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MODELING, IDENTIFICATION AND SIMULATION
OF A QUADROTOR USING REAL-TIME FLIGHT DATA

SUMMARY

Quadrotor is the name given to a special kind of aircraft of which thrust is generated
by four independent propellers. Although some manned quadrotors exist, most of the
quadrotors are unmanned aerial vehicles (UAV). This work is about mini unmanned
quadrotors so called quadrotor mAV.

Today, quadrotors are very popular for researcher for their great ability to hover and
vertical takeoff and landing (VTOL). Especially for defense industry applications,
rescue and exploration purposes they become a matter the choice.

In this work, operation principles of are given in details from an engineering point of
view. A detailed inertial frame based nonlinear dynamical model for plus-type
quadrotor is obtained using Euler Lagrange method. It contains gyroscopic torques as
well as Coriolis effects. After that, a body frame based nonlinear dynamical model is
obtained using Newton Euler method. The rotational part of the Newton Euler based
model is linearized to obtain a simpler model to use for the rest of this work. A motor
(driving a propeller) is also modeled as a nonlinear dynamical system.

For experimental parts of this work, Crazyflie quadrotor platform is used. Crazyflie
is a mini sized quadrotor that can be flown by a human operator via Crazyradio
wireless communication. To be able to collect real-time flight data, a telemetry
system is implemented as an add-on for Crazyflie quadrotor. Both the software and
the hardware are explained in details.

Real-time motor speed versus motor armature voltage data is collected. A grey box
model is defined and the parameters of the model are identified using prediction error
method (PEM).

Real-time flight data including attitude angles of the quadrotor versus motor
armature voltages is collected and the voltages are converted to motor speeds using
identified motor model. Grey-box models are defined for three Euler angles and their
parameters are found using PEM. Then as a black-box approach, auto regressive
exogenous (ARX) technique is used to identify linear models.

Finally, a simulation scheme using the identified model is designed and model
verification is done. A proportional, integral, derivative (PID) based controllers are
designed and the quadrotor simulation model is controlled with success.

XXi



xxii



BiR DORT ROTORLU HAVA ARACININ
GERCEK ZAMANLI UCUS VERISI iLE
MODELLEMESI, TANILAMASI VE SIMULASYONU

OZET

Dort rotorlu hava araci, yani quadrotor, itkinin dort bagimsiz pervane tarafindan
olusturuldugu 6zel bir hava araci tiiriine verilen addir. Temelde rotorlu hava araci
yani helikopter sinifinda yer almaktadirlar. Insansiz tiirlerini ucan robotlar olarak da
adlandirmak mimkiindiir.

Kullanim sekline gore temel olarak ikiye ayrilir. Insan kontrollii ve kendinden
kontrollii tiirleri vardir. Insan kontrollii olan quadrotorlar aracin igindeki bir stirticii
tarafindan veya uzaktan kontrol edilebilir.

Uzaktan bir insan tarafindan kontrol edilen veya kendinden otomatik olarak kontrol
edilen quadrotorlar insansiz hava araci siifina (IHA) girer. Uzerinde insan tastyan
ve o sekilde kontrol edilen sekilleri de mevcut olmasina ragmen genellikle insansiz
tiirleri daha yaygindir.

Quadrotorlar giiniimiizde savunma sanayi basta olmak iizere ¢ok yaygin kullanim
alanlarina sahiptir. Genellikle uzaktan insan pilotlar tarafindan ugurulurlar. Fakat
teknigin geldigi son noktada bazi kendinden kontrollii sekilleri de gelistirilmistir.

Kullanim alanlarina 6rnek vermek istersek, insanlarin ulagmasinin zor ya da tehlikeli
oldugu alanlar; magaralar, yikintilar, bina enkazlari, radyoaktif veya kimyasal madde
tehlikesi olan alanlar olabilecegi gibi, ulasmanin gii¢ oldugu yiiksek yerler, derin
cukurlar ve buna benzer yerler i¢in idealdir.

Baglica quadrotor kullanim alanlarinda biri de fotografcilik ve haritaciliktir. Havadan
kesif ya da Ol¢iim amagl fotograf ¢ekme imkani sunan quadrotorlar sayesinde bu
alanda biiyiik kolaylik saglanmistir.

Ornegin 2011 yilinda Japonya’daki Fukusima niikleer gii¢ reaktdriindeki radyoaktif
sizintt ve patlamalar sonrasinda, insan sagligina zararli durumlara sebebiyet
vermemek amaciyla insansiz hava araglar1 ve robotlar ile alan incelenmis, uzaktan
bilgi toplanmais, fotograflar ¢cekilmistir.

Quadrotorlarin savunma sanayinde de yaygin kullanimi vardir. Birgok biiyiik iilke
ordusu son yillarda bu araglardan ¢ok sayida alarak ya da iireterek biinyesine
katmustir.
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Savunma sanayindeki kullanim amaclarindan bahsetmek istersek, giivenlik amacl
olarak havadan fotograf ve video ¢ekme 6zelligi ile 6n plana ¢ikmaktadirlar. Hudut
giivenliginde insanlarla gézlemlenmesi zor olan genis alanlar, bu araglar sayesinde
stirekli takip edilebilmektedir.

Son yillarda kullanimlar1 o kadar yayginlasmistir ki, Amazon internetten alisveris
sirketi miisterilerine siparislerini bu araglarla havadan ulagtirarak bu alanda bir ilke
imza atmuistir.

Bu calismada mini quadrotor sinifinda yer alan Crazyflie quadrotorun modellenmesi,
gercek zamanli ugus verileri kullanilarak model parametrelerinin kestirimi, son
olarak da bu modelin bilgisayarda benzetimi yer almaktadir.

1. boliimde quadrotor hava araglar1 tamitilmis, kullanim alanlari, tarihgesi, ¢esitleri
anlatilmistir. Daha sonra kapsamli bir literatiir taramasi yapilarak, quadrotor tasarimi,
modellemesi, sistem tanilamasi ve kontrolii alanindaki One ¢ikan calismalar
incelenmistir.

2. boliimde quadrotor hava aracinin yapisi ve ¢alisma mantigr anlatilmis, hareket
cesitleri ve nasil yonetildikleri incelenmistir.

3. boliim quadrotor modellemesi tizerinedir. Quadrotor 6 serbestlik derecesine sahip
bir aractir. Ayrica havada hareket ettiginden dogrusal olmayan ve yiiksek mertebeden
bir dinamige sahiptir.

Literatiirde quadrotor modelleri temel olarak ikiye ayrilmaktadir; Newton Euler
tabanli modeller ile Euler Lagrange temelli modeller. Bunlara ek olarak bazi
kaynaklarda yer alan Quaternion tabanli modeller de mevcuttur. Saydigimiz tiim
modeller dogrusal olmayan modellerdir.

Bu c¢alismada once aerodinamik etkileri ve jiroskop momentlerini igeren Euler
Lagrange tabanli, kapsamli bir model yer almaktadir. Yer koordinat ekseni tabanl
olan bu model o6telemeli ve dongiisel model olarak iki alt modelde incelenmistir.
Otelemeli kisim sade olmasma karsin déngiisel kisim olduk¢a uzun ve karmasik
denklemler icermesi sebebiyle kullanimi bazi varsayimlar olmadan zordur.

Bu c¢alismadaki bir diger model ise Newton Euler tabanli daha basit fakat yine
dogrusal olmayan bir modeldir. Bu model aslinda gévde koordinat eksenine gore
elde edilmesine ragmen baz1 gergek¢i kabuller sayesinde yer koordinat sistemine
aktarilmistir.

Her iki model de karmasik bulunmustur. Bu sebeple modelin 6telemeli kismi oldugu
gibi brrakilirken, dongiisel kismi dogrusallastirilmig, bdylece c¢alismanin geri
kalaninda kullanilacak olan basit bir quadrotor dinamik modeli elde edilmistir.

Quadrotor iizerinde ayrica dort adet motor-pervane ¢ifti yer almaktadir. Dinamik
modelin gercege yakin olabilmesi motor dinamik modelinin dogrulugundan
gecmektedir. Bu sebeple elektrik motorlar1 ve pervane yiikii dogrusal olmayan bir
dinamik denklem olarak ifade edilmistir.

Tiim model, 4 adet motor modeli ve quadrotor dinamik modeli birlestirilerek elde
edilmektedir.

4. bolimde deneysel calismalarda kullanilacak olan quadrotor donaniminin
gereksinimleri anlatilarak, bu dogrultuda yapilan ¢aligmalara yer verilmistir.

Bu calismada Crazyflie ismindeki mini quadrotor altyapisi1 kullanilmistir. Crazyflie
avug i¢ine sigacak boyutta, lizerindeki ARM Cortex-M mikroislemcisi ile yiiksek
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basarimli yerlesik kontrolcliye sahip, Crazyradio ismindeki kablosuz haberlesme
altyapisi ile bir bilgisayar lizerinden kontrol edilebilen quadrotor platformudur.

Crazyflie quadrotorun yazilim ve donanim yapisi ayrintili olarak incelenmistir.

5. boliimde anlatildigi gibi, Crazyflie lizerine, uzaktan gercek-zamanli veri toplama
amacli bir telemetri sistemi tasarlanmis ve {iiretilmistir. Bu sistem 2.4GHz radyo
frekansinda calisarak, quadrotor dinamik sistemine iligkin pek ¢ok veriyi yiiksek
ornekleme hizinda kumanda bilgisayarina aktarmaktadir.

Bu boliimde telemetri sisteminin yazilimi ve donanimsal yapisi ayrintili olarak
islenmistir.

6. boliimde quadrotor {izerinde kullanilan ivmedlger ve jiroskop sensdrleri anlatilmis,
cikislarinin nasil islenecegine deginilmistir.

7. boliimde ilk olarak toplanan gercek zamanli verilerin anlamli hale getirilmesi yani
islenmesi daha sonra model tanilama ve parametre kestirimi ¢calismalar1 anlatilmistir.

Oncelikle motor hizinin armatiir gerilimine goére degisimini temsil eden veriler
toplanmig, bu veriler islendikten sonra gri-kutu olarak verilen sistem modeli
tizerindeki parametreler kestirim hatas1 yontemi kullanilarak elde edilmistir.

Sonrasinda quadrotordan egim agilarinin motor armatiir gerilimlerine gére degisimini
temsil eden, gercek zamanli veriler, ucus esnasinda toplanmistir. Motor giris
gerilimleri yine bu boliimde kestirilmis olan motor modeli sayesinde motor hizlarina
cevrilmistir.

Egim agilarinin motor hizlarina gore degisimini temsil eden veriler kullanilarak, gri
kutu yaklagimi ile verilmis olan quadrotor modeline ait parametreler, kestirim hatasi
yontemi ile kestirilmeye ¢alisilmistir.

Sonrasinda ARX yaklasimi ile model tanilama yapilmis, c¢esitli model mertebeleri
icin dogrusal modeller elde edilmistir.

8. boliimde elde edilen model ile bir benzetim olusturulmus ve model dogrulamasi
yapilmistir. Daha sonra bir PID kontrolcii ile model test edilmis, boylece daha
sonraki kontrolcii tasarim c¢alismalar1 icin bu altyapimin kullanilabilecegi
ispatlanmugtir.

9. bolimde yapilan caligmalar iizerine yorum yapilmis ve cesitli Oneriler ele
alinmustir.

XXV



XXVi



1. INTRODUCTION

Quadrotor is a vertical takeoff and landing (VTOL) aerial vehicle that has four
rotors. There are manned and unmanned quadrotor types. Especially, the unmanned

quadrotors gained a big popularity today.

This work is about mathematical modeling, identification and simulation of a
quadrotor unmanned aerial vehicle (UAV), based on real-time flight data that is

collected from a modified mini-sized quadrotor.

Now, brief information on unmanned aerial vehicles and quadrotors will be given.

1.1 Unmanned Aerial Vehicles

Unmanned aerial vehicles (UAV), so-called drones, are remote piloted or

autonomous vehicles with no pilots onboard.

The first versions were built during World War 1, generally in missile form. Some of

them were radio controlled and some of them have mechanical gyroscopes.

With the rapid improvements in electronic systems, especially the sensor and
microcontroller technologies, UAVs become more and more powerful. Today, most

of the world armies are using remote controlled drones (Figure 1.1).

Figure 1.1 : MQ-9 Reaper UAV.



1.2 Quadrotors

The first quadrotors appeared in early 20" century and all of them were manned.
Louis Breguet designed a four-rotor aerial vehicle, Gyroplane No.1, that is powered
by a piston engine in 1907 but the result was not good. In 1920, Etienne Oehmichen
built a quadrotor, Oehmichen No.2, which was the first stable and controllable
rotorcraft. Oehmichen No.2 (Figure 1.2) completed a test flight successfully.

Figure 1.2 : Oehmichen No.2.

In 2000s, the unmanned quadrotors become very popular especially for their ability

to hover, which enables aerial photography.

There are too many commercial products available on the market today. Some of the
well-known models are; AR. Drone from Parrot, Phantom from DJI, Hummingbird,
Pelican and Firefly from Ascending Technologies. In addition some military versions

are available i.e. Indago from Lockheed Martin (Figure 1.3).

(©
Figure 1.3 : (a) AR.Drone, (b) DJI Phantom, (c) Firefly, (d) Indago.
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1.3 State of the Art

Quadrotor UAV’s have become very popular to scientists for last few decades. It is
possible to say that the first mini quadrotor concept works started to appear in early

2000s and then it turned into a development race. Some recent works will be given.

- .’ =~
Figure 1.4 : Mesicopter Project.

In 2000, Kroo et al ([1], [2]) from Stanford University has started Mesicopter Project
(Figure 1.4) and built a centimeter scale quadrotor. Although the first prototype was
controlled by a passive control mechanism, they implemented a visual CMOS

camera feedback to control the quadrotor afterwards.

In 2002, Hamel et al. [3] presented a Newton-Euler based, body frame quadrotor
model as well as the lift and reactive torque models of the rotors. They also

controlled their model using a backstepping controller.

In 2002, Altug et al. ([4], [5]) controlled a quadrotor helicopter (Figure 1.5) using a
stationary camera to give visual position and orientation feedback. Backstepping and
feedback linearization techniques are applied to a cross-type quadrotor model. In
2003, Altug et al. also worked with dual camera feedback control.

Figure 1.5 : Work of Altug et al.



In 2004, Hoffmann et al. [6] from Stanford University developed STARMAC
(Stanford Test bed of Autonomous Rotorcraft for Multi-Agent Control) (Figure 1.6)
based on Draganflyer Il quadrotors. They replaced the onboard electronics of the
Draganflyer with a dual PIC microcontroller based controller board, which has also
IMU, GPS and ultrasonic range sensor. Then they applied sliding-mode feedback

controller.

Figure 1.6 : STARMAC from Stanford University.

In 2004, Tayebi et al. [7] presented quaternion based PD? feedback controllers to
compensate the Coriolis and gyroscopic torques exists on a quadrotor. The work

showed that the proposed controller maintains exponential stability.

In 2004, Castillo et al. [8] presented a Lagrange based inertial frame quadrotor model
and implemented a Lyapunov based controller then proved global stability of the
closed loop system. They also implemented the controller to Draganflyer 111 (Figure

1.7) quadrotor platform.

Figure 1.7 : Castillo et al.

In 2004, Mokhtari et al. [9] presented a dynamical model for a quadrotor and

evaluated it as decoupled subsystems. They used a feedback linearization based
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controller for the rotational subsystem and used an estimator for the translational
components because of imprecise measurements. Mokhtari et al. [10] modeled
actuator saturation case of a quadrotor and applied a robust, linear Hoo controller in
2005.

In 2004, Bouabdallah et al. [11] presented yet another quadrotor, OS4. A Newton-
Euler based dynamical model is evaluated as two subsystems and a Lyapunov based
control law is presented. In addition, they tried to implement the controller on a 3

axes locked test bench without success.

In 2005, Bouabdallah et al. [12] equipped their OS4 platform with a single board
computer to gain enough processing power and applied backstepping and feedback
linearization based control approaches to that platform.

In 2005, Mahony et al. [13] worked on sensor fusion algorithms and presented a
nonlinear complementary filter to combine gyroscope and accelerometer sensors that
widely used on unmanned quadrotors and other unmanned aircrafts. They also
presented on-line bias estimation algorithm for gyroscope data.

In 2006, Pounds et al. [14] developed the X-4 Flyer quadrotor platform (Figure 1.8)

and implemented onboard controller to use on it.

Figure 1.8 : The X-4 Flyer used by Pounds et al.

In 2007, Bouabdallah et al. [15] equipped their OS4 quadrotor (Figure 1.9) with a
controller board equipped with a camera system and sonar distance sensors featuring
autonomous take-off, hover, landing and collision avoidance. They used integral

backstepping based controller.
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Figure 1.9 : Works of Bouabdallah et al. (a) in 2004 (b) in 2007.

In 2008, Bresciani [16] designed a quadrotor platform (Figure 1.10) using Newton-
Euler based body frame model. He used different methods to identify the quadrotor
constants including propeller lift measurement, rotor and body inertia calculation and
motor series resistance. The designed quadrotor was equipped with infrared and

sonar distance sensors as well as inertial measurement unit.

Figure 1.10 : Quadrotor designed by Bresciani.

In 2008, Petersen et al. [17] worked on modeling and identification of Draganflyer
X-Pro (Figure 1.11) quadrotor. They presented a cascade quadrotor model that
consists of motor dynamics and quadrotor dynamics. To identify the whole system,
firstly they identified a linear motor model using ARX estimation approach based on
measured motor speed versus PWM input data. Then to estimate the lift and torque
constants of the propellers, they placed the quadrotor to a workbench that locks all

axes except one, measured generated force versus motor speed and fitted curves for



the unknown parameters. Finally, they implemented a PID controller as well as a

pole placement controller.

Figure 1.11 : Draganflyer X-Pro used by Petersen et al.

In 2009, Hussein et al. [18] designed a quadrotor and created its full featured CAD

model, then calculated the model constants using the CAD software.

In 2010, Luo et al. [19] used Bouabdallah’s OS4 Simulator Platform that takes
throttle as input and gives attitude and position output. They identified the altitude of
the closed-loop simulator using a first order plus time delay ARX model. Finally,
they applied different configurations of PID controllers to the identified model and

compared the results.

In 2011, Stanculeanu et al. [20] presented yet another quadrotor platform (Figure
1.12) and collected real-time attitude angles versus command input data from the
closed-loop system. Then they identified the quadrotor dynamics as a linear state

space model using prediction error method (PEM).

Figure 1.12 : Work of Stanculeanu et al.
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In 2012, Falkenberg et al. [21] worked on a quadrotor platform using Newton-Euler
based model and calculated the lift and torque constants using blade element
momentum theory. Then they fixed the quadrotor axes to a test bench and collected
closed-loop input-output data to identify a grey-box quadrotor model. Because of no

detailed explanation is given, the identification method is unknown.

In 2012, Rich [22] worked on a GAUI 330X-S quadrotor platform. He used several
systematic measurement techniques to find the model parameters including the visual
feedback and wireless communication delays as well as the lift, drag and moment of
inertia constants. Afterwards he used a nested-loop PID controller and a LQR

controller.

In 2013, Vanin [23] built an Arducopter quadrotor (Figure 1.13) then modeled it via
Newton-Euler approach and linearized the model. He collected attitude angles versus
throttle input data of the quadrotor through the motion capture cameras, which are
placed around the lab. Then he used the prediction error method (PEM) to identify a
linear output error (OE) model of the quadrotor but its performance was quite
limited. He implemented a PID controller and tuned its parameters fixing the
quadrotor to a test bench. Finally, he implemented a collision avoidance algorithm

thus, enabled autonomous flight.

Figure 1.13 : Arducopter used by Vanin.

In 2014, Li et al. [24] from Delft University of Technology worked on an AR. Drone
2.0 quadrotor (Figure 1.14) while a camera based motion capture system was already
available in the lab. They presented a Newton-Euler based cross-type quadrotor
model and calculated moment of inertia constants of the body and the propellers.



They used motor speed sensors to read motor speed versus throttle input data to
obtain motor parameters using the least squares method, then measured the lift and
drag coefficients locking the quadrotor axes. Finally, they used attitude angles versus
throttle input data to identify a Box-Jenkins (BJ) based linear model using prediction
error method (PEM).

Figure 1.14 : AR. Drone 2.0 used by Li et al.
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2. QUADROTOR MOTION PRINCIPLES

A quadrotor is a rotorcraft vehicle that is capable of hovering, vertical take-off and
landing, as well as four-way (forward/backward/sideward) flight. The lift is

generated by four propellers.

Unlike most rotorcrafts, quadrotors use fixed pitched propellers. A couple of the
propellers rotate clockwise (CW) as the other couple rotates counter clockwise
(CCW). The angular velocity variations between the propellers cause lift and torque

thus motion.

There are two different configurations (Figure 2.1) used for quadrotor flight; plus-
type configuration and cross-type (x-type) configuration. For photography cross-type
configuration is more popular as the propellers can be kept out of the screen and for
sport flying, plus-type configuration is better because of being like an airplane and

easier to fly [25]. These configurations are given in the following figure.

Forward

> >
OIENOIC
O e

D @

(@) (b)

Figure 2.1 : (a) Plus-type and (b) cross-type configurations.

In this work, plus-type configuration is used because of its simplicity and quasi-

decoupled dynamic behaviors.
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2.1 Hovering

Hovering, take-off and landing are done thanks to the lift generated by the propellers.

All of the rotors contribute to hover as their total thrust generates lift.

2.2 Forward and Backward Flight

Forward and backward flight requires angular tilt, which means horizontal thrust.
When the angular velocity of M3 is slightly greater than M1 the quadrotor tilts and

flies forward. When the angular velocity of M1 is greater than M3 it flies backward.

2.3 Sideward Flight

Sideward flight also requires angular tilt. When the angular velocity of M4 is slightly
greater than M2, the quadrotor tilts and flies to right and for the opposite it flies left.

2.4 Direction

Each propeller generates a reaction torque due to the moment of inertia of its rotor
and air friction. As described before, front and back propellers rotate counter
clockwise generating clockwise torque while the others rotate clockwise generating

counter clockwise torque.

Therefore, if total torque generated by M1 and M3 is greater than the torque
generated by M2 and M4 the quadrotor body starts to rotate clockwise. And for the
opposite condition it rotates counter clockwise. This principle is shown below
(Figure 2.2, taken from [26]).

Front

(a) (b) (©)
Figure 2.2 : (a) Hover, (b) backward flight and (c) clockwise rotation [26].
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3. QUADROTOR MODELING

A quadrotor has 6 degrees of freedom (DOF) and high order dynamics causing a
nonlinear mathematical model. Also some coordinate frames and transformations are
required to describe its position and orientation. A detailed mathematical model of a

quadrotor will be given in this chapter.

3.1 Quadrotor Model Overview

The high order dynamical model of a quadrotor should be separated to the following

lower order subsystems.

e Motor dynamics,
e Quadrotor body dynamics,
o Translational dynamics,

o Rotational dynamics,

The following block diagram (Figure 3.1) represents the structure that offers great
simplicity and independence of the subsystems.

= - o S S S S S S S B e S B B B B B B B B e B e e e e e . —
: Quadrotor Dynamics |m—mmm e e - - - " :
I I Body Dynamics |
I I L
I Motor R - _ i
| _ T Al Translational | 1 |
Dynamics 1
1 1 : |
_ Dynamics I
I I ||  Rotational | :
1 1
I | Dynamics )
I . I
e e - 4

Figure 3.1 : Quadrotor dynamic model overview.

All of the blocks seen in the diagram will be explained in the following sections of

this chapter.
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3.2 The Inertial Frame

The position and orientation of the quadrotor will be given relative to a fixed
coordinate frame, which is called the inertial frame. The X and Y axes of the frame
are placed parallel and coincident to the ground while Z axis is pointing upwards in a

right handed configuration.

This configuration is also described by East, North, Up (ENU) coordinates.

{2 (x,v,z) ER3 (3.1)

3.3 The Body Frame

The mobile frame placed to the center of gravity of the quadrotor is called the body
frame. The Xg axis points the forward direction of the quadrotor, the Yg axis points

to the left and the Zg axis points up in a right-handed configuration (Figure 3.2).

Zp

Figure 3.2 : Reference frames, rotation angles and rotation rates.
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3.4 Euler Angles

The most important problem in quadrotor control is its orientation in space. The

well-known Euler angles representation is suitable for this purpose.

n@,0,¢)eR? (3.2)

The Euler angles ¢ (roll), ¥ (pitch) and ¥ (yaw) are the rotation angles about the

axes X, Y and Z respectively (shown in Figure 3.2).

3.5 Euler Rotations

The fundamental rotation matrices [27] that transform an orientation from the body

frame to the inertial frame are given below.

1 0 0

R, (¢p) =|0 Cos¢ —Sincl)] (3.3)
[0 Sing Cos¢
[ Cos6 0 Sinf

R, (0) = 0 1 0 ] (3.4)
[—Sin6 0 Cos6
[Cosy —Sinp O

R,(¥) = |Siny Cosy O] (3.5)
L 0 0 1

The yaw-pitch-roll (YPR or ZYX) composite rotation matrix [27] that transforms an
orientation from the body frame to the inertial frame is given below.

R(¢,6,9) = R,(¥)Ry(6)Ry(¢)

CosOCosy CosySindSing — CospSiny  CospCosypSing + SingSiny (3.6)
= |Cos6Siny CospCosy + SinBSingSinyy —CosypSing + CospSinfSiny
—Sin6 CosOSing CosOCos¢

It is also possible to write an inverse rotation matrix by simply transposing [27] the
matrix (3.6).

R™(¢,0,9) =R"(¢,6,9) (3.7)
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3.6 Angular Velocities

It is also required deal with the angular velocities (attitude rates) of the quadrotor.

The angular velocities p, g and r are shown in Figure 3.2.

N2(,qr)€ERS (3.8)

3.7 Angular Rate Transformations

The matrix that transforms the angular rates from the inertial frame to the body frame
Is obtained below [28].

¢ 0 0
Q=wym=|o|+R ' (p)|0|+R(PIR()]0
0 0 Y (3.9)
1 0 0 1ro1 11 0 0 1[Cos6 0 —Sind][0
=lo|+]|0 Cos¢p Sing||lg|+|0 Cos¢ Sind)H 0 1 0 ”0]
0 0 —Sing Cos¢llo 0 —Sing CospllSind 0 Coso 1LY
1 0 —Sin6
W, = [O Cosp Cos@Sinqb] (3.10)
0 —Singp CosOCos¢p

It is also possible to write an inverse transformation matrix by inverting matrix
(3.10).

1 SingTan6 Cos¢pTanb
0 Cos¢ —Sing
0 SecBSingp CospSech

= Wi = 0 (3.12)

3.8 Thrust Generation

All motor on the quadrotor contribute to the main thrust (lift) relative to their angular
velocities. It is possible to say that the motor M; produces the force fy;, which is
proportional to the square of the angular speed [29] and the total thrust is the sum of

the individual thrusts.
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fui £ ko (3.12)

fo = 2fumi (3.13)

The main thrust vector (Figure 3.3) acts upwards on the Z axis of the quadrotor body

and is shown below.

FB=[g]=[ 8 ] (3.14)

Figure 3.3 : Forces generated by the motors and their speeds.

3.9 Torque Generation
All of the quadrotor maneuvers are done thanks to the torques generated by the
motors as described in chapter 2.

The differences in motor M2 and M4 thrusts i.e. different angular velocities causes a
torque is about the X axis of the body frame. Similarly motor M1 and M3 causes a

torque about the Y axis of the body frame (Figure 3.4).

17



Figure 3.4 : Torques generated by the motors.

Tp = fua — fmz (3.15)

To = fmz — fm1 (3.16)

The torque acting about the Z axis of the body frame is relative to the air drags and
the moment of inertia of the rotors. The air drag acting on one of the motors’ blades
is given below where p is the air density, A is the frontal area of the blade and r is its
radius [29].

1
Tarag = EpArsz 2 pw? (3.17)

If the rotor moment of inertia is I, the torque equation for one of the motors is given

below.
Tyi = Ly + bwiy; (3.18)
As the rotor speed is quasi-stationary [29], equation (3.18) becomes;
Tyi = bw?; (3.19)

Finally knowing that the motors M1 and M3 generates clockwise torque while M2
and M4 generates counter clockwise torque the equation below gives the torque

acting about Z axis of the body frame.

Ty = b(—wipy + Wiy — w3 + Wiyy) (3.20)
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Gathering, the torque vector acting about the body axes is given below.

Ty k(wie — Wir2)
e [Tel = k(wirs — wig1) (3.21)
Ty

2 2 2 2
b(—wy + Wiy — Wiz + Wiye)

3.10 Inertial Frame Model

An Euler-Lagrange modeling approach will be used to obtain the inertial frame based
quadrotor model. The 6 DOF generalized coordinates vector is obtained by

combining the translational and rotational components.

q2n=xyz160,¢) €ER® (3.22)

The Lagrangian is made up translational and rotational kinetic energy and potential

energy.
L(Q: Q) = Ttrans + Trotational — Upotential (323)
The Euler-Lagrange equation is given below.
HE 4 (a_L> _oL (3.24)
T dt\dq dq
3.10.1 Translational motion
Translational kinetic energy of a quadrotor is given below.
L (3.25)
Tians = Em( ¢ ’
Potential energy is given below. Luckily, it has no rotational components.
0
Upotential =mg¢ (0| = mgz (3.26)
1

The generalized force comes from the main thrust and it is given relative to the body

frame before. It will be transformed to the inertial frame by the rotation matrix.
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U 2 kYw?,; (3.27)

Cos¢pCospSind + SingSiny
F = RFy = U|—CosySing + Cos¢Sin8Sinp (3.28)
CosBCos¢

Finally gathering all together;

Lirans ((' () = Ttrans — Upotentia (3.29)
. 1 ...
Ltrans({: () = Em(T( —mgz (3.30)
F = i aLtrfms _ OL¢rans (3.31)
at\" ¢ o7
X 0
F=m{—mg [o (3.32)
1

After some arrangements, the nonlinear translational dynamics are obtained below.

mx = U(CospCosypSing + SingSiny) (3.33)
my = U(—CosySing + Cos¢pSinfSiny) (3.34)
mZ = U(CosOCos¢p) — mg (3.35)

3.10.2 Rotational motion

It can be said that a traditional quadrotor body is symmetrical for Xg, Yg ang Zs axes.

Thus, its moment of inertia matrix will be symmetrical.

I, 0 0
[=|0 L, 0 (3.36)
0 0 I,
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Rotational kinetic energy of a quadrotor is given below.
1 7 (3.37)
Trotationat = EQ 10 '

Angular rate transformation matrix could be used to write the Jacobian.

]2 W, IW,=
Lex 0 —I,,Sinf (3.38)

0 I, Cos?¢ + I,,Sin*¢ (Iyy — I,;)CosBCospSing
—LxSinf (I, — I,;)Cos0Cos@pSing L, Sinb* + Cosf?(I,,Cosp? + 1, Sing?)

Now the expression (3.37) could be written explicitly.

1 _
Trotational = 511" Wy Wy (3.39)

1.
Trotational = EUT]TI (3'40)

The generalized torque vector is given before and it is the same for the inertial frame.

Uy
U,
Us

=T=1p (3.41)

The Euler-Lagrange equation becomes;

Lrotational(n' TI) = Trotational (3'42)
T = i (aLrotafional) _ aLromtional (343)
dt an on
4 19 .42
T=Jii+ = —E%(U Jm)

It is possible to group (3.44) by the Coriolis term that includes the gyroscopic and

centripetal forces [30].

T =Jij + Cn, 7 (3.45)
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After some arrangements, the nonlinear rotational dynamics are obtained below.

Uy + (—Iyy + 1zz)Cos¢Sing8'?
+CosO(Ixx + (Iyy — I1zz)Cos2¢)0"y’
+(lyy — 1zz)Cos6%CospSingy'”

U, + (Iyy — 1zz)Sin2¢0' ¢’
Jij = +CosOy' (—(Ixx + (Iyy — [zz)Cos2¢) ¢’ (3.46)
+Sinf(Ixx — 1zzCosp? — IyySinp?)y")

1
Us + 3 ((Iyy — 1z2)Sin8Sin2¢0'* + 2(—Iyy + 1zz)Cos62Sin2¢d'y’

+2C0s00' ((Ixx + (—Iyy + 1zz)Cos2¢) ¢’
+(—2Ixx + Iyy + 1zz + (—1yy + 1zz)Cos2¢)Sin6y"))

To simplify the model the following assumption [6] will be reasonable.

L, 0 0
Ié[O Ly 0] (3.47)

(U, + IxxSindb(Cosq_’)H’2 + 2Cos0Sing8'yY" — COSQZCOS(PIIJ’Z)_
Jif = U, — Ixx(Sin2¢p0'¢p’ + CosOy’ (2Sing?¢’ + Cosp2Singy")) (3.48)

Us — IxxCos$SindSing0'* + IxxCosH2Sin2¢p"y’
+2IxxC0s0CosPp?8' (¢’ + Sinby")

Although some simplifications are made, the inertial frame rotational model is still

too complicated to go with.

3.11 Body Frame Model

As the translational part of the body frame model is the same as of the inertial frame
model (3.33) (3.34) (3.35), only the rotational part will be given.

Body frame model is constructed based on a Newton-Euler approach [31] which is

given below, where I,. represents the total moment of inertia of a rotor,
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Q=1-0xI0—-10X

0
0] (3.49)
w

w=—wy; +wy; —Wyz + Wy, (3.50)

After substitutions and some arrangements, the body frame rotational model will be

obtained as follows.

Ixx Ixx Ixx
g = & Iz — Ly pr +I—rpa) (3.52)
Iyy Iyy Iyy
pols el (3.53)
IZZ IZZ

If the Euler angles ¢, 8,1 assumed to be small [32], then expression (3.54) will be

reasonable.

n=N (3.54)

Now the body frame angles can be replaced with the Euler angles. Thus, the body

frame nonlinear model is obtained.

mx = U(CospCosypSing + SingSiny) (3.33)
my = U(—CosySing + Cos¢pSinfSin) (3.34)
mZ = U(CosOCos¢p) — mg (3.35)
=Lyl Iy (3.55)

Ixx Ixx Ixx

. Uy Ly—Ly .. I .

0 = —2 + 2z xx dnl) + _rd)w (356)

Iyy Iyy Iyy
g=Ps ety g (3.57)

]ZZ IZZ



3.12 Simplified Model

The nonlinear quadrotor model obtained before includes gyroscopic effects and
moment of inertia of the motors. To simplify the model they can be assumed small

and neglected [32]. The most basic quadrotor model is given below.

mX = U(Cos¢pCosySinO + SingSiny) (3.33)
my = U(—CosySing + Cos¢pSin6Siny) (3.34)
mZ = U(CosBCos¢p) —mg (3.35)
b = IU_l (3.58)
=2 (3.59)

lyy
b= IU_3 (3.60)

The rotational part is linear but the translational part is still nonlinear.

3.13 State Equations

To simplify a controller design, it will be useful to represent the model using state
equations. There are 6 DOF, thus 6 second order equations are found previously. The

whole model can be represented using the 12 state variables given below.
xlzd), xZ :9., x3:1j), X4:¢, x5:9, x6:lp (361)

x7 == ).C, x8 == y, xg == Z, xlo =X, x11 == y, x12 =Z (3.62)
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When the state variables are substituted into the model, following state equations that

represent the quadrotor dynamics will be obtained.

Nt
x1 =

Ixx
.U
Xy = —

Iyy
. _Us
x3 = -

IZZ
X4 == xl
5('5 =X,
).CG = X3

Xy = — (Cosx4CosypSinxs + Sinx,Sinxg)
.U . . .
g = — (—CosxgSinx, + Cosx,SinxsSinxg)

U
X9 = — (CosxzCosxy) — g

X10 = X7
X11 = Xg
X12 = X9

3.14 Model Decoupling

(3.63)

(3.64)

(3.65)

(3.66)

(3.67)

(3.68)

(3.69)

(3.70)

(3.71)

(3.72)

(3.73)

(3.74)

When the state equations are inspected, it can be clearly seen that the rotational part

of the model (equations (3.69) to (3.74)) does not depend on the translational part

(equations (3.69) to (3.74)) while the translational part depends on the rotational part.

Using this property, the model can be inspected as two subsystems [15] (Figure 3.5).
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u,én > Translational >5
Uy, Uz, Uz, m > Rotational > n

Figure 3.5 : Decoupled model.

3.15 Motor Model

The most important component that affects the whole system dynamics is the motor.
Although different kind of motors are used in different quadrotor types, a generalized

DC motor model will be sufficient to cover most of them.

3.15.1 DC motor model

A quadrotor model can be taught as an armature controlled DC motor driving a
propeller. The following diagram (Figure 3.6) will be used. There is no inductance

modeled to keep the model as simple as possible.

K, I

Figure 3.6 : Motor model.

The torque, load torque and back EMF relations are given below, respectively.

T, = kLwIZVI (376)
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Then using Kirchhoff’s voltage law the following equation can be written.

Va = knuwu (3.78)

L= R

And the torque equation is given below where ki, is the total load coefficient of the

propeller, and the load is relative to the square of the motor speed [4].

k,=k+b (3.79)

After substitutions, the following model is obtained.

ke, _kukr _ky

for ks (3.81)
RL, @  “RI, ‘M “M

d)M=

If x is chosen as the only state variable and the input is u, then the following first

order, nonlinear state equation is obtained.

X = agu — a1 X — a,x? (3.82)

3.15.2 Driver stage

This work will cover a real time quadrotor platform. Thus, modeling a simple DC
motor driver stages is required. In real-time systems, the most basic structure is pulse

width modulation (PWM) based single switch driver (Figure 3.7).

A
) Perid === A—-——"—>4~——-
Timer Value
Duty Fx¥/—=-q4=/4-- - -
} } } > t
1 (I (I
v\ 1 1
v 1 (I (I
PWM Output on
Vmean e —— — —— -—- - t
h'ad — -
Duty Period

Figure 3.7 : PWM signal.
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PWM is a high frequency (20kHz to sub-MHz) signal of which on-time (duty) is
controlled by a periodical timer. The frequency of PWM signal is higher than the
load (in this case a motor) can catch up. Thus, only a mean voltage is seen by the
load.

The PWM driven single switch motor driver is shown below (Figure 3.8).

Vewm ___)\

VSupply

Vmotor

Figure 3.8 : Single switch motor driver.

The mean voltage applied to the motor is given by the equation below, where duty is
a ratio which is not greater than unity.

0<Duty<1 (3.83)

Vimotor = VSupply * Duty (3.84)
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4. HARDWARE PLATFORM

One of the goals of this work includes experimental real-time data collecting. For

that purpose, a quadrotor platform is used.

4.1 Hardware Requirements

There are several quadrotor platforms readily available in the market. The
requirements for the experimental platform may be listed as follows.

e Auvailable for indoor use,

e Ready to fly,

e Small in size,

e Inexpensive,

e Accessible spare parts,

e High performance microcontroller,
e Low-level programming available,
e High precision sensors,

e Efficient motors,

e High quality propellers,

e Computer connectivity,

4.2 The Crazyflie Platform

Crazyflie mini quadrotor (Figure 4.1) platform is chosen as it meets all of the

requirements.

o Small and lightweight, only19g,
e 90mm motor to motor distance,
e Flight time up to 7 minutes,

e Open-source design,

¢ Single microcontroller reduces model complexity,
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e Spare parts included (Figure 4.2),

e Remote control over compulter,

Figure 4.1 : Crazyflie.

Figure 4.2 : Crazyflie parts.

4.3 Structural Overview

Crazyflie platform consists of the following parts, which are also illustrated below
(Figure 4.3).

o Crazyflie quadrotor itself,
e Crazyradio radio link,
e Computer running Crazyflie client software,

e 4-axis analog Joystick.

User controls Crazyflie using a 4-axis analog joystick, which is connected to a
computer running Crazyflie Client Software. The software receives input commands
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from the joystick over USB and sends them to Crazyradio wireless transceiver that is

communicating to Crazyflie quadrotor. The Quadrotor responds to Crazyradio with
an acknowledgement message.

A
8=

Crazyflie ﬁ

Computer k Crazyradio

Joystick Client Software

Figure 4.3 : The operating scheme.

4.4 Onboard Electronics

Crazyflie hardware may be inspected in sub partitions; power circuitry, sensors,
microcontroller, actuators and radio transceiver circuitry. The onboard electronics

block diagram is given in the following figure (Figure 4.4, taken from [33]).
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On/Off

Li-Po (| pep [l

A%
Power Mangment SPI 24 GHz
MUSB and Charging Radio
D28 A2E8Y

SFIADC
USE UART/I2C

Protection P POWER

Motor drivers Expansion
X4 header

Brushed corless
motors

Figure 4.4 : Quadrotor electronics overview [33].

3-axis Gyroscope and 3-axis accelerometer sensors are integrated into a single
package. The pressure sensor and 3-axis magnetometer are optional and not included

in our platform. Thus, only 6 degrees of freedom sensing is available.

The expansion header is used for telemetry and speed-sensing add-on circuits, which

will be explained afterwards.

4.4.1 Microcontroller

An onboard, high performance STM32F103 microcontroller controls Crazyflie. Its

basic features are:

e 32-bit ARM Cortex-M3 architecture,
e 72MHz core speed,

e Low power operation,

e 128kB Flash,

e 20kB RAM,

e 37 x GPIO pin,

e 4 x 32-bit Timer,
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e 10-channel, 12-bit ADC,
e 2 x I’C/SPI communication interface,
e Full speed USB,

The microcontroller is responsible for all of the real-time tasks; reading the sensors,
data filtering and sensor fusion, control input reception from Crazyradio, running a
closed-loop controller and driving the actuators with respect to control loop, charging

the lithium-polymer onboard battery.

The software running on this microcontroller will be explained in details afterwards.

4.4.2 Sensors

Inertial measurement sensors are crucial for a quadrotor platform. Crazyflie has
single—chip, high-precision MPU6050 sensor of which block diagram is shown
below (Figure 4.5, taken from [34]).

MPU-6000
MPU-6050 Application

Processor

I*C or SPI (MPU-6000 only)
Figure 4.5 : MPUG6050 block diagram [34].

It is a micro-electro-mechanical sensor offering 6 degrees of freedom inertial
sensing, which is required for the quadrotor to stabilize in the air. The sensor hosts a
3-axis MEMS accelerometer as well as a 3-axis MEMS gyroscope of which axes are

illustrated below (Figure 4.6, taken from [34]).

Figure 4.6 : MPU6050 axes [34].
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4.4.2.1 Accelerometer

Accelerometers are one of the most common inertial measurement sensors. MEMS
based accelerometers are widely used by unmanned vehicles and mobile devices. An

accelerometer measures the proper acceleration, so called the g-force.

The operation of a MEMS accelerometer is based on displacement of a proof mass
placed in a silicon chip and suspended by small beams. It works in consistence with

Newton's law of motion. [35]

The proof mass carries capacitive fingers, which causes capacitance change while the
proof mass moves. An example MEMS accelerometer is given below (Figure 4.7,
taken from [36]).

MASS SPRING APPLIED
ACCELERATION

t t
FIXED QUTER PLATES

Figure 4.7 : Capacitive sensing MEMS accelerometer [36].

Basic features of MPUG6050 accelerometer are given below.

¢ Digital-output with a programmable range of +2g, +4g, +8¢ and +16g,

e Integrated 16-bit ADCs enable simultaneous sampling of accelerometers,
e Low power operation,

e 1kHz output data rate,

e 1°C communication with data-ready interrupts,
The onboard accelerometer detects the acceleration caused by the gravity and motion
of the body in three axes.
4.4.2.2 Gyroscope

A gyroscope is a device that measures angular velocity about its operating axes. The
onboard MEMS gyroscope detects the angular velocities about three axes.
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Fundamental principle of operation of a MEMS gyroscope depends on the Coriolis
forces. A MEMS gyroscope contains a proof mass that is connected to a wheel by

micro springs. The wheel is suspended via orthogonal springs. [37]

This concept is illustrated below (Figure 4.8, taken from [38]).

Figure 4.8 : Capacitive sensing MEMS gyroscope [38].

Basic features of MPUG6050 gyroscope are given below.

¢ Digital-output 3-Axis angular rate sensors,

e User-programmable full scale range of 250, +500, =1000, and +2000°/sec,
e Integrated 16-bit ADCs enable simultaneous sampling of gyros,

e Enhanced bias and sensitivity temperature stability,

o Digitally programmable low-pass filter,

e Low-power operation,

e 8kHz output data rate,

4.4.3 Battery

Crazyflie is designed to be lightweight. So it uses a high power density lithium-
polymer battery of which basic features are given below.

e 170mAh full charge capacity,
e 3.7vnominal, 1S configuration,

e Voltage range from 3.0v to 4.2v,
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e 1.7A (10C) continuous discharge current,
o Weight 5.2g,

Figure 4.9 : LiPo battery.

The battery is charged over a standard USB cable thanks to the onboard, intelligent
battery charge circuitry.

To maintain battery health a PCM (Protection Circuit Module) that prevent the user
from under/overcharging or shorting the battery is used. It opens the circuit if a

current limit of 4A is exceeded. The PCM is located inside the battery.

4.4.4 Motors

Crazyflie uses four miniature-sized, high-performance, super-efficient, coreless
brushed DC motors.

v

Figure 4.10 : Crazyflie motor.

Motor specifications are listed below.

e Rated voltage 4.2V Max
e Nominal voltage 3.7V
e No load speed 45000 +£15% RPM
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e No load current 80mA Max

e Starting voltage 0.8V Max

e Rated load speed 21000 £15% RPM
e Rated load current  810mA Max

e Resistance 2.3 +£20% Q
e Shaft diameter 0.8mm

e Motor diameter 6 £+ 0.05mm
e Motor length 15mm

o Weight 1.7g (each)

The microcontroller applies a high-frequency PWM signal to the single-switch DC
motor drive circuitry. The drive frequency is higher than the frequency motors can
respond. Thus, a ratio of the battery voltage is seen by the motors, enabling armature
voltage control.

4.5 Radio Link

Command inputs from user to the quadrotor are sent over wireless radio link,

Crazyradio (Figure 4.11).

Figure 4.11 : Crazyradio.

Crazyradio and onboard radio link circuitry communicates over NRF24 chips. Some

basic properties of the chip are listed below.

e 2.4GHz ISM communication band,

e 125 selectable channels,
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Up to 2Mbps air data rate,

0dBm output power (1ImW),

Tested up to 80m range with the Crazyflie at 250Kbps,
Sends and receives data packets of up to 32 bytes,
Auto CRC calculation and verification,

SP1 communication to microcontroller,

USB interface (only for Crazyradio),

Receive/transmit interrupts,

Communication is done in 32-byte packet basis. A format called CRTP is used

between Crazyflie and Crazyradio. The structure is given below (Figure 4.12, taken
from [33]).

Application/ports
| CRTP packets handling |
CRTP Link

Figure 4.12 : The communication protocol [33].

4.6 Joystick Controller

A standard USB joystick is used for controlling the desired quadrotor angles. 4

analog axes of the joystick are assigned to thrust and Euler angles as illustrated

below.

THRUST PITCH

YAW ROLL

Figure 4.13 : Controller axes.
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Ratio-metric input to the axes can be applied using the joystick axes. For example

pulling up the left stick increases the thrust while pulling it down does the opposite.

4.7 Embedded Software

The onboard microcontroller is running a real-time operating system called

FreeRTOS, thus multiple tasks run simultaneously.

Commander task;

This part of software is responsible for communicating to the Crazyradio over
the onboard NRF24 radio circuitry, and receiving control inputs from ground.
Every time it receives a command, acknowledges.

Power management task;

It is responsible for monitoring the battery voltage and shutting the system
down if, it falls below a critical limit. It also monitors the battery charging.
IMU sensor task;

This task communicates MPUG050 chip over I°C. While Crazyflie is on the
ground, initializes and reads the sensor, then calculates sensor bias values.
When Crazyflie is flying, it reads accelerometer and gyroscope data, then
combines them. Thus, it produces Euler angles and angular rates.

Stabilizer task;

Stabilizer is the most important task running or the Crazyflie. There are two
cascaded proportional integral and derivative (PID) closed-loop controllers
running on the system. This structure is also known as nested-loop PID.

The outer loop, which runs at 250Hz, takes the desired Euler angles from the
commander task and the Euler angles from the IMU task. Then it produces
desired angular rates for the inner loop.

The inner control loop which runs at 500Hz, takes the desired angular rates
from the outer loop and the angular rates from the IMU task, then produces
PWM signals for each actuator.

This task also takes desired thrust input from the commander task and uses it
as an offset for the PWM signals calculated by the closed-control loops.

Software block diagrams are given (Figure 4.14, Figure 4.15, taken from [33]).
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Figure 4.14 : Block diagram of the stabilization system [33].
Crazyflie
degres deg/s
Attitude PID Rate FID Artuator
Commands controller » controller P {motors)
250 Hz 500 Hz
m— Sensor fugion T— Gyro

4

Figure 4.15 : The nested-loop PID controller [33].
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5. REAL-TIME DATA ACQUISITION

One of the goals of this study is real-time data acquisition. For that purpose, a

telemetry system is implemented on Crazyflie platform (Figure 5.1).

5.1 Telemetry Hardware

5.1.1 Transmitter hardware

For real-time data acquisition, a transmitter circuitry is implemented on Crazyflie
quadrotor. The additional payload is critical as the quadrotor itself weights 19g.
However NRF24L01+ wireless transceiver module (Figure 5.2) is only 4g, because it
uses a PCB antenna. The module is connected to the expansion port of the Crazyflie

and placed on top of the battery.

Figure 5.2 : Onboard transceiver module.
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The module requires 6 1/O pins for full functionality. But there are only 4 1/O pins
are free at the expansion connector. Fortunately, this is enough if the sensor is used

as transmitter only.

Thus, SCK, MOSI, CE and CS signals are connected to the microcontroller 1/0 pins.

5.1.2 Receiver hardware

Although there is no weight limit on the receiver side, the communication distance is
critical. A long-range NRF24L01+PA module with antenna, which is fully

compatible with the transmitter module, is used (Figure 5.3).

Figure 5.3 : Receiver module.

The module has no USB interface but an SPI interface, so it can not directly

communicate to the computer (Figure 5.4).
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Figure 5.4 : STM32F4-Discovery board.
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It is mounted to a STM32F4-Discovery board, which is based on STM32F407
microcontroller that supports Full-Speed USB communication.

Reception requires all the signals; SCK, MOSI, MISO, IRQ, CE and CS are

connected to the microcontroller 1/0 pins.

5.2 Motor Speed Measurement Hardware

For modeling purposes motor speed is crucial. As Crazyflie drives the motors in an
open-loop manner (motor speed is not used by the stabilizer), it has no speed sensing
circuitry. A simple but high resolution circuitry is implemented using TCST2103
optocoupler (Figure 5.5).

TCST 2103

Figure 5.5 : Motor speed sensor.
The optocoupler output is connected to the microcontroller’s /O pin through the
debug connector of Crazyflie.

Because of this add-on is mounted to one of the motors, it affects the balance of
Crazyflie. For this reason, the motor speed sensing circuitry is kept experimental. It

is used to identify the motor model then it is removed.

5.3 Data Structure

The implemented telemetry system is capable of transmitting 32-byte data packs with
up to 64kBps data rate. All required data is organized to fit into a single 32-byte data

pack. The data structure is given below (Table 5.1).
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Table 5.1 : Telemetry data structure.

Data Unit Bytes
Timestamp microseconds 2
Battery voltage millivolts 2
Motor PWM 1:4096 15x4
Gyroscope axes degrees persecond 2x3
Accelerometer axes g-force 2X3
Roll, pitch, yaw degrees 2Xx3
Debug / motor speed - 4

5.4 Transmitter Software

The transmitter software is implemented on Crazyflie to interface the telemetry

circuitry through the hardware SPI1 module of the microcontroller.

As declared before, the NRF24L01+ module is configured as 2Mbps transmitter on
system startup. Upon the main program loop starts, the following steps are executed

on every 2ms.

e Atimestamp is been captured from system timers.
e The required sensors are been read and buffered.
e Motor PWM values are been read and buffered.

e The buffered data pack is been repeatedly transmitted with 500us intervals.

Buffer writes and transmissions are done in an asynchronous way. When the main
process fills a new buffer, the transmission process transmits a previously written
buffer in the background. This prevents possible data corruptions caused by

concurrent operations.

5.5 Receiver Software

Two different programs are implemented for the receiver and they work in

cooperation.

5.5.1 Microcontroller side

STMB32F4-Discovery board is configured as a bridge between the incoming aerial

data and the computer. It would be true if we say;

o NRF24L01+PA receives data from Crazyflie Quadrotor,

e It generates an interrupt to the STM32F4 microcontroller,
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e The microcontroller connects to the module over SPI and reads incoming
data,

e Compares the new data to the previous one,

e If the data is a new one, it is written to a FIFO buffer,

e Another process transmits the buffered data to the computer over USB,

e The Full Speed USB protocol allows data transmission up to 64 bytes per
transaction,

e Up to 1k transactions per second,

The receiver board with the RF module is shown below (Figure 5.6).

Figure 5.6 : The telemetry receiver.

5.5.2 Computer side

A computer program is implemented to communicate to the STM32F4-Discovery.

The program uses LibUSB API to communicate over USB,

It connects to the board and waits for data,

Isochronous communication is used to maximize the transfer capacity,

e The received data is buffered and written to CSV files,

The CSV spreadsheet format is used to make it possible to open it in EXCEL and
MATLAB. An example CSV file part is shown below.
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rl*_TI A - = datalog 12.csv - Microsoft Excel | = | B 5% |
'—]_ P Home S insert SRS Page Layout ST CTmilaS SN ata SRR Eic S UIEA S Gl LESTR F am w o @
A2 - (" - | a1924
4 A D | | | 5

Timestam Battery Motorl  Motor2  Motor3  Motord  GyroX GyroY GyroZ Accx AccY AccZ Rall Pitch Yaw Debug
17114118 3242 3376 3128 2968 3192 -445 633 -75 -329 3146 7 -269 -559 -3136 1,23E+09
17116033 3242 3400 3032 2896 3328 -156 332 -39 389 -2255 1421 -269 -559 -3136 1,23E+09
17118064 3242 3312 3104 3000 3240 -450 604 -40 -197 1464 8063 -283 =577 -3138 1,23E+09
17120036 3242 3384 3024 2928 3320 -323 209 -43 344 -697 1223 -283 =577 -3138 1,23E+09
17122009 3242 3280 3056 3032 3288 -440 434 -6 -233 -127 7784 -296 -591 -3139 1,23E+09| [0
17123981 3242 3360 3024 2960 3312 =527 93 -110 435 541 1764 -296 -591 -3139 1,23E+09
17125954 3242 3240 3016 an4s 3360 -411 353 40 -233 -1735 J074 -309 -601 -3138 1,23E+09
17127929 3240 3336 3016 a0oo 3296 -693 23 -99 469 2380 2970 -309 -601 -3138 1,23E+09
17129839 3240 3224 2968 3064 3400 -354 152 24 -338 -2596 5361 -321 -604 -3138 1,23E+09
17131874 3240 3280 3024 3056 3296 -816 g -122 6od 2640 4976 -321 -604 -3138 1,23E+09
17133839 3240 3216 2936 3064 3440 -407 -32 21 -733 -2578 3761 -324 -602 -3137 1,23E+09
17135817 3240 3224 3016 3104 3304 -895 -139 -68 1001 2699 6377 -324 -602 -3137 1,23E+09
17137730 3240 3216 2904 3080 3456 -443 -238 -40 -1089 -2908 2402 -348 -593 -3138 1,23E+09
17135764 3237 3168 3016 3144 3328 -911 -53 -83 1267 3006 7616 -348 -593 -3138 1,23E+09
17141735 3237 3208 2904 3088 3464 -317 -402 -23 -1172 -2597 1088 -363 -580 -3138 1,23E+09
17143710 3237 3120 29592 3192 3344 -853 -98 -91 1307 1866 8431 -363 -580 -3138 1,23E+09
17145680 3237 31592 2920 3104 3448 -641 -508 -37 -1270 -1020 230 -383 -563 -3138 1,23E+09
17147655 3237 3088 2960 3224 3384 =770 -169 -61 1530 123 8913 -383 -563 -3138 1,23E+09
17145625 3237 3176 2936 3128 3424 -759 -603 -48 -1513 835 2596 -406 -544 -3133 1,23E+09
17151600 3237 3056 2928 3248 3424 -705 -244 ) 1664 -1490 8086 -406 -544 -3133 1,23E+09
17153570 3237 3168 2936 3160 3400 -804 -646 -65 -1343 2231 1595 -432 -523 -3140 1,23E+09 =
17155545 3237 3040 2904 3256 3456 -624 -357 12 1323 -2625 6490 -432 -523 -3140 1,23E+09
17157518 3237 31326 2952 3200 3376 -908 -654 -147 -980 3113 3161 -459 -501 -3143 1,23E+09
17155488 3235 3024 2904 3248 3488 -582 -459 -1 g00 -3102 4998 -459 -501 -3143 1,23E+09
17161461 3235 3104 2960 3224 3376 -902 -670 -120 -367 3041 4531 -4i6 -479 -3145 1,23E+09 |
| datalog 12 7 <]

= | '
[E SR = O

Figure 5.7 : Data log example.
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6. INERTIAL MEASUREMENT UNIT

Inertial measurement unit (IMU), the acronym for inertial and navigational sensors,
is one of the crucial parts for unmanned aerial vehicles. Its basic task is to provide

information for the orientation and position of the vehicle.

Today’s UAV systems are equipped with state of the art micro electro-mechanical
sensors (MEMS), including accelerometers, gyroscopes and magnetometers.

Sensing the orientation and position is not possible using only one sensor, but
requires data from more than one type of sensors and big computational effort. Some

of these sensor pairs and triplets are given below (Table 6.1).

Table 6.1 : IMU sensor groups.

Measurement Required Sensors

6DOF Attitude (yaw drifts)  Accelerometer + Gyroscope

9DOF Attitude Accelerometer + Gyroscope + Magnetometer
Low Altitude SODAR (Sonar Range Finder)

All Altitude SODAR + Barometer

3D Position SODAR + Barometer + GPS or Camera

There are several techniques, called sensor fusion algorithms, to obtain required

measurements using more than one sensor’s data, some of which are given below.

e Complementary filter,
e Kalman sensor fusion,

¢ Numeric fusion algorithms,

The Crazyflie quadrotor has MPUG6050 sensor, which includes a 3-axis accelerometer

and a 3-axis gyroscope, as explained in chapter 4.

According to Table 6.1, only 6DOF attitude is available; which means roll and pitch
axes are referenced to the earth surface while the yaw axis is relative to the initial

direction, thus is prone to drifts.
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6.1 IMU Sensors Explained

6.1.1 Accelerometer data explained

An accelerometer is a sensor that measures the acceleration parallel with its axes. For
a 3-axis accelerometer, the measurement is done in all axes of the Cartesian
coordinate system. It represents a proper acceleration vector giving numerical values
(ay, ay and a;) that correspond to the projections of the vector onto its axes (Figure
6.1).

Z

/
Y

a A
A
Qay
az
> X

Figure 6.1 : Vector output of a 3-axis accelerometer.

6.1.2 Getting Euler angles

Accelerometers can sense the gravitational acceleration, thus the orientation of the
body. Euler rotation angles can be obtained from a 3-axis accelerometer data using

the equations below. It is not possible to measure yaw from an accelerometer.

a
GacceL =tg™" (—Y) (6.1)
az
—a
Oaccer = tg™* <—X ) (6.2)
Jag +a

(Only applies to the accelerometers that give a;, = +1g when the z-axis points up.)

Accelerometers measure any acceleration including the one caused by motion. This
makes the use of an accelerometer to measure attitude angles of a non-stationary
body (like a quadrotor) impossible. Moreover, accelerometers are prone to high

levels of measurement noise and usage of averaging filter that causes delay is crucial.
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6.1.3 Gyroscope data explained

A gyroscope is a sensor that measures the rotational velocities (attitude rates) about
its axes (assuming the inertial frame is stationary in space). A 3-axis gyroscope

measures p, q and r rotational velocities shown in the figure below (Figure 6.2).

<S>

Figure 6.2 : Output of a 3-axis gyroscope.

6.1.4 Getting Euler rates

A gyroscope measures angular velocities about its own axes. A transformation is

required to obtain Euler rates about the axes of the inertial frame. Rewriting (3.11):

Peyro 1 SingTan8® Cos¢pTanb\p

Oeyro | = [O Cos¢ —Sing [ql (6.3)
] 0 SecOSing CospSecOl1lr

Yeyro

It is possible to integrate Euler rates to obtain relative angles.

Aerro = j dat (6.4)
DOpyny = j ddt (6.5)
AYgyro = f'j’dt (6.6)

Gyroscopes are immune to noise sources, but prone to offset and integral drifts. They

cannot be used to measure absolute orientation.
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6.2 Sensor Fusion (6DOF)

The Crazyflie quadrotor uses a complex numeric algorithm for sensor fusion, which
is not touched in this work. On the other hand, the most basic fusion algorithms will
be explained instead.

6.2.1 Complementary filter

The most basic filter that can be used to obtain attitude angles is called

complementary filter.

Actually, it is an ordinary averaging filter that uses pure accelerometer data for initial
orientation (assuming stationary) with respect to equations (6.1) and (6.2), then uses
a weighted average of accelerometer data and time integration of gyroscope data.

The initial state is given below.

bo bacceL
[90] = [HACCEL] (6.7)
Yo 0

Once initialized, the following equations apply; where W € (0, 1) is filter weight.

¢r = W(Adgyro + Pr-1) + (1 = W)acceL (6.8)
Ox = W(A6gyro + Ok—1) + (1 = W)Occrs (6.9)
Y = Agyro + Pi-1 (6.10)

Generally, W is selected close to 1 to suppress accelerometer errors. But this time
gyroscope drifts become a major problem.
6.2.2 Kalman sensor fusion

Kalman sensor fusion is a technique based on Kalman Filter that is used for

integrating accelerometer and gyroscope data.

The basic structure of a Kalman filter is given below, where K is dynamic Kalman

gain, z is the measured and X is the estimated value of the physical quantity [38].
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Qk = Kka + (1 - Kk)jc\k—l (611)

It should be noted that (6.11) is very similar to (6.8) and (6.9).

The heart of the filter that calculates the gain is consists of two parts: prediction and

correction.

The prediction step is given below, where u is the input, P is the error covariance

and Q is the process noise matrix while A and B represent the system matrices.
fk = Afk_l + Buk (612)
P, = AP, AT +Q (6.13)

The correction step is given below, where R is the measurement noise matrix and H

is the output matrix.

K =P, H(HP, H" +R) "' (6.14)
k\k = k\k + Kk(zk - Hﬁk ) (615)
P, = (I —K.H)P, (6.16)

To fuse accelerometer and gyroscope sensors, the low noise gyroscope data is used
as the system input (u) while the erroneous accelerometer data is used as the
measurement (z). Using (6.1), (6.2) and (6.3):

Up = (]SGYRO; Ug = éGYRO’ Uy, = 1/}GYR0 (6.17)

Zy = Paccer, 2o = OacceL (6.18)

As accelerometer cannot sense the yaw axis, correction step does not apply to it [38].

N A 619

s [ ¢ A . [ ¥ 6.20
X = [bias¢]’ X6 = [biasg]’ Xy = [biasw] (6.20)
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The system model is kept simple taking only the Euler angles and gyroscope biases
[38]. The noise matrices are given below.

_ [0.001 0 _ 6.21

o=["0" ool F=5 (6.21)

The process noise, which is related to the gyroscope errors (including drift), should
be kept small, because of the low noise profile of the gyroscope. But the
measurement noise comes from the accelerometer is very high, because the
accelerometer is prone to noise and its measurement is erroneous when vibrations

present. Q and R matrices can be tuned to get better results.
A test data is collected doing the following steps.

e Put the quadrotor onto a flat.
e Pick it up and do some basic rotations by hand.

e Put the quadrotor to exactly the same (initial) place.
Thus, the real values of the initial and the final angles are the same. The results
(Figure 6.3) show the output of the designed Kalman fusion versus the raw data.

Roll

50

Degrees
[ ]
1

A0

0 1 2 3 4 5 6 7 8 9 10
------- Accelerometer (raw)
— — Gyroscope (raw)
kalman Fusion

&0

Degrees
[}
1

A0

50

Degrees
[}
T

50

0 1 2 3 4 5 B 7 o 9 10
Figure 6.3 : Kalman fusion output.
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It is seen that Kalman fusion algorithm cancels out the gyroscope bias drift and

accelerometer noise with success. The initial and the final angles match perfectly.

6.3 Verification of the Quadrotor Axes
A Crazyflie quadrotor is used in this work. To verify its axes and rotation directions,
some tests are done by hand (not flying) with respect to the following methodology.

e A positive (left is up, right is down) then negative rotation about the roll axis,
e A positive (front is down, back is up) then negative rotation about the pitch,

e A positive (counter-clockwise) then negative rotation about the yaw axis,

The results of the default Crazyflie firmware is given below (Figure 6.4).

Roll Test
1[][] T T T T T T T T T
I s et I S ANt S S S R
= ! ! ! ! ! ! ! ! !
100 | | | | | | | | |
1] 1 2 3 4 2] & 7 g g 10
Time [s]
Pitch Test
Lt — T T T
R s M o B S
- ! ! ! ! ! ! ! ! !
100 | | | | | | | | |
] 1 2 3 4 ] G 7 g g 10
Time [5]
Yaw Test
100
[4r]
[4F]
S 0
[4H]
[

-100
0

Figure 6.4 : Crazyflie axis test no.1.

It can be seen that the pitch axis is inverted in the default firmware and it should be

negated again. Results of the test with corrected axes are given below (Figure 6.5).
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Roll Test

1U|:I T T T T T T T T T
w ! ! : !
o : : : :
& 0 T T : bk RER
o ' ' ' '
(] 1 1 1 1 1 1 1 1 1
00 | | ] | | | | | |
1] 1 2 3 4 a] 3] 7 g g9 10
Time [s]
Pitch Test
-1UU T T T T T T T T T
0 : : : : : :
@ ! ! ! ! i ! ! : '
E‘J U _____________ _:_ ............. qrararamam -\-..-m-u::-.- R . P _E.gH_Tr_:_—_—:._q_____'_ ____________ e .
G : 1 1 : 1 1 1 1 1
100 | | | | | | | | |
1] 1 2 3 4 5 6 [ g 9 10
Time [s]
Yaw Test
-1[][] 1 1 T 1 1 1 1 1 1
[4r]
[4F]
[ak]
o
2 ' '
- 00 | | ] | | | | | |
1] 1 2 3 4 ] B 7 g g9 10

Time [s]

Figure 6.5 : Crazyflie axis test no.2.
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7. SYSTEM IDENTIFICATION

One of the goals of this work is identify the exact dynamical model of the quadrotor
platform using real-time flight data collected via the telemetry system described in

chapter 5.1.

In this chapter, some of the identification techniques used on the quadrotor will be
explained in details.

7.1 Identification Approaches

There are many identification techniques to find the undergoing dynamical structure

of an unknown or semi-known system. Some of these techniques are given below.

e Linear grey-box models,
¢ Nonlinear grey-box models,
e Linear auto-regressive (AR, ARX, ARMA, ARMAX) models,

¢ Nonlinear adaptive neuro-fuzzy (ANFIS) models,

All of the quadrotor subsystems given in Figure 3.1 are nonlinear and the best choice
will be nonlinear identification methods. However, some assumptions that give

flexibility to use linear methods instead are possible.

Now, some of these methods will be explained.

7.1.1 Grey-Box identification

When the structure of the model of a dynamical system is known but the parameters
(or coefficients) are unknown, the model is said to be a grey-box model. Grey-box

models can be both linear and nonlinear.

The unknown parameters of the grey-box models can be obtained from collected
input-output data of the real system, via identification methods. One of these
methods is prediction error method (PEM). It is known that PEM gives satisfactory

results in closed-loop systems [20].
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7.1.2 Prediction error method (PEM)

The prediction error method (a.k.a. prediction error minimization) is a well-known
method that is used for obtaining unknown parameters of a model. A brief

description will be given.

The assumed real system and the candidate model are given below.
y(t) = Po(q@u(t) + vo(t) (7.1)

y() = P(q, Qu(t) + H(q, Q)w(t) (7.2)

Where Q is parameter vector, v, (t) is disturbance, w(t) is white noise, P(q, Q) and

P,(q) are output transfer functions, H(q, Q) is noise transfer function.

The 1-step-ahead linear predictor based on input-output data up to time (¢t — 1) can

be expressed as follows.

9(t, Q) = H 1 (q, Q)P(q, Qu(®) + [1 — H (g, Qly(®) (7.3)

The prediction error can be expressed as follows.
e(t,Q) £ y(t) - 9(t, Q) (7.4)

e(t,Q) = H™(q,Q)[Po(q) — P(q, @)]u(t) + H™*(q, Q)wo(t) (7.5)

Finally, the prediction error for N data samples is given by the following cost

function that can be minimized using iterative descent algorithms [40].
1 N
W@ =5 ) e*(t.Q) (76)
t=1

7.1.3 Auto-regressive exogenous identification

ARX, the abbreviation for an auto-regression model with exogenous input, is a
black-box model that is used to identify unknown systems based on collected input-
output data.
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A linear dynamical system can be expressed by the following polynomial model
where w(t) is white noise, G(q, Q) is output transfer function and H(q, Q) is noise

transfer function. [41]

G = g, H2 % (7.7)
y(£) = q7*G(q, Qu(t) + H(g, Qw(t) (7.8)

Setting F and C to 1, the following ARX model is obtained (Figure 7.1).

w(t)

t 1 y(
OO —{

v

Figure 7.1 : ARX model structure.

The ARX model can be expressed by the following polynomial where na is the

number of poles, nb — 1 is the number of zeros and nk is pure time delay.

y(@©) +a;y(t —1) + -+ ayy(t — na)

7.9
=by(t —nk) + -+ by, y(t —nk —nb + 1) + w(t) (79)

The model parameters a; and b; are found using least-squares method to minimize

the variation between the ARX model and the measured input-output data.

7.2 ldentification of Motor Parameters

The motor model (Figure 7.2) is obtained in equation (3.82) as a nonlinear, first order
dynamical model. The nonlinearity term comes from the propeller dynamics, which
cannot be neglected.

Armature r) s| Motor Speed

Voltage

Figure 7.2 : Motor model identification scheme.
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7.2.1 Methodology for collecting data

A quadrotor has four motors, which are assumed identical. It will be reasonable to

identify one of them and use the identified model for all.

Crazyflie has no hardware support to measure motor speed. For this reason, an

additional circuit is implemented as described in chapter 5.2.

The motor speed sensor causes unbalanced payload and Crazyflie is not able to fly
with the sensor mounted. For this reason, motor speed versus armature voltage data

is collected as Crazyflie is on the ground.
The following methodology is used to collect open-loop identification data.

e Speed measurement sensor is connected to one of the motors.

e Crazyflie is fixed to on top of a test bench to allow free airflow.

e Data logging software is started.

e Constantly varying arbitrary thrust input is applied through the joystick.
e The CSV file is read through Matlab and data is parsed into variables.

7.2.2 Pre-processing of the collected data

The collected data is shown below (Figure 7.3).

Period [us]
4000

— T T T T T T T 1
3500 |- -
3000 f-f ---{------ u
2500 f--f---f------ i - »
2000 -} - ;- L HAR -
il AL L L] ]
SV (R T AN T A S S SN N
0 100 200 300 400 500 600 700 800 900 1000

Time [us]

Figure 7.3 : Logged motor revolution period data.
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The logged data (given in Table 5.1) does not include motor speed but only the times
when a rotor blade pass from inside of the optocoupler. This data yields the time that

corresponds to half of a revolution period, shown in the graph above.

As clearly seen in the graph, there are big glitches because of the insufficient
sampling period of the speed sensor. While there is no way to prevent this
phenomena, to get rid of the glitches a smart filter is implemented. The filtered

period and motor speed graphs are given below (Figure 7.4 and Figure 7.5).

0 100 200 300 400 500 600 70O 8OO 900 1000
Time [us]

Figure 7.4 : Filtered motor revolution period data.

Revolutions per second
280

270
260

240
0 100 200 300 400 500  BO0D 700 800 800 1000

Time [us]

Figure 7.5 : Measured motor speed.

The input data is consists of PWM duty and battery voltage. To obtain armature

voltage of the motor, equation (3.84) is used. The result is given below (Figure 7.6).

Voltage |mV]
3000
2600 e eebeenes e Sttt LR SR Yt
R L R o L o L VAT S
2400

0 100 200 300 400 500 600 VOO 800 800 1000

Time [us]

Figure 7.6 : Armature voltage.

All of the collected motor data is processed according to this procedure and saved as

iddata objects in Matlab.
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7.2.3 ldentification process

Identification of nonlinear motor model is done via nonlinear grey-box identification
tools available in Matlab. To use these tools a Matlab function (Figure 7.7) is
implemented according to the continuous time nonlinear motor model given in
equation (3.82).

t,u,x,ag, ay,d, X,y
QuadrotorMotor_m

v

Figure 7.7 : Block diagram of motor model.

In Matlab, an idnlgrey object is created using the prepared iddata object and

QuadrotorMotor_m function.

Name of the Matlab function that is used to identify grey-box model parameters
using prediction error minimization (PEM) is pem. It tries to minimize the mean
square error using one of the nonlinear least squares, Gauss-Newton, Levenberg-

Marquardt or gradient descent algorithms.

4000 samples are provided for the identification of 3 parameters. This process is

shown below (Figure 7.8).

4\ Plant Identification Progress =RRCN X

Honlinear Grey Box Model Estimation
Data has 1 cutputs, 1 inputs and 4000 samples.

ODE Function: QuadrotorMotor m
Estimation Progress

18 4,.90313 0.000376 192 -

139 4.90313 2.8e-05 2.73

20 4,90313 7.68e-07 0.044
Result

Termination condition: Change in parameters was leas
than the specified tolerance.
HMumber of iterations: 20

Status: Estimated model (PEM)

Loss: 4.90313, FPE: 4.9105
Estimated in 112.592 seconds

W Stop Close

Figure 7.8 : Prediction error method (PEM) tool.
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7.2.4 ldentification results

The results of nonlinear grey-box identification are given below (Table 7.1).

Table 7.1 : Motor model identification results.

Data Fit %
Identification 86.80
Validation-1 79.45
Validation-2 91.73

The identified model is given below.

% = 0.862446u — 6.814507x — 0.006149x2 (7.10)

Identification and validation data fits are shown below (Figure 7.9 - Figure 7.11).

350

i1 S fomemeees dmmmmnnaees onnees beoeeees -

1] T e P CLCE T TP R PR PR -

160 p-mmmmmme-- Locoooon- e Locooes -

100 p-----m---- Locoooon- e Locooes -
B frmmmm e e e e e el -
|:]II] U_iﬁ % 1.i5 EI

Time [seconds)

Figure 7.9 : Identification data fit.
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Figure 7.10 : Validation-1 data fit.
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Figure 7.11 : Validation-2 data fit.
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7.3 ldentification of Quadrotor Body Model
Quadrotor body model will be identified using real-time flight data in this chapter.

7.3.1 Requirements for identification

Quadrotor is an unstable system that requires a closed-loop control to fly. In addition,
the identification of a closed-loop system requires high excitation. The identification

data must be collected considering this.
As described before, there is an accelerometer as well as a gyroscope on Crazyflie.

The accelerometer sensor is prone to high measurement noise coming from
vibrations caused by blade flapping, electromagnetic inferences caused by motor
drivers and offset drifts caused by temperature changes. Additionally, double
integration of acceleration data causes integral drift. All of these effects prevent

accurate translational measurements.

As system identification requires accurate and low-noise measurements of input-
output data, it is possible to say that, identification of the translational quadrotor sub

system is not possible without additional sensors.

Only the rotational model will be evaluated (Figure 7.12) within this work because of

this hardware limitation.

Motor ? Rotation

\4

Speeds Angles

Figure 7.12 : Quadrotor body identification scheme.

7.3.2 Model selection

Several dynamical models of quadrotor body are obtained in chapter 3. As system
identification is an iterative process, a computationally simple and less complex

model gives better results.

The inertial frame model, which is obtained using Euler-Lagrange method, is

extremely complex for system identification. However, it will be reasonable to use
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the much simpler body frame model for identification. Furthermore, cross-axis

effects prevent decoupled identification.

Thus, equations (3.58), (3.59) and (3.60) are suitable for identification of quadrotor
body model.

7.3.3 Methodology for collecting flight data

The following methodology is used to collect identification data.

e Put Crazyflie on a flat surface.

e Wait at least 30 seconds for the sensors to stabilize.

e Start the data logging software.

e Apply thrust and take-off.

o Keep Crazyflie in hover position.

e Constantly change axes references; thus, excite Crazyflie axes well.
e Land safely and read the CSV file through Matlab.

7.3.4 Pre-processing of the flight data

As seen in Figure 7.12, quadrotor body identification requires rotational speeds of
the motor. The identified motor speed model will be used to obtain this data from the

armature voltages.

Motor armature voltages are shown below (Figure 7.13, Figure 7.14).

Armature Voltage [mV]
4000

3000

2000 F-= ‘

1000 ' .
0 04 Time [s] 1 15

Figure 7.13 : Motorl and Motor3 armature voltages.
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Figure 7.14 : Motor2 and Motor4 armature voltages.
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In some regions, the tops of the curves are flat. This is caused by saturated PWM, i.e.

100% duty is applied. Thus the armature voltages are limited to battery voltage.

Separately, iddata structures are created using the armature voltages. Then nonlinear
grey-box motor model is used to simulate them. Thus the input voltages are
converted to motor speeds.

The resulting graphs are shown below (Figure 7.15, Figure 7.16).
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Figure 7.15 : Rotational speeds of Motorl and Motor3.
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i
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Figure 7.16 : Rotational speeds of Motor2 and Motor4.

To see the applied torques relative to the motor speeds, equation (3.21) can be used.
This equation is called input mixer. It is possible to neglect k and b constants taking

unity gains.

Roll torque is a function of the squares of Motor2 and Motor4 rotational speeds. The

torque applied about roll axis is shown below (Figure 7.17).

Torque [1,/k] 60
’ '-l. . _--" _,"f-hll. "_l ; [aF]
a v . v 1 : =
’ " J 3 i » K / “ / | ! Y U z
1 _.I " K] . 1 ! 1 2 .y
‘ 1 1 - L] L4 L : v =
! n b e L \'_\
i . ] : I i &0
0 05  Time[s] 1 1.5

Figure 7.17 : Roll torque respect to the k constant.

Pitch torque is a function of the squares of Motor1 and Motor3 rotational speeds. The
torque applied about pitch axis is shown below (Figure 7.18).
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Figure 7.18 : Pitch torque respect to the k constant.

Yaw torque is a function of the squares of Motorl, Motor2, Motor3 and Motor4

rotational speeds. The torque applied about yaw axis is shown below (Figure 7.19).

Torgue [1/b] 100

. _}f""« 5[]
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Figure 7.19 : Yaw torque respect to the b constant.

Finally, the Euler angles of the quadrotor will be used in identification process

directly, without modification.

The tilt angle about roll axis is shown below (Figure 7.20).

20 Degrees

Roll

-20 ' . ' -50
05  Time[s] 1 1.5
Figure 7.20 : Roll angle of the flight data.
The tilt angle about pitch axis is shown below (Figure 7.21).
Degrees

‘ ! ! 100

| : | 100
05 Time [s] 1 15

o —

Figure 7.21 : Pitch angle of the flight data.
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The position about yaw axis is shown below (Figure 7.22).

0 Degrees : : 100
50
0
-150 | : | -A0
0 05 Time [s] 1 15

Figure 7.22 : Yaw angle of the flight data.

7.3.5 Real-Time flight datasets

Crazyflie is flown many times and rich flight datasets are collected. Sampling time
(Ts) of the collected data is 2ms.

Some aerodynamic effects i.e. unregulated airflows, may cause significant changes in
flight dynamics and make the identification impossible. Thus, the flight datasets are
grouped in different lengths of data respect to some criteria, i.e. constant or changing

altitude, stationary or moving, low or high altitude.

Some of the flight data examples that show Euler angles versus torques (dashed

lines) are given below (Figure 7.23 - Figure 7.25).

20 Degreﬂes | | ! i £0
. - . . . )
= =
S =g
o (=]
|_

! ! 100
. y
=
0 =z
(=]
'_

' ' -100

0 0.5 1 1.5

0 I I 100
T -
1 =
o
&
|_

0.5 Time [s] 1 1.5

Figure 7.23 : Real-time flight data example-1.
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Figure 7.24 : Real-time flight data example-2.
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Figure 7.25 : Real-time flight data example-3.

All of the collected flight data is processed according to this procedure and saved as
iddata objects in Matlab.
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7.3.6 Nonlinear grey-box identification

Identification of quadrotor body model will be done via nonlinear grey-box tools.

7.3.6.1 Grey-box identification approach

Grey-box model is obtained using the explicit equations below. A grey-box model is
implemented with respect to the equations (7.12) to (7.17), where the explicit input
vector is (7.11) and the state vector is (3.61).

Uy W1
u= Z;‘ 2 IZZ; (7.11)
Uy W4
%, = co(u? —ul) (7.12)
Xy = ¢ (Ui —u?) (7.13)
X3 = cp(—u? +u2 —u2 +u?) (7.14)
Xy = Xq (7.15)
X5 = X, (7.16)
fo = x5 (7.17)

Using the grey-box model, a nonlinear grey-box function (Figure 7.26) is

implemented in Matlab.

t, U, X, Co, Cq,Cy X,y
> QuadrotorModel_m

\ 4

Figure 7.26 : Block diagram of quadrotor body model.

In Matlab, an idnlgrey object is created using the prepared iddata object and
QuadrotorModel_m function. Then prediction error minimization (PEM) method is

used to train the grey-box model.
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7.3.6.2 ldentification results

A continuous-time grey-box model is obtained using the collected flight data.

As the PEM identification runs very slow with complex models, identification of

roll, pitch and yaw axes done separately. Results of the PEM identification of

nonlinear grey-box model will be given.

The identification and validation data fits of the roll model are given below (Figure

7.27, Figure 7.28).

0.5 Fadians

05 | — Simulated
0 0.5 15
Time [s] - - Measured
Figure 7.27 : Roll axis identification data fit.
0.5 Radians . . . . : l
— Simulated
- - Measured
| |
02 0.4 0.6 0.8 1.2 14
Time [s]

Figure 7.28 : Roll axis validation data fit.

Because of the structural symmetry of the quadrotor body, it is reasonable to use the

roll axis model for also the pitch axis. There is no need to re-identify the pitch axis.

The identified model for the roll axis is simulated using the pitch axis inputs. The

result is shown below (Figure 7.29).

Radians
T T E T I l
: — Simulated
. . . . - - Measured
1] n.2 04 0.6 0.8 1.2 1.4
Time [s]

Figure 7.29 : Pitch axis validation data fit.
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Yaw axis model has different dynamics. So, it must be identified separately. The

results of the yaw axis identification are given below (Figure 7.30).

0.5 Radians , — Simulated !
. --Measured | e |
0.5 1 18 2 25
Time [s]

Figure 7.30 : Yaw axis identification data fit.

URadians — Simulated
\\ - - Measured
P I = g
4 i i
0 0.5 Time [s] 1 1.5

Figure 7.31 : Yaw axis validation data fit.

The table below (Table 7.2) gives the root mean square (RMS) error values of the

identification and verification steps.

Table 7.2 : Results of nonlinear grey-box identification of the quadrotor.

Data Fit RMS Error
Identification (roll)  0.0847
Validation (roll) 0.1209
Validation (pitch) 0.0345
Identification (yaw) 0.0230
Validation (yaw) 0.0181

Surprisingly, the roll axis model gave better results with the pitch axis model. With
this result, it is proven that the pitch and roll axes models are said to be identical, and

can be used for each other.

Finally, the identified constants of the nonlinear grey-box quadrotor body model are

given below.

co=0.0136, ¢; =0.0136, ¢, = 0.0005 (7.18)
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7.3.7 Polynomial ARX model identification

Identification of quadrotor body model will be done using an ARX black-box model.

7.3.7.1 ARX model identification approach

It is known that the system is highly nonlinear. The nonlinearity at the input vector

given in (3.21) cannot be neglected. To use an ARX model for the highly nonlinear

quadrotor body dynamics, it is required to present a nonlinear input mixer. The

equation for the input mixer is given below.

u'y u? —ul
u' = u',| 2 ui —u?
!
u 3 —u%

+ui —ud +ui

(7.19)

Inputs of equations (7.12) to (7.17) replaced with the outputs of the mixer such that a

quasi-linear model is obtained.

%, = cou'y (7.20)
Xy, = CLU, (7.21)
X3 = Cou's (7.22)
fo =2 (7.23)
%5 = X (7.24)
Xg = X3 (7.25)
Finally using this mixer block, Figure 7.12 becomes Figure 7.32.
Motor S Input Mixer 7 Rotation
Speeds ' Angles

Figure 7.32 : Block diagram for ARX model.
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7.3.7.2 ldentification method

Matlab’s System Identification Toolbox (Figure 7.33) provides many methods and
tools for identification of ARX, ARMAX and OE etc. models, based on input-output
data collected from the system. It is possible to use iddata objects that are prepared

before with identification toolbox as identification data.

4 ~
Systern Identification Tool - siiii = | B jmeEom
File QOptions Window Help
: Import data hd _5 : Import models hd _:
- T Operations _—J}_
: : !-::_ Preprocess - _\ /
id_04 id_ 03 - T © Ex314 simprx218_pre
=
id_03
Waorking Crata
| Estimate —= - _'
[rata Views To To Model Views
[] Time plot Workspace| LTI Viewern [7] Modeloutput  [] Transient resp [ | Menlinear £RX
[C] Data spectra [ Wodelreside  [] Frequencyr... Hamm-YVisner
|:| Frequency function [[]] |:| Zeros and poles
id_04 [ o o
nige spectrum
Trash Validation Data P
Comgiling ...

Figure 7.33 : System Identification Toolbox GUI

An iterative Matlab function to find the best ARX configuration is implemented. The
function tries several ARX models via the toolbox function arx with all
reasonable na, nb and nk parameters. It also simulates and compares the models
with identification and verification datasets to calculate the root mean square errors.

The errors are recorded to a table. The table is sorted to find the best configuration.

The ARX identification process is done in a similar way that of grey-box
identification with two basic differences.

e The identified ARX models are discrete-time models.

e As an addition to grey-box, ARX models may have input delay.
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A priori-knowledge about the model is its order and causality. It is known that the
nonlinear model is of second order (for each axis). As a second thought, the model is

not related to the past inputs.

From this starting point, it can be said that the order parameter (na) might be 2 and
the input dependency parameter (nb) might be 1. Finally, the input delay parameter

(nk) is guessed to be not zero but smaller than 10.

7.3.7.3 Identification results (roll)

Model orders is given in parenthesis such that ARX (na,nb,nk). Some of the model

configurations for the roll axis are given below (Figure 7.34 - Figure 7.37).

[dentification

0.z 0.4 0.6 0.3
(seconds)

Walidation

0.z 0.4 0.5 0.5 1 1.2 1.4

(seconds)

Figure 7.34 : ARX (2,1,0) roll model.

Identification

nsz 04 0.& 0.3
(seconds)

Walidation

N q i i i

0.2 04 0.5 0.5 1 1.2 14
(secands)

Figure 7.35 : ARX (2,1,4) roll model.
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[dentification

0.z 0.4 0.6 0.5

(secands)

Walidation

0.2 04 0.6 0.8 1 1.2 1.4

~ [geconds)

Figure 7.36 : ARX (2,1,8) roll model.

Identification

0.2 0.4 0.6 0.3
(seconds)

WValidation
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02 04 06 08 1 1.2 14
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Figure 7.37 : ARX (2,1,10) roll model.

Although the model is assumed second order, it will be reasonable to try third and

fourth order models because of the previously neglected dynamics. Some third and

fourth order ARX modeling results are given below (Figure 7.38 - Figure 7.40).
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Identification

02z 0.4 0.6 0.3
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Walidation
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Figure 7.38 : ARX (3,1,0) roll model.
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Figure 7.39 : ARX (3,1,4) roll model.

[dentification

(seconds)

Walidation

Figure 7.40 : ARX (4,2,0) roll model.
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Additionally, just to be sure about the input dependency parameter (nb), na = 2

configurations are tried. Some of them are given below (Figure 7.41 - Figure 7.44).

[dentification

Figure 7.41 : ARX (2,2,0) roll model.

[dentification

0.2 0.4 0.5 0.3 1 1.2 14
(seconds)

Figure 7.42 : ARX (2,2,4) roll model.

Identification

0z 0.4 0.4 0.4 1 1.2 1.4
(seconds)

Figure 7.43 : ARX (3,2,0) roll model.
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[dentification
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[dentification
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Figure 7.44 : ARX (3,2,4) roll model.

Model performances is comparison is done in respect to root mean square error

values of verification data given in the table below (Table 7.3).

Table 7.3 : Top results of the iterative ARX identification (roll).

Model RMS Error RMS Error
Configuration  Identification Validation
ARX ( 2,2,0 ) 0,0134 0,0277
ARX ( 2,1,8 ) 0,0103 0,0296
ARX ( 2,1,9 ) 0,0099 0,0301
ARX ( 2,1,7 ) 0,0127 0,0304
ARX ( 2,1,6 ) 0,0140 0,0309
ARX ( 3,1,4 ) 0,0184 0,0332
ARX ( 4,2,0 ) 0,0192 0,0340
ARX ( 2,29 ) 0,0122 0,0345
ARX ( 2,2,6 ) 0,0157 0,0367
ARX ( 3,1,9 ) 0,0205 0,0388
ARX ( 3,2,9 ) 0,0207 0,0392
ARX ( 2,1,5) 0,0232 0,0396
ARX ( 2,2,8 ) 0,0163 0,0413
ARX ( 3,1,8 ) 0,0238 0,0420
ARX ( 4,2,9 ) 0,0256 0,0446
ARX (1 4,1,9 ) 0,0264 0,0460
ARX ( 2,2,2 ) 0,0223 0,0463
ARX ( 2,2,7 ) 0,0199 0,0486
ARX ( 4,1,8 ) 0,0316 0,0523
ARX (1 2,1,4 ) 0,0355 0,0550

It is clearly seen that ARX (2,2,0), ARX (2,1,8) and ARX (2,1,9) models gave better

results with verification data.
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7.3.7.4 Model verification (roll)

In order to verify the identified ARX models, positive and negative step responses

should be observed. The input and output are expected to have same signs.

The model that have best validation performance is ARX (2,2,0). But the amplitude

of its step response is very small and cannot be true (Figure 7.45).

w 10° Fositive step response
U : T
0.5 V ................................... |
-1 i H
0 0.5 1 1.5
w10 Megative step response
1 :
U.E N""'% """""""""""""""""""" ]
U H 1
0 0.5 1 1.5

Figure 7.45 : ARX (2,2,0) roll model step responses.

Another model is ARX(2,1,8) and its step responses are given below (Figure 7.46).

Fositive step response

4
L LTl T il TR LTI P
0 j j j ;

0 0.2 0.4 0.6 0.8 1

Megative step response

0 . .
2 ...............................
_\4 1 i 1 1

] 0.2 0.4 0.6 0.5 1

Figure 7.46 : ARX (2,1,8) roll model step responses.
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It can be clearly seen that the positive step response makes the output of ARX (2,1,8)
positive while the negative step response makes it negative. The amplitudes are

growing exponentially as expected.

In addition, a third order model, ARX (3,1,4) and a fourth order model, ARX (4,2,0)

are simulated with step inputs and the responses are given (Figure 7.47, Figure 7.48).

w 10" Fositive step response

0 0.2 0.4 0.6 0.8 1

w 10" Megative step response

Figure 7.47 : ARX (3,1,4) roll model step responses.

w107 F'Dsitive‘step resi&nnse

0 0o 0.4 0.6 0.8 1
5 1[]‘5 Megative step response

P a a a ;
0 0.z 0.4 0.6 0.8 1

Figure 7.48 : ARX (4,2,0) roll model step responses.

Responses of the third and fourth order models are not the responses that are

expected when a continuous torque is applied to a free body.

Only the step responses of ARX (2,1,8) model are found reasonable while the other

models failed.
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7.3.7.5 Cross-correlation test (roll)

Another test that can give information about the goodness of the model is cross-

correlation test.

The tested model is divided into residues with respect to a given lag value. Then the
cross-correlation between the model residues and the input are calculated. The 99%
confidence intervals are also calculated and compared to these values. The values are

expected to lie in this confidence region [42].

The test results for the models (with 25 lag) are given below (Figure 7.49 - Figure
7.52).

Cross corr. function between input ul and residuals fram output ¥1

0.5 ' ' ) ' ' xmxmw
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Figure 7.49 : ARX (2,2,0) roll model cross-correlation test.
Cross corr. function between input ul and residuals from output 1
0.2
01F .
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Figure 7.50 : ARX (2,1,8) roll model cross-correlation test.
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Cross corr. function between input ul and residuals from output 1
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Figure 7.51 : ARX (3,1,4) roll model cross-correlation test.
Cross carr. function between input ul and residuals from output 1
U.d’ 1 1 1 1 1 1 1 1 1
0.21 .

Figure 7.52 : ARX (4,2,0) roll model cross-correlation test.

Cross-correlation test supports the results of the step-response test, which is

previously done in chapter 7.3.7.4.

It is obvious from Figure 7.49 that the input and the residuals of ARX (2,2,0) are
correlated because of being outside of the confidence region (shown as a box). The

same sentence is also true for ARX (3,1,4) and ARX (4,2,0) models.

ARX (2,1,8) passes the cross-correlation test as it lies inside the confidence region. It

can be said that ARX (2,1,8) is a very good model to continue with.
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The discrete-time ARX roll model is explicitly given below.

ArorL(2)$(t) = Bror(2ui(t) + e(t)
AROLL(Z) == 1 - 1959 Z_1 + 09567 Z_2

BROLL(Z) = 4‘222 X 10_8 Z_8

Finally, the discrete-time transfer function for the roll axis is given below.

4,222 x 1078 278
— 19592z 1 + 0.9567 z72

GroLL (z) = 1

7.3.7.6 Identification results (pitch)

(7.26)

(7.27)

The pitch model is assumed identical to roll as described before, but verification is

required. Performance of the ARX (2,1,8) model when applied to pitch axis data is

given below (Figure 7.53).

Validation

0z 0.4 0.g 0.4 1 1.2 1.4
(seconds)

Figure 7.53 : Roll model with pitch axis data.

The result is quite satisfactory, given in the table below (Table 7.4).

Table 7.4 : Performance of the selected ARX model (roll and pitch).

Data Axis RMS Error RMS Error
Identification Validation

Roll 0.0103 0.0296

Pitch - 0.0411
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The discrete-time ARX pitch model is explicitly given below.

Apircu(2)0(t) = Bpireu(2)uy(t) + e(t) (7.28)
APITCH(Z) == 1 - 1959 Z_1 + 09567 Z_2

BPITCH(Z) = 4‘222 X 10_8 Z_8

Finally, the discrete-time transfer function for the pitch axis is given below.

4222 x 1078 z78 (7.29)
1 — 1.959z°1 + 0.9567 z~2

GpircH (z) =

7.3.7.7 ldentification results (yaw)

The same process is applied to the yaw axis. The model performances of various

models are given below (Table 7.5).

Table 7.5 : Top results of ARX identification (yaw).

Model RMS Error RMS Error
Configuration  Identification Validation
ARX ( 2,1,8) 0,0129 0,0140
ARX ( 3,28 ) 0,0124 0,0172
ARX ( 2,1,7) 0,0142 0,0277
ARX ( 2,2,8 ) 0,0096 0,0419
ARX ( 2,2,7) 0,0115 0,0461
ARX ( 3,2,7) 0,0113 0,0573
ARX ( 2,19 ) 0,0091 0,0694
ARX ( 2,26 ) 0,0107 0,0746
ARX ( 3,1,9) 0,0089 0,0795
ARX ( 4,29 ) 0,0103 0,0849
ARX ( 3,29) 0,0101 0,0896
ARX ( 2,29 ) 0,0086 0,0957
ARX ( 2,25) 0,0094 0,1056
ARX ( 3,1,8 ) 0,0085 0,1077
ARX ( 3,26 ) 0,0096 0,1149
ARX ( 2,1,6 ) 0,0083 0,1188
ARX ( 2,2,4) 0,0090 0,1229
ARX ( 4,28 ) 0,0095 0,1251
ARX ( 3,1,7 ) 10,0081 0,1309
ARX ( 2,1,5) 0,0081 0,1342
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Performance of ARX (2,1,8) is the best fit for validation data (Figure 7.54). This
result also supports that the system has a delay, which is also appeared in the roll axis

identification results given in section 7.3.7.3.

[dentification

L= qemmmmm =TT T i = =
4 | | | | : : .
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Figure 7.54 : ARX (2,1,8) yaw model.

7.3.7.8 Model verification (yaw)

To test the identified model, one positive and one negative step inputs applied. The

result (Figure 7.55) has the same sign as the input and no oscillations occurred.

wio™ Positive step response
2 ! ' !
P SO SRR SO St _
0 i i : :
0 0.5 1 14 2 2.5
w10 Megative step response

Figure 7.55 : ARX (2,1,8) yaw model step responses.
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7.3.7.9 Cross-correlation test (yaw)

Cross-correlation test is applied to ARX (2,1,8) yaw axis model and the result is

given below (Figure 7.56).

Cross corr. function between input ul and residuals from output ¥1

U.d T T T T T T T T T
02| —
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-25 =20 -15 -10 -5 0 ) 10 15 20 24

Figure 7.56 : ARX (2,1,8) yaw model cross-correlation test.

All of the cross-correlation values lies inside the 99% confidence region. This
indicates that the model works well. This model can be used for simulation of the

yaw axis of the quadrotor.

The discrete-time ARX model for the yaw axis is explicitly given below.

Ayaw (@D)Y(t) = Byaw(2uz(t) + e(t) (7.30)
Ayaw(z) = 1 — 1995271 + 0.9949 z72

BYAW(Z) = 1382 X 10_9 Z_8
Finally, the discrete-time transfer function for the yaw axis is given below.

1.382 x 107° z~8 (7.31)
— 1.995z-1 + 0.9949 z~2

GYAW(Z) = 1

7.3.8 Model decision

It is a truth that the ARX approach gave better results for all of the axes. The
underlying reason for that is the input delay, which is persistently appeared in all
ARX models.
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The linear ARX models are found in a quasi-linear form that is previously shown in
Figure 7.32, thanks to the input mixer block. Now including the input mixer, the

complete ARX based nonlinear models are given below.

) - 4222 x 108 , L (7.32)
¢(2) = T 19591 + 0.9567 72 (©Chs ~ Wm2)?
4222 x 1078 (7.33)
— 2 2 -8
0(2) = 11959 ,-1 1 0.9567 72 @Mz ~ @in1)Z

1.382 x 107 P 7
Y& =TT 995 77 4 0994972 C @M1 T @iz T @iaz T Wina)Z
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8. QUADROTOR SIMULATION

The goal of this work is simulation the dynamics of a quadrotor platform, Crazyflie,
on a computer. The advantage of being able to simulate the real platform is the

ability to design control systems safely.

In this chapter, a simulation scheme for Crazyflie quadrotor will be presented.

8.1 Simulation Overview

The most basic blocks of the quadrotor simulation diagram are shown (Figure 8.1).

Thrust Reference P Thrust Input
Euler—
Euler Reference P Control Input
Joystick | Euler Reference Quadrotor Dynamics
Control
P Euler
Attitnde Controller

Figure 8.1 : Simulation diagram overview.

User (or pilot) generates thrust and Euler angle references via the joystick controller.

Euler angle reference vector is compared to the current Euler angles of the quadrotor

to calculate an error vector.

An attitude controller minimizes the attitude errors generating control input to the

quadrotor.

As there is no onboard sensor for altitude feedback, thrust reference is directly

applied to the plant.
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8.2 Simulation Blocks

Now the simulation blocks presented in section 8.1 will be described in details.

8.2.1 Joystick block

Joystick block is simulated using constants. The detailed scheme is given below
(Figure 8.2).

3000 » 1 )
Thrust Refer
ThrustControl shRERrEnee
[1x3]
Euler Reference
EulerReference

Figure 8.2 : The joystick block.

8.2.2 Attitude controller block

The inner structure of the attitude controller block is shown below (Figure 8.3).

s PID(z) T ——»(_ 1 )
RellingContral
PIC 1
O r—
EulerReference
S FIDEz) T——®( 2 )
L PitchingContral
FiD 2
Euler
\—> FIDyz) [~ —p.
e ingC ontrol
D3

Figure 8.3 : Attitude controller block.
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The attitude controller includes proportional-integral-derivative (PID) controllers just

to prove that the simulation is up and working.

The outputs of the PID blocks are saturated to the maximum and the minimum

values of the PWM signals; in this case +4096.

The inner structure of one of the PID blocks is shown below.

T z71 (8.1)

Where K, is the proportional gain, K; is the integral gain, K, is the derivative gain
and T is the sampling time.
8.2.3 Quadrotor dynamics block

The most complex part of the simulation scheme is the quadrotor dynamics block,

which is shown below (Figure 8.4).

Thrus tContrel

Thrust Input Ralling — Rclling

Relling cntrel

Fitching — Fitching ~ Euler

E uler Angles
FitchingContrel  mctorSpeeds |— motorSpesds

Contral Input )
Mawing i Yawing

“rawingS ontrel

Rotationallynamics
Thrust [

3rao

b 4

Battery

Inputh beer

Battens Actuatord odel

Figure 8.4 : Quadrotor dynamics block.

The control input signal that includes rolling, pitching and yawing control inputs
distributed via a demux. Thrust control input comes directly from the joystick. An

additional input to this block is battery voltage, which heavily affects the actuators.
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The actuator model block outputs motor speeds vector. Input mixer block converts
motor speeds vector to rolling, pitching and yawing moments.

Finally, the rotational dynamics block mimics the quadrotor body and outputs the
attitude angels of the body.
8.2.4 Actuator model block

The figure below (Figure 8.5) shows the inside of the actuator model block.

(2 »——»|RollingControl M1 p{PWHT W p{  motor_nigr

RallingContral

Metorl

(3w FitchingContrcl Mz p{PWHZ V2 p{  motor nigr

PitzhingS ontrel
Motor2
metor Speeds
(23— awingControl M2 p{FWHI V2 p{  motor_nigr
rawingSontrel
Motord
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Figure 8.5 : Actuator model block.

The rolling, pitching and yawing control inputs have to be translated into the actuator
input, the pulse width modulation (PWM) signals. The power distribution block is

responsible for this.

As PWM is a signal related to the battery voltage, the output stage block converts
PWM signals into motor armature voltages.

Finally, nonlinear motor models work to convert armature voltages into motor
speeds. These models are identical, nonlinear grey-box models. The generated motor
speeds fed into a mux and outputted as a vector.
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8.2.5 Power distribution block

The power distribution block is responsible for generating PWM signals as a

function of rolling, pitching and yawing controls as well as the thrust control input.

The representation of this block is given below.

PWM,,, = f(thrust,rolling, pitching, yawing) (8.2)

The explicit formulation is given below.

PW M, thrust — pitching — yawing (8.3)
PWM,| |thrust — rolling + yawing
PWM;| = |thrust + pitching — yawing
PWM, thrust + rolling + yawing

In addition to the distribution, each PWM signal is limited to a value. The upper limit
that corresponds to 100% duty is 4096. The inside of the block is given below
(Figure 8.6).
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ThrustControl

Figure 8.6 : Power distribution block.
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8.2.6 Output stage block

This block converts PWM signals into motor armature voltages. First, the PWM
signals are normalized using 1/4096 gain block. Then the battery voltage is scaled

using these signals.

The inside of the block is given below (Figure 8.7).
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Figure 8.7 : Output stage block.

8.2.7 Input mixer block

The purpose of the input mixer block is to provide inputs to the quadrotor model with

respect to the equation (7.19).

Inner view of the block is shown below (Figure 8.8).
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Figure 8.8 : Input mixer block.

8.2.8 Rotational dynamics block

Rotational dynamics block is responsible for translating rolling, pitching and yawing

torques into Euler angles. The block diagram is given below (Figure 8.9).

EL1
g ARK w1
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Figure 8.9 : Rotational dynamics block.

The whole simulation is given in Figure 8.10.
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Figure 8.10 : Whole simulation diagram.
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8.3 Control of the Simulation Model

In order to show the obtained quadrotor model is good, several proportional integral

and derivative based controllers will be given. (Trial and error method is used.)

8.3.1 Proportional (P) controller

Structure of a P controller is given (Figure 8.11) where error e is givenbye =r — y.

- +_ — b . In Out y » 1)
Reference . . Output
Proportional Gain
T Plant
Figure 8.11 : Proportional controller.
u = Kpe (8.4)

Step responses of the axes using P controller (Table 8.1) are given (Figure 8.12).

Haoll

0 0.1 0.2 0.3 o4 05 06 0¥ 08 039 1

0 0.1 0.2 0.3 o4 05 06 0¥ 08 039 1

Yaw
2 T T T T T
1 L
U 1 1 1 1 1
] 0.5 1 15 2 25 3

Figure 8.12 : P controller results.

Table 8.1 : P controller gains.

Roll Pitch Yaw
Kp 149000 149000 44100
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8.3.2 Proportional-integral (P1) controller

The block diagram of a PI controller is given below (Figure 8.13).

KTs Q0
z-1 /
Integrator Integral Gain
& Kp In Qut
= Error 0

r
Reference
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Figure 8.13 : Proportional-integral controller.

u=KPe+K,fedt

Output

(8.5)

Step responses of the axes using PI controller (Table 8.2) are given (Figure 8.14).

Roll
2 T T T T T T T T
1 L
U 1 1 1 1 1 1 1 1 1
i] 0.1 0.2 0.3 04 0.4 0.6 0.7 0.8 048 1
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1 L
U 1 1 1 1 1 1 1 1 1
] 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.8 1
Y aw
2 T T T T T
1 L
U 1 1 1 1 1
] 0.5 1 1.6 2 25 3

Figure 8.14 : Pl controller results.

Table 8.2 : Pl controller gains.

Roll Pitch Yaw
Kp 226000 226000 79500
K; 166000 166000 6980
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8.3.3 Proportional-derivative (PD) controller

The block diagram of a PD controller is given below (Figure 8.15).
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Figure 8.15 : Proportional-derivative controller.

u = Kpe + Kpde

(8.6)

Step responses of the axes using PD controller (Table 8.3) are given (Figure 8.16).

Roll
2 T T T T T T T T
1 L
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0 0.5 1 1.8 2 2.5

Figure 8.16 : PD controller results.

Table 8.3 : PD controller gains.

Roll Pitch Yaw
Kp 1530000 1530000 121000
Ky 10200 10200 35900
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8.3.4 Proportional-integral-derivative (P1D) controller

The block diagram of a PID controller is given below (Figure 8.17).
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Figure 8.17 : Proportional-integral-derivative controller.
(8.7)

u=KPe+K,jedt+KDAe

Step responses of the axes using PID controller (Table 8.4) are given (Figure 8.18).

Roll
2 T T T T T T T T T
'1 =
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0 01 0.2 0.3 04 0.4 0.6 0.7 0.8 0.9 1
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0 01 02 0.3 0.4 0.4 0.6 0.7 0.8 0.9 1
Yaw
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0 0.5 1 1.4 2 25 3

Figure 8.18 : PID controller results.

Table 8.4 : PID controller gains.

Roll Pitch Yaw
Kp 1050000 1050000 30500
K, 1930000 1930000 1560
Ky 3760 3760 3730
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8.3.5 Comparison of controller performances

The presented controllers will be compared in a few aspects, including overshoot

percent, settling time and reference tracking errors. The table below (Table 8.5) gives

the root-mean-square error values of the controlled system output where error is the

difference between the output and the reference input.

Table 8.5 : Controller RMS errors.

Roll Pitch Yaw
P 0.5648 0.5648 0.3131
Pl 0.3292 0.3292 0.2987
PD 0.1506 0.1506 0.1340
PID 0.1769 0.1769 0.2736

It can be seen that the PD controller performs better than the others; meaning that it

tracks the reference input closer.

The overshoot ratios of the controllers are given in the table below (Table 8.6).

Table 8.6 : Overshoot ratios.

Roll Pitch Yaw
P 50% 50% 40%
Pl 100% 100% 60%
PD 40% 40% 1%
PID 70% 70% 5%

With these results, it can be seen that the integral effect causes large overshoots in all

of the cases, due to the integration of the error during the dead time, which is caused

by the measurement delay. In addition, the P controller has a steady-state error.

The last criterion is the settling time, which is given in the table below (Table 8.7).

Table 8.7 : Settling times.

Roll Pitch Yaw
P 0.3s 0.3s 2.0s
Pl 0.4s 0.4s 2.5s
PD 0.1s 0.1s 0.3s
PID 0.2s 0.2s 1.5s

The PD controller settles faster. It is also seen that the settling time of the yaw

controller is bigger than the other axes, due to its slower dynamics.

Considering all of these results, the PD controller will be the choice.
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9. CONCLUSIONS

This work is on modeling, identification and simulation of quadrotor UAVS using
real-time flight data. Within this concept, brief information on unmanned quadrotors

is given and a detailed literature summary is presented.

The principles of operation of an unmanned quadrotor are explained. Basic

maneuvers as well as the hover are explained.

An unmanned quadrotor is modeled in different ways. The first model is a complete
Euler-Lagrange based model while the second one is a Newton-Euler based model. It
Is seen that the Newton-Euler model is simpler but sufficient for representing most of
the system dynamics. This model is even more simplified relying on some reasonable
assumptions. Thus, the rotational part of the model is given as three decoupled

differential equations such that each equation only depends on a dedicated input.

In addition, electric motor of a quadrotor is modeled and a nonlinear model is
presented. Motor driver is also taken into account and its equation is given.

The quadrotor hardware platform that is used in this work is introduced and the

details on its hardware and software are given.

A complete telemetry system is implemented on the quadrotor platform to collect
real-time flight data. First, the requirements of the telemetry system are listed; then

the hardware, software and the data structure of the designed system are described.

The basic principles of an inertial measurement unit (IMU) are given as well as the
principles of accelerometer and gyroscope sensors. The well-known sensor fusion
methods, which are used to obtain the Euler attitude angles, are described in details.

In addition, a Kalman sensor fusion algorithm is implemented and demonstrated.

Using the quadrotor hardware equipped with the telemetry system, real-time flight

data is collected. This data is used to identify the quadrotor model and parameters.

The quadrotor used in this work flies with a closed-loop control that takes the desired

Euler angles from user, the attitude of the quadrotor from the onboard IMU and sets
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pulse width modulation (PWM) signals to the motor. As there is no built-in feedback

for motor speeds, the motors are operated in open-loop.

To simulate the system, a two-part model that consists of a motor model and a
quadrotor body model is proposed. First, the nonlinear motor model is identified.
Then, the flight-data is used to identify the quadrotor body model. Because of a
hardware limitation (lack of sensors), only the rotational dynamics of the quadrotor

body are identified.

The parameters of the previously presented nonlinear motor model are estimated.

The grey-box approach is used thank to the prediction error method (PEM).

Quadrotor body model takes the motor speeds as model input. Because of the lack of
motor speed sensors, the identified motor model is used to simulate the motors to
obtain motor speeds from the collected flight data. Then quadrotor body model is

identified first via grey-box then black-box approaches.

The previously obtained quadrotor body model is used as a nonlinear-grey-box
model and its parameters are estimated using PEM. Then the nonlinear model is
converted to a quasi-linear form. Several auto-regressive exogenous (ARX) black-
box models are estimated and the results are compared. Additionally, cross-

correlation tests are applied to the models for model verification.

ARX models gave better results than the grey-box model because of their more
flexible structure. The ARX identification also showed that the system has an output
delay that comes from the IMU sensors. Accelerometer and gyroscope have internal

digital low-pass filters to suppress the noise but they cause a measurement delay.

Finally, a complete simulation scheme for the quadrotor that uses the identified
models is designed. All of the hardware properties are applied to that scheme
including the joystick, PWM signals, the battery voltage as well as a controller block.
Then several proportional, integral and derivative based controllers are designed. It is
seen that Pl and PID controllers cause large overshoots because of the measurement

delay of the model. The PD controller gave the best results.

Thus, it is proven that this work has achieved all of its goals.
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