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Abstract

Unmanned Air Vehicles (UAVs) have many advantages for military and civil usage, such as

aerial photography, surveillance, agricultural applications, to name a few. Even though they

have many bene�ts, there are still problems that need to be solved in terms of control, ob-

servation and path planning of UAVs. This thesis investigates each problem separately and

proposes novel methods: Maximum Correntropy Kalman Filter (MCStF) and Fuzzy Interact-

ing Multiple Velocity Obstacle Avoidance Method (FIMVO). For comparisons and tests, DJI

Tello and Crazy
ie 2.0 UAVs have been used as real-time applications.

In the control part, three di�erent controller methods, proportional integral derivative

(PID), type-1 fuzzy PID (T1-FPID) and interval type-2 fuzzy PID (IT2-FPID), have been

compared with each other. For comparison, two di�erent scenarios have been used under

the unknown payload connected with a 
exible cable. Robustness, stability criteria, and task

performance have been investigated, and simulation and real-time results have been shown.

The state estimation methods part has been the other main focus topic. Conventional

Kalman �lter (KF) and maximum correntropy Kalman �lter (MCKF) have been compared to

each other. Then, a novel method, MCStF, has been proposed and compared with KF and

MCKF. For comparison, interacting multiple method has been applied for each �lter. The

proposed and compared methods have been tested on the real-time system; in addition, the

computation time and root-mean-square error have been de�ned as performance criteria.

The last part is about path planning. Fuzzy controllers and improved state estimation

algorithms have been applied for multi-UAV usage. Instead of global mapping, local mapping

algorithms, geometric-based Velocity Obstacle (VO), Reciprocal Velocity Obstacle (RVO), and

Hybrid Reciprocal Velocity Obstacle (HRVO) avoidance methods have been focused on. These

methods are compared with histogram-based collision avoidance methods in the simulation
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environment. Then, geometric approached velocity obstacle avoidance methods and the state-

of-art velocity obstacle method, FIMVO, have been compared and tested on simulation and

real-time systems. For comparison, the collision count and computation time are shown as

performance criteria. Moreover, the added performance graph shows reliability, trajectory

smoothness, task performance and algorithm simplicity.
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Chapter 1

Introduction

The usage of Unmanned Aerial Vehicles (UAVs), commonly known as drones, has brought

numerous bene�ts to various �elds, including search and rescue operations, aerial photogra-

phy, and industrial applications ([1], [2]). Aerial vehicles are autonomous or remotely operated

aircraft systems that have revolutionised research, development, and transportation systems,

enabling rapid recon�guration, monitoring, inspection, and the delivery of sophisticated au-

tonomous systems ([1]{[4]). These aircraft can be either electric or fuel-based and can 
y

autonomously or under remote control. UAVs can be broadly categorised into two types based

on their aerodynamic principles: �xed-wing and rotary-wing UAVs. Fixed-wing UAVs feature

a rigid wing that enables vertical take-o� and landing (VTOL) and uses aerofoils, pitch con-

trol, and an elevator to achieve three axes of rotation ([5]). On the other hand, rotary-wing

UAVs employ a rotating motor-based wing structure, with changes in rotor thrust allowing for

three-axis rotation ([6]).

Figure 1.1: UAVER Avian-P3 commercial �xed-wing UAV ([7]) (Left) and DJI Matrice 30
commercial rotary-wing UAV ([8]) (Right).
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In Fig. 1.1, the UAVER Avian-P3 �xed-wing UAV is depicted, which is commonly used

for long-distance mapping systems. It is equipped with a long-lasting battery and has high-

accuracy positioning capabilities. Additionally, the DJI Matrice 30 rotor-wing UAV is shown,

often used for surveillance, thermal analysis, and 3D environment mapping [8]. However, both

of these systems face challenges related to 
ight time and mission complexity. For instance,

when dealing with farming areas larger than 100 acres, a rotor-wing UAV may require multiple


ights, while using a �xed-wing UAV may not be a reliable solution. In such cases, employing

multiple UAVs or a swarm of UAVs can be a potential solution.

Multiple UAVs, also known as aerial robots or autonomous UAVs, along with multiple

Unmanned Ground Vehicles (UGVs), have gained signi�cant attention in various �elds such

as tracking, inspection, and transportation systems, enabling the deployment of intelligent

autonomous systems ([9]{[11]). Compared to a single large UAV, multiple UAVs controlled

autonomously or through teleoperation prove to be more e�ective in many critical application

domains. Therefore, various types of controllers have been developed for multiple UAV sys-

tems, including formation controllers ([11]{[13]) and 
ocking controllers ([14]{[16]). However,

implementing real-time applications for multiple UAVs can be challenging due to factors such

as high-cost equipment and inadequate environments. To address these challenges, multi-agent

systems (MAS) have been utilised in research to simplify problems and �nd e�ective solutions

([17]). The considered problems are listed below:

1. Dynamical model complexity of UAVs: There are many di�erent types of UAV models,

such as linear or nonlinear. However, there are several inaccessible parameters in the

UAV dynamics; therefore, the model of the UAV is able to be complex.

2. Control methodologies of UAVs: Many di�erent controlling methods, PID, LQR, MPC or

FPID, have been developed to control the UAV. Moreover, these methods have guaran-

teed the stability of the UAVs. Considering the multiple UAVs, the coupling parameters,

such as cooperative or non-cooperative working, can change the stability performances

of each UAV.

3. Internal and external noise e�ects on UAVs: In real-time systems, the sensors, IMU,

GPS, INS or Optical Flow, have included some di�erent types of noises. It has be to

eliminated to get high accuracy. The state estimation methods, KF, EKF or UKF, are
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able to be used to predict and estimate sensor actual data. However, considering the

external noises, wind or radiation, it has been not easy to estimate.

This thesis focuses on addressing the main problems encountered in the context of multiple

UAVs, which include the dynamic complexity of UAVs and multiple UAVs, control method-

ologies for UAVs and multiple UAVs, and the e�ects of internal and external noise on UAVs

and multiple UAVs. These problems are of signi�cant research interest. The complexity of

dynamical models a�ects controller design and computation time, where a complex model can

increase the computation time and lead to undesirable outcomes. Additionally, even with a

complex model, there may exist uncertain or inaccessible parameters. Moreover, while internal

noises can be mitigated using �lter methods, predicting, and handling external noises present

additional challenges.

These problems have practical implications in industrial, agricultural, and military �elds,

and several survey papers have extensively discussed and expanded upon these challenges ([18]{

[20]). For example, agricultural UAVs deviating from their intended tracking line due to wind,

military UAVs exhibiting incorrect responses under challenging conditions, and the coordi-

nation and timing requirements of multiple UAVs used in aerial shows are examples of the

problems encountered. However, using expensive, large, and high-risk UAVs to solve these

problems may not be practical. Instead, this research proposes the utilisation of small-scale

and cost-e�ective UAV systems.

Figure 1.2: Bitcraze Crazy
ie 2.1 (Left), DJI Tello EDU (Right).

In Fig. 1.2, the Crazy
ie 2.1, developed by Bitcraze, and the Tello EDU UAVs, developed

by DJI Company, are showcased. The Crazy
ie 2.1, known as a "nano drone," is particularly

suitable for indoor applications due to its small size, high manoeuvrability, a�ordability, and

open-source nature ([21], [22]). Similarly, DJI Tello EDU UAVs possess similar advantages in
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terms of size, lightweight design, and manoeuvrability. However, unlike the Crazy
ie 2.1, DJI

Tello UAVs have a semi-open-source structure with a closed-loop inner system. These UAV

platforms serve as suitable options for real-time application solutions, enabling the experimen-

tal testing of proposed methods.

To address the problems related to controllers, estimations, and local path planning, various

comparison methods have been investigated and classi�ed for each problem. The comparisons,

along with the proposed approaches, are presented in Fig. 1.3.

Figure 1.3: The proposed approaches of the UAVs

This research primarily focuses on modelling and control methods for UAVs. In the

controller section, the proportional-integral-derivative (PID), interval type-1 fuzzy PID (IT1-

FPID), and type-2 fuzzy PID (IT2-FPID) controller methods are compared in terms of stability,

task time completion, disturbance rejection, and uncertainty handling. In the estimation part,

the classical Kalman �lter (KF), maximum correntropy Kalman �lter (MCKF), and a novel

method called maximum correntropy Student's T �lter (MCStF) are compared under Gaussian

and non-Gaussian noise conditions. Lastly, collision avoidance methods, crucial for local path

planning, are explored using geometric approaches known for their computational e�ciency

and ease of implementation in real-time systems. Traditional velocity obstacle (VO), recipro-

cal velocity obstacle (RVO), hybrid reciprocal velocity obstacle (HRVO), and a proposed fuzzy

interacting multiple velocity obstacle (FIMVO) approach are tested through simulations and

real-time experiments.
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1.1 Thesis Outline

The thesis has been divided into six parts, namely, the introduction, publications, related

works, methods for control of UAVs, methods for estimation of UAVs with maximum cor-

rentropy �lters, and methods for collision avoidance of UAVs, respectively. The last chapter

consists of conclusions and future works.

The two parts present the introduction to UAVs and literature reviews. An introduction

to UAV is given in Chapter 1. Then, related works about control, estimation and collision

avoidance of UAVs are explained in Chapter 2. In addition, Chapters 3, 4 and 5 introduce the

proposed and compared methods for the UAVs: control, estimation and collision avoidance,

respectively. Methods for control of the UAVs represent PID, T1-FPID and IT2-FPID under

uncertainties; also, simulation and real-time results are shown. In the methods for the estima-

tion of the UAVs with maximum correntropy �lters, a novel method, MCStF, is explained and

tested on simulation and real-time systems. The proposed method is compared with KF and

MCKF. The last chapter of the methods, collision avoidance methods, is started in Chapter

5. Potential �eld-based and geometric-based collision avoidance methods are compared in the

simulation environment using Matlab. Then, VO, RVO and HRVO are combined with fuzzy

and a new velocity obstacle avoidance approach, FIMVO, is proposed. The simulation and

the real-time test results are also shown in these chapters. Lastly, the thesis is concluded, and

future work is recommended in Chapter 6.
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1.2 Contributions

In this section, it is presented the contributions of the thesis.

1. Multiple UAV problems, including collision avoidance, computation time, stability, and

task performance, have been addressed both theoretically and practically. These prob-

lems have been extensively studied through simulations, and solutions such as Gaussian-

based and non-Gaussian-based �lters for state estimation and local path planning have

been proposed to resolve them.

2. Real-time applications involving uncertain parameters and diverse types of noise have

been undertaken. These uncertain parameters encompass both unknown payloads and

disturbances a�ecting the payload. Speci�cally, when formulating the dynamic equations

for UAVs, the resulting system does not account for the connected payload and the

pendulum e�ects on the UAV's centre of mass. Additionally, di�erent types of noise,

such as Gaussian and heavy-tailed non-Gaussian noises, have been considered.

3. One of the signi�cant contributions of this study is the successful implementation of the

Interval Type-2 Fuzzy PID (IT2-FPID) controller under the nonlinear dynamic model

with unknown/uncertain parameters of the UAV carrying a payload. This implementa-

tion involves tuning the controller parameters based on the model and aims to mitigate

the oscillations caused by a 
exible cable-connected payload on the DJI Tello UAV.

The controllers, including PID, T1-FPID, and IT2-FPID, have been tuned using the Big

Bang-Big Crunch (BB-BC) optimization method on the UAV's dynamical model without

the payload. Subsequently, the controller coe�cients were �ne-tuned on a real-time UAV

without the payload to account for unmodeled dynamics and uncertainties. The e�ec-

tiveness of the IT2-FPID controller has been demonstrated by eliminating the disturbing

payload e�ects and achieving e�cient tracking of the desired trajectory. Furthermore,

a comparative analysis of the performance between IT2-FPID, T1-FPID, and PID con-

trollers has been conducted, revealing the superiority of the designed IT2-FPID control

system over its counterparts.

4. This study introduces two novel methods: \An Interacting Multiple Model Approach

based on Maximum Correntropy Student's T Filter" (MCStF) and "A Real-time Fuzzy
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Interacting Multiple-Model Velocity Obstacle (FIMVO) Approach for Unmanned Aerial

Vehicles". These methods constitute valuable contributions to the existing body of lit-

erature.

5. The MCStF method presents a novel approach to eliminate heavy-tailed non-Gaussian

noises a�ecting the position sensor. A comparative analysis is conducted, comparing

the proposed method with IMM-based MCKF and KF. While MCKF exhibits good

performance under non-Gaussian noises, the results obtained with MCStF demonstrate

better accuracy and computation time. Additionally, the proposed method is tested

not only in a simulation environment but also in real-time systems using UAVs and

cameras for position detection. The results obtained from both simulations and real-time

experiments reinforce each other, establishing the superior accuracy and computation

time e�ciency of MCStF.

6. FIMVO is directly related to velocity obstacle methods. To enhance accuracy, task per-

formance, and computation time e�ciency, FIMVO incorporates VO, RVO, and HRVO

simultaneously, utilizing a decision-making mechanism. The choice among these methods

is determined by a fuzzy interaction, thereby impacting the computation time. Conse-

quently, FIMVO outperforms HRVO in terms of speed and provides greater reliability

compared to VO and RVO. The performance of these methods has been evaluated and

compared in both simulation and real-time environments, with the simulation results

validated through real-time experiments.
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Chapter 2

Related Works

Literature on the methods for modelling and control of UAVs has been investigated in 3 parts:

controller, observation, and local path planning.

2.1 Methods for Control of Unmanned Aerial Vehicles

Numerous types of linear and nonlinear control methods have been designed and implemented

for the control of UAVs [21], [23]{[25]. While UAVs are nonlinear structures with highly

coupled states, linear controllers such as traditional PID or LQR were used for the UAV's

autonomous 
ight [25]. In general, modern controls have been developed and implemented to

overcome the motion stability and coordination problems of UAVs, such as conventional pro-

portional{integral{derivative (PID) ([26], [27]), fuzzy PID Control (FPID or T1-FPID) ([28],

[29]), Linear Quadratic Regulator (LQR) ([30]), Linear Quadratic Gaussian and Loop Trans-

fer Recovery (LQG/LTR) ([31]), Model Predictive Control (MPC) ([32], [33]) and H 1 ([34])

control methods. However, the controllers built previously are used for speci�c sizes of a single

UAV. That means control parameters and control methods may be changed for di�erent sizes

and shapes of UAVs. In addition, the physical dynamics of the UAV represent a challenge

for many of the control algorithms implemented on these UAVs, especially when the control

coe�cients are determined by using one type of dynamic model.

The controller algorithms and the calculation of their parameters are directly related to

the physical dynamics of the system. However, the physical dynamics of the UAV represent

a challenge for many of the control algorithms implemented on these UAVs, mainly when
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the control parameters are determined by using limited known dynamic model parameters.

Moreover, knowing all parameters of the physical dynamics is almost impossible due to un-

certainties or inaccessible parameters. Therefore, the stable controller parameter might cross

to the unstable region in the presence of uncertainty or inaccessible parameters. To explain

and illustrate the problem, it has been scaled and tested using a mini UAV. For indoor experi-

mental research, nano or mini UAVs have proven their e�ciency concerning easy access, small

sizes and weights ([35]). As a result, researchers have used several commercial UAVs such as

Bitcraze Crazy
ie 2.0 ([22], [28], [36]), Parrot Mambo Minidrone ([29]) and DJI Tello ([37]).

In many studies, the connection with the payload represents a further research chal-

lenge ([37]{[40]), and the control problem under uncertain payloads has been solved using

reinforcement learning. The UAV has a 
exible cable, payloads, and magnets. Using the

magnets, the payloads can connect with each other. Hence, the weights cannot be known,

adding additional uncertain parameters. Thanks to model-based meta-reinforcement learn-

ing, the system's inputs and outputs have been trained and created model-based data using

a human-based remote controller. After designing a model-based meta-reinforcement learning

dynamic model, an MPC algorithm has been implemented to cope with such e�ects ([37]).

UAVs face other challenges - not only due to the payload but also due to wind disturbances.

In ([39]), a control algorithm for trajectory tracking with a UAV with a cable-connected payload

has been designed under wind disturbances. In addition, near hovering and cruising states have

been included in the control and an employed attitude tracking control algorithm for the inner

structure. In ([39]), a whole system model has been developed with payload and disturbances,

which means that they are not unknown parameters. Considering unknown parameters such as

the payload mass, an excellent example of associated research work can be attributed to ([38])

on adaptive UAV control for a cable-suspended unknown payload. The system has been

tested with a nonlinear and adaptive PD controller. The coe�cients/parameters of the UAV

controllers have been searched and de�ned via many di�erent optimisation methods ([41]), and

each of them has its own advantages and disadvantages.
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2.2 Methods for State Estimation of the Unmanned Aerial Ve-

hicles

Positioning or localising of the UAV has revealed another problem, like controlling. In liter-

ature, there are several methods to accurately converge to exact positions like Kalman �lter

(KF), maximum correntropy Kalman �lter (MCKF) [42], [43]. In the position of UAV, sensor

fusion methods have been applied to the Inertial Measurement Unit (IMU) and Global Po-

sitioning System (GPS) sensor data. An essential part of this application is identifying the

correct dynamical and kinematic model. However, the UAV states change drastically whether

it follows a manoeuvring or non-manoeuvring trajectory. In this situation, interacting multiple

model (IMM) approaches help to solve this problem.

There are several IMM methods have been deeply explained in [44]{[60]. In [48], a survey

paper has been written about manoeuvre and non-manoeuvre models for a system. The

conventional IMM a�ects the measurement to set information updates with active models.

In [42], [43], [50], there are several advantages of IMM approaches for di�erent applications,

but the problem is model uncertainties. When the conventional IMM approach is used in fault-

prognostic applications, the IMM approach is not able to estimate the actual states. In [45], to

overcome this problem, Fuzzy and IMM structures have been merged to detect fault-tolerant. It

is seen that de�ning dynamical models has played an important role in the application. For this

reason, in [48], researchers have investigated di�erent dynamical models for manoeuvring target

tracking. Moreover, the Cubature Kalman �lter implemented IMM approach has been used for

nonlinear systems in [53], and this approach has been tested on manoeuvring target tracking

to represent the switching probability; the approach employs a Markov process. Another

research has shown di�erent �ltering for Markovian switching: interacting multiple model

�ltering in [58]. Considering the state estimation �lters, the accuracy and error results of the

conventional �lters do not converge to actual data under di�erent conditions, such as non-

Gaussian or mixed distribution. However, the particle �lter a�ects the mixture of Gaussian

probability densities. That means that it is able to manage non-linearities in the system and

non-Gaussian noise [51], [52].

The performance of these �lters depends especially on the model parameters and noise

variance or covariance values. However, knowing the exact parameter values in most real-
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time system applications is impossible, which could a�ect the estimation accuracy. The noise

distributions of the sensor data can characterise these unknown parameters or uncertainties.

The Gaussian distribution usually represents these noises. Then, the prediction and estimation

are achieved by Kalman �lters [42], [61]. However, these distributions are not always Gaussian.

As a result of this, the predictions and the estimations of the �lters cannot give high accuracy

of the system state estimation under non-Gaussian, such as positioning problems with high

error or vision-based localisation errors.

2.3 Methods for Collision Avoidance of Unmanned Aerial Ve-

hicles

Modelling multiple agents or UAV systems (MAS or multiple UAVs) is another important

task, especially linked with collision avoidance. In multiple UAVs, the peripheral equipment,

such as sensors and internal controllers, can be seen at an aggregated level rather than at

the individual level of each agent/UAV [62]. Considering the MAS or multiple UAVs, state

estimation and path planning are other challenging problems for researchers [63]. Moreover,

when designing formation control on swarms or MAS, the obstacle is another problem [64]{[66].

Therefore, the local path planning algorithm has to guarantee non-collision situations. Path

planning algorithms can be changed for di�erent tasks under static or dynamic obstacles, and

each agent/UAV can be de�ned as an obstacle to each other. At this point, velocity or local

path points may vary to avoid the collision. Therefore, it focuses on this subject intensely:

Collision avoidance in real-time systems with a novel proposed method.

There are also challenges related to coordination, communication in real time and achieving

these tasks for every single agent [67]. Multi-agent systems (MAS) have gained signi�cant

interest, and recent results are described in the survey paper [17].

Each agent/ UAV is considered an agent. Desired reference trajectory has been one of the

important UAV tasks aiming to get a global trajectory that is optimal according to a certain

criterion. In order to accomplish the created task, the robot/UAV must reach the desired

target points after starting with an initial point. The agent trajectory generation needs to be

performed to avoid both static and dynamic obstacles [67].

There are di�erent methods able to solve e�ciently path planning problems [68]{[75]. The
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potential �eld (PF) [68] and velocity obstacle (VO) methods [76] are two of the most e�cient

solutions.

The PF methods have been widely used to solve path planning problems since they have

several advantages: they are easy to implement and provide smooth trajectories [68], [74], [75].

In [68], PF methods have been studied in depth for path planning. Then, the arti�cial

potential �eld, based on the traditional PF method, has been validated with performance

criteria in terms of solving local minima problems and obstacle avoidance. Collision avoidance

can also be solved with geometric types of methods [73] and have been compared with an

A* graph search method [77], especially for UAVs [69]. In that work, the A* method was

employed for real-time path�nding in the presence of dynamic obstacles. Nevertheless, in

scenarios where both dynamic and static obstacles are encountered simultaneously, there is an

observed increase in the frequency of collisions.

When comparing with the VO methods, the reciprocal velocity obstacle avoidance method

(RVO) [78] outperforms the conventional VO method, and they have been tested in the real-

time MAS. In [79] and [72], an interval VO approach, such as collision cone zone boundaries

and velocity limits, with collision avoidance cone has been proposed and compared with tradi-

tional VO, reciprocal VO, hybrid reciprocal VO and the optimal reciprocal collision avoidance

(ORCA) methods. Also, each algorithm has been assessed in terms of its advantages and

disadvantages.

Traditional PF, VO, obstacle-dependant Gaussian Potential �eld (ODG-PF) and hybrid

potential �eld methods (HPFM) have been applied in several �elds [62], [72]. As the PF and VO

were designed to deal separately with static and dynamic obstacles, they require improvements

in complex situations where both static and dynamic obstacles exist.

The HPFM combines the strategy of PF and VO by using the form of Vector Field His-

togram (VFH) [80], [81]. In the HPFM, features of two types of obstacles are considered, and

the weights of each type of obstacle could be easily adjusted regarding di�erent environments.

In [72], researchers have explained di�erent geometric approached velocity obstacle avoid-

ance methods for MAS. MAS and velocity obstacle (VO) have been tested on UAV swarms

[82], [83]. In [83] and [82], VO methods have been implemented: selective VO and adaptive

VO for UAV, respectively. These methods can be the geometric approach [66], the algebraic

approach [84], or intelligent methods like machine learning or deep learning [85].
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Potential Field and Velocity obstacle avoidance methods have been compared to each

other [72], [86]{[88]. There are several advantages and disadvantages between them. There are

two major types of collision avoidance when considering the geometric-based velocity obstacle

approaches: cooperative and non-cooperative. Both methods often presuppose knowledge of

each object's information geometry. Suitable collision avoidance methods perform on the as-

sumption that there is an implicit, autonomous communication layer that allows any actor to

express their purpose to another freely. In non-cooperative techniques, the agent's objective

is only partially understood, relying solely on the kinematic model parameters that can be

deduced from the agent's onboard tracking system. In [72], [79], [88], conventional methods

such as VO, RVO, HRVO and ORCA have been simulated and compared to each other on

MAS. In [89], a three-dimensional velocity obstacle has been designed for �xed-wing-based

UAVs. By manipulating the vehicle's velocity vector in response to the geometry of the en-

counter, the velocity obstacle technique, a three-dimensional (3-D) version of the approach,

has the ability to design an avoidance manoeuvre proactively. The results of a validation

using Monte Carlo simulations in challenging super con
ict scenarios show that none of the

25,000 samples had collisions. In another paper about obstacle avoidance method [90], the

Pythagorean Hodograph (PH) curve trajectory re-planning serves as an illustration for the

investigation of the 3-D direct obstacle avoidance technique in dynamic space. The simulation

results demonstrate that the suggested method's ability to implement obstacle avoidance tra-

jectory re-planning substantially and simultaneously also improves the 
exibility of obstacle

avoidance manoeuvre.
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Chapter 3

Methods for Control of Unmanned

Aerial Vehicles

This chapter has explained the controller problem pertaining to unmanned aerial vehicles

(UAVs). To address this problem, three controller methods have been chosen: PID, Fuzzy

PID (FPID), and Interval Type-2 Fuzzy PID (IT2-FPID). These methods have not only been

implemented but also subjected to testing under various sources of uncertainty, including ex-

ternal disturbances and unknown connected payloads. Subsequently, these controller methods

have been compared with respect to task completion time and performance criteria.

3.1 UAV Model and the Problem De�nition

This section presents the mathematical model for the dynamics of DJI Tello UAV, and the

problem statement and challenges. The �rst part of this section describes the dynamic model

of the UAV. This dynamic model will be shown without any payload. After that, the problem

of the UAV with a 
exible-connected payload will be explained.

3.1.1 Model Dynamics of DJI Tello UAV

Before outlining the UAV model, the main coordinate frames used in this study are brie
y

described: (:)I represents the global Earth �xed Earth-centred inertial frame, and (:)B is the

body �xed frame, �xed at the UAV Center of Mass (CoM) as given in Figure 3.1. There are

2 types of con�gurations for the UAV, which are � and + con�gurations ([22], [28], [91]). In
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this study, � type UAV has been modelled and used.

Figure 3.1: The DJI Tello UAV used in the implementation ([92]).

The position (pI ) and attitude ( � I ) of the UAV with respect to the frame I are de�ned as

follows:

p I = [ x y z]T ; � I = [ � �  ]T ;

� I = _pI = R� B ; ! I = _� I = T ! B ;
(3.1)

where the vector pI contains the x, y, and z Cartesian position coordinates of the UAV's

inertial frame, � I and ! I are the derivative of position and attitude values, respectively. The

superscript (:)I and (:)B denote the inertial and body frames. The � I vector contains the

angles of roll � , pitch � , yaw  of the UAV's body frame, R is a rotational matrix, and T is

a translation matrix used in frames conversions. These rotation and transformation matrices

are used to transform the inertial frame to the body frame or vice versa. The rotation and

transformation matrices have been written in Equation (3.2). The transformation between

the body-�xed frame and the inertial frame is achieved with a rotation matrix R for inverse

mapping and a transitional matrix T ([28], [29], [91], [93]) of the form:

R =

2

6
6
6
4

1 0 � s(� )

0 c(� ) c(� )s(� )

0 � sin (� ) cos(� )c(� )

3

7
7
7
5

; T =

2

6
6
6
4

1 s(� )t(� ) c(� )t(� )

0 c(� ) � s(� )

0 s(� )=c(� ) c(� )=c(� )

3

7
7
7
5

: (3.2)

The � value is used to represent the linear velocity, and! is used to represent the angular

velocity. In the implementation, the heading angle of the UAV, yaw ( ), is �xed and is equal

to  = 0 in order to overlap the inertial and the body coordinate frames of the DJI Tello.
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After the de�nition of UAV's position and orientation, a nonlinear dynamic equation for

DJI Tello UAV can be written with the Newton-Euler formulation as given below ([22], [28]):

m uav _� I = F I = F I
gravity + F I

thrust ;

I B _w B = � w B �
�
I B w B

�
+ � B

rotor :
(3.3)

In Equation (3.3), muav is the mass of the UAV to the CoM of the UAV, F I
gravity is the

gravity force, F I
thrust is the total thrust force which comes from propellers, I B represents a

moment of inertia, and I B is referred the inertia matrix.

In Equation (3.3), the cross product at the right-hand side of the angular velocity dynamics

equation comes from the Coriolis force e�ect. Considering the DJI Tello UAV, this e�ect can

be ignored because of the size of the UAV. [28] have tested a �xed heading angle and ignored

the Coriolis e�ect on the DJI Tello UAV, which has an almost similar size to the DJI Tello

UAV. Therefore, the formula can be written as I B _wB = � B
rotor , and the UAV torques (� B

rotor )

are expressed by� � ,� � , �  , respectively

F I
gravity = [0 0 � muavg]T ;

F I
thrust = RF B

thrust :
(3.4)

To overcome the gravity e�ect, the force is applied to the CoM of the UAV as F I
gravity .

The acceleration due to Earth's gravity is denoted asg. The F I
thrust forces are generated by

propellers, and the formula is written as in Equation (3.5). The angular velocity of each rotor's

propeller is denoted 
 i and the thrust coe�cient is referred to as b

FB
thrust =

h
0 0 b

P 4
i =1 
 2

i

i T
; (3.5)
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: (3.6)

In Equation (3.6), s(:) and c(:) denote sine and cosine, respectively. In the equations above,

the nonlinear dynamical model for the translational motion of the UAV has been represented,

and a detailed linear dynamical model of the UAV has been written In Equations. (3.10-3.12)
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of Appendix. Angular velocity dynamics of the UAV also can be found In Equations. (3.8 and

3.9). Considering the UAV dynamics equations above, the mass of UAV (muav) only depends

on the UAV weight except for the extra payload.

In this study, the heading angle of the UAV, yaw ( ), is �xed and is equal to  = 0. For

this reason, the de�ned rotation matrix form is R = R� R� .

Unlike the nonlinear model of the UAV, the de�nition of the linear model is represented

with simpler equations. As a consequence,U shows the control input values of the system

Equation (3.7)

U = [ U1 U2 U3 U4] = [ FB
thrust � � � � �  ]: (3.7)

Equation (3.8) is obtained from the equation corresponding to eachU input value

U =
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: (3.8)

_w B = I � 1
B � B

rotor =

2
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7
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: (3.9)

In the above equations, 
 i denotes the angular velocity of the UAV propeller, d is the drag

coe�cient of rotors, and l is the distance between the rotor and CoM. When writing the inertia

matrix ( I B ) for each torque, they are de�ned as inertia tensors (I x , I y , I z).

To linearize the Equation (3.8) above by using the Taylor approximation, the following

equation is used [28], [91]:

U i = U0
i +

dUi

d
 i
j 
 0

i
(
 � 
 0

i ): (3.10)

In the equation above, the subscript of (:)0 means the hovering mode condition of the UAV.
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Therefore, the UAV's hovering operation point is given by the following equation

U 0 = [ U0
1 U0

2 U0
3 U0

4 ]T = [ mg 0 0 0]T ;


 0
i =

vu
u
t mg

4b
:

(3.11)
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7
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5

: (3.12)

In the above equations, the mass of the DJI Tello UAV equalsmuav = 0 :083 kg, and the

distance between CoM and propeller is 0:06 m. The detailed parameters of the DJI Tello UAV

have been explained in ref [94], [95], and some of the parameters of the DJI Tello have been

written as in Table 3.1.

Table 3.1: The list of the DJI Tello UAV parameters

Parameters Name Value
m Mass 80gr
d Arm length 60mm
g Acceleration of gravity 9:81m=s2

J The matrix of rotational inertia I x = I y = 0679e� 2, I z = 1 :313e� 2 kg:m2

Tm Motor response time constant 0:0163s
Jr The moment of inertia of propeller 4:95e� 5 kg:m2

3.1.2 Problem Statement and Challenges

In Figure 3.2, the UAV with the 
exible cable-connected payload and its pendulum e�ects are

shown. In the �gure, the di�erent perspectives of the UAV with cable-connected payload and

the variable payload are shown. A 3D-printed part has been created and mounted to provide

a UAV connection with a payload cable. The cable length is 35 cm and has been chosen as


exible. Taking into account the pendulum e�ects, forces FP , FR and the angles� , " , � , and

� vary with the acceleration of the UAV due to Newton's second law. The maximum carrying

payload has been measured with empirical methods, and it is determined that the maximum

value is 75 grams for the experiments. This weight (mp) is a signi�cant value when considering

the mini UAVs. Then, it is able to rewrite the equations as mtotal = muav + mp. Instead of

rewriting the dynamical equations and calculating the controller parameters using swinging
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Figure 3.2: DJI Tello EDU and payload connection.

mtotal , it is aimed that the compared controllers can eliminate the unknown payload e�ects

and the variable CoM problems without redesigning or the calculation.

It is understandable that unknown payloads and disturbances directly relate to the system

dynamics. Therefore, the main objective of this work is to overcome these adverse e�ects.

At this point, instead of re-writing the equations of the UAV dynamics and redesigning the

controllers by considering the whole mathematical model with additional dynamics of the

swinging payload, the controllers are designed by considering the known dynamics of the UAV

itself without taking the payload and disturbance e�ects in the account so that the robustness

of the three controllers have been compared then the IT2-FPID controller has given the results

in system stability and robustness.

The most important question is, "Why do we focus on uncertain parameters such as un-

known payload and 
exible cable e�ects?". This system is a simulation of a commercial agri-

cultural UAV problem. Commercial agricultural UAVs may contain liquid or other payloads.

However the problem is that these payloads, such as seeds or pesticides, are unknown loads

because of their variable weights and variable centre of masses during the 
ight.
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