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 A B S T R A C T

Multi-robot systems have emerged as a transformative paradigm for industrial automation. However, deploying 
these systems in dense, dynamic environments like ultra-dense warehouses and Ro-Ro terminals remains 
challenging due to simplified motion constraints, idealized models, and the tight coupling of task assignment, 
trajectory planning, and conflict resolution under strict spatiotemporal constraints. To address these problems, 
we propose a hierarchical scheduling framework for four-wheel independent drive/steering robot groups in 
confined environments. Firstly, at the task assignment layer, we introduce an enhanced hybrid metaheuristic for 
task assignment that integrates particle swarm optimization with a genetic algorithm, augmented by a problem-
specific fitness function and adaptive mutation strategies to prevent premature convergence. Secondly, at the 
path planning layer, we develop a kinematics-aware conflict-based search path planner integrating motion 
primitives with improved A* node expansion strategies, where adaptive heuristic weighting and bidirectional 
search acceleration are introduced to ensure computational tractability. Simulations in a near-realistic confined 
environment show that the proposed hierarchical scheduling algorithm reduces total execution cost by 11.0% 
compared to the advanced particle swarm genetic algorithm, demonstrating its superior performance in 
multi-robot coordination. Furthermore, field tests conducted at the Ro-Ro Terminal of Yantai Port have fully 
validated the feasibility of this framework for multi-robot coordination in real-world scenarios. This work lays 
a theoretical and practical foundation for next-generation multi-robot coordination in constrained logistics 
ecosystems.
1. Introduction

The advent of Industry 4.0 has catalyzed an urgent demand for intel-
ligent industrial transformation, with multi-robot systems emerging as a 
critical enabler for achieving operational efficiency, cost reduction, and 
safety enhancement (Bhargava, Suhaib, & Singholi, 2024; Wu, Wang, 
& Qiu, 2024). These systems have demonstrated remarkable success in 
open environments such as unmanned factories (Wang et al., 2025), 
automated ports (Yang, He, & Sun, 2023), and autonomous mining (Li 
et al., 2023), where standardized workflows and spatial flexibility allow 
seamless coordination. However, their deployment in spatially confined 
industrial environments—exemplified by compact warehouses and Ro-
Ro docks for commercial vehicles—remains a significant challenge 
due to restricted maneuvering areas, frequent robot interactions, and 
complex kinematic constraints.

To deploy multi-robot systems in spatially confined industrial en-
vironments, it is essential to focus on two interdependent dimensions: 
task assignment and path planning. Task assignment involves determin-
ing which tasks each robot must perform and in what order (Bolognini, 
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Fagiano, & Limongelli, 2023), and path planning focuses on ensur-
ing that multiple robots can navigate the environment without col-
liding (Xie et al., 2024). Existing approaches typically model task 
assignment as a multi-constrained optimization problem, considering 
variables such as robot capabilities, task priorities, and energy con-
sumption (Sun, Liu, & Cai, 2025; Zhai, Li, Wu, Hou, & Jia, 2023). Appli-
cable algorithms, including particle swarm optimization (PSO) (Geng, 
Ji, & Zi, 2022), genetic algorithm (GA)  (Tan, Zhou, & Qian, 2024), 
and hybrid metaheuristics (Su & Wang, 2021), have shown efficacy in 
balancing computational efficiency and solution quality. For instance, 
Amazon’s Kiva robots leverage hierarchical task decomposition to op-
timize goods-to-person workflows (Allgor, Cezik, & Chen, 2023). Fur-
thermore, automated guided vehicles at the Port of Rotterdam employ 
dynamic scheduling to mitigate congestion (Chen et al., 2020). Despite 
algorithmic progress, extant models inadequately reflect critical real-
world constraints—remarkably heterogeneous robot dimensions and 
nonholonomic kinematics—resulting in suboptimal task assignments 
and potential motion conflicts in dense deployments.
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data mining, AI training, and similar technologies. 
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After task assignment, the safety and efficiency of multi-robot 
systems hinge on robust multi-robot path planning. Unlike single-robot 
paradigms, multi-robot path planning must resolve conflicts and avoid 
deadlocks in real-time. State-of-the-art methods fall into two categories: 
search-based algorithms (e.g., discontinuity bounded conflict-based 
search (Moldagalieva, Ortiz-Haro, Toussaint, & Hönig, 2024), rolling 
horizon frameworks Li et al., 2021) that prioritize computational 
tractability but oversimplify robot kinematics. Optimization-based ap-
proaches (e.g., spatiotemporal safety corridors (Zang et al., 2023), 
combined with velocity planning spatiotemporal optimization Ma et al., 
2023) that enhance trajectory smoothness at the cost of scalability in 
dense robot populations. Notably, most existing studies abstract robots 
as dimensionless agents or assume obstacle-free unstructured environ-
ments (Hiraoka et al., 2024; Ruan, Poblete, Wu, Ma, & Chirikjian, 
2022), limiting their applicability to high-density industrial settings 
where physical dimensions and kinematic constraints (e.g., minimum 
turning radius) dominate system performance.

In parallel, while significant progress has been made in single-
robot motion planning for confined spaces (Gao, Li, Liu, Ge, & Song, 
2024; Peng, Ngo, & Liu, 2023), adapting these strategies to multi-
robot systems reveals additional challenges. Recent methods such as 
composite dynamic region bias RRT* (McBeth, Motes, Uwacu, Morales, 
& Amato, 2023) and Dubins curve-based deadlock resolution (Xu et al., 
2023) show preliminary success in narrow corridor navigation. How-
ever, three key challenges persist. First, many algorithms simplify 
motion constraints by limiting robots to basic directional movements 
while neglecting physical dimensions and nonholonomic requirements 
(e.g., minimum turning radius). Second, environmental models are 
overly idealized, often representing complex industrial settings as topo-
logical maps or sparse obstacles (Hiraoka et al., 2024), thereby ignoring 
high-density equipment layouts. Third, the reliance on point-mass ap-
proximations and bidirectional mobility—even in studies incorporating 
some kinematic constraints (Chen et al., 2024)—results in collision 
avoidance strategies impractical for heterogeneous fleets. These over-
simplifications ultimately limit the deployability of current multi-robot 
systems methods in confined industrial environments characterized by 
frequent interactions, strict spatial limitations, and complex obstacle 
distributions.

In recent years, deep reinforcement learning (DRL) has emerged as 
a powerful tool for multi-robot scheduling and planning. Huo, Mao, 
San, Li, and Zhang (2025) proposed a two-layer DRL framework with 
group awareness that effectively addresses conflict coordination in 
multi-robot pathfinding, significantly enhancing task success rates and 
inter-agent cooperation. Mao, Wu, Fan, Cao, and Pedrycz (2024) intro-
duced a dual-layer DRL model based on a divide-and-conquer strategy 
to overcome the scalability and computational challenges in large-scale 
UAV task scheduling. Sun et al. (2024) extended the dual-parameter 
deep Q-network to jointly optimize trajectory planning, resource al-
location, and task offloading in UAV-assisted MEC systems. Despite 
these advancements, DRL-based approaches still suffer from slow con-
vergence, high computational cost, and limited interpretability, which 
limit their applicability in real-world systems. To tackle the coupling 
between scheduling and path planning, Yan, Chu, Hu, and Zhu (2024) 
designed an improved genetic algorithm incorporating customized op-
erators and a deadlock-resolution mechanism for resource-constrained, 
synchronized multi-target assignment. Gao, Zuo, Lu, and Tang (2025) 
proposed a matrix-encoded genetic algorithm to coordinate hetero-
geneous agents under tightly coupled task assignment and routing 
constraints. However, as the scenario becomes more complex and 
the number of robots increases, the coupling between task assign-
ment and path planning intensifies, posing significant challenges to 
computational efficiency, scalability, and practical deployment.

To address these challenges, this paper proposes a hierarchical 
scheduling framework tailored for the operation of multiple four-wheel 
independent drive/steering (4WIDS) robots in confined environments. 
Under spatiotemporal constraints, the upper layer handles task and 
2 
robot assignment, while the lower layer performs collision-free path 
planning based on the assigned tasks. This framework effectively in-
tegrates task assignment with path planning, enabling coordinated 
multi-robot operation. The main contributions of this work are as 
follows:

• A hybrid metaheuristic algorithm that combines PSO with GA 
is developed for efficient task assignment. The integration of 
adaptive mutation strategies and a problem-specific fitness func-
tion effectively mitigates premature convergence and improves 
solution quality.

• A kinematics-aware, conflict-based multi-robot path planner is 
proposed, incorporating motion primitives and enhanced A* node 
expansion strategies. By leveraging adaptive heuristic weighting 
and bidirectional search, the planner achieves a favorable bal-
ance between computational efficiency and path optimality under 
motion constraints.

• The proposed hierarchical scheduling framework is thoroughly 
validated in near-realistic confined simulation environments. Fur-
thermore, field tests at Yantai Port’s Ro-Ro Terminal have vali-
dated this framework’s feasibility for real-world multi-robot co-
ordination.

The paper is structured as follows: Section 2 defines the problem, 
Section 3 details the hierarchical scheduling method, Section 4 provides 
simulations, Section 5 presents experiments, and Section 6 concludes.

2. Problem formulation

Deploying multi-robot systems presents a hierarchical scheduling 
challenge with two key components: task assignment and path plan-
ning. This section models these components based on an analysis of 
robots’ motion modes.

2.1. Establishment of robot kinematics model

In this study, the 4WIDS robot is chosen as the research subject, as 
illustrated in Fig.  1. Featuring four independently driven and steered 
wheels, the 4WIDS robot exhibits superior driving capability and ma-
neuverability compared to conventional wheeled robots (Xu, Zhang, 
Liu, Wang, & Wang, 2025; Zhang et al., 2025). It enables omnidi-
rectional translation, zero-radius rotation, and efficient navigation in 
confined environments.

To exploit these capabilities, we extend the traditional Ackermann 
steering model by incorporating 11 motion modes that combine ro-
tational and lateral movements. This design reduces the turning ra-
dius and improves maneuverability in confined spaces. The kinematic 
formulation of the Ackermann model is as follows: 
⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑥𝑡+1 = 𝑥𝑡 + 𝑣𝑡 cos 𝜃𝑡𝛥𝑡,

𝑦𝑡+1 = 𝑦𝑡 + 𝑣𝑡 sin 𝜃𝑡𝛥𝑡,

𝜃𝑡+1 = 𝜃𝑡 + 𝜃𝑡
2 tan 𝛿𝑡

𝐿 𝛥𝑡,

(1)

where 𝑥𝑡 and 𝑦𝑡 denote the robot’s position in the X and Y directions 
at time 𝑡, 𝜃𝑡 represents the robot’s heading angle at time 𝑡, and 𝑣𝑡 and 
𝛿𝑡 denote the robot’s speed and steering angle, respectively, at time 𝑡. 
𝐿 is the wheelbase of the robot, and 𝛥𝑡 is the time step.

2.2. Task assignment problem analysis and modeling

The objective of task assignment is to assign a set of tasks to 
multiple robots, determining both the task-to-robot assignments and 
the execution sequence for each robot. The goal is to complete all 
tasks efficiently while minimizing overall resource consumption. This 
problem is typically formulated as an optimization problem.
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Fig. 1. The 4WIDS robot motion modes. (a) Traditional motion modes. (b) New motion 
modes.

Let  =
{

𝑟1, 𝑟2,… , 𝑟𝑚
} be the set of 𝑚 robots,  =

{

𝜋1, 𝜋2,… , 𝜋𝑛
} be 

the set of 𝑛 tasks, and 𝑥𝑘𝑖𝑗 = 1 be the task assignment decision variable 
indicating that robot 𝑟𝑘 needs to execute task 𝜋𝑗 after completing task 
𝜋𝑖. Furthermore, let 𝑦𝑘𝑗 = 1 be the decision variable, indicating that task 
𝜋𝑗 is executed by robot 𝑟𝑘. The aim is for all robots to minimize resource 
consumption and complete all tasks as quickly as possible. Therefore, 
the objective function for multi-robot task assignment is divided into 
three components: 
 = 𝛼1 ⋅ 𝑚𝑎𝑥_𝑑 + 𝛼2 ⋅ 𝑎𝑙𝑙_𝑑 + 𝛼3 ⋅ 𝑠𝑤, (2)

where 𝑚𝑎𝑥_𝑑 denotes the maximum travel cost of a single robot, 
introduced to avoid uneven task distribution and prevent individual 
overload. 𝑎𝑙𝑙_𝑑 represents the total travel cost of all robots, aiming to 
reduce system-wide energy consumption and time cost. 𝑠𝑤 accounts 
for the cost of motion mode switching (e.g., forward, reverse, turning), 
which penalizes unnecessary transitions that may increase control dif-
ficulty and energy loss. The weights 𝛼1, 𝛼2, 𝛼3 are used to balance these 
objectives.

The above costs can be further defined as: 

𝑚𝑎𝑥_𝑑 = max
1≤𝑘≤𝑚

𝑛
∑

𝑖=1

𝑛
∑

𝑗=1
𝑑𝑖𝑗𝑥

𝑘
𝑖𝑗 , (3)

𝑎𝑙𝑙_𝑑 =
𝑚
∑

𝑘=1

𝑛
∑

𝑖=1

𝑛
∑

𝑗=1
𝑑𝑖𝑗𝑥

𝑘
𝑖𝑗 , (4)

𝑠𝑤 =
𝑚
∑

𝑘=1

𝑛
∑

𝑖=1

𝑛
∑

𝑗=1
𝑐𝑖𝑗𝑥

𝑘
𝑖𝑗 , (5)

where 𝑑𝑖𝑗 represents the calculated distance cost from task 𝜋𝑖 to task 
𝜋𝑗 , 𝑐𝑖𝑗 represents the motion-mode switching cost from task 𝜋𝑖 to task 
𝜋𝑗 .

In summary, the multi-objective optimization problem of task as-
signment can be formulated as follows: 

min 𝛼1 ⋅ 𝑚𝑎𝑥_𝑑 + 𝛼2 ⋅ 𝑎𝑙𝑙_𝑑 + 𝛼3 ⋅ 𝑠𝑤, (6)

Subject to: 
𝑚
∑

𝑘=1

𝑛
∑

𝑖=1

𝑛
∑

𝑗=1
𝑥𝑘𝑖𝑗 = 𝑛, (7)

𝑚
∑

𝑘=1
𝑦𝑘𝑗 = 1, ∀𝑗, (8)

𝑛
∑

𝑥𝑘𝑖𝑗 = 𝑦𝑘𝑗 , ∀𝑗, 𝑘, (9)

𝑖=1

3 
𝑛
∑

𝑗=1
𝑥𝑘𝑖𝑗 = 𝑦𝑘𝑖, ∀𝑖, 𝑘, (10)

where constraint (7) requires the robots to complete all tasks, constraint 
(8) ensures that each task is performed by a robot, and constraints (9) 
and (10) ensure that only one robot performs each task.

2.3. Path planning problem analysis and modeling

Path planning aims to generate optimal, collision-free trajectories 
for multiple robots, ensuring they reach their task points safely. This 
study models the environment as a grid-based map, treating fixed 
infrastructure as impassable and planning robot movements within 
navigable areas.

Specifically, in a shared, bounded 2D confined space  with im-
passable regions , where each obstacle 𝑜 ∈  is a closed subset of 
 . The free workspace for multiple robots is 𝐹 = ∖, and the area 
occupied by each robot is  (

𝑟𝑘
)

. For robot 𝑟𝑘, the starting point 𝐬𝑖𝑘
of task 𝜋𝑖 is either its initial position or the endpoint of its previous 
task, while the endpoint 𝐠𝑖𝑘 is the start of the next task or the final 
destination. The planned path from the initial position to the final task 
point is represented as 𝐩𝑘 =

{

𝐳1𝑘, 𝐳
2
𝑘,… , 𝐳𝑡𝑘𝑘

}

, where 𝐳𝑡𝑘 =
[

𝑥𝑡𝑘, 𝑦
𝑡
𝑘, 𝜃

𝑡
𝑘
]T

denotes the state of robot 𝑟𝑘 at time 𝑡, and 𝑡𝑘 is the time step when 
robot 𝑟𝑘 reaches the final task point. The final trajectory 𝑘 is a time-
parameterized path 𝐩𝑘(𝑡). Under the kinematic constraints defined by 
Eq. (1), each robot 𝑟𝑘 must travel from its initial task point to its final 
destination while avoiding collisions with obstacles and other robots. 
The associated constraints are expressed as follows: 
𝐳1𝑘 = 𝐬1𝑘, 1 ≤ 𝑘 ≤ 𝑚, (11)

𝐠𝑖𝑘 = 𝐬𝑖+1𝑘 , 1 ≤ 𝑘 ≤ 𝑚, 1 ≤ 𝑖 ≤ 𝑛 − 1, (12)

𝐳𝑡𝑘𝑘 = 𝐠𝑛𝑘, 1 ≤ 𝑘 ≤ 𝑚, (13)

(𝐩𝑘(𝑡)) ∩ 𝑜 = ∅, 1 ≤ 𝑘 ≤ 𝑚, 0 ≤ 𝑡, 𝑜 ∈ , (14)

(𝐩𝑘(𝑡)) ∩(𝐩𝑝(𝑡)) = ∅, 1 ≤ 𝑘 ≠ 𝑝 ≤ 𝑚, 0 ≤ 𝑡, 𝑜 ∈ . (15)

3. Methods

In this section, we propose a hierarchical scheduling framework for 
4WIDS robots in confined environments (see Fig.  2). Comprising a task 
assignment layer and a path planning layer, the framework enables 
seamless multi-robot collaboration. 

3.1. Task assignment method

Considering the efficiency of bio-inspired methods in high-dimen-
sional, multi-constraint scenarios, we enhance the conventional PSO 
by refining encoding/decoding, proposing a precise fitness function, 
and integrating an adaptive update strategy with GA optimization. The 
pseudocode of the proposed adaptive particle swarm genetic algorithm 
(APSGA) is shown in Alg. 1.

To streamline encoding and decoding, we adopt an integer encoding 
scheme where each particle represents a task assignment strategy. Each 
particle consists of 𝑛 dimensions corresponding to tasks, which are 
evenly distributed among 𝑚 robots. Given the number of robots 𝑚 and 
task dimensionality 𝑛, we determine task assignment and execution 
order. Fig.  3 illustrates the encoding and decoding process.

To assess task assignment quality, we define a multi-objective op-
timization function as the fitness metric for particle positions. Given 
the spatial constraints and mode-switching requirements in confined 
environments, the A* search algorithm sequentially computes the dis-
tance from the robot’s start position to each task point. Motion-mode 
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Fig. 2. Hierarchical scheduling framework for multi-robot systems.
Algorithm 1 An Adaptive Particle Swarm Genetic Algorithm for Task 
Assignment.
Require: Task information, robot position, basic parameters.
Ensure: Task assignment result . 
1: Initialize particle position 𝑥𝑑𝑖,0 and velocity 𝑣𝑑𝑖,0; 
2: Calculate fitness 𝑖,0 by Equ. (2); 
3: Determine global best 𝑔𝑑𝑏𝑒𝑠𝑡 and local best 𝑝𝑑0,𝑏𝑒𝑠𝑡; 
4: 𝑡 ← 1; 
5: while 𝑡 ≤ 𝑇  do 
6: for 𝑖 ← 1 to 𝑁 do 
7: Update particle position 𝑥𝑑𝑖,𝑡+1 by Equ. (16); 
8: Update particle velocity 𝑣𝑑𝑖,𝑡+1 by Equ. (16);
9: end for
10: Crossover and Mutation; 
11: for 𝑖 ← 1 to 𝑁 do 
12:  Recalculate fitness 𝑖,𝑡 by Equ. (2); 
13:  Update global best 𝑔𝑑𝑏𝑒𝑠𝑡 and local best 𝑝𝑑0,𝑏𝑒𝑠𝑡; 
14: end for 
15: Adjust parameters by Equ. (18) and (20); 
16: 𝑡 ← 𝑡 + 1;
17: end while
18: Decode the global best position 𝑔𝑑𝑏𝑒𝑠𝑡; 
19: return ;

Fig. 3. Coding and decoding criteria of particle swarm.

switching costs are estimated based on orientation angle differences 
between the start point and the first task and between consecutive tasks 
in the execution sequence. As a minimization problem, a lower fitness 
value indicates a more optimal task assignment scheme.

When updating particle velocity and position in the PSO process, if 
a non-integer value appears in a dimension of the computed position, 
its rounding direction is probabilistically determined by its proximity to 
the two nearest integers. The velocity and position update, along with 
4 
the rounding process, is as follows: 
⎧

⎪

⎨

⎪

⎩

𝑣𝑑𝑖,𝑡+1 = 𝜔𝑣𝑑𝑖,𝑡 + 𝑐1𝑟1
(

𝑝𝑑𝑖,𝑏𝑒𝑠𝑡 − 𝑥𝑑𝑖,𝑡
)

+ 𝑐2𝑟2
(

𝑔𝑑𝑏𝑒𝑠𝑡 − 𝑥𝑑𝑖,𝑡
)

,

𝑥𝑑𝑖,𝑡+1 = 𝑥𝑑𝑖,𝑡 + 𝑣𝑑𝑖,𝑡,
(16)

⎧

⎪

⎨

⎪

⎩

𝑃𝑑𝑜𝑤𝑛 = ⌈𝑥𝑑𝑖,𝑡+1⌉ − 𝑥𝑑𝑖,𝑡+1,

𝑃𝑢𝑝 = 𝑥𝑑𝑖,𝑡+1 − ⌊𝑥𝑑𝑖,𝑡+1⌋,
(17)

where 𝑥𝑑𝑖,𝑡 =
(

𝑥1𝑖,𝑡, 𝑥
2
𝑖,𝑡,… , 𝑥𝑑𝑖,𝑡

)

 and 𝑣𝑑𝑖,𝑡 =
(

𝑣1𝑖,𝑡, 𝑣
2
𝑖,𝑡,… , 𝑣𝑑𝑖,𝑡

)

 denote the 
position and velocity of the 𝑖th particle at iteration 𝑡. The local and 
global best positions are given by 𝑝𝑑𝑖,𝑏𝑒𝑠𝑡 =

(

𝑝1𝑖,𝑏𝑒𝑠𝑡, 𝑝
2
𝑖,𝑏𝑒𝑠𝑡,… , 𝑝𝑑𝑖,𝑏𝑒𝑠𝑡

)

 and 
𝑔𝑑𝑏𝑒𝑠𝑡 =

(

𝑔1𝑏𝑒𝑠𝑡, 𝑔
2
𝑏𝑒𝑠𝑡,… , 𝑔𝑑𝑏𝑒𝑠𝑡

) respectively. Here, 𝑟1 and 𝑟2 are uniformly 
distributed in [0, 1], 𝜔 is the inertia weight, and 𝑐1, 𝑐2 are learning 
factors, 𝑃𝑑𝑜𝑤𝑛 and 𝑃𝑢𝑝 represent the probabilities of rounding down and 
up, respectively.

To prevent premature convergence to local optima and enhance 
the search efficiency for the global optimum, the inertia parameter 
and learning factors are adaptively adjusted based on the iterative 
evolution process and particle aggregation degree. As shown in Fig. 
4, leveraging the strengths of the particle swarm genetic algorithm 
(PSGA), particles from the current population are randomly paired dur-
ing the crossover and mutation stages to form 𝑁∕2 parent pairs. Two 
random fragments are exchanged for each pair to generate offspring 
particles, which undergo mutation with predefined probabilities. If a 
particle contains duplicate values in different dimensions (representing 
redundant task assignments), one duplicate is randomly removed, and 
an unassigned task is selected to maintain task integrity. The adaptive 
particle adjustment process is as follows: 

𝜔 = 𝜔𝑚𝑎𝑥 −
(𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛) ⋅ 𝑡

𝑇
+ 𝛾

𝐹𝑔,𝑡

𝐹𝑎,𝑡
, (18)

𝐹𝑎,𝑡 =
1
𝑁

𝑁
∑

𝑖=1
𝐹𝑖,𝑡, (19)

⎧

⎪

⎨

⎪

⎩

𝑐1 = 𝑐𝑚𝑎𝑥 −
(𝑐𝑚𝑎𝑥−𝑐𝑚𝑖𝑛)𝑡

𝑇 ,

𝑐2 = 𝑐𝑚𝑖𝑛 +
(𝑐𝑚𝑎𝑥−𝑐𝑚𝑖𝑛)𝑡

𝑇 ,
(20)

where 𝜔𝑚𝑎𝑥 and 𝜔𝑚𝑖𝑛 denote the upper and lower bounds of the inertia 
weight, respectively; 𝑇  represents the maximum number of iterations; 
𝑁 is the total number of particles; 𝐹𝑔,𝑡 is the fitness of the global 
best position at iteration 𝑡; 𝐹𝑎,𝑡 is the average fitness of the swarm at 
iteration 𝑡; and 𝛾 is the particle aggregation coefficient.
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Fig. 4. Diagram of the particle cross-mutation process.

3.2. Path planning method

Building on task assignment results, we propose an enhanced
conflict-based search algorithm incorporating motion constraints in 
confined environments. This method extends the traditional conflict-
based search by considering the 4WIDS robot’s shape and multiple 
motion modes, while adaptive heuristic weights accelerate the search 
process. The pseudocode is shown in Alg. 2.

Algorithm 2 An Enhanced Conflict-Based Search Algorithm for Path 
Planning.
Require: Map and task information, robot location, and robot 

kinematics model.
Ensure: Conflict-free paths for each robot. 
1: Initialize binary body conflict tree OPEN=∅, root node 

𝑁0.𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 = ∅; 
2: 𝑁0.𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛, 𝑁0.𝑐𝑜𝑠𝑡 ← Lower-level_search; 
3: OPEN ← 𝑁0; 
4: while OPEN != ∅  do 
5: 𝑁 ← 𝑚𝑖𝑛𝑐𝑜𝑠𝑡 𝑁 , ∀𝑁 ∈ OPEN ; 
6: OPEN← OPEN⧵N; 
7:  ← search for first body conflict in 𝑁 .path; 
8: if (=∅) then 
9: return 𝑁.𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛;
10: else 
11: for  in 𝑁.𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 do 
12: 𝑁 ′ ← 𝑁 ; 
13: 𝑁 ′.𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 ← conflict robot constraints; 
14: 𝑁 ′.𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 ← Lower-level_search; 
15: if (𝑁 ′.𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 != ∅) then 
16: OPEN ← 𝑁 ′;
17: end if
18: end for
19: end if
20: end while

At the lower level, we integrate A* with robot kinematics, using 
motion primitives as state nodes while considering mode-switching 
costs. The 𝑔, ℎ, and 𝑓 functions retain the traditional A* structure but 
incorporate kinematic constraints across different motion modes. In the 
cost function 𝑔, steering, and mode-switching penalties are introduced. 
For ℎ, we use heuristic costs that account for non-holonomic constraints 
in obstacle-free areas and holonomic constraints when obstacles are 
present. The heuristic function holistically considers the Reeds-Shepp 
path length at the endpoint, the Manhattan distance to the goal, and 
the shortest A* path from the current node. Additionally, to minimize 
mode switching and driving space, the orientation difference between 
the current position and the goal is included in ℎ. The high-level stage 
5 
Table 1
Algorithm parameter setting.
 Parameters Value 
 The number of particles 𝑁 30  
 The maximum number of iterations 𝑇 200  
 The maximum value of learning factors 𝑐𝑚𝑎𝑥 2.5  
 The minimum value of learning factors 𝑐𝑚𝑖𝑛 0.5  
 The maximum value of inertia weight 𝜔𝑚𝑎𝑥 1  
 The minimum value of inertia weight 𝜔𝑚𝑖𝑛 0  
 The particle aggregation coefficient 𝛾 0.2  
 The turning penalty factor 𝜆𝑡𝑢𝑟𝑛 2  
 The motion mode switch penalty factor 𝜆𝑠𝑤𝑖𝑡𝑐ℎ 3  

detects conflicts in planned paths and iteratively imposes constraints 
for replanning until all paths are conflict-free.

Building on this, the algorithm checks whether the current node 
is near the endpoint. If so, it generates rectilinear and transverse 
Reeds-Shepp curves to compute a path to the endpoint, ignoring static 
obstacles. If the generated path is collision-free, it is considered feasi-
ble. To enhance path-solving speed in confined spaces, the algorithm 
introduces an adaptive heuristic weight 𝜉, which adjusts based on 
the robot’s position relative to the target. This balances the trade-
off between optimality and computational efficiency. The calculation 
formula is as follows: 
𝑔(𝑠) = 𝑔(𝑠𝑓 ) + 𝜆𝑡 ⋅ 𝑑(𝑠𝑓 , 𝑠) + 𝜆𝑠𝑤 ⋅ 𝑑(𝑠𝑓 , 𝑠), (21)

ℎ(𝑠, 𝑠𝑔) = max
(

ℎ𝑟𝑠(𝑠, 𝑠𝑔), ℎ𝑜(𝑠, 𝑠𝑔), ℎ𝐴∗ (𝑠, 𝑠𝑔)
)

+ ℎℎ(𝑠, 𝑠𝑔), (22)

𝑓 (𝑠, 𝑠𝑔) = 𝑔(𝑠) + 𝜉 ⋅ ℎ(𝑠, 𝑠𝑔), (23)

where 𝑓 (𝑠, 𝑠𝑔) denotes the total cost from the start to the goal position, 
𝑔(𝑠) denotes the accrued cost, and ℎ(𝑠, 𝑠𝑔) denotes the estimated cost 
to the goal; 𝑔(𝑠𝑓 ) is the parent’s cumulative cost, 𝑑(𝑠𝑓 , 𝑠) denotes the 
distance cost to the parent, 𝜆𝑡 and 𝜆𝑠𝑤 denote the turning and mode-
switch penalties respectively, while the heuristics ℎ𝑟𝑠(𝑠, 𝑠𝑔), ℎ𝑜(𝑠, 𝑠𝑔), 
ℎ𝐴∗ (𝑠, 𝑠𝑔), and ℎℎ(𝑠, 𝑠𝑔) correspond to the Reeds-Shepp curve length, 
Manhattan distance, A* distance, and orientation cost, with the weight 
𝜉 balancing optimality (𝜉 = 1) against computational speed (𝜉 > 1).

4. Simulation

To validate our proposed algorithm, we conducted a simulation in 
a confined warehouse environment to evaluate both the hierarchical 
scheduling algorithms and to examine the impact of robot and task 
quantities on overall operational performance.

4.1. Implementation details

In our study, we designed the experimental environment illustrated 
in Fig.  5. The scene spans 100 m by 60 m and features 18 shelf 
obstacles, each measuring 35 m by 1.5 m. The robots have dimensions 
of 2 m by 3 m and a minimum turning radius of 3 m. The algorithm 
parameters were determined based on real-world conditions (see Table 
1). Simulations were conducted on a Ubuntu 20.04 PC with an AMD 
Ryzen 7 3700X processor and 16 GB of RAM. Additionally, we recorded 
the average and optimal fitness values during the task assignment 
process, the farthest, average, and total travel distances, and the total 
cost during the path planning process.

4.2. Path planning algorithm verification

To evaluate the effectiveness of our path-planning method, we 
conducted experiments with 4, 8, 12, and 16 robots. In each experi-
ment, the robots were deployed from both sides of a narrow corridor, 
with target positions randomly assigned along its midpoint. Given 
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Fig. 5. Path planning results for 16 robots. (a) Position status of 16 robots at 0 s (robots are represented by filled color squares, and their corresponding target positions are 
hollow boxes of the same color with target numbers labeled). (b) Position status of 16 robots at 8 s. (c) Position status of 16 robots at 18 s. (d) Position status of 16 robots at 
36 s.
Fig. 6. Simulation results for path planning under different scenarios. (a) Solution time for path planning. (b) The farthest travel distance. (c) Total cost of path planning.
the specificity of the application scenario, research on 4WIDS robots 
incorporating kinematic constraints is relatively scarce. Consequently, 
we focused on testing various heuristic weight factors. Each scenario 
was repeated 30 times. Fig.  5 displays the planned paths for 16 robots, 
while Fig.  6 illustrates the simulation results across different scenarios.

As shown in Fig.  5, 16 robots start from their initial positions, 
navigate around obstacles and other robots, and employ diverse motion 
modes to successfully reach their designated targets. Throughout this 
process, no collisions or deadlocks occurred, demonstrating the effec-
tiveness of the path-planning solution for multi-robot navigation in a 
confined space. However, due to the heuristic weight factors used to 
accelerate the solution process, some paths deviate from the optimal 
trajectory.
6 
As shown in Fig.  6, solution time and total cost rise significantly as 
the number of robots increases. For scenarios with 12 and 16 robots, 
an optimal complete solution cannot be obtained within 100 s in a con-
fined environment. Since target positions are randomly assigned, the 
number of robots minimizes the maximum travel distance. However, 
total cost varies considerably depending on the heuristic weight factors. 
Smaller weights keep the total cost close to the optimal solution, 
while larger weights increase costs but significantly reduce solution 
time. The proposed adaptive heuristic weight method sacrifices a small 
amount of solution quality to reduce runtime, substantially balancing 
cost and efficiency. For instance, in the scenario with 8 robots, the 
total cost increases by only 3.2%, while the solution time decreases 
by 82.5% compared to the optimal complete solution, demonstrating 
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Table 2
Simulation results of the hierarchical scheduling algorithm under different scenarios.
 Scenarios
(robots-tasks)

Method Average
fitness

Optimal
fitness

The farthest
travel distance (m)

Average travel 
distance (m)

Total travel
distance (m)

Total cost  

 

4–12

NTA – – 189.63 164.77 659.08 1526.28  
 PSO 587.25 549.56 124.92 119.24 476.98 801.03  
 GA 620.10 556.56 122.61 118.58 474.32 789.90  
 PSGA 560.47 546.56 134.93 120.21 480.85 749.83  
 APSGA 557.14 546.56 132.24 112.21 448.82 713.57  
 

4–16

NTA – – 262.97 220.14 880.55 1767.01  
 PSO 833.02 784.84 184.40 157.61 630.45 1249.32  
 GA 858.72 820.56 196.06 185.92 743.66 1409.43  
 PSGA 752.03 699.57 164.35 158.02 632.10 1267.73  
 APSGA 746.10 699.57 170.41 144.69 578.76 934.59  
 

8–16

NTA – – 148.92 99.33 794.64 1642.44  
 PSO 728.20 629.85 96.76 76.65 613.20 1200.89  
 GA 745.98 659.85 100.52 77.34 618.72 1287.89  
 PSGA 642.60 599.85 88.10 70.87 566.96 960.95  
 APSGA 632.63 599.85 78.40 67.40 539.20 941.61  
Fig. 7. Simulation results of different algorithms for the same robots performing 
different tasks. (a) The result of average travel distance. (c) The result of the total 
cost.

Fig. 8. Simulation results of different algorithms for different robots performing the 
same tasks. (a) The result of average travel distance. (c) The result of the total cost.

the effectiveness of the adaptive heuristic weight approach in complex 
confined environments.

4.3. Hierarchical scheduling algorithm verification

To validate the effectiveness of the scheduling method, simula-
tions were conducted with 4 and 8 robots performing multiple tasks 
in a predefined environment. We compared five approaches: no-task 
assignment (NTA), PSO, GA, PSGA, and our APSGA, all integrated 
with the proposed path planning algorithm. To reduce the influence 
of algorithmic randomness, each method was tested 20 times, with one 
solution randomly selected for path planning. The simulation results 
are presented in Table  2.

As shown in Table  2, a well-designed task assignment strategy sig-
nificantly enhances various performance metrics compared to random 
task assignment. In the complex scenario we designed, neither PSO nor 
GA achieved the optimal solution within 20 trials. However, by com-
bining PSO’s fast convergence with GA’s ability to escape local optima, 
PSGA successfully identified the optimal solution within 20 experi-
ments. Moreover, APSGA, incorporating adaptive parameter tuning, 
further improves solution quality. Compared to PSO, GA, and PSGA, 
7 
APSGA reduces the average fitness value by 9.6%, 12.8%, and 1.0%, 
respectively, across 20 trials. This indicates that APSGA is the most 
effective at obtaining optimal solutions, ensuring a more efficient and 
high-quality task assignment strategy. Based on the assigned tasks, the 
proposed hierarchical scheduling algorithm demonstrates substantial 
advantages in travel distance and total cost during route execution. 
Notably, it achieves significant cost reductions, lowering the average 
total cost by 47.7%, 19.2%, 23.4%, and 11.0% compared to NTA, PSO, 
GA, and PSGA, respectively.

4.4. Impact of robot and task quantity on operational performance

To further validate the advancement of our algorithm in managing 
varying numbers of robots and tasks, we designed scenarios in which 
robots executed different task quantities and distributed the same 
number of tasks among different robots. Relevant data were recorded 
and shown in Figs.  7 and 8.

Performance indicators for 4 robots executing tasks are shown in 
Fig.  7. As the number of tasks increases, the average travel distance and 
total cost also rise. Beyond evaluating task assignment schemes, these 
metrics reflect mode switching, detours, and waiting times due to path 
conflicts. When executing 8 tasks, the PSO-based scheme achieves the 
lowest total cost, while for 12 tasks, the GA-based scheme shows an 
average travel distance comparable to APSGA. All approaches signifi-
cantly outperform scenarios without task assignment. Notably, APSGA 
almost consistently delivers the best results. When the number of tasks 
increases from 4 to 16, the total cost savings of the proposed method 
over random assignment rise from 36.3% to 47.1%, demonstrating 
that APSGA’s advantage becomes more significant as task complexity 
increases.

With 8 and 16 tasks assigned to varying numbers of robots, the 
simulation results are shown in Fig.  8. In simpler scenarios, increasing 
the number of robots reduces total cost. However, as task complexity 
grows, the total cost for 4 robots handling 16 tasks becomes comparable 
to 8 robots performing the same tasks. This is due to congestion in 
confined spaces, which efficient task assignments can mitigate but 
not fully eliminate. Therefore, while a moderate increase in robots 
enhances efficiency and resource utilization, potential conflicts and 
congestion must be carefully managed.

5. Experimental

To validate our multi-robot scheduling framework, we performed 
an engineering implementation of the proposed algorithm and con-
ducted real-world tests at the Ro-Ro terminal of Yantai Port. The 
high-density parking configuration (30 cm front-rear and 70 cm lateral 
spacing) severely restricts mobility. The 4WIDS robots, designed for 
high-speed and heavy-load operations, enable flexible movement in 
confined spaces, making them well-suited for this environment.
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Fig. 9. Experimental conditions. (a) Port actual scene. (b) The robot straddles vehicles. 
(c) Transfer robot.

Table 3
Motion parameters of transfer robot.
 Description Values  
 Robot weight 6 t  
 Robot length × width × height 6 m × 3 m × 2.8 m 
 Robot wheelbase 5.43 m  
 Maximum traveling speed 25 km∕h  
 Maximum turning angular velocity 0.57 rad∕s  
 Maximum acceleration 2.31 m∕s2  
 Maximum deceleration 1.16 m∕s2  
 Robot steering angle 360◦  

5.1. Experimental condition

The autonomous transfer system for Ro-Ro terminal commercial 
vehicles comprises a port production task control system, a cloud 
scheduling system, and a robot execution system. The port production 
task control system oversees port operations and formulates transfer 
tasks, which the cloud scheduling system processes to allocate tasks 
and generate paths for multiple robots. The robot execution system then 
follows these paths to transfer vehicles efficiently.

Our method was deployed on the cloud scheduling system running 
on two high-performance servers (32-core CPUs, 128 GB RAM, 10 TB 
storage), with a modular design ensuring seamless integration with the 
robot execution layer. Due to ongoing production tasks at the site, 
testing faced constraints such as manual scheduling, safety protocols, 
and equipment coordination, where even minor errors could cause 
costly collisions. Therefore, we conducted only the engineering imple-
mentation and on-site testing of the proposed algorithm. To ensure 
stable system operation and safety in real-world conditions, the de-
ployed version adopts a more conservative obstacle avoidance strategy, 
restricts vehicle motion to a predefined safe road network, and takes 
into account the actual operational characteristics of the robots.

The robot execution system includes a high-load electric straddle 
transfer robot with 4WIDS and clamping capabilities. It also features 
8 
Fig. 10. Experimental process of the transport robot. (a) Departure from the assembly 
point. (b) Sequential arrival at the yard pick-up area. (c) Execution of the pick-up 
operation. (d) Exit from the yard after vehicle pick-up. (e) Transport to the drop-off 
area for vehicle delivery. (f) Return to the pick-up area for the next operation.

a turntable sensing system (LiDAR and a visible-light camera) and a 
global positioning system. The experimental environment is shown in 
Fig.  9, with its robot’s basic motion parameters listed in Table  3.

5.2. Experimental scenario and result analysis

We used a pre-established road network map to verify the hierarchi-
cal scheduling algorithm’s effectiveness. The cloud scheduling system 
assigned tasks planned paths and coordinated three transfer robots to 
transfer commercial vehicles between two yards (200 m east–west, 
150 m north–south). The experimental process is shown in Fig.  10.

As shown in Fig.  10, after receiving tasks from the port production 
task control system, the three transfer robots depart from the assembly 
point pick-up area, retrieve vehicles, and proceed to the drop-off area 
before returning for the next cycle. The maximum transit speed is set 
at 2.5 m/s. No conflicts, collisions, or deadlocks occur throughout the 
transportation process, ensuring smooth execution as planned by the 
cloud scheduling system. To further evaluate coordination, we analyze 
a scenario where all three robots converge at an intersection, consid-
ering factors such as priority and speed adjustments, with trajectories 
and speeds depicted in Fig.  11.

Figs.  11(a) and 11(c) illustrate the spatiotemporal trajectories of 
three robots, with four instances of alignment along the X or Y axis. 
At these points, the minimum distances along the orthogonal axis were 
45.84 m, 10.69 m, 57.90 m, and 13.23 m, respectively, ensuring safe 
separation and no collisions. As shown in Fig.  11(b), velocity profiles 
indicate that at 20 s and 80 s, two robots briefly slowed to 0.8 m/s 
when converging at a narrow junction, before accelerating toward their 
targets after clearing the zone. These results confirm that the cloud-
based scheduling system successfully allocated tasks from the port’s 
production control system and generated safe, collision-free trajecto-
ries well-suited to real-world constraints. All robots accurately fol-
lowed their planned paths and completed tasks, validating the proposed 
framework’s practical effectiveness.
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Fig. 11. Response curves of three robots at the same intersection under hierarchical 
scheduling. (a) Trajectories. (b) Speed curves. (c) X- and Y-coordinate trajectories.

6. Conclusion

This paper presents a hierarchical scheduling method for multi-
robot systems in complex, confined environments utilizing 4WIDS 
robots. At the task assignment layer, the adaptive update strategy is 
combined with GA optimization to improve the classical PSO algorithm 
and solve the task assignment problem more effectively. At the path 
planning layer, an improved conflict-aware path planning algorithm 
is proposed, combining motion mode switching and adaptive heuristic 
weight factors to accelerate the search process. The proposed method 
is validated through high-fidelity simulations, analyzing the impact of 
robot and task quantity on operational performance. Simulation results 
demonstrate that, compared to NTA, PSO, GA, and PSGA, the proposed 
approach reduces the average total cost by 47.7%, 19.2%, 23.4%, 
and 11.0%, respectively, highlighting its effectiveness and superiority. 
Furthermore, the framework has been tested at the Ro-Ro terminal at 
Yantai Port, verifying its feasibility in real-world multi-robot systems.

Future work will optimize task assignment by assigning more tasks 
to specific robots based on task distribution and location, further reduc-
ing costs and improving efficiency. Additionally, we plan to integrate 
distributed multi-robot navigation methods to enable real-time trajec-
tory replanning, allowing robots to dynamically adapt to unknown 
environmental obstacles.
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