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ABSTRACT: To address the complexity of longitudinal-lateral vehicle dynamics in platoon control and the challenge of mitigating
traffic oscillations, a novel model-based reinforcement learning (MBRL) method with planning capability is proposed for
longitudinal-lateral control of vehicle platoons. Specifically, the integration of the environment model and policy model, combined
with a sampling-based planning approach, enables planning-based control during decision-making, which significantly improves
the stability and safety of vehicle platoon control. In the two-dimensional scenario, a unified state space and joint action space are
designed to achieve longitudinal-lateral control, along with a multidimensional reward function that integrates both control
objectives. To address the low exploration efficiency and the high proportion of ineffective exploration during the early stage of
training, a prior-knowledge-guided exploration strategy is introduced. This strategy improves learning efficiency and accelerates
convergence by incorporating guided actions and constraints. The training results indicate that the incorporation of prior
knowledge significantly enhances training efficiency. In evaluations under speed-limit scenarios and real-data scenarios, the
proposed method demonstrates superior performance in longitudinal-lateral control, platoon stability, safety, and adaptability,

while maintaining high computational efficiency.
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1 Introduction

Connected and automated vehicles (CAVs) are widely regarded as
a key development direction for future highway and urban road
transportation. Integrating advanced sensing, automation,
computing, and communication technologies, CAVs demonstrate
enormous potential in enhancing traffic safety and operational
efficiency (Elliott et al., 2019; Guanetti et al., 2018). Leveraging
cutting-edge control methods, CAVs can optimize driving
behaviors and improve the overall traffic flow capacity. In
particular, CAVs can dynamically adjust their driving decisions by
utilizing environmental perception information (e.g., the status of
surrounding vehicles and road geometry features), enabling more
efficient cooperative driving. Through vehicle-to-vehicle (V2V)
communication, CAVs can form platoons that enhance road
capacity and driving safety while effectively reducing vehicle
energy consumption and mitigating “stop-and-go" traffic
oscillations (Li et al.,, 2010). However, ensuring a stable platoon
operation and optimizing overall traffic flow remain significant
challenges,  especially in  two-dimensional  geometric
environments. Designing effective platooning control methods is
therefore a core issue for achieving safety and stability.

In recent years, research on vehicle platooning control has
advanced significantly, with mainstream control methods
categorized into three types: (1) analytical linear or nonlinear
methods, (2) model predictive control (MPC)-based methods, and

(3) deep reinforcement learning (DRL)-based methods. Analytical
linear or nonlinear methods (Su et al., 2024; Wang et al., 2020;
Zhu et al, 2022) offer high computational speed, ease of
implementation, and support stability analysis with local stability
and string stability verifiable via mathematical theories. However,
these methods face difficulties in addressing multiobjective
optimization, complex constraints, and nonlinear environments,
restricting their practical applications. MPC-based methods (Pi et
al, 2022; Wang et al, 2022; Yan et al, 2019) provide a more
flexible optimization framework, enabling the optimization of
multiple control objectives and consideration of constraints within
a rolling time horizon. Nevertheless, MPC typically requires the
optimization problem to be convex and involves high
computational complexity, presenting challenges for high-
dynamic environments or applications with strict real-time
requirements.

DRL-based methods (Jiang et al., 2022; Li et al., 2021; Qu et al,
2020; Shi et al., 2022; Yan et al,, 2022; Yu et al,, 2024) train policy
networks offline and leverage neural networks to learn control
strategies for complex systems, effectively capturing the systems’
stochastic characteristics. Since the main computational burden is
concentrated in the training phase, DRL enables fast
computations and real-time control during inference. However,
most existing DRL-based methods rely on model-free
reinforcement learning (MFRL), where decisions are solely based
on the trained policy network. This can lead to poor performance
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in unseen scenarios and issues such as low learning efficiency and
lack of interpretability (Pal and Leon, 2020). In contrast, model-
based reinforcement learning (MBRL) methods learn the policy
while simultaneously acquiring the environment’s internal model.
By constructing and leveraging this model, the agent can enhance
learning efficiency without requiring frequent interactions with
the real-world environment. Yavas et al. (2022) proposed an
MBRL-based adaptive cruise control method that uses the learned
environment model to predict the internal dynamics of the traffic
environment, avoiding passive short-term strategies. The results
demonstrate that this method achieves superior control
performance and significantly enhanced sample efficiency.
However, the employed MBRL method did not fully exploit the
potential of the learned environment model, using it merely to
reduce interactions with the real-world environment (Dong et al.,
2024). Indeed, the model can also support trajectory predictive
planning during decision-making, facilitating better action
selection and improved system control performance (Kotb et al.,
2023), thereby further enhancing overall performance and safety.

Most existing studies focus on longitudinal control of vehicle
platooning. However, in real-world scenarios, roads are not always
straight, requiring simultaneous consideration of both
longitudinal and lateral platoon control. While some studies have
started to explore the coupling of lateral and longitudinal control,
most methods still treat them separately, failing to fully capture
the inherent coupling between the two (Zhang et al, 2022).
Furthermore, these methods often assume homogeneous road
geometric features, such as constant curvature (Fujimoto et al,
2018), an assumption that restricts the adaptability of control
methods in complex traffic environments. For example, Zhang et
al. (2022) proposed a cooperative adaptive cruise control method
based on MPC that separately controls longitudinal and lateral
motions. Longitudinal control used MPC to gradually converge
the following distance to the desired value while ensuring that the
speed and acceleration were as close as possible to the lead vehicle.
Lateral control was also based on MPC, minimizing the lateral
offset, angle error, and steering angle. However, this method does
not consider the coupling between longitudinal and lateral
dynamics, and due to the complexity of lateral state transitions, it
uses an approximation that does not fully account for the impact
of road curvature. Ren et al. (2023) proposed an adaptive
cooperative cruise control algorithm based on the Frenet
coordinate system, decoupling the vehicle’s two-dimensional
complex motion into two one-dimensional motions and
designing separate longitudinal and lateral control strategies. This
simplified the controller design and improved the computational
efficiency. Nevertheless, this method also failed to fully consider
the mutual influence between longitudinal and lateral dynamics
and assumed constant road curvature.

Vehicle longitudinal and lateral dynamics are highly
interconnected and exhibit time-varying nonlinear characteristics
(Li et al,, 2022). For example, fluctuations in longitudinal speed
can lead to lateral offset, which in turn affects the stability of path
tracking. Therefore, optimizing the longitudinal and lateral
control in a separate manner (for the sake of system design
simplification) compromises the overall system performance
(Shan et al., 2024). Meanwhile, road curvature often varies in real-
world situations, and control strategies designed under the fixed
curvature assumption fail to meet the vehicle’s demand for high-
precision and robust control in complex road scenarios (Barreno
et al,, 2025). Thus, designing control methods that simultaneously
consider vehicle longitudinal and lateral control while integrating
dynamic road geometric features can enhance adaptability and
improve control performance.
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Reinforcement learning (RL) is an interaction-driven learning
paradigm in which an agent interacts with the environment to
collect experience data and learn the optimal policy (Arulkumaran
et al,, 2017). In model-free reinforcement learning, the agent relies
solely on environmental feedback to optimize the policy, whereas
MBRL learns the environment’s dynamic model alongside the
policy, enabling future state prediction (Chatterjee and Khardon,
2025). Furthermore, MBRL relies on temporal data for training to
ensure that the model can accurately simulate environmental
evolution. However, the environment may contain dangerous
states; once the agent enters these states, training may be
interrupted, compromising data collection continuity (Liu and
Wang, 2021). In RL, the most common exploration strategy is
random exploration, where noise is randomly added to any given
state to enhance policy diversity. However, random exploration
has significant limitations, especially in the early stages of training.
The agent often performs ineffective actions or even enters
dangerous states, leading to premature episode termination. This
results in insufficient data collection, which ultimately hinders
training effectiveness and slows convergence speed (Liu et al,
2020). These issues can often be mitigated by incorporating
domain-specific prior knowledge of the target environment.
When appropriately integrated into the RL training process, this
prior knowledge helps the agent acquire superior initial strategies,
thereby improving early-stage performance, reducing ineffective
exploration, enhancing the quality and efficiency of training
samples, and ultimately enabling safer and more efficient training.

To address the aforementioned challenges, this study
innovatively proposes a prior-knowledge-integrated model-based
reinforcement learning (MBRL) method with planning
capabilities for vehicle platoon longitudinal-lateral control. This
approach ensures lateral control accuracy, longitudinal control
stability, and effective suppression of traffic oscillations. The main
contributions of the study are summarized as follows:

A unified state space, joint action space, and integrated reward
function are constructed under the Frenet coordinate system. The
unified state space integrates vehicle and environmental states to
comprehensively capture dynamic characteristics; the joint action
space models lateral and longitudinal control inputs in a unified
manner; and the integrated reward function comprehensively
considers longitudinal-lateral ~control performance, riding
comfort, and safety.

A planning-enabled vehicle platoon control method is
proposed. By fusing the environment model and policy model
from MBRL, a sampling-based planning mechanism is introduced
into the decision-making process. Local evaluation is performed
via the reward model, and global trajectory evaluation is
conducted using the state value function. The action sequence is
optimized based on these evaluations, with the first action of the
final sequence executed at each decision step.

A prior-knowledge-incorporated  exploration strategy is
proposed to address low exploration efficiency and a high
proportion of ineffective exploration in the early training stage
under a two-dimensional action space. Expert strategies derived
from prior knowledge are leveraged to guide the initial
exploration direction, and action constraints are established to
reduce ineffective trials, thereby achieving faster convergence and
higher learning efficiency.

2 Problem formulation

2.1 Vehicle kinematic model

The vehicle platoon environment is considered on a single-lane
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road with varying road geometries (ie., roads with different
curvatures). The CAVs are equipped with V2V communication
technologies to collect real-time information about the
surrounding environment, including nearby vehicles and road
conditions for decision-making. The basic assumptions of the
simulation environment are as follows: (1) V2V communication
topology adopts a widely used broadcast mechanism, enabling
V2V to broadcast their state information (e.g., position and
speed); (2) CAVs can receive real-time information about local
road attributes (e.g, road curvature and speed limits) by
communicating with roadside units; (3) due to the increasing
maturity of advanced  communication  technologies,
communication delays and packet loss are not considered; and
(4) lane changes are not considered within the vehicle platoon.

In the environment, vehicles are modeled using the widely
adopted kinematic bicycle model, which takes the rear axle as the
reference point. In this model, the four wheels are simplified into a
pair of wheels located at the center points of the front and rear
axles. Only the front wheel is steerable, thereby controlling the
vehicle’s lateral motion. Let x{ and y; denote the vehicle’s lateral
and longitudinal positions, respectively, and 8; denote its heading
angle. The vehicle’s state in the Cartesian coordinate system can
be represented as a vector [x;, ¥}, 6/]. The kinematics of the vehicle
can then be described as Egs. (1)-(4):

X = vicos®: (1)
i = vising; )
6 = vitan(8})/L (3)
V= a (4)

where v/, a!, and &; represent the velocity, acceleration, and
steering angle of vehicle i at time ¢, respectively. The parameter L
denotes the wheelbase of the vehicle, which is the distance
between the front and rear axles.

Since the vehicle’s acceleration and steering angle cannot
change instantaneously, actuator delay is also considered in the
construction of the two-dimensional environment. Actuator delay
refers to the time lag between issuing a control command and the
actual execution of that command. It is approximated using a first-
order time delay process. The actuator delays are given as Eq. (5)

and (6):
U, — a
Ta

)

uaf(s
Ts

6= (6)
where u, and u; denote the desired acceleration and steering
angle, respectively, while a and & represent the actual acceleration
and steering angle, respectively. The parameters 7, and 75 are the
time constants for the longitudinal and lateral control delays,
respectively.

Note that the control action produced by the agent is the
desired command u; = [a4, 8,]. The simulator updates the actual
actuator states (a;, 0;) through the first-order delay dynamics in
Egs. (5) and (6), and these actuator states are included in the
unified state vector in Eq. (14). Therefore, the transition samples
used to train the learned dynamics model are generated under the
same actuator delay, so the learned environment model implicitly
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captures the delay behavior. Any remaining model mismatch is
further mitigated by receding-horizon replanning and by keeping
the rollout horizon short to reduce error accumulation.

The reference path is curved, resulting in a nonlinear vehicle-
following process that becomes complicated when described in
the Cartesian coordinate system (Moghadam et al, 2021).
Therefore, the Frenet coordinate system is adopted to simplify the
description of vehicle motion. The vehicle state can be represented
as a three-dimensional vector [pi,ei, ¢]. p; denotes the
longitudinal projection of vehicle i at time ¢, which is the route
length from the starting point of the road to projection point M
on the reference path. e} represents the lateral deviation from the
reference path, and ¢; denotes the heading angle error between
the vehicle and the tangent of the reference path at point M. The
transformation between the Cartesian and Frenet coordinate
systems for the bicycle model is illustrated in Fig. 1.

The lateral deviation ] of vehicle i from the reference trajectory
at time f is defined as the distance between the rear axle of the
vehicle and the projection point M(x,.s y,) on the reference path.
It is mathematically computed as Eq. (7):

ee=bxd
b = sign[ (i) €08 (6rr) — (xi—i ) sin(0rr)]  (7)

d= /(% =% )+ (0~ )’

where X, Yret, and Ows represent the x-coordinate, y-coordinate,
and heading angle of the projection point M on the reference
path, respectively. The first component b indicates the direction of
the lateral deviation. It is positive when the vehicle is to the left of
the reference path (relative to the direction of travel) and negative
when to the right. The second component d represents the
distance from the vehicle to the projection point M.

The heading angle error ¢! of vehicle i with respect to the
reference trajectory at time ¢ is defined as the difference between
the vehicle’s heading angle and the heading angle of the reference
path at point M. It is given by

(Pf = 61’ - f,ref (8)

The longitudinal projection velocity ¢; of vehicle i along the
reference path at time ¢ is given by

,_ vicos(¢))

where ki denotes the road curvature at point M on the reference
path for vehicle i at time t.

YA

Path

M(X e, Vier)

!
o X

Fig.1 Schematic diagram of the vehicle kinematics.
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2.2 Vehicle platoon design

A homogeneous platoon consisting of one lead vehicle and n - 1
(2D) follower vehicles is considered, traveling on a two-dimensional,
long, and flat road, as illustrated in Fig. 2. The desired vehicle
spacing follows a constant time gap policy. Due to the curved
motion in the two-dimensional plane, the vehicle speed is
represented by the longitudinal projection velocity. Accordingly,
the desired spacing between vehicle i and its preceding vehicle at
time ¢ is given by

dill,=qe+1 (10)

where [ denotes the standstill spacing between vehicle i and its
predecessor, and € represents the desired time gap.

To perform longitudinal and lateral control of vehicles in the
Frenet coordinate system, it is necessary to obtain the longitudinal
projection spacing error As;, the longitudinal projection velocity
error Ag;, the lateral deviation e;, and the heading angle deviation
P

The longitudinal projection space error between vehicle i and
its preceding vehicle at time ¢, denoted as As;, is defined as the
difference between the actual intervehicle spacing and the desired
spacing, as given below:

AS;J—I = df,i—l - dx*xt—l (11)
dz[',i—l = P;—l *Pf —C (12)
where d, , denotes the spacing between vehicle i and its

preceding vehicle, and ¢ denotes the length of the vehicle.

The longitudinal projection velocity error, denoted as Aq;, is
defined as the difference between the current longitudinal
projection velocity of vehicle i and the desired projection velocity.

The desired projection velocity and the velocity error are given
as Eq. (13):

Agiii=qi— g = q; — gi (13)

2.3 Road and lead vehicle strategy design

To realize longitudinal and lateral control of vehicle platoons in a
two-dimensional environment, an accurate and smooth 2D
reference road trajectory is essential. Therefore, the environment
must possess an efficient path generation capability to provide the
necessary trajectory information for platoon control. A two-
dimensional cubic spline interpolation method is employed to
generate a continuous and smooth reference road trajectory based
on a set of discrete road center points.

coo @D
- CAVi#l
CAV i+2

It is worth noting that to comply with road geometric design
standards, the generated path curvature must be kept within a
reasonable range. In this study, a maximum curvature constraint
of k < 0.25 is imposed to avoid sharp turns that could lead to
control difficulties and safety risks.

In platoon control, the lead vehicle strategy refers to the control
behavior of the first vehicle in the platoon. This ensures the proper
operation of the entire platoon, enabling the follower vehicles to
travel stably along the reference road. The lead vehicle strategy
generates control inputs such as acceleration and steering angle
based on current speed limits, road curvature, and its own state. A
proportional integral derivative (PID) controller is applied for
longitudinal control, adjusting acceleration to bring the vehicle
speed closer to the desired value and ensure smooth driving. At
the same time, a linear quadratic regulator (LQR) is used for
lateral control, optimizing the steering angle to enable accurate
tracking of the target path.

3 Methodology

3.1 Method framework

This section proposes a model-based reinforcement learning
(MBRL) framework with planning capabilities for vehicle platoon
control, which explicitly integrates prior knowledge, as illustrated
in Fig. 3. The framework operates as a closed-loop control system
comprising four synergistic components: the vehicle platoon
environment, a planning-based agent, probabilistic network
models, and an experience replay buffer. The environment
simulates the coupled longitudinal and lateral dynamics of the
platoon under complex road geometries. At each time step, it
provides the agent with a state vector containing vehicle
kinematics and tracking errors while simultaneously computing a
multiobjective reward function that balances safety, comfort, and
control efficiency to guide the optimization process. Central to
this framework is the agent, which advances beyond simple
reactive policies by employing a model-based trajectory planning
mechanism. Specifically, the agent utilizes the actor network to
generate a distribution of candidate action sequences. These
candidates are rigorously refined by a prior knowledge module,
which acts as a filter to prune physically infeasible or unsafe
actions. The agent then leverages the learned probabilistic
environment model—comprising transition and reward
models—to predict the future trajectories of the remaining
candidates. By evaluating the expected long-term returns of these
trajectories, the agent identifies and executes the optimal "elite
action sequence’. To ensure continuous improvement, all
interaction transitions are stored in the experience replay buffer

Fig.2 Schematic diagram of the vehicle platoon.
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Fig.3 Framework of the proposed planning-based MBRL method integrating prior knowledge for vehicle platoon control.

and utilized for off-policy training, alternately updating the
environment model and policy networks to enhance both
prediction accuracy and control robustness.

Specifically, the environment is established based on the Frenet
coordinate system introduced in the previous chapter to facilitate
both longitudinal and lateral control. The reward function is
designed to comprehensively reflect the effectiveness of tracking
control as well as driving comfort and safety. An experience replay
buffer is employed to store the sequential data (state, action,
reward, and next state) generated during the interaction between
the agent and the environment. These samples are then used to
train the models, enabling the agent to make more informed
decisions and enhanced its learning process.

The network architecture consists of two main components: the
policy model and the environment model. The policy model is
composed of an actor network, a critic network, and their
corresponding target networks. The environment model
comprises a state transition model and a reward model.

Finally, during the planning phase, the agent utilizes both the
policy and environment models. The actor network, together with
an initial action distribution, generates a set of candidate action
sequences. These sequences are then globally evaluated, and the
elite action sequences with the best performance are selected to
update the optimal action distribution. This process is iteratively
refined to obtain the final action sequence for execution.

3.2 Reinforcement learning model

Reinforcement learning is a method in which an agent learns how
to select actions through interactions with the environment to
maximize its long-term returns. The core idea lies in the agent’s
ability to interact with the environment through states, receive
feedback in the form of rewards based on its actions, and adjust its
behavior accordingly to achieve task objectives. In an RL
framework, the state space, action space, and reward function
constitute the key components that define the learning process.
The state space represents the information that the agent can
perceive about itself and its surrounding environment. In the

https://doi.org/10.26599/JICV.2026.9210083

current longitudinal-lateral vehicle platooning control problem, a
unified state space is constructed by integrating both the vehicle’s
state and the environmental state. It is assumed that the preceding
vehicle and the ego vehicle can communicate their motion
information in real time via onboard communication devices. The
complete state space is denoted as [s', 5], where s'represents the
vehicle’s state and s° denotes the road state. The vehicle state
includes both lateral and longitudinal states.

The vehicle’s lateral state includes the lateral distance deviation,
heading angle deviation, and steering angle. The longitudinal state
includes the longitudinal projection spacing error, longitudinal
projection velocity error, velocity, and acceleration. The complete
vehicle state is represented as Eq. (14):

s' = [e, ¢}, 8, Asi, Ag, v, af (14)

The road state mainly considers the curvature of the road,
including the road curvature at the vehicle’s projection point at
the current time, as well as the curvature 1 and 2 m ahead of the
projection point, as shown below:

s = [k kT kT (15)

In the study of longitudinal-lateral control for vehicle platoons,
a joint action space is designed to further achieve coordinated
optimization of both control dimensions. By constructing a
combined action space u = [u,, us] that includes both the desired
acceleration and steering angle, the agent can consider the effects
of both control aspects simultaneously during learning, effectively
avoiding the information fragmentation caused by separated
control strategies. The control input is constrained within a
specified range, denoted as —uj™ < u, < Up™, —uf™ < us <
g™,

Although longitudinal car-following and lateral path tracking
can be treated separately in simplified designs, platoon dynamics
in the Frenet frame are inherently coupled. First, the longitudinal
projection speed depends on both heading error and lateral
deviation through Eq. (9), where the term (1 — ke,) couples the
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lateral position to longitudinal progress. Second, steering actions
affect e, and e,, which then influence the longitudinal spacing
error through s, while acceleration changes v and thus impacts
both lateral motion and comfort-related quantities. By including
both longitudinal errors (As, Av, v, a) and lateral errors (e, ey, 6),
together with road curvature, in one state vector and optimizing
the joint action (d4,8s) under a single reward, the learned
transition model and the MPPI planner can explicitly reason
about these cross-effects, unlike traditional decoupled controllers
that solve two separate one-dimensional subproblems.

The reward function serves as guidance for the agent to learn
optimal policies by maximizing the cumulative reward. To enable
coordinated optimization of both lateral and longitudinal control
strategies in vehicle platoon control, a composite reward function
is designed. This function comprehensively considers lateral
control performance, longitudinal control performance, comfort,
and safety.

The first component of the reward focuses on longitudinal
control performance, which includes the longitudinal projection
distance error and the longitudinal projection velocity error, as
shown below:

n = (As;)’ (16)

1, = (Aq,)z (17)

The second component addresses the lateral control
performance of the vehicle, which includes the lateral distance
deviation and the heading angle deviation, as formulated below:

1= (&) (18)

= (¢) (19)

The third component is designed to optimize driving comfort.
Previous studies often penalized the magnitude of control inputs;
however, this approach limits the vehicle’s dynamic capabilities
without directly addressing passenger discomfort. To effectively
improve ride quality, we focus on minimizing the rate of change
of the vehicle’s dynamics. Specifically, the reward function
penalizes longitudinal jerk (the derivative of acceleration) and the
steering rate (the derivative of the steering angle). Additionally,
excessive lateral acceleration is penalized to prevent discomfort
during cornering. This formulation ensures smooth transitions in
vehicle states, thereby enhancing stability and passenger comfort,
as defined below:

s = (uu,[ — Ma,z_1)2 + (l/la,z - Ué,t—l)z (20)

The fourth factor addresses safety by imposing a penalty when
a collision occurs between the ego vehicle and the vehicle ahead.
Incorporating such collision feedback during training enables the
agent to learn to avoid dangerous situations. Specifically, a
collision is defined when the relative distance between the two
vehicles becomes negative. Unlike a fixed penalty, the safety
reward is designed as a continuous, distance-dependent signal.
This formulation provides the reinforcement learning agent with a
meaningful gradient even inside the collision state, encouraging it
to minimize both the depth of overlap and the magnitude of the
spacing error. As a result, the policy is guided to actively recover
from collisions rather than stagnating in a state of persistent
penalty, thereby avoiding convergence to a suboptimal local
solution. When no collision occurs, this reward component
remains zero.
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—10 +5(As;), dii 1 < 0
ro= 4 0¥ 3(A8), i 1)
0, else
The complete reward function integrates considerations of
lateral control performance, longitudinal control performance,
comfort, and safety, as shown below:

r=lkin + kors + kats + kars + ksts + kers (22)

where ki, k;, ki, k;, ks, and kg denote the weights assigned to
different components of the reward function. These weights were
determined through a two-phase procedure. First, initial values
were selected to normalize the different physical scales of the
reward terms. Subsequently, the weights were systematically fine-
tuned via grid search, prioritizing safety and stability over comfort.
This tuning process aimed to maximize the primary task
performance while strictly satisfying the constraints on jerk and
safety. After conducting numerous experiments, the final weight
values adopted were -8, -4, -6,-1,-1,and 1.

3.3 Planning-capable MBRL approach

Model-based reinforcement learning methods with planning
capabilities offer significant advantages in terms of sample
efficiency, asymptotic performance, and interpretability. By
leveraging learned models for planning, decision-making can be
enabled through both environmental and policy models. The
environment model refers to the internal modeling of the
environment, including a state transition model and a reward
model. The learned state transition model allows the agent to
predict the next state based on the current state and action, while
the learned reward model enables the agent to estimate the
current reward. With these two models, the agent can simulate
outcomes without interacting with the real environment. The
formulations of the two models are as Eqgs. (23) and (24):

St = Pa(St, at) (23)

7= Re(Sn ar) (24)

Actuator delay handling in the learned environment model.
The learned transition model Py is trained to predict s, from
(st, ue), where u, = [aq, 64] is the desired command. Because the
simulator updates the actual acceleration and steering states via
Egs. (5) and (6) and these states are part of s;, the learned model
captures the delayed actuator response implicitly from data. In
addition, the MPPI planner uses frequent replanning (receding
horizon) to correct for disturbances and residual prediction errors.

The policy model consists of an actor network and a critic
network. The actor network generates actions based on the
current state, which, when combined with the state transition
model, can be used to generate candidate action sequences. The
critic network evaluates the outcomes of these action sequences
and provides feedback to improve the actor network. Specifically,
the structures of the actor and critic networks are defined as Egs.
(25) and (26):

&, = T[e(St) (25)

Qt = Qe(St, at) (26)

The planning process adopts the Model Predictive Path Integral
(MPPI) method, with the detailed steps as follows: (1) Use the
policy network m and add noise to generate N, candidate action
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sequences. (2) Based on the initial action distribution N(u, %),
generate and construct N candidate action sequences. (3) Evaluate
all N + N, candidate action sequences, perform global evaluation,
and select the top N' sequences as elite action sequences.
(4) Calculate the action distribution of the elite sequences and
update the action distribution accordingly. This process is
repeated for m iterations to ensure continuous improvement of
the action distribution quality. Finally, an optimized action
distribution is obtained. The final action sequence (a: , a: TRVRUI
a,,y) is taken as the mean of the updated distribution. The first
action of this sequence is then executed in the environment, while
the remaining actions are retained for generating the next final
action sequence.

In each iteration, it first performs a global evaluation of all
candidate action sequences. This evaluation method combines
both local evaluation and terminal evaluation. The local evaluation
uses the learned state transition model P, to simulate state
transitions, followed by a discounted evaluation using the learned
reward model Ry The terminal global evaluation is conducted
using the Critic network Qq. The evaluation process is formulated
as Eq. (27):

H-1

V=E Z )/th(St, ar) + )/HQa (s, an) |, se1 = Po(se, ar)
t=0

(27)

where y is a discount factor for evaluation, used to adjust the
importance of future evaluations.

All candidate action sequences are ranked based on their
evaluation scores, and the top N’ sequences are selected as elite
action sequences &. The action distribution of these elite
sequences is then computed as Eq. (28):

’
N

N )
VE gk VE [ e 4

Ses L (s-)

j=1 ’ j=1

| (28)
N N
2 2
j=1 j=1

where €' denotes the exponentially weighted value assigned to
the elite action sequence.

At each time step, multiple iterations are performed through
resampling and noise distribution updates. The action distribution
is updated using a soft update strategy, as shown below:

’

4

p=0-ou+ou,2=(1-0)Z+o% (29)

where o is the soft update coefficient for the action distribution,
and 0 € [0,1].

The models to be learned include the state transition model P
and reward model R of the environment, as well as the actor
network 7 and critic network Q of the policy. These models are
trained using sequential data collected in each episode and stored
in the experience replay buffer. Specifically, during training, H-
step trajectories I'(s, a, 15, 5,,;) are sampled from the buffer, and
the models are updated by minimizing a loss function that
incorporates H-step temporal discounting, as formulated below:

t+H

J6;7) =Y ATL6;T) (30)

where A is the discount factor of the loss function, which assigns
higher weights to near-term predictions. L(0; ;) denotes the
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objective function for trajectory I, which incorporates the state
transition model, reward model, critic network, and target critic
network, as shown below:

L(6; 1) = L[|Po(si, a;) — sel]” + B[ [Re(si, ai) — i |*

31
+ L||TD_error||’ (31)

where [, I, and [; are the loss balancing coefficients, and TD-error
is defined as Qq(si, a:) — (i + YQo — (Sis1, To(si11)). The target
Critic network shares the same architecture as the Critic network
and is updated using a soft update strategy.

The learning process of the policy network is similar to that in
the DDPG (Lillicrap et al., 2019) algorithm used in MFRL. The
actor network is trained by maximizing the discounted state-
action value over the horizon from time t to ¢ + H. This can be
achieved by minimizing the following objective function:

i=t+H

Jo(6) = = > A7 Qs mo(s) (32)

i=t

3.4 Exploration strategy incorporating prior knowledge

In reinforcement learning, the exploration-exploitation trade-off is
crucial. Exploitation refers to leveraging existing knowledge to
take the seemingly optimal action to maximize immediate
rewards, whereas exploration involves trying different actions to
discover potentially better strategies that may yield higher long-
term returns (Ladosz et al., 2022). Especially in the early stages of
training, random exploration is commonly employed to collect
interaction data. When the agent has little knowledge about the
environment, random exploration enables it to try various actions
and observe the outcomes, thereby gradually building an
understanding of the environmental dynamics.

In MBRL, training requires sequential data. However,
employing random exploration can lead to premature termination
of training episodes, resulting in insufficient data for model
training during the initial stages. Moreover, ineffective exploration
in subsequent training phases can diminish learning efficiency and
slow convergence. To address these challenges, an expert
policy—provided by experienced practitioners or pretrained
strategies—can be introduced during early training to guide the
agent’s behavior, facilitating effective data collection for model
learning. Additionally, incorporating constraints based on prior
knowledge during later training stages can help identify and
rectify meaningless explorations, thereby enhancing learning
efficiency and accelerating convergence.

To address the issue of insufficient training data in the early
stages of MBRL, an expert policy derived from prior knowledge is
employed to guide exploration. Specifically, during the first 30
training episodes, the agent interacts with the environment using
an expert policy based on a pure tracking method, defined as Eqs.
(33) and (34):

ul, = aAs + BAgL + 0.1 x ul™ (33)

2Lsiny(t)

us,; = arctan
Ly

) +0.1 % up™ (34)
where o and f3 are the weights for the distance error and velocity
error, respectively. l; = v + I, denotes the look-ahead distance,
n is the look-ahead time, [, represents the initial look-ahead
distance, and v is the angle between the preview point and the

vehicle. Noise is added to the actions to encourage exploration
and improve policy generalization.
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Crucially, during these episodes, the expert policy is used only
for data collection to populate the replay buffer with high-quality
transitions. Meanwhile, the RL agent is trained off-policy on this
gathered data. By episode 31, the agent has therefore been
effectively “warm-started”, having learned a reasonable policy
from expert demonstrations. This enables a seamless transition to
agent-driven interaction without a significant drop in
performance, despite the hard switch in data collection policy.

In addition, leveraging prior knowledge to impose action
constraints throughout the training process helps prevent
meaningless or unsafe exploration. In the context of lateral and
longitudinal platoon control, specific corrective actions can be
defined based on deviations in lateral distance and heading angle.
For instance, if the lateral deviation exceeds 1 m and the heading
angle deviation is greater than 0.25m radians, the vehicle should
execute a right steer, corresponding to a negative steering angle.
Conversely, if the lateral deviation is less than -1 m and the
heading angle deviation is less than -0.25m radians, the vehicle
should steer to the left, implying a positive steering angle. The
mathematical expression of this action constraint is as Eq. (35):

— |us|, € >1A¢ > 0251
uy = < |uj, e < —1A¢ < —0.25i (35)
uj, else

The learning and planning parameters are summarized in
Table 1. The learning parameters include the maximum steps per
episode Envs and the number of episodes Epis. The planning
parameters consist of the discount factor for evaluation y, the
discount factor of loss function A, the number of planning
iterations m, the planning horizon H, the number of sampled
action sequences from distribution N, the number of sampled
action sequences from policy N,, the number of elite action
sequences N, and the action distribution soft update coefficient o.

Planning horizon selection (H = 3). In MPPI, we optimize an
open-loop action sequence of length H in a receding-horizon
manner. Increasing H improves look-ahead but also increases
computation (more model rollouts) and amplifies multistep
model errors. We set H = 3 as a compromise between real-time
feasibility and prediction reliability. Importantly, the terminal
value estimated by the critic network provides an approximation
of the return beyond the H-step rollout, so the planning objective
still accounts for long-term effects. Long-term string stability is
therefore achieved by closed-loop replanning under the multi
objective reward and is quantitatively evaluated by the cumulative
suppression ratio i in Section 4.

Table1 Learning and planning parameters

Symbol Value Symbol Value
Envs 500 H 3
Epis 300 N 128

v 0.99 N, 25
A 0.5 N 32
m 3 o 0.1
o 2 B 1.3

4 Experiments and results

This section is divided into three subsections. First, it presents the
evaluation metrics and other comparative methods. Next, it
analyzes the training process, focusing on the impact of
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incorporating prior knowledge into the MBRL training. Finally, it
evaluates the control performance of different methods under
speed-limited and real-data scenarios.

4.1 Evaluation metrics and comparative methods

The evaluation of vehicle platooning encompasses three primary
metrics: the cumulative suppression rate ratio d,; which assesses
platoon stability; the inverse time to collision TTC;"', which
evaluates safety; and the operation time T, which measures
computational efficiency.

The cumulative suppression rate ratio d,; (Shi et al., 2022)
evaluates the string stability of a vehicle platoon by measuring its
ability to suppress traffic oscillations, as shown below:

1

3
(Za A, mean >
dy; = - (36)
s 2
(Z |ai — ao,mmlz)
t=0

where i denotes the index of the vehicle in the platoon, and s
represents the total number of steps during platoon movement. a;
denotes the acceleration of the lead vehicle, a! denotes the
acceleration of vehicle i, and @j .., is the average acceleration of
vehicle i over the s steps. When d,; < 1 and decreases as i
increases, traffic oscillations weaken as they propagate upstream
along the platoon, which means that the platoon is string stable.

The inverse of time to collision (TTC) (Balas and Balas, 2006) is
used as a safety evaluation metric. Compared to TTC, it can more
accurately quantify collision risks between vehicles and avoids the
issue of infinite values when the speeds of the front and following
vehicles are equal. The safety of vehicle i at time t is represented by
TTC !, and its calculation method is as Eq. (37):

TTC;! = max (0, M) (37)
' Di—1,t — Di

When the value of TTC;; is 0, the vehicle has no collision risk
and the highest level of safety. Moreover, the smaller the value is,
the higher the safety.

By summing the values of TTC;, over the driving period of
vehicle i, the camulative TTC;' can be obtained, which represents

the overall safety during its entire driving time. It is calculated as
Eq. (38):

TTC = Zmax( o V’p”) (38)

The runtime T is an important metric for evaluating the
response speed and computational complexity of different control
methods in platooning tasks. By recording the time required for
the platoon to complete the test under identical testing conditions
and the same duration of the lead vehicle’s movement, a shorter
time indicates a faster response and higher control efficiency.

For comparison, the longitudinal-lateral decoupled platooning
control method based on MPC in (Zhang et al., 2022) is adopted,
along with the model-free reinforcement learning method using
the twin delayed deep deterministic policy gradient (TD3)
algorithm (Guo et al., 2017) for platooning control. Both methods
utilize the same state space, action space, and reward function as
those proposed in this study.

The parameters of the vehicles in the platooning environment
include the number of vehicles in the platoon #, the desired
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standstill spacing /, the vehicle length ¢, the vehicle wheelbase L,
the desired time gap ¢, the time step size df, the maximum

max

longitudinal acceleration control input u;™, the maximum
steering angle control input uz™, the longitudinal control delay
constant 7, and the lateral control delay constant 7; as
summarized in Table 2. These parameter values are determined
based on previous studies and further fine-tuned through

empirical testing.

4.2 Training results

In this study, the MBRL-based longitudinal-lateral control method
for vehicle platooning, incorporating prior knowledge, is trained,
and the variations in the average reward during the training
process are analyzed. At the same time, this method is compared
with the MBRL method using random exploration and the TD3
method based on MFRL through experimental comparisons.
Specifically, both the MBRL method incorporating prior
knowledge and the MBRL method using random exploration are
trained for 300 episodes (500 steps per episode), while the TD3
method is trained for 500 episodes.

Fig. 4 illustrates the training progress and the variation in
average reward for the three methods. The MBRL method
incorporating prior knowledge converges after approximately
50,000 steps, whereas the MBRL method without prior knowledge
still exhibits significant oscillations at 120,000 steps. In
comparison, the TD3 method achieves stable convergence only
after 130,000 steps. These results indicate that the learning
efficiency of MBRL is superior to that of MFRL, and the
integration of prior knowledge further enhances the convergence
speed, enabling the agent to reach the optimal policy more
rapidly. Moreover, in terms of reward stability, the MBRL method
with prior knowledge demonstrates significantly smaller
oscillation amplitudes than the other two approaches, reflecting a
more stable training process. Compared to the MBRL baseline,
which relies on random exploration, the prior knowledge-guided
approach benefits from structured exploration and action

Table2 Platoon environment parameters

Symbol Value Symbol Value
n 5 dt 0.1s
) Im uyx 3m/s’
5m ug 0.6 rad
L 3m T, 03s
£ ls Ty 03s

0_
=20
-40
o
5
H
u
- —60
o
o
T
>
< -80
~100 — D3
MBRL_random
-120 —— MBRL_prior
0 50,000 100,000 150,000 200,000 250,000
Step

Fig.4 Average reward of the training episode.
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constraints, thereby reducing ineffective exploration and training
interruptions.

It should be noted that although the average reward curve
shows visible fluctuations in the later training phase, this does not
indicate policy instability. These fluctuations are primarily
attributable to the stochastic nature of the exploration process and
the sampling-based planning technique employed in the proposed
framework. Specifically, a decaying noise is maintained
throughout training to prevent premature convergence to local
optima. Additionally, the inherent randomness in generating
candidate action sequences during each planning iteration
introduces minor variances in the cumulative reward. Despite
these oscillations, the converged baseline confirms that the agent
has successfully learned a robust control policy, which is further
validated by its tracking performance in both speed-limit and real-
world driving scenarios.

4.3 Test results

To comprehensively evaluate the effectiveness of the model-based
reinforcement learning method with planning capability and prior
knowledge for longitudinal-lateral control of vehicle platoons, this
study conducts tests in both speed-limited and real-data scenarios.
In the speed-limited scenario, the lead vehicle accelerates and
decelerates according to speed limits, while in the real-data
scenario, the longitudinal control of the lead vehicle follows real
vehicle acceleration data from the NGSIM dataset (Montanino
and Punzo, 2015).

These experiments enable a thorough evaluation of the
performance of the MBRL method under different driving
conditions. Comparisons are made with a decoupled MPC
method and a TD3 longitudinal-lateral method, assessing their
performance in terms of stability, safety, and computational
efficiency. Due to the high inefficiency and instability caused by
frequent ineffective and interrupted exploration during training,
purely random exploration methods are not tested. The focus is
placed on the effectiveness of the MBRL method integrated with
prior knowledge.

In the speed-limited scenario, the lead vehicle follows a speed-
limited control strategy to evaluate the control effects and platoon
stability of different control methods. The trajectory of the lead
vehicle and the driving states of the vehicle platoon in the curve
are shown in Fig. 5.

The lateral distance deviation and heading angle deviation of
vehicles under different methods in the speed-limited scenario are
shown in Fig. 6. The MBRL method, by incorporating the
environmental model for decision-making and planning, allows
for more accurate adjustments to the lateral control strategy,
thereby reducing lateral errors. In contrast, the MPC method

200 300 400 500 600 700

X (m)
Fig.5 Trajectory of the lead vehicle in the speed-limited scenario.
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Fig. 6 Lateral distance deviation and heading angle deviation in the speed-limited scenario.

especially during sharp turns. In contrast, the MBRL method, by
using the learned environmental model for planning, enables the
agent to better adapt to complex lateral control tasks, effectively
reducing lateral deviation and heading angle deviation and
ensuring the platoon’s tracking performance.

The position, speed, and acceleration of vehicles under different
methods in the speed-limited scenario are shown in Fig. 7. The

nonlinear state transitions to linear, which results in relatively
large lateral deviations and heading angle deviations, with
noticeable oscillations, when lateral disturbances occur in the lead
vehicle. Although the TD3-based method can train an effective
control strategy, its reliance solely on experience data for policy
updates leads to a significant increase in lateral deviation,
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Fig.7 Position, speed, and acceleration of the vehicle platoon in the speed-limited scenario.
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position is given in the Frenet coordinate system, representing the
length of the vehicle’s projection point on the reference road.
During the speed variation process, all three methods effectively
control the platoon vehicles' speed. However, the MPC method
exhibits relatively large fluctuations during the speed decrease
phase. The TD3 method adjusts speed more smoothly and follows
the lead vehicle’s speed changes well, but from steps 350 to 450,
due to significant changes in the road, the speed experiences some
oscillations. The MBRL method’s speed curve is the smoothest,
indicating that it adapts to speed changes quickly and maintains
stable control. In acceleration changes, both the MPC and TD3
methods show significant acceleration fluctuations during speed
transitions, which affect comfort. The MBRL method’s
acceleration curve is the smoothest, showing that it adjusts speed
more gently, providing a more comfortable driving experience.
Overall, the MBRL method, which integrates the environmental
model for planning, effectively enhances the control performance
and comfort of the vehicle platoon.

The cumulative suppression rate ratio of the vehicle platoon
under different methods in the speed-limited scenario is shown in
Fig. 8. The cumulative suppression rate ratio for all methods is less
than 1, indicating that the entire platoon exhibits string stability,
meaning that traffic oscillations gradually diminish as they

1.000 -

0.975 -

0.950 1

0.925 4

0.900 -

0.875

0.850

0.825

Q 1 2 3 4
Number

Fig.8 Cumulative suppression ratio in the speed-limited.

propagate through the platoon. Additionally, the MBRL method
has a smaller value, indicating that it can more effectively suppress
oscillations and improve the platoon’s stability.

In the real data scenario, the longitudinal motion of the lead
vehicle is based on the NGSIM data to evaluate the performance
and adaptability in a real traffic environment. The trajectory of the
lead vehicle and the driving states of the vehicle platoon in the
curve are shown in Fig. 9.

The lateral distance deviation and lateral angle deviation of the
vehicles under different methods in the real data scenario are
shown in Fig. 10. In this scenario, the road curvature changes
continuously, posing higher demands on the adaptability of lateral
control strategies. For the MPC and TD3 methods, the lateral
deviation accumulates when the road curvature changes before
convergence, making it difficult to quickly recover to the ideal
trajectory. In contrast, the MBRL method, by combining the
environmental model for forward-looking planning, can adjust its
control strategy in advance when the road curvature changes,
preventing the continuous accumulation of lateral errors and
improving lateral tracking ability and stability.

The cumulative suppression ratio of vehicle platoons under
different methods in the real data-driven scenario is shown in
Fig. 11. Compared to other methods, the proposed method
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Fig.9 Trajectory of the lead vehicle in the real-data scenario.
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Fig. 10 Lateral distance deviation and heading angle deviation in the real-data scenario.

https://doi.org/10.26599/JICV.2026.9210083

7+ 2w | Sci@pen

Tsinghua University Press


https://doi.org/10.26599/JICV.2026.9210083

9210083-12

Wu X, Min H G, Mao Z H, et al.

demonstrates a lower cumulative suppression ratio in this
scenario, indicating its higher efficiency in suppressing platoon
oscillations, thereby enhancing system stability and environmental
adaptability.

The inverse time to collision and running time of different
methods in the real lead vehicle data scenario are shown in
Table 3. In this scenario, the TD3 method has a higher cumulative
suppression ratio than the MPC method, mainly because the lead
vehicle’s acceleration changes are more abrupt. The TD3 method
struggles to adapt to such abrupt acceleration variations, resulting
in larger acceleration fluctuations for the following vehicles, which
in turn increases the cumulative suppression ratio, negatively
impacting the overall platoon stability. The MBRL method shows
lower collision time reciprocal values across all vehicles, indicating
higher safety for the vehicle platoon. The running time of the
MBRL method (33.1 s) is between that of the MPC and TD3
methods, ensuring good control performance while maintaining
favorable real-time capability. Overall, the proposed method
performs better in convergence speed, longitudinal and lateral
control effectiveness, platoon stability, safety, and applicability
while ensuring computational efficiency.
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< 0.7
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0.5 1
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T T T T T
o 1 2 3 4
Number

Fig. 11 Cumulative suppression ratio in the real-data scenario.

Table3 Inverse time to collision and running time in the real-data scenario

—1

Method 76, T (s)
1 2 3 4

MPC 6.06 4.62 4.24 3.95 42.90

TD3 5.93 4.53 4.10 3.51 22.80

MBRL 4.15 3.19 291 2.74 33.10

5 Conclusions

This study proposes a prior-knowledge-integrated model-based
reinforcement learning method with planning capabilities for
vehicle platoon longitudinal-lateral control. The method achieves
this by fusing policy and environment models for planning-driven
decision-making and executing the first action of the optimized
sequence in each cycle. It also designs a Frenet coordinate-based
unified state space, a joint action space, and an integrated reward
function that incorporates control performance, comfort, and
safety. Additionally, the method introduces a prior-knowledge-
guided exploration strategy to enhance learning efficiency and
convergence. Simulation experiments in speed-limited and real
lead-vehicle data scenarios validate its effectiveness, showing
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improved platoon lateral tracking, stability, safety, and adaptability
while maintaining high computational efficiency. However, this
study adopts simplifications such as a simplified vehicle kinematic
model and perfect sensors and control systems. Future work
addresses these issues by adopting more realistic complex vehicle
models, considering sensor noise and communication delays,
extending to multilane scenarios with advanced dynamic lane-
change handling strategies, and enabling platoon control based on
real-time  dynamic  vehicle information in  dynamic
communication environments.
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