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ABSTRACT

In the context of industrial automation, optimising automated guided vehicle (AGV) trajectories is crucial for enhancing op-

erational efficiency and safety. They must travel in crowded work areas and cross narrow corridors with strict safety and time

requirements. Bio-inspired optimization algorithms have emerged as a promising approach to deal with complex optimiza-
tion scenarios. Thus, this paper explores the ability of three novel bio-inspired algorithms: the Bat Algorithm (BA), the Whale
Optimization Algorithm (WOA) and the Gazelle Optimization Algorithm (GOA); to optimise the AGV path planning in complex
environments. To do it, a new optimization strategy is described: the AGV trajectory is based on clothoid curves and a specialised

piece-wise fitness function which prioritises safety and efficiency is designed. Simulation experiments were conducted across

different occupancy maps to evaluate the performance of each algorithm. WOA demonstrates faster optimization providing

suitable safety solutions 4 times faster than GOA. Meanwhile, GOA gives solutions with better safety metrics but demands more

computational time. The study highlights the potential of bio-inspired approaches for AGV trajectory optimisation and suggests
avenues for future research, including hybrid algorithm development.

1 | Introduction

In the rapidly evolving landscape of industrial automation and
logistics, the optimization of AGV trajectories represents a fron-
tier of significant scientific and practical interest (Sierra-Garcia
and Santos 2024). As the core of material handling in manu-
facturing, warehousing and port operations, AGVs play a sig-
nificant part in improving operational efficiency and reducing
human error (Zhang et al. 2023). However, the dynamic nature
of their operating environments poses unique challenges for
path planning (Oyekanlu et al. 2020).

AGVs are transforming the material transportation sector across
multiple industries by increasing efficiency, reducing labour
costs and increasing safety standards (Chaudhry et al. 2022).
Their application affects operational efficiency significantly

and can be found frequently from logistic hubs to factory lines
(Sodiya et al. 2024). Nonetheless, there is some concern when it
comes to path planning for AGVs in dynamic and complicated
situations. The complex task of avoiding obstacles and guaran-
teeing effective transportation calls for a practical combination
of strategies (Dao et al. 2024). AGVs are also relevant in the field
of industrial logistics, where the smooth transportation of con-
tainers depends on the effective scheduling and route planning
of these vehicles. Here, the emphasis on optimising AGV trajec-
tories is important for both increasing efficiency and guarantee-
ing safety in the usually crowded dock area. (Chen et al. 2023).

The complexity of AGV path planning is further accentuated
when considering the dynamic nature of their operating en-
vironments (Yang et al. 2023). Traditional algorithms, while
foundational, often fall short in addressing the multifaceted
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objectives of AGV operations, such as energy conservation, min-
imising travel time and avoiding collisions (Li et al. 2023). This
gap has paved the way for innovative approaches that meld tra-
ditional path-planning methods with cutting-edge technologies
and methodologies (Wang, Luo, and Tan 2021).

Metaheuristic algorithms, inspired by natural phenomena,
have emerged as a promising solution, offering the ability to
handle high-dimensional and nonlinear problems with re-
markable adaptability (Pefiacoba et al. 2023). Bio-inspired al-
gorithms are a subset of metaheuristic algorithms that take
their inspiration from biological processes observed in nature,
such as the social behaviour of swarms, the foraging strategies
of animals and evolutionary dynamics. These bio-inspired ap-
proaches have been extensively used for their robustness and
efficiency in solving complex optimization problems, particu-
larly in dynamic and uncertain environments (Soria, Schiano,
and Floreano 2022).

The choice of bio-inspired algorithms for this study is particu-
larly relevant given that as prior research has shown, they are
quite successful in examining complicated solution spaces (Rani
et al. 2023). Bio-inspired algorithms are a good alternative for
AGV trajectory planning by leveraging their inherent stochas-
tic nature, which promotes a comprehensive exploration of the
solution space (Liang et al. 2023). This variability in the search
process enables these algorithms to effectively navigate the com-
plex landscape of potential solutions, making them particularly
well-suited for problems with multiple optimal paths (Zhang
et al. 2024).

In the context of Industry 4.0, AGVs are essential for automating
logistics operations, increasing process flexibility and reducing
reliance on human intervention in manufacturing and smart
warehousing. However, effective path planning for these indus-
trial vehicles remains a challenging task, especially in complex,
dynamic and obstacle-rich environments. AGVs must navi-
gate these scenarios efficiently and safely, avoiding collisions,
minimising travel time and meeting operational demands.
Conventional path-planning methods often struggle to balance
these goals, especially as environments become increasingly
intricate.

This study addresses the need to address these diverse objectives
in AGV path planning using advanced optimization techniques,
in particular by exploring the potential of biologically inspired
optimization algorithms. The Bat algorithm (BA), Whale
Optimization Algorithm (WOA) and Gazelle Optimization
Algorithm (GOA) offer adaptive and flexible search methods,
that could effectively meet the complex demands of AGV navi-
gation in real-world environments. In this research, these three
metaheuristic algorithms are applied and compared within a
clothoid-based AGV path-planning framework. The ultimate
goal is to identify efficient and reliable solutions for these in-
dustrial vehicles that align with Industry 4.0 standards and
challenges, thereby improving automation, safety and opera-
tional performance. The growing literature on these methods
highlights their potential for continuous improvement and ad-
aptation to increasingly complex problems (Yao and Deng 2023;
Zellagui, Belbachir, and El-Sehiemy 2023; Chandrasekaran
et al. 2022).

The main contribution of this paper is to demonstrate how bi-
ologically inspired optimization algorithms can effectively ad-
dress the challenges of AGV trajectory optimization, combining
diverse requirements. Various metrics are used to evaluate and
compare those that respond to the demands of modern indus-
trial environments where safety, efficiency and adaptability
make the difference (Khamis, Hussein, and Elmogy 2015).

The three bio-inspired strategies, BA, WOA and GOA, have
shown potential in various robotic path-planning tasks. BA is
known for its effectiveness in navigating complex paths (Yu,
Zhu, and Lv 2023); WOA, inspired by the cooperative hunting
behaviour of humpback whales, is widely applied in path optimi-
zation for robotic systems (Vinaykumar, Babu, and Frnda 2023);
and GOA, which emulates the agile and evasive movements of
gazelles, offers an innovative approach adaptable to a variety of
applications, such as lithium-ion battery optimization in smart
grids (Hasanien et al. 2023). However, despite their potential,
their application in clothoid-based AGV path planning within
the context of Industry 4.0 has not been previously explored.

This study adapts these algorithms for AGV trajectory optimi-
zation and introduces a rigorous set of evaluation methods and
metrics to analyse and contrast their effectiveness on complex
occupational maps. By doing so, it provides new insights into
how these algorithms perform in practical, real-world scenarios,
offering guidance for selecting the most suitable algorithms for
AGV systems in dynamic and complex environments typical of
Industry 4.0.

This paper is organised as follows: Section 2 provides a compre-
hensive review of the literature on AGV path planning, high-
lighting the strengths and limitations of existing algorithms.
Section 3 details the methodology, including the selection cri-
teria for the bio-inspired algorithms and the development of the
novel fitness function. Section 4 presents the experimental setup
and evaluation criteria, while Section 5 discusses the results,
comparing the performance of the algorithms. Finally, Section 6
concludes the paper with key findings and proposes directions
for future research.

2 | Related Works

Bio-inspired algorithms have found extensive application in
trajectory generation and path planning, offering innovative
solutions to navigate through complex environments in various
disciplines (Lu et al. 2023; Hason and Al-Darraji 2023), high-
lighting the emergence of new methods in the recent literature,
including those studied in this paper (Goncalves, Souza, and
Fernandes 2022).

Previous studies have demonstrated the effectiveness of algo-
rithms such as Genetic Algorithm (GA) and Particle Swarm
Optimization (PSO) in trajectory planning for autonomous
systems due to their similar computational frameworks (Ziadi,
Njah, and Charfi 2020). However, both face limitations in com-
plex multi-objective tasks, such as AGV navigation. PSO's rapid
convergence can hinder exploration in highly constrained en-
vironments, while GA's crossover and mutation mechanisms,
though robust, impose significant computational demands
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(Chevallier and Clairmont 2024). Bayona et al. compared GA,
PSO and pattern search for automated guided vehicles, reveal-
ing their computational intensity and the need for careful fitness
function design to prevent premature convergence and ensure
feasible solutions in highly constrained spaces (Bayona, Sierra-
Garcia, and Santos 2024). In contrast, emerging bio-inspired
algorithms, such as those used in this study, offer unique ad-
vantages for Industry 4.0 applications. For instance, the WOA
outperforms traditional methods in exploration and solution
quality as shown previously (Mohajeri et al. 2022), while ap-
proaches like the BA stand out for their versatility and superior
performance across multiple domains (Johnvictor et al. 2022).

Recent studies have explored various bio-inspired metaheuris-
tic algorithms for optimising trajectory generation in AGVs
and mobile robots. The authors (Bayona, Sierra-Garcia, and
Santos 2024) compared genetic algorithms, PSO and pattern
search for AGV path planning, highlighting their relative effi-
ciencies. Savsani et al. evaluated seven metaheuristics for robotic
arm trajectory optimization (Savsani, Jhala, and Savsani 2016),
finding teaching-learning-based optimization, artificial bee col-
onies and cuckoo search algorithms to be particularly effective.
Miljkovi¢ & Petrovi¢ reviewed and compared (Miljkovi¢ and
Petrovi¢ 2020) biologically inspired algorithms for mobile robot
scheduling, like PSO, chaotic PSO and WOA.

The BA was developed by Yang (2010), leveraging the echoloca-
tion mechanism of bats has shown success in urban planning
and civil engineering, particularly in the layout optimization of
road networks and the design of pedestrian traffic (Srivastava
and Sahana 2019). It has been also used in a previous study
(Roberge, Tarbouchi, and Labonte 2013) where the BA is com-
pared with other optimization techniques in the context of
real-time UAV path planning. it demonstrated that the BA was
effective in finding optimal paths for UAVs, showcasing its po-
tential for trajectory optimization. Also, the BA has been used
by the authors in the study of Perez et al. (2018) to optimise
trajectories for a unicycle mobile robot, noting its rapid conver-
gence compared to other metaheuristics.

The WOA, drawing inspiration from the foraging behaviour of
humpback whales, was presented by Mirjalili & Lewis in a pre-
vious work (Mirjalili and Lewis 2016). It has been used by the
authors in a previous work (Koyama et al. 2009) to conduct a
comparison of different decoding algorithms in the context of
brain-computer interface control. The results indicated that the
Whale algorithm performed competitively, highlighting its po-
tential for trajectory optimization tasks. This technique has also
been used by Yan et al. (2022) and applied in autonomous ve-
hicle navigation, improving the accuracy and efficiency of path
planning in unpredictable terrains. Du et al., in a previous work
(Du et al. 2023), introduced an inertia weight factor and variable
neighbourhood search to enhance global and local optimization
capabilities for manipulator trajectory planning and Loucif et al.
also applied WOA to tune PID controllers for robot manipula-
tor trajectory tracking in previous work (Loucif, Kechida, and
Sebbagh 2020), demonstrating superior performance compared
to other optimization methods.

The GOA, which draws inspiration from the movement pat-
terns and running behaviour of gazelles, was introduced by

Agushaka et al. in a previous work (Agushaka, Ezugwu, and
Abualigah 2022) as a novel bio-inspired metaheuristic opti-
mizer. It has been applied to optimise parameters in smart grid
applications in a previous work (Y. Zhang et al. 2023) and it was
enhanced in a study focusing on the optimization of microgrid
operations, including power-to-gas equipment. This improved
GOA showcases better global search accuracy and faster con-
vergence by incorporating strategies like logistic mapping ini-
tialization and Gaussian mutation coefficient (Wu et al. 2024). A
trajectory generation and optimization algorithm for quadrotor
UAVs, utilising time-parametrized polynomials and addressing
numerical stability issues has been proposed by Alqudsi et al.
(Alqudsi, Kassem, and El-Bayoumi 2021) and Aadithya et al.
introduced a decentralised online trajectory optimization algo-
rithm for multi-robot systems, incorporating obstacle detection,
local shape-based maps and inter-robot communication for col-
lision avoidance (Aadithya et al. 2018).

These examples from various disciplines demonstrate the adapt-
ability and potential of bio-inspired algorithms in optimising
complex systems and demonstrating their robustness in vari-
ous optimization challenges. Focusing on comparative studies
that highlight their performance across various optimization
challenges, recent research has examples like the comparison
of three state-of-the-art algorithms by Morrel et al. (Morrell
et al. 2018), finding that different approaches excel in various
scenarios, such as slow conservative trajectories or high-speed
flight in tight spaces. Salamat & Tonello proposed a stochas-
tic trajectory generation method using PSO with quintic B-
splines in a previous work (Salamat and Tonello 2017), which
satisfies UAV configuration constraints and allows for obstacle
avoidance and speed limitations. Also, the authors (Rehberg
et al. 2023) evaluated four nonlinear trajectory optimization
solvers for energy-optimal quadrotor motion planning, address-
ing the challenges of nonconvex constraints in complex and
highly dynamic scenarios.

While existing comparative studies, like the study of Khalife
et al. in a previous work (Khalife et al. 2022), there has been
a lack of direct evaluation studies specifically focusing on the
application of these algorithms to clothoid-based AGV trajectory
optimization. This paper fills this gap with a comprehensive
comparative study of bio-inspired algorithms using previous lit-
erature guidelines (Molina et al. 2020).

To further clarify the methodological distinctions between our
proposed approach and existing methods, we provide a com-
parative summary in Table 1. This table highlights the primary
differences in application contexts, trajectory modelling, optimi-
zation objectives and evaluation metrics across various studies.

3 | Bio-Inspired Techniques

This study evaluates the performance of three different biolog-
ically inspired algorithms for optimising AGV navigation in
complex environments: BA, GOA and WOA. These methods
were selected for the AGV path-planning problem based on their
adaptability, convergence properties, efficiency and suitability
for multi-objective optimization in constrained environments
(Dalla Vedova, Berri, and Re 2019). These algorithms leverage
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distinct nature-inspired search mechanisms that effectively
balance exploration and exploitation, which is important for
finding AGV trajectories in complex industrial settings (Jaksic¢
et al. 2023).

On the other hand, compared to other metaheuristic optimi-
zation algorithms, BA, WOA and GOA offer a novel approach
that has not yet been explored for industrial autonomous ve-
hicles and that aligns more closely with the demands of AGV
path planning in Industry 4.0. BA's local search is suitable for
efficiently exploring constrained trajectories; WOA's adaptive
behaviours provide a balanced approach to exploring spaces
with many obstacles and GOA's predator pursuit response of-
fers effective safety management in highly constrained sce-
narios. Therefore, these three algorithms BA, WOA and GOA
offer a representative sample of adaptive optimization tech-
niques suitable for intelligent AGV path planning in industrial
environments.

A maximum of 60 iterations, chosen empirically as a stopping
criterion, was applied across the three algorithms to balance
computational cost and solution quality. Preliminary testing in-
dicated that each algorithm achieved substantial improvement
within this range, with minimal gains observed from additional
iterations. This choice reflects a balance between computational
efficiency and solution quality, capturing the essential conver-
gence benefits without unnecessary computational costs. Each
algorithm is configured as follows.

31 | BA

BA is a nature-inspired optimization technique developed
by Xin-She Yang in a previous work (Yang and Hossein
Gandomi 2012), inspired by the echolocation behaviour of bats.
It belongs to the swarm intelligence family and has shown effec-
tiveness in various fields, including engineering, business and
transportation (Okwu and Tartibu 2021).

In this study, the BA initialization phase starts by generating
random output angles within predefined constraints, simu-
lating the initial location of bats within the search space. The
algorithm uses a population size of 50 individuals, empirically
chosen to balance computational cost and solution quality,
mirroring a colony of bats and harnesses the principle of echo-
location. Bats use sound waves to navigate and locate prey, a
mechanism replicated in the BA through varying frequencies
and pulse emissions.

» Frequency (f): Determines how often bats explore the
search space, with a range [0,2], allowing them to adjust
their movement dynamically based on their proximity to
the optimal solution. This parameter enables a balance be-
tween global and local search capabilities, enabling bats to
navigate efficiently towards promising areas of the search
space.

« Pulse Rate (r): Controls the emission rate of sound pulses. A
higher pulse rate encourages exploration, while a lower rate
focuses on exploitation, guiding bats towards promising re-
gions in the search space.

o Loudness (A): Used as a measure of the bat's eagerness to
explore. It decreases as the bat moves closer to its prey, sim-
ulating the decreasing loudness of echolocation sounds as
bats approach their target. This gradual reduction in loud-
ness ensures that bats focus their search efforts on areas
around the discovered optimal solutions, enhancing the ex-
ploitation phase of the algorithm.

BA achieves a balance between exploration and exploita-
tion through dynamically adjusted parameters, specifically
frequency f and pulse rate r, which drives its convergence
behaviour.

During each iteration, the positions and velocities of the bats are
updated based on their current positions, the best-known solu-
tions and randomization factors influenced by frequency and
loudness. Bats with better positions (solutions) emit fewer pulses
and lower loudness. In each iteration, the position x;, , of a bat (or
agent) is updated based on its current position x; and velocity v;:

X1 =X TV, @

where x;,, is the updated position of the bat and v, is the veloc-
ity, allowing each bat to move towards promising solutions. The
velocity v; is influenced by the frequency f, helping BA adjust its
search radius around the best-known solution:

V=V + i (X — Xpest) @)

Here, x,,,, represents the current best solution and the frequency
f> which controls the search radius around the best solution, is
bounded within Q,,;, and Q,,,,,- This velocity adjustment allows
bats to exploit local areas based on the best solution found so far.
By adjusting f, BA adapts its search range, enabling both wide
exploration and focused local search.

The pulse rate r; = ro(l - e‘”) increases over time, making ex-
ploration less likely as iterations progress. Concurrently, loud-
ness A(f) decays exponentially, following A;,, = a - A;, where
a €(0,1) is a decay factor. This dual adjustment in pulse rate
and loudness is designed to ensure that BA increasingly focuses
on the exploitation of the best-known solutions. As t increases,
1; & 1y (the maximum pulse rate), while A; ~ 0, effectively reduc-
ing random exploration and narrowing the search radius around
promising solutions.

To ensure convergence, r(t) and A(f) adapt dynamically: r(f) in-
creases, encouraging local search around optimal areas, while
A(t) decreases, restricting the bats' movement range and refin-
ing their focus near high-quality solutions. Although a formal
convergence proof for BA is complex, literature suggests that
such gradual parameter decay adjustments in pulse rate and
loudness facilitates convergence by balancing exploration and
exploitation throughout the algorithm's iterations.

BA has been successfully applied to solve complex problems
such as manufacturing cell design, where it efficiently distributes
machines in production centres to minimise travel during the
manufacturing process (Soto et al. 2016). Recently, BA has been
implemented in swarm robotics, with both physical prototypes
and computational simulations developed to replicate microbat
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behaviour for tasks like finding target locations in unknown in-
door environments (Suérez, Iglesias, and Galvez 2019). The value
of the parameters used in this study are summarised in Table 2.

3.2 | WOA

WOA is a nature-inspired metaheuristic optimization algorithm
that mimics the bubble-net hunting behaviour of humpback
whales, where they create spiral-shaped bubbles to encircle and
capture prey (Okwu and Tartibu 2021). WOA achieves a balance
between exploration and exploitation through adaptive encir-
cling and spiral updating mechanisms, which guide the algo-
rithm's convergence.

« Encircling Prey: Whales (solutions) encircle the prey (opti-
mal solution) by moving towards the best-known position
in the search space. This behaviour ensures that the pop-
ulation gradually converges towards the optimal solution,
similar to how whales encircle their prey.

« Spiral Updating Position: Whales follow a spiral path as
they close in on their prey, which is mathematically repre-
sented by a spiral equation. This spiral motion introduces a
stochastic component, enhancing the diversity of the search
and preventing premature convergence.

In each iteration, WOA updates the positions of the whale agents
relative to the best-known solution x;,,, employing a shrinking
encircling mechanism and a spiral updating equation. These
mechanisms allow WOA to adaptively focus on promising solu-
tions, narrowing the search space as iterations progress. The
position x;,, of a whale is updated based on x,,, and the current
distance D between the whale and the best solution, using the
following spiral updating formula:

Xpyq = Xpes + D - €% - cos(27]) ()

Here, D =| X, — X; | is the distance between the whale's current
position x; and the best solution x,,,, while b is a constant con-
trolling the logarithmic spiral’s shape and [ is a random number
in the range[ — 1, 1]. This formula creates a shrinking spiral pat-
tern around X,,,, allowing WOA to perform local searches near
high-quality solutions while still exploring the space adaptively.

As iterations progress, the distance D between each whale and
Xpest Shrinks, reducing the search radius around optimal areas

TABLE 2 | BA parameters.

and promoting convergence. The gradual reduction of D effec-
tively narrows the search space, ensuring that WOA increas-
ingly concentrates around x,,,. This adaptive spiral updating
mechanism helps WOA transition from exploration to exploita-
tion as iterations increase, enhancing its ability to converge to-
wards optimal solutions. To maintain diversity and prevent the
algorithm from getting stuck in local optima, WOA includes a
random selection of solutions from the population. This process
injects variability into the population, ensuring a comprehen-
sive exploration of the search space.

In this study, WOA uses a population of 50 whales. The random
selection combined with the shrinking encircling mechanism
allows WOA to efficiently search both globally and locally, mak-
ing it particularly effective for complex, multi-modal optimiza-
tion problems.

With the trajectory approach of this paper, WOA optimises
the output angles of the intermediate points as tuning vari-
ables, with initial output angles randomly determined within
predefined constraints. Additionally, the algorithm selects
individuals for the next generation using a mechanism that
considers both the current best solution and random selection
among the existing solutions. This method promotes a diverse
population, preventing premature convergence and encour-
aging thorough exploration of the search space. Parameters
and their role in the algorithm's operation are summarised in
Table 3.

WOA has shown competitive performance compared to other
state-of-the-art algorithms in solving various optimization prob-
lems. WOA's strengths lie in its convergence speed and ability to
balance exploration and exploitation (Mohammed, Umar, and
Rashid 2019).

33 | GOA

GOA draws inspiration from the social behaviour and eva-
sive movements of gazelles when fleeing predators. It mod-
els the swift, unpredictable movements of gazelles as they
evade predators, translating these behaviours into mathe-
matical functions that guide the search process. Each gazelle
in the population represents a potential solution and their
movements are influenced by a combination of social hierar-
chy, random exploration and gradient following (Abualigah,
Diabat, and Zitar 2022). GOA achieves convergence by balanc-
ing exploration and exploitation through adjustments in step
size, perception range and a Predator Search Response (PSR)
mechanism, which enables the algorithm to adaptively shift

Parameter Value its focus as needed.

Bats population size 50

Number of iterations 60 TABLE 3 | Whale optimization algorithm parameters.

Search space boundaries [0, 360] Parameter Value

Frequency (f) [Quins Quuax| =10,2] Whale population size 50

Loudness (A) 0.95 Number on iterations 60

Pulse rate (1) 0.1 Search space boundaries [0, 360]
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« Perception Range: The gazelles' perception range controls
the scope of their exploration, allowing them to assess their
surroundings and decide on their next move. This is anal-
ogous to the crossover operation in genetic algorithms, but
GOA's approach is more dynamic, adjusting the search di-
rection based on the perceived landscape.

« PSR: PSR is a key mechanism in GOA that modulates the
gazelles' behaviour, increasing the probability of moving
towards high-quality solutions as iterations progress. This
probability, ppsg, allows GOA to gradually shift from broad
exploration to focused exploitation, adapting to promising
solutions over time.

GOA's convergence is achieved by modulating key parameters
that guide the balance between broad search and focused ex-
ploitation. Specifically, GOA dynamically adjusts the perception
range, incorporates random exploration and gradient following
and uses a PSR mechanism to influence gazelles' likelihood of
moving towards high-quality solutions. These mechanisms col-
lectively manage the convergence rate, ensuring that GOA can
adapt its search focus over time.

The perception range P; of each gazelle initially allows for broad
exploration, enabling each agent to assess its surroundings and
select promising directions. This perception range is analogous
to the crossover operation in genetic algorithms, but GOA's ap-
proach is more dynamic, reducing the perception range over
time. Mathematically, this is represented by:

P, =P-p )

where § € (0,1) is a decay factor. As P; decreases, gazelles con-
centrate their search around local regions, which accelerates
convergence by narrowing the search radius and emphasising
local refinement near high-quality solutions.

GOA further balances exploration and exploitation through a
combination of random movements and gradient-based adjust-
ments, which help each gazelle explore new areas of the search
space while moving towards promising gradients. Additionally,
GOA includes a mutation mechanism that simulates sudden,
unpredictable directional changes seen in gazelles when evad-
ing predators. This randomness adds diversity to the search, re-
ducing the risk of premature convergence. At the same time, an
elite selection strategy ensures that the most successful gazelles
guide the population, turning the search towards more optimal
solutions.

A key component in GOA's adaptive strategy is the PSR mech-
anism, which adjusts the gazelles' movement based on external
signals. The probability ppgg of moving towards the best-known
solution increases over time, helping GOA transition from ex-
ploration to exploitation. The probability is defined by:

Ppsg =1—e™ ®)

where 6 controls the rate of increase in ppgr and i is the iteration
count. As iterations progress, ppsr approaches 1, directing the
search towards high-quality solutions and minimising unnec-
essary exploration.

The primary position update for each gazelle incorporates an
adaptive step size ¢; and an exponential decay factor, gradually
decreasing the search radius as iterations progress. In each iter-
ation, the position x;, , of a gazelle is updated based on:

Xy =X+ ¢ d - e ©)

where ¢; is the initial step size, d is a direction vector, a controls
the decay rate and i is the iteration count. This formulation en-
sures that as i increases, ¢; - ) approaches zero, narrowing
the search area around optimal solutions and supporting steady
convergence by refining the search radius.

By combining these mechanisms, GOA effectively balances
exploration and exploitation, which facilitates a controlled con-
vergence rate. The early iterations allow for broad exploration,
while the decay in perception range, step size and the increase
in ppg gradually narrow the search focus, supporting local re-
finement around promising solutions.

In this study, the GOA is configured with a population of 50
gazelles, chosen by previous parameter tuning. GOA tunes the
output angles of the intermediate points, which serve as pa-
rameters in the optimization process. The angles are initially
generated randomly within the bounds defined by the task'’s
constraints, setting the stage for the algorithm's operation. All
these parameters and their role in the algorithm's operation
are summarised in Table 4.

This algorithm is particularly effective in dynamic and highly
constrained environments as it has shown promising perfor-
mance on benchmark functions and engineering problems,
demonstrating its potential as an effective optimization tool
(Abdollahzadeh et al. 2022). Recent studies have proposed en-
hancements to improve its performance. The authors of a previ-
ous work (Qin et al. 2024) introduced a multi-strategy approach
combining PSO with GOA, demonstrating superior convergence
accuracy and stability across benchmark functions and engi-
neering problems. Ekinci et al. developed in a previous work
(Ekinci, Izci, and Hussien 2024) a hybrid gazelle-Nelder-Mead
algorithm, which outperformed other optimization approaches
in parameter extraction for solar photovoltaic systems. These
studies show the versatility and effectiveness of GOA-based al-
gorithms in solving complex optimization challenges across di-
verse domains.

3.4 | Algorithms Common Parameter Analysis

A comparative analysis of the three bio-inspired algorithms em-
ployed in this study reveals that, despite their inherent differ-
ences in terms of characteristics and mechanisms, they exhibit
a number of common fundamental parameters that play analo-
gous roles.

« The exploration and exploitation parameters of each algo-
rithm facilitate a balance between exploration and exploita-
tion within the search space. The BA incorporates frequency
(f) and pulse rate (r) as modulating factors in the explora-
tion and exploitation of the search space. WOA employs a
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shrinking encircling mechanism and random selection to
adjust the search intensity over iterations. GOA uses the per-
ception range and step size coefficient to dynamically adjust
the search scope and direction of gazelles.

« The three algorithms feature randomization mechanisms,
which introduce stochasticity to maintain diversity within the
population and prevent premature convergence. The afore-
mentioned mechanisms, whether it be the pulse rate in BA,
the spiral updating position in WOA, or the mutation in GOA,
ensure that the search space is sufficiently explored, thereby
reducing the risk of becoming trapped in a local optimum.

« The selection of the optimal solutions is a fundamental as-
pect of all three algorithms. They incorporate a mechanism
to prioritise the best solutions that have been identified

TABLE 4 | GOA parameters.
Parameter Value
Gazelle population size 50
Number on iterations 60
Search space boundaries [0, 360]
Probabilistic selection rate 0.34
Step size coefficient 0.88

within the search space. In BA, the positions of bats are up-
dated based on the best solution and their current velocity.
WOA involves encircling behaviour to move towards the
best solution. GOA employs elite selection to propagate the
best solutions to the next generation.

The similarities in the structure and operation of these algo-
rithms, despite their distinct inspirations and specific imple-
mentations, are indicative of underlying commonalities. The
acknowledgement of the parallels between these parameters en-
ables a more detailed comprehension of the ways in which these
algorithms can be successfully deployed in analogous scenarios.

4 | Optimization Methodology

This research presents a comparative analysis of three bio-
inspired algorithms that aim to optimise the trajectory planning
of AGVs in complex operational environments. We evaluate the
algorithms in different simulation environments. Firstly, a de-
tailed discussion of the evaluation methodology, the approach
for optimization and the characterisation of key elements within
the study are provided. The methodological framework is illus-
trated in Figure 1.

The problem definition is the first step in identifying the AGV
navigation challenge, which is the basis for the optimisation

| Problem Definition |

A 4

| Optimization Strategy Formulation |

v

| Optimization Strategy Formulation |

Y
| Metrics Identification |

v

| Scenario Development |

Y
| Simulation Setup |

Y

Bio-Inspired Algorithms Testing

Bat Algorithm
(BA)

Whale Optimization
Algorithm (WOA)

Gazelle Optimization
Algorithm (GOA)

A

y

| Performance Comparison |

FIGURE1 | Optimization methodology.
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process. Two parallel aspects are then developed: the optimisation
strategy formulation designed to be independent yet adaptable to
each heuristic method and the scenario development. Within the
optimisation strategy formulation, key performance metrics are
identified to evaluate the performance of each algorithm. At the
same time, in the scenario development phase, different occu-
pancy maps are designed to test the algorithms under different
conditions. These scenarios provide a structured environment in
which the performance of the algorithms can be evaluated. Both
the identified metrics and the developed scenarios lead to the al-
gorithmic testing phase. Here the specific configurations of the
bio-inspired algorithms are outlined, setting the stage for experi-
mental testing. Each algorithm is then subjected to the developed
scenarios and its performance is carefully recorded.

In the next stage, the results of the algorithmic testing are ana-
lysed and compared in the performance evaluation phase. This
analysis highlights the strengths and weaknesses of each algo-
rithm. Indicators such as time to reach a safe trajectory and effi-
ciency in determining optimal paths are measured, providing a
comprehensive assessment of the algorithms' capabilities.

To ensure a comprehensive evaluation of the different methods, it
is essential to establish a clear mathematical framework for model-
ling the trajectories generated throughout the process. For the sake
of clarity, the problem modelling is elaborated in Section 4.1 and
the proposed optimization strategy is outlined in Section 4.2. This
strategy remains independent of the chosen optimization tech-
nique. In addition, it is necessary to define the scenarios in which
the trajectories will be compared, as described in Section 4.4. To
provide a solid evaluation, a set of meaningful metrics is defined
and recorded at each iteration of the optimization methods. These
metrics, that are explained in Section 4.5, include the time to reach
a collision-free solution and the time to reach the optimal solution.
Section 4.3 discusses the fitness function used in the optimiza-
tion methods, being an important part of the optimal solution-
searching process. Once the overall framework is established, the
metaheuristic techniques are configured as described in Section 3
and then tested according to the process described in Section 4.6.
After each run, a log file containing the evaluation metrics is gen-
erated. This information is then used to compare the techniques
and the results are discussed in Section 5.

4.1 | Problem Modelling

Figure 2 presents the approach for creating trajectories that are
customised to meet the specific requirements of logistics appli-

their corresponding angles. In order to achieve accurate docking
at stations, it is important to accurately specify these angles. In
their previous work (Bayona, Sierra-Garcia, and Santos 2024),
the authors presented an automated technique for processing
the occupancy map to identify obstacles. The identified obstacles
are delineated by polylines marking their perimeters. This tech-
nique simplifies the process of measuring the distance between
the vehicle and the obstacles, thereby increasing the efficiency of
the optimisation algorithm's fitness function computation.

The optimization tool's functionality is aided by users specifying
a series of waypoints. Adjusting the angles at these waypoints
is, therefore, the main focus of the optimisation routine. The
system is provided with the obstacle list, the coordinates of the
start and end points, including their angles and the user-defined
waypoints. Iterative processes are used to determine the fastest
trajectory, avoiding collisions and maintaining a safe distance
from obstacles. These trajectories can then be deployed to AGVs
or managed via a fleet control system.

Clothoid curves have several applications in path planning and
generation for autonomous vehicles or robots. They have been
selected in this study due to their unique ability to ensure con-
tinuous curvature transitions. This feature is essential for AGVs,
which operate in restricted environments, where smooth changes
in direction help prevent abrupt movements that could lead to in-
stability when carrying loads. Other path-planning approaches,
such as B-splines, were considered as they can also provide smooth
paths, but clothoid curves inherently provide that G? continuity
(continuous curvature), making them ideal for applications that
need smooth and gradual curvature changes. Achieving similar
behaviour with B-splines would require additional calculations to
adjust and maintain curvature at control points, which can com-
plicate real-time adjustments in dynamic environments.

In this study, clothoid curves are used for trajectory planning
for autonomous vehicles and modelled using the Frenet formula
within an occupancy map. An algorithm inspired by Bertolazzi
and Frego (Bertolazzi and Frego 2015) solves the G' Hermite
interpolation problem to generate a clothoid curve connecting
two points with specific tangent vectors on a plane. Solutions
for this optimization problem are defined as a set of elements:
6(N,,), where N,, is the number of intermediate points and 6 is
the output angle of the trajectory at those intermediate points.
Therefore, the solution will have as many elements as interme-
diate points. The angle range is between 0 and 2z. These condi-
tions are formally expressed in (7).

cations. A computer-aided design (CAD) layout, details the di- 0, €[0,27]; i€ {N < Nw} )
mensions of the work area, obstacles, start and end points and
Initial/Final waypoints
(Coord. & Output Angles)
- Optimization AGV & Fleet
CAD Ocuppancy Map ” ‘I)Drocess Manager
Layout and ; ;
Waypoints (Coordinates) Obstable Data Trajectories
FIGURE2 | Trajectory generation process.
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The distance between obstacles and the vehicle is calculated using
thevehicle'svertices and the segments representing the map's obsta-
cles.Whilethe AGVfollowsitstrajectory, thevertices positionsinthe
inertial frame S, change, but their positions in the vehicle's coordi-
nate frame S, remain constant. The vertices in S, are represented as
Ve=(W/2,L/2),(-W/2,L/2),(W/2, —=L/2),(-W/2, -L/2),
with W and L being the vehicle's width and length, respectively, as
shown in Figure 3.

4.2 | Optimization Strategy

To enhance the AGV's trajectory, we propose a dynamic it-
erative computational approach, as shown in Figure 4. This
method applies metaheuristic bio-inspired methods to opti-
mise the output angles at intermediate waypoints 6,. These
angles, 0, along with the coordinates of the waypoints (x;, ;)
and the starting and ending points' coordinates and angles
(X, Y5, 05) and (x,,¥,,0,), are the main factors in constructing
the AGV's path, as described in Section 4.1. The trajectory is
tested against a predefined list of obstacles to measure proxim-
ity to any obstacle D and perform collision checks D,, as shown
in a previous work (Bayona, Sierra-Garcia, and Santos 2024).
The results of these tests are used to evaluate the fitness func-
tion f,, which assesses the performance of the trajectory. The
metaheuristic algorithm then adjusts the angles 6, based on
the fitness value, refining the trajectory at each iteration for
optimal performance.

The main parameters of this optimization problem are sum-
marised in Table 5.

This optimization strategy can be synthesised and formalised
with the Algorithm 1.

n is the number of points of the trajectory, N, is the number of
obstacles in the occupancy map, N,, is the number of interme-
diate points, Dy, represents the distance from the vehicle's ver-
tex k in the trajectory point i to the obstacle j when there is no
collision anchvk is the distance when a collision occurs. Dc is

(_W/zlL/z ) -

- y (W/yk/5)

the sum of distances to all obstacles in a collision. list, is the
set of the obstacles, f,, denotes the function executed by the
metaheuristic algorithm, ., € R*" denotes the Frenet trajec-
tory, gety; denotes the function to calculate the distances to the
obstacles and get,,, indicates the function which computes the
collision distances.

4.3 | Fitness Function

Efficient and safe trajectory planning for AGVs requires a well-
designed fitness function to guide the optimization process.
This study presents a current fitness function structured as a
piece-wise function with three distinct components, designed
for optimising trajectories for AGVs. The approach is inspired by
the methodology detailed in previous work (Bayona et al. 2024),
with a particular focus on the Piece-Wise Average (PWAVG)
method, which emphasises balancing safety and navigational
efficiency.

The fitness function used in this optimization process, defined
in Equation (8), is made up of three components, each of which
addresses different aspects of the AGV path optimization. These
components ensure a balance between safety and efficiency:

1+ 2?:1 minjey, ke 4De,, ifD.#0
(SD—min(minjeNmka__é,D,jk))

2-SD
TTT
Cl

f.=105+ if D, =0Amin(miney ye; 4Dyc) <SD

ifmin (minjey, ker.4Dyi) > SD

®
where n is the number of points of the trajectory, N, is the num-
ber of obstacles in the occupancy map, Dy, represents the dis-
tance from the vehicle's vertex k in the trajectory point i to the
obstacle j when there is no collision and D, is that distance
when a collision occurs. Dc is the sum of distances to all obsta-
cles when there is a collision. Thus, when there is no collision
(Dc = 0), the fitness function aims to maximise the distance to
obstacles. On the other hand, when a collision occurs (D, # 0),
the fitness function is designed to minimise the length of the
trajectory inside the obstacles. Distance calculations are based

X

p (Y/27E2)

S, (_W/Z‘_L/z) X

A J

FIGURE 3 | Vehicle singular points representation in general and relative reference frames (Bayona, Sierra-Garcia, and Santos 2024).
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Waypoints  Starting and Ending Obstacle
Coordinates  Points Angles List
(xiyi) (65.6e) ¢
Waypoints —‘—)|; Collision Checking (Dc) l—‘—;
Angles (6)

Bio-inspired Method

Trajectory Generation l—

A

| FITNESS FUNCTION (f,) }4

FIGURE 4 | Optimization strategy.

TABLE 5 | Summary of constraints, fixed parameters and
optimization variables.

Constraints and fixed parameters

Coordinates of the start point (%6 ¥5)
Output angle of the start point 0,
Coordinates of the endpoint (XeYe)
Input angle of the endpoint 0,

Coordinates of the waypoints (x,y,) eR? ie {N<N,}

Physical dimensions of the —
AGV

Optimization variables

Output angles of the waypoints 6, € [0,27], i€ {N<N,,}

on the mathematical description in a previous work (Bayona,
Sierra-Garcia, and Santos 2024). SD is the safety distance term,
a constant term defined by the user to adjust the obstacle clear-
ance. This proximity safety term is essential for preventing
near-miss scenarios and ensuring that trajectories maintain an
appropriate gap around obstacles.

Finally, TTT refers to the Trajectory Travelling Time metric de-
scribed in 4.5 and C; is a normalisation coefficient for continuity
purposes in the piece-wise fitness function. The coefficient C, is
adjusted to ensure that the value of the third row of the fitness
function is less than 0.5, thereby maintaining continuity across
the transitions between different segments of the function.

« Collision Penalty Component:

n

1+ min D, C)]
& jeN,kerd ik

The collision penalty component described in Equation (9)
applies when the AGV's path intersects with obstacles
(D, # 0). It penalises the trajectory based on the total in-
vaded distance within the collision space, quantified by
D, which measures the minimum distance between the
AGV's vertices and obstacles during collision. This ensures

that paths with significant overlap in collision zones are de-
prioritized, enhancing operational safety.

« Proximity Safety Component:

0sa (SD - mil’l(erliIZ;Nn,kel.ADijk)) 10)

When there are no collisions (D, = 0) but the trajectory does
not comply with the minimum safety distance (SD), this
term is shown in Equation (10) penalises proportionally
paths that come too close to obstacles, seeking to maintain
a minimum safety zone. The constant SD = 100 (Safe Dis-
tance) enforces a minimum clearance, which can be adjust-
ed as needed. The initial safe path (ISP) represents the first
collision-free route identified by the algorithm that main-
tains the required safety clearance (SD) throughout the en-
tire trajectory. When this happens the condition to use the
third row of the fitness function is triggered.

« Efficiency Component:
TTT
G ¢

This component is activated when the path keeps
a distance greater than the safety threshold
(min(minjey e1 4Dyi) > SD). It minimises the Total Travel
Time (TTT) metric shown in Section 4.5, promoting effi-
cient trajectories. The normalisation constant C, ensures
the fitness function remains continuous across transitions.

The balance between exploration and exploitation is a central
aspect of the search strategy of the selected algorithms and the
fitness function components are designed to support this bal-
ance in the context of AGV path planning. The proximity safety
component encourages exploration by guiding the search pro-
cess towards routes that maintain safe distances to obstacles,
allowing the algorithms to explore multiple feasible paths with-
out prematurely committing to suboptimal routes. The collision
penalty component reinforces exploitation by penalising routes
that intersect with obstacles, focusing the search on refining safe,
collision-free routes. Finally, the efficiency component balances
these elements by minimising the travel time, prompting the al-
gorithm to prioritise routes that are both safe and operationally
efficient.
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ALGORITHM1 | Optimization algorithm.

Require: N,, > 0,n > 0, |list,, | =N, > 0, W>0,L >0
foe
while iter < itery;,x do

{0} < foplf), i€ {(N<N,}

tClDthDid (_fclothoid<€i’ (xe’ye)’ (xs’ys)’ {(xi’yi) })’ S {N < Nw}
{Dijk} — gty (Laommoiar istopss Wi L), i€ {(N<n},je {N<N,} ke {N<4}

{De,, } < getea(tamos istans WoL), € (N<m}j € (NN} ke (N <4)

n N, 4
Dc < Zi=1 Zj:l Zk:] Dcl-jk
if D, # 0 then
foe1l+ Zl-":l mi"jeNo,kel.ADcﬁk
else
if D, = 0 A min(minjey xe1 4Dy) < SD then
(SD—min(minjeNOVkel_ADijk))

fo <05+ b
else
foe T
end if
end if
end while

The combination of components ensures that the optimization
process maintains a dynamic balance between exploring poten-
tial routes and exploiting good-quality solutions. To ensure that
each component of the cost function contributes proportionally,
min-max normalisation is applied to scale each metric into an
equal range, maintaining a balanced impact on safety, collision
avoidance and operational efficiency objectives. This normali-
sation technique provides smooth transitions between compo-
nents and maintains stable behaviour across different scenarios,
ensuring a consistent evaluation framework that accurately re-
flects the trade-offs between collision avoidance, safe distances
and efficiency.

4.4 | Evaluation Scenarios

Two simulation environments have been designed to evaluate the
performance of cutting-edge optimization algorithms. Each sce-
nario covers dimensions of 13,500 by 11,000mm and is differen-
tiated by its complexity level, which is determined by the density
and strategic placement of obstacles within the environment. This
presents varied challenges for trajectory planning. Figure 5 shows
the revised scenarios, including the start and end points of each
trajectory and the associated output angles. The advanced chal-
lenge scenario has more obstacles than the initial basic challenge
design, requiring a differentiated approach to navigate effectively.

Regarding design philosophy, the environments are created to
simulate various challenges that one may face during real-world
navigation. This provides a comprehensive platform to evalu-
ate the adaptability and efficiency of the algorithms. Figure 5
displays the visualisation of these environments, with blue
polygons representing obstacles and white spaces indicating
navigable paths. The use of start and end points, accompanied
by directional arrows, provides a clear representation of the test

conditions. This enables a thorough analysis of the performance
of each algorithm under varying levels of complexity.

This study presents two novel metrics, the Navigability Ratio
(NR) and the Critical Point Density (CPD), to assess the com-
plexity of occupancy maps. These metrics serve as important
criteria for assessing the complexity of the designed simulation
environments, improving the understanding of the challenging
nature of different levels of complexity and their impact on the
performance of the selected optimisation algorithms.

The NR is determined by calculating the percentage of the
total area within the simulation environment that remains
free from obstacles, allowing AGVs to navigate. This metric
is important for understanding the available space for trajec-
tory planning. A lower ratio indicates a more complex envi-
ronment with limited navigable paths, while a higher ratio
suggests a less crowded environment with more straightfor-
ward navigation. The ratio is calculated by dividing the total
environmental area by the difference between the total envi-
ronmental area and the area occupied by obstacles as shown
in Equation (12). A higher percentage indicates a more naviga-
ble environment with fewer obstacles, simplifying trajectory
planning. Conversely, a lower percentage signifies a highly
complex environment with limited navigable paths, posing
significant navigation challenges.

A -A
NR(%) = 100(—“"fj1 Obs) 12)
total

where A, represents the total area of the occupancy map and
Aoy is the area occupied by obstacles.

The CPD metric identifies areas within the environment that
present significant navigational challenges, despite being
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technically navigable. Critical points are defined as areas with a
space greater than 1.1 times the width of the AGV but less than
3 times this width, representing narrow passages that require
precise manoeuvring. The metric is calculated by identifying
critical points or areas using spatial analysis techniques, then
counting their occurrence and normalising this count by the
total area of the map. This density value provides insight into the
concentration of navigational challenges. It highlights environ-
ments that are mostly navigable but contain numerous sections
that require advanced pathfinding solutions and adaptability
from optimization algorithms.

NCP

total

CPD = 13)

where NCP represents the number of critical points in the map.

By incorporating these metrics into our evaluation framework,
we obtain a comprehensive understanding of environmental
complexity. Figure 5 illustrates not only the physical layout of
obstacles and navigable paths but also provides a framework for
the application of these quantitative measures. The use of the
NR and the CPD metrics as criteria for complexity assessment
ensures a comprehensive analysis of each simulation environ-
ment. The study aims to identify the most suitable algorithms for
different levels of environmental complexity.

Two different occupancy maps are used to evaluate the effective-
ness of the chosen optimisation algorithms in the generation of
trajectories for AGVs. The NR and the CPD metrics are used to
quantify and compare the complexity of these scenarios. They
are designed to represent different levels of navigational com-
plexity within the environment.

 Basic challenge scenario

NR(%) = 74.13

CPD = 0.007
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(b) Advance challenge scenario
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Graphical representation of the considered scenarios for optimization experiments.

« Advance challenge scenario

NR(%) = 76.04
CPD =0.03

The Basic Challenge Scenario is defined by a smaller number
of obstacles distributed across the map. This simplified design
aims to evaluate algorithms' ability to generate efficient trajec-
tories in a less complex environment. The NR metric is expected
to be high in this scenario, indicating a broad availability of
obstacle-free space for AGV navigation due to the lower obstacle
density present in the map. The CPD metric is expected to be
low, indicating a reduced number of narrow passages that re-
quire precise navigation manoeuvres. This is due to the strategic
and limited placement of obstacles.

In contrast, the Advance Challenge Scenario is a more demand-
ing environment with a higher obstacle density and strategic
distribution, designed to simulate complex navigational chal-
lenges, including narrow passages and densely populated obsta-
cle areas. This scenario is expected to have a high percentage
of navigable area, reflecting the available free space even to a
lesser area of obstacles. Unlike the Basic Challenge Scenario, the
density of critical points is expected to be higher. The ability to
plan accurate and flexible routes is challenged by the presence
of many narrow sections and areas.

Using these metrics to evaluate the complexity of basic and
advanced challenge scenarios not only allows for quantitative
comparison but also provides valuable insights into the ro-
bustness and versatility of the optimization algorithms being
studied.

4.5 | Evaluation Metrics

The evaluation metrics used in this study assess both the safety
and efficiency dimensions, which are critical to AGV path
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optimization. Each metric reflects a unique aspect of perfor-
mance, facilitating a comparison of algorithmic effectiveness:

» Non-collision time (NCT): NCT measures the time required
by each algorithm to identify a viable path that avoids all
obstacles. This metric provides insight into the convergence
speed and efficiency of each algorithm, with faster NCT val-
ues indicating algorithms that can quickly adapt to complex
environments.

o Initial Safe Path time (ISPT): ISPT quantifies the time re-
quired for each algorithm to identify the first collision-free,
safety-compliant path. This measure is particularly useful
for assessing the initial exploration capabilities of the algo-
rithms under varying environmental complexities.

o Minimum distance to obstacles (MDO): The MDO metric
evaluates the closest distance between any point of the
AGV's path and the nearest obstacle. The calculation in-
volves determining the MDO for each vertex of the vehicle
along the trajectory and selecting the smallest value from
this set of values. This metric assesses the safety margin
provided by each algorithm's solution, with higher MDO
values corresponding to increased anti-collision safety.
When collisions are present, MDO is set to zero, distin-
guishing between feasible and non-feasible solutions. The
formula for MDO, given by Equation (14), reflects this spa-
tial safety criterion quantitatively.

MDO = miny, , re1. 4(minjey Dy) (14)

Being n the number of trajectory points and N, the number
of obstacles in the occupancy map. Dy denotes the distance
from the vehicle's vertex k in the trajectory point i to the
obstacle j when there is no collision.

 Average Distance to Obstacles (ADO): The ADO metric cal-
culates the average of the distances from all points along
the AGV's path to the nearest obstacles, providing a holistic
view of safety along the entire trajectory. High ADO values
indicate that the AGV maintains a safe distance from obsta-
cles along the route, allowing for effective collision avoid-
ance. Equation (15) formalises this metric.

n - D
Zi=1 Milien, ke1.4Pijk (15)
n

ADO =

« TTT: This metric calculates the time needed by an AGV to
complete the planned route. It is calculated by dividing the
route length by the set AGV speed. TTT serves as an effi-
ciency indicator as it directly correlates to time. Lower TTT
values imply more time-efficient routes, in line with the in-
dustrial vehicle's operational performance objectives. In this
work, the time is calculated by dividing the total distance of
the trajectory by the AGV's constant velocity (v,5, = 1m /).

4.6 | Experimental Setup

The structure of the experiments was designed to evaluate the
performance of three optimization algorithms. To illustrate the

results, visual representations, including result graphs and an
occupancy map, were developed. For generating these results,
Matlab R2022a, complemented by the Global Optimization 4.7
and Navigation 2.2 toolboxes was used. The Global Optimization
toolbox is required to implement the different bio-inspired algo-
rithms implemented. The navigation toolbox is used to generate
clothoid paths. The trajectory generated by the optimal solution
of each algorithm is displayed and the progression of key per-
formance indicators is monitored throughout the optimisation
process.

Conditions specific to each scenario were defined based on their
complexity to ensure a consistent approach across all optimization
methods. A consistent fitness function was applied throughout the
iterative process, with results documented at each step. A log file
was created for each metaheuristic approach, recording details for
each iteration: timestamp, generation number, individual index,
fitness function value, solution angle, MDO and ADO. This al-
lowed comparisons to be made between individual solutions of the
different metaheuristic techniques and the evolution of the metrics
to be tracked throughout the optimization.

Data was systematically organised and stored in CSV format,
capturing the evolution of the metrics over time and facilitating
detailed analysis of the trajectories generated. This method al-
lows continuous evaluation of both intermediate and final solu-
tions, providing insight into the performance of the algorithm
throughout the optimisation process. The metrics collected were
analysed, including timestamps, generations, individual counts,
fitness function values, minimum average distances to obsta-
cles and the time taken to achieve collision-free and optimal
solutions.

5 | Results

This section provides a detailed visual and quantitative analy-
sis of the results obtained by using three different metaheuristic
bio-inspired algorithms to solve the AGV trajectory planning
problem. To ensure a reliable and fair comparison between the
algorithms, 10 simulations were performed for each optimiza-
tion strategy. For each algorithm, the result with the best per-
formance in the experiments was selected, thus obtaining its
performance in a consistent manner. This approach allows a
clear assessment of the strengths of each algorithm under equiv-
alent conditions, providing significant differences in the metrics
evaluated.

The optimal trajectory is graphically shown in a plan view of
an industrial environment. The route is represented by a red
line and red dots correspond to the start, end and intermediate
points, for clarity. The AGV profile is highlighted in blue, while
yellow lines represent the proximity of the vehicle to surround-
ing obstacles. These lines show the closest distance from the ve-
hicle edges to obstacles in the occupancy map.

In addition, the graphs show the evolution of each metric value
over the iterations during optimization, using colours to distin-
guish the algorithms: blue for WOA, yellow for BA and green
for GOA.

14 of 26

Expert Systems, 2025

85UB017 SUOWIWIOD A0 8|edl|dde 8y Aq paueAob afe Saoile O ‘8Sn 4O S3|N1 10} AXeid1 38Ul UQ AB]1/ UO (SUO 1 IPUOD-PUe-SWBH W00 A8 1M AeIq U1 [UO//:SANY) SUOTIPUOD pue SWie | 81 88S *[GZ0Z/0T/#T] Uo ARiqiaulluo A8|im eusbered aq eoluosiijod pepsieAlun A 9E8ET ASXe/TTTT OT/I0p/wo0" A3 |1mAReiq 1 puluo//Sdiy Wwioly pspeojumod ‘€ ‘SZ0Z V65089 T



5.1 | Basic Challenge Scenario

To establish the trajectories, an initial occupancy map featuring
9 obstacles within a confined area was utilised as a basic chal-
lenge. Along with the start and end points, 5 intermediate points
were incorporated into the map. The output angles for the start
and end points were predetermined, whereas the output angles
for the intermediate points served as the optimization variables.
The optimization process was carried out over 60 iterations to
achieve the results.

Figure 6 illustrates the optimal trajectories produced by the
three optimization strategies. In this instance, all methods suc-
cessfully found a collision-free solution. It is observed that in
this case, both the BA and GOA find a solution that looks very
similar, while the WOA shows a greater difference compared to
the other two methods.

Figure 7 illustrates the progression of the fitness function for
each approach throughout the optimization process. In this
scenario, all methods have managed to find feasible solutions,
although with slight variations. This is reflected in the fitness

function's trend, which consistently ends below 1, showing suc-
cess in achieving collision-free solutions. It is observed that the
BA is capable of finding a feasible solution with a good fitness
function value almost at the beginning of the optimization pro-
cess, while the WOA takes several generations to identify solu-
tions with a lower cost value. This demonstrates that, in this
case, BA can find a feasible and high-quality solution earlier
than WOA, but it is the latter that ultimately discovers a better
solution. In the case of GOA, the method takes more generations
to find a feasible, collision-free solution and then improves the
fitness function values, eventually finding a solution that is sim-
ilar but inferior to those found by the other two methods. For
this case, the axes limits of Figure 7 have been adjusted to focus
on the evolution of the fitness function values within the fea-
sible solution space. Without this adjustment, the values in the
infeasible (collision) region would dominate the plot, obscuring
important details in the feasible region.

Figure 8 shows the MDO evolution for the basic scenario. It is
observed that both BA and WOA achieve maximum values of
average distance as they find satisfactory solutions to the prob-
lem. In this case, GOA does not manage to find collision-free
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FIGURE 6 | Basicchallenge scenario, optimised trajectories. (a) BA (b) WOA (c) GOA.
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FIGURE 8 | MDO evolution in the basic challenge scenario.

solutions until the fourth iteration, showing zero values for min-
imum distance. From the fifth iteration onwards, the method
progressively finds more suitable solutions, eventually reaching
average distance values very similar to those of the other two
methods.

Similarly, in Figure 9, it can be observed how the average dis-
tances to obstacles are adjusted as the method develops more
optimal solutions. In this case, it is shown that WOA ultimately
achieves the best ADO.

On the other hand, considering that the final part of the fit-
ness function prioritises minimising the trajectory travel time,
Figure 10 shows which method ultimately achieves the fastest
solution while adhering to the safety standards established in the
fitness function. In this case, we see that WOA is the method that
achieves the best TTT value for its optimal solution. However, it
is again observed that BA obtains the best value earlier, consis-
tent with what was observed in the case of the fitness function.

Tables 6 and 7 present the analytical values obtained, indicating
the first collision-free solution and the initial solution that meets
the safety parameters.

Finally, Figure 11 presents the evolution of the solutions found
by the different methods during the first five iterations, allow-
ing for visualisation of the progress made by the methods during
the most significant moments of progress in the search for the
optimal solution. In this instance, it is apparent that BA is the
method that converges most quickly towards near-optimal solu-
tions, followed by WOA. For GOA, as indicated by the other
metrics, the initial iterations yield lower-quality solutions, mak-
ing it the slowest method in this particular scenario. On the
other hand, as the methods continue to operate, BA maintains
the same values achieved during the initial iterations, whereas
WOA and GOA continue to improve upon their solutions. In
this case, WOA converges to more suitable solutions faster than
GOA; however, GOA is able to sustain improvements over time,
ultimately equating its results with those of WOA.
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5.2 | Advance Challenge Scenario

For this scenario, trajectories were determined using an ad-
vance challenge occupancy map containing 7 obstacles within a
restricted area. Besides the start and end points, 5 intermediate
points were introduced. The angles for the start and end points
were set in advance, while the angles for the intermediate points
were treated as variables in the optimization process. The op-
timization was conducted over 60 iterations to reach the final
results.

Figure 12 illustrates the final iteration trajectories produced
by the three optimization strategies. Both WOA and GOA suc-
cessfully found similar and effective collision-free solutions.
However, BA was unable to find a collision-free solution during
the 60 iterations planned.

This situation is confirmed through the analysis of the met-
rics recorded during the operation of the algorithms. Figure 13
shows how both WOA and GOA follow different paths in
finding better fitness functions and therefore more optimal

30 35 40 45 50 55 60

ITERATION

solutions, but over the course of iterations, they manage to find
fitness function values that are collision-free and meet the es-
tablished safety standards. However, this same figure demon-
strates that BA improves its fitness function values during its
execution, but in a very slow and inefficient manner, ultimately
resulting in suboptimal values far from acceptable results, as
shown in Figure 12.

In Figure 14, MDO metric provides further validation of the
conclusions drawn from the previous figures. In the graph cor-
responding to this metric, it is apparent that WOA achieves
minimum distance values of 100 mm or more earlier than GOA,
thus meeting the requirements set by the fitness function. This
finding is consistent with the observations in Figure 13, where
WOA proved to be more efficient in finding optimal solutions. As
expected, BA shows a minimum distance of zero, reflecting its
inability to find collision-free solutions, thereby confirming its
lower performance in this scenario.

On the other hand, ADO metric reveals in Figure 15 that GOA is
able to achieve higher values more rapidly. However, once both
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TABLE 6 | Basic challenge scenario, first non-collision iteration analytic results.

Technique NCT (s) NCT iterations ADO (mm) MDO (mm) Fitness function
BA 80 51 452.87 14.04 0.92978
WOA 69 42 490-72 117.43 0.27890
GOA 561 202 468.97 113.49 0.27899

TABLE 7 | Basic challenge scenario, initial safe path (ISP) analytic results.

Technique ISP (s) ISP iterations ADO (mm) MDO (mm) Fitness function
BA 89 57 484.72 107.37 0.27889
WOA 69 42 490.72 117.43 0.27890
GOA 561 202 468.97 113.49 0.27899
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FIGURE 11 | Solution trajectories during first five iterations for basic challenge scenario. (a) BA, (b) WOA, (c) GOA.

WOA and GOA reach solutions that meet the established safety =~ ADO values. As seen previously, BA remains stalled at very low
standards, the average distance values converge to similar lev- and inadequate values due to the collisions present in the trajec-
els. In this particular case, GOA ultimately achieves the highest ~ tories it identifies.
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FIGURE 12 | Advance challenge scenario, optimised trajectories. (a) BA, (b) WOA, (c) GOA.

Figure 16 shows metric TTT where both WOA and GOA pro-
gressively improve their times as they identify better solutions
and, consequently, better fitness functions. For GOA, it is ap-
parent that once it finds fitness functions within the estab-
lished safety limits, the travel times of the trajectories start
to improve accordingly. During the middle iterations, values
close to the final results begin to emerge, aligning with the
findings from the other metrics analysed. In the case of BA,
we observe that the TTT metric improves only marginally
and slowly, mirroring its performance in the fitness function
analysis.

Tables 8 and 9 present the analytical values obtained, indicating
the first collision-free solution and the best value of the whole
series.

Ultimately, Figure 17 displays the progression of solutions
identified by the studied methods over the first five iterations,
providing a visual representation of the advancements made
by each method during the critical phases of the optimization
process. In this scenario, it becomes clear that BA exhibits

minimal improvement during the initial iterations, stagnating
in non-acceptable solutions. Meanwhile, GOA also produces
solutions that are far from optimal in the early iterations. In
contrast, WOA stands out as the method that more consistently
achieves near-acceptable trajectories during these initial stages
of iteration showing the quickest optimization progress for this
scenario.

5.3 | Discussion on Algorithmic Performance

Upon examining the performance of the three bio-inspired algo-
rithms applied to the AGV trajectory planning problem, several
distinct patterns emerge. While each algorithm operates under
the shared principles of nature-inspired optimization, their
unique mechanisms lead to varying degrees of effectiveness de-
pending on the specific scenario.

The computational scalability of BA, WOA and GOA, as
well as optimization algorithms in general, increases as the
complexity of the problem increases, in this case with larger
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FIGURE 14 | MDO evolution in the advance challenge scenario.

occupancy maps and higher obstacle density. When evaluating
the computational demand, it is useful to distinguish between
two factors: time per iteration and time to convergence. The
time per iteration for all algorithms is expected to increase
with the size of the map and the number of obstacles since all
algorithms require additional computations to evaluate larger
and more complex environments.

However, the time to convergence, or the total time required to
reach a satisfactory solution, varies between the algorithms due to
differences in their search strategies. To provide insight into each
algorithm’s trade-off between safety and computational efficiency,
the following cost-benefit analysis highlights the features associ-
ated with BA, WOA and GOA in AGV route planning.

» BA:maintains relatively low computational demands due to
its focus on local search and exploitation rather than exten-
sive exploration. This strategy allows it to operate efficiently,
but with one drawback: BA can occasionally compromise

safety in complex environments with many obstacles as it
tends to establish locally optimal routes without exploring
other safer alternatives. As a population-based algorithm,
BA scales linearly with the number of obstacles and the
map size and each bat (individual) evaluates its position
relative to the obstacles at each iteration. This linear scal-
ing makes BA computationally feasible for a wide range of
problem sizes, although its computational burden gradually
increases with more complex scenarios.

WOA: leverages spiral and encircling movements to
achieve a good level of safety by balancing exploration
and exploitation. Its search strategy allows for reliable
obstacle avoidance at the cost of increased computational
demand, as each update involves complex interactions
based on the best-known solution at each iteration. WOA
is sensitive to increasing problem complexity; as the size
of the occupancy map and obstacle density increase, spi-
ral and encircling mechanisms tend to slow down its per-
formance, particularly in highly complex environments.
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FIGURE 15 | ADO evolution in the advance challenge scenario.
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TABLE 8 | Advance challenge scenario, first non-collision iteration analytic results.

Technique Non-collision time (s) Non-collision iterations ADO (mm) MDO (mm) Fitness function
BA — — — — —

WOA 275 204 339.19 8.46 0.95765
GOA 3355 1247 457.96 90.53 0.54733

Consequently, WOA is well-suited for moderate problem
sizes where safety is prioritised over computational speed
and where computational resources can support its inten-
sive update requirements

+ GOA: Its adaptability due to its perception range and PSR
mechanism make it highly effective at maintaining safe
distances in environments with many obstacles, allowing
navigation in complex spaces although also increasing com-
putational demand due to frequent recalculations over mul-
tiple iterations. GOA exhibits high sensitivity to increasing

problem complexity; as the size of the occupancy map and
obstacle density increase, the computational load of the al-
gorithm intensifies, requiring it to evaluate a larger search
space while maintaining adaptive updates. Consequently,
GOA’s runtime can grow significantly in very complex
scenarios, making it more suitable for applications where
safety is paramount but computational resources can sup-
port its demanding requirements

Commonalities among the three algorithms include their nature-
inspired mechanisms, which allow them to efficiently navigate
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TABLE 9 | Advance challenge scenario and initial safe path (ISP) analytic results.

Technique ISP (s) ISP iterations ADO (mm) MDO (mm) Fitness function
BA — — — — —
WOA 1155 502 390.74 100.05 0.27992
GOA 5124 1840 468.96 100.03 0.27973
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FIGURE 17 | Solution trajectories during first five iterations for advance challenge scenario. (a) BA, (b) WOA, (c) GOA.

large and complex search spaces. All three methods implement 1. Exploration and Convergence Speed: BA showed a re-
strategies to balance the trade-off between exploration (global markable ability to quickly converge to feasible solutions
search) and exploitation (local search), which is significant for in less challenging scenarios, using its echolocation-based
avoiding local minima and ensuring convergence towards an approach to optimise its search process. WOA, however,
optimal solution. Additionally, each algorithm demonstrates a outperformed in more complex environments, where its
capacity for adaptability, allowing it to perform effectively across bubble-net hunting strategy allowed it to maintain a bal-
varying levels of problem complexity. anced exploration-exploitation dynamic. GOA, while
effective in difficult landscapes, exhibited slower initial
However, the results indicate several differences in how these convergence due to its emphasis on exploration through
algorithms perform under varying conditions: evasive manoeuvres.
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2. Performance consistency: BA underperforms WOA and
GOA due to its search strategy, which focuses on local ex-
ploitation once it finds a promising region. This may limit
BA's adaptability to complex, obstacle-rich environments,
as it may struggle to dynamically adjust to new route con-
straints. In contrast, WOA, through spiral and enveloping
motions and GOA, through perceptual range and PSR ad-
justments, use adaptive mechanisms that allow for more
flexible route exploration and an effective balance between
exploration and exploitation. Across the different scenar-
ios, WOA demonstrated consistent performance, reliably
finding optimal or near-optimal solutions even in scenar-
ios with high obstacle density. GOA also proved highly
effective in scenarios requiring precision and careful nav-
igation, although it sometimes required many iterations to
achieve optimal results in less complex environments.

3. Handling of Complex Scenarios: In environments char-
acterised by dense obstacles or narrow passages, GOA's
agility and focus on immediate collision avoidance pro-
vided an advantage, particularly in achieving high safety
margins. WOA's adaptive spiral and encircling strategies
also allowed it to perform well in such challenging envi-
ronments. Conversely, BA encountered difficulties in these
scenarios, frequently needing additional iterations to suc-
cessfully navigate around obstacles.

The findings suggest that while each algorithm has its strengths,
its effectiveness is context-dependent. WOA stands out as a
versatile and consistently high-performing algorithm, particu-
larly in more complex environments. GOA excels in scenarios
demanding high precision and safety but may require more
iterations in simpler cases. BA, with its rapid convergence in
straightforward scenarios, remains a valuable tool but may need
additional support in more challenging tasks. These insights in-
dicate that combining the strengths of these algorithms could
lead to a more robust approach for optimising AGV trajectories
across various scenarios.

Applying these three algorithms, BA, WOA and GOA, to dy-
namic and potentially rapidly changing environments presents
interesting novel challenges, as these algorithms are generally
designed for static scenarios. In changing environments, where
obstacle positions frequently change in real-time, adapting these
algorithms would require substantial modification.

A practical approach might involve periodic route re-evaluation
rather than continuous optimization, which would allow al-
gorithms to update the AGV's route at intervals rather than in
real-time. Another option would be a hybrid method, where
BA, WOA or GOA handled global route optimization, while a
reactive collision avoidance layer addressed immediate and un-
foreseen obstacles. This layered approach would allow AGVs to
navigate safely while the optimization algorithm periodically
re-evaluated the best route.

6 | Conclusions and Future Works

The comparative study of bio-inspired algorithms—BA, WOA
and GOA—highlights their effectiveness in optimising AGV

trajectory planning within complex environments. While all
three algorithms are inspired by natural phenomena and share
a common goal of balancing exploration and exploitation during
the search process, they exhibit unique characteristics that dif-
ferentiate their performance and application suitability. Each
algorithm demonstrated specific strengths, which varied de-
pending on the complexity of the scenario.

In the basic challenge scenario, all three algorithms were suc-
cessful in generating efficient and collision-free trajectories.
WOA emerged as the most effective, achieving faster conver-
gence and slightly more efficient paths. This suggests that WOA's
balance between exploration and exploitation is particularly ad-
vantageous in simpler environments, where rapid convergence
to a solution is critical.

However, in the advanced challenge scenario, BA failed to find
a collision-free solution, indicating its limitations in more com-
plex environments. On the other hand, both WOA and GOA
managed to find suitable solutions, with GOA excelling in
navigating tight spaces and avoiding densely packed obstacles.
GOA's performance in this scenario underscores its suitability
for highly constrained environments where other algorithms,
including BA, may struggle.

WOA demonstrated consistent performance across both scenar-
ios, confirming its robustness and adaptability. While WOA may
not have always been the fastest, its reliability in finding feasible
solutions in both simple and complex scenarios highlights its po-
tential as a versatile tool in AGV trajectory planning.

The findings of this study emphasise the importance of select-
ing the appropriate bio-inspired algorithm based on the specific
challenges of the environment. The varying performance across
different scenarios suggests that hybrid algorithms, which in-
tegrate the strengths of WOA and GOA, could offer improved
performance in AGV trajectory optimization.

While BA, WOA and GOA have proven effective in AGV path
planning in static or semi-dynamic environments, applying these
algorithms to highly dynamic environments, with rapidly changing
obstacles, presents unique challenges. Future research could ex-
plore adaptations that allow these algorithms to operate in environ-
ments where real-time changes are an important factor to consider.

A potential approach might involve periodic route re-evaluation,
which would allow algorithms to update the AGV's route at in-
tervals rather than in continuous real-time optimization. This
method would allow the AGV to adjust its route as the environ-
ment changes, providing a balance between computational effi-
ciency and responsiveness to dynamic conditions.

Another promising direction for future research would be a hy-
brid approach, where BA, WOA or GOA handled global route op-
timization, while a reactive collision avoidance layer addressed
immediate and unforeseen obstacles. This layered approach
would allow AGVs to navigate safely while the optimization al-
gorithm periodically re-evaluated the best route.

Exploring these possibilities would improve the applicability of
BA, WOA and GOA in complex real-world scenarios, supporting
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the development of AGV systems that can navigate dynamic
environments autonomously. This research would address the
growing demands of Industry 4.0, where flexible and adaptable
AGV operations are increasingly essential for efficient, safe and
automated logistics.

Finally, the integration of these bio-inspired algorithms with
advanced machine learning techniques, such as reinforcement
learning, may offer new opportunities to improve AGV decision-
making in highly dynamic and unpredictable environments.
This integration could lead to more intelligent and autonomous
navigation systems capable of adapting to real-time challenges
in industrial environments.

Data Availability Statement

The data that support the findings of this study are available from the
corresponding author upon reasonable request.
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