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Abstract

Autonomous navigation in mobile robots is a complex challenge, particularly in un-
known and dynamic environments where obstacle avoidance and real-time trajectory op-
timization are crucial. This work introduces the MetaHeuristic Real-Time Safe Navi-
gation (MHRTSN) strategy, which integrates potential fields with population-based meta-
heuristics to enhance trajectory planning and navigation efficiency. The proposed strategy
was evaluated through a series of simulations in different static and dynamic scenarios,
comparing the performance of two versions: MetaHeuristic Real-Time Safe Navigation
with Genetic Algorithm (MHRTSN-GA) and MetaHeuristic Real-Time Safe Navigation
with Particle Swarm Optimization (MHRTSN-PSO). The evaluation considered key met-
rics such as displacement, distance traveled, CPU time, and clock time. The results indi-
cate that both versions provide sub-optimal solutions, with MHRTSN-PSO demonstrat-
ing superior performance in terms of computational efficiency and convergence when
using a small population size. Comparisons with existing approaches in the literature
revealed that MHRTSN generated paths of similar length while maintaining a safer dis-
tance from obstacles. Thus, the proposed approach offers an efficient and safe solution
for autonomous navigation in mobile robots, contributing to advancements in real-world
robotic applications.

Keywords: Autonomous navigation; Metaheuristic; Mobile robots; Path planning;
Unknown environment.
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Chapter 1

Introduction

In recent decades, robotic applications have expanded into sectors such as indus-
try, agriculture, surveillance, environmental monitoring, search and rescue, playing an
increasingly significant role in society. With the advancement of technology, mobile
robots are employed in various environments, including aerial, terrestrial, and aquatic,
performing a wide range of tasks and proving indispensable in complex operations (Lin
et al. 2022), so that the development of these applications is directly related to an increase
in productivity and a decrease in the risk factor in performing tasks. The practicality of
using robotic applications is due to the autonomous capability of some systems, which
are able to understand the environment around them and make intelligent decisions to
achieve their objectives (Qin et al. 2023). The autonomy of mobile robots depends on
several integrated stages, including data extraction by sensors, environment modeling and
representation, movement planning, and a control system that regulates these movements.
These stages allow an autonomous mobile robotic system to map, construct, and follow a
viable path between initial and final points, optimizing criteria such as distance, energy,
safety, and time. In this context, the path planning stage is responsible for finding a viable
route avoiding obstacles, in a timely processing time, that respects the characteristics of
the robotic project (Lamini et al. 2018).

However, path planning presents several challenges, such as constraints in environ-
ment representation, computational power limitations, and sensor sampling rate restric-
tions, among others. These challenges become even more pronounced in complex and
dynamic environments. Consequently, the path generation problem, classified as NP-
hard, demands novel approaches and significant computational resources to be effectively
addressed (Zhu et al. 2015, Xu et al. 2023). Various strategies have been proposed in
the literature, typically categorized based on their underlying methodology, algorithmic
characteristics, and sources of inspiration. Approaches within the same category share
fundamental traits that offer both advantages and drawbacks, as shown in Table [I.T] (Lin
et al. 2022, Sanchez-Ibafiez et al. 2021, Xu et al. 2023, Ait Saadi et al. 2022). Differ-
ent types of environments or specific constraints often require tailored or adapted path
planning techniques. Machine learning-based and evolutionary algorithm-based meth-
ods have demonstrated strong adaptability in dynamic and uncertain environments, while
structured and static scenarios can be more effectively handled using classical techniques.
Systems with stringent computational constraints benefit from the low processing de-
mands of reactive approaches (Sdnchez-Ibédnez et al. 2021). Hybrid solutions that inte-
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grate multiple techniques are also widely explored, as they aim to mitigate the limitations
of individual methods and enhance overall performance (Chakraborty et al. 2022).

Table 1.1: Categories and characteristics of Path Planning Algorithms.

Category Characteristics| Advantages Disadvantages | Examples

Reactive Real-time re- | Quick adapta- | Prone to local | Artificial

Computing action to local | tion to new ob- | minima Potential

(Sanchez- obstacles stacles Fields (APF),

Ibéafiez Local sensor | Simple to im- | Does not guar- | Bug

et al. 2021) information plement antee  global | Algorithms
optimality

Artificial Uses ma- | Suitable  for | High computa- | Neural

Intelligence chine learning, | dynamic and | tional resource | Networks,

(Lin evolutionary complex envi- | demand Genetic

et al. 2022, algorithms, or | ronments Algorithms

Sanchez- fuzzy logic (GA), Particle

Ibénez et al. Nature- Handles com- | Difficult to | Swarm

2021, Xu inspired plex problems | tune and train | Optimization

et al. 2023, techniques with many de- (PSO)

Ait Saadi grees of free-

et al. 2022) dom

Classical Graph-based Well- Can be com- | A*, Dijkstra,

Methods (Lin | and sampling | established putationally in- | Rapidly-

et al. 2022, algorithms and studied | tensive exploring

Séanchez- solutions Random Trees

Ibanez et al. Optimized path | Good for | Generally (RRT),

2021, Xu search global  plan- | require  prior | Probabilistic

et al. 2023, ning knowledge of | Roadmaps

Ait Saadi the  environ- | (PRM)

et al. 2022) ment

Table [I.1] summarizes the main categories of path planning approaches, highlighting
their characteristics, advantages, and limitations. Reactive computing methods, such as
APF and Bug Algorithms, excel in real-time obstacle avoidance but may struggle with
local minima, making them less suitable for global navigation in complex environments.
Artificial intelligence-based approaches, including Neural Networks, GA, and PSO, offer
high adaptability to dynamic scenarios but require significant computational resources and
careful parameter tuning. Classical methods, such as A*, Dijkstra, and sampling-based
techniques like RRT and PRM, provide well-established solutions that ensure global path
optimization but can be computationally demanding and often require prior knowledge of
the environment.

The choice of an appropriate path planning strategy depends on the trade-offs between
computational efficiency, adaptability, and the complexity of the operational scenario. For
instance, in structured and well-defined environments, classical algorithms can efficiently
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determine optimal paths, whereas in highly dynamic and uncertain environments, Al-
based approaches provide a more flexible solution. In contrast, reactive computing meth-
ods are advantageous in real-time applications with strict processing constraints, where
immediate responses are more critical than global optimality. Understanding these trade-
offs is essential for selecting the most appropriate navigation strategy for autonomous
robotic systems.

Given the challenges outlined above, this work proposes a novel hybrid approach
for real-time navigation in unknown environments. The Meta-Heuristic Real-Time Safe
Navigation (MHRTSN) strategy integrates the adaptability of population-based meta-
heuristics with the local responsiveness of artificial potential fields to generate safe and
efficient trajectories in static and dynamic environments. Unlike conventional methods,
MHRTSN does not require prior knowledge of the environment and dynamically adjusts
its trajectory based on sensor data. By leveraging meta-heuristic search mechanisms,
MHRTSN aims to mitigate issues such as local minima and oscillatory navigation, ensur-
ing that the planned trajectory remains safe and efficient.

The following sections of this document will present the state-of-the-art approaches in
more detail, discuss their limitations, and further elaborate on the proposed methodology
and contributions of this work.

1.1 State of the art

Several works in the literature utilize solutions based on Classical Methods (Bulut
2023, Qi et al. 2021, Vasconcelos et al. 2020). These solutions combine offline and online
processing to deal with unmapped obstacles, allowing them to work in both static and
dynamic environments by adjusting the trajectory in real time. However, these approaches
require prior knowledge of the environment, modeled by a map. For example, the work
in (Bulut 2023) models obstacles using geometric shapes and applies analytical geometry
to detect collisions and calculate free paths, employing cubic Bézier curves with three
parameters to adjust the path smoothly and optimally. The work in (Qi et al. 2021), on
the other hand, presents the multiobjective dynamic rapidly exploring random (MOD-
RRT*) strategy, which combines offline planning based on an Optimal Rapidly-exploring
Random Tree (RRT*) tree with an online path re-planner that selects the best alternative
node when obstacles block the previously planned path, modeling the environment as a
configuration space updated in real time by sensors. Finally, the Lifelong Planning A*
(LPA*) algorithm (Vasconcelos et al. 2020) guides a mobile robot in a grid-discretized
environment, integrating the LPA* algorithm with Dijkstra’s algorithm, enabling adaptive
trajectory planning.

Furthermore, the literature also includes works that use a reactive computing ap-
proach to solve the navigation problem in robotic systems (Roy et al. 2021, Sivaranjani
et al. 2021). These solutions are based on sensor data captured from the environment,
adjusting the trajectory in real time. However, the effectiveness of this approach is neg-
atively impacted as the quality of the data collected by the sensors decreases. The work
in (Roy et al. 2021) presents a navigation and control methodology based on geometric
regions to guide a swarm of robots in occluded regions to the target point. In this study, a



CHAPTER 1. INTRODUCTION 4

hierarchical approach is adopted, where a controller robot detects obstacles and adjusts a
virtual region for the other robots to follow, adapting this region according to the environ-
ment’s configuration. Additionally, (Sivaranjani et al. 2021) implements and compares
the Bug0, Bugl, and Bug?2 algorithms, evaluating their effectiveness in terms of path cost
and computational time. In this solution, the environment is described as a grid-shaped
map, where obstacles are detected as they enter the robot’s perception field, and path pro-
cessing occurs online, being effective in static environments. However, these algorithms
can become computationally expensive in complex environments.

Several studies in the literature present solutions based on artificial intelligence al-
gorithms (Josef & Degani 2020, Yu et al. 2020, Chen et al. 2020, Samadi Gharajeh &
Jond 2022, Yan & Li 2016, Teli & Wani 2021, Pattnaik, S. K. et al. 2022, Yan et al. 2022,
Zheng et al. 2023, Wang et al. 2022, Cardoza Plata et al. 2022, Shi et al. 2023, Montiel
et al. 2015, Silva et al. 2018). Among these, some present hybrid solutions that com-
bine one or more approaches to achieve better results. By categorizing these works con-
cerning the most influential approach, it is observed that artificial neural networks are
frequently used (Josef & Degani 2020, Yu et al. 2020, Chen et al. 2020) to solve the
navigation problem in static and dynamic environments. Specifically, the work (Josef &
Degani 2020) proposes a hybrid Deep Reinforcement Learning approach with LSTM lay-
ers, optimized for perception and navigation in rugged terrain. This approach operates
without prior knowledge of the environment, which is represented as a continuous ele-
vation map, with perception limited to the sensor’s range. Another approach combines
artificial neural networks with hierarchical reinforcement learning (Yu et al. 2020) to plan
the path in an unknown environment. Sensors capture information about the environ-
ment, represented by a grid-shaped map, and the reward function is designed to avoid
obstacles and follow a smooth and efficient path. However, the approaches in (Josef &
Degani 2020, Yu et al. 2020) may become impractical in real-world applications due to
the high computational power required for the trial-and-error processes. Lastly, the work
in (Chen et al. 2020) presents the Padding Mean Neural Dynamic Model for online tra-
jectory planning in robotic systems, utilizing a topologically organized network so that
the propagation of neural stimuli benefits path selection. In this solution, the environment
is perceived by sensors providing the spatial position of obstacles, allowing the algorithm
to build a discrete representation of the environment. Although the solutions in (Josef
& Degani 2020, Yu et al. 2020, Chen et al. 2020) work in dynamic environments, they
require high computational power, which may limit the models’ adaptation rate to sudden
changes in the environment.

Among the mentioned works, some present solutions based on Fuzzy systems (Samadi
Gharajeh & Jond 2022, Yan & Li 2016, Teli & Wani 2021) for unknown dynamic and
static environments. In these approaches, the environment is sampled by sensors that
inform the positions of obstacles to the algorithm in real time, with online processing.
In (Samadi Gharajeh & Jond 2022), navigation for robots with hardware limitations is
proposed, based on an adaptive neuro-fuzzy inference system. A set of ultrasonic sen-
sors collects data from the environment, allowing the robot to move based on a function
weighted by the distance between the robot, the obstacles, and the target. Another solu-
tion uses a hybrid strategy combining a sensor data filtering technique with a fuzzy system
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to improve movement smoothness (Yan & Li 2016). In this approach, the sensor-sampled
environment is represented by a set of points processed online to define the path. The
work in (Teli & Wani 2021) presents a hybrid strategy combining potential fields with
fuzzy logic to enhance navigation, avoiding local minima. The algorithm monitors the
robot’s speed and traveled distance to identify local minima situations and assigns a vir-
tual map to the region, calculating an intermediate goal to help repel the robot out of the
local minimum. However, the solutions presented in (Samadi Gharajeh & Jond 2022, Yan
& Li 2016, Teli & Wani 2021) may face challenges if the fuzzy rule system is not well-
tuned to the environment’s possibilities.

Several works (Pattnaik, S. K. et al. 2022, Yan et al. 2022, Zheng et al. 2023, Wang
et al. 2022, Cardoza Plata et al. 2022, Shi et al. 2023, Montiel et al. 2015, Silva et al. 2018)
utilize meta-heuristics to plan paths in environments with obstacles. Among them, the so-
lutions proposed in (Yan et al. 2022, Zheng et al. 2023, Cardoza Plata et al. 2022) work
exclusively in static environments. In the works (Yan et al. 2022, Zheng et al. 2023), the
planning is global and requires prior knowledge of the environment, which is modeled as
a grid. In (Yan et al. 2022), the Sparrow Search algorithm is modified with an opposition-
based learning approach to improve the quality of the initial population, increasing search
precision and accelerating convergence. In (Zheng et al. 2023), the combination of the
PSO algorithm with artificial potential fields allows for dynamic adjustment of the in-
ertia weight and the classification of particle position vectors, guiding the robot to the
goal while avoiding obstacles. Initially, this work introduces the Ranking-based Parti-
cle Swarm Optimization (rPSO), a modified version of PSO that dynamically adjusts the
inertia weight to balance local and global exploration. Subsequently, the work presents
the Artificial Potential Field-based PSO (apfrPSO), which combines rPSO with potential
fields to plan paths while avoiding obstacles. The solution presented in (Cardoza Plata
et al. 2022) differs in that it does not require prior knowledge of the environment. In this
case, data are collected as the robot moves, configuring an online planning process, cal-
culated by a variation of the GA, the micro-genetic algorithm, adapted to operate with a
reduced population, where each individual is a potential solution to the problem.

Conversely, the works (Pattnaik, S. K. et al. 2022, Wang et al. 2022, Shi et al. 2023,
Montiel et al. 2015, Silva et al. 2018) can operate in both static and dynamic environ-
ments. In the solutions presented in (Wang et al. 2022, Shi et al. 2023), a hybrid planning
approach is applied, combining initial offline planning with local adjustments that allow
the route to be adapted to possible changes in the environment. In these approaches, prior
knowledge of the environment, discretized into a grid, is required to define the global
route in the offline phase. In (Wang et al. 2022), the Ant Colony Optimization (ACO)
algorithm is employed to calculate the global trajectory, while the Dynamic Window Ap-
proach method adjusts the trajectory locally. In (Shi et al. 2023), a dynamic path planner
for mobile robots, based on a modified version of the Simulated Annealing algorithm,
is proposed. The modification includes an initial path selection method and a deletion
operation, aiming to reduce the algorithm’s computational effort.

The solutions described in (Pattnaik, S. K. et al. 2022, Montiel et al. 2015, Silva
et al. 2018) operate differently, as they do not require prior knowledge of the environment.
In these works, processing occurs locally as sensors collect data from the environment. In
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(Pattnaik, S. K. et al. 2022), the Hybrid Particle Swarm and Chemical Reaction Optimiza-
tion (HPCRO) algorithm is presented, designed to navigate unknown environments with
circular and polygonal obstacles, maintaining a smooth trajectory and ensuring a safe dis-
tance from obstacles while the robot moves toward the target. In (Montiel et al. 2015), the
Bacterial Potential Field method is proposed, which combines the artificial potential field
method with the Bacterial Evolutionary Algorithm (BEA), optimized to avoid local min-
ima. In this approach, attractive and repulsive gains are adjusted by the BEA to efficiently
calculate the robot’s trajectory. In (de Oliveira & Fernandes 2016, Silva et al. 2018), the
dynamic navigation algorithm called Dynamic Planning Navigation Algorithm optimized
with Genetic Algorithm (DPNA-GA) is tested across various environments and parame-
ters. This algorithm recalculates the robot’s movement in real time based on new local
goals, considering the current position and obstacles detected by distance sensors. In
DPNA-GA, each individual generated by the GA represents a candidate position (x, y) for
the robot’s next step, with these individuals being evaluated and selected according to the
evaluation function, resulting in iterative movement.

In the works (Zheng et al. 2023, Montiel et al. 2015, de Oliveira & Fernandes 2016,
Silva et al. 2018), the individuals share a common characteristic: the amount of stored
information remains constant, regardless of the environment’s complexity. On the other
hand, in the works (Pattnaik, S. K. et al. 2022, Yan et al. 2022, Wang et al. 2022, Car-
doza Plata et al. 2022, Shi et al. 2023), each individual represents a sequence of coor-
dinates that describes the robot’s entire trajectory, from the start point to the end. Thus,
in more complex environments, the sequence of steps becomes longer, resulting in an
increase in the amount of processed information.

Thus, this work is set in the context of path planning and robotic navigation, propos-
ing a hybrid approach for simultaneous planning and navigation in unknown static and
dynamic environments. The strategy, named MetaHeuristic Real-Time Safe Navigation
(MHRTSN), combines artificial potential fields with metaheuristic evaluation, utilizing
the strengths and addressing the limitations of each technique. In contrast to traditional
approaches, MHRTSN quickly adapts to new obstacles, handles navigation oscillations,
and overcomes local minima that would affect a purely reactive technique. Additionally,
MHRTSN generates trajectories and performs navigation considering the robot’s con-
straints and dimensions, using a population-based metaheuristic evaluation. The approach
uses different types of sensors to map the environment, generating samples that, combined
with other data, are evaluated by a function. This function analyzes the individuals in the
meta-heuristic population, where each individual represents points (x, y) as possible so-
lutions to the navigation problem. This method ensures that, even as the environment
becomes more complex, the process of generating and evaluating individuals remains
efficient and consistent, allowing the system to handle more challenging scenarios.

1.2 Objectives and contributions

Given these challenges, this research proposes a novel hybrid navigation strategy to
address the limitations of existing solutions, particularly in unknown and dynamic en-
vironments. Thus, this research aims to develop and validate the MHRTSN strategy,
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designed to address challenges in path planning and navigation in unknown static and
dynamic environments. In contrast to traditional approaches, MHRTSN quickly adapts to
new obstacles, handles navigation oscillations, and overcomes local minima that would
affect a purely reactive technique. The tests showed that MHRTSN, unlike the approaches
found in the literature (Yan et al. 2022, Zheng et al. 2023, Silva et al. 2018), generated a
safe path, avoiding obstacles and reaching the goal. The path taken by MHRTSN was very
close to those of the other approaches, however, generating a path that respects the safety
and kinematic constraints of the robot. Tests with the MHRTSN-GA and MHRTSN-PSO
versions also demonstrated the viability of the technique with different meta-heuristic ap-
proaches. These tests also showed a superiority related to processing time (on average
31.85%) and generation of longer displacements (on average 21.90%) of MHRTSN-PSO
compared to MHRTSN-GA. The cognitive capacity of the swarm, which generated up-
dates in individuals through the social factor, allowed for greater efficiency in selecting
target points. Thus, the MHRTSN dynamic navigation strategy aims to be an effective
tool for autonomous robotic systems in complex environments.
The expected contributions of this work include:

* The development and implementation of the MHRTSN strategy, which combines
potential fields and population-based meta-heuristics, optimized for unknown static
and dynamic environments.

* Presentation of the results of the MHRTSN technique in unknown static and dy-
namic environments, using the GA (MHRTSN-GA) and PSO (MHRTSN-PSO)
meta-heuristics as evaluators, as well as the comparison of these solutions with
those present in the literature.

* The design and deployment of an optimized simulation platform for data generation
and performance evaluation of robotic navigation strategies.

1.3 Organization of the work

This document is structured as follows: Section [Il introduces and contextualizes the
challenges associated with robotic navigation. Additionally, this section presents a litera-
ture review highlighting key solutions to the path generation problem proposed in recent
years. Section 2] details the MHRTSN strategy and its theoretical foundations, explaining
how it integrates these techniques to address the identified challenges. Section [3|describes
the developed simulation platform and the methodologies employed for testing and eval-
uation. Section [] presents the results obtained from the experiments and discusses their
implications. Finally, Section [5|provides the conclusions of this study and suggests direc-
tions for future research.

1.4 Published Works

1. BALZA, Micael; FERNANDES, Marcelo A. C. “Proposta de Planejamento Dinamico
de Navegacdo para Robos Moveis Terrestres baseada em Otimizacdo por Enxame de
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2. BALZA, M. ; GOLDBARG, M. A. ; SILVA, S. N. ; SILVA, L. M. D. ; FER-
NANDES, M. A. C. . "A Real-Time Safe Navigation Proposal for Mobile Robots in
Unknown Environments Using Meta-Heuristics". IEEE Access, 2025. DOI: 10.1109/AC-
CESS.2025.3536081.
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DES, M. A. C. . "Optimizing Tactile Feedback Devices with Fixed-Point Computation on
FPGA". Circuits Systems And Signal Processing, 2025. DOI: https://doi.org/10.1007/s00034-
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Chapter 2
MHRTSN Strategy

This section describes the MHRTSN navigation strategy proposed in this work for
autonomous robotic systems. Understanding the navigation process and the steps involved
in this approach is essential for interpreting the results. The MHRTSN strategy uses a
metaheuristic method to evaluate an objective function that assigns a value to each spatial
point in the environment. This function incorporates terms representing potential fields,
penalty factors, and optimization factors, aiming to guide the robot toward the target point
by minimizing the function. The proposed approach builds upon the strategies outlined in
(de Oliveira & Fernandes 2016, Silva et al. 2018).

The MHRTSN strategy divides the navigation process into N displacements. At each
n-th displacement, the environment is sampled by P points uniformly distributed around
the robot. In this approach, prior knowledge of the environment is not required, as the
environment data is collected during the navigation process. The MHRTSN strategy re-
quires three types of spatial points (x,y). The first is related to the robot’s spatial position
during the n-th displacement, defined as spX = (x®, yR). The second is related to the lo-
cation of the target point, expressed as sp® = (x¥,y%). The third is related to the points
sampled from the environment. Thus, each p-th point sampled from the environment is
expressed as sp@f = (xOF yOP).

At each n-th displacement in the MHRTSN, a new value of spff 1s stored in the vector
that keeps track of the robot’s previously visited positions. This vector is expressed as

Cspy T [ GEE) T
pvR= | spf | = | B | (2.1)
_Spg—l_ _(x§—17y§—1)-

The record of the robot’s previously visited positions is later consulted by the MHRTSN
strategy to increase the probability of selecting non-visited areas, thereby improving nav-
igation efficiency. pvF is the only data generated from past displacements that is used in
the MHRTSN strategy, all other data utilized comes from the current displacement. Thus,
the MHRTSN strategy processes one portion of the environment at a time, denoted as a
displacement.
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As mentioned, the MHRTSN divides the navigation process into N displacements,
making navigation occur iteratively. The transition from the initial point to the final goal,
spC, is carried out through a path composed of these N displacements. At each n-th
displacement, a local target point is defined, expressed as sptC = (x£C yLG) where xLC
and y5© represent the x and y components of the point, respectively.

Thus, MHRTSN navigation occurs through the movement of the robot across the gen-
erated spL¥ points. The MHRTSN iterates until the robot’s position (spX) is within a
tolerance radius specified by spX = (sp® & ¢), where € is the tolerance factor that creates
a tolerance area around the target point. Alternatively, the algorithm stops when the max-
imum number of iterations, defined as Ny, is reached. The MHRTSN strategy can be
divided into four main sub-steps: data collection, preprocessing, metaheuristic evaluation,
and displacement. These steps are presented in Algorithm [I]and are illustrated in Figure
[2.1] Each step is described in detail in the following sections.

Algoritmo 1: MHRTSN
1. n=0
2: spy = [spg]
3: while sp® #£ (spC £ ¢) and n < Ny, do
4. spR dp, = DataCollection

space

5. op,,dp, = PreProcessing(dp,)
6:  spLY = MetaHeuristicEvaluation(sp%, op,,,dp,’*“, sp©)
7. spX., = Displacement(sp5©)
R
s. pvi=| PY }
sp n+1
90 n=n+1

10: end while

s dp, 2
Data Collection: Preprocessing:
. emB G
Input: spy’, 5P~ €, Nijao }—){ Sp§7 dp, }—){ op,,, dpP* ’

No T op,, dpzpace

\ 4
Metaheuristic Evaluation:

LG
SPn

Target reached or

Displacement:
n > Npfax

R LG
SPpy1 SPy
?

Figure 2.1: Flowchart illustrating the MHRTSN algorithm’s input-output relationships
and processing steps.

Table [2.1] provides a detailed summary of the steps of Algorithm [I] highlighting each
algorithm line with its respective title and a comprehensive description. This table aims
to clarify the main stages of the algorithm’s operation, including variable initialization,
stopping conditions, sensory data processing, application of metaheuristics, and updating
information related to the robot’s displacement. Each line is organized to offer a struc-



CHAPTER 2. MHRTSN STRATEGY 11

tured and educational view, facilitating the understanding of the algorithm’s flow and the
operations performed at each step.

Table 2.1: Detailed explanation of Algorithm steps.

Line Title Description

1 Counter initialization The displacement counter # is initialized to 0.

2 Initial position definition The robot’s initial position spg is stored as the first
element of the position history spX.

3 Stopping condition The algorithm checks whether the robot is within
the tolerance area around the global target sp© or if
the maximum number of iterations Nys, has been
reached. If neither condition is met, the algorithm
continues.

4  Data collection The robot scans its surroundings, gathering sensor
data about its current position spX and the environ-
ment dp,,. These data describe the environment’s
configuration at the n-th displacement (see subsec-

tion .

5 Preprocessing The collected data dp,, is processed to identify ob-
stacles, generating op,,, and to create the naviga-
ble space polygon (dp,”“““). This step allows the
MHRTSN algorithm to identify suitable areas for

navigation (see subsection @)

6  Metaheuristic evaluation The metaheuristic evaluates multiple candidate so-
lutions to determine the best local target point
spLG. This evaluation considers the robot’s current
position spX, obstacle information op,,, the naviga-
ble polygon dp,”““’, and the global target sp© (see
subsection .

7  Displacement The robot moves towards the local target sp~© gen-
erated in the previous step. After displacement, the
robot’s position is updated to spf 1 (see subsection
@).

8  Position history update ~ The robot’s new position s pff 1 1s added to the tra-
jectory history pvR, which records the path taken.

9  Counter increment The displacement counter 7 is incremented by 1.
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Table 2.2: Summary of symbols used in the paper.

12

Symbol Explanation
n n-th displacement.
spl Robot’s spatial position during the n-th displacement.
spt@ Local target point in the environment.
sp© Global target point in the environment.
spOP Sampled points from the environment during navigation.
dp,, Distance polygon representing free space around the robot.
dp,/’** Polygon representing navigable space.
P Number of samples taken from the environment.
P Maximum sensor range.
€ Tolerance factor for target approximation.
) Distance between the robot’s center and the sensor.
o Angle between the robot’s reference and the sensor.
B Angle between the robot’s and the environment’s reference.
R Robot radius or minimum turning radius.
T Penalty factor for revisiting areas.
FS(k,g) Euclidean distance to the goal point.
F.7(n,p) Repulsive force from obstacles.
p Adjustment factor for obstacle presence.
pvi History of the robot’s visited positions.
mhn(k,g) Position of the k-th individual in the g-th generation.
C Path connecting two points.
Sres(C) Feasibility function of a path C.
0 Angular resolution for environment sampling.
Va,p Unit orthogonal normal vector for displacement.
Smr(n,k,g) Function verifying valid movement region.
op, Points associated with obstacles during the n-th displacement.
my(p) Slope of the line formed by two consecutive points.
bu(p) Intercept of the line formed by two consecutive points.
Snlk,g) Fitness function evaluating the k-th individual in the g-th generation.
F,4(A,B) Euclidean distance between two points A and B.

B(n,k,g,fmr(n7k7g>)

Penalty term based on path validity and location.

A(n,k,g) Penalty factor for revisiting explored areas.
R Radius used to generate the initial population in the metaheuristic.
Dy, (k,g) Euclidean distance between an individual and the robot’s history.

X,y Cartesian coordinates of points.
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2.1 Data Collection

This stage is responsible for collecting and updating the environmental data (line 4 of
Algorithm . The process begins with the update of the robot’s spatial position, sp¥, and
its storage in the vector pv¥ (see Equation . Next, the environment around the robot
is scanned, generating P equally spaced samples by converting the distance returned by
the sensor, defined by ¢, into spatial points, sp®F. This conversion is expressed as

5pOF = (xO yOF) = (xR 4 (8+0) cos(a+ )R + (54 @)sin(a+B)),  (2.2)

where ¢ ranges from the shortest detected distance, ¢ = 0, to the sensor’s maximum range,
defined as ®. When no obstacles are detected, the sensor returns the maximum value P,
which is then converted into Cartesian coordinates. The terms x°F and y°F represent
the spatial components of the point, respectively. The terms xX and y® represent the
spatial components of the robot’s current location. The terms o and 3 represent the angle
between the robot’s reference and the sensor, and the angle between the environment’s
reference and the robot’s reference, respectively, both expressed in radians. The distance
between the robot’s center and the distance sensor is denoted by d. The terms representing
distances, ¢ and 0, are expressed in meters. Figure illustrates in detail each term
defined in Equation[2.2]

Environment
reference

Robot " ..............

............... Robot
reference

Obstacle

Figure 2.2: Illustration of the conversion of distances into spatial points based on the
robot’s current location and angle.

In Figure [2.2] the robot is represented by a circle, with the spatial localization device
spR located at its center, denoted by a smaller circle within the robot’s boundary (yellow).
The distance sensor, illustrated as a small circle offset by & meters from the robot’s center,
measures a distance of ¢ meters to the obstacle (gray). The robot’s reference is depicted
by a rectangle positioned on the right side of the robot’s edge (purple). In the illustration,
the distance sensor is offset by o degrees relative to the robot’s reference, while the robot
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itself is rotated by B degrees with respect to the environmental reference. Based on this
configuration, the measured distance is converted into points sp?" using Equation

In the RTSMHN algorithm, at every n-th displacement, the environment is sampled by
P points sp®", uniformly distributed around the robot. Thus, the environment’s resolution

can be defined as o
e = . 2.:3

Which means that a new environment sample is captured every 6 degrees. By adjusting
the value of P, it is possible to balance memory constraints with the resolution required
for the robotic application.

The P environment samples captured at each n-th displacement, equally spaced by 0
degrees, are allocated in an n-th vector representing the free space around the robot. This
vector is described as

00 1 [ (0P(0).597(0))
d,= | %) | =| CPEae) | (2.4)
1) L 1yone 1)

where the term sp9F(p) represents the value returned by the distance sensor for the p-th
point during the n-th displacement, converted into spatial points (see Equation [2.2). In
other words, the vector dp,, is composed of points that form a polygon representing the
free space around the robot. Figure illustrates the environment scanning process and
its representation in dp,,. In this image, dp,, is represented by a set of red points, where
each point corresponds to a sample sp?”(p) collected from the environment. The set of
these P points generates a polygon that represents the free space around the robot. The
robot is represented in the illustration by a circle with a square at its center. Although the
sampled points from the environment form a polygon representing the space around the
robot, the MHRTSN strategy employs a point-based representation.

The MHTRSN strategy is compatible with various types of distance sensors, either
directional or with 360° coverage, without depending on specific technology. Sensor
selection can be based on criteria such as cost, technology, and accuracy, adapting to the
specific needs of each project. For sensors with 360° coverage, the method of converting
obstacle distances into Cartesian points can be directly applied to the sampled distances.
For directional (fixed) sensors, it is necessary to rotate around the robot’s axis, by a value
expressed as

_360°

Y ; (2.5)
S

where Y represents the rotation required to scan the environment, in degrees, and s corre-
sponds to the number of sensors equally distributed in the robotic application. Thus, every
0 degrees during the rotation, the set of s sensors obtains a sample of the environment.
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Y Position (meters)

X Position (meters)

Figure 2.3: Illustration of the data collection stage with P = 60 and ® = 3 meters for the
n-th displacement. The robot is illustrated by a blue circle with its center marked by a blue
square. Obstacles are illustrated by black-outlined objects. The information contained in
dp,, is represented by red points. The polygon dp,, is illustrated by a red dashed line that
connects these points and represents the free space around the robot.

2.2 Preprocessing

The preprocessing step, as described in line 5 of Algorithm [I| generates two new
vectors at every n-th displacement, which are expressed as

opn(0) 7 T (x97(0),y97(0)) ]
op, = opn(p) = x9P(p), 2" (p)) , (2.6)
opa(P—x—1)] [P (P—x—1).0P(P— K~ 1)).
and - space - - space space -
dpnp (0) (xnp (0)7)’np (0))
dp;P* = | dp/*““(p) | = (0 ““(p) sy ““(p)) - 2.7
dp e P-1)] [P - 1), 3P - 1))

The vector op,, stores the points associated with obstacles. This vector consists of P — Kk —
1 points, where K defines the number of points not associated with obstacles. Figure [2.4]
illustrates a case with P = 60 and ¥ = 37. In this illustration, the robot is represented by
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a blue circle, with its center marked by a blue square, while obstacles in the environment
are depicted as objects with black outlines. The environment around the robot, as shown
in Figure presents several samples detected as obstacles, indicating that most of the
polygon provides a free path.

4

3L eI ]

Y Position (meters)

X Position (meters)

Figure 2.4: Illustration of the obstacle point recognition stage (Equation , with P = 60,
and ® = 3 meters.

The vector op,, is populated through a comparison operation applied to each p-th point
of the vector dp,, during the n-th displacement. The comparison operation is expressed as

opn(p) = , (2.8)

spdF(p) i Fea(spf,spd(p)) < (@-(1-m)+39)
7 otherwise

where the term 1 represents a safety factor applied to modify the obstacle detection thresh-
old, and the function F,4(-,-) is expressed as

Fea(A,B) =/ (By — A1) + (B, — A,)2. 2.9)

Thus, Equation [2.8] compares the distance of the p-th sample from the vector dp, with
the limit distance, the term (®- (1 —n) + ), and assigns it or not to the vector op,, during
the n-th displacement.

The second transformation performed during the preprocessing step aims to convert
the distance polygon, dp,,, into a new polygon also composed of points, dp,”“““, which
represents the free and navigable space of the environment during the n-th displacement.
In other words, this transformation maps the environment to ensure that any movement
made by a point within this new polygon does not result in entering a restricted region in
the workspace, thus avoiding collisions.
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The conversion of the original polygon into a polygon representing the navigable
space is based on the concept of mapping the workspace into a configuration space
(Latombe 1991). In this mapping, the robot’s characteristics are integrated into the en-
vironment. The MHTRSN strategy simplifies this process by generating the polygon
dp,”““, as during each n-th displacement, the relevant environment is always contained
within the polygon dp,, with the robot at its center. Thus, only the parts of the obstacles
facing the robot are mapped, eliminating the need to map the entire environment at once.
Figure shows an example of the generation of the polygon dp,’“““ from dp, with
P = 60. In this illustration, the polygon dp, is represented by an external dashed line
(red), while the polygon dp;”““ is depicted by an internal dashed line (blue). The robot

is illustrated as a circle located within the polygons (blue).

1
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Figure 2.5: Tllustration of the generation of the polygon dp,”““ from the polygon dp,.
space

In this illustration, dp,, is represented by a red dashed line. dp,, ~ is depicted by a blue
dashed line, marking the safe area for the movement of a point.

Each p-th point of the vector dp;”“““ can be expressed as
xspace(p) — bﬂ(p+ 1) B bn(p)

" mp(p) —mp(p+1) (2.10)
Y (p) = ma(p)x," (p) + ba(p)

where
(3P (p+ 1) +oRy) ) = (69 (p) + o)
my(p) = : , (2.11)
(3P (p+ 1)+ oRVE ) = (507 (p) + Ry )

and
ba(p) = (32" (p) + RV, ) — my(p) (xF (p) + aRV} ). (2.12)



CHAPTER 2. MHRTSN STRATEGY 18

The terms m,(p) and b,(p) calculate, respectively, the slope and intercept of the line
formed by two consecutive points. Thus, the polygon dp,”“““ is composed of the inter-
section points between two consecutive lines. The term R represents the radius of the
object delimited by the robot after a full rotation. Figure details the possible values
of R. For Robot 1, which can rotate around its own axis, R corresponds to the radius of
the circle formed by its rotational movement. For Robot 2, which has a minimum turning

restriction, R represents the minimum turning radius allowed by the robot.

-

The robot can rotate

The robot cannot

~

360° around its own rotate 360° around
axis its own axis
Robot 1 7 &~ Robot 2
/
/
/
! \
frmmmmmnnee ® |
\ R ,
\ /
\ 2
\ /
N s,

Figure 2.6: Illustration of the possible values of R based on the robot’s turning capability.
The robot is represented as an orange object with gray wheels. For Robot 1, which rotates
around its own axis, R corresponds to the radius of the object that delimits it. For Robot
2, which has minimum turning restrictions, R represents the minimum turning radius.

The terms v;, ,, and Vi, p» as presented in Equations and , represent the x and y
components of the unit orthogonal normal vector calculated from two consecutive points.
This vector is expressed as

_ _ | (1) (p) x9F(p+1)—x9F(p)
Vi = [V ) = | - B, 0 13
where,
ld]l = /(9P (p+ 1) = x0P(p))> + 2P (p+1) = yOP (). (2.14)

The term ||d|| represents the magnitude of the vector connecting two consecutive points.

Figure illustrates the process of obtaining the p-th point of dp,”“““ from the points
of dp,,. In the figure, dp, is represented by the upper dashed line with points marked
by circles (red), while dp,/““ is represented by the lower dashed line with points also
marked by circles (blue). The p-th point of dp,’““ is calculated by displacing the p-th
point of dp,, by a factor aR in the direction of the vector v, ;.

Figure 2.8 shows the final result of the preprocessing step for a scenario with P = 60,
k=37,R=0.15m, and o = 1.4. In the figure, dp,, is represented by the outer dashed line
(red), while dp;/““ is illustrated by the inner dashed line (blue). The points of op,, are
depicted as circles along the outer dashed line (purple). In this illustration, the obstacle

on the far left is partially represented due to the low value of P. The MHTRSN strategy
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Figure 2.7: Illustration of the calculation of the points of dp,”““ from the polygon dp,.

dp,”“““ is shown in blue, and dp,, in red. The vector Vy,p 18 represented by a black arrow,

indicating the direction of the displacement.

allows for the adjustment of the environment representation through the parameters P and
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Figure 2.8: Representation of the polygons dp,, and dp;,”“““ in an environment with obsta-
cles. Configuration: N =60, R=0.15m, o = 1.4, and ® = 3m. The robot is illustrated
by a blue circle with its center marked by a blue square. Obstacles are represented by
black outlines. The red dashed line indicates dp,,, while the blue dashed line represents
dp,”“““. Obstacle points in op,, are marked as purple circles.

2.3 Metaheuristic Evaluation

The metaheuristic evaluation step, as described in line 6 of Algorithm|I], generates the
local goal point, spC, at each n-th displacement. The selection of sp~© occurs through the
minimization of an evaluation function that describes the environment using a population-
based metaheuristic algorithm. At each n-th displacement, a vector mh,, ; is generated,
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containing a set of K individuals associated with the metaheuristic algorithm, which can
be expressed as

[ mh,(0,0) (xm(0,0),y2(0,0))
mh,, = mhy(k,g) = (i (k, g), yi (k,g)) . (2.15)
_mhn(K_ 17g_ 1)_ _(x;’:h(K_ 178_ 1)7y:'117§(K_ 17g_ 1))_

where G represents the number of generations of the algorithm. Each individual, de-
noted by mh, (k,g), represents a spatial point that is a potential candidate for solving the
problem.

The first generation of individuals, g = 0, is generated using a constraint equation
defined as

R™ > \/(xnmh(kvg) —xB)? + (ymh(k,g) — yR)?, (2.16)

where the individuals are created within a circle of radius R™", centered at the robot’s
current location, (xX,yR). The solution of creating individuals as described in Equation
is adopted to simplify the generation of initial individuals.

Figure [2.9]illustrates how the initial individuals are generated according to Equation
[2.16]in an environment with obstacles. The generated individuals may fall into one of
three possible situations. Situation 1 occurs when the individual is generated within the
radius R”" and inside the polygon dp;’“““; in this case, the individual is considered valid
and is not penalized. In Situation 2, the individual is generated outside the radius R™"
but inside the polygon dp,”““; this individual is not penalized because it is within the
polygon representing the valid space. In Situation 3, the individual is penalized because,
even if it is within the radius R”", its location is outside the polygon dp,”““. Therefore,
the individual is in a forbidden location.

In this illustration, the polygon dp,, is represented by a red dashed line, while the
polygon dp,/“““ is represented by a blue dashed line. The radius R is illustrated as a
yellow dashed line. The robot’s center is represented by a blue square. In this illustration,
the individuals mh,(k, g) are represented by the symbol x.

Each k-th individual of the g-th generation at the n-th displacement is evaluated by a

fitness function expressed as

1
nlk.8) = Fyi ks 8) P popy—s -+ PuA (k. g) + Bl g). (2.17)

ed 7p)

where F eﬁ(k, g) represents the Euclidean distance between the goal point and the k-th
individual in the g-th generation, % represents the repulsion force of the individual
ed \'"
from an obstacle, p, is an adjustment factor, and A(n,k,g) and B(n,k, g, fmr(n,k,g)) are
penalty factors.
1

The terms Feg(k, g) and Fnp) € related to the concept of potential fields, which
ed \'"
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Figure 2.9: Illustration of the creation of individuals and the three possible situations for
the individuals with N = 60, R4 = 0.15m, .= 1.4, ® = 3m, R™" = 1m, K = 10, and
G = 1. In Situations 1 and 2, the individuals are not penalized because they are located in
a valid region for the robot. However, the individuals in Situation 3 are located outside the
polygon dp,’““ and are therefore penalized. In this illustration, the robot is represented
by a blue square. The polygon dp,, is represented by a red dashed line. The polygon
dp;/“ is represented by a blue dashed line. The generation radius R™" is illustrated by a
yellow dashed line. The obstacle is represented by a rectangle with a black outline.

convey information about the environment to the individual. The term F eg(k, ¢) in Equa-
tion [2.17|represents the Euclidean distance between the goal point and the k-th individual
in the g-th generation, calculated as

FS(k,g) = \/ (xC —xth(k, g))* + (yO — ¥ (k,g)) . (2.18)

This term acts as an attractive force, whose value decreases as the individual ap-
proaches the goal point. On the other hand, the term m represents the repulsive
ed )

force. The repulsive force is calculated based on the shortest Euclidean distance between
the k-th individual of the g-th generation in mh,, and op,,. This distance is determined by

F,7(n, p) = min (\/ (x9P (p) — 2t (k,8))” + (O (p) — ¥ (k,g)) 2)

for p=0 to (P—x—1).

(2.19)

As the individual gets closer to the obstacle, the term m increases significantly,
ed \'"

overpowering the attractive force and preventing collisions.
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The term p,, present in Equation is an adjustment factor defined as

1 if P>x
- 2.20
P {0 if P=x. (2.20)

This term adjusts the calculation of the fitness of individuals by nullifying the terms multi-
plied by p,, in Equation[2.17|when p,, = 0. This occurs when P and k are equal, indicating
the absence of obstacles during the preprocessing step. Under this condition, the calcula-
tions of the terms % and A(n,k,g) become unnecessary.

The term A(n, ki g), present in Equation [2.17] is defined as

1 if Pmec{0,....,N—1}:F,y(mh,(k,g),pv®) < R

_ . 2.21)
v if Ime{0,...,N—1}:Fy(mhy,(k,g),pv") < Ry,

A(n,k,g) = {

where T is a high penalty applied to individuals generated in previously visited areas,
encouraging the algorithm to explore new regions. The penalty is determined by the
Euclidean distance between the individual mh,,(k, g) and the robot’s position history pv~.
If this distance is smaller than R,,;, the individual is penalized with T. Otherwise, the
penalty is equal to 1, indicating the individual is in an unvisited area. The second penalty
term, B(n,k, g), is defined as

0 if mhn(k,g)Edepace and fmr(sp§7mhn(kag>):0

) (2.22)
oo otherwise,

B(n,k,g) = {

Each k-th individual in the g-th generation is evaluated based on whether it is inside
the polygon dp;/““ and if there is a valid path between the robot and the individual, as
determined by the function f,,,(n,k, g). If the individual is inside the polygon (situations
1 and 2 in Figure and the path is valid (fy,-(n,k,g) = 0), it is not penalized (B = 0).
Otherwise, it gets an infinite penalty (B = o), greatly lowering its fitness.

The term f, (n,k,g) in Equation verifies if a viable path exists between the
robot’s position and the individual. This is expressed as

0 if 3 apathC from sp® to mh,(k,g) that satisfies fres(C) = 1
1 otherwise,

fmr(nakug) = {
(2.23)
where the term C represents a path connecting the points spX and mh,(k,g). The term
fres(C) represents a function that checks whether the path C meets all the robot’s con-
straints. If a path C exists that connects spX to mhy,(k,g) and satisfies the system’s con-
straints, the individual is not penalized. Otherwise, f,-(n,k,g) returns 1, indicating that
no viable path exists.
The definition of the function f.s(C) in Equation varies according to the charac-

teristics of the robotic system. For example, for a robot that rotates around its own axis
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and moves only in a straight line, the constraint can be defined as

1 if Cis a straight line between spX and mh,(k, g) (2.24)
0 otherwise. '

fres (C) = {

For a robot that moves along a circular arc, the constraint can be defined as

1 if Cis an arc of a circle that connects spX to mh,(k,g) with radius R,
fres (C) = .
0 otherwise.
(2.25)
Thus, the term f,,,, is adjusted according to the specific constraints of the project to deter-
mine the penalty for individuals based on the feasibility of the path.
In the final generation, the fittest k-th individual, based on the evaluation function (see

Equation [2.17)), is selected. This selection is expressed as

k=argmin{£,(0,G—1),....fulkG=1),.... fu(K~1,G= 1)}, (2.26)

and,
spEC = mhy,(k,G —1). (2.27)

Where the fittest individual from the final generation is assigned to the n-th local goal
point, spﬁG.

Figure [2.10] provides a detailed illustration of the metaheuristic evaluation step and
the convergence of individuals over generations. In the illustration, the repulsive and at-
tractive components are represented by red and blue lines, respectively, only for the fittest
individual of each generation, to facilitate visualization. The polygon dp,, is illustrated
by a outer dashed line, while the polygon dp;,’“““ is represented by a inner dashed line.
The inner dashed line circle indicates the circle with radius R”" from Equation The
robot is represented by a blue circle, and obstacles are depicted as black objects. The indi-
viduals, illustrated by the symbol x, converge toward the region with the lowest objective
function value as generations progress. Figures [2.10(a), [2.10(b), [2.10(c), and [2.10(d)
show the behavior of individuals across generations. These figures correspond to the sec-
ond generation, g = 1, the fifth generation, g = 4, the ninth generation, g = 8, and the
eleventh generation, g = 10, respectively. It is observed that as the number of generations
increases, the individuals converge to the point with the lowest evaluation function value.

Figure 2.T1] shows the fitness function for the environment illustrated in Figure 2.10]
considering a total of 3 displacements. The z-axis of the 3D plot represents the function
value for each point, highlighting the discontinuities and jumps present in the fitness
function. In this illustration, obstacles are depicted as black outlined objects on the x,y
plane. dp,, is illustrated in blue. The penalty factor A(n,k,g) is represented as a green
region. The goal point is marked by a green circle on the x,y plane. As the environment
samples approach the obstacle, there is a sharp increase in the value of the repulsive
charges (z-axis), contrasting with the decrease in the attractive component (purple region
on the x, y plane). Due to the complexity of the fitness function, which includes jumps and
discontinuities, some approaches may struggle to find a solution. However, metaheuristic
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(a) Second generation (g = 1). (b) Fifth generation (g = 4).
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(c) Ninth generation (g = 8). (d) Eleventh generation (g = 10).

Figure 2.10: Illustration of the evaluation of individuals using the fitness function with
N=60,R=0.15m,00=1.4,® =3m, R = 1m, K = 10, € = 0.05m. In the illustration,
dp,, is shown as a red dashed line, while dp,”““ is represented by a blue dashed line. The
yellow dashed line indicates the circle with radius R™" from the constraint equation. The
robot’s position, sp&, is marked by a blue square, while the individuals are represented by
the symbol x. Obstacles are depicted as black outlined objects. The blue and red lines
represent the attractive and repulsive forces of the fittest individual in each generation,
respectively.

algorithms have proven effective in solving this type of problem, providing suboptimal
solutions with lower computational requirements compared to optimal solutions (Rajwar

et al. 2023).

2.4 Displacement

In the displacement step, line 7 of Algorithm|[I] the robot moves to the local goal point
selected by the metaheuristic function. As mentioned earlier, a region defined by spL¢ +¢
is created around sp-C. Any position reached by sp® within this region is considered as
goal achieved. This ensures that minor setbacks are absorbed by the technique, allowing
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Figure 2.11: 3D plot of the fitness function with ® = 3m, R™ = 1m, N =3, and T = 1000
in an obstacle-filled environment. In this illustration, obstacles are depicted as black
outlined objects on the x,y plane. dp,, is illustrated in blue. The penalty factor A(n,k, g)
is represented as a green region. The goal point is marked by a green circle on the x,y
plane.

the robot to reach its local goal.
After moving to sp~C, a new robot position, spff 1 1» 18 generated, as expressed by:

spR(n+1) = (sptC te), (2.28)

where the robot’s position at iteration n+ 1 is equal to the location of the local goal point,
plus or minus the factor €. Equation[2.28]is linked to Equation [2.1] as the robot’s position
history is related to the local goal points chosen during the metaheuristic evaluation step
(see line 6 of Algorithm [I).

Figure [2.12] provides a detailed illustration of how displacement is performed in each
iteration, as well as how the polygons dp,, and dp,”“““ function during each iteration until
reaching the global target. In this illustration, the polygon dpy (P) is represented by the
outer dashed line (red), and the polygon dp,“““(P) by the inner dashed line (blue). The
robot’s reference point, spg, is represented by a square at the robot’s center (blue), while
the robot itself is illustrated as a circle (blue). The global target point, spg, is depicted as a
circle at the final destination (green). Obstacles are shown as objects with black outlines.
In this example, the robotic system using MHRTSN performs a total of 6 displacements

to move from the starting point (0.0,0.0) to the target point (4.0,4.0).

2.5 Algorithm Complexity

The computational complexity of the MHRTSN algorithm is analyzed considering its
main steps: data collection, preprocessing, metaheuristic evaluation, and displacement.
This section presents the complexity of these steps using Big-O notation.
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Figure 2.12: Example of MHRTSN movement in an obstacle-filled environment with N =
60, R™dus — (0. 15m, o, = 1.4, ® = 3m, and € = 0.05m. In this illustration, the polygon
dpy (P) is represented by a red dashed line, the polygon dp,’““(P) by a blue dashed line,
and spp is represented by a blue square. The robot is illustrated as a blue circle. The
global target point, spg, is represented by a green circle. Obstacles are depicted as black
outlined objects.

The Data Collection step scans the environment and collects P samples that represent
the environment in dp,, (see section [2.1)). This process has a complexity of O(P).

In the Preprocessing step, the collected samples are processed to identify obstacles
and construct the navigable space polygon, filling the vectors op,, and dp,”““ (see section
[2.2). Both operations depend linearly on the number of samples, resulting in a complexity
of O(P).

The Metaheuristic Evaluation step, described in section consists of three sub-
steps: generation of the initial population, fitness evaluation of each individual, and evolu-
tion over G generations. The generation of the initial population occurs with a complexity
of O(K). Each individual is evaluated based on multiple operations, such as Euclidean
distance calculations, the search for the shortest distance to obstacles, and the application
of penalties related to the position history and path validity. Evaluating a single individual
has a complexity of O(P+ N), and when applied to K individuals in a single generation,
the total complexity per generation becomes O(K - (P+N)). Over G generations, the total
complexity of the Metaheuristic Evaluation step is O(G-K - (P+N)).

In the Displacement step, the robot moves to the point sp-C and updates its position
to spR(n+1) (see section . This step involves only simple calculations and has a
constant complexity of O(1).

The total complexity of the MHRTSN algorithm is determined by the sum of the com-
plexities of all steps over Ny, iterations. Since the Metaheuristic Evaluation step domi-
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nates the computational cost, the total complexity is expressed as O(Nyzax-G-K-(P+N)).
As Nyqx 1s a constant used to limit the maximum number of iterations, the complexity of
the MHRTSN algorithm is O(G-K - (P+ N)). This result reflects the combined impact
of the algorithm’s main parameters, with the Metaheuristic Evaluation being the predom-
inant factor in the asymptotic behavior.



Chapter 3
Methodology

3.1 Simulation Platform

The experiments and data were generated using the Webots robotic simulation plat-
form, in conjunction with MATLAB software (Inc. 2022). These tools were integrated
through a custom solution, enabling dynamic and optimized interaction to track the robot’s
navigation movements. This simulation platform links the steps of Algorithm[I|(MHRTSN)
to the environment, as illustrated in Figure @

Simulation enviroment

\ ﬁatlab \
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///;;bots
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Figure 3.1: Flow diagram of the steps associated with the simulation platform, illustrating
the interaction between the steps of Algorithm m and the Webots and MATLAB platforms.

Figure[3.1]illustrates the integration between MATLAB and Webots, forming the sim-
ulation environment. The steps on the left-hand side are performed within the Webots
environment, while those on the right-hand side are executed in MATLAB. Communi-
cation between these tools is carried out through message exchange. In the illustration,
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steps in blue correspond to physical operations on the robot, such as data collection and
movement, as detailed in Sections [2.1]and [2.4] respectively. Steps highlighted in orange
correspond to data processing stages, such as preprocessing (described in Section [2.2),
which transforms raw collected data for metaheuristic evaluation.

All processed and raw data are saved as logs within the platform. The metaheuristic
evaluation step, described in Section [2.3] uses data from previous stages of the MHRTSN
algorithm to evaluate the optimal target point. After this step, logs are generated con-
taining information about the target point, simulation metrics, and visualizations of the
collected and generated data. These logs provide a complete history of all collected and
generated data during each displacement, enabling further analysis beyond what is re-
quired by MHRTSN.

Conditional tests, represented by red diamonds in the diagrams, determine whether
the target point has been reached. Final evaluation metrics, including traveled distance,
metaheuristic processing time (measured using MATLAB’s tic/toc and cputime func-
tions), and the number of displacements required, are computed within the MATLAB
environment.

An orchestrator program manages the simulation process via system calls, as shown
in Figure [3.2] This program does not interfere with the simulation process itself but
enables scalability across various configuration patterns. It automates the creation of
the simulation environment for each desired configuration, avoiding manual setup and
execution of simulations.

The orchestrator program begins by reading a JSON file containing simulation con-
figuration details, such as the environment to be simulated, metaheuristic processing type,
algorithm parameters, and the number of repetitions. After defining the simulation config-
urations, the program enters a loop that autonomously executes the platform, as shown in
the simulation step. At the end of all simulations, a log with simulation status information
is produced.

As illustrated in Figure [3.2] the orchestrator program creates and manages simulations
within the developed ecosystem, ensuring synchronization between multiple platforms
and programming languages. This framework enhances the efficiency of data collection
and scalability of simulations tailored to robotic navigation requirements. To run the
simulations, the environments are built as 3D models, as shown in Figure @

3.1.1 Methodology for Performance Evaluation

To evaluate the performance of the MHRTSN navigation strategy, different static and
dynamic environments were proposed. These environments allowed the MHRTSN tech-
nique to be tested under various scenarios. Population-based metaheuristics, GA and
PSO, were used, forming the MHRTSN-GA and MHRTSN-PSO versions of the tech-
nique. These versions were evaluated in terms of displacement quality, convergence, pro-
cessing time, among other metrics. The MHRTSN-GA and MHRTSN-PSO versions were
tested under the same conditions. During the simulations, certain parameters were varied
to analyze the impact of these changes on the technique’s performance. All simulations in
this study were conducted on a computer with a 64-bit processor (i5-10500T), containing
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Figure 3.2: Flow diagram illustrating the relationships between the simulation platform
and the orchestrator program.

6 cores and 12 threads, operating at 2.30GHz, and equipped with 20GB of RAM.

Each simulation generated a dataset that included detected points, traveled distances,
processing times, and other relevant metrics. The processing time and CPU time data were
obtained using specific MATLAB functions designed for this purpose (see section[3.T)). To
evaluate the performance of the techniques, the following key metrics were considered:
number of displacements, traveled distances, clock times, and CPU times spent during
metaheuristic processing. Since the values varied across trials, the minimum number of
samples required to represent the population was calculated using the following statistical

equation
Z-6*\*
5= ( EG ) 3.1)

where s is the minimum number of samples, Z represents the confidence level, 6° is the
sample standard deviation, and E is the margin of error. Thus, the minimum number of
samples needed to represent the population was defined by considering the confidence
level, margin of error, and variance of an initial dataset. Preliminary trials were con-
ducted to estimate the required number of simulations, using a confidence interval of
95% (Z = 1.96). Table @ shows the highest values of n calculated from 20 trials. Based
on this estimate, 60 simulations were performed for each configuration pattern where the
algorithm reached the minimum. All data related to the mean (u), standard deviation (G),
and other metrics presented throughout the work were derived from these 60 simulations.

For each proposed environment, one table was generated containing the values of u
and o for each of the base indicators (see, for example, Table @) Additionally, three
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Figure 3.3: Example of navigation in an environment filled with obstacles.

Table 3.1: Number of samples according to statistical parameters.

Parameter o E s (Number of Samples)
Displacement 3.4479 1 46
Path Distance 2.9430 1 33
CPU Time 0.3611 0.1 50
Clock Time 0.1969 0.1 15

new indicators were generated for each environment. The first is the processing time per
displacement event (/1). The second is the average distance traveled per displacement
event (/2). The third is the sum of CPU time and clock time spent per displacement event
(13). These measures are more robust against variations in path length or the total number
of displacements.

To assess the significance of differences between the analyzed indicators, statistical
tests were performed on the samples of indicators /1 and /2. Initially, the data were
subjected to the Kolmogorov-Smirnov (KS) test to verify the normality of the distribution.
In cases where the data followed a normal distribution, an Analysis of Variance (ANOVA)
was conducted for each simulation pattern, considering a 95% confidence level (a0 =
0.05). In this case, the null hypothesis (Hp) assumes that there is no significant difference
between the groups, while the alternative hypothesis (Hy) indicates that at least one group
exhibits a significant difference.

For cases where the KS test indicated that the data did not follow a normal distribution,
non-parametric statistical tests were applied. As in the ANOVA, a confidence level of 95%
(o0 = 0.05) was considered. When only two groups were compared, the Mann-Whitney
U (MWU) test was used, where the null hypothesis (Hp) assumes that both groups have
identical distributions, and the alternative hypothesis (Hy) suggests a significant differ-
ence between them. For cases involving three or more groups, the Kruskal-Wallis (KW)
test was applied, where the null hypothesis (Hy) considers that all samples come from the
same distribution, while the alternative hypothesis (H4) indicates that at least one group
differs from the others.

To evaluate the MHRTSN strategy, the simulation platform described in Section [3.1]
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was used. The simulations were configured based on a non-holonomi circular robot
with a radius of 0.15 m and a height of 0.2 m, equipped with differential drive and fixed
distance sensors. The common parameters used in the simulations for both the MHRTSN-
GA and MHRTSN-PSO versions are listed in Table

Table 3.2: Common parameters used in MHRTSN simulations.

Parameter Value
Number of sensors (s) 4
Maximum sensor range (P) 3m
Angular displacement (0) 6°
Metaheuristic creation radius (R”") I m

7 (Equation 1000
Tolerance factor € 0.2
Codification of individuals Real number

The specific parameters of the MHRTSN-GA strategy, related to GA, were defined as
shown in Table [3.3] In the stochastic uniform selection method, individuals are chosen
proportionally to their fitness, increasing the probability of selecting the fittest individuals.
The elitism parameter ensures that the fittest individual from each generation is preserved
for the next generation, maintaining its genes. The crossover operator randomly selects,
for each gene, whether it will be inherited from the first parent (0) or the second parent
(1), with equal probability for both, using a random distribution. The chosen mutation
operator was the Gaussian random mutation, which introduces random variations into
the genes of individuals, with values drawn from a normal distribution with mean 0 and
standard deviation 1.

Table 3.3: Specific parameters used in MHRTSN-GA simulations.

Parameter Value
Selection method Stochastic uniform
Elitism 1 individual
Crossover operator Uniform random [0, 1]

Mutation operator ~ Gaussian random [mean = 0, standard deviation = 1]

The specific parameters of the MHRTSN-PSO strategy, related to PSO, were defined
as shown in Table The initial swarm is created by uniformly distributing particles
within a rectangular range centered on the robot, pswcreationuniform function, with a
side length equal to 2 - R™" (which is later penalized according to Equation . The
velocities of the particles are uniformly generated within the range [—1, 1] for the x and
y coordinates, allowing the particles to initially move in any direction with random ve-
locities. The inertia parameter is adaptively adjusted throughout the iterations, starting at
1.1 to promote the exploration of new regions and gradually decreasing to 0.1, favoring
solution refinement in the final iterations.

' A non-holonomic robot has movement constraints that prevent it from moving freely in all directions.
For example, a differential drive robot cannot move sideways and must rotate to change direction.
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Table 3.4: Specific parameters used in PSO simulations.

Parameter Value

pswcreationuniform
Uniform random [—1, 1]
Uniform decreasing [0.1, 1.1]

Swarm creation function
Initial velocity range
Inertia range

33



Chapter 4

Results

This section presents the results obtained from evaluating the MHRTSN strategy in
different simulated environments. The experiments were designed to assess the approach
in static and dynamic scenarios, as well as to compare its performance with other tech-
niques found in the literature. The evaluation followed the methodology described in
Section [3] maintaining a consistent set of parameters across all simulations.

First, the effectiveness of the MHRTSN strategy was evaluated in four static environ-
ments, representing indoor and outdoor scenarios with varying obstacles. The configura-
tions and results for these environments are detailed in Section Following this, two
dynamic environments were introduced to analyze the adaptability of the strategy in the
presence of moving obstacles, as discussed in Section [4.2] In these scenarios, the robot
had to adjust its trajectory in real time to avoid collisions and navigate safely toward the
goal.

Finally, a comparative analysis was conducted with other approaches from the lit-
erature to highlight differences in performance, as presented in Section The paths
generated by MHRTSN were compared to those produced by alternative methods in simi-
lar environments, evaluating aspects such as trajectory efficiency, computational cost, and
safety in navigation.

4.1 Static Environments

Four static environments were proposed to evaluate the effectiveness of the MHRTSN
strategy. These environments represent indoor and outdoor scenarios with varying obsta-
cles. Figure . T]illustrates each of these environments. In the figure, the robot, positioned
at the initial navigation point, is represented by a blue circle, while the final navigation
point is indicated by a black circle. The robot’s objective is to navigate from the starting
point to the target in an unknown environment, avoiding obstacles represented by brown
and white boxes. Figure[4.1|a) shows Environment 1 (Env1), a mixed scenario. The robot
starts in an indoor area and must navigate against the flow to exit and then traverse an
outdoor environment with obstacles. Figure 4.1|(b) illustrates Environment 2 (Env2), a
fully indoor scenario characterized by 90° turns and zigzagging obstacles. Figure d.1[c)
presents Environment 3 (Env3), an outdoor scenario where the robot needs to navigate
around an obstacle and park inside it. Figure 4.1|(d) illustrates Environment 4 (Env4), an
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outdoor scenario densely populated with obstacles. The initial and final points for each
environment are defined in Table 4.1l

(a) Envl.

(d) Env4.

Figure 4.1: Representation of the static environments used in the simulations with
MHRTSN-GA and MHRTSN-PSO. The robot is indicated by a blue circle at the ini-
tial position, while the final navigation point is shown by a black circle. Obstacles are
represented by brown and white boxes. In these environments, the floor is marked with 1
by 1 meter squares in a checkerboard pattern.

Table 4.1: Initial and final points for each static environment.

Environment Initial Point Final Point

Envl (-8.0,-2.0) (4.0, 4.0)
Env2 (-2.0,-2.0)0  (2.0,-2.5)
Env3 (-4.0, 0.0) (2.0, 0.0)

Env4 (-5.0,-5.0) (4.0, 4.0)
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In each environment, the MHRTSN-GA and MHRTSN-PSO strategies were evaluated
with four parameter variations. The parameters related to the number of individuals and
generations in the metaheuristic algorithms were kept constant and grouped, allowing a
direct comparison between the approaches. Table 4.2] presents the configurations used in
the static environments and the groupings performed according to the parameters.

4.1.1 Results for Envl

Table [.3| presents the results obtained from the simulations in Env1. Analyzing these
results, it was observed that within the same group, simulations using MHRTSN-PSO re-
quired less average processing time and exhibited lower variance compared to MHRTSN-
GA.

Figures 4.2 and {.3| present indicators /1 and 2, respectively.
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Figure 4.2: Mean and Standard Deviation of Indicator /1 in Envl During MHRTSN-GA
and MHRTSN-PSO Simulations.
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Figure 4.3: Mean and Standard Deviation of Indicator /2 in Envl During MHRTSN-GA
and MHRTSN-PSO Simulations.

In Figures .2]and [4.3] simulations with MHRTSN-GA are represented in blue, while
those with MHRTSN-PSO appear in orange. Bars represent the mean of each simulation,
with the upper bars indicating the standard deviation. Simulations were grouped accord-
ing to their configurations. Figure [4.2] reveals reduced processing times per displacement
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Table 4.2: Proposed parameter configuration for simulations in the static environments

using MHRTSN-GA and MHRTSN-PSO techniques.

Simu- Group Environ- Meta- Popu- Max. Cross-

lation ment heuristic lation Generations over

S1 Gl Envl GA 20 30 50%

S2 Gl Envl GA 20 30 70%

S3 G2 Envl GA 30 10 50%

S4 G2 Envl GA 30 10 70%

S5 G3 Env2 GA 20 30 50%

S6 G3 Env2 GA 20 30 70%

S7 G4 Env2 GA 30 10 50%

S8 G4 Env2 GA 30 10 70%

S9 G5 Env3 GA 20 30 50%

S10 G5 Env3 GA 20 30 70%

S11 G6 Env3 GA 30 10 50%

S12 G6 Env3 GA 30 10 70%

S13 G7 Env4 GA 20 30 50%

S14 G7 Env4 GA 20 30 70%

S15 G8 Env4 GA 30 10 50%

S16 G8 Env4 GA 30 10 70%
Simu- Group Environ- Meta- Popu- Max. Cogni- Social
lation ment heuristic lation Generations tive
S17 Gl Envl PSO 20 30 1 1.5
S18 Gl Envl PSO 20 30 1.5 1
S19 G2 Envl PSO 30 10 1 1.5
S20 G2 Envl PSO 30 10 1.5 1
S21 G3 Env2 PSO 20 30 1 1.5
S22 G3 Env2 PSO 20 30 1.5 1
S23 G4 Env2 PSO 30 10 1 1.5
S24 G4 Env2 PSO 30 10 1.5 1
S25 G5 Env3 PSO 20 30 1 1.5
S26 G5 Env3 PSO 20 30 1.5 1
S27 Go6 Env3 PSO 30 10 1 1.5
S28 Go6 Env3 PSO 30 10 1.5 1
S29 G7 Env4 PSO 20 30 1 1.5
S30 G7 Env4 PSO 20 30 1.5 1
S31 G8 Env4 PSO 30 10 1 1.5
S32 G8 Env4 PSO 30 10 1.5 1
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Table 4.3: Simulation results for Envl: Clock times, CPU times, Displacements, and
Distances.

Simu- Group Clock times (s) CPU times (s) Displacements Distances (m)
lation u c u c u o u o
S1 Gl 3.0156 0.2034 4.3943 0.3266 28.9333 3.2087 25.3632 2.5197
S2 Gl 2.9312 0.1830 4.1977 0.3293 29.3000 2.9682 25.7195 2.5127
S3 G2 2.1947 0.0959 3.2733 0.1269 28.1833 3.0795 24.7751 2.6665
S4 G2 22218 0.1276 3.3962 0.2346 28.7000 3.4220 25.1656 2.8514
S17 Gl 2.0065 0.1369 2.8166 0.1992 28.2143 29137 25.4554 2.6798
S18 Gl 1.9722 0.1070 2.7486 0.1398 27.9661 24144 25.0109 2.1882
S19 G2 1.4153 0.0731 2.0848 0.1015 25.1667 2.8877 23.0519 24214
S20 G2 1.4241 0.0662 2.0938 0.0958 25.3833 2.5696 23.3478 2.3484

event for MHRTSN-PSO compared to MHRTSN-GA. No significant differences were ob-
served between simulations using the same meta-heuristic within the same group, such as
S1 and S2. Figure[d.3|shows indicator /2, where MHRTSN-PSO traveled greater average
distances than MHRTSN-GA, suggesting higher efficiency in displacement.

Figure {.4] illustrating indicator /3, shows that simulations with MHRTSN-GA re-
quired more clock and CPU time per displacement than MHRTSN-PSO. Additionally, it
was observed that PSO evaluations did not benefit from parallelism, resulting in increased
CPU time.
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Figure 4.4: Mean processing time, Indicator /3, in Envl During MHRTSN-GA and
MHRTSN-PSO Simulations.

The results of the statistical tests performed on the simulations illustrated in Figures
M.2H4.4) are summarized in Table[4.4] The KS test was first applied to verify the normality
of the data. For cases where the data did not follow a normal distribution, the KW test was
applied. When the data were normally distributed, the ANOVA test was used. In all cases,
the null hypothesis (Hy) was rejected, as the p-values obtained were below the signifi-
cance level (o = 0.05). These results indicate statistically significant differences among
one or more groups, suggesting performance differences among the evaluated techniques
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for indicators I1 and 12 (Mean Distance per Displacement).

Table 4.4: Statistical test results for indicators /; and I, in Env1 for Groups G and G».

Group Indicator Test Applied p-value

Gl I KW 5.7679 x 10~
Gl b KW 1.0778 x 1077
G2 I KW 1.1762 x 10738
G2 b ANOVA  1.9229x 10~28

4.1.2 Results for Env2

Table [4.5] presents the results obtained from the simulations in Env2. A significant
reduction in both y and ¢ for displacements was observed when using MHRTSN-PSO
compared to MHRTSN-GA. This reduction was approximately 31.20% for simulations
in G3 and around 28.05% for simulations in G4. For the same scenario, the variation in
traveled distance was 13.42% for G3 and 14.21% for G4, indicating that the reduction
in the number of displacements was greater than the reduction in distance traveled. In a
closed environment with more obstacles detected and calculated, MHRTSN-PSO demon-
strated an advantage of 42.16% and 38.53% in processing time for groups G3 and G4,
respectively.

Table 4.5: Simulation results for Env2: Clock times, CPU times, Displacements, and
Distances.

Simu- Group Clock times (s) CPU times (s) Displacements Distances (m)
lation u c u c u c u c
S5 G3 3.0156 0.2034 4.3943 0.3266 28.9333 3.2087 25.3632 2.5197
S6 G3 2.9312 0.1830 4.1977 0.3293 29.3000 2.9682 25.7195 2.5127
S7 G4 2.1947 0.0959 3.2733 0.1269 28.1833 3.0795 24.7751 2.6665
S8 G4 22218 0.1276 3.3962 0.2346 28.7000 3.4220 25.1656 2.8514
S21 G3 2.0065 0.1369 2.8166 0.1992 28.2143 2.9137 25.4554 2.6798
S22 G3 1.9722 0.1070 2.7486 0.1398 27.9661 2.4144 25.0109 2.1882
S23 G4 1.4153 0.0731 2.0848 0.1015 25.1667 2.8877 23.0519 24214
S24 G4 1.4241 0.0662 2.0938 0.0958 25.3833 2.5696 23.3478 2.3484

Figures [4.5| and {4.6]illustrate the mean and standard deviation of indicators /1 and 12,
as well as the mean for 73, for groups G3 and G4.

As shown in Figure 4.5 the MHRTSN-PSO strategy demonstrated a reduction in av-
erage processing time compared to MHRTSN-GA for both G3 and G4. The variance of
results was also lower for MHRTSN-PSO, indicating greater consistency in performance.

Figure [4.6]illustrates indicator /2 for Env2. In this environment, the difference in av-
erage distances traveled between the MHRTSN-GA and MHRTSN-PSO strategies was
more pronounced. On average, MHRTSN-PSO covered longer distances with lower vari-
ation compared to the GA-based approach.
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Figure 4.5: Mean and Standard Deviation of /1 in Env2 During MHRTSN-GA and
MHRTSN-PSO Simulations.
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As shown in Figure [.7] the behavior observed for indicator /3 in Env2 followed a
pattern similar to that in Env1, where the total processing time was higher for the GA-
based approach than for PSO.
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Figure 4.7: Mean processing time, indicator /3, in Env2 During MHRTSN-GA and
MHRTSN-PSO Simulations.

The statistical test results obtained from the simulations illustrated in Figures {4.5[{4.7]
are presented in Table 4.6] Initially, the KS test was performed to assess the normality of
the data. Since none of the indicators exhibited a normal distribution, the KW test was
subsequently applied to all cases. In both groups, the null hypothesis (Hy) was rejected,
as all p-values were below the significance threshold (o = 0.05). These findings reveal
significant differences among one or more groups, highlighting variations in the perfor-
mance of the evaluated techniques with respect to indicators /; and /> (Mean Distance per
Displacement).

Table 4.6: Statistical test results for indicators /; and I, in Env2 for Groups G3 and Gg.

Group Indicator Test Applied p-value

G3 I, KW 1.4718 x 10°%7
G3 b KW 2.4485 x 10733
G4 I KW 59719 x 10~ 18
G4 b KW 3.2763 x 10734

4.1.3 Results for Env3

Table [4.7] presents the results obtained from simulations in Env3. No significant dif-
ferences were observed in the number of displacements or the distance traveled between
the configurations within each group. However, a reduction of approximately 44.55% and
41.21% 1in the clock time for meta-heuristic processing was observed for groups G5 and
G6, respectively.

Figures[4.8 and 4.9 show indicators /1 and 12 for Env3, respectively. Similar to previ-
ous results, MHRTSN-PSO demonstrated lower mean and variance for indicator /1 com-
pared to MHRTSN-GA, and a slightly higher average distance (/2) than MHRTSN-GA.
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Table 4.7: Simulation results for Env3: Clock times, CPU times, Displacements, and

Distances.

Simu- Group Clock times (s) CPU times (s) Displacements Distances (m)
lation u c u c u c u c
S9 G5 2.4682 0.1934 3.6928 0.3121 17.8333 2.5441 14.5864 1.7039
S10 G5 2.3475 0.1688 3.4955 0.2221 17.9000 2.9704 14.3906 1.7777
S11 Go6 1.9194 0.0870 2.8827 0.1254 17.7667 2.5972 14.3946 1.7677
S12 G6 1.8866 0.0845 2.8323 0.1587 17.5500 2.1168 14.3109 1.4890
S25 G5 1.6647 0.0781 23643 0.1160 18.1167 1.7425 15.2469 1.6034
S26 G5 1.6668 0.0770 2.3522 0.1153 18.0000 1.4142 15.0099 1.3620
S27 G6 1.3459 0.0631 2.0075 0.0931 17.1667 2.0344 14.4135 1.6265
S28 Go6 1.3494 0.0548 2.0123 0.0879 17.1833 1.5863 14.4383 1.4592

However, in this environment, with fewer obstacles, the differences between the two ap-

proaches for 12 were less pronounced.
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Figure {.10] illustrates indicator /3 obtained from simulations in Env3. This figure
shows that simulations using MHRTSN-GA required more processing time compared to
MHRTSN-PSO in this environment.
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Figure 4.10: Mean processing time, indicator /3, in Env3 During MHRTSN-GA and
MHRTSN-PSO Simulations.

The statistical test results for the simulations illustrated in Figures #.8}{4.10] are sum-
marized in Table 4.8] The KS test was first applied to check data normality. Since the
data for /; did not follow a normal distribution, the KW test was applied. For />, where
normality was confirmed, the ANOVA test was used. In all cases, the null hypothesis (Hp)
was rejected, as the p-values were below the significance level (a0 = 0.05). These results
demonstrate statistically significant differences among the groups, highlighting variations
in the performance of the evaluated techniques based on indicators I and /5.

Table 4.8: Statistical test results for indicators /; and I, in Env3 for Groups Gs and Gg.

Group Indicator Test Applied p-value

G5 I KW 3.7278 x 10~
G5 b ANOVA 42872 x 1076
G6 I KW 5.3287 x 1038
G6 b ANOVA 4.9678 x 1078

4.1.4 Results for Env4

Table (4.9 presents the results obtained from simulations in Env4. The results indi-
cate that processing time was lower for PSO-based simulations within the same group
compared to GA. This reduction was approximately 41.21% for G7 and 48.47% for G8.

Figures .11} [4.12] and [4.13|illustrate the mean and standard deviation of indicators
I1 and 2, as well as the mean of indicator /3 for groups G7 and G8.

Figures .11} 4.12] and [4.13| show that indicators 71, 12, and I3 followed a pattern
similar to other environments. Simulations using GA required more processing time and
traveled slightly shorter distances compared to the PSO-based solution.
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Table 4.9: Simulation results for Env4: Clock times, CPU times, Displacements, and

Distances.

Simu- Group Clock times (s) CPU times (s) Displacements Distances (m)
lation u c u c u o u o
S13 G7 2.4447 0.2422 3.6858 0.3146 17.7000 3.8397 17.8308 2.9924
S14 G7 2.4410 0.2504 3.6603 0.3497 18.2167 4.0294 18.3114 3.2256
S15 G8 1.9430 0.1434 29067 0.1882 17.2500 4.2096 17.0096 3.3815
S16 G8 1.9263 0.1338 2.8662 0.1969 17.6500 3.9405 17.2540 3.1600
S29 G7 1.6056 0.1245 2.3090 0.1608 16.7500 2.7966 17.5086 2.5588
S30 G7 1.5645 0.1171 2.2458 0.1511 15.7833 2.5955 16.4461 2.3858
S31 G8 1.3158 0.0723 1.9653 0.1021 16.0667 2.6887 16.8075 2.4839
S32 G8 1.2903 0.0634 1.9290 0.0999 15.1833 2.1870 15.8221 1.9710
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Figure 4.11: Mean and Standard Deviation of Indicator /1 in Env4 During MHRTSN-GA
and MHRTSN-PSO Simulations.
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Figure 4.13: Mean Clock Time and CPU Time per Displacement Event, Indicator /3, in
Env4 During MHRTSN-GA and MHRTSN-PSO Simulations.

The statistical analysis results for the simulations in Figures 4. 11}{4.13] are presented
in Table Based on the KS test, the data did not meet the normality assumption for
any indicator. Consequently, the KW test was employed in all cases. The null hypothesis
(Hp) was rejected for both groups since all p-values were below the significance level
(o0 = 0.05). These outcomes demonstrate statistically significant differences between one
or more groups, reflecting performance variations among the evaluated techniques for
indicators /1 and .

Table 4.10: Statistical test results for indicators /1 and I in Env4 for Groups G7 and Gg.

Group Indicator Test Applied p-value

G7 I KW 3.4529 x 1037
G7 b KW 9.2636 x 107
G8 I KW 4.3202 x 10731
G8 b KW 8.6461 x 10716

4.2 Dynamic Environments

Two dynamic environments were proposed to evaluate the MHRTSN strategy under
these conditions. Figure [4.14] illustrates each of these environments. In the figure, the
robot, positioned at the initial navigation point, is represented by a blue circle, while the
final navigation point is indicated by a black circle. The robot’s objective is to navigate
from the starting point to the target in an unknown environment, avoiding static obstacles
represented by brown and white boxes and dynamic obstacles represented by red boxes.
Figure 4.14|(a) illustrates Environment 5 (Env5), while Figure d.14(b) illustrates Environ-
ment 6 (Env6). The initial and final points for the simulations in Env5 and Env6 are listed
in Table 4.111

In Figure[d.14](a), the robot navigates in an outdoor environment with obstacles, where
three red boxes are dynamically added over time (see Table 4.12)). These obstacles are
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(b) Envo.

Figure 4.14: Representation of the dynamic environments used in the simulations with
MHRTSN-GA and MHRTSN-PSO. The robot is indicated by a blue circle at the initial
position, while the final navigation point is shown by a black circle. Static obstacles are
represented by brown and white boxes, and dynamic obstacles are shown as red boxes.
In these environments, the floor is marked with 1 by 1 meter squares in a checkerboard
pattern.

Table 4.11: Initial and final points for each dynamic environment.

Environment Initial Point Final Point
Env5 (-8.0, -2.0) (4.0, 4.0)
Env6 (-4.0, 0.0) (2.0, 0.0)
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strategically placed to block the most direct and intuitive paths, making the robot’s tra-
jectory more challenging. The timing for adding each obstacle was adjusted based on the
robot’s speed to interfere with the route without being detected in advance.

Table 4.12: Dimensions, locations, and times for adding boxes in EnvS5.

Box Translation (x,y) Size (x,y,z) Time to Add (s)

Box 1 (-4.5,-1.0) (1,1, 1) 45
Box 2 (0.0, 0.5) (1,1, 1) 180
Box 3 (2.5,3.0) (1,1, 1) 330

In Figure 4.14(b), the robot starts navigating in an environment with few obstacles.
However, as the simulation progresses, two large dynamic obstacles, represented in red,
are introduced into the environment, acting as barriers. The timing and locations of these
dynamic obstacles are described in Table d.13]

Table 4.13: Dimensions, locations, and times for adding boxes in Env6.

Box Translation (x,y) Size (x,y,z) Time to Add (s)
Box 1 (-2.0, 0.0) (0.1,2, 1) 25
Box 2 (-0.1, 0.0) (0.1,4, 1) 180

The MHRTSN-GA and MHRTSN-PSO versions were tested in these dynamic envi-
ronments. For each environment, a specific configuration pattern was applied to each
approach, resulting in a simulation group per environment, as shown in Table 4.14]

Table 4.14: Proposed parameter configuration for simulations in the dynamic environ-
ments using MHRTSN-GA and MHRTSN-PSO techniques.

Simu- Group Environ- Meta- Popu- Max. Cross-
lation ment heuristic lation Generations over
S33 G9 Env5 GA 30 10 70%
S35 G10 Env6 GA 30 10 70%
Simu- Group Environ- Meta- Popu- Max. Cogni- Social
lation ment heuristic lation Generations tive
S34 G9 Env5 PSO 30 10 1 1.5
S36 G10 Env6 PSO 30 10 1 1.5

4.2.1 Results for Env5s

Table[d.I5|presents the results of the simulations conducted in Env5. The results show
that the processing time required for the PSO-based solution was approximately 39.44%
lower than that of the GA-based solution.
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Table 4.15: Simulation results for Env5: Clock times, CPU times, Displacements, and
Distances.

Simu- Group Clock times (s) CPU times (s) Displacements Distances (m)
lation u c u c u o u o
S33 G9 1.7592 0.0722 2.8217 0.1348 14.6333 2.0653 16.1201 1.4959
S34 G9 1.2616 0.0468 19118 0.0752 13.5333 1.7172 15.5221 1.2627

Figures [4.15] and [4.16] illustrate the mean and standard deviation of indicators /1 and
12 for G9. It was observed that the simulations using MHRTSN-PSO presented lower
variance and mean for /1 and a higher mean for /2 compared to MHRTSN-GA. Figure
M.T7) illustrates the mean of indicator I3 for G9. This figure shows that PSO processed
target points faster than GA.
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Figure 4.15: Mean and Standard Deviation of Indicator /1 in Env5 During MHRTSN-GA
and MHRTSN-PSO Simulations.
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Figure 4.16: Mean and Standard Deviation of Indicator /2 in Env5 During MHRTSN-GA
and MHRTSN-PSO Simulations.

The statistical analysis for Env5 is summarized in Table 4.16] According to the KS
test, neither of the indicators followed a normal distribution. Since the comparison in-
volved only two groups, the MWU test was applied. In both cases, the null hypothesis
(Hp) was rejected, as the p-values were significantly lower than the significance level
(o0 = 0.05). These results confirm statistically significant differences between the groups
for indicators /; and .
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Figure 4.17: Mean Clock Time and CPU Time per Displacement Event, Indicator 13, in
Env5 During MHRTSN-GA and MHRTSN-PSO Simulations.

Table 4.16: MWU test results for indicators /; and /> in Env5 for Group Go.

Indicator Test Applied p-value
I1 MWU 3.8892 x 1017
12 MWU 7.8313 x 10712

4.2.2 Results for Envé

Tabled.17]presents the results obtained from simulations in Env6. The results indicate
that processing time was lower for PSO-based simulations within the same group. This
reduction was approximately 24.80% for G10.

Table 4.17: Simulation results for Env6: Clock times, CPU times, Displacements, and
Distances.

Simu- Group Clock times (s) CPU times (s) Displacements Distances (m)
lation u c u c u o u o

S35 G10 1.9279 0.1036 3.0060 0.1860 20.1166 0.9502 16.5257 0.4833
S36 G10 1.4497 0.0552 2.1653 0.0797 21.1167 2.0256 18.0422 1.8626

The behavior of indicators /1, 12, and I3 followed the pattern previously observed.
PSO-based simulations presented lower variance and mean for /1, higher mean value for
12, and lower mean time for I3 (see Figures d.18| .19} and [4.20).

S
=

= MHRTSN-GA
= MHRTSN-PSO
[ Standard deviation| |

0.08 -
0.06 -
0.04
0.02+

Mean clock time per
displacement event
(=}

Simulations

Figure 4.18: Mean and Standard Deviation of Indicator /1 in Envé During MHRTSN-GA
and MHRTSN-PSO Simulations.
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Figure 4.19: Mean and Standard Deviation of Indicator /2 in Env6 During MHRTSN-GA

and MHRTSN-PSO Simulations.

Mean time per displacement
event (clock + CPU)

Simulations

ECPU Time
B Clock Time| |

Figure 4.20: Mean Clock Time and CPU Time per Displacement Event, Indicator 73, in
Env6 During MHRTSN-GA and MHRTSN-PSO Simulations.
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The statistical analysis results for Env6 are summarized in Table 4.18] According to
the KS test, the data for /; did not follow a normal distribution, while I, was normally
distributed. Therefore, the Mann-Whitney U (MWU) test was applied for /1, and the
ANOVA test was used for . In both cases, the null hypothesis (Hy) was rejected, as the
p-values were significantly lower than the significance level (o0 = 0.05). These results
confirm statistically significant differences between the groups for both indicators.

Table 4.18: Statistical test results for indicators /; and I in Env6 for Group G.

Indicator Test Applied p-value
1 MWU 3.5566 x 1021
12 ANOVA 25116 x 10~°

4.3 Comparison with Other Approaches

The MHRTSN strategy was tested in three environments proposed in the referenced
works (Yan et al. 2022, Zheng et al. 2023, Silva et al. 2018). Table associates the
information for each of these environments, linking the reference with the simulated en-
vironment. Figures .21 [4.22] and[4.23|illustrate these environments, named respectively
as Env7, Env8, and Env9. In these illustrations, the environments and the paths taken by
the techniques are presented.

Table 4.19: Environments used for comparisons with other techniques from the literature.

Environment Reference Figure
Env7 (Yan et al. 2022)  Figure4.21
Env8 (Zheng et al. 2023) Figure4.22
Env9 (Silva et al. 2018)  Figure 4.23

The simulations followed the methodology described at the beginning of Section [3]
using the predefined common parameters, as well as the number of simulations per en-
vironment, resulting in the average and standard deviation data. To ensure a fair com-
parison with other techniques, a safety factor of o = 1.0 was adopted, allowing the
robot to approach obstacles in a similar manner to the compared approaches. The meta-
heuristic parameters used in the MHRTSN simulations were: K = 30, Ny, = 10, with
crossover = 70% for MHRTSN-GA, and cognitive = 1 and social = 1.5 for MHRTSN-
PSO. These values were defined based on results obtained during tests in static and dy-
namic environments, aiming for a balance between processing time, distance traveled,
and navigation quality.

The paths of the other approaches, illustrated in Figures [4.21] [4.22] and 4.23] were
reconstructed based on an approximate mapping of the points extracted from the images
presented in their respective works. The path generated by the MHRTSN strategy, in turn,
corresponds to the median value in terms of distance traveled, based on the 60 simulations
conducted. It is observed that, unlike the compared approaches, the MHRTSN strategy
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e

Figure 4.21: Comparison of different paths in the environment proposed in (Yan et al.
2022). The trajectories are indicated by the following colors: ACO (green), SSA (red),
ACO+GA (purple), MSSA (cyan), MHRTSN-GA (blue), and MHRTSN-PSO (yellow).
Obstacles are represented by white areas. The robot’s starting point is the bottom-left
corner, while the endpoint is located in the top-right corner.

o e

Figure 4.22: Comparison of different paths in the environment proposed in (Zheng et al.
2023). The trajectories are indicated by the following colors: rPSO (green), apfrPSO
(cyan), MHRTSN-GA (blue), and MHRTSN-PSO (yellow). Obstacles are represented by
white areas. The robot’s starting point is the far-left point, while the endpoint is located
in the top-right corner.
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Figure 4.23: Comparison of different paths in the environment proposed in (Silva
et al. 2018). The trajectories are indicated by the following colors: DPNA-GA (cyan),
MHRTSN-GA (blue), and MHRTSN-PSO (yellow). Obstacles are represented by white
areas. The robot’s starting point is the top-left corner, while the endpoint is located in the
bottom-right corner.

maintained a safe distance from obstacles during navigation. The other approaches do not
consider the robot’s dimensions and physical characteristics, which in some cases result
in trajectories very close to obstacles.

Table [4.20] presents the results of simulations conducted in the environments shown
in Figures .21}{4.23] It was observed that the average processing time was lower in the
simulations using MHRTSN-PSO compared to MHRTSN-GA.

Table 4.20: Results of the simulations of environments.

Environ- MHRTSN Displace- Path Clock Tl.me per
. . . Displace-
ment Version ment Distance Time

ment Event
Env7 GA 27.96 3043 m 2.07s 0.0741 s/disp
PSO 27.18 30.27m 1.64s 0.0606 s/disp
Enva GA 22.83 2494 m 230s 0.0851 s/disp
PSO 22.20 2449 m 1.57s 0.0708 s/disp
EnvO GA 27.91 2771 m 2.05s 0.0734 s/disp
PSO 27.43 27.69m 1.57s 0.0575 s/disp

Table 4.21] shows a comparison of the paths traversed by other approaches in relation
to MHRTSN. The data related to the solutions in (Yan et al. 2022, Zheng et al. 2023) were
obtained by calculating the approximate distance of the points mapped from the images
in the respective studies. In the case of the solution presented in (Silva et al. 2018), the
distance values refer to the average presented in the article itself.
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Table 4.21: Comparison of navigation techniques across different environments.

Prior

Know Safe Fixed Popu
Tech- Meta- Environ- Route . Indi- p
. . . ledge of Dista- . lation
nique heuristic ment (m) . vidual .
Environ- nce . Size
Size
ment

- ACO Env7 30.63 Yes No No -

- SSA! Env7 28.18 Yes No No -

- ACO+GA Env7 28.22 Yes No No -

- MSSA? Env7 27.78 Yes No No -
MHRTSN GA Env7 30.43 No Yes Yes 30
MHRTSN PSO Env7 30.27 No Yes Yes 30

PSO? PSO Env8 27.21 Yes No No -
apfrPSO? PSO Env8  24.38 Yes No No -
MHRTSN GA Env8 24.94 No Yes Yes 30
MHRTSN PSO Env8 24.49 No Yes Yes 30

DPNA-GA* GA Env9 25.95 No No Yes 30
MHRTSN GA Env9 30.43 No Yes Yes 30
MHRTSN PSO Env9 30.27 No Yes Yes 30

I'SSA technique referenced from (Xue & Shen 2020).

2 MSSA technique referenced from (Yan et al. 2022).

3 tPSO and apfrPSO techniques referenced from (Zheng et al. 2023).
4 DPNA-GA technique referenced from (Silva et al. 2018).
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The data presented in Table @ indicate that, in Env7 and Env8, the MHRTSN strat-
egy generated paths comparable to those produced by other approaches, without requiring
prior knowledge of the environment. In this case, both navigation and planning occurred
fully online. A key aspect of MHRTSN is that, regardless of the environment’s dimen-
sions, the information contained in each individual remains constant, unlike the other
approaches used in Env7 and Env8. This characteristic reduces computational complex-
ity as the environment scales, mitigating the scalability challenges faced by the techniques
applied in these scenarios.

In Env9, the DPNA-GA approach also operates without prior knowledge of the envi-
ronment, allowing planning and navigation to be conducted online with fixed-size infor-
mation in the individuals, similar to MHRTSN. However, DPNA-GA does not guarantee
safe trajectories, resulting in movements in close proximity to obstacles (see Figures 4.21]
-[.23). This limitation is also observed in the approaches applied in Env7 and Env8.
Unlike MHRTSN, these techniques do not explicitly consider constraints to prevent ex-
cessive proximity to obstacles during navigation. As a result, the paths generated often
require post-processing adjustments to accommodate the robot’s physical and dynamic
constraints, introducing an additional step in the planning and navigation process.

Previous studies (Yan et al. 2022, Zheng et al. 2023) do not explicitly specify the
population size used to generate their results. However, the study by (Silva et al. 2018)
employed a population of 30 individuals, which is the same population size adopted in
this work. Additionally, (Yan et al. 2022) does not describe the navigation strategy used
for comparing the metaheuristics, merely stating that the environment is represented as a
grid and that the metaheuristics were tested under the same conditions.

4.4 Analysis of Results

The results indicate that MHRTSN-PSO outperformed MHRTSN-GA in all tested
scenarios, both static and dynamic, in terms of processing time and average displacement
(see Section 4.1} 4.2)). This behavior is due to the dynamics of PSO, where the social
influence among particles allows for faster and more efficient convergence. On the other
hand, GA exhibited longer processing times, reflecting the nature of its selection and
recombination operators, which require more iterations to refine solutions.

Comparing with the results from (Yan et al. 2022, Zheng et al. 2023, Silva et al. 2018)
(see Section [4.3)), it is observed that MHRTSN-PSO generated trajectories with similar
lengths to the approaches found in the literature while ensuring greater safety by main-
taining a larger distance from obstacles and achieving shorter processing times. This
outcome reinforces the effectiveness of combining metaheuristics with potential fields
for safe trajectory planning, mitigating collisions without compromising navigation effi-
ciency. Furthermore, the data suggest that hybrid approaches are promising for solving
robotic navigation problems (Chakraborty et al. 2022).

Another relevant aspect is that, unlike the methodologies in (Yan et al. 2022, Zheng
et al. 2023, Silva et al. 2018), MHRTSN explicitly considers the robot’s dimensions and
its safety during navigation, reducing risks associated with trajectories too close to obsta-
cles. The tests also highlight the capability of MHRTSN-GA and MHRTSN-PSO to plan
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and execute trajectories even in dynamic environments, demonstrating robustness against
changes in the scenario. This behavior suggests that the model can be applied in real-
world contexts, such as autonomous inspection robots and mobile vehicles in unknown
environments.

4.5 Demonstration video

To better understand the results presented in this work, a demonstration video is avail-
able at the following link: https://drive.google.com/drive/folders/IN3gB53Zsn_
EfBaTN23mbkr_1KEet95jp. The video illustrates the practical application of the MHRTSN
strategy in different scenarios, highlighting mobile robots’ safe and efficient navigation
in static and dynamic environments. Watching the video is recommended to observe the
effectiveness of the proposed solution visually.


https://drive.google.com/drive/folders/1N3gB53Zsn_EfBaTN23m5kr_lKEet95jp
https://drive.google.com/drive/folders/1N3gB53Zsn_EfBaTN23m5kr_lKEet95jp

Chapter 5

Conclusion

The objective of this work is to present a new proposal for mapping and navigation in
autonomous robotic systems, called MHRTSN. This approach is designed for unknown
static and dynamic environments, combining the use of potential fields with population-
based meta-heuristics to navigate the environment safely and efficiently. Simulations
conducted with the MHRTSN-GA and MHRTSN-PSO versions demonstrated that this
approach can adapt to new obstacles, overcoming challenges and generating an optimized
trajectory based on the robot’s and the environment’s constraints.

The simulations showed that both MHRTSN-GA and MHRTSN-PSO achieved fea-
sible solutions, with MHRTSN-PSO presenting a clear advantage in terms of processing
time and distance traveled per displacement event. Specifically, in Env3, MHRTSN-PSO
achieved reductions of up to 44.55% in processing time compared to MHRTSN-GA in
group G5, and up to 41.21% in group G6. In dynamic environments (Env4), the reduc-
tion reached 48.47% for group G8. Additionally, in constrained indoor scenarios (Env2),
MHRTSN-PSO demonstrated a reduction of approximately 31.20% in the number of dis-
placements for group G3, and 28.05% for group G4, while achieving a processing time
reduction of 42.16% in group G3 and 38.53% in group G4. These results indicate that
MHRTSN-PSO provides more efficient navigation while maintaining similar or greater
traveled distances per displacement event.

A comparison with other techniques from the literature was conducted, revealing that
the MHRTSN strategy generates trajectories comparable to those found in the literature,
without requiring prior knowledge of the environment. This comparison also highlighted
the advantage of having fixed-size information in the individuals, maintaining a constant
computational cost to process the individual as the environment’s dimension increases.
The comparison further illustrated differences in the trajectories generated by some lit-
erature approaches, which produce paths close to obstacles, compared to the safer paths
generated by MHRTSN. Finally, the series of simulations performed in diverse environ-
ments successfully evaluated and validated the MHRTSN strategy for path generation and
navigation, demonstrating its robustness and applicability in real-world scenarios.

57
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5.1 Future Work

Future developments of the MHRTSN strategy aim to enhance its adaptability and
efficiency in real-world applications. One key direction is the incremental construction
of an environmental map using the information collected at each displacement event.
By incorporating a memory mechanism, the system can refine its understanding of the
environment over time, improving navigation in partially known or dynamic scenarios.

Another promising improvement is to make the individual creation radius dynamic.
Instead of using a fixed radius, an adaptive strategy based on environmental complexity
and obstacle density could be implemented. Similarly, dynamically adjusting the popula-
tion size would be another enhancement, allowing the algorithm to regulate the number
of individuals in the search process according to the characteristics of each displacement.
These adaptations would enable the algorithm to refine its search space in real time, opti-
mizing computational resources while ensuring more efficient path planning, particularly
in cluttered environments.

Finally, a thorough experimental validation in physical robotic platforms should be
conducted to bridge the gap between simulation and real-world deployment, ensuring
that the method remains robust under real-world uncertainties, sensor noise, and system
constraints.
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