besides, in the above
researches, the velocity trajectory of the LV that needs to
be followed is either a simple artificially created curve or a
smoothly changing velocity curve. In practical applications,
the velocity trajectory of the LV is often time-varying and
fluctuating, which puts forward higher requirements for the
designed motion control method to ensure the long-term
stability of the entire vehicle platoon.

In [23], a hybrid automaton architecture based on MPC
method was constructed for motion planning of connected
vehicle platoon, which involved the longitudinal motion and
lateral motion. Nonetheless, the scenario in the above paper
belongs to a typical three-lane overtaking problem, which is
not suitable for platooning control in nonspecific scenarios.
Feng et al. [25] proposed a DMPC-based method for vehicle
platoon considering longitudinal and lateral coupling. In this
hierarchical structure, the lateral motion control was repre-
sented by the linear parametric-varying lane-keeping model,
and both road radius and the specified look-ahead distance
were assumed to be known. The effectiveness of this method
was validated by the joint simulation. Different from the lateral
control problem of lane keeping, the lateral motion control
of platoon needs to be finely modeled in more generalized
longitudinal and lateral collaborative application scenarios,
such as nonspecific scenarios. Therefore, for a wider range
of application requirement, the vehicle platoon control in
nonspecific scenarios considering both longitudinal and lateral
motions is valuable and necessary. Meanwhile, dynamic cut-
in/cut-out maneuvers are another major challenge for vehicle
platoon. All of vehicles in the platoon are required to maintain
consistency in the lateral direction and a preset spacing in the
longitudinal direction after cut-in/cut-out maneuvers.

Furthermore, the development of autonomous driving tech-
nology determines the future trend of highly autonomous
platoon driving. In [26], the platoon of autonomous vehicles
operating was considered for the application in the urban road
network, and the traffic congestion phenomena was signifi-
cantly reduced by the proposed method. The ideal autonomous
vehicle platoon is expected to automatically generate the
motion states curves instead of receiving the curves reference
generated artificially. In this situation, a higher autonomy
requirement for the LV control in the platoon is put forward,
which needs to drive autonomously based on the external
environment and obtained navigation path information. In
the current research phase, highly automated motion control
optimization for single autonomous vehicle has been carried
out [27], [28], [29].

In recent years, the motion control based on MPC
has become a popular solution in this field. The MPC
method iteratively solves motion control sequences for single
autonomous vehicle by using optimization algorithms in the
future prediction horizon [30]. An improved kinematic MPC
method was proposed for the high-speed motion control of
single autonomous vehicle [31]. The results demonstrated
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that the developed controller tracked the reference path well.
Bao et al. [32] proposed a safety-guarantee MPC method for
autonomous vehicle, which dealt with uncertain environments
and uncertain models. The results showed that the controlled
autonomous vehicle realized collision avoidance for different
obstacles, and the proposed method achieved higher compu-
tational efficiency.

Furthermore, machine learning algorithms are constantly
applied to the highly automated motion control optimization
of single autonomous vehicles. Shan et al. [33] proposed a
RL-based autonomous motion control strategy, which involved
driving smoothness and tracking accuracy. The results proved
that this RL-based control was better than traditional MPC-
based control and LQR-based control. Another adversarial
RL framework was designed for the motion control in the
autonomous driving [34]. The effectiveness of this framework
was validated by simulation tests. Besides, other variants of
RL methods have also been applied to the autonomous motion
control research, such as partial RL method [35] and safe
RL method [36]. Actually, the RL architecture is suitable for
solving dynamic motion control problem of single autonomous
vehicle with its powerful self-learning ability. The general RL
algorithms belong to Markov decision process (MDP), and
generate single-step control action according to the current
state. However, the actual global optimal solution of a control
sequence is often derived in a long solution time domain.
The single-step decision of the existing RL method does not
consider the state of the next several steps, and the generated
control strategy is only optimal for the current state, which
may miss the actual optimal control strategy of the current
state from the perspective of global optimization. Therefore,
the set of one-step solution of RL method easily falls into the
problem of suboptimal. The effects of existing motion control
methods for single autonomous vehicle still have the potential
of improvement, including tracking accuracy, driving rapidity,
and stability.

Facing with the above problem and referring to the advan-
tage of MPC method, the predictive time domain concept of
MPC can be introduced into the traditional RL algorithm,
and the control optimization based on the future prediction
horizon can effectively improve the performance of the global
control policy. Therefore, incorporating a forward multistep
predictive decision method with RL structure to replace the
single-step decision of traditional RL is meaningful, which
has the potential to achieve better motion control effect of
autonomous vehicle.

Furthermore, the transition from highly automated motion
control of a single autonomous vehicle to highly automated
motion control of an autonomous platoon is challenging,
which involves higher dimensions of collaborative constraints.
Especially in nonspecific scenarios, maintaining the safety
and stability of the whole vehicle platoon while performing
the autonomous driving task without driver input is of great
significance.

B. Motivation and Contributions

Inspired by the aforementioned challenges in current motion
control problem of autonomous vehicle platoon, the motivation

of this article is designing an efficient and high-autonomy con-
trol scheme for heterogeneous autonomous vehicle platoon in
nonspecific scenarios, which adapts to various communication
topologies and dynamic cut-in/cut-out maneuvers.

The innovation points of this research can be summarized
as follows: 1) the multilayer predictive control framework
(MPCF) is proposed for the motion control of heterogeneous
autonomous vehicle platoon, which contains highly automated
tracking control optimization for the LV and high-precision
formation keeping optimization for the FVs; 2) for the
highly automated tracking control optimization of the LV,
the heuristic Dyna (HDY) algorithm-based predictive control
(HDY-PC) method is proposed to achieve better optimization
efficiency and tracking performance; and 3) for the high-
precision platoon keeping control optimization of the FVs,
the improved distributed model-based predictive control (IDM-
PC) method is designed to realize efficient longitudinal and
lateral collaborative control.

The contribution details for each innovation point are shown
below.

1) The multilayer framework ensures the stability of the
longitudinal and lateral movement of the vehicle platoon
through the differentiated control logic of the leading
and FVs. The two logical layers are coupled and realize
real-time transmission of dynamic information based on
intelligent connected system. Through the cooperative
operation of the two layers, the motion control task
of the heterogeneous autonomous vehicle platoon is
completed. It can also be applied for different typical
communication topologies and dynamic cut-in/cut-out
maneuvers in nonspecific scenarios.

2) In the implementation of HDY-PC method, the RL
algorithm called HDY is developed for the training of
initial motion control agent, which achieves higher train-
ing efficiency and optimization effects. The predictive
control solution logic is designed, and the prediction
horizon is constructed on the trained initial agent to
realize the multiple steps decision instead of single step
decision, which realizes better tracking performance.

3) In the implementation of IDM-PC method, the general-
ized longitudinal control and lateral control coordination
is used to construct the improved distributed model,
which adapts to collaborative application in nonspecific
scenarios. The local optimal control solution for each FV
is realized by DMPC method, and the update mechanism
of the communication topology is also constructed to
cope with the cut-in/cut-out maneuvers.

C. Organization of Paper

The organizational structure of this article: in Section II,
the motion control problem of autonomous vehicle platoon
is described, and the leading autonomous vehicle, follow-
ing heterogeneous vehicles and communication topology are
modeled, respectively. Then the multilayer motion control
framework based on heuristic learning agent and improved
distributed model for heterogeneous autonomous vehicle pla-
toon is proposed in Section III. The virtual environment
simulation results and analysis are provided in Section IV, and
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Fig. 1. Visualization of motion control problem for autonomous vehicle
platoon.

Fig. 2. Variable communication topologies for heterogeneous autonomous
vehicle platoon: (a) PF; (b) PLF; (c) two predecessors following (TPF); and
(d) two PLF (TPLF).

the adaptability of the proposed framework is also discussed.
Finally, Section V concludes this article.

II. MODELING OF MOTION CONTROL FOR

HETEROGENEOUS AUTONOMOUS VEHICLE PLATOON

A. Description of Problem

The motion control problem for autonomous vehicle platoon
is visualized in Fig. 1. Relying on the global positioning
system (GPS) and mature navigation software application,
the global navigation path can be directly obtained when the
starting and target positions in the driving scenario are deter-
mined. As shown in the plum red rectangle, the vehicle platoon
needs to complete autonomous path tracking task according
to the navigation path and external environment information.
During the entire task execution process, the tracking accuracy,
driving rapidity and smoothness of autonomous platoon should
be improved. Meanwhile, the platooning safety and stability
should also be guaranteed, which requires vehicles in the
platoon to maintain consistency in the lateral direction and a
preset spacing in the longitudinal direction.

In this research, variable communication topologies are
considered for the heterogeneous platoon, as shown in Fig. 2.
These four distinct communication topologies have been
widely used in platooning applications [39], [40], [41], [42].
The autonomous platoon contains a LV and several FVs which
are indexed from 1 to N. Each vehicle is equipped with com-
munication equipment, and only the vehicles communicating
directly with the LV can get the desired set point. The control
objective of the LV is to track the navigation path with high

autonomy, while the control objective of the FVs is to keep the
platoon formation with high precision. The control logic from
different parts together generates the complete autonomous
platoon driving.

B. Nonlinear Modeling of the Leading Vehicle

In this research, both longitudinal and lateral dynamics of
vehicles are considered. In order to ensure the actual execution
of the control, nonlinear dynamic modeling for the LV is
carried out, including rolling resistance, aerodynamic drag,
inertial lag, and drivetrain efficiency. The nonlinear model of
LV can be expressed by
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

xp0(t + 1) = xp0(t)+ v0(t)cosϕ0(t)�t

yp0(t + 1) = yp0(t)+ v0(t)sinϕ0(t)�t

v0(t + 1) = v0(t)+ 1
mleading

(
ηdri,0

R0
T0(t)− Fleading(v0(t))

)
�t

T0(t + 1) = T0(t)− 1
τ0

T0(t)�t + 1
τ0

a0(t)�t

ϕ0(t + 1) = ϕ0(t)+ ω0(t)�t

Fleading(v0(t)) = CA,0v0
2(t)+ mleadinggfleading

(1)

where xp0(t) and yp0(t) represent the position information of
LV at x and y coordinates, respectively. �t is the sampling
time. v0(t) denotes the velocity of the LV, which is decided
by vehicle mass mleading, the drivetrain efficiency ηdri,0, the
tire radius R0, the external resistance Fleading(v0(t)) and the
integrated torque T0(t). Considering the inertial lag τ0, T0(t)
can be obtained by the desired torque command a0(t). ϕ0(t)
and ω0(t) stand for the yaw angle and steering angular speed,
respectively. CA,0 is the aerodynamic drag coefficient, g is the
gravity acceleration, and fleading is the rolling resistance coeffi-
cient. For the motion control of LV, the state is represented by
x0(t) = [xp0(t), yp0(t), v0(t),T0(t), ϕ0(t)]T ∈ R

5×1, the output
is represented by y0(t) = [xp0(t), yp0(t), v0(t), ϕ0(t)]T ∈
R

4×1, and the control input can be represented by u0(t) =
[a0(t), ω0(t)]T ∈ R

2×1. Then, the nonlinear model can be
rewritten as the following equations:

{
x0(t + 1) = φ0(x0(t))+ ψ0 · u0(t)

y0(t) = γ0 · x0(t)
(2)

where the relevant matrices are shown as follows:

φ0 =

⎡

⎢
⎢
⎢
⎢
⎢
⎣

xp0(t)+ v0(t)cosϕ0(t)�t
yp0(t)+ v0(t)sinϕ0(t)�t

v0(t)+ 1
mleading

(
ηdri,0

R0
T0(t)− Fleading(v0(t))

)
�t

T0(t)− 1
τ0

T0(t)�t
ϕ0(t)

⎤

⎥
⎥
⎥
⎥
⎥
⎦

∈ R
5×1

ψ0 =

⎡

⎢
⎢
⎢
⎢
⎣

0 0
0 0
0 0
�t
τ0

0
0 �t

⎤

⎥
⎥
⎥
⎥
⎦
∈ R

5×2 γ0 =

⎡

⎢
⎢
⎣

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

⎤

⎥
⎥
⎦ ∈ R

4×5.

(3)

The objective of LV is to track the navigation path with high
autonomy while improving the tracking accuracy, smoothness
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and rapidity. The navigation path Pref contains a dense
sequence of point positions

Pref =

⎛

⎜
⎜
⎜
⎜
⎜
⎝

(xpref, ypref)1
(xpref, ypref)2

...

(xpref, ypref)m−1
(xpref, ypref)m

⎞

⎟
⎟
⎟
⎟
⎟
⎠

∈ R
m×2. (4)

As the disturbance of autonomous driving control, obstacles
in external environment are made up of a large number of
pixels. The set of obstacles can be described as follows:
⎧
⎪⎨

⎪⎩

Obs = obs1 ∪ obs2 ∪ · · · ∪ obsl

obsj =
{(

xpobs
k, ypobs

k
)|k = 1, 2, . . . , n;

(
xpobs

k, ypobs
k
) ∈ R

2
}

j, j = 1, 2, . . . , l.

(5)

The updating of tracking control process is realized by the
discrete dynamic equation

x0(t + 1) = f�t(x0(t), u0(t),Pref,Obs)

s.t. Adet(x0(t + 1)) ⊆ Apass(x0(t + 1),Obs)

Adet(x0(t + 1)) ∩ Aimpass(x0(t + 1),Obs) = ∅.

(6)

where f�t represents the execution function parameterized by
�t. Adet(x0(t+1)) is the collision detection region at state
x0(t+1). Apass stands for the passable region, and Aimpass stands
for the impassable region. Then, the optimal motion control
strategies of LV u∗0 can be derived by minimizing the cost
function J(x0(t), u0(t), Pref, Obs)

u∗ = argmin
x0(i),u0(j)

J(x0(i), u0(j)); i = [0 : N], j = [0 : N − 1]

s.t. ∀k ∈ {0, . . . ,N − 1}:
x0(k + 1) = f�t(x0(k), u0(k),Pref,Obs). (7)

C. Nonlinear Modeling of the Following Vehicles

Similar to the nonlinear dynamics modeling of the LV, the
model of the ith FV can be expressed as follows:
⎧
⎨

⎩

xi(t + 1) = φi(xi(t))+ ψi · ui(t)

yi(t) = γi · xi(t)

φi =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

xpi(t)+ vi(t)cosϕi(t)�t

ypin+ vi(t)sinϕi(t)�t

vi(t)+ 1
mfollowing,i

(
ηdri,i

Ri
Ti(t)− Ffollowing,i(vi(t))

)
�t

Ti(t)− 1
τi

Ti(t)�t

ϕi(t)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

∈ R
5×1

ψi =

⎡

⎢
⎢
⎢
⎢
⎢
⎣

0 0

0 0

0 0
�t
τi

0

0 �t

⎤

⎥
⎥
⎥
⎥
⎥
⎦

∈ R
5×2 γi =

⎡

⎢
⎢
⎢
⎣

1 0 0 0 0

0 1 0 0 0

0 0 1 0 0

0 0 0 0 1

⎤

⎥
⎥
⎥
⎦
∈ R

4×5. (8)

Considering states, outputs and control inputs of all FVs,
the corresponding vectors are constructed as follows:

⎧
⎪⎨

⎪⎩

X(t) = [x1
T(t), x2

T(t), . . . , xN
T(t)
]T ∈ R

5N×1

Y(t) = [y1
T(t), y2

T(t), . . . , yN
T(t)
]T ∈ R

4N×1

U(t) = [u1
T(t), u2

T(t), . . . , uN
T(t)
]T ∈ R

2N×1.

(9)

Furthermore, the complete dynamics model of all FVs
(1 ∼ N) in the autonomous vehicle platoon can be expressed
by:

{
X(t + 1) = �(X(t))+� · U(t)
Y(t + 1) = � · X(t + 1)
⎧
⎪⎨

⎪⎩

� = [φ1
T(x1), φ2

T(x2), . . . , φN
T(xN)

]T ∈ R
5N×1

� = diag{ψ1, ψ2, . . . , ψN} ∈ R
5N×2N

� = diag{γ1, γ2, . . . , γN} ∈ R
4N×5N .

(10)

The objective of FVs is to keep the platoon formation
with high precision while maintaining a preset spacing in the
longitudinal direction and consistency in the lateral direction.
The platoon maintenance can be formulated as
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

limt→∞‖vi(t)− v0(t)‖ = 0

limt→∞
∥
∥si(t)− di,i−1

∥
∥ = 0

limt→∞‖lati(t)‖ = 0

si(t) =∑idxi−1−1
q=idxi

√
(
xpref,q+1 − xpref,q

)2 + (ypref,q+1 − ypref,q
)2

lati(t) =
√
(
xpi(t)− xpref,ilabel

)2 + (ypi(t)− ypref,ilabel

)2

idxi(t) = fnearest(xpi(t), ypi(t),Pref)

idxi−1(t) = fnearest(xpi−1(t), ypi−1(t),Pref) i ∈ [1,N]

(11)

where di,i−1 denotes the preset spacing between the ith FV
and the (i − 1)th FV. si(t) is the distance between projection
points of two vehicles on the navigation path. lati(t) is the
distance from the actual position of the ith FV to its projected
point on the navigation path. fnearest() stands for the calculation
function of the projection point index.

D. Modeling of the Communication Topology

The communication topology of the autonomous platoon is
modeled using the directed graph G = {V,E}, where V =
{0, 1, 2, . . . ,N} means the set of vehicle nodes and E ⊆ V×V
means the set of connection edges [39]. Then, the directed
graph can be disassembled as adjacency matrix A, Laplacian
matrix L and pinning matrix P, which are as follows:

A = [aij
] =

{
aij = 1, {i, j} ∈ E

aij = 0, {i, j} /∈ E

L = D− A = diag

⎧
⎨

⎩

N∑

j=1

a1j,

N∑

j=1

a2j, . . . ,

N∑

j=1

aNj

⎫
⎬

⎭
− [aij

]

P = diag{p1, p2, . . . , pN}, pi =
{

1, {i, 0} ∈ E

0, {i, 0} /∈ E

A ∈ R
N×N,L ∈ R

N×N,P ∈ R
N×N (12)

where {i, j} ∈ E means the ith FV can receive the information
from the jth FV or LV (if j =0). Furthermore, we define three
sets to describe the communication situations between the ith
FV and the other vehicles in the autonomous platoon

Pi =
{
{0}, pi = 1

∅, pi = 0

Ni = {j|aij = 1, j ∈ [1,N]}
Oi = {k|aki = 1, k ∈ [1,N]} (13)
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Fig. 3. Implementation structure of the multilayer framework for autonomous
vehicle platoon.

where Pi represents the set of information permission from
LV. Ni and Oi represent the sets of FVs which the ith FV
receives information from and sends information to, respec-
tively. Therefore, the set Ii = Pi ∪ Ni represents all available
information for the local optimal control construction of the
ith FV.

III. MULTILAYER MOTION CONTROL FRAMEWORK FOR

HETEROGENEOUS AUTONOMOUS VEHICLE PLATOON

In this research, the control framework of heterogeneous
vehicle platoon has the characteristics of high autonomy,
which receives only positioning and perception information,
but not reference inputs of control. Therefore, the control
framework contains two important logical layers, where the
first layer realizes the autonomous path tracking control of the
platoon, and the other layer realizes the autonomous formation
keeping control of the platoon considering the dynamic cut-
in/cut-out maneuvers. In the first layer, the task of efficient
path tracking is assigned to the LV. In the second layer,
the task of high-precision platoon keeping is assigned to the
FVs. On the basis that LV can track the navigation path
efficiently, the stable platoon keeping control will ensure that
the entire autonomous platoon can achieve the goal of efficient
path tracking. Through the cooperative operation of the two
logical layers, the motion control task of the heterogeneous
autonomous vehicle platoon is completed. The implementation
structure of the MPCF is shown in Fig. 3.

A. Heuristic Dyna Algorithm-Based Predictive Control for
Leading Vehicle

In the autonomous path tracking layer for LV, the HDY-PC
method is proposed to improve the performance in accuracy,
safety, rapidity and smoothness. The realization of HDY-PC
method contains two stages. The first stage is the initial motion
control agent design based on HDY algorithm, and the second
stage is the final tracking controller design based on the
combination of the initial agent and predictive control.

In the first stage, a RL algorithm with high-training effi-
ciency is developed, named HDY. Different from Q-learning
(QL) algorithm and its variants, Dyna algorithm adds steps

Fig. 4. Training mechanism of the Dyna architecture and the QL architecture.

of model learning and planning in addition to the training
mechanism of direct learning [37]. Through the integration of
incremental learning and online planning, Dyna architecture
tends to perform better than QL architecture. The training
mechanism of the Dyna architecture and the QL architecture
is shown in Fig. 4.

The tracking control of LV is classified as a sequential
decision-making process, and the value of implementing the
particular control in the particular state can be assessed. If
a control action u0(t) is performed in state x0(t) and optimal
control strategies are followed thereafter, this control can be
evaluated in terms of the expectation of future cumulative
rewards. Its optimal value function is expressed by

V∗(x0(t), u0(t)) = max
π∗

E

⎡

⎣
k=tfinal∑

k=t

γ kr0(x0(k), u0(k))|π∗
⎤

⎦ (14)

where π∗ is the subsequent optimal control strategies and E()
stands for the expectation function. tfinal and γ represent the
final timestamp and the weight balancing factor for different
timestamp rewards, respectively. r0(x0(t), u0(t)) denotes the
reward function in Dyna architecture, which expression is as
follows:

r0(x0(t), u0(t)) = kacu · ftra(x0(t), u0(t),Pref)

+ksaf · fobs(x0(t), u0(t),Obs)

+krap · fvel(x0(t), u0(t), vmax)+ ksmo · fdri(u0(t))

(15)

where kacu, ksaf, krap and kcom represent the accuracy weight,
safety weight, rapidity weight, and smoothness weight, respec-
tively. Accordingly, ftra, fobs, fvel and fdri stand for tracking
error function, obstacles avoidance function, velocity evalua-
tion function and driving smoothness function, respectively.

In the optimization process of Dyna architecture, the Q
matrix with strong approximation ability is trained continu-
ously to approximate the optimal value function, which are
formulated by
⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

Q(x0(t), u0(t))

= r0(x0(t), u0(t))+ γ max
u0(t+1)

Q(x0(t + 1), u0(t + 1); ξ)
Q∗(x0(t), u0(t))

= max
u0(t)

(

r0(x0(t), u0(t))+ γ max
u0(t+1)

Q(x0(t + 1), u0(t + 1); ξ)
)

(16)
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where ξt means the weights set of Q matrix. For the direct
learning step, the Q matrix is updated using the experience
samples stored

Q
(
x0(t), u0(t); ξ ′

)← Q(x0(t), u0(t); ξ)
+α
[

r0(x0(t), u0(t))+ γ max
u0(t+1)

Q(x0(t + 1), u0(t + 1); ξ)

−Q(x0(t), u0(t); ξ)
]

(17)

where γ and α denote the discount factor and learning rate,
respectively. The training of Q matrix is realized by updating
the weights set ξt.

On the basis of direct learning step, Dyna architecture
introduces model learning step and planning step to enhance
the effectiveness of RL optimization. The implementation of
model learning is as follows:

ε − greedy(x0(t),Q)→ u0(t)

↓
f�t(x0(t), u0(t),Pref,Obs)→ x0(t + 1), r0(t)

↓
Model(x0(t), u0(t))← x0(t + 1), r0(t). (18)

Then, the model is used for the planning step. In the
planning step of traditional Dyna algorithm, the samples
information for Q matrix optimization are selected randomly
from the model. Nevertheless, different samples from the
model have different effects on Q matrix training, and
the completely random sampling will restrict the efficiency
of planning. Therefore, the heuristic planning concept is
developed to improve the efficiency. Through the heuristic
evaluation of the training value of different samples, more
valuable samples to be used in the planning step are deter-
mined, and then the perfection of Q matrix is accelerated. The
heuristic evaluation function H is established as follows:
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

H(x0(t), u0(t)) =
∣
∣QTarget(x0(t), u0(t))− QActual(x0(t), u0(t))

∣
∣

QTarget(x0(t), u0(t)) = r0(x0(t), u0(t))+ γ max
u0(t+1)

Q(x0(t + 1), u0(t + 1); ξ)
QActual(x0(t), u0(t)) = Q(x0(t), u0(t); ξ)

(19)

where QTarget and QActual represent the target value and actual
value of Q matrix at specific state–action pair, respectively.
When the heuristic evaluation value of the sample is large, it
means that a significant error between the estimation value of
this sample by Q matrix and the actual value of this sample
exists. Therefore, this sample is more valuable for optimizing
the Q matrix, which can accelerate the update of the Q matrix
as shown in (17). The implementation of heuristic planning
step in HDY can be described by
∣
∣
∣
∣
∣
∣
∣
∣
∣
∣
∣
∣
∣

for i = 1 to k do
get heuristic action u0(i)← ha(x0(i),H)
obtain information x0(i+ 1), r0(i)← Model
Q
(
x0(i), u0(i); ξ ′

)← Q(x0(i), u0(i); ξ)+ α[r0(i)+
γ max

u0(i+1)
Q(x0(i+ 1), u0(i+ 1); ξ)− Q(x0(i), u0(i); ξ)]

end for.

(20)

Furthermore, the generalized correlation coefficient (GCC)
is applied to judge the perfection of Q matrix, which calculates
the similarity of Q matrices at two adjacent timestamps. When
the value of GCC approaches to 1 infinitely, the training of Q
matrix tends to be perfect. Its expression is given by
⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

GCC(Q(t),Q(t − 1)) = tr[cov(Q(t),Q(t−1))]
{tr[cov(Q(t))]×tr[cov(Q(t−1))]}1/2

cov(Q(t)) = [Q(t)−E(Q(t))]T×[Q(t)−E(Q(t))]
ntimestamp−1

cov(Q(t − 1)) = [Q(t−1)−E(Q(t−1))]T×[Q(t−1)−E(Q(t−1))]
ntimestamp−1

cov(Q(t),Q(t − 1)) = E
{

[Q(t)−E(Q(t))]T×[Q(t−1)−E(Q(t−1))]
}

1

(21)

where tr() denotes the trace function and ntimestamp is the
number of timestamps. Once the training of optimal Q matrix
is completed, it can be used to generate the initial motion
control agent with single-step decision-making capability.

In the second stage, the predictive control method based on
the trained HDY agent is designed to realize the multiple-step
decision instead of single-step decision, named HDY-PC. The
prediction horizon is constructed on the HDY decision system.
All possible control actions are traversed for the selection of
the first control in the prediction horizon, and a series of
corresponding next states are generated. Then, the HDY agent
is used to iteratively generate subsequent multistep control
sequences in the whole forward prediction horizon starting
from the next states. After that, the cumulative reward values
of different control sequences generated in the prediction
horizon are evaluated, and the first control action in the control
sequence with the highest cumulative reward is chosen as the
optimal tracking control action of current state.

For the solution logic of HDY-PC, the cumulative reward
function of prediction horizon can be expressed by
⎧
⎪⎪⎨

⎪⎪⎩

J(x0(k), u0(k))hp
= Q(x0(k), u0(k))+∑k+hp

j=k+1 λjQ∗(x0(j))

= Q(x0(k), u0(k))+∑k+hp
j=k+1 λj max

u0(j)
Q(x0(j), u0(j))

x0(i+ 1) = f�t(x0(i), u0(i),Pref,Obs), i ∈ [k, k + hp − 1
]

(22)

where hp represents the size of forward prediction horizon and
λj means the prediction attenuation factor negatively related
to the prediction progress. Based on the above cumulative
reward function and multiple-step prediction logic, the optimal
tracking control strategy at state x0(k) can be derived by the
following equation:

u0
∗(x0(k)) = arg max

u0(k)
J(x0(k), u0(k))hp

= arg max
u0(k)

⎡

⎣Q(x0(k), u0(k))+
k+hp∑

j=k+1

λj max
u0(j)

Q(x0(j), u0(j))

⎤

⎦.

(23)

In the path tracking layer, the application of predictive
control is combined with well-trained HDY control agent
which can quickly generate single-step optimal control strat-
egy, rather than with other optimization algorithms and
complex dynamic control models in traditional MPC meth-
ods. Therefore, the proposed tracking control method has
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TABLE I
KEY PARAMETERS OF HDY-PC METHOD

fast enough solution speed and real-time application ability.
Finally, the tracking controller based on HDY-PC is generated
for the LV in autonomous platoon. Besides, the key parameters
of HDY-PC are given in Table I.

B. Improved Distributed Model-Based Predictive Control for
Following Vehicles

In the high-precision platoon keeping layer for FVs, the
IDM-PC method is designed to improve the performance
in precision, safety, stability and dynamics. The realization
of IDM-PC method contains two stages. The first stage is
the improved local open-loop control modeling based on the
longitudinal control and lateral control coordination, and the
second stage is the platoon keeping controller design based on
the DMPC algorithm.

In the first stage, the longitudinal and lateral motion states of
each FV are incorporated into the distributed control modeling.
From the autonomous path tracking layer, the position and
velocity information of the LV is obtained. According to (11),
the desired set point of state and control input for the ith FV
can be expressed by
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

xdes,i(t) =
[
xpdes,i(t), ypdes,i(t), vdes,i(t),Tdes,i(t), ϕdes,i(t)

]T

udes,i(t) =
[
ai(t), ωdes,i(t)

]T

s.t.
[
xpdes,i(t), ypdes,i(t)

] = [xpref,idxdes,i(t), ypref,idxdes,i(t)
]

[
vdes,i(t),Tdes,i(t)

] = [v0(t), ai(t)]

ϕdes,i(t) = ypref,idxdes,i (t)+1−ypref,idxdes,i (t)−1

xpref,idxdes,i (t)+1−xpref,idxdes,i (t)−1

idxdes,i(t) = arg min
kdes

∣
∣
∣
∣
∑idx0−1

q=kdes

√
(
xpref,q+1 − xpref,q

)2 + (ypref,q+1 − ypref,q
)2 − i× dspc

∣
∣
∣
∣

idx0(t) = fnearest(xp0(t), yp0(t),Pref)

(24)

where dspc is the preset spacing constant. Then, the desired
output can be obtained by ydes,i(t) = γixdes,i(t). Different from
the constant speed assumption in previous literature, the LV in
this research drives with variable speed, which puts forward
higher requirements for the stability of platoon keeping. It
should also be noted that the motion scale of each FV is 2-D,
including both longitudinal and lateral dimensions, rather than
the idealized concept of 1-D distance.

For the ith FV, the improved local control problem can be
modeled using the information in set Ii = Pi ∪ Ni. Assuming
that the ith FV can receive information from m FVs, the
outputs and control inputs of the set Ni can be defined as the
following vectors:

⎧
⎨

⎩

y−i(t) =
[
yT

i,1(t), yT
i,2(t), . . . , yT

i,m(t)
]T

u−i(t) =
[
uT

i,1(t), uT
i,2(t), . . . , uT

i,m(t)
]T
.

(25)

For the prediction horizon [t, t+Np], three trajectories of
outputs are introduced: 1) the predicted output trajectory
yp

i (k|t); 2) the optimal output trajectory y∗i (k|t); and 3) the
assumed output trajectory ya

i (k|t). Analogously, three trajec-
tories of control inputs are introduced: 1) the predicted input
trajectory up

i (k|t); 2) the optimal input trajectory u∗i (k|t); and
3) the assumed input trajectory ua

i (k|t). Then, the local optimal
control problem for each FV can be modeled as follows:

ui
∗(xi(t)) = min

up
i (0|t)∼up

i (Np−1|t)
Ji
(
yp

i , up
i , ya

i , ya−i

)

= min
up

i (0|t)∼up
i (Np−1|t)

⎡

⎣

Np−1∑

k=0

Li
(
yp

i (k|t), up
i (k|t), ya

i (k|t), ya−i(k|t)
)

⎤

⎦

s.t. ∀i ∈ {1, 2, . . . ,N}, k = [0, 1, . . . ,Np − 1
]
:

xp
i (k + 1|t) = φi

(
xp

i (k|t)
)+ ψi · up

i (k|t)
yp

i (k|t) = γi · xp
i (k|t)

xp
i (0|t) = xi(t)

up
i (k|t) ∈

[(
ai,min, ai,max

)
,
(
ωi,min, ωi,max

)]T

yp
i

(
Np|t

) = 1

|Ii|
∑

j∈Ii

[
fdes

(
ya

j (Np|t), di,j

)]
(26)

where up
i (0|t) ∼ up

i (Np − 1|t) is the sequence of con-
trol inputs which needs to be optimized. Li() represents
the Lyapunov function that characterizes the local cost.
[(ai,min, ai,max), (ωi,min, ωi,max)]T means the constraint of the
control inputs. fdes() stands for the desired output function of
the ith FV at end of prediction horizon, which is calculated
based on the terminal assumed output of FVs in set Ii. The
calculation logic of fdes() is similar to that in (24). Furthermore,
the Lyapunov function Li() can be expressed by the following
equation:

Li
(
yp

i (k|t), up
i (k|t), ya

i (k|t), ya−i(k|t)
)

= ∥∥yp
i (k|t)− ydes,i(k|t)

∥
∥

Qi
+ ∥∥up

i (k|t)− udes,i(k|t)
∥
∥

Ri

+∥∥yp
i (k|t)− ya

i (k|t)
∥
∥

Fi
+
∑

j∈Ni

∥
∥
∥yp

i (k|t)− fdes

(
ya

j (k|t), di,j

)∥
∥
∥

Gi

e.g.
∥
∥yp

i (k|t)− ydes,i(k|t)
∥
∥

Qi

= [yp
i (k|t)− ydes,i(k|t)

]T Qi
[
yp

i (k|t)− ydes,i(k|t)
]

where Qi ∈ R
4×4, Ri ∈ R

2×2, Fi ∈ R
4×4, Gi ∈ R

4×4

(27)

where Qi, Ri, Fi, and Gi represent the weight matrices which
realize regularization. These four weight matrices regularize
the penalty of output deviation from desired equilibrium, con-
trol input deviation from desired equilibrium, output deviation
from assumed value, and output deviation from the assumed
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value calculated by neighbor FVs, respectively. If Pi is empty,
the ith FV cannot get information permission from LV, and Qi

is set to 0.
It should be remarked that the above control solution for-

mula of the ith FV only refers to the information of neighbor
FVs in set Ni. The desired set point is not needed for the FV
which cannot pin to the LV. Therefore, the constructed local
optimal control model can handle variable communication
topologies shown in Fig. 2.

In the second stage, the DMPC algorithm is developed for
the 2-D platoon keeping control. The initialization formulation
for the ith FV
⎧
⎨

⎩

ya
i (k|0) = yp

i (k|0)
ua

i (k|0) =
[

Ri
ηdri,i

(
CA,ivi

2(0)+ mfollowing,igffollowing,i
)
, 0
]T

s.t. k = 0, 1, . . . ,Np − 1

xp
i (k + 1|0) = φi

(
xp

i (k|0)
)+ ψi · ua

i (k|0)
yp

i (k|0) = γi · xp
i (k|0)

xp
i (0|0) = xi. (28)

Then, the iterative solution process is shown below:
First, deriving the optimal control input sequence u∗i (k|t)

based on current state xi(t), as shown in (26).
Second, obtaining the optimal state in the prediction horizon

executing u∗i (k|t) as follows:
{

x∗i (k + 1|t) = φi
(

x∗i (k|t)
)+ ψi · u∗i (k|t)

x∗i (0|t) = xi(t).
(29)

Third, computing next assumed control input ua
i (k|t+ 1) as

follows:

ua
i (k|t + 1) = u∗i (k + 1|t). (30)

Meanwhile, computing the assumed output as follows:
⎧
⎪⎨

⎪⎩

xa
i (k + 1|t + 1) = φi

(
xa

i (k|t + 1)
)+ ψi · ua

i (k|t + 1)

xa
i (0|t + 1) = x∗i (1|t)

ya
i (k|t + 1) = γixa

i (k|t + 1).

(31)

Then, sending ya
i (k|t+ 1) to FVs in set Oi, while receiving

ya−i(k|t+1) from FVs in set Ni. If Pi is not empty, computing
ydes,i(k|t + 1) in parallel based on the information of LV.

Finally, implementing the optimal control input from the
optimal control sequence: ui(xi(t)) = u∗i (0|t).

By iteratively repeating the above solution process for each
FV, the complete platoon keeping strategies can be gradually
generated.

Besides, the platoon keeping control based on IDM-PC
is required to handle the dynamic cut-in/cut-out maneuvers.
Assuming that cut-in/cut-out maneuvers sequentially happen
in the autonomous driving process of vehicle platoon, the time
stamps of the cut-in/cut-out can be marked by tci and tco,
respectively. Meanwhile, the cut-in maneuver happens before
the icith FV in autonomous platoon, and the cut-out maneuver
of the icoth FV in autonomous platoon happens. Then, the
index of FVs will be updated as follows:

∀i(0) ∈ {1, 2, . . . ,N}

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

i(t) = i(0)+ 1, tci ≤ t ≤ tco & i(0) ≥ ici

i(t) = i(0)− 1, t > tco & ico < i(0) < ici

i(t) = i(0)+ 1, t > tco & ici ≤ i(0) < ico

i(t) = i(0), else

(32)

where the index of each FV is time varying according to the
dynamic maneuvers. The above solution of IDM-PC operates
based on the real-time index of FV. Besides, the change in
the vehicle platoon caused by the cut-in/cut-out maneuvers
will result in the corresponding update of communication
topology [38], i.e., A ∈ R

N×N → A ∈ R
(N+1) ×(N+1) →

A ∈ R
(N+1−1) ×(N+1−1). The relevant information flow in

communication topology is also adjusted according to the real-
time index of FV.

C. Theoretical Analysis of Improved Distributed
Model-Based Predictive Control

According to the modeling section of communication topol-
ogy, the graph G belongs to unidirectional topology which
includes a spanning tree with the LV as its root. The stability
analysis of the proposed IDM-PC method can be implemented
by constructing a positive definite Lyapunov function for
this motion control problem then proving its monotonically
decreasing property.

Based on the local optimal control formulation shown in
(26), the local optimal cost function of the ith FV at time t
can be represented by

Ji
∗(t) = Ji

∗(y∗i , u∗i , ya
i , ya−i

)

=
Np−1∑

k=0

Li
(
y∗i (k|t), u∗i (k|t), ya

i (k|t), ya−i(k|t)
)
. (33)

In the operation of proposed IDM-PC method, the following
equations are satisfied:

{
yp

i

(
Np|t

)− ydes,i
(
Np|t

) = 0

up
i (:|t + 1)− ua

i (:|t + 1) = 0.
(34)

Then, the above optimal cost function of the ith FV satisfies

Ji
∗(t + 1)− Ji

∗(t)
≤ −Li

(
y∗i (0|t), u∗i (0|t), ya

i (0|t), ya−i(0|t)
)

+
Np−1∑

k=1

[∑
j∈Oi
‖yi
∗(k|t)− yi

a(k|t)‖Gj

−‖yi
∗(k|t)− yi

a(k|t)‖Fi

]

. (35)

The positive definite Lyapunov function is constructed by
using the sum of all local optimal cost functions

J1 : N
∗(t) =

N∑

i=1

Ji
∗(y∗i , u∗i , ya

i , ya−i

)

=
N∑

i=1

⎡

⎣

Np−1∑

k=0

Li
(
y∗i (k|t), u∗i (k|t), ya

i (k|t), ya−i(k|t)
)

⎤

⎦.

(36)

The variation trend of this Lyapunov function can be judged
by the following relation:

J1:N
∗(t + 1)− J1:N

∗(t)
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≤ −
N∑

i=1

[
Li
(
y∗i (0|t), u∗i (0|t), ya

i (0|t), ya−i(0|t)
)]

+
N∑

i=1

⎧
⎨

⎩

Np−1∑

k=1

[ ∑
j∈Oi
‖yi
∗(k|t)− yi

a(k|t)‖Gj

− ‖yi
∗(k|t)− yi

a(k|t)‖Fi

]
⎫
⎬

⎭
. (37)

Considering (37), the weight matrices Fi and Gj are set to
satisfy the following constraints:

Fi ≥
∑

j∈Oi

Gj, i ∈ {1, 2, . . . ,N}. (38)

Subsequently, the following situation holds:

XT

⎛

⎝
∑

j∈Oi

Gj − Fi

⎞

⎠X ≤ 0 ∀X ∈ R
2. (39)

Then, plug the difference between the optimal and assumed
outputs into (39)

{
X = yi

∗(k|t)− yi
a(k|t)

XT
(∑

j∈Oi
Gj − Fi

)
X ≤ 0

↓
∑

j∈Oi

∥
∥yi
∗(k|t)− yi

a(k|t)∥∥Gj

−∥∥yi
∗(k|t)− yi

a(k|t)∥∥Fi
≤ 0. (40)

Combining (37) and (40), the variation trend of the
Lyapunov function can be further derived as

J1:N
∗(t + 1)− J1:N

∗(t)

≤ −
N∑

i=1

[
Li
(
y∗i (0|t), u∗i (0|t), ya

i (0|t), ya−i(0|t)
)]

+
N∑

i=1

⎧
⎨

⎩

Np−1∑

k=1

[ ∑
j∈Oi
‖yi
∗(k|t)− yi

a(k|t)‖Gj

− ‖yi
∗(k|t)− yi

a(k|t)‖Fi

]
⎫
⎬

⎭

≤ −
N∑

i=1

[
Li
(
y∗i (0|t), u∗i (0|t), ya

i (0|t), ya−i(0|t)
)]

< 0. (41)

Therefore, the constructed positive definite Lyapunov func-
tion is monotonically decreasing, then the control stability of
the proposed IDM-PC method has been proved.

D. Implementation of Multilayer Predictive Control
Framework for Autonomous Vehicle Platoon

Combing the autonomous path tracking layer and high-
precision platoon keeping layer, the multilayer control
framework for autonomous vehicle platoon is formed.
The operation flowchart for the MPCF for heterogeneous
autonomous vehicle platoon is visualized in Fig. 5. In the
operation of HDY-PC-based layer, the motion control strategy
of the LV is generated based on the external environment and
navigation path. At the same time, in the operation of IDM-
PC-based layer, the motion control strategies of all the FVs
are generated based on the dynamic motion information of
the LV and navigation path. The information transfer of the

TABLE II
PARAMETERS INFORMATION FOR ALL HETEROGENEOUS VEHICLES

entire framework is updated in real time using the intelligent
connected system, and the real-time motion information trans-
mitted from the LV to FVs contains the driving velocity and
acceleration of the LV. Finally, the autonomous motion control
for the complete heterogeneous vehicle platoon is realized,
involving the high-accuracy path tracking and high-precision
platoon keeping.

IV. RESULTS AND ANALYSIS

To validate the performance of the MPCF for autonomous
vehicle platoon, the scene extracted from the real world
and virtual driving environment simulation are used. The
heterogeneous autonomous platoon contains eight vehicles
initially (one LV and seven FVs), and the cut-in of external
vehicle will happen between the first and the second FVs,
then the fourth FV in platoon will cut out. The different
communication topologies during the motion control process
of autonomous platoon have been shown in Fig. 2 before. The
preset spacing constant between adjacent vehicles is 10 m, and
each FV in the autonomous platoon is in the desired position
initially. The parameters information for all heterogeneous
vehicles are shown in Table II.

A. Evaluation and Validation for Multilayer Predictive
Control Framework

The verification scene is generated based on the real world
environment, and the navigation path is planned and collected
by the real vehicle. For this scene, its satellite map based on
GPS, its point cloud map based on simultaneous positioning
and mapping (SLAM) and the planned navigation path are
shown in Fig. 6. The autonomous platoon is required to
efficiently track the navigation path from the start position to
the temporary target position, then from the temporary target
position to the final position. During the driving process, the
platoon should ensure the stability and consistency of the
formation.

It should be emphasized that in the initialization setup of this
research, the LV is placed in the start position at the beginning
of the task, and all FVs are placed behind the LV according
to their order in the platoon and preset spacing distance.
The vehicle platoon is arranged in the same direction as the
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Fig. 5. Flowchart of the MPCF for heterogeneous autonomous vehicle platoon.

Fig. 6. Driving scene for verification of the MPCF.

initial segment of the navigation path. Before the specific
FV passes the start position, its reference path is a straight
backward extension of the initial segment of the navigation

path. Therefore, the actual reference path of the autonomous
platoon includes the navigation path in the global scenario and
the virtual path during the initial driving transition of the FVs
in the platoon.

To evaluate and analyze the performance of the MPCF,
some existing methods are applied for the comparison. In
the evaluation of path tracking layer, the proposed HDY-
PC method is compared to QL method and Dyna method.
In the evaluation of platoon keeping layer, the proposed
IDM-PC method is evaluated from both longitudinal and
lateral dimensions under various communication topologies.
Meanwhile, the dynamic cut-in/cut-out maneuvers will be
analyzed in detail.

B. Comparison Results of the Path Tracking Control Based
on HDY-PC

The path tracking trajectories of the LV with different
methods (HDY-PC, Dyna, QL) are shown in Fig. 7(a). It is
easy to find that the LV using proposed HDY-PC method
achieves much higher tracking accuracy than the other two
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Fig. 7. Results about tracking accuracy of LV with three control methods.
(a) Tracking trajectory of LV. (b) Tracking error of LV.

RL methods. It performs well in both straight and turning
sections, especially in large angle turn as shown in the local
magnification. The optimal performance of the proposed HDY-
PC method indicates the effectiveness of heuristic planning
and multistep predictive control integrated into the RL system.
Besides, the tracking error curves of the LV with three methods
are shown in Fig. 7(b). Obviously, the tracking error of the
proposed method is less than 0.2 m in most time intervals,
which is significantly better than those of other two RL
methods. Therefore, the tracking accuracy of the HDY-PC
method has been proved preliminarily.

Furthermore, the variations of motion states for the LV
equipped with different control methods are illustrated in
Fig. 8. Fig. 8(a) depicts the driving velocities of the LV
corresponding to three methods. It can be seen that the LV
controlled by the HDY-PC method maintains a higher driving
velocity in most time intervals. Taking the local velocity
curves in the dark blue rectangles as examples, they belong to
relatively open road with a basically straight navigation path in
scene shown in Fig. 6. Therefore, driving in these sections as
fast as possible is reasonable and efficient. The LV controlled
by HDY-PC method achieves this goal with the highest speed,
and takes only 132 s to complete the entire driving task.
Meanwhile, the driving times of LV controlled by Dyna and
QL are 180 s and 270 s, respectively. The comparison results
validate the effectiveness of establishing heuristic planning and
predictive control logic on RL system.

Fig. 8. Variations of motion states for LV equipped with different control
methods. (a) Driving velocity. (b) Driving acceleration. (c) Steering angular
speed.

Fig. 8(b) depicts the acceleration curves of the LV cor-
responding to three control methods. As can be seen, the
LV controlled by HDY-PC method does not have violent
acceleration and deceleration, which is consistent with the
result of velocity curve shown in Fig. 8(a). In addition, the
steering angular speed curves corresponding to three methods
are shown in Fig. 8(c). The proposed method has excellent
performance in controlling the steering angular speed of the
vehicle, which is stable in [−20◦/s, 10◦/s] and is basically
0 in some time intervals. Therefore, the driving direction of
the LV will not shake violently. Based on the above analysis
of motion states, the driving rapidity and smoothness for the
HDY-PC method have been demonstrated.

Table III lists the numerical path tracking results of the LV
controlled by three methods. Obviously, the proposed HDY-PC
method has the smallest average tracking error and the fastest

Authorized licensed use limited to: TU Delft Library. Downloaded on February 11,2025 at 13:36:08 UTC from IEEE Xplore.  Restrictions apply. 



DU et al.: EFFICIENT MOTION CONTROL FOR HETEROGENEOUS AUTONOMOUS VEHICLE PLATOON 38285

TABLE III
NUMERICAL PATH TRACKING RESULTS FOR THREE CONTROL METHODS

TABLE IV
COMPARISON RESULTS FOR DIFFERENT ALGORITHMS IN ABLATION

EXPERIMENTS

average driving velocity, reflecting its advantages in tracking
accuracy and driving rapidity. Besides, the computation time of
the proposed method is slightly longer than those of other RL
methods, which is due to the additional multistep predictive
control calculation. 0.02 s is still possible to achieve the real-
time control requirements of autonomous vehicle platoon.

Furthermore, to assess and analyze the training effectiveness
of HDY algorithm, Dyna algorithm and QL algorithm, a set of
ablation experiments was performed. The comparison results
for different algorithms are shown in Table IV. QL algorithm
is set as the baseline. QL with model learning step (QL+ML)
is set as the first comparison object. QL+ML and planning
steps (QL+ML+P) is set as the second comparison object.
QL+ML and heuristic planning steps (QL+ML+HP) is set as
the third comparison object. In these comparison objects, the
second object is Dyna, and the third object is HDY.

Obviously, the first comparison object only adds model
learning step on the basis of Q-learning structure, and this
model is not used for planning RL agent. Therefore, the
total reward value does not change compared to the baseline,
and the additional model learning step leads to the increase
of training time. Then, the second comparison object adds
both model learning and planning steps on the basis of QL
structure, which realizes integration of incremental learning
and online planning for RL agent. As a result, the trained RL
agent achieves higher total reward while also reducing training
time. Furthermore, the third comparison object combines the
heuristic evaluation with the second comparison object. The
results show that the third object achieves the highest total
reward value and the shortest training time. Finally, the
assessments of online planning step and heuristic evaluation
step have been completed sequentially.

C. Comparison Results of the Platoon Keeping Control
Based on IDM-PC

In this section, for consistency of analysis, the IDM-PC
based platoon keeping layer uses the LV controlled by HDY-
PC as the motion reference. In particular, the driving velocity
of the LV is dynamically time-varying rather than fixed, which
actually poses a challenge for high-precision platoon keeping.
The longitudinal spacing errors, lateral tracking errors and
driving velocities of the autonomous vehicle platoon using
different communication topologies are shown in Fig. 9.

It can be found that the autonomous platoon using IDM-PC
method remains stable and safe throughout the driving task.
In the longitudinal direction, the spacing error for each FV is
always kept below 0.1 m without considering the dynamic cut-
in/cut-out maneuvers, which indicates that all of FVs keep the
preset spacing well during the autonomous platoon driving. In
the lateral direction, the tracking error for each FV is always
kept below 0.5 m and especially below 0.4 m in nonturning
sections, which indicates that all of FVs track the navigation
path well while maintaining the stable following of preceding
vehicle. Therefore, the platooning safety and stability are
guaranteed, where all of vehicles maintain consistency in
the lateral direction and a preset spacing in the longitudinal
direction. Besides, the driving velocity curves of all FVs are
highly coincident with that of the LV, which ensures each FV
can keep a precise distance from the preceding vehicle.

Benefitting from the solution logic of the proposed local
open-loop control, the desired set point is not needed for
the FV which cannot pin to the LV. Hence, under the use
of different communication topologies, the IDM-PC based
autonomous vehicle platoon can always achieve the expected
control effect, as shown in Fig. 9.

For more detailed analysis, the results of the IDM-PC based
autonomous vehicle platoon using TPLF topology is taken as
an example, and its local magnification is illustrated in Fig. 10.
Fig. 10(a) depicts the spacing error variations of different FVs
during the cut-in/cut-out maneuvers. When cut-in maneuver
happens between the first FV and the second FV, the cut-in
vehicle is updated as a unit in the platoon. Meanwhile, the
relative spacing error of the second FV suddenly changes, and
the relative spacing error of the cut-in FV appears. The sum of
these two spacing errors is numerically approximately equal
to a preset spacing constant which is 10 m. Then, the relevant
longitudinal spacing errors return to 0 within 5 s. When cut-
out maneuver of the fourth FV happens, this FV is removed
from the platoon. Meanwhile, the preceding vehicle of the
fifth FV is updated to the third FV, and the relative spacing
error of the fifth FV suddenly increases to 10 m. Then, the
relevant longitudinal spacing error returns to 0 within 5 s.
Therefore, the IDM-PC method can eliminate the spacing error
quickly.

Fig. 10(b) depicts the tracking error variations of different
FVs. As can be seen, the lateral error of cut-in vehicle appears
when the cut-in maneuver happens, and the lateral errors of the
FVs are slightly upward when FVs pass the turning section at
higher velocities in order to maintain the preset spacing.
Besides, as mentioned above, since the FVs initially track a
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Fig. 9. Control results of the autonomous vehicle platoon using different
communication topologies. (a) PF. (b) PLF. (c) TPF. (d) TPLF.

virtual straight path in the same direction as the platoon before
passing the start position of the actual navigation path, the
lateral errors of FVs are 0 during the initial driving transition.

Fig. 10. Local magnification for the control results of the autonomous vehicle
platoon using TPLF. (a) Longitudinal spacing error. (b) Lateral tracking error.
(c) Driving velocity.

Fig. 10(c) depicts the driving velocity variations of different
FVs during the cut-in/cut-out maneuvers. When cut-in maneu-
ver happens, the preceding spacing for the cut-in FV and the
second FV is much lower than 10 m. Therefore, both of them
decelerate to create longer spacing distance. Consequently,
the other FVs behind second FV also decelerate to keep the
preset platoon spacing. When the preceding spacing returns to
10 m, all FVs will once again drive at the same velocity as
the LV. Similarly, when cut-out maneuver happens, the fifth
FV accelerates to catch up with the third FV, and the sixth
and seventh FVs also accelerate to keep the preset platoon
spacing. The analysis of Fig. 10(c) is consistent with that
of Fig. 10(a). Above all, the proposed IDM-PC method can
handle various communication topologies and dynamic cut-
in/cut-out maneuvers.

Above all, the MPCF for heterogeneous autonomous vehicle
platoon has been validated to achieve expected performance
in path tracking and platoon keeping.
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Fig. 11. Driving scene for adaptability verification of the MPCF.

TABLE V
NUMERICAL PATH TRACKING RESULTS FOR ADAPTABILITY

VERIFICATION

D. Adaptability Verification for the Multilayer Predictive
Control Framework

To further validate the adaptability performance of the
MPCF for heterogeneous autonomous vehicle platoon, another
scene extracted from the real world is applied. The relevant
satellite map based on GPS, the point cloud map based on
SLAM and the planned navigation path are shown in Fig. 11.
The preset spacing constant between adjacent vehicles is 5 m,
and each FV in the autonomous platoon is in the desired
position initially.

The path tracking results of the LV with different methods
are shown in Fig. 12. It is evident that the LV controlled
by HDY-PC of MPCF still achieves higher tracking accuracy
than the other two RL methods in the second driving scene.
Especially in the large angle turn shown in Fig. 12(a), the
actual motion trajectory of the LV with HDY-PC is highly
consistent with the navigation path. Moreover, the tracking
error of the LV with proposed method is always less than
0.2 m, which is still significantly better than those of other two
RL methods. Therefore, the tracking accuracy of the MPCF
in the second driving scene has been demonstrated.

Table V lists the numerical path tracking results of the LV
controlled by three methods. It is obvious that the LV with
HDY-PC of MPCF still has the smallest average tracking
error and the fastest average driving velocity. Besides, the
computation time still meets the real-time control requirements
of autonomous vehicle platoon. Therefore, the adaptability of
the HDY-PC-based path tracking layer in MPCF has been
proved.

Fig. 12. Path tracking results of the LV with different methods for adaptability
verification. (a) Tracking trajectory. (b) Tracking error.

Fig. 13. Driving velocities of the autonomous vehicle platoon for adaptability
verification. (a) PF. (b) PLF. (c) TPF. (d) TPLF.

Furthermore, the driving velocities of the autonomous
vehicle platoon using different communication topologies are
illustrated in Fig. 13. Obviously, the driving velocity curves
of all FVs are still highly coincident with that of the LV in
the second scene, which ensures each FV can keep a precise
distance from the preceding vehicle. When cut-in maneuver
happens between the first FV and the second FV, the cut-in FV
and the second FV decelerate to create longer spacing distance.
Meanwhile, the other FVs behind second FV also decelerate
to keep the preset platoon spacing. Similarly, when cut-out
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TABLE VI
NUMERICAL PLATOON KEEPING RESULTS FOR ADAPTABILITY

VERIFICATION

maneuver of the fourth FV happens, the fifth FV accelerates
to catch up with the third FV, and the sixth and seventh
FVs also accelerate to keep the preset platoon spacing. When
the preceding spacing of each FV returns to preset constant,
all FVs will once again drive at the same velocity as the
LV. Therefore, the proposed control framework can handle
various communication topologies and dynamic cut-in/cut-out
maneuvers in the second driving scene.

Table VI shows the numerical platoon keeping results under
different communication topologies without considering sud-
den errors caused by the dynamic cut-in/cut-out maneuvers.
It can be found that the spacing error for each FV is always
kept below 0.1 m. Meanwhile, the tracking error for each
FV is always kept below 0.4 m. Therefore, the platooning
stability and robustness in the second driving scene are
demonstrated, where all of vehicles maintain a preset spacing
in the longitudinal direction and consistency in the lateral
direction.

Above all, in the second driving scene, the MPCF for
heterogeneous autonomous vehicle platoon performs well in
both path tracking and platoon keeping. The adaptability of
the framework has been validated.

E. Further Validation for the Multilayer Predictive Control
Framework

To further evaluate the progressiveness of the MPCF, six
recently proposed methods are introduced into the comparative
experiment. The path tracking performance of the proposed
framework (MPCF) is compared with the adaptive MPC
(AMPC) proposed in [43], the robust MPC (RMPC) proposed
in [44] and the forward predictive control method based on
the QL algorithm (QL-FPC) proposed in [8]. Meanwhile,
the platoon keeping performance of the proposed framework
is compared with the objective-based decoupled controller

TABLE VII
NUMERICAL PATH TRACKING RESULTS OF DIFFERENT METHODS IN

COMPARATIVE EXPERIMENT

TABLE VIII
NUMERICAL PLATOON KEEPING RESULTS OF DIFFERENT METHODS IN

COMPARATIVE EXPERIMENT

(ODC) proposed in [45], the integrated motion control frame-
work (IMCF) proposed in [46] and the holistic robust motion
controller framework (RMCF) proposed in [14]. The validation
scene used for comparative experiment is shown in Fig. 6,
and PLF is selected as the communication topology of the
autonomous platoon. For the consistency of the experimental
comparison, the cut-in/cut-out maneuvers will not be included
in the comparative experiment.

The path tracking results of different methods in compara-
tive experiment are shown in Table VII. Among these control
methods, it is obvious that the proposed MPCF still achieves
the smallest average tracking error and the fastest average
driving velocity, reflecting its superiority in tracking accuracy
and driving rapidity. Furthermore, the platoon keeping results
of different methods in comparative experiment are shown in
Table VIII. It can be found that FVs in autonomous platoon
controlled by proposed MPCF also have the smallest spacing
errors and tracking errors compared to FVs controlled by
other methods. Therefore, the platoon keeping precision of the
proposed framework is the highest in both longitudinal and
lateral directions.

To sum up, the MPCF performs better than these six
comparison methods, and the progressiveness of this research
has been validated.
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V. CONCLUSION

This article proposes a MPCF based on heuristic learning
agent and improved distributed model for the heterogeneous
autonomous vehicle platoon in nonspecific scenarios. The
multilayer framework ensures the stability of the longitudinal
and lateral movement of the autonomous vehicle platoon
through the differentiated control logic of the leading and
FVs. In the upper layer, the HDY-PC method is proposed to
improve the path tracking performance of the LV. In the lower
layer, the IDM-PC method is developed to guarantee the high-
precision formation and stability of the vehicle platoon. The
virtual environment simulation and real-world scene validate
the superior performance of the MPCF. This framework has
also been proved to handle various communication topologies
and dynamic cut-in/cut-out maneuvers.

Further research is applying the MPCF to the real vehicle
platoon test with disturbances and uncertainties. The time
delay and packet loss will also be considered in the next
research step.
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