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Abstract

In industrial environments such as ports and warehouses, autonomous logistics vehicles
face significant challenges in coordinating multiple vehicles while ensuring safe and effi-
cient path planning. This study proposes a novel real-time cooperative control framework
for autonomous vehicles, combining reinforcement learning (RL) and distributed model
predictive control (DMPC). The RL agent dynamically adjusts the optimization weights
of the DMPC to adapt to the vehicle’s real-time environment, while the DMPC enables
decentralized path planning and collision avoidance. The system leverages multi-source
sensor fusion, including GNSS, UWB, IMU, LiDAR, and stereo cameras, to provide ac-
curate state estimations of vehicles. Simulation results demonstrate that the proposed
RL-DMPC approach outperforms traditional centralized control strategies in terms of
tracking accuracy, collision avoidance, and safety margins. Furthermore, the proposed
method significantly improves control smoothness compared to rule-based strategies. This
framework is particularly effective in dynamic and constrained industrial settings, offering
a robust solution for multi-vehicle coordination with minimal communication delays. The
study highlights the potential of combining RL with DMPC to achieve real-time, scalable,
and adaptive solutions for autonomous logistics.

Keywords: autonomous logistics vehicles; collision avoidance; reinforcement learning;
distributed model predictive control

1. Introduction

With the rapid development of Industry 4.0 and intelligent logistics systems, the
application of autonomous logistics vehicles (such as AGVs and unmanned forklifts) in
industrial environments like ports, large warehouses, and shipyards has been expanding
significantly [1-3]. These environments are characterized by narrow passages, dynamic
obstacle distributions, and severe visual occlusion, placing extremely high demands on
vehicle trajectory tracking accuracy and real-time obstacle avoidance capabilities [4-6].
In this context, ensuring stable tracking and real-time collaborative obstacle avoidance
for multiple autonomous logistics vehicles in complex, dynamic, and high-constrained
industrial scenarios has become a major research focus and challenge [7,8].

Traditional vehicle trajectory control methods, such as PID control, sliding mode con-
trol, or fuzzy control, have achieved successes in static or relatively simple environments [9-11].
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However, their adaptability and robustness are often insufficient when facing dynamic
interactions and frequent environmental changes. To address these challenges in complex
industrial settings, hybrid global-local planning architectures have become a standard
solution [12]. These approaches typically combine global graph search algorithms (e.g.,
Hybrid A, D, or lattice search) with local refinement methods to ensure kinodynamic
feasibility and situation-dependent behavior switching [13,14]. Within this hybrid frame-
work, Model Predictive Control (MPC) has gained widespread attention as a preferred
local planner [15,16]. MPC works by predicting future states and optimizing control se-
quences in real-time, demonstrating strong capabilities in handling system dynamics and
constraints. However, in multi-vehicle coordination scenarios, centralized MPC approaches
often struggle to meet real-time requirements due to computational complexity, communi-
cation bottlenecks, and model uncertainties caused by environmental changes [17,18].

To address the limitations of centralized approaches, Distributed Model Predictive
Control (DMPC) has emerged as a promising solution [19,20]. DMPC decentralizes the opti-
mization tasks, allowing each vehicle to execute trajectory planning locally while enforcing
cooperative constraints through the exchange of predicted trajectories or state information
via V2X communication [21,22]. Integrated solutions based on DMPC have been widely
applied in multi-agent systems (MAS) to achieve distributed formation control and co-
operative collision avoidance [23]. Despite its advantages, DMPC still faces challenges
in dynamic environments, such as slow convergence rates and limited adaptability to
rapid obstacle changes or parameter uncertainties [24]. Furthermore, under conditions of
communication delays or incomplete information, the robustness of pure DMPC schemes
often degrades, necessitating more adaptive decision-making mechanisms.

To overcome the adaptability limitations of fixed-model approaches, Reinforcement
Learning (RL) has demonstrated remarkable potential in handling environmental uncer-
tainties and model mismatches through data-driven interaction [25-28]. Consequently,
the integration of RL with MPC has become a cutting-edge research direction for au-
tonomous navigation. Recent literature explores various fusion strategies to combine
the strengths of both paradigms [29-31]. For instance, Deep Reinforcement Learning
(DRL) has been employed to generate high-level reference trajectories or warm-start the
optimization process for MPC, thereby enhancing computational efficiency and tracking
performance [32,33]. More pertinently, other researchers have utilized RL agents to dy-
namically tune the weighting parameters or prediction horizons of the MPC cost function
in real-time, allowing the controller to adapt its behavior—such as the aggressiveness of
obstacle avoidance—according to changing scenarios [34,35]. These hybrid frameworks ef-
fectively synergize the adaptability of learning-based methods with the rigorous constraint
satisfaction of control-theoretic approaches.

To bridge the aforementioned gaps, this study proposes a novel cooperative control
framework: Reinforcement Learning-based Distributed Model Predictive Control (RL-
DMPC). The key innovations and contributions of this work are threefold:

1.  Hierarchical Adaptive Architecture: We integrate an RL module as a real-time
weight regulator within the distributed MPC system. This design achieves a ro-
bust fusion of “data-driven adaptability” and “model-based safety,” allowing the
controller to dynamically balance tracking accuracy and obstacle avoidance based on
environmental states.

2. Distributed Collaboration via V2X: We deploy local DMPC optimizers on each
vehicle that utilize V2X communication to share predicted trajectories. This enables
the decentralized resolution of cooperative obstacle avoidance constraints without
relying on a central server, thereby enhancing system scalability.
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3. Validation in High-Fidelity Simulation: The proposed framework is rigorously
tested in a high-fidelity simulation environment that replicates complex industrial sce-
narios, such as narrow passages and severe line-of-sight occlusions. While this study
primarily focuses on algorithmic architecture and theoretical verification, the com-
prehensive simulation results demonstrate that the RL-DMPC approach significantly
outperforms traditional centralized strategies in terms of tracking error reduction and
collaborative response speed.

The remainder of this paper is organized as follows: Section 2 introduces the overall
framework of the RL-DMPC cooperative control system. Section 3 details the design
of the RL-based adaptive decision-making module. Section 4 discusses the distributed
model predictive controller and the multi-vehicle collaborative obstacle avoidance strategy.
Section 5 presents the simulation results and performance verification. Section 6 provides a
comprehensive discussion on the experimental findings, system limitations, and scalability.
Finally, Section 7 concludes the paper and outlines future research directions.

2. RL-DMPC Cooperative Control System Framework

In response to the challenges faced by autonomous logistics vehicles in complex
industrial environments, such as dynamic obstacle avoidance, trajectory tracking, and multi-
vehicle coordination, this paper proposes a hierarchical cooperative control architecture
based on Reinforcement Learning and Distributed Model Predictive Control (RL-DMPC).
This architecture aims to integrate the adaptive capabilities of data-driven methods with the
constraint-handling advantages of model-based control methods, building a closed-loop,
real-time, distributed intelligent control system.

2.1. System Overall Architecture Design

As shown in Figure 1, the RL-DMPC cooperative control system adopts a layered hier-
archical structure, consisting of the perception and localization layer, the decision-making
and cooperative control layer (core layer), and the control execution layer. In addition, the
system implements information exchange between vehicles through a distributed network
communication module and is equipped with safety and monitoring modules to ensure
robust system operation.

Perception and Localization Layer
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Figure 1. Collaborative Obstacle Avoidance Framework Integrating Reinforcement Learning and

Distributed Model Predictive Control.
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The entire system follows a “perception—decision—communication—control” closed-
loop operation mode. The perception layer is responsible for estimating the vehicle state;
the decision layer uses the Reinforcement Learning (RL) module to adjust the weights
in real-time, assisting the Distributed Model Predictive Control (DMPC) module in local
trajectory optimization; the communication layer shares predicted trajectories between
vehicles to build cooperative constraints; and, finally, the execution layer drives the vehicle
to complete physical motion.

2.2. Multi-Source Perception and High-Precision Localization Layer

The perception and localization layer is the entry point for the system to acquire
physical environmental information. It is mainly responsible for providing high-frequency,
high-precision vehicle state estimates s = [x,y,v,6]7 (representing lateral position, lon-
gitudinal position, velocity, and heading angle) to the decision layer. Considering the
complexity of industrial logistics scenarios (such as indoor-outdoor transitions and weak

GNSS signals), the system adopts a multi-source heterogeneous sensor fusion scheme:

e Localization Subsystem: In outdoor open areas, the system utilizes the Global Nav-
igation Satellite System (GNSS) to obtain absolute position information. In indoor
or signal-blocked areas, centimeter-level relative localization is achieved using Ultra-
Wideband (UWB) technology. Meanwhile, the Inertial Measurement Unit (IMU)
provides high-frequency angular velocity and acceleration data to compensate for
delays and signal loss in positioning.

¢ Environmental Perception Subsystem: The LiDAR (Light Detection and Ranging)
and camera systems form the main environmental perception subsystem, responsible
for detecting static obstacle boundaries and dynamic objects (such as pedestrians and
other operating vehicles) in real-time, thus constructing local environmental maps.

e  Multi-source Fusion Module: Data from the above sensors is sent to the fusion
module, where the Extended Kalman Filter (EKF) algorithm is used for spatiotem-
poral alignment and state estimation, providing smooth and reliable vehicle state
information as the sole input for subsequent control algorithms.

The perception module is designed to identify both static infrastructure and dynamic
agents. While this study focuses on dynamic vehicle interaction, the detection pipeline is
scalable to dense static environments.

2.3. Decision-Making and Cooperative Control Layer

This layer serves as the core of the system, adopting a coupling mechanism of “RL
weight adaptation + DMPC distributed optimization” to solve the conflict between real-time
performance and adaptability in multi-vehicle coordination. It consists of two inter-coupled
intelligent modules:

o Reinforcement Learning Decision Module

This module serves as the adaptive engine of the system. It receives accurate state
information s from the fusion module and the neighboring vehicle’s state obtained through
communication, using them as the observation state for the RL agent. Based on this state,
the Proximal Policy Optimization (PPO) agent, which has been offline trained, performs
real-time inference and outputs the adaptive weight adjustment signal Aw. This signal
dynamically adjusts the weights of the objective function in each vehicle’s local DMPC
controller (such as trajectory tracking, obstacle avoidance, and energy consumption). For
example, when the system detects that the distance to a neighboring vehicle is too close,
the RL agent automatically increases the weight of the obstacle avoidance term. When
the system needs to urgently track a new instruction, the tracking accuracy weight will be
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prioritized. This enables the control system to adapt to complex dynamic scenarios with
intelligent decision-making beyond fixed parameter rules.

o Distributed Model Predictive Control (DMPC) Cooperative Controller:

This module is the optimization and execution planner of the system. Each logistics
vehicle has an independent local DMPC optimizer that predicts future states based on an
accurate vehicle dynamics model. The optimization problem is subject to strict cooperative
obstacle avoidance constraints, which are constructed using the predicted trajectories
shared in real-time from neighboring vehicles through the V2X communication module.
Crucially, the DMPC optimization goal is determined by the weight w dynamically adjusted
by the RL module, thus achieving a closed-loop from “perception intelligence” to “control
optimization.” Each DMPC performs rolling optimization to solve the optimal control
sequence u* for the future time horizon, ensuring that vehicle kinematics and dynamics
constraints are satisfied, while also achieving multi-vehicle cooperative obstacle avoidance
and efficient trajectory tracking.

2.4. Distributed Communication and Safety Monitoring

To ensure cooperative consistency and high reliability of multi-agent systems in
dynamic environments, this system builds a security system integrating low-latency dis-
tributed communication and multi-level safety monitoring.

Distributed network communication is the “information artery” for cooperative con-
trol. The system relies on low-latency, high-bandwidth V2X technologies such as 5G/UWB
to establish a decentralized vehicle-to-vehicle communication network. Through this net-
work, each vehicle not only broadcasts its real-time state s;(¢), include both static and
dynamic obstacles, but more importantly, shares its locally computed future predicted
trajectory sequence T;. This exchange of predicted trajectories allows each agent to “an-
ticipate” the intentions of neighboring vehicles during local optimization, providing the
data foundation for building cooperative obstacle avoidance constraints and avoiding
decision conflicts. This distributed interaction mechanism eliminates the need for a central
scheduling node, significantly enhancing the system’s scalability and fault tolerance in the
case of changes in the number of vehicles or local network failures.

On this basis, the safety and monitoring module acts as the “guardian” of the system,
providing crucial redundancy and global insight. Given the high safety requirements for
industrial applications, the system integrates safety assistance modules (such as virtual
barriers based on electronic fences and emergency braking redundancies) and a status mon-
itoring platform. The former triggers predefined safety strategies when there are anomalies
in perception, communication, or decision links, ensuring safe operation and bringing the
system into a controllable state. The latter provides remote operators with real-time global
situational awareness and system health status displays, while maintaining key manual
intervention interfaces. This module operates in parallel with the distributed control core,
forming a reliable system that allows high autonomy while ensuring final safety.

The RL-DMPC system establishes a closed-loop control flow from perception, decision-
making, to execution: Each vehicle first acquires precise state information through the
multi-source sensor fusion module, and shares predicted trajectories via the V2X network.
Then, the RL decision-making module calculates and outputs adaptive adjustments to the
optimization weights for the lower-layer distributed model predictive controller, based on
the vehicle’s own state and neighboring vehicle states. Each vehicle’s DMPC controller
then performs rolling optimization based on the updated weights and cooperative obstacle
avoidance constraints, solving the local optimal control sequence and executing it. The
vehicle state is updated, and the system enters the next cycle of perception and optimization.
The core of this process is the deep collaboration between RL and DMPC, which combines
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the system’s ability to adapt to environmental uncertainty through learning and its rigorous
constraint assurance through model-driven methods, laying the foundation for the design
of the RL decision-maker and DMPC collaborative strategy in subsequent chapters.

3. Design of the RL-Based Adaptive Decision-Making Module

In the RL-DMPC hierarchical architecture proposed in this paper, the core function
of the Reinforcement Learning (RL) decision module is to provide the controller with the
adaptive ability to cope with dynamic and unknown environments. Unlike traditional
Model Predictive Control (MPC), which relies on fixed parameters, this module dynamically
adjusts the optimization target weights of the lower-layer MPC controller by perceiving
the system’s state in real time. This allows dynamic and intelligent trade-offs among
multiple objectives, such as trajectory tracking accuracy, obstacle avoidance safety, and
control smoothness. This chapter will detail the design of this module, first introducing its
basic unit formed by the MPC controller, and then delving into the design of its state space,
action space, reward function, and learning algorithm.

3.1. Single Vehicle RL-MPC Control Unit Structure and Workflow

In the distributed collaborative system built in this paper, each intelligent agent (i.e.,
each logistics vehicle) adopts a local RL-MPC structure for its controller. This structure
is the core execution unit of the entire RL-DMPC framework. The basic principle of this
structure is shown in Figure 2.

v(k) v, (k+) u(k), (k)
—— M Reference Rolling 1| Controlled )

1 Trajectory Optimization | Object
i Feedback Vm, (k + j) i
i Correction i
Dkt 7)o Osi S
Control ‘ ‘ ' Reward || %
Decision 7RG Function AR !

Figure 2. Single Vehicle RL-MPC Controller Principle Diagram.

The workflow of this unit follows a typical intelligent control closed-loop, with the
specific steps outlined as follows:

1. State Perception: The agent receives the integrated state information s(¢) from the sys-
tem’s perception and localization layer. This state typically includes the vehicle’s own
state (such as position, velocity, and heading) as well as errors in the desired trajectory
and interactions with the environment (such as the distance to the nearest obstacle).

2. Intelligent Decision: Based on its internal policy (trained using the Proximal Policy
Optimization (PPO) algorithm), the agent infers the current state s(f) and outputs
an adaptive decision. This decision is expressed as a dynamic adjustment Aw to the
critical weights w in the objective function of the lower-layer MPC controller.
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3. Rolling Optimization: After receiving the new weight w, the MPC controller, within its
fixed optimization problem structure, combines the predicted trajectory information
from neighboring vehicles (obtained via V2X communication) to build the prediction
model input and cooperative obstacle avoidance constraints. It then performs rolling
optimization to solve for the optimal control sequence u”(¢) for the future time horizon.

4.  Control Execution and Feedback: The first element of the optimal control sequence
u(t) is applied to the controlled object (vehicle platform). The vehicle’s state is then
updated, generating a new environmental reward r(t) and a new state s(¢ + 1) which
are fed back to the agent for evaluating and updating its policy.

It should be noted that by incorporating cooperative information from external com-
munications in step 3, the single vehicle RL-MPC unit is upgraded to support cooperation
within the RL-DMPC system. The subsequent sections of this chapter will focus on the
design details of the RL decision module (i.e., steps 1, 2, and 4 in the above workflow).

3.2. State Space and Action Space Design

In the reinforcement learning framework, the design of the state space and action
space is fundamental to the agent’s effective learning. In this paper, the state observation
space and action output space of the reinforcement learning agent are designed to ensure
that the agent can fully perceive the environmental situation and make reasonable control
decisions.

e  State Space:

The design of the state space needs to comprehensively reflect the system’s dynamic
characteristics and environmental interaction information. The state space s; for the agent
is defined as a composite vector that includes the vehicle’s own state, trajectory tracking
errors, and interaction information with the surrounding environment:

5t = [epos/ Cyaw, U, W, Anearests ¢nearest] )

where ep0s and ey, represent the lateral /longitudinal position error and heading error of
the vehicle with respect to the desired trajectory, v and w represent the vehicle’s velocity
and yaw rate, dyeqrest and @pearest represent the relative distance and bearing angle to the
nearest neighboring vehicle or obstacle.

e  Action Space:

The agent’s output actions are continuous adjustments to the key weights in the MPC
optimization objective function to ensure smooth control:

ar = [Awtmckr Awobs} (2)

where Awy,, is the weight adjustment for the trajectory tracking error term in the MPC
objective function. This weight directly influences the controller’s emphasis on trajectory
tracking accuracy, Aw,y, is the weight adjustment for the obstacle avoidance penalty term
in the MPC objective function. This weight determines the aggressiveness of the obstacle
avoidance behavior.

To ensure the feasibility and numerical stability of the lower-level convex optimization
solver, the final weights are strictly constrained within a predefined safety range during
both training and inference. Specifically, based on preliminary empirical simulation tests,
the tracking weight wy,,x and the obstacle avoidance weight w,;,; are bounded within the
range of [0.1,20]. These limits were selected empirically to prevent solver failure while
providing sufficient dynamic range for the RL agent to balance safety and efficiency.
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3.3. Reward Function Design

The reward function plays a key role in guiding the learning direction of the agent in
reinforcement learning. It quantifies and evaluates the agent’s behavior at each decision
moment, shaping the agent’s long-term strategy. In this cooperative obstacle avoidance
task, the agent needs to balance multiple objectives such as trajectory tracking accuracy,
obstacle avoidance safety, and driving stability. Therefore, a multi-objective piecewise
reward function is designed, which has the following overall form:

Tt = Ttrack 1 Tobs + Vstable 3)

is the trajectory tracking reward, which encourages the agent to track the desired trajectory
accurately. It is designed based on a quadratic penalty for lateral position error and heading
angle error:

Ttrack = — (/\le%:os + AZeiuw) (4)

where A; and A; are the penalty coefficients for lateral error and heading error, respec-
tively. This quadratic design ensures that when tracking errors increase, the penalty grows
quadratically, thus strongly motivating the agent to minimize the tracking deviation. Typ-
ically, A1 is set to be greater than A, reflecting the priority of position tracking accuracy,
which aligns with the actual need to control the lateral position in narrow passages in
logistics vehicles.

Tops 1S the cooperative obstacle avoidance reward, which guides the agent to form safe
obstacle avoidance behavior during learning. A Gaussian-based reward function is used,
based on the relative distance:

dZ
Tobs = —1 - exp(— n(e:gest) ()

This function has unique physical significance: when the vehicle is far from obstacles
or neighboring vehicles, the obstacle avoidance reward is close to zero, indicating that
obstacle avoidance is not a primary concern at that point. As the distance decreases and
approaches the safety threshold, the negative reward increases rapidly, forming a strong
avoidance incentive. If the distance continues to decrease, the reward function saturates,
preventing excessive instability.

The parameter o adjusts the sensitivity range of obstacle avoidance behavior, and in
practice, its value should consider vehicle size, braking performance, and control system
response time. The parameter # controls the overall weight of the avoidance reward,
which must be coordinated with the tracking reward to ensure reasonable behavior in
different scenarios.

Tstable 15 the stability reward, which aims to improve the vehicle’s driving quality and
avoid sharp lateral movements. Its expression is:

r_{stable} = —Azw? (6)

where w is the vehicle’s yaw rate, and A3 is the corresponding penalty coefficient. The yaw
rate directly reflects the intensity of the vehicle’s steering, and excessive yaw rate not only
affects ride comfort but also poses a risk to driving safety.

By applying quadratic penalties to this term, the system explicitly optimizes control
smoothness through reward shaping, rather than relying solely on indirect weight adjust-
ments. This effectively discourages the agent from adopting overly aggressive steering
strategies, promoting smoother and more stable control behavior.
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3.4. Network Structure and Training Algorithm

To achieve efficient and stable policy learning, this paper adopts the Proximal Policy
Optimization (PPO) algorithm based on the Actor-Critic framework. The PPO algorithm
demonstrates excellent stability and sample efficiency in continuous control tasks.

o  Network Structure Design:

The actor-critic network built in this paper consists of two independent deep neural
networks, responsible for policy learning and value estimation, respectively. The actor
network, which parameterizes the policy function 7y (a; | s¢), is responsible for generating
the probability distribution of actions a; based on the current environment state s;. The
network structure uses a multi-layer perceptron with an input layer dimension consistent
with the state space dimension, containing two hidden layers, each with 128 neurons, and
a ReLU activation function. The output layer uses the Tanh activation function to constrain
the actions to the continuous range of [—1, 1]. The critic network, which estimates the
value function V(s;), is used to evaluate the long-term expected return of the current
state s;. Its structure is similar to the actor network, but the output layer is a single linear
neuron that directly outputs the state value estimate. This symmetric network design
ensures sufficient expressive capacity while controlling computational complexity, meeting
real-time control requirements.

e PPO Algorithm Principle and Implementation:

The core innovation of the PPO algorithm lies in its clipping mechanism, which limits
the policy update step size to ensure training stability. The clipped objective function used
in this paper is defined as:

LCHP(9) = Ey[min(ri(8) Ay, clip(r(0),1 — €,1 + €) Ay)] 7)

g (arlst)

where 7;(0) = j represents the probability ratio of the new and old policies, A; is

19 . (a¢|st
the advantage fu;lltgcicln computed using Generalized Advantage Estimation (GAE), and €
is the clipping parameter (typically set to 0.2). This objective function ensures stability in
policy updates by applying a dual constraint mechanism: when the advantage function is
positive, the policy is prevented from excessive optimization; when the advantage function

is negative, the policy is prevented from deteriorating drastically.

3.5. Offline Training and Online Deployment

The agent’s training process adopts a two-phase strategy that combines offline training
and online fine-tuning. In the offline training phase, large-scale pre-training is performed
in a high-fidelity simulation environment jointly built with MATLAB/Simulink. Random
initialization of environment states and task parameters ensures that the agent can explore
diverse operational scenarios. During training, a curriculum learning strategy is used,
starting with simple single-vehicle trajectory tracking tasks and gradually increasing the
difficulty to multi-vehicle collaborative obstacle avoidance scenarios. This progressive
learning approach significantly improves training efficiency and final performance.

After training convergence, model compression and optimization are carried out.
The trained actor network parameters are solidified and converted into high-performance
inference formats like TensorRT or ONNX. During actual deployment, the RL module is
embedded as a lightweight forward inference engine into the real-time control system,
with inference times controlled at the millisecond level, fully meeting the real-time control
requirements for logistics vehicles. This offline training—online deployment paradigm
ensures the maturity of control strategies while guaranteeing system operational effi-
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ciency, providing a solid technical foundation for achieving high-performance autonomous
decision-making control.

In conclusion, the RL decision module designed in this chapter, with carefully de-
signed state, action, and reward functions, and utilizing the PPO algorithm for stable
training, successfully endows the control system with high-level decision-making intel-
ligence. It acts as the upper-level guide, which, when combined with the lower-level
DMPC executor, forms an intelligent control system that is both flexible and reliable. In the
next chapter, we will focus on the design of the lower-level executor—distributed model
predictive controller.

4. Design of the Distributed Model Predictive Controller

In the RL-DMPC framework, the Distributed Model Predictive Control (DMPC) layer
serves as the system’s “intelligent limbs,” responsible for converting the intelligent deci-
sions (weight adjustments) made by the upper-layer reinforcement learning (RL) decision
module into precise, safe, and constraint-satisfying optimal control commands. This
chapter will provide a detailed explanation of the design of the single-vehicle MPC con-
troller, the implementation of multi-vehicle collaborative obstacle avoidance strategies,
and the effective set-based fast-solving methods to ensure the real-time performance of
the algorithm.

4.1. Single-Vehicle MPC Model

Each logistics vehicle is equipped with a local MPC controller that solves the optimal
control problem over a finite time horizon using a rolling optimization approach based on
the vehicle dynamics model. A linear two-degree-of-freedom bicycle model is used as the
prediction model, which balances accuracy with computational efficiency.

It is important to note that the linear bicycle model is deliberately selected as the
prediction model to ensure the convexity of the optimization problem and strictly limit
the computational time for real-time implementation. Although there is an inherent dis-
crepancy between this simplified prediction model and the high-fidelity non-linear vehicle
dynamics model used in the simulation environment (which includes motor, axle, and
tire dynamics, as detailed in Section 5), this ‘model-plant mismatch” is a key challenge
addressed by our proposed architecture. The upper-layer RL agent effectively compensates
for these unmodeled dynamics and uncertainties by dynamically adjusting the cost func-
tion weights, thereby enhancing the robustness of the lower-level linear controller against
model inaccuracies.

e  Optimization Problem Construction:

At each sampling time step k, the single-vehicle MPC controller solves the following
optimization problem:

P M-1
%};I(k) =Y ly(k+ilk) =y (k+ilk) 1[G+ Y I dulk+ilk) [} ®)
i=1 i=0

where the constraints include dynamic constraints, control constraints, control increment
constraints, and output constraints. The weight matrices Q and R are dynamically ad-
justed by the upper-layer RL decision module, reflecting the deep collaboration between
RL and MPC.
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4.2. Multi-Vehicle Collaborative Obstacle Avoidance Strategy

In multi-logistics vehicle collaborative operation scenarios, to achieve real-time and
collision-free trajectory tracking, this paper designs a collaborative obstacle avoidance
mechanism based on distributed predicted trajectory sharing.

Let the predicted trajectory set for vehicle 7 be:

Ti=A{(xi(k+1),yi(k+1)),..., (xi(k+ P),yi(k+ P))} )

Through 5G/UWB communication, vehicle i obtains the predicted trajectories T; of
neighboring vehicles j € N;. Collision detection is based on the Euclidean distance between
the predicted trajectories of two vehicles:

dij(t) =/ (xi(t) — % (1)2 + (vi(t) — y;(1))? (10)

If there exists t € [k + 1,k + P] such that d;;(t) < dgase, @ potential collision is detected,
where dg,¢. is the predefined safety distance.

“While Equation (10) explicitly formulates the collision avoidance between two mov-
ing vehicles, the proposed detection mechanism is inherently scalable to static obstacles
and other dynamic non-vehicle objects. For static obstacles (such as walls or shelves), their
‘predicted trajectory’ T is treated as a sequence of fixed coordinate points with zero
velocity. Consequently, the Euclidean distance calculation remains valid. This unified
representation allows the framework to seamlessly extend collision detection to complex
industrial environments containing both static infrastructure and dynamic actors.

To avoid collisions, a cooperative obstacle avoidance constraint is introduced into the
DMPC optimization problem of each vehicle:

dij(k+7) > dygpe, V] €Ny T=1,..., P (1)

The RL decision module dynamically adjusts the weight w5 of the obstacle avoidance
term in the DMPC objective function based on collision detection results. If a potential
collision is detected, the RL agent increases wqps to strengthen the obstacle avoidance
behavior; if the vehicle is in a safe state, it appropriately decreases wqps, prioritizing
tracking accuracy.

4.3. Multi-Vehicle Collaborative Obstacle Avoidance Implementation

The implementation of multi-vehicle cooperative obstacle avoidance relies on a dis-
tributed closed-loop control process. This process begins with each vehicle generating
and sharing predicted trajectories for the next P steps based on its local MPC prediction
module. Each vehicle broadcasts its predicted trajectory to all neighboring vehicles within
communication range via the V2X communication module.

Next, the system enters the collision detection phase, where each vehicle, based on the
received predicted trajectories of neighboring vehicles, calculates the Euclidean distance
between itself and each neighbor at each future prediction time step, and compares it with
the predefined safety distance to identify potential trajectory conflicts. Once a conflict risk is
detected, the RL decision module intervenes immediately and adaptively adjusts the weight
of the obstacle avoidance term in the lower-layer DMPC controller’s objective function
to dynamically balance trajectory tracking and obstacle avoidance behavior. The DMPC
controller then uses the updated weights and integrated cooperative obstacle avoidance
constraints to re-plan the local optimization problem and solve for the optimal control
sequence that balances tracking performance and safety.
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Finally, the vehicle executes the current control signal from the optimal control se-
quence, completing the control cycle. Once the vehicle’s state is updated, the entire process
enters the next cycle, and the loop continues, forming a continuous closed-loop system of
perception, decision-making, optimization, and execution that ensures real-time, safe, and
cooperative operation of the multi-vehicle system in a dynamic environment.

5. Results

To fully validate the effectiveness of the RL-DMPC collaborative control algorithm
proposed in this paper, a complete intelligent vehicle control system is constructed on the
MATLAB/Simulink simulation platform. This platform takes into account the characteris-
tics of real industrial logistics scenarios, implementing a complete closed-loop simulation
from trajectory generation, control decision-making, to vehicle execution.

5.1. Simulation Platform Construction and Parameter Settings
5.1.1. Simulation Platform Architecture

The simulation system adopts a modular design concept, and its overall structure is
shown in Figure 3. The system consists of three core modules: the driving input module,
the controller module, and the intelligent vehicle module. Each module interacts with
others through clearly defined interfaces, forming a complete forward simulation channel.

Driving Scenario Input Control Unit High-Fidelity Vehicle Dynamics
Map Data Sensor Models Simulated
(HD Maps, Road (Camera, LIDAR, |—>
Networks) Radar, IMU, GPS) Sensor Data
Scenario I Y ¢
Traffic Simulation . ¢ ’ Control -
(Other Vehicles, Scenario | |Data Flow| | Perception Path Motion Signals Vehicle Physics Vehicle
Pedestrians) Interface System Planning Control Engine State
(Scenario (Sensor ¥ (Route [»| (Steering, (Rigid Body Dynarmics > (Position,
Definition & [Fusion, Object Trajectory Throttle, Brake] I\I?ulti-body Sy stom) Velocity,
Obstacles/ Parameters) Detection) Generation) Commands) ¥ ¥ Orientation)
Environment
(Static & Dynamic) ¢ T L ¢ ¢
- Tire &
Weather Local 1 Powertrain Suspension
Conditions (Pose (Engine, Motor, (Tire Models,
(Rain, Fog, Estimation) Transmission) Suspension
Light) Geometry)

State & Sensor Feedback

Figure 3. Intelligent Vehicle Trajectory Tracking Control System Simulation Architecture.

The driving input module is responsible for generating the desired vehicle motion
trajectory. As shown in Figure 4, this module calculates the deviation between the desired
trajectory and the actual trajectory, and uses a PI controller to smooth the trajectory de-
viation, ultimately outputting a physically achievable desired steering angle and vehicle
lateral displacement. This design ensures the continuity and smoothness of the reference
signal, providing a foundation for the stable operation of the controller.

The intelligent vehicle module constructs a high-fidelity vehicle dynamics model, as
shown in Figure 5. This module consists of three submodules: the vehicle engine, the axle,
and the vehicle tires. It can accurately simulate the dynamic characteristics of real logistics
vehicles. Specifically, the vehicle engine module simulates the response characteristics of
the power system; the axle module handles the dynamics of the drive system; and the
vehicle tire module uses a mature tire model to accurately replicate the complex interaction
between the tire and the road surface. This detailed modeling approach ensures that the
simulation results can truly reflect the dynamic response of the actual vehicle.
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Figure 5. Intelligent Vehicle Module Simulation Architecture: (a) Vehicle Engine Module; (b) Axle
Module; (c) Vehicle Tire Module.

The controller module is the intelligent core of the entire system, and its structure
is shown in Figure 6. This module consists of two parts: the RL-MPC controller and
the controller conversion module. The RL-MPC controller implements the reinforcement
learning and model predictive control fusion algorithm proposed in this paper, while the
controller conversion module is responsible for converting the RL-MPC control outputs
into low-level control signals that the intelligent vehicle can execute, such as steering angle
and speed.

) State Proc
Vehicle

States :

Control

oo e (D) Cmds el O
B s t

tr
- oD

DMPC Optimizer
(opt)
y

vRef .&) __:
Trajectory Z = feedback
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9
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Figure 6. Controller Module Simulation Architecture:(a) Controller Module Structure; (b) RL-MPC
Internal Structure.
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5.1.2. Experimental Parameter Settings

To ensure the scientific and comparative nature of the simulation experiments, the
system configuration uses the parameters shown in Table 1, which are derived from typical
configurations of real logistics vehicles. These parameters ensure that the simulation model
is consistent with the actual system.

Table 1. Simulation Experiment Parameters.

No. Parameter Value
1 Intelligent Vehicle Mass 1520 kg
2 Moment of Inertia 3200
3 Distance from Center of Mass to Front Axle 1.488 m
4 Distance from Center of Mass to Rear Axle 1.712m
5 Track Width 1.52m
6 Center of Mass Height 0.54 m
7 Rolling Resistance Coefficient 0.02
8 Tire Rolling Radius 0.335m
9 Tire Lateral Stiffness 56,000 N/rad
10 Max Vehicle Speed 200 km/h
11 Max Vehicle Acceleration 2.6 m/s?
12 Tire Size 205/55R16
13 System Simulation Time 100 s
14 Speed Condition 40 km/h

The system simulation time is set to 100 s, which is sufficient to cover the com-
plete vehicle maneuvering process. All simulation experiments are conducted in the
MATLAB 2019b environment to ensure consistency and reproducibility of the calculations.

Additionally, the controller parameters are carefully adjusted. The MPC prediction
horizon is set to 10 steps, the control horizon is 3 steps, and the sampling time is set to
0.1 s. These parameter choices ensure that the control performance is maintained while also
addressing the real-time requirements of the algorithm, aligning with the constraints of
practical engineering applications.

This well-constructed simulation platform architecture and the reasonable parameter
settings provide a reliable foundation for subsequent algorithm validation, ensuring the
scientific rigor and credibility of the experimental results.

5.2. Single-Vehicle Trajectory Tracking Performance Validation

To validate the advantages of the RL-DMPC controller in terms of basic control per-
formance, we first conduct tests in a single-vehicle scenario without interference from
neighboring vehicles. Two representative typical operating conditions are designed to
focus on examining the algorithm’s adaptability and robustness in response to system
parameter variations and external environmental disturbances.

5.2.1. Parameter Robustness Test Based on Varying Load Conditions

Logistics vehicles commonly face challenges due to load variations in actual operations.
Therefore, a load variation test is designed. This scenario simulates the vehicle performing
the same double lane-change task under two extreme mass states: empty load (1064 kg) and
full load (1976 kg), with a mass variation of £30%. This test aims to verify the performance
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degradation of the traditional MPC controller when significant changes occur in vehicle
model parameters and evaluate the ability of the RL-DMPC controller to maintain control
performance through adaptive adjustments made by the upper-layer intelligent agent.
The simulation results show that the traditional MPC controller exhibits a significant
performance drop under full load. As shown in Figure 7a, the traditional MPC’s trajectory
tracking shows large overshoot and slow convergence. In contrast, the RL-DMPC controller
maintains excellent tracking performance under different load conditions. The comparison
of tracking errors in Figure 7b further confirms this, showing that RL-DMPC reduces the
maximum lateral error by approximately 35% during the entire lane-change process.
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Figure 7. Trajectory Tracking Performance Comparison Under Varying Load Conditions: (a) Lateral
Position Comparison; (b) Error with Desired Trajectory; (c¢) Yaw Rate Comparison; (d) Yaw Rate
Error Comparison.

In terms of dynamic response, the yaw rate comparison in Figure 7c shows that the
traditional MPC generates large yaw rate fluctuations under full load, indicating compro-
mised vehicle stability. In contrast, RL-DMPC generates smoother control commands, and
the yaw rate response is more stable. The yaw rate error curve in Figure 7d further verifies
the RL-DMPC’s advantage in maintaining vehicle stability.

5.2.2. Control Performance Boundary Test Based on Low Friction Coefficient
Road Conditions

Considering that logistics vehicles may face slippery road challenges in environments
such as docks and warehouses, we design a test for low friction coefficient road conditions.
This scenario simulates the vehicle’s emergency lane-change when transitioning from a
high-friction (n = 0.8) dry asphalt road to a low-friction (i = 0.3) slippery road. This test
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focuses on verifying whether the RL-DMPC can intelligently identify environmental risks
and prioritize vehicle stability in extreme conditions where the system control capacity
is constrained.

Simulation results show that under low friction road conditions, the traditional MPC
controller, unable to perceive the change in road conditions, still applies an aggressive con-
trol strategy, leading to noticeable instability. As shown in Figure 8a, the vehicle trajectory
controlled by the traditional MPC deviates significantly, and it struggles to track the desired
trajectory in the later stage of the lane change. The error curve in Figure 8b shows that the
tracking error of the traditional MPC increases sharply under low-friction conditions.
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Figure 8. Trajectory Tracking Performance Comparison Under Low Friction Coefficient Road Condi-
tions: (a) Lateral Position Comparison; (b) Error with Desired Trajectory; (c) Yaw Rate Comparison;
(d) Yaw Rate Error Comparison.

In contrast, the RL-DMPC controller shows outstanding environmental adaptability.
By monitoring the vehicle’s status in real time, the RL agent accurately detects the low-
friction condition and adjusts the control strategy. The yaw rate response in Figure 8c shows
that RL-DMPC significantly suppresses yaw rate fluctuations, keeping the vehicle stable
within the safety range. Although Figure 8d shows that RL-DMPC temporarily increases
the yaw rate error to maintain stability, this conscious performance trade-off reflects the
algorithm’s “safety first” decision-making logic.

The test results from these two typical conditions fully demonstrate the significant ad-
vantages of the RL-DMPC controller in dealing with system uncertainty and environmental
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changes. In the parameter robustness test, RL-DMPC effectively compensates for model
parameter mismatches through adaptive weight adjustments. In the control performance
boundary test, RL-DMPC exhibits intelligent decision-making ability, prioritizing vehicle
stability in extreme conditions. These characteristics make RL-DMPC particularly suitable
for the complex and variable working environments in real logistics applications.

5.3. Multi-Vehicle Cooperative Obstacle Avoidance Simulation and Analysis

To validate the performance of the RL-DMPC algorithm in multi-vehicle cooperative
scenarios, we design a challenging bidirectional passing scenario in a narrow channel. This
scenario simulates two logistics vehicles moving toward each other in a constrained channel,
needing to complete safe and efficient collaborative obstacle avoidance in limited space.

The test scenario is set as a narrow straight road with a width of 5 m, where two
identical logistics vehicles start from opposite ends of the channel, with the goal of safely
crossing at the middle of the channel. The RL-DMPC controller proposed in this paper is
compared with a traditional fixed-weight DMPC controller in this scenario. Both methods
adopt the same initial state and desired trajectory to ensure a fair comparison.

5.3.1. Trajectory Planning and Safety Analysis

The trajectory comparison results in Figure 9 clearly show the essential differences
between the two methods. The vehicle controlled by the traditional DMPC shows a
relatively rigid obstacle avoidance behavior, with the trajectories of the two vehicles passing
nearly parallel to each other in the middle of the channel, resulting in a very small gap at
the crossing point. This behavior reflects the typical local optimal solution. In contrast,
the RL-DMPC-controlled vehicles exhibit more intelligent collaborative behavior: after
detecting the presence of the other vehicle, both vehicles coordinate in advance, creating
a distinct safety envelope at the center of the channel through smooth trajectory shifts,
demonstrating the algorithm’s foresight and collaborative decision-making capability.

Rl - === Veh A (Traditional DMPC)
o ——- Veh B (Traditional DMPC) |
== Veh A (Ours: RL-DMPC)
1f Veh B (Ours: RL-DMPC)
O -
_1 -
Safe Margin (RL-DMPC)
_2 &
-3t i . \ L L
-10 =5 0 5 10

Longitudinal Position X (m)

Figure 9. Trajectory Comparison in Narrow Channel.

The comparison of safety is even more significant. From the minimum distance
between vehicles as a function of time in Figure 10, it is clear that under traditional DMPC
control, the minimum distance between the two vehicles drops to 2.40 m, which is close to
the predefined safety threshold dga¢e = 2.0 m, indicating a significant collision risk. Under
RL-DMPC control, the vehicles always maintain a larger safety margin, with the minimum
distance staying above 3.20 m, which is 33.3% better than the traditional method. This
significant improvement in safety is attributed to the RL agent’s accurate perception of the
environment and timely decision-making adjustments.
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Figure 10. Minimum Distance Between Vehicles Over Time.

5.3.2. Intelligent Decision-Making Mechanism Analysis

The superiority of RL-DMPC comes from its intelligent weight adaptation mecha-
nism. The decision-making process of the RL agent can be clearly observed in the weight
adjustment curve in Figure 11 during the vehicle approach phase from t = 5 to 8 s, the
obstacle avoidance weight w,,¢ rises rapidly to a peak value, while the tracking weight
Wirack decreases accordingly. This reflects the algorithm’s decision-making logic of priori-
tizing safety. During the critical vehicle crossing period from t = 8 to 12 s, wps remains
high to ensure sufficient obstacle avoidance margin. After t = 12 s, as the vehicles safely
pass, the weights gradually return to their initial values. This dynamic weight adjustment
mechanism enables the controller to intelligently balance tracking accuracy and obstacle
avoidance safety according to real-time scenario needs.

710
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Figure 11. RL Agent’s Adaptive Weight Adjustment. The yellow shaded area represents the active

interaction zone (encounter phase).
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5.3.3. Comprehensive Performance Evaluation

To quantitatively assess the performance differences between the two methods, we
summarize key performance indicators in Table 2. The data show that RL-DMPC out-
performs traditional DMPC in multiple indicators: average tracking error reduced by
25.6%, maximum tracking error reduced by 41.2%, minimum obstacle avoidance dis-
tance increased by 33.3%, and control signal variance reduced by 38.7%. These results
strongly demonstrate the comprehensive advantages of RL-DMPC in control accuracy,
safety, and smoothness.

Table 2. System Performance Metrics Summary.

Performance Indicator Traditional DMPC RL-DMPC Improvement Ratio
Average Trajectory Deviation (m) 0.156 0.116 25.6%
Maximum Trajectory Deviation (m) 0.340 0.200 41.2%
Minimum Avoidance Distance (m) 2.40 3.20 33.3%
Control Signal Deviation 0.125 0.077 38.7%

5.4. Comparative Analysis with Rule-Based Adaptive Strategy

To further validate the superiority of the proposed RL-based weight adjustment mech-
anism, this section compares the RL-DMPC framework with a Rule-Based Adaptive MPC
(RB-MPC) method. The RB-MPC represents a traditional hybrid approach where controller
weights are adjusted based on predefined heuristic rules rather than learned policies.

5.4.1. Baseline Method Setup

The RB-MPC uses the same underlying DMPC structure as our proposed method but
adjusts the obstacle avoidance weight w,;s using a threshold-based logic:

Wops = 4 high if dinin < dghreshold (12)
ovs Wiyw, Otherwise

In this experiment, we set djp,resnord = 3.0 M, Wyigp = 16.0, and wy,, = 2.0, mimicking the
range observed in the RL agent’s behavior. The scenario is identical to the narrow channel
passing task described in Section 5.3.

5.4.2. Performance Comparison
The comparative results are visualized in Figure 12 and quantified in Table 3.

e  Control Smoothness: As illustrated in Figure 12a, the RB-MPC exhibits significant
oscillation (jerk) in its steering angle control. This instability is directly caused by the
abrupt switching of weights shown in Figure 12b: when the vehicle enters the risk
zone (t ~ 8 s) and leaves it (t ~ 12 s, the discrete jump in the optimization objective
forces the solver to produce aggressive control updates. In contrast, the RL-DMPC
generates continuous and smooth weight adjustments, resulting in a 77.24% reduction
in control signal standard deviation compared to the rule-based method.

e Adaptability and Safety: While the RB-DMPC successfully increases the minimum
avoidance distance to 3.10 m (compared to 2.40 m for traditional MPC), it does so at
the cost of stability. The RL agent, trained via PPO, learns to anticipate collision risks
and adjusts weights gradually. As shown in Table 3, the RL-DMPC achieves the best
overall performance, maintaining the highest safety margin (3.20 m) while achieving
the lowest trajectory tracking error (RMSE 0.116 m) and the smoothest control action.
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Figure 12. Comparison of Control Smoothness and Weight Adjustment Mechanisms: (a) Control
Action Comparison; (b) Cause of Instability in Rule-Based MPC.
Table 3. Performance Comparison of Different Control Strategies.
Performance Indicator Traditional Fixed-Weight MPC RB-DMPC RL-DMPC
Tracking RMSE (m) 0.156 0.135 0.116
Minimum Obstacle Distance (m) 2.40 3.10 3.20
Control Smoothness (Std Dev, rad) 0.016 0.0312 0.0071

6. Discussion

This study proposes an RL-DMPC collaborative control framework to address the
challenges of multi-vehicle coordination in constrained industrial environments. In this
section, we discuss the implications of the proposed method in terms of scalability, safety-
efficiency trade-off, and real-time adaptability, while also acknowledging the limitations of
the current work.

6.1. Scalability and Distributed Decision-Making

A critical challenge in multi-agent logistics systems is the scalability of the control archi-
tecture. Our results demonstrate that the distributed architecture significantly mitigates the
computational bottlenecks often observed in centralized MPC approaches. In a centralized
framework, the computational complexity typically grows exponentially with the number
of vehicles (often O(N?) or higher), rendering it infeasible for large-scale fleets in real-time
applications. In contrast, the proposed RL-DMPC system decentralizes the optimization
problem. Each vehicle solves only a local low-dimensional optimization problem—based
on a simplified linear bicycle model—and interacts solely with its immediate neighbors
within the communication range. Consequently, the computational load on each agent
remains relatively constant regardless of the total fleet size, provided the local vehicle
density does not exceed the communication bandwidth limits. This “divide-and-conquer”
strategy, enabled by V2X trajectory sharing, ensures that the system maintains high update
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frequencies even as the number of vehicles increases, making it highly scalable for large
warehouses or ports.

6.2. Trade-Off Between Safety and Efficiency

Optimizing the compromise between collision avoidance (safety) and trajectory track-
ing (efficiency) remains a core difficulty in autonomous logistics. Traditional methods often
struggle to balance these conflicting objectives dynamically—either being too conserva-
tive, which sacrifices operational efficiency, or too aggressive, which increases collision
risks. The comparative analysis in Section 5.4 reveals that the RL agent effectively acts as
a dynamic “arbitrator.” As visualized in Figure 11, the agent identifies critical interaction
windows (e.g., during close encounters) and proactively increases the obstacle avoidance
weight (w,ps). This temporary prioritization of safety creates a sufficient buffer distance
(3.20 m). Once the collision risk subsides, the agent rapidly reduces w,s to prioritize tra-
jectory tracking, minimizing the deviation from the optimal path. This mechanism differs
fundamentally from rule-based methods, which often suffer from “bang-bang” transitions
and control oscillations, and from fixed-weight MPC, which lacks flexibility. The RL-DMPC
framework thus achieves a Pareto-like optimization, ensuring maximum efficiency within
the strict boundaries of safety constraints.

6.3. Real-Time Performance and Adaptability

Real-time performance is a prerequisite for industrial deployment. As indicated in
Table 3, the average computation time of the proposed RL-DMPC algorithm is approxi-
mately 26.2 ms per step, which is well within the 100 ms control cycle requirement of
typical logistics vehicles. This speed is achieved by deliberately utilizing a simplified linear
prediction model for the MPC solver. While model simplification can lead to performance
degradation in dynamic environments, the RL module compensates for this by providing
high-level adaptability. In the low-friction scenarios tested in Section 5.2.2, the system
demonstrated the ability to adapt to unforeseen environmental changes (e.g., slippery
roads) without explicit parameter retuning. The RL agent implicitly learns to adjust the
cost function to dampen the control response, maintaining stability where traditional
MPC failed. This confirms that the coupling of “Learning” and “Optimization” is a viable
strategy for robustly handling system uncertainties and model mismatches in real-time.

6.4. Limitations and Future Works

Despite the promising results demonstrated in this study, several limitations must be
acknowledged and addressed in future research:

e  Gap between Simulation and Reality: This study is validated primarily in a high-
fidelity simulation environment. Although the simulation incorporates complex dy-
namics such as engine response and tire models, the “sim-to-real” gap—specifically
regarding sensor noise, physical disturbances, and actuator non-linearities—remains
a challenge. Future work will focus on deploying and validating this algorithm on
physical AGV testbeds to assess its performance under real-world conditions.

e  Communication Reliability: The current framework assumes an ideal V2X commu-
nication network. In actual industrial settings, packet loss, communication delays,
and jitter are inevitable. Future iterations of the algorithm will incorporate delay-
compensation mechanisms, such as Kalman Filter-based trajectory prediction, to
enhance robustness against network instability.

e  Scope of Adaptability: Currently, the RL agent only adjusts the weights of the cost
function. While this ensures stability, it limits the agent’s ability to fundamentally
alter the control structure, such as dynamically changing the prediction horizon or the
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communication topology. Exploring end-to-end RL policies that can output high-level
tactical commands (e.g., “yield” vs. “overtake”) to guide the MPC could further
enhance system intelligence.

7. Conclusions

To address the conflicting requirements of high-precision tracking and real-time co-
operative obstacle avoidance for autonomous logistics vehicles, this paper proposes a
hierarchical control framework integrating Reinforcement Learning (RL) with Distributed
Model Predictive Control (DMPC). The proposed RL-DMPC architecture utilizes a proximal
policy optimization (PPO) agent to dynamically tune the optimization weights of local
DMPC controllers, enabling adaptive responses to dynamic environments.

Comprehensive simulations in high-fidelity industrial scenarios demonstrate the
following key findings:

1. Enhanced Safety and Efficiency: The RL-DMPC method reduces the average trajec-
tory tracking error by 25.6% and increases the minimum obstacle avoidance distance by
33.3% compared to traditional fixed-weight DMPC. This validates the framework’s ca-
pability to safely navigate narrow passages without compromising tracking precision.

2. Superior Control Smoothness: Compared to rule-based adaptive strategies, the
proposed method reduces the control signal variance by approximately 77.2%, avoid-
ing the control oscillations typical of heuristic switching and ensuring smoother
vehicle operation.

3. Real-time Feasibility: The distributed architecture maintains a low average computa-
tion time (~26 ms), satisfying real-time constraints while effectively managing model
uncertainties and environmental changes through the adaptive RL mechanism.

Future work will focus on validating the proposed framework on physical vehicle
platforms and investigating robustness against communication delays and sensor failures
in dense, mixed-traffic environments.
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