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Abstract

Autonomous robotic systems can execute multiple tasks with increased speed and

accuracy thus human intervention can be minimized. Advances in technology have

led to the increasing adoption of such systems by many industries. Monitoring

and information collection from areas of interest are applications that benefit from

autonomous robotics. The advanced technology of modern societies paves the way

for miniature autonomous areal robotic systems which offer a cost- and time-effective

solution to area coverage problems. They are most commonly referred to as drones.

Applications of the last two decades use multiple drones, known as drone swarms,

as a solution to tackle problems that either required increased funding or intense

human effort. Applications of drone swarms may include, forest fire early detection

with drones that fly over the area multiple times during the day and locate possible

points of increased temperature. Also, parcel delivery drone swarms and oil spill

evolution monitoring are good examples. Human intervention is considered minimal

since they only participate in the data analysis when the drones return from the

missions.

The main goal of drone swarms is to optimally cover the area of interest with as

little human intervention as possible. Sensory devices can provide information rela-

tive to the environment and the swarm to navigate the area and successfully avoid

obstacles. The drones usually have wireless antennas which help them communicate

information with each other to take informed and combined action, and complete a

given mission.

Coverage Planning (CPP) is the field which studies the area coverage problem.

The basic subcategories of CPP are cellular decomposition and no decomposition.

The former separates complex areas with multiple obstacles in smaller and more

simple shapes or cells and then creates a path planning for the coverage of each

cell. No decomposition is used for simpler areas where the shape is not complex
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and obstacles are not present. In the context of the current thesis, an algorithm

is developed based on no decomposition for simply-shaped areas. The algorithm

also includes the steps which determine the behavior of the swarm when a drone

discovers a point of interest and information collection is required.

To evaluate the algorithm’s performance, simulations are developed using the

OMNeT++ software. The metrics retained are area coverage time, mean traveled

distance per drone for two different covering paths, mean speed, the number of

slowdowns required for the collection of information from the points of interest, and

the percentage of discovered points. The covering paths studied are, non-overlapping

parallel lines –or back-and-forth movement– and spiral.

The results showcase that parallel lines are more effective for the area coverage

since the travel time and the distance required to cover the area are lower. This

is attributed to the fact that the spiral shape reduces the size of the area’s edges.

Each time the coverage of a linear part of the area of interest is finished, the drones

remove that part from the area. For the parallel lines coverage, the drones remove

similar-sized portions of the area while for the spiral smaller and smaller parts are

removed. Due to this behavior, the drones have to switch their formation almost

double the times for the spiral shape compared to the parallel lines.

Locating and collecting information from points of interest, based on the algo-

rithm, might require speed reduction. In both parallel and spiral coverage paths,

the percentage of located points of interest is similar. The spiral coverage, though,

requires an increased number of slowdowns compared to the parallel path. This is

attributed to the fact that the drones locate the same points of interest from differ-

ent perspectives and since they only collect information from the closest point, the

effect of increased slowdowns appears.



Περίληψη

Τα αυτόνομα ρομποτικά συστήματα έχουν τη δυνατότητα να εκτελούν διεργασίες με

ιδιαίτερα αυξημένες ταχύτητες και ακρίβεια, τέτοιες ώστε η ανθρώπινη παρέμβαση να

μην καθίσταται πλέον απαραίτητη. Αυτή η τάση εμφανίζεται πλέον ολοένα και περισ-

σότερο σε όλους τους εργασιακούς τομέις. Σε αυτήν την κατηγορία εντάσσονται και

οι εργασίες παρακολούθησης και εκτίμησης της κατάστασης γεωγραφικών εκτάσεων

αλλά και η εξερεύνηση περιοχών. Οι τεχνολογικές εξελίξεις των τελευταίων δεκαετι-

ών παρέχουν τη δυνατότητα ανάπτυξης συσκευών μικρού όγκου ικανές να καλύψουν

περιοχές από αέρος, τα γνωστά και ως drones.

Σύγχρονες εφαρμογές των drones περιλαμβάνουν την παρακολούθηση δασικών ε-

κτάσεων για πιθανή έξαρση φωτιάς, την παρακολούθηση της εξέλιξης μιας πετρελαιο-

κηλίδας και την παράδοση παραγγελιών από αέρος. Πολλές από αυτές έχουν την

ανάγκη χρήσης πολλαπλων drones τα οποία έπειτα από τη συνεργασία μεταξύ τους

αποφέρουν το επιθυμητό αποτέλεσμα. Ο ανθρώπινος παράγοντας σε αυτές τις εφαρμο-

γές περιορίζεται στο σημείο της ανάλυσης των δεδομένων που προκύπτουν έπειτα από

την εκτέλεση των αποστολών που ανατίθενται στην ομάδα των drones.

Το βασικό ζήτημα των περισσότερων εφαρμογών είναι η κατά το δυνατόν αποδοτι-

κότερη κάλυψη των περιοχών εντός των οποίων θα κινούνται τα drones με την ελάχιστη

δυνατή παρέμβαση του ανθρώπινου παράγοντα. Αυτό σημαίνει πως τα drones θα πρέπει

να έχουν τη δυνατότητα να συλλέγουν πληροφορίες από την περιοχή ενδιαφέροντος,

να ανταλλάσσουν αυτές που θεωρούν απαραίτητο με τα υπόλοιπα μέλη της ομάδας και

να λαμβάνουν τις απαραίτητες αποφάσεις οι οποίες θα οδηγήσουν τελικά στην πλήρη

κάλυψη και συλλογή πληροφοριών από την περιοχή ενδιαφέροντος.

Ο τομέας που μελετά το ζήτημα της κάλυψης μιας περιοχής από πολλαπλά ή ένα

ρομποτικά συστήματα ονομάζεται Coverage Path Planning (CPP). Αυτός έχει δύο

βασικές υποκατηγορίες, κάλυψη σύνθετων σχημάτων με διαχωρισμό της περιοχής σε

κελιά και κάλυψη απλούστερων σχημάτων χωρίς διαχωρισμό. Στα πλαίσια της παρο-
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ύσας μελέτης, γίνεται ανάπτυξη αλγορίθμου για ομάδα drones με σκοπό την πλήρη

κάλυψη περιοχών με απλό σχήμα. Ο αλγόριθμος περιλαμβάνει διαδικασίες που επιτυγ-

χάνουν, με τη χρήση κατανεμημένων ενεργειών και μικρής ποσότητας πληροφορίας,

τόσο την πλήρη κάλυψη περιοχών όσο και τη συλλογή πληροφοριών από σημεία ενδια-

φέροντος που εντοπίζονται σε πραγματικό χρόνο. Ο αλγόριθμος περιλαμβάνει επίσης,

διαδικασίες προσαρμογής της ταχύτητας της ομάδας με σκοπό την αποδοτικότερη συλ-

λογή δεδομένων από τα σημεία ενδιαφέροντος που εντοπίζονται.

Προκειμένου να γίνει εκτίμηση της απόδοσης του αλγορίθμου αναπτύχθηκαν προ-

σομοιώσεις όπου πραγματοποιήθηκαν μετρήσεις σχετικά με το χρονό κάλυψης της πε-

ριοχής, τη μέση ταχύτητα, τον αριθμό πτώσεων ταχύτητας που πραγματοποιήθηκε κατά

την κάλυψη, το ποσοστό των σημείων ενδιαφέροντος από όπου έγινε πλήρης συλλογή

δεδομένων αλλά και την απαιτούμενη απόσταση που διήνυσαν τα drones με βάση δύο

διαφορετικά σχήματα κάλυψης. Τα σχήματα κάλυψης που μελετήθηκαν είναι η σπέιρα

και η κάλυψη σε παράλληλες και μη επικαλυπτόμενες γραμμές.

Βάσει των αποτελεσμάτων, φαίνεται πως η κάλυψη της περιοχής με τη χρήση των

παράλληλων γραμμών απαιτεί λιγότερο χρόνο πτήσης όπως και μικρότερη απόσταση

για την ολοκλήρωση της κάλυψης συγκριτικά με τη σπείρα. Αυτό συμβαίνει καθώς με

τη σπείρα κάθε φορά που καλύπτεται μία πλευρά της περιοχής, αυτή αφαιρείται από το

σχήμα με αποτέλεσμα να μικραίνει κάθε φορά μία πλευρά του σχήματος. ΄Ετσι, η ομάδα

των drones χρειάζεται να αλλάζει σχήματισμό περισσότερες φορές συγκριτικά με τις

παράλληλες γραμμές κάλυψης κάτι που κοστίζει σε χρόνο και απόσταση.

Ο εντοπισμός του ίδιου αριθμού σημείων ενδιαφέροντος, για τη σπειροειδή κάλυψη

της περιοχής, απαιτεί τη μείωση της ταχύτητας περισσότερες φορές συγκριτικά με τις

παράλληλες γραμμές. Αυτό αποδίδεται κυρίως στην κατανομή των σημείων όπως και

στην κατεύθυνση των drones η οποία στη σπειροειδή κάλυψη για κάθε αλλάγη σχημα-

τισμού αλλάζει κατά 90◦ενώ για τις παράλληλες γραμμές αλλάζει κατά 180◦. Και για τα

δύο σχήματα ισχύει ότι η ομάδα των drones ήταν ικανή να εντοπίσει μεγαλύτερο αριθ-

μό σημείων ενδιαφέροντος για μικρότερες τιμές της ακτίνας κάλυψης. Αυτό αποδίδεται

στη λειτουργία του αλγορίθμου η οποία ορίζει πως ένα drone συλλέγει πληροφορίες

από ένα σημείο κάθε φορά και συγκεκριμένα από αυτό που βρίσκεται πλησιέστερα στο

drone.
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Chapter A

Introduction

D
RONES nowadays are used for variable applications. The technological

advances, mainly in sensory devices and nanotechnology, provide the tools

that enable the development of miniature drones which can last for several

minutes to hours per flight or even fly continuously. Historically, drones were funded

by the US military with the first flights dating back to 1903 [1]. During the first

demonstrations, drones had very limited features. They were remotely operated by

one person and wireless communications were used to transmit basic commands.

The most attractive aspect of this technology was the fact that it was unmanned

which meant that no pilot was risking his life on the battlefield. By the year 1940,

in WWI, all major powers started using drones.

Nowadays, drones have advanced to the point where no human operator is re-

quired to complete a task. They are being adopted by many industries since they

can potentially lower the cost of product delivery and minimize human casualties

under states of emergency. Drone technology can be applied to many aspects of

human life. A few examples are, post-earthquake response for human detection and

damage assessment [2], early detection of forest fires [3], wildfire tracking [4], parcel

or food delivery systems [5, 6], structural integrity inspection [7] and powerline in-

spection [8]. Major companies such as Amazon have shown interest in swarms and

aim to release actual parcel delivery systems.

Ever since the miniaturization of computer components, sensory devices have

become much easier to include in a compact and easy-to-develop system with a basic

operation such as the collection of information from the surrounding environment

1
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and wireless data transmission. Such systems can be adjusted to operate on drones

and even create swarms that can be coordinated to complete tasks as a team. The

traditional operation of a drone requires one pilot. This model cannot be employed

for drone applications since a typical swarm can include tens of drones, hence the

system is prone to failure due to human error.

The swarm collects information in real-time and decides the necessary actions

towards the completion of a mission. A major issue with drone swarms is the

navigation in a natural environment. Algorithmic steps can provide a path planning

scheme which can be altered in real-time. The information about which path a drone

has to follow is not hard-coded, rather an algorithm, which includes simple steps

individually followed by the drones, provides the necessary distributed behavior. The

algorithm has to include accurate and well-defined processes to avoid any physical

collisions between the drones of the swarm.

The role of an operator in drone swarms can be either absent or in the form of

simple commands [9] which coordinate the entire swarm towards a task completion.

During the last decade, applications with multiple drones are headed towards full

autonomy. This can provide less overhead since the drones are coordinated using

a behavior obtained by the algorithm, while the operator is mainly focused on ac-

complishing a given task rather than having to control multiple drones to navigate

in an area.

Precision agriculture applications also benefit from the use of drone swarms [10].

A large amount of pesticides and insect-killing chemicals is used to provide a higher

yield. Improper use and manual application of such materials have led to diseases

in about 1 million people based on information published by the World Health

Organization. Harmful chemicals and pesticides do not pose any threat to drones.

Thus, their application can be done using drone swarms.

Applications in open seas such as Search and Rescue (SaR) [11], and oil-spill

modelling [12] or real-time mapping [13] can also benefit from swarm algorithms

and drone swarms in general. SaR missions and oil-spill modeling or mapping are

time-critical applications. In the case of SaR missions, multiple scenarios can be

assumed, such as emergency plane landing at seas or boat sinking events. Both

cases require the full of large open-seas areas a task well suited for a swarm of

drones given the fact that sensors such as thermal cameras are very commonly used

tools.
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drone swarms can be applied to scenarios such as forest fire-fighting [14, 15] or

early forest fire detection [16]. Both applications require a well-defined algorithm

to cover the area efficiently and provide low response times. The only initial input

to the swarm is the geographical . The swarm can operate with minimal to no

intervention by an operator. The drones can be launched by a , reach the area

of interest and once the coverage is complete, they can return and offload all the

information they collected to the base station. Geographical information can be

provided to the swarm by satellite.

A.1 Problem Definition

Swarm autonomy is a major issue excessively studied throughout the literature [17,

16]. More specifically, pathfinding and algorithms are crucial for the proper in-

formation collection from an unknown area. The main hurdle the swarm has to

face is which path to choose to completely cover an area for which most likely no

information is available.

In the case where there are specific Points of Interest (PoIs) within the area

and the main goal is the collection of information for these PoIs, the route each

drone has to follow can be calculated before the mission begins and the drones

will simply follow a specific path they have been coordinated at. The main issue

with such an approach is that real-world scenarios include much more abstract

environments where very limited to no information is available. In such cases, the

swarm requires more flexible algorithms which can provide an adaptive behavior to

meet the requirements of an unknown area.

The algorithm has to provide well-defined steps towards behavior that helps the

drones avoid collisions between them while at the same time fully cover the area that

they are required to. Many factors need to be taken into account. For instance, the

movement of the swarm is required to be as efficient as possible in terms of travel

distance. Variable area shapes require different flying routes (or coverage paths) to

fully and efficiently cover the area. Different coverage paths require precise formation

switches which ensure similar travel distance for all drones.

Equally as important is covering the area exactly once. This is achieved by

creating routes for each drone that do not overlap. The discovery of PoIs and the

information collection from them is usually the main goal for most applications.
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These processes vary based on the effective area or scanning radius of each drone.

Changes in altitude can affect the scanning radius.

The main focus of the current study is the coverage of unknown areas and the

detection and information collection from PoIs within the area. In the following

section, past related work is provided.

A.2 Related Work

Many studies over the years focus on drone swarms autonomy [18] and coordination

using base stations [19]. The typical model of operation and coordination of drones

remotely by a human pilot is slowly becoming part of the past. The move towards

autonomy is the natural next step since digital systems can provide higher levels

of accuracy since drones can be equipped with sensors [20] which provide precision

in natural environments. Also, drones can be tethered to nearby smart devices [21]

which can provide location information effectively aiding towards the proper local-

ization of drone swarms. This localization scheme can help a swarm conserve energy

resources since the localization does not require communication with satellites rather

small-range, low-energy transmissions which can reach nearby devices.

detection during the area coverage is an important goal of many studies which

employ various technologies such as image-based deep learning and computer vision

techniques [22, 23]. Nature-inspired algorithms have shown to provide very accurate

results. A study published in 2018 [24] suggests an algorithm that can be adopted by

a swarm of drones that use various environment-sensing techniques such as cameras

or wireless signal detection. The study suggests the use of three nature-inspired

algorithms, stigmergy, flocking, and evolution. Stigmergy is a socializing mechanism

based on pheromones used by insects and the algorithm uses this logic in order to

attract drones in specific points of interest.

Many applications include area monitoring using WSN-based systems [25, 26, 21].

Wireless sensory devices can be deployed on a wide area and relay sensed information

back to a base station. While this solution can provide accurate results, maintenance

cost and possible failure can a deterring factor. Typical WSNs are comprised of

battery-powered nodes since the construction of a wired infrastructure requires large

investments [27].

Wireless Sensor Networks are much easier to deploy. Studies have shown that
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by combining multiple algorithms such as the Particle Swarm Optimization (PSO)

and Voronoi diagram [28] efficient WSN deployment can be achieved. Yet, WSNs

operate using batteries and wireless networking algorithms which can be severely

affected when a node has to communicate large amounts of information to help the

network’s services remain active. This is known as the energy hole problem [29].

Drone swarms can potentially eliminate the issues that arise from statically deployed

WSNs since they provide mobility, hence they are prone to system alterations –such

as the inclusion of additional sensors or the maintenance of sensitive components–

much easier.

A.2.1 Base Stations and Swarm Autonomy

Various () -based systems exist, all ranging in terms of communication capabilities

and sensory devices included on the drones. This is attributed to the fact that

different applications have unique requirements depending on which piece of envi-

ronmental information is considered important. For instance, early fire detection

and monitoring of wooded areas using drone swarms require cameras equipped with

infrared and visible light sensors [16, 30], while a model for area monitoring us-

ing drone swarms as mobile sink nodes which collect information from an installed

WSN [31] might have requirements for different wireless antennas.

Base stations are computers that can serve as the operator/coordinator for the

drone swarms, effectively removing the requirement of human operators [32]. A

base station needs to be able to adapt to various swarm-based systems since they

are required to coordinate swarms which usually range in terms of capabilities.

Base stations can, also, provide an interface between the different swarms. Building

multiple base stations could be part of the solution to controlling multiple swarms

but the cost is considered to rise, hence a single base station that can operate various

swarms is considered a more cost-effective solution.

Drone swarm architectures can also include drones with various characteristics

within the swarm [33] that can be used for crisis response applications such as ma-

jor earthquake events. The architecture can include drones that operate at different

altitudes and can serve a unique purpose. For instance, lower altitude Vertical Take-

Off and Landing (VTOL) drones can collect information on sites where buildings

have collapsed by employing deep penetrating radars or infrared cameras to locate
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potentially trapped people. Drones of higher altitudes can provide real-time map-

ping of the area to assess the damage that has been inflicted on the area. And

blimps –high altitude balloons– due to their size can serve as the communications

backbone for real-time collection of data from the swarm.

Decentralized algorithms can provide the necessary steps towards perimeter

surveillance using a swarm of drones [34]. The drones are required to operate with

information relative to nearby members of the swarm. No coordination is pro-

vided from outside the swarm. The drones have a single goal, monitor the entire

perimeter using simple behavior by communicating with nearby drones. The drones

occasionally require refueling since their flight time is limited, hence the algorithm

provides dynamic behavior for drone removal and re-entrance in the area. When the

surveillance begins, all drones fly towards the same direction in a line defined by the

borders. Each time a drone meets another, they both change direction. This scheme

continues until all drones obtain one portion of the borderline. This portion is prone

to change due to the addition or removal of drones during surveillance missions.

A.2.2 Path Scheduling on Areas with Known Points

Applications that include area coverage where points of interest are known before

the mission begins, can be categorized as Travelling Salesman Problem (TSP) for

single path finding or Vehicular Routing Problem (VRP) where multiple routes are

required [35, 36]. Generally, combined behavior from multiple drones or a swarm of

drones is referred to as Swarm Intelligence. This can include the path scheduling

for all drones as well as drone response to unexpected events such as handling an

obstacle and path rescheduling to avoid it.

Problems such as the TSP and VRP are NP-Complete optimization problems.

Algorithms for team-based goal completion can also be found in nature. Bee colonies

use simple processes to achieve their main goal which is honey production [37]. Bee

Colony Optimization (BCO) has shown great potential towards solving optimization

problems [38, 39, 21]. Agents which represent bees, follow simple steps and interac-

tions which provide small portions of the required solution and thus contribute to

solving larger-scale problems.

Ant intelligence [40, 41] has been observed to provide successful results in ant

colonies. More specifically, ants can cooperate very efficiently without requiring
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complex behavior and work as a team to build very intricate constructions where

they store their food. The ant intelligence algorithm has shown potential for prob-

lems such as TSP [42] and VRP [43]. By providing approximate solutions to such

problems, drones swarm applications where area coverage with known points of

interest is required can greatly benefit [44].

A.2.3 Area Coverage on Unknown Environments

Area coverage in environments with very little knowledge cannot be achieved with

the methods described above. Rather, approaches that define algorithmic pro-

cesses that aim towards the full area coverage and collection of information are

required [45]. This problem is also known as the () problem and it can be separated

into three categories based on whether the area of interest is split into subareas,

which are covered separately, or a grid is used and when a drone reached the center

of a square this is considered covered. The third category is called no decomposition

where drones follow a path which covers the entire area without separating it. In

the first case, the method is referred to as approximate cellular decomposition [46]

while in the second, exact cellular decomposition [47].

Drones with miniature sizes can form a swarm which is ideal for indoor environ-

ment exploration. A study published in 2019 by McGuire et al. [48] describes an

algorithm that can be employed for indoor exploration. It is based on area coverage

concepts. The drones that form the swarm fly in multiple directions to cover the

area more efficiently. Their starting point is a small base station which is used to

attract the drones back when required. This is achieved using radio transmissions.

When the drones receive the signal, they locate the point it originated from and

fly towards that direction. The navigation in the area is achieved by tracking and

following the walls.

The coverage path followed by the drones, is an important aspect of area coverage

and information collection. Studies have shown the effects of more rounded shapes

such as the spiral and shapes with multiple edges [49]. This 2020 study has proven

that coverage shape is closely related to the shape of the examined area. Areas

with more edges, which tend to the circle, are being covered more efficiently from

rounded coverage shapes, while shapes with fewer edges that tend to the square are

better covered from parallel lines. Applications that require data collection from
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WSN have increased efficiency by using circular coverage shapes [50].

A.3 Contribution

The current study focuses on the full coverage of unknown areas and the collection

of information from discovered PoIs in real-time. An algorithm is developed which

coordinates a swarm of drones towards the full area coverage. The algorithm is

based on CPP with no decomposition for simple areas with no obstacles included

and the main goal is to cover the entire area and collect as much information as

possible. First and foremost, the drones need to have to ability to navigate a new

area with the minimum information required. This information is provided during

the initialization process and it describes the area’s borders. Information relative

to the swarm is obtained in real-time using beacon transmissions which inform the

entire swarm about each drone’s current state.

The routes are also created in real-time and they are based on the number

of drones currently active in the swarm. This detection takes place the moment

all drones start operating. The swarm creates a linear formation and all drones

maintain a stable distance from each other. A circular scanning radius is assumed

which is used for proper distance maintenance. The coverage of the area is executed

in linear movements and each drone covers an area equal to the traveled distance

multiplied by the scanning diameter.

The algorithm also includes processes that state the way a drone collects infor-

mation from PoIs. Each time a PoI enters the scanning radius, while a drone is

moving, the drone calculates the amount of information it requires from that PoI,

and based on the amount of time the PoI will remain within the scanning radius,

it adjusts its speed accordingly. The speed is transmitted to the rest of the swarm

which also adjusts its speed. This helps the drones remain in proximity.

A.4 Thesis Outline

The rest of the thesis is organized as follows. Chapter B describes the filed relative to

the CPP problem. Decomposition techniques, exact and approximate are analyzed.

Also, CPP with no decomposition in described. The latter is employed by the
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current algorithm.

Chapter C includes the proposed algorithm, as a solution to the unknown area

coverage problem, is detailed. The algorithm is separated into two parts, the area

coverage and the PoIs detection and information collection. The area coverage part

can be separated into two phases. During the first (Subsection C.1.1), drones in

the swarm locate each other and exchange information relative to their current

location. This location remains unchanged until all drones decide which initial and

final points to claim. The next phase is described in Subsection C.1.2. The drones

start covering the area while maintaining connectivity to the rest of the swarm to

adjust their behavior accordingly. Next, Subsection C.2.2 details about the distance

of a PoI in the radius are provided. The chapter concludes with Subsection C.2.3

which includes the speed adjustment steps that help a drone fully obtain all the

required information from a located PoI.

Chapter D describes the simulated environment as well as the simulations and

the results that provide an insight into the algorithm’s performance. In more detail,

Section D.1 includes all the information relative to the simulation software and the

setup of the environment. It describes the variables that are used to calibrate it

as well as a short description of the algorithm’s edge cases discovered during the

simulations. Section D.2 includes figures which depict the graphical user interface of

the simulated environment. In the first Subsection D.2.1 a detailed analysis of the

swarm’s travel distance is described. Next, Subsection D.2.2 provides results and

observations relative to the time required for the area coverage as well as the swarm’s

mean speed, the number of slowdowns required for the information collection, and

the percentage of PoIs successfully collected. Finally, Subsection D.3 summarizes

the results and provides conclusions and observations relative to the algorithm’s

performance.

Finally, conclusions are derived and possible future work is presented in Chap-

ter E.



Chapter B

Coverage Path Planning

C
OVERAGE Path Planning (CPP) [45] is the problem definition where a sin-

gle drone or a swarm of drones attempt to fully an area to collect important

information or map it. The area might also include subregions where the

drones are not allowed to fly over. This could be true for areas where tall buildings

exist or aircraft landing zones make drone flights a dangerous endeavor. The area

is split into non-intersecting regions called , the size of which varies based on the

drone’s area coverage or . This is also called cell resolution. The drone’s coverage

defines the size of the cell. Smaller cells can potentially be covered in a single move

while larger ones that exceed the drone’s scanning radius, might require multiple

moves to cover it. A strategy to ensure full area coverage is required.

B.1 Area of Interest and Decomposition Tech-

niques

The area of interest is defined by a polygon that has at least three vertices and

the edges which connect them. Typically, square or parallelogram shapes are used

to define the area of interest. Polygons with more vertices and edges can also be

used. The angles created at the places where the edges are connected can be used

for calculations relative to the path followed by the drones. Variable angle sizes can

create polygons of different shapes each of which has specific requirements in terms

of . No-fly regions need to be taken into account and specific behavior is required

to ensure full area coverage while bypassing these areas. Complex polygons can be

10
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divided into smaller regions defined by simpler shapes that are easier to cover.

This technique is called . It ensures easier area coverage since the drones have

to cover smaller portions of the original area which have simpler shapes. Exact

cellular decomposition is a subcategory of the decomposition technique which is

based on back-and-forth –or lines– path which focuses on finding the next cell to be

covered [51]. There are two major exact decomposition categories, trapezoidal and

boustrophedon. The categorization refers to the shape of cell decomposition. The

trapezoidal takes into consideration the no-fly zones’ vertices effectively decomposing

the area of interest into smaller trapezoidal shapes. In the case of boustrophedon

decomposition, the area of interest is split using vertical lines which create a cell

where the no-fly zone is included entirely and two areas on both sides of the initial

cell. Figure B.1 depicts the area decomposition for both trapezoidal as well as

boustrophedon techniques.

(a) (b)

Figure B.1: Area of interest using exact cell decomposition in order to divide the

area into smaller and more simple shapes or cells while avoiding the no-fly zones:

(a) Trapezoidal cell decomposition. (b) Boustrophedon cell decomposition.

The approximate cellular decomposition uses a different approach to solve the

CPP problem. A grid is created in the area of interest which does not account for

any possible obstacles. Rather, the drones have to avoid grid cells that overlap even

by a small portion with the no-fly zone. A grid cell size is defined based on the

drone’s ability to sense the area. For example, if a drone uses a camera and flies at

a specified altitude, the cell size equals the camera’s field of view or in the case of
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wireless transmissions where the drone has to locate wireless transmitting devices

such as a WSN’s nodes, the cell size equals the transmission radius of the wireless

antennas. Coverage paths can be obtained using grid-based algorithms. A grid cell

is considered covered when the drone reaches its center.

These techniques can potentially provide a solution to the CPP problem but the

choice depends on the amount of available information about the area of interest.

Environments with relative stability such as a city can be covered with one of the two

cell decomposition techniques. An application that requires continuous surveillance

of cities can take advantage of the city design, hence it can have information about

the no-fly zones and adjust the path planning accordingly. Such applications using

available information to create a coverage path have three phases, decomposition,

planning, and execution. The coverage path is calculated during the planning phase

and is affected by the required performance metric (i.e. the predefined metric based

on which the path has to be adjusted to, for example, shortest or mission time

minimization).

B.2 Area Coverage with no Decomposition

An area of interest with simple shapes such as parallelograms can have a path plan-

ning scheme that does not require complex calculations or any kind of decomposition.

This is true especially in cases where the area has no obstacles to intervene with the

calculated path. Simple parallelogram areas can be covered using paths that ensure

full coverage and based on the area the drones can cover at a time, can ensure the

shortest path by which full coverage is achieved. Figure B.2 depicts two coverage

paths on a simple polygon area. Figure B.2a depicts the back-and-forth or parallel

lines coverage path and Figure B.2b depicts the coverage path.

Coverage shapes of this type are especially important in applications where points

of interest need to be discovered within an area. The drones follow a simple path

that may contain multiple changes or maneuvers. Usually, the final coverage path

consists of multiple straight-line paths and maneuvers which create the final path

covering the entire area of interest. In the context of the current thesis, the parallel

lines and the spiral shapes are examined in simple polygon areas with techniques

applied. Also, the discovery of points of interest is examined and results are derived

on the algorithm’s efficiency. In the next chapter, an algorithm for a swarm self-
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(a) (b)

Figure B.2: Area coverage path planning in simple polygons where no decomposi-

tion techniques are applied: (a) Parallel lines coverage path planning. (b) Spiral

coverage path planning.

organization is proposed.



Chapter C

A Drone Self-Organized Swarm

Algorithm

T
HE current chapter details the algorithmic process developed in the context

of the current thesis to tackle the area coverage problem. The algorithm

includes processes for distributed and self-organizing tasks for applications

where single or multiple drones are required. The development of the algorithm is

based on the principle that minimal to no should be required for the proper operation

of the drones. The latter should be able to self-organize using wireless transmissions

during monitoring missions as well as distributed operations that employ information

relative to the swarm, for instance, relative and of .

A key feature built into the algorithmic logic is that the drones are mainly or

devices which in turn means that the currently monitored area is, for the most

part, an unknown or inaccessible to humans territory. Consequently, the drones

are required to operate with tiny amounts of information provided as initial input.

This information describes the relative area for which monitoring or scouting actions

need to be taken. Further information, that aid in the proper swarm operation, is

acquired in real-time during missions.

The main goal of the algorithm is to provide the drones with the necessary steps

which lead to the complete area coverage and the detection of possible PoIs as

well as the collection of information describing the state of each one. These steps

have been carefully developed to make good use of small amounts of local and swarm

information that can lead to complete area coverage without requiring any compute-

14
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or memory-intensive operations. As a result, each drone participating in the swarm

requires central processing units with minimal capabilities that can meet the small

algorithmic demands.

Based on the algorithm’s main functionality, it is derived that a swarm of drones

does not require any central management either from a human or a base station to

scan an unknown geographical area where no PoIs are known before the mission.

The swarm can cover the entire area and collect relevant information from any PoI

the drones consider important. Also, the path each drone follows is based purely on

information collected in real-time from the entire swarm and consequently does not

require pre-calculation and can be altered on demand. The algorithm can operate

at square and rectangle polygons, where the internal angle of any two sides does not

exceed 90◦.

The following sections provide a deeper insight into the main operations of the

algorithm. Section C.1 details the algorithmic steps based on which every drone

in the swarm can take an informed decision about its path without intercepting

other drones. This Section is separated into two (2) Subsections C.1.1,C.1.2 where

the formation and the full area coverage are described respectively. Section C.2

contains the analytical steps for the information collection process. The process

is split into three (3) separate parts. In Subsection C.2.1 the distance calculation

between the drone and a PoI is analyzed. Subsection C.2.2 includes details relative

to the calculation of the amount of time and distance a PoI remains within the

scanning radius. Finally, Subsection C.2.3 details the speed adjustment steps for

the swarm.

C.1 Drones Swarm Self Organization

The basis upon which the algorithm can provide the necessary steps towards full

area coverage is the of the entire swarm. Controlling a swarm comprised of multiple

drones is a very intricate task. In the case of human operators, their number would

have to match the number of drones since one person can only operate a single

drone at a given moment. Whereas, in the case of base station operation, a very

capable computer would have to remotely operate a swarm of drones. In both cases,

the swarm requires continuous connectivity with the base station at all times since

decisions are taken centrally and the drones simply execute the coordinated actions.
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These factors introduce additional complexity to the entire system.

Self-organization can potentially solve most of the issues remote operation intro-

duces but can be an intricate development task. It requires operations that enable

each drone in the swarm to accomplish simple individual tasks while maintaining

connectivity with the rest of the swarm. The exchange of information between

drones ensures the seamless operation of the entire swarm.

C.1.1 Aligning with Borders

The basis of proper operation of the swarm is the self-organization steps. The first

step towards achieving the monitoring of an area is providing safe steps for the

proper alignment of the drones. The alignment in the current algorithm is achieved

using the area borders to provide full coverage given a predefined scanning radius.

Lets consider a swarm with n drones. Each drone is provided with an initial amount

of information required for the basic operation. The information includes:

• Location l0 upon initialization,

• for coverage with points bi that define a polygon,

• (clockwise or counterclockwise) md,

• Area coverage path cp = p, s, parallel and spiral path planning respectively,

• Scanning radius, rs,

• Normal speed, sn,

• Current state, state.

Next, a signal broadcast takes place to detect the number of drones, n, currently

active. When all drones are detected, a second signal is broadcast from each drone

di which includes information about the drone’s current location, l0, the closest , b0

for that drone and the distance separating the two. Upon receiving border points

information from the entire swarm, each drone compares all distances and retains

the smallest distance from a border point bc whether it is from a remote drone or

not. This will help the swarm remain in proximity since all future calculations will

take place based on this bi.
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The scanning process is linear, which means that each time the swarm is covering

an area the drones move on a straight line between an initial and a which is calculated

dynamically. Each initial and final point is placed on polygon edges which are

separated by a third edge. For example, given a polygon q with a set of points

pi, i = 1, 2, 3, 4 and edges qj = (pi, (pi + 1)modimax), j = a, b, c, d an initial and a

final point can exist on non-neighboring edges with a distance equal to two, for

instance qa and qc. From now on the sides where the initial and final points are will

be referred to as qca and qcc respectively in the case of clockwise movement while qrc
and qra respectively in the case of counterclockwise.

The following step is calculating all potential , pn –where n is the number of

drones– for each drone. This process uses bc which was retained previously. The

drones check whether their movement m has been set to clockwise or counterclock-

wise and choose the initial polygon side qca and qrc respectively. In the first case side

qca = (bc−1, bc) while in the second, qrc = (bc, bc+1). All drones use bc as the point of

reference for the calculation of the first initial pa0 –a : initial– and final points pc0
–c : final–.

The distance separating bc and pa0 is equal to rs. Each drone di calculates the

distance from pa0 for all drones in the swarm. In the case where its distance is the

smallest, it retains pa0 as its initial point and starts moving towards it. Otherwise, di

updates its border points to exclude the area that will be covered by other drones.

The border points that get updated are bc and in the case of clockwise movement

bc+1 while in the case of counterclockwise movement bc−1. The new points will be

placed at a distance equal to 2rs from the original points. Both points are required

to change since the area between the new and old border points will be covered by

another drone hence each drone will only cover one area without overlapping with

the others. This process is executed continuously until each drone finds its pa0 and

pc0 points.

The drones that reach their pa0 first, remain in place until all drones have aligned

and initialized the scanning process simultaneously. The process of altering the

border points continues independently of whether the drone found its initial point

first or last. This process stops based on the number of drones n. The final border

points have a distance equal to nrs from their original counterparts.
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Algorithm 1: Drone Swarm Border Align for Scanning

Result: Initial and Final Points

1 l0, b0, d0 =euclideanDistance(l0, b0),

md = {CLOCKWISE,COUNTERCLOCKWISE}, cp = {p, s}, rs;

2 n← locateAllActiveDrones(), state = BORDER ALIGN ;

3 transmit(l0, b0, d0);

4 li, bi, di ← receiveAllRemote(l0, b0, d0), addLocal(l0, b0);

5 bc, dc;

6 bn = 4 #The number of border points;

7 foreach li, bi, di do

8 if di < dc then bc = bi;

9 end

10 while pa0 notFound do

11 qa, qc, p
a
i , p

c
i , i ∈ 0...bn;

12 if md = CLOCKWISE then

13 qa ← qca, qc ← qcc;

14 pa0 ← bc + rs ∈ qa, p
c
0 ← bc+1 + rs ∈ qc;

15 else

16 qa ← qrc , qc ← qra;

17 pa0 ← bc + rs ∈ qa, p
c
0 ← bc−1 + rs ∈ qc;

18 end

19 dli ← euclideanDistance(l0, pa0) #Local distance from pa0;

20 foreach li, di do

21 di ← euclideanDistance(li, pi);

22 if dli < di then

23 updateFinalBorders();

24 moveTowards(pa0);

25 end

26 end

27 end

28 foreach li, di do

29 if md = CLOCKWISE then

30 #Updating the border points;

31 bc ← bc + 2rs ∈ qa, bc+1 ← bc+1 + 2rs ∈ qc;

32 end

33 bc ← bc + 2rs ∈ qa, bc−1 ← bc−1 + 2rs ∈ qc;

34 end
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C.1.2 Partial Linear Coverage

By the time all steps have been completed for the self-organization and align-

ments process, all drones are waiting for the rest of the swarm. Upon reaching

the borders, each drone broadcasts a message informing the rest of the swarm

that it is ready to initiate the coverage process and changes its state to WAIT-

ING FOR ALIGNMENT. When such a message is received, the drone counts the

amount it has received thus far. If the amount equals n − 1 and the drone has

also reached the borders, it initiates the coverage process and changes the state to

SCANNING.

Algorithm 2: Partial Area Coverage in Linear Movement

Result: Linear Coverage of an Area’s Portion

1 nw = 0 #Number of drones waiting for alignment;

2 state = WAITING FOR ALIGNMENT ;

3 transmit(state);

4 while nw < n do

5 remotestate =receive(state);

6 if remotestate = WAITING FOR ALIGNMENT then

7 nw ++

8 end

9 end

10 state = SCANNING;

11 scanUntilFinalPoint();

12 state = WAITING FOR ALIGNMENT ;

13 transmit(state);

14 nw = 0;

15 while nw < n do

16 remotestate =receive(state);

17 if remotestate = WAITING FOR ALIGNMENT then

18 nw ++;

19 end

20 end

21 state = BORDER ALIGN
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The route each drone covers is linear. It begins from the initial point pca, which

is calculated and reached during the alignment process. The destination is the final

point pcc, also calculated during the alignment process. Each drone covers an area of

size equal to the distance between pca and pcc multiplied by the predefined scanning

radius rs.

When a drone reaches the final point pcc it informs the rest of the swarm that

it has finished and changes its state to WAITING FOR ALIGNMENT. When all

drones reach their final point the state of each drone in the swarm changes to

BORDER ALIGN. Despite all swarm drones moving in parallel, variable conditions

such as wind and changes in speed (more details in subsection C.2.3) might affect

the destination arrival time. By informing the rest of the drones, the swarm can

initiate the coverage processes simultaneously.

During the latter steps of the initial and final points calculation process, each

drone updates the border points to find the area that will remain after the scanning

takes place by the entire swarm. Thus, when the coverage finishes, the drones are

outside of the new area –or polygon– that has yet to be covered. The entire process

is described in Algorithm 2.

The processes described in Algorithms 1,2 are executed multiple times until the

area of interest is fully covered. The area coverage path is altered by manipulat-

ing the movement direction md. For instance, if md remains unchanged between

linear scans the result will be a spiral-like coverage shape, while alternating it be-

tween linear coverage paths can produce a back-and-forth –or parallel lines– path.

The following subsection describes the process of information collection during the

swarm’s scanning period.

C.2 Collecting Information from Points of Inter-

est

During the scanning period, the drones’ main purpose is to and that describe their

current state. The algorithm states that each drone has a specific scanning radius

that covers an area of size r2sπ. When a PoI is located within the scanning radius of

a drone, the latter takes specific actions to collect as much information as possible.

When a PoI enters a drone’s scanning radius, measurements are performed to
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determine whether speed alteration is required or not. The measurements include:

• The distance (in meters) between the drone and the PoI dpl ,

• The distance (in meters) for which the PoI will remain within the scanning

radius ds,

• The time required ts for the data collection,

• The new drone speed.

C.2.1 Distance Between Drone and Point of Interest

Distance between a drone and the PoI can be measured with various means which

are based on the application-specific requirements and sensors. For instance, in

applications where a forest area needs to be scanned for possible fire points infrared

cameras are employed to detect locations of increased temperature. In this case,

Euclidean Distance can be used by employing the camera’s pixel information and

by assuming that the drone is located at the center of each photograph.

In a scenario where the drone swarm is required to locate wireless transmissions

from a WSN that is set up in a geographical area, the location of the nodes can be

derived by using signal triangulation methods. In the context of the current thesis,

the distance ds is derived using the Euclidean formula for 2-dimensional planes. The

locations of both the drone and the PoI are retained by the simulation software as

points on a canvas.

C.2.2 Distance within Radius

The drone has a predefined speed, sn which is provided during the initialization pro-

cess. This speed cannot be exceeded. In the case where a drone requires information

from a PoI and the current speed is preventing the complete collection due to small

distance ds, the speed can be reduced to meet the specific requirements. The new

speed is calculated based on the distance ds.

Figure C.1 depicts a drone (the black dot in the center of the scanning radius

circle) with a scanning radius rs = 50m. The drone’s normal movement speed is

sn = 4m/s or sn = 14.4km/h with a direction to the right as depicted by the arrow

on top. It is assumed that the drone’s moving direction is parallel to the x-axis.
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Direction

rs

das dbs

dpl

v

Figure C.1: Locating a PoI and calculating the distance in scanning radius ds.

The drone assumes that it is within a grid of x- and y-axes where its location is at

the center or point (x = 0, y = 0). On the bottom right corner, a PoI (red dot)

has been located by the drone. To measure the distance ds the drone creates two

separate triangles where each has a 90◦corner.

The summation of das and dbs sides from the separate triangles equals ds. The dis-

tance dpl is calculated using the Euclidean distance formula in 2-dimensional spaces.

Edge v is equal to the distance between the drone and the PoI in the y-axis, while

dbs is equal to their distance in the x-axis.

Moving on to the triangle on the left, it is also an orthogonal triangle with two

known sides v and rs. The aim is to obtain the final edge das to gain knowledge

relative to the distance the PoI will remain within the radius. By employing the

Pythagorean Theorem using the already known triangle sides distance das can be

calculated. Finally, distance ds can be obtained by adding up the smaller distances

das and dbs.
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C.2.3 Speed Adjustment

The algorithm states that the swarm has a predefined upper speed limit. In the

case where this speed remained unchanged during a mission, the time required to

complete it could be calculated purely based on the required travel distance. To

avoid any information loss, the current algorithm states that a drone can decrease

its speed based on an estimation of the amount of information –ip, information from

PoI, measured in bits– it will require from a newly located PoI. The estimate can

vary based on the sensors and the application-specific requirements.

Each drone uses ip and a rate ir at which the information will be gathered to

calculate the required amount of time:

tp ← ip/ir (C.1)

The next step is to alter the flying speed based on distance ds, time tp and an

additional slowing down percentage pers:

speed← pers(ds/tp) (C.2)

The percentage will provide the drone with an additional small time window which

will account for any speed alterations due to external factors (such as wind).

The final step is to inform the rest of the swam about the speed change and the

amount of time this speed will last for. The swarm will adjust its speed to remain in

the original formation. In the case where multiple speed changes have occurred, each

drone sets the speed based on the slowest value it has detected. All speed values are

retained and speed duration is updated at all times independently of whether it is

the current speed or not. The speed cannot exceed the originally provided amount

at any time.
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Simulation Results

T
HE algorithm’s effectiveness is evaluated within a simulated environment.

This process involves the programming and development of the appropriate

mechanics that provide the basic operation of a swarm. Also, this process

creates the foundation where the current algorithm and the final drone behavior

can be examined thoroughly. The development is conducted using the programing

language C++ and the software hosting the environment is OMNeT++ at version

5.6.2.

The following sections detail the simulations setup (Section D.1) as well as the

results that accrue from the simulations (Section D.2).

D.1 Simulations Setup

The algorithm in its core has many variables one can examine. A canvas is cre-

ated within the OMNeT++ simulation which includes various components. Fig-

ures D.2,D.3,D.4 depict the environment that is developed. On the top left corner,

a component that handles the animations is included named UAVAnimator. Moving

further down, a polygon is depicted with white borders which are defined by four

points. This is the area the drones are covering. The area’s size is 800 × 800 or

640.000m2. The scale of the map is 1:1. This means that if a drone is moving along

the x-axis for each 1 value added to its x variable, it has traveled 1 meter.

All initial points on the map are randomly selected by the uniform distribution.

Two Random Number Generators (RNGs) are used as different seed sets, one for the

24
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initial location of the drones and one for the PoIs. This helps keeping independent

locations between simulations for the drones and the PoIs. For instance, in the

case where a simulation is executed for different swarm sizes but the same number

of PoIs are placed on the map, the latter will have to retain the same locations

between simulations in order to derive more accurate results.

For the evaluation of the algorithm the following swarm variables are used:

• Scanning radius rs = 25, 50, 100

• Number of drones in the swarm n = 1, 2, 4.

• Number of PoIs, equal to 25, 50, 100, 150, 200, 250, 300.

• Repetition number, which effects the random number generation by providing

different seed set numbers. A total of 8 repetitions are examined.

• Area coverage path, two different paths are used cp = p, s where p : parallel

and s : spiral.

The total number of simulations is equal to 1008. When the area coverage is

complete, each drone exports one line into a file which includes the following metrics:

• Time of coverage, it includes the duration for which the swarm either cover-

s/scans the area or changes formation to reenter the new area.

• The number of slowdowns.

• The mean speed during the entire simulation.

• The percentage of PoIs for which drones collected information.

• Total distance traveled.

• The number of switched formations.

The repetition numbers only change the locations of the PoIs. For instance, if the

number of PoIs is equal to 200, n = 2, rs = 50, and cp = p then the only variable

that is altered is the location of the PoIs. This helps gain more consistent results

since the edge cases of the algorithm can be smoothened out.
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Direction

rs

dpl

ds

Figure D.1: A drone covering an area and discovering a PoI at the most remote

point of its scanning radius.

Edge cases are detected during the information collection time and they mainly

affect the total area . Figure D.1 depicts an edge case where a drone scanning an

area discovers a PoI which is located at the most remote area of its scanning radius.

When a drone discovers such a PoI the algorithm is coordinating the drone towards

collecting as much information as possible, thus the drone has to drastically reduce

its speed, a step which all swarm drones follow.

Figures D.2,D.3, and D.4 depict the simulated environment where 1, 2, and 4

drones cover the area respectively. Points of interest are spread though the area

and the effect of two RNGs is observed. All PoIs have the same locations in all

three figures. The drones are connected in a full graph and the effect long distance

wireless communications is not taken into account.
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Figure D.2: The simulated environment in OMNeT++ where 1 drone with 50 meters

of scanning radius is depicted. The area of interest is within the white borders where

points of interest are also depicted.

Figure D.3: The simulated environment in OMNeT++ where 2 drone with 50 meters

of scanning radius is depicted. The area of interest is within the white borders where

points of interest are also depicted.
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Figure D.4: The simulated environment in OMNeT++ where 4 drone with 50 meters

of scanning radius is depicted. The area of interest is within the white borders where

points of interest are also depicted.

D.2 Performance Evaluation

The results that accrue from the simulations showcase the effectiveness of the pro-

posed algorithm.

D.2.1 Area Coverage Path

Careful examination of the results shows that an area covered by the swarm can

differ in terms of required travel distance and time. An important factor affecting

the two metrics is the area coverage path. Two different paths are examined, parallel

lines and spiral. Figure D.5 depicts the paths each coverage path creates.

The travel distance between the two shapes differs because each has a variable

number of switched formations. For example, the travel distance when the scanning

radius is equal to 25 for the parallel lines is 13524m while for the spiral is 13918m.

The difference between these numbers might affect the swarm’s ability to cover an

area. The swarm has to switch formation between partial linear coverage which

leads to excess travel distance since for every formation switch, the drones have to
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(a) (b)

Figure D.5: Examples of parallel lines and spiral area coverage. The yellow line

depicts the path of the drone: (a) Parallel lines area coverage. (b) Spiral area

coverage.

re-enter the area of interest, hence they fly outside the borders.

The distance outside the borders do can be estimated for both coverage paths.

For the parallel lines this distance is:

dpo = 2rsfp
c
a, (D.1)

where pca is the number of initial points to check until the closest one is found, and

f is the number of formation switched until the area’s full coverage. The spiral

shape is a bit more intricate since the new formation leads the drones at obtaining

locations that form a linear path that is parallel to the original line of movement or

to the previous formation.

The distance outside the borders for a drone covering an area with a spiral shape

is:

dso = f
√

(dlb)
2 + (2rs(pca − 1) + rs)2. (D.2)

The dlb is the distance from the closest border point. The first initial point that is

calculated has a distance of rs from the drone while the rest of the initial points
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have a distance rs(p
c
a − 1) + rs. These distances constitute an orthogonal triangle

and its hypotenuse is do.

By comparing the two shapes it is derived that parallel lines provide less travel

distance than spiral. Figure D.6 depicts the travel distance for a drone with scanning

radius rs = 25, 50, 100. The lines with the squared points represent the parallel shape

and the round ones depict the spiral shape. Every time the number of drones is cut

in half the travel distance for the same rs is doubled which is quite reasonable since

the size of the area that requires coverage remains the same. This is true for both

shapes.

The number of switched formations for scanning radius rs = 25, n = 1 and

coverage path cp = p is equal to 16 while for cp = s is equal to 31. Based on the

equations D.1,D.2 for the calculation of outside the border distance, do is calculated

for both shapes for the scenario described above. For the parallel shape, the do is

800 meters while for the spiral do is equal to 1096 meters. The equations are proven

since if this distance is subtracted by the equivalent total coverage distance for each

shape with rs = 25 and n = 1, the result is 12724 and 12821 meters respectively.

These are the meters that the drone has traveled to cover the entire area inside the

borders.

These numbers do not match which accounts for inaccuracies during the simu-

lations. The graphics engine on OMNeT++ required the development of custom

functions for detecting when a moving object reaches a point. When the drone

reaches the final point in the current implementation, their window of distance is

between -4 and 4 which can explain the drifting of the distances. These distances

should be the same based on the algorithm since in both cases the drones have to

cover the same area using bigger trails in the case of parallel while using smaller

multiples for the spiral.

Similar behavior is observed throughout all the simulations for 25, 50, and 100

scanning radius. In more detail, the number of switched formations for all simula-

tions in spiral area coverage is almost double compared to the parallel lines coverage

path. The only case where this is not true is for scanning radius rs = 100 and n = 4

where the swarm covers the entire area with one linear movement. The swarm does

not have to switch formation since the diameter of coverage for each drone is equal

to 2rs = 200 and multiplied by the number of drones it is well understood that the

entire area (800× 800) is covered in one move.
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Figure D.6: The mean distance a drone traveled during the simulations for a swarm

size equal to 1, 2 and 4 drones based on the scanning radius rs: (a) Depicts the

mean distance per drone while the rs changes in size. (b) The number of switched

formations for parallel and spiral coverage paths based on variable rs.

Careful examination of the distance data can provide an insight as to which area

coverage paths can benefit the swarm’s operation. For instance, a shape with small
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edges or a coverage path that results in the creation of smaller edges of the original

area can potentially lead to unnecessary consumption of resources. This can be

observed by examining the results for the two coverage paths from the simulations.

In the case of spiral area coverage, each time the drones linearly covered a portion

of the area, they created smaller edges. This resulted in requiring almost a double

number of formation switches and each time the swarm attempts to reenter the area,

it flies over an area that was previously covered and is currently outside the new

borders forcing it to consume additional time and resources.

D.2.2 Variable Scanning Radius Values

The results derived by these simulations are depicted in the Figures D.7, D.8, D.9,

D.10, D.11, and D.12. The results for three different scanning radius values, rs =

25, 50, 100, and two area coverage paths cp = p, s, parallel and spiral respectively are

examined. Each Figure comprises four (4) subfigures. The metrics are relative to

the PoIs per simulation. Subfigure (a) depicts the mean time required to completely

cover the area. Subfigure (b) depicts the mean number of slowdowns required to

scan as many of the PoIs as possible. Subfigure (c) depicts the mean speed for

each done in the swarm during each simulation. Subfigure (d) depicts the mean

percentage of successfully scanned PoIs.
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Figure D.7: Simulated results for a swarm with 1, 2 and 4 drones with rs = 25m and

parallel lines coverage path: (a) Time required for the complete area coverage by the

initial number of PoIs. (b) The number of slowdowns required for the information

collection from the PoIs. Depends on the number of PoIs that exist inside the map.

(c) Mean speed throughout the simulation with variable number of initial PoIs.

Depends on the number of slowdowns. (d) The percentage of scanned PoIs while

they increase.
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Figure D.8: Simulated results for a swarm with 1, 2 and 4 drones with rs = 25m

and spiral coverage path: (a) Time required for the complete area coverage by the

initial number of PoIs. (b) The number of slowdowns required for the information

collection from the PoIs. Depends on the number of PoIs that exist inside the map.

(c) Mean speed throughout the simulation with variable number of initial PoIs.

Depends on the number of slowdowns. (d) The percentage of scanned PoIs while

they increase.
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Figure D.9: Simulated results for a swarm with 1, 2 and 4 drones with rs = 50m and

parallel lines coverage path: (a) Time required for the complete area coverage by the

initial number of PoIs. (b) The number of slowdowns required for the information

collection from the PoIs. Depends on the number of PoIs that exist inside the map.

(c) Mean speed throughout the simulations with variable number of initial PoIs.

Depends on the number of slowdowns. (d) The percentage of scanned PoIs while

they increase.
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Figure D.10: Simulated results for a swarm with 1, 2 and 4 drones with rs = 50m

and spiral coverage path: (a) Time required for the complete area coverage by the

initial number of PoIs. (b) The number of slowdowns required for the information

collection from the PoIs. Depends on the number of PoIs that exist inside the map.

(c) Mean speed throughout the simulations with variable number of initial PoIs.

Depends on the number of slowdowns. (d) The percentage of scanned PoIs while

they increase.
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Figure D.11: Simulated results for a swarm with 1, 2 and 4 drones with rs = 100m

and parallel lines coverage path: (a) Time required for the complete area coverage

by the initial number of PoIs. (b) The number of slowdowns required for the

information collection from the PoIs. Depends on the number of PoIs that exist

inside the map. (c) Mean speed throughout the simulations with variable number

of initial PoIs. Depends on the number of slowdowns. (d) The percentage of scanned

PoIs while they increase.
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Figure D.12: Simulated results for a swarm with 1, 2 and 4 drones with rs = 100m

and spiral coverage path: (a) Time required for the complete area coverage by the

initial number of PoIs. (b) The number of slowdowns required for the information

collection from the PoIs. Depends on the number of PoIs that exist inside the map.

(c) Mean speed throughout the simulations with variable number of initial PoIs.

Depends on the number of slowdowns. (d) The percentage of scanned PoIs while

they increase.

Subfigure (a) from each figure depicts the diagram of time. Based on the distance

analysis in both coverage paths, in Subsection D.2.1, similar behavior is depicted

with the coverage time. More specifically, coverage time for a swarm with parallel

lines is always smaller compared to spiral coverage. The analysis that takes into
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account the distance outside the borders bo can explain the reason for such a time

difference. Time percentage changes are depicted in Tables D.1,D.2. Each time the

number of drones is doubled the coverage time for the same area is decreased by

half. The time percentage increase between the two coverage paths is observed due

to the number of swarm changes or border aligns (i.e the drones are outside the

area) is almost double as well.

Tables D.1, and D.2 depict the time increases for a swarm with 1, 2, and 4 drones

between the spiral and parallel coverage paths. Two cases with 25 and 100 PoIs are

selected. It is observed that the time percentage increase is larger for the spiral

coverage path in all cases and they increase as more PoIs are added. The mean time

for rs = 100, n = 4 equals zero since the swarm covers the area in one linear move

without switching formation in both coverage paths.

Time percentage increase in all cases where the scanning radius is rs = 100 and

the number of drones is n = 4 is equal to zero since the swarm in both parallel

and spiral shapes require only one border align to fully cover the entire area. The

mean speed that is measured seems to be a mirror of the time required for the area

completion in all curves. This is attributed to the fact that mean speed is calculated

based on the distance traveled and the time required for a drone to fully cover the

area. The area throughout the simulations remains unchanged in size.

On few occasions, it is observed that spikes occur in the otherwise normal evo-

lution of the curve. For instance, in Figure D.10 the time for one (1) drone to

completely cover the area where 250 PoIs exist as well as the time for two (2) and

four (4) drones in an area with 200 PoIs depict spikes. These occur when a drone

discovers a PoI in such a place that is considered an edge case.

Details relative to the number of slowdowns required for the discovery of PoIs are

depicted in all subfigures (b). The number of slowdowns is affected by the scanning

radius. As the scanning radius is increased, the number of slowdowns is decreased.

This occurs since more PoIs exist within the same scanning radius, hence more PoIs

enter and exit the radius for the same travel distance while the drone only collects

information from one of them. Comparison between the two coverage paths shows

that the spiral shape requires more slowdowns for the same percentage of successfully

scanned PoIs.

As the scanning radius is increased, the behavior between different numbers of

drones for the swarm also changes compared to smaller values. More specifically,
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rs n Parallel Coverage Spiral Coverage Percentage Increase

25 1 3380.0 3505.5 +3.58%

25 2 1870.625 2033.375 +8.0%

25 4 1071.0 1215.75 +11.91%

50 1 1768.75 1880.125 +5.92%

50 2 1026.5 1149.625 +10.71%

50 4 575.75 670.5 +14.13%

100 1 945.375 1037.75 +8.9%

100 2 548.125 627.75 +12.68%

100 4 198.125 198.125 +0.0%

Table D.1: Percentage increases between Parallel and Spiral coverage paths in Time

for 25 PoIs.

when a drone in a swarm with more than one (1) requires that its speed is decreased,

the entire swarm has to follow it. This provides time for remote drones to discover

more PoIs since they remain within the same area for longer periods. As a result,

the successfully scanned percentages are increased compared to a single drone even

though the number of slowdowns might be smaller.

When the scanning radius has the maximum value, rs = 100, the drones have

more PoIs within the scanning radius but only collect information from one at a

time. The movement of the drone only decreases when a PoI is detected from which

the drone requires excessive information. This is why major percentage decreases

are observed for rs = 100 while the number of PoIs increases. The spiral shape

also seems to affect the number of slowdowns since the perspective, i.e. the flying

direction, of the drone changes for the same area. This means that when a drone

enters an area where 20 PoIs exist from different sides, it will have a variable number

of PoIs closest to it from each side.

Based on the presented results, it is derived that parallel lines scanning is more

efficient for all metrics for an area with the current characteristics. Also, for a smaller

scanning radius, the swarm can collect information from more PoIs compared to

larger scanning radius values.
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rs n Parallel Coverage Spiral Coverage Percentage Increase

25 1 3461.75 3694.0 +6.29%

25 2 1974.0 2225.125 +11.29%

25 4 1159.25 1403.75 +17.42%

50 1 1797.125 2008.25 +10.51%

50 2 1121.0 1267.125 +11.53%

50 4 598.25 751.5 +20.39%

100 1 1005.25 1079.75 +6.9%

100 2 562.75 665.375 +15.42%

100 4 203.625 203.625 +0.0%

Table D.2: Percentage increases between Parallel and Spiral coverage paths in Time

for 100 PoIs.

D.2.3 Data Collected

The algorithm states that when a drone discovers a PoI it calculates the distance

for which it will remain within its scanning radius. This is based on the movement

direction and the distance from the drone. Also, drones estimate the amount of data

that will be collected from each PoI. A data rate is used to determine the required

time for the data collection from a PoI. The data rate depends on the application

and the ability of the employed sensors to collect/measure information from the

surrounding environment.

In the current simulations, an effort is made to generalize all algorithmic pro-

cesses in order to allow it to operate in various applications. To obtain the simulated

results, a data rate of 250.000 bytes per second (250kBps) is used. This number is

2 mega bits per second and it is chosen in order to represent applications which use

imaging as sensors for the data collection where a single image is taken per second

and analyzed in order to provide a less energy-consuming process. In a real-life mis-

sion where cameras are used to measure an environmental attribute, they require

to capture images from multiple perspectives to obtain more accurate information.

This can be achieved by performing a periodic image capturing while the drone is

constantly moving independently of the current speed.

Upon discovery of a new PoI the drone estimates the amount of data that will
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be required for collection. A random integer number is chosen from a uniform

distribution between 1 and 2 megabytes that represents the amount of the required

information for a specific PoI. The drone then calculates the amount of required

time for the collection and adjusts the speed accordingly. The swarm also reduces

its speed when required.

Figures D.13, D.14, D.15, D.16, D.17, and D.18 depict the data collected through

the experiments. All figures comprise two (2) subfigures, (a) depicts the mean data

collected per drone, and (b) depicts the total data collected by the swarm during

the simulations. The figures are grouped based on the scanning radius and the total

number of PoIs in the area of interest is used for the x-axis. Each curve represents

a swarm with 1, 2, and 4 drones respectively. Two groups have been included for

each scanning radius, one for the parallel lines coverage path and one for the spiral.

50 100 150 200 250 300
# PoIs

0

50

100

150

200

250

300

350

Μ
ea

n 
Da

ta
 p

er
 D

ro
ne

 (M
B)

n=1
n=2
n=4

50 100 150 200 250 300
# PoIs

0

50

100

150

200

250

300

350

400

To
ta

l D
at

a 
(M

B)

n= 1
n= 2
n= 4

(a) (b)

Figure D.13: Simulated results for a swarm with 1, 2 and 4 drones with rs = 25m

and parallel lines coverage path. The figures depict metric relative to the data

collected by the drones during the mission. The data is measured in MegaBytes

(MB): (a) Mean data per drone for missions with variable number of PoIs. (b)

Total data collected by the swarm.

By examining the first subfigure (a) the main observation is that while more

drones are added to the swarm, the workload for each individual is reduced by almost

half. The swarm with a single drone is depicted having the most intensive workload

and this is apparent when combining the time data detailed in Subsection D.2.2.
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The curves of time and mean data collected per drone depict similarities which

showcase the workload required for swarms with variable number of drones. Time

also decreased by almost half each time the drones were doubled.

Slight variations in collected data appear between the spiral and the parallel

coverage paths for each scanning radius value which are not immediately apparent

in the subfigures. They are attributed to the random number of data selected for

each PoI and thus are considered insignificant. Comparison between the numbers of

scanning radius reveals that each time it is doubled, the swarm’s ability to collect

information deteriorates and this is true for both coverage shapes. More specifically,

for scanning radius equal to 25 meters the peak data collected by the swarm is equal

to 399 megabytes, for 50 meters the same value equals 329, while in the 100 meter

scanning radius the swarm collected only 153 megabytes.

The collected data displays the same behavior as the number of slowdowns. This

happens due to the fact that slowdowns occur only when a drone requires more time

to collect information form a PoI in the area of interest hence the collected data

distribute similar behavior. Also, when the swarm has more than one (1) drones,

slowdowns, which happen at the same time in the entire swarm, benefit the data

collection in remote drones since, in the case where multiple PoIs exist in the area

where the slowdown takes place, they are provided with additional time, hence they

can collect more information.

The total number of data collected by the swarm reveals differences between

the parallel lines coverage and spiral paths. In both cases, the swarms with more

drones can collect more data. This is attributed to the slowdowns which happen

for the entire swarm independently of whether all drones require more time or not.

For smaller numbers of scanning radius, both shapes exhibit similar data collection

numbers with a slight increase in the spiral shape for swarm sizes two (2) and four

(4).

For increased scanning radius –50 meters–, differences in data collection between

swarms with a single drone and multiple are more apparent especially in the case of

spiral coverage. When the scanning radius reaches its maximum value –100 meters–,

all swarms collect the same amount of data for different numbers of drones. This is

also true for both coverage shapes.
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Figure D.14: Simulated results for a swarm with 1, 2 and 4 drones with rs = 25m

and spiral coverage path. The figures depict metric relative to the data collected by

the drones during the mission. The data is measured in MegaBytes (MB): (a) Mean

data per drone for missions with variable number of PoIs. (b) Total data collected

by the swarm.
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Figure D.15: Simulated results for a swarm with 1, 2 and 4 drones with rs = 50m

and parallel lines coverage path. The figures depict metric relative to the data

collected by the drones during the mission. The data is measured in MegaBytes

(MB): (a) Mean data per drone for missions with variable number of PoIs. (b)

Total data collected by the swarm.
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Figure D.16: Simulated results for a swarm with 1, 2 and 4 drones with rs = 50 and

spiral coverage path. The figures depict metric relative to the data collected by the

drones during the mission. The data is measured in MegaBytes (MB): (a) Mean

data per drone for missions with variable number of PoIs. (b) Total data collected

by the swarm.
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Figure D.17: Simulated results for a swarm with 1, 2 and 4 drones with rs = 100m

and parallel lines coverage path. The figures depict metric relative to the data

collected by the drones during the mission. The data is measured in MegaBytes

(MB): (a) Mean data per drone for missions with variable number of PoIs. (b)

Total data collected by the swarm.
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Figure D.18: Simulated results for a swarm with 1, 2 and 4 drones with rs = 100m

and spiral coverage path. The figures depict metric relative to the data collected by

the drones during the mission. The data is measured in MegaBytes (MB): (a) Mean

data per drone for missions with variable number of PoIs. (b) Total data collected

by the swarm.

D.3 Results Summary

The results collected during the simulations provide insight into the algorithm’s

performance. The area covered by the drones is a polygon with four (4) edges and

its size remains unchanged throughout the simulations. When the drones enter

the area, they choose initial and final points based on the closest vertex or border

point. The swarm alignment process ensures that any part of the area will only be

covered once since all drones calculate their position based on their distance from

neighboring drones. At least one drone adheres to the polygon borders and the rest

of the swarm simply retains a stable distance from neighboring drones.

The area coverage path is a key factor that affects the swarm’s performance.

Two coverage paths are examined in the simulations, parallel lines, and spiral path

planning. Both can completely cover the area. Based on the simulated results,

the spiral shape requires additional time and travel distance from the swarm to

cover an area of the same size compared to parallel lines. This occurs since the

area is covered in small portions at a time, in a linear line which equals the size
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of a polygon’s edge. Each time a linear coverage is complete, the covered area is

removed from the polygon, hence, a new polygon is created with two smaller edges

and two equal to the original size.

The parallel lines coverage path reduces the size of two polygon’s edges while

the other two remain at the original size for every linear coverage. The spiral path

though changes the size of different edges for every linear coverage since every new

formation is perpendicular to the previous. Thus, area coverage is affected by the

size of the edge chosen each time by the swarm. By choosing larger sides, the final

coverage performance can significantly increase. Smaller polygon sides create the

need for an increased number of formation switches to reenter the area and continue

the coverage.

The drone’s scanning radius can affect the swarm’s ability to locate and collect

information from points of interest. The simulated results depict variable percent-

ages of covered points of interest. A drone, based on the algorithm’s functionality,

can collect information from one point of interest at a time. It picks the one closest

to it. The larger the number of points in the area, the harder it is to locate and

successfully collect the information from a point of interest. An area with the same

number of PoIs which also have the same locations and information to be collected

from can have variable performance based on the swarm’s speed and moving direc-

tion. The algorithm states that speed is prone to deviation based on the required

information from a located point of interest. Moving direction is adjusted by the

area coverage path.

Edge cases, where a PoI’s distance within the scanning radius is very small,

can significantly reduce the algorithm’s effectiveness. Time and mean speed of the

swarm are affected, hence the swarm remains in an area for much longer compared to

normal flying speed. The entire swarm reduces its speed to the currently broadcast

lower speed. This is a condition stated by the algorithm and all drones have to

comply with it.

If one drone requires more time, the others have to follow. This results in two

cases. First, the other drones also have more time for the currently covered area

which means that if they have located lots of PoIs, they have the opportunity to

collect a larger amount of information since the normal speed is occasionally a

deterrent. In this case, although time has significantly increased, the swarm benefits

since it has collected information that could have been lost otherwise. In the second
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case, the other drones in the swarm do not have any points of interest within their

scanning radius. This creates an overhead to the swarm for which no obvious benefit

is observed.



Chapter E

Conclusions and Future Work

R
OBOTIC systems have gained significant ground over the last decades due

to the technological advances towards the miniaturization of computing

devices. Battery technology, sensors, and material science are often com-

bined and create robotic systems which can tackle complex tasks. Human interven-

tion has shifted from full control of robotic devices to a more pathetic role. Drones

or unmanned areal vehicles are a great example of such robotic systems. The first

appearance of drones dates back to 1903 when the US military developed the first

plane which required no crew members to fly and aimed at battlefield applications.

Human operators were an integral part of drone operation since the technology

at the time, only allowed the wireless transmission of simple commands which helped

the drone navigate the environment and take action on the battlefield. Ever since

computer systems have advanced to the point where drones can navigate a natural

environment using information collected during their flight. Sensors such as proxim-

ity calculators, accelerometers, gyroscopes, ultrasonic, LiDAR, GPS, and cameras

can effectively provide a flying drone with enough information to help it locate and

avoid obstacles, recognize predefined targets and fly towards geographical locations.

Environmental information collection is an important step, but accurate process-

ing and analysis are also key to achieving certain tasks. Modern applications which

use drones are not limited to warfare. Drones are being employed to monitor forests

for potential fires, for crisis response, for accurate area mapping, for oil spill detec-

tion and monitoring, and many others. Such applications usually employ multiple

drones which are programmed to operate under an algorithm that coordinates the

49
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drones towards a swarm behavior.

Many modern applications are developed based on the principle of autonomous

drone navigation and swarm intelligence. The development of algorithms that take

advantage of information measured locally by the drone’s sensors can potentially

remove human error in operations since external input to the system is minimized.

The drones collect information from the surrounding environment and take action

based on the swarm’s state. Communications between the swarm’s drones are em-

ployed to increase awareness and provide more reliable results for cooperative task

completion.

Drone swarms and swarm intelligence are especially important for applications

where large areas need to be monitored. For example, early detection of forest fire

is considered a mission in which drones are required to cover large, and hard-to-

reach areas where human navigation is either difficult –using ground vehicles– or

not cost-effective –using areal vehicles–. Drones, on the other hand, despite having

limited energy resources can cooperate and achieve an area coverage while operating

within the available resource limits of a single drone. The area can be covered by the

swarm when each drone flies over smaller segments and collects information that,

combined, can effectively provide knowledge about the entire area.

The field which studies the coverage problem is called Coverage Path Planning

(CPP). Over the years many algorithmic processes have been used to tackle the

CPP problem. Swarm intelligence algorithms inspired by nature, such as ant and

bee colony intelligence. Also, heuristic solutions to problems such as the Travel-

ling Salesman or the Vehicular Routing are employed to solve the CPP problem.

Solutions to the problem are following two strategies, cellular decomposition, and

no decomposition. Cellular decomposition is the process of separating the area of

interest into smaller segments or cells which simplify the area coverage by creating

simply structured polygons. No decomposition is used for areas where obstacles do

not exist and the area of interest has a simple polygon defining it.

In the current thesis, no decomposition techniques are employed and the coverage

of simple polygons is studied for two different paths, parallel lines –or back-and-forth

movement– and spiral path. An algorithm is developed to tackle the problem of CPP

which uses distributed operations with very basic knowledge and creates paths for

each drone in the swarm. The algorithm coordinates the drones towards the full

area coverage which is achieved. The drones are also able to locate and collect
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information from points of interest.

E.1 Conclusions

A simulated environment is developed to examine the algorithm’s effectiveness. The

environment’s variables are, the number of drones in the swarm, the number of

points of interest in the area, the scanning radius of each drone, and the coverage

path. Multiple executions with similar variable values and different points of interest

locations are executed to determine the algorithm’s ability to locate points of interest

and collect information from them.

The results depict that parallel lines coverage is more effective for the same area

size in square polygons compared to spiral coverage. This is attributed to the fact

that the drones cover the area until they reach the borders. Each time this happens,

they create a new area based on the original which does not include the already

covered part. As a result, the drones are outside the new area of interest and they

have to switch their formation to reenter and continue with the coverage.

The spiral path creates smaller edges since a linear area with a size equal to the

scanning radius multiplied by the edge size is removed. The parallel path leads the

drones towards covering an area of the same edge size each time. In the latter, the

swarm has to switch its formation fewer times compared to the latter, hence the

drones have to travel less distance to cover the entire area. Coverage time is also

affected by this behavior.

The swarm is better at detecting and collecting information from points of in-

terest when the scanning radius has its lowest value, 25 meters. For the spiral

coverage, the number of times the swarm has to slow down for a point of interest

has the highest values. The number of points of interest fully discovered is about the

same compared to the parallel coverage but to achieve it, the swarm has to decrease

its speed 50 more times on average.

E.2 Future Work

The algorithm provides the swarm with the necessary steps for the full area coverage

and the collection of as much information as possible from points of interest, but
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there is room for improvements. First, when the drones locate a point of interest,

it calculates the amount of time this particular point will remain within its radius

while it flies over it.

All further actions including the speed adjustment, are taken based on this single

point of interest. The drone then focuses all its attention on collecting the informa-

tion from this point ignoring other points within the scanning radius. A possible

improvement could help the drones miss fewer points of interest by choosing the

point that will remain within the radius for less time compared to the rest of the

points. Also, speed can be adjusted based on all located points and the amount of

information required from each one.

The current algorithm states that a drone collects information from a single point

of interest at a time. Applications that include detection of possible points of interest

using cameras can have multiple-point detection. This limitation is proposed for low-

cost systems where multiple antennas or advanced ones which can communicate with

multiple wireless devices are not an option. A possible improvement may include

multi-point information collection which will increase the number of detected points.

Finally, the algorithm provides path planning that does not take into account

obstacles. The path planning can be improved by providing real-time obstacle avoid-

ance which will require the swarm’s formation to alter in real-time and find a path

around the obstacle.
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Appendix I

Notations

rs The drone’s scanning radius.

md The drone’s movement direction.

pai The initial point found after i attempts.

pci The final point found after i attempts.

ds The distance for which a PoI will remain within a drone’s scanning radius.

bc The closest polygon border point.

61



Appendix II

Abbreviations

CPP Coverage Path Planning

UAV Unmanned Areal Vehicle

PoI Point of Interest

PSO Particle Swarm Optimization

VTOL Vertical Take-Off and Landing

TSP Travelling Salesman Problem

VRP Vehicular Routing Problem

BCO Bee Colony Optimization
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Appendix III

Source Code

void UAVNode : : handleMessage ( cMessage ∗msg) {

i f ( d i s cove rySta te == CONNECTED) {

// While c o l l e c t i n g data from a PoI ,

cDi sp l aySt r ing& d i s p l a yS t r i n g =

currentlyConnectedNode . hiddenNode−>ge tDi sp l aySt r ing ( ) ;

const char ∗ image = d i s p l a yS t r i n g . getTagArg ( ” i ” , 0 ) ;

s t r i n g image s t r ing = s t r i n g ( image ) ;

// the drone changes the PoI ’ s image to o p t i c a l l y

// de t e c t i t in the user i n t e r f a c e

i f ( image s t r ing == ”uav−swarm/ s e n s o r w i r e l e s s s ” ) {

d i s p l a yS t r i n g . setTagArg ( ” i ” , 0 ,

”uav−swarm/ s e n s o r s ” ) ;

} else {

d i s p l a yS t r i n g . setTagArg ( ” i ” , 0 ,

”uav−swarm/ s e n s o r w i r e l e s s s ” ) ;

}

// F ina l l y i t updates the c o l l e c t e d data and

// s t ops the c o l l e c t i o n when i t reaches 0

updateDataRemainingForCollect ion ( ) ;

}

updateDistancesWithHidden ( ) ; // Updating the d i s t an c e s wi th th PoIs

i f (msg−>i s S e l fMe s s a g e ( ) ) {

i f ( s t a t e == BORDERALIGN) {

borderAl ign ( ) ;

} else i f ( s t a t e == SCANNING) {

scanning ( ) ;

}
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} else { // Handling remote messages

MessageType type = MessageType (msg−>getKind ( ) ) ;

i f ( type == CLOSEST FROM POLYGONPOINT) {

i f ( s t a t e == SCANNING) {

// Keeping the c l o s e s t border po in t

// message in memory u n t i l

// the f i n a l po in t i s reached .

// Then a l l messages are handled

c l o s e s tPo in tMes sage s . push back (msg ) ;

} else i f ( s t a t e == BORDERALIGN

| | s t a t e == WAITING FORALIGNMENT) {

// I f the drone i s a l s o wa i t ing f o r

// al ignment i t w i l l

// handle the message immediate ly

handleClosestPointMessage (msg ) ;

}

} else i f ( type == READY TO SCAN) {

// Message t ha t informs the swarm

// t ha t the i n i t i a l po in t has beed

// reached and the drone t ha t s en t

// the message i s hover ing over i t

// and wai t ing f o r the r e s t o f the

// swarm to i n i t i a l i z e the area coverage

handleReadyToScan(msg ) ;

} else i f ( type == SPEEDCHANGE) {

// This message i s t ransmi t t ed

// when a drone r e qu i r e s more

// time f o r data c o l l e c t i o n from a PoI

handleNewSpeed(msg ) ;

}

}

}

void UAVNode : : checkArea (double area ) {

i f ( area > 0) { // Keep on cover ing i f t he re i s s t i l l area l e f t

// Time to sw i t ch format ion and f i n d new

// i n i t i a l and f i n a l po in t s

s t a t e = BORDERALIGN;

// Disconnect ing from any PoIs s ince the drone i s not scanning

disconnectFromHiddenIfLostProximity ( ) ;

// Changing d i r e c t i o n on ly f o r p a r a l l e l coverage
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i f ( p a r a l l e l s c a nn i n g ) {

g l o ba lD i r e c t i o n = Di r e c t i on (−1 ∗ int ( g l o ba lD i r e c t i o n ) ) ;

}

i f (numberOfUAVs == 1) { // Code f o r a s i n g l e drone

Po int In fo c l o s e s tPo i n t = ge tC lo s e s tPo in t ( 0 ) ;

pa ir<Point , Point> i n i t i a lAndF ina lPo i n t s =

ge t In i t i a lAndFina lPo i n t ( scanningRadius ,

c l o s e s tPo i n t , true ) ;

// New targe t , the i n i t i a l po in t

t a r g e t = in i t i a lAndF ina lPo i n t s . f i r s t ;

f i n a lP o i n t = in i t i a lAndF ina lPo i n t s . second ;

// Maintaining the array indexes f o r the border po in t s

// t ha t w i l l r e qu i r e updat ing l a t e r

borderPo ints [ in i t ia lToAdd . index p ] = in i t ia lToAdd . po int ;

borderPo ints [ f inalToAdd . index p ] = finalToAdd . po int ;

scheduleAt ( simTime ( ) , new cMessage ( ) ) ;

return ;

}

// Sending the current l o ca t i on and the c l o s e s t border po in t

broadca s tC lo s e s tPo in t ( c l o s e s tPo i n t . index p ,

c l o s e s tPo i n t . d i s tance ) ;

// Handling c l o s e s t po in t messages wh i l e wa i t in g f o r al ignment

i f ( c l o s e s tPo in tMes sage s . s i z e ( ) > 0) {

for ( int i = 0 ; i < c l o s e s tPo in tMes sage s . s i z e ( ) ; i++) {

handleClosestPointMessage ( c l o s e s tPo in tMes sage s [ i ] ) ;

}

c l o s e s tPo in tMes sage s . c l e a r ( ) ;

}

}

}

void UAVNode : : scanning ( ) {

// Removing the d i s t an c e t r a v e l e d u n t i l

// the f i r s t border i s reached .

// Ca l cu la t e the d i s t an c e and time f o r the area coverage

i f ( i sF i r s tA l i gnment ) {

timeToRemove = simTime ( ) ;

distanceToRemove = d i s t an c eTr ave l l ed ;

i sF i r s tA l i gnment = fa l se ;

}

// Moving p a r a l l e l t o the border edge u n t i l
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// the f i n a l po in t i s reached

moveToNextParallelPoint ( ) ;

// Connecting wi th PoI in prox imity

connectWithHiddenInProximity ( ) ;

// d i s connec t ing from PoI when l o s t prox imity

disconnectFromHiddenIfLostProximity ( ) ;

// While f i n a l po in t not reached

i f ( l o c . distanceTo ( f i n a lP o i n t ) > 4) {

l a s t S t ep = simTime ( ) ;

scheduleAt ( simTime ( ) + timeStep , msg ) ;

} else {

l o c = f i n a lP o i n t ; // Correct ing inacurac i e s in the graph ic s

i f ( isCanvasManager ) { // Updating the canvas border po in t s

EV << ”Changed Canvas Po ints ! ” << endl ;

mist polygon−>s e tPo in t ( in i t ia lToAdd . index p ,

in i t ia lToAdd . po int ) ;

mist polygon−>s e tPo in t ( finalToAdd . index p ,

finalToAdd . po int ) ;

isCanvasManager = (numberOfUAVs == 1) ? true : fa l se ;

borderPo ints [ in i t ia lToAdd . index p ] = in i t ia lToAdd . po int ;

borderPo ints [ f inalToAdd . index p ] = finalToAdd . po int ;

}

// Finding the c l o s e s t border po in t which w i l l be used

// f o r the new i n i t i a l and f i n a l po in t s

Po int In fo c l o s e s tPo i n t = ge tC lo s e s tPo in t ( 0 ) ;

double area = getAreaSize ( ) ; // Remaining area f o r coverage

checkArea ( area ) ;

}

}

void UAVNode : : borderAl ign ( ){

// Speed equa l s the sw i t ched speed which might be the

// o r i g i n a l or the decreased speed

speed = switchedSpeed ;

// Ca l cu l a t i n g the d i s t an c e t ha t w i l l be t r a v e l e d f o r the

// nex t second

double d i s tance = speed ∗ timeStep . dbl ( ) ;

// The new x and y va lu e s on the canvas

l o c . x += di s tance ∗ cos ( heading ) ;
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l o c . y += di s tance ∗ s i n ( heading ) ;

// Adding the current d i s t an c e in the t o t a l t r a v e l d i s t an c e

d i s t an c eTr av e l l e d += di s tance ;

r e f r e s h ( ) ; // Re f r e s ing the d i s p l a y

// Ca l cu l a t i n g the vec t or from the current l o ca t i on to the

// t a r g e t l o ca t i on

Point vectorToTarget = ta r g e t − l o c ;

double t a r g e tD i r e c t i o n = atan2 ( vectorToTarget . y , vectorToTarget . x ) ;

// Get t ing the heading d i r e c t i o n used in the nex t l o ca t i on sw i t ch

heading = ta r g e tD i r e c t i o n ;

l a s tS t ep = simTime ( ) ; // Keeping the event time to use i t l a t e r

// Checking i f d i s t an c e from i n i t i a l po in t i s smal l enough in

// order to sw i t ch s t a t e and s t a r t scanning .

Point distanceFromTargetVector = l o c − t a r g e t ;

i f ( l o c . distanceTo ( t a r g e t ) <= 4) {

switchFromBorderAlign ( ) ; // Switching to scanning

} else {

// Schedu l ing nex t event u n t i l t he borders are reached

scheduleAt ( simTime ( ) + timeStep , msg ) ;

}

// Disconnect ing from any PoI wh i l e in border a l i g n

disconnectFromHiddenIfLostProximity ( ) ;

}
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