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Abstract
Abstract — Research within the area of Unmanned Aerial Vehicles (UAVs)
is a continuously expanding field due to their wide and diverse range
of applications such as inspection, monitoring, mapping, precision
agriculture, aerial imaging and entertainment. However, their application in tasks such as transportation, tool manipulation or assistance
in emergency situations still poses many challenges.
In this thesis, a novel strategy for cooperative flight of physically
attached quadcopters which allows the quadcopters to perform the
transportation of heavier loads and carrying out more complex tasks is
proposed. Specifically, a method for online and automatic modelling
and control of the quadcopters without human intervention is introduced.
First, the method performs the estimation of the physical structure attaching the quadcopter’s solely relying on information from
the quadcopters Inertial Measurement Unit (IMU) obtained via simple and short online experiments. Then, given the estimated physical structure, a stable operation of the quadcopters is achieved via a
distributed controller, where the controller parameters are obtained
via reinforcement learning. Finally, experimental results validate the
proposed method, showing that a correct estimation of the physical
structure is obtained as well as a stable flight is achieved for a set of
connected quadcopters.
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Sammanfattning
Forskning inom obemannade luftfarkoster (UAVs) är ett kontinuerligt expanderande område på grund av dess breda omfång inom en
rad olika tillämpningsområden, däribland inspektion, övervakning,
mappning, jordbruksprecision, luftavbildning och underhållning. Likväl finns det fortfarande flertalet utmaningar inom applikationer så
som transportering, manipulering av verktyg eller assistans vid nödsituationer.
I den här avhandlingen föreslås en ny strategi för kooperativ flygning av fysiskt sammankopplade quadcopters som tillåter dessa att
transportera tyngre laster och genomföra mer komplexa uppgifter. Specifikt, en metod för uppkopplad och automatisk modellering och reglering av quadcopters utan mänskligt ingripande föreslås.
Metoden startar med att genomföra estimering av den fysiska strukturen som sammankopplar quadcoptrarna enbart genom att förlita sig
på information från quadcoptrarnas tröghetsmätningsenhet (IMU) erhållna via enkla och korta uppkopplade experiment. Givet den estimerade fysiska strukturen, uppnås därefter en stabil operation av
quadcoptrarna via en distribuerad kontroller, vars kontrollparametrar
erhålls via förstärkande inlärning. Slutligen valideras den föreslagna
metoden genom experimentella resultat som visar att en korrekt estimering av den fysiska strukturen är erhållen tillika en uppnådd stabil
flygning för en uppsättning av sammankopplade quadcopters.
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Chapter 1
Introduction
The fast development of technology in the last century was triggered
by an increased and improved automation. Automation was born as a
tool in the industry to increase the efficiency in many processes and the
production volume while decreasing the costs. Nowadays, automation is included in most of the everyday use devices and technologies,
such as smartphones, commercial aircrafts and self-driven cars. It is
currently not only limited to the completion of repetitive tasks, but
also decision making, pattern recognition and social interaction.
Within the field of robotics, the interest in autonomous vehicles has
increased over the last decade. The race for the autonomous car has
triggered a significant increment in the investment of different technological fields related to automation: sensors, actuators, processors,
etc. With this increment, autonomous vehicles became a large field of
research.
Autonomous vehicles can be divided in four main groups: Unmanned Ground Vehicles (UGVs) [22], Autonomous Underwater Vehicles (AUVs) [76], Autonomous Surface Vehicles (ASVs) [40] and Unmanned Aerial Vehicles (UAVs) [27]. Unmanned Ground vehicles can
also be subdivided depending on the main actuation system that they
use. The options are multiple, from wheels, to legs or even crawling
robot (See Fig. 1.1). The chosen actuators will depend on the type of
terrain that the vehicle is designed for. Their lack of terrain versatility is considered their main disadvantage. However, with the current
technology, they are able to deal with high payloads ensuring a long
autonomy.
Most Unmanned Underwater Vehicles design is based on the canonic
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(a)

(b)

(c)

Figure 1.1: (a) Boston Dynamics SpotMini [17]. (b) NASA’s Lunar
Autonomous Rover SCARAB [56]. (c) ACM-R5H Amphibious Snake
Robot by HiBot [29].

(a)

(b)

(c)

Figure 1.2: (a) GAVIA AUV developed by the Russian military
department[48]. (b) Mantbot designed by Virginia University [12]. (c)
Light Autonomous Underwater Vehicle LAUV by LSTS [43]
submarines. However, there are some examples of biologically based
designs, like the Mantabot, developed in the University of Virginia
(see Fig. 1.2). These group of Unmanned Vehicles are usually used for
underwater exploration, mine deactivation and mapping.
Autonomous Surface Vehicles are vehicles that operate on the surface of the water. They are used for a wide range of military and commercial applications such as: Mine Counter Measures (MCM), surveillance, oceanographic data collection and underwater construction. Some
examples of this group of autonomous vehicles are shown in Fig. 1.3.
Finally, the use of UAVs has spread not only within the research
or military fields, but also in the commercial area. From small toys
for kids, to robust commercial UAVs used in a wide variety of tasks.
The interest in UAVs is growing quickly and it is a recurrent topic in
research. UAVs can be classified in 3 big groups depending on their
morphology: fixed wing, multirotor and Vertical Take Off and Landing

CHAPTER 1. INTRODUCTION

(a)

3

(b)

Figure 1.3: (a) C-Stat Station Keeping Buoy by ASV unmanned marine
systems [72]. (b) C-Enduro USV by ASV unmanned marine systems
[71].

(a)

(b)

(c)

Figure 1.4: (a) Skywalker X8 fixed wing UAV by TechnoSys [69]. (b)
Multirotor G4 Skycrane UAV by Multirotor [54]. (c) MH-VTOL-2 Vertical Take-off and Landing Unmanned Aerial Vehicle from Mh Elec
[18].
(VTOLs). Examples of this morphologies are shown in Fig. 1.4.
The current thesis will focus on the multirotor UAVs. The morphologies, sizes and characteristics are wide, from micro-UAVs with
only 4 motors, like the Crazyflie quadcopter [6], to huge multirotors
like the Volocopter, with the capacity of human transportation. The
variety of applications has spread over the last decade: structures inspection, agriculture, mapping, military purposes and the entertainment business.
One of the main limitations of the possible applications is the maximum payload and flight time, both qualities are very related. For
many of the proposed examples of applications, payload transportation is required. Payload transportation has 2 main consequences:

4
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first, a worse dynamical response of the system and second, a shorter
flight time. In addition, the maximum payload is different in each
quadcopter and it constraints the possible applications of each model.

1.1

Motivation

The balance of maximum payload and flight time is a very sensitive
constraint when studying the possible applications of a set of quadcopters. Several research lines proposed possible solutions for this
matter. A popular solution is to use several quadcopters collaborating to transport the load [35][59][63][58]. This way, the load lifted by
each quadcopter is reduced, increasing the flight time of the system.
Furthermore, collaborative aerial transportation allows to carry heavier loads.
The objective of the current thesis is to explore this idea of collaborative aerial transportation, proposing a different strategy and approach. Most of the collaborative aerial transportation solutions considered that the attachment between the load and the quadcopters is
not rigid, allowing the quadcopters in the system to move independently. However, for some applications, the connection between the
quadcopters must be rigid, example given: a set of quadcopters used
to carry a big video camera needs a rigid attachment to ensure enough
stability of the image. On the contrary, the rigid attachment solution
has not been deeply researched.
Multiple quadrotors can be attached to each other using rigid connections. In a practical scenario, these quadcopters could connect to
each other automatically, similarly to [63], or with human help. However, the attachment properties, such as the length or how they are
connected, may not be known a priori at all or not with sufficient precision.
As they are physically attached, their controllers must be redesigned
to accommodate these changes in the dynamics of the system. This
brings the need of developing a solution to estimate the connection
parameters that are not known a priori.

CHAPTER 1. INTRODUCTION

1.2

5

Research Question

As expressed in the title, the principal research question of the current
thesis is to design an approach to achieve autonomous cooperative
flights of rigidly attached quadcopters. This research question encompasses the following questions as well:
• How to estimate the attachment parameters of the set of rigidly
attached quadcopters?
• How to efficiently design a controller architecture to ensure system stability?

1.3

Literature Review

Aerial collaboration has lately become a very recurrent research topic.
However, the research path can be divided in two big blocks: nonrigid attachments and rigid attachments. Within the first group, the
most common approach is the use of cable-based attachments. This
approach allow independent control of the agents, constituting one of
the main challenges, the obstacle avoidance between the quadcopters,
while ensuring stability of the transported load [23][52][51].
More interesting for the development of the current thesis are the
examples of rigid attachment based collaborative aerial control. In
[38], they proposed a control method for the case of two quadcopters
rigidly attached to a bar, see Fig. 1.5(a). The control architecture is
based on a proportional-derivative controller that incorporates the equations of the dynamics of the system to adapt the controller architecture
to every possible configuration. This is achieved by including the expression of the inertia, coriolis accelerations and generated moments
of the system derived from the model equations from the system. In
this case, the only parameters of the connection that can be changed
are the number of quadcopters and distances between them. All the
quadcopters are aligned and their rotation around the z-axis is always
zero.
In the case of the architecture proposed in the current thesis, it is
designed as PID controller in cascade that controls the position, linear
velocities, attitudes and angular velocities. The gains of the proposed
controller must be tuned for different distances, and then these values

6
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are interpolated to be used in every possible configuration of the system, or number of quadcopters. They developed not only the control
strategy and architecture, but also an obstacle avoidance system and
collaborative trajectory planning. Their strategy to control the system
is based on a leader-follower method in which the leader sends the calculated set-points to the followers in real time. While in the proposed
strategy in the current thesis, the set-points are sent simultaneously
to all the quadcopters in the system. A VICON system was used as
the only positioning system. VICON system is a camera-based motion
capture system used, among other tasks, for object tracking [73].
In [41] the system is also composed of two rigidly attached quadcopters, that use individual cameras to estimate the position of each
of the quadcopters, Fig. 1.5(b). Similarly to the previous example,
the control architecture is based on a proportional controller in which
the dynamical equations of the system are included so that the control architecture is adapted to every possible configuration, including
the expression of the inertia and coriolis accelerations. The novelty in
their approach is the optimization algorithm that they run in real time
in both quadcopters to individually estimate the pose of the system of
attached quadcopters while reducing the discrepancies between these
estimations. In the current thesis, this problem is solved as only one
of the quadcopters, the leader, will measure its position, and using the
constraints derived from the physical connection between the quadcopters it will estimate the position of the system. Finally, this position
is spread to the rest of quadcopters.
The control architecture proposed in [50], Fig. 1.5(c), is slightly
more complex than in the previous examples. The position is controlled using a PID controller while for the attitude, a PD controller
is used. Their architecture includes a transformation of the final control inputs in order to adapt it to the current positions and orientations of the quadcopters, derived from the pseudo inverse of the dynamics. This transformation takes into consideration the number of
quadcopters, their positions and rotations around the z-axis. The attachment is rigid and the positioning is based on the VICON system,
knowing each quadcopter their exact individual positions and orientations at every time-step. They even included a method to automatically attach or detach the load.
In [63], the most recent solution, a novel method to self-assemble
the system of attached quadcopters in mid-air. Their controller struc-
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(a)

(b)

(c)

(d)
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Figure 1.5: (a) Planning and Control for Collision-Free Cooperative Aerial Transportation [38]. (b) Cooperative Transportation Using
Small Quadrotors Using Monocular Vision and Inertial Sensing [41].
(c) Cooperative Grasping and Transport Using Multiple Quadrotors
[50]. (d) ModQuad: The Flying Modular Structure that Self-Assembles
in Midair [63].
ture is based on the one proposed in [50], however, in this case they
included an optimization method so that the thrust applied in each
motor is the minimum possible, avoiding to saturate some motors depending on their position relative to the center of mass of the system.
The control architecture includes a PD controller for the attitude and
a proportional controller for the position and linear velocities control.
As in the previous example, the individual positions and rotations of
each quadcopters are measured in real time using the VICON tracking
system.
The common factor of the proposed solutions is that the position
and orientation of each quadcopter is known a priori ([41], [38]) or
it is measured in real time ([50][63]). In the current thesis, a novel
method is proposed to estimate the position and orientation of each

8
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1
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Figure 1.6: Simplified graphical representation of one possible configuration of the system of drones
quadcopter previous to any flight, with no a priori information and
using only the on-board IMUs.

1.4

Scope

Current thesis’ scope can be divided in different goals. First, the aim
is to study the dynamics of a system of rigidly attached quadcopters
including the physical parameters of the connection: number of quadcopters, their positions, and orientations. An example of a possible
distribution, and the main variables that need to be studied, is depicted in Fig. 1.6.
Once the dynamics of the system has been studied in terms of these
main variables, the next step will be to design a method to estimate
the distances between each pair of quadcopters dij and their rotation
around the z-axis ϑi , using only the information from the individual
on-board sensors.
Finally, a control strategy to ensure system stability and trajectory
following capabilities for every possible configuration of the system of
rigidly attached quadcopters. A global positioning system approach is
also proposed. This approach allows to use both onboard sensors, as
in [41], or other positioning methods such as Ultra Wide Band (UWB)
systems or Motion Capture systems. The last goal is to design carefully the experimentation approach in order to validate the proposed
methods.

CHAPTER 1. INTRODUCTION

1.5

9

Outline

The ouline of the thesis will follow the same structure as the one proposed in the scope. First, the main theory related to the proposed
methods is briefly introduced in Chapter 2.
In Chapter 3, the model of the system of attached quadcopters is
obtained. In Chapter 4, the characteristics, concepts and mathematical development for the Physical Parameters Estimation step are explained. Right after, in Chapter 5, the proposed control architecture
and strategy is developed.
The experimental setup is described in Chapter 6, where the hardware, implemented software and communication are explained. The
summarized analysis of the obtained results is written in Chapter 7.
Finally, this analysis leads to the final conclusion and future work
development, described in Chapter 8.

Chapter 2
Preliminaries
All the theory behind the methods that were used for the development
of the current thesis is explained in detail.

2.1

Notation

• The operator [·]i denotes the i-th element of a vector.
• The operator [·]ij denotes the ij-th element of a matrix.
˙ denotes the first time derivative.
• The operator [·]
¨ denotes the second time derivative.
• The operator [·]
• The operator · denotes the dot product between two vectors or
matrices.
• The operator × denotes the cross product between two vectors
or matrices.
• The operator || · || denotes the Euclidean norm of a vector and the
corresponding induced norm of a matrix.

2.2

Quadcopter Modeling

The model of a single quadcopter is well known, and the documentation related to this topic is wide [26][37][46]. The state of a quadcopter is represented by the position [xt , y t , z t ] m, the linear velocities
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y


z



x

Figure 2.1: Simplified graphical representation of the ENU(East,
North, Up) frame
[ẋt , ẏ t , ż t ] ms , the attitude or rotation around each axis [φt , θt , ψ t ] rad,
and the angular velocities [wxt , wyt , wzt ] rad
, see Fig. 2.1. The input to the
s
system is the applied force by each of the propellers of the quadcopter.
This force will be proportional to the voltage applied to each propeller
which is controlled by Pulse-Width Modulation signals (PWM, [44]).
Then, the single quadcopter system can be presented as:
[xt , y t , z t , ẋt , ẏ t , ż t , φt , θt , ψ t , wxt , wyt , wzt ]T = f (PWMti )

(2.1)

where PWMti is the PWM value of propeller i in the current time step
t. Then, the functions of the applied torque Qi (PWMi ) and thrust
Ti (PWMi ) can be defined in terms of the PWM value of the propeller
i, see Fig. 2.2. These equations have to be determined for every quadcopter as it depends of the individual physical characteristics.

2.2.1

Coordinate Frame and Rotation Matrix

The coordinate frame orientation has to be defined previously. The
ENU (East, North, Up) coordinate frame will be used (Fig. 2.1).
In the development of the equations the following symbols will be
used: p the position vector, v the velocity vector, Φ the attitude vector
and ω the angular velocities vector. The position, linear velocities and
applied forces F of the quadcopter can be expressed relative to the
inertial, or world frame, or to the body frame. The superscript B will refer
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T PWM)

Torque
 PWM)

T3 PWM3)

Thrust
T1 PWM1)

1 PWM1)

3 PWM3)

T2 PWM2)

2 PWM2)

Figure 2.2: Graphical representation of the thrust and torque in a
quadcopter
to the body frame and the superscript I to the inertial frame. Then, the
transformation matrices that map a vector expressed in the body frame
B to its expression in the inertial frame I and vice versa are defined.
The rotation matrix, from the inertial frame I to the body frame B, can
be obtained by performing three successive rotations:
RB
I = Rz (ψ) · Ry (θ) · Rx (φ)

(2.2)


1
0
0

RB
cos(φ) sin(φ)  ·
I = 0
0 − sin(φ) cos(φ)

 

cos(θ) 0 − sin(θ)
cos(ψ) sin(ψ) 0
 0
1
0  · − sin(φ) cos(ψ) 0
sin(θ) 0 cos(θ)
0
0
1

(2.3)
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and the final expression is:




cos(θ) cos(ψ)
cos(θ) sin(ψ)
− sin(θ) 





B
RI = sin(φ) sin(θ) cos(ψ) − cos(φ) sin(ψ) sin(φ) sin(θ) sin(ψ) + cos(φ) cos(ψ) sin(φ) cos(θ) .




cos(φ) sin(θ) cos(ψ) + sin(φ) sin(ψ) cos(φ) sin(θ) sin(ψ) − sin(φ) cos(ψ) cos(φ) cos(θ)

(2.4)
In order to transform a vector from the body frame B to the inertial
frame I the inverse of RB
I must be calculated. By definition, a rotation
matrix has the following property [19]:
−1
T
I
(RB
= (RB
I )
I ) = RB

2.2.2

(2.5)

Force Equations

The expression of the force can be written, according to Newton’s Second Law, as:
FIprop − FIg − FIcor − FIfri = ma = mẍI .

(2.6)

FIprop is the force generated by the propellers, FIg the gravity force, FIcor
the force due to the Coriolis acceleration and FIfri the air friction force
component, all of them relative to the inertial I relative frame. With m
the mass of the system and a the acceleration, the individual expressions of the force can be developed:
I  I 
 
 I   I  
 I
D1 0 0
vx
vx
0
wx
Fx
FyI  − m  0  − m wyI  × vyI  −  0 D2 0  · vyI  = mẍI , (2.7)
vzI
0 0 D3
wzI
vzI
gz
FzI

where Fz is the total force generated by the propellers and the matrix
DI is the drag coefficients matrix both relative to the inertial frame.
The force applied by the propellers is calculated in terms of the body
frame B but has to be expressed relative to the world frame I. This is
achieved using the rotation matrices defined in Eq. 2.4 and Eq. 2.5:
 I
 B
 B
Fx
Fx
Fx
−1  B 
B T  B
FyI  = (RB
· Fy = (RI ) · Fy .
I )
FzI
FzB
FzB

(2.8)
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Then Eq. 2.7 can be written as:
   I 
wx
vx
1 
    I 
I
B T
B
v̇ =(RI ) ·  Fy  − wy  × vy 
m
vzI
FzB − gz
wz
.

B  I 
D1 0 0
vx
1
  I
T 
− (RB
I ) ·  0 D2 0  · vy 
m
0 0 D3
vzI


FxB



(2.9)

Vector FB
i represents the thrust force produced by the motor i of the
quadcopter and can be considered null in the x and y dimensions as
the forces generated in this axis due to the momentum in the z-axis is
negligible compared to the vertical thrust. Then, this vector has only a
non-null component in the z-component, FzB , being:

FB
z =

4
X

FB
i =

i=0

2.2.3

4
X
i=0




0

.
0
Ti (PWMi )

(2.10)

Momentum Equations

Using the Coriolis equation, the total angular momentum is expressed:
K
X

Mi = ḣ + w × h,

(2.11)

i=1

where Mi represents each of the K momentums applied to the system,
h is the angular momentum around the quadcopter’s center of gravity. According to the Angular Momentum theory, this momentum is
proportional to the Inertia J and angular velocities w of a system:

h = Jw.

(2.12)

In this case, the goal is to calculate the angular velocities and attitude Euler angles relative to the body frame. Then the expression 2.11
is developed as:
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K
X

Mi = JB ẇB + wB × JB wB ,

15

(2.13)

i=1
B

where J is the inertia matrix of the quadcopter expressed in the body
frame. This matrix has to be calculated for each different quadcopter.
Using this equation, the vector ẇB can be obtained:
K
X

ẇB = (JB )−1

!
Mi − w B × J B w B

,

(2.14)

i=1

also expressed as:
 B   B 
 B
 B 
ẇx
Mx
wx
wx
ẇyB  = (JB )−1 MyB  − wyB  × JB wyB  .
ẇzB
MzB
wzB
wzB

(2.15)

B
Using pB
i for the position of the motor i in the body frame, and Fi
for the aerodynamical force generated by the propeller i in the body
frame and QB
i for the torque, then:

M=

4
X

pB
i

×

i=0

The cross product between

pB
i

FB
i

+

4
X

QB
i .

(2.16)

i=0

and the force FB
i can be written as:





B
|
−T
(PWM
)|p
|
−FzBi |pB
i
i
yi
yi
4 
4
4 


X
X

 B B  X
B
B
B
pi × Fi =
 Ti (PWMi )|pxi |  .
 Fzi |pxi |  =

 i=0 

i=0
i=0
0
0

(2.17)

The generated torque around the z-axis, depends on the rotational direction of the propellers and the expression of the torque, Qi (PWMi ):

4
X
i=0

QB
ij

0



4 

X


=

,
0


i=0
sij Qi (PWMi )

(2.18)
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where sij is the rotational direction’s sign of the propeller i based on
anti-clockwise convection or rule of the thumb. Then, a clock-wise
rotation will correspond to a negative sign sij and vice versa.
Finally, Eq. 2.16 is re-written:




B
B
M
−Ti (PWMi )|pyi |
4 

 x X


 B
B
M = My  =
 Ti (PWMi )|pxi |  ,
 i=0 


B
Mz
si Qi (PWMi )

(2.19)

where the thrust Ti (PWMi ) and torque Qi (PWMi ) of each propeller i
are expressed in terms of the PWM input to that propeller. To obtain
this relation between the torque and thrust with the PWM values of
each propeller it is necessary to map first the angular speed of the propellers to the correspondent thrust and momentum generated. To do
so, and following the fluid mechanics formula developed in [16], the
expressions of the torque Q and the thrust T are written:
Ti (ni ) = CT (ni )ρn2i D4

(2.20)

Pi (ni ) = CP (ni )ρn3i D5
Pi (ni )
Qi (ni ) =
,
2πni

(2.21)
(2.22)

where ni is the rotations per second, D the diameter of the propellers,
ρ the density of the air, P the generated energy by the propellers. The
parameters CT (n) and CP (n) are the so called thrust and power coefficients.
The positions of each motor in a single quadcopter can be expressed
as:
√ 
L/ 2
h
i 
√ 


=


p0 p1 p2 p3
−L/ 2


0



√ 
−L/ 2

√ 


−L/ 2


0


√ 
−L/ 2

√ 


 L/ 2 


0

 √ 
L/ 2
 √ 


L/ 2 ,


0
(2.23)

with L being the distance between a motor and the quadcopter’s center of gravity.
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Finally, the vector ẇB can be calculated using Eq. 2.15. Using this
vector, the attitude Euler angles derivative φ̇ is estimated:
  B
  
φ̇
1 sin(φ) tan(θ) cos(φ) tan(θ)
wx
π
 θ̇  = 0
cos(φ)
− sin(φ)  wyB  for θ 6= .
2
0 sin(φ)/ cos(θ) cos(φ)/ cos(θ) wzB
ψ̇

2.2.4

(2.24)

Integration of the Dynamical Model Equations

Once all the equations are derived, the calculated parameters are integrated to obtain the current full-state of the system [p, v, Φ, ω]. Using
all the equations expressed in the previous pages, is obtained:

ẋ(k − 1)
 ẏ(k − 1) 


 ż(k − 1) 


 ẍ(k − 1) 


 ÿ(k − 1) 


 z̈(k − 1) 


ṡ(k − 1) = 
,
 φ̇(k − 1) 


 θ̇(k − 1) 


 ψ̇(k − 1) 


ẇx (k − 1)


ẇy (k − 1)
ẇy (k − 1)


(2.25)

where k − 1 denotes the previous time step. Now, the expression of a
derivative approximated using Newton’s difference quotient [11]:

ẋ =

x(hk + h) − x(kh)
⇒ x(hk + h) = ẋh + x(hk).
h

(2.26)

Then, using a time step of h the value of s(k) can be obtained:

si (k) = ṡi (k − 1)h + si (k − 1),

(2.27)
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obtaining:



x(k)
 y(k) 


 z(k) 


 ẋ(k) 


 ẏ(k) 




ż(k)


s(k) = 
.
 φ(k) 


 θ(k) 


 ψ(k) 


wx (k)


wy (k)
wy (k)

2.3

(2.28)

PID Controller

A Proportional-Integral-Derivative controller is a control loop feedback mechanism used in the field of robotics. The main idea is that,
given the continuous error signal e(t) obtained as the difference between the desired set-point and the current state, the controller applies
a correction based on the proportional, derivative and integral values
of this error [67]. The error signal can be expressed as:
e(t) = x(t) − y(t),

(2.29)

with x(t) the desired output and y(t) the measured output. The general expression of a PID controller is given by:
Z
u(t) = Kp e(t) + Ki

t

e(t0 )dt0 + Kd

0

de(t)
,
dt

(2.30)

where Kp , Ki and Kd are all non-negative, and denote the proportional, integral and derivative gains. u(t) is the control action calculated by the controller. In discrete time, this PID controller can be expressed as:

u(k) = Kp e(k) + Ki

k
X
i=0

!
e(i) ∆k + Kd

e(k) − e(k − 1)
.
∆k

(2.31)
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Each gain has the following characteristics:
• Kp : Weights the value of the proportional term of the error. The
bigger the error is, the bigger the control action will be. A very
high proportional gain will lead to unstable responses while a
very low one will lead to a small output response and a big error.
• Ki : Weights the value of the integral term of the error. The contribution from the integral term is both the magnitude of the error
and the duration of the error. Therefore, the integral term can be
considered as the accumulative value of the error. The objective
of this term is to eliminate this residual error.
• Kd : Weights the value of the derivative term of the error. This
term, can be understood as an estimate of the future errors, based
on the current slope, or change rate, of the error. It reduces the
overshooting in the system.

2.4

Neural Networks

Neural networks can be understood as a set of mathematical algorithms, based on the human brain neural processes, that were mainly
designed for pattern recognition and classification [78][28]. They are
commonly used in classification tasks (face or speech recognition), clustering, or predictive analysis, like hardware failure prediction or the
likelihood of a customer to leave.
Neurons in the human brain, propagate a signal only when they
get excited by a received signal stronger than a threshold (action potential threshold [42]). The strength of the propagated signal between
two neurons is proportional to the strength of the connection between
them. Similarly, Neural Networks are composed of units that will
propagate a signal depending on the value of the input signal. The
strength of the communication between two units is defined by a weight
value assigned to each connection. To emulate the behavior of the biological neurons, these units have a function that transforms the input signal into the output signal. While these functions remain unchanged, the weights between the units are variable. The training of a
Neural Network is the process of tuning these weights to obtained the
desired behavior from the Neural Network [13].
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Figure 2.3: Simple example of a Neural Network.
A simple example of the structure of a Neural Network is shown in
Fig. 2.3. In this figure, the inputs are represented by ai and the outputs
as bi , while the hidden layers, form by this "neural" units are denoted
by si . The weight between units is expressed as wij .
To train the Network, an error function E must be defined over the
set of pairs (a1 , b1 ), ..., (aN , bN ). The weights are represented by Θ, and
the Neural Network by gΘ (a). The error function can be defined by
E(A, Θ), with the lowest value obtained when gΘ (ai ) = bi . An example
of this error function can be the Mean Squared Error:

E(A, Θ) =

N
X
(bi − gΘ (ai ))2
i=1

N

.

(2.32)

The parameters included in Θ are optimized using Gradient Descent with Backpropagation [30]. The objective of the gradient descent
process is to obtain the gradient of gΘ for a certain value of Θ and then
update this value by stepping in the direction of the negative gradient. This process is done until a local minimum is reached. The term
Backpropagation refers to the way this gradient is computed: to ensure convergence to a local minima for big networks, this gradient has
to be calculated from the end of the network to beginning. The gradient of the final layer’s weights is calculated first and the gradient of
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the first layer’s weights calculated last.
Activation Functions
Each unit in a Neural Network has an activation function that transforms the input into the output, emulating the actual biological neurons behavior. There is a wide range of activation functions, however,
this thesis will focus the Rectified Linear Units (ReLU) activation function, defined by:
gΘ (x) = max(0, x).

2.5

(2.33)

Reinforcement Learning

Reinforcement Learning is a type of Machine Learning that allows machines and software agents to determine the optimal behavior within
a specific environment in order to maximize their performance. It is a
type of dynamic programming that trains algorithms using a system
of reward and punishment. The main tool to achieve this maximized
performance is the use of a reward feedback which aim is to allow the
agent to learn its optimal behavior for a specific task under the arbitrary reward function that is defined. The environment, and therefore,
the available actions and possible states of the agent are formulated as
a Markov Decision Process (MDP), this means that the current state of
the system depends uniquely on the previous state.
In general, Reinforcement Learning algorithms [32] define an Agent
that can perform an action a ∈ A that triggers the transition of the
Agent from the state st to the state st+1 , A being all the possible actions
that can be taken by the Agent. Each state has associated a certain
reward st ⇒ rt , being the objective of every Reinforcement Learning
algorithm to maximize this reward [33]. The optimal action at for each
state is the one that maximizes the long-term reward, Eq. 2.34.
There is a wide variety of existing Reinforcement learning methods. This thesis will focus on Q-learning, characterized by the implementation of Q function Q(s, a) that maps the pairs of states s and
actions a with their expected reward r. In the case of Q-learning, this
reward is a weighted sum of the expected values of the rewards [74]:
Rt = γ 0 rt + γ 1 rt+1 + γ 2 rt+2 + ... + γ n−t rt+n ,

(2.34)
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that can be also expressed as:
Rt = rt + γRt+1 .

(2.35)

The policy π(s) will decide what action to take next, and is expressed
as:
π(s) = argmaxQ(s, a).

(2.36)

a

As the objective is to maximize the reward, for a certain time step:
Q(st , at ) = max Rt+1 .

(2.37)

The Q-function can be rewritten as:
Q(st , at ) = rt + γ max Q(st+1 , at+1 ).
a

(2.38)

Then for each pair of at and st , there is an associated value of the expected reward rt . To reach convergence, this Q-function has to store all
the possible states and actions for each state. Then, the main problem
with this algorithm is that it is computational expensive as it needs to
compute and store all this possible actions and states in a table. This
algorithm needs a lot of time to reach convergence [74].

2.5.1

Deep Q-Learning

Q-learning can be understood as a function approximation problem in
which the objective is to approximate the Q-function [3]. Then, this Qfunction can be used by the agent to choose the most optimal action for
each state. Neural Networks have proved to perform very efficiently
in the task of non-linear functions approximation [77][75]. Therefore,
instead of building a table with all the possible combinations of states,
actions and rewards, a Neural Network will be used with the objective
of approximating the Q-function and simplify the problem. The basic
characteristics of Neural Networks are introduced in Section 2.4. This
approach is commonly called Deep Q-learning in which, instead of
saving this possible values for the Q-function in a table, a Neural Network is used, and only the weights of this Neural Network are trained
[53]. This Neural Network is called the Q-Network. If we defined
weights of Q-Network as Θ then the Q-Network is expressed as:
Q(s, a; Θ).
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The inner structure of this network will depend on the characteristics of the environment that is wanted to be learned. However, the
input and output number of units is determined by the the number of
actions and characteristics of the state. The input length is equal to the
state length, and the output equal to the number of possible actions.
The main steps of the learning algorithm are [53]:
1. Given the current state s, perform a forward pass to the neural
network Q(s, a; θ) to get the predicted reward values for every
action.
2. Trigger the transition to the next state s0 by choosing one of the
possible actions. This action can be chosen on-policy, as in Eq.
2.36 or randomly (off-policy).
3. Do a feedforward pass with the next state s0 and to choose the
on-policy action a0 by doing max
Q(s0 , a0 , Θ).
0
a

4. Update the weights θ by performing Backpropagation, as in Section 2.4, with the following error function E:
1
Q(s, a0 ; Θ) − Q(s, a; Θ)]
E = [r + max
a0
2

2.6

(2.39)

Kalman Filter

The automatic control of a process requires the estimation of the state
of this process. This estimation is complex, and not ideal: it is affected
by noise and bias in the measurements. Besides, the measurements can
not be obtained continuously from the digital sensors, or if they do,
they are usually not processed continuously in the processing units.
This lead to time steps in which the state of the system is completely
unknown, which can drive the system to an unstable state.
To solve both issues, estimators are used to estimate states which
cannot be measured or are not measured at all times and to filter noise
in the measurements. For development of the methods proposed in
the thesis, the implementation of a Kalman filter is required.
Kalman filter’s algorithm [34] uses a series of measurements observed over time, containing white noise and other imperfections, such
as bias, and produces the estimation of unknown variables. The main
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characteristic of the Kalman filter is the use of a joint probability distribution over the variables for each time-step.
With xk the current state and zk the current observation and uk the
current applied action, Fk the state-transition model, Hk the observation model, Qk the covariance of the process noise, Rk the covariance
of the observation noise, Bk the control input model, wk the process
noise, vk the observation noise:
xk = Fk xk−1 + Bk uk + wk
zk = Hk xk + vk

.

(2.40)

The expression of the a posteriori state estimate is introduced: x̂m|n
represents the estimation of the state at time step m using the n first
observations. In the same line, the a posteriori error covariance matrix is defined as Pm|n . Then, the equations of the Kalman filter algorithm separated in Prediction equations and Update equations are
expressed, in order:
• Predict Step:
x̂k|k−1 = Fk x̂k−1|k−1 + Bk uk + wk
Pk|k−1 = Fk Pk−1|k−1 FTk + Qk

(2.41)

• Update Step:
ỹk = zk − Hk x̂k|k−1
Sk = Rk + Hk Pk|k−1 HTk
Kk = Pk|k−1 HTk S1k
x̂k|k = x̂k|k−1 + Kk ỹk
Pk|k = (I − Kk Hk )Pk|k−1 (I − Kk Hk )T + Kk Rk KTk
ỹk|k = zk − Hk x̂k|k

(2.42)

Chapter 3
Dynamical Model of Rigidly Attached Quadcopters
The dynamical model of the system of N rigidly attached quadcopters
is developed first. The main constraint for the system of rigidly attached quadcopters is, as stated in Section 1.4, that all of these quadcopters must be situated in the same plane and that the attachment
is assumed to be ideally rigid. However, the values of the distances,
relative rotations around the z-axis or number of quadcopters in the
system are not defined a priori. Therefore, the combination of number
of quadcopters, relative distances, and relative rotations is infinite, and
the model has to be written in a way that all the possible combinations
are included. See in Fig. 3.1 a schematic representation of the system
model for an arbitrary distribution of 3 quadcopters.
The model of the system now will depend on the three variables
that has been recently mentioned: the individual position Poi and rotation around the z-axis ϑoi of each quadcopter i in the system S and the
number of quadcopters N . Now the full-state of the system of attached
quadcopters can be expressed as:
[xts , yst , zst , x˙s t , y˙s t , z˙s t , φts , θst , ψst , wxt s wyt s , wzt s ]T = fs (Poi ..., ϑoi ..., PWMti,j ...), (3.1)

where s denotes the system’s coordinate frame, Poi refers to the posit
t
tion [xtoi , yoi
, zoi
] of the quadcopter i, ϑoi denotes the rotation around the
z axis for the quadcopter i, and PWMti,j the PWM (voltage) applied to
the motor j of the quadcopter i, relative to the current time step t.
The coordinate frames’ orientation will be identical as in the single
quadcopter case, the ENU (East, North, Up) frame, see Fig. 2.1. The
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Distances: dj

Rotation around OZ:[# ; #j ]

PW

Position: [xs ; ys ; zs ]

Applied Voltage

PW1

SYSTEM
MOEL

PW2

Linear vel: [vx ; vy ; vz ]



Attitude: [s ; s ;

d
d2

1

2
d1

PW23

s]

Angular vel: [wx ; wy ; wz ]

PW24

bias

noise

Figure 3.1: Schematic representation of the system model for an arbitrary distribution of 3 quadcopters.
development of the equations will follow the same nomenclature as in
Section 2.2

3.1

Force Equations

The force equations are based on Eq. 2.9:
 B  
0
Fxs
1




T
B
v̇sB = (RB
I )  F ys  −  0 
ms
gz
FzBs
   I 
I  I ,
 s
vxs
w xs
vxs
D1 0 0
1 
   I 
  I 
s
− wys  × vys  −
 0 D2 0  vys 
ms
vzIs
w zs
vzIs
0 0 D3s

(3.2)

where Fzs is the total force generated by the 4N propellers and the
matrix DIs is the drag coefficients matrix of S relative to the inertial
frame, obtained by:
 s
I
 s
 i
B
I
D1 0
0
D1 0
0
D1 0
0
N
X
T
T
 0 D2s 0  = (RB
 0 D2i 0  .
0 D2s 0  = (RB
I )
I )
i=1
0
0 D3s
0
0 D3s
0
0 D3i

(3.3)
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The vector FijB represents the thrust force produced by the motor j of
the i-th quadcopter of S. Then FzB is dependent on the thrust Tij (PWMij )
generated by each propeller ij:



0
0
N X
4
X
 → FB =

.

FB
0
0
ij =
i=0 j=0 Tij (PWMij )
Tij (PWMij )


3.2

(3.4)

Momentum Equations

As in Section 2.2, the angular acceleration of the system S can be obtained by the following equation:
 B 
 B
 B   B 
wxs
w xs
ẇxs
Mxs
B  B 
−1 
B
B

ẇyB  = (JB
.
Mys − wys × JS wys
S)
s
B
B
B
B
w zs
w zs
ẇzs
Mzs

(3.5)

B
B
With pB
ij = [pxij , pyij ] expressing the position of the motor ij in the body
frame, FB
ij the aerodynamical force generated by the propeller ij in the
body frame and QB
ij the torque, then:

MS =

N X
4
X
i=0 j=0

B
pB
ij × Fij +

N X
4
X

QB
ij ,

(3.6)

i=0 j=0

where N is the total number of quadcopters in the system. This expression was already obtained in Eq. 2.19, and for the system S of N
quadcopters, it can be written as:



−Tij (PWMij )|pB
MxB
N X
4
yij |
X
 Tij (PWMij )|pB
 .
MS = MyB  =
xij |
B
i=0 j=0
Mz
sij Qij (PWMij )


(3.7)

Each motor’s position pB
i can be calculated using the position of the
motors j within the body frame of a single quadcopter pj = [pxj , pyj ]
and the position Poi and rotation ϑoi of each quadcopter in the system
S relative to the body frame B. With the positions of each motor in
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a single quadcopter expressed in Eq. 2.23, the position of each motor
expressed in the system’s S body frame is:

cos(ϑoi ) sin(ϑoi ) 0
o
o
o


pB
ij = − sin(ϑi ) cos(ϑi ) 0 · pj + Pi .
0
0
1


(3.8)

The vector ẇsB can be calculated using Equation 3.5. Using this vector,
the attitude Euler angles derivative φ̇ is estimated:
 
  
1 sin(φ) tan(θ) cos(φ) tan(θ) wxBs
φ̇
π
 θ̇  = 
cos(φ)
− sin(φ) 
0
 wyBs  for θ 6= .
2
sin(φ)
cos(φ)
0
wzBs
ψ̇
cos(θ)
cos(θ)

3.3

(3.9)

Inertia Matrix

The last unknown that needs to be obtained is the value of the inertia
matrix depending of the distribution of the N quadcopters in system
S. The individual quadcopter’s inertia matrix Jq has to be calculated
experimentally. The position and orientation of each quadcopter in
the system can vary, and so does the final inertia matrix of the system.
The first step is to rotate ϑoi the individual inertia matrices Jq for each
quadcopter i to obtained each individual rotated inertia matrices Ji :
Ji = Rz (ϑoi ) · Jq · Rz (ϑoi )T .

(3.10)

In [41], the parallel axis theorem is used to calculate the inertia of a
system of distributed quadcopters. This algorithm allows to transfer
each individual Ji inertia matrix to the center of mass (CM) of system
S. Using this method:

JCM =

N
X

(Ji + mq ((Poi Poi )I3x3 − Poi (Poi )T ),

(3.11)

i=0

where I3x3 is the 3 × 3 dimension identity matrix and mq the mass of
a single quadcopter. However, these quadcopters are attached with
each other using a rigid structure. Therefore, the last step is to add the
inertia of this structure. Considering that the structure is composed
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by thin cylinders that connect the quadcopters in pairs, and that this
cylinders can be defined by the length l and radius r, the inertia matrix
of each of these cylinders can be expressed as:




3r2 +l2
 12 



Jcyl = mcyl  3r212+l2  .



(3.12)

r2
2

In this case, the length l can be expressed as the distance between two
attached quadcopters dij , with dij = dji and dii = 0. This length dij can
be expressed as:
dij = k(Poi − Poj )k.

(3.13)

A binary vector with parameters bij that is 1 only if the quadcopters i
and j are, attached was included:

bij =

(
1 if i and j attached
0 otherwise

(3.14)

.

Last, Poij expresses the initial position of the connector ij:
Poij


=


Poj
Poi
| | −| | .
2
2

(3.15)

Using the parallel axis theorem with the radius r considered constant
for every connection and the mass of each connector ij expressed as
mcylij :
3r2 +d2ij
 212 2 
 3r +dij 
 12 






Jcyl =

N
−1 X
N
X
i=0 j=0

bij mcylij

r2
2




+ (Poij Poij )E3 − Poij (Poij )T  . (3.16)


The final inertia matrix of system S is:
JS = JCM + Jcyl .

(3.17)
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3.4

Integration of the Dynamical Model Equations

Using all the equations expressed in the previous pages, is obtained:

ẋ(k − 1)
 ẏ(k − 1) 


 ż(k − 1) 


 ẍ(k − 1) 


 ÿ(k − 1) 


 z̈(k − 1) 


ṡ(k − 1) = 
,
φ̇(k
−
1)




 θ̇(k − 1) 


 ψ̇(k − 1) 


ẇx (k − 1)


ẇy (k − 1)
ẇy (k − 1)


(3.18)

Using Eqs. 2.26 and 2.27, the expression of the full-state of the system S in the current time step can be obtained:



x(k)
 y(k) 


 z(k) 


 ẋ(k) 


 ẏ(k) 




 ż(k) 
s(k) = 
.
 φ(k) 


 θ(k) 


 ψ(k) 


wx (k)


wy (k)
wy (k)

3.5

(3.19)

Noise and Bias

All these equations assumed an ideal model of the system, in which
possible biases or noises are not considered. However, this assump-
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tion is far from the reality, specially in the case of micro-quadcopters
that due to its small size and weight, is characterized by their noisy
measurements and motor gains. A simplified model of the noise and
bias included in the real IMU’s measurements is added to the model
equations. More precisely, it is added to the estimation of the angular
velocity in simulation, as it emulates the measurements obtained by
the gyroscope. There is also noise added to the motors’ PWM-thrust
mapping done in simulation to model the variant value of the batteries
charge, imperfect propellers or defects in the motors. These noises and
biases need to be modeled empirically for each type of quadcopter to
get an improved representation of the real system.
In the case of the measurements biases model, a unique bias value
is obtained from a normal distribution for every quadcopter i, having:
bi ∼ N (0, σb2 ).

(3.20)

Evidently, the distance of the bias value to the origin will depend on
the size of the chosen σb . Then, if the bias is added to the estimation of
the angular velocity wi , for each quadcopter i :
wi0 (k) = wi (k) + bi .

(3.21)

On the contrary, to emulate the real noise in the gyroscope of the IMU,
a different value δi (k) is obtained in each time step, from a normal
distribution, with a variance of σδ2 . Then, the estimated value of wi0 is:
wi0 (k) = (wi (k) + bi )(1 + δi (k)).

(3.22)

The spread of this noise depends of the value of σδ . Similarly, the
motors’ gain will be modified such that each of the motors in the system S will have a different gain. This is done using, analog to the case
of the bias in the angular velocities estimation, a value gij ∼ N (0, σb2 )
extracted from a normal distribution with variance σg2 , for each motor
ij. Some noise γij (k) were also added to the motors, obtained from a
normal distribution with variance σγ2 . The obtained rotation speed for
each propeller ij is:
n0ij (k) = (nij (k) + gij )(1 + γij (k))

(3.23)

Chapter 4
Estimation of the Physical Connection Parameters of Rigidly Attached Quadcopters
In Section 1.4 the main challenges of the present thesis are detailed.
One of these challenges is the fact that the individual position Poi and
rotation around the z-axis ϑoi of each quadcopter are unknown and
they can only be estimated using the individual measurements from
the IMUs. The estimation of Poi can be obtained from the estimation of
the distances between each pair of quadcopters dij , and the values of
ϑoi , being the main parameters that need to be identified (See Fig. 4.1)
Solving this challenge implies that no a priori information will be
required in order to achieve a stable flight for every possible configuration of S.
The described challenge presents two important difficulties. First,
while the system S’s parameters are not identified, there is no manner
to achieve stable flights. Thus, these parameters have to be identified
before any flight attempt.
The second main difficulty is that, using only the IMUs can be understood as a dead reckoning process in which the estimation of the
current state is computed from the state in the previous time step and,
as a consequence, is subject to accumulative errors.
The objective of the method described in this section is to extract
useful information using the IMU’s gyroscope and accelerometer as
the only sensors. As a consequence, only the linear acceleration and
angular velocities can be measured. Fusing the measurements from
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Figure 4.1: Simplified graphical representation of one possible configuration of the system.
both sensors can lead to noisy and biased estimation of the acceleration, attitude and angular velocities of each quadcopter. This method
also implies to integrate the accelerations once to estimate the velocities and twice for the positions inducing the error drift in the positions
estimation to increase rapidly. (See [36])
The general approach is summarized in Fig. 4.2 in which each color
represents one of the main steps that have to be implemented. These
steps will be explained in the following sections:
• Data Acquisition
• Preprocessing Strategy: Data Filtering
• Parameter Estimation
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Figure 4.2: Simplified graphical representation of the general approach for the parameter estimation step.

4.1

Data Acquisition and Preprocessing Strategy

The system needs to be forced to have some variations in its measurements in order to get valuable data. However, the system is not able
to perform any stable flight before the unknown parameters are estimated. The proposed solution is application of dynamical oscillations
to the system from the ground in order to obtain useful data from the
sensors. The idea is that the system lifts only a couple of centimeters
from the ground during a short period of time ( < 0.2 s) with the aim
of obtaining useful data.

4.1.1

Dynamic Oscillations

To obtain the described oscillations, the on-board quadcopter’s PID
controllers will be used. The attitude states φ, θ, angular velocity
around the z-axis wz and height z controllers combined will be used,
as shown in Fig. 4.3.
The strategy is designed to be repeated as many times as number
N of quadcopters in the system S. In each iteration a different quadcopter will be chosen as the leader L, to use a distinct set-point vector
SPL = [φL , θL , wzL , zL ] while the rest of the quadcopters (slaves sl) will
use another set-point vector SPsl = [φsl , θsl , wzsl , zsl ]. Then the leader L
and slave sl set-points values in one iteration can be defined as:
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Figure 4.3: Graphical representation of the structure of the structure of
the on-board quadcopter’s controller used in the Parameter Estimation
step.

SPL =

SPsl =

(
[φL , θL , wzL , zL ]
[0, 0, 0, 0]

(
[φsl , θsl , wzsl , zsl ]
[0, 0, 0, 0]

if t ≤ tosc s

(4.1)

if tosc ≤ t ≤ tit s
if t ≤ tosc s
if tosc ≤ t ≤ tit s

.

(4.2)

with tosc the arbitrary time that the system will lift from the ground in
each oscillation. The objective of this process is to obtain significant
variations in the measurements of the gyroscope and accelerometer in
each of the axis. For this reason, very extreme values of the desired
roll φ, pitch θ and z-axis angular velocity were chosen along with very
different desired heights between the leader L and the slaves sl. These
heights were chosen to not lift the quadcopters excessively from the
ground to ensure that they are not damaged. The next set-points vectors were chosen :
[φL , θL , wzL , zL ] = [0 deg, 0 deg, 0 deg/s, 0.30 m]

(4.3)

[φq , θq , wzq , zq ] = [20 deg, 20 deg, 250 deg/s, 0.05 m].

(4.4)

With N being the number of quadcopters, the final algorithm is described in Alg. 1.

4.2

Data Filtering

For the parameter estimation step, no external measurements are received, only the ones obtained by the IMU, and therefore, the full-state
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Algorithm 1 Parameter Estimation: dynamics_strategy()
for i = 0 ; i < N ; i + + do
Quadcopter i assigned as the leader L:
SPi ← [φL , θL , wzL , zL ]
for j = 0 ; j < N ; j + + do
if not i == j then
Quadcopter j assigned as a slave q:
SPj ← [φq , θq , wzq , zq ]
end if
end for
Parallel loop:
for k = 0 ; k < N ; j + + do
SPk → P IDk
wait ∼ tosc s
[0, 0, 0, 0] → P IDk
wait ∼ tit − tosc
end for
end for
estimation drifts rapidly. For this reason, it was implemented an improved full-state estimator that will be used only for this step. This
custom estimator is able to reduce the drift increment speed considerably allowing to obtain useful measurements from the individual
IMUs. Generally, most of the commercial quadcopters use a Kalman
filter for the estimation of the full-state. In the case of this thesis, the
already built-in Kalman filter of each quadcopter will be used when
the system of quadcopters is flying. Only some modifications in the
Bk and Hk matrices will be included to adapt the system model to the
estimated parameters.
The quaternions [q0 , q1 , q2 , q3 ] are estimated using a sensor fusion
step, based on Mahony’s work on complementary filters [47], that
merges the accelerometer’s and gyroscope’s measurements to get a
better estimation of the attitude. Then, the rotation matrix R equa-
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tions can be written in terms of the estimated quaternion:
R00 = q02 + q12 − q22 − q32
R01 = 2q1 q2 − 2q0 q3
R02 = 2q1 q3 + 2q0 q2
R10 = 2q1 q2 + 2q0 q3
R11 = q02 − q12 + q22 − q32 .

(4.5)

R12 = 2q2 q3 − 2q0 q1
R20 = 2q1 q3 − 2q0 q2
R21 = 2q2 q3 + 2q0 q1
R22 = q02 − q12 − q22 + q32 .
The simplified model of the quadcopter can be written:
x(k) = x(k − 1) + ẋ(k)∆k
y(k) = y(k − 1) + ẏ(k)∆k
z(k) = z(k − 1) + ż(k)∆k
ẋ(k) = ẋ(k − 1) + R00 · accxt ∆k + R01 · accyt ∆k + R02 · acczt ∆k

(4.6)

ẏ(k) = ẏ(k − 1) + R10 · accxt ∆k + R11 · accyt ∆k + R12 · acczt ∆k
ż(k) = ż(k − 1) + R20 · accxt ∆k + R21 · accyt ∆k + R22 acczt ∆k.
However, these equations themselves lead to an estimate of the
full-state that drifts rapidly. The main reason for this drift is that this
simplified model is not able to detect if the quadcopter has stopped
or is moving as the only information that can be read is the acceleration, and zero acceleration only means null or constant velocity. It is
necessary to add a method to the Eq. 4.6 that estimates whether the
quadcopter has stopped or not. Fig. 4.4 represents the evolution the
simulation of the drift when a quadcopter is lifted for a short period
and return back to the same initial position.
In [57] a novel method in which the use the short-term variance of
the measured acceleration to determine if a system has zero velocity or
not is proposed. Based on this idea, a very simple method that uses the
variance to determine if a quadcopter is static or flying is developed.
For every new prediction of the full-state, the variance of the last K
measurements of the acceleration is computed. This way, a threshold
of this variance from which it can be considered that the quadcopter
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Figure 4.4: Evolution of the estimation of the x, y and z positions using
a Kalman filter without any external measurements after a quadcopter
is lifted and left back in the ground in the same position.
has started moving can be experimentally determined. If the calculated variance is lower than this threshold all the velocities are set to
zero in the Eq. 4.6. The approach is shown with more detail in Alg. 2.
Algorithm 2 System Estimation: Null velocity identification
for Every new
p full-state estimation do
ameas = acc2x + acc2y + acc2z
µ←

Pt

ameasi
K
2
i=t−K (ameasi −µ)
K

i=t−K

Pt

σ←
if µ >= µmin then
f lying ← T rue
end if
end for

With the application of this simple method, the estimation of the
position was improved as it is shown in Fig. 4.5. Even though the
estimator is now able to detect whether the quadcopter has stopped or
not it can be observed that the z position estimation never goes back
to zero when it should. This is due to the fact that the measurements
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Figure 4.5: Estimation of the x, y and z positions using the described
approach to predict if a quadcopter is moving or static after it is is
lifted and left back in the ground in the same position.
from the accelerometer are not perfect and then, the acceleration and
deceleration curves do not enclose exactly the same area.
The solution chosen was to use only the acceleration curve as the
drift will be smaller than in the deceleration curve case. For every
iteration in Alg. 1, it will only be stored and used the data from the
initial time-step of the iteration until the leader quadcopter L reaches
its maximum height point. The rest of the data will be discarded. Also,
before every iteration of Alg. 1 the estimators are restarted in order to
reset the accumulative error or drift and get cleaner data. In Fig. 4.6
it is shown the final appearance of the estimation of [xi , yi , zi , φi , αi , ψi ]
for each quadcopter i in the case of 2 attached quadcopters.

4.2.1

Data Interpolation

The last issue that need to be solved is that the quadcopters are not
synchronized and their measurements are not taken at the exact same
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Figure 4.6: Estimation of [x, y, z, φ, α, ψ] for each quadcopter in the
pair ij.
time step. This would not allow to perform a correct estimation of the
parameters as it is necessary to use measurements that were taken in
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Figure 4.7: Schematic data acquisition and preprocessing approach.
the exact same instant. To solve this, the obtained data is linearly interpolated so a continuous representation of the discrete measurements
can be approximated. This can be performed as the data acquisition
rate is very high (500 Hz). As a consequence, the distance between
consecutive points is small enough that no data loss will be produced.
The entire data acquisition process is shown in Fig. 4.7.Using this
strategy, it is feasible to extract relevant information from each of the
IMUs.

4.3

Parameter Estimation

The estimation of ϑi and Pi can be understood as an iterative algorithm
in which these parameters are calculated for each pair of quadcopters
in S by analyzing one pair per iteration step. The idea is to first execute
the steps described in Alg. 1 and gather all the needed data.
Using this data, these parameters are estimated for each possible
pair ij of quadcopters in the system S. Once each dij and ϑi has been
calculated, the position of each quadcopter i is completely defined relative to an arbitrarily chosen coordinate frame for the system S. Subsequently, the last step would be to estimate the initial position Poi of
each quadcopter relative to the system S coordinate frame using these
estimated parameters.
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Algorithm 3 Parameter Estimation: Full algorithm
Apply Alg. 1:
data ← dynamics_strategy()
for i = 0 ; i < N − 1 ; i + + do
for j = 1 ; j < N ; j + + do
Estimate ϑij
Estimate dij
Estimate [ϑi (i), ϑj (i)]
end for
end for
[Po , ϑ] ← position_estimation(d, ϑi (i), ϑj (i))
[x ;  ]
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z-axis
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j
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dj
Postion/Rotation
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Figure 4.8: Schematic parameter estimation approach.
The general process is depicted in Fig. 4.8. These main steps will
be described in the following subsections:
• Relative z-axis Rotation: the relative rotation around the z-axis
ϑij between each possible pair of quadcopters is estimated.
• Distances: using the relative rotations and the gathered and filtered data, the distances between each pair of quadcopters dij is
estimated.
• Absolute z-axis Rotation: using both the relative z-axis rotation
and distances between each pair of quadcopters, the absolute rotation around the z-axis ϑi is estimated for each quadcopter, relative to the arbitrary coordinate frame of the system.
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4.3.1

Relative z-axis Rotation

The first parameter that can be estimated from the measurements is
the initial relative rotation around the z-axis ϑij between each pair of
attached quadcopter, that has the following properties:
(
ϑij = 0
ϑij = −ϑji

if i = j

.

(4.7)

Lemma 4.3.1. The relative rotation between each pair of quadcopters ij can
be calculated as:
PT
θjt
θit
t=0 atan( φti ) − atan( φtj )
.
(4.8)
ϑij =
T
Proof. For both quadcopters ij, the coordinate system will be considin terms of roll and pitch (φ, θ). For each time-step t, the vector
ered
t
φi θit will be measured. Both quadcopters are situated along the
same plane and the connection is supposed to be perfectly rigid. As
a consequence, both quadcopters will experiment the same amount of
attitude in each time step. The idea is simple, two rigidly attached
objects will experiment the exact same amount of motion. As both
quadcopters are constrained to be situated along the same plane they
will experiment the same attitude variation in each time-step.
Then, it

t
t
can be assumed that the module of each pair φi θi satisfies:




|| φti θit || = || φtj θjt || = T.

(4.9)

If a circle with radius T is defined
in the coordinate
system of (φ, θ),


t
t
t
t
the measured values of φi θi and φi θi can be represented as in
Fig. 4.9.
Then is direct to get the expression of any possible angle αi :
)
T sin(αi ) = θi
θi
(4.10)
⇒ αi = atan( ).
φi
T cos(αi ) = φi
For every time step t, the relative angle ϑtij between both quadcopters
will be:
ϑ̂tij = αit − αjt = atan(

θjt
θit
)
−
atan(
).
φti
φtj

(4.11)
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Figure 4.9: Representation of the vectors [φti θit ]T and [φtj θjt ]T along with
the angles αi and αj between this vectors and the φ axis
This calculated ϑ̂tij should be the same in every time step. However,
the measurements are noisy and due to this unmodeled noise, the estimation is also. Therefore, all the measurements taken during the application of Alg. 1 will be used to calculate ϑ̂tij for each time-step t
and the final value of ϑij is calculated using the mean value of these
estimations:
PT
ϑij =

4.3.2

t=0

T

ϑ̂tij

.

(4.12)

Distances

The next step in the paramter estimation method is to calculate the
distances dij between each pair of quadcopters ij.
Lemma 4.3.2. Assume the following equation of a line:
nx (x − (xi − x̃j )) + ny (y − (yi − ỹj )) − nz ((zi − z̃j )) = 0,

(4.13)

where n is defined as:

T
Rx (φi )Ry (θi )Rz (ψi ) 0 0 1
n=

T ,
||Rx (φi )Ry (θi )Rz (ψi ) 0 0 1 ||

(4.14)
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T
and x̃j ỹj z̃j are obtained by applying:



T
x̃j ỹj z̃j = Rz (ϑij ) xj yj zj .

(4.15)

Let the intersection point of all the lines calculated for each time step using
Eq. 4.13 be defined as:


Pint = xint xint .

(4.16)

Then the distance between each pair of quadcopters ij can be expressed as the
distance between this intersection point Pint and the origin:
dij = ||(xint , yint )||.

(4.17)

Proof. A virtual coordinate frame that is aligned with the quadcopter’s
i coordinate frame will be used being the origins of both the virtual
system’s Ovirtual and quadcopter’s Oi coincident:
Ovirtual = Oi .

(4.18)

The equation of the plane defined by both quadcopters i and j can
be calculated using the measurements from their IMUs. The normal
vector of this plane can be obtained using the estimated attitude of
one of the quadcopters from the pair ij, the quadcopter i. The normal
vector of the plane is expressed as:

T
Rx (φi )Ry (θi )Rz (ψi ) 0 0 1
n=

T ,
||Rx (φi )Ry (θi )Rz (ψi ) 0 0 1 ||

(4.19)

with Rx , Ry and Rz expressing the rotation matrices around the x,
y and z-axes respectively (See Eq. 2.4). With this normal vector of
the plane, it is now only necessary a point of the plane to obtaine its
equations. As the position of the quadcopters i is measured in this
new virtual coordinate frame, and
over
 the quadcopter
  i is situated

this plane, a point of the plane is P0 P1 P2 = xi yi zi . Then, the
final equation of the plane in the virtual coordinate frame is:
nx (x − xi ) + ny (y − yi ) + nz (z − zi ) = 0.

(4.20)
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Figure 4.10: Two different oscillations represented in the defined virtual system.
As the relative angle between both quadcopters ϑij is known, then
the coordinate system of the quadcopter j can be rotated so that its
state estimation can be used in the same coordinate frame as in i. The
new coordinate frame of quadcopter j is:
gZj ,
OXY Zvirtual = OXY Zi = Rz (ϑij )OXY Zj = OXY

(4.21)

and the new state of quadcopter j is expressed:
[x̃j , ỹj , z̃j , x̃˙ j , ỹ˙ j , z̃˙j , φ̃j , θ̃j , ψ̃j , w˜xj , w˜yj , w˜zj ].
Now the position of quadcopter j in the virtual coordinates frame
is subtracted to the position of i to get a virtual position of the system
in which quadcopter j remains virtually in the same position for each
measurement or time step, see Fig. 4.10. The new plane defined in
terms of the virtual coordinate frame is:
nx (x − (xi − x̃j )) + ny (y − (yi − ỹj )) + nz (z − (zi − z̃j )) = 0.

(4.22)

If the intersection line between the plane defined by this new virtual
system and the plane z = 0 is calculated then it is obtained a line
that passes through the virtual position of j 0 in the virtual coordinate
frame. This line is expressed as:
nx (x − (xi − x̃j )) + ny (y − (yi − ỹj )) − nz ((zi − z̃j )) = 0.

(4.23)

Calculating this
 line fordifferent time steps, it can be obtained an intersection point xint yint that will coincide with the virtual position of
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Figure 4.11: Plot of 20 lines intersecting around the origin. This plot
was created by computing 20 lines that intersect in the origin and
adding to each of them random white noise. The variance of the noise
used for the red lines is 4 times bigger than the one used for the blue
lines in order to obtain the outliers.
quadcopter j in the virtual coordinate frame. As quadcopter i’s origin
Oi is considered to coincide with the virtual coordinate frame’s origin
Ovirtual , the distance between quadcopter i and quadcopter j will be:
dij = ||(xint , yint )||.

(4.24)

The estimation of the position for both quadcopters i and j is calculated from the IMUs’ measurements. The errors in these measurements will produce deviation in the intersection lines, producing a set
of intersection points around the real one. One option could be to use
a least squares algorithm to get the a good approximation of the true
intersection point (See [70]).
However, as it can be observed in Fig. 4.11, the main problem with
these algorithm is that it is outliers-sensitive. Only 2 outliers in the
example set (in red) used for Fig. 4.11 produce an increasing deviation
in the estimated intersection point. Therefore, any possible error in the
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estimation of the lines will lead to an incorrect estimation of this point.
Least squares alone can not be considered as the optimal method for
this step.
Lemma 4.3.3. Let the equation of a line in terms of its slope m and intercept
c:
y = mx + c.

(4.25)



The pairs mk ck of a set
 of K
 lines that intersect in the same point represent a perfect line in the m c coordinate frame.
Proof. In the case of the line defined by Eq. 4.25, its values of the slope
and intercept can be expressed as:
nz
nx
(xi − x̃j ) + (yi − ỹj ) + (zi − z̃j )
(4.26)
ny
ny
nx
c=− .
(4.27)
ny


Then it can be defined a value of mk ck for every measurement K.
Consider the following intersecting lines equations:
m=



−m0 x + y



−m1 x + y





−mK x + y

= c0
= c1
.
..
.

(4.28)

= cK


As all these lines intersect in a point xint yint , then this system is
overdetermined which unique solution is the intersection point. Developing all the system, the following infinite solutions of the intersection point can be written:
c1 − c0
c2 − c0
cK − c0
=
=
.
.
.
=
m0 − m1
m0 − m2
m0 − mK
0
0
1
1
K
= m xint + c = m xint + c = . . . = m xint + cK .
xint =

yint

(4.29)
(4.30)

In an analog way, given two points the slope and intercept of the line
that join them can be calculated by:
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Figure 4.12: Left: Line in the [m c] space. Right: K = 100 lines with
slope and intercept obtained from points of the line plotted in the [m
c] space on the left figure.

(
y0 = mx0 c
y1 = mx1 c

→

(
m=

y1 −y0
x0 −x1

c = x0 m − y0 = x1 m − y1

.

(4.31)

Rewriting Eq. 4.30 the new line equations can be derived:


c0



c1





cK

= −m0 xint + yint
= −m1 xint + yint
.
..
.

(4.32)

= −mK xint + yint

All the equations in Eq. 4.32 represent the same line with slope
 −xint
and intercept yint . Then, it can be concluded that all the points mk ck
correspond, in the ideal case, to the same line.
Therefore, the objective now is to estimate this line as, the slope
−xint and intercept yint of this estimated line will correspond to the
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final estimation of the intersection point. This is graphically proven in
Fig. 4.12.


Going back to the values of mk ck obtained from the measurements of the IMU in each time step, an outlier detection algorithm
needs to be applied to these slopes and intercepts. In order to perform an outlier detection, all the obtained pairs of [mt , ct ] are clustered
using the Density-based spatial clustering of applications with noise
(DBSCAN) algorithm [49]. The density-based notion of clusters of this
algorithm makes it ideal for the purpose of the clustering as the data
is spread in very dense but disperse areas. In order to show the benefits of this clustering step, the slope and intercept of K = 500 lines
that intersect in a point are created. Then, white noise is added to
these values, and the DBSCAN algorithm was applied obtaining the
plot that can be observed in Fig. 4.13. Here it can be observed that this
algorithm not only allows us to gather the different values of [mt , ct ]
in clusters, but also to discard all the values that were not assigned to
any cluster and that can be considered as outliers (in pink in Fig. 4.13).
The last step in the estimation strategy is to fit a line with the points
that were assigned to a cluster. However, in Fig. 4.13 is shown, in the
bottom right corner of the bottom image, that there are still some outliers that were assigned to a cluster. In order to get rid of this miss
classified clusters, and, at the same time, fit a line using only the inliners, the Random Sample Consensus (RANSAC) algorithm is used
[20]. In Fig. 4.14 different plots from
 k the
 output after applying this
k
algorithm to the clustered pairs of m c are
 shown.

0
Now, the estimation of the point Oj = xint yint has been optimized and Eq. 4.24 can be used to calculate the distance dij between
the pair of quadcopters ij.
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4.3.3

Absolute z-axis Rotation Within Each Pair

Before the final positions Pi and absolute rotations ϑi are estimated, the
absolute rotations ϑi (i) and ϑi (j) around the z-axis within each pair of
quadcopters ij need to be calculated.
Lemma 4.3.4. Let the quadcopter i be chosen as the reference quadcopter
within the pair ij. Defining the following vector:


vnorm = −1 0 ,

(4.33)



~ int = xint yint ,
vint = OP

(4.34)

with:

then the rotation around of z-axis of quadcopter i with quadcopter i as a reference is defined by:

ϑi (i) =

(
2π − acos(vnorm ·
acos(vnorm ·

vint
)
||vint ||

vint
)
||vint ||

if vy int ≥ 0
if vy int < 0

,

(4.35)

and the rotation around of z-axis of quadcopter j with quadcopter i as a reference is:

ϑij = ϑj (i) − ϑi (i) → ϑj (i) = ϑij − ϑi (i)

(4.36)

Proof. Considering the vi an arbitrary convection is chosen, determining that quadcopter i should be situated in the origin of this coordinate system and quadcopter j along the negative x-axis, see Fig. 4.15.
Quadcopter i is now considered to be the reference quadcopter in the
pair ij.
Assume the intersection point Pint defined in Eq. 4.16 as the position of quadcopter j in the virtual coordinate frame. The rotation
around the z-axis of quadcopter i with quadcopter i as the reference
quadcopter ϑi (i) is defined as the angle that Pint must be rotated around
the origin to be situated along the negative x-axis to satisfy the chosen
convection. In the case of Fig. 4.16, the blue dot represents Pint , and it
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Figure 4.15: Sketch of the virtual position of a pair of Crazyflies ij.
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Figure 4.16: Output from the parameters estimation for the case in
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has to be rotated 45 deg in order to fulfill the requisites of the chosen
convection.
Let a normal vector situated along the negative x-axis be defined
as in Eq. 4.33. The angle between to vectors u and w is expressed as:
cos α =

u·w
||u|| · ||w||

(4.37)

Considering the vector expressed in Eq. 4.34, the angle between
vint and vnorm can be written as:

ϑi (i) =

(
2π − acos(vnorm ·
acos(vnorm ·

vint
)
||vint ||

vint
)
||vint ||

if vy int ≥ 0
if vy int < 0

,

(4.38)

In Lemma 4.3.1, the calculations to estimate the relative rotations
ϑij between each pair of quadcopters ij are written. With these relative rotations, the rotation around the z-axis of quadcopter j with
quadcopter i as the reference quadcopter can be directly obtained:
ϑij = ϑj (i) − ϑi (i) → ϑj (i) = ϑij − ϑi (i)

(4.39)

Observe that the reference quadcopter can be changed from quadcopter i to quadcopter j using the following relations:
π
2
π
ϑj (j) = ϑj (i) +
2
ϑi (j) = ϑi (i) +

(4.40)
(4.41)
(4.42)

4.3.4

Absolute Relative Rotations and Positions

With all the parameters that have already been estimated the system
is completely defined. The last step is to gather all the obtained data
to estimate the individual absolute positions Pi and rotations ϑi . The
first step is to define an arbitrary coordinate frame for the system of
quadcopters S. For simplification, this coordinate frame is chosen to
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be coincident with the coordinate frame of one of the quadcopters, the
leader L. Using this arbitrary coordinate frame, each pair of quadcopters can be virtually rotated so that all the estimated parameters
are satisfied, using Alg. 4. One all the quadcopters have been situated,
the last step is to translate the arbitrary coordinate frame to the center
of mass of the system S.
Algorithm 4 Estimate Pi , ϑi
Choose i = 0 as the leader L quadcopter
for i = 0 ; i < K − 1 ; i = i + 1 do
for j = 1 ; j < K ; j = j + 1 do
Get the positions Pi :

T
Pi = Rz (ϑi (i)) −dij 0
Rotate the angles ϑi (i) and ϑj (i):
ϑj (i) = Rz (ϑi (i))ϑj (i)
ϑi (i) = Rz (ϑi (i))ϑi (i)
end for
end for

4.3.5

Final Overview

The fianl proposed physical parameter estimation method is shown in
Fig 4.17.
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Figure 4.17: Data acquisition and preprocessing schematic approach.
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4.4

Localization Approach

Cooperative quadcopters use in general a localization system in which
the position of all the vehicles is measured or estimated in every timestep. In most of these cooperative applications, the quadcopters are
not attached with each other and each of them can move freely. This
fact simplifies the localization system as each of the quads will have
its own state estimation and its stability will not be affected by the
estimations of the others.
On the contrary, in the case of the systems in which the quadcopters
are attached, rigidly or not, the errors in the estimation of the position
of each quadcopters can produce a decrement of the system stability.
This situation can lead to critical stability cases if the drift in the individual errors increase in time. For instance, from a GPS module,
the maximum precision that can be obtained is within the centimeter
range in the best of the cases [25]. This error is too high to allow a stable flight of the system of attached quadcopters if each of them have
their own GPS module.
This issue has been solved for indoor systems as the indoor position measurement systems’ precision is usually high enough to find
solutions that compensate for unmodeled errors in each of the quadcopters’ estimation. For instance, in [41] they understand this issue as
an optimization problem derived from the constraints inferred from
the rigid structure that connects them. This solution on the contrary
cannot by applied in the case of outdoor localization as the available
sensors and modules does not provide with high precision measurements of the position. To solve this problem, the solution proposed
considers that only one the quadcopters in the system will measure or
estimate its position. Then, from the information obtained from the
parameter estimation step, the individual positions Pi and rotations
ϑi of each quadcopter, it will estimate the position of the system S in
real-time. This estimation is done using:
 
 

 

xS
xL
Px L
Px L
 yS  = Rz (−ϑL ) ·  yL  − Rx (−φL )Ry (−θL )Rz (−ψL ) · PyL  + PyL ,
zS
zL
Pz L
Pz L

(4.43)


T
with, xS yS zS the estimated current position of the system S,

T
xL yL zL the estimated current position of quadcopter L, ϑL the
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Figure 4.18: Schematic representation of the proposed localization approach.
estimated absolute rotation around the z-axis of the leader quadcopter

T
L relative to the system S, φL θL ψL the estimated current atti
T
tude of the leader quadcopter L, PxL PyL PzL , the position of the
quadcopter L relative to the system S coordinate frame.
Finally, this position will be spread to the rest of quadcopters attached to the system S. Even though this method generates a delay
in the system due to the inevitable latency in the information sending
process, it will be shown in the experimentation that it does not affect
the final performance of the system. Fig. 4.18 represents the simplified
proposed solution.
The estimation of the rest of parameters of the full-state of the system S is achieved individually in each quadcopter using only the measurements obtained from the IMUs. In the case of the linear velocities,
they are transformed taking into account the linear and angular velocities and the position and rotation of each quadcopter. In the case of
the angular velocities and attitude, the individual estimations need to
be rotated according to the estimated value of ϑoi for each quadcopter
to be adapted to the system S’ coordinate frame. The equations used
to perform the transformation from the leader current linear velocities
estimation L to the system S current linear velocities estimation are:
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ṽxS
vxL
ṽyS  = Rz (−ϑL ) · vyL 
ṽzS
vzL
Py
Γ = arccos L + ψL
dCG

T
vxS = ṽxS − wzL PxL PyL PzL
cos(Γ)

T
vyS = ṽyS − wzL PxL PyL PzL
sin(Γ)

(4.44)
(4.45)
(4.46)
(4.47)

vzS = ṽzS + |PyL |φL − |PxL |θL
(4.48)


with vxL vyL vzL the estimated linear velocities of the system L and
wzL the current angular velocity around the z-axis of quadcopter L. As
the connection is rigid, to transform the angular velocities and attitude
measured in quadcopter L into the estimation of these parameters of
the system S, they only need to be rotated according to the estimated
parameter ϑL of quadcopter L:
 

φL
φS
 θS  = Rz (−ϑL ) ·  θL 
ψL
ψS




wxS
w xL
wyS  = Rz (−ϑL ) · wyL 
wzS
w zL


(4.49)

(4.50)

Chapter 5
Controller Design for Rigidly Attached Quadcopters
Using all this information gathered in the previous section, it is possible to design a general control strategy that takes this information
as an input in order to adapt to different configurations. This allows
the system S to achieve a stable and efficient flight independently of
the individual position Poi and rotation around the z-axis ϑoi of each
quadcopter i and the number of quadcopters N .

5.1

Control Architecture and Strategy

In this section, the implementation of the control strategy and architecture is described in detail.

5.1.1

Control Architecture

The first step is to design the general controller architecture. This architecture will be based on the already implemented in the Crazyflie
quadcopter [7] that will be used for the experimentation, see Chapter
6. The position [xs , ys , zs ] will be controlled using 4 groups of PIDs
in cascade (see Section 2.3). The inner loop corresponds to the angular
velocities ws control loop, followed by the attitude φs , the linear velocity v and position p control loops. The position p is controlled using
a proportional controller, the linear velocities v, with a proportionalintegral controller, and the attitude φs and angular velocities ws with
proportional-integral-derivative controllers. However, these control
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loops will be gathered in to main groups: the attitude φs and angular velocities ws control loops that will run at the same frequency (500
Hz) and the position and linear velocities control loops (100 Hz). This
is justified by the fact that the changes in the attitude and angular velocities are much more reactive than changes in the position or linear
velocities. The final structure is represented in Fig. 5.1. This way, there
is a controller for each of the parameters in the full-state of the system
S:
[xts , yst , zst , x˙s t , y˙s t , z˙s t , φts , θst , ψst , wxt s wyt s , wzt s ]T ,
where the controller is composed of 12 PIDs which gains need to be
tuned for each combination of initial positions Poi and rotations around
the z-axis ϑoi of each quadcopter i and the number of quadcopters N .
Each of the controllers, position, linear velocities, attitude and angular
velocities, needs to obtained the desired behavior of these parameters
in each of the 3 axis x,y and z. As a consequences, each of these controllers needs a PID controller for each of the mentioned axis, with a
total of 12 PIDs to tune.
Fig. 5.1 shows that the main inputs for the controller are the position [x, y, z] and yaw ψ set-points. The z position and vz linear velocity controllers form the so called height controller that estimates
the needed thrust zthrust that the system needs in order to reach and
maintain the desired height. Besides, between the angular velocities
controllers’ blocks and the system’s PWM input there is a block called
Power distribution. This block maps the values [R, P, Y ] calculated by
the angular velocities controllers and the needed thrust zthrust with the
PWMij signals that need to be applied to each propeller ij. The vector
[R, P, Y ] can be understood as the proportional value of the moments
[Mx , My , Mz ] that need to be applied around each axis in order to obtained the desired attitude.

[R, P, Y ] = k[Mx , My , Mz ]

(5.1)

This block is the key that allows this control structure to be scalable
to every possible combination of ϑoi by just changing its inner parameters. It is necessary to transform this block so it is able to map the
vector [R, P, Y, zthrust ] to the PWMij values for each propeller ij in the
system of N quadcopters.
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Figure 5.1: (a) Generalized control law structure for the multiquadcopter system. (b) Outer Group: Position and linear velocities
control loops. (c) Inner Group: Attitude and angular velocities control
loops.
Once the general loop structure has been defined, the gains of the
PID controllers have to be tuned. Then, each quadcopter will have the
same exact PID structure on-board as the one in Fig. 5.1, but the PID
gains will change in each quadcopter depending only on its position
Poi . Then, each roll φ, pitch θ, yaw ψ angular velocity around the x-axis
wx , y-axis wy and z-axis wz PID controllers will get different value of
their kp , ki and kd gains depending on the distances the quadcopter i to
each axis. It can be considered as an adaptive controller structure, in
which the gains of the controllers will depend on the parameters that
are calculated using the method proposed in Section 4.

5.1.2

Controller Design

However, it is not efficient to calculate the gains for every possible configuration. As these parameters will depend solely on the distance to
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Figure 5.2: Schematic control strategy
each axis, the system can be simplified to a 2 quadcopters system in
which only the distance to one of the x or y-axis is not zero. The idea
is to tune the PID gains in simulation for this 2 quadcopter system for
some distances chosen from a wide range and using some interpolation method to estimate the gains for the distances that were not used
in the PID tuning step. Then, in the real system S, after the distances
to each x and y-axis dx and dy have been estimated using the method
of Section 4, they can be used to obtained the interpolated PID gains
for the φ, θ, ψ, wx , wy and wz PID controllers gains (see Fig. 5.2).
Only the PIDs that controls φ, ψ, wx and wz will be tuned as the
quadcopters are considered to be initially situated along the y-axis.

5.2

Controller Design

The first step is to modify the Power Distribution block so the controller
is able to adapt the different individual rotations around the z-axis ϑi

64
CHAPTER 5. CONTROLLER DESIGN FOR RIGIDLY ATTACHED
QUADCOPTERS

of each quadcopter.
The generated momentum in the x, y-axis will be dependent on the
distance of the propeller to each axis [dxij , dyij ] and its position pij =
[xij , yij ]. Both parameters can be obtained from Eq. 3.8 and having
that:


 

dxij
|yij |
=
,
dyij
|xij |

(5.2)

and the general expression of the momentum:
m = F d,

(5.3)

then, the further a propeller is from one axis, the bigger the momentum
generated around that axis for the same value of PWM. To include this
phenomena in the Power distribution block, the normalized distances of
each propeller to each axis will be included in the equations:
 


dxij
norm
d
 xij  =  max dx  .
dyij
dnorm
yij
max dy

(5.4)

It is also necessary to calculate the sign of the momentum generated
by each propeller ij. In the case of the momentum generated by a
propeller around the z-axis, it is directly produced by the momentum of each spinning propeller (see Eq. 3.7). Therefore, the momentum around the z-axis generated by each propeller will not depend
on its distance to this axis, but the spinning direction of the propeller.
The sign of this direction for each propeller ij will be expressed by
sij . Then, the equations inside the final Power distribution block are
expressed by:
PWMij = zthrust +

xij norm
yij norm
dxij r +
d
p + sij y.
|yij |
|xij | yij

(5.5)

Using this approach, the final controller PID gains will not be affected
by the relative rotation of each quadcopter around its z-axis ϑoi but
only by its distances to the x and y-axis. This will be the parameters
that will considerably change the inertia of the final system S and the
maximum moments that can be obtained.
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The different gains of the PID controllers need to be tuned for each
different configurations as the inertia and the maximum and minimum momentum around the main axis by each propeller will vary.
To solve this problem, two solutions were proposed:
• Online Automatic Tuning: once the main parameters Pi and ϑi
have been estimated, the idea would be to tune the PID gains
right after. For this, several methods could be used: gaussian
processes [4], Reinforcement Learning [15] techniques or even
classic methods such as Ziegler and Nichols [79]. However, most
of these methods are still slow, and hard to implement.
• Offline Automatic Tuning: in this case, the PID tuning is done
offline, for different general configurations. Then, the obtained
gains for these different configurations are interpolated. This interpolation function can be use to directly extract the values of
the gains for any other possible configuration. The main advantage with this method is that the gains are obtained inmediatly
after the parameters Pi and ϑi have been estimated, just using
the interpolation function. However, that obtained gains would
not be as optimal as in the first case, and the number of configurations that need to be tuned offline, and their design well
designed in order to ensure a correct interpolation step.
In the current thesis, only the second case will be implemented,
leaving the study of the first case as a future work.

5.3

Controller Tuning

There are different PID-tuning techniques with a variety of withdraws
and advantages. However, most of them are based on manual methods. In this case, it is required an automatic tuning method that is
able to satisfy certain behavior requirements: limited maximum overshooting and short peak time. As it will be mentioned in Section 8,
one future improvement for the presented approach is to add an online Reinforcement Learning method (see Section 2.5) in order to fine
tune the already estimated PID gains while the system is flying. This
would be important as it will improve the flight performance and suppress any un-optimal behavior derived from the possible errors in the
initial estimation of Poi .
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In order to try a possible approach that can be used in the future implementation of this on-line reinforcement learning based optimizer, it
was decided to tune the PID’s gains using a reinforcement learning
method. One possible approach that was considered was PILCO algorithm [15]. This method first estimates the gaussian model of the
system and then, using gradient descent, the optimal PID gains for the
estimated model. However, this approach has only been tested in simpler system like the inverted pendulum or a bidirectional cart, and the
system proposed in the current thesis is much more complex, as more
controllers need to be tuned, and the convergence to a optimal solution would be slow. The final chosen approach is based on Q-learning
methods.

5.3.1

Reinforcement Learning PID Tuning: Deep QLearning

The main concepts of Reinforcement Learning, more precisely of Deep
Q-learning, are explained in Section 2.5. Based on this basic concepts,
the main proposed method can be developed.
In the case of the PID gains optimization problem using Deep Qlearning, several considerations need to be taken into account. The
agent will be the PIDs themselves. The actions a will be to increase,
decrease or not change the values of the gains and the state s is represented by the current gains of the PIDs. The objective is to tune the
PID gains for different chosen distances d. There are then four agents,
one for each PID, which states can be defined as:


sφt = Kpφt Kiφt Kdφt


swxt = Kpwxt , Kiwxt , Kdwxt


sψt = Kpψt , Kiψt , Kdψt


swzt = Kpwzt , Kiwzt , Kdwzt

(5.6)
(5.7)
.
(5.8)
(5.9)

The total number of gains that need to be tuned for each PID is 3. Then,
there are 9 possible actions for each agent, or PID. The gains of each
agent k can be expressed by kkt for each time step t. Then the evolution
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of each gain can be represented as:

t

kk (1 + αt )
kkt+1 ⇒ kkt (1 − αt )

 t
kk

,

(5.10)

where αt represent the increment or decrement percentage of the gain
in each time step. It was decided to use a decremental value of αt
so the tuning of the gains gets finer as the algorithm is reaching the
convergence. Then αt can be defined as:
(
αt−1 δ
if t > 0
αt ⇒
,
(5.11)
αt = 0.1 if t = 0
with δ chosen experimentally. In this case the chosen δ was 0.995.
However, instead of tuning each of the PIDs separately, and in order to accelerate the learning process and find the optimal set of parameters, the tuning of the φ and wx PIDs controllers’ gains will not be
done together but separately from the ψ and wz ones. Therefore, the
learning algorithm will be applied twice: one for the pair of φ and wx
controllers and one for the ψ and wz controllers. For each time step,
two actions will be chosen from the policy, one to change the state of
the attitude PID’s parameters (φ or ψ) and one to change the angular
velocities PID’s parameters (wx or wz ).
One main difference with the traditional Deep Q-learning algorithm is that, if the predicted action derives to a worse state (smaller
reward and therefore, worse estimated PID), then the PID is set back
to the PID that highest reward has obtained so far. This is important if
the algorithm is ever implemented in a real system to be run on-line,
other wise, the system could reach a worst gains configuration that can
cause instability or even the crash of the system.
This approach simplifies the complexity of the problem, but can
only be applied as the PIDs gains tuning will be done in simulation. If
the same approach is implemented in the real system and run on-line,
it will be needed to include some a priori safety constraints during the
learning or even learn this constraints on-line. In [1], [61] and [24] different methods to learn this safety constrains on-line while performing
the main reinforcement learning algorithm are proposed.
It is important to chose a wise distances range that will be used
for the gains tuning. The distance range chosen will start at the mini-
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mum distance possible between both quadcopters and the maximum
distance in which the flight is still stable, studying the mathematical
limitations of the system of 2 quadcopters. Then, some evenly spread
distances have to be chosen from this calculated range, and the gains
will be tuned for those distances. To accelerate the learning process,
once the PID gains has been tuned for the shorter distance, these gains
will be used as the initial state for the next used distance. This process
is iterated until the longer and last distance has been used.
One important factor that will affect the speed of the learning process is the initial values of these PID gains. The idea is to choose the
PID gains of the single-quadcopter controller if it has the same structure as the one proposed in Fig. 5.1. If these is not the case, then the
optimal PID gains needs to be tuned for the single-quadcopter case. As
the first distance chosen is the shorter possible one, the behavior, even
though it will not be optimal, is supposed to be stable and the convergence then will be reached quicker than if the initial state is chosen
randomly.
Neural Network Structure
The main concepts and terminology related to Neural Networks are
explained in Section 2.4. The input of the Neural Network, or QNetwork will be the current state st . As it was said, the optimization
of the φ and wx PID gains will be done together, in the same way as
in the ψ and wz PID gains case. Then, 2 Q-Networks will be trained
per distance chosen. For each case, the state will be have a size of 6
inputs. The output of the Q-Network represents the expected reward
of each possible action a. There are 3 possible actions for each gain, or
input, having this way, the network, 18 outputs. The size of the Neural Network will also determine how fast the learning process will be
and even, if the convergence can be reached or now. Experimentally,
it was determined that an optimal structure of the Neural Network to
ensure a fast convergence was composed by two hidden layers of 16
units in each of them. The hidden units are set to be Rectified Linear
Units (ReLU) [55], explained in Section 2.4. The output layer, with 18
units, has linear activation units. The final structure is represented in
Fig. 5.3.
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Figure 5.3: Q-Network structure.
Q-Network Training
The output layer shown in Fig. 5.3 outputs the expected reward from
each of the 18 possible actions. This actions can be divided in 2 groups,
the one that changes the gains for the attitude controllers for φ or ψ and
the ones for the angular velocities controllers for wx and wz , having 9
possible actions in each group. From each group, the action with a
higher expected reward will be chosen (see Eq. 2.36) and will trigger
the transition from state st to st+1 . This actions are called to be on-policy
actions. When the actions are chosen, on the contrary, randomly, they
are considered off-policy actions.
The training of the Q-Network is achieved performing on-policy or
off-policy rollouts. A rollout is set of consecutive possible states sR
0 to
sR
that
are
obtained
selecting
one
of
the
possible
actions
in
each
state
N
sR
i . The length of a rollout is determined by the number of states that
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st)
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st + 1)
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rt + 1)
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Unroll
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Q-Network Simulation

rt + 1)  rbest
st + 1)
Figure 5.4: Q-Network training simplified approach.
were explored. They are consider to be on-policy rollouts if the actions
were chosen using the policy π(sR
i ) (Eq. 2.36) or off-policy otherwise.
Then, the training algorithm is simple, and it is simplified in Fig.
5.4. Given the current state st , perform a rollout of length N . With
R
the rewards riR obtained by each state and chosen action pairs [sR
i , ai ],
train the Q-Network. Once this rollout has been trained, the action at
is chosen from the policy:

at = argmaxa Q(st , a; θ),

(5.12)

triggering the transition to the state st+1 . This way, the state will evolve
until reach the convergence.
The rollout lenght does not need to be long in this case as the set
of actions and states is not complex. A 1-step length rollouts are used
to ensure fast convergence. In each iteration of the learning algorithm,
two main steps can be considered: prediction, in which the next actions for the rollouts are chosen (on-policy or off-policy) and training,
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in which the rewards obtained in the rollout are trained to the QNetwork.
To ensure a good exploration of the state space, the prediction step
is done initially randomly. With the number of iterations, the probability of the prediction being done randomly (off-policy) decreases, following the next expression, for each iteration i:

aR
i ←

(
argmaxa Q(s, a)
a∈A

if X ∼ U (0, 1) >= Γk
if X ∼ U (0, 1) < Γk

,

(5.13)

where Γk is:

Γk =

(
1

if k = 0

Γk−1 0.99

if k > 0

.

(5.14)

Then, with the chosen action, the system evolves to the next state of the
rollout sR
i+1 . The reward of this state is calculated and stored, getting,
for each 1-step length rollout the following information:
R R
[sR
0 , a0 , r0 ],

where the transition between the state st and sR
0 is triggered by the
action chosen in Eq. 5.13. Then, the training of the Q-Network can be
represented by the next expression:
R
Q(st , at ) ∼ r0R + γ max Q(sR
0 , a0 ).
a

(5.15)

The last step is to predict the action at that triggers the evolution to
new state st+1 after the training of the current rollout has been done.
All the process is iterated until the convergence is reached.
Reward Function
The convergence will depend on the design of the so called reward
function. In this case, its design can be complex as the system must
not only have a stable behavior, but also to respond within certain constraints. The objective is to decrease both the maximum overshooting
and the peak time of the response of the controllers.
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To obtain enough information to estimate the reward of the current
state, it is necessary to simulate the system long enough so significant
data is obtained. To calculate the reward of a certain state s, an arbitrary set-point for the angle which PIDs’ gains are wanted to be tuned
is chosen. In this case, the set-point will be the maximum attitude angle possible (25 deg) in the case of the [φ, wx ] controllers and a angle
of 45 deg in the case of the [ψ, wz ] controllers. Then, the simulation is
run until the oscillations around the setpoint are smaller than a 2.5% or
simulation time is greater than a maximum value chosen experimentally. This value was set to 4s in simulation time for the case of the
yaw ψ and angular velocity around the z-axis wz controller’s tuning
and 1.5s otherwise. The response around the z-axis is slower as the
maximum applied momentum in that axis is much smaller than in the
x and y axis. This values were chosen as any response over this time
was to slow to ensure a correct performance of the system. For each
estimated state, we will simulate the system from a initial height of z
= 1 m and all the rest values of the system’s state equal to zero.
In order to optimize the response according to the overshooting M
value and the peak time tp , they will be used in the reward function.
For PID optimization, several reward functions have been developed
[62], however, in order to achieve a final performance closer to the
requirements of the proposed system, a novel reward function was
proposed. The proposed reward function has the following shape:
r
(M d − M )2 (tdp − tp )2
1
rts = C(1 − (
+
)),
2
D
W

(5.16)

with M d expressing the desired maximum overshoot and tdp the maximum peak time and A will be the gain of the reward and B and C will
determine if we prioritize to satisfy the Peak Time or Overshooting
constraints [2]. This values are, after some short experimentation, set
to C, D, W = 10000, 1, 40. This means that reducing the overshooting
has chosen to be more important than a fast response.
The final reward is expressed as:
rt = rbest − rts ,

(5.17)

with rbest the best reward obtained during the learning algorithm and
rt the final reward. This is done to accelerate the learning and train the
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network with the improvement of the reward in the time step t and
not in the total reward obtained, forcing the learning algorithm to find
the more optimal PID gains possible.
The objective is to apply this method twice for each distance, once
to tune the parameters of the [φ, wx ] PIDs’ gains and the second one for
the [ψ, wz ] PIDs’ gains. Then for each of this pairs, the method can be
expressed by Alg. 5.
Algorithm 5 Train the Neural Network Q(s, a; θ)
Initialize the state s0
t=0
while !convergence do
aR
0 ← Q(s, a; θt )
R
R
apply aR
0 : st → s0
R
r0R ← [sR
0 , a0 ]
R
Train: Q(st , at ) ∼ r0R + γ maxa Q(sR
0 , a0 )
a0 ← Q(s, a; θt )
apply at : st → st+1
rt+1 ← [st+1 , at ]
if rt >= maxReward then
maxReward = rt
else
st+1 → st
end if
end while

5.4

Adaptive Control: PID Gains Interpolation Using Neural Networks

The main idea is to design a structure in which, given the estimated the
position Pio of a quadcopter, it interpolates the PIDs’ gains values from
the ones tuned in the previous section. If Pio is expressed in terms of
the distances of the quadcopter to the origin of the system S’s cooridinates frame, dx and dy , the process can be represented as in in Fig.
5.5. In this figure, two different interpolation functions are shown, fxy
and fz . The function is used to interpolate the gains of the controllers
related to the x-axis and y-axis meanwhile the fz is used for the yaw ψ
and angular velocity around the z-axis wz controllers’ gains.
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Figure 5.5: Schematic of the adaptive control approach.
It would be possible to already implement an adaptive controller
that maps the distance of the quadcopter i to each axis x and y-axis
and the correspondent calculated optimal PID gains. However, not all
the possible distances were considered and some interpolation method
has to be applied to fill the estimation of the gains for distances that
were not used in the previous step. Depending on the range of possible distances, the gap between to consecutive chosen distances can be
important and a regular interpolation method would not work.
Neural Networks have proven to perform optimally in the tasks of
function fitting. This property, makes Neural Networks as a perfect
option for the current task [39], as the objective is to fit a function that
maps the distance to each axis with the PID gains. On the contrary, the
structure of this Neural Networks has to be carefully designed as the
available data is limited and the Neural Network can be hard to train.
In Section 2.4, the main concepts related with Neural Networks are
explained. The chosen structure has 2 hidden layers of 16 hidden units
per layer. The input will be the distance, so the input size is 1. The
output layer estimates the PID gains, so it has a length of 6 units. All
of the units in each layer are ReLU units. The loss is calculated using
the Mean Squared Error (MSE). If Ŷ is a vector of n predictions, and Y
is the vector of observed values of the variable being predicted, then:
n

1X
(Yi − Ŷi )2 .
MSE =
n i=1

(5.18)

The final structure of the used Neural Network is shown in Fig. 5.6.
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Figure 5.6: Adaptive Control Neural Network structure.
The training is fast (< 5min.) as the available data is reduced. The
implementation and training of the Neural Networks were done using
python with Keras library using Tensor-Flow backend.
Two Neural Networks have to be trained for the final Adaptive
controller: One for the estimation of the [φ, θ, wx , wy ] PIDs’ gains fxy (di ),
and another one for the [ψ, wz ] ones fz (d). Once this neural networks
are trained, they can be used as in Fig. 5.5 to estimate the value of the
gains. After the parameter estimation step has been performed for a
certain configuration of the system S, the values of Pi can be used to
extract the gains for each quadcopters using the already defined interpolation functions, doing:


kpφi kiφi kdφi kpwxi kiwxi kdwxi = fxy (|Pyi |)


kpαi kiαi kdαi kpwyi kiwyi kdwyi = fxy (|Pxi |)




kpψi kiψi kdψi kpwxi kiwzi kdwzi = fz (| Pxi Pyi |)

(5.19)
(5.20)
(5.21)

Chapter 6
Experimental Setup
6.1

Hardware

6.1.1

Crazyflie

Choosing the correct quadcopter for the experimentation was crucial
in order to fulfill the goals. The variety of quadcopters nowadays is
wide, however, mini-quadcopters are a suitable option as they are easy
to handle and experiment with. Within this group of mini-quadcopters,
it was decided to work with the Crazyflie 2.0 from Bitcraze [6]. The
Crazyflie 2.0 was developed by the Swedish company Bitcraze in 2015
and it has been significantly improved over the last years. Nowadays,
the Crazyflie 2.0 is a very competitive drone, with a high flight performance, small size and low price. However, their small size presents
important challenges as their low inertia demands fast controllers with
low latency. Their battery life is short ( < 7 minutes) and their maximum payload is one of their bigger weaknesses. However, a main
advantage of the Crazyflie 2.0 is that the software is completely opensource, allowing for customizable firmware or API which is a requirement for the implementation of the proposed methods.
Technical Characteristics [10]
One of the main improvements of the Crazyflie 2.0 with respect to its
predecessor is the improved microcontroller. The Crazyflie 2.0 has
2 built-in microcontrollers. The main controller is an ARM embedded processor, the STM32F405 [66]. It runs at 168 MHz, and includes
a floating point processing unit. The second microcontroller man-
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Figure 6.1: The Crazyflie 2.0 by Bitcraze
ages the power management and the radio communication, the ARM
nRF51822 [65], that runs at 32MHz.
The common factor in the majority of the Quadcopters in the market is the use of an Inertial Measurement Unit (IMU) to estimate the
attitude of the vehicle. In the case of the Crazyflie 2.0, the IMU is a
MPU-9250 [31] with a 3-axis gyroscope and a 3-axis accelerometer, to
measure the angular velocities and linear accelerations. In the case of
the Crazyflie, the IMU axis are set as shown in the Fig. 6.2 with respect
to the global coordinate system.
In addition, the Crazyflie incorporates on-board barometer and magnetometer. Both sensor are not used by default inside the sensor fusion
algorithms in the firmware.
The Crazyflie 2.0 uses 4 core-less brushed DC motors that achieve
a maximum speed of 12000rpm when the maximum voltage is applied (4.2V). These motors are controlled using PWM signals (See [44]).
These PWM values are 16 bits long, and represents the integer values
between 0 and 65536. The mapping between this range of PWM values and the RPM output in the motor was obtained empirically in [68],
and it follows Eq. 6.1.
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Figure 6.2: [Xg , Yg ] represent the global coordinate system and and
[XIMU , YIMU ] the on-board coordinate system

RPM =

(
0
0.2685 · PWM + 4070.3

if V < 3.2
if 3.2 ≥ V ≤ 4.2

(6.1)

Communication
Crazyflie 2.0 has an on-board controller dedicated exclusively to power
management and radio communication. Bitcraze released their own
radio communication system called Crazyradio [8], that incorporates
Nordic Semiconductor, nRF24LU1+. It is a USB dongle that allows
the user to control the Crazyflie and read its internal values from a
computer. Both the Crazyflie and the Crazyradio communicate using
a 2.4GHz ISM band. The Crazyflie and the USB Crazyradio dongle
can run up to a transmission rate of 2Mbs. Bitcraze’s library [5] and
firmware [7] are designed to allow several Crazyflies to be connected
to the same Crazyradio USB dongle. All the steps to configure this
communications is explained in [10].
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Physical Parameters
In order to get both the final dynamical model of a single quadcopter
and the system of rigidly attached quadcopters, several parameters of
the Crazyflie need to be measured to fullfill the equations developed
in Section 2.2 and Section 3. Our model of a single Crazyflie was done
using the parameters that were estimated in [21]:

Weight → mcf = 27g

(6.2)

Propeller’s diameter → 23.1348mm

(6.3)

Arm length → L = 46.52mm
(6.4)


16.5717 1.2432 0.7168

Inertia matrix → ICF = 1.2432 26.6556 2.0831 · 10−6 kg · m2
0.7168 2.0831 29.808
(6.5)
In Section 2.2, the parameters CT (n) and CP (n) were used and need
to be calculated for the Crazyflie. These functions can be approximated as constants and in [45] these values were calculated experimentally for the Crazyflie case:

CT = 0.2025

(6.6)

CP = 0.11

(6.7)

Now, we can use Eq. 6.1 to obtain the values of Ti (PWMi ) and
Qi (PWMi ) depending of the value of the PWM input in each propeller
knowing now that the rotations per second ni for the propeller i is:

ni =

6.1.2

(
0
0.2685·PWM+4070.3)
60

if V < 3.2
if 3.2 ≥ V ≤ 4.2

(6.8)

Rigid Attachment

The design of the rigid attachment between each pair of Crazyflies is a
very important step to be able to experimentally validate the proposed
methods. The stiffness of the structure has to be as high as possible,
otherwise, the physical connection parameter estimation step and the
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Figure 6.3: 3D design of the 2 rigid attachments used in the experimentation.
final control will show a low performance, as the methods proposed
in Chapters 4 and 5 assumed this connection to be rigid. Along with
this stiffness, the designing process has to take into account the maximum payload of each Crazyflie (15 g). There has to be an equilibrium
between the stiffness and lightness that in both cases fulfill the requirements. For the current thesis, it was decided to use a conventional 3D
printer to produce the attachment as it could fulfill the mechanical requirements, being a cheap, accessible and easy to use technology. For
future designs of this attachment, it could be fabricated using innovative materials like carbon fiber allowing to design longer, rigid and
lighter structures.
The attachment is shown in Fig. 6.3. The structure is made with
hollow tubes to increase the stiffness while reducing the weight. The
attachment is done through the motors’ structure. In this case, the
propellers of the motors need to be detached and reattached in order to
add the structure or change its position. In the future, this attachment
could be designed using magnets so it is easier to attach or detach the

CHAPTER 6. EXPERIMENTAL SETUP

81

Figure 6.4: Top: Two possible distribution of the system of attached
Crazyflies using the designed structures. Bottom: Structure used in
the experiments
structure, as in [64].
Even though this first version of the design shown in Fig. 6.3 is
very simple, it allows to set the Crazyflies in different configurations,
as shown in Fig. 6.4.
Initially, two different attachments have been designed: one with
length 6.6 cm and the other, slightly longer 11 cm in order to experiment with the Crazyflies using different configurations and lengths.
With the current material selection, more that 11 cm long structures
could not guarantee the desired stiffness properties.

6.2

Global Positioning

The proposed global positioning approach was described in Section
4.4. For the experimentation, two different localization methods are
used: Motion Capture (MOCAP) system and Ultra WideBand (UWB)
based Loco Positioning System (LPS) by Bitcraze [9]. All the experi-

82

CHAPTER 6. EXPERIMENTAL SETUP

Figure 6.5: Disposition of the MOCAP markers
mentation was done in the Smart Mobility Lab (SML), part of the Integrated Transport and Research Laboratory (SML) in the Royal Institute of Technology (KTH) in Stockholm, Sweden. The flying volume is
6m × 6m × 3m.

6.2.1

Motion Capture System

The MOtion CAPture System (MOCAP) designed by Qualisys is installed in the SML lab. It is composed of 12 cameras installed in the
ceiling of the lab to cover the entire flying volume. The maximum
error in the positioning is given by Qualisys and it is 6 mm. In order to track an object, at least 4 markers has to be attached to it. This
tracking is done at a frequency of 100Hz. For the experimentation, the
MOCAP system is used to track the position of the system of attached
Crazyflies. The markers are set in the system of attached Crazyflies as
shown in Fig. 6.5.
It is important to notice, that the markers are set in the connecting
structures, not in the Crazyflies, therefore, the MOCAP system does
not give any information about the distance of relative orientation between the Crazyflies. This parameters has to be estimated.
Then, this estimated position will be used in parallel in two tasks.
First, it will be used as the ground truth of the actual position of the
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system S, in order to be compared with the individual estimation of
each Crazyflie. Besides, this measurements will be used as the main
localization method for the system of attached Crazyflies for a subset
of experiments.

6.2.2

Loco Positioning System

The Loco Positioning System (LPS) is a UWB-based indoor localization system developed by Bitcraze, based on Decawave DWM1000
microchip [14]. UWB is a radio technology used for short-range, highbandwidth (<500MHz) communications. One of the more spread usages of this technology is indoor tracking applications.
The LPS system was designed for 3D position indoor tracking of
the Crazyflies. It is composed by at least 6 anchors, and one LPS deck
that is connected to the Crazyflie. The idea is simple: by sending short
high frequency radio messages between the anchors and the LPS deck,
the system measures the distances between the deck and the anchors,
estimating the position of the Crazyflie. To accurately estimate the real
time position of a Crazyflie, the exact position of the anchors must be
measured. The precision of this measurement will affect the final precision of the system. Besides, the anchors have to be distributed over
the available space, following the guidelines proposed by Bitcraze [9].

6.3

Software

For the experimental setup, the software implementations and modifications were crucial. First, the simulator was developed, as all the
proposed methods needed to be validated in simulation before implementing them in the real system. Once the simulation validation was
done, it was necessary to modify the firmware developed by Bitcraze
to perform the main steps already described. Finally, a GUI was developed to control the real system of attached Crazyflies.

6.3.1

Simulator and User Interface Application

Simulator
The objective was to develop a quadcopter simulator that could be readapted to any other quadcopter in which all the physical parameters,
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Figure 6.6: Simulator’s backend structure. CFi represent each of the
blocks that simulate the individual measurements from the Crazyflies’
IMUs and will run the PID controllers. CF0 is the leader CF that sends
its estimation of the system position to the rest of Crazyflies. P W Mij
is the PWM that needs to be applied to every motor. [fij , τij ] represents
the linear force and torque applied by each motor. Ss is the actual state
of the system S.
both of the quadcopter and the attachments, are easy to modify. There
are several simulation environments and programming languages that
could have been chosen for the purpose. However, the API for the
Crazyflie was developed in Python by Bitcraze. Therefore, the simulator was developed in Python to allow code re-usage in the final implementation of the GUI to control the real system of attached Crazyflie.
An easy-to-use GUI interface for the simulator was implemented,
in which the behavior of the system of quadcopters is shown in realtime. The inner architecture of the simulator is shown in Fig. 6.6.
With the GUI it is possible to easily change the position, rotation
and number of the quadcopters within the system S. Also, it is possible to select the value of the variances for the biases and noises described in Eqs. 3.22 and 3.23. Last, it is possible to choose the position
set-points of the system in real-time. After any simulation, the user can
plot and save the positions traced by the system. In Fig. 6.7 is shown
the final aspect of the simulator.
It was important to simulate the communication between the quad-
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Figure 6.7: Main GUI’s features.
copters, the measurement of each individual IMU and the individual
control approach of the entire system of attached quadcopters. Therefore, the simulator was designed in different blocks, as shown in Fig.
6.6.
Within the simulator, the user can choose between 3 different modes:
estimation mode, real physical parameters flight and estimated parameters
flight. In the estimation mode, the system of quadcopters perform, step
by step, the operations described in Section 4. Then, in both modes
real physical parameters flight and estimated parameters flight, the flight of
the system S is controlled by the user sending the desired set-points.
The only difference is that while in real physical parameters flight, the dynamical model of the system, and the individual IMUs measurements,
use the actual parameters of the system, while in estimated parameters
flight the estimated parameters by the estimation mode are used.
User Interface Application
A simple GUI was developed to control the real system , as it allows
to change different parameters or send commands in real time. The
simplified GUI architecture is shown in Fig. 6.8
The GUI automatically detects all the available Crazyflies and connect to them by just pressing a button. Once they are connected, the
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Figure 6.8: Simplified architecture of the final implementation of the
system.
battery levels of each Crazyflie are displayed. There are to possible
options: perform the parameter estimation of the system, or add the
real values of this parameters manually. This was done to perform
flights with the real and the estimated parameters to compare them
afterwards. Then, the user only needs to choose between one of the
trajectories shown in Fig. 6.9 that were implemented for the GUI. The
position estimation of the leader Crazyflie is shown in real-time in the
GUI. Besides, the GUI received the measurements of the MOCAP and
LPS system and also shows these values in real-time.
The GUI allows to record the data from the MOCAP and the individual position estimations when desired and stored it later. This was
included as this data needs to be analyzed later to prove the validation
of the proposed methods. The GUI was implemented in python as a
ROS node [60], to allow the communication with the MOCAP system.
The GUI is shown in Fig. 6.10. Inside the GUI, the battery level
of each Crazyflie is obtained and filtered so that, if the battery level
of any of them is critical, the system enters in emergency mode and is
automatically sent to the initial point, usually [0, 0, 0].
The equations described in Section 4.3 were implemented in the
GUI, so the main parameters are estimated by the GUI’s backend. After the estimation, the GUI automatically sends these parameters to
each Crazyflie and set them ready to start the flight. During the flights,
the GUI sends the set points of the chosen trajectories while reading
the position estimation of the leader Crazyflie. This estimation is read
and sent to the rest of Crazyflies at a rate of 100Hz, same as the PID
position controllers inside the firmware.
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Figure 6.9: Implemented trajectories that can be chosen by the user.
Top: xy view of trajectories, in which the height is 1m. Top left: 2Dsquare. Top right: 2D-eight. Bottom: 3D trajectories, which objective
is to produce displacement of the system in the 3 axis simultaneously.
Bottom left: 3D circle. Bottom right: 3D-eight
The system is composed by a set of Crazyflies, a Crazyradio USB
dongle for each group of 4 Crazyflies, the ground station, the MOCAP
system, and any other positioning system that may be added. The
ground station links all these agents as there is no direct communication between the Crazyflies or between the MOCAP system and the
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Figure 6.10: Simplified structure of the implemented custom firmware
for the Crazyflie.
Crazyflies.
The communication between the Crazyflies and the ground station is simple and is done through the Crazyradio USB dongle. The
physical characteristics of this communication is explained in Section
6.1.1. The API automatically handles the communication, including
the reading and writing of the variables inside the firmware, or connecting automatically to a swarm of Crazyflies. It also allows to send
set-points in parallel to all the Crazyflies, a basic feature in order to
send trajectories or any other command to the system of Crazyflies.
The communication between the Crazyflies is also handled by the
ground-station through the Crazyradio. The ground station receives
information from the set of Crazyflies and decides which information
or commands to send to each of them.
The MOCAP system installed in the SML lab handling is done using a ROS node that publish messages with the pose of all the detected
objects every 10ms. In order to receive this data, two nodes have to be
initialized in the ground station. One that subscribes to this messages
(qualisys node) and another one, with the ID being the name of the
object inside Qualisys’ MOCAP’s software that is going to be tracked.
This last node subscribes to qualisys node, transforming the desired
message to an odometry type message that allows to read the pose,
time-stamp and other information from the object at a rate of 100Hz.
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Figure 6.11: Simplified structure of the implemented custom firmware
for the Crazyflie. In green, variable values set by the Central Computer. In red, current state estimated by the firmware sent to the Central Computer
Finally, the GUI is set as a ROS node that subscribes to the odometry node getting the data measured by the MOCAP. As it was already
mentioned, this data can be stored to be processed later.

6.3.2

Crazyflie’s Firmware Setup

Crazyflie’s firmware [7], developed by Bitcraze, was designed to optimize the flight of a single Crazyflie, including a huge amount of features: communication, a Kalman Filter, inner variables values read and
write in real time, such as the PID gains, or the state estimation, or a
full-state PID controller. However, to allow the implementation of the
proposed method in the current thesis most of these features need to
be modified. The firmware is implemented in C and is open-source.
The simplified structure is shown in Fig. 6.11

90

CHAPTER 6. EXPERIMENTAL SETUP

Physical Parameter Estimation: Full-state Estimator
In Section 4 the equations for the full-state estimator are explained. To
allow the correct physical parameter estimation these equations and
methods need to be implemented inside the firmware. The equations
implemented in the firmware are exactly the ones expressed in Eqs.
4.5 and 4.6. The algorithm to detect whether the Crazyflie is moving
or not has to be implemented in the firmware (see Alg. 2).
For this thesis, the firmware was modified, allowing to switch between the Kalman filter and the custom full-state estimator easily, from
the ground station GUI program. This way, the system could start flying right after the physical parameters were estimated, without needing to restart the system.
Sending Physical Parameters to the Crazyflie: KF Modification
The firmware already implemented a method to read and write most
all the inner variables needed by just adding this variables to the LOG
(read) or PARAM (write) lists inside the firmware. Then, the variables
of the position Po and rotation ϑ of the Crazyflie relative to the system
S coordinate frame were added to the Kalman filter, and included in
the PARAM list to allow their real-time modification from the GUI.
This way, the estimated parameters could be sent to each Crazyflie
after the estimation process was done.
These data has to be used by the Kalman filter to predict the system’s state in each Crazyflie. Then, the dynamic model inside the
Kalman filter was modified. The original equations of this model were
not changed, but the the position, velocities, attitude and angular velocities were rotated and translated according to the estimated position
Po and rotation ϑ of the Crazyflie relative to the system S.
The input of the Kalman filter are the measurements obtained from
the accelerometer and gyroscope. Due to the modifications, expressed
in Eq. 4.43 and 4.49, the output is the full-state, position, linear velocities, angular velocities and attitude of the system S. The matrices
expressed in Eq. 2.42 are kept unchanged from the ones implemented
originally in the firmware [7].
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PID Controller Modification
Only the Power distribution block, explained in Chapter 5, was modified, implementing Eq. 5.5. This block was in charge of mapping
the estimated needed thrust and x,y,z moments to the PWM values to
be applied in each motor. As it was explained in Section 3 this block
needs also to be fed with the estimated physical parameters. Then,
the needed writable variables were also added to this block, so the parameters could be sent. The variables to change the PID gains inside
the firmware in real time were already implemented, no modifications
were needed.

6.4

Architecture overview

In Fig. 6.12, the final architecture’s overview of the system is represented. In this figure, all the communications are represented by arrows, and different colors have been used to represent the different
communication channels.
To validate the proposed localization proposed solution, two different localization methods are used: MOCAP system and LPS system. In the MOCAP case, the position measured will be sent to one
of the Crazyflies that will update its estimation at a rate of 100 Hz
and send this estimation back to the ground station in each time step.
The ground station will then spread this estimation to the rest of the
Crazyflies attached to the system S that will update their estimation.
This procedure is only done if the system is not using the Loco Positioning System. Ideally, the estimation of the leader Crazyflie would
be sent directly to the rest of the Crazyflies, but the communication
between Crazyflies has not been developed yet. However, during the
experimentation, it is shown that this small increment in the latency
does not affect the final performance of the system.
In the LPS case, it was configured to be used within the flight volume available in the SML lab. The main objective is to validate the
global localization solution proposed in the current thesis. As a consequence, only one of the Crazyflies, the leader, will use the LPS deck.
Then, the position estimation of the leader will be spread to the other
Crazyflies through the Central Computer via the Crazyradio. The idea
is to prove that the latency in this process is low enough to ensure system stability. During the experiments performed with the LPS system,
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Figure 6.12: Representation of the final architecture of the system.
The slaves Crazyflie are represented by the i. The leader Crazyflie is
named by CFL . The dash arrows in the LPS blocks mean that this communication only happens when the Leader Crazyflie has a LPS deck
connected. Then, the MOCAP measurements are not sent to the any
Crazyflie.
the MOCAP will be used only as a ground truth comparison, but its
measurements are not sent to any of the Crazyflies.

Chapter 7
Results
7.1

Description of Experiments

The purpose of the experimentation is to validate the methods proposed in Chapters 4 and 5. This experimentation was done both in
simulation and using the Crazyflies. The experiments designed are
similar for both the simulated and the actual system. For all the experiments done in simulation, white noise was added to the measurements
of the angular velocities, proportional to the ones experimentally observed in the real IMU measurements in order to bring the simulated
model closer to the reality. The experiments were divided in:
• Parameter Estimation: validation of the physical parameters estimation approach. The parameters to be identified are the rigid
connection parameters: distances dij and absolute rotations around
the z-axis ϑoi , as the position Pio of each Crazyflie can be derived
from this parameters, see Section 4.3.4.
• Flight Control and Stability: The objective was to validate the
proposed control architecture showing that the system of attached
Crazyflies and the simulator can perform stable flights while following a trajectory. For this set of experiments, the true physical
connection parameters were used.
• Full approach: in this last set of experiments, the fusion of both
the Parameter Estimation and Flight Control steps was tested.
The goal was to study how much would the erroneous estimations affect the system’s stability.
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Figure 7.1: Generic distribution with the main parameters that were
estimated.

7.1.1

Parameter Estimation

The experiment designed for the parameter estimation validation is
simple: run the experiments 10 times for each possible combination of
distances dij and different rotations around the z-axis ϑi for the two
quadcopter case system, see Fig. 7.1. The reason why only two quadcopters were used is because it is the simplest case which and easier
to analyze. As it is mentioned in Section 4.3, only the distance dij between each pair of quadcopters and each individual relative rotations
around the z-axis ϑi are needed to estimate the positions Pio of each
quadcopter in the N>2 case. The obtained errors, along with the mean
and variances would give a deeper insight of the quality of the approach.
To evaluate and compare the estimation error during the experiments, the Root Mean Square Error (RMSE) was used. This indicator
was chosen instead the MSE as the RMSE is expressed in the same
units as the parameter that is being measured. The RMSE is defined
as:
v
u i=1
u1 X
RM SE = t
(Yi − Ŷi )2
(7.1)
n n
where in this case, Yi represents the trajectory coordinates and Ŷi the
traced position of the system.
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Control Architecture and Strategy

For the second group of experiments, three trajectories were used,
from the ones shown in Fig. 6.9: the 1 meter 2D-square, the 2D-eights
and the 3D-circle. The 2D-square trajectory was designed to excite
only one of the x,y and z position controllers at the same time. The
2D-eight trajectory was implemented to force the system to excite both
the x and y position controllers. It tests how the perturbations in one
axis may affect the other. Finally, the 3D-circles, excite the three axis
at the same time. Performing this kind of trajectories is crucial for the
validation of a quadcopter’s controller. It may happen that a fast response in one of the axis may unstabilize the entire system. All these
trajectories are run for the following values of ϑ0 , ϑ1 and d01 :
d01
154mm
154mm
154mm
154mm
132mm
132mm
132mm
132mm

ϑ0
0o
180o
180o
270o
0o
180o
180o
270o

ϑ1
0o
0o
270o
90o
0o
0o
270o
90o

Table 7.1: Combination of values of ϑ0 , ϑ1 and d01 that were used in
the experiments.
The experiments in this section were different for the simulation
and experimental case.
To evaluate and compare the positioning error during the flights,
the Mean Square Error (MSE) was used. The MSE is defined as:
i=1

1X
(Yi − Ŷi )2
M SE =
n n

(7.2)

where in this case, Yi represents the trajectory coordinates and Ŷi the
traced position of the system.
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Figure 7.2: N > 2 quadcopters distributions used in the experimentation
Simulation
As it was mentioned before, three different trajectories were designed
for this step of the experimentation. In simulation, the 3D-eight trajectory is also used (see Fig. 6.9). The idea was to validate the proposed
controller and architecture separately from the parameter estimation
approach.
For the first group of experiments, all the designed trajectories were
applied to all the possible distributions of dij and ϑoi . As a consequence, a total of sixty flights were performed per set. Is not possible to plot the measured data for each flight in the thesis, therefore, a
selection of them is shown.
After some of these trajectories has been plotted, all the stored data
was used to analyze the evolution of the error in the different configurations. Besides, the simulator was designed to send the position
measured in the leader quadcopter to the rest of quadcopters with a
constant delay of 10ms. This was done to simulate the real latency
that would appear in the real system when applying the architecture
proposed in Section 4.4.
To test the stability with a greater number of quadcopters, two systems of three and five quadcopters were used. These chosen distributions were all symmetric, see Fig. 7.2. Some of the obtained trajectories
are plotted.
Real system
The approach was identical to the simulation case. To fully validate the
proposed methods in the real system, the experimentation was more
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specific, subdividing the experimentation in more groups. In this case,
only three trajectories were used, the 2D-Square, the 2D-Eight and the
3D-Circles, see Fig. 6.9. Only two quadcopters were used for the experiments carried on the real system, as it is the simplest case, being
otherwise hard to analyze the results. The 2 structures designed for the
experiments depicted in Section 6.1.2 were used, having two different
distances between the Crazyflies.
The system stability was tested using both the MOCAP and LPS
systems separately. In the case of the MOCAP experimentation, the
measurements were to one of the Crazyflies, chosen randomly at the
initialization of the GUI, and the belief in the position of this leader
Crazyflie was spread to the other Crazyflie via the central computer’s
Crazyradio in real time. In the case of the LPS experimentation, the
MOCAP measurements were not sent to any ot he Crazyflies. On the
contrary, one of the Crazyflies, the leader L, had the LPS deck attached,
and therefore, it received the tracking estimation from the LPS. The
belief of this Crazyflie was then sent to the other Crazyflie, the slave
s. The objective of doing this was to analyze the stability with a high
precision positioning system (MOCAP) and a low precision one (LPS).
In this set of experiments, the real values of dij , ϑi were not estimated but sent to them. In both cases, the MOCAP measurements
were stored to be used as the ground truth for comparison. The used
distributions are shown in Table 7.1. It was also experimented with a
single Crazyflie with the original firmware in order to have comparison reference for each proposed trajectory.
To have a better insight of the distribution of the obtained errors,
the MSE was calculated in 8 separated groups. These groups correspond to the 8 distributions written in Table 7.1. The MSE values were
calculated over the MOCAP measurements directly, the objective was
to compare the actual position of the system with the desired trajectory.

7.1.3

Full approach

The validation of the full approach is only achieved in the real system
as the estimation error is smaller in the simulation case, being the real
system, the worst case scenario. The approach was the same as in the
previous sections, however, now the estimation step was performed
before each experiment, and the estimated parameters were sent to

98

CHAPTER 7. RESULTS

RMSE Distance (m)

Parameter Estimation MSE - No Angles Filter
Simulation - In green: Standard Deviation
RMSE per distribution
RMSE total mean

0.05
0.00
−0.05

RMSE Angle A (o )

Distribution
40

RMSE per distribution
RMSE total mean

20
0
−20
−40

40

RMSE per distribution
RMSE total mean

20
0
−20

17.6cm:270o :270o

17.6cm:180o :180o

17.6cm:180o :180o

17.6cm:90o :270o

17.6cm:90o :180o

17.6cm:0o :270o

17.6cm:90o :90o

17.6cm:0o :90o

17.6cm:0o :180o

17.6cm:0o :0o

13.2cm:270o :270o

13.2cm:180o :270o

13.2cm:180o :180o

13.2cm:90o :270o

13.2cm:90o :90o

13.2cm:90o :180o

13.2cm:0o :270o

13.2cm:0o :180o

13.2cm:0o :0o

−40
13.2cm:0o :90o

RMSE Angle B(o )

Distribution

Distribution

Figure 7.3: RMSE of the estimated physical parameters depending of
the physical distribution in simulation. In green, the standard deviation of each RMSE.
each Crazyflie. The parameters were estimated for eight different configurations, written in Table 7.1, and then the three trajectories were
applied with the estimated parameters. In this case, only the MOCAP
measurements were used, and the measurements were still only sent
to the leader L.

7.2

Simulation Results

7.2.1

Parameter Estimation

In Fig. 7.3 the values of the RMSE value per distribution are plotted
after running the estimation method 10 times with each distribution.
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Figure 7.4: RMSE of the estimated physical parameters depending
of the physical distribution after the angles has been rounded to the
closer normalized value in simulation. In green, the standard deviation of each RMSE.
It can be observed that the obtained errors are small (< 5mm and
< 5 degrees). However, if one assumes that the rotations around the
z-axis are fixed, which is the case for the structure used in this thesis,
one can use this information to further reduce this error. These values are 0o , 90o , 180o and 270o . If the estimated angles are rounded to
these values depending on their proximity to them, then a new RMSE
distribution is obtained, plotted in Fig. 7.4
In Fig. 7.4 it can also be observed that the RMSE value decreases
to zero, meaning this that in every case the estimated angles were correctly classified.
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Figure 7.5: (a) 2D-Square: 3 quadcopters (b) 2D-Eight: 2 quadcopters
(c) 3D-Eight: 1 quadcopter (d) 3D-Circles: 5 quadcopters

7.2.2

Control Architecture and Strategy

In Fig. 7.5, the output of a selection of the flights carried out in simulation is depicted. The plots are shown in 3D so its easier to get an
overview of the behavior and the shape of the trajectories.
These examples show that the proposed control strategy provides
system stability for different physical distributions, depicted in Fig.
7.2, and number of quadcopters. The objective was not to focus on all
the possible physical distribution, therefore, for N > 2 cases only one
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Figure 7.6: MSE distribution depending of the physical parameters of
a 2-quadcopter system. In green, the variance of each MSE.
distribution was used in each case. As a future work, it is necessary
to mathematically study the limitations along with the distributions in
which system’s stability is not ensured.
The last performed test was to apply all the trajectories to every
possible 2-quadcopter distribution in order to validate that the performance of the controller would not vary with the distance d01 between
the quadcopters, or rotations around the z-axis ϑ0 and ϑ1 . In Fig. 7.6
the MSE obtained for each physical distribution is plotted. This figure
shows that these MSE values does not vary much from the mean MSE
value. This fact serves as the validation in simulation for the proposed
Control strategy and system architecture.
In Fig. 7.6, the MSE errors are greater in some configurations,
around ∼ 0.015m2 in the worst cases. These irregularities are explained
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Figure 7.7: RMSE of the estimated physical parameters depending of
the physical distribution. In green, the variance of each RMSE.
by the fact that the noise and bias introduced in the simulated system
that adds certain stochastic behavior to the system. This can be observed in the values of the variances, greater in the cases that the MSE
is further from the mean value.

7.3
7.3.1

Experimental Results
Parameter Estimation Experiments

In Fig. 7.7 the plot of the calculated RMSE values is shown. Logically,
the obtained errors are slightly higher, but still inside reasonable limits
(< 0.015 mm and < 15 degrees.).
The value of the error in the rotation around the z-axis estimations

CHAPTER 7. RESULTS

103

RMSE Distance (m)

Parameter Estimation MSE - Angles Filter
Real System - In green: Standard Deviation
RMSE per distribution
RMSE total mean

0.05
0.00
−0.05

RMSE Angle A (o )

Distribution
40

RMSE per distribution
RMSE total mean

20
0
−20
−40

40

RMSE per distribution
RMSE total mean

20
0
−20

17.6cm:270o :270o

17.6cm:180o :180o

17.6cm:180o :180o

17.6cm:90o :270o

17.6cm:90o :180o

17.6cm:0o :270o

17.6cm:90o :90o

17.6cm:0o :90o

17.6cm:0o :180o

17.6cm:0o :0o

13.2cm:270o :270o

13.2cm:180o :270o

13.2cm:180o :180o

13.2cm:90o :270o

13.2cm:90o :180o

13.2cm:90o :90o

13.2cm:0o :270o

13.2cm:0o :180o

13.2cm:0o :0o

−40
13.2cm:0o :90o

RMSE Angle B(o )

Distribution

Distribution

Figure 7.8: RMSE of the estimated physical parameters depending of
the physical distribution. In green, the variance of each RMSE.
can be problematic. However, same rounding strategy used for the
simulated case can be applied, obtaining then the RMSE values depicted in Fig. 7.8.
In Fig. 7.8, it can be observed that the RMSE value decreases to
zero, meaning that in every case the estimated angles were correctly
classified. The parameter estimation method is validated for the rotation around the z-axis estimation.

7.3.2

Control Architecture and Strategy

Flight Controller Experiments: MOtion CAPture System
In Fig. 7.9(a) the measured data for a single Crazyflie following the
2D-square trajectory is plotted. In Fig. 7.9(b), the output for the same
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2D-square trajectory is represented for the case of the 2 Crazyflies system. Comparing both plots gives an initial positive insight of the performance of the system as both followed trajectories are similar.
However, in the x and y-axis, the system of Crazyflies shows a
slower response. This may be due to two main reasons. First, the
position and linear velocities controllers’ gains has not been re-tuned
as it has been left as a future work implementation. However, the inertia of the system is considerably different to the single Crazyflie case
and logically the response varies.
The second reason is that the estimated PID gains for the attitude
and angular velocities may not be optimal as the Reinforcement Based
tuning was done using the simulator, which does not model all the
possible imperfections (errors, biases, noise...) that can appear in the
system.
The next step was to test the second trajectory: the 2D-eights. In
Fig. 7.10, the path followed by the system of Crazyflies (b) is represented, in comparison with the output obtained by the single Crazyflie
case (a).
The response of the system of 2 attached Crazyflies to the set-points
determined by the 3D-circle trajectory is plotted in Fig. 7.11.
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Figure 7.9: (a): Single Crazyflie’s measured position using the MOCAP system and the original firmware. Sequence: 2D-square.(b) Dual
Crazyflie System flight for the case of true physical parameters and
the real time MOCAP measurements sent to the leader Crazyflie. Sequence: 2D-square.
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Figure 7.10: (a) Single Crazyflie’s measured position using the MOCAP system and the original firmware. Sequence: 2D-eight. (b) Dual
Crazyflie System flight for the case of true physical parameters and
the real time MOCAP measurements sent to the leader Crazyflie. Sequence: 2D-eight.
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Figure 7.11: Dual Crazyflie System flight for the case of true physical
parameters and the real time MOCAP measurements sent to leader
Crazyflie. Sequence: 3D-circle.
In order to compare these errors with the one obtained in the single
Crazyflie case, the total MSE of the 3 flights performed by the Crazyflie
was calculated. These values are shown in Fig. 7.12. It can be observed
how the MSE error for the dual-quadcopter case is low, with a maximum of ∼ 0.02m2 . Obtaining similar error values to the ones obtained
for the single Crazyflie can be considered as another fulfilled validation bullet.
A better insight of the distribution of the MSE can be derived from
dividing the MSE errors in the 3 axis. This way, it can be observed if
any of the axis produces higher error values. In Fig. 7.13, the MSE
errors are calculated for every axis and every distribution. The distribution of the error is almost invariant along the three axis, showing
the z-axis lower values. However, as it was predicted before, the error
values are higher along the x and y-axis due to the changes in the inertia matrix and the constant values of the position and linear velocities
PID gains. Observe from both Fig. 7.12 and Fig. 7.13 the MSE values
are not affected by the value of the distance between the Crazyflies d01
or the rotation around the z-axis of each of them ϑo0 and ϑo1 , with the exception of the fourth distribution, with higher MSE. However, in this
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Figure 7.12: MSE comparison between the 2 attached Crazyflies and
the single Crazyflie case. The single Crazyflie only performed 3 flights
so only one MSE value is obtained that is repeated along the x-axis.
case, the variance is higher than the in the other cases, showing that
the increased MSE value is caused by an isolated experiment in which
the system performed worse.
These results serve as validation of the Power Distribution block
equations (Eq. 5.5). The main objective of this block was to map
the output of the angular velocities controller with the correspondent
PWM values. This mapping allows the system’s controller to be invariant to the possible values of ϑoi .

CHAPTER 7. RESULTS

109

MSE x-axis (m2 )

Per axis MSE Error - True parameter values
- MOCAP measurement sent to Leader
MSE
Total MSE mean

0.02

0.01

0.00

MSE x-axis (m2 )

Distribution
MSE
Total MSE mean

0.02

0.01

0.00

MSE
Total MSE mean

0.02

0.01

180o :270o :17.6cm

90o :270o :17.6cm

0o :180o :17.6cm

0o :0o :17.6cm

180o :270o :13.2cm

90o :270o :13.2cm

0o :180o :13.2cm

0.00
0o :0o :13.2cm

MSE z-axis (m2 )

Distribution

Distribution

Figure 7.13: MSE values obtained in each axis from the data stored
after 24 flights.
Flight Controller Experiments: Loco Positioning System
The LPS system showed a poor tracking performance during the experimentation step. The distance estimations to some of the anchors
were noisy, and therefore, the position tracking was inaccurate and
unstable. It can be observed in Fig. 7.14(a) that the position estimated
by the LPS system in the single Crazyflie case, is significantly deviated
from the one measured by the MOCAP system. This could be caused
by different reasons, such as erroneous configuration, not accurate anchors’ position measurements or even hardware malfunctioning.
However, several experiments were carried out to validate the sta-
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Figure 7.14: Single Crazyflie’s measured x,y,z positions using the MOCAP system as ground truth and LPS system for tracking, with the
original firmware. Sequence: 2D-Eight.
bility of the system using the proposed global localization method
with a different position tracker, the LPS. In this case, only one distribution was tested with all the trajectories. It can be observed in Fig.
7.15 that the stability is obtained even with very noisy and inaccurate
position tracking.
The distribution used is d01 = 0.176 m, with ϑ0 = 90o and ϑ1 = 270o .
After applying all the trajectories to this distribution, the MSE between
the MOCAP measurements and the desired trajectory was calculated
with a value of 0.2494035 m2 and a variance of 0.16707 m2
Real-time Position Estimation Validation
Finally, as the Kalman filter inside each Crazyflies runs independently
and asynchronously, it was important to check the differences in the
position belief in each Crazyflie. Big distances between both beliefs
would mean a increase in the instability of the system that may lead to
critical stability situations.
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Figure 7.15: Single Crazyflie’s measured x,y,z positions using the MOCAP system as ground truth and LPS system for tracking, with the
original firmware. Sequence: 2D-Eight.
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Figure 7.16: MSE values of the position belief difference inside each
Crazyflie Kalman Filter.
The individual beliefs are plotted in every figure but their difference is too small to be observed. For this reason, the MSE of these
differences has also been calculated, for each physical parameter distribution and each axis is plotted in Fig. 7.16. This figure shows that
the values of this difference are very low, with maximums of around
10−5 m2 . The differences has shown to be higher in the z-axis, in some
cases more than the double, this is justified by the fact that the accelerations are stronger in the z-axis as the thrust is applied in that direction,
which produces a faster drift in the z-axis belief.
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Full Approach: Parameter Estimation and Control Architecture

Table 7.2 shows the estimated values obtained for each of the used
distributions.
d01
176mm
176mm
176mm
176mm
132mm
132mm
132mm
132mm

ϑ0
0o
180o
180o
270o
0o
180o
180o
270o

ϑ1
0o
0o
270o
90o
0o
0o
270o
90o

d001
178.48mm
202.9mm
176mm
198.02mm
139.836mm
122.68mm
133.692
152.4mm

ϑ00
0o
180o
180o
270o
0o
180o
180o
270o

ϑ01
0o
0o
270o
90o
0o
0o
270o
90o

Table 7.2: Combination of values of ϑ0 , ϑ1 and d01 that will be used in
the experiments.
The trajectory followed for one of the tested cases is shown in Fig
7.17. In the top figure, the 3D path followed by the system is plotted. This figure is plotted to show what happens when the distance
estimation is not accurate. The path followed in the x-axis shows a
greater overshooting than the behavior obtained in the y and z-axis.
Besides, this overshooting is higher than in any other case depicted
above. The Crazyflies were situated along the y-axis in this case, relative to the MOCAP coordinate system. Therefore, the distance of the
Crazyflies to the x-axis is zero, and the PID gains for the roll and wx
velocities are unchanged. On the contrary, the pitch and wy PID gains
were mapped using the estimated distance between the Crazyflies. As
a consequence, if the estimation of this distance is not accurate, the
PID gains would be further from the optimal values, and the performance along this axis would decrease. In this case, the overshooting
was higher. The system still shows full stability either ways.
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Figure 7.17: Dual Crazyflie System flight for the case of estimated
physical parameters and the real time MOCAP measurements sent to
the leader L. Top: 3D view. Bottom: Time evolution per axis. Sequence: 2D-eights.
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Figure 7.18: MSE comparison between the 2 attached Crazyflies and
the single Crazyflie case. The single Crazyflie only performed 3 flights
so only one MSE value is obtained that is repeated along the x-axis.
The comparison of the obtained errors with the last case scenario
is shown in Fig. 7.18. It can be observed that the total error remains
in the same units with a small improvement (< 0.002m2 ). However,
this improvement can not be used to take any conclusion as it was already explained due to the different external variables that may affect
the total error. The important conclusion is that the performance does
not vary significantly when the system uses the estimated parameters
compared to the case in which the true parameters are sent.

Chapter 8
Conclusions and Future Work
8.1

Conclusion

In the current thesis, a method to flight a system of attached quadcopters, with unknown physical connection parameters by integrating
an adaptive controller structure with a novel method to estimate these
parameters has been proposed.
First, a method to estimate the physical connection parameters of
rigidly attached quadcopters was implemented, solely relying on the
information from the quadcopters’ Inertial Measurement Units (IMU).
This estimation was achieved via simple and short online experiments.
A variance-based approach to filter the IMU measurements to get useful information was proposed and implemented. Furthermore, a novel
strategy to use the filtered measurements to extract complex geometrical relationships between the attached quadcopters has been developed.
The possible combinations of the number of quadcopters and their
positions and orientations of the system of rigidly attached quadcopters
is infinite, and the design of the control strategy was one of the main
challenges. In the current thesis, an adaptive control structure was
proposed. Besides, a reinforcement learning algorithm, based in Deep
Q-Learning, to tune the PID gains of the controller has been implemented.
One challenge of the system was the global positioning, as generally, only individual quadcopters’ position can be measured. This
issue was solved by measuring only the position of one of the quadcopters that would estimate the position of the system, using the con-
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straints derived from the characteristics of the physical connection.
This estimated position was then sent to the rest of the quadcopters
in the system in real time. The proposed method simplifies the problem while reduces the economic costs and power consumption as only
one of the quadcopters will be in charge of measuring the position of
the system. This method allows to use both on-board sensors, as in
[41], and other positioning methods based in external measurements
such as UWB, Motion Captures systems or GPS.
The proposed approach to estimate the physical connection parameters of rigidly attached quadcopters has been validated both in simulation and in the real system. Besides, the proposed algorithm has
shown enough accuracy to allow to directly fly the system using the
estimated parameters. In the experimentation, it has been shown that
is possible to obtain useful data from IMUs that can be efficiently used
to estimate these parameters.
The proposed controller structure was validated both in simulation
and the real system using a varied set of distributions, proving that the
implemented control law ensures a stable flight independently of the
combination of the number of quadcopters, their positions or orientations.
Both the simulation and experimentation with the real system showed
that only the position of one quadcopter needs to be measured, as this
quadcopter can estimate the position of the system due to the geometrical constraints of the system and the latency in this communications
has been observed to be negligible.
Finally, the entire process has been validated in the experimentation with several distributions of the real system.

8.2

Future Work

The future work can be divided in six sections: hardware, simulator,
parameter estimation, control, reinforcement learning and system positioning.
Hardware
The designed physical attachment could be considerably improved,
first, reducing its weight using very light materials like carbon fiber.
Besides, the attaching-detaching process is very tedious, it is necessary
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to design a smarter why to perform this process that could even allow
its automatization.
Parameter Estimation
First, the data obtained in the process is very repeatable, or patternbased, and therefore, it is possible that a machine learning approach
to analyze this data could improve considerably the accuracy and the
speed. This might allow the system be self-assembled in mid-air. Then,
the first research path would be to analyze and study this data deeper.
Besides, if different patterns could be obtained from the data, it would
also mean that significant estimation errors could be detected. Due
to isolated communication lost, in some cases, the estimation process
failed: not all the data was received and stored or the set-points sent to
one of the quadcopters to achieve the dynamical oscillations were not
received or were received late. This issues lead to erroneous estimations in some cases. The idea then would be, to detect the patterns that
allows the system to predict when the estimation has been erroneous,
and automatically repeat the estimation process.
Control Architecture
To conclude, regarding to the control architecture, the first step would
be to studying the model of the system and researching in novel control methods. It would be interesting to implement a control architecture in which the parameter tunning could be perform online or could
be directly derived from the dynamical model equations. Some examples of these kind of architectures were introduced in Section 1.3.
Besides, the dynamical model should be studied further to mathematically extract the limitations of the system, finding the combination
of number of quadcopters and their positions and orientations that
would not ensure stability.
Reinforcement Learning
The most interesting future research work related with the thesis is the
implementation of an online reinforcement learning algorithm. This
algorithm will have 2 main objectives: improve the estimated parameters of the proposed controller, and improve the estimation of the
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physical parameters. Both improvements would lead to a significant
increase in the final performance of the system.
Simulator
In order to improve the control architecture, or test different approaches,
it would be important to improve the simulator, adding a more accurate model of the IMUs in the selected quadcopters, and an improve
mapping between the motors applied voltage and the obtained thrust.
System Positioning
Moving forward to the system positioning approach, it would be interesting to experiment with different positioning sensors or modules,
such as camera-based estimators, as the ones used in [41]: This way, it
could be proven that their approach could be implemented but using
only one sensor, instead of having one in each quadcopter. Besides,
the different methods will have different characteristics, such as processing rates or precision, that need to be tested. Then, another future
task would be to determine the limitations of the proposed positioning studying the evolution of the latency as the number of attached
quadcopters increases, and how it affects the stability of the system.
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