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Abstract—Automatic guided vehicle (AGV) is the mobile 

robot widely used in the industry, and multiple AGVs are 

usually involved for industrial intelligence. Path planning for 

multi-AGV is essential for automatic transportation, and we 

propose a swarm-based approach that is inspired by biological 

subjects. The dynamic virtual leader is assigned for updating the 

locations and angles for the Leader-Vicsek-Model, and multiple 

agents are assigned through the centralized approach while the 

path planning is achieved through the decentralized method. 
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I. INTRODUCTION 

Mobile robots have many commercial and industrial 
applications with the development of automatic technologies. 
They are applied to the industry for the development of 
intelligent logistics, industrial intelligence, and intelligent 
factories [1, 2]. The implementation of Automated Guided 
Vehicles (AGVs) results in increasing significance to 
improve transportation efficiency with less cost [1, 3, 4]. 
AGVs for industry comprise towing vehicles, unit load 
vehicles, pallet trucks, and forklift [5]; for production, AGV 
can improve safety and decrease labor costs in a production 
environment for the high demands [6, 7]. 

AGVs are utilized in flexible production lines of modern 
manufacturing and integrated into automated intelligent 
control systems [5, 6, 8]. They can operate at high speeds to 
transfer products in a chaotic situation in warehouses. AGVs 
become essential parts of the servo handling system, logistics, 
warehousing system, and storage industry [6, 9]. They are 
employed in varying areas, such as distribution and material 
handing in manufacturing, transportation, and transshipment 
[10]. Detecting objects in the path and eliminating the 
problems automatically with sensors’ help can increase the 
adaptability and intelligence of AGVs [6].  

In this paper we provide a solution for multi-AGV path 
planning in the industry to optimize automatic transportation. 
The paper is organized as follows. Section II reviews the 
navigation methods of multi-AGV. Section III presents 
Leader-Vicsek-Model for multi-AGV path planning. Section 
IV demonstrates the experiment results to validate this 
solution, and we conclude this paper in Section V. 

II. RELATED WORK 

More and more AGVs are employed for warehouses to 
achieve the increasing delivery throughput requirements; 
therefore, it is typical for operating hundreds of AGVs in a 
warehouse [4]. Multi-AGV gained more attention in the 
robotics community in recent years to increase productivity 
and reduce cost in the industry. Multi-AGV path planning is 
the most significant factor to ensure the efficient flow of 
materials for production [11]. Completeness, optimality, and 
computational complexity are the basis of taxonomizing 
multi-robot motion planning methods [12]. Vehicle motion 
planning is difficult to solve for the general motion planning 
problem, especially when the number of degrees of freedom 
rises [13]. 

Furthermore, multi-objective optimization incorporates 
intelligent optimization methods such as swarm-based 
algorithms and evolution-based algorithms, and classical 
optimization algorithms like interactive methods, weighted 
sum methods, and Pareto-dominated methods [11]. 
Scheduling, dispatching, and touring of tasks are three issues 
in the multi-AGV path planning. The existing constraints in 
multi-AGV path planning are varying from time window 
constraints, collision-free constraints, and time/distance 
constraints [11].  

Coupled and decoupled are distinct multi-robot motion 
planning approaches. The coupled methods extend single-
robot motion planning algorithms [12]. For multi-AGV 
routing problems, the algorithms for a single AGV have been 
modified to avoid conflicts and improve efficiency. An 
improved A* algorithm and the dynamic rapidly exploring 
random trees (RRT) algorithm with kinematic constraints are 
proposed as a bi-level path planning algorithm to decrease the 
incidence of path conflicts [1]. Dijkstra algorithm is used to 
compute the paths, then the coordinator algorithm computes 
the reserved segments periodically, basing on the coordinator 
diagram [14]. Jump strategy and a distance factor are 
employed for an optimized artificial potential field (APF) 
algorithm, treating other agents as dynamic obstacles for 
collaborative path planning in dynamic space [15]. 

However, the path search occurs in composite 
configuration space for the multi-robot case; for relieving the 
computational load of coupled methods, the decoupled 
methods were introduced in [12]. Path planning and motion 



coordination are the compositions of the main motion 
planning for the multi-robot decoupled motion planning 
methods [12]. The decoupled multi-robot systems can be 
classified into two main categories: centralized and 
decentralized [4, 12].  

More precisely, decentralized approaches solve the 
complexity of large-scale problems for multi-robot 
coordinators directly. Each robot determines its paths and 
resolves conflicts autonomously by collecting information 
from other robots [4]. A multi-agent system eliminates the 
demands of a central decision-maker [16]. A Markov 
decision process (MDP) is involved in distributed deep 
reinforcement learning to model the environment [16]. 
Kinematic constraints are proposed with a distributed 
collaborative method to make a coverage decision for each 
agent on real-time local communications and sensing [17].  

Additionally, auction algorithms are widely used for 
solving multi-agent task assignments, such as the Consensus-
Based Auction algorithm (CBAA) and the Consensus-Based 
Bundle algorithm (CBBA) [18]. A mathematical model takes 
realistic features into account, including inaccuracy of the 
sensors and inertial effects, locality of communication and 
time delay [19]. Two decentralized control algorithms are 
proposed as a collective target tracking algorithm and a self-
propelled flocking model based on animal collective motion 
[19]. Another decentralized outdoor flocking and formation 
algorithm is modelling for a stable group in an error-prone 
environment [20]. 

In contrast, centralized strategies involve a single 
decision-maker to plan the entire path for all robots, and its 
advantage is to find optimal solutions [4]. The primary task 
to perform assigned missions is computing dynamic path 
planning [21]. Single processing collects the information and 
plans path for each robot in the fleet with collision-free in the 
centralized method [12]. Serving a set of workstations by 
multiple AGVs can be achieved by a central management 
system that schedules the paths and assigns tasks [10]. A 
global path planning method and the artificial potential fields 
are exploited for a mobility model for swarms [21]. 

Dynamic network flow optimization (DNFO) achieves 
path planning and dynamic task assignment by coming to a 
velocity synthesis approach and self-organizing map neural 
network [22]. Potential field method and Mixed-integer 
linear programming are presented for task assignment and 
path planning when threats exist [23]. A Mixed-integer 
optimization problem can also model the time assignment 
problem as a hybrid metaheuristic optimization algorithm 
[24]. Path planning and vehicle routing problems are two NP-
hard problems. Global optimization is applied the A* 
algorithm with images, satisfying the capacity constraint, and 
using a fuzzy-based genetic algorithm to consider the fuzzy 
workstation demands and travel distances [10].  

A centralized motion coordination controller implements 
the prioritized coordination algorithm to ensure the blockage-
free and collision-free motion of multi-AGV [12]. The new 
genetic algorithms minimize the total path distance for AGVs 
and each AGV path distance through the heuristic crossover 
operator approach [11]. Its steps comprise genetic coding, 
fitness function, population selection, selection action, matrix 
decoding, and crossover operation [11]. K-Partite graph and 
a Quad-tree are for optimizing the overall mission goal and 
individually assign the agents tasks [25]. 

The path planning search space can be decreased by a 
multi-layer structure world representation [4]. Prioritized 
schemes can perform path planning strategies, and priority-
based motion planning is a prominent multi-robot motion 
planning approach, assigning a priority value for each robot 
[4, 12]. The multi-layer centralized optimized strategy 
contains the A* algorithm in the first layer, and it is 
implemented with onboard odometry and processor, WIFI 
networking capabilities, and an RGB-D sensor [4].  

Animal swarms exhibit various typical flocking patterns, 
and these universal patterns enable them to be reconstructed 
with agent-based models efficiently [19]. Many-particle 
systems demonstrate a complex cooperative behavior during 
phase transition [26]. Viscous flows, aggregation, or 
biological pattern formation are exhibited to scale the related 
dynamic and geometrical quantities for nonequilibrium 
processes [26]. A simple rule and random fluctuations 
determine the velocity of the particles in nonequilibrium 
systems, and the Vicsek model investigates transport, 
clustering, and phase transition for nonequilibrium systems 
[26]. Vicsek model is expanded to allow for cohesion by an 
attraction/repulsion pairwise interaction, vary the polarity of 
the particles, and consider the ambient fluid [27]. A 
decentralized control framework for outdoor flocking and 
formation algorithm is with bio-inspiration based on 
statistical modelling of animal swarms [20]. 

Formation control algorithms enable multiple vehicles to 
follow the predefined paths in the particular motivating 
application for mission planning and execution [28]. A 
consensus-based cooperative formation strategy is capable of 
collision avoidance [29]. Flocking, formation control and 
path-following are implemented in a decentralized 
architecture while centralized in principle [28]. Stigmergy, 
flocking, and evolution are three biologically inspired 
processes of a novel coordination algorithm designed for 
distributed swarming target localization with environment 
adaptation and self-coordination [30]. Dynamic priority maps 
are used for controlling the swarm [31]. Most flocking 
algorithms rely on information from neighboring agents and 
assume one virtual leader, while a flocking algorithm is 
designed to follow multiple virtual leaders [32].  

Besides, for metaheuristic optimization algorithm, 
evolutionary algorithms and swarm intelligence algorithms 
are applied to solve the path planning problem in a feasible 
time [24, 33]. Angle-encoded particle swarm optimization 
accelerates the swarm convergence with position and angular 
velocity [34]. The particle swarm optimization (PSO) and the 
genetic algorithm consider the dynamic properties of vehicles 
in a parallel programming paradigm [35]. PSO involves the 
available computation time to solve the 4D path planning 
problem by detecting conflicts [36]. Parallelized Ant Colony 
Optimization (ACO) algorithm accelerates ACO and can deal 
with complex tasks [33].  

From the literature, distinct multi-robot motion planning 
includes coupled and decoupled approaches. For reducing the 
computational load for multi-AGV system, the decoupled 
approaches are proposed, and they can be classified into 
centralized and decentralized methods. Most swarm-based 
algorithms and evolution-based algorithms are bio-
inspiration, and we consider biological pattern for developing 
the new algorithm. This paper proposes Leader-Vicsek-
Model combine the advantages of centralized and 
decentralized methods; a decision-maker assigns a virtual 



leader and groups to the AGVs, while each AGV determines 
its path and achieves collision-avoidance by collecting data 
from other robots. 

III. LEADER-VICSEK-MODEL 

A. Description of Leader-Vicsek-Model 

The Vicsek model aims to move the particles in the same 
direction as their neighbor, following the biological pattern 
[26]. The Vicsek model generates the random direction while 
the destination has not been considered, so it is not suitable for 
path planning in the industry. This paper proposes a new 
multi-AGV path planning algorithm for commercial or 
industrial storage to collaborate the AGVs. It improves the 
Vicsek model, assigning the virtual leader to reach the exit and 
consider collision avoidance. 

The proposed algorithm is described in Figure 1. The 
storage map is built based on the industrial environment, then 
generate the collision-free area. Assigning the initial 
conditions of the Vicsek model and AGVs, and a virtual leader 
for the current swarm. For updating the angles and positions 
for multi-AGV, the average angle is calculated for the 
followers based on the radius. The angle is calculated for the 
leader until reaching the destination. 

Fig. 1. The multi-AGV path planning process 

The model for the AGV system is designed as follows and 
demonstrated in Figure 2. 

Fig. 2. The model for the AGV 

The equations for the kinetic model are listed as (1) – (5): 

������ = �� sin �����              (1) 

������ = �� cos �����              (2) 

����� = ���� − ∆�� + � � ∙ ���
��∆�        (3) 

����� = ���� − ∆�� + � �� sin ����� ∙ ���
��∆�  (4) 

����� = ���� − ∆�� + � �� cos ����� ∙ ���
��∆�    (5) 

 

where ������, ������ represents the location of the AGV, the 

angle ����� at time �, � is the angular velocity, � stands for 
the constant velocity, and the time step is ∆� for the AGV �. 

The improved Vicsek model applies the dynamic virtual 
leader for planning the path to achieve faster convergence, 
shorter path, and more accurate direction for reaching the 
destination. The virtual leader is dynamically generated when 
the number of AGVs in the current group changes. The 
equations for updating the locations and angles for follower-
AGV implement the traditional Vicsek model. Biological 
subjects are intended to move as their neighbourhood and 
spinning in the same direction for interaction [26]. The Vicsek 
model is shown in Figure 3, �� represents the location of the 
individual � , �  is the radius of interaction, and �  is the 
absolute velocity. 

Fig. 3. The Vicsek model  

The locations for AGVs are updated by (6), the angles for 
the virtual leader are calculating by (7) and updating the 
followers’ angles through (8). 

���� + ∆�� = ����� + �∆� �� ! "#���
!$% "#���& (6) 

���� + ∆�� = ����� +  (����  (7) 

���� + ∆�� = arctan 〈sin�"#����〉.
〈� !�"#����〉.

+  (���� (8) 

where (����  is the noise, the average direction 

arctan 〈!$%�������〉�
〈cos�������〉�

 is calculated based on the interaction 

range �, and the travel distance is �∆�. 

 

B. Implementation of Leader-Vicsek-Model 

1) Scenario of warehouse 
The warehouse map is generated through a real industrial 

warehouse by MATLAB, and it is shown in Figure 4. The 
three-dimensional storage system is applied for Area A to 
Area F, so the multi-AGV system is intended for outbound 
deliveries in the remaining areas highlighted by blue. 

2) Implementation of the model 
Implementation of the model divides into the following 

parts: 

Step 1 – Map generation 

Step 2 – Initial the model: set the time, timeslot, domain 
size, particle number, radius, and velocity (5 m/s). 

Step 3 – Initial the multi-AGV system: initial the locations 
and angles for AGVs. The AGVs are turned into the 
appropriate angles at first. The inappropriate angles will result 

 

 



in unnecessary path segments for AGVs to turn to the 
direction of the destination, which will increase the costs.  

Step 4 – Divide the particles into different areas based on 
their locations 

Step 5 – Get the virtual leader for each area, and the virtual 
leader is dynamic based on the location of AGVs and the 
direction of the destination. For example, when AGVs enter 
the different area, the system will assign them to the group 
located in the area and get a new virtual leader. 

Step 6 – Updating the location and angles for the leader 
and followers until they reach the destination. 

Fig. 4. The scenario of storage 

3) Data 
The locations and angles of the path planning approach are 

saved as Table 1: 

TABLE I.  EXAMPLE DATA 

Time 
Multi-AGV 

AGV 1 AGV 2 … AGV N 

�/ 

�0��/�
�0��/�
�0��/�

 

�1��/�
�1��/�
�1��/�

 … 

�2��/�
�2��/�
�2��/�

 

�0 

�0��0�
�0��0�
�0��0�

 

�1��0�
�1��0�
�1��0�

 … 

�2��0�
�2��0�
�2��0�

 

… … … … … 

�3 

�0��3�
�0��3�
�0��3�

 

�1��3�
�1��3�
�1��3�

 … 

�2��3�
�2��3�
�2��3�

 

 

IV. SIMULATION EXPERIMENT 

We use simulation to validate our Leader-Vicsek-Model 
through MATLAB. The velocity of AGVs is set to 5 m/s, the 
total number of particles is 15, and the timeslot is set to 1s. 

Figure 5 indicates the initial position of AGVs, which is 
generated in different areas. Figure 6, Figure 8 and Figure 9 
display the locations of AGVs in different time of Leader-
Vicsek-Model. In contrast, Figure 7 shows the locations 
generated by the Vicsek model to compare with our model. 

 

Fig. 5. t = 0 

Figure 6 demonstrates the locations of AGVs when � =
40. The particles are still in their initial group that is assigned 
through the interaction radius and the initial locations. Each 
group has its virtual leader in making AGVs achieve faster 
path planning. 

Fig. 6. t = 40 

Figure 7 demonstrates the locations of AGVs generated by 
the Vicsek model when � = 40. The initial conditions of the 
Vicsek model are the same as the Leader-Vicsek-Model. 
AGVs automatically move in the same direction as their 
neighbors in the defined radius while cannot consider 
avoiding the collision or the direction of the outbound 
deliveries. Some of the AGVs turned more than 360 degree, 
which results in more energy consumption. Some AGVs are 
outside the planned area or enter Area A to F, so the Vicsek 
model is not suitable for path planning in a warehouse. 

 

 

 

 



 

Fig. 7. t = 40 (Vicsek model) 

Figure 8 indicates the locations of AGVs when � = 70. 
The particles are in the same group with the same leader. Their 
updating angles are limited to 7� − 90, � + 909 where d is the 
direction of the virtual leader because their path is tended to 
have fewer turning in the current area, resulting in lower costs. 

Fig. 8. t = 70 

Figure 9 displays the locations of AGVs when � = 120 
and all AGVs completed outbound deliveries. 

Fig. 9.  t = 120 

V. CONCLUSION 

Leader-Vicsek-Model improves the Vicsek model by 
assigning a dynamic virtual leader and restricting the updating 
equations. The AGVs are assigned as different groups based 
on their initial locations. Each group has one virtual leader to 
direct the followers to the destination or close to the 
destination. Every angle is limited to 70,3609  to avoid 
unnecessary turning costs. When generating initial angles, the 
AGVs are turning into the appropriate angle based on the 
direction of their virtual leader.  

Initial of the model and the AGVs and assigning the AGVs 
into different groups are completed through a centralized 
method, while part of the path planning approach is 
decentralized. Each group only consider their neighbors, and 
the AGVs in one group are tended to move in the same 
direction in their interacting radius. When AGVs enter the 
area of a different group, they become the particles of the 
group and get a new virtual leader. 
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