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Abstract

This thesis focuses on two important problems in the area of Multi-Agent Systems

(MAS) and distributed control: the coordination of drone swarms for area cover-

age and video acquisition, and the consensus-based management of backup batteries

in DC islanded grids. Both problems are studied with the aim of developing con-

trol strategies that are scalable, adaptive, and suitable for real-world applications,

respecting specific constraints.

In the first part of the thesis, a leader–follower framework based on Model Predic-

tive Control (MPC) is proposed for the coordination of a swarm of drones. Within

this framework, a swarm of drones is adopted to perform area surveillance with

mounted downward-facing cameras to capture overlapping videos, as well as main-

tain a distance-based formation while following a predefined path. The framework

ensures collision avoidance while sending the captured videos to the Ground Control

Station (GCS) for further processing such as video stitching, object detection, etc.

To improve the overall coverage, an online path planning strategy is introduced,

allowing the leader to detect uncovered areas and guide the swarm accordingly for

rectangle shaped target areas. Then, an improved version of the path planner has

been proposed, capable of covering any convex target areas. In addition, the approach

takes into account the available network bandwidth by adapting the reference flight

altitude to maintain the highest possible video quality. Moreover, an event-triggered

approach has been suggested for communication among the drones to improve the

efficiency of bandwidth consumption.

vii
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A grid-based coverage method is also presented as an alternative solution, where

the agents form a structured configuration around a central leader. For this case, a

nonlinear controller is designed and supported by mathematical analysis to ensure

proper system behavior. Sensitivity analyses are carried out to better understand

the influence of the design parameters on system performance.

In the second part of the thesis, the problem of power sharing among backup

batteries in DC islanded grids is addressed. A consensus-based control strategy is

developed to coordinate batteries with different capacities and initial states of charge,

ensuring a balanced distribution of power. To provide a more realistic representation

of the system, a converter transfer function is included in the modeling. The results

show that the proposed method can achieve reliable and coordinated operation under

practical conditions.

Overall, the results of this thesis show that combining the MPC control method

and the MAS framework can effectively address complex coordination problems in

real-world applications. Specifically, the proposed methods offer practical solutions

for applications in drone-based systems and smart energy networks, while maintain-

ing scalability and robustness. Simulation results through MATLAB, Python, and

IsaacSim validate the effectiveness of the proposed methods.
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Chapter 1

Introduction

All engineering systems are designed to achieve prescribed performance specifications.

These specifications may vary depending on the nature of the system, operating

conditions, and external influences. However, such systems may encounter issues that

not only degrade performance but can also lead to instability. In certain cases, these

failures may result in catastrophic events, including explosions, fires, and significant

economic losses. The Texas City refinery explosion of March 23, 2005, which caused

15 fatalities and approximately $200 million in damages, is a well-known example

of the consequences of failures in process monitoring and control. Such events show

the potential impact of systems deviating from their intended operating conditions

and exhibiting unstable behavior. Control engineering addresses these challenges

by providing systematic methods for modeling, analysis, and design to ensure that

systems satisfy performance requirements while maintaining stability under practical

constraints. Its role is therefore critical, particularly in applications where safety and

human lives are at risk.

Control engineers develop mathematical models of physical systems to enable their

analysis and to characterize fundamental properties such as stability and performance

in the presence of disturbances and modeling uncertainties. For this purpose, a

wide range of control strategies have been developed for different applications, each
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with its own advantages and limitations. Depending on the specific application,

appropriate control laws are selected to ensure the desired behavior of the system

under consideration.

Before the 20th century, the core concept of feedback, where a system corrects

itself based on its output, predates modern control theory. The earliest known feed-

back device is Ktesibios’s water clock from Alexandria around 270 BC, which used

a float to regulate water levels. For centuries, similar principles were used in float

regulators and other automatic devices. After the Industrial Revolution, in 1788,

James Watt’s famous centrifugal governor automatically regulated the speed of his

steam engine, becoming an iconic symbol of early control. As systems became more

complex, so did the need for their analysis. In 1868, physicist James Clerk Maxwell

published a mathematical analysis of the governor, explaining the oscillations and

instabilities observed in these systems and laying the groundwork for control the-

ory. By the end of the century, mathematicians such as Routh and Hurwitz had

developed formal criteria to determine linear system stability later on generalized to

non-linear systems by Lyapunov.

Historical Development of Control Engineering (1800-1930)

Between 1800 and 1930, control engineering evolved from practical mechanical

regulators to an engineering discipline. The industrial revolution played an impor-

tant role particularly because of the need to regulate steam engines and industrial

machinery. One of the most well-known and influential inventions was the centrifu-

gal governor developed by James Watt for speed regulation of the steam engine. On

the other hand, engineers and scientists began analyzing stability and feedback be-

havior mathematically. Crucial contributions by James Clerk Maxwell and Edward

John Routh established the theoretical foundations of stability analysis. By the early

twentieth century, advances in electrical engineering, telecommunication, and auto-

matic steering systems expanded the field, leading to modern control theory after

1930 [1].
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Classical Control and Institutionalization (1930–1955)

This period was a rapid development for control engineering due to the increas-

ing need for automatic regulation in industrial processes, communication systems,

aircraft, and military applications. Moreover, classic control became more popu-

lar through the development of feedback systems, servomechanisms, and frequency-

response techniques. From the military applications viewpoint, World War II played

a major role in enhancing the research, especially in radar tracking, fire-control sys-

tems, and aircraft control where, important analytical methods such as Nyquist sta-

bility analysis, Bode plots, and root locus methods were introduced and adopted.

Later, the early foundations of modern control theory, including state-space ap-

proaches and optimal control concepts also emerged [2].

The Modern Control Era (1955–1980s)

Cold War and the Space Race influenced modern control theory due to the high

technology demands. These challenges highly required precise control of complex sys-

tems, including missiles and spacecraft. This era is characterized by the introduction

of state-space methods, which describe dynamic systems using sets of first-order dif-

ferential equations. A key contributor to this framework was Rudolf Kalman. Unlike

classical approaches, state-space representations allow for the systematic treatment

of multi-input multi-output (MIMO) systems. In addition, this period saw the de-

velopment of optimal, robust, and adaptive control theories, significantly expanding

the scope of the field.

The Digital Age and Contemporary Developments (1980s–Present)

The advent of low-cost and powerful microprocessors in the 1980s led to a paradigm

shift in control engineering. Digital computers became integral components of con-

trol systems, enabling the development of digital control theory and discrete-time

analysis techniques such as the Z-transform. In industrial environments, this tran-

sition facilitated the evolution from centralized control architectures to Distributed

Control System (DCS), improving both reliability and scalability. Subsequently, the
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1990s saw the emergence of Fieldbus Control Systems (FCS), which enabled fully

digital, bidirectional communication between field devices.

More recently, control engineering has increasingly incorporated concepts from Ar-

tificial Intelligence (AI), including Reinforcement Learning (RL). These approaches

are playing a growing role in addressing modern challenges in areas such as robotics,

autonomous systems, and large-scale networked control.

1.1 Multi-Agent Systems

In 1970-1980, the concept of distributed artificial intelligence arose where complicated

tasks were broken down into a variety of simple tasks to be done. So, these simple

problems could be tackled by several computational units to result in solving a more

complex task. The main contributions to the field were initiated by Carl Hewitt

where an actor model was developed for concurrency in 1973, and by Marvin Minsky

who proposed ”Society of Mind” in 1986. Then, with the evolution of technology, new

ideas based on these concepts were proposed including the concept of agent, which

is defined as a computational unit that can perceive, decide, and act to perform the

assigned tasks. The concept of agent has been assigned to different subjects such as

robots, houses, power units, drones, and even human beings.

A multi-agent system consists of several agents (subsystems) where each of them

performs assigned tasks to reach the global goal of the whole system in a shared

environment. The agents are named homogeneous or heterogeneous depending on

their hardware and software features. As an example, consider a team of exactly

the same mobile robots where they cooperate and communicate to do a specific

task; therefore, the robots are homogeneous agents since all of them are the same

type of software and hardware. On the other hand, think about a team of ground

robots communicating with several aerial robots to cover an area from above and on

the ground. In this case, the agents are heterogeneous due to the fact that mobile
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robots (agents) are different from the aerial ones in both software and hardware. The

applications of such systems can extend to several fields, including water management

[3] and human science [4], rather than being limited solely to engineering.

Communication is one of the crucial features employed by multi-agent systems to

improve efficiency. Instead of having several agents working independently without

any awareness of the other agents, they communicate to improve awareness of the

global task and state of the system. Thanks to high-speed communications among

the agents, multi-agent systems became more and more efficient and trustworthy.

Modern AI methods use multi-agent-based training for their agents to take advan-

tage of parallel learning and model sharing which can be found in federated and

distributed learning.

Since a global and complex task is broken down to smaller tasks to be solved, the

needed time, energy, and computational burden are also divided. This means that

using multi-agent systems, if done correctly, leads to solving complicated problems in

a shorter time with simpler technology, and with cheaper agents instead of expensive

ones. However, this comes at the cost of further challenges such as the design of

efficient communication protocols and algorithms to provide parallel computations

and actions among the agents. Nevertheless, the advantages of these systems highly

outperform the disadvantages leading to a wide range of applications in industries

and research.

The theory of multi-agent systems is divided into several topics including Consen-

sus [5], Formation Control [6], Flocking [7], Surrounding [8], Containment [9], etc.

Each of these topics deals with specific mathematical formulations to perform the

desired tasks using homogeneous or heterogeneous agents based on predefined goals.

The applications of multi-agent systems find applications in many fields such as

robotics, power systems, military applications, search and rescue, parallel computa-

tions, decision making, and etc. This thesis focuses on robotics and power systems,

where drones and backup batteries are modeled as agents within a multi-agent system.
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These agents cooperate to accomplish assigned missions while satisfying application-

specific constraints.

1.1.1 Consensus

The most well-known topic in the literature of multi-agent systems is consensus,

where a number of agents pursue the same/different goals by having an agreement

on a specific value, behavior, performance, etc. Consensus is not limited to engi-

neering problems since there are various researches regarding decision making or

decision consensus even in AI [10] and in human science [4]. Concerning engineering

applications, consensus control plays a significant role in networked science, robotics,

resource allocation, power systems distribution, etc. For instance, the position con-

trol of several robots when they want to reach a specific meeting point with only

exchanging information between the neighbors is a consensus control problem. An-

other example can be power systems distribution in which several power units need

to distribute the demanded energy among the users, and to do so, the equilibrium

point which is the consensus point is reached by different power units by sharing their

energy based on their capacities while satisfying specific criteria using the consensus

protocol.

1.1.2 Formation Control

Formation control is a specific form of a consensus problem where the goal of the

agents or swarm is to form a specific geometric shape to fulfill some goals. This

method is widely used in the motion planning of mobile robots and drones to have a

specific cooperation by taking advantage of their movement structure and geometric

shapes. As an example, the Spectacular Intel Drone Light Show in Olympic 2020

in Tokyo was an example of using a large number of drones where they kept time-

varying distances from each other to form the desired shapes in the sky. Consider that

coordinating a huge number of drones is not an easy task due to the high amount
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of communications and risks of collisions among the drones. Another example of

formation control is in jet fighter shows where several jet fighters fly together with a

specific distance among them. Generally, this also has military applications for the

aircraft when they move together in order to make the enemy confused in choosing

which one to shoot at. Lots of several examples can be mentioned for this topic

which shows its wide range of applications in different areas.

Other applications of formation control include agricultural robots/tractors for ef-

ficient harvesting, self-driving cars and platooning, cooperative sonar scans where

underwater robots provide a comprehensive scan of the given area, and numerous

other applications where coordination of a group of agents is needed to keep a specific

distance from each other.

Formation control has several methods including:

1. Distance-based formation control,

2. Displacement-based formation control,

3. Leader-follower,

4. Virtual Structure,

5. Behavior-based.

Each of the above methods solves the problem from different perspectives, adding/removing

challenges with respect to the others. Distance-based formation control is the one

which has been used in this thesis, where a desired distance among the agents is set

to be respected to form a specific coordination satisfying performance-related goals.

1.2 Model Predictive Control

MPC is an advanced control technique that is widely adopted in industry and re-

search. Its origins can be traced back to process control in the oil and chemical indus-

tries in the 1960s. Early industrial implementations were primarily based on heuristic
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and model-based predictive strategies. The formalization of MPC using state-space

models and the receding horizon control framework emerged in the 1970s. In the

1980s, Dynamic Matrix Control (DMC) was introduced, relying on step response

models to compute control actions, followed by the development of Generalized Pre-

dictive Control (GPC) which is based on impulse (or pulse) response models and a

more explicit optimization framework.

In industrial practice, simplicity and reliability are often preferred, and PID con-

trollers remain widely used, particularly for fast and well-understood processes. How-

ever, for systems with slower dynamics, multivariable interactions, constraints, or

the availability of future reference or disturbance information, MPC can solve con-

trol problems where practical constraints exist such as a limited amount of energy

provided in a short time, limited bounds for specific variables in the system, etc.

A key feature of MPC is its ability to explicitly handle constraints on inputs,

states, and outputs within the control design. Moreover, MPC provides a system-

atic framework for controlling Multi-Input-Multi-Output (MIMO) systems without

substantially increasing design complexity compared to Single-Input-Single-Output

(SISO) cases. MPC computes control actions that account for predicted future sys-

tem behavior and desired performance objectives by solving an optimization problem

over a finite prediction horizon.

MPC is also suitable for time-delay systems, as these effects can be naturally in-

corporated into the prediction model. At each sampling instant, the control problem

is solved again using updated measurements, following the receding horizon princi-

ple. This allows the controller to compensate for disturbances, model uncertainties,

and noise. However, this repeated online optimization introduces a non-negligible

computational burden.

Despite these challenges, the ability of MPC to handle constraints, multivariable

interactions, and predictive information has made it one of the most widely used

advanced control strategies in both industrial and research contexts.
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1.3 Coverage and Path Planning

One of the main challenges in robotics is the computation of feasible and efficient

trajectories that allow a robot to accomplish a given task while satisfying perfor-

mance criteria such as time, energy consumption, and safety. Typical applications

include firefighting in complex environments [11], search and rescue operations [12],

surveillance [13], and border monitoring [14].

These applications rely on robotic platforms such as drones and mobile robots,

which must operate under practical constraints including limited energy, restricted

operating time, and environmental obstacles. As a result, robots require appropri-

ate motion planning strategies to achieve their objectives efficiently while avoiding

collisions and respecting forbidden regions.

Depending on the task, the problem may take different forms. In path planning,

the goal is to compute a collision-free trajectory from an initial to a target configu-

ration. In coverage problems, instead, the objective is to ensure that an entire area

is visited or observed by the robot’s sensing capabilities. Formally, given a region

of interest and a robot equipped with a sensor (e.g., camera or Light Detection and

Ranging (LiDAR)) with a given footprint, the goal is to design a trajectory that

guarantees complete or sufficient coverage of the area.

Several challenges arise in these problems. Robots often exhibit non-holonomic

dynamics, which impose constraints on their motion. Additional limitations include

obstacle avoidance, communication range constraints in multi-robot or data-driven

applications, and energy efficiency requirements. Furthermore, in dynamic or par-

tially unknown environments, planning must be updated online based on newly ac-

quired information, leading to exploration problems.

An effective trajectory should balance multiple objectives, such as minimizing

travel time or energy consumption, satisfying system and environmental constraints,

and achieving task-specific goals such as complete coverage. However, these objec-

tives are often conflicting, making the problem inherently complex and motivating



10 CHAPTER 1. INTRODUCTION

ongoing research in the field.

In recent years, aerial robots such as drones have become increasingly important

due to their high maneuverability and flexibility. They are widely used in applications

such as surveillance and search and rescue, where they can provide real-time data

(e.g., video streams) to support decision-making. To accomplish these tasks, both

offline and online planning methods are employed, depending on the level of prior

knowledge about the environment.

1.4 Quality of Experience, Quality of Service

In recent years, social media and online platforms have enabled the widespread dis-

tribution of video content to users worldwide via Internet-based infrastructures. A

substantial volume of data is continuously transmitted across these networks, a sig-

nificant portion of which consists of high-resolution and live video streams delivered

through platforms such as YouTube and Instagram. Due to the inherently large

size of video data, network congestion and communication bottlenecks may arise

under various conditions. For instance, high traffic load on specific transmission

links and limited available bandwidth are among the primary factors that can de-

grade network performance. Consequently, users may experience interruptions in

video playback, including buffering, freezing, increased latency—particularly in live

streaming scenarios—and overall degradation in visual quality.

To evaluate video quality, a subjective feature named Quality of Experience (QoE)

has been suggested, which shows how good a video is from the perspective of a human.

Note that this metric is a subjective feature, which means that for the same video,

people propose different QoEs. As an example, a video that is 720p is satisfactory

for one user leading to a higher QoE while it receives a lower QoE from another user.

Note that this is not specifically about the video quality but also extends to the other

features of a video while playing including the pauses during the video, delayed play,
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and even the content.

Unlike QoE, Quality of Service (QoS) is considered objective since it is characterized

by system-level metrics. Some of these metrics can be bitrate, packet loss, delay,

jitter, etc. QoS includes features that can be measured to exactly compare videos

or corresponding transfer networks. The provided service directly affects the QoE,

but there is no exact relationship between QoE and QoS due to the nature of QoE.

Therefore, a high QoS does not always mean a high QoE and vice versa.

1.5 DC Islanded Grids

Currently, due to global warming, human beings try to provide their required en-

ergy using Renewable Energy Sources (RES) such as Photovoltaic (PV), wind farms,

hydropower, and etc. Various energy resources can replace fossil fuels that are pollut-

ing the environment. Traditionally, power plants produce electricity and distribute

it to all parts of a country forming a connected energy network. The same method

cannot work for RES units since sending them over far distances will increase the

waste of energy, meaning that there is no efficiency at all. Therefore, people try to

take advantage of natural resources for energy in remote and sensitive areas. This

idea led to islanded grids where each unit produces, regulates, and consumes its own

produced energy. The idea works well if the design of the grid can be done accurately

based on the amount of consumption and production; however, this is not possible

ideally.

Since the amount of demanded energy and the produced one are not always the same,

islanded grids take advantage of backup batteries where they produce (absorb) the

demanded (exceeded) energy in the grid. This idea made the grids capable of being

detached from the main fuel-based electricity line. However, one should note that

the backup batteries have a lifespan, and after some amount of time, they need to be

replaced with new ones. Generally, the cost of these batteries is high which makes
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grid designers consider this parameter while designing the grid. Batteries’ lifespan

depends on their total number of charge or discharge cycles, and if this process can

be managed intelligently, it can prolong the batteries’ effective life leading to a lower

cost of energy.

1.6 Thesis Outline

This thesis addresses two interconnected problems within the field of distributed

control systems: the motion control of drone swarms and the consensus problem in

backup batteries for DC islanded grids. Both topics are studied under the common

framework of multi-agent systems, with an emphasis on coordination, scalability, and

robustness in the presence of system constraints.

Motivation and Research Gap

Recent advances in multi-agent systems have enabled significant progress in appli-

cations such as autonomous aerial surveillance and smart energy systems; however,

several challenges remain open. In drone swarm applications, achieving efficient area

coverage while maintaining high-quality data acquisition under unpredictable avail-

able network bandwidth is still a complex problem. Existing approaches have not

considered the coverage problem of a swarm of drones while maximizing the QoE

of the captured videos considering the available network bandwidth. Moreover, one

step forward has been taken, which is proposing an online path planning for the

swarm to improve the coverage.

Another open challenge in this specific application is the efficient consumption of

the available network bandwidth, where using event-triggered communication among

the agents would lead to saving the available network bandwidth for video streaming,

resulting in higher-quality videos.

Apart from these, since the application of surveillance using Unmanned Aerial
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Vehicle (UAV)s is not addressed well, a grid-based coverage approach has been sug-

gested taking into account a nonlinear controller that is used to drive the agents to

positions maximizing the coverage with respect to the previously suggested methods.

This method considers the limited velocity of the drones while providing a mathe-

matical proof for the proposed controller to guarantee the convergence of the agents

toward the given reference positions.

Similarly, in DC islanded grids, the coordination of heterogeneous backup batter-

ies with different capacities and states of charge remains a critical issue. Conventional

control strategies may not guarantee fair and stable power sharing, particularly when

realistic system dynamics are considered.

This thesis aims to address these gaps by developing novel control and coordina-

tion strategies based on MPC and consensus-based methods.

Research Objectives

The main objectives of this thesis are as follows:

• To develop an MPC-based framework for coordinated motion control of drone

swarms that maximizes area coverage and video quality under stochastic avail-

able network bandwidth.

• To design an online path planning strategy that enables adaptive exploration

of unknown or partially covered areas.

• To propose an event-triggered communication framework for the drones to

consume the available network bandwidth efficiently.

• To propose an alternative grid-based coverage method with improved efficiency

and stability guarantees.

• To formulate and analyze a consensus-based control strategy for power shar-

ing in heterogeneous backup battery systems within DC islanded grids while
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validating it with a real converter model.

Main Contributions

The main contributions of this thesis can be summarized as follows:

• A leader–follower MPC-based control framework for drone swarms that ensures

collision avoidance, formation maintenance, and bandwidth-aware motion to

maximize the video quality.

• An online path planning algorithm that dynamically guides the swarm toward

uncovered regions to enhance area coverage.

• An event-triggered communication framework for the drones to save the avail-

able network bandwidth for the video streaming.

• A grid-based coverage strategy with a prescribed nonlinear controller, including

a formal mathematical stability analysis.

• A consensus-based control approach for heterogeneous battery systems that

achieves balanced power sharing despite differences in initial states of charge

and capacities.

• The incorporation of a realistic converter transfer function model to validate

the effectiveness of the proposed consensus strategy.

Thesis Organization

The remainder of this thesis is organized as follows:

• Chapter 1 provides a general introduction, outlining the history, motivation,

objectives, and scope of the thesis.
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• Chapter 2 reviews the fundamental concepts of UAVs, multi-agent systems,

formation control, consensus theory, QoE, MPC, and DC islanded grids, along

with relevant literature.

• Chapter 3 presents the related work on swarm control of drones and DC is-

landed grids, including the research that has been conducted within these

framework.

• Chapter 4 introduces the methodologies and simulation results to validate the

effectiveness of the proposed method for motion control of drones with a pre-

defined path for a rectangle-shaped area.

• Chapter 5 discusses the online path planning for the leader agent for both

rectangle-shaped and convex-shaped areas. In addition, a deep sensitivity anal-

ysis has been performed on the hyperparameters of the cost functions of the

optimization problem.

• Chapter 6 suggests an event-triggered communication framework for the drones,

as well as simulation results validating the method.

• Chapter 7 discusses the grid-based coverage method with a nonlinear prescribed

controller to enable a comparison with the MPC-based approach.

• Chapter 8 introduces the consensus-based control approach for DC islanded

grids and validates it using the real transfer function model of a converter.

• Chapter 9 concludes the thesis and discusses potential directions for future

research.

Overview of the Proposed Approaches

In the first part of the thesis, the problem of coordinating a swarm of drones is

investigated. Starting from a predefined trajectory, a leader–follower framework is
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adopted in which the leader agent follows a reference path while the follower agents

maintain a distance-based formation. This structure enables the swarm to capture

overlapping video streams while avoiding collisions.

An online path planning method is then proposed, allowing the leader agent

to identify uncovered areas and guide the swarm accordingly. In both predefined

and adaptive scenarios, MPC is employed to ensure formation tracking and altitude

regulation, while maximizing video quality based on available network bandwidth.

A sensitivity analysis is conducted to evaluate the impact of weighting factors in the

MPC cost function.

In addition, an event-triggered communication framework has been suggested to

optimize bandwidth consumption while minimizing the number of communication

occurrences among the drones without losing the desired performance of the system.

To further enhance coverage efficiency, a grid-based method is introduced in which

the leader is positioned at the center of the formation and the remaining agents

form a polygonal structure. A prescribed nonlinear controller is designed to ensure

accurate trajectory tracking while limiting the velocity of the drones, and a formal

mathematical proof is provided to guarantee the tracking of the reference position,

which automatically guarantees the performance of the whole system.

In the second part of the thesis, the focus shifts to DC islanded grids, where a

consensus-based control strategy is developed for coordinating backup batteries in

DC islanded grids. The proposed approach ensures balanced power sharing among

heterogeneous units with different initial conditions. A realistic converter model

is incorporated to represent system dynamics and validate the effectiveness of the

control strategy.



Chapter 2

Background

In this chapter, the necessary background and basic concepts used in this thesis will

be presented to provide an understanding for the later chapters. Section 2.1 provides

an overview of aerial robotics, discussing their evolution, applications, advantages

and disadvantages, and key features that make them well-suited for research and

engineering applications. Then, Section 2.2 presents the general concepts of MAS,

addressing two main subtopics: consensus and formation control. The necessary

graph theory notations are introduced to facilitate the subsequent mathematical for-

mulations of consensus and formation control. Short examples have been provided

to make the reader aware of the topics and how they are being used in the proposed

methodology. Section 2.3 introduces the MPC and its formulations. It provides a

general framework of MPC with a cost function including several terms as well as

some constraints to show how practical limitations may be included in the formula-

tion of the MPC.

2.1 Aerial Robotics

Robotics is the field of engineering that deals with the design and control of machines

to perform the assigned tasks with a certain degree of autonomy. Different robotics

17
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fields include Mobile robotics, industrial robotics, aerial robotics, biorobotics, and

so on, where the goal in all of them is to do the tasks instead of humans to save

energy, time, money, and even lives in hazardous situations. A Greek philosopher and

mathematician named Archytas of Tarentum is said to have built a steam-powered

wooden bird that could fly for about 200 meters. This device, known as ”The Pigeon,”

is often considered the first recorded instance of a self-propelled flying object and a

precursor to all aerial robotics, occurring in 350 BCE. After WWI, aerial robotics

started to grow fast thanks to radio technology. Different types of flying bombs have

been developed during the war, and later after the war, drones and UAVs were born.

Nowadays, drones offer a very wide range of applications which makes them the first

choice to use instead of huge flying vehicles such as airplanes and helicopters.

Generally, aerial robots are categorized into different types such as Multi-rotor,

Fixed-wing, Single-Rotor Helicopter, Flapping-wing (Ornithopter), Solar Powered

High Altitude UAVs, and etc. Each of these robots has specific features with specific

applications; however, they can be used interchangeably in some cases. The differ-

ences among them mostly go back to their design purpose and structure. Based

on the application, the design procedure becomes complicated or simplified. For

instance, a quadrotor that is used for taking videos or photos from high altitudes

does not need fast calculations, speed, and maneuverability, so it can be built with

a simple structure. On the other hand, a drone that will be used for firefighting

tasks needs a huge amount of energy (a huge battery) to carry a water tank to a

high altitude; therefore, it needs a complicated structure capable of carrying a heavy

battery and water tank.

Fixed-wing UAVs are designed to fly similar to airplanes which means that they

do not have the capability of standing still to do a task but they have to fly non-stop.

This makes them perfect to be used for tasks where they need long-range and long-

endurance missions such as firefighting, especially for vast areas where they act like

firefighting planes, military missions due to their fast speed, large-scale agricultural
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monitoring, large-scale search and rescue missions, and etc.

Among the mentioned types of aerial robots, the one that is considered in this

thesis is multi-rotors since they are more common and come in different sizes and

capabilities, and they are used more in the context of capturing videos for surveil-

lance. Multi-rotors are divided into different types including Tricopter (three rotors),

Quadrotor (four rotors), Hexacopter (six rotors), Octocopter (eight rotors), etc. In-

creasing the number of rotors adds complexity and better maneuverability at the

same time. They are used for a variety of purposes from a simple toy to firefight-

ing tasks. Thus, they are the most common drones to be used. They are widely

accepted in the research communities to develop ideas based on them which led to

providing nonlinear and linear dynamic models for multi-rotors. The advantages of

multi-rotors with respect to the other types of drones are:

1. Available in various sizes and capabilities,

2. Flexible in maneuver,

3. Ability to stand still to do tasks needing this feature,

4. Simpler mathematical model,

5. Affordability due to the lower price.

2.2 Multi-agent Systems

Multi-agent systems received huge attention due to their application in industry and

research. Agents share required information among themselves to increase situational

awareness about the environment while making better decisions to fulfill the goals.

There are several classifications for multi-agent systems in which the structures of

these systems differ to perform a wide range of tasks. Some of the significant clas-

sifications have been introduced to show the differences among them. Based on the
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agents’ roles, the system can be divided into i) Leader-Follower [15] and ii) Leader-

less [16]. In the leader-follower case, one or several agents are the leader agents in

which the choice has been made for specific reasons. The leader agent typically has

greater situational awareness than the others, may have more communication links,

can be computationally more powerful, and may have access to global information

for decision-making. On the other hand, when there is a leaderless multi-agent sys-

tem, there is no difference in the situational awareness or computational capabilities

among the agents. However, in the literature, we refer to the leader agent as the

one having more information with respect to the others. Computational capabili-

ties can be different for a team of agents due to their heterogeneousness but still,

none of them has more information with respect to the others leading to a leaderless

multi-agent system.

Another classification for multi-agent systems is being a Centralized [17] or Decen-

tralized [18] multi-agent system. This is more related to how the agents perform

actions and computations, which directly affects the efficiency of the system. In a

centralized approach, the agents communicate with the leader or a central system

to share all the information. Then, this central agent or leader, based on the global

information, computes and assigns the commands for each agent, sending them back

to act based on those commands. This can provide a globally optimal solution as

well as providing a stability proof for the whole system; however, the scalability of

the system would be difficult, the amount of communications would add delay or

packet losses, and the system is highly prone to failure in case the central agent or

the leader fails.

In a decentralized multi-agent system, agents communicate locally with neighboring

agents, sharing information and coordinating their actions without a central coordi-

nator. This approach provides a high degree of scalability which is one of the main

strength points of the multi-agent systems. Also, the system is not relying on a

single failure point such as the central case which improves the robustness of the
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whole system against the possible faults. Moreover, the amount of needed commu-

nication decreases drastically which increases the robustness of the communication

where the delay or packet losses are as low as possible. On the contrary, reaching

an optimal solution for the team is not guaranteed due to the fact that there is no

global information regarding the whole system but the agents use partially shared

information. Providing formal stability guarantees in decentralized systems is mathe-

matically challenging due to the coupled nature of agent dynamics, the lack of global

state information, and the potential for asynchronous decision-making. However,

stability can be achieved under certain conditions, such as when interaction graphs

are connected and control laws satisfy network-wide Lyapunov criteria.

2.2.1 Graph Theory

This subsection discusses the central concepts about graph theory needed for the

rest of the thesis, including a brief introduction and mathematical formulations. A

graph is denoted by G(V , E), where V = v1, . . . , vN is the set of nodes, also identified

simply by their indices i = 1, . . . , N , and E ⊆ V × V is the set of edges such that an

edge (vi, vj) denotes the information flow from node i to node j. Moreover, the set of

neighbors of node vi is defined as Ni = {vj ∈ V : (vj, vi) ∈ E}. A connected graph
is a graph in which there is a path from any node to any other node, and a fully
connected graph is a graph in which there is a direct edge between any pair of

nodes. A tree is a connected graph with N nodes and N − 1 edges that contains no

cycles. Moreover, removing any edge from a tree results in a disconnected graph. In

order to show the connections between various nodes, a matrix named Adjacency
matrix is used as A = {aij = 1 : (vi, vj) ∈ E}. For an undirected graph, the Degree
matrix is a diagonal matrix that shows the number of connected edges to each node

defined as D = {dij : ΣN
j=1aij if i = j}. The degree and adjacency matrices are

used to define an important matrix known as the Laplacian matrix, which serves

as a fundamental tool in multi-agent systems by capturing the key features of the



22 CHAPTER 2. BACKGROUND

connections among the nodes of the system. The Laplacian matrix is defined as

L = D − A where for an undirected graph, it would be a symmetric matrix. For a

connected graph, the Laplacian matrix has an eigenvalue equal to 0 while the other

eigenvalues are greater than 0. Therefore, a connected underlying graph leads to a

semi-positive definite Laplacian matrix which introduces a crucial feature to analyze

the stability of the connection network.

2.2.2 Consensus

The most famous topic in multi-agent systems is consensus, where a swarm of agents

tries to reach the same value for their states [19], outputs [20], or any other feature.

Applications include sensor fusion, mobile robots, drones, power systems, etc. There

is a wide literature regarding the consensus among the agents in the computer science

and control engineering communities. Here, a brief mathematical introduction to the

consensus problem will be presented.

Consider a team of mobile robots that, starting from different initial conditions,

try to reach each other with only sharing information locally, and without global

information. The states of this multi-agent system are the positions in 2D. Therefore,

Xi = [x1, x2] is the position vector for each of the agents. A first-order dynamic can

be chosen for the agents to make the problem simpler where Ui = [ux, uy].

Ẋi = Ui (2.1)

In the consensus problem, agents share their states based on the underlying commu-

nication graph to compute the error from the neighbors’ positions to calculate the

required Ui that compensates for this error to reach an agreement point. Therefore,

in a classical consensus protocol, the control input is defined as a scaled difference

between the states of the neighbors and the state of the agent itself.
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Agent 2

Agent 1

Agent 3

Figure 2.2.1: Communication graph for three agents

Ui = Σj∈Ni
aij(Xj −Xi) (2.2)

where Ni is the neighbor set of agent i, and aij are the entries of the adjacency matrix

representing the underlying communication graph. Substitution of (2.2) into (2.1)

will result in (2.3).

Ẋi = Σj∈Ni
aij(Xj −Xi) (2.3)

Consider a team of three agents where the communication graph among them is as

in Fig. 2.2.1.

Using (2.3), one can compute the evolution of the states of the system as follows.


Ẋ1

Ẋ2

Ẋ3

 =


(X1 −X1) + (X2 −X1) + (X3 −X1)

(X1 −X2) + (X2 −X2)

(X1 −X3) + (X3 −X3)


Now, transforming to a state-space form, we get:
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
Ẋ1

Ẋ2

Ẋ3

 =


−2 1 1

1 −1 0

1 0 −1



X1

X2

X3


If we write the adjacency, degree, and Laplacian matrices for the graph shown in

Fig. 2.2.1 based on the explanation in section 2.2.1, we can easily notice that the

Laplacian matrix has emerged in the formulation of the states (−L). This is the

reason why the Laplacian matrix is used and why it is important since it shows the

relation between the agents as well as the connection level. Also, it is used to show

the stability of a multi-agent system.

A =


0 1 1

1 0 0

1 0 0

 , D =


2 0 0

0 1 0

0 0 1

 , L =


2 −1 −1

−1 1 0

−1 0 1



The given example was a roadmap to show how the Laplacian matrix is formed and

then we can derive the formula for multi-agent systems.

Ẋ = −LX (2.4)

Equation (2.4) with a semi-positive definite L would be desired since it will steer

the states of the multi-agent system toward a bounded constant value (so the agents

would have stable states) [21]. This section provided a brief explanation about the

consensus among several agents for a continuous-time dynamic. The same results

hold for the discrete-time case with some small changes affected by the sampling

time.
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2.2.3 Formation Control

The other interesting topic in the context of multi-agent systems is formation control.

It determines how a team of agents should keep relative distances (or errors between

their states) from each other to form a specific geometric shape. The main application

of this method can be robotics since mobile robots and drones, when moving in a

team, need to avoid collisions while keeping specific distances to stay in the defined

communication range; otherwise, they may lose the connection leading to an unstable

system. Formation control, as previously explained, includes several methods to be

used to form the desired formation among the agents. Throughout this thesis, we

use the most famous method which is called ”Distance-Based Formation Control”

in which the agents keep the specified distance among their neighbors. To do this,

the method introduced in the consensus section will be used; however, with a small

difference which is adding the specified distance among the states of the agents.

2.2.3.1 Distance-Based Formation Control

The formulation of the distance-based formation control is provided below and is

very similar to the case of consensus control. Consider Xi = [x1, x2] as a 2D vector

of the ith agent where it is desired to define a formation among the agents to keep a

relative distance. As an example, consider a team of four agents that are required to

form a quadrilateral-shaped formation. To do this, consider Fig. 2.2.2 as the desired

formation of the agents. The desired distances are shown in the figure; so the agents

will adjust their positions to reach the assigned distances among them.

To reach the desired distances, one can use distance-based formation control, which is

inspired by consensus control for agents with simple integrator dynamics, as described

in (2.1). The control input for this case will consider eij = Xi−Xj − dij as the error

to be compensated. If eij goes to zero, then the distance between Xi and Xj will

become dij, and the formation will be reached.
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Agent 3

Agent 1

Agent 4

Agent 2

d13 = 5

d34 = 6

d12 = 4

d24 = 3
d2

3 =
 8

Figure 2.2.2: A network of four agents with desired distances among the agents.

Ui = Σj∈Ni
aij(Xj −Xi − dij) (2.5)

As seen from Eq. (2.5) and Eq. (2.3), distance-based formation control is a special

case of consensus control but differs in the error between the states of the agents.

For consensus, the error must be zero, and for formation control, this error will be

assigned a non-zero value.

2.3 Model Predictive Control

MPC is an advanced control method which is built on both Optimal Control and

Adaptive Control since it finds the optimal control input based on the constraints and

situations that may vary. MPC is widely used in industries such as the petroleum

industry, refineries, chemical reactions, etc. In addition to industrial applications, it

is widely adopted in the research community, robotics, aerospace, biology, etc. Due

to its wide range of applications, as well as its powerful features in handling several

factors such as delay, Multi-Input-Multi-Output (MIMO) systems, dead-time, and

constraints, MPC became one of the most highly attractive controllers among control
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engineers. As mentioned, there are several advantages for this controller to be chosen;

however, its greatest disadvantage is its high amount of computation at each time

sample. Moreover, as it comes from its name, it needs the exact model of the system

to produce the optimal control input which is not trivial to provide in all cases.

However, there are several methods including robust MPC, belief-space MPC, and

Data-Driven MPC where they deal with the uncertainties that may appear in the

modeling of the plant.

In most cases, MPC is characterized by a plant model, a cost function to be minimized

(J), a reference signal/state to be tracked (Xref , Rref ), an optimal control input

to be injected into the system (u), a prediction horizon (Np), a control horizon

(Nc), a terminal state or condition (XN), and there can exist some constraints to be

respected. As an example, a basic formulation for an MPC problem is illustrated

below to show how it is formed and what kind of problem it solves. Consider a

first-order discrete system as in Eq. (2.6) where x is the state vector of the system,

u is the input vector of the system, Ts is the sampling time, and k is a time sample.

x(k + 1) = x(k) + u(k)Ts (2.6)

Assume that we want to steer the state x toward a reference state such as Xref while

satisfying i) the constraint for the dynamics of the system in Eq. (2.6), ii) saturating

u between −M and M , and iii) saturating the rate of the control input between −N

and N to make the problem more practical. So, we assumed three constraints to be

satisfied while optimizing the cost function to derive the control input. The general

problem has the form as in Eq. (2.7).
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argminu J = Σ
Np−1
k=0 |x(t|t+ k + 1)−Xref (t+ k + 1)|Q2

+ ΣNc−1
k=0 |u(t|t+ k)|R2 + ΣNc−1

k=0 |∆u(t|t+ k)|W2

+ |x(t|t+Np)−Xref (t|t+Np)|P2

S.t.

1)x(k + 1) = x(k) + u(k)Ts

2)|u| ≤M

3)|∆u| ≤ N

4)...

(2.7)

State Tracking Term (x → Xref): The first term of the cost function relates

to the tracking of the state of the system during the prediction horizon. The term

x(t|t+k+1) means the prediction of the state at the future time instant t+k+1 while

we are in the current time instant t. This term gives a vector for the optimization

whose size depends on the state size and the prediction horizon’s length. Having a

positive weighting matrix Q and using the norm two, the vector for the optimization

will be provided. Since the current state of the system (x(t)) is measured and cannot

be manipulated, the optimization starts from the next sample time which is x(t+1).

Control Input Minimization Term (u): The second term is related to the opti-

mization of the magnitude of the control input to reach the goal with the minimum

amount of control input which can be translated to the required energy. As you can

see, the optimization includes the current input u(t) unlike the first term which does

not include the state of the current time instant x(t) because it is desired to optimize

the current control input.

Control Input Rate Term (∆u): The third term minimizes the changes in the

control input to reach the desired goal with the minimum changes of the control input.

As an example, for applications with fast-changing reference signals, this will limit

the oscillations in the control input since each oscillation will add a minimization cost
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to the problem. Also, in some applications, velocity control is preferred where the

control input is the speed and therefore, ∆u becomes the acceleration which directly

represents the energy for the system.

Terminal Cost Term (x(t|t+k+Np)→ Xref (t+k+Np)): The fourth term in the

cost function is a term to guarantee that the state of the system will reach the desired

state by the end of the prediction horizon. Another reason to add the terminal cost

is to provide a guarantee to have asymptotic stability for the system since we ask the

optimization problem to provide control inputs where, in the end, the states move to

the equilibrium point. Note that sometimes engineers add this term as a constraint

which then completely provides a stability guarantee if the optimization problem is

convex.

Prediction Horizon (Np): Prediction horizon determines how far the system can

see and use the future information to perform the act of prediction and compute

the control law based on that. Obviously, taking a huge value for Np will make the

computation burden heavier and even useless. There is no straightforward method to

determine the optimal prediction horizon for the optimization; therefore, trial-error

is still the best possible way to determine the best prediction horizon.

Control Horizon (Nc): Control horizon determines how many future control inputs

should be optimized or how flexible the control inputs can be chosen to adjust the

system with the given reference signal or the reference state. Again, choosing a huge

value for the control horizon will lead to a heavier computation burden but at the

same time it will give flexibility and a better transient response. As mentioned for

the prediction horizon, there is no straightforward method to determine the optimal

control horizon value.

In general, there is a trade-off in choosing the values for Np and Nc, and the com-

putation burden of the optimization. Choosing huge values would lead to better

responses since more information will be optimized; however, this requires greater

computational power and vice versa. The basic rule is to choose these values as
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Nc ≤ Np, where the equality case provides the highest flexibility for the controller.

Weighting Matrices in Eq. (2.7) are used to show the importance of each term for

the optimizer. Having a huge weight drives the optimizer to minimize that term more

than the other terms. The weight matrix Q weights the states of the system and in

the case of a vector of states, Q can weight the states differently rather than having

the same value for all of them. The same holds for R which weights the control inputs

of the system meaning that a greater R will lead to expensive control; so, the control

inputs will be small. Again, for the case of a vector of control inputs in an MPC

framework, the matrix R can be used to weight each control input independently.

In addition to the previously defined weights, the matrix P assigns a penalty to the

terminal state (or final condition) of the system, encouraging the system to reach

the desired final condition through the applied control inputs.

The constraints in (2.7) refer to the practical limitations that must be considered in

a real engineering problem. The first term means that the states must respect the

evolution rule based on the computed control inputs. The second term limits the

control inputs between two values which shows that in practice the control inputs

cannot be produced as much as the user wants but there are limitations based on the

structure of the system under control. With the same explanation, the third term

showing the rate of change for the control input is required to take into account the

limitations of the actuators in providing the required change in control inputs in a

short amount of time.

In general, MPC is an optimization problem in a prediction window while con-

sidering real-world limitations to provide the optimal control inputs while respecting

the structure of the controlled system. In addition, future information is taken into

account to modify the control inputs accordingly which is a distinctive feature of

MPC compared to classical controllers such as PI, PID, PD, etc. Researchers also

investigated possible extensions for MPC using data-driven methods, AI, robust con-

trol, etc., to make it even more adaptable for complicated cases where there are
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model mismatches or inaccurate information.

2.4 Quality of Experience

Video content is the highest internet traffic that users watch or share through different

websites such as Netflix, YouTube, Instagram, etc. Also, consider video conferences

and live broadcasting of live events through various platforms. According to the

statistics, by 2018, video data is 79% of the global Internet traffic demonstrating

the huge volume of data regarding videos. Moreover, video content reaches people

in a wide range of ages from a two-year-old kid up to a ninety-year-old man which

shows how all the people with different ages and features are being affected by this

video data. Consider a football match between two great clubs or countries which is

broadcast through the Internet, and a high number of users want to watch this match

at the same time. How can this number of users be managed to provide data to all

of them with the same quality, without any delay, and without pauses in the video?

This is a challenge that made researchers and engineers work to propose various

approaches to tackle it. Control theory together with networked control systems are

considered as one of the methods to deal with this problem.

QoE refers to the level of satisfaction perceived by users when consuming video

content, which directly influences their decision to continue or discontinue watching.

Although various models have been proposed to quantify this metric in a general and

consistent manner, achieving a universally applicable formulation remains challeng-

ing due to the inherent variability in individual user preferences. As an illustrative

example, consider a child watching a cartoon on YouTube. If the video frequently

stalls due to limited network bandwidth, the child may become frustrated and stop

watching, while another child in a different context might tolerate the same interrup-

tions and continue viewing. Similarly, a video streamed at a relatively low resolution,

such as 480p, may be acceptable to one user, whereas another user may find any qual-
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ity below 1080p unsatisfactory and choose not to watch it at all.

These examples highlight that, although objective metrics can be used to quan-

tify video quality and compare different streaming conditions, user decisions are not

always aligned with such standardized measures. Instead, they are strongly influ-

enced by subjective factors, including personal expectations, context of use, and

individual tolerance to impairments. Consequently, modeling QoE requires not only

objective assessment of system performance but also consideration of the diverse and

inherently subjective nature of user perception.

Practically, video data is delivered to the clients after a series of actions. First, a

video is uploaded to an Internet server to be broadcast. Then, the video is divided

into several chunks with a fixed duration. These chunks are later compressed to

several resolutions and encoding bitrate which are called Levels. The server sends

these video chunks through a connection network to the clients or other destinations.

This network includes several nodes being utilized to transfer the information based

on the location of the sender and receiver. At the client side, there is a buffer which

absorbs the mismatch between the download rate and the play rate by storing the

chunks inside to be served later. If the buffer becomes full, then the packets that

are received afterward will be discarded. This phenomenon is called Packet Loss

that will lead to issues with the streamed video. On the other hand, if the buffer

becomes empty, then the played video will be paused. This issue is called Rebuffering,

which negatively affects the QoE, and denotes a lack of synchrony between sender

and receiver. An empty buffer may result from insufficient available bandwidth to

download video segments at the required rate. Conversely, a full buffer can arise from

underutilization of the available network capacity, where, despite high bandwidth

conditions, lower-quality video segments are downloaded instead of selecting higher-

quality ones that better match the network capability. Researchers tried to model

this issue mathematically to leverage control theory with the aim of producing a

feedback control for the client side asking the level of the video which satisfies the
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required features. A model for this problem is proposed as:

q̇(t) =
r(t)

l(t)
− d(t) (2.8)

where q(t), r(t), l(t), and d(t) denote the buffer queue size, download rate, selected

quality level, and draining rate (i.e., playback rate), respectively. The evolution of

the buffer queue is influenced by the download rate, the chosen video quality level,

and the rate at which the buffer is depleted, namely how quickly the client plays

the video. In general, d(t) is considered as 1 since at each second, one second of

the video is played on the user’s screen. The playback speed can be increased to,

for example, ×2, in which case d(t) = 2, meaning that two seconds of video are

consumed for every second of real time. In order to adjust the variables in a way

that the rebuffering and underutilization are prevented, the feedback control would

be used on the client side in the controller. This controller adaptively changes the

video level (l(t)) to keep the balance in the size of the queue for a proper display

which is called Adaptive BitRate (ABR). There are two kinds of ABR algorithms

including i) Classical ABR, and ii) QoE-based ABR.

2.4.1 Classical ABR

In this method, the feedback loop contains the data including buffer length and

estimated available bandwidth to the controller to produce the related control input.

Classical ABR is also divided into Rate-Based and Buffer-Based methods where

the difference is in the decision variable for the control action. In the Rate-Based

method, the decision is taken based on the estimated available bandwidth while in

the Buffer-Based method, buffer length determines the suitable decision to be made.

Although none of these features are directly linked with the QoE, they improve the

data transmission by maximizing the usage of the bandwidth, and preventing the

queue from becoming empty. The control diagram of this method is shown in Fig.
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ABR Controller Player (Client)

Decisions:
1- Suitable Level

1- Estimated Bandwidth
2- Buffer Size

Figure 2.4.1: Control diagram of classical ABR algorithm

2.4.1.

2.4.2 QoE-Based ABR

A QoE-based method aims to maximize the perceived quality of experience by lever-

aging QoE-related metrics as feedback signals within the control mechanism. QoE-

Based ABR includes two methods named Model-Based and Model-Free. In the

Model-Based method, there is an explicit model relating the feedback parameters

to a provided QoE model. Using the model, the QoE parameter can be maximized;

however, the existing models of the QoE cannot comprehensively describe the related

features since they are highly nonlinear as well as changing depending on the person

watching the video as mentioned earlier. If a model with an acceptable accuracy

can be suggested, the controllers such as MPC can be highly useful due to their

optimal behavior while taking into account several practical limitations. Since the

model of the QoE is not always available, or it can be inaccurate, and also the user

may change his/her opinion over time, a model-free method is proposed to adapt the

features of the video and related parameters to overcome these issues. This method

uses learning-based algorithms to learn and update the previous models according to

the changes that occur in the QoE. The famous learning-based approaches include

reinforcement learning, deep learning, and other existing learning-based algorithms.

Fig. 2.4.2 illustrates the control diagram of this method.
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ABR Controller Player (Client)

Decisions:
1- Suitable Level

1- Rebuffering
2- Average Quality
3- Quality Switches

QoE Model
QoE

Figure 2.4.2: Control diagram of QoE-based ABR algorithm

As can be found in Fig. 2.4.2, the rebuffering, average quality, and level switches are

the variables that are sent through the feedback to the ABR controller to select the

best level for the video segments to be downloaded and played. The best possible

solution is the one having the highest average quality, a minimum number of switches

between the levels to have a smoother play, and without any rebuffering phenomenon

to satisfy the users leading to an increase in QoE.

2.5 DC Islanded Grids
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Figure 2.5.1: The components of an islanded grid
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In recent years, global warming has become a crucial concern of the modern world

which highly depends on the consumption of fossil fuels. Although there are numer-

ous ways to produce green electricity energy, fossil fuels are still the main sources

of electricity production in most countries. Due to the fact that technology and the

digital world completely rely on electricity, and the main source of this electricity

is coming from fossil fuels, the advancements of technology can change the current

situation of the earth, making it impossible to live in due to the polluted and warmed

world. However, technology cannot be slowed down or even stopped to support the

earth; but new, safe, and clean resources can replace fossil fuels. The main green

energy resources are wind turbines and solar panels that are currently used in the

world to provide the required energy for the consumption of various users.

Smart Grids (SG) and Islanded Grids are hot topics covered by many researchers

to propose possible solutions for cities to provide their demanded energy. Traditional

power distribution systems transmit electricity in a single direction, from power

plants to consumers, and can be affected by various issues, such as faults in trans-

mission lines. Moreover, traditional power transmission does not take into account

the demand from consumers in real time, causing loss of demand in peak times and

overload in other times, leading to imbalance in electricity production. Due to the

fact that the sources of electricity are large-scale nuclear power, coal, gas, and fossil

fuels, beforehand planning for energy production is not trivial since there are lots of

parameters needed to be adjusted accordingly. This leads to a slow response time

in traditional power sharing methods. Faults cannot be predicted beforehand, lead-

ing to the occurrence of faults and then their resolution instead of prediction and

avoidance. Another advantage is the easy scalability of smart grids by adding several

grids and technologies without too many changes and efforts. Usage of smart grids

controls the price of electricity in a balanced way for both consumers and producers

by exchanging energy evenly. This is highly welcomed by customers since they can

also use free energy at certain moments or even gain money by selling their produced
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energy to the main grid.

All in all, smart grids provide flexible energy distribution with various advantages

which exceed traditional energy management and distribution. Smart grids can be

categorized into AC grids and DC grids depending on the grid features. Currently,

the AC smart grid is dominant compared to the DC one; however, DC smart grids

provide many advantages such as lower required regulations, simpler control design,

compatibility with renewable energy resources, lower conversions which save energy,

no need to manage reactive power, etc.

Now that the basics of the grids and their advantages have been covered, let us

introduce islanded grids. Islanded grids are grids that are not connected to the main

grid, which means that they should produce and consume energy all by themselves.

This idea is highly beneficial in remote areas that cannot be reached or are hard to

be reached by the main grid. Also, specific buildings such as hospitals and military

bases must be able to meet their energy demand independently of the main grid

due to their delicate nature. Therefore, the design plan for islanded grids must be

done accurately since there cannot be any grid compensating for the exceeded or

shortage of energy. In general, the structure of an islanded grid consists of renewable

energy resources, converters, DC bus lines, loads to be fed, communication channels

if needed, and backup storage units such as batteries, supercapacitors, etc. Fig. 2.5.1

shows the structure of an islanded grid where the mentioned components and the

related connections have been shown.

In this thesis, we focus on the backup batteries inside the islanded grid to opti-

mize their lifespan by providing control-based algorithms. Since these batteries are

expensive, they must perform optimally to prevent their degradation while balancing

the demanded energy in the case of mismatched production and consumption.





Chapter 3

Related Work

This chapter summarizes the related scientific research on both the motion control

of drones and the synchronization of backup batteries in DC islanded grids. For

each topic, a brief introduction is provided, followed by a discussion of related work,

with an emphasis on the differences of our approach and the resulting research gap

addressed in this thesis. Therefore, in Section 3.1, motion planning of drones for

monitoring and coverage tasks is discussed and compared with the state of the art.

Later, Section 3.2 discusses the challenges of backup batteries in islanded grids, which

have been addressed in the literature, and how our approach proposes a novel method

to tackle them.

3.1 Motion Control of Swarm of Drones

3.1.1 Introduction to Swarm Control of Drones

Drones are widely used to perform tasks that are time-consuming, expensive, or

impossible for humans such as firefighting [22], remote sensing [23], search and rescue

[24], surveillance [25], and object detection [26]. Based on the specific application,

drones use different types of sensors such as 3D LiDARs [27], mmWave radars [28],

Red Green Blue (RGB), and event-based cameras [29]. The data gathered through
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these sensors can be stored at the drones or sent in real time through a wireless

network connection such as 4G/5G to a GCS for further processing.

A coordinated swarm of drones can operate in massive missions where it is beyond

the capability of one drone or, due to energy and timing issues, a swarm of drones

suggests a better solution. For example, tasks related to search and rescue must be

done accurately in a short time due to the hazardous situation that people are dealing

with. A single drone—even a highly advanced one—is less effective than a group of

smaller drones that can disperse over an area and detect people more quickly [30].

As another example, consider the occurrence of a fire in a forest where, with a bit of

wind, the fire would spread extremely fast in different directions. Several firefighting

drones can stop or at least slow the spread of fire while a super-fast and high-tech

drone cannot stop it at all. These examples illustrate the importance of having a

swarm of drones for specific situations compared to a single one. To perform the

mentioned tasks, communication among drones and the control commands of the

related actuators are required to be harmonized. This is one of the challenging parts

of swarm control since there should be algorithms for the drones to follow while

respecting practical constraints and collision avoidance. As mentioned previously,

multi-agent systems are one of the best options to be used for the design in order to

coordinate a team of drones. Several methods have been proposed in the literature

of multi-agent systems such as consensus control [31], formation control [32], flocking

[33], surrounding [8], etc., for drone coordination under different situations.

The main controller for drones varies based on the type of the drone, the scenario

being dealt with, the information being shared among the drones if they operate as

a swarm, etc. Several control approaches have been proposed by researchers and

engineers to control drones, ranging from simple PID [34] controllers (classic control)

to reinforcement learning [35] (learning-based control). Fuzzy control [36], robust

control [37], optimal control [38], linear quadratic regulator, etc., are all taken into

account in the literature of drone control. A simple control diagram of a drone is
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Figure 3.1.1: A simple control diagram of a drone

shown in Fig. 3.1.1, in which any type of controller can be placed in the controller

block. One of the advanced controllers capable of providing the desired performance

is MPC, which is also utilized in this thesis as the main controller. Since MPC can

handle constraints and incorporate information about future system behavior, it is

particularly well suited for drone tracking tasks.

3.1.2 Related works for the Motion Control of the Drones

This section provides a summary of the state of the art regarding the swarm of

drones covering a given area while capturing videos from above for different purposes.

Therefore, this section gathers these works to highlight their strengths and weak

points while comparing them with our approach.

Authors in [39] proposed a swarm-based algorithm to detect mobile objects in

search and rescue scenarios such as disasters. To do so, a team of drones searches a

given area and takes photos of the scene to send to a ground team to respond accord-

ingly by reaching to the area. The quality of the taken images has been taken into

account using Similarity Index Measure (SSIM) and Video Quality Metric (VQM)

methods. Also, the energy of the drones is considered in the mobility prediction for

the next movement. A relay positioning of the drones has been provided in order

to preserve the connection for the drones. This work does not consider a specific

kind of controller for the drones; plus, the cooperative manner in this paper is not

based on the standard multi-agent manner. The available network bandwidth has
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not been taken into account, meaning that the drones have no constraint on using

the available bandwidth to deliver the photos to the ground control station.

Drones are highly useful for disaster cases due to their maneuverability to monitor

the area. [40] considers the problem of maximizing coverage of a given area while min-

imizing resource utilization. An optimization problem has been proposed where it is

solved using Particle Swarm Optimization (PSO). Using the provided method, the

drones reach their targets with optimal battery consumption while covering the max-

imum area. However, it does not mention an explicit controller for the drones, and

they do not consider the available network bandwidth to communicate or transport

the data. The coverage of the area is done by optimization and therefore, complete

knowledge of the area is needed, and it has to be updated by all the agents.

In [41], Bist and Singhal propose a real-time immersive surveillance system uti-

lizing a multi-agent based framework where a network of UAVs, coordinated via an

anchor drone and GCS, covers partitioned zones of an inaccessible region. Each drone

in the system uses a Raspberry Pi 3B+ as its main onboard controller to manage

flight logic, Python-based camera control, and the processing of sensor data. While

the core motion planning is based on reaching specific Global Positioning System

(GPS) coordinates and executing pan-tilt camera cycles to maximize geometric cov-

erage area, the available network bandwidth is implicitly considered by establishing

an operational range limit (approximately 100 meters) based on acceptable packet

loss and network latency. Furthermore, video and image qualities are primary consid-

erations of the framework, as the authors evaluate the QoE and Mean Opinion Score

(MOS) across various frame rates to ensure that the live feed remains immersive

and functional without excessive frame freezing. The inclusion of available network

bandwidth is not intended to improve motion control for better visual quality, which

marks a difference from our approach. Moreover, the authors have not mentioned

the main controller of the drones, but they state that the drones follow the given

GPS coordinates. Still, there is a relay drone named Anchor drone which gathers
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the information from the drones and sends them to the GCS. The existence of such

a drone may lead to a single point of failure, which is not a suitable design for such

scenarios.

Choi and Lee in [42] present a bandwidth-aware Coverage Path Planning (CPP)

algorithm for large-scale swarms of UAVs performing wide-area searches with real-

time video streaming requirements. The system utilizes a multi-agent based frame-

work where a swarm of sensing UAVs is supported by an Aerial Base Station (ABS)

that aggregates and relays data to a GCS, which serves as the central entity for

command and control. A critical feature of this research is the explicit consideration

of available network bandwidth in motion planning; the algorithm optimizes band-

width allocation to each UAV to determine the specific mission altitude and path

width necessary to satisfy communication constraints. Furthermore, video and image

qualities are primary considerations, as the framework adjusts the three-dimensional

flight paths to guarantee a required Ground Sample Distance (GSD), ensuring that

resolution is maintained even when limited bandwidth necessitates lower bitrate. For

this work, scalability is a major issue due to the amount of communication for the

streamed videos and also for the commands coming back from the central controller.

Therefore, one direction to improve this work is making the work decentralized or

distributed, and proposing several relay agents to gather the streamed videos. GSD

is a metric used in this paper to show the quality of the videos while flying. The

formula for the GSD is presented in 3.1. This work does not provide a specific con-

troller for drone control, solves collision avoidance by dividing the area rather than

by setting an algorithm for that, uses a relay agent which increases the number of

communications, does not provide constraints about energy usage of the drones, and

finally, the setup is a centralized one which limits scalability.

GSD =
SensorWidth×WorkingDistance

FocalLength× ImageWidth
(3.1)

Huang et al. propose a decentralized navigation scheme for a multi-agent based
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framework consisting of a UAV network designed for real-time road traffic monitoring

and blockage detection in [43]. This work suggests a very useful application of

the drones and provides necessary insights into coverage issues related to traffic

management. The main controller for each drone utilizes sliding-mode navigation

laws to determine the heading and linear speed as control inputs across four distinct

operational modes: initial, searching, accumulating, and monitoring. The system

requires agents to share positions and sensor measurements to coordinate movement

and minimize coverage overlap. The available network bandwidth is not explicitly

considered in the motion planning. Furthermore, while the article mentions that the

drones’ altitude should be selected to ensure sufficient image resolution, specific video

or image quality metrics are not integrated into the motion planning or optimization

algorithms. One of the strength points of this work is having a decentralized manner

to do the monitoring using the information from the neighbor agents.

In [44], the authors present a multi-UAV system for search-and-rescue missions

that leverages 5G connectivity for real-time, high-bandwidth communication. The

framework includes four guidance algorithms: formation control flying, collision

avoidance, cooperative searching, and target tracking. For control, each UAV em-

ploys a PID controller within a centralized virtual structure formation scheme. Ob-

ject tracking is performed using a Convolutional Neural Network (CNN) and two

flight modes are supported: manual and autonomous. Two different formations have

been considered to provide better coverage in different scenarios. Drones stream the

captured videos to a GCS; however, the quality of the videos does not affect the mo-

tion of the drones. Also, the available network bandwidth has not been considered

in the captured videos or motion planning of the drones.

Zahínos et al. [45] proposed a distributed control framework for multiple cameras

mounted on robots to perform area surveillance. The distributed control directs the

cameras to capture frames with high information content by minimizing the aggregate

information loss per camera pixel. The control method leveraged for the robots is
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a decentralized gradient-based control whose goal is the minimization of local cost

functions. One of the interesting features of this work is that drones change their

altitude to cover the given area in a complete way. For example, if the number of

drones changes during the mission, other drones change their altitude to compensate.

Although the proposed algorithm is efficient in terms of scalability and compensation

of the drones, the network bandwidth and the quality of the captured videos are not

considered in the motion planning of the drones.

Relay drones have become a prominent research topic due to their potential in

challenging scenarios, such as when a base station is temporarily unavailable or

when a large number of users require network connectivity. In cases involving video

transmission, drones equipped with streaming capabilities play a crucial role. To

address this, Chen et al. [46] investigated the problem of optimal bandwidth and

power allocation for drone-based relay networks to ensure high and sustainable user

QoE. Their model defines QoE in terms of two key factors–video freeze time and

bitrate–while accounting for the channel model and available bandwidth in both the

optimization and its constraints. In contrast, our work focuses on a different scenario,

where UAVs are allowed to change their altitude to trade detail for coverage when

the network bandwidth is scarce. In this work, the motion planning of the drone is

not considered; therefore, having a stationary drone, the bandwidth is allocated to

different users optimally in order to improve the QoE.

In [47], the authors present a flight path optimization strategy for UAV-mounted

base stations operating within heterogeneous networks. The goal is to maximize

users’ QoE in video streaming scenarios by adapting the UAV’s movement based on

network conditions and user demands. The authors propose a Q-learning–based algo-

rithm where the UAV acts as an intelligent agent that learns the optimal trajectory

across user clusters. The reward function is designed around QoE-related metrics,

primarily focusing on minimizing video packet delay, which directly impacts video

smoothness and buffer stability. The study highlights the potential of reinforcement
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learning for UAV path planning in multimedia applications. However, no area cover-

age or bandwidth-related path planning techniques are investigated since the goal of

this paper is using a relay drone with reinforcement learning to provide high-quality

videos for users.

Several studies have addressed the problem of achieving full coverage of a given

area through path planning techniques for drones while meeting specific performance

criteria. For instance, in [48], an energy-aware path planning approach for a single

drone was proposed using a genetic algorithm consisting of a traveling salesman

formulation to achieve area coverage while accounting for the drone’s energy con-

sumption. This work mainly focuses on the efficient flight of the UAVs with the

lowest number of turns by providing path planning based on that. Although this

paper does not explicitly discuss cooperative behavior or visual quality, it provides

an interesting idea for the coverage of a given area.

The path planning for the coverage of an area using multiple drones in emer-

gency scenarios has been investigated in [49]. The main goals set by the authors are

minimizing the completion time of the mission and providing an efficient coverage

path for multiple heterogeneous agents. A two-phase method called the Grid-based

Coverage Path Planning (G-CPP) algorithm is proposed including grid-based area

decomposition and path planning for multiple agents. The application primarily

targets maritime search and rescue operations aimed at locating potential survivors.

Note that no variation in the altitude of the drones is introduced since the application

is different from ours.

3.2 DC Islanded Grids

3.2.1 Introduction of DC Islanded Grids

The increasing utilization of RES, especially solar and wind, is transforming power

systems from centralized generation toward decentralized architectures. In this con-
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text, DC Microgrids (DC-MGs) have emerged as a promising paradigm for the ef-

ficient integration of components with inherently DC characteristics, such as most

RESs and loads, as well as Energy Storage Systems (ESS)s [50]. Fig. 2.5.1 illustrates

a generic structure of an isolated DC-MGs. Isolated DC microgrids can be found

in applications such as remote telecommunication sites, data centers, off-grid resi-

dential or industrial areas, and so on [51]. This paradigm reduces energy losses by

eliminating multiple conversion stages. Moreover, the absence of frequency, reactive

power, and grid synchronization requirements simplifies DC-MGs control [52].

In modern stand-alone DC-MGs that rely on intermittent RESs, maintaining reliable

operation remains a primary challenge. The inherent variability of these sources

can exacerbate the mismatch between supply and demand [51]. Since the system’s

power balance primarily affects the common bus voltage, this equilibrium must be

maintained in real time to keep the bus voltage close to its nominal value [53]. To

address this issue, Battery Energy Storage System (BESS)s, owing to their capability

for bidirectional energy flow, represent a great solution to act as backup units and

support the microgrid, thereby enabling an autonomous entity.

When multiple BESSs are connected in parallel, it is desirable for batteries with

different capacities and initial State of Charge (SoC) levels to contribute to power

compensation according to their specific characteristics. Following this, their SoC

differences can be equalized over time [54]. Achieving such SoC balancing is desired

to minimize the depth of discharge of individual batteries and to prevent overcharging

or deep discharging [53]. Consequently, this decreases the degradation of the BESSs

and ensures a longer service life [55].

Another aspect to be considered is the energy generation units. When multiple

generation units (e.g., PVs and wind turbines) operate within the DC-MGs, it is

desirable to perform in Maximum Power Point Tracking (MPPT) mode to harvest

all available power. However, this is not always desired in isolated grids since it can

lead to an excess of produced energy and potential overcharging of the batteries [56].
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Therefore, in such cases with fully charged batteries, there should be a mode to curtail

the power and manage the supply. To this end, various ratings of RESs should also

be taken into account in determining their participation in power provision [55]. It

can be concluded that, besides voltage regulation, SoC management of battery packs

and accurate current/power sharing among in-service units are crucial for safe and

reliable operation of the microgrid [54].

3.2.2 Related Work for the Islanded Grids

Authors in [57] propose a consensus tracking control method for managing the en-

ergy and SoC balancing of BESS within grid-connected AC microgrids. The proposed

method adds a target power term to a consensus average control law, allowing bat-

teries with different capacities and initial SoCs to follow a variable reference load

curve. The strategy uses linearized state-space battery models and applies the lin-

ear quadratic regulator method to design feedback gain matrices that ensure system

stability while minimizing the tracking errors. Individual battery agents share their

local SoCs and power state vectors with neighboring units to reach consensus accord-

ingly. The batteries have a target/leader agent which is different from our case where

they work leaderless, and there is not any target value to reach for SoC but to meet

the demanded energy and reach the SoCs to a consensus point which is time-varying.

The [58] introduces a distributed control algorithm designed for DC microgrids

to achieve proportional current sharing and voltage regulation. The strategy uses a

consensus-like algorithm to distribute the current load proportionally to each unit’s

capacity and employs sliding mode control to ensure the system reaches a stable

state (manifold) in a finite time, regardless of initial conditions. To reach consensus

the storage units share their provided currents with other batteries, and the method

claims the prevention of circular currents among the batteries.

A distributed cooperative control scheme for Energy Storage Unit (ESU)s in DC

microgrids has been proposed in [59]. It features a primary control level that dy-
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namically adjusts droop coefficients based on SoC and a secondary control level that

exchanges power information to ensure precise power distribution and bus voltage

recovery. SoC information is being shared among the agents to achieve consensus

and also to adjust the droop control coefficients. So, this paper considered both

primary and secondary control structures in its design where consensus occurs at the

secondary control level.

In [60], the authors propose a secondary distributed control approach to restore

nominal voltage levels and properly distribute current among converters in islanded

DC microgrids. It uses a ”leader node” to guide voltage adjustments and implements

correction terms to ensure precise current allocation between units even when line

resistance varies. To reach consensus, agents share voltage tracking errors and current

ratios (output current divided by rating) with their neighbors.

To sum up, the mentioned papers provide consensus algorithms to manage the

states of charge of the storage units in islanded grids while meeting the demanded

current. Different control methods have been used as the secondary or primary

control levels. The main idea outlined in this work is providing a precise model of

the converter for the batteries in which the reference currents and the real battery

currents are involved. Details will be discussed in section 8.1.5.





Part I

Motion Planning for Drones

51





Chapter 4

Swarm Control with Predefined

Path

4.1 Rectangle Area Coverage with a Predefined

Path

In this section, we describe the scenario and the control goals to be achieved with

a rectangular area to be covered with a predefined path. Let us consider a swarm

of drones equipped with cameras – such as the one depicted in Figure 4.1.1 – that

are required to track a predefined path and monitor an area (e.g. a field, town, etc.)

for a specific purpose such as firefighting, border patrolling, agricultural applications,

surveillance, object detection, etc. The camera mounted on each drone is supposed

to point vertically to the ground and scan a square area whose width depends on

the drone’s altitude. The video content captured by the cameras is then sent to a

GCS using a network connection such as a 5G link. Such a station is in charge of

receiving in real-time the video flows sent from all the agents and stitching together

the frames to obtain an overall video scanning the area beneath the drones.

Stitching algorithms between two or more video frames usually require a certain
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amount of overlap, i.e. a scanned area in common, and high-quality videos [61,

62]. In fact, the first step of such algorithms is to perform feature detection in the

frames, i.e. common feature points in the videos coming from different agents. For

this purpose, the received videos need to be as high-quality as possible, otherwise,

stitching techniques based on image features extraction might fail. In addition, since

a certain overlap is required among videos, the drones should fly close together

to provide the overlapped videos while avoiding the collisions and maximizing the

covered area.

From a practical viewpoint, the drones are provided with an Internet connection

to communicate with each other and with the base station to send the captured

videos. Therefore, each drone is assumed to be able to exchange information with all

the other drones according to a complete directed graph. Furthermore, in a realistic

scenario, the available network bandwidth depends on the drone’s location in the

area and on the number of users using the network bandwidth. Thus, the available

network bandwidth is a variable not known beforehand and modeled in this thesis

as a measurable disturbance. As such, the available network bandwidth can be

measured using both passive and active bandwidth estimation techniques [63].

Due to the variable bandwidth, each drone sends the video with varying visual

quality. For this reason, when the available network bandwidth is low, it is desirable

for the drone to fly in lower altitude, getting closer to the ground, in order to capture

more detailed frames. On the contrary, when the bandwidth is high, the drone can

increase its altitude to increase the coverage while at the same time maintaining

a reasonable level of visual quality. A useful parameter that measures the size in

meters of a pixel acquired by a camera is the GSD, which is a central feature in

UAV-based photogrammetry [64].

At the same time, the swarm is supposed to keep a wide area coverage. To this

end, it would be desirable for drones to fly as distant as possible from each other but

without losing the overlap among the corresponding scanned areas. In addition, to
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maximize coverage, they would also fly at the maximum altitude in order to get the

widest scanned area possible.

In the described scenario, each drone has two contrasting goals: i) provide a

good percentage of overlap among the videos and the best visual quality for each

video captured and ii) increase coverage of the region of interest. To achieve the first

goal, each drone would keep a relatively low altitude, which consequently implies a

decrease in the GSD and an increase in the visual quality. On the other hand, the

coverage is improved when the altitude is increased since the cameras mounted on

the drones can capture a wider region. Therefore, there is a trade-off between the

area coverage and QoE of the captured videos.

Moreover, to cover the area, a leader drone is chosen to track a predefined path

while the other agents are simply required to catch up with the leader keeping a safe

distance both from the leader and themselves. Notice that the altitude of each drone

changes as they move on according to the measured available network bandwidth.

The leader-follower framework is needed if the swarm of drones is not sufficient to

cover the area completely, which is the more common case. In such scenarios, the

drones need either to know the area and follow a predefined path or to plan a path

to follow. This creates the need for a leader agent with global information about the

environment and the mission objectives. A leaderless framework can be applied in

scenarios where each drone is assigned a specific coverage area to follow a repetitive

path pattern or perform path planning independently. However, this approach is

costly, since each drone requires high computational capability and global knowledge

of the environment.

4.2 NMPC for Predefined Path - Rectangle Area

Let us consider the agents’ discrete-time dynamics as a first-order integrator as shown

in (4.1).
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Figure 4.1.1: The leader drone follows a predefined path and the rest of the swarm
are following the leader.

si(k + 1) = si(k) + Tsui(k), i = 1, . . . , N (4.1)

where si = (xi, yi, zi)
T represents the vector of the 3D coordinates of agent i, Ts

is the sampling time, N is the number of agents, and ui = (ux,i, uy,i, uz,i) is the

control input vector for agent i. The Nonlinear Model Predictive Control (NMPC)

formulation for each agent is the following:

Minimize
ui

Ji (4.2)

subject to si(k + 1) = si(k) + Tsui(k) (4.3)

zmin ≤ zi ≤ zmax (4.4)

∥Xi(t)−Xj(t)∥2 ≥ 2Rsafe (4.5)

|ui| ≤ umax (4.6)

|∆ui| ≤ ∆umax (4.7)
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where the cost function Ji assumes a structure that depends on the nature of the

agent, i.e. leader or follower, and on the state of the swarm as discussed in section

4.3. For the practical view of the problem, several constraints have been defined

as follows. Eq. (4.3) represents the system dynamics, Eq. (4.4) limits the flight

altitude, Eq. (4.5) is set to avoid collisions where, Xi = (xi, yi)
T is the 2D position

of the i-th agent and Rsafe defines the safety distance that the drones must always

keep with the other drones, Eq. (4.6) limits the control input, and Eq. (4.7) limits

the changes in the control input. All these constraints are dependent on the specific

application meaning that they can change accordingly.

Note that the leader, from now on identified by index i = 1, tracks the reference

path (computed by the path planner or a predefined path) neglecting the collision

avoidance constraint (4.5), which is left in the NMPC of the followers to keep a safe

distance from their neighbors including the leader agent.

Without loss of generality, we consider the area covered by each drone to be a square,

whose dimensions are determined by the drone’s altitude. The reason for this choice

is the camera structure which always provides a rectangular (or square) shape for

the captured video; therefore, to mimic what the drone sees, the square shape has

been chosen as the coverage area of each drone. That is why the norm infinity has

been chosen for the overlapping cost in Eq. (4.11). The relationship between the

altitude of agent zi and the side length Li of the square defining its scanned region

is as in Eq. (4.8), where ϕ denotes the camera’s angular aperture [43].

Li = 2zi tan(ϕ/2) (4.8)

There are cases in which the overlap between the agents decreases or is lost, thus

generating a detachment. To avoid this detachment, the swarm switches between

two possible states including the Tracking State and Recovery State.
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4.3 Tracking and Recovery States

In the proposed scenario, we consider two situational states for the drones’ motion

named i) Tracking State (T), and ii) Recovery State (S). The reason for having these

two states is to have the team moving together with the leader to avoid any kind of

detachment among the captured videos. Due to the fact that MPC relies on solving

an optimization problem, there are cases where the solution at certain time-steps

cannot reach the optimal solution and instead follows a suboptimal solution. Based

on the definition of the optimization problem, following the leader can be neglected

in certain scenarios since the trade-off cost for the drones makes them stand still

with the rest of the swarm instead of following the leader. As a result, the leader

moves and the others stop, causing detachments among the received videos. In these

situations, we stop the leader waiting for the others, and the others have to reach

the leader as soon as possible. These suboptimal cases made us propose two moving

steps for the drones.

Tracking State. The tracking state is for when the movement of the drones has

overlapped Field of View (FoV) without any risk of detachment. Therefore, the

leader follows the path, optimizes its control input, and tracks the reference flight

altitude. The followers track the leader, optimize their control input, and track the

reference flight altitude.

Recovery State. In this state, the distances among the drones initiate a risk of

detachment among the captured videos. To avoid detachment, the leader stops

moving waiting for the other agents to catch it, tracks the reference flight altitude,

and optimizes its control input. On the other hand, the other agents track the

leader with a higher optimization weight, regroup with the rest of the drones as a

new optimization term which is added to their optimization cost function only in

recovery state, track the reference flight altitude, and use their maximum possible

control input to move reducing the risk of detachments.
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4.4 Cost Functions for NMPC

The cost function adopted by the leader in the NMPC for tracking state (T ) is

illustrated in Eq. (4.9), and for the rest of the followers is as in Eq. (4.10):

J1,T = wpJp + wzJz + wuJu + w∆uJ∆u, (4.9)

Ji,T = wlJl + wzJz + wuJu + w∆uJ∆u, (4.10)

Jp =

Np∑
k=1

∥∥Xi(t+ k|t)− X̄(t+ k)
∥∥
∞ (4.11)

Jz =

Np∑
k=1

∥zi(t+ k|t)− z̄i(t+ k)∥2 (4.12)

Ju =
Nc∑
k=1

∥ui(t+ k − 1)∥2 (4.13)

J∆u =
Nc∑
k=1

∥∆ui(t+ k − 1)∥2 (4.14)

Jl =

Np∑
k=1

(∥Xi(t+ k|t)−X1(t+ k)∥∞ − r(Ri +R1))
2 (4.15)

In equations (4.11) to (4.15), Np is the prediction horizon and Nc is the control

horizon considered in the NMPC controller. Jp is the cost related to the path tracking.

In particular, X1(t) is the 2D location of the leader agent at time t, whereas X̄(t)

is the reference planar location produced by a predefined path or an online path

planner at time t. Jz is associated to the altitude tracking. In particular, z1(t)

denotes the leader’s altitude and z̄1(t) is the leader’s reference altitude at time t

computed according to the available network bandwidth. Ju is the cost for the
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control effort and J∆u is the cost related to the variation of the control input. The

term Jl makes agent i follow the leader. Ri is half the side of the square FoV of agent

i at a certain time-step. By setting 0 < r < 1, the agents strive to get an overlap

with the leader.

In Eq (4.9) and Eq (4.10), wp, wz, wu, w∆u, wl are weights to be properly tuned.

For the recovery state (S), as mentioned in section 4.3, the leader stops following

the reference path waiting for the others to reach; therefore, the cost function related

to the leader loses the term Jp responsible for the path tracking as follows:

J1,S = wzJz + wuJu + w∆uJ∆u (4.16)

Regarding the followers in recovery state, the cost function does not penalize the

control input and its changes allowing full recovery from this state as soon as possible;

therefore, the cost function for the followers is as in Eq. (4.17):

Ji,S = wlJl + wzJz + wfJf (4.17)

Jf =
∑
j∈Ni

(

Np∑
k=1

(∥Xi(t+ k|t)−Xj(t+ k)∥∞ − r(Ri +Rj))
2) (4.18)

where Jf represents the term responsible for keeping the agents together, ensuring

a desired level of overlap between their scanned areas. As in the tracking state (T ),

wz, wu, w∆u, wl, and wf are weights to be properly tuned for the recovery state (S).

Considering a fully connected directed graph for Jf will lead to poor altitude

tracking. To avoid this, we adopt a new graph which is named Actuation Graph.

Actuation graph is a graph where the number of connections is lower than the fully

connected graph leading to a faster computation and lower demanded communica-

tions. So, the neighbors inside this graph will be used to compute the overlap among

the drones. For this new graph, and therefore for Jf , let Ni = {j ∈ V : (j, i) ∈ E},

where G(V , E) is the actuation graph with the minimum amount of connections
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shown in Fig. 4.4.1. The reason why this graph has been chosen is to have the

minimum amount of connections among the agents, and to have a direct connection

to the leader for all the agents to follow the leader. Similarly to Eq (4.15), the

overlap between the agents’ scanned regions is controlled by the term r(Ri + Rj),

where 0 < r < 1 specifies the desired overlap ratio. A value of r close to 1 results

in minimal overlap, whereas decreasing r causes the agents to move closer together,

thereby increasing the overlap.

Agent 2

Leader

Agent 1 Agent 3

Agent N Agent N-2

Agent N-1

Figure 4.4.1: The actuation graph among the agents.

4.5 Correlation Between Bandwidth and altitude

To determine z̄i in Eq. (4.12) for each agent, we use the following monotonically

increasing function to build a relationship between the estimated available bandwidth

b and z̄i.
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Table 4.1: Values of the weights in the cost functions of the NMPCs

wl wp wf wh wu w∆u

J1,T 1.5 - - 5 0.001 0.001
Ji,T - 0.5 - 1.5 0.001 0.001
J1,S - - - 0.5 0.001 0.001
Ji,S 1.5 - 0.3 1.5 - -

z̄i(b) =


zmin b < bmin

S · b+ zmax − S · bmax bmin ≤ b ≤ bmax

zmax b > bmax

(4.19)

where S is defined as S = (zmax−zmin)/(bmax− bmin). Notice that this function could

be replaced by any other mapping able to describe the relationship between altitude,

visual quality, and available bandwidth more effectively.

4.6 Simulation Results for Predefined Path - Rect-

angle Area

In this section, simulation results for the provided methodology have been illustrated

to show the coverage of the swarm, trajectory of each drone, and altitude tracking

of the drones. In particular, we discuss the results obtained for N ∈ {3, 5, 6}, where

N is the number of agents, and for three possible predefined paths: a Sine-like, a

Semicircle-like and a Road-like shape, which aims at simulating a road. Moreover,

we have set the values for the weights in the cost functions of the MPC as in Table

4.1.

Then, to run the NMPC, we set r = 0.4, Np = 5, Nc = 2, Rsafe = 2m, hmin = 4m,

and hmax = 10m. Finally, the upper and lower bounds for ∆ux,∆uy,∆uz have been

set to an absolute value of 0.1m/s2 for all agents. Notably, the velocity of the leader

is intentionally set lower than that of the follower agents. This allows the swarm to
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maintain formation, ensuring that the followers can keep pace with the leader. For

this reason, ux,max = 0.7m/s, uy,max = 0.7m/s in Eq. (4.6) for the leader, whereas

ux,max = 1m/s, uy,max = 1m/s for the other agents. Regarding uz,max, it has been set

to 0.1m/s for all the agents to avoid abrupt changes in altitude and, therefore, in

terms of covered area.

Concerning the available network bandwidth, we set it by drawing from a uniform

random distribution of bandwidth values over the area to be scanned. Such values

are then variable in space but assumed to be constant in time and altitude. This

distribution has been employed to run all the following simulations for fair compar-

isons and considerations. Notice that the choice of generating random bandwidth

between a minimum value of 500 kbit/s and a maximum value of 5000 kbit/s defines

a realistic bandwidth profile due to its unpredictability. Moreover, to the best of our

knowledge, no dataset providing measurements of wireless channels as a function of

the geographical position of a drone exists.

Let us start by considering the case N = 3, where, as shown in Fig. 4.6.1(a) and

Fig. 4.6.1(b), the leader is required to track a Sine-shaped path and a Semicircle

path while the followers surround it. From the figures, it is possible to state that

the drones, whose initial positions are denoted with round markers, strive to follow

the leader in space while sticking together. On the x, y-plane, the reference path for

the leader (black dashed line) and the leader’s trajectory projection on this plane

(light blue line) are depicted, thus showing good performance in terms of tracking.

Moreover, this plane also displays in gray the total area scanned by the swarm. The

z-axis represents the altitude of the drones, which is shown to change along the path

due to its dependence on the bandwidth.
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(a) N = 3 for Sine-like path.
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(b) N = 3 for Semicircle-like path.

Figure 4.6.1: Drones’ trajectories and area coverage for N = 3.

The visual comparison is presented for different numbers of drones and varying paths

in Fig. 4.6.2 to Fig. 4.6.5.
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(a) N = 3 for Road-like path.
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(b) N = 5 for Sine-like path.

Figure 4.6.2: Drones’ trajectories and area covered for N = 3 and N = 5
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(a) N = 5 for Road-like path.
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(b) N = 5 for Semicircle-like path.

Figure 4.6.3: Drones’ trajectories and area covered for N = 5
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(a) N = 6 for Road-like path.
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Figure 4.6.4: Drones’ trajectories and area covered for N = 6
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Figure 4.6.5: Drones’ trajectories and area covered for N = 6 and Semicircle-like
path.

Figure 4.6.6 shows the dynamics of the altitude tracking error for the case of

N = 6 agents. In other words, it can be seen that, starting from the same initial

altitude, each agent is able to track its reference altitude almost perfectly after a

transient. Notice that, as already explained, each agent has a different reference

altitude in that it depends on the particular position of the agent at each time-step

and on the available network bandwidth in that point. Similar considerations can

be made for the other cases.
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Figure 4.6.6: Tracking error of the altitude for N = 6

As expected, increasing the number of agents leads to an increased total scanned
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area. In Table 4.2, the total coverage areas produced by the agents for N ∈ {3, 5, 6}

are listed. Note that, for each reference path, such areas are normalized with respect

to the area obtained when N = 3. As expected, the data show a growing trend and

the scanned areas experience an increase of about 30 % when passing from N = 3 to

N = 6 for all the three paths.

Let us now carry out a sensitivity analysis for the case of N = 5 agents tracking a

Sine-like path. To evaluate the efficiency in terms of detachment avoidance, we test

the framework by varying the values of ux,max and uy,max of the leader from the set

{0.7, 0.8, 0.95}. Subsequently, we are interested in evaluating the time spent by the

swarm in the recovery state, i.e. when the leader stops tracking the desired path to

wait for the other agents to catch up and regroup. The higher this amount of time,

the more the efficiency of the framework deteriorates since more time is required to

the swarm to complete the task. To the purpose, we define the following efficiency

index:

η = 1− TS

Ttot
(4.20)

where TS is the amount of time spent in recovery mode while Ttot is the time spent

to accomplish the whole mission. Therefore, a higher η implies a better performance

and a low amount of fraction of time spent in recovery state. Results show that,

when the leader’s maximum velocity is set to 0.7m/s, the measured efficiency η is

approximately 0.9. Increasing the velocity to 0.8m/s results in lowering the efficiency

to 0.86, and further increasing it to 0.95m/s reduces η to 0.82. This observation

suggests, as expected, that allowing the leader a higher velocity to track the reference

path increases the likelihood of switching to the recovery state.

In other words, the leader will stop more times to wait for the rest of the swarm.

Notice that, on the other hand, making the velocity of the leader too low would

lead to tracking issues in that the number of samples of the reference path should

be increased and the total time to complete the task-even without switching to the
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Table 4.2: Normalized total scanned area as a function of N for each considered
scenario

N = 3 N = 5 N = 6
Sine 1.0 1.19 1.37
Road 1.0 1.17 1.28

SemiCircle 1.0 1.26 1.36
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Figure 4.6.7: Agents’ coordinates dynamics in the case of a switch between Tracking
and Recovery states

recovery state-would increase, too. Therefore, finding an optimal balance in the

leader’s velocity is crucial for maintaining efficient swarm operation and minimizing

the need for recovery interventions.

With this in mind, let us further investigate what happens when the swarm

switches from the tracking to the recovery state and vice versa. During the simulation

with N = 5 agents tracking a Sine-like path, one of the cases when the swarm enters

the recovery state occurs in the interval 86–97 seconds. This period is depicted by

the shaded gray area in Figure 4.6.7. This figure shows the dynamics of the x and

y coordinates of the agents. In the shaded area, that is, when the swarm is in the

recovery state, it can be observed that the coordinates of the leader do not change
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Figure 4.6.8: Areas scanned by the agents at two different time-steps

over time, i.e. the leader has stopped to allow the swarm to regroup.

By looking at the coordinate dynamics, it can be seen that, when in the recovery

state, the agents are rather far from each other, whereas before or after this switch

the coordinates present a converging trend. To better understand this concept, Fig-

ure 4.6.8 provides a visual representation of the areas scanned by the drones when

in the recovery state (dashed squares) and in the tracking state (solid-lined squares).

In the recovery state, the agents are not close enough to each other, increasing the

risk of detachment. Therefore, the leader, represented in the figure as a blue square

tracking the dashed reference path, does not move until the scanned area of each

agent has enough overlap. The solid-lined squares show an example of the swarm in

the tracking state, thus without risk of detachment, which presents a considerably

higher total overlap.

Similar conclusions could be drawn for the case of a different number of agents
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or a different reference path. Finally, Table 4.3 reports the measured efficiency

index for all the considered cases. In general, when the number of agents increases,

the efficiency tends to decrease. This is to be expected since, when the number of

agents becomes large, it is harder to move together, thus increasing the possibility

of detachment as well as the value of TS.

Table 4.3: Efficiency η as a function of N for each considered scenario

N = 3 N = 5 N = 6
Sine 0.94 0.87 0.91
Road 0.90 0.85 0.83

SemiCircle 0.91 0.87 0.88



Chapter 5

Online Path Planning

5.1 Rectangle Area with Online Path Planning

Consider the same scenario mentioned in section 4.1, where instead of having a

predefined path for the leader drone, the leader does an online path planning based

on the information gathered from the other agents’ covered area.

To cover the entire area of interest and to actively explore uncovered areas, an

online path planner at the leader has been designed. The Path Planner in Fig-

ure 5.1.1(a), based on the leader’s location s1 and on the other agents’ coordinates

si, i = 2, . . . , N , where si = (xi, yi, zi)
T and N is the number of agents, computes the

reference point (x̄1, ȳ1) that the leader has to reach at the next time-step. At this

point, based on (x̄1, ȳ1) and z̄1, namely the coordinates to be tracked on the (x, y)

plane and along the z-axis, respectively, the NMPC computes the velocity input u1

that the leader has to set to get to the reference point. Notice that the path plan-

ner, which is inside the leader’s architecture, is aware of the other agents’ dynamics

and locations. Therefore, each drone has two contrasting goals: i) maximize the

video quality based on the available bandwidth with a good amount of overlap, and

ii) maximize the coverage of the area.

71
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Figure 5.1.1: Proposed control architecture for the leader and the followers.

Although the followers employ the same procedure to transmit the captured video to

the GCS (see Figure 5.1.1(b)), their control inputs are computed differently, since

they do not run the path planning algorithm. Based on the reference altitude map-

ping mentioned in Eq. (4.19), and on the planar coordinates (xi, yi) of all the swarm,

the NMPC computes the control input ui.
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Leader

Figure 5.1.2: The leader plans the path to provide maximum coverage and the rest
of the swarm are following the leader.

5.2 NMPC for Online Path Planning - Rectangle

Area

In order to avoid repetition, in this scenario, we cover only the differences in the

methodology with respect to the scenario mentioned in 4.1. So, the same dynamics

in Eq. (4.1) are considered for the drones. The recovery and tracking states still

apply to the problem as explained in section 4.3. The differences in this part include

i) the online path planning for the leader based on the covered area of the swarm

of drones, and ii) the constraint regarding the changes of the control input has been

omitted from the optimization problem. Therefore, the formulation of the problem

will change as follows.
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Minimize
ui

Ji (5.1)

subject to si(k + 1) = si(k) + Tsui(k) (5.2)

zmin ≤ zi ≤ zmax (5.3)

∥Xi(t)−Xj(t)∥2 ≥ 2Rsafe (5.4)

|ui| ≤ umax (5.5)

where the parameters are the same as in the previous formulation in section 4.2. No

constraints are imposed on the rate of change of the control input, as doing so would

increase computational complexity and may lead to infeasibility of the optimization

problem. Although this can be considered as a weak point, several papers mention

the same problem, that the solution for the optimization becomes infeasible when

the number of constraints increases; therefore, the constraint regarding ∆u can be

omitted. The leader, denoted by i = 1, plans a path based on the gathered coverage

information of the other agents, and tracks this path while disregarding the constraint

(5.4), leaving the task of keeping a safe distance from the leader to the other agents.

The same area scanning logic has been taken into account as in Eq. (4.8). The rest

of the methodology is the same as stated in section 4.2.

5.3 Online Path planning - Rectangle Area

This section presents the proposed online path planning technique used to achieve

coverage of a fixed rectangular area known to the leader of the swarm. Figure 5.3.1

illustrates a scenario with three UAVs, where UAV 1 acts as the leader. Obviously,

the total scanning area of the UAVs at each time-step is not constant because it

changes in size and shape due to variable altitude that is imposed by the available

network bandwidth.
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Figure 5.3.1: Formation scheme - online path planning

The proposed path planner is run by the leader and works as follows. Given

the initial configuration and scanned area, each UAV communicates its position to

the leader. At this point, the leader computes the union of all the scanned areas,

denoted as union shape (orange shape in Figure 5.3.1), and runs the path planner,

which, based on such an area and the map of the environment, computes the next

reference point of the path. The leader then runs the NMPC to compute the required

velocities to reach that point, while the other UAVs run their own NMPC to follow

the leader and stay close together. At the next time-step, all the UAVs communicate

their new positions to the leader and the procedure iterates.

It is important to point out that, in a realistic scenario, if a UAV moves from

one point to another close point and such a movement is performed in a reasonably

short amount of time, the available network bandwidth does not change abruptly.

A widespread approach to achieve coverage when the scanned area is constant is

to follow a lawnmower path. Therefore, inspired by this approach, we have designed

an adaptive path planner, i.e. a path planner dependent on the variable scanned

area. At this point, locating, without loss of generality, the initial formation in a top
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left area of the rectangular map, the general approach is to proceed along the x-axis

on the right while also adjusting the path along the y-axis to improve coverage and

avoid blind spots, i.e. uncovered areas, when the union shape changes. Once the

right border is reached, the swarm moves downwards by a certain number of steps.

Then, the swarm goes from right to left, and so on.

Concerning the coordinate on the x-axis of the next reference point of the path

when going from left to right (right to left), the general lawnmower approach is first

evaluated. In other words, the current union shape is projected straight onward

along the x-axis on the right (on the left) with zero displacements on the y-axis. The

step dx along the x-axis is computed as shown in Algorithm 1 (Line 1).

Algorithm 1 Computation of dx and dy

1: dx ← (1− 2 ·mod(flip, 2)) · dxmax
2: Compute p
3: dy ← 0
4: if p < Lthr then
5: dy ← dymax · (1− p

Lthr
)

6: else if p ≥ Hthr then
7: dy ← −dymax · p

100

8: end if

flip is an indicator of the direction and is used as follows: if it is even, the swarm

goes from left to right; otherwise, the UAVs move from right to left. dxmax is the

maximum reference distance that the path planner can impose in a time-step (see

Figure 5.3.1). Notice that dxmax has to be chosen according to the maximum power

of the drones.

The step in the y direction is computed on the basis of the percentage of overlap

with the upper or lower previously scanned area or with the border of the map.

We want to keep such a percentage within a tunable interval for two reasons: the

lower bound Lthr guarantees full coverage of the area, whereas the upper bound Hthr

prevents the swarm from going too much out of the unexplored area of interest. In

the meantime, the overall polygon given by the union of all the union shapes at each
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Figure 5.3.2: Polygon computation and turning phase

time-step is computed and stored. As the swarm moves across the map, whether

from left to right or vice versa, the path planner evaluates the percentage of overlap

between the current union shape and the overall polygon to determine the extent of

coverage overlap. In addition, in this case, we want the current union shape to slightly

overlap with the overall polygon above it. Also for this case, we want to keep the

percentage within a tunable interval for the same reasons as before. It is important

to point out that, in order to compute the overlap with the already explored area,

the recently computed union shapes that overlap on the right or left with the current

one have to be discarded from the computation of the overall polygon.

Figure 5.3.2 clarifies the aforementioned step of the proposed path planning al-

gorithm. For the sake of simplicity, in the example shown, we assume that the

union shape at each time-step is a square, but the algorithm works for polygons with

general shape.
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The overall polygon (brown shape) is computed by discarding the recently com-

puted union shapes (blue square) that overlap with the current union shape (con-

tinuous orange square). This way, the area of overlap (light blue area in the figure)

between the projection of the current polygon (dashed orange square) and the overall

polygon is not affected by a possible lateral overlap with recent union shapes (blue

square). Notice that this is not the case illustrated in the figure, but since the step

forward can be small, it is likely to occur. It is also the case to specify that the blue

square in the figure is discarded at the current time-step but will be taken into ac-

count to grow the overall polygon later in time when it does not overlap the current

union shape.

Due to these considerations, the step along the y direction has to depend on the

percentage of overlap related to the overall polygon (light blue area in Figure 5.3.2)

or to the border of the map. Such a step is computed according to Algorithm 1

(Lines 2–8).

p is the percentage of overlap of the current union shape with the border or the

overall polygon that has to be computed at each time-step. Lthr and Hthr are the

lower and upper thresholds for the percentage of overlap, respectively, and dymax is

the maximum reference distance that the path planner can impose in a time-step

along the y-axis (see Figure 5.3.1). Notice that dymax has to be set according to the

maximum power of the drones. In short, when p < Lthr, dy is a fraction of dymax,

which increases as p decreases, and vice versa. If p ≥ Hthr, then dy is a fraction of

−dymax, which increases as p increases, and vice versa. Only when complete overlap

occurs, i.e. p = 100, it results in dy = −dymax. Notice that if Lthr ≤ p < Hthr, dy = 0,

i.e. the swarm goes straight without adjustments in the y direction.

When the swarm reaches one of the two vertical borders, it goes vertically down

for a number of steps equal to ⌊γ · V ⌋, where V is the maximum length of the current

union shape along the y-axis and γ ∈ N is a tunable strictly positive parameter whose

value does not affect the correct flow of the algorithm. It has been observed that,
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Table 5.1: Values of the weights in the cost functions of the NMPCs

wl wp wf wz wu w∆u

J1,T - 15 - 2 0.001 0.001
Ji,T 1.5 - - 3 0.001 0.001
J1,S - - - 2 0.001 0.001
Ji,S 3 - 1 3 - -

for better performance, a good choice for such a parameter is a value in the interval

[10, 20].

Once these steps have been taken, flip is increased by 1. In other words, if the

swarm is going from left to right, i.e. flip is even, and meets the vertical border, it

goes down and flip becomes odd, thus changing the direction of dx. This procedure

is displayed in Figure 5.3.2 with green arrows and squares. As soon as the swarm

touches the boundary, it takes two steps downwards before updating flip and turning

around. As one can notice from the figure, for the steps taken downwards both dy

and dx are nonzero. In particular, dy = −dymax and dx is proportional to the overlap

with the lateral boundary. During these steps, similarly to the computation of dy

in Algorithm 1, the algorithm computes dx to obtain a nonzero tunable overlap to

increase coverage. Choosing dx ̸= 0 ensures greater coverage because the swarm is

pushed toward the lateral border before turning around.

5.4 Simulation Results for Online Path Planning -

Rectangle Area

In this section, simulation results are presented and discussed for the case of N ∈

{3, 4, 6, 8, 10}. As previously stated, the given area to cover is assumed to be an

obstacle-free rectangle. Finally, we have set the values for the weights in the cost

functions previously introduced, as in Table 5.1. A study on hyperparameter tuning

for this problem is presented in Section 5.7.

Concerning the NMPC, Nc = 2, Np = 5, Rsafe = 2m, r = 0.4, and Ts = 0.1 s.
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Additionally, we have imposed upper and lower bounds for the drones’ altitude,

in particular zmin = 6m and zmax = 15m. The velocity of the leader has been

intentionally set lower than that of the follower agents to make sure that they can

keep up with the leader. Therefore, ux,max = uy,max = 0.7m/s in Eq. (4.6) for the

leader, whereas ux,max = uy,max = 1m/s for the followers. Finally, uz,max has been

set to 0.1m/s for all agents to avoid abrupt changes in altitude. Regarding the path

planner, we have imposed a desired overlap in the range 20–60% and a maximum

reference distance as dxmax = 0.1m and dymax = 0.1m. γ has been set to 15.

The available network bandwidth has been modeled as a uniform random distri-

bution over the area to be scanned and has been assumed to be constant in time

and altitude. Since, to the best of our knowledge, no dataset providing bandwidth

measurements as a function of the geographical position of a drone is available, we

have chosen a minimum value of 500 kbit/s and a maximum value of 5000 kbit/s.
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Figure 5.4.1: Drones’ trajectories and area covered for N = 3.

Let us start by considering the case of N = 3 agents. Figure 5.4.1 shows the

reference path provided by the path planner (dashed orange path in the figure), the

drones’ trajectories projected on the (x, y) plane (blue and gray paths), and the
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Figure 5.4.2: Drones’ trajectories and area covered for N = 10.

overall area covered by their cameras (light blue area). The initial position of the

leader (round marker) and of the other agents is in the top left corner of the given

area. Looking at the drones’ trajectories, one can observe that while the leader tracks

the reference path until the end of the mission (star marker), the followers strive to

catch up with the leader and stick together. It is also possible to inspect the adaptive

nature of the proposed path planner, whose output trajectory tries to comply with

the variable area scanned by each drone.

Figure 5.4.2 reports the case of N = 10 agents, where it is clear that, since the

swarm can cover a considerably wider area around the reference path, it takes fewer

turns for the path planner to complete the task. Intermediate results have been

observed for the other numbers of agents, which you can find in Fig. 5.4.3 for N = 6

agents.

An interesting observation can be drawn from Figure 5.4.4, which shows how

the percentage of the area covered by the swarm grows over time for each number

of agents N considered for the simulations. The general trend is a decreasing time

needed to complete the mission and a steeper curve as N increases.
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Figure 5.4.3: Drones’ trajectories and area covered for N = 6.

Along the z-axis, the drones have to track a reference altitude based on their

location and available network bandwidth, as computed in (4.19). Figure 5.4.5 shows

the dynamics of the altitude tracking error for the case of N = 6 and N = 10 agents,

respectively. All the agents start from the same initial altitude and then track their

own reference altitude with satisfactory precision after a transient. At the beginning,

there is a substantial error because the initial altitude of the agents is lower than the

reference.
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Figure 5.4.4: Percentage trend of the area covered over time.
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Figure 5.4.5: Altitude tracking error.

Overall, the proposed path planner strives to provide full coverage and to adapt to

the changing area scanned by the drones. In addition, it is scalable with respect to

the number of drones since it runs only on the leader.
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Figure 5.5.1: Path planning with sloped segments

5.5 Online Path Planning for Convex Areas

Let us now assume that the target area to be covered is no longer rectangular but

has a general shape with the following characteristics: (i) the shape is polygonal

and convex; (ii) the lowest segment is, without loss of generality, horizontal; (iii) the

swarm always starts from the top left or, if there is only one, the top vertex.

In general, the algorithm is essentially the same as the one described in the case

of a rectangular area. In particular, the lawnmower-like approach is preserved, thus

Algorithm 1 still holds. However, when the boundary is made of sloped segments,

determining when and how to perform the turning maneuver becomes less trivial and

requires the choice of proper heuristics. In this work, at each time-step, assuming

flip is even (a similar rationale holds when flip is odd), we compute the intersection

point between the line passing through the lowest horizontal segment of the current

union shape and the segment of the boundary on the right (see Figure 5.5.1). When

the distance between this point and the vertex of the union shape with maximum

x-coordinate (”safedist” in Figure 5.5.1) is less than a threshold, then the turning

maneuver is triggered and works in the same way as explained above.
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This time, the number of steps taken downward has to depend on the slope of the

segment of the boundary that we have discussed. Also for this case, a certain overlap

with the boundary has to be provided, therefore the component dx is nonzero and

follows the slope of the boundary. If the slope is not steep, then it is wise to take a

larger number of turning steps before proceeding in the opposite direction in order

to avoid a considerable overlap with the overall polygon when flip changes, which

would make the path more irregular and increase the probabilities of generating blind

spots. Let σ be the slope, then the number of steps taken in the turning maneuver

is:

⌊
γ · V + ρ · 1

|σ|

⌋
(5.6)

where ρ > 1 is a tunable parameter that regulates the additional steps proportionally

to the slope. Notice that if the segment is vertical, the rectangular case applies, i.e.

the number of steps becomes ⌊γ · V ⌋ as previously said.

The path planning algorithm keeps running until the swarm reaches the bottom of

the area. In particular, the algorithm stops when the lowest segment of the boundary,

which by assumption is horizontal, is fully covered.

5.6 Simulation Results for Online Path Planner

for Convex Areas

In this section, we provide the simulation results obtained using MATLAB and the

MPC Toolbox. The tuning of parameters has been carried out using Optuna in

Python. Note that the formulation for the NMPC is exactly as the one in Section 5.4.

Our approach has been evaluated using swarms comprising different numbers

of agents N ∈ {3, 4, 6, 8, 10}. The coverage mission has been repeated for various

shapes of the area to be covered and under diverse bandwidth profiles, as will be
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shown further on. Moreover, a sensitivity analysis has been carried out to discuss

the impact of the weights of the cost functions on aspects such as coverage, energy,

path length traversed by the agents, and simulation time.

Concerning the NMPC parameters, we have set Nc = 2, Np = 5, Rsafe = 2m,

r = 0.4, and a sampling time of Ts = 0.1s. Upper and lower bounds have been

imposed on the drones’ altitude according to Eq. (4.19), specifically zmin = 6m, and

zmax = 15m. The leader’s velocity has been deliberately chosen to be lower than that

of the follower agents to ensure that the latter ones can catch up with the leader.

Accordingly, for the leader, ux,max = uy,max = 0.7m/s in (4.6), whereas for the

followers ux,max = uy,max = 1m/s. To prevent abrupt altitude variations, the vertical

velocity limit has been set to uz,max = 0.1m/s for all agents. Regarding the path

planner, a desired overlap between 20% and 60% has been imposed, with maximum

reference displacements of dxmax = 0.1m and dymax = 0.1m. The parameter γ

related to the turning phase has been set to 15, whereas ρ = 6. Independently of

the bandwidth profile adopted, we have chosen a minimum value of 500 kbit/s and

a maximum value of 5000 kbit/s.

5.6.1 Results for Different Coverage Areas

The proposed path planner, along with the control framework, has been tested

against different shapes of the given area to be covered. For the sake of brevity,

we present the outcomes for two representative shapes. Similar trends are observed

for other polygons. The bandwidth profile chosen for this analysis is a uniform

random distribution, which, due to its unpredictability, reflects a realistic model.

In Figure 5.6.1, we show the results obtained in the case of a triangular shape

and a swarm composed of 6 agents. Figure 5.6.2 displays a simulation where the

given area is a pentagon and the coverage mission is assigned to a swarm of 8 agents.

In both cases, the proposed online path planner guides the swarm across the given

area while adapting to its shape and to the bandwidth conditions, as explained in
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Section 5.5. It can be observed that our framework is able to achieve full coverage

with rare and small unexplored spots. Results for other convex polygonal shapes

exhibit similar coverage performance.
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Figure 5.6.1: Triangular target area with 6 agents.
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Figure 5.6.2: Pentagonal target area with 8 agents.
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5.6.2 Altitude Tracking

So far, we have analyzed the performance obtained by the proposed approach on

the (x, y)-plane. Let us now provide an overview of the results along the z-axis

concerning altitude tracking. Such tracking is important to guarantee a high quality

of the videos streamed to the GCS. However, due to the unpredictable nature of

the bandwidth and its abrupt changes, the reference altitude computed through the

mapping in (4.19) for each agent is characterized by sharp changes, too.

Therefore, each agent strives to track such a reference, as displayed in Figure 5.6.3

for the case of 8 agents covering a pentagonal area. From the figures, it can be ob-

served that the agents struggle to perform perfect tracking of the reference altitudes

because of the constraint on the control input (we have imposed uz,max = 0.1m/s)

and the cost imposed on the variation of the control input in the NMPC cost func-

tion, i.e. J∆u. Such limitations reflect those of a real-world UAV, which is not able

to perfectly track a reference altitude with sharp changes but, as it can be surmised

from Figure 5.6.3, the gradient of its altitude follows the gradient of the reference

altitude. Thus, the trends obtained are satisfactory, allowing the agents, with lim-

itations in velocity and acceleration, to stream videos at the best quality possible.

To better understand the proposed framework, we provide a video of a simulation of

10 agents exploring a rectangular target area with a uniform random distribution of

the bandwidth 1.

1https://www.youtube.com/watch?v=GaVvO07LFPY
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Figure 5.6.3: Altitude tracking for 8 agents with a pentagonal target area.
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5.6.3 Simulations for Different Bandwidth Profiles

Let us now investigate the performance of the proposed framework–in particular the

path planner–under different profiles of the available network bandwidth. In the first

case, the proposed online path planner algorithm, which is based on the lawnmower

approach, takes wider turns, but in a smaller number, to cover the whole area and

reach the end with a resulting shorter path. Instead, in the second case, the path

planner takes tighter turns, but in a greater number, to accomplish the mission. To

better understand this concept, in the following we show some simulations under two

different bandwidth distributions when, without loss of generality, the shape of the

area to cover is a square (similar results hold for other polygonal shapes).

Case 1. We have considered an area characterized by a diagonal bandwidth

profile that presents an abrupt change. In particular, the upper-left region exhibits

the maximum available bandwidth considered in this work, i.e. 5000 kbit/s, whereas

the lower-right region shows minimum bandwidth availability, i.e. 500 kbit/s. The

simulation has been run for a swarm composed of N = 6 agents with the following

weights: wl = 9, wz = 10, wu = 0.001, w∆u = 0.001, wp = 6, wf = 4. Based on this

setup, the union shape, i.e. the total area scanned at each time-step, is expected to

be larger in the high-bandwidth region than in the low-bandwidth one. This behavior

is illustrated in Figure 5.6.4, which also shows the leader’s path (solid blue line) and

the reference path (dashed orange line) going from the round marker to the starred

marker. The figure also reports the FoVs of the swarm in five time-steps. In general,

it can be observed that FoVs in the upper-left clear region, where the bandwidth is

high, are larger than those in the lower-right dark region, where the bandwidth is

low. However, when the swarm is in the initial point (round marker) or close to it,

there are small FoVs despite a large availability of network bandwidth. This is due

to the initial setting that we have imposed, according to which each agent starts the

mission from the lowest altitude.

Finally, let us point out that the path planner takes larger turns in the high-
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bandwidth area than in the low-bandwidth one, in accordance with our previous

discussion and with the fact that, in the turning phase, the planner takes into account

the width of the union shape according to Eq. (5.6).
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Figure 5.6.4: Diagonal bandwidth profile with 6 agents.
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Figure 5.6.5: Horizontal bandwidth profile with 6 agents.

Case 2. Similarly to Case 1, the bandwidth distribution considered in this case
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exhibits an abrupt change from the maximum value chosen for the bandwidth and

the minimum one. This time, the square area that the swarm has to cover is divided

horizontally into two parts: the upper part has maximum bandwidth, while the lower

part has minimum bandwidth.

Figure 5.6.5 shows the results for a swarm of N = 6 agents and the same weights

as in Case 1. The figure provides a clearer idea of the path planner’s behavior in

different bandwidth conditions. More precisely, the turns become tighter as the

swarm moves downward due to the reduced area of the union shape. This way, the

path planner prevents the formation of unexplored spots in the given area.

5.7 Simulation for Sensitivity Analysis

For a swarm with N = 3 agents, a sensitivity analysis has been conducted to show

the effects of the single weights on the overall performance of the system. In partic-

ular, the weights related to altitude tracking (wz), control input (wu), control input

variation rate (w∆u), and leader tracking (wl) have been chosen for this analysis.

We have evaluated the effect of each of the aforementioned weights by picking

one and letting it range in an interval around the value chosen by Optuna, while

all the other weights are kept unchanged. Specifically, we have focused on the ef-

fects on Coverage Percentage, i.e., the percentage of the target area covered by the

swarm, Mission Duration, Control Effort, and Path Length. The Control Effort has

been computed as
∑N

i=1 ∥ui∥22, which is proportional to the energy consumed by the

swarm. Similarly to what we have said for the cost function defined in Optuna, such

performance metrics have been chosen based on the particular aspects we want to

investigate. We have chosen to analyze the four aforementioned metrics because our

goal is to cover a given area in the shortest time possible while having sufficient

overlap between the agents’ FoVs.
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5.7.1 Parameter tuning

The tuning of the weights in the aforementioned cost functions has been performed

using Optuna, a powerful hyperparameter optimization tool. Optuna is widely used

in Machine Learning algorithms and, in general, in most optimization problems [65].

In this study, the weights of the cost functions have to be optimally set since they

considerably impact the performance of the system.

Due to the complexity of the optimization problem (4.2)-(4.6), finding the best

weights is not a trivial task. Thus, Optuna has been employed to identify an optimal

combination of weights in our problem. To this end, the following cost function has

been defined for Optuna to minimize.

JOptuna =0.05 · JCoverage + 0.9 · JDetachment + 0.05 · JSimLength (5.7)

where JCoverage penalizes insufficient area coverage, JDetachment penalizes the number

of potential detachment events between agents during the simulation, and JSimLength

minimizes the total simulation time to complete the mission as quickly as possible.

It is worth noting that alternative metrics can be selected depending on the specific

performance objectives, thus leading to a different cost function JOptuna. The weights

chosen in Eq. (5.7) reflect our specific preferences, as we prioritize maintaining team

cohesion. For the case with N = 3 agents, Optuna suggested the following weights

for the tracking and recovery states: wp = 1, wf = 2, wz = 10, wf = 2, wu = 0.4,

w∆u = 0.005, and wl = 3.

5.7.2 Weight for Control Input Variation (w∆u)

As illustrated in Figure 5.7.1, the red marker indicates the value suggested by Optuna.

This configuration exhibits both advantages and drawbacks when compared with the

other weight values. In terms of coverage, the performance barely changes. However,
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the Optuna-selected value achieves a reduction of more than 20 seconds in terms

of mission duration. Despite higher weight values leading to a lower duration, the

energy consumption in terms of control effort increases, and the agents’ paths become

longer. As expected, the final choice of this weight implies a trade-off between speed,

energy, and profile of the path.
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Figure 5.7.1: Sensitivity analysis for w∆u

5.7.3 Weight for Control Input (wu)

From Figure 5.7.2, it can be observed that when wu is greater than 0.4, the agents

tend to either stop or move significantly more slowly. This can be observed from

the mission duration, which reaches the maximum limit imposed, i.e., 800 s, with

a very low percentage of coverage and a short path length. This is quite expected

since increasing this weight implies penalizing the control effort through the term Ju

in the cost functions. On the other hand, for values less than 0.4, the performance

metrics are approximately unchanged, although a slight increase in control effort and



5.7. SIMULATION FOR SENSITIVITY ANALYSIS 95

path length is experienced.
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Figure 5.7.2: Sensitivity analysis for wu

5.7.4 Weight for Altitude Tracking (wz)

As Figure 5.7.3 shows, this weight only slightly affects the performance metrics, whose

changes are negligible. In general, the altitude tracking weight in this framework

does not have a distinctive effect on the investigated performance. This is due to the

fact that UAVs have a limited vertical velocity that does not allow improvement in

altitude tracking.

5.7.5 Weight for Leader Tracking (wl)

Results in Figure 5.7.4 confirm the effectiveness of Optuna, which strove to find an

optimal weight wl such that the coverage is maximized and the mission duration is

minimized while avoiding detachments, according to Eq. (5.7). However, while the

selected weight wl = 3 takes the mission duration to the minimum, the control effort
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Figure 5.7.3: Sensitivity analysis for wz

is at its peak. As expected, it takes a higher control effort to reduce the mission

duration, and this is paid in terms of energy. Moreover, coverage reaches a practical

optimum.

Notice that wl = 3 is the best choice according to the cost function that we have

defined for Optuna. Since in this cost function we have not included any cost related

to energy or path length, the optimization only focused on obtaining a low mission

duration with a high coverage percentage.
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Chapter 6

Event-Triggered Communication

6.1 Event-triggered Communication Framework

Although UAV swarms are associated with many advantages including reduced costs,

reduced task completion times, and scalability, the large communication traffic

among the agents can lead to several issues, such as packet loss due to network

congestion, that can lead to task failures. This is further exacerbated in live moni-

toring, where communicating live information is crucial to the task itself. To tackle

these issues, an Event-Triggered Communication (ETC) scheme has been proposed

to enable agents to share their own information only if a triggering condition is met,

leading to a lower number of communications and reducing the load on the network,

hence reducing the consumption of the available network bandwidth. This method

decreases the amount of communications dramatically; however, when the triggering

condition is not properly designed, zeno behaviors and asynchronous updates can

occur leading to the mission failure.

In this scenario, we tackle the task of live video streaming with a swarm of drones,

connected through LTE/5G networks, with the goal of maximizing the coverage for

a given area. As mentioned before, each drone is required to transmit its video

feed to a GCS while improving the overall QoE. The differences with respect to the

99
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previously proposed methods are:

• A nonlinear Distributed Model Predictive Control (DMPC) controller for cover-

age maximization with UAV swarms that considers both the available network

bandwidth for motion control, and an event-triggered communication scheme

to save the bandwidth for live streaming.

• A novel event-triggering condition for the communication scheme based on the

deviation of the agent’s trajectory from the transmitted one, resulting in a

much lower bandwidth consumption.

• An in-depth analysis of the triggering threshold ε to highlight the trade-offs at

communication rates and formation accuracies, which provides a practical tool

to identify the best value with respect to the task requirements.

For this scenario, another UAV model has been considered where it includes 6-

state model capturing all the physical features of a real drone. A leader-follower

structure has been used for the swarm where the leader has a knowledge of the area

to be covered while the followers follow the leader keeping a relative distance to have

sufficient overlapped videos.

6.2 Quadrotor Dynamics

We consider a swarm of N quadrotor UAVs. Each UAV i ∈ {1, . . . , N} is described

by a 6-dimensional state vector combining position and velocity:

xi = [px, py, pz, vx, vy, vz]
T ∈ R6 (6.1)

where (px, py, pz) are the position coordinates and (vx, vy, vz) are the linear velocities

in the inertial frame. The control input for each agent is a velocity vector as:

ui = [ux, uy, uz]
T ∈ R3 (6.2)
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The prediction model captures the closed-loop behavior of a low-velocity controller

as a first-order lag:

v̇i =
1

τ
(ui − vi), ṗi = vi (6.3)

where τ > 0 is the velocity time constant that characterizes the closed-loop response.

This model is compactly written as ẋi = f(xi,ui) and discretized with a fourth-order

Runge-Kutta (RK) scheme at sampling time Ts:

xi(k + 1) = F (xi(k),ui(k)) (6.4)

Although each physical quadrotor has a 12-dimensional state, including attitude

and angular rates, this 6-state model faithfully captures the velocity tracking be-

havior over the NMPC prediction horizon (HPTS) because a fast low-level controller

(>> 1/Ts) ensures tracking of the control inputs on a timescale much shorter than Ts.

The resulting model mismatch provides an implicit robustness test of the proposed

event-triggered architecture.

6.3 Leader-Follower Architecture

The swarm is organized in a leader-follower topology. The UAV i = 1 is designated

as the leader, which plans and follows the reference path in 2D, p̄(t) = [p̄x(t), p̄y(t)]
T

to maximize the area coverage. The remaining UAVs, i = 2, . . . , N are followers,

tasked with maintaining a desired formation offset δi ∈ R3 relative to the leader:

lim
t→∞
|pdes

i (t)− p1(t)− δi| = 0 (6.5)

where pdes
i (t) is the desired 2D position of the ith agent. The underlying communi-

cation graph among agents is a fully connected one G(V , E), where V = {1, . . . , N}

and (i, j) ∈ E means agent j receives predicted trajectory and state information from

agent i.
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6.4 Bandwidth Modelling

Although the drones can only measure bandwidth and cannot predict it, we assume

the available bandwidth in an obstacle-free field is determined by hotspots distributed

in the area: drones closer to the hotspots will measure a higher bandwidth than the

ones flying further from the antennas. In particular, we model the bandwidth as a

sum of Gaussian for the signal intensity [66] whose peaks are centered at the hotspots:

b(p) = bbase +

Nh∑
j=1

bpeakj exp

(
−∥pxy − cj∥2

2σ2
j

)
(6.6)

where the hotspot parameters (cj, bpeakj , σj) model a realistic coverage pattern. In

order to optimize both formation tracking and bandwidth-driven altitude adaptation

the NMPC is extended with a measurement of the local bandwidth bi at its current

position. Then, the reference altitude is computed via a linear mapping, as mentioned

in (4.19). Note that, while in practice 5G/LTE antennas can provide a bandwidth

ranging from hundreds of megabits per second to several gigabits per second, the

experiment we model is a scaled-down version that serves the purpose of validating

the methodology.
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6.5 Event-Triggered Distributed MPC

6.5.1 Baseline: Time-Triggered DMPC

At each discrete time-step k, each agent i solves a local NMPC problem over a

prediction horizon HP :

min
ui(k:k+HP−1)

Ji (6.7a)

s.t. xi(k + l + 1) = F (xi(k + l),ui(k + l)) (6.7b)

∥pl
i − pl

j∥22 ≥ d2min, ∀j ̸= i (6.7c)

∥ui(k + l)∥∞ ≤ vmax (6.7d)

pz,i(k + l) ∈ [zmin, zmax] (6.7e)

for l = 0, . . . , HP − 1, where Eq. (6.7c) enforces pairwise collision avoidance with

inflated safety distance dmin = dsafe + dε (see Section 6.5.4), Eq. (6.7d) bounds the

velocity commands, and Eq. (6.7e) constrains the altitude. In all experiments, the

NMPC cost is formulated as a Nonlinear Least Squares (NLS) problem, enabling

efficient Gauss-Newton Hessian approximations.

6.5.2 Standard NMPC

The stage cost residual is:

yl
i =


xl
i

ul
i

∆ul
i

 ∈ R12, ∆ul
i = ul

i − ul−1
i (6.8)

and the cost function is:

Ji =

HP−1∑
l=0

∥yl
i − yl

ref,i∥2W + ∥xHP
i − xHP

ref,i∥
2
We

(6.9)
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where W = diag(Qp, Qv, R, S) ∈ R12×12 is the stage weight matrix with position

tracking weight Qp, velocity damping weight Qv, control effort weight R, and control

smoothness weight S. The terminal weight is We = γe · diag(Qp, Qv) ∈ R6×6 with

terminal scaling factor γe, and the control input is ui = [ux, uy, uz]
T ∈ R3.

Since the bandwidth-altitude constraint Eq. (6.11) may not always be strictly

satisfied, we introduce a slack variable sbw that augments the control input vector

ũi = [ux, uy, uz, sbw]
T ∈ R4 and heavily penalized in the cost (wbw = 1000, allowing

the solver to find a feasible solution at all times. The stage cost residual becomes

14-dimensional:

yl
i = [px, py, pz, p

cov
z , vx, vy, vz, ux, uy, uz, ∆uT , sbw]

T (6.10)

The term pz (weighted by wz) tracks the bandwidth-derived reference altitude z̄i =

H(bi) from (4.19), penalizing deviation from the altitude that the current bandwidth

supports.

The term pcovz (weighted by wcov) drives the drone toward the coverage-optimal al-

titude zbwmax, which maximizes the camera footprint. Note that this term is not

influenced by the bandwidth and, therefore, always drives the drone towards higher

altitudes. When bandwidth is low, the optimizer will compute the best trade-off

between the two components.

The bandwidth altitude coupling is further enforced via a nonlinear constraint:

αb · p2z,i − bi ≤ sbw,i, sbw,i ≥ 0 (6.11)

where αb is the bitrate coupling coefficient and bi is the locally measured bandwidth.

This constraint encodes the physical relationship between altitude and required video

bitrate (which scales with the ground area in the FoV): higher altitude demands more

bandwidth. The slack sbw is heavily penalized (wbw = 1000) to ensure soft feasibility.

The terminal cost uses a 7-dimensional residual [px, py, pz, pcovz , vx, vy, vz]
T with
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weights scaled by γe. For the standard formulation (Experiments B and C), the cost

uses the 12-dimensional residual Eq. (6.8) without altitude duplication or bandwidth

coupling.

For the leader (i = 1), the reference is the planned path: yl
ref,1 = [p̄l; 03; 03; 03]

(standard) or extended with z̄1 = H(b1) and zbwmax targets (bandwidth-aware). For

each follower (i ≥ 2), the reference position is the leader’s assumed position plus the

formation offset: pl
ref,i = p̂l

1+δi, with altitude overridden by H(bi) in the bandwidth-

aware mode.

The collision avoidance constraint Eq. (6.7c) is implemented as a soft nonlinear

constraint with L1 penalty (linear slack cost zl and quadratic slack cost Zl), ensuring

feasibility under tight formations:

∥pl
i − pl

j∥22 ≥ d2min − slij, slij ≥ 0 (6.12)

with penalty terms zl · slij + Zl · (slij)2 added to the cost.

In the Time-Triggered (TT) baseline, each agent i broadcasts its full planned

trajectory X plan
i (k) = {xi(k + 1|k), . . . ,xi(k + HP |k)} to all neighbors j ∈ Ni at

every step k where each message contains 6×HP floating-point values.

6.5.3 Event-Triggered Communication Protocol

The proposed Event-Triggered Distributed MPC (ET-DMPC) replaces the contin-

uous broadcast with a selective communication scheme based on the principle of

shared knowledge (dead reckoning).
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6.5.3.1 Shared Knowledge and Forward-Shifting

When agent i broadcasts its trajectory X plan
i at time kb (the last broadcast time),

both agent i and its neighbors store this trajectory as the last valid plan:

X̂i(kb) = X plan
i (kb) = {xi(kb + 1|kb), . . . ,xi(kb +HP |kb)} (6.13)

At a subsequent time k > kb, the forward-shifted prediction of agent i’s trajectory,

as assumed by all agents, is obtained by shifting the stored plan by ∆k = k − kb

steps:

X̂+
i (k) = {xi(k + 1|kb), . . . ,xi(k +HP |kb)} (6.14)

where entries beyond the original horizon are padded by holding the last predicted

state constant, i.e., xi(k + l|kb) = xi(kb + HP |kb) for l > HP − ∆k. This is a

reasonable assumption since the terminal state of the MPC prediction is typically

near equilibrium.

6.5.3.2 Triggering Condition

At each step k, agent i solves its local NMPC and obtains the new optimal trajectory

X ∗
i (k). The normalized trajectory deviation is computed using only the position

components:

ei(k) =
∥P∗

i (k)− P̂+
i (k)∥F

∥P̂+
i (k)∥F + δ

(6.15)

where P∗
i (k), P̂+

i (k) ∈ RHP×3 are the position sub-matrices of the respective trajec-

tory matrices, ∥·∥F denotes the Frobenius norm, and δ > 0 is a small regularization

constant preventing division by zero.

The communication decision rule is:

Broadcast at step k ⇐⇒ ei(k) > ε or k − kb > Tmax (6.16)
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where ε ∈ [0, 1) is the event threshold (the primary design parameter) and Tmax is

a mandatory broadcast period that guarantees that the shared knowledge will not

become more outdated than maximum allowed. Setting ε = 0 recovers the time-

triggered baseline (broadcast at every step).

6.5.3.3 Protocol Operation

When the event is triggered, agent i broadcasts X ∗
i (k) and updates the shared knowl-

edge: X̂i ← X ∗
i (k), kb ← k. When the event is not triggered, agent i remains silent,

and all neighbors continue to use X̂+
i (k) as the assumed trajectory for agent i in their

local NMPC computations. The complete procedure is summarized in Algorithm 2.

Algorithm 2 ET-DMPC for Agent i at Step k

1: Measure current state xi(k)
2: Receive new broadcasts from neighbors and update shared knowledge X̂j

3: For silent neighbors j, compute X̂+
j (k) via (6.14)

4: Solve local NMPC (6.7) using neighbors’ trajectories to obtain X ∗
i (k)

5: Compute deviation ei(k) via (6.15)
6: if ei(k) > ε or k − kb > Tmax then
7: Broadcast X ∗

i (k) to neighbors
8: X̂i ← X ∗

i (k)
9: kb ← k

10: else
11: Remain silent
12: end if
13: Apply control input:

ui(k) = u∗
i (k|k)

6.5.4 Safety and Feasibility Considerations

6.5.4.1 Collision Avoidance Under Stale Information

When a follower j uses the forward-shifted trajectory X̂+
i (k) instead of the true

trajectory X ∗
i (k) of a neighbor i, the actual position of agent i may deviate from
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the assumed position by a margin proportional to ε. To ensure safety, we inflate the

collision avoidance distance by a threshold-dependent margin:

dmin = dsafe + dε, dε = α · ε · L (6.17)

where α > 0 is a tunable safety factor and L > 0 is a scaling constant. When ε = 0

(time-triggered), dε = 0 and the original safety distance is recovered. The constraint

is applied in squared form: ∥pl
i − pl

j∥22 ≥ d2min.

6.5.4.2 Recursive Feasibility

The forward-shifted plan X̂+
i (k) was dynamically feasible when originally computed

at time kb. Under the event-triggered protocol, if ei(k) ≤ ε, the actual trajectory

X ∗
i (k) is close to X̂+

i (k), ensuring that the neighbors’ optimization landscape does

not change drastically between communication events. The mandatory broadcast

timer Tmax provides an additional safeguard: even in the worst case, the shared

knowledge is never older than Tmax steps.

6.6 Simulation Results for Event-Triggered Com-

munication

6.6.1 Simulation Environment

The framework is evaluated on a swarm of Bitcraze Crazyflie 2.x micro-quadrotors,

simulated in NVIDIA IsaacSim1. The physical parameters are listed in Table 6.1.

IsaacSim is a high-fidelity physics simulator that provides realistic rigid-body dy-

namics, sensor models, and rendering, at a physics rate of 120 Hz, with rendering at

60 Hz (two physics substeps per render frame). The simulation is integrated with

1https://developer.nvidia.com/isaac/sim
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Table 6.1: Crazyflie 2.x Physical Parameters

Parameter Symbol Value
Mass m 0.028 kg
Inertia (roll/pitch) Jxx = Jyy 1.4× 10−5 kg·m2

Inertia (yaw) Jzz 2.17× 10−5 kg·m2

Thrust-to-weight ratio T/W 1.9
Moment scale Ms 2× 10−4 N·m

ROS22 (Humble), enabling a modular architecture where each UAV runs its own

NMPC node. For example, such environment with N = 8 UAVs is depicted in Fig.

6.6.1. Each UAVs state xUAV
i = [px, py, pz, vx, vy, vz]

T is published as JSON at the

render rate, and velocity commands are received from NMPC nodes. Moreover, Fig.

6.6.2, illustrates trajectories and the covered area for N = 5 UAVs’.

Figure 6.6.1: NVIDIA IsaacSim simulation environment with N = 8 UAVs perform-
ing a coverage task in leader-follower formation.

6.6.2 Hierarchical Control Architecture

A two-level control architecture, which is standard practice for multi-rotor systems

[67] [68], bridges the gap between the NMPC prediction model (Section IV) and the

physics of the UAV:
2https://docs.ros.org/en/humble/index.html
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1. High-level NMPC (1/Ts = 10 Hz): computes velocity commands ui =

[ux uy uz] using the prediction model (Eq. 6.3). The NMPC receives the

measurements via ROS2, and publishes the computed velocity command. The

optimization problem is solved using Acados [69] (SQP-RTI solver with HPIPM

as the QP backend and ERK integration).

2. Low-level PID controller (120 Hz): a cascaded PI-PD controller converts

the velocity command into normalized wrench actions a ∈ R4 where each value

inside a is ranged between -1 and 1, mapping to collective thrust and body-

axis moment via a three-stage pipeline: (i) vertical velocity → thrust (PI with

gravity and tilt compensation); (ii) horizontal velocity→ desired roll/pitch (PI,

clamped to ±15); (iii) attitude → moments (PD at 3 Hz bandwidth, a design

choice to prevent bang-bang oscillation given the Crazyflie’s small moment

scale Ms).

6.6.3 Experiments

In order to validate the proposed methodology, three different experiments have

been designed. To obtain a reliable representation of the performance, we use the

Monte Carlo approach. The event threshold is swept over a total of 8 values (ε ∈

{0, 0.01, 0.02, 0.05, 0.10, 0.15, 0.20, 0.30}), and the swarm size is tested for 3 values

(N ∈ {3, 5, 8}). For each combination (ε,N, experiment), we perform K = 50 Monte

Carlo runs with randomized initial positions within ±1m of the nominal formation,

for a total of 1200 runs for each experiment.

Experiment A – Bandwidth-aware coverage: Experiments A is meant to

evaluate the performance of the proposed methodology: the leader follows a cus-

tomized Lawnmower path over a 20 × 20m rectangular area. Each UAV measures

the local bandwidth at every step and computes a reference altitude via the map-

ping H(bi) in Eq. (4.19). In low-bandwidth regions, drones lower their altitude to
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Figure 6.6.2: UAVs’ trajectories and the covered area for N = 5.

improve video pixel density, meanwhile, in high-bandwidth regions, they go up for

greater coverage. The formation spacing adapts dynamically via the FoV geometry:

dfov(z) = 2z tan(θfov/2)(1 − o/100), where θfov is the camera half-angle and o the

overlap percentage.

Experiment B – Standard coverage baseline: This experiment shares the

same 20m×20m Lawnmower mission and the leader’s path as in Experiment A, but

uses the standard NMPC without bandwidth adaptation: drones fly at a constant

reference altitude with fixed formation spacing, isolating the contribution of the

bandwidth-aware formulation. Note that the event-trigger is still applied.

Experiment C – Aggressive maneuvering: The leader tracks a 3D figure-

eight trajectory with vmax = 1.0m/s (vs. vLmax = 0.7m/s in coverage). In this case,

no coverage objective is active: the goal of this experiment is to stress the event-

triggered logic under rapidly changing leader trajectories.
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Table 6.2 summarizes the NMPC and event-trigger parameters for experiments A, B,

and C that have been used for the simulation purposes.

Table 6.2: NMPC and Event-Trigger Parameters

Parameter Symbol Value

NMPC

Prediction horizon Hp 20

Sampling time Ts 0.1s

Velocity time constant τ 0.3s

Max. velocity vmax 1.0m/s

Leader velocity vLmax 0.7m/s

Safety distance dsafe 2.0m

Safety factor / scaling α, L 0.5, 0.5

Cost weights — Experiments B & C

Position / velocity / input Qp, Qv, R 5, 2, 1

Smoothness / terminal S, γe 5, 5.0

Cost weights — Experiment A

XY / Z tracking wxy, wz 10, 2

Coverage altitude / BW slack wcov, wbw 5, 1000

Bitrate coupling αb 0.05

BW altitude range [zbwmin, z
bw
max] [0.5, 5.0]m

Event trigger

Mandatory broadcast Tmax 20 steps (2s)

Regularization δ 10−6

6.6.4 Metrics

We evaluate the performance of the proposed approach through the following metrics:
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• Communication rate ρ: the ratio between number of broadcast messages

and the total number of possible message exchanges (all agents at every step),

averaged over all Monte Carlo runs. ρ = 1 corresponds to time-triggered

DMPC.

• Minimum inter-agent distance:

dmin = mink,i ̸=j ||pi(k)− pj(k)||2, over the entire simulation, to verify collision

safety.

• Formation Root Mean Square Error (RMSE):

RMSE =
√

1
(N−1)T

∑N
i=2

∑T
k=1∥pi(k)− pdes

i (k)∥2, measuring the average posi-

tion error of all followers relative to their desired formation position.

6.6.5 Communication Reduction
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Figure 6.6.3: Communication rate ρ as a function of event threshold ε for N = 5
across the three experiments. Error bars indicate ±1 standard deviation over K = 50
Monte Carlo runs.

Fig. 6.6.3 presents the communication rate ρ as a function of the event threshold



114 CHAPTER 6. EVENT-TRIGGERED COMMUNICATION

ε for N = 5 UAVs. The results demonstrate a consistent and significant reduction

in communication across all experiments. In Experiment A, the communication

rate drops from ρ = 1.0 at ε = 0 to approximately ρ = 0.30 at ε = 0.05 and

ρ = 0.15 at ε = 0.20. Despite the additional complexity of altitude adaptation,

which causes time-varying formation that could trigger more broadcasts, the long

straight segments of the lawnmower path remain highly predictable, and the trigger

fires mainly during 180° turns.

Experiment B shows slightly better communication reduction than A, reaching

ρ ≈ 0.12 at ε = 0.20, since the constant altitude avoids the broadcast bursts caused

by altitude transitions. This confirms that bandwidth-aware altitude adaptation

causes some communication overhead, but the event-triggered mechanism effectively

dampens it.

Experiment C exhibits a slower decline, reaching ρ ≈ 0.45 at ε = 0.20. The

continuously changing leader trajectory causes more frequent triggering events. Nev-

ertheless, even in this challenging experiment, over 50% of the communications are

eliminated.

6.6.6 Formation tracking accuracy

Fig. 6.6.4 shows the formation RMSE as a function of ε. Across all experiments,

the RMSE remains remarkably stable for threshold values up to ε = 0.10, with less

than 3% degradation relative to the time-triggered baseline. At ε = 0.20, the RMSE

increase is approximately 5–8%, which remains acceptable for most practical appli-

cations. Beyond ε = 0.25, the degradation accelerates as the followers increasingly

rely on old trajectory information.

The absolute RMSE values at ε = 0 (baseline) are 0.13 ± 0.02m (Experiment

A), 0.12± 0.02m (Experiment B), and 0.28± 0.05m (Experiment C). Experiment A

has slightly higher baseline RMSE than B due to the dynamic altitude changes and

time-varying formation geometry introduced by bandwidth adaptation. Experiment
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Figure 6.6.4: Formation RMSE as a function of event threshold ε for N = 5. The
dashed horizontal line indicates the baseline TT-DMPC RMSE.

C has the highest RMSE due to the aggressive trajectory, as expected. All values

are well within acceptable bounds for multi-UAV formation missions where safety

distances are on the order of 2–3m.

6.6.7 Communication vs accuracy

The Pareto front in Fig. 6.6.5 shows a clear “knee” visible in all experiments around

ρ ≈ 0.20–0.30, corresponding to ε ≈ 0.05–0.10. At this operating point, the com-

munication rate is reduced by 70–80% while the formation RMSE increases by less

than 5%. This highlights that most trajectory exchanges in standard DMPC are

redundant.

6.6.8 Comparison with periodic baselines

Fig. 6.6.6 compares ET-DMPC against fixed-rate baselines that broadcast every

k ∈ {5, 10, 20} steps. At a comparable communication rate (ρ ≈ 0.20), the periodic

baseline with k = 5 achieves a formation RMSE of 0.24 ± 0.04m, while the ET-
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Figure 6.6.5: Pareto front: normalized formation RMSE vs. communication rate ρ
for N = 5. The ”knee” region (shaded) indicates the recommended operating regime
with 70–80% communication reduction and < 5% RMSE degradation.

DMPC at ε = 0.05 achieves 0.14 ± 0.02m, a 42% improvement. This advantage is

especially visible in the bandwidth-aware experiment (A): the event trigger adapts

to both horizontal turns and altitude transitions, broadcasting during rapid changes

and staying silent during stable cruise. The periodic scheme, in contrast, wastes

bandwidth during predictable segments and provides stale information during critical

maneuvers.

6.6.9 Collision Safety

Fig. 6.6.7 shows the minimum inter-agent distance for the worst-case experiment

(Experiment C, N = 8, ε = 0.10). Across all 50 Monte Carlo runs, the minimum

distance never falls below dsafe = 2m. The closest approach observed is dmin = 2.31m,

providing a margin of 0.31m above the safety constraint. For higher thresholds (ε =

0.20), the margin decreases to approximately 0.18m, confirming that the conservative

safety distance is essential.
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Figure 6.6.6: Comparison of ET-DMPC (ε = 0.05) against periodic communication
baselines and TT-DMPC for Experiment A with N = 5.

6.6.10 Trigger events analysis

Figure 6.6.8 illustrates the binary distribution of trigger events for a typical Exper-

iment A execution. While communication remains minimal during linear segments,
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Figure 6.6.8: Event trigger heatmap for Experiment A with N = 5 and ε = 0.05.
Blue cells indicate broadcast events.

driven largely by the mandatory Tmax limit, triggering becomes nearly universal

across the swarm during directional and vertical transitions. The disproportionate

trigger frequency of the leader suggests that a heterogeneous thresholding approach

could further enhance communication efficiency. Furthermore, while bandwidth-

constrained altitude adjustments generate distinct trigger clusters not seen in the

baseline (Experiment B), their density remains secondary to those triggered by ma-

neuvers.
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Figure 6.6.9: Scalability analysis: communication rate and formation RMSE for
N ∈ {3, 5, 8} in Experiment A.
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Table 6.3: Average NMPC solve time per agent (ms)

N = 3 N = 5 N = 8

NMPC solve (Acados SQP-RTI) 1.2± 0.8 1.7± 1.2 2.1± 1.4
Trigger evaluation < 0.1 < 0.1 < 0.1

Total 1.3 1.8 2.2

6.6.11 Scalability

Fig. 6.6.9 examines scalability. For fixed ε = 0.05, the communication rate ρ remains

approximately constant across N ∈ {3, 5, 8}, at around 0.30 ± 0.03. The absolute

number of avoided transmissions grows linearly with N . The formation RMSE shows

a modest increase from 0.12±0.02m at N = 3 to 0.16±0.03m at N = 8, traceable to

increased formation complexity. The same trend is observed in the Time-Triggered

Distributed Model Predictive Control (TT-DMPC) baseline.

6.6.12 Computational Time

Table 6.3 reports the average NMPC solve time per agent. The event-triggered logic

introduces negligible computational overhead (< 0.1ms), while the NMPC solve time

remains within the real-time bound of Ts = 100ms for all tested configurations. The

low-level controller adds negligible overhead (< 0.01ms per call at 120 Hz).
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6.6.13 Summary of Results

Table 6.4: Summary of results at ε = 0.05, N = 5

Exp. A Exp. B Exp. C

Comm. Rate ρ 0.30 0.22 0.45

Comm. Reduction 70% 78% 55%

RMSE (m) 0.14 0.13 0.30

RMSE vs. baseline +4.1% +2.8% +3.5%

dmin (m) 2.42 2.48 2.31

Safety margin (m) 0.42 0.48 0.31

Table 6.4 summarizes the key results at the recommended operating point ε = 0.05.





Chapter 7

Grid-Based Coverage

7.1 Grid-based Coverage Methodology

In this section, another approach for the same general scenario has been proposed

aiming at maximizing the coverage area of the drones, utilizing a second order dy-

namic, and providing a mathematical proof for the provided algorithm. The mo-

tivation for this approach is to increase the coverage area while keeping a polygon

shaped form for the movement of the agents. A nonlinear controller has been cho-

sen as a candidate for each drone to steer them in a way that the coverage gets

maximized without any detachments. Again, the leader-follower approach has been

proposed where the leader agent follows a predefined path and the other agents keep

a safe distance from it and the other drones to not have collision as well as pro-

viding the required overlapped videos. A wide range of applications can be defined

based on the proposed framework, where a specific parameter of the system needs

to track a reference signal due to a disturbance which forces this reference signal to

the system. A key feature of the proposed framework is that the altitude of each

agent can vary according to a measurable local disturbance that depends both on

position and time. Such disturbances include: network bandwidth for data or video

streaming applications, heat and smoke levels for fire monitoring missions [70], or

123
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wind strength for stability considerations. In each case, adjusting the altitude allows

agents to maintain mission effectiveness while adapting to local environmental condi-

tions. The main contributions of this work are: (i) the definition of an admissible grid

formation that formalizes the spatial patterns and neighbor relationships described

above; (ii) decentralized reference generation rules that compute each agent’s tar-

get position to maintain a desired overlap with neighbors, even when footprint sizes

vary; (iii) a formal proof of velocity-bounded asymptotic tracking for the proposed

nonlinear controller.

7.2 Problem Formulation - Nonlinear Controller

In the first place, consider N agents associated with a variable FoV whose shape, as

already explained, is assumed to be a square such that the position of the agent is

exactly at the center. Such an area could represent the portion of the ground framed

by a camera mounted on a drone, the portion of the seabed captured by a sonar

mounted on a Unmanned Underwater Vehicle (UUV), etc. For simplicity we assume

that each agent is modelled as a double integrator in Eq. (7.1).

ṡ1 = s2, ṡ2 = u (7.1)

where s1 = (x, y, z)T is the vector of the position coordinates of the agent, s2 =

(vx, vy, vz) is the vector of velocities, and u = (ux, uy, uz)
T is the control input (ac-

celeration) for the agent. The goal we want to achieve is the following: a certain

number N of agents, starting at time t = 0 from an initial configuration in the space

with the same initial altitude, i.e. the same initial scanned area, is required to move

forward and cover an area along a given reference path. The agents are required to

move together as a swarm while avoiding detachments between their scanned areas

to avoid uncovered spots. To this purpose, we consider a leader-follower setup for

the agents, where the leader is placed without loss of generality at the center of the
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Figure 7.2.1: General grid configuration

swarm. The other agents are distributed around the leader in a specific initial for-

mation such that there are no detachments and that the square FoVs are arranged

in a grid-like fashion.

Figure 7.2.1 shows the most general initial configuration, along with the notation

employed, where the leader (blue tile) is in the center, whereas the other agents

are the followers. Such agents are identified by a couple indicating the row and the

column. In particular, agents (i, j) with i, j ≥ 0 are located in the top-right quadrant,

agents (i,−q) with i, q ≥ 0 in the top-left quadrant, agents (−p,−q) with p, q ≥ 0

in the bottom-left quadrant, and agents (−p, j) with p, j ≥ 0 in the bottom-right

quadrant. Finally, we denote with d(i,j) the variable length of half the side of the

square FoV associated to agent (i, j). The relationship between d(i,j) and the altitude

of the drone z(i,j) is defined as follows [43]:
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d(i,j) = tan

(
ϕ

2

)
z(i,j) (7.2)

where ϕ is the observation camera angle.

The configuration in Fig. 7.2.1 will be referred to as general grid configuration.

All the other admissible configurations are subsets of this one. In particular, a

configuration is considered to be admissible for the proposed approach if it is built

according to the following rules.

• It is possible to freely add agents of the type (0, j), (0,−q), (i, 0), (−p, 0), i.e.

along the horizontal or vertical axis of the leader.

• Agent (i, j), i, j > 0 can be added as long as agents (i− 1, j) and (i, j − 1) are

already present (first quadrant).

• Agent (i,−q), i, q > 0 can be added as long as agents (i−1,−q) and (i,−q+1)

are present (second quadrant).

• Agent (−p,−q), p, q > 0 can be added as long as agents (−p + 1,−q) and

(−p,−q + 1) are present (third quadrant).

• Agent (−p, j), p, j > 0 can be added as long as agents (−p+1, j) and (−p, j+1)

are present (fourth quadrant).

Definition 1. An admissible initial grid configuration is a set of agents positioned

according to the aforementioned rules.

Based on this definition, two important observations can be drawn. In the first

place, the configuration does not have to be symmetric with respect to the number

of agents. Secondly, although not mandatory, it is preferable to equally distribute

the followers around the leader in order to obtain a wider area coverage around the

the path tracked by the leader.



7.2. PROBLEM FORMULATION - NONLINEAR CONTROLLER 127

Notice that the general grid configuration in Figure 7.2.1 depicts the case of no

overlap between the agents. Since the amount of overlap is a tunable parameter,

if it is different from zero, then the general or admissible grid configuration built

according to Definition 1 would show overlapped FoVs.

In order for the swarm to track a desired path while keeping the initial grid-like

admissible configuration at each time-step, it is important for each agent to compute

a proper reference position in the space to be reached at the next time-step. To

this purpose, let us start by showing how such reference points are computed at

each agent and then we design proper controllers that allow the agents to reach the

reference points. In particular, we prove that the proposed control laws guarantee

convergence of the agents to the desired reference points. It is important to remark

that trajectories and reference points associated with each agent refer to the center

of its FoV, which is assumed to be a square, where the agent is located. Moreover,

recall that the area of the square FoV of each agent changes independently according

to a disturbance (f.i., the available bandwidth) measured in that specific location.

Thus, as the agents move to follow the leader, the altitude, along with the FoVs of

the agents, change and the grid configuration varies over time while striving to avoid

detachments. Notice that, although the shape of the scanned area of the swarm

changes, the designed control technique keeps a constant distribution of the agents

around the leader. In other words, the row and column identifying the location

of an agent in the swarm remain unchanged, as explained further on. Finally, we

make the realistic assumption that all the agents are equipped with a mobile network

connection, thus they can communicate with each other.

For each agent, the reference altitude zr on the z-axis depends on the available

network bandwidth and is provided by a specific mapping that has been discussed

in Eq. (4.19). Let us now show how to compute the references on the (x, y)-plane to

be tracked by the agents.

The leader’s reference point (xL, yL) belongs to the given desired path. Notice
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that the design of an online path planner that computes the reference point for the

leader at each time-step is orthogonal to this work. Regarding agents (0, j), j > 0,

the reference point at the next time-step depends only on the agent on its left, i.e.

agent (0, j − 1). Therefore, the reference (xr
(0,j), y

r
(0,j)) for an agent (0, j), j > 0 is:

xr
(0,j) = x(0,j−1) + d(0,j−1) + d(0,j) − γ (7.3)

yr
(0,j) = yL (7.4)

where (xr
(0,j), y

r
(0,j)) is the desired position, i.e. the center of the square FoV, of agent

(0, j) at the next time-step, d(0,j−1) + d(0,j) is the distance between agent (0, j − 1)

and (0, j) in the x direction, which was previously defined, γ ≥ 0 is a positive real

parameter that denotes the desired overlap (γ = 0 means no overlap). yL is the

y-coordinate of the leader at the next time-step, which is shared with the leader’s

neighbors as soon as it is available.

Regarding agents (i, 0), i > 0, the reference point depends only on agent (i − 1, 0).

Thus, the reference (xr
(i,0), y

r
(i,0)) for an agent (i, 0), i > 0 is:

xr
(i,0) = xL (7.5)

yr
(i,0) = y(i−1,0) + d(i−1,0) + d(i,0) − γ (7.6)

Analogously, for agent (0,−q), q > 0, the reference point is given by:

xr
(0,−q) = x(0,−q+1) − d(0,−q+1) − d(0,−q) + γ (7.7)

yr
(0,−q) = yL (7.8)

In other words, to compute the reference point, this time we take into account the

neighboring agent on the right of agent (0,−q), i.e. agent (0,−q+1). Finally, given
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Figure 7.2.2: Cases for reference points

agent (−p, 0), p > 0, the reference point is:

xr
(−p,0) = xL (7.9)

yr
(−p,0) = y(−p+1,0) − d(−p+1,0) − d(−p,0) + γ (7.10)

For a generic agent (i, j), i, j > 0, the computation of the reference point depends

on the location of agents (i − 1, j), i.e. the neighbor below, and (i, j − 1), i.e. the

neighbor on its left. In particular, different cases may occur. The first case is shown

in Figure 7.2.2(a). It would be desirable to set the reference point, which refers to

the center of the square, such that the lower-left corner of the agent’s FoV is on the

green dot. Figures 7.2.2(b)-7.2.2(d) show the other possible cases that may occur

where the green dot represents the point where to drive the agent’s lower-left corner

to avoid detachments in the overall coverage. Notice that these figures show the case

where γ is set to 0. As γ grows, the green dot is pushed down and left.

The reference point of agent (i, j), i, j > 0, for the cases depicted in Figures 7.2.2(a)-

7.2.2(c) is:

xr
(i,j) = min

(
x(i,j−1) + d(i,j−1), x(i−1,j) − d(i−1,j)

)
+ d(i,j) − γ (7.11)
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yr
(i,j) = min

(
y(i,j−1) − d(i,j−1), y(i−1,j) + d(i−1,j)

)
+ d(i,j) − γ (7.12)

For the case in Figure 7.2.2(d), the computation changes as follows:

xr
(i,j) = max

(
x(i,j−1) + d(i,j−1), x(i−1,j) − d(i−1,j)

)
+ d(i,j) − γ (7.13)

yr
(i,j) = max

(
y(i,j−1) − d(i,j−1), y(i−1,j) + d(i−1,j)

)
+ d(i,j) − γ (7.14)

Notice that d(i,j) is added to pass from the coordinates of the green dot to the

coordinates of the center of the FoV associated with agent (i, j). In the same way,

the computation of the reference point for a generic agent (i,−q), (−p,−q), or (−p, j),

with i, q, p > 0, follows a similar logic. This formulation of the reference points avoids

the formation of blind spots and imposes an overlap between the scanned areas that

is proportional to γ. In the following, the reference points for the remaining agents

with respect to their neighbors are computed. For agents (i,−q), with i, q > 0,

and without overlap between the neighboring agents (i,−q + 1) and (i− 1,−q), the

reference point is the following:

xr
(i,−q) = max(x(i,−q+1) − d(i,−q+1),

x(i−1,−q) + d(i−1,−q))− d(i,−q) + γ
(7.15)

yr
(i,−q) = min(y(i,−q+1) − d(i,−q+1),

y(i−1,−q) + d(i−1,−q)) + d(i,−q) − γ
(7.16)
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If there is overlap between the neighboring agents, it results:

xr
(i,−q) = min(x(i,−q+1) − d(i,−q+1),

x(i−1,−q) + d(i−1,−q))− d(i,−q) + γ
(7.17)

yr
(i,−q) = max(y(i,−q+1) − d(i,−q+1),

y(i−1,−q) + d(i−1,−q)) + d(i,−q) − γ
(7.18)

For agents (−p,−q) with p, q > 0, and without overlap between the neighboring

agents (−p,−q + 1) and (−p+ 1,−q) the reference point is:

xr
(−p,−q) = max(x(−p,−q+1) − d(−p,−q+1),

x(−p+1,−q) + d(−p+1,−q))− d(−p,−q) + γ
(7.19)

yr
(−p,−q) = max(y(−p,−q+1) − d(−p,−q+1),

y(−p+1,−q) + d(−p+1,−q)) + d(−p+1,−q) − γ
(7.20)

When agents (−p,−q + 1) and (−p+ 1,−q) overlap, it results:

xr
(−p,−q) = min(x(−p,−q+1) − d(−p,−q+1),

x(−p+1,−q) + d(−p+1,−q))− d(−p,−q) + γ
(7.21)

yr
(−p,−q) = min(y(−p,−q+1) − d(−p,−q+1),

y(−p+1,−q) + d(−p+1,−q)) + d(−p+1,−q) − γ
(7.22)
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Finally, for agents (−p, j) when agents (−p, j−1) and (−p+1, j) do not overlap, we

obtain:

xr
(−p,j) = min(x(−p,j−1) − d(−p,j−1),

x(−p+1,j) + d(−p+1,j)) + d(−p,j) − γ
(7.23)

yr
(−p,j) = max(y(−p,j−1) − d(−p,j−1),

y(−p+1,j) + d(−p+1,j))− d(−p,j) + γ
(7.24)

If agents (−p, j − 1) and (−p+ 1, j) overlap, we impose:

xr
(−p,j) = max(x(−p,j−1) − d(−p,j−1),

x(−p+1,j) + d(−p+1,j)) + d(−p,j) − γ
(7.25)

yr
(−p,j) = min(y(−p,j−1) − d(−p,j−1),

y(−p+1,j) + d(−p+1,j))− d(−p,j) + γ
(7.26)

7.3 Nonlinear Controller Design

Now that the reference points for the agents have been proposed in all the dimensions,

the nonlinear controller can be designed based on the given references to steer the

agents toward the given points to follow the given path, and change the altitude

accordingly. To assume bounded velocities for a more practical scenario, a saturation

on such velocities are imposed through a state space transform. To this purpose, let

us provide the following theorem.

Theorem. Consider a swarm of agents in R3, whose dynamics is as in Eq. (7.1) and
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whose initial formation is any admissible grid configuration. Suppose that each agent

is required to reach a desired reference point (xr, yr, zr) in the space with bounded

velocities, i.e. such that |vx| < M , |vy| < M and |vz| < M , with M ∈ R+. Then, for

any Kd, Kp > 0, the following controllers for c = x, y, and z:

uc =−Kd
2M

π
sin
( π

2M
vc

)
cos
( π

2M
vc

)
− 2M

π
Kp cos

2
( π

2M
vc

) vc

tan
(

π
2M

vc
)(c− cr)

(7.27)

guarantee asymptotic convergence of the agent’s position to (xr, yr, zr) with bounded

velocities.

Proof. We prove the theorem for ux, i.e. the first element of the control vector u.

The proof for uy and uz can be obtained in the same way.

We want to prove that, under the control ux, (x, vx) converge to the equilibrium

point (xr, 0). From Eq. (7.1), it can be seen that the system for the x coordinate

has two states, i.e. x and vx. While the first state has no constraints, the second one

is bounded by M , i.e. |vx| < M with M ∈ R+. Let us now consider the following

change of coordinates, which represents a mapping from the original state space to

R2:

ξ1 = x, ξ2 = tan
( π

2M
vx

)
(7.28)

Hence, it follows that:

x = ξ1, vx =
2M

π
tan−1(ξ2) (7.29)

From Eq. (7.29), it is evident that this change of coordinates keeps the velocity

bounded as |2M
π

tan−1(ξ2)| < M .

The resulting model in the new coordinates is:
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ξ̇1 = vx =
2M

π
tan−1(ξ2), ξ̇2 =

π/2M

cos2(vx
π

2M
)
ux (7.30)

Using Eq. (7.28) and trigonometric identities, one can rewrite Eq. (7.30) as follows:

ξ̇1 =
2M

π
tan−1(ξ2), ξ̇2 =

π

2M
(1 + ξ22)ux := ν (7.31)

To prove asymptotic convergence to the desired reference position, consider the fol-

lowing positive definite candidate Lyapunov functional:

V (ξ) =
1

2
ξ22 +

Kp

2
(ξ1 − ξr

1)
2 (7.32)

The time derivative of V (ξ) is equal to:

V̇ (ξ) = ξ2ξ̇2 +Kpξ̇1(ξ1 − ξr
1)

= ξ2ν +
2MKp

π
tan−1(ξ2)(ξ1 − ξr

1)
(7.33)

Let:

ν = −Kdξ2 −
2MKp

π

tan−1(ξ2)

ξ2
(ξ1 − ξr

1) (7.34)

Then:

V̇ (ξ) = −Kdξ
2
2 ≤ 0 (7.35)

which implies that V (ξ) is negative semi-definite and is bounded, thus it has a finite

limit as t→ +∞. From Eq. (7.32), boundedness of V (ξ) implies boundedness of ξ2
and ξ1 − ξr

1, which, in turn, implies boundedness of ν in Eq. (7.34) and therefore of

ξ̇2.

At this point, consider the second derivative of V (ξ):
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V̈ (ξ) = −2Kdξ2ξ̇2 = −2Kdξ2ν (7.36)

Since ξ2 and ν are bounded, then V̈ (ξ) is bounded, i.e. V̇ (ξ) is uniformly continuous.

Moreover, remembering that V (ξ) has a finite limit as t→ +∞, by Barbalat’s lemma

it results that V̇ (ξ)→ 0, t→ +∞. This implies that ξ2 → 0, i.e. vx → 0 as desired.

Now we have to prove that ξ1 → ξr
1. To do so, consider:

ν̇ = −Kdξ̇2 −
2MKp

π

[
d

dξ2

(
tan−1(ξ2)

ξ2

)
(ξ1 − ξr

1) +
tan−1(ξ2)

ξ2
ξ̇1

]
(7.37)

Since ξ2 → 0, then it is easy to show that

d

dξ2

(
tan−1(ξ2)

ξ2

)
→ 0 (7.38)

Hence, ν̇ = ξ̈2 is bounded. Then, by Barbalat’s lemma, it results that ξ̇2 = ν → 0,

which implies ξ1 → ξr
1, i.e. x→ xr. To conclude, by equating (7.31) and (7.34) it is

possible to obtain ux, i.e. the x-component of the control input (7.27).

Concerning the parameter γ regulating the overlap between two scanned areas, it

is important to point out that its value should be chosen in such a way that potential

detachments are avoided. Since detachments are caused by abrupt changes in speed

on the (x, y)−plane or by abrupt changes in the width of the scanned area, which

translates in sudden changes in the speed along the z-axis, the parameter γ should

depend proportionally on the maximum value M that bounds the agent’s velocities

along the three axes. A formal analysis on such a dependency and a mathematical

formulation of this parameter is left as a future work. In the following, γ will be set

empirically.
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7.4 Simulation Results for Grid-Based Coverage

This section presents the simulation results for the proposed control problem. We

have considered a sine-shaped reference path for the leader to track whereas the other

agents follow the leader while avoiding detachments.

We show the results for 9 agents1 starting from the same altitude with the fol-

lowing admissible grid configuration: leader (0, 0) and agents (0, 1), (0,−1), (1, 0),

(−1, 0), (1, 1), (1,−1), (−1,−1), (−1, 1). Notice that guiding the agents of the swarm

to form the initial admissible grid configuration used to start the coverage mission

is the well-known standard rendez-vous problem. Each agent uses the controller pro-

vided in (7.27), where we have set Kp = Kd = 5. Notice that the controller works

for any Kp and Kd as long as they are positive. The velocity limit is M = 1m/s and

the initial altitude for the agents is 6m. For this simulation, zmin and zmax in (4.19)

have been set to 6m and 15m, respectively, whereas bmin and bmax have been set to

500 kbit/s and 5000 kbit/s, respectively. Moreover, the bandwidth is modeled as a

uniform random distribution over the area due to its unpredictability, the desired

overlap γ has been set to 2, and finally an animation of the simulation has been

produced2.

7.4.1 Coverage and Trajectory Tracking

Let us now provide the results in terms of reference path tracking and coverage. To

this end, we will consider only the projections on the (x, y)-plane. Figure 7.4.1 shows

the case of 9 agents where the leader has to track a sine-shaped path (orange dashed

line), as previously said. The starting point is marked with a black circle and the end

point with a black star. It is possible to observe that the leader’s trajectory (blue

line) perfectly tracks the reference path. The other agents follow the leader, ensuring

no detachments and maintaining a continuous coverage area (light blue area) without
1results for a different number of agents are similar
2https://www.youtube.com/watch?v=Wuikhf3PtWA
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gaps. Notice that the followers’ trajectories (shown in gray) are irregular because of

the variable FoV depending on the altitude. This takes them to get closer or further

from each other along the path to avoid detachments or collisions and to obtain

overlap between their FoVs. The figure also shows snapshots of the swarm’s area

covered at t = 10.4s and t = 150s, respectively. The ’+’ marker denotes the leader’s

position on the plane.
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Figure 7.4.1: Coverage and trajectories of the swarm on the plane

7.4.2 Altitude Tracking and Control variables

Each agent is required to track reference altitude points computed on the basis of

the available network bandwidth in their current position, as discussed in Eq. (4.19).

Figure 7.4.2 shows the reference altitude trajectories are tracked accurately for each

of the 9 agents.

The control inputs ux, uy, and uz, i.e. the acceleration components, are shown in

Figure 7.4.3 for all the agents. The smoothness of the control inputs can be regulated
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by properly setting Kp and Kd. An important observation arises from Figure 7.4.4,

which depicts the velocity components vx, vy, and vz of the leader. It is possible to

state that the three velocities are inside the bound set to ±M as desired. The same

holds for the velocities associated with the other agents.
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Figure 7.4.2: Altitude trajectory tracking for each agent
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Figure 7.4.3: Control inputs for each agent
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Figure 7.4.4: Velocity components of the leader

7.4.3 Comparison

In this section, a comparison with the methodology in 4.2 has been carried out, while

considering 9 agents in the swarm. This comparison includes the total area coverage

given the same path, and the circularity parameter (will be discussed in section

7.4.5), which shows how regularly the coverage area at each time-step is distributed

around the current point on the reference path. Notice that, for a fair comparison,

the available network bandwidth distribution is the same in both cases.

7.4.4 Coverage

As already said, the same Sine-like path considered in 4.2 is used for the proposed

method in this paper for a fair comparison. Figure 7.4.5 shows the total areas covered

employing the two aforementioned approaches. It can be observed that the area

covered with the proposed method (orange border) is substantially greater than the

coverage achieved with the approach in section 4.2 (light blue border), thus proving

the effectiveness of the proposed method.
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Figure 7.4.5: The comparison for the coverage area of the proposed method and the
method in section 4.2.

7.4.5 Circularity

At each time-step, when the leader reaches a certain reference point along the given

reference path, beside coverage, it is preferable that the followers are regularly dis-

tributed around it to provide satisfactory coverage of the surrounding area. To

evaluate this aspect, let us define the circularity parameter as follows:

CP (t) =
minp∈E(t)(∥xL(t)− p∥)
maxp∈E(t)(∥xL(t)− p∥)

(7.39)

where CP (t) is the circularity parameter, xL(t) is the leader’s position, and E(t) is

the set of the points belonging to the boundary of the covered area at time t. Notice

that this parameter changes over time. Based on Eq. (7.39), it clearly results that

0 < CP (t) ≤ 1. Moreover, if CP (t) = 1, it means that the area covered at time t

is a perfect circle. On the other hand, if such a parameter decreases, it means that

the swarm is monitoring an area around the leader that is irregularly distributed.
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Therefore, the goal is to obtain high values of the circularity parameter during the

mission.

Figure 7.4.6 displays the values of the circularity parameter over a 200s mission

both for the proposed approach and the technique proposed in section 4.2, which

does not aim at keeping a constant configuration but rather leverages an optimization

problem to maximize coverage.
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Figure 7.4.6: The comparison of the circular parameter.

It is possible to point out that the proposed approach achieves higher circularity with

respect to the other method, thus implying a more regular distribution and coverage

around the leader.
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Chapter 8

Consensus Problem of Islanded

Grids

8.1 Consensus in DC Islanded Grids

This section introduces the consensus algorithm used in this work, the microgrid’s

possible operating modes, and some useful remarks highlighting key aspects of the

problem.

8.1.1 Consensus Algorithm

Consensus is a widely used branch of MAS in which the states of the agents reach the

same value [31]. This state can represent a variety of concepts, including currents and

voltages [58], the position of mobile robots [71], the position of drones [66], or even

the human behavior of a society [72]. For a continuous-time system, the consensus

algorithm is defined as follows.

Definition 2. A set of agents of a multi-agent system reaches consensus in their states

if and only if:

lim
t→∞

(xi(t)− xj(t)) = 0. (8.1)

147
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The necessary and sufficient condition for consensus to occur is that the communi-

cation graph among the agents is connected. Based on this, we assume that the

communication network between the batteries is connected, meaning that they can

share information among themselves.

To model the dynamics of each of the batteries, one can simply use a single integrator

in the discrete-time domain, as in (8.2):

xi(k + 1) = xi(k) + Tsui(k) (8.2)

Here, Ts is the sampling time, and ui is the control input. To achieve consensus

among the agents, the control input can be chosen as follows:

ui(k) = g
∑
j∈Ni

aij(xj(k)− xi(k)) (8.3)

where aij are the elements of the adjacency matrix A, and g ∈ R is a positive control

gain that must satisfy the following condition:

0 < g ≤ 1

Dmax

(8.4)

to lead to consensus [21]. The quantity Dmax > 0 denotes the maximum degree of a

node in the communication graph.

8.1.2 Dynamics and Operating Modes

The state of charge of a battery in an islanded grid can be defined based on the current

that charges or discharges it, the time-step, the capacity of the battery, and the initial

state of charge, which is known as the Coulomb Counting Method (CCM) [73]. For

a discrete-time dynamical model, one can assume (8.5) as the evolution dynamics of

the SoC:

SoCi(k + 1) = SoCi(k)−
∆T · Ii(k)
Ci × 3600

, i = 1, . . . , N, (8.5)
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where N is the number of batteries in the islanded grid, ∆T is the time interval, and

SoCi, Ci, and Ii are the state of charge, capacity (Ampere-hours, Ah), and current

of battery i, respectively. Based on this formulation, if Ii is positive, the battery

discharges and adds current to the system, meaning that the SoC of the battery

decreases. In contrast, a negative Ii means that the battery is charging, which leads

to an increase in SoC. As mentioned before, the batteries share current to reach

consensus in SoC, based on their capacities.

Four different operating modes are possible based on the amount of generated

energy and consumption.

Mode 1: When the demanded power is equal to the power generated by the RES

units, there is neither surplus energy to charge the batteries nor a deficit that re-

quires battery support. Therefore, the BESSs remain out of service in this operating

condition.

Mode 2: When the demanded power exceeds the total power generated by the

MPPT-based RES units, the batteries must compensate for the deficit to meet the

load demand. In this case, the batteries discharge and contribute to energy provision

according to their capacities and SoC levels.

Mode 3: When the demanded power is lower than the power generated by the

MPPT-based RES units, excess energy is produced. If some batteries are not fully

charged, they are activated in the charging mode to act as additional loads and absorb

this surplus energy. Not to mention that batteries will be charged in proportion to

their capacities and SoCs.

Mode 4: Once the BESSs are fully charged, they can no longer operate as additional

loads. If generation still exceeds the demand under this condition, the voltage of

the common bus begins to rise. To prevent this, the RESs exit the MPPT mode

and switch to load-sharing control, thereby reducing their power generation and

regulating the common bus voltage.

Note that in Mode 4, the currents of the RES units will be decreased to meet the
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exact demanded energy; therefore, they are no longer in MPPT mode. The division

of the currents is based on the maximum currents that each of the RES units can

supply and the demanded current. Thus, the provided current by each unit is given

in (8.9).

Aside from Mode 1, which is the ideal mode, the remaining working modes can

happen in two different cases, as follows.

Case 1. The SoCs are the same for the batteries.

For this case, there is no need to run a consensus algorithm for the batteries, and

the charging/discharging will be based on their capacities. Of course, this process

should be carried out in a way that keeps the SoCs the same for the remainder of

the operation time. Based on Eq. (8.5), we have:

Soci(k)−
∆TIi(k)

Ci × 3600
= Socj(k)−

∆TIj(k)

Cj × 3600
(8.6)

Since SoCs are equal, one can write Eq. (8.6) as follows:

Ii(k)

Ci

=
Ij(k)

Cj

(8.7)

Considering and extending Eq. (8.7), one can write the following formula for the

reference currents when the SoCs are the same:

Ii(k) =
Ierror(k)Ci∑N

j=1 Cj

, (8.8)

where Ierror = Idemand −
∑M

i=1 IRESi
(M is the number of RES units). Using this

simple formula for the currents of the batteries, the SoCs will remain the same for all

the batteries. Note that Ierror can be negative or positive, which causes the batteries
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to charge or discharge, respectively.

IRESi
(k) =

Idemand(k)IRESmaxi∑M
j=1 IRESmaxj

, (8.9)

Here, Idemand is the required current that must be provided by the sources (i.e.,

RESs or both RESs and BESSs, depending on the microgrid’s working mode) to

preserve the common bus voltage at its nominal value. This value can be determined

using the DC bus signaling technique [53, 54], which is described in the following

subsection.

Case 2. The SoCs are not the same for the batteries.

In this case, the consensus algorithm must be run for the batteries to reach the

same values of SoC, as well as to discharge or charge the batteries with a suitable

proportion of the currents to respect the capacities of the batteries. Considering the

consensus formula for the case of SoCs (8.10):

Soci(k + 1) = Soci(k) + g
∑
j∈Ni

aij(Socj(k)− Soci(k)) (8.10)

Based on Eq. (8.5) and Eq. (8.10), one can compute the values of the currents that

discharge/charge the batteries to reach consensus on the SoCs. In Eq. (8.10), the

control input is the difference between SoCs, which needs to be translated into the

required current from the battery. This can be done using Eq. (8.5) and Eq. (8.10)

as follows.

g
∑
j∈Ni

aij
(
Socj(k)− Soci(k)

)
= −∆T · ISoci(k)

Ci × 3600

ISoci(k) = (−Ci × 3600

∆T
)(g
∑
j∈Ni

aij
(
Socj(k)− Soci(k)

)
)

(8.11)

where ISoCi
is the current needed to compensate for the difference in the SoC. ISoCi
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and Ierror will be used to compute the reference current of each battery, Ii. Note that

ISoCi
can be a large current because of the nature of the relationship between the

current and the SoC of a battery. Let us define ∆i = g
∑

j∈Ni
aij
(
SoCj(k)−SoCi(k)

)
.

From (8.11), one can notice the large value of Ci · 3600, which is natural since the

SoC of a battery changes slowly while charging or discharging. Therefore, what is

suggested in this thesis is to compute the reference current for each battery as in Eq.

(8.12).

Ii(k) =


ISoci(k)∑N
j=1 ISocj(k)

Ierror Ierror ·∆i < 0,

0 else.

(8.12)

In Eq. (8.12), the first condition refers to the fact that the signs of Ierror and ∆i

must be different. For instance, when Ierror is positive (negative), it means that

the batteries should send (receive) current; however, only those batteries should

participate that have a negative (positive) ∆i, which means that they have a greater

(smaller) SoC with respect to the other batteries in the grid.

Remark 1. Considering Eq. (8.8) and Eq. (8.12), one can notice that, to compute

the reference current for each battery, the information of all the batteries, the RES

units, and Idemand is needed. Therefore, a fully connected network of the elements in

this islanded grid is required.

Remark 2. Using the normal consensus formula, the batteries would send energy to

each other to make the consensus happen; however, since this consensus applies to

a practical problem, the charging of the batteries is desired to be carried out by the

RES units, not by the batteries themselves. Therefore, Eq. (8.12) has been used

to compute the needed current for the batteries to reach a consensus on SoCs while

ensuring that the batteries do not charge each other.

Remark 3. Due to high demand (generation), it is possible that the batteries reach

SoC = 0 (SoC = 1). In this case, the batteries stop discharging (charging) since
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Table 8.1: Characteristics of the tested DC-MGs.

Parameters Symbol Value
Nominal Voltage Vnom 48 V
Max. Current (PV1 & PV2) Imax 10 A
Max. Current (Wind Turbine) Imax 5 A
Common Bus Capacitance Cbus 20 mF

they are empty (full). Excessive consumption may cause the batteries to become

fully depleted (i.e., SoC = 0), which is a fundamental challenge in islanded grid

design and threatens continuous electrification. In such a situation, load shedding

becomes the only unavoidable option. On the other side, during excessive generation,

the case with SoC = 1 of all batteries leads to changing the working mode of the

RES units from MPPT phase to load-sharing phase, as mentioned in Mode 4.

8.1.3 DC Bus signaling

The DC common-bus voltage (i.e., Vbus) reflects the power balance condition of the

microgrid. This is because a generation deficit discharges the equivalent DC-bus

capacitor, causing a voltage drop, whereas surplus generation charges it, resulting in

a voltage rise. This correlation between the common-bus equivalent capacitance and

the voltage deviation provides an appropriate criterion for determining the proper

value of Ierror, the dominant parameter in the proposed control approach that spec-

ifies the surplus or deficit current to be compensated by the batteries. Irrespective

of the operating mode of the microgrid, the common-bus voltage can be represented

by the following general formula:

Vbus =
1

Cbus

∫ t

t0

(
Idemand −

M∑
i=1

IRESi

)
dt (8.13)

where Cbus is the common bus capacitance. Assuming an ideal controller, an ideal

battery (with negligible terminal-voltage variation across different SoC levels), and
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considering the demonstration in [74] that line resistances can be designed to ensure

negligible voltage drops, the dynamic behavior of Vbus can be obtained by solving

the previous differential equation, given by:

Vbus(t) = Vbus(t0) +
Idemand − ΣM

i=1IRESi

Cbus
(t− t0), (8.14)

Thus, Vbus changes linearly with time, with the slope of (Idemand − ΣM
i=1IRESi

)/Cbus.

Under normal conditions, Vbus(t0) = Vnom. In steady-states (i.e., t : t → ∞), the

voltage deviation from its nominal value (i.e., ∆V = lim
t→∞

Vbus(t) − Vnom) is zero

provided that the supply satisfies the demand, denoted as Ierror = 0. Otherwise,

Ierror can be computed from the resulting voltage deviation at the common bus as

well as the sum of measured terminal currents of i-th RES (IRESi
), as shown in Eq.

(8.14).
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Figure 8.1.1: Proposed converter and control diagram for batteries.

8.1.4 Converter and Controller Diagram

As shown in Fig. 8.1.1, the local controller layer receives the information regarding

SoCs, currents, and bus voltage to compute the reference current for the SoC con-

sensus among the storage units. Using a PI controller, the error between the battery
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and reference current is used to provide the needed duty cycle. This duty cycle will

then be applied to a Pulse Width Modulation (PWM) generator to control the bat-

tery current by manipulating the corresponding converter, and eventually, leading to

voltage regulation and SoC consensus among the batteries. The converter transfer

function based on this elaboration can be determined as follows:

GConverter =
IBattery

DutyCycle
1 + rCCs

LCs2 + (L
R
+ (rL + rC)C)s+ (1 + rL

R
)

(8.15)

where C and L represent the capacitance and inductance of the converter output

filter, respectively, and R is the total load connected to the bus. The parameters

rC and rL stand for Equivalent Series Resistance (ESR) of the filter capacitor and

the inductor, respectively which are included to model the converter more realisti-

cally [75].

8.1.5 Simulation Results for Consensus of SoCs

In this section, the simulation results for the consensus among the SoCs, charge/discharge

currents of the batteries, demanded current, and produced current are illustrated.

Three different examples are provided to show different operation modes of the is-

landed grid.

8.1.5.1 Example 1

In this example, Modes 1, 2, and 3 have been simulated. For the initial parameters,

we considered N = 5 batteries with initial SoCs of SoC = [0.9, 0.5, 0.7, 0.8, 0.6], zero

initial currents from the batteries, capacities as Cap = [50, 100, 150, 200, 250]Ah,

g = 0.2, and ∆T = 1 s.

The simulation runtime is 86400 seconds (a full day) to effectively show the results.

The demanded energy from the grid and the produced energy from PV units and
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the wind turbine are time-varying to show the nature of the problem of balancing

energy among producers and users. Due to changes in sunlight and wind, RESs do

not produce constant energy all the time, and consumers also do not use the same

amount of energy during a day.

Fig. 8.1.2 shows Idemand, IRES, and the difference between them, which is Ierror. This

represents a logical operating mode for a full day in which Idemand and IRES vary due

to the available sunlight, wind, and consumption of the users.
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Figure 8.1.2: Demanded and produced currents in a day.

Fig. 8.1.3 shows the consensus of the SoCs for the batteries. Starting from the

initial SoCs, they reach consensus and then continue to discharge/charge based on

the demanded and produced energy. As you can notice, battery 2 does not participate

in the consensus until 8 hours due to the positive Ierror and its negative ∆i as in Eq.

(8.12). Therefore, as an example, battery 2 is charged not by other batteries but by

the produced energy from the RES units.

Fig. 8.1.4 shows the coordinated charge/discharge currents for the N = 5 batteries

based on the demanded and produced energy. From Figs. 8.1.3 and 8.1.4, it can be

seen that at 08:00, consensus among the batteries is achieved. After this time, the

batteries discharge based on their capacities, since this ensures that their consen-

sus will not be violated, and consequently, the full contribution of all the batteries
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Figure 8.1.3: Consensus of the SoCs for N = 5 batteries.

prolongs their lifespan.

8.1.5.2 Example 2

Operation Mode 4 is shown in this example. Consider that the amount of produced

energy is far more than the demanded one; thus, the SoCs of the batteries become 1,

and they cannot absorb the excess energy. In this case, as mentioned in Mode 4, the

RES units reduce their production in order to meet exactly the demanded energy.

Initial conditions are the same except for Cap = [50, 100, 150, 200, 250]Ah. Fig. 8.1.5

shows the SoCs of the batteries, in which all of them have reached 1 while they are

in Mode 3.

Fig. 8.1.6 shows the currents of the batteries in Modes 3 and 4. In Mode 3, they

absorb the excess energy, and as soon as their SoC reaches one, the RES units change

their mode to 4. In this mode, the batteries do not absorb any current since they

are full.

The produced energy in Mode 4 must exactly meet the demanded energy, which can

be seen in Fig. 8.1.7. With a changing Idemand, the sum of the RES units follows the

demanded energy.
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Figure 8.1.4: Battery currents for N = 5 batteries.
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Figure 8.1.5: SoC consensus in Mode 4 for N = 5 batteries.
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Figure 8.1.6: Battery currents in Mode 4 for N = 5 batteries.
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Figure 8.1.7: Demanded and RES units’ currents in Mode 4 for M = 3 RES units.

8.1.5.3 Example 3

This example illustrates the implementation of the proposed algorithm applied to

a real converter transfer function. This model incorporates the details of a real

converter model where its input is the duty cycle and its output is the battery

current. Note that for this simulation, we considered sampling time Ts = 0.001s,

total duration of T = 3s, initial SoC = [0.5, 0.8, 0.3], battery capacity of Cap =
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[0.01, 0.02, 0.05], and N = 3 batteries. The reason to choose small capacities is due

to avoid long simulation time to show the convergence of SoCs. As mentioned before,

a PI controller is being used to compensate the current error which its parameters

have been chosen as kP = 0.001, and kI = 40 which leads to a perfect tracking of

the reference current with a transition time equal to 5 samples (0.005s). Fig. 8.1.8

demonstrates the currents that the batteries shared as demanded by the converters.

As it is obvious from the fig, the tracking of the current is almost perfect which

shows that the algorithm is working in real-time with a real sampling time (Ts =

0.001). Two different working modes have been considered that has been mentioned

previously as Mode 2 and Mode 3.
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Figure 8.1.8: The battery currents provided by the converters.

Fig. 8.1.9 demonstrates the convergence of the SoCs for the batteries while working

in two different modes. As can be seen, circular current is avoided and the charging

and discharging of the batteries respects the SoCs and the capacities of the batteries.

Based on the Fig 8.1.8 and Fig 8.1.9, the algorithm shows a perfect tracking of

the reference current in a short time while respecting the real-time constraints. Note

that this simulation is only for 3 seconds to avoid long simulations and simplicity.
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Chapter 9

Conclusions and Future Work

9.1 Conclusions

This thesis addresses two key problems within the domain of multi-agent systems

and distributed control: the coordinated motion control of drone swarms for efficient

area coverage and video acquisition, and the consensus-based coordination of het-

erogeneous backup batteries in DC islanded grids. In both cases, the focus was on

developing control strategies that are scalable, adaptive, and capable of operating

under practical constraints.

In the first part of the thesis, a leader–follower framework based on MPC was

developed for the coordination of drone swarms. The proposed approach enabled

the agents to maintain a distance-based formation while following a predefined tra-

jectory, ensuring collision avoidance and the capture of overlapping video streams.

To enhance the performance of the system, an online path planning strategy was

introduced, allowing the leader agent to dynamically identify uncovered areas and

guide the swarm accordingly. This resulted in improved area coverage while adapting

to the available network bandwidth, which directly influenced the achievable video

quality. Also, the online path planner works for any convex area, which enhances

the flexibility of the proposed method in dealing with various target areas. Later, a
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comprehensive sensitivity analysis was performed to identify the effectiveness of each

of the weighting factors participating in the optimization of the MPC controller. Due

to the limitations of the available network bandwidth and to mitigate the scalability

of the problem, an event-triggered communication framework has been added to the

problem avoiding unnecessary communications, leading network bandwidth overload.

Within this approach, a more complicated drone model has been investigated to have

a more realistic scenario for the swarm control of the drones.

Furthermore, a grid-based coverage method was proposed as an alternative strat-

egy to improve coverage efficiency. By positioning the leader at the center of the

formation and organizing the follower agents into a polygonal structure, the swarm

was able to sweep the environment more effectively compared to the other previ-

ously mentioned methods. A prescribed nonlinear controller was designed to ensure

accurate tracking of the reference positions while respecting the velocity constraints,

and a mathematical convergence proof was provided to support the stability and

correctness of the proposed control law.

In the second part of the thesis, the consensus problem for backup batteries in DC

islanded grids was investigated. A consensus-based control strategy was developed to

achieve balanced power sharing among heterogeneous batteries with different initial

states of charge and capacities. Unlike simplified models often used in the literature,

a realistic converter transfer function was incorporated to capture the relationship

between the duty cycle and the battery current. The results demonstrated that

the proposed approach is capable of ensuring coordinated operation and fair load

distribution under realistic system dynamics.

Overall, the contributions of this thesis demonstrate the effectiveness of combin-

ing MPC and consensus-based strategies for solving complex coordination problems

in multi-agent systems. The proposed methods provide practical solutions for im-

proving performance in both autonomous aerial systems and smart energy networks,

while maintaining scalability and robustness.
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9.2 Future Work

Despite the promising results obtained in this thesis, several directions remain open

for further investigation.

Experimental validation of the proposed framework for the swarm control rep-

resents an important next step to better understand its practical limitations and

potential challenges. Starting with a small number of drones, the communication

protocols and control strategies should be tested to evaluate their performance and

robustness in real-world scenarios.

In the current work, an online path planning method and an improvement to it

have been proposed to enhance area coverage, where one is limited to rectangular

environments and the improved version is applicable to convex regions. A natural

extension of this work is the development of a more general path planning algorithm

capable of handling obstacles and non-convex environments.

In the grid-based coverage approach, the initial conditions of the agents must

satisfy specific requirements imposed by the method. While this assumption is com-

mon in the literature, enhancing the robustness of the algorithm by relaxing these

constraints is of interest. In particular, the implementation of a rendezvous strategy

based on an optimal transport formulation could enable an energy-efficient reconfig-

uration of the agents toward the desired initial formation.

The proposed consensus-based control strategy for backup batteries in DC is-

landed grids can be further validated through hardware-in-the-loop experiments to

assess its performance under realistic operating conditions. In addition, incorporating

voltage regulation into the control framework would provide a more comprehensive

and practical solution, and is therefore identified as an important direction for future

work.

These directions can further improve the robustness, scalability, and real-world
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applicability of the proposed methods and open the path for future research in dis-

tributed control of complex systems.
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