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Abstract

This paper presents a hybrid evolutionary algorithm, cultural-particle swarm optimization (C-PSO), which is inspired
by the cultural algorithm and the particle swarm optimization algorithm. It is aimed to balance the performance of
exploration and exploitation and avoid trapping in the local optima. It introduces a probabilistic approach to update the
inertia weight based on the improved metropolis rule. Generating the optimal path without collisions is challenging to
ensure vehicles operate safely in real-time implementation. The contributions of C-PSO are to solve the path planning
problem of multiple vehicles in modern industrial warehouses, achieving task allocation, fault tolerance and collision
avoidance by a dual-layer framework. It was compared with the other algorithms, including PSO, PSO-GA, CA, HS,
ABC, HPSGWO, TS and MA, by CEC benchmark functions and statistical tests to demonstrate its great performance
with fewer iterations and runtime and the best solutions. It is validated through computational experiments, which
involve 15 AGVs and 20 tasks for demonstration.

Keywords: optimization, multiple robots path planning, PSO, CA, fault tolerance

1. Introduction

AGVs have played a significant role in modern man-
ufacturing systems due to safety and efficiency, provid-
ing low transportation and operation costs. Designing
an AGV system needs to consider routing, scheduling,
and layout (Xia et al., 2020). The transport control can
be treated as a single objective or multi-optimization
problem, considering the time required, total movement
costs, vehicle travel times and expected waiting times
etc. (Zhao et al., 2021). Multi-AGV systems have
been more common in warehouses than the single-AGV
counterparts, achieving efficiency and robustness of op-
erations (Zając and Małopolski, 2021).

For the multi-AGV system, path planning is the pri-
mary consideration for robot navigation. Path plan-
ning methods can be classified as classical approaches,
heuristic algorithms, bio-inspired algorithms and AI
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models (Lin et al., 2022). Most researchers utilize
bio-inspired algorithms to provide optimization results
to generate the near-optimal path because the algo-
rithms provide fast convergence and effective solutions.
The widely used bio-inspired algorithms include Parti-
cle Swarm Optimization (PSO) (Eberhart and Kennedy,
1995), Genetic Algorithm (GA) (Goldberg and Hol-
land, 1988), and Simulated Annealing (SA) (Steinbrunn
et al., 1997).

Ensuring that AGVs can operate safely and meet the
tasks’ requirements during online operation is challeng-
ing. Efficient multi-AGV path planning needs to man-
age the collisions and total consumed time and costs.
Also, lacking consideration of fault tolerance has been
the gap in path planning in the manufacturing system
(Lin et al., 2022). This research aims to provide solu-
tions for multi-AGV path planning, considering task al-
location and fault tolerance for better practice with the
developed Cultural-Particle Swarm Optimization (C-
PSO). PSO is chosen in this research because of its sim-
plicity and flexibility in solving optimization problems.

The proposed bio-inspired C-PSO for multi-AGV
path planning balances the exploration and exploitation
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for searching the solutions, and it avoids the algorithm
trapped in local optima to avoid the drawbacks of meta-
heuristic approaches. It implements probabilistic to ad-
just the search abilities. The dual-layer framework is
also designed as the controller of the multi-AGV sys-
tem to provide task allocation and fault tolerance. Its
main contributions are as below:

• A novel hybrid bio-inspired technique is proposed
based on improving the particle swarm optimiza-
tion algorithm with the inspiration of the cultural
algorithm and simulated annealing approach.

• The proposed algorithm implements a probabilistic
approach to adjust the inertia weight to balance the
local and global search abilities.

• It considers task allocation and fault tolerance dur-
ing the path planning for the multi-AGV system,
which achieves practical operation.

This paper describes a multi-AGV path planning
based on the hybrid meta-heuristic algorithm to enhance
search abilities and performance. It is organized as fol-
lows. Section 2 reviews the related work on multi-
AGV path planning. Section 3 introduces the cultural
algorithm, particle swarm optimization algorithm and
metropolis rule. Section 4 proposes C-PSO with a dual-
layer framework, and the experiment results are in Sec-
tion 5. It is concluded in Section 6.

2. Related work

Numerous algorithms can be used to solve multi-
robot path planning, including heuristic and bio-
inspired algorithms and AI-based approaches. Dead-
lock rises during the circular wait, with no pre-emption,
hold and wait, or mutual exclusion. To manage dead-
lock situations, deadlock detection and resolution and
deadlock avoidance are required (Zając and Małopol-
ski, 2021). Deadlock situations can be classified as
pursuing collision, cross-collision, loop deadlock, and
heading-on deadlock (Zhao et al., 2021). The deadlock
resolution methods consist of zone control, time win-
dows, and Petri-net according to traffic control strate-
gies (Zhao et al., 2021).

The time window is one of the most popular deadlock
resolution methods. The multi-AGV system in intelli-
gent warehousing uses the time window for task assign-
ment, and the A* algorithm finds the path in (Zhang
et al., 2018a). A dynamic routing method is applied
for multi-AGVs for supervisory control, and it evalu-
ates paths by appropriate time windows and window

overlapping tests (Smolic-Rocak et al., 2010). A con-
flict graph is introduced to solve the task assignment
problem to deal with deadlocks (Sabattini et al., 2017).
These approaches’ limitations include not considering
the entire task queue, fault detection or teamworking
(Zhang et al., 2018a; Smolic-Rocak et al., 2010). A re-
fined traffic model for the conflict graph is required in
future work (Sabattini et al., 2017).

Correlation research has been converted into the trav-
elling salesman, an NP-hard problem for combinational
optimization, and the Tabu search algorithm is proposed
based on neighbourhoods (Xing et al., 2020). Its short-
coming is assumptions of goods in the design process.
The hybrid algorithm of Dijkstra and Floyd-warshall
is presented with time windows in (Solichudin et al.,
2020). Conflict resolution and path extension are exe-
cuted in an alternate iterative conflict-based search al-
gorithm, and the algorithm can be used on a topology
map and a raster map with reduced time costs (Tao et al.,
2021). But the approach does not consider task alloca-
tion. Grid blocking degree is proposed for multi-AGV
path planning to minimize the handling completion time
with a conflict-free path (Yu et al., 2021). The multi-
AGV path planning and scheduling would consider the
charging process in the next step.

An improved A* path planning algorithm based on
coded marks and a grid-shaped network is proposed
to guarantee the location and execution of multi-AGV
(Lian and Xie, 2019). Probabilistic time constraints and
queuing mechanisms are combined with an A* algo-
rithm based on a dynamic random network in a ware-
house multi-AGV system (Lian et al., 2020). A parallel
algorithm is proposed by improving the A* algorithm
with a penalty item, and it is composed of task assign-
ment, path planning and navigation (Yu et al., 2022).
The time-enhanced A* algorithm provides path plan-
ning in real time with temporal estimation and a super-
vision system (Matos et al., 2021). The adaptive itera-
tion update and time consumption are the limitations of
the algorithms when the conditions changes. The opti-
mization of system design and intelligent algorithms are
regarded as a further improvement.

Moreover, bio-inspired algorithms play important
roles in solving path planning optimization problems.
Three-exchange crossover heuristic operators are imple-
mented in an improved GA with double-path constraints
to minimize the distance for multi-AGV path planning
(Han et al., 2017). Ant colony algorithm (ACO) is
enhanced with prioritized planning for path coordina-
tion and optimization, considering the remaining battery
charge and the fitness value (Zhang et al., 2018b). The
GA is improved for multi-AGV scheduling planning
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based on the operation of power evaluation and change
of mutation operators, considering power consumption
(Zhang and Li, 2020). Spinning drawing frames im-
prove the GA for multi-AGV path planning and ma-
neuvering scheduling decisions (Farooq et al., 2021). A
PSO algorithm is used for AGV scheduling with a path
time window (Sun et al., 2020).

A hybrid approach for multi-robot path planning in
continuous environments is proposed with an enhanced
GA algorithm and an innovative Artificial Potential
Field (APF) (Nazarahari et al., 2019). It generates and
improves the initial path by enhanced GA with five ge-
netic operators in continuous space, capable of multi-
objective optimization. Another multi-objective opti-
mization algorithm is introduced with the PSO algo-
rithm for multi-robot systems in unknown environments
(Thabit and Mohades, 2019), which achieves smooth-
ness, safety and shortness. For sharing knowledge, it
considers the experiences and the current sensor infor-
mation to decide.

The improved PSO algorithm is presented with two
evolutionary operators to compute a safe path in a com-
plex and known environment (Das and Jena, 2020). For
each robot, it enhances the balance between diversifica-
tion and intensification to minimize the path length. An-
other improved PSO is hybrid with a differentially per-
turbed velocity algorithm to minimize the arrival time
and path length, which adjust the velocity with a differ-
ential operator (Das et al., 2016).

A self-adaptive PSO is improved to address the multi-
robot path planning issue (Tang et al., 2020). The bal-
ance between local and global search abilities is treated
as the stagnation problem, and the paper solves the
problem with evolutionary game theory, updating the
main control parameters. For multi-target dynamic path
planning, the artificial bee colony (ABC) algorithm is
modified for multi-robot navigation in an unknown dy-
namic environment (Faridi et al., 2018). The proposed
evolutionary scheme smoothens the feasible path with
evolutionary programming and a neighbourhood search
planner.

Two-staged scheduling is introduced to handle colli-
sion for multi-AGV systems. In (Xu, 2017), the offline
scheduling stage uses the GA for optimal path planning
in the static environment. It solves opposite, node, and
pursuit conflicts for AGV during the online scheduling
stage. The other study of two-staged scheduling based
on a GA is (Liu et al., 2015), and the GA is processed
with constraints to get a stable path in the online stage.
(Mu et al., 2020) presents a two-stage algorithm for
multi-AGV path planning, the path of each AGV is gen-
erated by the A* algorithm with directional search and

implements a time window to check conflicts and uses
a conflict-based search algorithm to redesign the path.

For supporting deadlock and time-efficient colli-
sion resolution, the spare zone-based hierarchical mo-
tion coordination algorithm is introduced by adjust-
ing the AGVs’ path in a decentralized manner (Zhao
et al., 2021). (Yang et al., 2022) proposes a multi-
AGV scheduling system with extended Kalman filter-
ing, global vision, and an oriented bounding box to esti-
mate the heading angles and coordinates of AGVs. A
cloud robotics architecture is presented in (Cardarelli
et al., 2017) for supporting local path planning and a
flexible and cooperative route assignment with knowl-
edge extension. The PSO algorithm is improved to re-
duce congestion and provide efficiency for multi-AGV
path optimization (Cao and Zhu, 2021).

However, there are some shortcomings in the pre-
vious papers. Some papers lack considerations of dy-
namic environment (Das and Jena, 2020; Zhang and Li,
2020; Sun et al., 2020), multi-robot cooperation (Das
et al., 2016; Sun et al., 2020; Zhang et al., 2018b).
Practical implementations are treated as future research,
such as (Das et al., 2016; Han et al., 2017; Zhang et al.,
2018b; Sun et al., 2020; Nazarahari et al., 2019; Tang
et al., 2020; Liu et al., 2015), etc. Unknown area explo-
ration is also the future work for multi-robot systems
(Faridi et al., 2018). Limited adaptability is also the
key challenge for multi-robot path planning in most pa-
pers. Real-time and algorithm performance should also
be improved (Mu et al., 2020; Yang et al., 2022). Col-
lision avoidance decision-making strategy should col-
laborate with path planning algorithms (Cao and Zhu,
2021).

Deep reinforcement learning can process high-
dimensional environment data, such as images, and
it has intelligent decision-making ability and power-
ful perception ability (Guo et al., 2020; Liao et al.,
2020). A neural network structure and Dueling DDQN-
PER has been implemented as AGV path planning for
multi-modal sensing environmental information, such
as GPS, cameras, and speed sensors (Guo et al., 2020).
The multi-agent reinforcement learning technique is re-
garded as future work. For large-scale space, a rein-
forcement learning algorithm combines with a deep q-
network in a complex environment (Liao et al., 2020).
The cooperation of multiple AGVs is limited, and dy-
namic environments are challenging for optimal path
planning. Multi-agent reinforcement learning is pro-
posed as a deep deterministic policy gradient for anti-
conflict multi-AGV path planning in (Hu et al., 2021),
considering conflict situations as an integer program-
ming model. Conflict prevention that considers the yard
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exchange area is the next step.
Additionally, machine learning and bio-inspired

combination have recently garnered interest in some re-
search areas. A Convolutional Neural Network (CNN)
is employed in a novel chaotic Firefly algorithm to
improve the exploration performance (Bacanin et al.,
2021b). It uses a chaotic local search strategy and ex-
plicit exploration mechanism on global optimization,
strengthening CNN accuracy. The future study will
combine it with other machine learning approaches to
solve NP-hard problems. Feature selection is to se-
lect the relevant features for pattern classification in ma-
chine learning, and Malakar et al. (2020) develops a hi-
erarchical feature selection model based on the GA al-
gorithm for global and local features. The local search
technique would be integrated with the global optimiza-
tion strategy for improvement.

Another nature-inspired combination algorithm is
proposed with Artificial Neural Networks and Artificial
Bee Colony (ABC) algorithm to overcome the draw-
backs of slow convergence and local optima, and it
optimizes the hidden units and connection weights of
the neural network (Bacanin et al., 2021a). The draw-
backs of the algorithm are an additional effort of setting
control parameters and more calculations in each iter-
ation. Tian et al. (2021) enhances PSO with a jump-
ing mechanism for accurate and real-time implementa-
tion of multi-robot path planning. It uses an AI algo-
rithm to plan the path with new learning samples, and
it locates obstacles and robots with wireless sensor net-
works. The shortcomings include its inability to deal
with many robots and slow convergence.

The literature shows that graph-based, bio-inspired,
and AI-based search approaches are widely used. A*,
GA, PSO and deep learning are the popular algorithms
in the cited literature. Some papers use a two-stage
framework for a multi-AGV system for scheduling and
path planning. However, from (Lin et al., 2022) and the
cited papers, fault tolerance is barely considered during
multi-AGV real-time path planning. This paper pro-
poses a fault-tolerant multi-AGV path planning algo-
rithm based on the hybridization of cultural algorithm
and particle swarm optimization.

3. Preliminary knowledge

3.1. Cultural Algorithm (CA)

A cultural algorithm (CA) is proposed by Reynolds
and ChanJin (1996) as an evolutionary algorithm by
gaining solutions through normative and situational
knowledge. The principle of CA is illustrated in Figure

(a) The principle of CA

(b) The flowchart of CA

Figure 1: The principle of CA

1. It consists of belief and population space and uses
evolutionary knowledge to determine the solutions. CA
uses the influence function to get the new population as
Eq. (1) (Reynolds and ChanJin, 1996).

xt+1
i, j =

xt
i, j + |(u

t
j − ltj) · rand|, if xt

i, j < ltj
xt

i, j − |(u
t
j − ltj) · rand|, if xt

i, j > ltj
(1)

Where xt
i, j and xt+1

i, j are the positions, t and t+1 are the it-
eration numbers, i indicates the individual, and j means
the jth value of i. ut

j is the maximum position limit of
the jth value of individual i, while ltj is the minimum
limit. rand is a random number between 0 and 1.

The accept function usually selects n individuals with
better solutions from the population. The update func-
tion implements Eqs. (2) – (5) to update the positions
and fitness values (Reynolds and ChanJin, 1996).
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lt+1
j =

xt
i, j, if xt

i, j ≤ ltj or fob j(xt
i) < Lt

j

ltj, otherwise
(2)

Lt+1
j =

 fob j(xt
i), if xt

i, j ≤ ltj or fob j(xt
i) < Lt

j

Lt
j, otherwise

(3)

Where fob j is the objective function to evaluate the fit-
ness value. Lt+1

j presents the fitness value of the lower
bound.

ut+1
j =

xt
i,′ j
, if xt

i,′ j
≥ ut

j or fob j(xt
i′ ) < U t

j

ut
j, otherwise

(4)

U t+1
j =

 fob j(xt
i′ ), if xt

i,′ j
≥ ut

j or fob j(xt
i′ ) < U t

j

Lt
j, otherwise

(5)

Where individual i
′

impacts the upper bound. xt
i,′ j

indi-

cates the upper position. U t+1
j is the maximum fitness

value in the t + 1 iteration for jth value.
CA is inspired by bicultural evolution theory, which

implements horizontal and vertical information for indi-
viduals within the population space (Jalili, 2022). It in-
herits the information from parent solutions and learns
from accumulated cultural information from previous
generations. But its framework is complex and it re-
quires high computational cost. It is time-consuming
during operation.

3.2. Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) is widely imple-
mented in optimization (Eberhart and Kennedy, 1995).
The particles explore the searching space to get the so-
lutions for the optimization problems. The equations
of velocity and position of the particles are updated as
Eqs. (6) - (7) (Eberhart and Kennedy, 1995). The per-
sonal best of a particle and the global best is updated as
Eqs. (8) - (9) (Eberhart and Kennedy, 1995).

vt+1
i = ωvt

i + c1r1(pbestt
i − xt

i) + c2r2(gbestt − xt
i) (6)

xt+1
i = xt

i + vt+1
i (7)

Where ω is the inertia weight, and vt+1
i denotes the ve-

locity of the particle in iteration t + 1. c1 and c2 are
cognitive and social parameters. r1 and r2 are random
number. pbestt

i is the personal best for particle i in it-
eration t. gbest stands for the global best value. xt+1

i
represents the position of particle i in iteration t + 1.

pbestt+1
i =

pbestt
i , if fob j(xt+1

i ) ≥ fob j(pbestt
i)

xt+1
i , otherwise

(8)

fob j(gbestt) = min( fob j(xt
1)), fob j(xt

2)), ..., fob j(xt
i))) (9)

PSO is one of the most commonly used and pow-
erful algorithms for optimization problems in several
domains with easy implementation. It has fast conver-
gence when generating solutions. But it has the draw-
backs of exploitation and risky random positions (Senel
et al., 2019). It may suffer from the local optima if the
start position is far from the global optima.

3.3. Metropolis rule

The Metropolis rule is proposed in Simulated An-
nealing (SA), and the probabilistic of the Metropolis
rule is as Eq. (10) (Steinbrunn et al., 1997). SA reduces
"temperature" to get a lower energy state for reaching
the solutions to the optimization problem.

ρ =


1, if fob j(xt+1

i ) ≤ fob j(xt
i)

e
fob j (xt+1

i )− fob j (xt
i )

T , otherwise
(10)

Where fob j(xt+1
i ) is the fitness value of the new state xi

in the iteration t+ 1, and T is the temperature in the SA.

4. Cultural-PSO (C-PSO)

4.1. Overview

The proposed C-PSO consists of centralized and de-
centralized layers, as shown in Figure 2. The central-
ized layer processes map generation and task allocation
for the near-optimal path. Task allocation evaluates the
path cost and task cost for each AGV. Assign the avail-
able AGV with minimal cost, and set it as unavailable
in the current stage. The decentralized layer achieves
information sharing, path re-planning, collision avoid-
ance and fault tolerance within a time window. For the
decentralized layer, AGVs follow the defined path and
communicate with each other for positions and statuses
in real-time. If the collision occurs or there is an AGV
turned down, path re-planning and fault tolerance are
achieved.

4.2. C-PSO

Inspired by CA and the proposed PSO-SA (Lin et al.,
2023), Cultural-PSO (C-PSO) is proposed to overcome
the drawbacks of PSO and CA. It combines the charac-
teristics of CA to update the inertia weight for PSO to
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Figure 2: Dual-layer of the C-PSO algorithm

provide fast convergence speed and a great balance be-
tween exploration and exploitation. The inertia weight
has fluence for the global and local search abilities.
When inertia weight is larger, PSO emphasizes diver-
sification, enabling global space exploration. While it
is smaller, PSO focuses on intensification, performing
local searching. C-PSO uses the probability from PSO-
SA to update the inertia weight and combines PSO and
CA as Algorithm 1.

The probability is calculated by Eqs. (11) - (12) (Lin
et al., 2023), and compared with a generated random
number. If the average cost of the personal best so-
lutions is higher than the current particle cost, and the
probability is larger than or equal to the generated ran-
dom number, the inertia weight changes as Eq. (13). If
the average cost exceeds the current particle cost, the
swarm should search for the global space to get a more
accurate solution and avoid trapping on the local op-
tima.

δ =
fob j(it) − fbest(it)

fbest(it)
(11)

ρ = e−
δ
T (12)

Where ρ is the calculated probability, and δ is calculated
by Eq. (11). fob j(it) is the cost of the particle i in the
current iteration t, and fbest(it) is the personal best value
of the particle i. T is the temperature.

ω =

ω + |( fob j(it) − fbest(it))|, if fob j(it) < fob j(avgt)
ωmin, if fob j(it) ≥ fob j(avgt)

(13)
Where ω is the inertia weight for PSO. ω is the current
value for the inertia weight, and ωmin is the minimum

Algorithm 1: C-PSO algorithm

1 Initialization
2 for iteration = 1 : iterationmax do
3 for particle = 1 : particlemax do
4 Update Velocity
5 Update Position
6 Evaluation
7 if pcostt

i < pbestt
i then

8 Update Personal Best
9 if pbestt

i < gbestt then
10 Update Global Best
11 end
12 else
13 delta← (pcostt

i − pbestt
i)/pbestt

i
14 p← exp(−delta/T )
15 if p > rand then
16 if pcostt

i < avgcost then
17 w← w+ abs(pcostt

i − pbestt
i)

18 else
19 w← wmin
20 end
21 end
22 end
23 end
24 Update Global Best Cost
25 w← w ∗ wdamp
26 T ← alpha ∗ T
27 end
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value of the inertia weight. fob j(avgt) is the average cost
of all personal best in iteration t. it is the particle i.
When ω is larger, the global search ability is enhanced.

4.3. Path planning

The path planning problem of the multi-AGV sys-
tem consists of multiple starts and destinations for the
involved AGVs and the two-dimensional environment.
A binary map indicates the two-dimensional environ-
ment: zero is allowed to move and is marked by white,
while one stands for the wall or obstacle marked by
black. Figure 3 indicates the warehouse scenario, and
each AGV has one start and target in each task. The
generated path cannot be overlapped with the obstacle
or have collisions with other AGVs during operation.
The objective function of path planning is to minimize
the path length and avoid collision as Eqs. (14) – (17).
The best solution is treated as the globally near-optimal
path with minimal costs. If a collision occurs, the result
is not accepted.

f t
length =

n∑
i=1

√
(xt

i − xt
i+1)2 + (yt

i − yt
i+1)2 (14)

Where each position rt
i is represented by (xt

i, y
t
i). The

AGV is indicated by i, and the iteration is indicated by
t. The total number of AGVs is n. The current AGV is
i, and the next AGV is i + 1.

The violation cost of collision is evaluated by Eqs.
(15) and (17).

dt
i =

√
(xt

i − xc)2 + (yt
i − yc)2 (15)

ct
i =

z∑
c=1

rc − dt
i , i f dt

i < rc (16)

f t
collision =

n∑
i=1

ct
i (17)

Where (xc, yc) is the central coordination of an obsta-
cle, and rc is the radius of the obstacle. dt

i is the dis-
tance from the AGV to the central coordination of the
obstacle. The total number of obstacles is z, and ct

i is
the collision cost for the AGV i, which sums up the to-
tal collision cost of the current AGV. Then summing all
collision costs of all AGVs as the collision cost.

Figure 3: The scenario of problem formulation

4.4. Task allocation

Task allocation is essential for the multiple robot sys-
tem, as demonstrated in Figure 4. It considers the task
priority, the objective value of the path and the time of
completing the previous task as (18) – (19).

fpath = w1 ∗ flength + w2 ∗ fcollision (18)

Where fpath is to minimise the path length and avoid
collisions. The definitions of flength and fcollision refer to
Section 4.3. The weight factors are w1 and w2 of each
cost, and their sum is 1 and set as 0.5 and 0.5, respec-
tively, because the objectives of path planning regarding
minimizing the path length and avoiding collisions play
the same important roles.

ftask = w3 ∗ fpath+w4 ∗ ftaskPriority+w5 ∗ ftimeO f PreviousTask

(19)
Where the task objective value is ftaskCost, it calculates
the path objective value fpath and time of the previ-
ous task ftimeO f PreviousTask, considering the task prior-
ity ftaskPriority. The time of the previous task includes
the time of following the previous path and packing the
goods. The sum of w3, w4 and w5 is 1. The objec-
tive value of the path is the most significant factor that
affects task completion, so w3 is set as 0.8. The task
priority and the time of the previous task are considered
less important factors in the objective function, so w4
and w5 are set as 0.1 and 0.1.

For assigning tasks for AGVs, the proposed approach
has a routing table to record the status of AGVs as
shown in Table 1. The status of occupied and avail-
able is indicated by 0 or 1. For the occupied status, "0"
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Figure 4: The flow of task allocation

Table 1: A example of AGV routing table

A1 A2 A3 ... An

Occupied 0 0 0 ... 1
Available 1 1 1 ... 1

Previous task T1 ... T2

Table 2: A example of Task table
Task Area Start Target Priority Packing time (s)

T1 From . . . to . . . (x1, y1) (x2, y2) 1 PackingTime1
T2 From . . . to . . . (x3, y3) (x4, y4) 2 PackingTime2
... From . . . to . . . ... ... ... ...
Tn From . . . to . . . (xn, yn) (xn, yn) 2 PackingTimen

means it can be assigned tasks; and "1" stands for oper-
ating tasks. For the available status, "0" means the robot
shuts down, and "1" means the robot can operate tasks.

Table 2 is the task table, and it lists the task number
and priority, starts and target locations, and the packing
time for each task. The task table is for the centralized
task allocation and the individual robot’s record. The
task is urgent if the priority is low.

The steps of task allocation include the following:

1. Calculate the task cost for available AGVs
2. Start assigning the tasks based on the urgency
3. Assign the task to the AGV with minimal cost

based on the task costs
4. Set the robot as occupied in the current stage and

add the task to the robot’s task list. If a robot is
occupied, the cost of the next task starts by calcu-
lating the time of the current task for the robot

5. Start the next stage of the task allocation for the
remaining tasks until all tasks are assigned

Table 3 indicates the staging table. It records the task
for each robot in the current stage. Time calculates the
time to follow the path and the packing time for the cur-

Table 3: A example of Staging table

AGV Task in Stage N Time (s) Start Target

A1 T1 Time1 (x1, y1) (x2, y2)
A2 T2 Time2 (x3, y3) (x4, y4)
... ... ... ... ...
An Tn Timen (xn, yn) (xn+1, yn+1)

rent task. Start and target record the locations of the
source and destination.

4.5. Collision avoidance
Collision avoidance should be achieved during the

path planning and the online stage to ensure the AGVs
operate safely. The flow charts for avoiding the other
AGVs and the dynamic obstacles are displayed in Fig-
ure 5.

If an AGV occurs in a collision or deadlock with an-
other AGV, AGVs get the priority information to deter-
mine which AGV is required to change the generated
path. The priority of an AGV is higher when it is closer
to or arrives at the destination, operates tasks or is oc-
cupied, or has a more urgent task. For the AGV with
lower priority, the path is re-generated by the C-PSO
and treated as the other AGV as the obstacle during
planning until the collision or deadlock is resolved.

When an AGV detects dynamic obstacles by the
equipped sensors, the system determines whether it
would affect the AGV’s operation. If the collision is
highly possible, the AGV must re-generate the path by
the C-PSO. It treats the dynamic obstacles as static ob-
stacles in each iteration during operation until the reso-
lution is accomplished.

4.6. Fault tolerance
Fault tolerance plays an important role in the real-

time implementation of the multi-AGV system. The
proposed approach has the benefit of handling the fault

8



(a) Collision resolution for AGVs

(b) Collision resolution for dynamic
obstacles

Figure 5: Flowcharts of collision resolution

(a) When one AGV fails

(b) When one AGV is not operated as ex-
pected

Figure 6: The scenario of fault tolerance

independently without affecting the other AGVs. Also,
it is achieved in the decentralized layer, which would
not lead to changes in the centralized layer. The AGVs
update the information in real-time to ensure their oper-
ation performance; when the signal of an AGV is lost,
or the AGV is slower/faster than expected operation, the
system is notified. The expected operations of AGVs
are to follow the defined path safely and perform the
assigned tasks with regular communication with robots.

The situations and solutions for fault tolerance are as
Figure 6 and follows.

1. When one AGV fails
• The failed AGV sent the last information to

the system and shut down the failed AGV
• Other AGVs treat the failed AGV’s last posi-

tion as the static obstacle
• If an AGV is available, send the AGV to fin-

ish its tasks
• If there is no available AGV after the closest

AGV finishes its task, add the tasks to its task
table

2. When one AGV is not operated as expected
• Update the locations in real-time
• Path re-planning for the affected AGV, such

as AGV in the neighbourhood

5. Computational experiments

5.1. Comparative analysis
5.1.1. Performance measurements

The proposed C-PSO has been compared with
other bio-inspired algorithms, including PSO, PSO-GA

9



(Garg, 2016), CA, Harmony Search (HS) (Lee and
Geem, 2005), Artificial Bee Colony (ABC) (Karaboga
and Basturk, 2007), a hybrid PSO-GWO (HPSGWO)
(Senel et al., 2019), Transit Search Optimization (TS)
(Mirrashid and Naderpour, 2022), and Mayfly Algo-
rithm (MA) (Zervoudakis and Tsafarakis, 2020). The
benchmark functions are from CEC 2019, with rotated
and shifted, which are listed in Table 4. The parame-
ters of the compared methods are set as Table 5. Each
algorithm runs 20 times.

Table 6 compares the fitness value for each bench-
mark function. It lists the mean fitness value computed
by the algorithms and the correct digits that match the
best solutions. In this case, the maximum number of
correct digits is 5; if there is no correct digit, the so-
lutions would not be considered to compare runtime
and iteration. The consumed iteration and runtime are
recorded in Table 7 when getting the best solution. The
best value is highlighted in bold.

C-PSO usually can generate the best solution with
fewer iterations and runtime with the best fitness value.
Figure 7 displays the convergence curve of each algo-
rithm in each benchmark function. C-PSO gets the best
fitness value for most optimization function f1, f2, and
f4, and the difference between the PSO solution of f3 is
insignificant. C-PSO, PSO and PSO-GA have the best
performance for correct digits at 4.5, but C-PSO has the
least runtime and iteration among these methods. Even
HS and MA cost less iteration or runtime in some func-
tions, but they cannot get the best fitness value; the ac-
curacy is quite low, as they only achieve 2 and 2.75 in
mean correct digits when the maximum number of it-
erations is 1000. But MA has the best performance in
f4.

For statistical tests, Friedman ranks are assigned
based on the performance of the algorithms (Derrac
et al., 2011). Table 8 indicates the ranks. The perfor-
mance ranks consider the best solutions, runtimes and
iterations, comparing the solution optimality first, then
runtime and iterations. C-PSO reaches the second least
mean iteration and the least runtime for generating the
results, but it achieves the best performance with con-
sideration of solution optimality. It is a steady algorithm
to perform the searching ability in most optimization
problems and is useful for online path planning due to
its computational speed. C-PSO performs best accord-
ing to the Friedman ranks with 1.375. From the Fried-
man test, the p-value is 0.0044. Because the p-value is
less than 0.05, a Post-Hoc Analysis is required. Table
9 provides the test results with the binary indicators. If
the indicator is 1, the pair of algorithms is statistically
significant, while 0 is not.

(a) F1(x): Shifted and Rotated Rastrigin’s Func-
tion

(b) F2(x): Shifted and Rotated Griewank’s Func-
tion

(c) F3(x): Shifted and Rotated Happy Cat Func-
tion

(d) F4(x): Shifted and Rotated Ackley Function

Figure 7: Convergence curve of each algorithm
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Table 4: Benchmark functions
Number Function Equation Search range

F1(x) Shifted and Rotated Rastrigin’s Function f1(x) =
∑n

i=1

(
x2

i − 10 cos(2πxi) + 10
)
, F1(x) = f1(M(x − o1)) + F∗1 [-100,100]

F2(x) Shifted and Rotated Griewank’s Function f2(x) =
∑n

i=1
x2

i
4000 −

∏n
i=1 cos

(
xi√

i

)
+ 1, F2(x) = f2(M(x − o2)) + F∗2 [-100,100]

F3(x) Shifted and Rotated Happy Cat Function f3(x) =
∣∣∣∑n

i=1 x2
i − n
∣∣∣ 14 + (0.5∑n

i=1 x2
i +
∑n

i=1 xi

)
/n + 0.5, F3(x) = f3(M(x − o3)) + F∗3 [-100,100]

F4(x) Shifted and Rotated Ackley Function f4(x) = −20 exp
(
−0.2

√
1
n
∑n

i=1 x2
i

)
− exp

(
1
n
∑n

i=1 cos(2πxi)
)
+ 20 + e, F4(x) = f4(M(x − o4)) + F∗4 [-100,100]

Table 5: Parameter settings

Algorithm Parameter

C-PSO Iteration = 1000, sizepopulation = 100, T0 = 0.025, alpha = 0.99, w = 1, wdamp = 0.99, wmax = 0.9, wmin = 0.4, c1 = 1.5, c2 = 1.5
PSO Iteration = 1000, sizepopulation = 100, w = 0.8, c1 = 1.5, c2 = 1.5

PSO-GA IterationPS O = 1000, IterationGA = 500, w = 0.8, c1 = 1.5, c2 = 1.5, ratecrossover = 0.8, ratemutation = 0.2
CA Iteration = 1000, sizepopulation = 100, rateaccept = 0.35
HS Iteration = 1000, sizeharmony memory = 100, sizenew = 20, rateconsideration = 0.9, ratead justment = 0.1

ABC Iteration = 1000, sizepopulation = 100
HPSGWO Iteration = 1000, sizepopulation = 100, prob = 0.3, w = 0.8, c1 = 1.5, c2 = 1.5

TS Iteration = 1000, sizepopulation = 100, ns = 5, S N = 20
MA Iteration = 1000, sizepopulation = 100, size f emale = 50, sizemale = 50, w = 0.8, ratemutation = 0.01, sizeo f f spring = 50

Table 6: Mean fitness value of each algorithm
Algorithms F1(x) F2(x) F3(x) F4(x) Mean

C-PSO Mean 0.0000 0.0000 0.0052 0.0000
Correct digits 5 5 3 5 4.5

PSO Mean 0.0000 0.0000 0.0041 0.0000
Correct digits 5 5 3 5 4.5

PSO-GA Mean 0.0000 0.0000 0.0063 0.0000
Correct digits 5 5 3 5 4.5

HS Mean 0.3482 0.0182 0.1276 0.0002
Correct digits 1 2 1 4 2

CA Mean 0.0034 0.0013 0.0134 6.5473
Correct digits 3 3 2 0 2

ABC Mean 0.0000 0.0002 0.0202 0.0000
Correct digits 5 4 2 5 4

HPSGWO Mean 0.0497 0.0001 0.1395 0.0302
Correct digits 2 4 1 2 2.25

TS Mean 0.0000 0.0004 0.0643 0.0000
Correct digits 5 4 2 5 4

MA Mean 0.5472 0.0076 0.0237 0.0000
Correct digits 1 3 2 5 2.75

Table 7: Mean iteration and runtime of each algorithm
Algorithms F1(x) F2(x) F3(x) F4(x) Mean

C-PSO Iteration 140.65 190.9 581 340.15 313.175
Runtime 0.3502 0.4579 1.4533 0.8578 0.7798

PSO Iteration 283.55 323.85 829.45 545.1 495.4875
Runtime 0.5899 0.6971 1.8964 1.1700 1.08835

PSO-GA Iteration 260 285.45 840.55 498.25 471.0625
Runtime 4.2646 4.6532 14.3131 8.1364 7.841825

HS Iteration 917.65 912.9 794.05 876.25 875.2125
Runtime 0.7475 0.7560 0.7326 0.8365 0.76815

CA Iteration 367.3 550.8 999.95 - 639.35
Runtime 0.5743 0.9524 1.7415 - 1.0894

ABC Iteration 552.55 493.85 587.65 591.4 556.3625
Runtime 1.8947 1.7734 2.1286 2.1093 1.9765

HPSGWO Iteration 734.4 623 730.75 714.6 700.6875
Runtime 1.3643 1.2730 1.8791 1.9373 1.613425

TS Iteration 254.75 315.55 632.4 619.2 455.475
Runtime 1.0000 1.2364 2.5687 2.4135 1.80465

MA Iteration 27.4 162.5 997.25 40.65 306.95
Runtime 0.1211 0.7185 4.8653 0.1762 1.470275

Table 8: Friedman ranks

Algorithms F1(x) F2(x) F3(x) F4(x) Mean

CPSO 1 1 1.5 2 1.375
PSO 2 2 1.5 3 2.125

PSO-GA 3 3 3 6 3.75
HS 8.5 9 8 7 8.125
CA 6 7.5 4.5 9 6.75

ABC 5 6 4.5 4 4.875
HPSGWO 7 4.5 9 8 7.125

TS 4 4.5 6 5 4.875
MA 8.5 7.5 7 1 6

Table 9: Post-hoc analysis
C-PSO PSO PSO-GA HS CA ABC HPSGWO TS MA

CPSO 0 0 0 1 0 0 1 0 0
PSO 0 0 0 1 0 0 0 0 0

PSO-GA 0 0 0 0 0 0 0 0 0
HS 1 1 0 0 0 0 0 0 0
CA 0 0 0 0 0 0 0 0 0

ABC 0 0 0 0 0 0 0 0 0
HPSGWO 1 0 0 0 0 0 0 0 0

TS 0 0 0 0 0 0 0 0 0
MA 0 0 0 0 0 0 0 0 0
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Table 10: Start and target locations

AGV Path Start Target

1 1 (10,40) (60,50)
2 2 (15,50) (60,58)
3 3 (10,35) (30,5)
4 4 (30,50) (5,10)

Table 11: Performance of path planning

Time Cost Iteration

Path 1 CPSO 0.1057 25.4951 1
PSO 0.1081 25.4951 1

Path 2 CPSO 7.5919 22.9765 74
PSO 47.9826 22.9776 466

Path 3 CPSO 19.7208 19.2997 190
PSO 48.1500 19.3000 452

Path 4 CPSO 12.3759 24.4785 125
PSO 36.4600 24.4767 351

5.1.2. Path planning
A multi-AGV path planning scenario is in Table 10,

listing the start and target locations. From the previous
Section 5.1.1, C-PSO and PSO are the top algorithms
for optimization problems, so C-PSO and PSO are used
to compare the path planning performance. The param-
eters are set as Table 5, but the population size is 150 for
the path planning problem. The number of maximum it-
erations is 500. Table 11 compares the solutions, costs,
iterations and time. C-PSO used 30% mean runtime and
31% mean iterations to get the best solution than PSO
when generating four paths. Figure 8 demonstrates the
paths generated by C-PSO and PSO.

5.2. Experiment of path planning

5.2.1. Experiment settings
The AGVs are initially located in the loading area.

The pillars and walls are annotated with black, and the
AGVs are marked with different colours. Table 12 lists
the tasks for the multi-robot system.The start and target
locations are randomly distributed between Areas G, A,
B, C, and D, where Area G is the loading zone. The task
priorities are allocated from 1 to 5, and packing time
is randomly from 100 to 150 seconds. The locations
of the AGVs are shown in Table 13. The computation
experiment involves 20 tasks and 15 AGVs.

The assumptions of the simulation are listed below:

• AGVs have the map, and the speed is 0.3 m/s.

Figure 8: Simulation of path planning

Table 12: Task list in the simulation
Task Start Target Start location Target location Priority Packing time (s)

T1 G C Loading zone (21,20) 4 133
T2 G A Loading zone (55,50) 1 111
T3 B G (49,35) Loading zone 5 121
T4 G D Loading zone (5,9) 5 122
T5 G A Loading zone (58,49) 3 130
T6 A C (52,50) (13,19) 4 113
T7 G A Loading zone (60,48) 2 121
T8 B G (52,37) Loading zone 2 140
T9 G D Loading zone (10,8) 4 124

T10 B A (42,36) (62,48) 3 146
T11 B A (48,39) (58,52) 3 131
T12 B G (49,39) Loading zone 4 109
T13 C A (13,23) (48,48) 2 150
T14 C G (20,20) Loading zone 2 131
T15 D G (5,7) Loading zone 5 140
T16 B A (54,35) (45,49) 3 126
T17 D C (9,9) (25,20) 4 120
T18 D G (6,7) Loading zone 2 147
T19 D B (7,9) (58,37) 4 129
T20 A B (48,50) (45,35) 2 136
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Table 13: AGVs’ initial location

AGV Area Position

AGV1 Loading zone (G) (19,45)
AGV2 Loading zone (G) (15,43)
AGV3 Loading zone (G) (19,41)
AGV4 Loading zone (G) (12,42)
AGV5 Loading zone (G) (15,49)
AGV6 Loading zone (G) (16,47)
AGV7 Loading zone (G) (10,43)
AGV8 Loading zone (G) (16,44)
AGV9 Loading zone (G) (13,47)
AGV10 Loading zone (G) (10,45)
AGV11 Loading zone (G) (14,50)
AGV12 Loading zone (G) (11,50)
AGV13 Loading zone (G) (11,42)
AGV14 Loading zone (G) (12,40)
AGV15 Loading zone (G) (11,44)

• AGVs have onboard sensors to detect other AGVs
and obstacles

• AGVs can communicate with the other AGVs for
position and direction information

• The proposed algorithm is implemented in the
AGVs’ board

• AGVs can transform the good automatically

• For testing the fault tolerance performance, AGV
1 is broken; AGV 2 will shut down after 5s; AGV
4 will move slower with 1s’ delay after 10s.

5.2.2. Results
For assigning the tasks, the system arranges the most

urgent task in the first based on the task priority; if the
task priority is the same, the system compares the task
costs to determine the order of operation. Tasks were
assigned based on task priority and cost considerations,
adding to the staging table. Task 2 has the highest pri-
ority so it would be the first performed task. Table 14
records the task costs of each robot as the Task table.
The system searched the Task table to determine the
employed robot based on the minimal costs. AGV 3
is assigned to Task 2.

If the task priority is the same, the costs would be
the first consideration factor. Tasks 7, 8, 13, 14, 18 and
20 have the second priority. Because AGV 3 completed
Task 2, it was on the target location of Task 2; then, the
Task table was updated. In the following stages, once
every robot completes a task, the Task table will update

based on the new location and completion time. Task 20
has the minimal cost among six tasks, so it is assigned
to AGV 3 in Stage 2 planning. Then Task 7 to AGV
6, Task 14 to AGV 14, Task 18 to AGV 13, Task 13 to
AGV 4 and Task 8 to AGV 8 in Stage 1 planning.

The third urgent tasks are Tasks 5, 10, 11 and 16.
AGV 5 for Task 5 has minimal cost among these tasks,
so it is assigned in AGV 5 Stage 1 planning. Then Task
10 is considered, and AGV 2 is assigned, but it was bro-
ken after 5s, so a new AGV must be allocated to resume
its task, and AGV 2’s last location is treated as the ob-
stacle. AGV 5 is occupied, so AGV 9 performs the fault
tolerance. Because AGVs 5 and 9 are occupied, they
cannot be used for Tasks 11 and 16. Task 16 has a lower
cost than 11 for AGV 11, so AGV 11 is assigned to Task
16, and AGV 15 is for Task 11.

Tasks 1, 6, 9, 12, 17, and 19 have the fourth priority.
Task 1 with AGV 7 is minimal in these tasks, so AGV
7 is allocated. Therefore, Tasks 9 and 17 must choose
AGVs 10 and 12, respectively. Because AGVs 7, 10,
and 12 are first chosen, their operations are in Stage 1.
Then AGV 11 is for Task 12, and AGV 6 is for Task
6 in Stage 2. AGVs 7, 10, 11, and 12 are occupied,
so AGV 13 is selected for Task 19 with fewer costs in
Stage 2. Then the system decided that perform Task 4
with AGV 11, Task 3 with AGV 3, and Task 15 with
AGV 10. AGVs 3 and 11 are in Stage 3, and AGV 10
is in Stage 2. The stages of the tasks are as follows, and
the consumed time consists of the time following the
path and operating the task. Figure 9 shows the entire
AGVs’ path and AGVs’ locations highlighted by circles
in different timeslots.

1. Stage 1:

• Task 1: AGV 7, 142s

• Task 2: AGV 3, 123s

• Task 5: AGV 5, 144s

• Task 7: AGV 6, 135s

• Task 8: AGV 8, 165s

• Task 9: AGV 10, 136s

• Task 10: AGV 2→ AGV 9, 165s→ 170s

• Task 11: AGV 15, 154s

• Task 13: AGV 4, 172s→ 173s

• Task 14: AGV 14, 150s

• Task 16: AGV 11, 149s

• Task 17: AGV 12, 140s

• Task 18: AGV 13, 169s

2. Stage 2:
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• Task 6: AGV 6, 134s

• Task 12: AGV 11, 127s

• Task 15: AGV 10, 156s

• Task 19: AGV 13, 162s

• Task 20: AGV 3, 145s

3. Stage 3:

• Task 3: AGV 3, 134s

• Task 4: AGV 11, 136s

From the comparative analysis, the proposed algo-
rithm’s Friedman rank is 1.375 when comparing the so-
lution optimality, runtime, and iterations for shifted and
rotated benchmark functions. C-PSO has rapid conver-
gence in f1, f2 and f4, which represents a great ability
to solve the problems of multi-modal and huge local op-
tima. It demonstrated that the proposed algorithm could
eliminate the effect of huge local optima.

C-PSO, PSO and PSO-GA have the best ranks of
mean correct digits, but the proposed C-PSO uses the
least computational runtime. Also, for path planning,
C-PSO saves 70% computational runtime and 69% it-
erations to get the solutions that have less costs. Its
convergence is faster than PSO, which is important for
time-critical implementations for decision-making.

The computational experiment is conducted based on
the scenario from a real warehouse, including 20 tasks
and 15 AGVs. It aims to provide a general scenario
for an industrial or logistics warehouse. The proposed
multi-AGV approach considers the task priority first,
then the task costs. It employs an AGV routing table,
a Task table and a Staging table for determining the task
assignments. The system will assign an AGV to com-
plete the most urgent tasks.

When assigning an AGV, the system decides based
on the low to high task costs, and the routing table will
be checked for AGV status and whether it is available.
If an AGV is assigned, the next task will be performed
in the next stage. If the path passes through more obsta-
cles, the iterations would be raised. The approach also
provides fault-tolerance ability to ensure the system’s
adaptivity and functioning. It considers the available
AGV first; if there is no available AGV, then the AGV
is closely located to the failed AGV after completing the
current task.

6. Conclusion

This paper presents the Cultural-PSO algorithm for
improving the PSO algorithm. It is aimed to provide a
solution to the multi-AGV path planning problem. The

proposed C-PSO uses adaptive inertia weight to bal-
ance the global and local search abilities to overcome
the drawback of the evolutionary algorithm. It updates
the inertia weight with the probability gained by the im-
proved Metropolis rule. It enhances the search abili-
ties for the hybrid evolutionary algorithm without being
trapped in the local optima. When the average fitness
value of the swarm is larger than the current particle, it
is possible to set the inertia weight larger to search for
more space. It can also avoid local optima without slow-
ing down the convergence speed. The proposed C-PSO
has the best Friedman rank as 1.375, and PSO, PSO-
GA, ABC, TS, MA, CA, HPSGWO, and HS has 2.125,
3.75, 4.875, 4.875, 6, 6.75, 7.125, and 8.125, respec-
tively. In multi-AGV path planning, C-PSO only costs
around 30% mean iterations and runtime to get the best
solution than PSO.

Additionally, it fills the gap of fault tolerance for the
multi-robot system. It provides task allocation and fault
tolerance considerations with centralized and decentral-
ized layers. The centralized layer is utilized to process
initial task allocation and path planning. The decen-
tralized layer is aimed at performing real-time actions
according to the changes in the AGV groups and en-
vironment. An AGV is intended to communicate with
other AGVs to transfer information about positions and
angles in the decentralized layer. If collisions or dead-
locks occur, the proposed approach regenerates the path.
When an AGV is not operated as expected, the proposed
system addresses the fault.

The future work is regarding the practical implemen-
tation of the proposed approach. The control of the
physical system needs to consider the dynamics and real
dimensions of the AGVs, such as (Husain et al., 2022).
The dynamics of a robot involve the forces, and it en-
ables the predictions of motion. For theoretical limita-
tions, the assumptions of completeness of path gener-
ation would be analysed. The sensor fusion algorithm
would be developed for detecting the surroundings and
environment.

The equipment installed in the robots should also
be considered in practical applications. The poten-
tial sensors may include distance sensors, vision-based
sensors, localization sensors, and inertial measurement
units. Distance and vision-based sensors are for ob-
stacle avoidance and robot perception, and localization
sensors and inertial measurement units are to estimate
the positions and angles. The fusion model should fo-
cus on the non-linear system, such as Extend Kalman
Filter or a combination with a neural network.
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(a) AGVs’ paths in Stage 1. Each AGV performs its task and is marked
by different colours. But AGV 2 shuts down, then AGV 9 promotes fault-
tolerance to perform the reminding task of AGV 2. The circles indicate
the positions of each AGV in different timeslots when t = 0, t = 10,
t = 20 and t = 30.

(b) AGVs’ paths in Stage 2. The circles indicate the positions of each
AGV in different timeslots when t = 130, t = 140, t = 150, t = 160,
t = 170, t = 180, t = 190, t = 200 and t = 210.

(c) AGVs’ paths in Stage 3. The circles indicate the positions of each
AGV in different timeslots when t = 270, t = 280, and t = 290.

Figure 9: AGVs’ paths and locations
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Table 14: Path costs of robots for each task
AGV1 AGV2 AGV3 AGV4 AGV5 AGV6 AGV7 AGV8 AGV9 AGV10 AGV11 AGV12 AGV13 AGV14 AGV15

T1 - - 38.0908 43.9684 46.6473 45.5123 12.3582 29.7382 50.6975 13.1650 42.6659 15.1662 28.2145 30.2714 47.2653
T2 - 16.3431 14.9432 17.5951 16.1050 15.7461 18.3165 15.8835 16.9428 18.2108 16.5000 17.6000 17.8886 17.6590 17.7629
T3 - - 31.4154 42.6019 43.6325 49.1261 49.2477 47.1465 47.7080 45.0201 41.7942 46.0558 35.2033 47.1295 45.0588
T4 - - 40.0075 58.0920 48.5954 42.9250 40.4011 31.6697 52.6373 43.5986 30.4573 47.3837 49.0299 32.1215 49.1746
T5 - 17.5666 41.3987 50.8105 17.4000 48.2236 19.5494 23.0868 18.2178 19.4666 17.8046 19.0042 23.4361 24.0052 19.1061
T6 - - 48.9306 63.6397 40.9536 40.9190 41.1522 56.7450 45.1997 41.0391 41.8489 40.5205 57.5129 56.0205 42.7205
T7 - 18.3108 16.8552 19.5498 18.2045 17.8046 20.2998 17.8726 19.0042 20.2360 18.6174 19.8163 19.9466 19.6802 19.8652
T8 - 31.5424 29.8389 32.6671 32.2117 31.5745 33.5158 31.2326 32.6989 33.6620 32.7614 33.8479 33.0638 32.5868 33.1905
T9 - - 40.1065 45.9917 48.7028 47.5517 14.4059 31.7768 52.7367 15.2055 44.6942 17.2231 30.2086 32.3049 47.6895
T10 - 24.3994 38.1010 37.9517 25.2290 38.8454 26.3450 42.2707 25.6488 26.5390 25.7643 26.8482 42.2485 42.3137 26.0486
T11 - 27.4002 30.4540 40.5152 28.0450 41.4371 29.3482 45.2552 28.5320 29.5334 28.5838 29.7046 45.3225 45.1566 29.0463
T12 - - 41.0697 40.9181 42.0462 41.8982 29.7467 45.6393 46.2054 29.8981 37.6582 30.1415 45.7211 45.5944 43.3869
T13 - 29.5490 29.7098 28.8387 31.8360 31.2090 29.2270 30.0808 30.9032 29.9488 32.2074 32.0101 28.7789 28.0508 29.5946
T14 - 26.5965 26.7408 25.8738 28.8774 28.2662 26.1812 27.1202 27.9286 26.9872 29.1754 29.0014 25.8337 25.1030 26.6072
T15 - - 57.2417 54.9070 63.6528 39.8034 41.8766 50.8229 67.7894 34.5067 49.6113 43.2097 64.1902 51.2830 65.3329
T16 - 27.2157 29.3909 40.3846 27.8986 41.8230 29.1794 45.0605 28.3827 29.3397 28.4228 29.5318 45.1383 45.0067 28.8636
T17 - - 47.1432 52.4485 53.5816 53.4032 23.2363 40.6173 57.7660 24.0403 49.1263 26.0634 39.0482 41.1399 54.9626
T18 - 28.5430 28.6635 27.8260 30.8245 30.1800 28.1097 29.0626 29.8656 28.9050 31.1206 30.9370 27.7632 27.0418 28.5556
T19 - - 66.0766 71.3523 72.6367 72.3224 42.2582 59.6444 76.6046 43.0553 68.0209 45.0832 58.0782 60.1492 73.7693
T20 - 22.5712 15.3000 23.8288 22.2836 21.9337 24.5333 22.1006 23.1289 24.4086 22.6775 23.8775 24.2195 24.0227 24.0709
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