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ABSTRACT

Navigating a smart vehicle in an environment, determined or unknown, requires the
localization of such vehicle in that environment using GPS, cameras, vision, laser or
ultrasonic sensors, motion planning of the vehicle in free configuration space of the
environment, and its ability to deviate from obstacles. In planning a path from a start
to a goal configuration, the aim is to obtain the shortest path in less time while avoiding
obstacles. Metaheuristic algorithms have been extensively applied to achieve this;
while it exploits the environment from an initial solution, it also explores it to find a
possible feasible path. Researchers in robotics and automation field have investigated
and analysed the performance of population-based algorithms like Genetic Algorithm
(GA), Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO), Firefly
Algorithm (FA), and Cuckoo Search Algorithm (CSA) to obtain a feasible shortest
path. This research work investigates the performance of metaheuristic search
algorithms like GA, PSO, FA, and CSA for path planning on four different benchmark
problem maps (40 x 40m large, 20 x 20m maze, 20 x 20m rockpile and 20 x 20m
pothole) and makes a comparative analysis based on computational time and path
length. Furthermore, three sampling methods i.e., Random, Latin hypercube and
pseudo-uniform sampling were used. It is observed that all the algorithms were able to
achieve the optimal, although CSA performed poorly on path distance using GA and
PSO on the maze and pothole map respectively, its performance on other two maps
was relatively better both on shortest distance and computational time, however, it is
concluded that no single algorithm is universally the best-performing algorithm for all

maps. All simulations were performed on MATLAB R2022b.
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Oz

Akilli bir aracin belirli veya bilinmeyen bir ortamda yonlendirilmesi, GPS, kameralar,
gorintii, lazer veya ultrasonik sensorler kullanilarak aracin o ortamdaki yerinin
belirlenmesini, aracin ortamin serbest konfigiirasyon alaninda hareket planlamasinin
yapilmasini ve engellerden sapmak. Baslangictan hedef konfigiirasyonuna kadar bir
yol planlarken amag, engellerden kagmarak en kisa yolu daha kisa siirede elde
etmektir. Metasezgisel algoritmalar, bunu basarmak i¢in kapsamli bir sekilde
uygulanmistir; cevreyi bir baglangi¢ ¢oziimiinden yararlanirken, ayn1 zamanda olasi
bir uygulanabilir yol bulmak i¢in de arastirir. Robotik ve otomasyon alanindaki
arastirmacilar, Genetik Algoritma (GA), Karinca Kolonisi Optimizasyonu (ACO),
Parcacik Siirii Optimizasyonu (PSO), Atesbocegi Algoritmasi (FA) ve Cuckoo Arama
Algoritmast (CSA) gibi popiilasyon tabanli algoritmalarin performansini arastirdi ve
analiz etti uygun bir en kisa yol elde etmek i¢in. Bu arastirma ¢aligmasi, GA, PSO, FA
ve CSA gibi metasezgisel arama algoritmalarinin dort farkli kiyaslama problem
haritas1 (40 x 40m biiyiik, 20 x 20m labirent, 20 x 20m kaya y181n1 ve 20 x 20m ¢ukur)
tizerinde yol planlamasi i¢in performansini arastirtyor ve hesaplama siiresine ve yol
uzunluguna dayali olarak karsilastirmali bir analiz yapar. Ayrica, {i¢ Ornekleme
yontemi, yani Rastgele, Latin hiperkiip ve sdzde tekdiize 6rnekleme kullanilmistir.
Tiim algoritmalarin optimumu yakalayabildigi, CSA'nin sirasiyla labirent ve ¢ukur
haritasinda GA ve PSO kullanarak yol mesafesinde diisiik performans géstermesine
ragmen, diger iki haritadaki performansinin hem en kisa mesafe hem de hesaplama
siiresinde nispeten daha iyi oldugu goriilmiistiir. ancak, tek bir algoritmanin tiim
haritalar i¢in evrensel olarak en iyi performans gdsteren algoritma olmadig1 sonucuna

varilmigtir. Tiim simiilasyonlar MATLAB R2022b iizerinde gerceklestirilmistir.
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Chapter 1

INTRODUCTION

Due to emerging technologies like big data, cloud computing, 5G construction [1], 10T
[2], and artificial intelligence [3,4], smart vehicles have evolved to use these
technologies to reduce human error while in motion and also to avoid traffic (self-
driving vehicles), assist in logistics and various manufacturing processes in industries
(automated guided vehicle), operate in rough and dangerous terrains (unmanned
ground vehicles), and has applications in healthcare, homes, e-commerce (autonomous

mobile robots).

Self-driving vehicles are incorporated with Light Detection and Ranging (LIDAR)
sensors [5], cameras infused with deep learning algorithms [6], ultrasonic sensor [7]
for vehicle and object detection, traffic alerts, detect zebra crossings, and avoid
collision with humans. Automated guided vehicles (AGV) are used in warehouses for
logistics and material handling processes. They use lasers, magnets, vision cameras or
follow marked lines or wires for navigation. Recently, Al, specifically reinforcement
learning has been an important tool in route planning of automated guided vehicles
[8]. Autonomous mobile robots (AMR) have many use cases in our world today. They
can be used for inspection [9], Surveillance [10], monitoring [11], logistics and service
purposes [12—-15]. Autonomous mobile robots can be classified as holonomic and non-
holonomic [16,17]. Controllable degrees of freedom are equal to total degrees of

freedom in holonomic mobile robots, i.e. they can move in all directions possible



within the configuration space. In the realm of mobile robotics, the abstraction known
as the robot, or base, is referred to as a holonomic mobile robot without consideration
for the rigid bodies that actually make up the mechanism. As a result, holonomic
mobile robots are smart vehicles whose motion in a plane is in three degrees of freedom
[18]. Non-holonomic maobile robots have their velocities and other derivatives of their

position constrained [19].

Smart vehicles need to understand the nature of its environment so it can update its
actions to increase the chance of reaching the goal position during navigation in the
environment. The smart vehicle must provide the following information: Where am 1?
Where am | headed? How can | travel there? What obstacles must | overcome? Three
fundamental elements - mapping, localization, path planning - answer these questions
[20].

e Mapping: In mapping, the smart vehicles require a map of its environment. The
map gives the locations and directions of such vehicle. This map can be built
while the smart vehicle discovers the environment or can be stored its memory.

e Localization: It’s important that smart vehicles know their location on the map.
Cameras, GPS, sensors like laser, vision and ultrasonic sensors and the
information obtained from them can be combined to localize such smart
vehicle. The location can be expressed in absolute coordinates (longitude,
latitude, altitude), denoted as a reference relative to the environment or
indicated as topographical coordinate (e.g. in the sitting room).

e Path planning: Path planning involves determining an obstacle-free path

through a given environment, which in real life is typically congested [21].



1.1 Problem Statement

With the existence of obstacles in an environment, finding the quickest direction of
motion for smart vehicles becomes a problem. The task of determining an approach
which will yield the shortest path comes into play. Due to the competitiveness of
metaheuristic algorithms against other path planning approaches, it offers a greater
chance of finding the global feasible shortest path [22]. Performing a comparative
analysis on various metaheuristics is important to finding one that achieves the
determined objective. Although, sometimes a path is planned around present obstacles
[23], an acceptable path, to some degree shouldn’t lean much on the edges of obstacles.
Having sampled points on free configurations of the map, it is required to have a

connectivity of points which define paths away from obstacles.
1.2 Objective and Novelty of this Study

The aim of the study is to perform a comparative analysis of various metaheuristic
algorithms based on path distance and planning time. To highlight the novelty of this
work, some sampling approaches never used in this field of study are incorporated.
The sampling methods are random, latin hypercube and pseudo-uniform sampling,
although random sampling has been considered in some literatures highlighted in
chapter 2. Also, newly modified versions of some metaheuristic algorithms (PSO,
CSO, FA) considered in this study are implemented. These modified versions arise
from the need to have discrete metaheuristics which fits into this study compared to

the basic versions that work with continuous values.



Chapter 2

LITERATURE REVIEW

2.1 Path Planning Methods and Algorithms for Smart Vehicles

Path planning can be considered as local or global. Global planning aims to search the
optimum path given a huge amount of environmental data, and it works best when the
environment is static and well-known to the smart vehicle. A complete pathway is
generated by path planning algorithm from a starting to a destination point to produce
the optimum trajectory for the smart vehicle. Local path planning is mostly applied in
unfamiliar or changeable environments. While the smart vehicle is in motion, local
path planning is performed using data from local sensors. The smart vehicle can
generate a new route in response to dynamic changes in the environment. Various path
planning methods and algorithms have been investigated by researchers in the robotic
field. The kinematics, the dynamics of the environment, computation capabilities of
smart vehicles, sensors used and other sourced information availability all influence
which algorithm to choose. The trade-offs between performance and complexity of
algorithm are also dependent on the use case [24]. Path planning methods and
algorithms as shown in Figure 1, can be classified into classical methods like cell
decomposition, metaheuristic algorithms like genetic algorithm, machine learning like

reinforcement learning, sampling methods like probabilistic roadmap [22,24-26].



[ Path Planning Algorithms ]

Classical Methods Sampling /Metaheuristic\ /Machine Learning\
e Cell Methods Algorithms e Artificial neural
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Figure 1: Classification of path planning algorithms
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Figure 2: Classification of metaheuristic algorithms

2.2 Metaheuristic Algorithms
Metaheuristic algorithms are high-level heuristics that provide suitably solution to
optimization problems, most especially problems with incomplete information or

limited computational capacity. When implemented for path planning problems, they



are proficient in handling partially-known environments and environment with moving
obstacles as compared to classical algorithms which require prior knowledge of the
environment [22]. Metaheuristic algorithms are grouped into population-based like
Particle Swarm Optimization and trajectory-based like Simulated Annealing as
illustrated in Figure 2 [27]. While population-based metaheuristics generates sets of
points in a search space, trajectory-based methods describe trajectory through a single
point at each time-step in the search space during the search.

2.2.1 Genetic Algorithm (GA)

This optimization method applies genetics and natural selection as discovered first by
Bremermann [28]. Holland first applied genetic algorithm to the field of computer
science [29]. Its application can now be seen in robot navigation and all areas of
science and technology. It is concerned with the optimization of complex problems in
which the objective function value must be maximized or minimized under given
boundaries. In this approach, the population size (chromosomes defined as sets of
genes) is defined the given problem and a fitness value is given to every chromosome
in the population depending upon the objective function. These chromosomes are
selected for their fitness value and are allowed to pass on their genes to future
generations via crossbreeding. Mutation maintains population diversity while
preventing early convergence. Table A.1 describes the pseudocode of genetic

algorithm. Finally, if the population has converged, the algorithm is terminated [30].

Much emphasis has been placed on GA-based methods in recent years due to their
success in solving optimization problems, one of which is path planning; therefore, we
believe GA can reasonably overcome it [6]. Table 1 outlines various studies on GA for

path planning problem, lists the variables considered and remarks on some insights in



the study. The hybridization of GA with other intelligent algorithms such as GA-Fuzzy
Logic [31], GA-Intelligent Water Drop [32] and GA-Neural Network [33], have been
investigated by researchers to obtain better results. In using GA-based methods,
distance is a common parameter [34—38] together with path smoothness and clearance
[35,37,38], energy evaluation [39] and robot speed issues. [40] proposed improved
Genetic algorithm to solve appointment order allocation and route planning problem
of Cainiao unmanned vehicles. An optimized approach using genetic algorithm was
proposed by [41] to implement the multi-objective evolutionary algorithm (MOEA)
for planning a mobile robot’s trajectory in a known environment. An experiment was
performed with a two wheeled mobile robot localized ArUco system in robotic
operating system (ROS). The proposed method is not suitable for rough terrains
because the dynamics on the mobile robot is not considered. Because of the embedded

system'’s low-end hardware, the proposed algorithm runs on a console computer.



Table 1: Genetic algorithm for path planning of smart vehicles
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hinged-Tetromino-Genetic Algorithm



2.2.2 Ant Colony Optimization (ACO)

M. Dorigo proposed the ant colony algorithm in his Ph. D. dissertation in 1992 [46].
Ants exhibit complex social behaviour when searching for food, owing to the
pheromones they deposit. Pheromones draw in other ants and create a pathway to the
source of their food. More pheromone is shed along the trail as more ants use it, which
increases the possibility that more ants will follow it. The quickest route to the food

attracts the most ants because they can journey there in the smallest amount of time.

It was in the well-known Double Bridge experiment that this phenomenon was first
observed [47]. Ants were observed to choose the shortest path over a period of time
when they were faced with a challenge of choosing a path to food source. The
pheromone also evaporates over time in order to avoid solutions that are trapped in
local minimum [48], thus reducing the likelihood that other ants will take the path.
Also, as the speed at which pheromone is deposited exceeds its evaporation speed on
the shortest path, the level of pheromone remains high. Consider the movement of ants
between two nodes. Using pheromone deposits, the probability that an ant k located in
node i will choose to go to another node j in the network is obtained in equation 1

below [48].

(‘Ei‘cj)a(nﬁ_)ﬁ o )
s benig U EN;

p’icj = ZieN{.‘(T{Fj)“(nﬁ)ﬁ fi i "
° if j & Nf

Where t¥. denotes pheromone levels. As for real ants, increased pheromone on a path
ij

attracts an ant consider that path more than other available pathways [49].

The heuristic function nf; = di. .
je
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The pheromone update:

7t +1) = (1 —p)r;(t) + p = Ary;(t) + q * Alej(t) (2)

Atj(t) = Xis, Atfi () ©)
Q . . .

Ar{‘j(t) = {Lk ,if ant k passes node i and j is the quantity of pheromone deposited,
0, otherwise

where Q is a constant and L, is the total length of the path that ant k travels. A

pseudocode of this algorithm is presented in Table A.2.

L = 2153 V(i1 — %)% + Vigr — ¥)? 4)
A number of academicians have conducted extensive research on the operation
mechanism, structural design, finding the best parameter values of ACO and proposed
a number upgrades to solve these problems as seen in Table 3. Also, a number of

variables listed in

Table 2 have been considered in their studies. The cross-path nodes produced
throughout the path search process were optimized using ACO and geometric
optimization by Liu et al. [50], allowing for enhanced algorithm's effectiveness and
path quality through pheromone updates. You et al. [51] created a new heuristic
operator to improve the population search's dissimilarity and convergence. Dai et al.
[52] solved global convergence speed and path smoothing by improving the A*
algorithm-based ACO algorithm and the maximum-minimum ant system. He also
introduced a retraction mechanism to resolve the issue of the algorithm getting stuck
at deadlocks. An adaptive state transfer and pheromone update method was proposed
by Jiao et al. [53] to guarantee the importance of heuristic information and pheromone
strength in the algorithm's iterative process, which improved the algorithm's

adaptability for different environments to some extent, and ability to escape optimal
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local solution. Khaled et al. [54] improved the state transfer formula to preferentially
select the neighbour node with the most exits as the next node. This improved
algorithm adds diversity to search process and suppresses the influence of invalid
pheromones by dividing the multi heuristic function; rewarding and penalizing the

worst path separately [55].

Table 2: Variables used in various ACO

Variables Description
m Ant’s population size
Npax Maximum iteration number

a Weight of Pheromone

B Weight of Heuristic information

) Pheromone evaporation ratio

Q Pheromone’s Intensity

Tij Pheromone on the path between i and j
nij Heuristic information on j

& Distance factor coefficient

[0) Distance correction parameter

v Ant’s importance on moving straight
) Parameter to update Pheromone

Y Diffusion coefficient
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Table 3: Applied ant Colony Optimization Algorithm and its hybrids for path planning of smart vehicles
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ant colony solves

algorithm convergenc

(ACO- e speed

PD) problem in

ACO.
Geometric
optimizatio
n method is
implemente
dto
improve
path
generated
by ACO.
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DL-ACO: Double Layer-ACO; PEACO: Parallel Elite Ant Colony Optimization; TPOA: Turning Point Optimization Algorithm;
APACA: Adaptive Polymorphic Ant Colony Algorithm; Retraction Mechanism Ant Colony Algorithm; IACA: Improved Ant
Colony Optimization Algorithm; MO-FA: Multiobjective Firefly Algorithm; IACO-A*: Improved Ant Colony Optimization

algorithm-modified A*
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Figure 3: Sample maps implemented for ant colony optimization algorithm: (a)
APACA 20 x 20 grid map [53] (b) IAACO 20 x 20 grid map [60] (c) IACO-A* 20 x
20 grid map [59]

2.2.3 Particle Swarm Optimization (PSO)

The pursuit of food by a swarm of birds, a herd of tetrapods, or a school of fish serves
as the basis for particle swarm optimization (PSO). Because there is no requirement
for a leader to guide the group to the food source, this approach resembles the
behaviour of these animals. [61]. The animals in this horde are unaware of the food's
exact location, but they can estimate their distance from it. It is inefficient for each
animal to try to get to the food source independently because it will take a long time
and create pandemonium. As a result, the best strategy is to follow the members who
are closest to the food source. [30]. Each individual animal represents the solution
which contains this two information,

i. Their fitness value obtained from the objective function.

ii. The velocities directing the solution to the target location.

A set of solution or particle initializes the algorithm. Each particle searches the
solutions space and returns their fitness value, pp.s:, in €ach iteration. Each iteration's
best pyes: Value is saved as the global best value, g,.s:. Particle velocity and position

are updated from these two values by the algorithm. The search is completed at the

27



maximum number of iterations or when the optimal solution is found. The formulas

for updating the velocity and position of particles in PSO are as follows:
Vig(t+1) = wx*va(t) +¢1 x 1 % (Pid - xid(t)) +
Cp * T % (Pgd - xid(t)) (5)
Xig(t+1) = x4(t) + n*vie(t + 1) (6)
The inertia weight is denoted as w, c;, c, are the learning factors, r;, 7, are normal
distribution random numbers within the interval [0,1], n is denoted as the velocity
constraint proportional factor, v;, is referred as the velocity of the i*" particle in d

dimension, and x;, is referred as the position of the i*" particle in d dimension. A

procedure to implement this algorithm is described in Table A.3.

This algorithm is comparable to the genetic algorithm in that both start with a set of
populations that are formed randomly and evaluate the population according to its
fitness value. This approach has been utilized for aerial robot navigation in unknown
3D environments [62], humanoid robot navigation [63] and in industrial robot

navigation [64].

The effectiveness of PSO's performance is determined by how well its parameters are
adjusted, controlled, and updated. A number of parameter modification and controlling
procedures have been suggested since PSO was first introduced in 1995 in an effort to
enhance its overall performance. Fix Inertia Weight (FIW) [65,66], Linearly
Decreasing Inertia Weight (LDIW) [65-68], Time Varying Acceleration Coefficient
(TVAC) [66,69], Random Inertia Weight (RANDIW) [65-67,69], Random
Acceleration Coefficients (RANDAC) [70], and Fix Acceleration Coefficients (FAC)

[65-67,69] are conventional parameter adjustment and controlling techniques. Various
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studies outlined in Table 4 reveal proposed improvements and hybrids of PSO for

solving path planning problem.

Harshal et. al [71] recommended an adaptive particle swarm optimization (APSO) that
varies the inertia weight in every iteration. The algorithm explores the search space
from a high inertia weight, avoiding local minimums during the planning process. As
the number of iterations increase, the inertia weight decreases leading to an
exploitation phase on the algorithm. This approach gave better results when compared
to the basic PSO in terms of path length and planning time. The type of environment
used for this study is shown in Figure 4a. In enhancing sampling of points in
probabilistic roadmap method (PRM), Qisen et. al [72] proposed PSO-PRM hybrid
approach. This method gains knowledge of sample points on obstacle regions and uses
it to improve sample points in free space, especially at narrow passages, thus
improving connectivity in those areas. Ellips et. al [73] employed PSO to achieve
shortest and smooth feasible path. Particles are initialized based on the number of
points formed in free space from a robot laser sensor. The best particle is selected and
its new position is obtained based on the robot’s sensor. Probabilistic roadmap method
(PRM) is used as a local planner for obstacle avoidance. Simulations results shows a

better runtime of the proposed method when compared with the basic PRM approach.

Xun et. al [74] brought forward an improved PSO (IPSO) which initializes particles
through uniform random distribution, implements inertia weight of exponential decay
to enhance planning time, improves the social and cognitive factors and smoothens
path using cubic spline interpolation. This approach was tested on benchmark
functions with some other proposed PSO variants and the results were compared based

on some performance index (average value, best result, standard deviation, running
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time). Also comparison was made based on shortest path and average planning time
with various PSO variants and IPSO showed better results. Baoye et. al [75] developed
a PSO variant (FOPSO) that introduces an adaptive fractional-order velocity and
utilizes Bezier curve to smoothen planned path. This variant was tested on benchmark
functions to analyse its performance in comparison to some PSO variants. Shahab et.
al [23] implemented PSO in sampling points randomly along grid lines of between
start and goal points. First, points are spaced out and placed along Euclidean path from
start to goal points, the PSO samples points along the grid lines of initially spaced out
points. To assess the efficacy of this proposed approach, simulations were run in

various environments with static obstacles.
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Table 4: Applied particle Swarm Optimization and its hybrids for path planning of smart vehicles

Types Particle Inertia Cognitive Social Number of Typeof Type of Type of Software Remark Ref
size  weight fact factor generations vehicle obstacles Map
(w) or (cl) (c2)
Hybrid 20 10% 1.5 1.5 500 Single Dynamic 200x200 MATLAB e The [76]
PSO (Mobile Geometrical ~ 2018b performance of
robot) hybrid PSO
and ACO on
shortest path

and least time
constraint is
measured
against PSO
and ACO
separately.

e Although it’s
observed that
PSO
outperforms
ACO, the
hybrid gives a
superior
results.

EDPSO 150 1 0.4 0.4 150 Single Static 20 x 20 e Peaks of [77]
and Geometrical diversity in
Dynamic  (see Figure population
4d) gives room for
more
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200

0.9,
0.5

20,10

1.0,
2.0

100
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11x 11
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4c¢)

Quartic Bezier
transition curve
with three
control points
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[78]
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Number of  Type of
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0.4,
0.9

2

MATLAB e
R2016a
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2 3000 Single

Proposed [79]
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Proposed de-
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algorithm
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generated path.

FIMOPSO

50

0.4to
0.9

210 x 178
Geometrical
(see Figure

4b)

Static MATLAB e
and

dynamic

100 Single

Constraintsto  [80]
be minimized

are path length,

motor torque,

travel time,

robot

acceleration;

obstacle




Types Particle Inertia Cognitive Social Number of Typeof Type of Type of Software Remark
size  weight fact factor generations vehicle obstacles Map
(w) or (cl) (c2)

Ref

avoidance is
maximized.
e Obstacle
avoidance
problem is
solved with
Fuzzy
inference
system.

EDPSO: Enhanced Diversity Particle Swarm Optimization; PSO-AWDV: Particle Swarm Optimization - Adaptive Weighted Delay
Velocity; FIMOPSO: Fuzzy enhanced Improved Multi-Objective Particle Swarm Optimization



Adaptive Particle Swarm Optimization for Mobile Robot Navigation Adaptive Particle Swarm Optimization for Mobile Robot Navigation
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Figure 4: Sample maps implemented for particle swarm optimization : (a) APSO 200
x 200 map [71] (b) FIMOPSO 210 x 178 map [80] (c) PSO-AWDV 11 x 11 map

[78] (d) EDPSO 20 x 20 map [77]

2.2.4 Artificial Bee Colony (ABC)

Artificial bee colony algorithm, proposed by Dervis Karaboga to improve the
polynomial mathematical issues [81], is a technique centred on the hunting behaviour
of honey bees for food. Honey bees utilize pheromone and waggle dance to
communicate. A bee that discovers a food supply assesses the amount of nectar, goes
back to the hive, and performs a waggle dance to exchange the food source. The nectar
quantity in the food source is determined by the intensity of the waggle dance. The
position of a food supply for an optimization problem indicates one potential solution,

and its fitness is reflected in the nectar content of the food source.

The bees are separated into three groups by the ABC algorithm: employed workers,

observers, and scout bees. For each food source position, it is assumed that there is just
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one artificially hired bee. Through the waggle dance, employed bees can signal the
location of food supplies to observer bees. The watchful bees choose food sources
based on their quality. This implies that sources of food with higher quality are more
likely to be chosen. Employed bees change into scout bees to look for new food sources
when they leave a food source position. Scout bees memorize the quality of food spots
while searching and contrast them with ones already discovered to determine the best

one. The pseudocode for this algorithm can be found in Table A.4.

At the beginning, a population of food source position (SN) is determined (SN is the
size of the population), where each food source/solution is a D-dimensional vector (D
is the number of optimization parameters). Each food source is associated with a

probability p; which affects the choices of observer bees.

pi = < 7

YN, fitn

where fit; is the fitness of solution i, and SN is number of employed bees (population
size). New food position from old one is calculated from the expression below:

Vi = x5 + By (X — Xij) (8)
where k and j are random values in the set {1, 2,...,SN} and {1,2,...,D} respectively.
k should be different from i. @;; € [—1,1] controls the production of a neighbour food

source position around x;;.

Research on ABC for path planning has led to various improvements and hybrids of
ABC as outlined in Table 5. In navigating smart vehicles, [82] proposed a combine
ABC and evolutionary programming (EP) approach. The ABC algorithm was used as
the local search method while the EP was implemented to enhance the obtained

possible path. This work was implemented with multi-robot and improved for an
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unfamiliar environment with dynamic obstacles [83]. Despite the improvement, [84]
observed some flaws such as the distance of new bee position and obstacle not being
considered, and proposed an improved ABC-EP approach. Adaptive Dimension Limit-
Artificial Bee Colony Algorithm (ADL-ABC) was suggested by [85] to determine
optimal global path for mobile robot. Results show that it could find the solution with
few iterations and less computational time. A developed Directed Artificial Bee
Colony achieved better results in a dense environment (i.e. an environment with many
static obstacles) with comparison to other state-of-the-art algorithms [86]. To limit the
computational time effort in real-time path planning, [87] proposed a combined

Artificial Bee Colony and Dijkstra algorithm.
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Table 5: Artificial Bee Colony Algorithm for path planning of smart vehicles

Types Population Number of Type of Type of Type of Software Remark Ref
size iterations vehicle obstacles Map
ADL-ABC 100 1000 Single Static 10x 10 MATLAB Implemented dynamic [85]
Geometrical control limit reduces
computational time and
number of iterations.
Generated path is
smoothened using
cubic polynomial
through three via
points.
Better results are
observed when
proposed method is
compared to ABC.
ABC-EP 10 500 Single Static Various C While ABC builds a [82]
generations  (Xidoo-Bot, Geometrical  language path in collision free
(for EP) mobile and Grid space, EP improves the
robot maps. path using mutation to
Pioneer 3- (see Figure produce a short path.
AT) 5) Proposed approach was

implemented in some
benchmark maps.
ABC-EP is deployed to
an experimental
platform to show its
feasibility.




Types

Population  Number of
size iterations

Type of
vehicle

Type of Type of
obstacles Map

Remark

Ref

Improved
ABC-EP

200, 400, 100
600, 800,
1000

Single

Static and 100m x
Dynamic 100m
Geometric

MATLAB

Best food points among
randomly distributed
ones which aid in
finding optimum path
are selected based on
its distance to goal
point and nearest
obstacle.

When determining the
optimum path,
proposed algorithm
takes into account the
distance between the
new bee position (best
node) and any
surrounding barriers.

[84]

Enhanced
ABC

25 100

Single

Static 100 x 100
Grid

Cubic Ferguson spline
is introduced to
smoothen path
generated by ABC.

[88]

ADL-ABC: Adaptive Dimension Limit — Artificial Bee Colony; ABC-EP: Atrtificial Bee Colony — Evolutionary Programming;
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Figure 5: List of benchmark maps used in ABC-EP [82]

2.2.5 Firefly Algorithm (FA)

Firefly algorithm developed by [89], was stirred from the flashing behaviour of
fireflies. They communicate among themselves through their specific light patterns.
How bright the light of a firefly shines equates to its attractiveness. This attractiveness
is regarded as the fitness value in FFA. For any two fireflies, the brighter firefly attracts

dim one. The attractiveness of a firefly can be represented in the equation below [90].

B = Boe™ V" ©)
where £ represents the attractiveness, f,the maximum attractiveness value which can
be 1 in most situations, y the light absorption coefficient which lies between [0.1, 10],
and r;; the distance between firefly i and firefly j which is calculated using the standard

Euclidean distance.

r; = x+ B(xj— %)+ a(¢p —0.5) (10)
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Where x; and x; are the positions of firefly i and firefly j, a and ¢ are random numbers

in the distribution [0, 1]. The pseudocode for firefly algorithm is described in Table

AL

Firefly algorithm implementation in various research work can be seen in robotics
[91,92], machine learning [93], journalism [94], cloud computing [95]. A list of
proposed techniques for its implementation for smart vehicles is revealed in Table 6.
In improving convergence speed and local search accuracy of standard firefly
algorithm, [96] proposed a modified firefly algorithm (PPMFA) that infuses a
Gaussian random number to the fixed step size. The randomized value improves the
diversity to firefly population so as to prevent the algorithm from getting stuck at dead
end zones. Also a path centre technique was introduced to calculate two fireflies
distance from each other (i.e. two paths). At first, the geometric centres of each
segment in a path are connected to form new segments. The midpoints of these new
segments are connected and the process is repeated for new segments until one
segment is left which is referred to as path centre. The distance between to path centres
is assumed to be the distance between two fireflies. This modified firefly algorithm
gave better results in terms of accuracy and convergence speed when compared to
particle swarm optimization (PSO) and standard firefly algorithm (SFA). [97]
suggested Developed firefly algorithm (DFA) to solve multi-objective navigation
problem. Grid map extension was done on the utilized map in order to have feasible
paths. Comparison and segregation of paths, also known as fireflies is done using
Pareto dominance relationship. Non-dominant fireflies are kept in a created elite record
library and compared to other fireflies during iteration process. This algorithm also

involves an evolutionary stage which adds, removes or swaps points on a planning
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path to optimize it. DFA displayed better efficiency when tested with NSGA-11 on a

ZDT1 instance.

[98] applied firefly algorithm to navigate mobile robot in a map with dynamic
obstacles. Artificial intelligent mechanism is implemented to navigate the robot from
start to goal point while a controller which implements firefly algorithm is developed
to detect and avoid obstacles. The controller generates fireflies (or paths) when the
robot approaches an obstacle and the brightest firefly (i.e. the safest and optimum path
from the obstacle) is selected through Euclidean distance between it and the closest
obstacle. The execution of this approach outweighs other intelligent approaches when
compared in terms of path length in three different scenarios. Experimentation with
Khepera-I1 robot was carried out and its deviation from simulated results was about
5.7%. Alia et. al [99] developed a modified version of firefly algorithm to plan path of
mobile robot in a 3D sphere partially dynamic environment. A firefly is considered an
agent that navigates to a point around an obstacle. The generated paths are regarded as
possible solutions, of which the best path is chosen based on path length and the
completeness of the path. It is observed that this modified approach requires no large

memory space during implementation and works smoothly in sphere space.
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Table 6: Firefly Algorithm for path planning of smart vehicles

Type

Population
size

Generation

14

Bo

a

Type of
vehicle

Type of
obstacles

Type of Map  Software

Remark

Ref

FFA

Single

Static

10 x 10
Geometrical

A* algorithm
is used to find
the shortest
path.

Cubic
polynomial
spline is
interpolated
on the
generated
path to
produce
smooth
trajectory
using iterative
random
selection.

[91]

FAMCPSO

0.5

Single

Static

600cm x
800cm
Geometrical

MATLAB
2018b

Proposed
method is a
combination
of MCPSO
and FA.
Consideration
of inverse
dynamic and

[100]




Type

Population

size

Generation

Yy B «

Type of
vehicle

Type of
obstacles

Type of Map  Software

Remark

Ref

kinematic
modelling to
obtain
optimum
torque and
velocity for
wheels of
AMR.

The
recommended
hybrid
method
shows good
results when
compared to
various
algorithms in
different

environments.

MO-FA

200

150

Single

Static

Grid
(see Figure
6a)

C/IC++
language

Path safety,
length, and
smoothness
are
considered in
the design of

[101]




Type Population Generation y B, « Type of Typeof  Typeof Map Software Remark Ref
size vehicle obstacles
proposed
method.
FA-TPM 5-100 50-100 021 01 01 Single Dynamic Grid Microsoft e While TPM [102]
-1 -1 -1 (FireBird (see Figure Visual searches for
V robot- 6b) C++, obstacle free
NEX 2010 with path, FA
Robotics OpenGL performs
and obstacle
Embedded avoidance.
Real-Time
Systems
Lab, CSE
HT
Bombay)

FAMCPSO: Firefly Algorithm Modified Chaotic Particle Swarm Optimization; AMR: Autonomous Mobile robot; MCPSO:
Modified Chaotic Particle Swarm Optimization; FA-TPM: Firefly Algorithm-Three Path Method
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Figure 6: Sample maps implemented for firefly algorithm : (a) FA-TPM [102] (b) FA
100 x 100 map [98]

2.2.6 Cuckoo Search Algorithm (CSA)

Cuckoo search, a nature-inspired algorithm was developed in 2009 to solve
optimization problems [103]. It is centred on brood parasitism of cuckoo species in
their breeding and laying of eggs. In the search for host bird’s nest to lay their eggs,
they can go as far as emulating the colour and pattern of egg laying of host species
[104]. This fiddle and shading tricks give a very low probability for the host species to
identity the odd egg in its nest [25]. Peradventure the host specie discovers the odd
egg, it evicts the eggs from its nest or leaves to build a new habitation. Cuckoo eggs

hatch faster than host eggs, allowing it to evict the host's eggs, increasing the cuckoo
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chick's portion of food provided by the host [105]. In the behavioural rules of cuckoo

birds:

e Every cuckoo selects a nest at random to place an egg in turn.

e The nest that contains the cuckoo which survives being evicted by the host specie
will be moved to the next generation.

e A host has the probability P € [0,1] to discover the odd egg and the total number

of accessible eggs within the search space is fixed.

The search for a nest is done by random walk, although levy flight [103] is the most
widely used search method. To simply solve path planning problems, host eggs in a
nest can represent solutions and a cuckoo egg in the nest a new solution. This aims at
replacing the poor performing solutions with better solution (cuckoo’s egg).
Implementing levy flight search for a new solution x¢** is done with this mathematical
model.

x;" = it +a @ Levy(y) (11)
where i represents the ith particle, t stands for the iteration cycle, a« > 0 is the step
size, and @ means entry-wise multiplication. Step lengths of Levy flight are
distributed according to this probability.

Levy(y) = L7Y,(1<y <3) (12)
where L represents the length of the step size and y denotes the variance. P, y, and «
are key parameters that need to be fine-tuned to find improved solutions. Less fine-
tuning parameters is one of the pros of cuckoo search together with its possibility to
deal with multi-modal objective functions. A pidgin code to implement this algorithm

is described in Table A.6.
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Research carried out in implementing cuckoo search in various fields range from its
implementation in vehicle routing problem [106,107], neural networks [108],
scheduling [109,110], medical [111,112], cloud computing [113] to robotics,
especially navigation of smart vehicle. A variety of hybrids of Cuckoo Search for path
planning problem have been suggested as seen in Table 7. To solve multi-robot
collaboration and navigation in a dense obstacle map, [114] proposed Modified
Cuckoo Search as an innovative approach. [22] compared cuckoo search and other
metaheuristic algorithms with classical path planning algorithms in different path
planning scenarios. A hybrid CSA with firefly and PSO was proposed to minimize
computational cost and maximize algorithm efficiency for path planning of mobile
robots [115]. [92] used cuckoo search to prevent the proposed quantum firefly
algorithm from premature convergence. In order to optimize mobile robot path in an
environment with changing obstacles, [116] implemented a modified cuckoo search
algorithm to process the obstacle distance and heading angle information coming from

the robot sensor.
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Table 7: Cuckoo Search Algorithm for path planning of smart vehicles

Type P y «a Population  Number Typeof  Typeof TypeofMap  Software Remark Ref
size generations  vehicle  obstacles
MCS- 0.25 30 Multiple Static 450 x 450  Clanguage e PSO performslocal [117]
SCA-PSO (Epuck and Geometrical search, CSA
robot) dynamic  (see Figure performs global
7a) search, and sine
cosine algorithm
implements greedy
approach.
Improved 0.25 30 Single Dynamic  Topological MATLAB e Global search ability [118]
CSA 2014a is improved by
introducing mutation
and crossover.
e Convergence rate
and optimization
accuracy of
algorithm are tested
using unimodal and
multimodal
functions.
Hybrid 20 500 Single Static 12 x 12 MATLAB e The proposed [119]
CSA-BA Geometrical approach is
(see Figure implemented in two
7b) environments with

various positions of
circular obstacles.




Type P y a Population  Number Typeof  Typeof TypeofMap  Software Remark Ref

size generations  vehicle  obstacles
Hybrid  0.25 1 400 40 Single Static 10000 x 8000 MATLAB e Using intelligent [120]
genetic- x 5000 algorithms in path
cucking Geometrical planning of 3D
environment is
studied.
e Spherical obstacles
are implemented.
CSA- 1 02 20 1000 Single Static 200x 160 MATLAB, e CS-PSO-FA [115]
PSO-FA and and 100 x ROS algorithm is
multiple 100 Grid investigated both in
(Kobuki simulation and
mobile experimentally.
robot)
CSA-BA O0- 30 500 Single Static 12 x 12 MATLAB e CSA-BA obtainsa [121]
1 Geometrical 2015b better result in path

length than CSA and
BA separately.

CSA-BA: Cuckoo Search Algorithm — Bat Algorithm; CSA-PSO-FA: Cuckoo Search Algorithm — Particle Swarm Optimization —
Firefly Algorithm; MCS-SCA-PSO: Modified Cuckoo Search - Sine Cosine Algorithm - Particle Swarm Optimization



Bl 0osBox 0.74, Cpu speed: max 100% cycles, Frameskip 0, Progra.

a | b
Figure 7: Sample maps implemented for cuckoo search algorithm: (a) MCS-SCA-
PSO 450 x 450 map [117] (b) Hybrid CSA-BA 12 x 12 map [119]

2.2.7 Whale Optimization Algorithm (WOA)
Mirjalili et. al [122] proposed the whale optimization algorithm which simulates the
bubble-net hunting strategy of humpback whales [123]. Humpback whales mostly live
in groups and feed on krill and small fish herds close to the water body surface. During
foraging a humpback whale can dive around 12m deep into the water, then begin to
create distinct bubbles around a prey while it swims spirally upward towards the
surface. Its prey encircling, spiral bubble-net manoeuvre and prey search can be
modelled mathematically.
e Encircling prey
A humpback whale encircles a prey when it recognizes its location. WOA assumes
the best solution is the whale (search agent) that’s close to the target prey. Other
search agents adjust their position in relation to the best agent. This behaviour is

seen in the following equation:

D= |C.X"(t) — XD (13)
X(t+1) =X —AD (14)
A=2ar—a (15)
C=2r (16)
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where A and C are coefficients, t denotes current iteration, X" is the best whale

position, X is the current whale position, a is a decreasing constant from 2 to 0
which is expressed as a = 2 — % (M: maximum number of iteration), r € [0,1] is

a random value.
Spiral bubble-net manoeuvre (Exploitation phase)
As the value of a decreases, the encircling of prey shrinks, given A to be a random
vale in [-a, a], search agents can obtain the relationship between their position and
current best position when A is reduced to [-1, 1]. Furthermore, during the spiral
movement, the whale’s position to the prey is updated and the distance D' between
the ith whale and the prey (best solution obtained so far) is calculated as follows:
X(t+1) =D".eb . cos(2nl) + X*(¢t) (17)
D" = |X"(t) — X(®)| (18)
where b is a constant for defining logarithmic spiral shape, [ € [—1,1] is a random
value. During whale hunting, the encircling of prey shrinks while whale moves in
spiral motion at the same time, therefore the whales position is updated while it’s
encircling or while it’s in spiral movement on a probability of 50% as seen in the
equation below.

X*(t)—A.D, p<05

x(E+1) = {D’.ebl.cos(an) +X*(t), p=05

(19)

Searching for prey (Exploration phase)

During the search phase, a whale’s position is updated according to a random agent
i.e. when |A| > 1, not the current best agent i.e. when |[A| < 1. A global search is
performed when |A| > 1. Given X, ,nq4 to be a random agent’s position, a whales
updated position is given as:

D =|C. Xrana — X| (20)
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X(t+1) =Xygng —A.D (21)

A pseudocode of this algorithm is described in Table A.7. Researchers have applied
whale optimization algorithm for image segmentation [124], validation of welded
Al/Cu bimetal sheet [125], intelligent facial emotion recognition [126], improve power

system stabilizer [127], task scheduling in microprocessor system [128].

In the field of robotics, it has been implemented to plan joint trajectory of robotic arm
[129],for robotic manufacturing [130], to plan navigation of unmanned vehicles [131],
for multiple robot space exploration [132,133], for deep neural networks [134]. Table

8 lists various studies of its implementation in smart vehicle navigation.
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Table 8: Whale optimization algorithm for path planning of smart vehicles

Type

Population

size

Number
of
iterations

Type of
vehicle

Type of
obstacles

Type of Map

Software

Remark

Ref

WOA

100

Single
(Khepera Il
mobile robot)

Static

Geometrical

MATLAB

Algorithm solves mobile robot
scheduling problem in a
manufacturing environment.
Novel mathematical model is
proposed and experimentally
tested on 26 benchmark
functions.

[135]

Improved
WOA based
on GA

100

Single

Static

20 x 20 Grid

Proposed method can be
implemented for logistic
mobile robot.

Efficiency of proposed
algorithm is improved by
10.71% compared to traditional
WOA.

[136]

MWOA

100

500

Single

Static

300 x 500
pixels
Geometrical

Distance and smooth path
functions are minimized.

The pareto front-optimal
solution gives the optimal
solution for MWOA.
Proposed method has a lower
error rate than the Multi-
Objective Genetic Algorithm
(MOGA) method [137].

[138]




Type

Population
size

Number Type of
of vehicle
iterations

Type of
obstacles

Type of Map

Software

Remark

Ref

MO-WOA

50, 80,
100, 150

50, 70, 90, Multiple Static 15 x 15 Grid
110 (see Figure 8)

MATLAB

At 130 iterations and 150 way-
points, proposed algorithm
outperforms compared
deterministic and hybrid
stochastic exploration
algorithm.

Map exploration and minimum
time map enhancing accuracy
is the idea behind proposed
algorithm.

[139]

NWOA

1800 x 1800
Geometrical

Static and
dynamic

1000 Single
(Raspberry Pi

(3B+))

Python

Adaptive technology, enhanced
potential field factors and
virtual obstacles are introduced
to optimize the convergence
rate of the algorithm.

NWOA performance better in
convergence rate when
compared to WOA, GA-WOA,
and EGE-WOA.

[140]

Updated
WOA

8x8
Geometrical

500 Single Static

Proposes a changed whale
advancement calculation based
Mobile robot way
determination.

[141]




MWOA: Multiobjective Whale Optimization Algorithm; MO-WOA: Multi-Objective Whale Optimization Algorithm; NWOA:
Novel Whale Optimization Algorithm.



Occupancy Grid Iteration = 50; #WP = 150; a = 0.04; %Explored = 85.6564

gt X [meders)

(a) (b)

Iteration = 110; #WP = 150; a = 0.018182; %Explored = 97.5263 Iteration = 110; #Waypoints = 150; %Explored = 97.5263

TN s

(c) (d)
Figure 8: Sample map implemented for whale optimization algorithm: MO-WOA 15
x 15 map [139]

2.2.8 Grey Wolf Optimization (GWO)

Grey wolf optimization, proposed by [142] [142] simulates the natural leadership
pyramid and hunting technique of grey wolves. Grey wolves belong to set of apex
predators located at the top of the food chain order. They prefer to live in groups
(packs) of 5 — 12 on average and each individual in the group possess strict social

hierarchy as demonstrated in Figure 9.

A
AR
AT,
PN

Figure 9: Social hierarchy of grey wolves



The alphas («) are the leaders, a male and a female. Being at the top of the hierarchy,
they are considered the fittest solution and every order given by them must be obeyed
by other wolves in the group. The beta () wolves are ranked second and are
considered the best candidate to be alpha. The delta (6) wolves which constitute the
scouts, sentinels, elders, hunters, caretakers dominate the omega (w) wolves which are
considered as scapegoats in the park. In addition to this social hierarchy, grey wolves
hunt their prey in their packs. Starting from tracking, chasing and approaching the
prey, they pursue, encompass and harass their prey until it becomes too weak to resist
the pack, then it is attacked. This behaviour can be modelled mathematically by
assuming the fittest solution as the alpha wolf, the beta wolf being the second best
solution, the delta wolf as the third best and the rest of the solutions as the omega wolf.
The mathematical model is considered under these measures:

e Encircling the prey:

D= |CXp(t) = Xp (1) (22)
X(t+1) = Xp(t)— AD (23)
A=2dr—d (24)

C =27 (25)

where 4 and C are coefficient vectors, t is the current iteration, XT; is the position

vector of the prey, X is the position vector of the grey wolf, 7,7, are random

vectors in [0,1], and a is decreased linearly from 2 to 0 over the course of iteration.
e Hunting:

Because it is presumed that they have more knowledge about the location of

prospective prey, alpha, beta, and delta wolves update their positions before omega

wolves do for each iteration. Their position update is indicated in this formulas:

58



Xt+1) =& + X, + X3)/3

Attacking Prey (Exploitation):

Dy = |G X, (1) = X (1)
Dg = [C; Xp(t) = X ()]

Ds = |C5 X5(t) — X(0)|

Xi(t+1) = Xo(t) — A, Dy
X;(t+1) = Xg(t) — 4, Dg

X;(t+1) = X5(t) — A3 Dy

(26)
(27)
(28)
(29)
(30)
31)

(32)

The prey attack can be mathematically represented by decreasing the value of d

from 2 to 0 over the course of iteration. The grey wolf attacks the prey when |4| <

1 while 4 is a random value in [-2d, 2d].

Searching for prey (Exploration):

The wolves are forced to explore for a fitter prey when|A| > 1. A parameter Cis

a random value in [0, 2] which assist GWO to exhibit a random behaviour by

stochastically emphasizing (C > 1) or deemphasizing (C < 1) the attack of grey

wolves. Pseudocode of grey wolf optimization is shown in Table A.8.

GWO has been implemented to solve optimization problems in various fields such as

in medicine [143,144], operation sequencing [145], unmanned aerial vehicle [146],

multi agent systems [147], robotics (see a variety of proposed GWO for smart vehicle

navigation in Table 9). [148] proposed a hybrid PSO-GWO algorithm to optimize the

path length and provide a smooth trajectory for mobile robots. He then introduced

mutation operator to smoothen the trajectory generated by his proposed PSO-GWO
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solve local minimum of GWO for robot path planning. [151] recommended a Variable

Weight GWO to enhance speed and shorten planned distance of mobile robot.
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Table 9: Grey Wolf Optimization for path planning of smart vehicles

Type Population  Iterations  Type of Type of Type of Map Software Remark Ref
size vehicle  obstacles
IGWO 30 100 Single Static Geometrical MATLAB The algorithm is tested on 20 [150]
R2018b benchmark functions.
VM- 20,25 (For 35,20 (For  Single Static Geometrical 3D MATLAB Execution speed outperformed  [151]
GWO map 1) map 1) map) 2018a GWO.
25,30 (For  30,40(For
map2) map 2)
HPSO- Single Static Geometrical MATLAB Mutation operator from [148]
GWO- R2017a evolution algorithm is
EA introduced to solve path length
and smoothness.
HPSO- 100 500 Single  Static and 100 x 100 MATLAB Frequency-based function is [149]
GWO Dynamic  Geometrical (see R2019b introduced to modify the
Figure 10) search process of GWO.
HWGO 20 100 Single MATLAB Proposed algorithm is [152]
R2019 implemented in tuning

parameters of fractional order
PID controller.

IGWO: Improved Grey Wolf Optimization; VM-GWO: Variable Weight - Grey Wolf Optimization; HPSO-GWO-EA: Hybrid
Particle Swarm Optimization - Grey Wolf Optimization — Evolution Algorithm; HPSO-GWO: Hybrid Particle Swarm Optimization

- Grey Wolf Optimization; HWGO: Hybrid Whale Grey Wolf Optimizer;
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Figure 10: Sample maps implemented for grey wolf optimization: HPSO-GWO 100
x 100 [149]

2.2.9 Multi-Verse Optimizer (MVO)

Designed based on inspiration from the theory of multi-verse in physics, it is a
population-based algorithm built on three cosmological concepts: white hole, black
hole and worm hole [153]. In contrast to universe, multi-verse refers to the existence
of other universes which interact together in the multi-verse theory [154]. Big bang
[155], which is probably the key factor for the birth of the universe is considered as a
white hole by physicists [156]. Black holes, whose behaviour is dissimilar to white
holes attract light beams with high gravitational force [157]. Worm holes which act as
time travel tunnel connect different parts of a universe or even connects universes.
Universe expand through space due to a factor called inflation rate (eternal inflation)
[158]. Mathematical models have been built on these three concepts to carry out

exploration, exploitation and local search respectively.

MVO employs white and black holes to explore search spaces while worm hole

exploits search spaces. The universe is equated to a solution and objects in the universe
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is analogous to variables. The inflation rate of a solution is the fitness value of that

solution. Universes of MVVO follow these rules:

1. High inflation rate leads to a high chance of having a white hole.

2. Low inflation rate leads to a low chance of having a black hole.

3. High inflation rate universes are likely to pass objects through white holes.

4. Lower inflation rate universes have a tendency to get objects through black
holes.

5. Regardless of inflation rate, objects in all universes can move randomly

towards an optimal universe via wormholes.

Assume that U is a set of universes, where n is the number of possible solutions

(universes) and d represents the number of parameters or variables:

[xi xf - xf]
Lc,ll x2 o x@
then each parameter can be represented as below:
- (xl, r1 < NI(UD
x; = { ; . (34)
x;, r1 = NI(Ui)

i
xij is the jth parameter of the ith universe. NI(Ui) indicates the normalized inflation
rate of the ith universe. Ui is the ith universe. r1 is a random value in [0, 1]. x,]( denotes
the jth variable of kth universe chosen by a roulette wheel selection mechanism.
Roulette wheel, which depends on normalized inflation rate, selects a universe and
determines white holes for it. Through this mechanism, exploration is done. To
perform exploitation, each universe is considered to have wormholes which connects
them through a tunnel to the best universe formed so far in order to exchange objects

(parameters). For this, each parameter is represented as below:
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x) = {X; = TDR x ((ub; — lbj) x r4 +1by), 132 05" 7~ = (35)
x], r2 > WEP

i
where X; represents the jth parameter of the best universe formed so far, TDR
(Travelling Distance Rate) and WEP (Wormhole Existence Probability) are
coefficients, Ib; and ub; denotes the lower bound and upper bound of the jth parameter
J

respectively, x; represents the jth parameter of the ith universe and r2, r3, r4 are

random values in [0,1]. The formulas for the coefficients are as follows:

max—min

WEP = min+ 1 X (f) (36)
where min and max are the minimum and maximum respectively, [ tells the current
iteration and L is the maximum iterations.

Y
/P
TDR=1- "+ (37)

L'/p
where p denotes the exploitation accuracy over the iterations. Higher values of p gives

accurate exploitation/local search. Multi-verse optimizer is described in Table A.9.

MVO has been implemented to solve project scheduling problem [159], enhance
kernel extreme learning machine for medical diagnosis [160], model solar radiation
[161], solve economic dispatch problem [162]. In the area of robotics, researchers have
implemented it to solve path planning in 3D search space [163], tune PID controller
[164,165], plan navigation of quadrotors [166], plan path of mobile robot [167]. Only
a few researchers have applied MVO for navigation of smart vehicles as outlined in

Table 10
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Table 10: Multi-Verse Optimizer for path planning of smart vehicles
Type Type  Type of Type of Softwar Remark Ref
of obstacle Map e
vehicl S
e
Evolutionar  Single Python e Parameters [167
y Multi- (3.7) of each ]
Verse solution are
Optimizer the weights
and bias of
implemente
d Multi-
Layer
perceptron
Network.

MMVO Single  Static  Geometrica e 3D path [163
| (2D and planning in 1
3D) a modelled
3D
environmen
tis
examined.

MMVO: Modified Multi-Verse Optimizer;

2.2.10 Bat Algorithm (BA)

Bat algorithm, an incite from microbat’s sonar behaviour in communication was
developed by Xin-She Yang [168]. Microbats release a short but loud bust of sound
at frequencies within 25 kHz and 150 kHz and pays attention to the reverberated sound
from near objects. The nature of the echoed sound helps the bat in determining the
location of objects, thus defining their echolocation behaviour. Sometimes, the
frequency of pulse emission and loudness of sound increases when they are in search
of prey and decreases when a prey is found. The bat algorithm has been designed using
idealized rules based on the echolocation behaviour of microbats.

e Itis assumed that bats estimates distance from reverberated sound and are able to

contrast prey/food from other entities.
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e Bats move arbitrarily towards a prey at positions x; with velocity v;, frequency
fmin,» Wavelength A and loudness A,.
e The loudness is assumed to be between a large positive value and a minimum

defined value A,y

For the bat algorithm, the frequency which is assumed to be within [0, f,4x], New

velocity and new position are defined below.

fi = fmin + Fmax — fmin) B (38)
vi = v+ (xf — x)f; (39)
xf=x"1 +vf (40)

where x, represents the current global best solution from all n bats and g is a vector
within [0,1]. The loudness (A) is initially assumed to be any positive number typically
in the range [1,2] and then updated by a constant a € [0,1] as seen in equation 41.
A = 0 when a solution is found. The rate of pulse emission r? € [0,1] is controlled by
a constant y which can have the same value as a.
ATt =adl, T =11 - exp(-yt)], (42)
For local search, new solutions for each bat are calculated using random walk once a
solution is picked from the current best ones.
Xpew = Xo1qg + €AL (42)
where € € [—1,1] denotes a random number in [—1,1] and A® represents average

loudness of all bats at time t. Table A.10 narrates the pseudocode of bat algorithm.

Implementation of bath algorithm in the field of mobile robot’s planning and
navigation has shown tremendous results as seen in various literatures. Table 11 lists

some studies that have proposed improvements on BA with the variables considered
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in the study. Fatin et. al [169] proposed a modified frequency bat algorithm (MFB) to
observe its performance in obtaining a shortest path from initial to end point when
compared to the standard bat algorithm. When a robot detects moving obstacles, this
novel algorithm combines obstacle detection and avoidance techniques and relies on
sensor data to plan a new path. Simulation was done on a grid mat environment, and

results showed it outperformed the standard bat algorithm.
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Table 11: Bat algorithm for path planning of smart vehicles

Type Population A@©) r0) a ¥y fiin fimax Typeof Typeof  Type  Software Remark Ref
size vehicle  obstacles of

Map

MFB 5 1 05 098 08 O 10  Single Dynamic 12x MATLAB e Obstacle detection and [169]
12 avoidance method is
Grid integrated in the
algorithm.
Type-1 20 Single Static e BA modifies Type-1 [170]

FLS- FLS to generate
BA

optimum trajectory.
Proposed method aims
at obtaining the least
mean square error in
trajectory tracking.

MFB: Modified Frequency Bat algorithm; FLS-BA: Fuzzy Logic System — Bat Algorithm



2.2.11 Tabu Search (TS)

Tabu search [171] is an optimization algorithm that uses constraints to avoid local
minima in a given search space. It employs flexible memory cycles which intensify
and diversify local search patterns in order to obtain a suitable solution. During
exploration process, all information about current solution and explored solutions are
tracked [172]. Tabu search uses neighbourhood search methods to navigate from a
solution x to a feasible solution x" which is in the neighbourhood of x. This is done
iteratively until a stopping criteria terminates the process. Tabu search explores the
neighbourhood of each solution using memory structures that stores visited solutions.
This technique aids the search process to avoid being trapped in local minima and
explores other solutions in the search space [173]. These memory structures, also
known as tabu list contains a set of banned solutions that have just been visited n
iterations ago (n — known as tabu tenure is the number of iterations stored in the tabu
list). Implementing Metaheuristic Algorithms describes the procedure for

implementing this algorithm.

Only a few studies have been conducted on the use of the tabu search algorithm for
mobile robot navigation. Some of these studies as seen in Table 12 have concluded on
new hybrids that outperform the basic tabu search algorithm in path planning problem.
[174] proposed a novel tabu search algorithm for routing multiple Automated Guided
Vehicles in a warehouse. [175] designed a tabu search system model to solve the
problem of global path planning on grid maps. [176] developed a modified tabu search
method to navigate mobile robot in a complex environment. [177] fused the rules of

tabu search into a designed fuzzy controller to solve online navigation problems. [178]
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recommended a hybrid algorithm of tabu search and particle swarm optimization to

obtain best path for autonomous mobile robots.
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Table 12: Tabu Search Algorithm for path planning of smart vehicles

Type Iteration Type of Type of Type of Map Software Remark Ref
number vehicle obstacles
TS-PATH 30 Single Static Grid Designed a C++ e The effectiveness of the tabu  [175]
(see Figure 11) simulation model search for the global path
planning problem is
investigated.
PSO-TABU 31 Multiple Static Geometrical Designed a C e In terms of solution quality [178]
simulation and computation times, PSO-
environment TABU, outperforms the basic
PSO and TABU search
algorithm.
Modified Single Static 10 x 8cm Grid V-REP simulation e  Algorithm is verified in both  [176]
Tabu (Khepera- (simulation) and 400 x software simulation and experimental
Search I11 robot) 300cm? Geometrical platform.
(experimental) e Deviation between the
simulation and experimental
results is about 4%.
ANFIS Single Static 10x9,10x10and 10 MATLAB R2010b e Heuristic rules of Tabu [177]
X 14 Geometrical search is infused in fuzzy
controller.
e Fuzzy planner can handle
online navigation task.
Tabu 9 Single Static 10 x 10 Grid MATLAB e Algorithm generates [179]
Search trajectories to multiple goals




Type Iteration Type of Type of Type of Map Software Remark Ref

number vehicle obstacles
using the shortest possible
path.
GSTIACA Multiple Dynamic Grid e-Puck architecture e  Real-time simulation shows  [180]
in the Webots concurrent navigation and
simulation map building in dynamic
environment. environments.
TS/IFA 5-7 Single Static 561 x 380 px?and 433  MATLAB 2014a e TS/FA is an offline hybrid [181]
x 430 px? Grid and V-rep algorithm.
simulator e Bezier curve is used to

smoothen generated path.

TS-PATH: Tabu Search Path; PSO-TABU: Particle Swarm Optimization — Tabu Search; ANFIS: Adaptive Neuro-Fuzzy Inference
System; GSTIACA: Genetic Shared Tabu Inverted Ant Cellular Automata; TS/FA: Tabu Search / Firefly Algorithm



Figure 11: Sample maps implemented for tabu search algorithm: TS-PATH grid map
[175]

2.3 Analysis

It is worth noting that all the metaheuristic algorithms used in this work have been
validated on a variety of benchmark functions. Benchmark testing sets are
mathematical functions that help to realize solutions of dimension d, which give global
optima values [182]. Most common benchmark functions as seen in Table 13 are either
unimodal, multimodal or combinatory (combines unimodal and multimodal).
Unimodal functions give a single optima solution while multiple optimum solutions

are obtained using multimodal functions.

Metaheuristic algorithms play an important part in the research field in proffering
solutions to real world problems owing to benefits stated by [183]. Its high
effectiveness and flexibility makes it useful in solving increasing complex problems.
Citations are used to gauge a metaheuristic algorithm's popularity. Table 14 shows the

ranking of the aforementioned algorithms based on number of citations.
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Table 13: Common benchmark problems [117,150,182]

Function Equation Objective Modality
Name value
Spherical =4 0 Unimodal
xiz
=1
Schwefel =4 =1 0 Multimodal
222 Y lul+] i
i=1 i=1
Schwefel max | x; | 0 Unimodal
221 1<isn
Rosenbrock =4 0 Multimodal
100(xi41 — %;%)? + (1 — x)?
i=1
Step d 0 Unimodal
Zm +0.52
i=1
Schwefel i=d 0 Multimodal
418.9829d — Z _x; sin/Tx|
i=1
Rastrigin i=d 0 Multimodal
10 xd + z x;2 — 10 cos(2mx;)
i=1
Auckley 0 Multimodal
1 i=d
— exp Ez cos(2mx;) | +e
i=1
Griewank 2 0 Multimodal

Table 14: Citation ranking of algorithms used in this work (Retrieved 28 Nov, 2022,

Google Scholar)

Rank Year Algorithm Number of
citations
1 1995 Particle Swarm Optimization [61] 75041
2 1975 Genetic Algorithm (GA) [29] 74165
3 1992 Ant Colony Optimization [46,184] 5685 (from 1992)
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15447 (from 2006)

4 2014 Grey Wolf Optimization [142] 9881

5 1986 Tabu Search Algorithm [171,185] 6320 (from 1986)
9716 (from 1989)

6 2005 Artificial Bee Colony [186] 8060

7 2009 Cuckoo Search Algorithm [103] 7217

8 2016 Whale Optimization Algorithm [122] 6649

9 2008 Firefly Algorithm [89] 6224

10 2016 Multi-Verse Optimizer [153] 1656

Choosing an algorithm to implement for path planning problems is important when
considering the application of smart vehicles as listed in Table 15. The type of
algorithms matters when planning smart vehicles for rescue missions and urgent task
compared to when planning for surveillance or logistic purposes. Exploration and
exploitation are always trade-offs in optimization problems. The exploration process
efficiently searches the search space and avoids local optima regions to obtain global
solutions. But the downside to this is a low convergence speed. Exploitation process
results to high convergence speed, but there’s a possibility of getting trapped in local
optima regions. Therefore, in choosing an algorithm to perform path planning for a
particular task, it is important to consider these parameters - convergence speed and
finding global optimum.

2.3.1 Analysis On Computational Time and Shortest Path

A hybrid cuckoo search obtains an optimum path in less time when compared to PSO
and GA [187]. PSO produce a better convergence result than BA in tuning
omnidirectional mobile robot [188]. In addition, a hybrid PSO provides a shorter path

in reduced time when compared to a modified BA and ABC [189].

CS is proven to outperform BA in finding an optimum path [121]. A multiobjective

GWO achieves a better overall coverage of the search space to obtain an optimum path
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than multiobjective PSO and GA [190]. As part of a comparison to a proposed method,
ACO performs better in obtaining optimum path than GA [191]. Robot path produced
by a hybrid ACO-PSO is more optimal than ACO [192]. Simulation results from ABC
shows it obtains a shorter path than PSO [88]. Smart vehicles are used in industries
accomplish so many activities especially logistics in warehouses, material handling in
manufacturing factories, cleaning and disinfection, surveillance, rescue activities,
military activities. The studied algorithms are best fitted for some of these task shown

in Table 15.

Table 15: Various tasks performed by smart vehicles
Tasks
Vehicle scheduling
Warehouse material handling
Unmanned ground vehicle (military)
Search operation
Security and surveillance

Cleaning and disinfection operation

E-commerce delivery

2.4 Simulation Platform

Simulation of metaheuristic algorithms are performed on various platforms that offer
mathematical and graphical functionalities. While some offer a graphical view of a
simulated output, others like gazebo-ROS provide a 3D animated environment to
visualize a simulated output. The most common platform used by researchers which
is MATLAB provide inbuilt functions to ease the programming of metaheuristic
algorithms. Rather than using available simulation platforms, some researchers have
built theirs using some basic programming languages like C, C++ [175,178]. Table 16
lists the available languages and simulation platforms used by researchers. [193] has

done a quantitative comparison on some of these simulators.
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Table 16: Common platforms and programming languages simulation.

Platform/Programming Remarks Ref
language
Python e High-level user-friendly programming [194,195]
language.
C, C++ ¢ High-level programming language for [196]
general-purpose programming.
MATLAB  Modelling and simulation software built by~ [197]
MathWorks.
CoppeliaSim (formally e Creates room for importing personally [198-
V-REP) designed robots. 200]

¢ Robotic models can be controlled using C,
python, or MATLAB scripts including

ROS node.
ROS with Movelt e Movelt is the primary simulator in ROS for ~ [201-
motion planning, 3D perception, 203]
manipulation and control.
GazeboSim e Offers various libraries and cloud services [204—
for robot simulation. 207]
Webots o Offers a complete development [208—
environment to simulate robots and 210]
mechanical systems.
MORSE e Modular Open Robot Simulator Engine [211,212]

based on Blender game engine.
¢ A 3D simulator that offers a set of standard
sensors, actuators and robotic bases.
USARsIm e Urban Search and Rescue simulator for [213-
multi-robot purposes. 215]

2.5 Summary

This study gives a comprehensive review on various metaheuristic algorithms and their
hybrids developed by researchers to solve the problem of planning and navigating
smart vehicles. Classification of these algorithm has been based on population-based
(evolutionary, swarm intelligence, nature-inspired) and trajectory-based algorithms. A
comprehensive description of each algorithm has been done followed by reviews on
recent articles in the timeframe of 12 years (i.e. 2010 - 2023) of which majority of the
reviewed articles are within 2017 to 2023. The major parameters considered during

the review are the type of vehicles (single or multiple robot), type of obstacles (static
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or dynamic), type of map (topological, geometrical or grid map) and simulation
platform for analysis. Furthermore, analysis of these algorithms has been made based
on computational time and finding shortest optimum path and tasks carried out by

smart vehicles are enlisted.

It is observed that navigation of smart vehicles is a never ending problem because of
the need to optimize path length from a start to a goal point in less time. It can be noted
that researchers have done improvements and upgrades on some these algorithms to
solve observed anomalies [118,150]. A key observation is that a lot of hybrids between
these algorithms have been developed to fine tune some of its parameters [136] or
merge their advantages to become more robust [119]. To better fit an obtained path to
the kinematics of smart vehicles, path smoothening was considered as a parameter in
some reviewed literatures. Cubic polynomial [85,91], Bezier curve [78,181], B-spline
curve [56], Cubic Ferguson spline [88] among others generates smooth paths either by
interpolating through the points along the path or by using control points to produce a

smooth path close to the obtained linear path.

Majority of the reviewed work performed their simulation in a static environment,
however considering the use cases of smart vehicles in dynamic environments (moving
obstacles and humans), more work needs to be done in the navigation of smart vehicle
in changing environments. One case study has shown that using object detection
sensors and refining observed data through neural network with fine-tuned weights to
manipulate a smart vehicle can be a solution to planning a path in changing
environments [167]. Also, a hybrid of reinforcement learning with metaheuristic
algorithms can be studied to solve path planning problems. An example can be

incorporating reinforcement learning agents to monitor the trade-off of exploitation
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and exploration of population-based metaheuristic algorithms when planning a

navigation path.
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Chapter 3

RESEARCH METHODOLOGY

For this research methodology as shown in Figure 12, simulations are performed on
different maps to obtain the length of path from start to goal point and the time it takes
to obtain the desired path. Different metaheuristic algorithms are considered and for
each algorithm, the different sampling methods are applied. These samples are on
different environment with varying obstacle size and position. The start and goal point
Is specified for each environment, simulation is performed and the time and path length

are actualized.

Application of metaheuristic
algorithms for path planning

Particle Swarm Cuckoo Search

Genetic Algorithm s Firefly Algorithm T

Sampling Methods

Map Environment

Path Length Computational Time

Figure 12: Research methodology

3.1 Different Maps Implemented

Looking through various literatures, it was observed that the source of their maps were

not stated. After thorough research, a set of path planning benchmark maps which
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contained both simple and complex obstacles were listed by Marco et. al [82]. About

four of these maps are selected which can be seen in Figure 13.
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Figure 13: Binary occupancy grid maps: (a) 40 x 40 large map (b) 20 x 20 maze map
(c) 20 x 20 rockpile (d) 20 x 20 pothole map.

3.2 Sampling Methods

To understand the effects of sampling on population size of metaheuristic algorithms,
some sampling methods are considered.

3.2.1 Pseudo-Uniform Sampling

Probabilistic roadmap method is a sampling-based algorithm that solves robotic
motion planning problems [216]. The basic probabilistic roadmap method (PRM) has
two phase: learning and query phase [217]. Modified-PRM proposed by [218] utilized
pseudo-random sampling method instead of random sampling to sample points on an

environment.
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This sampling method samples nodes along a reference axis which is the main spatial
axis between the starting and goal node. With the order of the start and goal nodes
represented as S(xs, ys) and G (x4, y,) respectively, the length L and declination of the

spatial principal axis 0 are calculated below.

L= |l¢ -S| (43)
_T_ [yg=ys|
0= > arctan(lxg_ xsl) (44)

Given n as the number of sample points, the longitudinal sampling spacing N is:
L

A sampling point P; ;(x, y) is calculated as follows:

X = xs+ 14 *cos(6 + ¢;) (46)
Y= Ys+ 1q *sin(8 + ¢;) 47
Tq = i * Ndl i = [1,2, ,n] (48)

where (xq, y;) is the beginning point; r; denotes the sampling radius which has its
centre on the starting point; while ¢; € [—¢p, ¢y, ] is the sampling point’s angle of
deflection, ¢,, represents the maximum deflection angle which determines the angle
of the sampling region as shown in Figure 14a. For this work, only the uniform pattern

of this sampling method is considered.
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Figure 14: Pseudo-uniform sampling (a) Sampling with ¢,, = 20. (b) Adjacent
sampling layer connection.

Connecting the nodes, neighbouring layer connection strategy is used to connect
adjacent sampling layers as shown in Figure 14b.

3.2.2 Random Sampling

Random sampling is the uniform distribution of random numbers within a given
interval. For random sampling of points on a map, the points are generated within the
boundaries of the map using the “rand” function of MATLAB. A value is generated
and paired with another value to form a random point on the map. Choice of number
of points to generate are based on simulations of different iteration of number of points
on a map depending on its complexity (the area obstacles occupy with respect to the
area of the map).

3.2.3 Latin Hypercube Sampling

This sampling distributes random points evenly over a sample space. It helps to
generate controlled random samples and often applied in Monte Carlo analysis because
it can reduce number of needed solutions to achieve accurate results. In an n-

dimensional space, the search space is distributed evenly and samples are selected in
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each space. In the context of this study, this sampling method generates samples on
the x and y coordinate to form points on a map. A representation of this sampling is

shown in Figure 15.
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Figure 15: Representation of Latin Hypercube sampling on a map.
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3.3 Implementing Metaheuristic Algorithms

A comparative analysis of various metaheuristic algorithms is executed to obtain the
shortest path and the computational time. A number of population-based algorithms
are selected to analyse their performance based on the already defined parameters
(distance and time). The population samples in these algorithms are taken to be
different connected paths from a start node to a goal node while the fitness value is the
path length. This implementation is done on the selected maps for this study. The paths
are defined by the sampled points on the map. A description of how the selected
algorithms (GA, PSO, FA, CSA) are implemented, variables considered and

modifications made are revealed in this section.
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3.3.1 Genetic Algorithm
The possible solution (chromosome) is the set of nodes belonging to a path and having
the start and goal node. A chromosome is denoted by a number of gene. Every gene

contains two values which are (x, y) coordinates of the graph as illustrated in Figure

16.
Start goal
x-coordinate | 9 8 7 5 2 3
y-coordinate | 10 | 10 | 11 | 8 5 |5

Figure 16: A chromosome

The sum of Euclidean distance between two genes in a chromosome defines the fitness
function. Selection is done based on the best three fitness values using Roulette Wheel
Selection i.e. chromosomes with the smallest path length. Crossover operator
(crossover scattered) is implemented to generate a new offspring for the next
generation. Chromosomes will be generated in the new generation together with the
new offspring chromosome. After a number of generations, the program is terminated
and the chromosome having the best value is chosen to be the optimum path.

3.3.2 Particle Swarm Optimization

Particles in PSO represent solutions with position and velocity. Considering that
sample points on a map are discrete values, the basic PSO which deals with continuous
values doesn’t fit in to solve path planning problem, therefore a discrete PSO proposed
by Quan-ke et. al [219,220] is implemented. It utilizes the inertia weight, cognitive
and social factors for position update in each particle. Each particle follows its own
position X} to achieve it’s personal best P} and global G* position. The below defines

the position update.
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Xit =¢, ® F3(c; ® F,(w® F1(Xit_1)'Pit_1)' Gh (49)
where w is inertia weight, and c;, c, are cognitive and social factors. Three
components are embedded in the equation above, one being A} =w ® F;(X[™1)
having F; as the mutation operator with probability of w. A} is the particle’s velocity.
If a random number r € [0,1] is less than w, mutation is applied to produce A, else
AL = X1 The second component 8} = ¢; @ F,(1%, PF~1) has F, as the crossover
operator with probability c;. If r is less than c,, the crossover operator is applied to
produce &f = F,(AL, PFY), else 8f = AL The third component X! =c, ®
F5(8f,G*1) has F; as the crossover operator with probability c,. If  is less than c,,
the crossover operator is applied to produce X! = F;(8f,Gt1), else Xf = 6f. The
position is compared to its personal and overall best at each iteration. The optimum
path is obtained when the difference between the current and previous global best
value is below a given threshold or when a number of desired iterations are achieved.
3.3.3 Firefly Algorithm
Each firefly represents a possible path to be optimized. While a firefly’s attractiveness
in continuous problems is calculated with equation 9, the firefly’s brightness or path,
that is, its attractiveness in this study is defined by the fitness value of a path.
Therefore, all other parameters considered in the equation is left out because of the
discrete nature of the path. The distance between each firefly’s position is represented
by a mutation operation rather than the formula in equation 10.

3.3.4 Cuckoo Search Algorithm

The nests where the cuckoo lays its egg represents solutions to path planning problem.
Each solution is a discrete path defined with start and goal points at both end, passing
through other points that define the path. The operation of the discrete from of CSA

for path planning problem stirs from the work of Aziz et. al [221] on travelling sales
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person and the author of the algorithm, Xin et. al [89]. The survival of cuckoo’s eggs
in a nest defines the fitness value of such nest. Search for new nest is carried out by
levy flight, which is calculated using Mantegna algorithm [222]. Choice of values for
parameters such as the step-size scaling factor a, switching probability P, and levy
exponent S are based on the values determined in the author’s work [89]. Since the
solutions are in discrete form, search for new solution is done by mutating each
solution in an iteration with the best solution from previous iteration. This mutation

operation is influenced by the step-size obtained in the levy flight calculations.
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Chapter 4

RESULTS AND DISCUSSIONS

Simulations with different algorithms are performed on different maps with different
sampling methods. First of all, a map is selected, a sampling method is chosen for that
map, and all the metaheuristic algorithms are applied on the samples points generated.
The sampling of points on the map greatly influences the form of path generated for
each algorithm. The same start and goal point is used for all algorithms to understand
and analyse their outcomes based on path length and computational time. Three runs
are performed to observed a pattern of solutions obtained for each algorithm. All
simulations are performed on MATLAB R2022b using a windows 11 pro (version
22H2) computer with these specifications: intel core i5-2450M CPU @ 2.50GHz CPU,

8GB RAM.

All metaheuristic algorithms used in this study require paths with same length size.
Crossover and mutation especially in genetic algorithm can be easily performed when
all the paths have same length size. To obtain paths with same length size with start
and goal points at both ends of the path on random and Latin hypercube sampling is
not feasible. Given obstacles with different geometry and their location on an
environment, different paths to goal point from start point can be obtained with
different length size. Therefore, A* algorithm is used to obtain an initial single
solution. With this single solution, other solutions are generated to have same length

size as the initial solution. The time taken to sample points and generate solutions on
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a map for all sampling methods is considered differently from the time taken to

optimize these solutions with metaheuristic algorithms in this study.

Same population size (50) and maximum iteration/generation number (100) were used
for all algorithms. The population size was chosen from the suggestion of Yang et.
Al’s work [89] based on the author’s studies and observations. Although the maximum

iteration was set, iterations/generation stalled at values between 20 and 30.

89



4.1 Results of GA

In the implementation of GA, and elite count (i.e. number of parents to move to the next generation) was 3. The crossover operator was “scattered”.

The tabulated results of GA for all maps with different sampling methods are in Table 17. Different sampling methods on different map for GA

are shown in Figure 17.

Table 17: Tabulated results of Genetic Algorithm

Sampling method|  Map Start | Goal 1% Run 24 Run 3" Run
Path | Time | Sampling Path | Time | Sampling Path | Time | Sampling
length (s) Time (s) length (s) Time (s) length (s) Time (s)
(m) (m) (m)
Random 40 x40 [(3,35)| (37,5) | 49.0 54 37.6 524 55 37.9 53.3 6.2 39.2
Sampling large
20x20 |(2,19)| (19,2) | 471 13.4 124.5 46.5 18.0 124.1 47.0 16.5 108.7
maze
20x20 |(1,2) [(19,16)| 26.1 5.6 100.7 24.7 5.3 94.8 25.5 4.5 94.8
rockpile
20x20 |(2,3) [(18,17)| 216 14.6 132.9 215 26.6 119.6 21.6 19.8 124.4
potholes
Latin Hypercube | 40 x40 |(3,35)| (37,5) | 47.2 135 34.9 51.5 11.8 37.0 47.3 8.7 40.3
Sampling large
20x20 |(2,19)| (19,2) | 46.6 14.4 113.4 44.0 26.4 97.8 45.2 225 106.7
maze




Sampling method] Map | Start | Goal 18 Run 2" Run 3" Run
Path | Time | Sampling Path | Time | Sampling Path | Time | Sampling
length (s) Time (s) length (s) Time () length (s) Time (s)
(m) (m) (m)
20x20 |(1,2) [(19,16)| 26.3 41.4 125.4 25.2 6.9 105.0 25.0 5.2 106.0
rockpile
20x20 | (2,3) [(18,17)| 21.6 12.5 137.1 21.4 13.3 121.7 21.3 114 121.7
potholes
Pseudo-uniform | 40x40 |(3,35)| (37,5) | 49.3 8.8 70.4 49.3 6.6 61.6 49.3 7.1 61.9
sampling large
20x20 |(1,2)|(19,16)| 254 2.3 40.8 25.4 2.1 42.0 25.4 2.0 41.1
rockpile
20x20 | (2,3)|(18,17)] 224 7.5 126.9 22.3 7.1 112.5 21.6 51 111.2
potholes
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Figure 17: Different sampling methods on different map for GA (a) Random sampling on rockpile map (b) Latin hypercube sampling on large
map (c) Pseudo-uniform sampling on pothole map



4.2 Results of PSO

The key parameters of PSO which are inertia weight, cognitive factor and social factor were chosen to be 0.8, 0.5, and 0.8 respectively. The

crossover operator was “scattered” while the mutation operator was “Random resetting”. The tabulated results for all maps with different sampling

methods are in Table 18.

Table 18: Tabulated results of PSO

Sampling method Map Start | Goal 1st Run 2nd Run 3rd Run
Path | Time | Sampling Path | Time | Sampling Path | Time | Sampling
length (s) Time (s) length (s) Time (s) length (s) Time (s)
(m) (m) (m)
Random 40x 40 |(3,35)| (37,5 | 49.0 4.3 37.6 52.4 5.0 37.9 53.3 4.9 39.2
Sampling large
20x20 |(2,19)] (19,2) | 471 17.5 124.5 46.5 14.8 124.1 47.0 15.5 108.7
maze
20x20 |(1,2) [(19,16)| 26.1 4.1 100.7 24.7 3.8 94.8 25.5 3.6 94.8
rockpile
20x20 |(2,3) [(18,17)| 216 7.9 132.9 21.5 13.8 119.6 21.6 11.2 124.4
potholes
Latin Hypercube | 40x40 |((3,35)| (37,5) | 47.2 6.3 34.9 51.5 7.0 37.0 47.3 4.9 40.3
Sampling large
20x20 |(2,19)] (19,2) | 46.6 16.8 113.4 44.0 24.9 97.8 45.2 28.7 106.7
maze




Sampling method Map Start | Goal 1st Run 2nd Run 3rd Run
Path | Time | Sampling Path | Time | Sampling Path | Time | Sampling
length (s) Time (s) length (s) Time () length (s) Time (s)
(m) (m) (m)
20x20 |(1,2) [(19,16)| 26.3 54 125.4 25.2 4.3 105.0 25.0 4.0 106.0
rockpile
20x20 | (2,3) [(18,17)| 21.6 10.8 137.1 21.4 7.4 121.7 21.3 8.2 121.7
potholes
Pseudo-uniform | 40x40 |(3,35)| (37,5) | 49.9 7.8 70.4 49.9 5.4 61.6 49.9 6.0 61.9
sampling large
20x20 |(1,2)|(19,16)| 254 3.1 40.8 25.4 3.5 42.0 25.4 2.7 41.1
rockpile
20x20 |(2,3)((18,17)] 216 59 126.9 21.7 5.9 112.5 21.7 4.5 111.2
potholes




4.3 Results of FA

The mutation operator implemented in FA was “Random resetting”. The tabulated results for all maps with different sampling methods are in Table

19.

Table 19: Tabulated results of Firefly Algorithm

Sampling method|  Map Start | Goal 1% Run 24 Run 3" Run
Path Time | Sampling Path Time | Sampling Path Time | Sampling
length (s) Time (s) length (s) Time (S) length (s) Time (s)
(m) (m) (m)
Random 40x 40 |(3,35)| (37,5) | 49.0 1.9 37.6 52.4 3.2 37.9 53.3 2.6 39.2
Sampling large
20x20 [(2,19)| (19,2) | 471 35.5 124.5 46.5 53.8 124.1 47.0 38.8 108.7
maze
20x20 |(1,2)|(19,16)| 26.1 0.3 100.7 24.7 1.0 94.8 25.5 1.8 94.8
rockpile
20x20 |(2,3)((18,17)| 216 1.4 132.9 21.6 2.0 119.6 21.7 3.3 124.4
potholes
Latin Hypercube | 40 x40 |(3,35)| (37,5) | 47.2 1.8 34.9 51.7 3.5 37.0 47.3 2.1 40.3
Sampling large
20x20 [(2,19)| (19,2) | 46.6 335 113.4 44.0 54.2 97.8 45.2 325 106.7
maze
20x20 |(1,2)|(19,16)| 26.3 1.6 125.4 25.2 1.0 105.0 25.0 0.7 106.0
rockpile




Sampling method] Map | Start | Goal 18 Run 2" Run 3" Run
Path | Time | Sampling Path | Time | Sampling Path | Time | Sampling
length (s) Time (s) length (s) Time () length (s) Time (s)
(m) (m) (m)
20x20 | (2,3)((18,17)] 21.8 1.8 137.1 21.6 3.8 121.7 21.4 3.0 121.7
potholes
Pseudo-uniform | 40x 40 |((3,35)| (37,5) | 49.9 12.6 70.4 49.5 16.2 61.6 50.5 10.8 61.9
sampling large
20x20 |(1,2)|(19,16)| 254 8.6 40.8 25.4 8.8 42.0 25.4 9.7 41.1
rockpile
20x20 |(2,3)((18,17)] 225 10.4 126.9 23.0 15.9 112.5 22.8 11.2 111.2
potholes




4.4 Results of CSA

The key parameters step-size scaling factor «, switching probability P, and levy exponent § were chosen to be 0.25, 0.01, and 1.5 respectively.

The mutation operator implemented in FA was “Random resetting”. The tabulated results for all maps with different sampling methods are shown

in Table 20.

Table 20: Tabulated results of CSA

Sampling method| Map | Start | Goal 15 Run 2" Run 3" Run
Path | Time | Sampling Path | Time | Sampling Path | Time | Sampling
length (s) Time (s) length (s) Time (s) length (s) Time (s)
(m) (m) (m)
Random 40 x40 [(3,35)| (37,5) | 49.0 0.1 37.6 524 0.3 37.9 53.3 0.3 39.2
Sampling large
20x20 [(219)](19,2)| 471 | 125 124.5 465 | 114 124.1 470 | 122 108.7
maze
20x20 |(1,2) [(19,16)| 26.1 0.2 100.7 24.7 0.1 94.8 25.5 0.2 94.8
rockpile
20x20 |(2,3) [(18,17)| 216 0.1 132.9 21.5 0.1 119.6 21.6 0.2 124.4
potholes
Latin Hypercube | 40x40 |((3,35)| (37,5) | 47.2 1.8 34.9 515 2.3 37.0 47.3 0.2 40.3
Sampling large
20x 20 [(2,19)| (19,2) | 46.6 10.5 1134 44.0 23.0 97.8 45.2 20.2 106.7
maze




Sampling method] Map | Start | Goal 18 Run 2" Run 3" Run
Path | Time | Sampling Path | Time | Sampling Path | Time | Sampling
length (s) Time (s) length (s) Time () length (s) Time (s)
(m) (m) (m)
20x20 |(1,2) [(19,16)| 26.3 4.5 125.4 25.2 0.1 105.0 25.0 0.1 106.0
rockpile
20x20 | (2,3) [(18,17)| 21.6 0.2 137.1 21.5 0.1 121.7 21.3 0.1 121.7
potholes
Pseudo-uniform | 40x40 |(3,35)| (37,5) | 49.3 3.9 70.4 49.5 5.4 61.6 49.9 2.8 61.9
sampling large
20x 20 |(2,19)| (7,6) 16.8 1.9 51.3 16.8 2.4 514 16.8 2.5 55.0
maze
20x20 |(1,2)|(19,16)| 254 1.7 40.8 25.4 2.9 42.0 25.4 2.1 41.1
rockpile
20x20 | (2,3)((18,17)| 21.7 2.1 126.9 21.6 2.6 112.5 22.1 2.3 111.2
potholes




4.5 Discussion

In the simulation results as tabulated above (i.e. Tables 17, 18, 19, 20), there are three
runs for each operation is performed with a population size of 50. The nature of paths
generated is as a consequence of where the sample points are located on the map.
Figure 18 displays the Latin hypercube points on 40 x 40 large map. It can be observed
that the sample points affect the pattern of the path. For the random sampling and Latin

hypercube sampling, the total number of sample points is 500.
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Figure 18: Latin Hypercube sampling on 40 x 40 Large map (a) First run (b) Second
run (c) Third run

45.1 Comparative Analysis Between Algorithms
The selected algorithms are analysed based on the concept of “No-Free-Lunch (NFL)”

theorem [223,224]. This theorem is used to measure the performance of different
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optimizations algorithms against each other on various problems. It explains the
inability of an algorithm to outperform other algorithms on all represented objective
functions, which means that there is no well-performing universal algorithm. If an
algorithm performs well on average for one class of problem, then it must perform
poorly on average over other problems. Drawing that into this study, the average
results of each algorithm on path length is pitched against the average time for each
algorithm. Thus, the performance of each algorithm is analysed against each other

based on the path length and time.

In the case of Latin hypercube sampling on 40 x 40 large map, the results are tabulated
in Table 21. The values on this table are excerpts from tables in sections 4.1 to 4.4 of
this chapter. The graphical view of these results is displayed in bar charts in Figure 19.
In applying the NFL theorem, the average of each algorithm across all sampling
methods is obtained and the plotted bar chart is shown in Figure 20. The bar of GA
and PSO shows GA giving a better result on path length, although PSO optimizes in
less time thus meeting the conditions of NFL theorem. Although CSA outperforms all
algorithms in terms of optimization time, it obtained same shortest distance as GA for
run 1 and 2 and performed poorly against GA in the third run. But comparing the
results through all three runs, CSA can be said to have performed better. The nature of
paths generated by all four algorithms on large map with pseudo-uniform sampling is

shown in Figure 21.
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Table 21: Analysis of algorithms on 40 x 40 large map

Algorithms Run 1 Run 2 Run 3 Sampling

Path | Time (s) | Path Time Path Time

length length (s) length (s)

(m) (m) (m)
GA 49.0 5.4 52.4 5.5 53.3 6.2 -
PSO 49.0 4.3 52.4 5.0 53.3 4.9 8
FA 49.0 1.9 52.4 3.2 53.3 2.6 )
CSA 490 | 0.1 524 | 03 | 533 | 03 >
GA 47.2 13.5 51.5 11.8 47.3 8.7 z
PSO 47.2 6.3 51.5 7.0 47.3 4.9 BE
FA 47.2 1.8 51.7 3.5 47.3 2.1 S 5
CSA 47.2 1.8 51.5 2.3 47.3 0.2 &
GA 49.3 8.8 49.3 6.6 49.3 7.1 c o
PSO 49.9 7.8 49.9 5.4 49.9 6.0 = §
FA 49.9 12.6 49.5 16.2 50.5 10.8 § =
CSA 49.3 3.9 49.5 5.4 49.9 2.8 '

BMRunl ®WRun2 ®WRun3

54 53.3 53.3 53.3 53.3
E 52.4 52.4 52.4 52.4
— 52
e
Eo 50 49 49 49
s
=
& 46
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BRunl WRun2 mRun3
8
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Figure 19: Bar chart analysis of algorithms considering path length and time on 40 x
40 large map (a) Random sampling (b) Latin hypercube sampling (c) Pseudo-
uniform sampling
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Figure 21: Pseudo-uniform sampling on 40 x 40 large map (a) GA (b) PSO (c) FA
(d) CSA.

For a more complex map like the 20 x 20 rockpile map, due to the nature of points
sampled within the configuration free space as observed in Figure 24, there’s a high
chance that there’ll be more points on the obstacles than on the free space. This affects
the results as all algorithm reveal same path distance for a single run in determined
sampling method as observed in Table 22. The graphical view of these results is
displayed in bar charts in Figure 22 Increasing the total sampled points on the map
may give chance for the algorithms to have more points to optimize in generating a
path, but that will be at the cost of computational time. Based on the result on path
distance revealed in Figure 23, NFL theorem cannot be conceptualized as all
algorithms obtained same shortest distance. It can be observed that CSA has the

minimum optimization time compared to other algorithms.
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Table 22: Analysis of algorithms on 20 x 20 rockpile map

Algorithms Run 1 Run 2 Run 3 Sampling
Path Time Path Time Path Time
length (s) length (s) length (s)
(m) (m) (m)
GA 26.1 5.6 24.7 5.3 25.5 4.5 -
PSO 26.1 4.1 24.7 3.8 25.5 3.6 8
FA 26.1 0.3 24.7 1.0 25.5 1.8 g
CSA 26.1 0.2 24.7 0.1 25.5 0.2 3
GA 26.3 41.4 25.2 6.9 25.0 5.2 E
PSO 26.3 5.4 25.2 4.3 25.0 4.0 BL
FA 26.3 1.6 25.2 1.0 25.0 0.7 § 5
CSA 26.3 45 25.2 0.1 25.0 0.1 =3
GA 25.4 2.3 25.4 2.1 25.4 2.0 c o
PSO 25.4 3.1 25.4 3.5 25.4 2.7 = §
FA 25.4 8.6 25.4 8.8 25.4 9.7 % 2
CSA 25.4 1.7 25.4 2.9 25.4 2.1 '
BRunl mRun2 ®mRun3
26.5 26.1 26.1 26.1 26.1

€ 26

£ 255
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S 245

24

Time (s)
O B N W b U1 O

GA

PSO

Algorithms

BRunl MWRun?2

PSO

105

M Run 3

FA

1.8
1
cml
FA

Algorithms

0.2 01

CSA

0.2

CSA




Path Length (m)

Time (s)

Path Length (m)

30
25
20
15
10

50

40

30

20

10

30
25
20
15
10

25.4 254254

41.4

GA

254254254

GA

BMRunl WRun2 ®Run3

25.4 254254

PSO

25.4 254254

FA

Algorithms

BMRunl ®WRun2 ®mRun3

54 43 4
‘ 16 1 07
I = - ——
PSO FA
Algorithms
b

BRunl WRun2 EmRun3

254254254

PSO

254254 25.4

FA

Algorithms

106

25.4 254 254

CSA

0.1 01

CSA

254254 25.4

CSA



BMRunl WRun2 ®Run3

12
10 8.6 8.8
= 8
v 6
E 4 31 35 2.9
23 21 27 17 721
, Hm iln in
0 l ]
Algorithms
C

Figure 22: Bar chart analysis of algorithms on 20 x 20 rockpile map (a) Random
sampling (b) Latin hypercube sampling (c) Pseudo-uniform sampling
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Figure 23: No-Free-Launch analysis of algorithms on 20 x 20 rockpile map (a)
Comparison on path length (b) Comparison on time
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Figure 24: Disparity of sampled points (a) GA path on random sampling, run 1 (b)
GA path on latin hypercube sampling, run 1 (c) GA path on pseudo-uniform
sampling, run 1

A similar problem in rockpile map can be observed in the maze map results in Table
23 as there are more narrow free configurations, therefore increase in total samples
points means more sample points existing in free space. Based on the result on path
distance revealed in Figure 25, NFL theorem cannot be conceptualized as all
algorithms obtained same shortest distance for the three respective runs. It can be
observed in Figure 25b that CSA has the minimum optimization time compared to
other algorithms. The nature of paths generated with sampling methods is shown in

Figure 26.
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Table 23: Analysis of algorithms on 20 x 20 maze map

Algorithms Run 1 Run 2 Run 3 Sampling

Path | Time (s) | Path Time Path Time

length length (s) length (s)

(m) (m) (m)
GA 47.1 13.4 46.5 18 47 16.5 -
PSO 47.1 17.5 46.5 14.8 47 15.5 =
FA 47.1 35.5 46.5 53.8 47 38.8 5}
CSA 47.1 12.5 46.5 11.4 47 12.2 =
GA 46.6 14.4 44 26.4 45.2 22.5 z
PSO 46.6 16.8 44 24.9 45.2 28.7 BEL
FA 46.6 335 44 54.2 45.2 325 S 3
CSA 46.6 10.5 44 23 45.2 20.2 &

H EGA mPSO mFA mCSA

47 46.946.946.946.9

= 46.5 46.146.146.146.1
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Figure 25: No-Free-Launch analysis of algorithms on 20 x 20 maze map (a)
Comparison on path length (b) Comparison on time
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Figure 26: Path planning on sampling methods: (a) Random sampling (b) Latin
Hypercube sampling

On a simple map like the 20 x 20 pothole map, PSO and CSA produced the shortest
path in all three runs under random sampling, and PSO and GA achieved same
outcome for all three runs under latin hypercube sampling as shown in Table 24. In
applying the NFL theorem, the average of each algorithm across all sampling methods
is obtained and the plotted bar chart is shown in Figure 27Figure 20. GA, when
compared to FA gives a better result on path length, although FA finds the optimum
oath in less time thus meeting the conditions of NFL theorem. Although CSA
outperforms all algorithms in terms of optimization time, it obtained same shortest
distance as PSO for run 1 and 2 and performed poorly against PSO in the third run,
although the value didn’t deviate much as compared to FA’s result. But comparing the
results through all three runs, CSA can be said to have performed better. The nature of
paths generated with random sampling method on pothole map for all algorithms is

shown in Figure 28.
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Table 24: Analysis of algorithms on 20 x 20 pothole map

Algorithms Run 1 Run 2 Run 3 Sampling
Path Time Path Time Path Time
length (s) length (s) length (s)
(m) (m) (m)
GA 21.6 14.6 21.5 26.6 21.6 19.8 -
PSO 21.6 7.9 21.5 13.8 21.6 11.2 =
FA 21.6 1.4 21.6 2.0 21.7 3.3 §'
CSA 21.6 0.1 21.5 0.1 21.6 0.2
GA 21.6 12.5 214 13.3 21.3 11.4 z
PSO 21.6 10.8 214 7.4 21.3 8.2 RN
FA 218 1.8 216 3.8 21.4 3.0 S 5
CSA 21.6 0.2 21.5 0.1 21.3 0.1 =3
GA 22.4 7.5 22.3 7.1 21.6 5.1 c
PSO 21.6 5.9 21.7 5.9 21.7 4.5 = §
FA 22.5 10.4 23.0 15.9 22.8 11.2 % 2
CSA 21.7 2.1 21.6 2.6 22.1 2.3 '
B EGA mPSO FA ECSA
22.2 22.1
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Figure 27: No-Free-Launch analysis of algorithms on 20 x 20 pothole map (a)
Comparison on path length (b) Comparison on time
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Figure 28: Random sampling on pothole map, run 3 (a) GA (b) PSO (c) FA (d) CSA

4.5.2 Comparison on Sampling Methods

As discussed earlier, the positions of samples on a map affect the nature of a planned
path as shown in Figure 14. A comparison of the time it takes to sample points for
different maps is tabulated on Table 25. As observed from Figure 29, all sampling
methods take a longer time to distributes points on a pothole map. The reason is
because the sampling process involves placing and connecting points together,
therefore, because the obstacles on pothole maps are small, more points fall on the free

space, thereby yielding an increased connection time.

Table 25: Comparison on sampling time

Sampling Map 1 Run 2" Run 3" Run
method
Random 40 x 40 large 37.6 37.9 39.2
Sampling 20 x 20 maze 99.1 124.1 108.7
20 x 20 rockpile 100.7 94.8 94.8
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Sampling Map 1% Run 2" Run 3 Run
method
20 x 20 potholes 132.9 119.6 124.4
Latin 40 x 40 large 34.9 37.0 40.3
Hypercube 20 x 20 maze 113.4 97.8 106.7
Sampling 20 x 20 rockpile 125.4 105.0 106.0
20 x 20 potholes 137.1 121.7 121.7
Pseudo-uniform | 40 x 40 large 70.4 61.6 61.9
sampling 20 x 20 maze 51.3 51.4 55.0
20 x 20 rockpile 40.8 42.0 41.1
20 x 20 potholes 126.9 112.5 111.2
Random Sampling
150 1329 1241 124.4
g 99.1100.7 94.8119.6 108'794.8
+ 100
g
3 o 37.6 37.9 I I 39.2 I I
£
5, [ ] N
1st Run 2nd Run 3rd Run
Number of runs
B WE40x40large m20x20 maze 20 x 20 rockpile  ® 20 x 20 potholes
a
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150 .AL37.1
g 11347 675105 2 106.7106
+ 100
&
% - 34.9 I I 37 I 40.3
s, M O H
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Pseudo-uniform Sampling
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Figure 29: Sampling time from different sampling methods (a) Random (b) Latin
Hypercube (c) Pseudo-uniform.

There is a possibility of unsuccessful sampling of points on a map. Due to the nature
of pseudo-uniform sampling method in distributing points at a particular angle, it fails
to create a feasible solution space on maze map for a wide distance range because of

the complexity of obstacles. This is shown in Figure 30.
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Figure 30: Unsuccessful pseudo-uniform sampling on maze map.
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4.5.3 Comparison with Published Results

Analysis was carried out to compare with the results of Li et.al’s work on path planning
based on pseudo-sampling method [218]. Pseudo-uniform sampling method was
utilized with the total sampling points (N = m X n, where m and n denotes horizontal
and vertical sampling points respectively) being 30, 60 and 90. Both path length and
total composition time were considered and the test was recorded 10 times. Figure 31
and Table 26 shows the compared results in mean values. The start and goal points as
estimated from the author’s work are (405,43) and (47,405) respectively. This analysis

was performed with the map (450 x 455 m) used in the author’s work.

(b) (c)

Binary Occupancy Grid Binary Occupancy Grid
150
'K 4 '
b . ‘
400

¥ [metars]

@ © ®
Figure 31: Comparison of results: (a) Li et. al, N = 30, (b) Li et. al, N =60, (c) Li et.
al, N=90 (d) N =30, () N =60, (f) N = 90.
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Table 26: Comparison on Path Length and Total Time

Number Path length/m Total time/s
of
Sampling
points
(N)
Liett. GA PSO FA CsA Li GA PSO FA CSA
al

30 593.3 605.1 605.1 6051 6051|0404 6332 6.041 3539 4.852
60 590.6 5614 5614 5614 5614|2056 12075 12.840 14.343 11.980
90 578.7 532 532 532 532 |5.196 23.676 24.015 28.016 22.798
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It is observed from Table 26 that the results of the four algorithms are same. This is
as a result of the algorithms optimizing based on few sampled points (30,60,90) on the
map, so they all converge to same results. When the number of sample points is 30,
there’s no great advantage in the planned path compared to the author’s result. This
extends to the total construction time as the author’s result shows less time. At N = 60,
there is a 4.94% reduction in the path distance from the author’s result, although that
can’t be said the in the construction time as there’s a big difference. It can be observed
that as the number of points increase, the time it takes to obtain a path increases as
well. This is due to the fact that as the points increases, it takes more time to sample
and connect them within the configuration free space. There’s 8.07% reduction in path
length when the number of points is 90. More sampled points give a greater chance of
having a short path, and it also gives the algorithms the floor to show their difference

in performance due to larger solution space.

The four algorithms gives a better result in path distance when N is 60 and 90
respectively, although there is a poor performance in the total planning time when

compared to the authors result.
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Chapter 5

CONCLUSION

In this study, path planning problem is treated as an optimization problem. Two
important parameters are considered throughout this study for the path planning of
smart vehicles: path distance and computation time. An extensive review of the various
metaheuristic algorithms implemented for path planning problem is conducted and
four algorithms namely CSA, GA, FA, and PSO are considered and utilized in this
study. Four benchmark maps have been investigated in this study which are 40 x 40m
large, 20 x 20m maze, 20 x 20m pothole, 20 x 20m rockpile. Furthermore, 3 sampling
methods (pseudo-uniform, random, latin-hypercube sampling) are implemented to
generate nodes on the maps which define paths for the algorithms. To optimize a path,
a map is determined, a chosen sampling method samples points on the map, an initial
path is determined in order to define the path size (number of points that make up a

path), then a population is chosen for the algorithms to optimize.

For each map and each sampling method, the considered algorithms were analysed to
determine the path distance and obtain the time it took to find an optimum path. Three
runs were performed for each algorithm to obtain the optimal results. The performance
of the algorithms was analysed based on each map, and subsequently each sampling
methods. In majority of the runs, CSA obtained the shortest distance in least time as
compared to other algorithms. Although CSA performed poorly on path distance using

GA and PSO on the maze and pothole map respectively, its performance on other two
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maps was relatively better both on shortest distance and less optimization time. Results
also showed that sampling methods take a long time to distribute points on maps with
very less complex obstacles (pothole map). However, from the results, it was observed
that no single algorithm outperformed the rest on both shortest distance and minimum
optimization time. Although, CSA had the least computational time for all cases,
however, it is concluded that no single algorithm is universally the best-performing

algorithm for all maps.

This study was further extended to compare results obtained in a published study.
Although the author’s result showed a better performance in obtaining the shortest path
length when the number of sampled points was 30, that performance dropped as the
sampled points increased to 60 and 90. There was a clear difference in the path length
planning time as the author’s result showed better performance in all three selected

sampling points. All simulations were performed on R2022b MATLAB.

A very notable limitation to this work was the absence of some built-in algorithms in
MATLAB. As of the time of this study, only GA and PSO metaheuristics are built-in
libraries in MATLAB. Besides, the scope of this study covers the discrete nature of
these algorithms. Because the built-in algorithms work with continuous data (except
for GA which can optimize both discrete and continuous data), the discrete
metaheuristics were obtained from MathWork’s FileExchange website and some were
built out of some researcher’s work on discrete metaheuristic algorithms as cited in
section 3.3. This study can further be extended in the future to include path planning
on 3D maps. Also, analysis with dynamic obstacles can be considered in the

optimization of path distance in navigating smart vehicles.
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Pseudocodes of metaheuristic algorithms

Table A.1: Pseudocode of genetic algorithmTable A.1

GENETIC ALGORITHM

Choose encode method
G<0
Gmax < Maximum generation
Initialize population
for (G < Gmax) do
for (i = 1 to maximum population) do
Evaluate fitness of individual i
end for
Selection
Crossover
Mutation
Move new individuals to population G + 1
13 G«G+1
14 end for
15 return best individual
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Table A.2: Pseudocode for ant colony optimization

ANT COLONY OPTIMIZATION

Initialize nodes and necessary parameters
Initialize pheromone level of each node
Define maximum iterations ITR
while (ITR > 0) do
for each ant k do
n; < heuristic function of the search space (fitness value)
Transition_probability[j] < p(t)
Select node with the highest pf5 ()
Update pheromone level 7;;(t + 1)
end for
ITR=ITR-1
end while
Best solution « solution with best n;
return Best solution
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Table A.3: Pseudocode of particle swarm optimization

PARTICLE SWARM OPTIMIZATION

1  Initialize particle population size S
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2 GEN « 0

3 Initialize GENmax

4  for each particlei=1,....Sdo

5 Initialize particle’s position xi

6 Initialize particle’s best known position to initial position: pi < Xi
7 Initialize particles velocity vi

8 if fitness(pi) > fitness(g) then

9 g < pi

10 end if

11 while GEN < GENmax do

12 for each particlei =1,...,Sdo

13 for each dimensiond = 1,...,n do

14 71,172 < random normal distribution in [0,1]
15 Update particle’s velocity v,
16 Update particle’s position x4
17 end for

18 If fitness(xi) > fitness(pi) then

19 Pi < Xi

20 If fitness(pi) > fitness(g) then
21 g < Ppi

22 end if

23 end if

24 end for

25 GEN=GEN+1

26 end while

27  Best solution « solution with best n;

28 return Best solution

Table A.4: Pseudocode of artificial bee colony algorithm

ARTIFICIAL BEE COLONY ALGORITHM

1 Initialize bee population size SN = number of employed bees = number of
observer bees

2 Evaluate fitness of each bee f(sol)

3 Set best solution, solBest « sol

4 ITR<O0

5 Initialize ITRmax

6 while ITR < ITRmax do

7 for each employed bee i = 1,...,SN do

8 Select random solution and apply random neighbourhood
structure

9 Determine the probability of each solution, p;

10 end for

11 for each employed be do
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12 sol « select solution with highest probability

13 apply random neighbourhood structure
14 If f(sol) < f(solBest) then

15 solBest « sol

16 end if

17 end for

18 ITR=ITR+1

19  end while

20 return Best solution, solBest

Table A.5: Pseudocode of firefly algorithm

FIREFLY ALGORITHM

1  Objective function f(x), X = (xq, x5 ..., X4)

2  Initialize population size x; (i=1,2,...,n)

3 Determine the intensity (1) of each firefly determined by f(x)

4 Initialize GENmax

5  while (GEN < GENmax) do

6 for (i=1ton)do

7 for(j=1toi)do

8 if (I; > I;) then

9 Vary attractiveness with distance r via exp(—yr)
10 move firefly i towards j

11 Evaluate new solutions and update light intensity
12 end if

13 end for

14 end for

15 Rank fireflies and find the current best

16 GEN=GEN +1

17 end while

18 return Best firefly

Table A.6: Pseudocode of cuckoo search algorithm

CUCKOO SEARCH ALGORITHM

Obijective function f(x), x = (x4, X3 ..., X4)
Initialize population of n host nests
ITR<0
Initialize maximum number of generations ITRmax
while (ITR < ITRmax) do
i « Get a cuckoo randomly by levy flight
Evaluate fitness(i)
J < choose a nest

0o ~No o1k wbN B
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9

10
11
12
13
14
15
16
17
18

if fitness(i) > fitness(j) then
replace j by the new solution
end if
Abandon a fraction(Pa) of worst nest and build new ones
Keep the best nests
Rank the nests and find the current best
Pass the current best solutions to the next generation
ITR=ITR+1
end while
return Best nest

Table A.7: Pseudocode of whale optimization algorithm

WHALE OPTIMIZATION ALGORITHM
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Initialize the whale population X;(i = 1,2, ...,n)
Calculate the fitness of each whale
Xpest = the best search agent
while (t < maximum number of iterations)
for each search agent
Update a,A,C,l and p
if (p <0.5) then
if (|JA] < 1) then
Update current agent via Encircling Prey
else
Select a random agent (X_rand)
Update current agent via Search for Prey
else
Update search agent via Spiral Bubble-net
end for
Amend the position of whales that are outside the search space
Calculate the fitness of each search agent
Update X, if there is a better solution
t=t+1
end while
return X, ¢

Table A.8: Pseudocode of grey wolf optimization

GREY WOLF OPTIMIZATION

1

2
3
4

Initialize the prey wolf population X;(i = 1,2, ..., n)
Initialize a, A, and C

Calculate the fitness of each search agent

X, = the best search agent
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X = the second best search agent

X5 = the third best search agent

while (t < maximum number of iterations)
for each search agent

Update the position of the current search agent

end for
Update a, A, and C
Calculate the fitness of all search agent
Update X, Xg, X5
t=t+1

end while

return X,

Table A.9: Pseudocode of multi-verse optimizer

MULTI-VERSE OPTIMIZER
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22
23

24
25
26

Create random universes (U)
Initialize WEP, TDR, and Best Universe
SU « Sorted universes
NI < Normalize inflation rate (fitness) of the universes
while the end criterion is not satisfied do
Evaluate the fitness of all universes
for each universe indexed by i do
Update WEP and TDR
Black hole index « i
for each object indexed by j do
r; « random([0,1])
if r; <NI(U;) then
White hole index < RouletteWheelSelection(-NI)
U(Black hole index, j) « SU(White hole inde, j)
end if
r, « random([0,1])
if r, <WEP then
r; < random([0,1])
1, < random([0,1])
if r; <0.5 then
U(i,J) < Best Universe(j) + TDR
X ((ub() - Ib()) x 74 + 1b(j))

else
U(i,j) <= Best Universe(j) - TDR

X ((ub() — Ib()) x r, + 1Ib(j))
end if

end if
end for
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27 end for
28 end while
29 return Best Universe

Table A.10: Pseudocode of bat algorithm

BAT ALGORITHM

1  Objective function f(x), X = (xq, ..., xg)T

2 Initialize the bat population x; (i = 1,2, ...,n) and v

3 Define pulse frequency f; at x;

4 Initialize pulse rates r; and the loudness Ai

5  while (t < Max number of iterations) do

6  Generate new solutions by adjusting frequency,

7 and updating velocities and locations/solutions [equations (2) to (4)]
8 if (rand > r;) then

9 Select a solution among the best solutions

10 Generate a local solution around by flying randomly
11 end if

12 Generate a new solution by flying randomly

13 if (rand < Ai & f (x;) <f(x,)) then

14 Accept the new solutions

15 Increase r; and reduce A;

16 end if

17 Rank the bats and find the current best x,

18 end while

19 Post-process results and visualization

Table A.11: Pseudocode of tabu-search

TABU-SEARCH ALGORITHM

1  Generate initial solution (x,)

2 Initialize tabu list (TL < [ ])

3 Current solution(x) « initial solution (x,)
4 Best solution(xy.st) < current solution(x)
5  Define maximum iteration (ITRmax)

6 lteration (ITR) <0

7 while (|TR < |TRmaX) do

8  Sn « Get neighbours of xpegt

9 for S € Sy do

10 if S ¢ TL && fitness(S) > fitness(xpest) then
11 Xbest — S

12 end if

13 end for
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14 add Sto TL
15 end while
16 return xpest
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