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A B S T R A C T

This paper presents an offline optimization method designed for use with industrial robots in environments
with static obstacles. It is particularly useful in industry where stability and predictability are crucial to meeting
expected timelines in automated guided vehicle operations. The main methodological contribution of this work
lies in the integral process used to define an effective fitness function that guides the optimization method in
the search for optimal solutions. This cost function plays a critical role in the effectiveness of the trajectory
tracking algorithm by quantifying path quality and allowing comparisons between solutions. The design of
this fitness function poses challenges including accuracy, suitability, minimization of path length, and avoiding
or reducing collisions. To achieve the optimization objectives and address some issues such as sensitivity to
parameter scaling and the risk of premature convergence, different approaches can be used. This work proposes
to incorporate constraints into the fitness function, adjust the optimization parameters to reflect the conditions
of the problem, and design a fitness function based on prior knowledge and an accurate representation of the
goals. The three relevant contributions for the planning and optimization of routes of automated guided vehicle
in industrial environments are the following. Firstly, the development of a mathematical model of trajectories
based on Frenet curves that considers the static occupancy map of the environment. Second, an optimization
strategy to generate optimal safe paths. Finally, a fitness function that guides the optimization method towards
optimal solutions considering the sensitivity to scaling and resolution of the parameters. This study presents an
exhaustive analysis of the different fitness functions obtained, each one evaluated based on key metrics such
as the length of the trajectory, the average and minimum distance to the occupancy map, and the number of
collisions along the path. The results show that the obtained cost function successfully avoids collisions with
the environment in all scenarios and consistently remains the fitness function with the largest average distance
to obstacles, at least 50% higher than other functions used in this study.
1. Introduction

Today, automated guided vehicles (AGV) are an important asset
in the value chain of any industry, whether logistics, manufacturing,
distribution, etc. They allow the transport of goods in complex environ-
ments (Vakaruk et al., 2021). In the field of robotics and automation,
not only the design and mechatronic modelling of the vehicle have
become increasingly important but also the optimization of the trajec-
tories followed by AGVs is a key aspect to take into account due to
the demands of efficiency and safety in work spaces (Sierra-Garcia and
Santos, 2024).

Throughout the process of designing the fitness function that opti-
mizes the path planning, several challenges must be addressed, such
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as accuracy and feasibility of solutions, path length reduction, and col-
lision minimization. In addition, other issues must be resolved, among
which at least two can be highlighted. The sensitivity to the scale of the
parameters of the fitness function, which can affect the effectiveness
of the algorithm if it is not properly tuned; and the possibility of
premature convergence, which can lead the algorithm to suboptimal
solutions before adequately exploring the entire search space. This
may require including the problem constraints in the fitness function,
appropriately tuning the optimization parameters to reflect the problem
conditions, and designing a cost function based on prior knowledge and
accurate representation. of the objectives of the problem.
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Therefore, the purpose of this work is to address the challenges of
AGV route planning and optimization in industrial environments. Sta-
bility and predictability in trajectory tracking are essential objectives
in this context as they affect the ability of AGVs to meet estimated
and expected operating times. This work focuses on developing an
offline method that can operate efficiently in environments with static
obstacles, which are commonly found in industrial facilities. The main
methodological contribution is the definition of an effective fitness
function that guides an optimization process in the search for opti-
mal solutions for trajectory tracking. This approach addresses various
challenges such as accuracy and collision minimization. In summary,
this work proposes a comprehensive solution for route planning in
industrial environments with AGVs.

The context presented here of fixed obstacles responds to the real
world, especially in the industrial environment, where safety is key. The
restrictions that come with the tasks carried out by AGV commercial
vehicles require guaranteeing a constant cycle time, also called tag
time, and perfectly following specific routes planned offline. In these
applications there can be no dynamic obstacles to guarantee time and
safety. That is why this study is done under these conditions.

Although other research has explored various aspects of route plan-
ning, including control system design and AGV route planning, this
article provides several novel aspects. It focuses on the development of
a mathematical model for trajectories based on Frenet curves, priori-
tizes the optimization of safe paths, and design a fitness function based
on an ad-hoc refinement process to address sensitivity to parameters
and avoid premature convergence.

By using this refinement process the final fitness function obtained
includes some beneficial features. The absence of coefficients in the
fitness function, coupled with the use of continuous parameters, re-
duces the need to adjust coefficient values based on the optimization
scenario, what makes it more adaptive and less sensitive to changes
in the optimization scenario. This adaptability is also enhanced by the
fact that continuous parameters allow for a smoother and more flexible
representation of the optimization problem. Furthermore the piecewise
definition and the normalization makes the algorithm more robust
since the values of the fitness function does not experience significant
fluctuations or discontinuities which facilitates convergence.

The approach has been simulated in scenarios of increasing com-
plexity, in which a series of obstacles have been defined that remain
constant over time, with regular geometric shapes such as cubes, par-
allelepipeds or cylinders, and more irregular shapes, as is common
in an industrial environment. The optimization strategy is tested with
genetic algorithms (GA) as optimization method, but any meta-heuristic
technique could be used. These contributions provide a comprehensive
foundation for effective route planning in industrial environments with
AGVs.

The main contributions in the planning and optimization of routes
for AGVs in industrial environments of this work are:

• The development of a mathematical trajectory model based on
Frenet curves that considers the static occupancy map of the
environment.

• An optimization strategy to generate optimal safe paths using the
distance of the vehicle from obstacles as a variable to achieve the
maximum possible separation of them.

• Design methodology of a specific fitness function to guide the
optimization method towards optimal solutions, addressing chal-
lenges such as sensitivity to parameter scaling, resolution and
avoiding premature convergence.

The remaining part of the paper is structured as follows. Section 2
ummarizes related works. Section 3 presents the modelling of the prob-
em, including the occupancy map, the trajectory definition, and the
ollisions with obstacles. Section 4 describes the optimization method-
2

logy used to find the optimal solution for the trajectory generation i
problem. Section 5 presents the results of the iterative refinement pro-
cess of the fitness function. Results for different scenarios are compared
and discussed in Section 6. Finally in Section 7 conclusions and future
works are commented.

2. Related works

The robot path planning problem can be categorized into classical
and heuristic methods, as shown in Fig. 1. Among the classical methods,
remarkable ones include the cell decomposition method (CD), potential
field method (PFM), subgoal method (SG), and sampling-based meth-
ods. In the cell decomposition method, the robot free configuration
space is divided into small regions called cells to provide a collision-
free path to the goal, assuming movements only in a limited number of
directions (Milos, 2007). With the potential field strategy, obstacles are
assigned repulsive forces, and the final destination is given attractive
forces, allowing the robot to move towards the goal and away from
obstacles (Cosío and Castañeda, 2004). In Sfeir et al. (2011), a new re-
pelling potential formula is presented to avoid conflicts when obstacles
are near a target. This method is also extended in Kang et al. (2011)
for multi-robot navigation and complex tasks. Candido et al. introduces
in Candido et al. (2008) hierarchical subgoal planners for humanoid
robot navigation, and Liu et al. (2010b) proposes a real-time approach
for this method, dynamically generating subgoals based on time and
potential values.

Within the sampling-based planning schemes, Probabilistic Roadmap
(PRM) and Rapidly-Exploring Random Trees (RRT) are considered the
most commonly used methods (Lee et al., 2014). Yan et al. (2013)
presents an innovative approach of multi-robot motion planning using
a probabilistic roadmap based on adaptive cross sampling (ACS). This
approach involves three steps, including environment space sampling,
roadmap construction, and motion planning. Ladd and Kavraki (2004)
provides an interesting analysis of PRM for path planning, concep-
tualizing the problem as the calculation of transitive closure within
a probability space. It also sets an upper bound on the anticipated
number of PRM iterations required to discover a path.

On the other hand, Rapidly-Exploring Random Trees exhibits high
computational efficiency and effectiveness, and the ability to find a fea-
sible motion path relatively quickly, even in high-dimensional spaces.
In Corominas Murtra et al. (2010), to avoid obstacles, the authors com-
bine a local planner implemented with RRT with a slightly modified
dynamic window approach. To overcome the challenge of generating
a branching trajectory in the workspace when using randomization
techniques, Ardiyanto and Miura (2012) employs a path planning
approach for a mobile robot in dynamic and cluttered environments
with kinodynamic constraints.

However, classical approaches do not always yield optimal paths
and often get stuck in local minima. Moreover, some of them may
not provide suitable solutions in the presence of multiple obstacles
or in dynamic environments. To mitigate the inefficiency of classical
methods, heuristic approaches are used in this work (Masehian and
Sedighizadeh, 2007).

Heuristic methods, as discussed in Mac et al. (2016), can be cat-
egorized into neural networks (NN), fuzzy logic (FL), nature-inspired
methods (NIM), and hybrid algorithms. Neural networks offer advan-
tages such as nonlinear mapping, learning capability, and parallel
processing. For instance, in Yang and Meng (2000), the proposal of
using a neural network for robot trajectory planning in a non-static
environment is presented. From a different perspective, in Al-Sagban
and Dhaouadi (2012) a novel neural network approach that uses a
reactive navigation algorithm in unstructured indoor environments is
introduced. Their method includes both online and offline learning
phases to achieve optimal performance. Fuzzy logic is also applied
to represent subjective uncertainties in the human mind, allowing for
a set of if-then rules to be used for robot navigation decision mak-

ng. A method for navigating a robot in an unknown and complex



Engineering Applications of Artificial Intelligence 133 (2024) 108440E. Bayona et al.

e
i
a
t
n
w
r
t
r
s

h
A
r
2
2
m
s
d
b
a
f
u
2

a
a
I
i
w
s
m
T
I
i
c
f
w

t
a
o
b
a
o
a
p
a
m
o

Fig. 1. Path planning algorithms classification diagram.
i
e
s
p
(
m
t
p
a
c
c
a
i
t
t
i

d
t
i
t
i
o
s
m

a
s
i
d
b
t

b
t
a
e
g

g
r
t
s

t
c
e
a
a

nvironment with fuzzy logic and stereo vision-based path planning
s presented in Abdessemed et al. (2014). An ordered hierarchical
rchitecture based on fuzzy reasoning is also proposed in Mester (2008)
o increase autonomy in cluttered environments. In this work the
avigation of an autonomous mobile robot in an unknown environment
ith obstacles is addressed. The distance and orientation between the

obot, the obstacle and goal are taken into consideration. In this paper,
he advantages of nature-inspired methods is leveraged to devise a
obust and adaptive approach for automated path planning in industrial
ettings.

Recently, robot navigation techniques inspired by biological be-
aviours, known as biomimetic algorithms, are gaining more attention.
lso in Mac et al. (2016), three methods are highlighted due to their
elevance in the literature: genetic algorithms (GA) (Santiago et al.,
017; Chen et al., 2022), particle swarm optimization (PSO) (Han et al.,
019), ant colony optimization (ACO) (Iser and Wahl, 2010). These
ethods approach trajectory planning as an optimization problem. This

trategy involves defining in mathematical terms the objective function,
ecision variables and constraints. GA is an optimization technique
ased on natural genetics that takes advantage of mechanisms such
s natural selection, crossover and mutation. GA is a powerful tool
or solving combinatorial optimization problems and is the approach
sed in this article, which will be discussed later (Sánchez-Ibáñez et al.,
021).

PSO, similar to GA, generates a random population and evalu-
tes particles using an objective function. However, unlike genetic
lgorithms, PSO does not include crossover and mutation operations.
nitially, the social behaviour of bird flight or group movement of fish
nspired the development of PSO. At each generation, PSO is initialized
ith a set of random solutions and updated according to an optimal

cheme. In Zhang et al. (2013), an algorithm for planning trajectories of
ultiple robots based on PSO in an uncertain environment is presented.
he fitness function includes the risk factor and the trajectory distance.
n Wang et al. (2009), the trajectory planning for a group of robots
s formulated as an optimization problem with obstacle avoidance
onstraints and V-shaped formation in a dynamic environment. The
itness function is determined by minimizing the group’s trajectory
hile preserving the V-shaped formation.

Finally, similar to the PSO algorithm, ACO is a clustering algorithm
hat implements group behaviour. ACO is based on the behaviour of
nt colonies. Interactive communication between ants is at the heart
f this behaviour and enables them to determine the shortest path
etween their nest and food sources. In Englot and Hover (2011) an
lgorithm for solving multi-objective planning issues in the presence of
bstacles is presented. In this investigation, the ant colony optimization
pproach is integrated with a path planning algorithm that relies on
oint-to-point sampling. Another example is (Chen et al., 2011), where
two-stage ACO model is proposed. This model is able to overcome the
ain problem of inconsistency between premature convergence and the
3

ptimal trajectory. w
In recent years, the GA-based method of trajectory planning, used
n this study, has been receiving considerable attention due to its
ffectiveness in generating optimal trajectories in high-dimensional
paces (Patle et al., 2019). The research of Bayona et al. (2023b)
roposes an optimization method that combines genetic algorithms
GA) with binary grid occupancy maps to produce the shortest and
ost feasible collision-free paths between three given sites. In this work

he fitness function uses the path length and a collision coefficient as
arameters. Likewise, authors in Ilin et al. (2022) propose a hybrid GA
pproach for the travelling salesman problem (TSP) within a reasonable
omputational time for large problems, which helps to avoid premature
onvergence of the GA to the local optimum. The authors in Alouache
nd Wu (2018) use two fitness functions to refine the trajectory track-
ng of a mobile robot, the first used to optimize a PID controller and
he second to estimate the trajectory reference of the hybrid system. All
hese studies show the effectiveness and flexibility of genetic algorithms
n solving various optimization problems.

In this article we present a novel approach to AGV path planning
esigned for industrial settings which methodology centres around a
rajectory mathematical model based on Frenet curves, incorporat-
ng the static occupancy map of the environment. In comparison to
raditional methods such as cell decomposition used by Milos et al.
n Milos (2007), this model provides a more detailed understanding
f the industrial landscape. This approach ensures the development of
afe and efficient routes for AGVs by incorporating the static occupancy
ap of the environment.

In addition, an innovative optimization strategy to enhance oper-
tional efficiency has been developed. Although existing probabilistic
ampling methods such as PRM have been explored by Lee et al.
n Lee et al. (2014), the presented strategy is uniquely adapted to the
ynamic challenges associated with industrial environments, and by
alancing safety and efficiency, our approach generates optimal paths
hat optimize AGV operations.

Additionally, key challenges, such as parameter sensitivity, have
een addressed by designing a tailored fitness function to guide op-
imization methods. Although hybrid approaches combining genetic
lgorithms with fuzzy logic have been proposed by the authors in Mac
t al. (2016), the refinement of this concept in this paper ensures
reater adaptability and robustness in industrial contexts.

The work of Lamini et al. (2018) proposes the use of an improved
enetic algorithm (GA) for route planning in a static environment
epresented by an occupancy grid map. Its fitness function evaluates
he path quality in terms of path length and energy utilization. This
tudy will be used for comparison purposes with respect to our work.

An innovative approach to the implementation of the fitness func-
ion is carried out by the authors of Liu et al. (2010a). It focuses on
ontinuous optimization-based refinement aimed at adjusting the refer-
nce trajectory to avoid obstacles in environments with unknown char-
cteristics. This methodology involves two different planners: global
nd local. The first is responsible for refining the initial trajectory
hen encountering or approaching obstacles, and the second calculates
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Table 1
Comparison of memory requirements between binary and geometric occupancy map. Size of the map is
10 m × 10 m, obstacles have 4 points (𝑝𝑜𝑖𝑛𝑡𝑠𝑂𝑏𝑠) and there are 20 obstacles (𝑛𝑂𝑏𝑠) in the map.

Precision Binary Geometric

m. (Metres) 10 × 10 = 100 Bytes 2 ∗ 𝑝𝑜𝑖𝑛𝑡𝑠𝑂𝑏𝑠 ∗ 𝑛𝑂𝑏𝑠 = 160 Bytes
mm. (Milimetres) 10000 × 10000 = 100 MBytes 4 ∗ 𝑝𝑜𝑖𝑛𝑡𝑠𝑂𝑏𝑠 ∗ 𝑛𝑂𝑏𝑠 = 320 Bytes
an optimal control policy, with this local planner focusing on safety,
dynamic feasibility and precise trajectory tracking, especially during
manoeuvres at low speed.

As shown, previous research has explored aspects of path planning,
including control systems design and challenges faced by AGV path
planning. The fitness function is essential for the effectiveness of the
algorithm as it measures the quality of generated paths and enables
comparisons between different solutions. This paper aims to investigate
specific contributions in this field that have not yet been addressed.
One of the methodological contributions of this work is a comprehen-
sive process for defining an effective fitness function that guides the
optimization method in the search for the optimal solution. Based on
the literature review, to the best of our knowledge, no similar analyses
have been conducted to those performed in this article.

3. Description and modelling of the problem

This paper develops an optimization strategy to design safe paths
for AGVs in industrial environments. To accurately define these tra-
jectories, the mathematical model of Frenet curves is used. Prior to
the determination of these trajectories, the static occupancy map upon
which the AGV will travel is modelled along with the identification of
potential collisions with environmental obstacles.

3.1. Environment modelling

The initial phase of the optimization involves the definition of the
obstacles and the corresponding occupancy map on which the vehicle
will operate. Precise characterization of the dimensions, shapes and
locations of obstacles is important. The trajectory planning phase is
reliant on this particular occupancy map as its main input.

Occupancy maps provide information about the workspace and the
obstacles within it. Different methods have been proposed to generate
occupancy maps, such as maps based on geometric shapes (Wolter
et al., 2004), binary occupancy maps (Toda and Kubota, 2011) and
signed distance fields (Liu et al., 2021). In contrast to previous papers
that use occupancy maps based on grids and straight lines to define
routes (Hu and Yang, 2004; Yang et al., 2006), this paper presents
an approach that generates an occupancy map using geometric shapes
defined by closed polylines. This approach simplifies the calculation
of the distance between the vehicle and obstacles, and allows us to
exploit it as a trajectory optimization parameter. It leads to more
efficient calculations and allows the use of the distance to obstacles as a
continuous optimization parameter instead of a discrete one, improving
the process through a better definition of the fitness function.

It is advisable to use integers when defining the error in an occu-
pancy map. The primary justification is the consistent accuracy and
predictability that integers provide compared to floating point num-
bers, that can have different degrees of precision. The precision is
much better for smaller numbers than for larger ones. This issue could
arise when planning a path for industrial robots. Integers provide a
suitable representation of the positions of the obstacles in the plane
with a fixed and known precision, ensuring that requirements are met.
This approach avoids rounding problems and cumulative errors in path
calculation. Furthermore, using integers simplifies implementation and
reduces computational complexity, which ultimately results in better
performance and higher reliability.

When comparing the memory usage of both map types (binary and
geometric), it becomes apparent that employing a geometric occupancy
4

map results in a significantly smaller memory usage than the binary
case, making it more efficient to manage. In this comparison, it is
noted that not only the memory required to define each cell has to
be considered, but also the memory required to distinguish between
an occupied cell and a free cell. Similarly, in the case of a geometric
map, the map’s definition relies on the points forming the polyline that
delimits the work area.

To provide a straightforward comparison, let us consider a
10 × 10 m environment with 𝑛𝑂𝑏𝑠 obstacles present in the map. If the
precision is set to metres, the memory usage in the map is 10 × 10
bytes, where obstacles are represented by cells with one occupancy
bit. On the other hand, when the precision is set to millimetres, the
memory usage in the binary map grows to 10000 × 10000 bytes. In
the geometric case there is no fixed quantity of memory required and
it will vary in each case, also depending on the number of points that
form the polyline that delimits each obstacle. For instance, suppose we
deal with obstacles described by four points. Then Table 1 shows the
memory usage allocated depending on the particular circumstances of
each scenario.

Assuming that each obstacle shape is defined by four points and that
there are 10 obstacles in the map, it is observed that the geometric
approach may result in greater memory usage to define the map in
situations where the accuracy is low. However, as accuracy increases,
the memory consumption in the binary case dramatically increases,
making the geometric case significantly more efficient from a memory
management point of view. It should be noted that when dealing with
complex obstacles and numerous instances of them, memory usage
will increase proportionally with the geometric approach, but remain
constant in the binary approach due to its modelling features.

In the geometric map, the number of bytes required per point
depends on the size of the map and the precision. This is the first
multiplier in Table 1. For instance, if the size of the map is 10 × 10 m
and the precision is 1 m, 1 Byte is enough for each coordinate of each
point, as with one byte we can cover a distance of 256 m. Thus 2 bytes
are needed per point as we consider x and y coordinates. On the other
hand, when the precision is set to millimetres, we need 2 bytes per
coordinate, and thus 4 bytes per point. With 2 bytes we can cover a
distance of 65536 mm.

In this paper, we utilize a geometric occupancy map with millime-
tre precision, which results in significantly lower memory consump-
tion, thus improving efficiency and simplicity of the computations but
keeping enough accuracy.

CAD software is used to create the occupancy map using polylines.
Different layers define the obstacles and the map’s boundaries. The
result is shown in Fig. 2(a). Layers can also be used to incorporate
annotations in the map such as obstacle types.

For the mathematical modelling of the map, as it is shown in
Fig. 2(b), a new LISP script was created to automatically generate
obstacles. The occupancy map is then created using geometric shapes
to define the spaces inside the obstacles as zones of occupation, leaving
as unoccupied the zones between the obstacles and the boundaries of
the map. This automated process guarantees a precise representation of
obstacles on the map (Bayona et al., 2023a).

3.2. Trajectory modelling

In target tracking, it is crucial to estimate fundamental kinematic
quantities, including position and velocity, to know the dynamics of the
objects to be tracked. To model this trajectories, differential geometry
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Fig. 2. CAD and mathematical occupancy map models.
is used, as it allows the calculation of kinematic characteristics of an
object following a specific path in space (Kreyszig, 2011). This theory
not only describes the object’s path, but also specifies important param-
eters, such as the path’s curvature and torsion, which are components of
the differential equations that describe the dynamics of three elemen-
tary vectors: the tangent, normal and bi-normal vectors, comprising the
Frenet–Serret formulae (Martins et al., 2018). These trajectories contain
information about the object’s position and velocity (Werling et al.,
2010).

By using Frenet curves, path planning in complex environments
can be more efficient, improving smoothness, obstacle avoidance and
adaptability, overcoming the limitations of grid-based approaches, re-
sulting in more natural trajectories. Some previous research has used
Frenet–Serret formulas to represent simulated trajectories (Xing et al.,
2022). For example, Liu et al. introduce the Frenet–Serret formulas to
describe the direction and parametrically express the trajectory of the
curve as a function of time and thus allow a CAD system to transfer this
information to a CNC machine (Liu et al., 2010a). Kusuma et al. present
a trajectory planning method for autonomous vehicles in dynamic road
conditions with the ability to avoid moving obstacles using the Frenet
reference path model, and then uses a new fitness function to determine
the optimal trajectory (Kusuma et al., 2022).

Frenet curves have promising applications in various industries
and sectors. They can streamline processes such as CNC machining
and welding in manufacturing by ensuring accurate and efficient tool
path generation. In autonomous vehicles and robotics, Frenet curves
enable smooth and adaptive trajectory planning, facilitating obstacle
avoidance and improving navigation in dynamic environments. Ad-
ditionally, Frenet curves can be used to optimize route planning for
delivery vehicles in logistics and supply chain management, resulting in
increased efficiency and reduced transportation costs. Their versatility
makes them valuable in various fields where precise and adaptive
motion planning is essential. For instance, Frenet curves have been used
to design roads in urban areas (Amiridis and Psarianos, 2015).

Clothoid curves have various applications, among others the plan-
ning of trajectories for autonomous vehicles or robots, as shown in a
study by Dai and Cochran (2009). A clothoid is a curve whose curvature
𝑘 increases linearly with the length of its arc. The smooth variation
of curvature allows seamless transitions between straight segments
and curves, this feature avoids steps in the centrifugal forces making
them ideal for establishing feasible routes (van der Molen, 1992). The
curvature at a given arc length 𝑠 is computed by the Eq. (1).

𝑘(𝑠) = 𝑠
𝐴2

(1)

In this work, an algorithm, following Bertolazzi and Frego (2015), is
applied to solve the Hermite G1 interpolation issue by using a clothoid
5

Fig. 3. Successful optimized trajectory in the geometric occupancy map.

curve between two points with unit tangent vectors in a plane. The
interpolation problem is expressed as a set of three nonlinear equations,
which have a number of possible solutions.

Fig. 3 shows an example of a successful trajectory generation. It is
displayed in red, where the red dots represent the input parameters
(starting point, ending point, and intermediate waypoints). The AGV
at each point of the trajectory is shown in blue. Additionally, yellow
lines indicate the minimum distance between the vehicle’s vertices and
the obstacles in the occupancy map.

To implement this solution, the Matlab function ‘referencePath-
Frenet‘ is used. This function fits a smooth, continuous, step-wise curve
to a set of reference points provided. The curve is a Clothoid and it
is fitted by the algorithm defined in Bertolazzi and Frego (2015). The
trajectory is then defined in Frenet coordinates, which makes path plan-
ning and control easier for autonomous vehicles. Defining a reference
trajectory in this coordinate frame enables users to generate detailed
trajectories that consider the changes in curvature and other kinematic
aspects along the path, which is essential for accurate navigation of
AGVs and other autonomous vehicles.

The trajectory’s points are expressed via Frenet’s equations, which
define a two-dimensional curve in R2 space as [𝑥, 𝑦, 𝜃, 𝐾, 𝑑𝐾, 𝑠], where
𝑥, 𝑦 represent the coordinates of each point in mm, 𝜃 denotes the output
angle in radians, 𝐾, represents the curvature or the inverse of the
radius, in m−1, 𝑑𝐾 is the curvature derivative regarding the arc length
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Fig. 4. Trajectory parameters graphical representation.
in m−2, and 𝑠 stands for the arc length or distance along the path from
the path origin in mm.

As initial parameters for the trajectory generation, the starting point
(𝑥𝑠, 𝑦𝑠), ending point (𝑥𝑒, 𝑦𝑒) and intermediate waypoints (𝑥𝑖, 𝑦𝑖) are
first selected and their respective output angles (𝜃𝑖) are the solution
outputs of the iterative optimization process. All these parameters and
an example representation of a trajectory is shown in Fig. 4.

The generated trajectory is represented by the Frenet equations,
which define a flat curve in R2. The tangent vector 𝑇 and the nor-
mal vector 𝑁 satisfy Eq. (2), known as the Frenet equations of a
trajectory (Alencar et al., 2022).

𝑇 ′(𝑠) = 𝐾(𝑠)𝑁(𝑠)

𝑁 ′(𝑠) = −𝐾(𝑠)𝑇 (𝑠)
(2)

where 𝑠 is the distance from the origin at each point, 𝐾 is the curvature
of the trajectory at distance 𝑠, 𝑇 (𝑠) is the tangent vector at distance 𝑠,
𝑁(𝑠) is the normal vector at distance 𝑠, and the symbol ′ denotes the
perpendicular vector.

The arc length of the path can be calculated in Cartesian coordi-
nates. The path is a plane curve in R2 with the form 𝑦 = 𝑓 (𝑥), where 𝑓
is continuously differentiable.

Eq. (3) expresses the length of every infinitesimal segment of the
curve.

𝑑𝑠 =
√

𝑑𝑥2 + 𝑑𝑦2 =

√

1 +
(

𝑑𝑦
𝑑𝑥

)2
𝑑𝑥 (3)

This leads to the form of the arc length 𝑠 of the calculated trajectory,
based on (3), which is expressed by Eq. (4):

𝑠 = ∫

(𝑥𝑒 ,𝑦𝑒)

(𝑥𝑠 ,𝑦𝑠)

√

1 +
(

𝑑𝑦
𝑑𝑥

)2
𝑑𝑥 (4)

where (𝑥𝑠, 𝑦𝑠) and (𝑥𝑒, 𝑦𝑒) are the selected start and end points of the
trajectory.

3.3. Collision detection modelling

In this study, the distance between the vehicle and obstacles in the
occupancy map is used for collision detection. Distances relative to the
vehicle are obtained using its vertices as reference points. The position
of each vertex of the vehicle is determined based on the dimensions of
the vehicle, considering that the centre of the vehicle follows the trajec-
tory under evaluation. This trajectory is segmented into 𝑁 equidistant
samples, generating points along the path where the distances from the
AGV vertices to the obstacles will be evaluated. These locations not only
determine the potential positions of the vehicle along the trajectory but
also establish the positions of the vehicle vertices. Distances from each
vertex to surrounding obstacles are calculated for each vertex at each
sampled point along the trajectory.
6

Specifically, to determine the distance between the obstacles and
each vertex of the AGV at the points sampled along the trajectory, the
projection of each vertex on the straight line that contains each obstacle
segment is obtained. The projection of a point 𝑃 on the line containing
a segment 𝐴𝐵 is obtained by (5).

𝑝𝑟𝑜𝑗(𝑃 ,𝐴𝐵) = 𝐴𝐵 ⋅ 𝐴𝑃
‖𝐴𝐵‖2

⋅ 𝐴𝐵 (5)

If the projection of the vertex falls within the obstacle segment, the
distance is calculated as the norm of the vector connecting the vertex
point to its projection. However, if the projection falls outside the
obstacle on the line of the segment, the norm of the vector connecting
the vehicle vertex point to the nearest vertex of the obstacle segment is
used. Fig. 5 shows an example of these two cases. In the first case the
projection of the point 𝑃1 onto the straight line containing the segment
𝐴𝐵 (denoted by 𝑄1) falls out of the segment 𝐴𝐵, and 𝐴 is the closest
point to 𝑃1 of the segment 𝐴𝐵. Thus, the distance to the segment is
calculated as the norm |

⃗𝐴𝑃1|. In the second case the projection of the
point 𝑃2 onto the straight line containing the segment 𝐴𝐵 (denoted by
𝑄2) falls into the segment 𝐴𝐵. Thus, the distance to the segment is
obtained as the norm |

⃗𝑄2𝑃2| .
If the projection of the vertex falls within the obstacle segment,

the distance is calculated as the norm of the vector connecting the
vertex point to its projection. However, if the projection falls outside
the obstacle on the line through the segment, the norm of the vector
connecting the vehicle vertex point to the nearest vertex of the obstacle
is used. Fig. 5 shows an example of these two cases. In the first case the
projection of the point 𝑃1 onto the straight line containing the segment
𝐴𝐵 (denoted by 𝑄1) falls out of the segment 𝐴𝐵 and 𝐴 is the closest
point to 𝑃1 of the segment 𝐴𝐵. Thus, the distance to the segment is
computed as the norm |

⃗𝐴𝑃1|. In the second case the projection of the
point 𝑃2 onto the straight line containing the segment 𝐴𝐵 (denoted by
𝑄2) falls into the segment 𝐴𝐵. Thus, the distance to the segment is
computed as the norm |

⃗𝑄2𝑃2|.
The method for calculating the distance between a point 𝑃 and

a segment 𝐴𝐵 described in Fig. 5 can be formalized by expression
(6), where the distance between any point 𝑃 and any segment 𝐴𝐵 is
denoted by the function 𝑑𝑖𝑠𝑃𝑆 (𝑃 ,𝐴𝐵), and 𝑑𝑖𝑠𝑃𝑃 (𝐴,𝐵) is the Euclidean
distance between any points 𝐴 and 𝐵, given by Eq. (7), i.e., the norm
of the vector connecting points 𝐴 and 𝐵.

𝑑𝑖𝑠𝑃𝑆 (𝑃 ,𝐴𝐵) =

{

𝑑𝑖𝑠𝑃𝑃 (𝑃 , 𝑝𝑟𝑜𝑗(𝑃 ,𝐴𝐵)) if 𝑝𝑟𝑜𝑗(𝑃 ,𝐴𝐵) ∈ 𝐴𝐵
𝑚𝑖𝑛

[

𝑑𝑖𝑠𝑃𝑃 (𝑃 ,𝐴), 𝑑𝑖𝑠𝑃𝑃 (𝑃 ,𝐵)
]

if 𝑝𝑟𝑜𝑗(𝑃 ,𝐴𝐵) ∉ 𝐴𝐵

(6)

𝑑𝑖𝑠 (𝐴,𝐵) =
√

(𝐴 − 𝐵 )2 + (𝐴 − 𝐵 )2 (7)
𝑃𝑃 𝑥 𝑥 𝑦 𝑦
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Fig. 5. Visualization that shows distances from trajectory points to obstacles,
distinguishing between points without collision and points of collision with obstacles.

Using these definitions, the distance from a point 𝑃 to an obstacle
can be expressed as the minimum value between the distances

rom point 𝑃 to each of the segments that form the obstacle 𝑂. This
is formally expressed in Eq. (8), where 𝑑𝑖𝑠𝑃𝑂(𝑃 ,𝑂) is the distance
between point 𝑃 and obstacle 𝑂.

𝑑𝑖𝑠𝑃𝑂(𝑃 ,𝑂) = 𝑚𝑖𝑛𝐴𝐵∈𝑂 𝑑𝑖𝑠𝑃𝑆 (𝑃 ,𝐴𝐵) (8)

In this work, collisions are identified by analysing whether the point
of the AGV from which the distance is calculated is within the area of
the obstacle, in which case it will be a collision of the vehicle with the
environment. The distances, both collision and non-collision, to each of
the obstacles on the occupancy map are calculated along the vertices
of the vehicle at each point of the trajectory. This is formalized by
Eq. (9), where 𝐷𝑖𝑗𝑘 and 𝐷𝑐𝑖𝑗𝑘 represent the non-collision and collision
distances, respectively. The distance from point 𝑃𝑖𝑘 to obstacle 𝑂𝑗 is
𝑑𝑖𝑠𝑃𝑂(𝑃𝑖𝑘, 𝑂𝑗 ), and 𝑆𝑂𝑗

is the area of the obstacle 𝑂𝑗 . 𝑁 is the number
of points on the trajectory, 𝑁𝑜 is the number of obstacles. 𝑃𝑖𝑘 denotes
the location of the vertex 𝑘 of the vehicle when the vehicle is at point 𝑖
of the trajectory. Thus, 𝐷𝑖𝑗𝑘 represents the distance between the point
𝑃𝑖𝑘 to the obstacle 𝑂𝑗 when there is not collision, and 𝐷𝑐𝑖𝑗𝑘 when there
is collision.

[𝐷𝑖𝑗𝑘, 𝐷𝑐𝑖𝑗𝑘 ] =

{

[0, 𝑑𝑖𝑠𝑃𝑂(𝑃𝑖𝑘, 𝑂𝑗 )] if 𝑃𝑖𝑘 ∈ 𝑆𝑂𝑗

[𝑑𝑖𝑠𝑃𝑂(𝑃𝑖𝑘, 𝑂𝑗 ), 0] if 𝑃𝑖𝑘 ∉ 𝑆𝑂𝑗

, 𝑖 ∈ 1..𝑁, 𝑗 ∈ 1..𝑁𝑜, 𝑘 ∈ 1..4

(9)

For each position 𝑖, of the vehicle, the distances from its vertices to
ach obstacle 𝑗 are evaluated, and the lowest of these values is chosen
o define the minimum distance from the vehicle to the occupancy map
t this particular point in the trajectory. This is formalized in Eq. (10)
or the case of no collision, and with (11) for the case of collision of
he vehicle with the environment.

𝑐𝑖 = 𝑚𝑖𝑛𝑘=1...4,𝑗∈1..𝑁𝑜
(𝐷𝑐𝑖𝑗𝑘 ), 𝑖 ∈ 1..𝑁 (10)
7

𝑖 = 𝑚𝑖𝑛𝑘=1...4,𝑗∈1..𝑁𝑜
(𝐷𝑖𝑗𝑘), 𝑖 ∈ 1..𝑁 (11)
Finally, based on this, the total collision distance is defined as the
sum of all individual collision distances, as formalized in (12).

𝐷𝑐 =
𝑁
∑

𝑖=1
𝐷𝑐𝑖 (12)

4. Optimization methodology

To automate the design of trajectories for AGVs, various method-
ologies can be used. This work provides a comprehensive overview of
the complete procedure proposed to design optimized trajectories, as
shown in Fig. 6. The occupancy map is generated using CAD software
and polylines are used to delimit obstacles during the operation of the
AGVs and the boundaries of the map. A LISP script is used to select all
objects that make up the occupancy map. Each point of the polylines of
the map’s objects is then exported to a text file with their corresponding
properties, including the identity code of the object, the layer it belongs
to, and its coordinates within the limits of the occupancy map. These
points are then imported into the mathematical tool based on their
exported properties. The occupancy map is created using the points and
geometric shapes defined in the CAD tool to represent both the map
boundaries and the obstacles. Any space within the geometric shapes
that describe the points of each obstacle is considered an occupied zone,
while the space between the geometric shapes and the limits of the map
is considered free space.

Genetic algorithms are particularly effective in solving complex
nonlinear optimization problems with high-dimensional search spaces.
This makes them ideal for trajectory optimization tasks in environ-
ments with numerous constraints and variables. Its population-based
search strategy allows multiple potential solutions to be explored si-
multaneously, leading to efficient navigation through the vast solution
space and identification of high-quality trajectories. Its stochastic na-
ture and diversity maintenance mechanisms prevent premature conver-
gence towards suboptimal solutions, ensuring continuous exploration of
promising regions of the solution space as conditions evolve.

To determine the best path for the AGV, an iterative computational
process shown in Fig. 7 is proposed. This approach involves refining the
trajectory by iteratively adjusting the output angles of the intermediate
waypoints 𝜃𝑖 until an optimal solution is reached. Although various
metaheuristic optimization techniques could be considered for this task,
genetic algorithms (GA) has been selected.

The user defines the starting point, ending point, and intermediate
points of the trajectory as initial input for the optimization method-
ology. This technique provides the output angles of the intermediate
waypoints (𝜃𝑖), which are crucial for determining the trajectory. These
optimized output angles together with the waypoint coordinates (𝑥𝑖, 𝑦𝑖),
nd starting and end points coordinates and angles (𝑥𝑠, 𝑦𝑠, 𝜃𝑠), and
𝑥𝑒, 𝑦𝑒, 𝜃𝑒) are used to generate the trajectory as explained in Sec-
ion 3.2. The trajectory is tested within the occupancy map to evaluate
he distances to the obstacles and the collision checking. This informa-
ion is considered by the fitness function 𝑓 to evaluate the performance
f the solution. Then the GA optimization receives the value of the
itness function to generate a new set of angles, 𝜃𝑖.

The parameters of this optimization problem, summarized below,
ere optimized to provide a balance between computational efficiency
nd solution effectiveness, tuned through iterative experimentation for
he genetic algorithm and simulation environment.

• Constraints and fixed parameters:

a. Coordinates of the start point: (𝑥𝑠, 𝑦𝑠)
b. Output angle of the start point: 𝜃𝑠
c. Coordinates of the end point: (𝑥𝑒, 𝑦𝑒)
d. Input angle of the end point: 𝜃𝑒
e. Coordinates of the waypoints: (𝑥𝑖, 𝑦𝑖) ∈ R2 𝑖 ∈

{

N ≤ 𝑁𝑤
}

f. Physical dimensions of the AGV
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Fig. 6. Flowchart of the process of trajectory optimization.
Fig. 7. Flowchart of the complete process of trajectory optimization.
• Optimization variables:

g. Output angles of the waypoints: 𝜃𝑖 ∈ [0, 2𝜋] 𝑖 ∈
{

N ≤ 𝑁𝑤
}

Subsequently, considering the vehicle’s dimensions and the position
of the obstacles in the scenario, the trajectories are evaluate according
to possible collisions. Each solution found by the algorithm is then
weighted by its fitness function, considering the presence or absence
of collisions, in order to find the best solution for each iteration and
the optimal solution at the end of the process.

Conclusions drawn from an ablation study highlight the need for
each component of the proposed architecture to achieve optimal per-
formance of the method. In particular, it has been shown that both the
generation of trajectories and the calculation of collisions and distances
are essential elements to achieve satisfactory results in the optimization
of AGV trajectories.

4.1. Design process of the fitness function

This study explores the optimization of path planning for Automated
Guided Vehicles (AGVs) in industrial settings. Due to the complexity of
this task, with varying goals and constraints, customized approaches
are required. To do it, a systematic iterative refinement process of the
fitness function is proposed in Fig. 8.

The iterative process begins with the development of an initial
fitness function tailored to specific requirements, drawing on insights
from existing literature and domain expertise. Subsequent phases in-
volve an examination of the theoretical basis and practical implications
of the proposed fitness function, with the aim of identifying potential
8

areas for improvement and refinement. The performance of the fitness
function was evaluated through simulation experiments conducted in
an industrial environment, using diverse scenarios representative of
industrial applications. This enabled the identification of any chal-
lenges or limitations encountered in its functionality. Based on these
findings, a variety of potential solutions are systematically suggested
and integrated into successive iterations of the fitness function. Each
iteration is designed to improve its adaptability, robustness and overall
effectiveness.

The final fitness function obtained following the process in Fig. 8
deals with collision checking as a continuous parameter, rather than
as a binary constraint. In this way, a more precise assessment of
the collision risk is achieved at each iteration of the optimization
process. This approach allows the algorithm to discern subtle variations
in collision risk and prioritize routes that minimize this risk, while
optimizing other objectives, resulting in a more accurate assessment
of the quality of the solution. This continuous nature of the collision
avoidance parameter allows for smoother transitions between solutions,
improving the algorithm’s ability to balance collision risk, path length,
and other objectives effectively. The optimization process is more
robust and effective, ultimately leading to better routes in a variety of
scenarios.

The procedure shown in Fig. 8 explains why different fitness func-
tions are obtained. Each one improves the previous one in some aspect.
For this, iterative tests have been carried out and each proposal aims
to improve some factor of the solution, such as the length of the path,

the proximity to obstacles and the frequency of collisions. The final
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Table 2
Different approaches of the fitness function design process.

Collision-based approach

MLPC: Minimum possible length penalized by collision 𝑓𝑐 = 𝑠 ⋅ 𝐶𝑐

MLMC: Minimum length and minimum collisions 𝑓𝑐 = 𝑠 ⋅ 𝐶𝑐 ⋅𝑁𝑐

Approach based on distance to obstacles

MDOBS: Minimum distance to obstacles from the nearest point 𝑓𝑐 =
1

𝑚𝑖𝑛𝑗∈𝑁𝑜 {𝐷𝑖𝑗 , 𝑖=1,2,…,𝑁}

AVGMD: Average minimum distance to obstacles 𝑓𝑐 =
𝑁

∑𝑁
𝑖=1 𝑚𝑖𝑛𝑗∈𝑁𝑜 𝐷𝑖𝑗

PWAVG: Average minimum distance to obstacles considering collision 𝑓𝑐 =

⎧

⎪

⎨

⎪

⎩

1 +
∑𝑁

𝑖=1 𝑚𝑖𝑛𝑗∈𝑁𝑜
𝐷𝑐𝑖𝑗 if 𝐷𝑐 ≠ 0

1 −
∑𝑁

𝑖=1 𝑚𝑖𝑛𝑗∈𝑁𝑜
𝐷𝑖𝑗∕𝑁

𝑚𝑎𝑥𝑗∈𝑁𝑜
𝐷𝑖𝑗

if 𝐷𝑐 = 0
Fig. 8. Flowchart of the fitness function evaluation process.

ost function is considered the best and its best performance has been
hown in simulation of the AGV trajectories.

This work provides a comprehensive analysis of the fitness func-
ion design process, beginning with an initial search for the shortest
ollision-free path and concluding with a final approach that considers
he average minimum obstacle distance in such scenarios. Table 2 offers
summary of the fitness functions evaluated. These fitness functions

ave been obtained following the process described in Fig. 8.
In Table 2, 𝑠 is the trajectory length calculated by Eq. (4); 𝐶𝑐 is the

ollision coefficient, being 1 when no collision is detected and 103 when
here is collision; 𝑛 is the number of trajectory points, 𝑁𝑜 is the number
f obstacles in the occupancy map, 𝐷𝑖𝑗 denotes the distance from the
oint 𝑖 to the obstacle 𝑗 when there is no collision, and 𝐷𝑐𝑖𝑗 when a

collision occurs. 𝐷𝑐 is the sum of distances to all colliding obstacles.
hus, when there is no collision (𝐷𝑐 = 0), the fitness function aims to

maximize the distance to obstacles. On the other hand, when collisions
occur (𝐷𝑐 ≠ 0), the fitness function is designed to minimize the number
f them.

The strengths, weaknesses, and outcomes of every approach will be
ystematically and thoroughly discussed in Section 5.

.2. Genetic algorithm configuration

To identify the best solution for any given scenario, as said a
enetic algorithm is used to explore the possible output angles of the
aypoints. The initial output angles are randomly generated subject to

he constraints given in constraint g. The size of the population has been
et to 50.

The intermediate crossover operator is used. It randomly selects two
arents from the population and averages the corresponding variables
f the parents to generate a new spring. The averaging process incor-
orates a random weight for each variable, increasing the diversity of
he offspring.

The limit mutation approach is adopted. This operator introduces
random modifications to the chosen variables of a solution within a
range, in this case 20% of the total variable range.
9

Individuals are then selected to form the new population through
a combination of fitness-proportional selection and elitism. The proba-
bility of selection for each individual is determined by normalizing its
fitness values. In every generation, two elite individuals, representing
the best solutions of the current generation, are directly included in the
next generation.

This parameters have been optimized based on a combination of
field experience, practical considerations and iterative experimenta-
tion. Numerous experiments were performed to explore different pa-
rameter settings and evaluate their impact on the performance of the
algorithm, with the aim of achieving computational efficiency and a
good solution.

5. Iterative refinement of the fitness function

The refinement process of the fitness function follows the structure
presented in Fig. 8. This process is carried out until a fitness function
that adequately meets the proposed requirements is found. The advan-
tages and potential drawbacks of the fitness function are studied. This
analysis is based on experimental results and a new fitness function is
then proposed accordingly.

The study begins with an initial fitness function that highlights the
problems associated with the experimental setup. Subsequently, a series
of refined fitness functions are described, each designed to address
the deficiencies of its predecessor. This process helps to improve the
understanding of the performance of the optimization process in terms
of accuracy, efficiency, and reliability.

5.1. MLPC. Minimum length penalized by collision

The MLPC fitness function is formulated to achieve the shortest
possible path by penalizing the presence of collisions with a collision
coefficient, as shown in Eq. (13).

𝑓𝑐 = 𝑠 ⋅ 𝐶𝑐 (13)

where 𝑠 represents the length of the trajectory obtained by (4), and 𝐶𝑐
stands for the collision coefficient, being 1 when no collision is detected
and 103 when there is collision.

5.1.1. Potential drawbacks
Scale sensitivity could be an issue as the magnitude of the collision

coefficient can impact the algorithm’s sensitivity. Minor adjustments
in the position of obstacles could result in significant changes in the
fitness function, potentially hindering the genetic algorithm’s ability to
converge.

The optimization process may become convoluted due to the length-
based and collision-based components of the fitness function, leading

to complex search spaces and ultimately suboptimal outcomes.
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Fig. 9. Different scenarios results for minimum possible length penalized by collision fitness function.
Determining the value of the collision coefficient may pose diffi-
culties. Selecting a high value may overemphasize penalties and result
in suboptimal solutions. Conversely, a low value may not adequately
improve collision prevention. Furthermore, if a very high collision
coefficient is used, the algorithm may find a solution prematurely
because all parameters have very high values due to collisions, so it
selects the shortest one that collides. This phenomenon can be named
Collision dominance.

The current fitness function fails to distinguish between varying
levels of collisions, resulting in equal penalties for both minor and
severe collisions. This can result in instances where the fitness function
is unable to distinguish between significant risk situations and minor
collisions, potentially leading to suboptimal decisions. To address this,
the importance of the collision should be quantified based on the
distance from the collision to the obstacle edge.

Total number of collisions should also be considered. This type of
fitness function fails to consider the quantity of potential collisions
that occur throughout the trajectory. This parameter is significant
when determining whether the trajectory is undergoing collision-free
optimization.

5.1.2. Experimental problems
Fig. 9 shows two solutions provided by the algorithm when this

fitness function is evaluated under the same scenario. The value of the
fitness function for each solution is:

- Solution 1 = 1.3898 × 107

- Solution 2 = 1.2095 × 107

Although the fitness function of solution 2 is smaller than for
solution 1, it is clear that the solution 2 is worse as shown in Fig. 9(b).
Thus, the value of this fitness function is not a proper indicator of
the best solutions. In Fig. 9(b), the method shows a behavioural pat-
tern focused on improving the values that define the fitness function,
i.e., to decrease the path length, which directly lessens the number
of collisions. Nevertheless, the fitness function has a limited capacity
to distinguish between various collision contexts, therefore emphasizes
solutions in which the path length is notably reduced.

In this scenario, reducing the path length leads to an improvement
of the fitness function value. Nevertheless, collision presence continu-
ously dominates and reduces the fitness value as it advances through
generations of individuals, implying that reducing the path length will
ultimately reach the optimal solution.
10
5.1.3. Potential solutions
Adjustments to the fitness function are necessary to address the

outlined drawbacks. Such adjustments should concentrate on attain-
ing a more precise identification of collision situations related to the
trajectory to allow better decision-making.

To achieve this, it is necessary to include the number of collision
points (collisions between the vehicle and the occupancy map) in the
fitness function. Two approaches can be taken to determine collisions
on a trajectory: counting the number of obstacles it collides with, or
calculating the number of points on the trajectory that are in collision.
The second approach is preferred, as the fitness function achieves
smaller values when the trajectory has fewer points in the obstacle map.

5.2. MLMC. Minimum length and minimum collisions

The aim of the MLMC fitness function is to find the shortest possible
path by penalizing the presence of collisions not only with a collision
coefficient but also by adding the number of collision events, as shown
in Eq. (14).

𝑓𝑐 = 𝑠 ⋅ 𝐶𝑐 ⋅𝑁𝑐 (14)

Here, 𝑠 denotes the length of the trajectory obtained by (4), where
𝐶𝑐 stands for the collision coefficient, being 1 when no collision is
detected and 103 in other case, and 𝑁𝑐 is the number of collisions.

5.2.1. Theoretical advantages
Including collision count in the fitness function directly addresses

the parameter scaling sensitivity problem by providing a more holistic
metric to evaluate algorithm performance and improve the trade-off
between path length and safety, i.e. collision prevention. Without this
consideration, the fitness function was based solely on the path length
and multiplied by a coefficient in case of collisions, which could be
affected by changes in the parameter scale of the function.

By examining the quantity of collision points along the trajectory,
it is possible to distinguish between minor and more severe collisions.
This may result in a fitness function that more accurately penalizes
collisions that represent higher impact with obstacles, that is, further
into the occupancy map.

5.2.2. Potential drawbacks
It is noteworthy to consider the sensitivity of the fitness function to

the number of points of the trajectory. The trajectory resolution may
have an impact on the consistency of the results if different trajectory

resolutions are compared.
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Fig. 10. Experiment results for minimum possible length with as few collisions as possible fitness function.
When binary maps are used, the calculation of 𝑁𝑐 is subjected to
uncertainty due to the discretization of the occupancy map and the
resolution of the points. This uncertainty can compromise the fitness
function’s accuracy, which can lead to inconsistent results. In this
work this problem cannot appear as we are using geometric maps
(Section 3.1).

Furthermore, implementing the fitness function may cause problems
due to the lack of smooth convergence gradients in relation to the
number of collisions. Depending on the specific scenario or application,
challenges may arise, such as discontinuity or lack of differentiability,
which can make the optimization process challenging. This is especially
important when the optimization methods require smooth convergence.

5.2.3. Experimental problems
Fig. 10 shows two solutions obtained when this fitness function is

evaluated under the same scenario. The value of the fitness function for
each solution is:

- Solution 1 = 1.1966 × 109

- Solution 2 = 3.6835 × 108

Although the value of the fitness function for the solution 2 is
smaller than for solution 1, it is clear that solution 2 is worse
(Fig. 10(b)). So the value of this fitness function is not the best indicator
of the optimal solution. On the other hand, this new fitness function
appears to be an improvement in terms of more detailed consideration
of collisions and the number of collisions.

In Fig. 10(b) it is also possible to see how this fitness function
prioritizes the reduction of collisions vs. the path length. However, it
is essential to balance those two factors.

In fact, if the weight given to collisions becomes more relevant than
the path length, solutions may reduce number of collisions but are not
suitable for the precise movement of an AGV, as shown in Fig. 10(b).
This can lead the optimization process in an undesirable direction.
The results show a high dependency and sensitivity to both, path and
vehicle sampling. These parameters largely determine the number of
collisions and consequently, influence the direction the process will
take in its search for the optimal solution.

5.2.4. Potential solutions
It was decided to abandon path length optimization in favour of a

safety-oriented approach, where obstacle distances are used to ensure
that the trajectory avoids collisions. We emphasize the role of the
fitness function in achieving a trajectory that stays as far away from
obstacles as possible.
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5.3. MDOBS. Minimum distance to obstacles from the nearest point

The MDOBS fitness function aims to maximize the minimum dis-
tance between the vehicle’s trajectory and obstacles in the environ-
ment. This is expressed by Eq. (15).

𝑓𝑐 =
1

𝑚𝑖𝑛𝑗∈𝑁𝑜

{

𝐷𝑖𝑗 , 𝑖 = 1, 2,… , 𝑁
} (15)

Being 𝑁𝑜 the number of obstacles in the occupancy map, 𝑁 the
number of trajectory points and 𝐷𝑖𝑗 the distance from the point 𝑖 to
the obstacle 𝑗 when there is not collision.

5.3.1. Theoretical advantages
Firstly, the method takes into account the actual proximity of the

trajectory to obstacles by directly considering the minimized distance
to these obstacles. This approach overcomes the issues of oversimplifi-
cation seen in previous fitness functions.

Unlike the previous fitness function, based solely on path length and
collision occurrences, the new approach prioritizes safety by maximiz-
ing the minimum distance between the vehicle and obstacles along the
path. This change reduces the sensitivity of the algorithm to parameter
scaling because it evaluates security-related metrics directly, without
using coefficients or scaling factors. Furthermore, by optimizing the dis-
tance to obstacles, the algorithm remains effective in different scenarios
and environments.

With regards to computational efficiency, determining the minimum
distance on a continuous occupancy map is less computationally de-
manding than on a binary map. This is particularly valid when dealing
with coordinate values that avoid using occupancy grids. This approach
reduces the number of operations, resulting in efficiency gains overall.

5.3.2. Potential drawbacks
The function may not precisely represent complex or non-uniformly

formed obstacles.
In addition, finding the smallest obstacle distance for every point

on the route can be computational demanding, particularly when using
a discrete occupancy map, as the algorithm must examine numerous
map occupancy cells. These computational requirement might have an
impact on the efficiency of the algorithm. In the case of binary maps,
implementing an exceedingly low resolution may lead to neglecting
vital obstacle details, whilst an excessively high resolution may raise
computational complexity.

Moreover, the efficiency of the discrete occupancy map could de-
crease when handling moving obstacles, since the probable occupancy

values might not be adequate when managing distinct layers that
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Fig. 11. Experiment results for minimum distance to obstacles from the nearest point fitness function.
portray diverse categories of obstacles. In our case, this problem is not
relevant as we are working with static maps.

5.3.3. Experimental problems
Fig. 11 shows two solutions obtained by the algorithm when this

fitness function is evaluated under the same scenario. The value of the
fitness function for each solution of Fig. 11 is:

- Solution 1 = 0.00398
- Solution 2 = 0.00352

Although the value of the fitness function for the solution 2 is
smaller than for solution 1, solution 2 is slightly worse as shown in
Fig. 10(b). Intuitively solution 1 seems more convenient due to its
smoothness, which makes it better for vehicle navigation, although
there is still room for improvement in this fitness function.

Prioritizing the maximization of the minimum distance from obsta-
cles in the occupancy map results in a lack of proportional suitability
for values exceeding this minimum. Even though the trajectories are
optimized according to the fitness function with the aim of staying
as far away from obstacles as possible, there is a possibility that
trajectories which intuitively might be considered safer for navigation
due to their greater average distance from obstacles are rejected by
the fitness function because they have a closer minimum distance to
obstacles.

Given this situation, even if the fitness function meets the in-
tended mathematical and conceptual requirements, it becomes imper-
ative to explore alternatives that ensure that the trajectory maintains a
maximum average distance from collisions.

5.3.4. Potential solutions
Oversimplifying the search for the trajectory with the highest mini-

mum obstacle distance can lead to the loss of more efficient solutions.
To address this, we use statistics such as the mean of distances to obtain
average values that provide a more comprehensive perspective on the
proximity of the trajectory to the obstacles.

5.4. AVGMD. AVeraGe minimum distance to obstacles

The AVGMD fitness function uses the average of the minimum
distances of the points of the trajectory to the obstacles to find the
trajectory that is as far away as possible on average from the obsta-
cles, prioritizing avoiding collisions. The method is formally outlined
in Eq. (16).

𝑓𝑐 =
𝑁

∑𝑁 (16)
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𝑖=1 𝑚𝑖𝑛𝑗∈𝑁𝑜
𝐷𝑖𝑗
where 𝑁 is the number of trajectory points, 𝑁𝑜 is the number of
obstacles in the occupancy map and 𝐷𝑖𝑗 denotes the distance from the
point 𝑖 to the obstacle 𝑗 when there is not collision.

5.4.1. Theoretical advantages
Firstly, the approach promotes global consideration by offering an

average distance perspective to obstacles while providing insights into
the trajectory’s proximity to obstacles. This helps prevent excessive
penalties in specific areas, leading to smoother and more natural path
generation.

Additionally, averaging distances along the trajectory leads to a
quicker convergence of the fitness function. By reducing deviations
in the trajectory, the attainment of the optimal solution is smoother.
This has the potential to improve the effectiveness of optimization and
planning procedures.

5.4.2. Potential drawbacks
The new fitness function requires the evaluation of some key factors.

First, when dealing with dynamic or changing obstacles, relying exclu-
sively on the mean distance may not accurately represent the current
risk. This is due to the fact that the mean distance, being an average,
may not sufficiently capture the evolving risk associated with moving
obstacles. In our case, this is not a problem as we are working with
static maps.

Similarly to previous cases, the resolution of the continuous occu-
pancy map is a crucial factor. Opting for a low resolution can have a
negative impact on the accuracy of the average distance measurement.
It is essential to carefully choose a resolution that aligns with the
desired level of precision and accuracy.

Additionally, an interesting issue arises when collisions occur, as the
averaging process takes into account zero distance values (7). There
may be situations where the most efficient route entails contact with
objects, in opposition to preventing any collisions. Consequently, this
makes difficult interpreting the average distance measurement, mainly
when adversarial values emerge due to collisions.

5.4.3. Experimental problems
Fig. 12 shows two solutions obtained by the algorithm when this

fitness function is evaluated under the same scenario. The value of the
fitness function in each solution of Fig. 12 is:

- Solution 1 = 0.00254
- Solution 2 = 0.00166

Although the value of the fitness function of solution 2 is smaller,
this solution is worse due to the fact that there are collisions as shown in
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Fig. 12. Experiment results for Average minimum distance to obstacles fitness function.
Fig. 10(b). Thus, this fitness function needs to be improved to consider
collisions.

When using the average distance as a parameter, it is important to
consider the performance of the fitness function when there are colli-
sions. In that case, the distance to obstacles at that point is zero, which
means that collisions do not contribute to the average of minimum
distances.

Using a fitness function that does not penalize collisions results in
being solely dependent on the average of the minimum distances to
obstacles, regardless of whether a collision scenario exists. In certain
circumstances, as shown in the example, this average value may be
higher for paths with collisions, even though the average distance to
obstacles may be greater compared to other collision-free paths. This
can cause the algorithm to converge on unsatisfactory and unacceptable
solutions. In this scenario, instead of optimizing the path with a focus
on safety, the fitness function may select a path with collisions as the
optimal solution.

5.4.4. Potential solutions
To address the mentioned issue, we propose the use of a piece-

wise function with two well-defined components: one for collision
scenarios, where the invaded collision space distance is calculated, and
another for collision-free scenarios, where we continue to work with
the average distance of the points along the trajectory. To ensure the
continuity of the piece-wise function, both components are normalized
to 1.

5.5. PWAVG. Piece-Wise AVeraGe minimum distance to obstacles consid-
ering collision

The PWAVG method involves using a piece-wise function to take
into account both, the average of the minimum distances from the tra-
jectory points to the obstacles and the collision distance. This technique
is expressed formally in Eq. (17).

𝑓𝑐 =

⎧

⎪

⎨

⎪

⎩

1 +
∑𝑁

𝑖=1 𝑚𝑖𝑛𝑗∈𝑁𝑜
𝐷𝑐𝑖𝑗 if 𝐷𝑐 ≠ 0

1 −
∑𝑁

𝑖=1 𝑚𝑖𝑛𝑗∈𝑁𝑜
𝐷𝑖𝑗∕𝑁

𝑚𝑎𝑥𝑗∈𝑁𝑜
𝐷𝑖𝑗

if 𝐷𝑐 = 0
(17)

where 𝑁 is the number of trajectory points, 𝑁𝑜 is the number of
obstacles in the occupancy map, 𝐷𝑖𝑗 denotes the distance from the
point 𝑖 to the obstacle 𝑗 when there is no collision, and 𝐷𝑐𝑖𝑗 when a
collision occurs. 𝐷𝑐 is the sum of distances to all colliding obstacles.
Thus, when there is no collision (𝐷𝑐 = 0), fitness function aims to
maximize the distance to obstacles. On the other hand, when collisions
13
occur (𝐷𝑐 ≠ 0), the fitness function is designed to minimize the number
of them.

5.5.1. Theoretical advantages
Initially, the fitness function is separated into two parts for a proper

balance between collision avoidance and obstacle proximity. This ap-
proach provides a refined consideration of both direct collision and
overall obstacle proximity, allowing a more effective compromise be-
tween safety and efficient navigation near obstacles.

By using a piecewise normalized function, we have stabilized the
behaviour of the algorithm against changes in distances to obstacles
in various scenarios. As a result, the performance of the algorithm is
more robust since the cost function does not experience significant
fluctuations or discontinuities. Furthermore, normalizing the fitness
function to a value of 1 ensures that it provides a continuous range
of values, which facilitates convergence and improves the efficiency of
the optimization algorithm.

Furthermore, the fitness function provides a flexible method to
assign collision penalties. Instead of using a binary penalty system,
this approach calculates the total distance to the edges of objects in
collision. By taking an incremental and continuous penalty approach, it
allows for a more detailed treatment of collisions during optimization,
resulting in a nuanced perspective on collision-related factors.

5.5.2. Potential drawbacks
Calculating the total distance to the edges of colliding obstacles

for several points along the trajectory may become computationally
intensive. Moreover, it would increase proportionally to the number
of obstacles in the occupancy map.

5.5.3. Experimental problems
Intensive experiments have been carried out in different scenarios

and we have not identified problems. In all results a lower value in the
fitness function indicates a better solution.

When using PWAVG in the experiment of Section 5.4, the results
show that, as intended, using the PWAVG function the potential prob-
lems of AVGMD fitness function are avoided, being able to obtain
the trajectory with the highest value of minimum average distance to
obstacles, but without incurring in collisions with the occupancy map,
as shown in Fig. 13.

Table 3 summarizes the key findings, providing a clear overview of
the benefits and drawbacks associated with each fitness function.
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Fig. 13. Experiment results comparison between AVGMD and PWAVG fitness functions.
Table 3
Summary table of the results of the proposed fitness functions.

Fitness function Drawbacks Advantages

MLPC - Collision dominance and generalization
- Scale sensitivity
- Suboptimal optimization

- Simplicity in straightforward scenarios
- Computational efficiency

MLMC - Sensitivity of point sampling
- Number of collisions uncertainty
- Lack of smooth convergence gradients

- Parameter balance
- Collision penalty differentiation

MDOBS - Complex obstacle representation
- Computational intensity

- Real Obstacle consideration
- Penalty proportionality
- Adaptability to different environments

AVGMD - Bad mobile obstacles interaction
- High resolution sensitivity

- Obstacle proximity global consideration
- Smoother fitness function convergence

PWAVG - Computational intensive proportional to
map complexity

- Collision and obstacle distance balance
- Collision penalties flexibility
6. Results discussion

This section presents the main evaluation criteria used to asses
the fitness function of an industrial AGV trajectory optimization. For
the experiments, a pulling trolley AGV is used, with dimensions of
1800 mm in length and 550 mm in width.

Based on the insights obtained from Table 3, further experimen-
tation is carried out in different scenarios, where all proposed fitness
functions are applied. This systematic approach enables us to evaluate
and compare the outcomes produced by each fitness function in dif-
ferent trajectory optimization situations. The results are presented in a
clear, colour-coded format, which illustrates the outcomes of the fitness
functions.

6.1. Scenarios

Three simulation scenarios were designed to evaluate the perfor-
mance of the optimization algorithms. The scenarios have the same
dimensions (13,500 × 11,000 mm) and are categorized by their density
levels and the arrangement of obstacles (low, medium and high). In
the low complexity scenario they leave a large free zone and the
design deliberately presents a dilemma for the optimization process.
The algorithm must determine the optimal trajectory between the start
and end points between two route options with similar clearance. The
medium complexity scenario introduces a moderate increase in obstacle
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density. Finally, the high complexity scenario implies a positioning of
obstacles that is more difficult to address and a greater number of them.

In terms of design, the occupancy map for each scenario prioritizes
the strategic placement of blocks and landmarks for navigation in that
environment. Fig. 14 shows the occupancy maps, where blue polygons
represent obstacles and white spaces indicate free areas. The start and
end points are included, along with arrows that indicate the departure
angle of the trajectory at these points, which have been defined in the
experiments.

6.2. Metrics

Three experiments were conducted to compare the performance of
different fitness functions analysed in this study across three different
complexity scenarios: low, medium, and high. This extensive evalua-
tion provides insights into how each method performs under varying
levels of complexity, allowing for a comprehensive comparison of their
effectiveness in AGV trajectory optimization.

The evaluation metrics for the fitness functions include:

• Trajectory length: The distance travelled by the AGV from the
starting point (𝑥𝑠, 𝑦𝑠) to the end point (𝑥𝑒, 𝑦𝑒)

𝑠 =
(𝑥𝑒 ,𝑦𝑒)

√

1 +
(

𝑑𝑦
)2

𝑑𝑥 (18)
∫(𝑥𝑠 ,𝑦𝑠) 𝑑𝑥
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Fig. 14. Graphical representation of the three scenarios considered for optimization experiments. Red points are starting and ending point with arrows representing their output
angles (a) Low complexity; (b) Medium complexity; (c) High complexity.
• Minimum distance to obstacles: The MDO is the minimum dis-
tance that the vertices of the AGV will have to the obstacles of
the occupation map. The calculation involves determining the
minimum distance to obstacles for each vertex of the vehicle
along the trajectory, and selecting the smallest value from this
set of values. When there is a collision registered, the MDO value
is zero. Formally, this value is given by Eq. (19).

𝑀𝐷𝑂 = 𝑚𝑖𝑛𝑖∈1...𝑁, 𝑘∈1...4(𝑚𝑖𝑛𝑗∈1...𝑁𝑜
𝐷𝑖𝑗𝑘) (19)

Being 𝑁 the number of trajectory points and No the number of
obstacles in the occupancy map. 𝐷𝑖𝑗𝑘 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: The average value of the set of
minimum distances to obstacles from the vertices of the vehicle
along the trajectory (ADO) is formally expressed in Eq. (20).
This value analyses the average distance of the trajectory to the
occupation map, thus maximizing this metric means maximizing
the anti-collision safety conditions.

𝐴𝐷𝑂 =
∑𝑁

𝑖=1 𝑚𝑖𝑛𝑗∈𝑁𝑜 ,𝑘∈1..4𝐷𝑖𝑗𝑘

𝑁
(20)

• Computational time: Consist of the average execution time per
iteration, formalized in Eq. (21)

𝑡 = 1
𝑛𝑖

𝑛𝑖
∑

𝑖=1
𝑡𝑖 (21)

where 𝑡 is the average computational time per iteration, 𝑛𝑖 is the total
number of iterations and 𝑡𝑖 is the computational time of an algorithm
iteration.

Furthermore, a computational analysis of efficiency and demand
will be conducted for each fitness function. This analysis is important
for assessing the potential future application of similar methods in real-
time scenarios. To measure efficiency, the average time per iteration is
calculated. This is derived from the total simulation time and subse-
quent mean calculation. The simulations are executed in a AMD Ryzen
5 5600H with 8 GB of RAM.

The computational analysis of efficiency and demand also pro-
vides valuable insights into the practical applicability of these methods
in real-time scenarios. By quantifying the computational load and
efficiency of each fitness function, it can be better understood their per-
formance characteristics and determine their suitability for deployment
in dynamic operational environments.

Trajectory length, minimum obstacle distance and average obsta-
cle distance are important indicators that provide insights into the
proximity of the AGV’s path to potential collisions and obstructions.
By analysing these metrics, we can determine how effectively each
fitness function navigates through complex environments, revealing its
ability to generate trajectories that prioritize safety while optimizing
efficiency.
15
Fig. 15. Results of each fitness function in the low complexity scenario.

6.3. Low complexity results

In this type of scenarios, it is about characterizing the trajectories,
detecting collision points and seeing how the fitness function behaves
with a map with a low density of obstacles.

Fig. 15 shows the trajectories generated with the different fitness
functions since there are several possible routes. As seen in the figure,
the MLPC function is not capable of detecting collisions that occur dur-
ing trajectory tracking, and leads the algorithm to obtain the shortest
trajectory without trying to avoid obstacles since it is based on the
error. The MDOBS function is most differentiated from the others in
that it aims to maximize the minimum distance to obstacles, so the
trajectory deviates as much as possible from the corner of the central
obstacle on the map, instead of gravitating towards the obstacles in pre-
vious areas. The remaining cost functions, although slightly different,
produce similar collision-free trajectories.

Fig. 16 presents a comparative analysis detailing the minimum
distances to obstacles on the occupancy map along the trajectory. Colli-
sions are represented with a red circle (distance less than zero), which
provides an overview of how the fitness functions work differently.
Both the MLPC and AVGMD functions record collisions in their path;
MDOBS shows the greatest deviation from the middle obstacle, while
the rest of the functions (MLMC, AVGMD and PWAVG) show very
similar minimum distances, with AVGMD being the one that collides
with the middle obstacle.

As it is difficult to visually determine the best fitness function,
analytical metrics have been evaluated and are shown in Table 4.
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Table 4
Analytic results of the different fitness functions in the low complexity scenario.

Fit. function Length (mm) Avg. distance (mm) Min. distance (mm) Collisions Comp. time (s)

MLPC 1.323 94 × 104 31.17 0 28 2.362
MLMC 1.5167 × 104 535.35 4.38 0 2.550
MDOBS 1.5599 × 104 494.15 169.57 0 2.518
AVGMD 1.5152 × 104 541.97 0 1 2.574
PWAVG 1.5223 × 104 542.25 17.86 0 2.587
Fig. 16. Comparison of minimum distance to obstacles for the different fitness functions evaluated in the low complexity scenario.
These results show that PWAVG maintains the greatest average
distance to obstacles, despite not having the greatest minimum distance
to them. However, MDOBS surpasses it by minimizing the minimum
distance. On the other hand, MDOBS presents the highest minimum
distance although with a lower average distance to obstacles. As shown
in Table 4, the execution times for each iteration with the different
cost functions are practically identical. It should be noted that as the
complexity of the aptitude function increases there is a slight increase
in execution time.

6.4. Medium complexity results

In the medium complexity scenario, the trajectories calculated by
the five fitness functions studied are shown in Fig. 17. It can be
seen that MLPC generates a trajectory with many collisions; AVGMD,
although generating a very efficient trajectory in terms of minimum
average distance, also produces a large number of collisions in the most
complicated part of the trajectory. On the contrary, MLMC, MDOBS and
PWAVG produce trajectories comparable to each other, with PWAVG
being the only one capable of finding a route without collisions with
the environment.

Collisions with objects can be examined by analysing the minimum
distances between the vehicle and obstacles shown in Fig. 18. The
x-axis indicates the distance travelled from the starting point of the
trajectory. Collisions are shown with a red circle (distance less than
zero)

From Fig. 18 it can be deduced that the only collision-free trajectory
is the one calculated by PWAVG, and the total number of collisions
of the other trajectories can be determined. It is possible to visually
estimate which trajectories have the longest average distance and
their minimum distance to obstacles. Sharp spikes and fluctuations are
16
Fig. 17. Results of each fitness function in the medium complexity scenario.

caused by the trajectory getting closer to one obstacle than another
on the occupancy map. As a result, the tendency to move away from
or towards the obstacle changes. These sudden changes occur more
frequently on occupancy maps with a greater number of obstacles

As a summary, Table 5 shows the metrics of each fitness function.
MLPC has the shortest path but also the highest number of collisions.
On the other hand, AVGMD has the highest average minimum obstacle
distance, but it is not feasible in scenarios like the one studied due to
the detection of 12 collisions. The PWAVG fitness function is the only
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Table 5
Analytic results of the different fitness functions in the medium complexity scenario.

Fit. function Length (mm) Avg. distance (mm) Min. distance (mm) Collisions Comp. time (s)

MLPC 1.4374 × 104 332.67 0 19 4.139
MLMC 1.5334 × 104 481.69 0 1 4.145
MDOBS 1.5706 × 104 422.20 0 1 4.156
AVGMD 1.4691 × 104 584.86 0 12 4.180
PWAVG 1.5708 × 104 391.04 2.82 0 4.193
Fig. 18. Comparison of minimum distance to obstacles for the different fitness functions evaluated in the medium complexity scenario.
one that is collision-free, confirming its good performance. To deter-
mine collisions, a total of 100 trajectory samples are taken. Table 5 also
indicates a great similarity between the execution times of iterations
with the different fitness functions. However, it is worth noting that
with increasing complexity of the cost function there is a slight increase
in execution time.

6.5. High complexity results

The high complexity scenario stands out for the greater density
of obstacles and greater difficulty in finding a route without colli-
sions. Fig. 19 shows the trajectories calculated for each cost function.
AVGMD, with the objective of maximizing the average distance, suffers
a collision towards the end of the trajectory, despite maintaining a
well-centred trajectory between obstacles. In Fig. 20, an analysis of
the collision behaviour and distance to the obstacle of each trajectory
is carried out. It is observed that all the trajectories get dangerously
close to the obstacles towards the end, with MPLC, MDOBS and AVGMD
being the ones that collide with the obstacles on the occupancy map, as
indicated by the red dots. The MLPC trajectory also shows collisions in
the midsection of the trajectory as it seeks the shortest path despite the
risk of collision. It is worth noting that AVGMD and PWAVG have the
highest average distance despite suffering from collisions. The reason
for the collision risk of the MLPC is the minimum distance to obstacles
at the beginning of the trajectory, which contrasts with its acceptable
minimum distance in the middle section of the route.

Table 5 summarizes the metrics of each fitness function. It is ob-
served that only MLMC and PWAVG are capable of generating collision-
free trajectories. PWAVG maintains a greater average and minimum
distance to obstacles. Furthermore, PWAVG produces the shortest path
length, second only to MLPC, which prioritizes achieving the shortest
17
Fig. 19. Results of each fitness function in the high complexity scenario.

collision-free distance but incurs collisions during its path. Table 6
shows the iteration execution times for the fitness functions with the
trend seen previously. There is a slight increase in execution time as
the complexity of the cost function increases.

The results show that PWAVG generates collision-free trajectories in
all three scenarios, outperforming other alternatives in terms of both
analytical and visual outcomes. However, trajectories that yield better
metrics but exhibit collisions along their paths are not desirable. These
outcomes were expected due to the design process aimed at improving
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Fig. 20. Comparison of minimum distance to obstacles for the different fitness functions evaluated in the high complexity scenario.
Table 6
Analytic results of each evaluation metric for the high complexity scenario.

Fit. function Length (mm) Avg. distance (mm) Min. distance (mm) Collisions Comp. time (s)

MLPC 2.0835 × 104 353.12 0 2 8.312
MLMC 2.1657 × 104 299.25 14.93 0 8.699
MDOBS 2.2176 × 104 268.60 0 1 8.750
AVGMD 2.1213 × 104 449.94 0 11 8.970
PWAVG 2.0983 × 104 384.85 8.282 0 8.977
the fitness function. In conclusion, PWAVG is a standout performer
in terms of safety and efficiency in trajectory generation, highlighting
its adaptability across various simulation scenarios. Table 6 shows
the iteration execution times for the analysed fitness functions too,
indicating a consistent trend. However, there is a slight increase in
execution time as the complexity of the fitness function increases. This
correlation suggests that the complexity of the fitness function may
affect the efficiency of the optimization process, especially in more
demanding scenarios.

6.6. Comparison with existing methods

Knowledge of the strengths and weaknesses of the different ap-
proaches for AGV trajectory optimization is important not only to
validate the proposals but also for future research and improvement
efforts. In this section we compare the proposed fitness function with
that used by Lamini et al. (2018) for AGV trajectory optimization.

In their publication, Lamini et al. (2018) suggest an improved
crossover operator to address path planning using genetic algorithms
(GA). It is applied in a static environment segmented into cells of uni-
form size where the occupancy status is indicated. The fitness function
evaluates the trajectory quality based on several criteria, such as path
length, safety levels, and energy consumption, and it is expressed in Eq.
(22).

𝑓𝐿(𝑝) =
1

𝑤𝑙𝑙(𝑝) +𝑤𝑠1𝑠1(𝑝) +𝑤𝑠2𝑠2(𝑝)
− 𝑒 (22)

where 𝑙(𝑝) is the trajectory length. 𝑠1(𝑝) is the Safety First Level (SFL)
calculated as 𝑠1(𝑝) =

∑𝑁−1
𝑖=1 𝑠𝑖. In this equation 𝑠𝑖 receives a penalty of

(+1) if an obstacle is in the first security level of distance to the current
position (𝑥𝑖, 𝑦𝑖) of the vertices of the AGV. 𝑠2(𝑝) is the Safety Second
Level (SSL). This value is calculated as 𝑠 (𝑝) =

∑𝑁−1 𝑠 .𝑠 receives a
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2 𝑖=1 𝑖 𝑖
penalty of (+1) if an obstacle is in the second security level of distance
to the current position (𝑥𝑖, 𝑦𝑖) of the vertices of the AGV. 𝑒 is the energy
penalty that receives a penalty of (+1) if the robot turns, and (0) if it
continues forward and 𝑤𝑙, 𝑤𝑠1, and 𝑤𝑠2 are the weights of the length,
SFL, and SSL properties for a given path 𝑝.

However, it is important to note that our parameter selection ap-
proach differs from that of Lamini et al. They consider energy con-
sumption and path length. In our case, taking into account the specific
requirements for optimizing the AGV trajectory, energy consumption
has not been taken into account and other factors such as distance to
obstacles and efficiency have been prioritized. In addition, the inverse
of the function has been used to perform the optimization process
by minimizing its value. The resulting fitness function used in this
comparison is expressed in Eq. (23).

𝑓𝐿(𝑝) = 𝑤𝑠1𝑠1(𝑝) +𝑤𝑠2𝑠2(𝑝) (23)

For each scenario, simulations of 3600 s are carried out with both
functions. Finally, limitation of both methods have been addressed and
compared.

6.6.1. Low complexity scenario
Fig. 21 shows the results obtained in the low complexity scenario,

with PWAVG (left) and Lamini’s (right). As can be seen, there are some
differences in trajectory planning with the two methods. With PWAVG
it appears that the vehicle moves closer to the obstacle since this
algorithm prioritizes maintaining a high average distance. However,
the fitness function proposed by Lamini results in a trajectory that
maintains a greater distance to the midpoint of the obstacle, although it
is closer to the occupancy map in the previous area. Both solutions are
valid, PWAVG maintains a higher average distance, but the minimum
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Table 7
Analytic results of PWAVG and Lamini’s optimization in the low complexity scenario.

Fitness function Length (mm) Avg. distance (mm) Min. distance (mm) Collisions Time/Iteration (s)

PWAVG 1.5223 × 104 542.25 17.86 0 2.587
Lamini et al. (2018) 1.5754 × 104 497.76 101.21 0 2.244
Table 8
Analytic results of PWAVG and Lamini’s optimization in the medium complexity scenario.

Fitness function Length (mm) Avg. distance (mm) Min. distance (mm) Collisions Time/Iteration (s)

PWAVG 1.5708 × 104 391.04 2.82 0 4.193
Lamini et al. (2018) 1.5188 × 104 520.85 0 2 4.041
Fig. 21. Comparison of AGV trajectory optimization using (a) PWAVG (left) and (b) Lamini’s (Lamini et al., 2018) fitness functions, for low complexity scenario.
Fig. 22. Comparison of AGV trajectory optimization using PWAVG and Lamini’s (Lamini et al., 2018) fitness functions, for low complexity scenario. (a) Trajectories. (b) Minimum
distance to obstacles.
distance can be smaller than with that of Lamini et al. The detailed
results of the evaluated metrics are shown in Table 7.

Fig. 22a shows the graphic comparison of the two trajectories
obtained with each of the cost functions. The results discussed above
are confirmed regarding the average distance and distance to obstacles.
The spikes and sudden changes that appear in Fig. 22b indicate that
the trajectory is approaching one obstacle more than another on the
occupancy map, causing a directional change away from the obstacle.
These changes occur more frequently in occupancy maps with higher
density of obstacles.

6.6.2. Medium complexity scenario
Fig. 23 shows the results of the simulations carried out with the

PWAVG and Lamini’s fitness functions in the medium complexity sce-
nario, where there is a moderate increase in the density of obstacles
compared to the previous one. In this medium complexity scenario,
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the PWAVG fitness function causes the vehicle to pass very close to
one of the obstacles. This is because the starting point is located in a
densely obstructed area, which poses a great challenge in navigating
the waypoints without collisions. But the PWAVG function is capable
of finding a collision-free path, although approaching the bottom of the
map. In contrast, the fitness function of Lamini et al. it fails to avoid
collisions because it lacks collision detection mechanisms and relies
solely on penalties for proximity to obstacles. As a result, the trajectory
tries to stay as far away from the bottom region of the map as possible,
causing collisions in the initial stage. In this case PWAVG is superior
when it comes to prioritizing safety and effectively avoiding collisions.
The detailed results of the metrics are shown in Table 8.

Fig. 24a presents the two trajectories obtained. Fig. 24b shows that
although the trajectories may appear very similar, the fitness function
of Lamini et al. produces a collision while PWAVG avoids obstacles,
making it a safer option in this scenario.
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Fig. 23. Comparison of AGV trajectory optimization using (a) PWAVG (left) and (b) Lamini’s (Lamini et al., 2018) fitness functions, for medium complexity scenario.
Fig. 24. Comparison of AGV trajectory optimization using PWAVG and Lamini’s (Lamini et al., 2018) fitness functions, for medium complexity scenario. (a) Trajectories. (b)
Minimum distance to obstacles.
Table 9
Analytic results of PWAVG and Lamini’s optimization in the high complexity scenario.

Fitness function Length (mm) Avg. distance (mm) Min. distance (mm) Collisions Time/Iteration (s)

PWAVG 2.0983 × 104 384.85 8.282 0 8.977
Lamini et al. (2018) 2.0833 × 104 350.51 0 1 8.632
6.6.3. High complexity scenario
The high complexity scenario offers a map with strategically located

obstacles and difficult-to-follow reference points, in order to evaluate
the optimization results with the two proposals, as shown in Fig. 25.

In this case, a situation similar to that of the medium complexity
scenario occurs. The fitness function of Lamini et al. produces a very
satisfactory result, but causes a collision with an obstacle towards the
end of the trajectory. Table 9 presents the metrics that demonstrate
that the solution proposed by this fitness function has a shorter average
distance than the PWAVG solution, even though the solution of Lamini
et al. appears to be further from the obstacles on the occupancy map
at first glance. These results, along with the occurrence of collisions,
highlight the superior performance of PWAVG even in high complexity
scenarios.

Fig. 26a shows the trajectories obtained, validating the analyti-
cal examination. Fig. 26b illustrates that only the PWAVG trajectory
remains collision-free, in contrast to the collision-prone trajectories
generated by the other function. Although the trajectories show notable
similarity, the key difference is that the fitness function of Lamini et al.
produces a collision that PWAVG is able to avoid, making it the safest
option in this scenario. Upon closer inspection of the figures, one can
20
discern trajectories with the longest average distance to obstacles and
those in closest proximity to them.

6.6.4. Limitations of compared fitness function in trajectory planning
By comparing the performance of PWAVG and the fitness func-

tion proposed by Lamini et al. In different complexity scenarios the
following can be concluded. In the low complexity scenario, PWAVG
maintains a larger average distance to obstacles, while the function of
Lamini et al. shows a longer minimum distance but with a trajectory
approach to obstacles in certain sections. In the medium complexity
scenario, PWAVG manages to avoid collisions. In the high complexity
scenario, PWAVG not only shows a larger average distance but also
performs better than Lamini et al. since it effectively avoids collisions.
These findings highlight the efficiency and usefulness of PWAVG in
AGV route optimization scenarios of different levels of complexity.

Continuing with the comparison of the two fitness functions, PWAVG
and Lamini’s, the limitations of the latter are exposed. Lamini’s fit-
ness feature does not directly detect collisions, but rather penalizes
proximity to obstacles at two different levels. Consequently, in some
situations the fitness function may require the trajectory to maintain
a constant distance to obstacles at all points, which may result in
the vehicle being inevitably close to obstacles and incurring penalties.
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Fig. 25. Comparison of AGV trajectory optimization using (a) PWAVG (left) and (b) Lamini’s (Lamini et al., 2018) fitness functions, for high complexity scenario.
Fig. 26. Comparison of AGV trajectory optimization using PWAVG and Lamini’s (Lamini et al., 2018) fitness functions, for high complexity scenario. (a) Trajectories. (b) Minimum
distance to obstacles.
Table 10
Analytic results of Lamini et al. (2018) fitness functions for two different scenarios illustrating its limitations in detecting collisions and optimizing
trajectories.

Scenario Length (mm) Avg. distance (mm) Min. distance (mm) Collisions Fitness function value

a 1.5708 × 104 520.85 0 2 15.55
b 1.5616 × 104 409.72 19.55 0 17.15
Therefore, the fitness function directs the trajectory to distance itself as
much as possible from other obstacles, which can lead to collisions in
areas with obstacles in close proximity to each other. This behaviour
is unacceptable since the fitness function can consider an optimal
trajectory in which the vehicle collides with its surroundings.

Fig. 27 presents two trajectories: scenario A, which represents the
trajectory generated by Lamini’s fitness function, and scenario B, which
represents a collision-free trajectory under identical conditions. The
analytical data in Table 10 shows that Lamini’s produces a higher
value in the no-collision scenario. During the optimization process, the
algorithm considers the collision-free path to be less safe based on the
fitness function and discards it. This contradicts the security-oriented
approach adopted in this study and highlights the superior performance
of the PWAVG function in that regard.

7. Conclusions and future works

In this work, the definition of an effective fitness function, the key
component of an optimization method, is discussed in detail. The fitness
21
function of a GA quantifies the quality of an industrial automated
vehicle trajectory for different scenarios with obstacles.

Throughout the fitness function design process, we have identified
and addressed several challenges that impact accuracy and suitability
for specific problem requirements. These challenges include considera-
tions such as path length, obstacle spacing and collision minimization
within the occupancy map.

In particular, a key challenge is the sensitivity of the fitness function
parameters. Algorithm efficiency is significantly influenced by param-
eter scaling and tuning, showing the importance of precise tuning for
optimal results.

Multi-factor optimization has also emerged as a difficult task. A del-
icate balance between fitness function components is often required to
ensure an accurate representation of the problem goals and constraints.

Another fundamental issue is the premature convergence of the
genetic algorithm. If the fitness function is not adequately defined,
there is a risk that the algorithm will settle on sub-optimal solutions
before thoroughly exploring the search space.
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Fig. 27. Example scenario illustrating the limitations of Lamini et al. (2018) fitness function in detecting collisions. (a) Case with collisions; (b) Case without collisions.
To effectively address these challenges, different approaches have
been proposed. These include rigorously adjusting the weights of the
fitness function terms to increase the flexibility of the optimization.
Furthermore, it is emphasized the need to properly tune the optimiza-
tion parameters according to the specific problem requirements, which
significantly influences the convergence towards optimal solutions.

Finally, we can highlight the importance of intelligent fitness func-
tion design, using prior knowledge to ensure an accurate representation
of the problem objectives and constraints. This reduces the likelihood
of premature convergence and contributes to the overall effectiveness
of genetic algorithms in tackling complex optimization problems.

In summary, this article deals with the importance of the fitness
function in genetic algorithm optimization and provides a detailed
insight into the associated challenges of its definition and tuning.
It draws valuable recommendations for overcoming these challenges,
making a significant contribution to the field of optimization in com-
plex problems for industrial applications.

The method presented in this work has been proven effective in real
scenarios in a static environment. In fact, it has always been able to find
a feasible solution. The main limitation of this method in general lies in
the technical limitations, particularly in the adaptation of the method
to real-time scenarios with dynamic maps, where high computational
power is required to perform complex optimization processes within a
sufficiently short period of time to adapt to changes in the environ-
ment. Possible solutions to this limitation could be considered slow
dynamic changes in the environment, using more powerful hardware,
or performing calculations remotely on high-performance computing
equipment.

Incorporating probability functions into the fitness function shows
potential to improve trajectory planning algorithms. They allow mod-
elling the uncertainty of the environment, the dynamics of the system
and user preferences. This is a promising research direction to promote
continuous progress in AGV path planning approaches. Future research
will explore the integration of a Friedman test and other statistical
analysis approaches to develop upcoming fitness functions, particularly
with a larger sample size (Zamri et al., 2022) and Manoharam et al.
(2023).

It could also be interesting to adapt the offline method proposed
here to dynamic environments. This involves ensuring stability and
predictability in AGV operations in the face of changing conditions.
Finally, given the prevalence of real-world problems involving the
optimization of conflicting objectives, it is of great interest to explore
multi-objective optimization approaches and design effective fitness
functions to balance these objectives.
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