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DISSERTATION ABSTRACT

NAME: Gamil Abdullah Mohsen Ahmed

TITLE OF STUDY: Internet of Drones Deployment for Intelligent Transporta-
tion System Applications

MAJOR FIELD: Computer Engineering

DATE OF DEGREE: April, 2022

Intelligent Transportation Systems (ITS) is a leading technology endowed with
cutting-edge technological advances to provide traffic safety and efficiency, and to
integrate vehicles and infrastructures with the cooperative vehicular technique by
utilizing the future trends. The emergence of Internet of Drones (loD) has at-
tracted much attention lately as it is used in a multitude of applications. Howewver,
the design of IoD deployment and coverage path planning has been hampered by un-
derline limitations and challenges, which motivate the quest for efficient solutions.
To cope with such challenges, this thesis analyzes the most recent collision-free path
planning protocols and UAVs deployment approaches to identify some of their po-

tential gaps and then proposes efficient mechanisms to fill such gaps. First, this
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thesis proposes energy efficient path planning approaches to avoid multiple static
and dynamic obstacles of different sizes. More importantly, the results validate
the efficiency and accuracy of the proposed algorithms in a sparse and dense en-
vironment that involves high collision risk with obstacle relative speeds up to 10
meters/second. Second, this thesis proposes two novel dynamic IoD collaborative
communication approaches for VANETs assistant, namely, IoDAV, 3DIoDAV, in
two and three-dimension terrain, respectively, to enhance the VANETs connec-
tivity. In the former approach, the flat terrain is assumed while the impact of
terrain elevation on communication is considered in the latter by proposing a 3D
propagation model for an efficient IoD-to-Vehicle (IoD2V) communication in 3D
space. The simulation results demonstrate that the proposed IoDAV approach al-
lows finding the optimal loD positions throughout the time based on the vehicle’s
movements. Besides, the simulation results of 3DIoDAV show the ability of the
proposed approach in detecting the terrain obstacles and thus, guarantees to dis-
patch the IoD nodes into the most appropriate locations in 3D space that minimize
the impact of terrain obstacles on communication. Third, routing protocols are
analyzed and AODV is found to be a suitable routing protocol in IoD network.
Finally, this thesis proposes a mathematical model for coverage and path planning
based on mized-integer linear programming (MILP) formulation. The results are
compared with the heuristic approach, and demonstrate the importance of using

the heuristic approach in large-scale problem sizes.
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CHAPTER 1

INTRODUCTION

Recently, Intelligent Transportation Systems (ITS) have emerged as an efficient
way of enhancing travel security, providing more choices to travelers, and im-
proving the performance of transportation systems. The smartness measurement
for smart city is related to its traffic monitoring, disaster management, quality of
life, healthcare, air quality, energy consumption, public safety, and other services.
Thus, to make cities smarter, the advanced information and communication tech-
nology is combined with a better transportation infrastructure together in I'TS to
pave the way for providing novel services in ITS environments. The aims is to
making traffic more efficient, convenient, and safe, addressing professional goals
such as changing the way we drive to reduce fuel consumption and accidents.
This will eventually promote road safety, minimize transportation problems such
as congested roads, and will in general help at making cities more sustainable. The
distribution of some services and facilities everywhere and reducing the services
cost while achieving a good infrastructure is an important aspect in the smart

cities. Furthermore, the harmful effects on the environment and awareness raise



due to the congestion and inefficient vehicles. It is worth mentioning that the de-
velopment in telecommunications and computing technologies has accelerated the
researches towards smart transportation [1]. This fast growth of paradigm is char-
acterized by an open architecture that allows transportation objects to interact
and cooperate in executing a wide range of tasks [2]. Besides, enabling a plethora
of applications such as intelligent guidance and collision avoidance, provides com-
fort and convenience as well as increases safety during driving. Therefore, the I'TS
is expected to play a significant role in future smart cities [3]. In fact, the safety
is the biggest motivation in most research in transportation systems. The World
World Health Organization (WHO) [4] reported that “more than 1.2 million peo-
ple die every year due to road accidents. Another 20 to 50 million are injured in
crashes”.

Furthermore, the overall transportation system automation cannot be achieved
through vehicles automating only. Indeed, other components of the end-to-end
transportation system and road also need to be automated such as rescue teams,
field support team, road surveys, and traffic police using UAVs. An example of
collaboration of UAVs swarm deployment for traffic monitoring of a smart city is
illustrated in Figl.1.

The ITS model includes Vehicular Ad hoc Networks (VANET) that pro-
vides an important services such as traffic management and navigation, as well
as safer road. VANET is a wireless communications network that provides
an enhancement Vehicle-to-Vehicle (V2V) communications and driving. The

Vehicle-to-Every thing (V2X) communication model includes V2V and Vehicle-to-



Figure 1.1: Collaboration of UAVs swarm deployment for traffic monitoring of a
smart city.

Infrastructure (V2I) communications in which the vehicles act as relays to provide
collaborative driving between connected vehicles on the road. VANET makes use
of two different technologies depending on the application: Ad hoc communica-
tions through the 802.11p standard, and infrastructure networks that use cellular
networks or Wi-Fi. In infrastructure networks, a base station is deployed based
on a centralized network topology, and the data is delivered from/to the vehicles
on the ground for real-time transportation information, safety, control data, and
entertainment. The communication channel between vehicles and infrastructures
facilitates efficient and safe V2I and V2V communications. Reliable and efficient
transmission amongst vehicles and Road Side Units (RSUs) is a prime concern of
ITS [5]. The design of an efficient communication system has pertained to under-

lying limitations such as heterogeneity, high mobility, and channel variation. To



cope with such limitations, the dedicated Base Station (BS) is brought to the road
edge by proposing the RSU. Another challenge to consider in V2X communications
is when the area lacks infrastructure support. Although vehicle communications
can rely on many wireless access technologies [6], for example the use of 4G LTE
technology to support communications in areas with limited infrastructure such
as rural areas. The main problems usually arise when communications take place
in areas that have no infrastructure support at all. Ad-hoc communications are
the preferred networking approach in vehicular scenarios, since the multiple ve-
hicles have to be included in information dissemination. It has to be noted that
although the deployment in direct Wi-Fi is easy and fast, it provides only single
hop communications. Therefore, the services provided by ITS cannot be fully
deployed using this technology.

Over the last few years, research in Internet of Drones (IoD) formation has
gained a broad-spectrum attention in various complex applications due to its
unique features such as agility, mobility, flexibility, and quick deployment at a
target area that allow it to navigate a rough and remote area that humans can-
not access [2], [7]. Therefore, for applications that require highly complex tasks,
which individual drone can’t perform effectively, IoD can be used to accomplish
such tasks efficiently. On the other hand, the rapidly growing popularity of loD
for consumer applications dramatically increases the number of accidents involv-
ing drones. The drone faces two types of environment obstacles during its mission,
namely, static and dynamic obstacles. For the former, locations of obstacles are

known and fixed, while the locations of obstacles are changeable in the letter,



and they may appear suddenly in front of the drone [8]. Thus, for drones to
complete their missions, the prime concern is the mission’s safety. Without pre-
venting collision among drones and with obstacles, safety is not guaranteed. The
main challenge in IoD formation is the need for an efficient and effective collision
avoidance protocol in static and dynamic environments, which is very important
in civilian and military applications [2].

The terrain coverage is one of the most important tasks of drones, which has
been engaged in many applications, such as disaster management, photography,
and intelligent agriculture [9]. In such applications, planning an efficient flight
path is a critical issue due to limited onboard battery-powered that limits the
flight time of a drone.

The path planning can be classified into two types, namely, point to point
path planning and Coverage Path Planning (CPP). In the former, the path con-
nects a set of consecutive points from start point to the destination point without
considering the coverage of Area Of Interest (AOI), while the path covers the
whole region by passing through all points of AOI from starting point, i.e., depot,
to the endpoint and returning to the depot while detecting and avoiding obsta-
cles [10]. The goal of the CPP mechanism is to seek an optimal collision-free flight
path so that full coverage of a given region is guaranteed under specific constraint
conditions which is a complicated global optimum problem.

Among different types of drones, a quadrotor drone is becoming popular and
mainly utilized in a variety of applications due to its low cost, simple design,

small size, and ability to hover in place. Moreover, many applications involve



commercial quadrotor UAVs such as search and rescue, monitoring, and surveil-
lance photograph [11], [12]. In this thesis, the terms UAV and drone are used

interchangeably.

1.1 Thesis Motivation

Despite the advancement in today I'TS in some countries, these I'TS are still limited
inside cities and most roads have no sort of infrastructure supporting for vehicular
networks. Furthermore, as the technology advances, drones become increasingly
autonomous and gain new capabilities. On the other hand, in high drones density
and increasingly complex mission situations, drones pose new threats as they get
closer to each other or obstacles. Also, control and communication become more
complex and difficult to manage. In addition, these IoD may merge from different
directions, where the risk of catastrophic collision increases. For instance, in
certain situations like an urban environment, the drones are tasked to fly through
such an environment and must quickly navigate around considerable obstacles
while avoiding the collision. Another scenario, in a forested environment, the
drone has to travel throughout the tree lines and has to avoid collisions. In such
applications, the drone needs to be endowed by an efficient approach to respond
quickly and avoid collision with nearby obstacles, while planning its flight path.
Although several works have been done to avoid static and dynamic obstacles,
the researchers test their approaches using a small number of obstacles in large

environments where the probability of collision is very low making their approaches



suitable for light environment applications and they are not guaranteed to work
in dense environments.

This thesis analyzes the most common existing collision-free path planning and
IoD deployment mechanisms for identifying some of their potential gaps and then
attempt to propose more effective algorithms to fill these gaps. The remaining of
this subsection is devoted to explain the collision avoidance and IoD deployment

strategies.

1.1.1 IoD Collision-Free Static Path Planning

In highly dense environment where static and dynamic obstacles fill the region,
drones density and increasingly complex mission situations, drones pose new
threats as they get closer to each other or obstacles. In highly congested ter-
rain, dynamic and static obstacles have a critical impact on IoD performance.
One of the critical challenges in ToD missions is to avoid obstacles for successfully
and safely completing tasks. As drones density increases, the probability of intra-
collision increases and the collision avoidance becomes a challenging task that
need to be addressed. In dynamic path planning, complete information about the
environment may not be available ahead of time, so incomplete knowledge about
dynamic obstacles is assumed. In this case, the obstacle has to be detected during
the mission, which requires real-time path optimization or dynamic path planning
in which a complete path is not available. But rather an optimal path information
within the drone’s field’s of view. Besides, each member requires to maintain a

specific minimum distance from other drones in the formation [13].



Generating a safe path that is collision-free for IoD formations is the key
challenging task in dense swarm and environment constraints. These shortcomings
motivate the quest for a solution where IoD should be endowed by an intelligent
and accurate collision avoidance algorithm in which IoD paths are modified to

guarantee drones’ safety.

1.1.2 IoD Energy Efficient Static and Dynamic Collision-

Free Path Planning

Despite the distinct features of UAVs and their increasing popularity, inherent
limitations still hinder the full potential of their applications. The main limitation
is the limited lifetime of on-board batteries which limits its flight time [14]. As
a result, most applications can not reach their full potentials. Moreover, for a
long path where the drone needs to perform its mission in a large area, the energy
consumption by UAV should be minimized to generate a safety path and reach
its destination. To clarify the picture, if the energy of the UAV is improved, the
UAV can accomplish more tasks in a shorter time. Conversely, if the drone is
not endowed by an efficient energy mechanism, it needs to perform more recharge
cycles which increases the mission time. For this reason, reducing the energy
consumption during the drone mission is a key challenging problem. To tackle
this challenge, UAV should be endowed by energy model so that the collision-free

paths are generated with minimum energy.



1.1.3 2D IoD Assisted-VANENT

VANETSs have gradually emerged as a leading technology to deliver the data
from/to the vehicles on the ground for real-time transportation information, enter-
tainment, safety, and control data [15], [16]. The design of an efficient communi-
cation system has pertained by underlying limitations such as heterogeneity, high
mobility, and channel variation. To cope with such limitations, the dedicated base
station (BS) is brought to the road edge by proposing the RSU [17]-[19]. But,
fixed RSU is limited by environment constraints that reduce the probability of
the Line-Of-Sight (LOS) condition. This problem can be addressed by increasing
the number of RSUs, resulting in a high deployment cost. Moreover, the vehicles
in the VANET network are allowed to follow a restricted road and communicate
with each other and with stationary stations alongside the road. However, the
dynamic movement of vehicles causes frequent topology changes; therefore, the
connectivity of a large number of vehicles is intermittent [20]-[22].

Recently, ToD has seen a significant consideration due to its high potential
influence. It can be integrated with other architectures to bring a plethora of
applications to our life such as telecom, military, rescue, search, and monitor-
ing as mentioned above. Unlike static infrastructures on the ground, IoD can
achieve a better LOS condition toward ground users when acting as a relay net-
work. Therefore, It provides an effective and efficient temporary communication
in the emergency situation in which the terrestrial infrastructures are damaged or

unavailable. Due to the above distinctive traits of the IoD paradigm, V2V com-



munication can be enhanced by deploying a swarm of UAVs as a relay network to
establish a reliable wireless communication between vehicles in VANETS.

The deployment of the IoD network has been studied in the literature for
coverage problems. However, such deployment has been restricted by underline
challenges. Although deploying IoD at a high altitude provides a better LOS con-
dition, the distance between the IoD network and vehicles on the ground increases

which in turn increases the path loss.

1.1.4 3D IoD Assisted-VANENT

The terrain features have a significant impact on IoD-to-Vehicle (IoD2V) commu-
nication because the height of the terrain can act as an obstacle and causes signal
attenuation. As a result, the [oD2V communication will experience the effect of

multipath propagation.

1.1.5 IoD Energy Efficient Coverage Path Planning

The coverage problem for terrain is one of the most essential tasks of IoD, which
has been engaged in many applications, such as disaster management, photogra-
phy, and intelligent agriculture [9], [23]. In such applications, planning an efficient
flight path is a critical issue due to limited onboard battery-powered that limits
the flight time of a drone. Although adapting the swarm of drones in coverage path
planning achieves flexibility enhancement and cost reduction in practical applica-
tions development, carrying out their path planning in a complex and large-scale
environment increases the complexity of collaborative control and decision-making

10



systems [24]. Such strategies have a significant impact on coverage problem effi-
ciency because generating trajectories require several constraints and high levels

of coordination, which are highly dependent on the positions of UAVs.

1.1.6 IoD Routing Protocols

Routing protocols are essential In oD network to exchange packets, and play
a significant role to enable reliable UAV-to-UAV (U2U) communications for the
[oD network. However, developing these protocols in highly dynamic topology
changes becomes a challenge. The extreme change in topology causes intermit-
tent disconnection of the network. The restriction range between the drones and
the base station is another challenge. Hence, dynamic topology, and high mobility
of drones make the development of a routing protocol to ensure reliable commu-
nication is difficult to achieve in UAV network [25]-[27]. On the other hand,
the UAV network shares many similarities with the traditional ad hoc network.
Therefore, traditional routing protocols can be utilized as the basis to provide

UAV swarm communication.

1.2 Thesis Objectives

This thesis aims to propose a new approach enabling drones to collaborate and
intelligently be deployed to enhance the coverage of VANET network. Besides,
the ToD swarm will be able to avoid drones collision. To meet our objective, this

thesis proposes energy-efficient collision avoidance mechanisms and optimal IoD
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deployment solutions that are able to mitigate the IoD formation related short-
comings and assist the VANET network. To quantify these aims, the objectives

are abstracted as follows:

o loD Energy-Efficient Static and Dynamic Collision-Free Path Planning

UAVs consume considerable energy while planning the path and avoiding obsta-
cles. One of the main concern is energy limitation as IoD nodes are battery
powered which limits the flight time. This makes energy a precious resource that
should be minimized during mission. Another concern is the collision of UAV
either with terrain or with other UAVs in the formation. For safety mission, col-
lision should be addressed for drones to accomplish their tasks. This objective is

achieved in [2], [7].

e 2D IoD Optimal Deployment Solution

This is another key point to be considered which aims to provide a connectivity of
VANET network where ToD acts as a rely network and can be deployed at optimal
location to enhance the communication of VANET network. The IoD nodes are
endowed with optimization mechanism to autonomously decide on their locations
and altitudes to maximize the coverage area of application. This objective is

achieved in [28].

e 3D IoD Air-to-Ground Simulation Model

The terrain has a significant impact on communication, where building, hills, and
mountains act as obstacles and hinder or attenuate the transmitted signal. Thus,

12



considering theses terrain elevations allows to efficiently dispatch the IoD into the
most appropriate location that minimize the effect of terrain on communication.

This objective is achieved in a journal paper accepted in Electronics.

o IoD Routing Protocols

This is also an important key for analyzing different multi-hops routing protocols
suitable for drones’ deployment and path planning. A draft under preparation to

be submitted.
o Mathematical Model for Collision-free Coverage Path Planning

The key aim is to develop a mathematical model for path planning and coverage
based on Mixed Integer Linear Programming (MILP) formulation, and compare it
with heuristic approach for different problem sizes. This objective is achieved in a
journal paper submitted to a special issue ”"Digital Twins in Smart Transportation

and Mobility” in Computer Modeling in Engineering Sciences.

1.3 Thesis Main Contributions

o oD Static Collision-Free Path Planning via TIPSO

IoD Static Path Planning via Improved Particle Swarm Optimization (IPSO) is
presented in Chapter 3. The aim is to enhance the optimality and rapidity of
three-dimensional ToD path generation by improving the PSO algorithm. The re-
sults exhibit significant improvement in convergence speed as well as an optimal

solution, which proves the ability of the proposed method to generate a safety path
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for IoD formation without collision with terrain obstacle and among drones. Also,
this work presents thorough analysis considering the optimality and rapidity of
IPSO in generating collision-free paths for IoD. The proposed approach is imple-
mented using matlab software. Then the strength and shortcoming are evaluated
according to the obtained results. Besides, the proposed approach outperforms

CIPSO [29] in terms of optimality and convergence.

o IToD Energy-efficient static and dynamic Collision-free Path Planning

It is presented in Chapter 4. The proposed approach aims to work online in a
dense environment in which a drone flies through a narrow passage due to several
static and dynamic obstacles filled the terrain. Therefore, the feasible paths from
current locations for all drones in IoD formation are not always guaranteed. To
guarantee a feasible paths for all drones in the formation, the proposed approach
puts some drones in a hovering state for some time. Furthermore, the drone can
backtrack when hovering in place is not possible. It is also noteworthy that, the
drone is allowed to fly vertically if hovering and backtracking are not possible to
avoid crashing with nearby obstacles, which increases the ability to avoid colli-
sions. It also provides an energy-efficient path generation to obtain a collision-free
path with minimum energy requirement. The algorithm is able to avoid the fol-
lowing collisions:

(1). Drone-to-drone collision avoidance.

(2). Drone-to-static obstacles collision avoidance.

(3). Drone-to-dynamic obstacles collision avoidance.

14



The proposed approach is implemented using matlab software. Besides, the pro-
posed approach outperforms the work in [30] in terms of considering IoD formation

and the number of collisions (NoCs).

« 2D Collaborative ToD-Assisted VANETSs (IoDAV)

[IoDAYV is presented in Chapter 5. The aim is to dynamically dispatch the IoD,
used as a relay network, at optimum coverage base-on cars’ locations using Re-
ceived Signal Strength Indicator (RSSI). In this work, the TIPSO algorithm in
Chapter 3 is implemented to achieve the aforementioned objectives so that suffi-
cient signal strength towards all isolated vehicles on the ground can be achieved by
the ToD network to guarantee the best coverage at each specific time. Moreover,
the connectivity of the IoD network is addressed by the proposed optimization
approach where the objective function includes the connectivity to be achieved for
a better solution. Based on the vehicles’ distribution on the ground, the proposed
approach dispatches the IoD nodes to the most appropriate locations in real-time.
The main assumption is that lack of infrastructures exists in the environment and
the connectivity among vehicles is minimum. For example, in urban area, the
buildings may obstruct the line of sight and the connectivity among vehicles is
lost. Besides, the movement of UAVs in oD aims to explore the 3D space to offer
the connectivity for ground vehicles. The proposed approach is implemented using
SUMO, VIENS, in OMNET++ network simulator. Then through the obtained
results, the strength and shortcoming are evaluated. Besides, the [oDAV is com-

pared against VANET without drone, i.e, No loD and with static deployment oD,
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i.e., FloD. Finally, [oDAV outperforms NIoD and FIoD in terms of normalized

overall coverage and average RSSI.

« 3D Collaborative IoD-Assisted VANETSs (3DIoDAV)

3DIoDAYV is presented in Chapter 6. The aim is to enhance the communication
of vehicles on the ground and reduce the impact of terrain obstacles on commu-
nication. In doing so, a three-dimensional propagation model for IoD2V com-
munication to assist the communication quality between IoD in air and cars on
the ground is proposed and used in IoD assisted VANETs. Towards this end,
the optimal deployment of IoD nodes is obtained by the optimization algorithm
implemented, i.e., IPSO. The proposed 3D propagation model is added to the ob-
jective function to evaluate the signal quality at receivers ‘sides, i.e., vehicles on
the ground in which the effect of high-level terrain on communication is considered
in calculating the received signal. As a result, the IoD nodes are dispatched to the
most appropriate locations that minimize the impact of terrain obstacles on the
transmitted signals and enhance the LOS condition between sender and receiver.
The proposed approach is implemented using SUMO, VIENS, in OMNET++ net-
work simulator. The effect of the terrain is considered by extracting the elevation
information of the terrain from the Digital Elevation Model (DEM) file and then
using it in calculating the received signal strength. Besides, the 3DIoDAV is com-
pared against free-space pathloss model and IoDAV model. The results show the
ability of the 3DIoDAV to detect the terrain obstacles and properly evaluate the

received signal quality. Besides, the 3DIoDAV approach can retrieve the terrain
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information and considers it in the communication of IoD in the air and vehicles

on the ground, which provided a high level of realism results.
o JoD Energy-efficient Collision-free Coverage Path Planning

It is presented in Chapter 7. The key aim is to develop a mathematical model
for path planning and coverage based on mixed-integer linear programming. An
optimization formulation of single and multi-UAVs collision-free coverage path
planning is derived. The CPP problem is formulated as a minimization problem,
where the energy consumption is used as the objective to be minimized. The pro-
posed approach is capable of reducing energy consumption which in turn reduces

the required number of drones to cover the ROI.
« ToD Routing Protocols

IoD Routing Protocols are presented in Chapter 8. The key aim is to evaluate
the performance of some proactive and reactive routing protocols and identify the
appropriate routing protocol that can be applied in our proposed mechanisms.
The results show that the AODV routing protocol can adapt to topology change

due to its natural reactive.

1.4 Thesis Organization

The reminder of this thesis is divided into eight chapters as follows. Chap-
ter 2 provides overview of efforts documented in various literature for UAVs
path planning solution in static and dynamic environment. It also provides an
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overview of UAVs deployment for VANETSs assistance. Besides, some routing
protocols adopted in UAV network are also surveyed. Chapter 3 discusses the
proposed three-dimensional faster and more accurate path planning algorithm us-
ing improved PSO. The improvements include (1) the use of a chaos logic map
for initializing particles, (2) The development of an adaptive mutation strategy
to balance local and global search, and (3) enhancing the algorithm execution
process by replacing inactive particles with new fresh particles to push the solu-
tion toward global optima and allow the algorithm to overcome sticking in local
optima. It also presents the performance evaluation of the IPSO.

Chapter 4 describes [oD online path planning in a dynamic environment. It
provides an energy-efficient path generation to obtain a collision-free path with
minimum energy requirement. The chapter outlines the energy model for a quad
rotor drone. Chapter 5 presents an optimal deployment of IoD for VANETS as-
sistance. The chapter describes the proposed optimization algorithm to obtain the
optimal deployment of IoD in a dynamic vehicular communications environment
to allow providing communication among vehicles on the ground. It also provides
conducting extensive simulation experiments to test the model performance and
to evaluate the proposed model. The framework architecture model is developed
for simulation with its validation. Chapter 6 discusses a 3D IoD-to-Vehicles sim-
ulation model for ToD-Assisted VANET. A novel [oD2V communication model is
proposed to characterize the 3D communication between the IoD network in the
air and the VANETSs network on the ground. It also describes 3D collaborative

IoD architecture (3DIoDAV) to maximize the coverage area and enhance the qual-
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ity of the received signal at a receiver side. The IPSO is implemented so that an
adequate signal is guaranteed toward isolated vehicles. Besides, the proposed 3D
propagation model is utilized by the objective function of IPSO so that the impact
of terrain on communication is considered in the IoD deployment. The framework
architecture model is developed for simulation with its validation. Chapter 7
presents the mixed integer linear programming for coverage path planning. A
novel approach is proposed to fully cover the target region with minimum en-
ergy consumption. Besides, single UAV, as well as cooperative multi UAVs, are
involved to cover a single region. The region is decomposed into sub-regions de-
pending on the number of available drones. The sub-regions allocation is proposed
to assign the sub-regions to the UAVs. Furthermore, small-scale and large-scale
problems are analyzed. A simulated annealing metaheuristic approach for cov-
erage path planning is implemented and compared with the exact solution, i.e.,
CPLEX solver, and greedy approach. Chapter 8 discuses and reviews the related
routing protocols for UAVs network and studies the performance analysis for three
routing protocols, namely, AODV, OLSR, and DSDV. Chapter 9 discuses and
reviews the contributions of this thesis and outlines the scope for possible future

work.
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CHAPTER 2

LITERATURE REVIEW

In this chapter, collision-free path planning protocols, UAV deployment ap-

proaches, and UAV routing protocols are reviewed and analyzed.

2.1 Collision-Free Static Path Planning

The UAVs’ path safety has attracted remarkable research attention. Several ap-
proaches have been proposed in drone collision avoidance. In IoD formation path
planning, the main challenge is to perform optimal path planning to allow the
drones to accomplish their tasks safely.

Several path planning approaches with collision avoidance were proposed in
the literature. However, only the studies of collision avoidance between drones
acquire more attention.

In [31]-[33], effective approaches for path planning based on potential fields
were proposed. However, the interaction between repulsive and attractive fields

should be established globally to generate the flyable path. Therefore, these meth-
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ods were easily be stuck in local optima and did not guarantee to generate a
feasible path if the obstacles and the destination are close to each other.

Furthermore, the works [34]-[39] were simple path planning algorithms based
on Graph Theory such as Voronoi diagram algorithm, probabilistic road maps
algorithm, A* algorithm, and rapidly-exploring random trees based algorithm.
These algorithms were rarely considering dynamic constraints in addition to com-
putationally expensive and storing cost maps in advance which was required by
these methods. Therefore, these algorithms are not appropriate for practical sit-
uations.

Recently, significant progress has been made in population based evolutionary
algorithms [40], [41]. These algorithms have the ability to obtain the global op-
tima in a flexible and effective way. The application of Swarm Intelligence (SI)
in the field of optimization has become very popular because of the quality of
its solutions, global exploration, and speed [42], [43]. The optimization method
tries to find an input that can minimize the performance index so as to avoid
obstacles [44], [45]. These algorithms rely on computational to avoid collision.
Thus, many optimization techniques are proposed to address this computational
complexity. Drone path planning has been attracted by many researchers to use
this class of techniques. The commonly used algorithms mainly include Particle
Swarm Optimization (PSO) [46], [47], artificial bee colony (ABC) [48], ant colony
(ACO) [49], and genetic algorithm (GA) [50]. Among these algorithms, PSO is
utilized extensively due to its global convergence for all particles and ease of im-

plementation. The standard PSO algorithm may get stuck in local optima and
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suffers from premature convergence. To overcome these limitations, numerous
studies on PSO have been carried out on different aspects such as the structure of
the algorithm, and selection of parameters. In [51], an adaptive decision operator
was combined with PSO to overcome its slow convergence. a 3D path planning
was then generated. The improved PSO results showed the advantages of the pro-
posed method. Moreover, some researchers focus on theoretical improvement and
analysis of PSO. These improvements include enhancement of initial population by
introducing chaotic maps. Also, the Gaussian mutation mechanism is introduced
into PSO to address the local optima issue and the premature convergence [52].
Additionally, the factors that impact the PSO performance are comprehensively
analyzed. The authors pointed out that four key aspects are required to improve
PSO, namely, selection of parameters, initialization of population, the structure
of topology, and combination with hybrid methods.

The author in [46] proposed a fitness-based multi-role framework. Based on
the current fitness values for particles, any particle was allowed to learn from
different exemplars and play different roles.

The authors in [53] proposed a path planning approach to guide the drone from
the start location to the end location. A predefined path was planned off-line and
the drone follows the path while avoiding collision with obstacles. This opti-
mality was achieved by combining path control with collision avoidance control.
Then these mechanisms were solved independently and the movement strategy
was designed by combining them together. They compute the track errors from

geometric relation between predefined path and drone, which was used in track
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control law design. The collision avoidance approach calculates the best avoidance

maneuvering using angles and zones’ risk.

2.2 Dynamic Collision-Free Path Planning

The reviewed static path planning discussed above can not cope with dynamic
environment. The dynamic environment requires online path planning, where the
environment information is not known in advance.

In this subsection, different dynamic path planning approaches will be re-
viewed. In geometric methods, the distance between drone and obstacle is calcu-
lated using the speed of the drone and the locations of drone and obstacle. The
Fast Geometric Avoidance Algorithm (FGA) based on collision probability, kine-
matics, and limitations of navigation was proposed in [54] by combining the start
time selection from critical avoidance and geometric avoidance. To avoid multiple
obstacles, different threat levels can be assigned to avoid those obstacles sequen-
tially based on a critical time of avoidance which reduced the computational time
compared to other similar works.

Virtual fields around obstacles are assumed in a potential field or force-field
approach. The virtual repulsive or attractive forces by these fields are assumed
to generate collision avoidance [55]. In [56], a virtual force field was proposed to
detect dynamic obstacles. The authors claimed that the efficiency was degraded
due to the lack of taking the motion of obstacles into account in the traditional

force field approach. The proposed prediction of obstacle force field, determined
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by frequency modulated continuous wave radar equipped in an unmanned ground
vehicle, was utilized to resolve the loss efficiency which solved the weakness of the
traditional 1D virtual force approach. Furthermore, the time to the collision was
obtained by using the velocity of the obstacle. In [57], a new APF mechanism
under dynamic conditions for collision-free trajectories was proposed. Moreover,
the conservation field was enhanced and the field vector direction was obtained
based on the angle of the drone path and the angle of position vector from drone to
obstacle. In this approach, the other drones were considered as dynamic obstacles.
However, the approach didn’t consider a 3D environment. Generally speaking, in
virtual field approaches, the interaction between repulsive and attractive fields
should be established globally to generate a flyable path. Besides, they are easily
stuck in local optima. Therefore, these methods did not guarantee feasible paths
if the obstacles and the destination were close to each other.

In [58], the collision-cone approach was used to develop a minimum effort
guidance law to guide the UAV to a waypoint while avoiding multiple obstacles.
The positions of the obstacles were estimated using an extended Kalman filter; an
algorithm that provides estimates of some unknown variables, and a 2-D passive
vision system.

In [59], a novel approach based on particle swarm optimization was proposed
to plan the path for an autonomous vehicle in a dynamic environment. The
equipped sensors were utilized to collect the data on the environment. Besides,
different terrain types were assigned by different weights. Then different navi-

gation possibilities through the terrain were classified based on assigned weights.
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Finally, the optimal path was selected based on this classification. Moreover, the
particle swarm optimization approach was used in [60] to develop a path planning
algorithm for multiple UAVs with communication systems and constraint sensors.
The solutions were updated and iterated in a finite time step, which improved the
optimality of the solution. However, the premature convergence of PSO was not
addressed. In [61], the ant colony algorithm was utilized with a minimum time
search algorithm to ensure the successful calculation for obtaining collision-free
search trajectories for drones. PSO can be used with model predictive control for
static and dynamic threat avoidance during reconnaissance missions. However,
these methods require a termination criterion to guarantee a convergence time,
and they are computationally intensive. Thus, they are difficult to be applied in
real-time scenarios. In [62], A combination of particles optimization algorithm
and sense-and-avoid approach was used for multi UAV path planning with state
constraints and control. The dynamic constraints were included in the model
in order to prevent collision with obstacles. Furthermore, the multi UAV online
trajectories were simulated by using Receding Horizon Control (RHC) with the
application of a 3D-ducted fan UAV.

In [30], the authors modeled the path of a drone using quadratic Bezier curves.
The optimization problem for path planning with different objective functions was
proposed. Also, a receding horizon approach was used in which a trajectory was
constrained to address obstacle collision in a 2D environment. The proposed
approach was tested in a dense environment. However, the approach is applied in

the 2D environment only. Also, IoD formation was not considered.
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The drone’s flight limitations and energy constraints have directly impacted
the performance of path planning approach. Thus, they attract the significant
attention of researchers. In [63], an energy model derived from real measurements
for coverage path planning was proposed. This model focused on the impact of dif-
ferent factors on a drone’s energy consumption. Different maneuvering activities
like flying horizontally, flying vertically up and down, turning, and hovering were
considered in the real experiments. Moreover, power consumption was obtained
as a function of the UAV’s speed. They measured the power consumed during
such operations and the fitting curves were estimated. In [64], a grid-based tech-
nique was used to avoid obstacles in a 2D solution. A coverage path for UAVs
was planned with minimum energy consumption. The cost function in [65] was

enhanced using a new Energy-Cost Function that gained 17% in energy compared

with [65].

2.3 2D IoD Deployment for Area Coverage

Recently, various technologies have been introduced to complement the services of
the IoT [66]. The deployment of UAVs in IoT offers unprecedented potentials [67].

The deployment strategy has become useful in wireless networks to obtain the
best performance [68]. We classify the literature into two types namely, RSU

deployment and UAVs assisted deployment.
« RSU Deployment

In [69], the placement algorithm of BS was proposed for network capacity maxi-
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mization. However, the performance of information dissemination was impacted
by nodes placement that act as a relay node. In [70], the authors discussed the
optimal placement of RSU to improve the intersection connectivity. The best
position of RSU can be found by the proposed scheme using the reports from
vehicles within the RSU communication range. In [71], the RSU deployment to
maximize the number of connected vehicles is proposed. The average report time
from vehicles is minimized by the placement strategy proposed in [72]. Neverthe-
less, the terrestrial obstacles hinder the transmitted signal when located between
sender and receiver which limits V2I communication. The flying RSU is a promis-
ing technique to cope with terrain obstacles and provide communication between

vehicles on the ground which can be achieved using UAVs.

« UAVs Deployment

The UAV has the potential for acting as wireless BS or RSU to relay information
between nodes in the ground networks especially when the terrestrial infrastruc-
ture capacity is not adequate for request handling in hot-spot areas. Furthermore,
in remote and harsh environments, deploying ground BSs becomes difficult and in-
efficient. Such an environment can be covered using drones to extend the coverage
of the network.

To tackle the limitations of low energy IoT nodes, UAVs are employed in [73]
as a data collector and energy supplier. An efficient deployment approach to
support better coverage for the ground users is proposed in [74] in which drones

are considered as wireless base stations. The probability of download coverage
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is defined as a function of the UAV’s height and antenna gain. Furthermore,
the circle parking theory is used, and the 3D locations of drones that maximize
the drone’s lifetime and achieve the maximum coverage for the whole region are
calculated. The work in [75] analyzed the optimal deployment of UAVs in a multi-
level and multi-dimensional assisted network. The distributed approach was based
on a potential game approach. Moreover, self-organized behavior where local and
global policies participated in decision making for each UAV was utilized
Recently, significant progress has been made in population-based evolution-
ary algorithms to obtain the best position of UAVs to assist the ground network.
In [76], the authors propose an optimization for resource allocation and joint access
selection where UAVs are acting as aerial BS. The ground BS allocates its resource
based on the access selection decision of UAV. Based on allocated communication
resources, drones decide their selection strategy. In [77], a 3D placement strategy
of UAV is proposed by optimizing the problem for coverage and throughput max-
imization with the drone’s memory constraint consideration. The optimization
problem aims to obtain the optimal position of the drone. The authors in [78]
proposed a mechanism to obtain the best position of drone in a disaster scenario to
support the nodes’ connectivity in indoor buildings. A strategically located drone
is utilized to cover all users inside the building so that the minimum transmitted
power is maintained. In [79], the optimal placement of UAV can be obtained using
PSO algorithm. The aim of the work is to maximize the coverage area while the
drone capacity is still considered in the scope of the disaster and public safety.

In [80], the brainstorm optimization algorithm is used to obtain the optimal po-
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sition of UAVs for coverage quality improvement of the network. Furthermore,
the use of the available number of UAVs was mentioned in [81] for covering all
the targets while minimizing the rate of data dissatisfaction between end devices
and their communication services. However, their research work didn’t include it.
In [82], the bio-inspired algorithms with multi-objective were proposed to obtain
the optimal UAVs flight path. The proposed algorithm included several objec-
tives such as energy, sensing ability, associated risk, and flight time. Moreover,
the optimal height of a 3D placement of available UAVs is illustrated in [83]. The
authors consider three objectives to be optimized namely target coverage, Quality
of Service (QoS), and energy consumption. Furthermore, four optimization algo-
rithms are utilized to solve placement problems. To maintain the connectivity of
UAVs, the authors create a grid-based connectivity network called Aerial Mesh
Network (AMN). However, they consider only static coverage in which drones
hover to a given target area. Also, the covered targets are static, i.e, they don’t
move during the mission. Additionally, the work optimizes the altitude of drones
to generate a near-optimal height deployment of drones to cover the target devices

and achieve QoS and minimum transmission data energy consumption.

e 2D IoD-Assisted VANETs Deployment

In urban terrain, the infrastructures and buildings constrain the communication
and movement of vehicles [84]. Recently, some works have investigated the inte-
gration of UAVs and ground networks, i.e., UAV-assisted, to enhance the ground

networks’ performance, such as coverage of the target area and received signal
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strength.

The use of drones in VANET assisted achieves a great improvement in the
VANET connectivity, because the UAVs can fly at a high altitude beyond all the
infrastructures of terrestrial allowing the movement of UAVs to be much less in-
fluenced by terrestrial constraints. Furthermore, fewer influences on the drones’
transmission in the air are due to terrestrial obstacles. Based on these advances,
UAV becomes an appropriate VANET assistant. Various schemes on the deploy-
ment of UAVs to support the vehicular communication are proposed. The author
in [85] proposed a drone position algorithm in which the quality of services com-
munication is offered to vehicles in the ground.

To obtain the optimum connectivity between the drones and vehicles, the
best position of the UAVs so that adequate signals can be transmitted to the
ground vehicles is needed. In paper [86], an urban VANET routing solution was
proposed. It ensured reliable and alternative paths when the main path failed.
Further, in [87], the incidents are detected on the urban road by deploying the
UAVs to provide the vehicle emergency guidance. Moreover, the end-to-end delay
is reduced among cars by designing a hybrid vehicle drone ad-hoc network in
[88]. In paper [89], the deployment of LTE connectivity for drones is studied.
Some challenges are highlighted such as LOS propagation in the sky. In [90], the
terrestrial infrastructure is replaced with a drone to minimize the V2I delay on
the straight road. The authors in [91] proposed using a drone to improve the
packet delivery ratio and reduce the delay. In [92], the drones are used to select

the optimal path as an alternative path to achieve the stability and distribution
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of the cars. In [28], a novel IoD collaborative communication approach has been
proposed to improve the communication of the VANET network. The UAVs are
optimally deployed to maximize the coverage area and improve the quality of
the received signal. Although the proposed approach achieves an optimal value
of coverage area, the simulation is conducted in a flat area and the impact of

high-level terrain is neglected.

2.4 3D IoD Assisted VANETSs Deployment

Some works have investigated the integration of UAVs and ground networks.
Specifically, drone-to-vehicle communications have been addressed using simu-
lations; however, these simulations have been performed applying flat scenarios,
in which the effect of 3D communication between UAV and ground network has
been neglected. It is worth mentioning that a fewer works have taken into account
the impact of the terrain or environment in their simulations.

In this subsection, we will review the related UAV-Assisted VANET works
that consider the terrain elevation on communication.

The work in [93], includes a Digital Elevation Model (DEM) to detect the
obstacles formed by terrain. Moreover, to evaluate the performance of the aerial
platform, three propagation models were used, which are Single Knife Edge, Dey-
gout, and Bullington, for supporting mobile cars to broadcast alerts in emergency
situations. Two different altitudes, i.e., 40m, and 100m, were implemented. The

simulation illustrated reasonable results for 100m altitudes. However, the sce-
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nario included only one car moving in the ground and one drone hovering in the
same place. In [94], optimal deployment of UAV to provide 3D communication
between a UAV and three cars on the ground was proposed. The PSO algorithm
was utilized to obtain the best position of the UAV so that sufficient received sig-
nal strength was maintained at the receivers. The simulation model included 3D
communication to test the communication performance by including the imple-
mentation of DEM to indicate the terrain obstacles. The implementation included
three cars moving on the ground and one drone placed in the optimal location.

Nevertheless, the swarm of drones was not considered in these works.

2.5 MILP Formulation for Coverage Path Plan-
ning

Coverage path planning has been studied extensively in the literature, including
UAYV energy, terrain shape, and internal obstacles. The optimization solutions for
the energy efficiency coverage path planning problem aim to develop new control
algorithms and coverage path planning that reduce the UAV’s energy consump-
tion during its mission. The flight time is extended, and the energy consumption
is minimized through minimum-energy paths design followed by aerial vehicles.
These approaches enhance the UAV energy consumption in many ways, as they
can be easily implemented. For real situations, it is specifically important to real-
ize that UAV operates in the outdoor environment or under the battery-powered

limitation [95]. In such a situation, a UAV might need to recharge multiple times
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to complete coverage for a large region.

In [63], a coverage path planning algorithm was proposed for a single UAV,
where the speed-energy model for the drone was used for energy calculation as
discussed above. In [96], the AOI was covered using one rotary-wing drone. The
proposed approach worked offline and used an approximate cell decomposition
with the grid base technique. FEach cell was assigned a positive number that
represented the percentage of area. It tried to obtain the shortest path and the
least number of turns to reduce energy consumption. In [97], the best path for
data collection was studied where the flight time and data collection time were
considered. Further, brute force, and two heuristic algorithms, were proposed
to solve the CPP problem. Moreover, various decomposition approaches were
introduced in [98], such as graph, cellular, and grid-based approaches for UAV
CPP. The decomposition approaches as mentioned above were utilized to segment
the AOI into sub-areas to obtain the sub-optimal coverage path for a drone.

In [99], an energy-aware CPP algorithm for drones was proposed. The energy
model for UAV was derived by carrying out a set of experiments at different
conditions of operation such as acceleration, deceleration, and constant speed.
The AOI is divided into cells and the drone flied through a grid center to cover it.
A zigzag pattern was proposed to reduce the number of turns, which reduces the
mission consumption energy. However, the obstacles collision avoidance was not
considered. Additionally, a CPP problem was formulated as a traveling salesman
problem in [100], where the optimal path was obtained to minimize the path

length and time windows for multiple salesman problems. In [101], an online
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CPP algorithm was suggested by utilizing dynamic programming (DP) to enhance
performance in terms of energy efficiency and adaptability. The limitation of
this work is that the region was decomposed into big cells, and the cells that
include any obstacle are completely avoided. In [102], an inspection of the 3D
structure approach was proposed using multi-objective optimization. The energy
consumption and coverage were considered in the objective function. The main
drawback is that the energy saving can be achieved for partial coverage.

An energy-aware coverage path planning mechanism was proposed in [103].
The 2D grid partitioning was utilized for region decomposition. Moreover, differ-
ent irregular and regular regions were considered and covered by one drone. The
start point, turning positions, and scan direction were determined. The trajec-
tory was planned in an offline mode and the area coverage, completion time, and
energy-saving were studied. However, the collision avoidance of obstacles in the
areas of interest was not considered.

The work in [104] included studying full exploration with an energy cost using
a model approximated with the path length. A method of linear programming to
determine a collision-free path was proposed in [105], [106]. The points between
the start and endpoints were continuously adjusted to build the path. The main
limitation of the work is that forbidden zones were not considered in the design.

The heuristic mechanisms are widely studied in the literature for coverage
path planning problems, such as particle swarm optimization [107], [108], Tabu
search [109], simulated annealing [110], and genetic algorithm [111], [112]. Such

approximation methods are utilized specially for large problem sizes.
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In [113], a genetic algorithm was proposed to solve the CPP problem. The
objective was to minimize the UAV energy consumption to complete a mission.
Reducing the number of turns was proposed to allow the UAV to optimize the
flight path and minimize the energy consumption. However, collision avoidance
was not considered. In [114], coverage path planning was proposed using a multi-
population genetic algorithm, where the problem was formulated as a traveling
salesman problem. The drone was tasked to cover multiple regions and came
back to the depot following the shortest path. However, the number of UAVs is
only one, and they cannot be adapted to regions with multiple UAVs. In [115],
the genetic algorithm with a near-optimal sequence of CPP was implemented.
To reduce the energy consumption of the robot, the fitness function computed
the efficiency of the chromosome. Further, the authors in [116] implemented a
genetic algorithm and simulated annealing algorithm to generate multiple local-
global coverage trajectories. To reduce the computation cost, both algorithms
were processed in parallel. The particle population movements, swarm intelligence
algorithm, are utilized in CPP for finding the shortest path or providing the
optimal coverage solution. The PSO is a population meta-heuristic approach,
inspired by the social behavior of the natural population swarming [117]. In [118],
the smooth CPP trajectory was generated using an online manner based on PSO

in a high-resolution grid map.
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2.6 IoD Routing Protocols

The routing protocols have been studied by many researchers in different network
types; MANET, VANET, and FANET. The optimal solution is found to forward
data using different approaches and assuming different hypotheses. The objective
is to ensure an acceptable level of packet loss, keep the network overhead under
controllable levels, and achieve high throughput. Several studies focus on perfor-
mance analysis of routing protocol in MANET [119], as well as in FANET [120].
In [121], radio propagation models and various routing protocols were compared.
In [122], different routing protocols for the VANETS scenario were reviewed. Also,
the challenges and open issues for research directions were presented. The data
dissemination in MANETs and VANETSs was presented in [123] via mobile soft-
ware agents. A geographic information about the nodes was utilized to support
Agents’ decisions about migrating among the network nodes so that the desired
dissemination of data was achieved. For comparing and contrasting the levels of
intelligent decision, three unique information completeness levels were utilized.
In [124], an ideal protocol for VANET was examined using several network met-
rics in AODV, GPSR, and DSDV topologies. SUMO and NS-2 were utilized
to visualize the nodes for urban mobility without the road layout. The results
showed that AODV performed better packet delivery ratio, throughput, and de-
lay. In [125], AODV, DSR, and Cluster-Based Routing Protocol (CBRP) were
studied for VANETS, specifically at road intersections. The scenario included dif-

ferent number of vehicle nodes and traffic densities. At sparse scenarios, AODV,
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DSR, and CBRP performed well. In dense scenario, CBRP outperformed AODV
and DSR protocols with less packet loss.

In [126], the Ad Hoc networks routing protocols were studied. The work con-
sidered many performance metrics such as normalized routing load, throughput,
received packets, and end-to-end delay with different speeds and pause times.

In paper [127], the reliable energy-aware routing in mobile Ad Hoc networks
was proposed. The reliability and energy awareness were ensured in MANET by
the proposed routing protocols.

In [128], a new routing protocol was proposed in which the data mining tech-
nique in route was used in the selection process from source to destination. The
one-hop neighbor was selected in the proposed routing based on some parameters
like link expiration time, speed, node lifetime, and trip time. The selection process
helped to select stable one-hop neighbor from the source node to the destination
which improved the route discovery mechanism.

The work in [129] evaluated two relevant routing protocols named AODV and
OLSR performance in VANET using the NS3 simulation tool. The propagation
model used is fading propagation model. The statistical analysis indicated that
the difference between AODV and OLSR performance was not significant.

The authors in [130] focused on routes design for UAVs. An extensive review
of the routing protocols was presented. Moreover, the performance of routing
protocols was analyzed and compared in detail.

In [131], the performance test and comparison were carried out on DSR,

AODV, OLSR, and GRP. The performance metrics like traffic received, network
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delay, throughput, and data dropped w.r.t. simulation time were analyzed and
compared. The results explained that among all performance metrics, no routing
protocol achieved optimal performance and according to the required performance
metric, a suitable routing protocol could be selected.

In [132], OLSR and AODV routing protocols were analyzed and compared in
terms of overhead, throughput, and end-to-end delay at various speeds and packet
sizes. It provided an idea to evaluate the routing protocols in the UAV network.
The paper showed that high dynamic mobility makes the use of OLSR difficult.

In [133], the authors enhanced OLSR to meet the dynamic changes in topology
and rapid mobility of nodes. They calculated link expiration time with the help
of applying GPS. Furthermore, the residual energy of nodes and multiple metrics
were utilized to select the most suitable relay node. The improved OLSR with
expected transmission count (OLSR-ETX) performed better than the traditional

OLSR in terms of end-to-end, overhead, packet transmission, and delay.
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CHAPTER 3

10D SWARM STATIC PATH

PLANNING

3.1 Chapter Motivation

As the technology advances, drones become increasingly autonomous and gain new
capabilities. On the other hand, in high drones density and increasingly complex
mission situations, drones pose new threats as they get closer to each other or
obstacles. When the probability of collisions between swarms increases, collision
avoidance becomes a challenging task and IoD should have a proper mechanism
to prevent or avoid potential collisions. However, this challenge has not been
fully solved. Generating a safe path that is collision-free for IoD formations is the
key challenging task in dense swarm and environment constraints. Furthermore,
building paths for ToD formations using deterministic approaches require massive
storage capacity and long execution time. Thus, appropriate optimizations and

improvements are required to solve such problem. Meta-heuristic approaches have
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been widely used to solve NP hard problems such as PSO, genetic algorithm,
simulated annealing, and evolutionary algorithm. PSO has gained attention due
to its intelligent evolution process. Despite the advantages of the PSO algorithm,
it still suffers from a premature convergence problem and may get stuck in local
minima when used to solve complex problems. Although the literature works have
achieved an improvement on drone’s collision avoidance and path planning, some
works neglect ToD formation, and consider only one drone. Additionally, other
works failed to avoid static obstacles, specially those are close to the destination.
Besides, some problems of particle swarm optimization are not fully addressed

such as premature convergence and convergence speed.

3.2 Chapter Contributions

To tackle limitations discussed above, this thesis proposes a three-dimensional
faster and accurate path planning algorithm. The proposed approach addresses
some problems of particle swarm optimization by improving a traditional PSO.
The improvements include initial population improvement, adaptive mutation,
and speeding up the PSO convergence which improves rapidity and optimality of
3D IoD paths generation. The IoD trajectories are planned with collision avoid-
ance consideration. Moreover, the proposed approach generates optimal safety
paths for IoD from start locations to the destinations. The results show notewor-
thy improvement in optimal solution and convergence speed. The improvements

can be summarized as follow.
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e The use of chaos logic map for initializing particles.

e The development of an adaptive mutation strategy to balance local and

global search.

o Enhance the algorithm execution process by replacing inactive particles by
new fresh particles to push the solution toward global optima and allow
the algorithm to overcome sticking in a local optima, resulting in fast and

accurate collision-free paths for UAVs in 3D space.

This chapter is the result of a collaboration with Dr. Ashraf Mahmoud
from Computer Engineering Department, Prof. Ansar Ul-Haque Yasar
from Transportation Research Institute, Hasselt University, Belgium.
The work has been published in Transportation Research Part A: Policy

and Practice 142, 260-278, 2020.

3.3 Traditional Particle Swarm Optimization

(PSO)

A population based meta-heuristic search algorithm such as PSO has been widely
applied to a variety of problems. The algorithm starts from initial random can-
didate solution of position and velocity and then the position and velocity are
updated iteratively until a global optimal solution is found [51], [134], [135]. For
each particle in the swarm, the searching direction is represented by velocity that
is dynamically updated by three components; its previous value, its best position
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(personal best), and the global best position. The particle’s new position is ob-
tained from the previous position value and the current velocity value. The new
position is then assessed using a fitness function. If the new location of the particle
is better than the previous location then it is stored as a personal best position.
The global best position is obtained by comparing the new position with other all
positions of particles. If it is the best of all, it will be stored as the global best
position. Mathematically, the positions and velocities of particles are updated

using the following formulas :

Vir1 = wiy + crri(pBesty — xy) + cora(gBest, — ), (3.1)

where c1 and c2 are acceleration coefficients that help to pull the particles towards
the personal best (pBest) and the global best (gBest) positions, respectively. Also
rl and r2 are a uniform random number € [0,1], and w is the inertia that bal-
ances the exploitation and exploration where large values tend to facilitate global
exploration and small values facilitate local search or exploitation.

Then the position of particles is calculated using the following formula:

L1 = Tt + Viyq. (32)

Fig. 3.1 shows the graphical representation of evolution of particles in PSO.
In two-dimensional space, if we assume that number of path way-point is N then

for each particle pi, the position and velocity can be represented as follow:

pi = (pi, 1, .., pi, N) = pi(z1,y1), -, pi(TN, yn) (3.3)
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Figure 3.1: Graphical representation of evolution SPSO.

vi = (vi, 1,...,vi, N) = vi(x1, 1), ..., Vi(TN, YN) (3.4)

where p;, v; is the position and velocity of it" particle respectively. The pseudo

code of standard PSO is illustrated in Algorithm 1.
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Algorithm 1 Pseudo code of standard PSO algorithm

begin

initialization:
initialize randomly PSO parameters

while Termination condition not reached do
Evaluate fitness of each particle

for ¢ < 1 to PopSize do
Find pBest;andgBest;

for k< 1 to number of dimensions of particle do

Update the velocity of particle using Eq.(3.1)

Update the position of particle using Eq.(3.2)

end

end

end

Repeat until ideal best is obtained or run out of time

end

3.4 IoD Path Planning Description

To plan the path of IoD formation, some factors must be taken into account
such as terrain area including obstacles in the terrain and IoD formation. The
mission environment may include obstacles such as mountains, buildings, radars
and other threats. Moreover, the IoD formation includes many drones flying in
this environment. Thus, the IoD formation should be able to avoid colliding with

these obstacles. To do so, objective function should include all these threats and
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obstacles and it should be able to reflect the impact of them on performance.

The whole IoD formation can be represented as follow:

(p1,v1), (P2, v2); - (PN, UN) (3.5)

To describe a three dimensional path planning problem, let N is the number of
way points for each particle, then the i* particle’s position and velocity vector

can be respectively written as follow
pi = pi(z1,y1, 21), pi(22, Y2, 22), .., PI(TN, YN, 2N)- (3.6)
vi = vi(z1, Y1, 21), Vi(T2, Y2, 22)s ..., V(T N, YN, ZN)- (3.7)
To use PSO meta-heuristic, we need to formulate the problem and select the envi-
ronment dimension. In this section, the environment dimension will be specified

and the representation of candidate solution will be discussed. Furthermore, the

required objective function will be illustrated.

3.4.1 IoD Path Representation

The aim of using optimization algorithms for path planning is to find a feasible
path for drone from the starting point to the destination point in a complex
environment. In this case, the path should be constructed to be used by algorithm
and the flying space should be bounded. The location in 3D path planning can

be represented as done in [51]

(x7y7 Z)|mm7,n S X S Tmazs Ymin S ) S Ymazs “min S z S Zmaz- (38)
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where Z,,in, Ymin, Zmin are the lower bounds of the flying space and 42, Ymaz, Zmaz

are the upper bounds of the flying space.

3.4.2 Obstacle Model

In this work, the space boundaries and locations of obstacles are assumed to be

known in advance. We model the obstacle as a half sphere as in [136], where:

Ok; = (xk‘ayk’azkark’)’ (39)

where 1, Y, 2, are the three-dimensional coordinate of k' obstacle and 1y, is the

corresponding radius of the obstacle, and

xy, = 1 cos(f) sin(@) + xxo, (3.10)
Y = 15 sin(0) sin(@) + Yo, (3.11)
2k = Tk c08(P) + Zko, (3.12)

where 210, Yro, 2o is the center coordinate of k' obstacle, 6 € [0 27, and ¢ € [0

}

ol

3.4.3 Design of the Objective Function

The objective function is a mathematical term which illustrates the contribution

of different variables to a specific value in order to optimize them. Thus, the
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generated value by objective function is either maximized or minimized by the
optimization algorithm. Moreover, multi-objective function deals with more than
one variable. Furthermore, finding a feasible path in IoD formation is an opti-
mization problem with multi-objective function. It includes length of the path,
terrain constraints, and collision avoidance with obstacles and with other drones

in the swarm. Therefore, the objective function can be expressed as follow:

Ob]fFunC = fpl + fOc + fmc: (313)

where f,; is a function of path length, fo. is a function of likelihood of colliding,

and f,,. is a function of member collision. The aim is to minimize these quantities.

o Path length minimization

In some missions, the longer path is not desirable because drone is limited power
and longer path is power consuming for drone. Thus, the shortest path is prefer-
able. To evaluate the path length, the following path length ratio in [134] is

used.

SNt @i — 20)2 F Y1 — Ui)2 + (zip1 — 21)2
V(@n, —21)2 + (yn, —y1)% + (2w, — 21)?

for = : (3.14)

where N, is the number of path way points, (21,1, 21), (TNw, YNw, ZNw) are start
and end point respectively, and (x;, y;, 2;) is the i path way point.

This ratio is more admissible than relative distance and it is always >1 since
the denominator represents the shortest straight line distance between start and

end point. Therefore, the smallest value reflects the shortest path.
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¢ Obstacle cost

The safe path of IoD formation is the path that does not go through obstacles. If
even one point in the solution goes through an obstacle, this solution is penalized
with high cost. On one hand, the path cost is significantly decreased when the
distance between path and center of obstacle greater than radius of obstacle. On
the other hand, the cost increases if the distance between center of obstacle and
path is less than radius of obstacle. Thus, the cost function of obstacle can be

expressed as follow:

Nu K D)
focny=Y_> ¢ T, (3.15)
i=1 j=1
where R; is the radius of j™ obstacle,
Dy(i, j) = v/ ((i) — 0 () + (y(i) — yo(1))? + (2(i) — 20(j))?, (3.16)

where (x,y,z) are the way point of path and (xp,y0,20) are the center of obstacles,
and a € [0,1] is the control parameter. Increasing « reduces the cost compared

with other variables and vice versa.

e Drone member collision cost

As ToD formation density increases, the drones get closer to each other which
increases the probability of drone collision. Therefore, drone collision avoidance
should be considered by the objective function when planning trajectories for
drones. Thus, when IoD paths are generated, it is essential to test whether drones
are getting too close while flying in their respective path. Assuming path; is a

path for drone; and pathy are paths for other drones in the space. Then every
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point in path; should be compared with every point of other paths (pathy). To
do so, a safety distance d should be maintained between paths.

The cost function of drone collision can be written as follows:

Ny N i
fmc(t) = Z Z eiatTﬂ, (317)

i=1 j=1

where

Dyl §) =y (i = 252+ (s — )2 + (21— )2, (3.18)

(xi, i, 2z;) are the way point of path; and (x;,y;, 2;) are the corresponding point
in other paths. It can be seen from the model that the cost of member collision
of path; depends mainly on the distance between path; and other paths. Since
the safety distance should be held, the cost will increases if the distance between
paths is < d. On the other hand, as the distance between paths increases, the

cost function decays very quickly.

3.5 IoD Path Planning Algorithm Description

In this section, the improved PSO will be explained in detailed and the path

planning algorithm for IoD formation will be demonstrated.

3.5.1 Improved PSO (IPSO)

One main limitation of the Standard PSO (SPSO) is being stuck in local optima

and suffering from premature convergence when addressing a complex problem
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[137]. Therefore, to avoid being trapped in local optima and to search for the
global optima in more accurate and faster way, we propose enhancements to SPSO.
These are (1) improved initialization stage of swarm particles, (2) better updating

strategy, and (3) replacement of inactive particles.

o Chaos based particles initialization

Population meta-heuristic PSO is initialized using a random distribution. More-
over, the quality of distribution for initial solution plays a vital role in pushing
the search towards the optimal solution. As mentioned in [29], when initial distri-
bution is more uniform, the swarm maintains rich diversity and thus has a higher
chance for faster convergence. Thus, the chaos-initialization improves the PSO
performance because it helps to diversify the ToD formation. Fig. 3.1 in [29] illus-
trates the advantage of logistic map by comparing it with random distribution for
10,000 times which shows that the distribution of logistic is more uniform than
random.

We use the simplest logistic map for IoD formation initialization as presented
in [52]

X1 = pXn(1 = X,), (3.19)

where X,, represent the n'* chaotic variable, p is a bifurcation coefficient.

o Replacing inactive particles

During the iteration, some particles become inactive in which they lose their ability

to search in local or global (i.e don’t find a better position) which may cause
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premature convergence. In this case, we propose to replace the inactive particles
with fresh ones to avoid getting stuck in local minima and push the search toward a
global minima. For doing so, if a particle finds a better position, the corresponding
trail is cleared and a trail timer is incremented each time in iteration if the particle
cannot find a better position. When the iteration completes, the trail is checked

if it exceeds threshold. If so, the corresponding particle is replaced by a fresh one.

o Adaptive mutation strategy

During the optimization process, the convergence and searching are the main
objectives for PSO to find the optimal solution. In other word, searching or
exploration should dominate the first stage of iterations so that it enriches the
diversity, and convergence should dominate the second stage of iterations. To
improve the IoD formation exploration and premature convergence, the adaptive

mutation is designed as follows:

z(t+1) =z(t) + ev(t + 1), (3.20)

where € selects how fast the particle moves. A big e value allows the system
to move quickly to best-known regions, but makes it hard to do fine-grained
optimization [138]. On the other hand, a small value of € tweaks the solution
and accelerates the convergence. Thus, to balance the optimization process, the
particle should explore the space and make big jumps towards the better spaces at

the beginning. In the later iterations, the speed of particles should be decreased for
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fast convergence. Therefore, € should change adaptively with iteration as follow:

(emar — €Emin )t

= €may — ——————— 3.21
€= MaxIt ( )

where €42, €min are constant value, and €,,4. > €, t is current simulation time,

and MaxIt is total simulation time.
e Social acceleration coefficient

The acceleration ¢l and ¢2 indicate the weight of stochastic acceleration term.
When c1 and ¢2 are multiplied by random vectors rl and r2, they have a control-
lable stochastic impact on IoD formation velocity. Moreover, they represent the
weight of sharing information. For example, if c1=c2=0, then a particle relays on
its knowledge. But, if c1>c2, then particles trend toward local attractor pBest
while if ¢2>c1, then particles trend toward global attractor gBest. In this work,
we select ¢l and ¢2 based on running experiment in their range ¢, t0 Cpae then

choose cl and c2 that achieve both exploitation and exploration.
o Inertia Weight (w)

The optimization algorithm success is based on balancing local and global search.
For this reason, inertia weight is utilized to balance exploration and exploitation
search. For more clarification, large value of w leads to exploring the space while

small value facilitates exploitation. Thus, some works adapt w linearly [52].

MaxIt —t

max — “min), 3.22
MaxlIt * (W Wrmin) ( )

w(t) = Wimin +
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where MaxIt is maximum simulation time, ¢ is current simulation time, and w,;,

and Wy,q, are minimum and maximum value of inertia, respectively.
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Algorithm 2 Improved PSO algorithm

Limit: Threshold of trail, Max_ Iteration: maximum iteration
INITIALIZATION:
initialize c1,c2, initialize position and velocity with logistic map by Eq3.19

begin
iter=0

Calculate fitness value and obtain gBest and pBest

while [lter<Max Iteration do
Update € by Eq3.21, w by Eq3.22.

for i + 1 to PopSize do
Update the particle velocity by Eq3.1, position byEq3.20

Calculate fitness of generated particle

if particle is inactive then

| Increment its trail

else
| Clear its trail, Update gBest and pBest

end
end
for : = 1:to PopSize do

if trail(i)>limit then
| Replace inactive particle by new fresh one, Clear its trail

end

end

Increment Iter

end

Repeat until ideal best is obtained or run out of time

end
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3.5.2 Path Planning Algorithm for IoD Formation

Algorithm 2 is an improved version of PSO. It consists of many parts. The al-
gorithm start with the initialization part that is responsible for initializing all
variables such as acceleration coefficients ¢l and ¢2. It is also responsible to cre-
ate initial solution, i.e., position and velocity of all particles.

The path planning generator receives parameters and environment constraints
and returns the feasible paths for all drones with corresponding average fitness. To
increase the search efficiency, some improvements of traditional PSO are added.
Additionally, € and w are adaptively changed with iteration as discussed above.
At the end of each iteration, the trail is checked for all particles and replace the
inactive particle by fresh one if its trail exceeds the threshold. Then the algorithm
is repeated until an ideal best is obtained or run out of time. Fig. 3.2 illustrates

the flow chart for the developed algorithm.

3.6 Simulation Results and Discussions

The simulation is an effective way to verify the analytical results [139]. It is
noteworthy to describe in detail how the simulation results are recorded in the
figures. In this section, the simulation of proposed method will be illustrated for
fixed and variable altitudes. Then the results will be compared with traditional

PSO and recent work CIPSO [29]. The matlab environment is used for simulation.
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Figure 3.2: Flow chart for IoD path planning (IPSO).
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3.6.1 Fixed Drones Altitude

In fixed altitude, the dimension z is constant while x and y are allowed to change.

o Parameters setting

Table 3.1: Drones start and end points

Dromes Start Point Destination Point
(x8,ys,28) (xd,yd,zd)
Drone 1 (x,y,2z) | (300,800,500) | (15000,1000,500)
Drone 2 (x,y,z) | (300,2800,500) | (15000,4000,500)
Drone 3 (x,y,2) | (300,4800,500) | (15000,4800,500)
Drone 4 (x,y,2z) | (300,4800,500) | (15000,10000,500)
Drone 5 (x,y,2) | (300,8800,500) | (15000, 13000,500)

IoD formation : five drones fly from start points to destination points as shown
in Table 3.1.
Environment: four obstacles are assumed to be centered at (5000, 7000), (10000,
2500) (10000, 10000), (5000, 2000) in 15000 m by 15000 m environment ,as shown
in Table 3.2.

Population size is 250 particles, maximum iteration is 200, the number of way
points is 20, and the safety distance is set at 80 m.

The parameters setting of CIPSO are ¢,,0.=3.5, C¢nin=0.5, v1=0.5, vo,=0.1,

and other parameters are shown in Table 3.3

¢ Results and discussion

In this part, some performance metrics will be analyzed and compared for different
versions of PSO. The results of simulation will be discussed and compared with

standard PSO and CIPSO [29].
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Table 3.2: Obstacles setting

Obstacle Coordinate (x,y,z) | Radius (R)

Obstacle 1 | 5000, 7000 , 0 2000

Obstacle 2 | 10000, 2500, 0 1200

Obstacle 3 | 10000, 10000 , 0 1100

Obstacle 4 | 5000, 2000 , 0 800

Table 3.3: Parameters setting

PSO Winaz | Wmin | €1 | €2 | €maz | €min | Vinaz
SPSO | 0.9 04 |2 2 - - 0.3

CIPSO | 0.9 0.4 |- - - - _
IPSO 0.9 04 202010 |0.050.3

NN RS

e IoD formation path planning

IoD formation includes several drones in which each one of them faces different
environment constraints. Thus, evaluating the whole formation is more effective
than single drone path planning. In this work, the IoD formation is evaluated
using the proposed IPSO and compared with SPSO and CIPSO.

Fig 3.6.1, 3.3, and 3.4 show the formation paths in both two and three dimen-
sional views in all algorithms. From figures, it is clearly seen that all three methods
are able to generate feasible paths without any conflict with terrain obstacles.

Fig. 3.5 to Fig. 3.7 are the corresponding fitness value with iterations for
IPSO, CIPSO, and SPSO, respectively. The fitness values presented in the figures
are recorded every iteration. The figures illustrate that CIPSO shows lower fitness
value than SPSO but still higher than IPSO. Besides, IPSO overcomes both SPSO

and CIPSO.
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The convergence speed is an important factor to evaluate the algorithm and
it can be measured by a fitness value. IPSO shows faster convergence speed than

both SPSO and CIPSO as shown in Fig. 3.5.
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o IoD paths optimality

To validate the effect of proposed method, we evaluate the average fitness value
with iteration for the three mentioned methods. Moreover, the Average Fitness
Value (AFV) is a measure of solution optimality which reflects the quality of solu-
tion. In path planning, AFV gives an indication of safety and cost effective path
for drones in the flying environment.

For performance evaluation of proposed method, we carry out Monte Carlo sim-

ulation for 60 replications and AFV results are shown in Fig. 3.8 to Fig. 3.10.

Fig. 3.8 shows the average fitness value of 60 replications for IPSO for all

drones. The figure exhibits different fitness for different drones. This is due to
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Figure 3.3: Two and three dimensional view for IoD path formation by CIPSO.
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Figure 3.4: Two and three dimensional view for IoD path formation by SPSO.
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Figure 3.5: Fitness value for IoD formation by IPSO.
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Figure 3.6: Fitness value for IoD formation by CIPSO.

different environment constraints. Drone 1 and 5 exhibit least fitness value because
lower obstacles between start and destination point of path. Thus, drones can fly
far from obstacles. On the other hand, the environment between start and end
points of drones 2,3, and 4 is filled with obstacles and drones should avoid flying

through obstacles that makes path longer and then higher cost of path (i.e., higher
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Figure 3.7: Fitness value for IoD formation by SPSO.

average fitness value).

The convergence speed is also a significant factor to show the effectiveness of
the proposed algorithm. Fig. 3.8 demonstrates the convergence curve of IPSO. To
clearly illustrate the evolution process, y-axis represents the average fitness value.
It can be observed that IPSO shows faster convergence at early stage of process
evolution which proves the ability of IPSO to generate more accurate and faster
safety path.

For performance evaluation of the proposed method, we compare the results with
both SPSO and CIPSO [29].

The results illustrate that the proposed method outperforms all other methods
since it shows the least AFV while SPSO shows the highest fitness value. This
is because SPSO suffers from sticking in local optima and premature convergence
problem. The proposed method overcomes these problems by adaptive mutation

of the solution that balances between local and global search by increasing the
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particle speed at the beginning of search (iteration) and reducing the speed at
the end of iteration that leads to speed up the convergence. Additionally, if any
particle becomes in active and can not improve the solution, it is replaced by fresh
one that increases the diversity of search and pushes the solution toward global
optima.

IPSO

——DRONE1
——DRONE2
——DRONE3
——DRONE4

DRONES

Average Fitness Value

Il Il 1 1 Il 1 1 1 I}
0 20 40 60 80 100 120 140 160 180 200
Iteration

Figure 3.8: Average fitness value for IoD formation by IPSO.

e IoD formation performance

The evaluation of IoD formation is more effective because it reflects the overall
formation of all members in IoD. The formation of IoD can be evaluated by ob-
taining the average fitness value of the whole formation which reflects the stability
degree of IoD formation.

Again the average fitness value of the whole formation is obtained for 60 repli-
cations and the average fitness value of the formation for the three approaches
are recorded in Table 3.4. The results show that the proposed method enhances
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Figure 3.9: Average fitness value for loD formation by CIPSO.

SPSO
22 T T T
——DRONE 1
——DRONE 2
—DRONE 3
—DRONE 4
DRONE 5

Average Fitness Value

0 20 40 60 80 100 120 140 160 180 200
Iteration

Figure 3.10: Average fitness value for loD formation by SPSO.

the optimallity path generation by 14.65% compared with SPSO while the CIPSO
enhancement is 7.31% compared with SPSO. The results show the advantage of

proposed method on path generation.

o Accuracy of IoD path generation algorithm
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Table 3.4: Average fitness value for all drones and formation

Drone | Dronel | Drone2 | Drone3 | Drone4 | Drone5 | FAFV | %Imp
IPSO 1.024 1.091 1.22 1.22 1.0325 | 1.1175 | 14.65%
CIPSO | 1.059 1.188 1.349 1.350 1.122 1.214 | 7.31%
SPSO 1.087 1.292 1.518 1.453 1.195 1.309 NA

The accuracy of algorithm can be measured by its ability to generate success
path. A failure rate which is defined as a number of trails in which algorithm fails
to generate path without collision after last iteration, is utilized to measure the
accuracy of the algorithm. To do so, Monte Carlo simulation for 60 replications is
carried out and failure rate is calculated. Besides, zero failure rate indicates the
highest accuracy algorithm.

The Table 3.5 depicts the average failure rate during Monte Carlo simulation
using different algorithms (SPSO, CIPSO, and IPSO). It can be seen that IPSO
yields the least failure rate of 0.8% which means that all paths of IoD formation
are feasible and without collision. Furthermore, the second method (CIPSO) is
the second best lower failure rate (2.5%), while SPSO shows the worst failure
rate (14%). The gained improvement by proposed method is 94% compared with
standard PSO while CIPSO achieves 82.12% improvement. Moreover, IPSO can
guarantee a considerable improvement and achieve the highest accuracy in path

generation.

e Running time comparison

Running time is also a significant factor to evaluate the performance of different
algorithms. It plays an important role in path generation as well as collision

avoidance response. In this work,the running time is measured for three methods
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and increasing time is recorded in Table 3.5. Besides, CIPSO needs internal loop
for sorting and mutating the solution which in turn increases the time required to
generate the paths. As a result, it suffers from longer running time. On the other
hand, the proposed method checks and replaces the inactive particles. Therefore,
it needs shorter time to generate the paths. What is more, the increasing time
compared with SPSO is 9% for IPSO and 45% for CIPSO. The conclusion of
this section is that the proposed method can generate the feasible paths for IoD

formation faster and much better than other methods.

Table 3.5: Failure rate and simulation time

Method | failure rate | Improvement Incr.easmg
Time
IPSO 0.8% 94.2% 9%
CIPSO 2.5% 85.7% 45%
SPSO 14% NA NA

o Effect of iterations on performance

The iterations number also impacts the performance of algorithm. To study the
effect of number of iterations on algorithm performance, we study the average
path length of all drones with respect to number of iterations. Path length is
affected by number of iterations where the average path length becomes better
as the number of iterations increases, as shown in Fig. 3.11. However, there is
a specific iteration in which the path length is not enhanced after that iteration.
It can be observed from figure that before iteration 80 is reached, the optimal
solution is obtained and the stable of formation is achieved.

Besides the average path length with iteration comparison, we have compared
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Figure 3.11: Average path length with iteration for the proposed algorithm.

the average path length with SPSO and CIPSO, and the results are illustrated in
Fig. 3.12.

As can be observed in the figure, the proposed method outperforms other methods.
The path length generated by proposed method is always shorter which proves
the advantages of proposed method. The advantages of shorter path has affected
the mission time of drones. The shorter path leads to shorter mission time and

less energy consumption.

3.6.2 Variable Drones Altitudes

To further investigate the impact of proposed method on IoD formation path
generation, we have carried out an extensive experiments in three dimensional
environment in which drone can avoid collision horizontally or vertically. In this
case, more freedom is given to generate safety paths which in turn reduces a failure

rate of algorithm.
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Figure 3.12: Average path length for different methods

The simulation results for different algorithms are given and the comparisons show
the advantages and effectiveness of the proposed improvements.
Fig. 3.13 shows the obtained path length for different algorithms. In the figure,
IPSO outperforms other methods and shows lower path length for all drones.
Fig. 3.14 to Fig. 3.16 illustrate the two and three dimensional paths for
all algorithms. It can be observed that all algorithms guarantee feasible flying
path without conflicting with obstacles. Besides, proposed method is able to
generate smooth path for IoD formation and it shows lower fitness value and
faster convergence rate where the optimal path is generated in the early stage
of process operation as shown in Fig. 3.17. In the figure, the optimal path is
generated before iteration 80.

Failure rate is also evaluated and it is 0.4%, 2%, 12% for IPSO, CIPSO, and SPSO,
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Figure 3.13: Average path length for different methods with variable drones alti-
tudes.

respectively. The proposed method achieves over 96.67% improvement compared

with SPSO.

3.6.3 Effect of Less Iteration on Performance

To further investigate the performance of the proposed method, we carry out sim-
ulation with less number of iterations. In this simulation, the number of iterations

is reduced to 60 iterations and the other parameters are still the same. Moreover,
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Figure 3.14: Two and three dimensional view for IoD path formation by TIPSO
with variable altitude.
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Figure 3.15: Two and three dimensional view for IoD path formation by CIPSO
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Figure 3.16: Two and three dimensional view for IoD path formation by SPSO
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Figure 3.17: Three dimensional average fitness value for IoD formation by IPSO.

the average fitness value and failure rate are analyzed, and the results are illus-
trated in Fig. 3.18 and Fig. 3.19. It is straight forward observed that the fitness
value is higher than that with large number of iterations.

It can be seen that IPSO exhibits better result and more accurate than SPSO.
The convergence rate is still acceptable and the same trend with high number of
iterations.

Failure rate is also discussed for both SPSO and IPSO. For low number of
iterations, the failure rate increases significantly to greater than 90% in SPSO
which means that SPSO is not able to generate loD formation paths with small
number of iterations. However, IPSO failure rate is 8% which proves the advan-
tages of the proposed method. This is because in IPSO, evolution process linearly

changes with iteration. The adaptive mutation of particle velocity which starts
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Figure 3.18: Average fitness value for IoD formation by IPSO with reduced max-
imum iteration.

with high value to achieve diversity and decreases linearly with iteration to small
value at the end of iteration in which particles reach to the global solution. Thus,
IPSO is able to generate safety paths with high probability to avoid collision with

environment obstacles in short time.

Average Fitness Value

1 Il 1
0 5 10 15 20 25 30 35 40
Iteration

Figure 3.19: Average fitness value for IoD formation by SPSO with reduced max-
imum iteration.
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3.7 Chapter Summary

The successful path planning for IoD swarm requires IoD nodes with the
capability to adapt and configure themselves automatically to the surrounding
environment without intervention of human. Due to the increasing number of
nodes in IoD, the centralized systems are not practical. In this chapter, the new
method for IoD formation path planning was proposed. The aim of improved
particle swarm optimization (IPSO) is to increase the diversity capability of
standard PSO. This study investigated the impact of optimization parameters
on convergence speed. Moreover, the formation of IoD was evaluated and
analyzed in two and thee dimensional space. For fair comparison, Monte Carlo
simulation for IoD formation with five drones was conducted under different
terrain constraints. The results were compared with standard PSO and CIPSO.
The results demonstrated that the proposed method outperformed the other
methods and provided fast and accurate IoD formation paths with obstacles and

member collision avoidance.
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CHAPTER 4

AN ENERGY EFFICIENT

ONLINE COLLISION

AVOIDANCE APPROACH

4.1 Chapter Motivation

Over the last few years, research in IoD formation has received significant at-
tention in various complex applications. Therefore, for applications that require
highly complex tasks, which individual drones can’t perform effectively, loD can
be used to accomplish such tasks efficiently. On the other hand, the rapidly grow-
ing popularity of IoD for consumer applications dramatically increases the number
of accidents involving drones. Thus, for drones to complete their missions, the
prime concern is the mission’s safety. Without preventing collision among drones

and with obstacles, safety is not guaranteed. The main challenge in IoD formation
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is the need for an efficient and effective collision avoidance protocol in static and
dynamic environments, which is very important in civilian and military applica-
tions.

In dynamic path planning, complete information about the environment may
not be available ahead of time, so incomplete knowledge about dynamic obstacles
is assumed. In this case, the obstacle has to be detected during the mission,
which requires real-time path optimization or dynamic path planning in which a
complete path is not available. But rather an optimal path information within
the drone’s field’s of view. Moreover, in IoD, each drone has to be provided with
an efficient mechanism to avoid the potential static and dynamic obstacles while
continue planning its path. Besides, each member requires to maintain a specific
minimum distance from other drones in the formation.

To avoid collision with nearby obstacles, the drones need to respond immedi-
ately as soon as obstacles are detected. Therefore, the drone should be endowed
by fast convergence algorithm to fulfill this requirement.

Furthermore, in certain situations like an urban environment, the drones are
tasked to fly through such an environment and must quickly navigate around con-
siderable obstacles while avoiding the collision. Another example is in a forested
environment in which the drone has to travel throughout the tree lines and has
to avoid collisions. In such applications, the drone needs to be endowed by an
efficient approach to respond quickly and avoid collision with nearby obstacles,
while planning its flight path.

Despite the distinct features of UAVs and their increasing popularity, inherent
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limitations still hinder the full potential of their applications. The main limitation
is the limited lifetime of on-board batteries which limits its flight time [14], [140].
As a result, most applications can not reach their full potentials. Moreover, for a
long path where the drone needs to perform its mission in a large area, the energy
consumption by UAV should be minimized to generate a safety path and reach
its destination. To clarify the picture, if the energy of the UAV is improved, the
UAV can accomplish more tasks in a shorter time. Conversely, if the drone is
not endowed by an efficient energy mechanism, it needs to perform more recharge
cycles which increases the mission time. For this reason, reducing the energy
consumption during the drone mission is a key challenging problem.

Although the literature works have achieved an improvement on drone’s colli-
sion avoidance and path planning, some works neglect IoD formation and consider
only one drone. Additionally, they test their approaches using small number of
obstacles in large environment dimension where the probability of collision is very
small making their approaches suitable for applications in light environments and
they are not guaranteed to work in dense environments. Moreover, most works
consider only geometric constraints and neglect other drone’s peculiar features

such as energy consumption in IoD formation.

4.2 Chapter Contributions

To fill the above discussed gaps, this chapter developed an efficient energy-aware

online dynamic and static obstacles collision avoidance algorithm for IoD for-
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mation which can operate within a radius detection range of drone online and
in time. The proposed approach uses gradient optimization for fast and quick
convergence. Unlike traditional collision avoidance algorithms that require prior
knowledge about obstacles and their precise locations in advance, this work pro-
vides a novel algorithm where prior information about obstacles is not required.
Instead, it receives instantaneous locations about detected obstacles and gener-
ates collision-free paths within the drone’s detection range. The following points

summarize the key contributions included in this chapter.

e The proposed approach aims to work online in a dense environment in which
a drone flies through a narrow passage due to several static and dynamic
obstacles filled the terrain. Therefore, the feasible paths from current loca-
tions for some drones in loD formation might not be guaranteed especially

in dense environment where obstacles fill the terrain.

o To guarantee feasible paths for all drones in situations where a desired
collision-free path is not available within the drone’s detection range, the
Safety Ensure Approach (SEA) is proposed. It puts some drones in a hov-
ering state for some time. Furthermore, the drone can backtrack when
hovering in place is not possible. It is also noteworthy that, the proposed
SEA allows a drone to fly vertically if hovering and backtracking are not
possible to avoid crashing with nearby obstacles, which increases the ability

to avoid collisions.

e The proposed mechanism provides an energy-efficient path generation to
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obtain a collision-free path with minimum energy requirement. To this
end, the energy consumption is used as an objective to be achieved for ToD
formation which guarantees collision-free trajectory with minimum energy
consumption. Moreover, the algorithm is enabled only when obstacles are
detected, which reduces the processing energy consumption during flight.
Furthermore, it guarantees full paths for all drones in IoD in static obstacle
environment. The algorithm is able to avoid the following collisions: ().
drone-to-drone (II). drone-to-static obstacles, and (III). drone-to-dynamic
obstacles. More importantly, the proposed algorithm generates efficient

drone trajectories and can be efficiently scaled up to a larger size.

This chapter is the result of a collaboration with Dr. Mohamed Deriche
from Electrical Engineering Department, Prof. Ansar Ul-Haque Yasar
from Transportation Research Institute, Hasselt University, Belgium.

The work has been published in Ad Hoc Networks, 118, 102519, 2021.

4.3 Energy Model For Drone Path Planning

To cope with limited drone energy, the energy consumption is used as an objective
to be minimized by an optimization approach during the planning of the path. To
elaborate, in the drone field of view, the path, which minimizes energy consump-
tion and avoids collision with obstacles, is selected. The energy is obtained for
each generated segment, where the selected segment minimizes the total energy

consumed in a whole mission. It has to be stressed that the best generated path
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is the path that requires minimum energy, and reduces the required energy to
the destination. The algorithm is proposed to obtain the collision-free path that
reduces energy consumption while satisfying all constraints.

We use the energy model for a quadrotor drone in [63]. This model is derived from
real measurements and focuses on the impact of different factors on a drone’s en-
ergy consumption. Different maneuvering activities like flying horizontally, flying
vertically up and down, turning, and hovering are considered in the real experi-
ments. Moreover, the energy consumption is obtained as a function of speed. They
measure the power consumed (P) during such operations and the fitting curves
are estimated and plotted in [63]. In path planning, we focus on the impact of
movement (such as hovering, horizontal movement, and vertical movement) on en-
ergy consumption. Thus, the energy consumption for each operation is obtained
in [63] as follows: The flying vertically up or climbing energy for Ah distance and

with velocity veimes is given by

Ah

Velimb

Eclimb(Ah) - Pclimb

(4.1)

The flying vertically down or descent energy for Ah distance and with velocity
Vdese 1S given by

Edesc(Ah) - Pdescﬁ- (42)

desc

The hovering in place energy from time ¢1 to time 2 is given by

Ehover = Phover(t2 - tl) (43)
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The flying horizontally is given as a function of velocity and can be given by

S8

Ehoriz = P'U_a (44)

<

where d is the horizontal distance, and v is the horizontal speed. Therefore, the

energy can be written as follow

E= Eclimb + Edesc + Ehover + Ehoriz- (45)

According to the energy model, vertically flying (Eimp+ Egesc) has a significant
impact on energy consumption, while hovering and horizontally flying require less
energy consumption than vertically flying.

In our energy model, the designed variables for hovering Fj,,, flying horizontal
Fhor, and flying vertical Fy, are used to trace the energy consumption by drone
at each interval. For instance, if the drone decides to hover in place, then the
designed variables F}o, = 1, Fjor = 0, and F,y = 0, and the energy consumption
required for the current segment will be the hovering energy. Besides, the energy

path for each drone can be calculated by adding the segments’ energy as follow.

M
Pathg =Y  SE; + CSE, (4.6)
=1

where M, is the number of planned segments proceed current segment, and SFE;

is the energy of i segment. To obtain the remained energy for each drone, an
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online calculation is performed as follow.

Rempg = Totalg — Pathg, (4.7)

The total energy of drone can be simply obtained as Totalg = V,, x [ * 3600 x P%,
where P% is the maximum percentage of energy a drone can use (particularly 70%)

to avoid battery or drone damage [63].

4.4 Energy-efficient IoD Path Planning Ap-

proach Description

To plan the path of ToD formation, some factors must be taken into accounts,
such as terrain area, obstacles included in the terrain, and IoD formation. The
mission environment may include obstacles such as mountains, buildings, radars,
and other threats. Moreover, the IoD formation includes many drones flying in
this environment. Thus, the oD formation should be able to avoid colliding with
these obstacles and with other drones in the formation. To do so, the path should
be constrained to avoid all these threats and obstacles. On other words, the
path should achieve the objectives and satisfy all constraints. In this chapter,
we have modeled the path planning problem of IoD as an objective constrained
optimization problem. The proposed approach guarantees safety paths for all

drones with minimum energy consumption.
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4.4.1 IoD Path Representation

The goal of using collision avoidance algorithms for path planning is to find a
feasible path for a drone during its mission from the source to the destination in
a complex environment. Lets the flight path be represented by finite positions
(P, Py, Ps, ..., Py). Then, the distance between two consecutive positions should
be less than the sensing range of the drone. Each position P; is represented by

three-dimensional coordinates (x,y,z) as in [51]

(.1', Y, Z)’xmzn S X S Tmazy) Ymin S ) S Ymazs Fmin S z S Zmax s (48)

where in, Ymin, Zmin are the lower bounds of the flying space, and 42, Ymaz, Zmaz
are the upper bounds of the flying space.

Furthermore, in a dynamic environment, drones should respond quickly to avoid
nearby obstacles. Thus, a simple and fast approach is needed to generate the
path. In this work, we develop a fast and accurate approach for such purpose
based on gradient optimization. Based on these considerations, quadratic Bezier
curves are selected to represent the IoD paths due to their simplicity. To be more
specific, the derivation of the quadratic Bezier curves can be computed at any
location on the curve, which simplifies the constraints calculation. Additionally,
quadratic Bezier curves have a fast curvature computation and state variables
reduction, which makes flight constraint calculations straightforward. The Bezier

curves (BZ) are defined as
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BZ(t) = (1 —t)*Py + 2(1 — t)tP, + t* P, (4.9)

where t € [0 1], and Py, Py, and P5 are the points of Bezier curves, and Po= (x0,y0)
is the start point of a segment. The gradient of Bezier curves can be calculated

as

OBZ

= 20—~ R)+2t(P, — P). (4.10)

4.4.2 Obstacle Model

In this subsection, the obstacle model including static and dynamic obstacles is
presented. Furthermore, the space boundaries are assumed to be available in

advance.
« Static obstacle model

In this model, the locations of obstacles are unknown in advance. Instead, the
locations are available within the detection range. We model the obstacle in a 3D
environment as a half-sphere as in [2]. Let SO is the static obstacle, Sz, Sy, Sz is
its center coordination in 3D space, and Sr is its radius. Thus, it can be modeled
as follow:

SOk = (Sxk,Syk,Szk,Srk), (411)
where Swy, Sy, Sz, are the three-dimensional coordinate of k' static obstacle

and Sry is its corresponding radius. The coordinates are given by

Sxy, = Sty cos(0) sin(¢) + Sz, (4.12)
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Syr = Sty sin(0) sin(¢) + Syro, (4.13)

Sz, = Sri cos(¢) + Sz, (4.14)

where Sxro, Syro, Szro is the center coordinate of k' static obstacle, § € [0 27]

and ¢ € [0 7]
e Dynamic obstacle model

The dynamic obstacles are modeled as spheres moving in space. Let DO is the
dynamic obstacle, Dx, Dy, Dz is its center coordination in 3D space, and Dr is

its radius. Thus, the k** dynamic obstacle can be modeled as follow:

DOk = (D{ﬂk, Dyk, DZk, Drk), (415)

where (Duxy,, Dy, Dz is the three-dimensional coordinate of k' dynamic obstacle
and can be calculated the same way as in Eq.4.12 to Eq.4.14, where ¢ € [0 7].

The obstacle is moving with velocity

Vk = (Vl'k, Vyk, VZk), (416)

where Vi, Vi, V2 is the velocity of k' dynamic obstacle in x,y,z direction, re-
spectively. Furthermore, the position of obstacle is updated while obstacle moving.
The new position after DurationTime can be obtained by

NewPos = OldPos + Velocity x« DurationTime, (4.17)
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where Velocity represents Vi, Vy, Vz. At any time, the new constraints are found

so that the path is not colliding with obstacles.

4.4.3 Design of the Objective Function

In practice, the assigned missions to the drone are done with different objectives,
which need to be optimized. The objective function is responsible for optimiz-
ing these objectives. Mathematically speaking, the generated value by objective
function is either maximized or minimized by the optimization algorithm. In
path planning, the objective function may include the length of the path, energy
consumption, or elapsed time. In our work, the aim of the objective function is
to minimize either the total path length or the energy required to complete the
mission.

For instant, if the path is optimized for energy, the objective function will
minimize the total energy consumed during flight by selecting the collision-free
path which consumes minimum energy. It has to be stressed that the path with
minimum length consumes minimum energy. Thus, we focus on energy objective

path planning. In this subsection, we will explain those two objectives.
o Path length minimization

In some drone’s missions, the longer path is not desirable because the drone is
limited power and the longer path is power-consuming for a drone. Thus, the
shortest path is preferable. Assuming SL, CS;, and LOLS are the segment’s

length, current segment length, and length of last segment, respectively. The

89



following path length function (f) used in [30] is used to evaluate the path
length:

M,
fu =Y SL;+CS + LOLS, (4.18)

i=1
where Ms is the number of planned segments proceed current segment, SLi is the
length of the i'" segment, and LOLS is the shortest straight line segment between
the end of the current segment and final destination and can be calculated by
Euclidean distance from the current segment endpoint to the destination. Then

the current segment is selected so that this quantity is minimized.
e Energy consumption minimization

The energy model described in section 4.4 can be used directly to measure the
offline energy with predefined path generation in which a drone follows the gen-
erated path. However, in our dynamic path planning, the drone generates the
collision-free path within its detection range online and on time. Our objective
is to minimize the energy consumption by selecting the segment that minimizes
the energy required to reach the destination. Thus, the best segment within the
detection range not only the segment that consumes less energy but also the seg-
ment that requires minimum energy to reach the destination. For instant, the
collision-free path is selected as an optimal path within the drone’s detection
range if it minimizes the energy consumed to reach the destination. The energy
required to reach the destination is the energy of the current segment + energy
required to reach the destination from the end waypoint of the current segment.
To use the energy as an objective function to be minimized, the objective func-
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tion is composed of two parts, i.e., energy of two paths. The first part calculates
the optimized energy consumption for the current generated path (first path) and
the second part calculates the energy consumption from the end waypoint of the
current path to the destination (second path). For simplicity, the second path is
a straight line obtained by Euclidean distance from the end waypoint of the first
path to the destination. Therefore, the objective function is given by the following
equation:

Obj__Energy = CSE + Opt(Energytothedestination), (4.19)
where C'SE is the current segment energy which is the required energy by the
collision-free path within the detection range of the drone and Opt(.) is the
energy required to reach the destination when the drone flies at maximum speed
to travel a minimum distance to the destination. The best path is the path that
minimizes the objective function in eq.4.19.

It is noteworthy that the safety path is given the highest priority which means
that the collision-free path is selected to be the new path of a drone even if
the other non collision-free paths provide minimum path length or less energy

consumption.

4.4.4 Design of Constraints

It is worth mentioning that constraints are used to ensure collision avoidance
with other objects in the environment including dynamic and static obstacles
in addition to other drones. In this subsection, we explain the constraints for

obstacles and IoD formation.
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¢ Obstacles constraints

The safe path of ToD formation does not go through obstacles. If even one point
in the path goes through an obstacle, this path is penalized with high cost. In
each interval, the distances from a drone path, including a drone size, and centers
of obstacles within the detection range, are calculated. The satisfied constraints
should be higher than the radius of the obstacles (i.e the uncertain boundary
of obstacles). If the obstacles are outside the drone detection range, they are
neglected. To design the obstacle constraint, the segment is divided into n points
and the distances between each point of the segment to all detected obstacles are

calculated. The constraints take the following form:

\/(ﬂﬂi —20;)% + (Yi — yo;)? + (zi — 20,)* > R}, (4.20)

where (x;,y;, 2;) are the points of the path;, (x0;,90;,70;) and R, are the center and
radius of j'h obstacle, respectively. For the dynamic obstacle, the new position of
the obstacle is calculated by eq.4.17 and the constraints are calculated the same
way as in static obstacles as soon as the obstacle is detected within the detection

range.
¢« Drone member constraints

When the density of IoD formation increases, the drones get closer to each other,
which increases the probability of drone collision. Therefore, drone collision avoid-

ance should apply the drone member constraints during the trajectories planning

92



for ToD formation. Thus, when IoD paths are generated, it is essential to test
whether drones are getting too close while flying in their respective paths.
Assuming path; is a path for drone; and path; are paths for other drones in
the drone’s field of view, i.e detection range. Then every point in path; should
be compared with every point of other paths (path;) so that the path; maintains
sufficient space with other paths. To do so, a safety distance SDt should be main-
tained among drones. The safety distance among IoD members mainly depends
on the maximum speed of drones, i.e., SP, wireless communication latency, and

processing time [141]. Thus, the safety distance can be defined by

SD; > SP x (processingtime + communicationtime). (4.21)

Note that the safety distance should be greater than or equal to the minimum dis-
tance between drones. For example, if minimum distance is 5m and the obtained
SD; is less than minimum distance, SD; will be set to 5m.

The required constraints to avoid collision among drones can be formulated as

follow.

SD(i, ) < /(i = 2)) + (i — 42 + (21— )2, (4.22)

where (z;, y;, 2;) are the segment’s points of path;, (z;,y;, z;) are the corresponding

points in other paths in the drone’s field of view.
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4.5 System Model of Collision-Free Path Gener-

ation approach for IoD

In this section, the system model of the proposed approach is explained. The
prior knowledge about obstacles is not required since the flight terrain is assumed
to be unknown in advance. Thus, it does not need an offline path planning phase.
The UAVs are taking off from starting locations and flying toward the destination
locations without any interruption till the obstacles are detected. When obstacles
are detected, the collision avoidance algorithm is triggered to avoid the detected
obstacles.

The idea of the algorithm is to divide the total time into small intervals. At
each interval, the path planning generator receives parameters and environmental
constraints, and returns a feasible path, which is the best partial path in which ob-
jective function, i.e., reducing the path length or energy consumption, is achieved
and constraints are satisfied. The system model block diagram of the proposed
approach is illustrated in Fig. 4.1.

The main parts of the system model are the multipath generation module and
collision avoidance algorithm module. The inputs of the model are the obstacle
detection, IoD current locations, and objectives. The proposed approach under-
takes to avoid collisions and obtain a collision-free trajectory within a field of
detection range in an online manner. However, in dense environment in which
obstacles fill the terrain, generating online free path might not be possible for

some drones.
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Figure 4.1: System model block diagram of proposed energy-efficient IoD static
and dynamic collision avoidance approach.

In such scenarios, some drones are put in a hovering state till the danger of collision
has gone. Furthermore, the proposed model might let some drones to temporarily
backtrack and obtain more appropriate collision-free paths. If the backtracking
might cause any potential collision or requires more energy than flying vertically,
the drone is allowed to fly vertically. In other words, these extra features signif-
icantly increase the ability of drone to avoid any obstacle on its path. The main

components of the proposed system model are described below.

4.5.1 Multipath Generation Module

In general, generating multiple paths increases the probability of drone safety
because if one path lies in the way of obstacle, the others may be in different

directions. On the other hand, as the number of paths increases, the time required
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to optimization them increases too. In our work, we generate up to 6 paths which
are sufficient to generate safety paths and needs a short time to be optimized.
The multipath generation module is responsible for generating multiple initial
paths which will be optimized by gradient optimization. Generally speaking, at
the beginning of each step, the multipath generation module receives the current
position of drone as inputs and generates multiple segments toward the destination
direction. Then these paths are optimized and the best one, which satisfies all
constraints and achieves the objective, is selected as the new path of the drone.
Finally, the drone follows this path and updates its current location using the

GPS technique.

4.5.2 Collision Avoidance Algorithm Module

A collision avoidance module consists of three components, namely design con-
straint, gradient optimization, and safety ensure approach modules. When the
obstacles are detected, the collision avoidance is invoked, which tries to avoid
collisions with detected obstacles, and generates a collision-free trajectory for the
drone online.

The design constraint module receives the initial generated paths and obtains
the constraints required to avoid collisions. The obtained constraints include
static, dynamic, and drone formation constraints. As soon as the constraints
are obtained, the gradient optimization is called with initial generated paths, con-
straints, and objectives as inputs. Based on these inputs, the paths are optimized.

The output of gradient optimization is the optimized paths with their correspond-
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ing flag that indicates if the path is collision-free or not. Now, the SEA module
receives the output of gradient optimization and checks all the optimized paths.
The paths that are not satisfying all constraints and achieving objective are ex-
cluded from collision-free paths. Then the best path is selected from the remained
collision-free paths to be the new path of the drone.

The SEA composed of three approaches namely hovering, backtracking, and
redirecting to z-direction, i.e., flying vertically, approach. If the path of drone
is not clear, i.e., no available collision-free path, the hovering approach puts the
drone in a hovering state for some time. If hovering, however, is not possible, the
backtracking approach temporarily backtracks the drone to retreat and discover
an alternative collision-free path. Moreover, in a dense environment, where several
obstacles around drone exist and collisions may occur, backtracking may not be
possible. In this case, the drone is redirected in z-direction and allowed to fly
vertically and over the obstacle.

It has to be stressed that these approaches are ordered based on the required
energy consumption. To clarify, as discussed in section 4.4, flying vertically re-
quires higher energy than hovering and backtracking approach. Thus, to achieve
an efficient energy saving, the hovering in place is enabled if the energy required is
less than that in backtracking and flying vertically. To this end, an online energy
calculation is performed and the energy-efficient approach is enabled. For exam-
ple, if number of hoverings requires higher energy than flying vertically, then the
flying vertically approach is enabled and the drone is enforced to fly in z-direction

and bypass the obstacle instead of hovering. Besides, the backtracking is allowed
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only if hovering in place is not possible and the energy required by backtracking
is still less than that in flying vertically. Finally, the new position of drone is up-
dated using GPS which will be used as a starting location of the drone in the next
step or interval. The optimization tool in this work is a matlab function SQP
algorithm, which is considered to be the most reliable and consistent gradient

algorithm [142], [143].
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Algorithm 3 IoD path planning algorithm

INITIALIZATION:

initialize Xs <« start positions, Xd < final positions,
max__ velocity, min_ velocity, Detection_ Rang;
begin

while loD destinations are not met do
Curent Locations + Xs;

Xn+Gen_ Seg(Current locations);

if Obstacles detected then
Constraints<—FindNewConstraints(Xn);

Optimized_paths + GradientBasedOptimize(Xs,Xn)
if collision-free path not exist then

if Hovering possible then
Enable hovering in place for some time

else if Backtracking possible then

Backtrack drone to search for an alternative path

else

| Allow drone to fly vertically

end

end

end

end

end

if No obstacle detected then
TIoD__Constraints«FindNewConstraints(Xn);

Optimize the generated paths for energy objective

end

Update IoD Current locations, Xs<-IoD Current locations

end

end
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The pseudocode of the algorithm is presented in Algorithm 3. It starts with
the initialization part, which is responsible for initializing all variables, such as
starting locations (Xs) and final locations (Xd) of IoD formation, velocity con-
straints, which is the maximum velocity (max_velocity) and minimum velocity
(min_ velocity) of drone, and detection range (Detection Rang). After that, the
while loop starts by generating multiple paths starting from current positions
(Xs). Moreover, at each interval, if the obstacles are detected, then the algorithm
is enabled and static and dynamic obstacles locations are received from obstacles
detection input. After the inputs have been received, the required constraints
(static, dynamic, and IoD formation) for all drones are determined to avoid colli-
sion with detected obstacles and with other drones in the formation. If no obstacle
is detected, only IoD formation constraint is obtained. According to these con-
straints, the optimized segments are generated using gradient optimization.

The gradient optimization approach receives the objective function, con-
straints, and the generated segments (Xn) by multipath generation module and
returns the optimized segments with corresponding flags. The flag indicates if the
optimized path is collision-free or not. The collision-free segment should achieve
the objective and satisfy all constraints. Then the collision-free path with min-
imum energy consumption is selected as an optimal path. If the collision-free
segment is not available, the drone is put in hover-in-place for some time, back-
tracked to discover alternative paths, or redirecting in z-direction as discussed
above. The segment is then added to the full path.

To repeat steps, the current position of the drone is updated by GPS. Now, the
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Xs receives the current positions to be used in the next step or interval. Then the
steps are repeated till the drone reaches its destination land where the condition
is met. Note that the gradient optimization approach calls the energy objective
function for optimizing the generated paths. More importantly, if the collision-free
path is not available, the SEA will generate the collision-free path with minimum

energy consumption. Thus, the energy-aware is taken into account in all cases.

4.6 Simulation Results and Discussions

To evaluate the ability of the proposed approach in avoiding all obstacles with
minimum energy consumption guaranteed, we carry out a simulation using Mat-
lab tool with different static and dynamic obstacles. To show the effectiveness of
our algorithm, various scenarios including environment with static obstacles only,
dynamic obstacles only, and dense environment with static and dynamic obsta-
cles, are simulated. The following collision avoidance scenarios, drone to static
obstacles, drone to dynamic obstacles, and drone to drone; are also evaluated.
For each scenario, we verify the safety distance required for avoiding collisions
between drones, and then the minimum separation distances between drones and
dynamic obstacles are recorded in dynamic obstacle and dense scenarios. Also,
we study the impact of the environment on energy consumption for different envi-
ronmental constraints. Moreover, the scalability is tested for energy consumption
by increasing the number of drones in the formation to 10, 15, and 20 drones.

Furthermore, we compare our results with the approach presented in [30]. The

101



Table 4.1: Drones Start and End Locations

Start Point | Destination Point
(x8,y8,28) (xd,yd,zd)
Drone 1 | 00, 00, 5 140, 020, 5
Drone 2 | 00, 030, 5 140, 060, 5
Drone 3 | 00, 060, 5 140, 100, 5
Drone 4 | 00, 090, 5 140, 120, 5
Drone 5 | 00, 110.,5 140, 140, 5

Drones

simulation is run on intel Cori5 2430M CPU with 3 Giga Byte memory. In this

section, the simulation parameters are explained and the results are discussed.

4.6.1 Parameters Setting

It is worth mentioning that the fast convergence feature of gradient optimization
allows the proposed approach to accounts for the dense environment (numerous
static and dynamic obstacles) such as the urban environment. In this case, the
drone should traverse quickly around a large number of obstacles safely without
collision. Thus, to account for high dense environment, the parameters are set as
follows:

Environment: 20 and 50 static obstacles are distributed throughout 150 m by
150 m and 1500 m by 1500 m environment, respectively. Also, four dynamic
obstacles are moving at random speeds in the opposite directions of drones’ flying
paths. Additionally, IoD formation includes five drones fly from start points to
destination points as illustrated in Table 4.1. The max elevation for the drones
is 10 meters. If the height of the obstacle is more than 10 meters, the drones will

maneuver in the x-y coordinates.
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It is worthy mentioning that the static obstacles are uniformly distributed
throughout the area. Besides, the speeds and directions of movable obstacles are
assumed to be known within drone’s detection range and the aim of the proposed
approach is to avoid colliding with these obstacles. In this work, we focus on
collision avoidance. Thus, we assumed that there is no communication among
drones, and other drones are considered as flying obstacles. Also, the drones are
increased to 20 drones in 1500 m by 1500 m environment scenario. The minimum
safety distance between drones is set at bm, and the maximum speed of drones
within the formation is 10m/s. Also, the movable obstacle velocity is between

Im/s to 10m/s.

4.6.2 Results and Discussions

In this subsection, different scenarios involving static obstacles, dynamic obstacles,
and ToD formation collision avoidance with energy consumption consideration will

be analyzed and the results of the simulation will be discussed.

o Energy optimization for IoD formation path planning

[oD formation includes several drones in which each one of them faces different
environmental constraints. Thus, evaluating the whole formation is more effective
than single drone path planning. The energy consumption is an important factor
to evaluate the algorithm performance. It reflects the ability of the algorithm to
generate a collision-free path with minimum energy consumption.

The drones fly from starting positions to the destinations and generate their
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trajectories with minimum energy consumption while avoiding colliding with ob-
stacles and with other drones in the formation. The energy consumption is cal-
culated for each generated path and the collision-free path with minimum energy
is selected. Also, the total energy consumption is obtained for each drone as dis-
cussed above in section 4.5. We normalized the energy consumption by dividing
the total energy consumption over the optimal energy when a drone follows the
shortest path from starting location to the destination at its maximum speed. In
the following scenarios, the static obstacles are randomly distributed throughout
the environment in addition to four dynamic obstacles flying toward the staring
locations of drones with random speed within a speed range. Three environment
scenarios are simulated namely, static obstacles scenario, movable obstacles sce-
nario, and both static and dynamic obstacles scenario, and the normalized average
energy consumption of 30 replications during the mission for all drones are shown
in Fig. 4.2 and 95% confidence intervals are illustrated in Table 4.2. Moreover,
an online calculation of the remained energy for each drone is performed and the

normalized remind energy results are illustrated in Fig. 4.3.

Table 4.2: Average normalized energy consumption confidence intervals of 30 runs
for three environment scenarios: Static obstacle scenario, Dynamic obstacle sce-
nario, and Static and Dynamic scenario.

Static Obstacles | Dynamic Obstacles | Static and Dynamic
only only Obstacles
[1.13, 1.45] [1.40, 1.45] [1.36, 1.55]
[1.43, 1.65] [1.53, 1.63] [1.81, 2.16]
[1.32, 1.60] [1.50, 1.59] [1.56, 2.11]
[1.43, 1.58] [1.48, 1.55] [1.56, 1.72]
[1.35, 1.39] [1.34, 1.37] [1.37, 1.48]
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Figure 4.2: The average normalized energy consumption of 30 runs for IoD for-
mation path planning for different obstacles: 20 static obstacles only, 4 dynamic
obstacles only, and the dense environment with aforementioned static and dy-
namic obstacles.

Figures 4.2 and 4.3 illustrate different energy consumption for different drones.
This is due to different environmental constraints. To clarify, drones 1 and 5 con-
sume the least energy value due to a fewer number of obstacles between the start
and destination points of their paths. Thus, the drones can bypass obstacles easily
without needing to hover or fly vertically. On the other hand, the environment
between the start and endpoints of drones 2, 3, and 4 is filled with obstacles and
drones should use SEA to avoid flying through obstacles which in turn requires
higher energy consumption. This is because they face dense obstacles and they
need to hover, backtrack, or fly vertically to avoid crashing with them. It is note-
worthy that the required energy in the static environment, i.e., static obstacles

only, is less than that in the dynamic environment as shown in Fig. 4.2. This
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is because, in the static environment, the drone does not need to hover in place
and rarely flies in z-direction while the drone requires higher energy in the dy-
namic environment due to movable obstacles that appear suddenly in the front of
drone which needs to make an appropriate decision, i.e., hovering, backtracking,
or flying vertically, to avoid crashing with them. For this reason, the remaining
energy shown in Fig. 4.3 decreases at a higher rate in the third scenario where
both static and dynamic obstacles exist in the environment.

The impact of environmental constraints on energy consumption increases as
the number of obstacles included in the environment increases. Furthermore, the
IoD formation constraints also affect the energy consumption for path generation.
The drones are not allowed to fly to the same location at the same time to avoid
IoD formation collision.

To assess the scalability of the proposed approach, we consider three scenarios
with 10, 15, and 20 drones, respectively in the same environment. The average
normalized energy consumption for the three scenarios per one drone is illustrated
in Fig. 4.4 and Fig. 4.5. We can see that the IoD formation constraints have
a significant effect on energy consumption for path generation. The drones are
not allowed to fly to the same location at the same time to avoid the collision.
As the number of drones increases, the distance between them decreases, which
increases the possibility of collision. Since the drone needs to keep a safe distance
to avoid the collision, they enable SEA to hover in place till the nearby drones
get farther or fly in z-direction to avoid the collision, which leads to more energy

consumption. Beyond 20 drones there will be collisions, long mission time and
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Figure 4.3: The average normalized remained energy consumption with respect to
time intervals of 30 runs for IoD formation path planning for different obstacles
scenarios: 20 static obstacles scenario, 4 dynamic obstacles scenario, and the dense
environment with aforementioned static and dynamic obstacles.
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frequent enabling of SEA which in turn degrade the system performance.

e JoD collision avoidance with static obstacles scenario

In this scenario, the terrain involves several random static obstacles. Additionally,
within a detection range, the drone detects static obstacles and runs the collision
avoidance algorithm to generate a feasible collision-free path, which achieves the
objective and satisfies all constraints. With this in mind, the generated segment is
added to a drone path meaning that the algorithm is able to generate the full path
for ToD formation as illustrated in two and three-dimensional views in Fig. 4.6 and
Fig. 4.7, respectively. It can be clearly seen that no collision is detected with static
obstacles, and the drones are able to weave around obstacles. Also, no collision
is detected among IoD nodes since the safety distance is maintained among IoD
members meaning that the drones are able to perform collision avoidance with

nearby obstacles and with other drones in the formation efficiently.

e IoD collision avoidance with dynamic obstacles scenario

The terrain in this scenario involves only dynamic obstacles moving throughout
the environment. To evaluate the capability of the proposed algorithm to avoid
colliding with moving obstacles, we show the planning progression through the
obstacles field. It can be clearly observed from Fig. 4.8 that the UAVs are able to
avoid collision with moving obstacles while flying toward their destinations. To
elaborate, in the first frame of Fig. 4.8, drone 4 tries to avoid collision while flying

toward the destination but unavoidable collision will happen because the obstacle
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Figure 4.6: Two-dimensional view for loD formation path planning with 20 static
obstacles environment. The drones fly from the start positions to the destina-
tion positions while avoiding collisions with these static obstacles and with other
drones.
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Figure 4.7: Three-dimensional view for IoD formation path planning with 20 static
obstacles environment. The drones fly from start positions to the destination
positions while avoiding collision with these static obstacles and with other drones.

moves toward drone 4 and backtracking may lead to a collision. Consequently,
drone 4 flies vertically and over obstacle as illustrated in the fourth frame of Fig.
4.8 and Fig. 4.9, 3D view. Another example of avoiding collision is shown for
drone 3 in the fifth and seventh frames of Fig. 4.8. In the fifth frame, the drone
3 can not find the collision-free path, and hovering in place is not possible due
to potential collision. Then, it checks for possible backtracking, which is now
possible, allowing the drone to retreat and discover an alternative collision-free
path. Finally, all drones arrive at their destinations safely.

Also, we record the minimum distances between IoD formation and centers of
obstacles for each segment of the path from starting point to ending point. The

result is illustrated in Fig. 4.10. The results reveal that minimum separation
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Figure 4.8: Two and three-dimensional views of IoD progression of five drones
flying from start positions to destination positions in the dynamic environment
including four dynamic obstacles moving in the opposite direction of drones’ paths
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Figure 4.9: Two and three-dimensional views of IoD progression of five drones
flying from start positions to destination positions in the dynamic environment
including four dynamic obstacles moving in the opposite direction of drones’ paths
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Figure 4.10: Dynamic environment scenario: Minimum separation distance in
meter among five drones flying from start positions to destination positions and
four dynamic obstacles moving in the opposite direction of drones’ paths.

distances between any drone and centers of dynamic obstacles are greater than
the radius of obstacles which clearly indicates that no collision is detected with
dynamic obstacles. This demonstrates the importance of using SEA, i.e., hover-
ing, backtracking, and vertically flying, in our technique to prevent any potential

collision with obstacles.

¢ JoD collision avoidance with dense obstacles scenario

This scenario represents a dense environment, which involves several static and
dynamic obstacles in addition to multiple drones flying throughout the environ-

ment. In this scenario, 20 static obstacles are distributed randomly throughout
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Figure 4.11: Two-dimensional view for IoD formation path planning with 20 static
obstacles and four dynamic obstacles. The drones fly from the start positions to
the destination positions while avoiding static and dynamic obstacles.

the environment. Also, four moving obstacles are moving in opposite directions
of drones and with random velocities. The two and three-dimensional views de-
picted in Fig. 4.11 and Fig. 4.12 show the collision-free paths for all drones in
IoD formation, i.e., no collision is detected with static obstacles and other drones.
The drones maintain sufficient distance among members in the formation. Again
the minimum separation distances between any drone and centers of dynamic
obstacles highlighted in Fig. 4.13 confirm the ability of the proposed method in
preventing crashes with moving obstacles. It can be observed from the results
highlighted in Fig. 4.13 that the IoD formation maintains sufficient distances
between any formation member and dynamic obstacles.

Turn now to progression planning to evaluate the capability of the proposed
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Figure 4.12: Three-dimensional view for IoD formation path planning with 20
static obstacles and 4 dynamic obstacles environment. The drones fly from the
start positions to the destination positions while avoiding static and dynamic
obstacles.

algorithm to avoid collision with moving obstacles. It can be clearly observed from
Fig. 4.14 that the UAVs in IoD formation are able to avoid collision with moving
obstacles while flying toward their destinations. To illustrate, in the second pair
frame of Fig. 4.14, drone 4 tries to avoid collision while flying toward the desti-
nation but an unavoidable collision will happen. Drone 4 checks for hovering, but
it can not hover in its place because a potential collision might happen in that
position. Instead, it backtracks and hovers till the danger has gone as explained
in the third and fourth pairs frames of Fig. 4.14. It has to be stressed that drone

4 performs online calculation of energy consumption and enables an appropriate
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ensure safety approach.

Another example of avoiding collision is shown for drone 3 in the fourth pairs
frames of Fig. 4.14 and the first pairs frame of Fig. 4.15.

As can be observed from figures, the drone3 can not find the collision-free
path and hovering in place is not possible due to potential collision. Then it
checks for possible backtracking which is now possible, allowing the drone to
retreat and discover an alternative minimum energy collision-free path. Note that
drone 3 and drone 4 run several hovering and backtracking to avoid collision with
obstacles. This reflects the ability of the proposed approach to work in a high

density environment.
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Figure 4.14: Two and three-dimensional views of IoD progression of five drones
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Figure 4.15: Two and three-dimensional views of IoD progression of five drones
flying from start positions to destination positions in the dynamic environment
including 20 static obstacles and four dynamic obstacles moving in the opposite
direction of drones’ paths.
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To illustrate the ability of the proposed approach in dealing with a large sce-
nario, we consider a large environment scenario (1500 m by 1500 m), where the
IoD formation size is increased to 20 drones, static obstacles are increased to 50
static obstacles distributed throughout the environment, and 4 dynamic obstacles
moving toward the start positions of drones. To show the ability of the proposed
approach to generate a safety path for a large size of IoD formation, we record
the minimum distances between IoD formation and centers of dynamic obstacles
for each segment of the path from starting point to ending point. The minimum
sufficient separation distances between any drone and centers of four dynamic
obstacles are shown in frame 1 to frame 4 of Fig. 4.16. It is clearly seen that
no collision is detected since the minimum sufficient separation distances between
drones and centers of dynamic obstacles are larger than the obstacles’ sizes. It is
worth emphasizing once again that the safety is given the highest priority. More
importantly, the energy objective function helps to select the collision-free path in
the destination direction with minimum energy consumption. Thus, even for the
large scenario, the proposed approach guarantees minimum energy consumption
paths for all drones to reach their destinations safely.

Besides the above illustrations, we also compare the proposed approach with
the work presented in [30]. The comparisons include three important parame-
ter metrics for dynamic environment, namely, the Number of Collisions (NOCs),
the time required to generate the segment within the drone’s field of view, i.e.,
Duration Time (DT), and IoD formation. Furthermore, the comparison is con-

ducted for 100 iterations and the maximum speed is set to 10 mps. It is worth
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Figure 4.16: Large size environment scenario 1500 m by 1500 m: Minimum sepa-
ration distance in meter between each drone flying from the start position to the
destination position and centers of movable obstacles. The environment include
20 drones flying from the start position to their destination positions, 50 static
obstacles, and four dynamic obstacles moving in the opposite direction of drones’
paths.

121



Table 4.3: Comparison the results in static and dynamic environment scenarios
including number of collisions, duration time to generate the partial path within
drone’s detection range, and IoD involved

Approach Static Environment Dense Environment

NoC DT IoD | NoC DT ToD

Proposed | 00 | 288.16 ms | YES | 00 447.4ms | YES
[30] 00 | 261.9ms | NO 10 | 362.68ms | NO

emphasizing once again that, in the proposed algorithm, the mission’s safety of
IoD formation is given the highest priority of other objectives. For this reason, it
does not produce the shortest path or shortest mission time. Instead, it produces
collision-free paths with minimum energy. In this scenario, we consider a dense
environment with static and dynamic obstacles involved.

Table 4.3 highlights the NoCs, duration time required to generate the segment
within the drone’s field of view (DT), and IoD formation. The second and fifth
columns of Table 4.3 show the number of collisions in the static and dynamic
environments, respectively. The results show that in static environment both al-
gorithms are able to generate a safety path with zero collision while in the dense
environment with static and dynamic obstacles involved, the number of collisions
is zero, and ten for the proposed approach and the approach presented in [30],
respectively. More importantly, the proposed algorithm outperforms the work
presented in [30] in IoD formation scenario since it is able to perform drone to
drone collision avoidance that provides the safety of IoD formation, while the work
in [30] did not solve drone to drone collision avoidance. Finally, it is worth em-
phasizing that the proposed approach incurs overhead like increasing path length

or elapsed time for a drone to accomplish its mission.
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4.6.3 Effect of Obstacle Speed on Performance

To study the ability of the proposed algorithm to avoid collision with moving
obstacles, the moving obstacles are simulated with different speed ranges. In this
scenario, the obstacles are starting from drones destinations and moving toward
the drones with the following speed ranges: [1-10] m/s, [11-20] m/s, [21-29] m/s,
and > = 30 m/s. The result of this scenario is demonstrated in Fig. 4.17. It
can be clearly observed that the algorithm can efficiently avoid collision with the
moving obstacles when their speeds are in the range [1 10] m/s. This is due to
sufficient distance between drone and obstacle, which offers higher freedom for a
drone to move. For higher speed in the other ranges, the success rate decreases
t0 92.1% and 82.0% for speed range [11-20], and [21-29]m/s, respectively. Finally,
if the obstacle speed is beyond 30 m/s, the collision avoidance is not guaranteed

since the success rate drops down to 63.1%.

4.7 Chapter Summary

This chapter outlined an energy-efficient online collision-free trajectories genera-
tion for IoD formation with minimum energy consumption. It is worth mentioning
that the successful path planning for IoD requires IoD nodes with the capability
to adapt and configure themselves automatically to the surrounding environment
without intervention of human. Due to the increasing number of nodes in IoD,
the centralized systems are not practical. More importantly, inherent limitations

still hinder the full potential of UAVs applications due to limited energy. The

123



Success Rate %

[1 10]mfs [11 20]m/s [21 29]m/s >=30 m/s

Obstacle Speed Range inm/s

Figure 4.17: Success Rate with respect to obstacle speed: different ranges of ob-
stacle’s speed (1-10 m/s, 11-20 m/s, 21-29 m/s, and >=30 m/s) are implemented.

main limitation is the limited lifetime of on-board battery which limits its flight
time. For drones to accomplish their task, an energy-efficient strategy is required.
To accomplish path planning and optimize the energy consumption, a gradient
optimization was used for fast and quick convergence. The proposed SEA allowed
the drone to hover for some time, backtrack, or fly vertically to avoid any poten-
tial collision with energy-saving consideration. We also showed simulation based
on Matlab implementation. The proposed mechanism provided fast and accu-
rate IoD formation collision-free paths with minimum energy consumption. The
energy consumption was evaluated for different environmental constraints. we

compared our work with recent work where the results showed that our approach
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outperformed exist approach and confirmed the ability of the proposed approach
to successfully generate a collision-free partial path within a drone’s detection
range, and full path with minimum energy consumed, which makes it appropriate
for a high dense environment and even in applications with a high-risk collision
with the obstacle of relative speed up to 10 m/s. Furthermore, it can generate
safe and efficient energy consumed formation paths and scaled up to larger size

problems.
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CHAPTER 5

OPTIMAL DEPLOYMENT OF

IOD FOR VANETS

ASSISTANCE

5.1 Chapter Motivation

The ToD paradigm offers a significant feature which is its ability to have LOS
connections toward the users due to drones’ elevations. That is, when traditional
ground networks are damaged, UAVs can support efficient and effective tempo-
rary communication networks. Unlike ground nodes that have to follow a specific
route, the nodes in IoD can move freely in three-dimensional space and fly above
high buildings which may obstruct the ground vehicle’s communication. Thus,
the LOS communication can be established effectively by adjusting the drones’

altitudes and mitigating shadowing and signal blockage. Towards this end, dedi-
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cated UAVs are employed as aerial Access Points (APs), relays, RSUs, or BSs to
provide wireless ground network communications, which is called UAV-assisted
wireless communication. The UAV-assisted has become an alternative connection
for ground vehicles and attracts the attention of extensive researchers.

Based on the above tremendous advantages of drone, V2V communication can
be supported by IoD network when a direct multi-hop link between vehicles is not
available. In this case, IoD can be utilized as a relay network to maintain the
reliable wireless communication links between vehicles on the ground.

The interconnected nodes in the IoD network make it fault tolerance and
robustness. It can be easily integrated with other networks and fast deployed in
difficult conditions to provide the communication in which ground infrastructures
get damaged or the manually deploying them are almost impossible. Coverage
problems with ground vehicles have been examined extensively in the literature.
Moreover, the harsh terrains can significantly limit the maneuverability of ground
mobile vehicles. Generally speaking, two main factors affect the connectivity of
IoD and ground network, namely LOS and the path loss. It has to stress that
deploying IoD at high altitude enhances LOS condition but increases the distance
between sender and receiver which in turn increases the path loss. To maintain
the range of the received signal and achieve LOS condition, IoD positions should
be optimized using an appropriate mechanism.

In conclusion, some previous works achieved improvements in ground network
performance such as coverage, throughput, routing, and end to end delay. Other

works focused on maximizing coverage area based on download facing camera.
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Others achieved improvements in VANETSs performance, but focus on routing
protocols, or considered the static ground infrastructure. Generally, the full ex-
ploitation of superiority of drones to minimize isolated cars is omitted or neglected

in the previous works.

5.2 Chapter Contributions

In this thesis, we propose implementing an optimization algorithm to obtain the
optimal deployment of IoD in a dynamic vehicular communications environment.
The adopted deployment of loD at any instant of time allows providing communi-
cation between vehicles on the ground. We consider the coverage as the number of
vehicles covered by the IoD network. Such an optimum deployment is determined
by considering the current locations of ground vehicles and can be evaluated by
considering the quality of the received signal at the receivers, i.e., vehicles on the
ground.

The main contribution of this chapter is utilizing oD as a relay network at op-
timum coverage base-on cars’ locations using Received Signal Strength Indicator.
In this chapter, the IPSO algorithm in chapter 3 is implemented to achieve the
aforementioned objectives so that sufficient signal strength towards all isolated
vehicles on the ground can be achieved by the IoD network to guarantee the best
coverage at each specific time. Moreover, the connectivity of the IoD network is
addressed by the proposed optimization approach where the objective function

includes the connectivity to be achieved for a better solution. Furthermore, we
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design an IoDAV to boost the VANET communication performances. Based on
the vehicles’ distribution on the ground, the proposed approach dispatches the
IoD nodes to the most appropriate locations in real-time. The main assumption
is that a lack of infrastructures exists in the environment and the connectivity
among vehicles is minimum. For example, in an urban area, the buildings may
obstruct the line of sight and the connectivity among vehicles is lost. Besides, the
movement of UAVs in oD aims to explore the 3D space to offer connectivity to
the ground vehicles.

The contributions included in this chapter can be summarized as follow

e A novel collaborative IoD architecture is proposed and integrated with
VANETs. For a specific location, the demand for UAVs is evaluated us-
ing an optimization evaluation function to obtain the optimal deployment

of IoD to assist the VANET.

e The population optimization scheme is designed to improve the proposed
model. The optimization scheme has enabled the IoD nodes dispatching to
the best service locations and maintains the connectivity constraint of the

IoD network so that the efficiency of IoDAV approach is enhanced.

o Extensive simulation experiments are conducted to test the model perfor-
mance, and evaluate the proposed model. The simulation results are dis-

cussed and analyzed in detail.

This chapter is the result of a collaboration with Dr. Ashraf Mah-
moud from Computer Engineering Department, Muhammed Imran
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from College of Applied Computer Science, King Saud University, and
Muhammed Shoaib from College of Computer and Information Sci-
ences, King Saud University. The work has been published in IEEE

Access, 9, 61211-61223, 2021.

5.3 lToD-Assisted VANET Mechanism

As discussed in Section 2.3, the reviewed work related to VANET intended to
enhance the performance of the VANET network, however, the UAV’s mobility
superiority was neglected. By controlling a few numbers of UAVs in a wide area,
several infrastructures can be dispensed. Therefore, the VANET can be assisted
by leveraging dynamic UAVs. As shown in Fig. 5.1, an loD-Assisted-VANET
model, consisting of the VANET network and IoD network, is proposed. The
VANET network consists of terrestrial vehicles on the ground and their mobili-
ties are restricted by predefined roads and traffic regulations. Additionally, the
quality of communication is impacted by the surrounding environment. The IoD
network, which is integrated with VANET, consists of UAVs swarm with wireless
communication. The UAVs swarm are responsible for supporting the connectivity
among vehicles. Thanks to their flexible mobility, they can be easily dispatched
to the most appropriate locations where the relay is required among vehicles. Fig.
5.1 illustrates the effectiveness of the proposed IoDAV architecture in which the
vehicles can not communicate directly within their communication range. The

buildings are considered as obstacles and hinder the transmitted signal. Thus,

130



UAV1 and UAV2 are dispatched to suitable positions, where vehicles are isolated
by building and can neither communicate nor transmit data to infrastructure. The
two UAVs act as a relay to create a connection among those separated vehicles.
It is noteworthy that the positions of UAVs are updating periodically based
on the movement of ground vehicles and the state of received signal therein. The
UAVs are first dispatched to the appropriate locations and then hover therein
to provide communication among isolated vehicles. As the vehicles move, the
distance between them increases and they might be isolated by obstacles lying
between them, which in turn lose the connection. Then, the IoD’s location is

updated to connect the isolated vehicles.

UAV3 0 g

Y
[
N
8
3
b,

y
2
S 8
P )
!_‘.-. 3

Figure 5.1: ToD-Assisted VANET Architecture
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5.4 Optimal IoD Deployment

In this section, we will describe the formulation of IoD deployment. Particularly,
we will explain how the optimization algorithm addresses the drone’s positions as

well as the optimization algorithm used.

5.4.1 Problem Formulation of IoD-Assisted VANET

The deployment of drones has been impacted by their coverage, which can be
classified into static and dynamic coverage. In the former, the UAVs hover in the
target region during the whole mission time. The complete design goal, such as
maximizing the coverage area, has to be achieved in the deployment. In the letter,
the UAVs keep changing their positions during the mission depending on the cur-
rent locations of ground nodes. Besides, we focus on dynamic deployment with the
aim of maximizing the coverage area in a 3D environment. To do so, we consider
the scenario including many vehicles that follow specific paths on the existing
region. Also, in the considered scenario, the area lacks sufficient infrastructures
and the ToD will help to relay the information among vehicles. It is noteworthy
that the locations of IoD nodes are changing throughout time depending on the
locations of ground vehicles. At every time step, when the vehicles on the ground

move, the new optimal locations of IoD have to be evaluated.
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5.4.2 Optimization Problem

Our main objective is to obtain the best position of interconnected IoD network
in a 3D space so that the transmitted signals from IoD nodes can be received by
all isolated vehicles in the ground with sufficient power reception. Such dynamic
deployment requires an efficient technique to dispatch the drones to the optimal
locations. Furthermore, obtaining the best locations of IoD nodes by trying all
possible locations in the space at each time step is an inefficient way. This is
because it consumes a lot of resources and takes a lot of time which is considered
as an NP-hard problem.

The sophisticated solution is to use a meta-heuristic algorithm where the op-
timal solution can be obtained without testing all possible values. Instead, the
random position is generated and evaluated using the fitness function. Then the
iterative manner is used to search for the best possible solution. Among those
population-based, PSO, swarm intelligence algorithms, is one of the intelligent
algorithms employed in the deployment problem. In this chapter, we consider the
dynamic coverage using the improved version of intelligent optimization technique
i.e., IPSO.

The RSSI metric in the received vehicles is utilized by the objective function to
evaluate the generated positions and the best position of IoD nodes is selected. On
the receiver side, the RSSI is selected and compared with the minimum threshold,
defined in this chapter to be -86dBm (the threshold for successful packet deliv-

ery). Particularly, to achieve full coverage connectivity, the average RSSI should
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be greater than the minimum threshold. More importantly, the RSSI metric is
utilized to calculate the number of covered vehicles in the ground by the IoD
network. At each vehicle, we analyze the RSSI when the positions of IoD nodes
are selected. Then the vehicle is counted to be covered if RSSI is greater than the
minimum threshold. In the next section, the optimization algorithm utilized in

our work is explained in detail.

5.5 Improved Particles Swarm Optimization for

Coverage

To address the formulated problem, the IoDAV approach has to work in real-time.
In this context, we propose an effective population scheme, IPSO, for [oDAV to
design the feasible collaborative approach. The IoDAV dispatches multiple UAVs
to different positions for optimal deployment. Obviously, this approach is de-
signed to integrate the IoD network with the VANET network for assistant in
infrastructure-less scenarios that need relay nodes for communication. TIPSO is
an enhanced version of traditional PSO. It avoids trapped in local optima and
searches for the global optima in a more accurate and faster way. The enhance-
ments are improving the initialization stage by using uniform initial distribution
as in eq.5.1.

Xpa1 = pXo(1— X), (5.1)
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where X,, represents the n'" chaotic variable, 4 is a bifurcation coefficient. Then

the velocity is updated using
Vip1 = wiy + i (pBesty — o) + caro(gBesty — xy), (5.2)

where cl, ¢2 are acceleration coefficients, rl, r2 are random variables, and w is an

inertia weight. The position of each particle is updated using

r(t+1) =2(t) +ev(t+1), (5.3)

where € selects how fast the particle moves. Furthermore, the parameters
Inertia Weight (w) and Epsilon(e) are updated to balance global and local search

using the following (5.4) and (5.5) equations, respectively.

MaxIt —t

_ . 4
MaxIt * (Wmaw wmm)a (5 )

wW(t) = Win

(emax - Emin)t

= €y — —r T 5.5
€=e MaxIt (5:5)

where Mazxlt is maximum simulation time and ¢ is current simulation time,
Winins Wmaz are minimum and maximum value of inertia, respectively, €42, €min
are constant value and €,,,, > €min.

The inactive particles are replaced by new freshening particles to rich the
diversification search of the algorithm.

The pseudo-code of IPSO for IoDAV is explained in the algorithm 4. The pa-
rameters of the algorithm such as acceleration coefficients c1 and c¢2 are initialized
in the initialization part of the algorithm. The initialization part is also respon-
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sible to create the initial position and velocity of all particles. The algorithm
receives parameters and environment constraints and returns the best locations of
all UAVs that achieve the maximum coverage. For each iteration, the informant
particles are assessed and the solution that achieves the best coverage is stored
in LBest with the corresponding coverage and RSSI. The velocity and position of
each solution are updated using eq.5.2 and eq.5.3, respectively. Then the fitness of
generated solution is evaluated and compared with LBest solution. Moreover, the
GBest is compared with LBest and the best overall solution is stored in GBest.
Note that if two solutions achieve the same coverage, the solution with a higher
average RSSI is selected as the best. Finally, the global solution that includes
the best positions of loD nodes with maximum coverage and RSSI is returned. It
has to stress that the IoD is an interconnected network meaning that the GBest

includes interconnected nodes of IoD.
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Algorithm 4 TIPSO algorithm for [oDAV

begin
Input:

Trail: Maximum Limit of trail, MaxIt: maximum iteration
PSize: Population Size

Bmin,Bmax : Environment Boundary

Output: Best Positions and fitness of IoD nodes (GBest)
INITIALIZATION:

initialize c1, c2, PopSize

begin

for i = 1: to PopSize do

initialize position [Pos;] with logistic map using Eqg5.1, V; = 0
Fitness; =Obj_ Fun(Pos;)

if Fitness;.Cov>GBest.Cov then
| GBest =Fitness;

end

if (Fitness;.Cov==GBest.Cov)A(Fitness;. RSSI>GBest.RSSI) then
| GBest =Fitness;

end

end
iter=0

while Iter<Max__Iteration do
Update w by Eq5.4, € by Eq5.5

for i = 1: to PopSize do
Update the velocity V;(t 4+ 1) using Eq5.2, position Pos;(t+1) using Eq5.3

Fitness; =0Obj_ Fun(Pos; (t+1))

if Fitness;.Cov>LBest.Cov then
LBest= Fitness;

if LBest.Cov> GBest.Cov then
| GBest =LBest

end

if (LBest.Cov==GBest.Cov)A(LBest.RSSI>GBest.RSSI) then
| GBest=LBest

end

Clear trail of generated Particle

else

| Increment Particle trail (trail(i))

end

end
for i =1 : to PopSize do

if trail(i)>limit then
Replace inactive particle by new fresh one,

Clear its trail

end

end

Increment Iter

end

Repeat until ideal best is obtained or run out of time

end

RETURN (GBest)

end
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5.6 Optimization Framework

The IoDAV aims to enhance the connectivity of infrastructure-less VANET net-
work by optimally deploying the IoD network. To this end, the sophisticated
approach based on a meta-heuristic algorithm is implemented to dispatch the
IoD nodes to the optimal locations and maintain the connectivity of the IoD
network. The proposed approach is implemented in the OMNET++ tool [144]
and the framework is illustrated in Fig. 5.2. The new module is developed as
an extension to the OMNET++ network simulator to implement the IPSO. The
aim of this module is to optimally place IoD nodes so that the number of cov-
ered vehicles on the ground is maximized, i.e., dispatching the IoD nodes to the
most appropriate locations, in addition to maintain the connectivity of the IoD
network. Furthermore, the map is generated using the SUMO NetEdit tool and
the traffic simulator SUMO [145] is utilized to mimic the movements of vehicles
on the ground. Besides, the information of mobility from SUMO is polled at
fixed intervals. Moreover, for more realistic vehicles communications, the Veins
simulator [146] is used. Whenever the departure of a mobile node is simulated
by SUMO, the dedicated simulation module is created by Veins in OMNeT++.
Then, Veins updates the speed, position, and heading of the mobile node in the
created module in OMNET++ as the mobile node moves in SUMO. Similarly,
the OMNeT++ module is removed from the simulator when the mobile node ar-
rives at its destination in SUMO. This way, the mobility of node in OMNeT++

is coupled to that in SUMO by Veins [147].
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In light of the above illustration of the framework, the IoD deployment mod-
ule receives the instantaneous locations of vehicles on the ground and dispatches
IoD nodes to the most appropriate locations to maximize the number of covered
vehicles and maintain the IoD network connectivity. The objective function of
IPSO composes of two parts: the first part or objective includes the quality of the
received signal at the receiver side, i.e., vehicles on the ground, which is obtained
by path loss propagation model, and the coverage of ground vehicles, while the
second part or objective maintains the connectivity of IoD nodes. The aim is to
achieve those two objectives. The output of IPSO is the optimal positions of IoD
nodes that maximize the number of covered vehicles by the interconnected IoD

network.

Proposed Model

OMNET++

SUMO

A\ 4

Mobility <« loD Deployment Approach

A A A

VEINs

Received Signal

Y »INode Locations Strength

Figure 5.2: ToD-Assisted VANET framework in OMNET++ network simulator.
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5.7 Simulation Results and Discussions

In this section, we show the effectiveness of the proposed IoDAV approach for
achieving the optimal coverage in the dynamic environment. Throughout the
obtained results, the influence of the IoD size and transmission power on the
coverage and received signal strength are discussed. Moreover, the IoDAV is
compared with standard VANET without IoD assisted, i.e., NIoD, and FloD, to
show why the VANET needs IoD rather than BS. Considering the aiming of the
proposed scheme to improve the VANET connectivity, the performance metrics
adopted in the simulation are the average coverage and average RSSI. Without

loss of generality, the coverage is normalized to unity.

5.7.1 Parameters Setting

The simulation parameters used throughout this work are abstracted in Table 5.1.
This chapter considers the Two-ray Ground Reflection propagation loss model pro-
vided by OMNET++ with a value of 2. In this propagation model, the ground
reflection path, as well as the direct path, are taken into consideration for calculat-
ing the received power. So, an accurate calculation is given for the received power
in this model. The approved amendment to the IEEE 802.11 standard (802.11p)
implemented in Veins to add Wireless Access in Vehicular Environments (WAVE)
is utilized. The setting parameters of the drone’s communication network based on
OMNET++ simulation tool are set as follows: The geographical range is 4000m x

4000m. The simulation area is generated by the SUMO NetEdit tool and the ve-
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Table 5.1: Parameters setting

Parameter

Value

Geographical Range

4000m x 4000m

Propagation Model

Two-ray Ground Reflection

o value

2

ToD size

2,4,6,8,10,12,14,16,18,20] UAVS

Drone’s Altitude

100 m

Transmission Power

(20,30,40,50) W

minPowerLevel

-86dBm

Transmission range

500 m

Antenna type

Directional antenna

MAC Protocol

IEEE 802.11p

Transmission Rate 6 Mbps
Antenna Gain 1 dBi
Optimization Approach | IPSO
Population Size 50
Maximum Iteration 50
Packet Size 1.4KB
Message Type BSM
sending rate 1Hz
Update Interval 10 s
Simulation Time 400s
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hicle movement is generated by the SUMO simulator. Moreover, the UDP packet
is a Basic Safety Message (BSM) with a size of 1.4KB. The frequency band used
is 5.9 GHz. The drones fly at 100m altitude. The simulation time is set to 400s,
after which most of the vehicles in the ground reach their destinations, to test the
behavior of the model. Moreover, the minimum threshold is defined to be -86dBm
(the threshold for successful packet delivery). Each point in the figures represents
the average of 10 replications of simulation. We implement two scenarios: sparse
scenario (150 vehicles) and dense scenario (300 vehicles). We assume that the
UAVs are senders and vehicles are receivers. The simulation is applied in 2D ter-
rain, i.e., no obstacle is modeled. The drones fly at a fixed altitude, and thus,
the problem has been simplified to 2D deployment problem. The IoD network
is interconnected network. Finally, each drone is provided by GPS to properly

obtain its location.

5.7.2 Impact of IToD Size on VANET Connectivity and

RSSI

The ToD nodes have been deployed to provide wireless coverage to ground vehicles.
The coverage is a percentage of connected vehicles and can be calculated by Vo /V,
where V¢ is the connected vehicles, and V is the total vehicles on the ground. It
can be replaced by isolated vehicles which is equal to 1-V/V. In this subsection,
we will discuss the normalized coverage with respect to different IoD sizes in both

sparse and dense scenarios.
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The ToD sizes (different sets of UAVs in IoD) implemented are (2, 4, 6, 8, 10,
12, 14, 16, 18, and 20 UAVs) with transmission power of 50mW. The simulation
result is illustrated in Fig. 5.3a.

We can observe from the figure that the loD enhances the connectivity of the
VANET network. This trend increases as the number of drones increases with the
same transmission power used, demonstrating the size effect of the loD network
on coverage. However, increasing the IoD size might increase the interference and
the probability of collision with adjacent drones. Besides, when the drones are too
close to each other, they become redundant drones and play the same role. Thus,
sufficient distances within their communication ranges should be maintained which
is considered in the IoDAV approach. Furthermore, sufficient isolated vehicles
appear due to their imbalance distribution and frequent movement.

In the dense scenario, the vehicles are close to each other and most vehicles
can directly communicate within their communication range, demonstrating that
the number of isolated vehicles appears with a low number and requires fewer
IoD nodes to provide the connectivity among them, while in the sparse scenario,
the vehicles are far from each other and number of isolated nodes appears with
a high number and requires a higher number of IoD nodes for connecting them.
This fact can be easily figured out in Fig. 5.3a. It can be seen that the maximum
coverage is almost reached using 10 drones in the dense scenario and 16 drones in
the sparse scenario.

To further evaluate the performance of the proposed IoDAV approach, we also

discuss the impact of IoD size on RSSI at the receiver side, which is considered
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Figure 5.3: The average normalized coverage and RSSI for different IoD sizes in
the IoDAV approach.
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as an indicator of key performance. Particularly, RSSI is measured with respect
to the simulation time and the average RSSI result is shown in Fig. 5.3b. The
figure illustrates the average received signal quality at different receiver vehicles.
It turns out that the quality of the received signal is lower in the beginning when
only two UAVs are available, and it is improved as the IoD size increases. This

advantage tends to grow higher in the dense scenario than in the sparse ones.

5.7.3 Impact of Transmitted Power on Coverage

To further investigate the effectiveness of the proposed IoDAV model, the impact
of transmitter power on the total coverage is discussed, and the results of both
scenarios are depicted in Fig. 5.4a and Fig. 5.4b, respectively.

The figures present the normalized coverage versus loD size with different
transmission power (20, 30, 40, and 50 mW) for both sparse and dense scenarios,
respectively. As such, the impact of power transmission on coverage is examined
where coverage is observed to improve continuously with increased transmission
power as expected.

It is clear from the figures that the higher the transmitting power, the wider
the range, which leads to covering a larger number of vehicles, that, in turn,
improves the overall coverage. This tendency is evident in both scenarios. In
the sparse scenario, we notice that the highest normalized coverage is provided
by using 20 drones with the transmission power of 20 mW, 30 mW and 40 mW,
reaches almost to 70%, 80%, and 93%, respectively, while it reaches to 100% in

dense scenario using only 16 drones with a transmission power of 50 mW. We also
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note that 10 drones are sufficient to cover all isolated vehicles using a transmission
power of 50 mW in the dense scenario, while the highest coverage achieved using
the transmission power of 20 mW, 30 mW and 40 mW reaches almost to 94%,
95% and 95.9%, respectively.

For further investigating the effect of the transmitter power on improving
coverage and reducing the number of drones required, we study the effect of the
power transmission in the FIoD model and the results are shown in Fig. 5.5a, and
Fig. 5.5b. The same tendency as in the IoDAV approach, but the improvement
in FloD is not significant as in [oDAV. The maximum normalized coverage that
can be achieved is 80% and 94% in the sparse and dense scenarios, respectively.
Comparison will be discussed in the forthcoming subsection. To sum up, the
transmission power has a vital impact on improving the overall coverage as well

as reducing the number of necessary drones.

5.7.4 Comparison with Other Schemes

We compare the proposed IoDAV approach against VANET without drone, i.e.,
NIoD and with FloD. Furthermore, the performance metric which is the normal-
ized overall coverage and RSSI are considered in the comparison.

To investigate the performance of the proposed IoDAV, we study the normal-
ized overall coverage with respect to transmission power for 10 drones (sufficient
number of drones to cover all vehicles by IoDAV in the dense scenario).

The results of the comparison are exhibited in Fig. 5.6a and Fig. 5.6b for

sparse and dense scenarios, respectively. It can be easily shown that IoDAV
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147



0.9
—p— Tx Power 20mw

—+—Tx Power 30mw
—8— Tx Power 40mw
—©— Tx Power 50mw

0.8

0.7

0.6

0.5

0.4

Normalized Coverage

0-1 Il Il Il Il Il Il Il Il
2 4 6 8 10 12 14 16 18 20

Number of UAVs

(a) Sparse scenario

0.96 T T T
—p— Tx Power 20mw

—+—Tx Power 30mw
—+8— Tx Power 40mw
0.94 | —e—Tx Power 50mw

0.92

0.9

0.88

Coverage Normalized

0.86

0.82 1 1 1 1 1 1 1 1
2 4 6 8 10 12 14 16 18 20
Number of UAVs
(b) Dense scenario
Figure 5.5: The average normalized coverage for different transmission power
values with respect to a set of UAVs in the FloD scheme.

148



=
=

miloDAY mFloD B NloD

=

o
io

o
0

o
H

o
w

Normalized Coverage
o o
] ]

o
i

o
[N}

20 mw 30 mw 40 mw 50 mw

Transimision Power

(a) Sparse scenario

11
milcDAY  ®FleD  mNloD

o
o

o o
N (2]

Normalized Coverage
o
o

o
wn

20 mw 30 mw 40 mw 50 mw

Transimision Power

(b) Dense scenario

Figure 5.6: Average normalized coverage for different transmission power values
in IoDAV, FloD, and NIoD schemes.

achieves better coverage than other schemes. This is because, in the NIoD scheme,

there is no infrastructure used to connect the isolated vehicles. Additionally,
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in FloD, the drones are deployed only once and the movement of vehicles on
the ground is neglected. Whereas the proposed IoDAV approach considers the
vehicle’s current position every 10 seconds to obtain the positions of IoD nodes.
Thus, the UAVs in IoDAV adjust their locations based on the new locations of
ground vehicles that allows the IoD nodes to follow the vehicles’ movements on
the ground and redeploys them accordingly. Besides, the IoDAV tries to keep
the RSSI above the threshold value which is -86dBm and then number of covered
vehicles is increased. Consequently, it provides a longer connectivity time.

We also compare the normalized coverage for a different set of UAVs (IoD size),
and the results are shown in Fig. 5.7a and Fig. 5.7b for sparse and dense scenarios,
respectively. It can be noticed that the coverage increases as IoD size increases
with the same transmission power used, demonstrating the impact of IoD size on
coverage. In the figure, the proposed IoDAV approach achieves better average
coverage than other schemes with overall coverage improvements of 48.79% over
NIoD and 36.6% over FloD in the sparse scenario, while for the dense scenario
the improvement is 12.9% over NIoD and 4.2% over FloD. This means that in the
dense scenario, the number of isolated vehicles is lower than that in the sparse
scenario.

The experiment distribution results can be observed throughout the Box-plot
in Fig. 5.8. As figure 5.8 illustrates, [oDAV plot-box indicators are higher than
other schemes. The highest coverage achieved by IoDAV is 100% which represents
superior to the upper bound of the other schemes. It also shows that NIoD and

FIoD in the worst case are inefficient since the coverage is lower than 30% and
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51%, respectively, but still not higher than IoDAV. Moreover, half of IoDAV is
higher than 90% which is higher than other schemes. It turns out that Box-plot
shows the superiority of [oDAV to other approaches. IoDAV has great superiority

in all indicators compared with other competitors.
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Figure 5.8: Box-plot of average normalized coverage in all scenarios for 10 UAVs
in IoDAV, FloD, and NIoD schemes.

To further investigate the performance of the proposed IoDAV deployment
model, we discuss the impact of IoD size on RSSI at the receiver side, which is
considered an indicator of key performance. Particularly, RSSI is measured with
respect to the simulation time and the average RSSI for both FIoD and IoDAV are
presented in Fig. 5.9a, and Fig. 5.9b for sparse and dense scenarios, respectively.

As discussed above, the positions of UAVs in FloD are fixed, i.e., UAVs are

hovering in their deploying places during the whole mission time, and neglect
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the movements of vehicles on the ground. Furthermore, the vehicles are moving,
which implies that there are non-uniform densities of cars at a different time in
the given region. Therefore, the whole region can’t be covered with the available
number of fixed drones and thus all vehicles can not be covered. As a result, the
fixed UAVs become far from ground vehicles as they move which in turn reduces
the RSSI while the dynamic ToD or IoDAV can cope with the updating of vehicles
locations and then tries to keep the RSSI above threshold value which is -86dBm
as exhibited in the figure. It turns out that the proposed IoDAV has the most

consistent result.
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Figure 5.9: Average RSSI at the receiver for different sets of UAVs in IoDAV and
FIoD schemes.
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5.8 Chapter Summary

The successful IoD deployment on application area requires IoD nodes with the
capability to adapt and configure themselves automatically and high level of coor-
dination without intervention of human. Due to the increasing number of nodes
in ToD, the centralized systems are not practical. This chapter developed a novel
dynamic collaborative IoDAV model in which UAVs connected isolated vehicles on
the ground with each other. We proposed an optimization approach, an improved
version of particle swarm optimization, to optimally deploy IoD to provide com-
munication among vehicles on the ground. Depending on the vehicles’ locations
at any instant, IoD nodes were deployed to provide the optimal connectivity for
the isolated vehicles. Furthermore, the signal quality received at the car’s receiver
was utilized to assess the best IoD location to maximize connectivity. The RSSI
was obtained via simulation by using the Two Ray Ground Reflection propagation
model. Two scenarios were considered : sparse and dense scenarios. More impor-
tantly, the results were compared with the standard VANET and FloD models.
The results illustrated that the proposed IoDAV approach outperformed other
schemes. This is because the dynamic model used in IoDAV could cope with a
dynamic environment of ground vehicles and achieved better coverage than both

standard VANET and FloD models during the whole simulation time.
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CHAPTER 6

3D IOD-TO-VEHICLES

SIMULATION MODEL FOR

IOD-ASSISTED VANET

6.1 Chapter Motivation

The deployment of the ToD network has been studied in the literature for coverage
problems. However, such deployment has been hampered by underline challenges.
Although deploying IoD at a high altitude provides a better LOS condition, the
distance between the IoD network and vehicles on the ground increases which in
turn increases the path loss. Besides, the terrain features have a significant im-
pact on IoD-to-Vehicle (IoD2V) communication because the height of the terrain
can act as an obstacle and causes signal attenuation. As a result, the loD2V

communication will experience the effect of multipath propagation. To assist the
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communication quality in the model involving IoD and vehicles, extensive simula-
tion can be performed for scale analysis. In most existing works, the simulations
are performed in a 2D environment, and the effect of terrain altitude on commu-
nication is neglected. In practice, the terrain is not perfectly flat as some roads
encounter descent or ascent. To be more specific, some streets have been sepa-
rated by hills lying between them, which may lead to different analysis results of
VANETs communication due to neglecting such details.

To sum up, some previous works achieve enhancements in the performance of
the VANET network such as routing, coverage area maximization, received sig-
nal strength, end-to-end delay, and throughput. Other works focus on VANETSs
communication enhancement. However, the simulation is performed in a 2D en-
vironment and neglects the effect of terrain profile on communication. Although
fewer works consider the effect of terrain on communication, they neglect the
IoD formation and focus on using only one UAV. In general, the superiority and
flexibility of IoD formation are not fully exploited to improve the VANETSs com-

munication in 3D space.

6.2 Chapter Contributions

To address the challenges mentioned above, we propose an efficient IoD-assisted
VANET approach in 3D space (3DIoDAV) to enhance the communication of ve-
hicles on the ground. In doing so, the IoD nodes are optimally deployed to maxi-

mize the number of covered vehicles, i.e., reducing the number of isolated vehicles.
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Moreover, the impact of terrain profile on communication has been addressed by
proposing a 3D propagation model for [oD2V communication to assist the com-
munication quality between IoD in air and cars on the ground. The proposed
approach utilizes an optimization algorithm for deployment purposes. Towards
this end, the optimal deployment of oD nodes is obtained by the optimization
algorithm implemented, i.e., IPSO. The proposed 3D propagation model is added
to the objective function to evaluate the signal quality at receivers’ sides, i.e.,
vehicles on the ground in which the effect of high-level terrain on communication
is considered in calculating the received signal. As a result, the IoD nodes are
dispatched to the most appropriate locations that minimize the impact of ter-
rain obstacles on the transmitted signals and enhance the LOS condition between
sender and receiver.

The main contribution of this work can be summarized as follows:

e A novel IoD2V communication model is proposed to characterize the 3D
communication between the IoD network in the air and the VANETSs network
on the ground. The proposed model considers the terrain profile to detect

the obstacles and evaluate the quality of the received signal accordingly.

« A novel 3D collaborative IoD architecture (3DIoDAV) is proposed to max-
imize the coverage area and enhance the quality of the received signal at
a receiver side. The demand for drones is evaluated using an optimization

evaluation function to optimally obtain the IoD deployment to assist the

VANET.
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o A population optimization scheme is utilized to dispatch the IoD nodes into
the optimal locations in 3D space based on the locations of vehicles on the
ground so that the connectivity of vehicles and received signal quality are
improved. To achieve such objective, we implement IPSO so that adequate
signal is guaranteed toward isolated vehicles. Besides, the proposed 3D
propagation model is utilized by the objective function of IPSO so that the

impact of terrain on communication is considered in the IoD deployment.

e The performance of the proposed [oD2V communication model, as well as

the 3DIoDAV approach, are tested throughout simulation experiments.

This chapter is the result of a collaboration with Prof. Ansar Ul-Haque
Yasar from Transportation Research Institute, Hasselt University, Bel-

gium. The work has been accepted for publication in Sensors.

6.3 IoD-To-Vehicles communication model in

3D environment

The aim of the proposed IoD2V communication model is to support the commu-
nication among vehicles in an environment, where the infrastructures are limited
and the terrain irregularities impacts the communication between nodes. In rural
areas, the main challenge is the terrain profile, especially, if it includes hills or
mountains that act as obstacles, and resulting in attenuation for the transmitted

signal. Thus, obstacle detection is necessary to characterize the communication

158



in such an environment. To do so, the terrain elevation is extracted where the
high elevation of the terrain is acting as an obstruction to communication. In this
section, the Digital Elevation Model and the 3D propagation model are explained

in detail.

6.3.1 Digital Elevation Model (DEM)

The terrestrial surface information can be acquired thanks to satellite and radar
technology advancement. These advancements allow generating a digital eleva-
tion model (DEM) at multiple temporal and spatial scales. The earth surface is
presented by DEM and it is available to be downloaded from USGS. Furthermore,
the DEM provides information about the surface of the earth and can be utilized
to recognize the height of terrain above the level of the sea. The elevation of any
point can be provided and obtained from different sources by USGS. One interest-
ing source is documented based on Shuttle Radar Topology Mission (SRTM). In
particular, a NASA DEM, which is collected from SRTM, is utilized [148]. In this
model, the surface information of the earth is captured using a radar sensor from

space. Various resolutions are supported which define the elevation accuracy.
e Structure of DEM file

The DEM file is in height format and named in the easting and northing
format. The easting and northing mean the eastward and northward measure dis-
tance, respectively, when adapting the UTM system. The DEM covers one degree

of latitude and longitude. Thus, the structure of the DEM file is a two-dimension
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array of cell points represented as grids. Besides, two resolutions are provided,
namely 3-arc second and 1-arc second sampling. The elevation is extracted from
the file by precisely selecting the suitable longitude and latitude into the right
cell of the grid. The grids of 1-arc second sampling for obtaining the elevation
data are illustrated in Fig. 6.1. The figure shows that the grid is composed of
3601 X 3601 cells and covers one degree of latitude and longitude. Each degree
of latitude and longitude is represented by 3601 cells. Moreover, each cell index
can be obtained by multiplying the fraction part of geographical coordinate by

3600, for an instant, 0.8 represents the 2880™" cell. In this chapter, we consider
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Figure 6.1: Digital Elevation Model (DEM) data structure.

a mountain terrain, ALHADA ROAD, KSA terrain, and the full 3D view of the
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terrain is represented and plotted using Matlab as shown in Fig. 6.2. The figure

shows different heights, which results in elevation ranging from 758 m to 2608 m.

3000
2500
2000

1500

Altitude

1000

500

0.
41

404 218

21.4
40.2

Longitude 40 21 " Latitude

Figure 6.2: 3D view of Alhada Road in the DEM file.

« Elevation data extraction

In this part, we explain how to effectively extract the elevation data from DEM
file. The data of DEM file cover a given latitude and longitude. However, the
coordination used for location is in meters measurement. Compared with UTM
system, the area provided by the DEM data provides a little tilled area. As illus-

trated in Fig. 6.1, the DEM file looks like a two-dimension array with a constant
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distance between consecutive points in both horizontal and vertical directions.
Thus, the file contains N by N elevation points which can be extracted into N by
N matrix. Each point represents the elevation on the z-axis. More importantly,
the x-axis and y-axis can be omitted without losing the information of any given
point. Towards this end, Matlab function geotiffread (DEMfile.tif) is utilized to
extract the elevation of DEMfile.tif into two-dimension matrix. The function also

provides information on latitude and longitude limits.

6.3.2 3D Propagation Model

In this subsection, we explain the propagation model utilized and show how to
obtain the attenuation based on the elevation information extracted from the
DEM file for a specific area. The quality of communication can be affected by
high terrain that might obstruct the signal propagation. The Non-Line-Of-Sight
(NLOS) conditions might occur due to the presence of mountains and hills, which
reduce the power of the received signal or even block the signal. More importantly,
the diffraction effect due to the high terrain deflects or bends the signal wave. To
analyze the effect of diffraction, the obstacle can be approximated as a knife-edge.
In this case, the knife-edge diffraction could attenuate the transmitted signal.
To calculate the knife-edge effect, parameters such as the signal wavelength ()),
obstacle height above the LOS line between transmitter and receiver, and the
distance between transmitter and receiver should be considered. Furthermore,
the height of the obstacle above the LOS can be calculated by retrieving the

elevation obstacle from the DEM file. That is, the LOS line between the sender
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and receiver can be obtained by considering the two points in 3D space. The first
point is the sender position coordinate (xs, ys, zs) and the second point is the
receiver position coordinate (xr, yr, zr). The prediction point can be determined
and analyzed based on the number of slices that divide the LOS line. With this
in mind, the inspection points divide the LOS into slices as shown in Fig. 6.3.
According to these points, there is only one line passing through them. The LOS
is divided into discrete points to detect the terrain obstructing the signal and
acting as an obstacle. At each point, the prediction point coordination (xp, yp,

zp) is obtained as in [93] using

zp = xs + A(zr — xs), (6.1)
yp = ys + Alyr —ys), (6:2)
zp = zs + Azr — zs), (6.3)

where A is the fraction of the LOS line. It has to be stressed that the parameter
A is selected so that the slices of the LOS line should not be higher or smaller
than the DEM file resolution. After calculating the zp for each slice, the elevation
of this position (Ep) is extracted using the DEM file, and compared with zp. The

height of the obstacle above the LOS line is calculated using

hp = Ep — zp. (6.4)

163



The obstacle is detected if the hp is positive meaning that the height of the obstacle
is above the LOS line while the negative value of hp indicates that no obstacle is
detected. In this chapter, we implement a single-knife edge propagation model to

evaluate the signal attenuation.
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Figure 6.3: Dividing the LOS line between sender and receiver into a set of pre-
diction points to detect the obstacles.

6.3.3 Single Knife Edge Propagation Model

In this model, after obtaining the obstacle height (hp), a Fresnel-Kirchhoff diffrac-
tion parameter (vy,) is evaluated. The diffraction parameter is a function of obsta-
cle height, the distance between sender and obstacle (Ds), the distance between

obstacle and receiver (Dr), and the wavelength of signal (A). Hence, the diffraction
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parameter v, can be calculated as in Lee [149] as follow:

2(Ds + Dr)

ADsDr (6.5)

v, = hp

Then the signal attenuation is calculated using Fresnel integral n(vy,) as a function

of vy,. The Fresnel integral is obtained as in Lee [149] as follow

n(vh) - 07?)h S _]-a
n(vy) = 0.5 = 0.62v;, —1 < v, <0,

n(vp) = 0.5 0 < v, < 1, (6.6)

n(vy) = 0.4 — 1/0.1184 — (0.38 — 0.1v;,)2,1 < vy, < 2.4,
0.225

n(vy) = ,up > 2.4

After obtaining Fresnel integral, the signal attenuation can be evaluated using the

following formula (in dBm)

Atten = 20Log10(|n(vy)]). (6.7)

6.4 IoD-Assisted VANET Approach in 3D Ter-

rain (3DIoDAV)

As highlighted in Section2.4, the previous works related to VANETS intended to
improve the VANET network performance. However, the UAV’s mobility supe-

riority was neglected. Besides, the impact of terrain features on communication
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between IoD network and VANET network is also neglected. Integrating a few
numbers of UAVs in a wide area with VANETSs can dispense several infrastruc-
tures. Moreover, the terrain obstacles can be detected and included to consider the
effect of terrain on communication. To this end, the proposed IoD2V communica-
tion model is utilized in loD-assisted to properly calculate the signal attenuation

due to terrain obstacles.

AV UAWZ
|.i-|-'-i-l-!—l-

Fems=s U2U

Figure 6.4: 3D-IoD-Assisted-VANET architecture.

As illustrated in Fig. 6.4, the proposed 3DIoDAV architecture is composed of
the IoD network and VANET network. The mobility of vehicles in the VANET
network is restricted by predefined paths. Additionally, the communication qual-
ity of vehicles is influenced by hills and mountains, which act as obstacles and
might block the transmitted signal. The IoD network, consisting of UAVs swarm
with wireless communication, is responsible to support communication between

ground vehicles. Due to the flexibility and mobility of UAVs in the IoD network,
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they can be easily deployed to the optimal locations and act as a relay-assisted
network. The proposed 3D propagation model for IToD2V communication is used
to characterize the communication between oD nodes and vehicles.

In Fig. 6.4, the effectiveness of the proposed architecture is illustrated in which
the vehicles cannot communicate directly within their communication range. The
hills and mountains obstruct the transmitted signal and act as obstacles. Thanks
to the proposed 3DIoDAV, UAV1 and UAV?2 are dispatched to suitable positions
and act as relay nodes to provide communication between isolated vehicles. It is
worth mentioning that the locations of drones are updated periodically based on
the vehicles’ locations on the ground and the received signal strength state therein.
As the vehicles move, the distance between them increases and the obstacles lying
in between might isolate them, and then losing the connection. The proposed

approach aims to connect the isolated vehicles dynamically every time step.

6.5 Optimal IoD Deployment in 3D Terrain

This section describes how to optimize the IoD deployment in 3D space and the
optimization approach used. In Chapter 5, the dynamic deployment of the IoD
network is considered where the IoD nodes keep changing their positions dynam-
ically based on the the locations of the vehicles on the ground. The aim is to
maximize the coverage area and enhance the received signal at the receiver side.
However, the effect of terrain obstacles is not considered. The main objective of

this work is to obtain the best location of IoD nodes in a 3D environment where
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the effect of terrain obstacles is taken into account when deploying the IoD nodes.
To this end, the proposed 3D propagation model for IoD2V communication is
utilized to calculate the signal strength at the receiver side. More importantly, in
the considered scenario, the lack of sufficient infrastructures is assumed and the
IoD could help to relay the information among vehicles.

In the deployment problem, trying all possible positions in 3D space for ob-
taining the optimal positions is an inefficient way and consumes much time which
is considered as NP-hard problem. A meta-heuristic algorithm is a sophisticated
solution to addressed such problem where the optimal solution is obtained with-
out trying all possible locations. Instead, the solution is randomly generated and
evaluated by a fitness function every iteration and the best solution is obtained.
In the proposed approach, we implement the improved version of particle swarm
optimization (IPSO) presented in Chapter 3. The cost function is updated by
including the proposed 3D propagation model to evaluate the solution. The ob-
jective function obtains the RSSI at the receiver side and evaluates the generated
positions of ToD nodes. Moreover, the coverage is then found based on the RSSI
obtained by comparing it with a minimum power level threshold which is defined
in the proposed approach to be -89dBm (the threshold for successful packet de-
livery). Based on the value of RSSI, the number of covered vehicles is calculated
where the vehicle is counted to be covered if its received signal is greater than
the minimum power level threshold. The optimization algorithm utilized in this

chapter is explained in detail in Chapter 5.
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6.6 Optimization Framework

In this section, we will explain how to implement the proposed approach in a
standard simulation tool. The aim of the proposed approach is to improve the
VANETS network connectivity in 3D space by deploying the IoD nodes at optimal
positions. Towards this end, the IPSO is implemented for dispatching the IoD
nodes to the most appropriate locations. The proposed 3D propagation model is
utilized in the objective function to evaluate the quality of a generated solution. It
is worth emphasizing that the proposed approach is implemented as an extension
to OMNET-++ [144], Veins [146], and SUMO [145] by adding the 3D propagation
model, where the physical layer is modified to simulate the effect of 3D wireless
transmission. The main parameters that should be considered in the simulation
are the terrain space, and nodes locations (longitudes, latitudes, and altitudes).
The framework of the proposed mechanism is illustrated in Fig. 6.5. The
proposed 3D propagation model is composed of Elevation Estimation, Obstacle
Detection, and Propagation model (Single Knife Edge) modules. The Elevation
Estimation module is responsible to estimate the elevation of a given coordina-
tion. Moreover, the Obstacle Detection module receives the locations of senders
and receivers and detects the obstacles lying between them. After detecting the
obstacles and finding their heights, the module finds the maximum height and
delivers it to the propagation model (Single Knife Edge) to calculate the signal
attenuation. Fig. 6.5 shows how the parameters are implemented in Veins.

To obtain the optimal deployment of IoD network in 3D space for VANET
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assisted, the proposed approach works as follow. The elevation information of the
terrain is extracted from the DEM file. The main challenge of using the whole
digital elevation file is the longer simulation time. To optimize the simulation
time, we use Matlab software function geotiffread to handle the geographical
data. The function can read the downloaded DEMfile.tif and exports the limit
of longitude and latitude as well as the elevation data of the terrain. The eleva-
tion data is exported as a 2D array that can be stored into a text file. To save

computation time, the text file is stored locally in the OMNET++ simulator.

Proposed Model

VIENs
SUMO
Vehicles |[<€—> loD Deployment
Mobility
Received loD Nodes
yy Signal StrengthT l Locations
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> Model Detection
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DEM File

Figure 6.5: 3D-IoD-Assisted VANET framework.

Thanks to TraCI in SUMO, the exact geo coordinate positions of vehicles on
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the ground can be easily generated. Hence, the connecting of the Veins simulator
with TraCI in SUMO allows obtaining the exact geo coordinate locations of vehi-
cles according to the mobility of the vehicles. Then, the implemented Elevation
Estimation module obtains the elevation of the transmitter and receiver. More-
over, the Obstacle Detection module detects the obstacles lying between trans-
mitter and receiver. After that, the actual signal loss can be better determined
by the propagation module using the single knife-edge diffraction model discussed
above. Finally, the obtained signal strength is evaluated by the objective function
of TIPSO, and the optimal deployment of IoD nodes is obtained.

In the light of the above illustration, the loD deployment gets the current lo-
cations of the cars on the ground and finds the most appropriate positions of IoD
nodes to enhance the received signal strength and minimize the number of iso-
lated vehicles, i.e., maximize the number of covered vehicles. The IPSO objective
function evaluates the received signal quality at the receiver side which is obtained
by the proposed 3D propagation model. The output of the IPSO algorithm is the
IoD nodes’ optimal locations so that the number of covered vehicles is maximized

in 3D space.

6.7 Simulation Results and Discussion

In this section, we show the effectiveness of the proposed 3D propagation model
to characterize the IoD2V communication, by illustrating the ability of the pro-

posed 3D propagation model in detecting the obstacles lying between senders and
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receivers. This help to properly calculate the coverage as well as the quality of the
received signal at a receiver side. We also illustrate the effectiveness of the 3DIo-
DAV approach to improve the performance of the VANET network by achieving
the optimal coverage and maximum received signal strength. The influences of
UAV’s altitude, transmission power, and IoD size on coverage and RSSI are an-
alyzed. The results are compared with the 2D model where only the free space
propagation model is considered. We also compare results with ToDAV [28] to
show the necessity of the proposed 3D propagation model for IToD2V communica-
tion to obtain more practical results.

Considering the goal of the proposed approach to produce more realistic results
and improve the connectivity of VANET, the mean coverage and mean RSSI are
the adopted performance metrics in the simulation. Without loss of generality,

the coverage is normalized to unity.

6.7.1 Simulation Parameters Settings

To implement the proposed 3DIoDAV, the mountainous rural area of Alhada
Road, Attaif, KSA is utilized as a simulation terrain. The map of the terrain has
been imported from the Open Street Map (OSM) [150] to make the simulation
more realistic. Besides, the elevation information of the terrain is obtained using
SRTM DEM [148]. In such area, communication might be hindered due to the
height of a terrain. The geographical area is 6000 m x 8000 m which is the limit of
the exploration area. Furthermore, a Basic Safety Message (BSM) is a UDP packet

with a size of 1.4KB. We have conducted two simulations. The first simulation
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Table 6.1: Parameters setting.

Parameter Value
Geographical Range 6000 m x 8000 m
Propagation Model 3D Propagation Model
Frequency 5.9 GHz
IoD size 1,2,3,4,5,6,7,8,9,10] UAVs
minPowerLevel -89dBm
Transmission range 500 m
Antenna type Directional antenna
MAC Protocol IEEE 802.11p
Transmission Rate 6 Mbps
Antenna Gain 1 dBi
Optimization Approach IPSO
Population Size 50
Maximum Iteration 50
Packet Size 1.4KB
Message Type BSM
sending rate 1 Hz
Update Interval 10 s

Simulation 1 Parameters Setting
Deployment Altitude [30, 50, 100, 150, 200, 250, 300] m
Transmission Power 50 mW
Simulation Time 1040 s

Simulation 2 Parameters Setting
Deployment Altitude Range | [50 m to 100 m] and [100 m to 150 m]
Transmission Power [20, 40, 60, 80] mW
Simulation Time 600 s
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is to evaluate the proposed 3D propagation model, i.e., IoD2V communication
model, and the second simulation is to show the effectiveness of the 3DIoDAV
approach to achieve a VANET performance improvement. The time of simulation
1 and simulation 2 are limited to 1040s and 600s, respectively, after which most
of the cars reach their destinations, to test the model’s behavior. The parameters
of simulations are abstracted in Table 6.1.

The ToD network is deployed to support the wireless connectivity of ground
cars. The coverage is obtained as a percentage of connected cars to the total
cars on the ground and can be obtained as in [28] by Vcon/Vt, where Vcon
is the number of connected vehicles, and Vt is the total vehicles on the ground.
We assume that the UAVs are senders and vehicles are receivers. Besides, in
a free space model, we assumed a flat area where the main factor affecting the
communication is the distance between a sender and receiver, and other factors
are neglected. We also assumed that each UAV is provided by GPS to properly

obtain its location.

6.7.2 Evaluation of The Proposed 3D Propagation Model
for IoD2V Communication

The aim of this subsection is to validate the obtained results using the proposed
framework that includes the 3D communication model with the results obtained
from the 2D communication model in which the impact of the terrain is neglected.

Since the main goal is to analyze the impact of the 3D communication model, we
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use the simplest diffraction model, namely a single knife-edge diffraction model.

Besides, different IoD deployment altitudes are simulated.
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Figure 6.6: The average normalized coverage with respect to simulation time for
two IoD deployment altitudes in 2D and the proposed 3D propagation models.

To asses the quality of the proposed communication model, we obtain the
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coverage with respect to a simulation time for two deployment altitudes of 50
m and 200 m with the same setting parameters. To have a better comparison,
we compare the results with the 2D communication model, i.e., the effect of ter-
rain elevation is neglected, using the same setting parameters. The results are
illustrated in Fig. 6.6a and Fig. 6.6b.

It can be clearly seen that in the scenarios when the drones fly at 200 m
altitudes, a LOS condition is attained in most cases and no noticeable difference
is observed. A slight difference is observed at simulation times of 280s, 400s, and
600s as the proposed model shows lower coverage due to the terrain obstacles
lying between some senders and receivers. The transmitted signal is completely
obstructed to reach some vehicles that become isolated, and thus, reduce the
coverage. Moving forward, in another scenario where the drones are optimally
deployed at 50 m altitude, the impact of using the proposed model is noticeable.
The elevation of the terrain obstructs the communication between IoD nodes and
some vehicles on the ground, and then more vehicles cannot communicate. The
results highlighted that only 77.4% of total vehicles are covered in the proposed
model, while 96.5% of total vehicles are covered in the 2D propagation model
which proves that the proposed communication model shows an acceptable level
of realism due to considering the impact of terrain elevation on communication.

In 2D simulation, the main factor affects the communication is the distance
between sender and receiver. Thus, flying at lower altitude reduces the path
loss and enhances the RSSI, resulting in covering more vehicles and enhances

the normalized coverage. Conversely, flying at higher altitude increases the path
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Figure 6.7: The average RSSI with respect to simulation time for two IoD deploy-
ment altitudes in 2D and proposed 3D propagation models.

loss and reduces the RSSI, resulting in lower vehicles covered and reduces the
normalized coverage. While in 3D simulation model, two main factors affect the

model, namely, the distance between sender and receiver and LOS communication
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to ground vehicles. There is an interesting trade off which is flying at lower altitude
reduces path loss due to short distance versus reducing LOS communication to
ground vehicles, resulting in covering fewer vehicles and therefore reduces the
normalize coverage while flying at higher altitude increases path loss due to longer
distance versus enhancing LOS communication to ground vehicles resulting in
covering higher vehicles and therefore enhance the normalize coverage. This trade
off is illustrated in Fig. 6.6 for different deployment altitudes. Note that, the
lower deployment altitude is chosen to be 50 m where the transmitted signal is
obstructed by obstacles between UAVs and vehicles while the higher deployment
altitude is chosen to be 200 m in which the drone are flying above obstacles and
can successfully establish the communication with ground vehicles. The idea is
to demonstrate the capability of the proposed 3D propagation mode in detecting
the terrain obstacles and properly calculates the received signal that reflects high
level of realism results.

To further analyze the proposed 3D propagation model, the average RSSI is
recorded and the results are exhibited in Fig. 6.7a and Fig. 6.7b for 50 m and
200 m altitudes, respectively. The figures include the results of the proposed
communication model and the 2D propagation model. Fig. 6.7b shows the results
of 200 m altitude that explains the reason why coverage is dropped at the 280s,
400s, and 600s. The simulation spots that at the same simulation time, there is
a dropped in received signal strength where the lower value of RSSI is presented
at 400s at about -85 dBm. At this simulation time, the signal is obstructed by

higher terrain, resulting in high loss and lower covered vehicles. However, at other
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simulation times, the proposed communication model and the 2D communication
model show similar results. On the other hand, for lower altitude deployment,
i.e., 50 m deployment altitude, shown in Fig. 6.7a, the signal experiences NLOS
condition in most cases. To elaborate, compared to the coverage results, the
proposed communication model shows much lower RSSI at 520s simulation time.
The average RSSI drops to about -88 dBm compared with the 2D communication
model in which the average RSSI remains at -83.7 dBm. The results further
confirm the significant impact of elevation on the signal path. At some locations,
the terrain acts as an obstacle and obstructs a signal propagation.

For further evaluating the performance of the proposed communication model,
we study the impact of IoD deployment altitudes on IoD2V communication. The
IoD nodes are deployed at different altitudes (30m, 50m, 100m, 150m, 200m,
250m, and 300m) altitudes, and the average RSSI and normalized coverage are
presented in Fig. 6.8a and Fig. 6.8b.

We can observe from the Fig. 6.8a and Fig. 6.8b that the deployment altitude
has a vital impact on communication, where the VANET connectivity is enhanced
as altitude deployment increases. This trend increases as the deployment altitude
increases with the same transmission power until 250m deployment altitude where
the highest coverage is observed (optimal altitude deployment). This is because
the ToD nodes fly above high-level terrain where the LOS condition toward the
ground vehicles is improved. The coverage starts decreasing as the deployment
altitude increase after the optimal altitude. Although increasing the IoD deploy-

ment altitude after the optimal value will further improve the LOS condition and

179



1
—P— 2D Simulation
—&— 3D Simulation
0.95
L 09r
o
9]
>
)
O
8 0.85
N
©
E
o
Z 08
0.75
07 Il Il Il Il Il Il
0 50 100 150 200 250 300 350
loD Altitude(m)
(a) Average Normalized Coverage
=77 T T T T T - -
—P— 2D Simulation
—+&— 3D Simulation
=78 b
-79
-80

Average RSSI
&
2
T

-85 1 1 1 1 1
0 50 100 150 200 250 300 350

loD Altitude(m)
(b) Average RSSI

Figure 6.8: The average normalized coverage and RSSI for different IoD deploy-
ment altitudes.

minimize the impact of high-level terrain, it decreases the coverage and received
signal quality. This is due to increasing the distance between IoD nodes and vehi-

cles on the ground, which in turn increases the path loss. More importantly, the
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result shows that the proposed approach is able to find the optimal deployment
altitude of ToD nodes to achieve the best performance (coverage and RSSI). It is
worth mentioning that the optimal IoD deployment is obtained so as to maximize
the coverage area and enhance the RSSI for such deployment. Thus, the RSSI at
optimal deployment might not be the best RSSI value as illustrated in Fig. 6.8b.
On the other hand, in the 2D propagation model, the main factor that affects the
propagated signal is the distance between sender and receiver. Hence, the perfor-
mance is degraded as the altitude of IoD deployment increases due to increasing
the distance.

To further investigate the performance of the proposed 3D propagation model
for ToD, we record the optimal locations of two deployed UAVs (IoD size) obtained
by TIPSO implementation throughout the simulation time, and connect them to
create the optimal UAV paths generated by the 2D propagation model and the
proposed 3D propagation model. The altitude deployment is set to be in the range
[50 m to 200 m]. The result is illustrated in Fig. 6.9a where the trajectory of
UAYV in 2D and 3D space represents the best path to be followed to achieve the
best coverage and received signal quality. The trajectories show how the dynamic
deployment of UAVs should be to maximize the coverage and RSSI. It can be easily
seen that the behavior of drones in 3D space differs from that in 2D space, i.e.,
neglecting the terrain elevation. This is due to the fact that the 3D propagation
model considers the effect of terrain elevation on communication, and thus, the
drones are dispatched to the most appropriate locations so as to improve the LOS

condition and then increase the number of connected vehicles. Such dynamic
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Figure 6.9: The trajectory of UAV and altitude variation in 2D propagation model
and the proposed 3D propagation model.

movement of UAVs allows us to visualize the variation of the altitude throughout
the simulation time in which the coverage is maximized and received signal quality

is improved in both models as illustrated in Fig. 6.9b. This figure presents the
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UAV altitudes for both propagation models after removing the terrain information
from the 3D simulation. The results show that the drone tries to fly at a higher
altitude in the 3D propagation model than that in the 2D propagation model.
This occurs because, in the 3D model, the UAV altitude is constantly adjusted so
that the signal quality toward ground vehicles is enhanced while avoiding NLOS
conditions caused by terrain elevation between UAV and ground vehicles. The
irregular terrain that acts as an obstacle enforces the UAV to fly at a high altitude
to ensure good communication while in the 2D model, the terrain elevation is

neglected, and therefore, the UAV can fly at a low altitude for better performance.

6.7.3 Three Dimension IoD-Assisted-VANET (3DIoDAV)
Performance

In this subsection, we will study the effect of IoD size and transmitted power on

VANETSs connectivity and RSSI.
o Analyze the effect of IoD size on VANET connectivity and RSSI

In this part, the average normalized coverage and average RSSI are discussed
with two altitude ranges, i.e., two scenarios. Besides, different IoD sizes are im-
plemented with 80 mW transmission power. The results are illustrated in Fig.
6.10a for altitude range [50 m to 100 m] and altitude range [100 m to 150 m],
respectively.

It is worth noting that the VANET connectivity is enhanced when integrated

with ToD. This fact is illustrated in the Fig. 6.10a. As the IoD size increases,
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this trend increases with the same power transmission, demonstrating the impact
of ToD size on the coverage. However, increasing the size of IoD might increase
the interference and the probability of collision with other drones. Additionally,
the drones that are close to each other play the same role and become redundant
drones. For this reason, adequate distance should separate drones within their
communication ranges, which is considered in this thesis.

When drones fly at low altitude, the propagated signal experiences a NLOS
condition due to the terrain elevation. Generally speaking, using IoD2V com-
munication has been influenced by two main factors, namely LOS condition and
path loss. That is, deploying the IoD network at a low altitude decreases the
distance between IoD and vehicles, which decreases the path loss but it reduces
the probability of LOS condition. On the other hand, deploying IoD nodes at high
altitudes increases the probability of LOS condition, however, it increases the dis-
tance between IoD nodes and vehicles on the ground, which in turn increases the
path loss.

In the 3D propagation model where the terrain elevation is considered, deploy-
ing [oD at low altitude might increase the path loss and the IoD2V communication
might be hindered by terrain elevations. Consequently, a sufficient number of iso-
lated vehicles appears. This fact can be easily figured out in Fig. 6.10a where the
average coverage is enhanced in the altitude range [100 m to 150 m| more than
that in the altitude range [50 m to to 100 m]. Moreover, the IoD size also has a
vital impact on VANET connectivity and received signal strength. It can be ob-

served that the coverage is improved as the IoD size increases, and the maximum

184



—©— Deploying at 100-150m

0.95
—Pp— Deploying at 50-100m

0.9

0.85

0.8

0.75

0.7

Normalized Coverage

0.65

0.6

0.55

O.5< I I I I I I I I
1 2 3 4 5 6 7 8 9 10

loD Size

(a) Normalized Coverage
'80 T T T
—©— Deploying at 100-150m

—Pp— Deploying at 50-100m 3

Average RSSI

-96( I I I I I I I I

1 2 3 4 5 6 7 8 9 10
loD Size

(b) Average RSSI

Figure 6.10: The average normalized coverage and RSSI for different IoD sizes in
3DIoDAV.

coverage can be reached using 10 drones in both scenarios.

For further evaluating the proposed loD-assisted VANET performance in 3D
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space, the impact of IoD size on RSSI is discussed. Particularly, the RSSI is
measured with respect to simulation time, and the average RSSI with respect to
IoD size is illustrated in Fig. 6.10b. This figure reveals that the quality of the
received signal is low at the beginning where the target area is covered by only one
UAYV and it is enhanced as the number of UAVs increases. This advantage tends to
grow higher in the altitude range [100 m to 150 m] more than that in the altitude
range [50 m to 100 m]. This is because when UAVs fly at higher altitudes, the
impact of terrain on [oD2V communication decreases, which improves the LOS

condition.

o Impact of transmission power on coverage and RSSI

For further investigating the effectiveness of the proposed IoD-assisted VANET
in a 3D environment, we discuss the impact of power transmitted on the total
coverage, i.e., average normalized coverage. The results are depicted in Fig. 6.11a
and Fig. 6.11b for both scenarios.

Fig. 6.11a illustrates the normalized coverage w.r.t IoD size with different
power transmission (20 mW, 40 mW, 60 mW, and 80 mW) for both altitude
ranges scenarios. As such, the effect of power transmission on average normal-
ized coverage is examined, where the average normalized coverage is noticed to
enhance continuously with the increase of power transmission as expected. This
intuitive proportional relationship is attributed to the fact that the higher the
power transmission, the wider the coverage range and the larger the number of

covered vehicles, which leads to improving the overall coverage. This tendency
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is evident in both scenarios and the highest normalized coverage can be achieved
in scenariol (altitude deployment range 50m to 100m) by using 10 UAVs with a
power transmission of 20 mW, 40 mW, 60 mW, and 80 mW, reaches to 76.4%,
86.2%, 92.0%, and 92.2%, respectively, while it reaches to 79.8%, 90%, 93.7%,
and 99.1% in scenario2 (altitude deployment range 100 m to 150 m) using 10
UAVs. We observe that 10 UAVs can cover 99.1% of isolated vehicles using power
transmission of 80 mW in scenario2, while in scenario 1, the highest coverage
achieved is 92%. Besides, the transmitted power has a vital impact on improving
the received signal quality, where the RSSI is observed to improve as the power
of transmitted signal increases as shown in Fig. 6.12a and Fig. 6.12b for both
altitude range scenarios. To sum up, the power transmission has a significant

impact on improving the VANETS performance.

6.7.4 Comparison with Other Approaches

In order to validate the proposed 3DIoDAV, i.e., 3D communication model is
used in [oDAV, and show a better comparison, we compare the proposed 3DIoDAV
against the 2D communication model and IoDAV [28]. Besides, in the comparison,
we consider the average normalized coverage and RSSI as performance metrics.
The comparison includes average normalized coverage and RSSI with respect to
IoD size for 80 mW transmission power. We also show the effect of transmission
power on coverage for 10 drones in the comparison.

Fig. 6.13a and Fig. 6.13b compare the normalized coverage using 3DIoDAV,

2D, and IoDAV approaches for both scenarios, i.e., two deployment altitudes.
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Figure 6.12: The average RSSI for different transmission power values with respect
to different IoD sizes in 3DIoDAV.

Additionally, the average RSSI are illustrated in Fig. 6.14a and Fig. 6.14b for
both scenarios (altitude rangel and altitude range2), respectively. These figures

show that the IoD size has a significant impact on performance where the average
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Figure 6.13: Average normalized coverage for different IoD sizes in 3DIoDAV, 2D,
and IoDAV approaches.

normalized coverage increases as oD size increases. This tendency is evident
in both scenarios. The results reveal that the proposed 3DIoDAV shows lower
coverage and lower RSSI than other approaches. This is because the proposed
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3DIoDAV approach considers the impact of terrain elevation on communication
that is neglected in other approaches. Thus, it reflects more level of reality result
than other approaches. It is observed that the coverage and RSSI are improved
as altitude increases for the proposed 3DIoDAV. This can be clearly observed in
scenario 2, i.e., altitude range [100 m to 150 m]. This is because when the drone
flies at high altitude, the LOS condition is improved, which in turns improves the
communication between oD and vehicles. To sum up the observations highlighted
in Fig. 6.14a and Fig. 6.14b, we plot the average normalized coverage and average
RSSI as a function of power transmission for 10 IoD size in Fig. 6.15a and Fig.
6.15b for both scenarios.

Although the 2D propagation model and IoDAV approaches achieve better
coverage and better RSSI than the proposed approach, they do not reflect the
real results due to neglecting the impact of terrain elevation on communication,
i.e., flat terrain is assumed. The lower coverage and RSSI shown by the proposed
approach in Fig. 6.15a and 6.15b demonstrate the significant impact of terrain
elevation on signal propagation, which should not be neglected. The results also
demonstrate the ability of the proposed 3DIoDAV to detect the terrain obstacles
and dispatch the IoD nodes to the most appropriate locations that minimize the
effect of terrain elevation on communication.

Finally, to show the ability of the proposed approach to dispatch the IoD nodes
to the most appropriate locations, we run the 2D simulation model and obtain
the optimal locations and then evaluate the 2D optimal locations (2D deployment

based) using 3DIoDAV approach. The result is compared with optimal locations
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obtained by 3DIoDAV approach (3D deployment based).
The results are illustrated in Fig. 6.16a and Fig. 6.16b for normalized coverage and
RSSI, respectively. It can be observed that the locations obtained by the proposed

3DIoDAV approach provide higher coverage and better RSSI than that obtained
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by the 2D propagation model, demonstrating the ability of the proposed 3DIoDAV

to dispatch the IoD nodes to the most appropriate locations that improve the

VANET performance.
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6.8 Chapter Summary

In this chapter, we developed a novel 3D propagation model for IoD2V commu-
nication that considered the terrain elevation information in the communication
of IoD in the air and vehicles on the ground. The proposed 3D propagation
model was evaluated throughout the simulation and compared against the 2D
propagation model approach. The results showed a significant impact of ter-
rain information on communication. Specifically, the proposed 3DIoDAV had the
ability to detect the terrain obstacles and properly evaluated the received signal
quality. Moreover, we utilized the proposed 3D propagation model in the Io-
DAV approach to develop a novel 3DIoDAV approach in which the IoD network
improved the VANETSs connectivity. We also proposed using of an optimization
approach, namely IPSO, for optimally deploying the ToD network so as to maxi-
mize the coverage area and enhance the received signal quality. More importantly,
the proposed 3DIoDAV was compared with the 2D and [oDAV approaches. The
comparison results illustrated that the proposed 3DIoDAV approach was able to
retrieve the terrain information and considered it in the communication of ToD in

the air and vehicles on the ground, which provided a high level of realism results.
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CHAPTER 7

MATHEMATICAL MODEL

FOR COVERAGE PATH

PLANNING BASED ON MILP

FORMULATION

7.1 Chapter Motivation

The terrain coverage is one of the most essential tasks of drones, which has been
engaged in many applications, such as disaster management, photography, and
intelligent agriculture [9], [23]. In such applications, planning an efficient flight
path is a critical issue due to limited onboard battery-powered that limits the flight
time of a drone. The determination of a trajectory that covers the whole region by

passing through all points of the area of interest (AOI) while avoiding obstacles
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is called coverage path planning (CPP) [10]. The goal of the CPP mechanism
is to seek an optimal collision-free flight path so that full coverage of a given
region is guaranteed under specific constraint conditions, which is considered as a
complicated global optimum problem. The quality of area coverage alone is not
the exact metric for achieving high-quality missions. Instead, several operational
objective goals, constraints, and restrictions have to be jointly optimized. The
constraints and objectives are the two aspects that underpin any mission planning.
The overall outputs quality from a mission mainly depends on optimizing final
planning to account for both constraints and objectives. These constraints and
objectives are required in mission planning for deriving a detailed agenda for a
drone in terms of how it should be traveling through an ROI.

Despite UAVs” ample applications, the onboard energy has fundamentally lim-
ited the UAV performance and endurance, which is practically finite. Several
works in the literature have presented area coverage using a single UAV, whereby
a simple task is done by only one autonomous UAV in small areas such as room
cleaning. However, in outdoor like broader area coverage, a UAV may not com-
plete the mission due to battery drainage, and it should stop for refueling. For
this reason, the best coverage trajectory for UAV should be obtained such that
the energy cost is reduced as much as possible when the optimal coverage path is
obtained. Hence, energy-efficient system coverage path planning for maximizing
the coverage of a target region is of paramount importance.

Several applications have outgrown the capability of a single drone. Thus,

coverage efficiency has been improved by deploying multiple UAVs. This is be-
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cause multi-UAV provides more significant advantages over a single UAV in CPP
robustness enhancing and operational time minimization [106]. Furthermore, in
large-scale real-time and distributed collaborative systems, there is an increas-
ing tendency to adopt multiple UAVs for detecting or searching missions. For
example but not limited, in an agriculture domain, multiple UAVs cooperate,
monitoring the weed, vegetation growth terraces, and states in forests. It is note-
worthy mentioning that adapting multiple UAVs has dramatically improved the
overall performance and energy conservation. It can be employed when the region
size is too large to be covered by a single UAV, thus, significantly reducing the
completion time.

Although adapting the swarm of drones in coverage path planning achieves
flexibility enhancement and cost reduction in practical applications development,
carrying out their path planning in a complex and large-scale environment in-
creases the complexity of collaborative control and decision-making systems [24].
Such strategies have a significant impact on coverage problem efficiency because
generating trajectories require several constraints and high levels of coordination,
which are highly dependent on the positions of UAVs.

For handling multiple constraints, many approaches in the literature have for-
mulated the CPP problem based on mixed-integer linear programming (MILP)
[151]-[153]. Exact optimization approaches, such as dynamic programming,
branch-and-bound, and constraint satisfaction, have been used to solve the prob-
lem via a MILP formulation for optimality using standard solvers in [151], [152].

Nevertheless, they are computationally intensive or intractable with hard con-
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straints. Besides, for large-scale problem size, the exact solver fails to obtain the

optimal path in a reasonable time.

7.2 Chapter Contribution

To handle the issues discussed above in a tractable manner, we propose a coverage
path planning algorithm that aims to achieve full coverage of the ROI. To this
end, in a large-scale problem size in which the exact solution fails to find a solution
in a reasonable time, a heuristic approach is implemented to address a large-scale
problem in a reasonable time. Most research has focused on obtaining the shortest
path coverage and neglected the energy consumption, which depends mainly on
acceleration, deceleration, distance, and speed of the drone. To fill this gap, a more
accurate model with energy consumption constraints is provided to calculate the
energy-efficient optimization trajectory. The problem is formulated as a MILP
based optimization problem. The proposed approach composes of two phases.
In the first phase, the AOI is decomposed into small cells, where the centers of
these cells are known as Point of Interests (POIs) or waypoints. The cells that
constitute the ROI, are covered in the second phase when a UAV passes through

their centers. The contribution of this chapter can be summarized as follows:

o We develop an optimization formulation of single and multi-UAVs coverage
path planning. Mixed-integer linear programming is used to formulate the
CPP problem as a minimization problem, where the energy consumption is

used as the objective to be minimized. The proposed approach can reduce
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energy consumption which in turn reduces the required number of drones
to cover the ROI. Since the turns have a significant effect on energy con-
servation, the number of turns is included in the objective function to be

minimized.

The collision avoidance mechanism is proposed to avoid collision with terrain
obstacles by designing the required constraints in the proposed formulation.
As a result, the proposed CPP approach not only determines the optimal
flight path for UAVs but also avoids collision with region obstacles that
guarantee to complete the task safely. The proposed CPP problem is solved
using the exact approach, i.e., CPLEX solver, and a heuristic approach, i.e.,
simulated annealing and greedy approaches. The results are analyzed and

compared.

The proposed approach considers small and large ROI, and uses single and
multiple drones. In a single UAV scenario, the proposed approach provides
multiple trips for a large regional area. Particularly, if the energy of the UAV
is not sufficient to cover the whole region, the UAV is allowed to return to
the depot and recharges its battery to start the next trip till completing
the coverage mission. For multiple UAVs, the proposed approach provides
a decomposition mechanism to decompose the region into subregions and
allocate the subregions to the available UAVs. The region allocation aims to
balance the energy consumption and reduce the completion time. The sub-

regions are created to minimize the overall energy consumption for coverage.

200



For UAV safety, the proposed CPP approach provides an energy calculation

or constraint so that the drone can safely return to the depot for recharging.

7.3 Energy Model For UAV Coverage Path

Planning

In spite of the significant features of UAVs, the full potential of their applications
is still hindered. The limited lifetime of drones due to onboard battery-powered is
considered the main limitation [7], [154], which causes incomplete missions in some
applications. The coverage path planning mission should be done with minimum
energy consumption to cope with such limitations. In this chapter, the CPP
problem is formulated and optimized as a minimization problem. The objective
function involves energy consumption which is minimized by the optimization
approach. That is, the optimal coverage path is selected to fully cover the target
area with minimum energy consumption.

It has to be stressed once again that the number of turns has a significant
impact on energy consumption. Hence, to further optimize the coverage path, the
number of turns is included in the objective function to be reduced. Moreover, the
CPP approach is proposed to determine the collision-free path that guarantees to
cover the target region with minimum energy and safely returns to the depot.

The energy model for a quadrotor drone in [63] is utilized in our work to
calculate the energy consumption during a drone flight mission. The energy model

was derived from real measurements, and the effect of different factors on energy
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consumption is studied. The real experiments considered different maneuvering
activities like flying vertically up and down, flying horizontally, hovering, and
turning. The energy consumption was obtained as a function of speed. The
power consumption (P) was measured during such operations, and the fitting
curves were estimated and plotted in [63]. In path planning, we focus on the
impact of movement (such as hovering, horizontal movement, vertical movement,
and turning) on energy consumption. Thus, the energy consumption for each

operation is obtained in [63]. The energy can be written as follow

E = Eclimb + Edesc + Ehove’r + Ehoriz + Eturn- (71)

The power and the time needed during rotations were measured. The angular
speed turn was assumed to be wyy., (2.1 rad/s) and the corresponding power
Pryrn (225 W/s) which is considered to be constant during rotations. Then, the

energy required to cover an angle 6 can be computed as

Eturn = Pturn A0 . (72)

Wiurn

Other terms are explained in details in Section 4.3.
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7.4 Energy-efficient UAVs Coverage Path Plan-

ning Approach Description

The coverage path planning algorithm needs to find the optimal coverage path
from a base station, i.e., depot, covering the target region and then returning to
the depot. To do so, we divide the coverage path planning into two stages. In the
first stage, the ROI is decomposed into small cells, which need to be surveyed by
UAV. Then the problem is formulated and solved using both exact and heuristic
solvers in the second stage. The proposed coverage path planning framework is
shown in Fig. 7.1 and illustrated in algorithm 5.

The proposed approach first decomposes the target region into cells, called
Pols, based on the drone camera footprint. Then, the path is planned in the
coverage path planning stage, i.e., second stage, where the problem is formulated
based on MILP and solved by both exact and heuristic approaches. Due to the
complexity of the exact solver, the maximum CPU time is set to a reasonable
time, and the best solution of all (exact and heuristic) is selected. The output of
the algorithm is a collision-free path that guarantees covering the target region.
In algorithm 5, the proposed approach consists of many parts. It starts with the
initialization part that receives the region boundaries and uses a decomposition
strategy to generate the waypoints to be covered by the drone. The energy matrix
is also obtained in this stage. The second stage, as shown in Fig. 7.1, then
formulates the problem as MILP formulation and solves the problem using exact

and heuristic approaches. The best solution of exact and heuristic is selected as
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the optimal solution. The proposed strategy can reduce the energy consumption
required to fully cover the ROI as much as possible. This section will explain the

parts of the proposed approach in detail.
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Algorithm 5 Energy-Efficient for UAVs CPP Algorithm

Input:

Region (R), Obstacles(Obs)

Output: Optimal CPP path

INITTALIZATION:

RD+< Decompose(R,Obs), Pol(1:length(RD)).WP<«RD;
EMatrix<— Calculate the energy matrix

Formulation<— Formulate the problem based on MILP.
NoD+<— Number of available UAVs

begin

if NoD > 1 then
SubReg < RegionAllocation(Pol)

Exact  Solution <+
CPLEXSolver(SubReg, Formulation, Epsqusriz)
SA_ Solution < SA(SubReg, Enratriz)

Greedy_ Solution < Greedy(SubReg, Epsarriz)

else
Exact_ Solution < CPLEXSolver(RD,Formulation,Eysusriz)

SA_ Solution <— SA(RD,Ep/atriz)

Greedy_ Solution < Greedy(RD,Eatriz)

end

Optimal solution < Best(Exact, heuristics)

Return optimal solution

end
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7.4.1 Region Decomposition

To achieve better coverage, the ROI is decomposed into cells. The cell size is
determined by UAV’s camera footprint and can be fully covered when a UAV is

passing through its center, as illustrated in Fig. 7.2.

Figure 7.2: Region decomposed and covered by covering a set of waypoints and
returning to the depot.

7.4.2 Problem Description and Formulation

Given an ROI, depot, and UAVs, the aim is to minimize the energy consumption
and maximize the coverage region simultaneously. The output of the proposed
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path planning algorithm is the optimal collision-free flight path with minimum
energy consumption for all drones with the following requirements: UAVs can
refuel at a depot, i.e., base station. Moreover, the UAVs take off and land at the

depot. To this end, the following assumptions are made.

The flight trajectory for UAV is planned in a static manner. In other words,
the path of a UAV is planned in advance, i.e., before the beginning of a

mission.

e The drone is equipped with a download-facing camera with its coverage

capacity known in advance.

o The drone flies at a fixed altitude, and thus, the problem has been simplified

to 2D CPP problem.

o The ROI can be any shape, squire, circle, polygon, etc.

The objective is to fully cover the ROI with minimum energy consumption.
Hence the objective function is a minimization problem. Moreover, the decision
variables are inspired by the classical MILP formulation.

Let N is a number of positions or waypoints (1 - depot, 2,.., N) in the ROI
that are required to be covered by Ny drones, d;; is a distance from position; to
position;, F, is the available energy of each UAV u, Fij is the energy consumed

to fly from position; to position;, OCij is the cost due to terrain obstacles and
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can be formulated as follow

inf if the path from position; to position; goes through obstacle

OC;; =
0 Otherwise.

The decision variable x,;; can be represented as follow:

1 if a drone u flies from position; to position;

Luij =
0 Otherwise.

The objective of these constraints is to generate a collision-free path so that the

ROl is fully covered with minimum energy consumption. Thus, the objective func-

tion considers both coverage and drone’s safety mission, i.e., collision avoidance

with terrain obstacles.

With this definition, the formulations of MILP are listed bellow. The objective

function is a minimization problem and can be formulated as

N

min I' = Z Z(E’J * Tyij + OCyj * Tyi5),u € [1, Nyg|.

=1 j=1

Subject to the following constraints:
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N N
D T = ) Tt = Uy —1,. N, (7.5)
j=1 j=2

N N

> Ej-> E;p=0Vi=2.,N. (7.6)
j=1 i=1

N N

i=1 j=1
0< Eyj*y;+Ejp <ENi,j=1,...,Nu=1,.., Ny (7.8)
Nd N
SN ;=1 Vi=1,..N. (7.9)
u=1 j=1
Tyj € [0,1]Vi,j =1,...,N. (7.10)

The objective function in Eq.(7.3) minimizes the total traveling energy con-
sumption across all waypoints inside the ROI. The first part of the objective
function is energy calculation for traveling across all waypoints while the second
part adds a penalty, i.e., cost, if the path from waypoint; to waypoint; is passing
through an obstacle that prevents collision with terrain obstacles. The constraint
in Eq.(7.4) indicates that each position is preceded and preceded by exactly one
another position except the depot. The constraint in Eq.(7.5) indicates that each
UAV departs from the depot and returns to the depot, i.e., the initial location
of the drone or base station. Eq.(7.6) presents the constraint that flying from
waypoint; to waypoint; or from waypoint; to waypoint; consumes the same en-
ergy. The constraint presented in Eq.(7.7) indicates that the required energy

to accomplish the trip by drone u should be less than the available energy of
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the drone. For large regions in which the available energy of the drone is not
sufficient to cover the region, the drone will return to the base station for recharg-
ing and complete region coverage. The constraint in Eq.(7.8) explains that the
drone cannot fly from waypoint; to waypoint; unless its available energy to travel
from waypointi to waypoint; and from waypoint; to the depot is sufficient. This
constraint guarantees a safe return to the depot. For multi-UAV, constraint in
Eq.(7.9) ensures that only one UAV flies from waypoint; to waypoint; and only

once. Finally, Eq.(7.10) shows that x,;; is a binary variable.

7.4.3 Sub Region Allocation to Multiple UAVs

In multiple UAVs, the large region is decomposed depending on the available
number of drones. This step aims to prevent drones from intra-collision and
balance the energy consumption for different drones. To do so, the region is
decomposed into M cells, which are grouped into N groups, i.e., N sub-regions,
where the number of sub-regions is equal to the number of drones. The allocation
algorithm is illustrated in algorithm 6. The algorithm receives the Pol and the
available number of drones. Without loss of generality, the sub-regions or groups

are created as follow:

SubRegion; = [M /N % (i — 1) + 1 to M /N x1]. (7.11)

To elaborate, assume that two available UAVs cover a region. The whole region

is divided into two groups that are determined with different colors, as illustrated
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in Fig. 7.3.

For further optimizing the energy consumption, we further optimize the as-
signed group to UAVs. To clarify, the waypoints in different positions are swapped
and the crossover between different groups is done so that the overall energy cost
is minimized as explained in algorithm6 (Optimize(SubR)).

UAV1 Path W7<ints Points of Interest

1--®--1--0

\
UAV2 Path

o-1{---&-t--0--|--0--{---0
&--|--0-1---0--1--8--[--Ox_
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()]
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Figure 7.3: Region decomposed and allocated among two UAVs starting from the
same depot.
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Algorithm 6 sub-region Allocation Algorithm
Input:

UAVs (NoD), Pol
Output: optimal CPP path for all UAVs

begin
INITTALIZATION:

M < size(Pol)

U < NoD;

SR < M/U;

// Assign Subregions to UAVs

for u <+ 1 to U do
Indx< [(u-1)*SR+1 u*SR|

SubR(u)+Pol(Indx)

end

OpUAVsPath=0Optimize(SubR)

Return OpUAVsPath

end

7.5 Heuristic Optimization Solution

The problem formulation of the proposed coverage path planning approach is
similar to Vehicle Routing Problem (VRP) which is an NP-Hard problem. The
aim is to fully cover the ROI by passing through all waypoints, and minimizing

energy consumption.
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The exact solution will achieve the best trajectory for drones by completely
exploring the solution space if no time limit is set. For small-scale problems,
the solution can be obtained within acceptable time consumption. Unfortunately,
the solution space is significantly exploding for large-scale and complex system
problems, resulting in an inefficient application of such formulation due to the
required time consumption. Therefore, the linear programming-based formulation
efficiency is unacceptable, especially in large-scale cooperative real path planning.
To handle this issue in a tractable manner, we propose implementing simulated
annealing [110] and greedy search [155]. This section, will explain these meta-

heuristic approaches to solve the formulated CPP problem.

7.5.1 Simulated Annealing Solution for Coverage Path
Planning Problem

One approximation approach for solving the large-scale coverage path planning is
simulated annealing. The SA [156]-[158] is a single-solution meta-heuristic based
on the concept of the neighborhood to improve the quality of the current solution.
The SA, inspired by physical annealing process used in metallurgy, begins the
search with a single initial solution. Then, the initial solution is updated through
a series of modifications depending on its neighborhood. The purpose of these local
changes is to explore the neighborhood of the solution to gradually improve its
quality during the iterations. The quality of the final solution especially depends

on the modifications made by the neighborhood operators. The pseudo-code of
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the algorithm is shown in algorithm 7.

The SA starts with an initial part that is responsible for initializing the algo-
rithm’s parameters such as initial temperature, stop temperature, and damping
rate of the temperature. The initialization part is also responsible to create the
initial path, i.e., sequence of waypoints to be followed. It receives parameters and
constraints and the best path that achieves the full coverage of ROI with min-
imum energy consumption is returned. For each iteration, a new solution, i.e.,
path, is generated from the current solution neighborhood, and the feasibility of
the new solution is checked for ensuring that no constraint is violated. Then, the
feasible solution is assessed by the objective function and the best solution so far
will be stored with the corresponding fitness, i.e., energy consumption. Otherwise,
the feasible solution will be accepted as a new solution with probability P, called

acceptance probability function, which can be calculated as :

1 if the cost of current solution < =minCost,

e %/T if the cost of current solution >minCost,

where 9 is the difference between the fitness value of the current solution and the
best solution. The current solution can be accepted if p = 1, i.e.; 6 < 1, or the
random number generated (r,) is less than P. Note that the objective function
receives the path and calculates the energy required by the drone to follow that
path.

It has to be stressed that the orders of two cells’ positions is randomly
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exchanged to generate a new solution. Then the transition will occur if the
quality of the current solution, i.e., the energy consumption of the new path, is
better than the best solution. In the Metropolis criterion, the iteration process
is controlled by the temperature 7, which controls the whole algorithm. Once
all iterations finish, the current temperature is gradually reduced. In this stage,
the current temperature is multiplied by the cooling rate to obtain the next
temperature (T=T*r) and the iteration starts again. This process is terminated
when the temperature reaches stop temperature criteria and the best path so far

for UAV is returned.
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Algorithm 7 Simulated Annealing algorithm

Input :Waypoints<—XY-Coordinate, Em<Energy matrix
Output : Optimal solution

INITIALIZATION:

T < initial temperature

r < Temperature damping rate

Ts < Stop temperature

Model «+CreateModel(Waypoints, Em)

InitialRoute +—Generate initialroute(model)

Path < InitialRoute

begin
Cost«— Obj-Func(path, model)

MinCost<— Cost
MinPath<— Path
Max_ It: maximum iteration

while T > T's do
Tter<1

while [ter <= Maz_It do
Newpath<Neighbor(Path)

NewCost<«Obj-Func(Newpath, model)
6<+—NewCost-Cost

if § < 0 then
Cost<— NewCost

Path <+ Newpath

P« e §/T

if r, < P then
Cost<+— NewCost

Path<+ Newpath

end

end

Iter<— Iter+1

end

if Cost < MinCost then
MinCost<— Cost

MinPath+ Path

end

T+ T*r

end

Return Optimal solution

7.5.2 Greedy Approach Solution for CPP

The greedy algorithm is an iterative heuristic that obtains a local optimum at

each iteration. It is used to address optimization problems, where a solution is
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constructed through a sequence of available choices. At every step, once the choice
is made, subsequent steps are not changed [159]. The global optimum solution is
not always obtained. Instead, an optimal local solution is obtained in less time.
The process of calculating the minimum energy consumption in greedy is the
same as simulated annealing without making mutation, inversion, and tempera-
ture damping. For this reason, it cannot always find a globally optimal solution.
The greedy algorithm is easy to implement due to its simplicity and it is generally
faster. However, finding the globally optimal solution is not guaranteed due to
the short-term solution [160]. The pseudo-code of the greedy algorithm for CPP

is explained in algorithm 8.
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Algorithm 8 Greedy algorithm

Input :

Waypoints<— XY-Coordinate, Em<+Energy matrix
Output : Optimal Path

INITTALIZATION:

Model «-CreateModel(Waypoints, Em)
InitialRoute <—Generate _initialroute(model)

Path < InitialRoute

begin
Cost<— Obj-Func(path, model)

MinCost<«— Cost

MinPath<— Path

Max It: maximum iteration
Iter«1

while Iter <= Max It do
Newpath<—Neighbor(Path)

NewCost<—Obj-Func(Newpath, model)
d—NewCost-Cost

if 4 < 0 then
MinCost<— NewCost

MinPath < Newpath

end

Tter<Iter+1

end

end
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7.6 Simulation Results and Discussions

In this section, the correctness and efficiency of the proposed approach are ver-
ified. The exact solution is compared against heuristic approaches, i.e., SA and
greedy. The comparison includes execution time and energy consumption, impor-

tant metrics in coverage path planning, for a different number of waypoints.

7.6.1 Execution Time Evaluation

To investigate the ability of the three methods used in the proposed approach in
finding the optimal solution of the coverage path planning problem, the execution
time that represents a key factor for evaluating the performance, is tested. The
average execution time for 10 replications is illustrated in Fig. 7.4.

It can be observed that the execution time of the three methods goes up
simultaneously as the ROI size increases, demonstrating the effect of problem
size on execution time. It is worth emphasizing that the greedy obtains a locally
optimal solution by looking for the best solution to find a globally optimal solution.
Consequently, it needs a shorter time to generate the solution. On the other hand,
the exact solution obtains the best solution for drones by thoroughly exploring
the solution space.

For small-scale problems, the exact solution can be obtained within acceptable
time consumption, while in large-scale and complex system problems, the solution
space is significantly exploding, resulting in an inefficient application of such for-

mulation due to the required time consumption. This fact is depicted in Fig. 7.4.
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Figure 7.4: The average execution time with respect to number of waypoints for
the three approaches, SA, greedy, and CPLEX solver.

As the number of waypoints increases, this trend increases, demonstrating the
impact of problem size on the execution time of exact solution. When the number
of waypoints exceeded 30, the execution time of the CPLEX solver is significantly
increasing, while the execution time shown by SA and greedy are around 25 s and
0.8 s, respectively. When the region size is enlarged, the proposed exact solution
model is unable to provide a solution. However, the heuristic approaches obtain
the results within reasonable computation times. The results show the ability of
the proposed approach in obtaining the solution for different problem sizes by an

appropriate solver.
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7.6.2 Energy Consumption Evaluation

Energy consumption is recognized as an essential metric for evaluating the perfor-
mance of algorithms. It reflects the ability of the proposed approach to generate
an efficient collision-free path. The drone flies from the depot covering every
waypoint and returns. The visited sequence of waypoints is selected so that the
overall energy consumption is minimized while avoiding obstacles’ collision and
intra-swarm collision (in the case of multi-UAVs). The average energy consump-
tion of 10 replications is shown in Fig. 7.5. The energy consumption of the three
methods goes up simultaneously with an increase in the number of waypoints,
i.e., region size, demonstrating the effect of problem size on energy consumption.
From Fig. 7.5, we can observe that the proposed approach shows lower energy
consumption by CPLEX solver than heuristic, while greedy shows the highest
energy consumption. This gap increases as the number of waypoints increases.
The reason is that the greedy obtains a locally optimal solution by looking for
the best solution to find a global optimal solution, and due to the short-term so-
lution, it generates a poorer solution and does not guarantee to find the globally
optimal solution. The CPLEX solver will achieve the best solution for drones
by completely exploring the solution space. However, for large-scale and com-
plex system problems, the solution space is significantly exploding, resulting in
inefficient application due to the required time consumption as discussed before.

For further analyzing the optimal solution of the proposed model, the opti-

mality gaps between CPLEX solver and heuristics are calculated and the results
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Figure 7.5: The average energy consumption with respect to number of waypoints
for the three strategies, SA, greedy, and CPLEX solver.

are recorded in table 7.1. Gap% represents the gap between CPLEX solver and

heuristic approaches, respectively, and can be obtained by

SAg, —CPLEXEg,

SAaw = ""t5r oy % 100. (7.12)
dyg, — CPLEXg,
Greedycap = Gree %’EPLECX En e 100. (7.13)
En

Owing to the complexity of the CPLEX solver, i.e., exact solution model,
the maximum CPU time is set to 3,600 s. The average optimal solutions of 10,
20, 30, 40, and 50 waypoints are shown. Both greedy and SA could achieve the
optimal solutions in a significantly shorter time than the CPLEX solver. For

large scenarios, i.e., >30 waypoints, the CPLEX solver cannot solve for optimal-
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ity in reasonable time while heuristic approaches yield a solution with a gap of
(44.8707% and 51.308%) for SA and (3.45% and 18.97%), for greedy. The per-
centage gap shows that in a small number of waypoints, i.e., small region, the
CPLEX solver achieves a better solution than heuristics. The negative sign of
Gap% indicates poor solution by CPLEX solver, when the number of waypoints
exceeded 30 waypoints.

To further illustrate the impact of execution time on the quality of energy con-
sumption, we plot the energy consumption with respect to number of waypoints,
10 to 50 waypoints, and the result is highlighted in Fig. 7.6. The result empha-
sizes that the CPLEX fails to obtain the optimal solution in a reasonable time
for the large-scale problem. It also shows the advantage of heuristic approaches

in solving large-scale problems in a shorter time.

Table 7.1: Energy consumption statistic (in joule) of the three approaches when
the number of waypoints increases from 10 to 50.

Energy Consumption Gap%
WP | CPLEX solver | SA Greedy | SA Greedy
10 | 3320.9 3673.633 | 3769.768 | 9.61 13.51
20 | 6829.37 7286.015 | 8929.121 | 6.68 30.74
30 11061.58 11430.86 | 17521.43 | 3.34 58.39
40 | 25874.82 14264.6 | 24981.7 | -44.87 | -3.45
50 | 35200.95 17693.87 | 28894.24 | -51.30 | -18.97

7.6.3 Collision Avoidance Evaluation

In this subsection, the terrain involves two static obstacles. The proposed ap-
proach generates a feasible collision-free path, which achieves the objective and

satisfies all constraints. The generated collision-free path covers the whole region
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Figure 7.6: The energy consumption with respect to number of five region sizes,
10 to 50 waypoints, for the three approaches, SA, greedy, and CPLEX solver.

with minimum energy consumption, as illustrated in two-dimensional views in
Fig. 7.7. It can be clearly seen that no collision is detected with static obstacles
in all approaches, and the drones can weave around obstacles efficiently.

It is worth noting that considering the collision avoidance with obstacles im-
pacts the drone’s energy consumption and might increase the number of turns to
avoid colliding with terrain obstacles. This fact can be easily seen in Fig. 7.8. The
figure shows the energy consumption for different waypoints with and without col-
lision avoidance considerations. The drone needs more energy to avoid colliding

with obstacles which basically reflects more practical results.
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Figure 7.7: Two-dimensional view for coverage path planning with 2 static obsta-
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Figure 7.8: The energy consumption with respect to five region size, 10 to 50
waypoints, with and without considering the effect of obstacles on energy.
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7.6.4 Effect of Sub Region Allocation Optimizing on Per-
formance

To further analyze the effectiveness of the proposed region allocation approach on
energy conservation, we discuss the impact of region allocation on reducing the
energy consumption to cover the ROI. The optimal solutions of different region
sizes are obtained and recorded in table 7.2. where the percentage of the average

improvement gap of the proposed region allocation is calculated.

60 Energy Consmption 65865 KJ| g9 Ehergy Consum, ption'7.2836K1] 60
Execution Time: 22.432 5 Execution Time : 13.0356 5

Efiergy ConSumption: 7.4692 KJ
Execution Time : 0.0844

10 20 30 40 50 60 70 80 10 20 30 40 50 60 70 10 20 30 40 50 60 70 80
X-Coordinate (m) X-Coordinate (m) X-Coordinate (m)

(a) CPLEX solver coverage(b) Simulated annealing cov- (c) Greedy coverage path
path erage path

Figure 7.9: Two-dimensional view for coverage path planning for the three ap-
proaches, SA, greedy, and CPLEX solver. The drone flies from the depot, cover-
ing the region, and returns to the depot position.

7.6.5 Trajectory Optimization of UAV in Small and Large
Region

To show the performance of the proposed approach in addressing small and large
region areas, different scenarios involving single UAV and multi-UAV with the

small and large region are presented.
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Table 7.2: The improvement gap percentage statistic of region allocation opti-
mization approach for different region sizes.

Region Area (m2) | No RA Optimization | RA Optimization ImpGr(;\r;eg ent
7168 19807.65263 19481.0597 1.648822
9072 24844.04037 24396.02768 1.8033
11200 29556.10933 28690.02266 2.930314
13552 35392.05027 34085.57421 3.691439
16128 42681.06277 41132.89634 3.627291
18928 49012.12125 48129.767 1.800278
21952 57948.43785 56950.48396 1.722141
25200 65112.06962 65101.67432 0.015965
28672 74981.2094 73353.79255 2.170433
32368 86464.31403 83104.89846 3.88532
36288 94563.97185 94120.23399 0.469246

« Single UAV coverage path planning performance evaluation.

In this scenario, the drone is flying from the depot (we consider the starting
waypoint of the coverage path as the depot), covering all waypoints, and
then returns to the depot, i.e., the region is covered in one trip, as illustrated
in Fig. 7.9. The figure shows the coverage path planning for the three
approaches used in the proposed algorithm, where 20 waypoints are covered.
As discussed in section 7.3, the number of turns has a significant effect on
energy consumption due to deceleration and acceleration operation to take
a turn that consumes significant energy. It can be shown in Fig. 7.9 that
the SA trajectory requires less energy consumption than greedy but is still
greater than the CPLEX solver, which shows the lowest energy consumption.
On the other hand, greedy approach shows the fastest execution time while
the CPLEX solver shows the slowest execution time. If the region cannot be

completely covered by one trip due to insufficient energy, the drone needs

228



to return to the base station or depot and recharges its battery to continue
covering the region. To do so, we provide a remaining energy calculation
that guarantees the safety of the drone to come back to the base station.
The remind energy is calculated as follows: the drone is allowed to fly from
position; to position; if its available energy is sufficient to fly from position;
to position; and from position; to the depot. This constraint is formulated
in Eq.(7.8), and it allows generating the safety path with minimum energy
consumption, as shown in Fig. 7.10. The UAV needs two trips to cover the
region. Thus, the proposed approach generates two paths for two trips. It is
noteworthy that the proposed algorithm avoids previously explored covered
waypoints, as illustrated in Fig. 7.10. In this figure, the returning path is
also exploited to scan the waypoints in the path toward the depot. The
offline failsafe measure is proposed to verify if the UAV has sufficient energy

to execute the mission.

Multi-UAV coverage path planning performance evaluation.

In this scenario, three UAVs are assumed to be available. Thus, the ROI is
divided into three parts, and each drone is tasked to cover a set of waypoints
as explained above in section 7.4.3. The multi-UAVs can be employed when
the region size is too large and can not be covered by a single UAV. Thus,
the region is split into sub-region that are assigned among UAVs. The paths
generation is shown in Fig. 7.11. It can be clearly seen that inter-collision is

addressed, and the successful collision-free paths are generated for all UAVs.
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7.7 Chapter Summary

In this chapter, an energy-efficient coverage path planning approach that consid-
ered different region sizes was developed. The exact formulation was proposed
based on mixed integer linear programming to seek the optimal trajectories for
drones so that the generated path minimized the energy consumption and satis-
fied all constraints during the mission. The energy consumption model was based
on acceleration, deceleration, turning, and hovering. The proposed approach was
able to optimally decompose the region considering single and multiple drones.
The proposed sub-region allocation strategy contributed in reducing energy con-
sumption. The MILP-based formulation was solved using CPLEX solver and
heuristic approaches, i.e., SA and greedy. Several scenarios were studied to verify
the correctness of the proposed approach. The results showed that in small prob-
lem sizes, both exact and heuristic approaches were able to generate collision-free
paths for UAVs. Additionally, the CPLEX solver outperformed the heuristic ap-
proaches in small-scale problems. However, in large-scale problems, the CPLEX
failed to generate the optimal solution in a tractable time. The results showed
that simulated annealing with energy optimization used less energy consumption
than the greedy mechanism. Furthermore, the results illustrated that the energy

conservation was more prominent as the region size increased.
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CHAPTER 8

IOD ROUTING PROTOCOLS

8.1 Introduction And Motivation

The UAVs network can perform highly complex tasks that are beyond a single UAV
capability [2], [7], [L61]. Thus, it has attracted great attention from researchers due
to the convenience and safety which would be acquired when applied in the reality.
It can be used in the transportation system to reduce the number of accidents
and consequently decreases the number of death in the passenger and drivers.
Furthermore, vehicles, drones, and roadside units can disseminate information to
identify the danger place on the road in addition to improving traffic management
efficiency. Besides, wireless communication among multi-UAVs is necessary for
proper collaboration and cooperation among UAVs. The drone communication
network is an extension of a mobile ad hoc network with its own network features.
The terrain limits the nodes in MANET while the drones in the flying network
have not been affected by the interference of terrain when moving in the air.

Additionally, the speed of drones in the air is higher than the nodes in MANET and
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the topology is changing extremely [5], [28], [131], [162]-[164]. The communication
is performed either directly with the nodes in the range or by using multi-hop, in
which the intermediate nodes forward the packet to the destination [165]-[167].

To exchange packets in the UAV network, routing protocols are essential and
play a significant role to enable reliable UAV-to-UAV communications for the
UAV network. However, developing these protocols in highly dynamic topology
changes becomes a challenge. The extreme change in topology causes intermittent
disconnection of the network. The restriction range between the drones and the
base station is another challenge. Hence, dynamic topology, and high mobility of
drones make the development of a routing protocol to ensure reliable communica-
tion is difficult to achieve in UAV network [25]-[27]. On the other hand, the UAV
network shares many similarities with the traditional ad hoc network. Therefore,
traditional routing protocols can be utilized as the basis to provide UAV swarm
communication.

In the flying network, the drones can be utilized as transmission nodes, re-
ceiving nodes, and forwarding nodes at the same time. Moreover, the multi-hop
path transmission is established in this network where the topology changes very
frequently due to the high mobility of the nodes which affects the flying network
communication and makes the maintenance of routing difficult. Furthermore, the
drone to drone communication requires a routing protocol to provide an efficient
and reliable data transmission [168]-[172]. In this chapter, three routing protocols,
named AODV, OLSR, and DSDV will be analyzed and compared using testing

parameters such as throughout, end-to-end delay, and packet delivery ratio.
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8.2 Communication Architecture of UAV Net-

work

In the UAV network, nodes are generally mobile and can move in three dimensions.
Point to Point (P2P) Communication can usually be achieved between nodes only
if the nodes are close to each other, i.e., at closed proximity with each other.
However, Multi-Point Relay (MPR) technique is usually utilized if the nodes are
far away from each other, where the intermediate nodes act as forwarding nodes.
Each UAV can act as a transmitter, receiver, and relay node. However, the node’s
communication is exposed to different constraints, such as permanent network
fragmentation, packet losses, and sudden disconnections. Thus, to cope well with
the frequent topology change, UAVs cooperate and organize themselves as a relay
network [173].

The communication architecture of the cellular and centralized network is
improved using a swarm of drones. In the following subsections, we explain the

UAV-to-UAV communication and UAV-to-Ground communication in detail.

8.2.1 UAV-to-UAV (U2U) Communication

UAVs are communicating directly with each other to satisfy the needs of differ-
ent missions. The communication is conducted by frequently exchanging data
packets with other UAVs in the transmission ranges. The nodes that are out of
transmission range run multi-hop communication over other UAVs. The multi-
hop communication extends a coverage of specific area of interest. Since the UAVs
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Figure 8.1: Communication Architecture of UAV Network.

are deployed in the air, where no obstacles exist between UAVs, the probability of
line-of-sight (LOS) increases and becomes predominant in U2U communications.
Nevertheless, the LOS is not guaranteed in a rural area where buildings or hills

act as obstacles and block the transmitted signal [28], [174].

8.2.2 UAV-to-Ground (U2G) Communication

For better control of flying UAVs, infrastructures in the form of ground base sta-
tion are fixed on the ground in order to exchange critical control and command
messages [175]. In addition, ground BSs are also used to link different groups of
UAVs between each other. Generally, there are specific UAVs that are able to
communicate with ground BSs in order to decrease the congestion of the network

and to enhance throughput and connectivity. Flying UAVs at high altitudes im-
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prove LOS conditions in U2G links. Reversely, at low altitudes flying, LOS is
not ensured with ground users due to the existing obstacles on the ground which
cause the phenomenons of diffraction and reflection [176].

Several advantages are provided by FANET: a rapid coverage of the large area
is enabled, and the scalability is guaranteed by drones mobility, multi-hop com-
munication provides efficient reuse of bandwidth, and the decentralized approach
improves the reliability. Thus, if one drone fails, the whole network has not been

affected [132].

8.3 Routing Protocols

To disseminate the information in the UAV network, UAVs should relay the traffic
to the destination. For doing so, the route between nodes should be established in
the fly. Due to the UAVs’ dynamic nature and highly mobile, a routing protocol
is responsible to adapt the requirements changing of the UAV network. Among
many challenging issues, one fundamental problem highlighted by [177] is that
currently, the FANET routing protocols are at least in the development stages.
Due to this limitation, currently, the existing routing protocols used in MANET
can be adapted to meet the FANET requirements [178]. They can be mainly
classified into two types named topology-based and location-based. The topology-
based can be divided into proactive and reactive routing protocols.

In proactive routing protocols, a fresh routing table is maintained beforehand

and the routing table is distributed periodically throughout the network. DSDV
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and OLSR are from this category. Unlike proactive protocols, reactive protocols
establish the route on-demand between nodes when they need to communicate. To
do so, the network is flooded by route request packet and the route is established.
DSR and AODV are two types of this category. In this subsection, the description

of AODV, OLSR, and DSDV routing protocols is presented.

8.3.1 Adhoc On Demand Distance Vector Routing Pro-
tocol (AODV)

It is a well-known reactive routing protocol [179] used in both MANET, VANET,
and FANET networks. In AODV routing, when the source initiates, the route from
source to the destination is determined and kept till the source no longer needs it.
The processes to discover the target node start by broadcasting a Route Request
(RREQ) packet by the source node. The intermediate nodes forward RREQ and
use source information for updating themselves. When the RREQ packet reaches
the destination, a route reply (RREP) packet is returned back to the source.
Furthermore, the RREP packet contains the number of hops required to reach
the destination. If the route is invalid, a route error packet (RERR) message
is created to inform the source node which in turn initiates a route discovery
again by a source. Additionally, the route to the destination is recorded by all
intermediate nodes to be used in future communication. Besides, a link failure is
detected by periodically sending a hello message. AODV suffers from a latency

issue due to searching for a new destination.
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8.3.2 Optimized Link State Routing (OLSR)

This routing algorithm is one of the proactive routing protocols used in ad hoc
network [180] where the path to the destination is computed in advance for sending
the data. Besides, OLSR uses the GPS information of the nodes for taking route
decisions. The expected transmission count (ETX) is evaluated by considering the
corresponding speeds of two nodes to enhance the routing decision. Thus, all nodes
provide fresh information about the state of the network to each other. To do so,
each node relays the control packet systematically to maintain the connection
route to any other node. The neighbor list is created by sharing information
about its direct links only with some neighbors by periodically exchanging a hello
message and topology control packet among neighbors. The significant factor that
affects the OLSR performance is the multipoint relay (MPR) which is selected
by the sender node and covers two hops neighbors. Moreover, MPR nodes are
the only nodes responsible to forward updating information during the flooding

process. [132], [181], [182].

8.3.3 Destination-Sequenced Distance-Vector Protocol

(DSDV)

DSDV is a proactive routing protocol [183] and it has been specially designed
for mobile networks. It is based on the classic idea of Bellman-Ford’s distributed
algorithm. This protocol works as follows: Each node maintains a routing table

that contains all possible destinations, the number of hops required to reach the
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destination, and the sequence number which corresponds to a destination node.
In order to maintain the consistency of the routing tables in a rapidly varying
topology, each node of the network periodically transmits its routing table to
its direct neighbors. The node can also transmit its routing table if the content
of the message undergoes significant changes compared to the last content sent.
Moreover, updating the routing table can be done in two ways: a complete update
and an incremental update.

In the complete update, the node transmits the entire routing table to the
neighbors, whereas in an incremental update, only the entries which have under-
gone a change compared to the last update, are sent which reduces the number of

packets transmitted.
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Figure 8.2: Snapshot of UAVs relay network.
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Table 8.1: Parameters setting

Parameter Value

Geographical Range 3500 m x 1500 m

Network Size 10, 20, 30, 40

Mobility Model Linear Mobility with random start angle
Drone’s Speed(mps) 0, 5, 10, 15, 20, 25, 30

Drone’s Altitude 100 m

Communication Range | 500 m

Routing Protocol AODV, OLSR, DSDV

Data Rate 54Mbps

Simulation Time 100 s

8.4 Simulation Results and analysis

To evaluate the performance of the three routing protocols (AODV OLSR, and
DSDV), we carry out a simulation using the Omnet++ tool with different per-
formance metrics. To show the performance of those routing protocols in flying
networks, various scenarios including different network sizes and different speeds
of the nodes, are tested and compared.

The flying network acts as a relay network between sender and receiver as
shown in the Fig. 8.2. The simulation is run on intel Cori5 2430M CPU with 3
GigaByte memory. In this section, the simulation of DSDV, OLSR, and AODV

will be illustrated.

8.4.1 Parameters Setting

Without loss of generality, the setting parameters of the drone’s communication
network based on the Omnet++ simulation tool are set as follows.

The geographical range is 3500 m x 1500 m. The mobility model used is a
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linear mobility model with random starting angles. The communication data rate
is b4Mbps. The network sizes are 10, 20, 30, and 40 drones respectively. The
speed of drones is set to 0 mps, 5 mps, 10 mps, 15 mps, 20 mps, 25 mps, and
30 mps. The routing protocols evaluated are AODV, OLSR, and DSDV. The

parameters setting are shown in Table 8.1.

8.4.2 Performance Metrics

In this subsection, we will explain the performance metrics utilized in this work

to evaluate the UAV network routing protocols.

o Average End-to-End delay (E2ED)

The E2ED represents the average necessary time required for the packet to reach
the destination. It includes queuing at interface MAC, buffering during the route
discovery process, propagation time, and transmission time. The average E2ED

is calculated over all iterations or runs by.

Avg_ E2ED = % i S (Tr(Py) — Ts(Py)
i=1

: , (8.1)

where Tr(P;) is a received time of packet;, Ts(P;) is a transmission time of packet;,
n is the number of packets received during run;, and m is the number of runs.

The lower value of this metric, the better the performance.

» Average Packet Delivery Ratio (PDR)

The average PDR illustrates the ratio between the number of successfully
received packets by the destination and the total packets sent by the source node.
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The average PDR is calculated over all iterations or runs by

PcktRcvd;

PcktSnt; ’ (8.2)

1 m
A PDR = —
vg_ R — ;

where PcktRevd; is the number of packets received by the destination in iteration
i, PcktSnt; is the total packets sent by the source node in iteration i, and m is the
number of iterations. The higher the value of a packet delivery ratio, the better

the performance.

Average throughput

The throughput, measured in bit per second(bps), is defined as the total pack-
ets successfully received by the destination divided by the simulation time. The
average throughput is calculated over all iterations or runs as follow.

1 <~ Pckt;
Avg Th hput = — !
vgi roug pU m ST y

i=1

(8.3)

where Pckt; is the total packets received by the destination in iteration ¢, ST is a
simulation time, and m is the number of runs or iterations. The higher the value

of this metric, the better the performance.

8.4.3 Results and Discussions

In this subsection, different scenarios involving PDR, Throughput, and E2ED
with different speeds of nodes and different network sizes will be analyzed and the
results of the simulation will be discussed.

In all scenarios, the sender and receiver are 3400m away from each other. The
drone network is utilized as a relay network to forward the sent packets from the
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Figure 8.3: The mean packet delivery ratio for AODV, OLSR, and DSDV routing
protocols.

sender to the receiver.

o Packet delivery ratio analysis

The PDR is a metric used to measure the network connectivity where the
high value of the packet delivery ratio reflects the network connectivity. Fig.
8.3 exhibits the average PDR with respect to nodes speed for different network
sizes(10,20,30,40) nodes. As can be seen from the figure, the speed of drones
affects the network connectivity. The network disconnection increases as the speed
increases which reduces the number of received packets, i.e, increases the number
of drop packets, which in turn reduces the PDR.

Another factor affecting the PDR in UAV networks is the network size or the
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number of nodes in the network. The higher the number of nodes, the higher
chance to find a route to the destination. This is due to the limited communication
range of UAVs. In the sparse network where there are fewer available UAVs, the
UAVs get far from each other and become out of their communication ranges
which reduces the chance to find the route to the destination. For this reason,
the PDR improves as the network size increases. This trend is exhibited in Fig.
8.3 for the three routing protocols. It is worthy to show that both reactive and
proactive routing protocols behave similarly when speed and network size change.
However, AODV outperforms OLSR and DSDV in PDR especially when the speed
of nodes increases. The PDR in DSDV decreases significantly as the speed of
drones increases. This is because when the node’s speed increases the network

topology change at a higher value which leads to increasing the link failure.

o End-to-End delay analysis

The average End-to-End delay (E2ED) with respect to the node speed for
different network sizes is illustrated in Fig. 8.4. As the node’s speed increases,
the end-to-end delay time in OLSR and DSDV routing increases slightly whereas
end-to-end delay increases significantly as the node speed increases in ADOV.
Thus, in the case of the end-to-end delay, OLSR performs better than the AODV
routing protocol, and DSDV shows the minimum end-to-end delay.

This is because the routing information is not reused in AODV and it needs
to start the route discovery whenever the source node wants to transmit. Also,

due to the high mobility of the nodes, when the route replay packet reaches to
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sender, the node closed to a receiver node has already moved away.

the routing table. Therefore, they don’t face longer setup time. Fig. 8.4 shows

E2ED (ms)

100 {—©—OLSR

E2ED (ms)

different network sizes (10, 20, 30, 40) UAVs which have a vital effect on end-to-
end delay where the end-to-end delay improves more in the dense network than
that in a sparse one. This is because the higher the number of nodes, the higher
chance to find a route to the destination. This is due to the limited communication
range of UAVs. In the sparse network where there are fewer available UAVs, the
UAVs get far from each other and become out of their communication ranges

which reduces the chance to find the route to the destination. For this reason, the
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E2ED improves as the network size increases. In short, for high topology change,
AODV exhibits poor end-to-end delay compared with OLSR and DSDV routing

protocols.

e Throughput analysis

As illustrated in Fig. 8.5, in the static network, i.e., nodes’ speed is 0, the average
throughput of OLSR is higher than that of AODV and DSDV. As the speed of the
node increases, the average throughput degrades in the three routing protocols,

demonstrating the impact of node speed on the average throughput. Therefore,
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Figure 8.5: The mean throughput for AODV, OLSR, and DSDV routing protocols.

in the case of the average throughput, AODV performs better than other routing
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protocols. The higher the speed of the nodes, the more frequent network discon-
nection and the lower number of packets received by the destination during the
simulation time. However, AODV provides the best throughput at high nodes’

speed due to the reactive nature to the topology change.
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Figure 8.6: Average packet delivery ratio with speed of 30 mps for the AODV,
OLSR, and DSDV routing protocols.

o Effect of network size on performance at high nodes’ speed

The network size has an important impact on UAV network performance. In this
subsection, the network size changes from 10 to 40 nodes in a step of 10. Also, the
speed of nodes is set to 30 mps. The PDR, E2ED, and throughput are studied

for AODV, OLSR, and DSDV.
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Figure 8.7: Average throughput with speed of 30 mps forthe AODV, OLSR, and
DSDV routing protocols.

For a small network size (10 nodes), the chance of discovering a path to the
destination is very low and the network suffers from frequent disconnections es-
pecially at the high speed of nodes.

As the network size increases, the chance of finding the path to the destination
is improved and the performance metrics of networks like PDR and throughput
are enhanced as shown in Fig. 8.6 and 8.7, respectively.

The figures also show that AODV outperforms OLSR and DSDV in both PDR
and throughput.

According to the network delay, it can be seen from Fig. 8.8 that the average

end-to-end delay enhances as the network size increases in all routing protocols.
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Figure 8.8: Average end-to-end delay with speed of 30 mps for the AODV, OLSR,
and DSDV routing protocols.

This is because increasing the number of nodes in the network provides a high
chance to find the route to the destination which reduces the time to discover the

route. However, DSDV exhibits the lowest end-to-end delay.

8.5 Chapter Summary

In this chapter, we analyzed the performance of AODV, OLSR, and DSDV rout-
ing protocols in terms of average packet delivery ratio, end-to-end delay, and
throughput. The results revealed that DSDV is not appropriate for high dynamic
networks like drone networks since the packet delivery ratio is significantly de-

creased as the speed of drones increases. The results also showed that the OLSR
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routing algorithm is not suitable for highly-dynamic and low-density networks like
UAV networks. Despite these limitations, proactive algorithms offer fast connec-
tions among drones. This is due to the availability of routing information in the
routing table when needed. Thus, the data traffic is sent with no delay when the
sender needs to send its data. The reactive routing protocol, AODV, outperformed
both OLSR and DSDV in terms of packet delivery ratio and throughput. This
can be concluded from the reactive nature with topology changes. On the other
hand, AODV suffers from a high end-to-end delay. We can conclude that no rout-
ing protocols achieved optimal performance. Thus, the suitable routing protocol
can be selected according to the required performance. However, AODV routing
protocol seems to be the most appropriate routing protocol for dynamic topology
change like UAVs network adopted in this thesis due to its reactive nature to

dynamic topology change.
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CHAPTER 9

CONCLUSION AND FUTURE

WORK

Intelligent Transportation Systems (ITS) have gained broad-spectrum attention
as a leading technology to exploit the smart devices involved in the transportation
object that improves transportation systems. The importance of the ITS lies in
many factors, such as increasing the global population, globalization, and modern-
ization, which lead to high demands for vehicle transportation. The development
of ITS is a cornerstone in the designing and implementation of smart cities. The
goal of ITS is to automate the interactions between infrastructure and vehicles for
competence in vehicular communication, comfort, and accomplishing high levels
of safety measures. In this final chapter, the relevant contributions are summa-
rized, an outlook on potential future work is sketched out, and the publications

emanating from this thesis are listed
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9.1 Thesis Conclusions

To foster the adaptation of the existing collision avoidance and deployment of
drones in intelligent transportation systems, this thesis makes the following con-

tributions.

9.1.1 Energy-efficient static and dynamic collision avoid-
ance

Two approaches are proposed for collision avoidance. The first approach is to
deal with static collision avoidance, and presented in chapter 3. The aim is to
enhance the optimality and rapidity of three dimensional IoDs path generation
by improving the particle swarm optimization (PSO) algorithm. The results ex-
hibit significant improvement in convergence speed as well as an optimal solution,
which proves the ability of the proposed method to generate a safety path for
IoDs formation without collision with terrain obstacle and among drones. It also
presents thorough analysis considering the optimality and rapidity of IPSO in
generating collision-free paths for IoDs.

To tackle the challenging of dynamic collision avoidance and energy limitation,
this thesis proposes an online Energy-efficient static and dynamic collision avoid-
ance approach presented in chapter 4. The proposed approach aims to work online
in a dense environment in which a drone flies through a narrow passage due to
several static and dynamic obstacles filled the terrain. Therefore, the feasible

paths from current locations for all drones in IoD formation are not always guar-
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anteed. To guarantee a feasible paths for all drones in the formation, the proposed
approach puts some drones in a hovering state for some time. Furthermore, the
drone can backtrack when hovering in place is not possible. It is worth mentioning
that, the drone is allowed to fly vertically if hovering and backtracking are not
possible to avoid crashing with nearby obstacles, which increases the ability to
avoid collisions. It also provides an energy-efficient path generation to obtain a
collision-free path with minimum energy requirement. The algorithm is able to

avoid the following collisions:

e Drone-to-drone collision avoidance.
¢ Drone-to-static obstacles collision avoidance.

e Drone-to-dynamic obstacles collision avoidance.

The proposed approach is implemented using matlab software.

9.1.2 2D Collaborative IoD-Assisted VANETs (IoDAV)

The dynamic deployment of drones for VANET assistant is presented in chapter
5. The aim is to dynamically dispatching the IoD, used as a relay network, at
optimum coverage base-on cars’ locations using RSSI. In this work, the IPSO al-
gorithm presented in chapter in 3 is implemented to achieve the aforementioned
objectives so that sufficient signal strength towards all isolated vehicles on the
ground can be achieved by the IoD network to guarantee the best coverage at
each specific time. Moreover, the connectivity of the IoD network is addressed
by the proposed optimization approach where the objective function includes the
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connectivity to be achieved for a better solution. Based on the vehicles’ distri-
bution on the ground, the proposed approach dispatches the IoD nodes to the
most appropriate locations in real-time. The main assumption is that lack of
infrastructures exists in the environment and the connectivity among vehicles is
minimum. For example in urban area, the buildings may obstruct the line of sight
and the connectivity among vehicles is lost. Besides, the movement of UAVs in
IoD aims to explore the 3D space to offer the connectivity to the ground vehicles.
The SUMO, VIENS, in OMNET++ network simulator are utilized to implement
the proposed approach. Besides, the IoDAV is compared against VANET with-
out drone, i.e, No IoD and with static deployment IoD, i.e., FloD. The IoDAV
outperforms NlIoD and FloD in terms of normalized overall coverage and average

RSSI.

9.1.3 3D Collaborative IoD-Assisted VANETs (3DIoDAV)

The terrain obstacles have a significant impact on Air-to-ground communication,
where the terrain obstacles might block the transmitted signal. For practical
result, the terrain elevation should be considered when calculating the received
signal strength. Therefore, this thesis proposes 3DIoDAV that is presented in
chapter 6. The aim is to enhance the communication of vehicles on the ground
and reduce the impact of terrain obstacles on communication. In doing so, the 3D
propagation model for [oD2V communication to assist the communication quality
between IoD in air and cars on the ground is proposed and used in IoD assisted

VANETs. Towards this end, the optimal deployment of IoD nodes is obtained
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by the optimization algorithm implemented, i.e., IPSO. The proposed 3D propa-
gation model is added to the objective function to evaluate the signal quality at
receivers ‘sides, i.e., vehicles on the ground in which the effect of high-level terrain
on communication is considered in calculating the received signal. As a result,
the ToD nodes are dispatched to the most appropriate locations that minimize
the impact of terrain obstacles on the transmitted signals and enhance the LOS
condition between sender and receiver. The proposed approach is implemented
using SUMO and VIENS in OMNET++ network simulator. The effect of the
terrain is considered by extracting the elevation information of the terrain from
the Digital Elevation Model (DEM) file and use it in calculating the received
signal strength. Besides, the 3DIoDAV is compared against free-space pathloss
model and IoDAV model. The results show the ability of 3DIoDAV to detect the
terrain obstacles and properly evaluated the received signal quality. Besides, the
3DIoDAV approach can retrieve the terrain information and considers it in the
communication of IoD in the air and vehicles on the ground, which provides a

high level of realism results.

9.1.4 Energy-efficient Collision-free Coverage Path Plan-
ning

The key aim is to develop a mathematical model for path planning and coverage
based on MILP formulation, and compare it with heuristic approach for different

problem sizes. An optimization formulation of single and multi-UAVs collision-
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free coverage path planning is derived. To do so,the MILP is used to formulate the
CPP problem as a minimization problem, where the energy consumption is used
as the objective to be minimized. The proposed approach is capable of reducing

energy consumption which in turn reduces the required number of drones to cover

the ROI.

9.1.5 IoD Routing Protocols

Exploring different routing protocols for IoD. In the light of collision-free path
planning and IoD deployment for VANET assistant, the drone speed does not
exceed 10 m/s to efficiently generate collision-free path planning. As a result,

AODV has been seen to be the most appropriate routing protocol for IoD.

9.2 Future Work

e Since the convergence speed as well as solution optimality presented in
Chapter 3 are enhanced, in the future work, we will focus on using IPSO to
plan IoD paths in a dynamic environment which includes unexpected obsta-
cles (i.e movable obstacles) where the movable obstacles need to be avoided

on time.

o ToDAV approach presented in Chapter 5 will be extended to include the
influence of other propagation models such as Nakagami Fading on commu-

nication.
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e The proposed model presented in Chapter 6 can be extended for future work
by considering the buildings as obstacles, where signal attenuation will be

investigated.
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