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ABSTRACT

INVESTIGATION OF HUMAN-LIKE HAPTIC INTERACTION BETWEEN
FLYING AND GROUND ROBOTS

Ak, Hatem
M.S., Department of Mechanical Engineering

Supervisor: Assoc. Prof. Dr. Ali Emre Turgut
Co-Supervisor: Assist. Prof. Dr. Kutluk Bilge Arikan

April 2024, 80| pages

Human-robot collaboration and robot-robot collaboration are common in many indus-
tries. Human-human haptic interaction is the focus of this field’s innovative research
and studies. Essentially, human sensorimotor functions have been modelled and ap-
plied in human-robot and robot-robot research. This thesis investigates research on
human-human haptic interaction in the context of flying and ground robot interac-
tions. A flying-ground robot system has been created that is connected by a tether.
This system is an example of the leader-follower paradigm. With the sensors in the
system, the follower knows its position, velocity, acceleration and the force produced
on the tether. The reason for this is to use a minimum number of sensors in the sys-
tem. In the human-human haptic interaction studies in the literature, the position and
velocity of the partner with the force on the tether and the target position and velocity
followed by the partner can be estimated. With the application of these studies to this
system, the position and velocity of the leader and the target which is followed by
the leader can be estimated using the force on the tether. According to the research,

estimating the leader’s position and velocity results in a more harmonious movement.



In this thesis, the aim is to improve the target tracking performance of the follower
by estimating the target position and velocity. The conducted studies in the literature
have been discussed in the manner of techniques of estimating the position and veloc-
ity of the leader and target in similar cases which is a leader-follower paradigm. As
a different method, the Kalman Filter is designed based on the motion models. Less
sensitive and more accurate results are obtained with the Kalman Filter. By using the
estimated leader position and velocity, the target position and velocity are estimated.
For this purpose, the internal model of the leader is created and the Kalman Filter is
designed. With the estimation of target position and velocity, the follower can track

the target better, although it does not have any information about the target.

Keywords: Haptic Interaction, Kalman Filter, State Estimation, Motion Models
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0z

UCAN VE YER ROBOTLARI ARASINDAKi INSAN BENZERI DOKUNSAL
ETKILESIMIN ARASTIRILMASI

Ak, Hatem
Yiiksek Lisans, Makina Miihendisligi Boliimii
Tez Yoneticisi: Dog. Dr. Ali Emre Turgut
Ortak Tez Yoneticisi: Dr. Ogr. Uyesi. Kutluk Bilge Arikan

Nisan 2024 ,[80] sayfa

Insan-robot is paylasimi ve robot-robot is paylasimi bir¢ok alanda kullanilmaktadir.
Bu alanda yapilan yenilik¢i aragtirmalar ve ¢alismalar insan-insan dokunsal etkile-
simini referans almaktadir. Temel olarak, insanlarin duyu ve motor fonksiyon be-
cerileri modellenip, insan-robot ve robot-robot ¢alismalarinda kullanilmaktadir. Bu
tezde, insan-insan dokunsal etkilesim i¢in yapilan calisma hava-kara robotu etkile-
siminde ele alinmigtir. Birbirlerine bir ip ile bagli hava-kara robotu sistemi olustu-
rulmugtur. Bu sistem lider-takip¢i paradigmasina ornektir. Sistemdeki sensorler ile,
takip¢i kendi pozisyonunu, hizini, ivmesini ve ipte olusan kuvveti bilmektedir. Bu-
nun sebebi, sistemde minimum sayida sensor kullanmaktir. Literatiirdeki insan-insan
dokunsal etkilesim ¢alismalarinda, ipteki kuvvet ile partnerin pozisyonu, hiz1 ve part-
nerin takip ettigi hedef pozisyonu, hiz1 kestirilmistir. Bu ¢alismalarin bu sisteme uy-
gulanmast ile ipteki kuvvet kullanilarak liderin pozisyonu, hizi ve liderin takip ettigi
hedef pozisyonu, hiz1 kestirilebilir. Literatiirde liderin pozisyonu ve hiz1 kestirilerek

daha uyumlu bir hareket elde edilmistir. Bu tezde, amag hedef pozisyonu ve hizi kesti-
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rilerek takipg¢inin hedef takibi performansini iyilestirmektir. Liderin pozisyonu ve hizi
kestirebilmek icin literatiirde yapilan ¢alismalardaki yontemler ele alinmigtir. Farkli
bir yontem olarak ise, hareket modellerinin baz alindig1 Kalman Filtresi tasarlanmis-
tir. Kalman Filtresi ile giiriiltiiye daha az hassas ve daha dogru sonuglar elde edildi.
Kestirilen lider pozisyonu ve hiz1 kullanilarak, hedef pozisyonu ve hiz1 kestirilmistir.
Bunun ic¢in liderin i¢sel modeli olusturulup, Kalman Filtresi tasarlanmistir. Hedef po-
zisyonu ve hizi1 kestirilmesi ile takipci hedef ile ilgili bir bilgisi olmamasina ragmen,

hedefi daha iyi takip edebilmektedir.

Anahtar Kelimeler: Dokusal Etkilesim, Kalman Filtresi, Durum Kestirimi, Hareket

Modelleri
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CHAPTER 1

INTRODUCTION

1.1 Objective of the Thesis

The objective of this thesis is to build a model of a ying robot and a ground robot

connected and interacting with each other by a tether, similar to the haptic interaction
between humans and robots, and to improve the tracking performance of the follower
while estimating the position and velocity of the leader and target using force on the

tether.

1.2 Contributions

The contribution of this thesis is divided into two parts:

The rst one is to improve the estimation of the position and velocity of the
leader with the Kalman Filter, which is designed using motion models such
as constant velocity and constant acceleration models frequently used in target
tracking. This allows the position and velocity estimation of the leader to be
based on the motion model, producing better results. This also improves the

performance of the admittance controller of the follower.

The second one is to estimate the position of the target that the leader is track-
ing. As a result, the follower can become aware of the target's position and
velocity, and target tracking performance gets better. While doing this, the

method used in human-human interaction studies is used. However, closed

1



loop identi cation of state space models using subspace techniques is used to
estimate the leader's internal model. The method utilized showed that robot-
robot interaction studies can bene t from taking advantage of human-human

haptic interaction research.

1.3 The Outline of the Thesis

The thesis is divided into ve chapters, the rst among which is an introduction. The
second chapter contains literature reviews on studies on haptic interaction between
humans, ying and ground robot collaboration and motion models. The third chapter
brie y includes the basic information needed to represent the system. Additionally,
system modeling is provided. In the fourth chapter, the model's outcomes are eval-
uated. The results also are compared to those obtained using other recommended
approaches. The fth chapter summarizes and evaluates the investigations conducted
within the scope of the thesis. In addition, recommendations for further research are
provided.



CHAPTER 2

LITERATURE SURVEY

Robots are becoming more integrated into our daily lives as technology progresses,
frequently cooperating with humans or other robots. As such, there is an increasing
amount of research being conducted on collaborative systems, even if there are still a
lot of unknowns, especially when it comes to interface systems. Some of these stud-
ies focused primarily on studies of human collaboration. Humans, as systems capable
of interacting and operating in harmony, have been the focus of such study. This is
resulted in a major rise in research into human coordination and motor abilities in
recent years. The technologies found during this research are then reviewed and im-
plemented to construct more suitable motions for robot collaborative systems.

This thesis explores the challenge of a ying robot tethered to a moving ground robot.
The goal is to apply methodologies used in human collaboration to robotic systems.
Therefore, a better synchronized motion of the system is desired to be achieved.
Humans are fundamentally social organisms that rely on one another to complete jobs
and develop new abilities. These interactions are facilitated by a variety of communi-
cation channels, including auditory and language, vision, and haptics[1].

They are skilled at physically engaging with and assisting one another, from teaching
toddlers to walk to performing remarkable feats of balance in gymnastics and syn-
chronicity in the tango. However, the fundamental computing concept that allows
movement coordination remains unclear. The enhancement in interacting partners
has been demonstrated to be unrelated to changes in attention or impedance of the
interacting limbs, and it is missing when the interaction is not physical and the in-
teracting partners do not fully share control. These ndings emphasize the relevance
of haptics, a sensory modality connected to the tactile and proprioceptive senses, in

continuous physical interactions, and show that individuals coordinate with a part-



ner by transferring information haptically. However, it is unclear what information is
communicated and how it is utilized to alter a person's behavior[2].

Thus far, there has been research on the in uence of haptic interaction between peo-
ple on individual motor skill learning. Ganest al. [3] showed that haptic interac-

tion between two couples resulted in improved individual motor performance when
compared to those who did not interact. They alternately linked two partners with a
compliant spring created by a dual-robot interface while tracking the same constantly
moving object in a dif cult visuomotor rotation disturbance. They looked at how in-
termittent haptic interaction affected each participant's tracking performance in trials
when the individuals did their task alone. Individual performance is compared to a
group that never interacted. They demonstrated that intermittent haptic interaction
signi cantly improved the participant's motor skills. These results have signi cant
implications for the design of robot-assisted motor skill acquisition algorithms, such
as those used in physical rehabilitation applications.

Although the tracking task of Takagt al. [2][4] may not have been suf ciently dif-

cult to produce meaningful variations in individual motor performance, they found
no advantage on improvement rates in tracking tasks without visual perturbation [5].
Therefore, they speci cally simulated the mechanical dynamics and controlled the
behaviour of individual partners during an interactive activity in which two people,

linked by an elastic band, plan their movements to track a randomly moving object.

They showed four models whose representation is given in Figure 2.1. They com-
pared their suggested 'interpersonal goal integration' model to three well-known
models of interaction in the literature that suggest different information being trans-
mitted between partners. They compared the results of these four models to the
empirical behaviour observed in their interactive tracking challenge, demonstrating
that their model best explains it. Finally, they validated their model experimentally.
Their suggested 'interpersonal goal integration' model proposes that it is possible to
estimate the partner's target movement based on haptic forces and then utilize that
information to enhance one's prediction. They compared this to other theories of
interaction suggested in the literature. This model performed better than the other
three and provided the best explanation for the empirical data. The 'no computation’

model suggests that the partners in a dyad follow their targets separately, without ex-



Figure 2.1: Models Representation[2]

changing haptic information, and that coordination is produced only by the dynamics
of their motion toward the object, which is connected by the elastic band. The 'fol-
low the better' model implies that haptic forces allow one to estimate the partner's
performance to determine who is better at tracking, and then switch to following the
better partner. This model is inspired by past work in collaborative decision-making,
in which the collective makes the optimal option for each partner. Finally, the 'multi-
sensory integration' model suggests that haptic forces can be used to estimate the
partner's position and track a weighted combination of the partner's position and the
target based on their reliabilities. Such sensory integration of vision and haptics has
been shown in individual subjects and may result in a more accurate prediction of the

randomly moving object if the partner is performing the same task [2][4][6].

From recent studies, Beckegtal. [5] tested whether haptic interaction between two
persons completing a target tracking task during a visuomotor rotation disturbance
improved individual motor adaptation and improvement rate compared to doing the
task alone. They repeated a study whose Gaaeah [3] with the identical interac-

tion paradigm and motor adaptation challenge. They compared a group with intermit-
tent partner interaction versus a solo group. They additionally included a group with

more interaction and a group with stronger haptic interaction. Unlike Gagtesh
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[3], they observed that intermittent interaction did not affect individual improvement
compared to the solo group. As a result, in a tracking task including a signi cant
visuomotor rotation, their research did not nd any bene t of haptic interaction be-
tween partners on short-term individual motor progress.

Based on the studies mentioned above about haptic interaction between humans, this
thesis, aims to apply this method to ying and ground robot collaborative systems. In
addition to them, models suggested by Tak&taal. in [2][4][6] are used to estimate
target position and velocity in this system.

Tagliabueet al. [7] presents a passive force control technique for transporting a bulky
object with two hexacopters. They suggest a robust solution that doesn't depend on
communication between MAVs, payload form, or grasping point position. By an ad-
mittance controller, the slave agent makes sure the payload complies with the external
force exerted by the master. A non-linear estimator based on the Unscented Kalman
Filter is used to estimate the external force on the slave using data from a Visual-
Inertial navigation system.

Mariottini et al. [8] studies vision-based localization and control for nonholonomic
mobile robots that form a leader-follower paradigm. Each robot has a panoramic
camera that only gives the view angle to the other robots. EKF is used to estimate
the state of the leader-follower system. Also, an input-state feedback control law is
designed.

Based on the studies mentioned above about haptic interaction systems, this thesis,
aims to use force control techniques and Kalman Filter for estimation.

Itis essential to assume that the leader and the target move similarly to certain motion
models to model the system presented in this thesis and provide estimations using the
Kalman Filter. This led to an investigation of the motion models employed in target
tracking.

In [9], the theoretical basis, practical application, and testing of a multi-target tracking
strategy in radar applications are covered. The three primary components of multi-
target tracking algorithms are estimate, data association, and track initiation. Kalman
Filter is used for estimating in-state prediction and measurement updating. Target
kinematics is a crucial factor in the modelling process of Itering. To provide a single
solution, the Kalman Filter based on various target kinematic models is performed in

parallel and their results are integrated. This technique is known as interactive multi-



ple modelling and is created for moving targets. These techniques are used to create
a multi-target tracker that functions both with and without clutter. It can be seen from
the use of this strategy that two submodels which are the constant acceleration and
constant velocity models are adequate to provide reliable estimation results.

Similar to the previous study, Sana [10] investigated and created an estimation tech-
nique that improves the inertial system-based dynamic tracking of manoeuvring tar-
gets. Because different targets perform different kinds of manoeuvres at various
points in their trajectory, it is impossible to monitor target moves accurately using |-
ters based on a traditional single model approach. The IMM system is recommended
and evaluated in this thesis as a potential solution. Through both simulations and ac-
tual target tracking, the IMM scheme's superior performance over traditional single
model-based lters, such as the constant velocity, acceleration or turn rate model, is
demonstrated.

Moreover, Bgbas [11] proposes a control approach that establishes a master-slave
paradigm by taking advantage of information from external physical interactions. It
is the fundamental research for this study. A UAV designhated as a quadcopter and
another robotic agent which might be a land vehicle, a marine vessel, or even another
aerial vehicle are chosen to interact in this study as a differential drive robot. The
ground robot is controlled by a proportional controller, while the quadcopter is con-
trolled by a LQR controller. For the slave robot, admittance-based control is used as
the outer loop. Through the extended state observer, the tether forces are estimated
and sent into the admittance controller.

Therefore, an estimator is developed in which the velocity of the master robot can be
found by the interaction forces based on the ‘follow the better' method suggested by
Takagiet al. in [2][4][6]. The velocity input of the admittance controller, which is
initially set to 0, is then fed these obtained velocities. The tracking performance of
the slave robot is noticed to be improved by this method.

To summarize, there have been studies showing that people improve each other's
movements when they move together, and these studies have shown that the goals
tracked by each other can be estimated. It is thought that by using this method, the
performance of interactive robot systems can be improved. The literature contains
answers to the problems posed by shared motion in robot interactive systems. The

aim is to make these systems more harmonious by making target estimation. To make



estimations, there are many studies in the literature on movement models frequently

used in target tracking. These methods are used while making the estimation.



CHAPTER 3

METHODOLOGY

3.1 Background Information

The fundamental information is provided in this section before its implementation in

the system.

3.1.1 State Estimation

The control system designer speci es inputs for a dynamic system to achieve an ap-
propriate goal. This task involves transitioning the system from its current state at

to to a desired one dt,q. Getting accurate information about the staté,and for

everyt in betweenty andtenq is frequently essential to achieving this control aim.

This method is known as state estimation. There may be two reasons why state esti-
mation is desirable. Firstly, the state is not measured directly when the measurement
matrixH 6 |, although it may be useful to know the whole state. Secondly, Itering

the measurements could help reduce the effect of measurement noise despite cases
whenH = | [12]. That's why it's so frequently used. There are various kinds of
state estimation methods in the literature. In this thesis, the Kalman Filter is used for

estimation.

3.1.1.1 Kalman Filter

Kalman Filter uses measurements taken over time to estimate unknown variables. It

has proven bene cial in a wide range of applications. Therefore, its design is rather
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simple. One practical use of the Kalman Filter is navigation with the global naviga-
tion satellite system [13]. The Kalman Filter is de ned as a system of mathematical
equations that gives an effective recursive solution [14].
The Kalman Filter estimates the state of a discrete-time controlled process using the
linear stochastic difference equation. Discrete-time equations are given in Equation
3.1
Xk = AXyg 1+ Bug + wy 1
(3.1)
Zk = HX + v
Vi andwy represent the process and measurement noise of the system, respectively. It
can be used when the system is linear. The Kalman Filter algorithm is made up of two
equations: time update and measurement update. Equations are given in Equation 3.2
and 3.3.

kk = ARy 1+ Bug

(3.2)
P, = AP¢ 1AT + Q
Kk=P,HT(HP, HT+ R) !
Rk :&k + Ky(zk Hkk) (3.3)

Pc=(1  KyH)P,
To get the a priori estimates for the next step, the time update equations project the
current state and error covariance estimates in time. To get a better a posteriori es-
timate, a new measurement must be included in the a priori estimate using the mea-
surement update equations. It is possible to conceptualize the measurement update
equations as corrector equations and the time update equations as predictor equations
also [14]. The Extended Kalman Filter is a nonlinear variant of the Kalman Filter. It
is used if the state equations or measurement equations are nonlinear. After taking the
partial derivative of the nonlinear equation, time updates and measurement updates
can be used.

3.1.2 LQR Controller

The linear quadratic regulator involves optimizing a function within restrictions. It is

similar to an optimization problem. The LQR controller technique optimizes linear
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time-invariant systems while minimizing control costs [15]. The fundamental dis-
tinction in this problem is the de nition of the constraints of the system or objective
functions. A common optimization issue aims to reduce the costs associated with
de ned objective functions [16]. Nevertheless, this problem aims to decrease energy
associated with the objective function [15][17]. The block diagram of the LQR feed-

back controller is given in Figure 3.1.

Figure 3.1: Representation of LQR Controller[11]

Furthermore, adding an integral feedback gain to the controller system improves the
controller performance [11].

3.1.3 Admittance Controller

With the incorporation of robots into daily lives, interactions between humans and
robots, as well as robots themselves, have grown more common. As a result, in the
last ten years, robots have become increasingly dependent on mechanical interaction
with their surroundings and other external variables. To control the interaction, ap-
propriate controller approaches have been developed. It is critical in rehabilitation
robotics research. An exoskeleton robot getting in contact with a human limb during
movement is an example of such research [18].

There are various control methods used to control robots when they interact with a
mechanical environment, including direct and indirect force control, impedance con-

trol, admittance control, and full-state interaction control [19]. These methods are
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also applied by robotic manipulators that are always in contact with their environ-
ment.

An admittance controller is implemented in this thesis. The theory behind admit-
tance control is that a dynamic system consisting of a spring, mass, and damper is
simulated to generate a trajectory that ensures compliance with an external force or
torque. The new trajectory is formed, with virtual masg, is coupled to the desired
trajectory by a damper with damping coef ciegyt, and a spring with elastic constant

ky. The external force or torque causes the deviation from the desired path, which
in turn activates the virtual mass. Tuning the virtual spring condtaichanges the
compliance to external force and torque. A stiffer spring is simulated by increasing
ky values, and thus improves desired trajectory tracking. On the other hand, complete
compliance with the external force is ensured wkers equal to 0. For each axis, the
admittance controller individually creates a new reference trajectory. By discretizing

the Equation 3.4, the trajectory generation law has been obtained [7].
My;i (. d;i * r;i ) + G ( —d;i —;i ) + k|( d;i ri ) = Fiext (3-4)

In the Equation 3.4, the indaxindicates one of the axes, vy, z;, with 4 repre-
senting the desired trajectory ang; representing the produced reference trajectory

on the chosen axis [7]. Figure 3.2 shows the admittance controller technique.

3.1.4 Motion Models

The motion models describe various possible trajectories for a vehicle. Various types
of vehicles, such as automobiles, ships, and planes, perform a variety of manoeu-
vres. As a result, a single model cannot capture all of these manoeuvres, and speci ¢
models are built to adequately describe and forecast the trajectory based on the ap-
plication. They are utilized in the Kalman Filter. With the use of these models, the
Kalman Filter can predict the next value in target tracking. The estimate Filter's per-
formance improves with the quality of these models [10]. In the literature, there are
various kinds of motion models used in a variety of elds, including target tracking.
Constant velocity and constant acceleration models have been implemented in this
thesis. These models are explained and their equations are provided in this section.

In this way, the follower, leader, and target motion models are derived. Therefore,
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Figure 3.2: Representation of Admittance Controller[7]

continuous and discrete time system models are obtained to use in the Kalman Filter.

3.1.4.1 Constant Acceleration Model

In the constant acceleration model, acceleration derivative, or jerk is represented by
zero mean white noise [9]. This model is formulated with the following equations.

The states of the system are the position and velocity.
2 3
X
X = gé (3.5)
X

The continuous-time state equation is given below.

Ax+ Bu+w
23

go 0 ]Zx+§2u+§é (56

0 0O 1
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X — State Vector u — Input Vector w — Zero-mean White Noise

A — State Matrix B — Input Matrix

The discrete-time state equation is obtained by Zero Order Hold method [20] with

sampling period T is given below.

Xk+1 = FXi + Gui + wy (37)
2 3
1 T T2=2

F=e“T:§o 1 T

00 1
23 (3.8)

Z . 0

G= eAdegoé

0

0

This model appears in two variants. The rst is the White Noise Jerk Model, which

states that the jerk is an independent white noise process [9][10].
Xk+1 = FXk + Wy (39)

The process noise covariance is shown below.

2 3
T5=20 T*=8 T3=6

Q=9 7148 T13=3 Tzzzésw (3.10)
T3=6 T2=2 T

Sw — power spectral density

The second is the Wiener-sequence acceleration model. It is assumed that the accel-
eration increment is an independent white noise process. Therefore, the integral of
the jerk over time is the acceleration increment over time [9][10].
Xpe1 = FX+ Wy
3
T2=2

2
_ g . Z (3.11)
1
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The process noise covariance is shown below.
2 3
T4=4 T3=2 T2=2

Q=§T3:2 T2 T £ W2 (3.12)
T2=2 T 1

According to the [21], these two options give very similar results. As a result of this,

the Wiener-sequence acceleration model is used in this thesis.

3.1.4.2 Constant Velocity Model

In the constant velocity model, velocity is represented by zero mean white noise [9].
This model is formulated with the following equations.

The states of the system are the positiozn %nd velocity.

X
x=4"5 (3.13)
X
The continuous-time state equation is given below.

X=Ax+ Bu+w
2 3 2 3 23

3.14
49 5, ,4% . 4%, (3.149)
00 0 1
x — State Vector u — Input Vector w — Zero-mean White Noise
A — State Matrix B — Input Matrix

The discrete-time state equation is obtained by Zero Order Hold method [20] with
sampling period T is given below.

Xke1 = FXi + Guy + wy (315)
2 3
F=etm =4t T5
0 1
;. 203 (3.16)
G= eA dB = 475
0 0
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This model appears in two variations. The details of the rst one are given below
[91[10][11].

Xke1 = FXp + wy (317)
The process noise covariance is shown below.
2 3
T3=83 T2=2
Q=4 5s, (3.18)
T2=2 T

Sw — power spectral density

The details of the rst one are given below [9][10].

Xk+1 = FXg +3 Wi

T

F
2
4

The process noise covariance is shown below.
2 3

T4=4 T3=2
Q=4 % (3.20)
T3=2 T2

As a result of this, the Wiener-sequence velocity model is used in this thesis.

3.1.4.3 Interacting Multiple Models

In target tracking, it is challenging to reliably estimate position, velocity, and accel-
eration using a single model or sensor. Different types of vehicles conduct various
types of movements at different phases, hence different models are necessary to gen-
erate estimates for each step. Various multi-model approaches have appeared, each
with its performance and complexity. The Interacting Multiple Model scheme is a
sub-optimal Filter that has been found to provide a great combination of performance
and complexity [10]. It consists of three stages. The rst stage is interaction. The

interaction phase generates the parameters to initialize the lIters for every iteration.
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It is calculated as a weighted sum of the estimations from all Iters in the previous it-
eration. According to the mixing probability, the weights are determined. The second
stage is Itering. The lIters take the updated estimates from prior cycles to initialize
themselves and then generate new estimates using their state equations and motion
models. It has a signi cant bene t in that all lters are independent of models and
structures. As a result, various models can perform in parallel. So, the best feasible
estimates based on models can be obtained. After computing their updated estimates
and uncertainty, they are used for a nal estimation by combination. After that, the
individual lters calculate the mode probability. The third stage is a combination.
This procedure involves combining the updated individual estimations once again
with weights determined by the mode probability at that particular moment in time
[10].

3.1.5 Closed Loop Subspace System Identi cation

Closed loop subspace identi cation of linear systems is useful for a variety of rea-
sons. For control design and system identi cation, linear models are usually neces-
sary. While performing these tasks, simplifying assumptions are widespread and real
physical qualities are frequently unknown. As a result, system identi cation of closed
loop can provide more accurate information about the system [22]. There are several
closed-loop subspace identi cation methods in the literature such as numerical algo-
rithms for subspace state space system identi cation, multivariable output-error state
space, and canonical variate analysis [23]. In this thesis, numerical algorithms for
subspace state space system identi cation are used. It is a popular approach for nd-
ing state-space models based on input-output data. It is particularly bene cial for
LTI systems. It is required to know a limited number of the controller's impulse re-
sponse samples in the N4SID. With this, the plant model can be estimated by direct
identi cation [24]. Since the N4SID algorithms only use QR and singular value de-
compositions, it gives always convergent and numerically stable solutions [25]. Using
preprocessed input-output data, it produces a Hankel matrix. SVD is applied to the
Hankel matrix. The Hankel matrix is divided into three matrices which are U, S,
and V matrices by SVD. The diagonal matrix S includes the singular values, while

the matrices U and V contain the left and right singular vectors, respectively. The
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N4SID technique generates the system's controllable and observable subspaces af-
ter nding the appropriate singular values and their associated singular vectors. The
behaviour and structure of the system are revealed by these subspaces. Using the sub-
space information and the chosen model order, the approach computes the state-space
matrices A, B, C, and D that represent the system's behaviour. The state dynamics,
input-output relation, and noise characteristics of the given state-space model are rep-
resented by these matrices. All things considered, this approach is a valuable tool for
system modelling and control as it provides an automatic and dependable solution for

state space system identi cation.

3.2 Modeling of the System

The system is made up of ying and ground robots connected by a tether. The ground
vehicle is selected as the leader, while the ying robot is selected as the follower.

The representation of the system and the coordinate system are given in Figure 3.3.

Figure 3.3: System Representation

The leader follows the target. The follower does not know the target. This is why it
follows the leader. The goal is to keep the follower informed about the target while
also improving its tracking performance.

This system has a minimum number of sensors. The follower is equipped with an
accelerometer and gyroscope. With these sensors, the follower is aware of its position,

velocity, and acceleration. Therefore, the force in the tether between the leader and
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follower is measured by a sensor. However, there is no information about the leader
and the target.
During modelling, it is assumed that the ying robot is capable of movement in 3D,
but the ground robot and target are capable of movement in 2D. The motion of the
target, leader and follower is expressed with the notations listed below.
h [
t t t represent the target position, velocity and acceleration.

h [
| L P representthe leader position, velocity and acceleration.

h [
f f_ f* representthe follower position, velocity and acceleration.

h i
¢t represent the estimated position and velocity of target.

h
f /l\_ represent the estimated position and velocity of leader.

h i
A B ¢ D represent the estimated matrices of closed loop dynamics of
leader.

X, y andz subscripts are used to specify the motion in the x,y and z axes.

3.2.1 Ground Robot

The differential drive robot is chosen as a ground robot in this thesis. It moves in an
XY plane by rotating two wheels. The difference in angular velocity between this
robot's two wheels determines its direction and position [26]. In Figure 3.4, a simple
illustration of the ground robot is given. Also, the body and inertial frame are shown.
x andy represents the position of point O which is the center of the axis of the driven
wheels and represents the robot's orientation in the inertial coordinate frame. The
robot goes with a tangential velocity which is V and rotates with an angular velocity
whichis! and radius R around the instantaneous center of rotation. 2L is the distance
between center of the wheels. r is the radius of the wheel.

The physical properties [27] of the ground robot are given in Table 3.1.  During

modelling, the following assumptions are made.
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Figure 3.4: Two Wheeled Differential Drive Robot in Inertial and Body Frame

Table 3.1: Physical Parameters of Ground Vehicle[27]

Parameter De nition Value Unit
m Mass of Ground Vehicle 3.67 kg

I Moment of Inertia 0.01 kgm2
r Radius of Each Wheel 0.12 m
2L Distance Between Wheels 0.235 m

It is assumed that robot wheels are rolling without the lateral and longitudinal

slip. Velocity in the body y-axis is O.
Friction force is neglected.

It has no motion in the z-axis because the z component of the tether force is not

greater than the gravitational force with speci ed tether properties.
The heading difference between the follower and the leader is very small and
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can be neglected. As aresult, itis assumed that the tether force acts on the body
x-axis of the ground vehicle.

Tether force acts on the robot from the cg. As a result of this, it does not create
any torque.

Robot wheels are considered to be rolling without lateral or longitudinal slip so, the
robot's y-coordinate velocity in its body reference frame is 0. In this way, the holo-
nomic constraint given by Equation 3.21 is obtained.

sin x+cos y=0 (3.21)

The lateral movement constraint which is given by Equation 3.22 is the same for both

wheels. Therefore, it can be derived from the general de nition of the classical wheel

placementin the chassis [28]. The linear velocities of wheels can be written as follows

because both wheels are pure rolling, meaning they are not slipping longitudinally.
Vi =T 4

(3.22)
M=r4

For this reason, the following two holonomic constraints are obtained for the wheels.

cos x+sin y+L_ r=0

(3.23)
cosx+siny L_— r4=0
The holonomic constraints are obtained as given by Equation 3.24.
2 3
X
36 %
sinm cos O O O y
§ cos sin L r OZ 4=0 (3.24)
cos sin L O r —
_i.

Based on these holonomic restrictions, the kinematic model for ground vehicles can
be derived [28]. The kinematic model is obtained with the following equations.

X = V cos (3.25)

y = Vsin (3.26)



= (3.27)

Velocity of robot can be found by using Equation 3.41.

V = R! (3.28)

Tangential velocity of right and left wheels is given in Equation 3.29 and 3.30 in terms
of R, L and! .

Vi

R/! =(R+ L) (3.29)

Vi=R! =(R L) (3.30)

R, andR, represents the radius of right and left wheel with respect to IC&d R
can be found using Equation 3.29 and 3.30. They are given in Equation 3.31 and 3.32.

Vi Vi
| = 3.31
oL (3.31)

Vi + M
R= 3.32

Velocity of robot can be found substitutingand R in Equation 3.41 in terms of ve-

locities of right and left wheel.

V= (3.33)

Also, the linear and angular velocity of the robot can be de ned in terms of the angu-
lar velocities of the right and left wheels.

V=r-
| | (3.34)
' =r
2L
Using the above equations, the kinematic model of the robot can be obtained for

position and angular velocity. The state space matrix representation is given by the
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Equation 3.35.

rcos COS rcos COS

2 3 2
X
r sin rsm 2 3
y y
475 (3.35)
by
r

In addition to taking into account the forces or torques which generate motion, the
differential robot's dynamic model looks at how this system behaves in terms of its
generalized coordinates. Compared to the kinematic model, Newton's law enables

more accurate simulations of the system. The force and torque acting on it are shown

o r P g

in the Figure 3.5.
This thesis presents the dynamic model of a ground vehicle that takes into account

Figure 3.5: Force and Torque Diagram of Two-Wheeled Differential Drive Robot

the implications of its mass and moment of inertia. The second Newton's law is used
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to get a dynamic model.

F=ma
(3.36)
=!I

The total force acting on the ground robot consists of the force created by the two
wheels and the force on the tether. In addition, the torque acting on the robot consists

of the torque created by the wheels.

ma=F, + F  Fiether
(3.37)
=+

The torque created by the two wheels is found by multiplying the force by the distance

of the wheel from the cg.

= F,L

-

(3.38)
= FL

Linear and angular accelerations are obtained according to the traction forces of the

two wheels as given in Equation 3.39.

fo e %+% Fter:er
 _FL, FL (3.39)

. |

- I I
The ground vehicle's dynamic model for the traction and tether forces can be obtained
using Equation 3.39. This model can be integrated into the simulation model. A
proportional controller for angular velocity has been designed for the ground vehicle.
The block diagram of the controller is given in Figure 3.6. The transfer function of
the DC motors, gearboxes and encoders is assumed to be 1 for simpli cation. The
controller aims to reduce the error between the robot's desired and actual velocities,

applying traction forces as control outputs.
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Figure 3.6: Block Diagram of Controller[28]

3.2.2 Flying Robot

A quadcopter is a type of drone or unmanned aerial vehicle that has four rotors, each
of which has a motor and propeller. They are fully capable of operating remotely or
autonomously without the assistance of a human. These systems are becoming more
and more common and popular for their cost-effectiveness, exibility, and safety.
These qualities allow them to be used for a wide range of situations and objectives.
Quadcopters are available in a wide range of designs to satisfy various requirements.
As a result of this, the X quadcopter is chosen as a ying robot in this thesis because
it is the most used and simpler con guration.

The following assumptions are made to get the quadcopter's dynamic equations.

Both the propellers and the quadcopter are rigid.

Its shape is symmetrical. The distribution of mass and the body are symmetri-
cal.

The origins of the center of gravity and the body- xed frame are the same.

The quadcopter's mass, inertia, the Earth's gravitational force, motor thrust and

torque factors are all constants.

The aerodynamic drag forces are not considered.
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The tether force acts from the center of mass. Therefore, it does not create any

moment.

The physical properties [29] the ying robot which are given in Table 3.2 The quad-

Table 3.2: Physical Parameters of Flying Robot[29]

Parameter De nition Value Unit
m Mass of Flying Robot 1 kg
Loos lyys 122 Moment of Inertia in Body Axis 0.1402 kg
I Distance Between cg and Rotor Centel 0.35 m
b Thrust Coef cient 0.001 -
d Drag Coef cient 0.001 -

copter's orientation and position are de ned by two reference frames which are body
and inertial frame. The quadcopter con guration and reference frames are shown
in Figure 3.7. The inertial frame is xed to the Earth frame. The body reference
frame is xed to r%he quacljgopter and rotates with it. Its origian the qlilgdcopter's
centerof mass. x y z denes the position in inertial frame. are
Eoll, pitcrilTand yaw angles respectively and de ne the oriﬁntation iInTan inertial frame.

p q r denes the rotational velocity in body frame.u v w de nes the
translational velocity in body frame.
Two reference frames are used to obtain the dynamic model. Rotating the correspond-
ing axis enables to switch between frames. Transformation matrices are required to
determine a motion in both frames. Three rotation sequences are needed to align the
guadcopter's body frame and inertial frame. This thesis follows the conventional or-

der of rotations for yaw, pitch, and roll. The transformation matrix from the inertial
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Figure 3.7: Flying Robot Con guration[11]

frame to the body reference frame is given Equation 3.40.

LBE

LCILOIL()
2 32

32 3
1 0 0__c) 0 s(),.c) s()O
go ) s )égo 10 ég s( ) o) 02

O s() c) s() 0O c) 0 0O 1 (3.40)
2 3
o )e( ) c( )s( ) s( )
= ES( )s()e( ) o )s( ) s )s()s( )+ c()e( ) s( ) )Z
c( )s( )e( )+ s()s( ) e )s()sC ) s()e( ) c )e()

Vg represents the velocity in the body franmyg. in the inertial frame can be obtained

by using the transformation matrix.

VB = I—BE VE (341)

The relation between body angular velocities and the rate of change of Euler angles

is obtained using a similar method. Equation 3.42 shows how the body angular ve-
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locities can be obtained from the rate of change of Euler angles.

2 3 203 203 2 3
P _
Bef = LOLOLO oL+ LOILO 8 L+ L) §of
r - 32 s O ° (3.42)

go O 18

0 s() c()() -
In addition to this, Equation 3.43 shows how the rate of change of Euler angles can

be obtained from the body's angular velocities.
32 3
l s( )t() c()t()

%é o @) ) 349

s( ) c( )
0 O () r

Following that, the external forces and moments acting on the quadcopter must be
determined. The forces and moments in the body frame are obtained. To determine
the control inputs, it's necessary to specify the relationship between propeller angular
velocity, thrust, and torque. The relationship between the thrust and angular velocity

of each propeller is given in 3.44.
Fi = kn! { (3.44)
The relationship between the torque and thrust of each propeller is given in 3.44
Ti = knFi (3.45)

A quadcopter is one of the underactuated systems. When the number of independently
controlled actuators applying force or torque to a system is fewer than its degrees of
freedom, the system is said to be an underactuated mechanical system. That's why
four control inputs operate six degrees of freedom system. The expressions for the
four control inputs aré&J;, Uy, Uz, andUy,.

The total thrust force produced by the four propellers is denotetd;bylt is the

force that keeps the quadcopter in the air against gravity. The orientation isf

modi ed to operate the quadcopter in x and y directions by altering the roll and pitch
angles. The differential force between left and right propellers is denotdd, by

It corresponds to the roll motion of a quadcopter. The differential force between
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front and rear propellers is denoted bly. It corresponds to the pitch motion of
a quadcopter. The total torque produced by four propellers is denotéd}.byt
corresponds to the yaw motion of a quadcopter.

U= Fi+Fo+ Fa+ Fy (3.46)
U, =(Fs Fo)l (3.47)
Us=(Fs Fy)l (3.48)

U= T+ T, Ta+ Ty (3.49)

The gravitational force in the body and inertial frame are given in Equation 3.51 and
3.50.

2 3
0
Fgrav;E :g 0 é (3.50)
mg
2 3
0
I:grav;B = Lge I:grav;E = I—BEg 0 é (3.51)
mg

The Equation 3.52 shows the thrust force which is generated by four propellers in the
body frame.

2 3
0
I:prop;B = g Oé (3.52)
U,

The Equation 3.53 shows moments which are generated by four propellers in the body

frame. 2 3

U,
Mprop;B = §U3Z (3.53)
Uy
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The Newton-Euler equations in general form for a rigid body are given in Equation
3.54 and 3.55.

X
Fext = M+ 1 (MVy) (3.54)
X
Mee =JdL+1  (J1) (3.55)
For quadcopter, they are given in Equation 3.56 and 3.61.
2 3 2 3 2 3
X 0 0 I:tetherx
Fext = Fgrave *+ Fprops + Ftethers = LgE § 0 Z + g Oé + Lge gFtetheryZ
mg U, Ftether;z
3 2 3 2 3 (3.56)
I:tetherx
Lee § Z + § Z + Lee §Ftetheryé = mVp+ ! (MVp) (3.57)
Ftether;z
2 3 2 3 2 3 2 3
X 0 0 I:tetherx
gyz = g 0 Z + LEB g 0 Z §Ftetheryé (3-58)
z g U;=m Frether.z
2 3
X Ul
Mext = Mprop;B = §U3|Z (3.59)
Us
2 323 23 2 32 3
N 0. p. p I, 0 O_ p
gUaé: go Oé§%+§qé (go ly oéﬁé) (3.60)
0 I r r 0O 0 I, r
23 2 3 2 3
Y ar(ly  12)=lx) Usl=l
gé gpr(l 1)=1y)5 + Usl=l, (3.61)
r Ix 1y)=l2) Us=I,

Overall, the following translational and rotational dynamic equations are derived.

l, | 1
*= VI 2+ I—U2 (3.62)
1, | 1
R (3.63)
Iy Iy



o Ix 1y 1

= + —U, (3.64)
IZ Z
X = 1(c sc +ss U+ iFtethe,.x (3.65)
m m '
m m
= Lee ) g+ EFemen (3.67)
m m '

A 2 loop controller is designed to control the follower. Thanks to this controller sys-
tem, the position control of the follower and the interaction of the leader and follower

are also controlled. It is given in Figure 3.8. Admittance controller is used in the

Figure 3.8: Representation of 2 Loop Controller of Follower

outer loop. With this controller, the force in the tether and the leader-follower in-
teraction are controlled. The controller's inputs are the position and velocity of the
leader and follower and the tether force. The output is the position that the quadcopter
should follow.

In the admittance controller, it is assumed that the reference trajectory is supplied in
discrete steps, thus desired velocity and acceleratipn4 are considered 0. Simi-

larly, it is assumed that the admittance controller only gives a reference position. As
a result of this, reference velocity and accelerafipn—, are considered 0 [7]. When
applied to this system with these assumptions, the desired position is the leader's posi-
tion if only the leader's movement is estimated. If the target's movement is estimated,

it becomes the target's position. With this controller, the reference position that the
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follower should track is obtained. It is given in 3.68

F_ext
! (3.68)

The inner loop controls the position of the follower, that is, the quadcopter. LQR
controller is used in the inner loop. The reference input of the inner loop controlled
by LQR is position, which is the output of the outer loop controlled by the admittance
controller. In this thesis, an LQR controller with integral feedback is designed with

error states [11]. Its block diagram is given in Figure 3.9.

Figure 3.9: Representation of LQR Controller of Follower[11]

h I T
X = _ _ X XYy VY Zz (3.69)
h it
u= U; U, Uz Uy (3.70)
X = AXx + Bu (3.71)
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The nonlinear state-space model is linearized using Equation 3.78 with the nominal
input vectoru, provided.

_ @f @f
@& = @)j((n@)ﬂ- @Ej“”@u (3.78)
@f,
A= =i,
@x (3.79)
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h @ I T
B= u, Up (3.80)
h i
Un= U; U, U; U, (3.81)
h i
Up = I:teher;x I:tether;y I:tether;z (3-82)

The systems' controllability is demonstrated by the linearized systems' controllability

matrices' rank when utilizing the controllability matrix. Itis de ned in Equation 3.83.

h i
C= B, AB, :: AUB, (3.83)
2 3
X
x= 4R 5
.ed
2 3
Ry X (3.84)
e=§r, vl
R, Z
V4 1
J= (x"Qx + ul Ruy,) dt (3.85)
° 2 3
K
Un= 4 9Sx (3.86)
K,

By linearizing the equation using MATLAB's Jacobian built-in function, the state-
space model is obtained, which is then used to build the LQR. The symbolic functions
are utilized initially to obtain the state-space model. The previously de ned physical
characteristics are then substituted in equations. The outputs of the system are the
positions in the X, y, and z axes. The most important part of the LQR design is select-
ing the weighting matrices, Q and R. Motion instability and imprecise tracking might
result from the badly chosen Q and R matrices. Because the implicit relationships

between the members of the Q and R matrices have not yet been identi ed, selecting
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them is challenging. Consequently, a trial-and-error method based on experience is
used to choose them. The Q and R matrices which are given in Equation 3.87 and
3.88 are selected using the previously described method [11].
h [
Q=111111111111 (3.87)

h [
R= 01 01 01 O1 (3.88)
The optimal LQR controller gain matrix is obtained using the built-in Igr function of
MATLAB.
The quadcopter plant is simulated using 6dof nonlinear equations. The built-in blocks
in the aerospace block set are used in Simulink. Consequently, in this block forces

and moments are expressed in the body frame.

tether X

FeB_LBE§ é § é LBEgFtethe,yé (3.89)

I:tether z

To create a more realistic model, the dynamics of the motor and propeller are im-
plemented into the simulation model. Thus, the mixer equations are obtained and
given in Equation. With these equations, the angular velocities required for motor

movement are obtained from the forces and moments produced by the controller.

2, 1241242
Fo=bl1+15+15+1))

M, =bhbl(12 12
«= bty 1) (3.90)
My =bi('5 1%
M,=d(!? 12+15 12
2 3 2 32 3
F, b b b b 12
M, 0O bl 0 blZgr2
- (3.91)
M, bl 0 bl 0£§12
M, d d d d 12

Equation 3.90 and 3.91 show the relationship between angular velocity and force and
moment. By inverting and taking the square root of these equations, mixer equations

that convert force and moment to angular velocity are obtained. They are given in
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Equation 3.92.

F, M, M,
|l: _Z Y4 £
. 4 20l 4d
- B MM

. 4 2bl  4d (3.92)
e P2 My M
3 . 4 20l 4d
F, My M;

lag= —+ =
4 2bl 4d
A Brushless DC motor is used as the motor. Its dynamics are implemented in the sys-
tem. Table 3.3 shows motor speci cations [30]. The simulations include the motor's

transfer function, as per the requirements.

Table 3.3: Brushless DC Motor Speci cations[30]

Parameter De nition Value Unit
L. Inductance 80 H
R, Resistance 0.22
K, RPM Constant 920 RPM/NV
Kt Torque Constant 0.0104 Nm/A
Ke Voltage Constant (back emf) 0.0104 V/(rad/sec)
J Inertia of Motor and Propeller 17.2x10 kgnt”
Damping Factor 0.0004 Al(rad/sec)

3.2.3 Tether Model

The tether is modelled as a spring. Its main property is the tensile strength, not com-
pressive strength. As a result, rather than pushing or other comparable compressive
uses, it is employed for dragging and lifting applications. There are two stages which
are taut and non-taut for the tether. A tether is considered tight when its length is the
same as or longer than its unstretched length. If not, it is slack or non-taut.

The representation of the tether is given in Figure 3.3. The tether force in two stages

is given below. 8

= _ Kiether (ltether lo) if lietner lo (3.93)
) otherwise
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Figure 3.10: Tether Representation

The force on the tether in the reference frame given in the previous gures can be
de ned using the 3D position of the ying and ground vehicle.

The equations required to make this de nition are given below. The force represented
by these equations is the force acting upon the leader. The follower is likewise af-
fected by its negative value.

The representation of the tether force in 3D is given in Figure 3.11.

Li= P (Xrr  Xer)?+(YFr  YGR)? (3.94)
=atan2(Yrr  YGR;XFR  XGR) (3.95)

= atan2(zrr  Zor;L1) (3.96)

F = Kiether (ltether  lunstretched ) (3.97)

Fx = F cos cos

Fy = F cos sin (3.98)

F, = Fsin
The physical properties of the tether [31] which are given in Table 3.1 are chosen
so that the maximum force created by the tether would be less than the gravitational
force since the ground robot does not move in the vertical axis. The stiffness value
of the tether is obtained using Equation 3.99 for the speci ed physical parameters.
d2
4 (3.99)



Figure 3.11: Tether Force in 3D Representation[11]

Table 3.4: Physical Parameters of Tether[31]

Parameter De nition Value Unit
d Diameter 10° m
E Elastic Modulus 0.194 GPa
L Initial Tether Length 6 m

With these values, the stiffness value is obtained a¥2%.

3.2.4 Leader Estimation

In this section, the methods used to estimate the leader's position and velocity are
discussed in detail. Therefore, the challenges encountered with leader estimation are

described in detail. A few approaches have been proposed and implemented to over-
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come these challenges.

There is no information about the leader. The only measurements are the states of the
follower and the force on the tether.

Based on the model assumptions, the leader has a 2D motion in the XY plane, there-

fore, leader position and velocity estimations are made on this axis.

3.24.1 2D CA Model

In this model, it is assumed that the follower and the leader move at constant accel-
eration. Motions in 2 axes are considered independent from each other. The states of
the system are the position, velocity, and acceleration of the leader and follower. As
well as, position, velocity, acceleration of the follower and tether force are the outputs

of the system. They are given in Equation 3.100 and 3.101.

h it

X= fy I fy ly fe Lo fy L B K BN (3.100)
h i

y= f X f y 1:-x- f-y 1J.x 1:'y I:tether;x I:tether;y (3- 101)

The force in the tether is modelled without including the unstretched length of the

tether. It is given in the Equation 3.110.

I:tether;x = k(fx |x)
Fiethery = k(fy 1y) (3.102)

Since the motions in the two axes are uncoupled, two separate estimations are made.

The continuous time state space representations for motion in two axes are given by
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the Equations 3.103 and 3.104.

fx

00100
00O0O1O0

Ix

0 00O0OOOO

X

(3.103)

k

I:tether;x

(3.104)

Kk

Ftether;y

40



The observability matrix is obtained by using the A and C matrices in the system.

2 3
C

CA
o=§ : (3.105)

CA®

The rank of this matrix is equal to the order of the system and the system is observable
for all states for motion two axes. In other words, it is a fully observable system.

The system represented by the aforementioned equations is linear, hence a Kalman
Filter can be applied. The leader's states have been obtained by designing a Kalman
Filter with the follower's states and force. After these, the discrete form of the system

is obtained for state estimation with the Kalman Filter. The discrete-time state equa-
tion is obtained by the Zero Order Hold method [20] with sampling pediad given

below.

Xk+1 = FX + Gu + wy

(3.106)
Zx = HXy + v
2 32 3
1 0dt 0 dt?>=2 0 fy
01 O0d 0 dt*>= ly
= 00 1 0O dt 0 fue
00 0 1 0 dt Le
00 O O 1 0 s
(3.107)
00 0O O 0 1 P
2 3
1 0 00O
0O 0 100
H =
EO 0O 0 01
k k O 00O

By selecting the appropriate Q and R matrices, the Kalman Filter is designed and the

leader's position and velocity are estimated.
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3.2.4.2 2D CV Model

In this model, it is assumed that the follower and the leader move at constant accel-
eration. Motions in 2 axes are considered independent from each other. The states
of the system are the position and velocity of the leader and follower. As well as,
position, velocity of the follower and tether force are the outputs of the system. They
are given in Equation 3.108 and 3.109.

h it
X= fy I fy Iy f L fy L (3.108)

h i
y= fx fy f-x- f-y I:tether;x I:tether;y (3-109)

The force in the tether is modelled without including the unstretched length of the
tether. Itis given in the Equation 3.110.

Fretherx = K(fx Ix)
I:tether;y = k(fy |y) (3.110)

Since the motions in the two axes are uncoupled, two separate estimations are made.
The continuous time state space representations for motion in two axes are given by
the Equation 3.111 and 3.112.

2 32 3
2 3 0 01 Q fy
« = 4f.,¢5: 0 0O l
B Le 0 0O fe
0 000 L
2 3
2 3 2 3 f, (3.111)
fy 1 0 00 |
y=§ for é=§o 0 1éfx
I:tether;x k k 00 L:
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2 3 2 32 3
fy 001 f,
_BL7_Roo0oO ly
T 000 o
g 0000
2 '3 Ly2 3
fy 2 3 1, (3.112)
f 1 0 00 |
y = : :go 0 1 02 fy
Y k kOO 7
Ftether;y I'Y

The observability matrix is obtained by using the A and C matrices in the system.

2
o= E (3.113)

The rank of this matrix is equal to the order of the system and the system is observable
for all states for motion two axes. In other words, it is a fully observable system.

The system represented by the aforementioned equations is linear, hence a Kalman
Filter can be applied. The leader's states have been obtained by designing a Kalman
Filter with the follower's states and force. After these, the discrete form of the system

is obtained for state estimation with the Kalman Filter. The discrete-time state equa-
tion is obtained by the Zero Order Hold method [20] with sampling pedidd given

below.

Xk+1 = FXi + Gu + wy
(3.114)
Zx = HXy + v
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2 32 3
1 0 dt 0_ fy
0 1 0 dtzgly
F =
0 0 1 OfQf,
000 1 L (3.115)
2 3
1 0 0O
H = go 0 1 é
k k 0O

By selecting the appropriate Q and R matrices, the Kalman Filter is designed and the

leader's position and velocity are estimated.

3.2.4.3 IMM Model

In this model, CV and CA results are combined. Separate estimations are performed
for the x and y axes, as in the CV and CA models. In addition, estimation is made
separately for position and velocity fusions because updating model probabilities are
different from each other. The system measures the position and velocity of the fol-
lower. Therefore, follower estimation values of these systems are important. First,
the initial model probability value is selected for both models. This value is taken
as 0.5 for both models. Then, follower velocity and position estimation errors of the
systems are calculated. Subsequently, joint probability density values, that is, likeli-
hood function values, are obtained. Model probability values are updated with these
values. Fused estimation results are obtained by combining the updated probability

values with the model results.

3.2.4.4 Follow the Better Model

The 'follow the better' method suggested by Takagal. in [2][4][6] is implemented
for this system. Takagi studied a system which includes people who are connected
and pursue their own goals. As a result of these studies, the partner's position can be

obtained with this equation [2].
Fk = k(P hy) (3.116)
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hk = Fk:k+ hk (3117)

When this method is applied to the system speci ed in this thesis, the leader's position

in 3D can be estimated using Equation 3.119.

2 3 2 3
4Ftether;x 5 — 4fX IX5
=k (3.118)
I:tether;y fy Iy
2 3 2 3 2 3
X F X
AM5 —1=k4" *5 475 (3.119)
Yi I:y i

Velocities are obtained by taking the derivative of position.

3.2.4.5 Problems of Leader Estimation

This section explains in detail the problems encountered with leader estimation. A
few strategies have been developed and executed to deal with these problems which
are listed below.

In these methods to estimate the leader, the length of the tether is not considered
in these models to make it simpler. But in real applications, the force on the
tether is proportional to how much it deviates from its unstretched length. The
tether is modelled this way for a more realistic simulation. Details are given
in the tether modelling section. As a result, it becomes challenging. There-
fore, to overcome this challenging situation, the measured force used in these
estimation methods is manipulated when estimating the leader. The fact that
the unstretched length of the tether is known and the force on the tether can be
measured in 3 axes with the sensor allowed this manipulation. With this ma-
nipulation, it is obtained what the force in the tether would be if its unstretched
length is not considered. The relationships between the force in the tether and

, angles are given in the equations below.

F, = F cos cos
F, = Fsin cos (3.120)
F, = F sin
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First of all, and angles are calculated by using the tether force in 3 axes

with the following equation.

= atan2(Fy; Fx) (3.121)
q__
=atan2(F;; F2+ F?) (3.122)
Then, when the unstretched length of the tether is ignored, the amount of force

on the tether is calculated by the equation below.

I:virtual = ktetherlunstretched (3-123)

This force is called virtual force. Afterwards, the measured force and the virtual
force are added together and the force in the 3 axes manipulated using alpha and

beta angle is obtained.

l:manipulated = I:measured + l:virtual (3-124)

In the methods described below, manipulated force must be used to get better
estimation results. When measured force is used directly in these models, in-
accurate leader estimation results are obtained. This difference arises from the
fact that these models do not model the unstretched length of the tether in force
equations. In the results section, the results obtained with the measured force

and manipulated force are shown.

Another dif culty, during leader estimation is to estimate when the tether is not
taut. In this case, the leader may or may not be moving, and since there is no
force in the tether, the follower is not aware of this situation. The follow better
method, one of the methods detailed below, gives bad results in this case. In
this method, the leader's position is found by adding the follower position and
the force in the tether divided by the stiffness. There is no solution to come up
with problems with this method. The other methods such as CV, CA and IMM
methods, which include motion models, give poor results because they update
the model with tether force measurement although the force on the tether is
0. Therefore, to come up with this situation, when the tether is slack, that is,
when the force on the tether is 0, the position can be obtained by integrating the

velocity with the equations of motion.
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3.2.5 Estimation Methods of Target

This section describes the model used as the starting point for target estimation as

well as how it is applied to the system.

3.2.5.1 Interpersonal Goal Integration Model

The 'interpersonal goal integration' method suggested by Takagi in [2][4][6] is tried
to implement for this system. In this method, Takagi demonstrated via simulations
that only the goal integration model results in mutual improvement during sensori-
motor contact. It's unclear how to extract the partner's target, though. He builds an
internal model of the partner. In this way, he can estimate the states of the partner's
target. This internal model is applied to the system speci ed in the thesis. Since the
system is nonlinear, target estimation is attempted with the Extended Kalman Filter.
Equations supporting the work completed by Takagi are provided.

They are experimenting with two people connected with a tether, tracking their target
with their hands. In addition, they also create a mathematical model of this system.
Therefore, they know their target visually. But they don't know each other's. The

notations used in the following equations are explained below.

h i

t t represent the target position and velocity.
h i

t € represent the partner's target position and velocity.
h i

_ represent the wrist angular position and velocity.

h i

~ _ represent the partner's wrist angular position and velocity.
h [

LP LV representthe control gains.
h [

CP Vv representthe partner's control gains.

First, they develop the target's movement as well as the wrist's overall movement
model. A discrete-time model is created to mimic how two partners connected by

an elastic band coordinate their movements to monitor a randomly moving object in
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one dimension. At each time index i, the target positiors calculated. A motor
commandu; is then created to shift the wrist positiop to the target. The state
equation for the target's movement is rst described, followed by the wrist's, and
these two equations are then combined to provide the single state equation for the
entire system. The rst-order system describes the target, which is considered to
move randomly with Gaussian noise in its velocity [4].

2 3 2 323 2 3
glinng _ 41 dig,t 0

'5+475 (3.125)
(] 0 1 i dt
The movement of the wrist is modelled as follows,
2 3 2 32 3 2 3
4m5_41 Q545,40 5 (u + F) (3.126)
1 0 1 + dt=I
2 32 3
u= 4 54 5 (3.127)
LY+ &
Fi=K(T )+D(= 3 (3.128)

After building the movement models, they proposed a method for estimating the target
that the partner is following. It is necessary to determine the partner's control gain to
estimate the partner's target. For this reason, the partner's target estimation consists
of two stages. In the rst stage, it is assumed that the partner is tracking the other
target instead of its own. So, they are tracking the same target. In this way, at this
stage, the target is known visually, and the force on the tether and the hand movement
are known. Equations of this model are given below.

iz =t + tdt
(3.129)
1 = 4
T (3.130)
1 = +
Te = G+ T
(3.131)

Ta = FH( CP(Gt) OV(F t))dt
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Ch = C7

(3.132)
i = O
Fiu = K(3  )+D( ) (3.133)
h T
X=t t~ =rcF LV _F (3.134)
h i
z=t t _F (3.135)

States of the system are the target, the partner's hand, hand states, the partner's con-
troller gains and the force on the tether. The measurements of the system are the
states of the target, hand and the force on the tether. This system is nonlinear. By
linearizing the system states, EKF is used and the system states are estimated. As a
result, controller gains of the partner are obtained.

In the second stage, the partner now follows its target. Equations of this model are

given below.
G = G + &t
(3.136)
B = &
iv1 = 5+ dt
T (3.137)
“+1 = +
Te = 74 T
(3.138)
Fa= TH( OGO 6) C(F ®)dt
Oy = L7
(3.139)
Ll = O
Fii = K(~| i)+ D(:, —i-) (3140)
h it
X= t &~ =[P v _F (3.141)
h i
z= P v _F (3.142)

States of the system are the partner's target, the partner's hand, hand states, the part-

ner's controller gains and the force on the tether. The measurements of the system
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are the partner's controller gains, hand states and the force on the tether. This system
is nonlinear. By linearizing the system states, EKF is used and the system states are

estimated. As a result, the partner's target is obtained.

3.2.5.2 Proposed Method

Based on the model assumptions, the target has a 2D motion in the XY plane, there-
fore, target position and velocity estimations are made on this axis. This study by
Takagi is also designed for the system in this thesis. A 2-stage estimation is made for
this model. For this reason, 2 different movement modes are de ned in the system.
In the rst mode, identi cation mode, the follower knows the target that the leader is
following. This stage is similar to the rst stage of Takagi's model. At this stage, the
leader's controller gains are tried to be estimated. In Takagi's model, leader states are
not measured. In the model in this thesis, since the states of the leader are estimated
by the navigation model, they can be fed into the system as measurements. These are

the system equations in 1D derived from Takagi's equations.

tizg =t + tdt
(3.143)
1 = G
fisa = fi + fidt
(3.144)
fi1 = 5
liva = I; + Lidt
(3.145)
ey = L+ ( CP( ) CY(k t)dt
E—ip+1 = E—ip
(3.146)
i = O
Fisp = K(f, |,) (3147)
h it
XxX=t t| L vV f f—F (3.148)
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h it
z=t | Lf f_F (3.149)

The system whose equations are given above is nonlinear. Observability analysis of
the nonlinear system is performed by different methods. One method is to take the
Lie derivatives of the system and see in which intervals it is observable. In this thesis,
instead of using this method, the system is linearized under all motion conditions and
the observability matrix is obtained and its rank is examined. When examined under
all motion conditions, the system is not fully state observable. To determine which
state is not observable, the null space of the observability matrix is checked. From
the null space of the observability matrix, it appears that in this system, the controller
gains are not observable. As a result, a proposed internal model identi cation is
offered in place of the previously employed model. In the proposed method, the
cIosed-IoRp stIaTte space model of the leader is esthmatler using system identi cation
methods. t t_ are the inputs of the internal system. | are the outputs of the
internal system. It is given in Figure 3.12. Because the target travels along the XY

Figure 3.12: Representation of Internal Model of Leader

plane, a model has been developed and an estimation has been established on those
axes. Movement along the x and y axes is considered coupled. In this mode, the target
moves in a chirp pattern. The initial and target frequency of the movement @fe

and =50, while the target time is 100 seconds. The movement of the target is shown.
As a result, it moves at varying frequencies. The frequency-changing movement is
selected to broadly include the movements in the regular operating mode. The built-

in 'n4sid' function has been used in MATLAB. To determine the order of the system,

the logarithmic value of the system's singular values is considered. = The system
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Figure 3.13: Target Motion

order is determined as 6 when the logarithm of the singular values is considered for
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Figure 3.14: Model Order Decision of Motion

motion. The identi ed state space is given in Equation 3.150 and 3.151

2 3 2 32 3
X 1:0050 0:0021 00391 0:3439 2:5260 30830_ .x;
Xa 0:0017 09947 0:0073 0:6310 15100 0:915% 8x,
xs5 £ 0:0058 00019 10390 0:3825 2544 3137 4 Bx,
x4 8 0 0 0 0 1 0 48x,
Xs 0 0 0 0 0 1 Z8%s
Xs , 00024 00003 00158 00709 02609 11060 Xy

0:0178 17080 00131 00626,
0:0060 02306 00016 0:101%F t,
0:0192 17550 00149 00609 gué
0:0005 09660 00114 0:109% §t,
0:0043 03843 00105 003807 t,
0:0019  0:0998 00096 00180

53

(3.150)



2 3 2 3
Iy 1000 0 QE&x,
01000 d&8x
y:L*: 3 (3.151)
ly 00100 &8x,
L, 00010 06&xs
Xe

The results of the given state space model are compared with the results of the data fed

to the identi cation. The comparison results are given in the Figure 3.15. Looking

Figure 3.15: Comparison of Model and Data

at the results, position overlap percentages are better than velocity values. In general,
this overlap percentage value is aimed to be the percentage of 90. However, the
overlap ratio of the velocity data on the x-axis is lower than the desired value. The

target estimation results are intended to be fed as input to the follower's admittance
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controller. As mentioned in the previous sections, the admittance controller only waits
for a position input. Therefore, target position estimation is more important than
velocity estimation. Position overlap values are very good and provide the desired
value. Therefore, the low rate of velocity estimation is accepted and this system is
used.

In the second stage, the target makes a non-predetermined movement. Target esti-
mation can be made with the obtained internal model. This has been achieved using

manipulated force and the most accurate results of leader estimation.

h it

z= fy fx fy fy I L Iy &b Fy Fy (3.153)

The system whose equation is given is linear, therefore the states can be estimated
using the Kalman Filter. The state space matrix representation of the system is given

in Equation 3.4.

|><
1]
>
X

(3.154)
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2 dt 0 0 0000 O 0 0 0 0 0
0 1 0 0 0000 O 0 0 0 0 0
0 0 1 d 0000 O 0 0 0 0 0
0 0 0 1 0000 O 0 0 0 0 0
0 0 0 0 1dt0O0 0 0 0 0 0 0
0 0 0 0 0100 O 0 0 0 0 0
0 0 0 0 00 1dt © 0 0 0 0

A= (3.155)

0 0 0 0 0001 O 0 0 0 0

0:0178 17080 00131 00626 O O O O DO50 0:.0021 060391 0:3439 2:5260 30830

0:0060 02306 00016 0:1013 0 O O O 0:0017 09947 0:0073 0:6310 15100 0:915

0:0192 17550 00149 00609 O O O O (O58 060019 10390 0:3825 2:544 3137

0:0005 09660 00114 0:1092 0 0 0 O O 0 0 0 1 0

0:0043 03843 00105 00380 0 0 0 O O 0 0 0 0 1

0:0019 0:0998 00096 00180 O O O O 0:0024 0:0003 0:0158 060709 0:2609 11060
2 3
0 0O0O0OO10O0O0OO0O OO0 OO0OLW
0 0O0O0OOO1O0O0OO0O OO0 OO0
0O00O0OOO0OO1O0 O OO OO
0 0O0O0OOOOO1I O O 0 OO
0O 0O0O0OOOOOO 1 O 0 0O

C= (3.156)

0 00OO0OO0OOOO O 1 O OO
0O 0O0O0OOOOOO O O 1 00O
0O 0OO0OOOOOO O OO TI1O0
0O 0OO0OOkKkOOO kKO O OO
000OO0OOKkO O O KOODO®O

The system whose equation is given is linear, therefore the states can be sectioned

using the Kalman Filter. In this way, target estimation is obtained.

3.3 Simulation Details

In the system, the ying robot always rises from the ground and goes to a given
height, producing a force on the tether. The target then moves. Additionally, the
system has two speci ed movement modes which are the identi cation and normal
operation modes. ldenti cation mode is used when the system rst starts on, followed

by normal operating mode.
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3.3.1 Identi cation Mode

This identi cation mode is always made rst in the system. In this mode, the target
makes a predetermined movement. The speci ed movement is designed to cover all
operating frequencies associated with the target's overall movement. In this mode,
the leader knows the target and follows it. The follower, on the other hand, knows the
target and tether force. The purpose of this mode is to identify the leader's internal
model. The follower can estimate the leader's position by using the force on the tether.
Using these estimated values and target information, the internal model of the leader
is obtained. In this mode, the tether is always assumed to be taut. Its representation is

given in Figure 3.16. The system architecture of this mode is given in Figure 3.17.

Figure 3.16: Identi cation Mode Representation

The parameters known to the follower are highlighted in green in Figure 3.17.

Figure 3.17: Representation of System Architecture of Identi cation Mode
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3.3.2 Normal Operation Mode

After identi cation mode, the target now performs other movements instead of the
speci ed movement. The leader, as always, knows the target and follows it. However,
the follower no longer has information about the target. It knows the tether force and
its states. It can estimate the leader's states with the force on the tether. It can estimate
the target by using the internal model of the leader obtained by the identi cation

mode. Its representation is given in Figure 3.18. The system architecture of this

Figure 3.18: Normal Operation Mode Representation

mode is given in Figure 3.19. The parameters known to the follower are highlighted
in green in Figure 3.19.

Figure 3.19: Representation of System Architecture of Normal Operation Mode
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CHAPTER 4

SIMULATION RESULTS AND DISCUSSION

The following performance metrics have been calculated to compare the results of the
simulation.

The root mean square error is used to evaluate the estimation error for leader
and target estimation.

X
(x(i)  R(1))? (4.1)

i=1

RMSE =

—cc<
Sl

In Equation 4.1x(i) and®(i) are the real and estimated values of states, re-
spectively.

The circular variance is used to measure the coordination level between leader-
follower and target-leader [32].

CircVar = jj%><1 e Yj2 [01] (4.2)
k=1

In Equation 4.2, k andn represents the relative phase between agents and
total number of time steps, respectively. The higher circular variance value
indicates the higher coordination level between the agents [11]. The relative
phase is de ned as the phase differences between players [32]. In the literature,
this is frequently used as a performance metric to make the distinction between
leading and following behaviour [33]. Using a Hilbert transform as suggested
in [34], the phase is calculated. When K is positive, it means that the agent
being followed is moving ahead of the follower agent.

The simulation results are included in the following sections. They are discussed

under two separate sections for all scenarios in the operating mode: the situation in
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which the leader is estimated and fed to the admittance controller, and the situation in
which the target is estimated and fed to the admittance controller. These two sections

include leader and target estimation results and target tracking performance of the
leader and follower.

4.1 Results of Identi cation Mode Scenario

The results of the identi cation mode, in which the closed loop controller of the leader
is identi ed, are included in this section. In this mode, since the target is known
by the follower, the target values are fed to the admittance controller. As a result,
the follower can more accurately track the target. However, the leader's tracking

performance is worse. Also in this mode, the target moves in a chirp pattern. It is
shown in Figure 4.1.

Figure 4.1: Motion of Target

First, the target tracking performances of the follower and the leader are compared.
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Since the follower knows the target in this mode and the target positions are fed to the
admittance controller, the follower's target performance is better. Circular variance

values of the target tracking results of the leader and the follower are given in Table
4.1.

Table 4.1: Circular Variance of Tracking Performance

X Position(m) Y Position(m)
Target-Follower 0.99 0.77
Target-Leader 0.99 0.59

Looking at the results, the target performance of the leader and follower on the x-
axis is very close and good. On the y-axis, the performance of the follower is better.

Additionally, RMSE values of tracking performances are also given in Table 4.2.

Table 4.2: RMSE of Tracking Performance of Follower

X Position(m) Y Position(m)

Target-Follower 2.2491 1.4462

After that, the leader estimation results of directly using and manipulating the force
on the tether are compared. Figure 4.2 shows the leader estimation results of the
methods when the tether force is manipulated. Table 4.3 shows the RMSE values of

leader estimation results of the methods when the tether force is manipulated.

Table 4.3: RMSE Values for Leader Position and Velocity with Manipulation

X Position(m) Y Position(m) X Velocity(m/s) Y Velocity(m/s)
Ccv 0.0829 0.2874 0.0770 0.2602
CA 0.0006 0.0013 0.0004 0.0002
FB 0.0040 0.0043 1.1100 1.1100
IMM 0.0011 0.0014 0.0123 0.0055

Figure 4.3 shows the leader estimation results of the methods when the tether force
is not manipulated. Table 4.4 shows the RMSE values of leader estimation results
of the methods when the tether force is manipulated. ~ When the RMSE values of

the results are examined, it is observed that the estimation errors are less when the
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