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In the operational environment of Roll-On/Roll-Off (RORO) terminals, intelligent autonomous ground vehicle
(AGV) systems, which integrate perception and motion planning modules, are widely used for the trans-
portation of vehicles and cargo. The motion planning module plays a crucial role in improving operational
efficiency and reducing energy consumption. To meet the stringent requirements for trajectory smoothness,
kinematic feasibility, and safety in transfer tasks, we propose a novel real-time trajectory planning framework.
This framework integrates control barrier functions with proximal policy optimization, enabling direct control
command outputs without the need for separate tracking modules typically required in traditional planning
methods. We design a composite multi-objective reward function to optimize key performance indicators,
including time efficiency, trajectory smoothness, and collision safety, while adhering to the AGV’s kinematic
constraints. Simulation experiments and physical tests validate the effectiveness of the proposed framework,
with results demonstrating significant improvements in motion performance and operational efficiency. The
method also exhibits real-time applicability, with an average computation time of less than 3 ms per control

step, making it suitable for practical implementation in RORO terminals.

1. Introduction

In the context of accelerating the decarbonization of global ter-
minals, the electrification and automation of roll-on/roll-off (RORO)
logistics terminals have increasingly been recognized as key strategies
for reducing carbon emissions in the transportation sector [1]. As criti-
cal hubs in automotive logistics networks, RORO terminals handle large
volumes of vehicle loading, unloading, and transfer operations, thereby
imposing stringent requirements on operational efficiency, precision,
and sustainability. To replace conventional human-operated systems,
autonomous electric automated guided vehicles (AGVs) have emerged
as a promising solution, enabling efficient and environmentally friendly
transportation of vehicles and cargo within terminal areas [2]. Fig. 1
illustrates a representative working scenario of an AGV operating in a
terminal environment.

In practical RORO terminal operations, AGVs are required to re-
peatedly perform standard maneuvers, within structured and largely
fixed environments. Due to this high level of repetition, deficien-
cies in trajectory quality are repeatedly executed and accumulated
over long-term operation, resulting in increased energy consumption,
mechanical wear, and reduced operational efficiency. Consequently,
RORO terminals applications impose stricter requirements on trajectory
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smoothness, kinematic feasibility, and energy efficiency than one-off
navigation tasks. By optimizing the movement and energy consumption
of electric AGVs, this research not only supports the overarching goals
of transport and power sector decarbonization but also demonstrates
the transformative role of artificial intelligence in advancing green
terminal infrastructures [3].

The motion planning module is a critical component of an AGV
system, responsible for high-level decision-making and action execu-
tion [4]. It determines the vehicle’s path and travel strategy to ensure
safe navigation in complex traffic environments, including obstacle
avoidance and route selection. In RORO terminals, where parking areas
and drivable regions are fixed, the globally optimal path between
a given start and destination is uniquely determined. Consequently,
motion planning in such environments primarily shifts from global
route discovery to trajectory quality optimization along repeatedly
executed paths, which plays a decisive role in long-term operational
performance.

Existing motion planning methods can be broadly categorized into
search-based, sampling-based, optimization-based, and learning-based
approaches. Search-based planners rely on discretized state spaces and
provide deterministic convergence with low implementation complex-
ity, but may generate trajectories that are difficult to execute when
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Fig. 1. AGV for vehicle transportation at RORO terminals.

vehicle kinematic constraints are not explicitly modeled [5]. Hybrid
A* [6] improves executability by embedding kinematically feasible
motion primitives into the search process. However, the effectiveness
of these methods strongly depends on heuristic design and primi-
tive quality, which is difficult to guarantee in complex environments.
Sampling-based methods construct feasible paths via random sam-
pling [7], offering good scalability in high-dimensional and constrained
spaces, but their probabilistic convergence makes it difficult to con-
sistently guarantee solution quality under limited computation time.
Moreover, both approaches are primarily designed for path genera-
tion and therefore require additional velocity or time-parameterization
modules to produce fully executable trajectories.

Optimization-based approaches formulate motion planning as a con-
strained optimization problem. Offline nonlinear optimization strate-
gies [8] and real-time convex feasible set methods for nonconvex
problems [9] have been proposed to improve tractability. Heuristic
techniques such as genetic algorithms [10] and particle swarm op-
timization are therefore often used to provide initial solutions, fol-
lowed by local refinement [11]. Nevertheless, balancing model fidelity,
computational efficiency, and solution quality remains challenging.

In recent years, learning-based methods have attracted increasing
attention in motion planning research. One major branch is supervised
learning, which employs network architectures such as LSTM [12],
graph neural networks [13], and residual dense networks [14] to
learn perception-to-control mappings from offline datasets. However,
these methods require optimal trajectories to be generated in ad-
vance and often exhibit limited generalization. Another major branch
is reinforcement learning, which optimizes control policies through
interaction with the environment. Although reinforcement learning
typically involves substantial training time, the resulting policies of-
ten demonstrate improved generalization and real-time performance.
Successful applications on unmanned aerial vehicles [15] and ground
robots [16,17] further demonstrate the effectiveness of deep reinforce-
ment learning for trajectory planning.

Another important background of this study is that the target AGV
platform adopts a four-wheel independent steering (4WIS) configu-
ration. In recent years, extensive research has been conducted on
4WIS platforms, which can generally be categorized into multi-modal
and single-modal frameworks. Multi-modal approaches explicitly de-
fine multiple motion modes, each associated with distinct kinematic
constraints, and have been investigated for local decision-making and
trajectory tracking [18]. However, in highly structured scenarios such
as port terminals, where operational routes are largely repetitive, the
demand for frequent mode switching is limited. In such settings, in-
troducing multiple motion modes often provides marginal benefits and
may degrade trajectory continuity and smoothness, thereby reducing
operational efficiency. Accordingly, this study focuses on the dual-
Ackermann steering mode of the 4WIS platform [19]. Prior work under
this mode has investigated kinematic and dynamic modeling [20], as
well as trajectory tracking [21] and motion control methods, show-
ing that this mode can effectively reduce the turning radius while
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maintaining a unified motion constraint structure. Due to the large
physical size of transfer AGVs, this property can significantly enhance
their maneuverability and passability in constrained spaces such as
narrow lanes and intersections, thereby further improving operational
efficiency.

Grid-based and search-based methods typically generate geometric
paths that require additional post-processing to become executable
trajectories. Optimization-based approaches often simplify environmen-
tal constraints to meet real-time requirements [22]. These methods
usually output full trajectory sequences and rely on tracking controllers
to produce control commands. In contrast, learning-based methods
can directly output control actions from the current state, making
them more suitable for scenarios requiring fast response. Moreover,
supervised learning methods are inherently imitation-based and their
performance strongly depends on the quality of the training dataset,
whereas deep reinforcement learning enables AGVs to learn optimal
policies through interaction and exploration.

Motivated by these considerations, this paper proposes a trajectory
planning method that integrates control barrier functions with proximal
policy optimization (PPO) [23]. The proposed method directly outputs
instantaneous control commands and provides the underlying control
law for the AGV’s wheels based on the dual-Ackermann steering, elimi-
nating the need for additional tracking modules compared to traditional
trajectory planning approaches. The main contributions of this work are
summarized as follows:

1. A real-time trajectory planning framework is proposed by in-
tegrating control barrier functions with proximal policy opti-
mization (CBF-PPO), which directly outputs control commands
online, enabling unified optimization of planning and execution
without reference paths or separate tracking modules.

2. A composite multi-objective reward formulation is designed to
jointly account for time efficiency, trajectory smoothness, ter-
minal accuracy, and collision safety, enabling simultaneous op-
timization of multiple performance objectives under AGV kine-
matic constraints.

3. Detailed comparative experiments were conducted to demon-
strate the effectiveness of the proposed planning method. Ex-
tensive experiments with random perturbations demonstrate an
average computation time below 3 ms per control step, vali-
dating the real-time capability and practical applicability of the
proposed approach.

2. Preliminaries and problem formulation
2.1. Environment and planning challenges

To accommodate the large-scale storage and transportation require-
ments of commercial vehicles, RORO terminals commonly utilize stan-
dardized yard layouts. These layouts involve densely packed vehicles
arranged in rectangular berths, with interconnecting road networks
that follow a structured grid-like design. The road network is char-
acterized by regular geometric patterns and numerous four-way and
T-junctions, as illustrated in Fig. 2. In daily operations, AGVs are tasked
with navigating through both straight road segments and crossroads
to transport vehicles between different yard locations. Given the fixed
nature of the terminal’s road topology, the network is often abstracted
as a directed graph with nodes and edges, where global path planning
is dictated by higher-level scheduling systems.

A key challenge for onboard real-time path planning is executing
efficient and safe turning maneuvers within predefined traffic corri-
dors. In practice, AGVs often encounter misalignment with the road
centerline, which can be attributed to factors such as localization
inaccuracies, tire slippage, or delays in actuator responses. As a result,
the planning and control systems must exhibit sufficient robustness
to ensure reliable navigation through these crossroads. Additionally,
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Fig. 2. Vehicle yard and road network layout in RORO terminals.

AGVs must have the inherent capability to detect and avoid unexpected
obstacles, such as cargo, personnel, or other vehicles, in real-time.
This requires the AGV’s algorithms to process and respond to dynamic
changes in the environment with high responsiveness.

2.2. 4WIS AGYV kinematic model

The AGV considered in this work adopts a 4WIS configuration,
in which all four wheels are actively involved in steering. This con-
figuration significantly enhances vehicle maneuverability and motion
flexibility, particularly in constrained environments. The configuration
of the 4WIS AGV is illustrated in Fig. 3. In the global coordinate
frame, (x, y,0) denote the position and orientation of the vehicle, and v
represents the forward velocity. v; and #; indicate the linear velocities
and steering angle of wheel i. The parameters L and W denote the
longitudinal and lateral distances from the vehicle center to each wheel,
respectively.

In practical applications, the Ackermann steering principle ensures
that all wheels point to a common instantaneous center of rotation
during steering, thereby maintaining stable steering characteristics and
effectively reducing tire wear. Compared to traditional single Acker-
mann steering, the double Ackermann steering corresponding to 4WIS
optimizes the vehicle’s steering performance by coordinating the steer-
ing angles of the front and rear wheels, enabling it to navigate narrower
environments more efficiently.

Similar to Ackermann steering, double Ackermann steering adjusts
the rear wheels of the AGV to ensure the desired center of rotation char-
acteristics [24]. To ensure steering symmetry and speed coordination,
the following constraints are introduced:

m = -ns,
U = 1)3,

M ="My
vy =1, (€)]
cotn, —cotn; =2W /L.

When the AGV’s control variables, forward velocity v and equivalent
steering angle 7, are provided, the actual execution quantities for each
wheel can be calculated as follows:

{cotnl =cotn—W /L, cotn,=cotn+ W /L )

v; = vtany/sinny, v, = vtany/sinny,.

Through the above calculation method, the equivalent control quan-
tities can be uniquely mapped to the actual steering angles and wheel
speeds via the Ackermann constraints. However, the current double
Ackermann model typically simplifies the entire system to a bicycle
model after the computation, which negatively impacts the accuracy of
the AGV’s kinematic model [19,25]. Therefore, to improve the model’s
accuracy, it is necessary to perform an independent kinematic analysis
of the four wheels of the AGV and develop a complete model. Assuming
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Fig. 3. Configuration of the 4WIS AGV.

that the vehicle center coincides with its geometric center, the local
coordinates of the four wheels (x;, y;) in the body-fixed frame are given
by:

x; = (~DUD2IL = (1w, 3)

Building on the findings in [26], and assuming that the vehi-
cle’s center coincides with its geometric center, that all wheels have
the same radius and mass, and that sliding friction is neglected, the
vehicle’s kinematic model can be described as:

i Z?:] v; cos(n; +6) = vcos

i
Sb vpsin(y; +60) = vsing 4

1
z:4 v;(=y; cosmi+x; sinm) _ vtany

e R
Il

1
i=1 4)c,v2+4y,v2 T L

By combining the double Ackermann model with the aforemen-
tioned kinematic model, a more accurate representation of the AGV’s
motion model is achieved, enabling the development of planning strate-
gies with improved performance. We opted for a kinematic model over
a more complex dynamic model, as the AGV operates in a low-to-
medium speed environment, where the kinematic model suffices. Fur-
thermore, the decoupled modeling approach, which separates the mo-
tion mode constraints from the AGV’s 4WIS kinematic model, facilitates
future expansion of motion modes.

2.3. Collision avoidance constraints

In practical applications, on-road agents such as AGVs cannot be
reasonably approximated as point masses [27]. While collision check-
ing can be simplified in scenarios where the drivable region boundaries
admit explicit functional representations, such assumptions rarely hold
in complex environments with intersections or dense obstacles. As a
result, point-mass abstractions and boundary-function-based methods
lack general applicability in realistic AGV operation scenarios. Con-
sequently, the geometric extent of both the vehicle and surrounding
obstacles must be explicitly considered to ensure reliable collision
avoidance.

The region occupied by the vehicle at time ¢ can be denoted as S(7).
Let O represent the total region occupied by obstacles. N is the region
occupied by the AGV at its initial position. R, represents the rotation
matrix at time 7, and P, represents the translation matrix at time 7.
Therefore:

SO =RN+P,, SOHNO=4. 5)

In practical applications, directly using the above equations may
encounter issues with non-differentiable and non-convex functions.
Collision avoidance is typically achieved by constructing feasible re-
gions through optimization conditions or performing real-time collision
detection in dynamic environments. When constructing optimization
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Fig. 4. Proposed CBF-enhanced DRL trajectory planning framework (CBF-PPO).

conditions, convex constraints are usually formed by creating safety
corridors [28] or utilizing convex hulls and geometric relations [29].
Real-time collision detection is generally implemented by densely sam-
pling boundary points and performing position validation. Additionally,
LiDAR sensors can be used to detect obstacles. Our implementation
detects whether 2D LiDAR points are too close to the vehicle and sets
a safety threshold to effectively avoid collision risks.

2.4. Objective and constraints formulation

To clearly describe the objective task, we model it as a standard
constrained optimal control problem. The full system state and control
inputs are defined as: x = [x,y, U,G,n]T,u = |[a, w]T, where a and
 represent acceleration and steering rate, respectively. The primary
objective is to complete the transferring operation in the shortest time,
so we minimize the terminal time 7, as the main objective function. In
addition, to prevent excessive steering and speed changes, we introduce
a control cost term. Inspired by [22], the AGV planning problem can
be modeled as follows:

t
f
min J = / (1+aa(t?® + po(tY’w()?) dt
u
0
s.t. Xg = Xipit» th = Xgoal>
Xmin < X <x

SO =RN+P,, SONO =40,

max> Umin < g < Upay,

4WIS kinematic constraints (Eq. (4)). 6)

It is worth noting that the high computational cost of numerical
optimization often hinders real-time planning. Additionally, traditional
optimizers are highly sensitive to initial guesses, which can lead to
convergence to infeasible or poor local optima in challenging initial
conditions or complex scenarios. These limitations have motivated the
search for alternative solution strategies.

3. Methodology

Building upon these considerations, we propose a trajectory planner
based on control barrier functions combined with deep reinforcement
learning. The planner takes vehicle state parameters and LiDAR percep-
tion data as input states, and generates control actions and trajectories
that approach optimal solutions in real time. The overall framework is
illustrated in Fig. 4.

3.1. Control barrier functions

The Control Barrier Function (CBF) is used to provide a guarantee
method for safety constraints in control systems. The safe set of the

CBF is defined as C = {x € R" : h(x) > 0}. When the CBF condition
is satisfied, the set C is forward invariant, meaning that trajectories
starting inside C will always remain inside C.

To accurately consider the physical size of the vehicle, the vehicle
is modeled as a rectangle, and the minimum distance from the obstacle
to the vehicle’s boundary is calculated. Let / and w denote the overall
length and width of the AGV body, the global coordinates of the four
corner points p; can then be obtained through the following rotational
transformation:

; i-1)/2
p = [x] N [cs)s& —sin 0] [(—I)L(i_l)/ J1/2] . e
y sinf  cos@ D" w/2
The closest obstacle point in the radar distance sequence is denoted
as Pops = [Xppss Vops]' - The nearest AGV edge to the point obstacle
must first be detected, and this edge will be used for constructing the
CBF. Consider the front edge (connecting p, and p,) as an example.
The construction method for CBF on other edges is the same, simply
replacing the variables according to Eq. (7).

Let the relative position vector be 4p = p,,, — p;, and the directed
distance from the point obstacle to its nearest edge is expressed as:

d = Axcosf + Aysin6, (8)

where Ax = x,,,— x|, 4y = y,»,— ¥, and x;, y; are the global coordinates
of p,. To avoid absolute value operations and simplify differentiation,
the square of the distance is used as the metric. The CBF corresponding
to the front edge is defined as:

h=d>-D, ., ~6 )
where Dy, ,, is the safety distance threshold, and § is a small constant

that affects the scaling of the distance. The smaller 6 is, the closer the
safety set will be to the prescribed safety distance.

Since the AGV is a system where the higher-order derivatives of h
are influenced by the control inputs, a second-order CBF is used. The
constraint condition is:

A(x,u) + ¢, (x) + ey h(x) > 0. (10)

The first derivative of h(x) can be obtained using the chain rule and
the vehicle’s kinematic equations:

. t
h = —2dv + 2dvokrt, k = %
rt = —Axsin + Aycos 6 + w2, an)

where r* represents the perpendicular geometric quantity of the obsta-
cle relative to the vehicle’s front edge.
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By differentiating h again and substituting & = a and # = w, the
second derivative of A(x) is obtained as:
h=A-a+B-w+C, 12)
where the coefficients are:
A=-2d [1-krt],
C =207 [1=2krt + K ['1)? —d(d +1/2)]]. @a3)

B = 2dvrt sec? n/L,

This ensures that the safety constraints are effectively enforced,
providing a robust guarantee for obstacle avoidance and safe operation
of the AGV in dynamic environments.

3.2. Markov decision process modeling

3.2.1. State space and action space

To ensure accurate perception of the agent’s state and the surround-
ing environment, the observation space is defined as O = {O,,0,,0,,}.
The sensor perception component O, originates from 3D LiDAR point
clouds. The raw data is Z-axis cropped, downsampled, and transformed
into a 360° omnidirectional distance sequence that mimics a 2D LiDAR
scan, yielding a 180-dimensional vector. It is worth noting that in
real-world scenarios, the boundary of stack areas typically does not
contain explicit obstacles and cannot be directly scanned by the Li-
DAR. However, the global coordinates of the stack boundaries and the
AGV’s position are known, so the LiDAR distance sequence needs to be
cropped based on these known infeasible regions.

AGV state is defined as O; = {n,v,t}, where ¢ represents the
current time, used to mark the vehicle’s temporal state. To mitigate
policy overfitting and poor generalization often caused by using global
coordinates, the task information O, = {x] ., 6/, } is parameterized
as the local sub-goal’s pose within the AGV’s coordinate frame. This
design preserves task semantics while effectively decoupling the policy
from the absolute coordinate system, thereby improving cross-scene
transferability and robustness.

The action space A defines the agent’s control commands. In prac-
tical work scenarios, considering the vehicle’s mechanical structure
and steering efficiency, kinematic constraints must be incorporated
into the action space design. To avoid violating the vehicle’s dynamic
limitations during turning or acceleration, we define the action space
using acceleration and angular acceleration. This better aligns with the
AGV’s kinematic model, ensuring control commands adhere to motion
constraints. We define A = {a, A}, where Ay € [An,;,, Affax] TEPrESents
the wheel steering control.

3.2.2. Reward function design

The reward function is designed to guide the agent’s actions toward
an optimal strategy. To motivate the AGV to move forward and avoid
idle behavior, an immediate reward R, is granted for each successful
step without collision. Specifically, R, is formulated to incentivize
the vehicle to minimize its distance to the target parking space. The
immediate reward function is defined as:

R, = ay (P =Pyl = 1P, = Pgll). 14

where P, and P,_; represent the position vectors of the AGV at time
t and ¢ — | respectively, P, denotes the coordinate vector of the target
goal, ||-|| signifies the L2 norm used to calculate the Euclidean distance.
To prevent collisions between the vehicle and obstacles, or when
the vehicle enters the yard, a significant penalty R, is applied to steps
where collisions occur. Once the collision penalty function R, takes
effect, the current trajectory is immediately terminated, and the final
reward is calculated. The collision penalty function R, is defined as:

Rc:{o SN0 =0 (15
1 SMHNO#Y.

To encourage the AGV to reach the target state quickly and aligned
with the target’s orientation, a fixed reward is given when the vehicle’s
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center is within 5 cm of the target. The system also applies penalties
for directional deviations and rewards based on the time required to
reach the target. Similar to collision penalties, the trajectory terminates
and a return value is calculated once the arrival reward function R, is
triggered:

Rg = 0 ) ”x:ar’y;ar” > 0.05 (16)
1= ay(40) + as(t, — 1) X7, ¥, ]| < 0.05,

where A0 represents the difference in orientation angles between the
AGV and the target state. r, denotes the reference standard time,
which can be either roughly estimated or computed using conventional
planning algorithms. During training, the reference path is defined as
the total length of the road centerline, and the corresponding time is
calculated based on a predefined reference speed.

The final composite reward function R is defined as:

R=R;+ R, +R,. a7

3.3. CBF-PPO algorithm

Algorithm 1 CBF-PPO Algorithm Procedure

1: Initialize policy network 7, value network V,,, Lagrange multiplier
A

2: Set hyperparameters: a;, €, a;, &y, Dgape, k, Nsteps

3: for Iteration n=1,2,..., N do

4:  Collect trajectory D = {(s;,a;, 7, S;41)}
Calculate CBF values{h,, A,, i, }:islte"s
Save D and {h,, h,, fi,}:isl‘e”s in the rollout buffer

5.
6.
7:  Compute GAE Value A, using V,
8
9

N, steps
t=1

Compute reward-to-go R,
. for Training epochs e = 1,..., E do
10: Sample mini-batches B from the rollout buffer D

11: for Mini-batches B c D do

12: Compute PPO objective LPPO via Eq. (22)
13: Compute violation degree: V, via Eq. (20)
14: CBF loss: LOBF = Ej; [log 7y(a;|s,) - V]

15: Total loss: L = —LFPO 4 4. [CBF

16: Update policy parameters: § < 0 — ayV,yL
17: Compute critic loss: LR = E [(R, — V(5,))?]
18: Update value parameters: ¢ « ¢ — a,V, L
19: end for

20: end for

21:  Evaluate violation degree: JCBF = I_117I lefl‘ v

22:  Update Lagrange multiplier: 4 < max(0, A + a,(J °BF — ¢))
23: end for
24: Return the trained policy 7,

To provide safety guarantees during the policy learning process,
we model the safe autonomous navigation problem as a constrained
Markov decision process. The proposed CBF-PPO framework directly
integrates safety awareness into the policy gradient optimization pro-
cess, allowing the agent to learn inherently safe behavior policies. The
optimization objective is formulated as:

max B, [Z y'r,] 18)

1=0

St Egpm gumyils) V(s @] <e, 19)
where 60 represents the policy network parameters, = denotes the trajec-
tory, y is the discount factor, and p™ is the state distribution induced by

policy 7,. The CBF violation degree V(s, a) in the constraint is defined
as:

V(s,a) = max (O, - (ﬁ(s, a) + ¢ h(s) + czh(s))) s (20)
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where the constraint threshold e specifies the maximum allowable
violation value. To implement this, we use the Lagrangian relaxation
method to convert the constrained optimization into an unconstrained
saddle point problem:

0
£, 1) = TE@ [,z:‘) y'r,] -2 (JBF @) —¢), (21)
where 4 > 0 is the Lagrange multiplier that penalizes constraint
violations, and JCBF(9) = Ej 4z, [V(s, @)] represents the expected CBF
violation degree. The optimization process is carried out via alternating
updates between the primal and dual variables. Initially, we fix 4 and
optimize 6 using the PPO objective combined with the safety penalty
term:

Oysy = argmax {LPFO(0) — 277 (0)},
LPPO(g) = E,, [min (r,(0)A,, 7, (0)A,)] , (22)

where r,(0) = my(als,)/ ngk(a,ls,) is the probability ratio, A, is the advan-
tage function estimate obtained via generalized advantage estimation
(GAE) [30], and F,(0) = clip(r,(0),1—¢,, 1 +¢,) is the clipped probability
ratio. Based on the updated policy 6,,,, we adjust A using gradient
ascent:

Aesr = max (0, 4+, (JBF @) —€)). (23)

where «,; > 0 is the dual learning rate. This update mechanism increases
4 when the safety constraint is violated to penalize unsafe behavior,
and decreases A when the policy becomes overly conservative, thus
dynamically balancing task performance and safety. Furthermore, the
parameter update process of the value network remains consistent with
the original PPO throughout the training process. The Algorithm 1
summarizes the complete training process.

3.4. DRL network framework

To integrate heterogeneous multi-source information in the ob-
servation space, we enhanced the neural network architecture. Tra-
ditional multi-layer perceptrons struggle with modeling the coupling
between sensor and state data. Thus, we introduce a 1D convolu-
tional layer to capture local sequential patterns, specifically processing
omnidirectional distance sequences to extract relevant features.

To enhance the model’s ability to capture spatial and temporal
dependencies, we further introduced Long Short-Term Memory (LSTM)
[31] and a multi-head attention mechanism [32]. The LSTM mitigates
issues of vanishing and exploding gradients, enhancing the model’s
ability to handle long-range temporal dependencies. The attention
module focuses on key spatial information by performing parallel repre-
sentation learning across subspaces. The full sequence of LSTM hidden
states is fed into the attention module, preserving temporal information
and preventing the loss of long-term dependencies. The multi-head
design helps model interactions across different spatial locations and
semantic patterns. Fig. 5 illustrates the deep reinforcement learning
architecture used for trajectory planning.
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3.5. Action safety filter

Although a CBF loss term is introduced during training to guide the
policy learning, the outputs of the trained neural network still do not
provide strict safety guarantees. Considering the potential significant
economic losses and safety risks to personnel that could result from
collisions in AGV transfer scenarios, we designed an online safety
filtering mechanism to adjust the control commands output by the
policy network in real-time, ensuring that the AGV’s state is always
constrained within a predefined safe set.

Using the CBF constraint defined in Eq. (10), the forms of the
barrier function and its time derivative are substituted, transforming
the constraint into a linear inequality in terms of the corrected control
inputs u* = [a*, 0*]T:

A-a*+B-0*>-C—ch-ch. @4

The goal is to minimize the correction to the original control inputs
u = [a,]” while satisfying the constraint:

min J = [la* - al* + 0" - 0|
u

<0 <o 25)

*
S.t. Apip £ @ < Gpaxs @min max>

A-a*+B-0*>-C—-ch-ch

Since the objective function is convex and quadratic, and the con-
straint is a linear inequality, this problem is a quadratic programming
problem with a global optimal solution, which can be efficiently solved
in real-time within each control cycle using numerical algorithms. If
the quadratic program is infeasible or cannot be solved within the
prescribed time limit, the AGV applies maximum braking until it comes
to a complete stop. It is important to note that this safety filtering
mechanism is only activated during the testing and deployment phases,
and is not activated during the training phase.

4. Experiments
4.1. Experimental setup

To verify the feasibility and effectiveness of the proposed trajectory
planning method, we conducted multi-scenario tests in a simulation
environment and verified the effect in actual scenarios.

4.1.1. Experimental platform

To validate the proposed trajectory planning framework, simulation
experiments were conducted on a computing platform equipped with
an Intel i7-13700H CPU and an NVIDIA RTX 4060 GPU. The simulation
environment was built upon CoppeliaSim [33] for both model training
and performance evaluation. The physical platform parameters are con-
sistent with those of the simulation model, which is shown in Fig. 6. The
AGV adopts a 4WIS configuration, with its key geometric parameters,
kinematic parameters, and planning algorithm settings summarized in
Table 1. The action safety filter was solved using the IPOPT [34] solver.

4.1.2. Scenario setup

Two categories of structured road scenarios were designed for eval-
uation: straight-road scenarios and intersection scenarios, denoted as
Envl and Env2, respectively. The schematic layouts and corresponding
representative CoppeliaSim simulation scenes of the two environments
are presented in Fig. 7. These scenarios can be generalized to a wide
range of real-world operating conditions through affine transforma-
tions. The road width was set to 8 m, a standard value in a yard
environment, to evaluate the algorithm’s navigation and obstacle avoid-
ance capabilities. In each scenario, the AGV’s initial pose was fully
randomized, and O to 3 obstacles with radii randomly sampled from
0.3 m to 1 m were placed between the start region and the goal region
to increase the diversity of training conditions. After each random-
ization, the Hybrid A* algorithm was employed to quickly verify the
existence of a feasible path. If no feasible path was found, the process
was re-initialized. During training, the two environments were sampled
with equal probability.
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Fig. 6. Illustration of the AGV system physical platform.

Table 1

AGV parameters and algorithm parameters settings.
Parameter Value Parameter Value
1. AGV physical parameters
AGV width (w) 3000 mm AGV length (/) 6000 mm
Track width QW) 2570 mm Wheelbase (2L) 5438 mm
Max velocity (vpa) 2 m/s Max steering angle (77,,,) 45°
Max acceleration (ap,,) 5 m/s? Max steering rate (#;..) 360°/s

2. Algorithm related parameters

Distance coefficient («,) 0.1 Angular error coefficient (a,) 1
Arrival time coefficient (a;) 1 CBF coefficient (c,) 10
CBF coefficient (c,) 10 Safe distance (D,,,) 0.1 m
3. DRL training parameters

Network learning rate le—4 Multiplier learning rate («;) 2e—6
Mini batch size 256 Max episode steps 1024
GAE parameter 0.98 Discount factor (y) 0.99

4.1.3. Baselines and metrics

In the training analysis, we compare the proposed CBF-PPO with
PPO [23], SAC [35] and TD3 [36]. These methods are representative
deep reinforcement learning algorithms for online continuous control
tasks. To ensure a fair comparison, all learning-based methods share
the same observation space, action space, reward design, network
architecture, training scenarios, and termination conditions.

In addition, in the overall comparison experiments, we further
introduce three traditional methods: A* [5], Hybrid A* [6], and safe
corridor method [22]. A* and Hybrid A* are essentially path planning
methods that output discrete waypoints. Therefore, we use a pure
pursuit controller to handle the steering control and accelerate the
vehicle to its maximum speed as quickly as possible for speed control.
For the safe corridor method, since it directly generates a reference
trajectory, we construct an MPC tracker to track this trajectory. In the
overall comparison experiments, we use success rate (SR), collision rate
(CR), travel time, terminal heading error, average trajectory curvature,
and maximum trajectory curvature as evaluation metrics. These metrics
provide a comprehensive and thorough assessment of the quality of the
generated trajectories.

4.2. Training analysis

Fig. 8 presents the episodic cumulative reward curves of the CBF-
PPO algorithm and three baseline RL algorithms evaluated under iden-
tical mixed scenarios. All experiments were conducted with a uniform
training duration of 10 h. In the figure, bold solid lines represent
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Fig. 8. Training reward curves of different RL algorithms.

the smoothed reward trends, while semi-transparent shaded regions
indicate the raw data observed throughout the training process.

The experimental results demonstrate that incorporating control
barrier function constraints significantly enhances policy learning ef-
ficiency. CBF-PPO exhibits a notably rapid performance improvement
in the early stages of training, converging from an initially negative
reward range to a high-reward regime within approximately 1.7 h,
a convergence rate substantially superior to all baseline methods. By
contrast, the standard PPO algorithm achieves stable convergence but
with a comparatively slower ascent rate. The off-policy methods, SAC
and TD3, exhibit markedly sluggish progress in the early training phase,
revealing pronounced exploration bottlenecks.

Regarding final convergence performance, both CBF-PPO and PPO
attain high asymptotic reward levels, with CBF-PPO marginally outper-
forming standard PPO. Notably, while SAC and TD3 eventually undergo
rapid performance surges after an extended low-performance period,
these gains are accompanied by severe reward oscillations follow-
ing the peak, indicating poor training robustness. These observations
suggest that the integration of CBF constraints provides effective safety-
aware guidance during policy exploration, enabling the agent to avoid
hazardous states early in training and concentrate exploration on high-
return regions, thereby substantially accelerating the accumulation of
informative experience. Concurrently, the CBF constraints ensure the
stability of the learned policy under prolonged training conditions.

4.3. Comparison experiment

To comprehensively evaluate the performance of the proposed
method, we conducted systematic comparative experiments between
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Table 2
Performance comparison of different methods across scenarios.
Scenario  Method Performance metrics
SR (%) CR (%) Travel time (s) Heading error (°)  Avg. curvature (m~!)  Max. curvature (m~')
A* 73 27 15.35 14.32 0.2212 0.3673
Envl Hybrid A* 90 10 15.92 4.344 0.0951 0.2122
Safe Corridor 96 0 16.72 1.784 0.1329 0.3159
CBF-PPO (Ours) 100 0 15.05 2.562 0.0809 0.2782
A* 68 32 14.95 31.88 0.2638 0.3673
Env2 Hybrid A* 86 14 15.44 8.789 0.1268 0.2822
Safe Corridor 92 0 16.32 2.082 0.1427 0.3463
CBF-PPO (Ours) 100 0 14.75 3.264 0.1241 0.3258
| O Start Point o Goal Point (O Obstacle and Yards A* + Pure Pursuit —— Hybrid A* + Pure Pursuit Safe Corridors + MPC  ——  CBF-PPO
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Fig. 9. Visualization of trajectories from various algorithms across example experimental scenarios.

several baseline algorithms and the CBF-PPO framework in highly
randomized scenarios. For each scenario category, 100 randomized test
cases were generated, all of which were pre-validated to ensure the
existence of feasible solutions. The mean values of key performance in-
dicators across these diverse environments are summarized in Table 2.

Quantitative results indicate that the conventional A* algorithm
exhibits pronounced limitations across all primary metrics. Due to its
inherent 2D grid-based search nature, A* faces an irreconcilable trade-
off between geometric obstacle avoidance and search completeness.
Experiments show that using the overall circumscribed circle expan-
sion leads to no solution in most restricted scenarios. Meanwhile, the
compromise of using a double-circle model with local radius expansion
results in the highest collision rate due to underestimating the physical
space occupied. Furthermore, the absence of explicit kinematic mod-
eling results in high path curvature and significant terminal heading
errors, making it ill-suited for high-precision execution tasks.

While Hybrid A* achieves a qualitative leap in path smoothness
by integrating kinematic feasibility into the search process, its discrete
graph-search nature still yields a degree of motion redundancy. Cru-
cially, the collisions observed during the execution phase suggest that
its detection mechanism, which relies on geometric boundaries, lacks
sufficient safety margins when subjected to execution perturbations.
In contrast, the safe corridor method ensures high safety via explic-
itly constructed convex free spaces. However, this defensive planning
strategy sacrifices spatio-temporal efficiency, resulting in longer travel
times. CBF-PPO achieves optimal motion efficiency and a 100% success
rate while maintaining a zero-collision record, demonstrating superior
comprehensive performance.

The trajectory visualizations shown in Fig. 9 further reveal the
mechanistic disparities in the underlying modeling logic of each algo-
rithm. The failure of A* stems from its low-dimensional state space and
topological discreteness, which causes motion redundancy and terminal
pose misalignment due to the neglect of non-holonomic constraints.

While Hybrid A* produces more structured trajectories, the inherent
nature of discrete control primitives limits its ability to achieve global
optimality within a continuous state space.

The trajectories generated by the Safe Corridor method, though
smooth and continuous, tend to maintain excessive clearance from
obstacles, reflecting how the conservative spatial margins configured
during corridor construction constrain path optimality. Conversely,
the CBF-PPO trajectories strike a sophisticated balance between fluid
obstacle avoidance and high-efficiency directivity. These results indi-
cate that CBF-PPO can effectively safeguard safety boundaries without
compromising planning degrees of freedom, realizing a synergistic
improvement in both operational efficiency and execution precision.

4.4. Parameter sensitivity analysis

To further evaluate the performance and robustness of the proposed
framework, parameter sensitivity analyses were conducted on the dis-
tance reward coefficient a; and the arrival reward coefficient a;. These
evaluations were performed in the more challenging Env2 scenario.
Given that the absolute values of reward functions in reinforcement
learning are less significant than the reward margins between different
states in driving the policy update, we fixed «, = 1 as a baseline. A con-
trol variable method was employed to assess the impact of individual
parameter variations on system performance, and the results are shown
in Fig. 10.

Theoretically, the distance reward associated with «, functions
as a dense reward, primarily designed to provide continuous guid-
ance signals during the early stages of training, thereby accelerating
the agent’s progress toward the target. Consequently, increasing «,
is expected to enhance the convergence rate. However, since a; acts
as a positive incentive for path length, it inherently competes with
the objective of mission time minimization. Our results indicate that
a moderate increase in «; strengthens the dense progress guidance,
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Table 3
Ablation study results in typical scenarios.
Method Performance metrics
SR (%) CR (%) Travel time (s) Conv. time (h)
Vanilla PPO 94 6 14.83 2.8
w/o CBF-training 100 0 14.94 2.7
w/o Filter 96 4 14.68 1.7
CBF-PPO 100 0 14.75 1.7

indirectly promoting terminal orientation alignment and thereby reduc-
ing terminal pose error. Nevertheless, when «; exceeds a critical thresh-
old, the temporal performance of the system degrades significantly.
When the magnitude of the cumulative distance reward overwhelms
the time penalty term (e.g., at a; = 0.5), the algorithm suffers from
severe convergence difficulties and performance collapse, characterized
by the vehicle oscillating or spinning in place. Therefore, the selection
criterion for «, is to maximize training efficiency while ensuring it does
not undermine the dominant role of the terminal reward components.

As a3 increases from 0.01 to 10, the terminal pose error exhibits
a clear monotonic increasing trend. This confirms that a higher ar-
rival reward effectively directs the agent’s optimization priority toward
precise pose alignment at the end of the trajectory. However, it is
important to note that the time term and orientation term within
the terminal reward are inherently mutually exclusive, necessitating
a strategic trade-off. The sensitivity analysis demonstrates that the
current parameter configuration achieves a robust balance between
these conflicting objectives, maintaining high operational efficiency
while ensuring superior precision.

4.5. Ablation experiment

To assess the individual contribution of each component within
the CBF-PPO framework, we conducted an ablation study. The results
presented in Table 3 systematically evaluate the role of each core
module under typical navigation scenarios. We also select Env2 as the
test environment and compare four configurations: the PPO model,
the full CBF-PPO model, a variant without CBF-based action filtering
(w/o Filter), and a variant without CBF-incorporated training (w/o
CBF-Training).
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Vanilla PPO, which serves as the baseline, exhibits the highest
collision rate and the longest convergence time, reflecting the inherent
limitations of unconstrained policy optimization in safety-critical en-
vironments. Since the action filter is only activated during the testing
phase, the w/o CBF-Training variant is equivalent to vanilla PPO during
training, and the marginal difference in convergence time between
the two falls within the stochastic variation intrinsic to reinforcement
learning. At test time, however, integrating the CBF-based action filter
eliminates all collisions, confirming that the filter acts as a deterministic
safety barrier capable of guaranteeing safe deployment regardless of
the underlying policy quality. Incorporating CBF constraints into the
policy gradient optimization substantially accelerates convergence and
marginally improves travel time, as the CBF gradient term guides the
agent to perceive safety boundaries and avoid futile exploration in high-
risk regions. Nevertheless, the w/o Filter variant demonstrates that soft
constraints applied solely during training still yield a residual collision
rate of 4%, failing to cover all edge cases in complex environments.
The complete CBF-PPO framework achieves strict safety guarantees at
the cost of only a slight increase in travel time, demonstrating that
safety and motion efficiency are not mutually exclusive and that both
components are jointly essential to the framework’s effectiveness.

Furthermore, the computational efficiency of the proposed frame-
work was evaluated and analyzed across the 200 simulation trials. The
average inference time per step for the CBF-PPO policy network was
0.8785 ms, with a recorded maximum of 2.6440 ms. The subsequent
action filtering stage, encompassing optimization problem formulation
and quadratic programming solving, required an average execution
time of 0.0624 ms (with a peak of 0.1673 ms). Consequently, the
total computational latency per control step remains consistently below
3 ms. This performance underscores the superior real-time responsive-
ness of the proposed method.

4.6. Application deployment

To evaluate the practical performance of the proposed algorithm,
field experiments were conducted in a representative vehicle yard at
Yantai Port. The experiments encompassed two typical tasks: vehicle
pickup and dropoff. Initially, the AGV approached the operational area
via the peripheral road and executed a zero-turn maneuver, enabled by
its 4WIS system, to enter the working zone. After completing the pickup
task, the robot exited the yard and proceeded to the interaction area
for unloading. While the AGV tracked pre-planned trajectories in clear
zones, two regions with unknown obstacles were introduced to test
collision avoidance. Notably, a stationary AGV with identical parame-
ters was positioned in area 2 to simulate a vehicle breakdown scenario
during operations. The overall experimental layout and executed tra-
jectories are illustrated in Fig. 11. Field experiments demonstrate that
the proposed algorithm successfully avoids all placed obstacles and
completes the full operational procedure safely.

5. Conclusion

This paper presents a real-time AGV trajectory planning framework
that combines control barrier functions with proximal policy optimiza-
tion, aiming to ensure the safe and efficient operation of transfer AGVs
in RORO terminal tasks. The framework does not require the indepen-
dent tracking modules typically used in traditional planning methods
and can directly output control commands. By constructing a control
barrier function based on the relative position information of the
nearest obstacle point to the AGV and incorporating it into the gradient
optimization process of PPO, the agent is guided to quickly move away
from danger zones, accelerating policy convergence. After the network
outputs the initial control commands, a control barrier function is
further used to construct a command filter to ensure operational safety.
Experimental results show that the framework exhibits high planning
performance and real-time responsiveness, demonstrating its potential
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Fig. 11. Schematic of the field experiment layout and operations.

to replace traditional two-stage planning methods in structured port
environments.

Future work will focus on two directions. The current framework is
primarily designed for static obstacles. However, it is capable of being
extended to dynamic scenarios. Future plans include incorporating a
trajectory prediction module or reciprocal velocity obstacle methods to
enable the system to predict and avoid moving obstacles. Additionally,
the current framework focuses on single-agent planning, but future
extensions will involve multi-agent reinforcement learning techniques
and the integration of graph neural networks to model the state interac-
tions between vehicles, supporting efficient collective decision-making
in multi-AGV collaborative scheduling scenarios.
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