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Abstract

In this work, a type of unmanned aerial vehicle (UAV) called quadrotor with an object detection
system is the subject that we will talk about. The main objectives of our work is the detection of
chosen objects from the quadrotor. For that, there are two parts presented, the first one, a detailed
description of the mathematical effects that applied to the structure of our system and how we
implemented our system with showing all the parts, add to this we built it using simulink with the
PID and we showed the results. In the second part, we will talk about artificial intelligence
generally and deep learning specifically and we will show how exactly the detection happen using
the right technics and algorithms with Yolov5 and which version we will use. Finally we will
make a real test with the real time showing our prototype working in the field.

Keywords: UAV, Object Detection, Quadrotor, Deep Learning, YOLO.
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Résumé

Dans ce travail, un type de véhicule aérien sans pilote (UAV) appelé quadrotor avec un systeéme de
détection d'objets est le sujet dont nous parlerons. L'objectif principal de notre travail est la
détection d'objets choisis a partir du quadrirotor. Pour cela, il y a deux parties présentées, la
premiere, une description détaillée des effets mathématiques appliqués a la structure de notre
systeme et comment nous avons implémenté notre syst¢éme en montrant toutes les parties, ajouter a
cela nous l'avons construit en utilisant simulink avec le PID et nous avons montré les résultats.
Dans la deuxieme partie, nous parlerons de l'intelligence artificielle en général et de 1'apprentissage
en profondeur en particulier et nous montrerons exactement comment la détection se produit en
utilisant les bonnes techniques et algorithmes avec Yolov5 et quelle version nous utiliserons.
Enfin, nous ferons un test réel avec le temps réel montrant notre prototype fonctionnant sur le
terrain.Mots-clés : drone, détection d'objets, quadrirotor, profonds d'apprentissage.
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General Introduction

General Introduction

In this thesis we will focus on the development of a quadrotor mounted with an Al camera to
scan a specific area and detect objects there.

Quadrotor, as an Unmanned Aerial Vehicle (UAV), is a rotorcraft equipped with four powered
rotors laid up symmetrically around its center and we can classify it as a Vertical Take-Off and
Landing (VTOL) aircraft. Because of its unique characteristics, such as low dimension, good
maneuverability, simple mechanics, payload capability, and vertical, stationary, and low-speed
right, this structure recently gathered popularity among several applications, in particular for
surveillance, imaging, dangerous environments, indoor navigation, mapping, pipeline inspection,
football stadium security, etc. [1]

As the main drawback, the high energy consumption of the Quadrotor can be mentioned and
because of the technical insufficiencies in manufacturing of highly durable batteries, the
operational time of Quadrotors is restricted to barely more than an hour. In addition because of its
payload limitations, it is impossible to mount spare power supplies on the Quadrotor.[1]

The quadrotor is an under-actuated system with six outputs and four inputs that can be
controlled by changing the rotor's speed, which has a simple design and easy control.
However, Quadrotor is an inherently unstable system, based on several reasons elaborated as
follows. First, their dynamic model features include multivariable, non-linearity, strong
interconnections, being under-actuated and static instability. Secondly, the quadrotor is affected by
body gravity, air resistance, propeller driving force, gyro impacts, and so on. Hence, there is
uncertainty in the dynamic model, that makes the control of the quadrotor quite a complex and
difficult task mainly due to its under-actuated properties and nonlinearities, which accentuates
the need for a proper controller.[2,3,4,5]

Also we will talk about YOLO models which are used for Object detection with small size,
more speed and high performance. YOLO divides an image into a grid system, and each grid
detects objects within itself. They can be used for real-time object detection based on the data
streams. They require very few computational resources.

In this work, a detailed model of the quadrotor will be given taking into account the high-order
non-holonomic constraints as well as the various physical phenomena that act on this system. And
we will focus more on the integrated Al system that will help us to find objects remotely and from
the sky.



General Introduction

This thesis is composed into 4 chapters, which are briefly introduced in the following
paragraph:

Chapter 1: the first chapter gives an overview of the state of the art of the drones, we will present
a general description by define the drones and their history, and then we will present the different
types of drones, their classification, and their fields of application, as well as their instrumentation.
In addition the dynamic modeling of the quadrotor; And, we will present the flying possibilities of
the quadrotor as well as the different forces and moments acting on the quadrotor. Then, we
highlight the dynamic modeling of the quadrotor. Also the dynamics are explained from the basic
concepts to the Newton-Euler formalism. Finally, we will give the state model for the control of
this system.

Chapter 2: In this chapter we will talk about how the quadrotor can be controlled with PID, after
that we will pass to the hardware requirements to build a drone as well a the main controlling
board Pixhawk that we used and how it works

Chapter 3: Object detection has become ingrained in our daily lives, with applications ranging
from security to automated vehicle systems. So in this chapter we will see the evolution of the
artificial intelligence and how it became important in all technology fields, as well as deep
learning and the ways and algorithms of detecting an object from the camera to the recognition of
an object and making a bounding box to it.

Chapter 4: Computer vision technology uses a variety of imaging systems instead of visual organs
as input means, using computers to replace the brain to complete the processing and interpretation
of visual information. So in this chapter we will use the Algorithms of Yolo to detect the objects
we need and explaining the components we used to transfer the real time video from the drone to
the processing board Nvidia Jetson Nano.
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Chapter I

Quadrotor modelling

I. Introduction

Aerial robotics is a vast and interdisciplinary field. Drones are unmanned flying crafts on board,
remotely controlled and reusable. It can be defined as a mechanical, electronic, and computer
system controlled or programmed to perform tasks that are too repetitive dangerous, or difficult to
be done directly by human beings, They are also known under the name,” UAV(Unmanned Aerial
Vehicle)”.

In this chapter, we will shortly present the definition of a drone and its history, after that we will
explain the diverse types of drones, their classification according to their characteristic
dimensions, endurance, and operational altitude, finally we will present their fields of applications
and their instrumentation, which allow them to know their state and perform their tasks.

1.2 Definition of Drones

Unmanned Aerial Vehicle (UAV) is a generic term for unmanned aircraft, UAV or drone, is a
flying vehicle, does not carry a human operator, uses aerodynamic forces to provide vehicle lift,
can fly autonomously or be piloted remotely, can be expendable or recoverable, and can carry a
fatal or nonfatal payload. Their principal use is military for reconnaissance or surveillance
missions, without risk of loss of life, they are well adapted for the realization of missions that
would potentially put a crew in danger or which require permanence on the zone, which would be

tedious for a crew on board. [5]

1.3 History of Drones

The history of UAVs is one of the cyclical developments often centered on military conflicts. The
appearance of the first UAVs flying robots without a human pilot onboard returns on the date of the
First World War. Drones have been used mainly as a targeted military for combat training. Before
the 1900s, balloons were used by Austria to drop bombs on Venice (Italy).

After 10 years, the United States produced the drone "Kettering Bug" during the First World
War. Within 10 years, some "Sperry Messenger" were converted into bombs flying and thus
became the first real unmanned aircraft. Between 1930 and 1940, British produced 40 unmanned
aircraft as a practice target for defenses anti-aircraft Known as "Queen Bees", their name inspired
the use of the term "drone", During the Second World War, Reginald Denny convinced the US
army to use its radio-controlled planes "OQ-2 Radio Planes" to train their anti-aircraft defense.
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While The Germans produced the bomber "V-1" to bomb London. Between 1950 and 1960, the
"Firebee" was developed during the wars of Korea and Vietnam for surveillance missions
entrusted to drones. Between 1960 and 1970, the US Army began production of its first stealth
drone, the "AQM-34 Ryan Firebee”.

The Central Intelligence Agency (CIA) called for the production of a drone ultra-secret, which
was able to fly at speeds of 3.3 Mach and altitudes of more than 27000 km. during the 1990s the
UAVs gained wide acceptance as a useful military tool. Then until the year 2000, a variety of new
drones was developed for military and non-military applications such as solar-powered drones
"Helios" and "Pathfinder", and since 2000 so far more than 23 countries are developing drones and
more than 41 have in services. The new drone brings many innovative ideas and uses. [6]

Figure 1.1 Havilland Queen Bee K4227
Fi L.2 Kettering Bug (the USA air f
One of the first 10 production models reure ettering Bug (the air force)

I.4 Classification of Drones

The classification of drones is a very hard practice, as far as it is different depending on the
country and the organization. On the other hand, this classification depends on various parameters,
including the flight range, the flight altitude, endurance, size (length, wingspan, etc.), weight, or
their wings (fixed, rotating, or swinging). We will first present a general classification of drones,
according to their radius action, endurance, altitude, and size:

e Mini drones MAV (Mini Air Vehicule) & Micro / Nano UAVs:

Figure 1.3 — (a) Hovereye - (b) Seiko Epson uFR - (c) Proxflyer. [7]
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e TUAY tactical UAVs (Tactical Unmanned Aerial Vehicle):

Figure 1.4 TUAYV: (a) Le X-47B - (b) Watchkeeper WK450 - (c) Sperwer [7]

e HALE Drones (High Altitude Long Endurance) & MALE Drones (Medium Altitude
Long Endurance):

Figure 1.5: HALE & MALE : (a) RQ-4 Global Hawk - (b) MQ-1 Predator - (c) Orion. [7]

I.5 Drone Types

The important technical characteristic of drones is the type of drone. The main drone types are
fixed-wing drones and rotary-wing drones. The majority of existing drones can be defined within
these two types. However, there are other types like hybrid drone systems and ornithopters. These
characteristics will be discussed to further visualize these technological characteristics.

¢ Fixed Wing drones: These drones consist of a pair of wings providing lift, with a fuselage,
drifting, and a tail the propulsion is provided by one or more propellers.[7]

Figure 1.6 — (a) Carolo P50- (b) eBee. [7]
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Multirotor: Multi-rotor UAVs are certainly the most common among autonomous air vehicles.
These devices are usually equipped with four rotors (quadrotor), six and eight rotors, the
mechanical simplicity makes this type of drone is widely used for the realization of experimental

platforms at reduced costs [8].

Figure 1.7. (a) quadrotor-(b) hexarotor-(c) octorotor [6].

I.6. Drone Applications

UAVs were developed to replace humans in hostile environments or dangerous situations. These
vehicles have many advantages, it is very probably in the civil as in the military field, which these
drones are called to play the biggest role, and this is because of their flexibility, and their
versatility of use. In this section, we will present a set of their applications.

I.6.1. Military Applications

* Mine clearance: Drone contains an infrared camera that allows it to detect mines. Without
risking a life.

* Surveillance and intelligence: Uses of drones for surveillance and intelligence are very diverse,
they are equipped with optical sensors. These devices can collect lots of information on the
enemies.

* Combat support: Drones can be armed with missiles that allows them to conduct high precision
military attacks.

* Search and rescue: Drones can perform search missions in a wide area to locate casualties thus
assisting the rescue team instead of a long search operation.

1.6.2. Civilian Applications

* Science and research: They can help scientists on their researches to observe different
occurrences in nature or a particular environment from the sky.

* Inspections: checking many systems such as power lines, wind turbines, and pipelines

* Unmanned cargo system: They can serve in delivering of lightweight packages to customers.

* Forest fire control: Drones provide valuable help in the immediate response to a forest fire
through early detection of fires.

* Geographic Mapping: Drones can reach difficult-to-access locations like eroded coastline or
mountaintops and acquire very high-resolution data to create 3D maps.
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Figure 1. 8. (a) Mine cleaner, (b) monitoring of power lines .

L1.7. UAYV Instrumentation

1.7.1. Inertial units

An inertial measurement unit or also called (IMU) "Inertial Measurement Unit" is a navigation
system providing the attitude, the vector of speed, and position of an object (see figure 1.10). It
mainly contains three accelerometers and three gyrometers measuring the non-gravitational
acceleration and the instantaneous speed of rotation of the vehicle for an inertial frame of
reference. MEMS technology is currently the most used technology, the sensors being simple,
small, light, and economical. Some examples of these sensors are shown in Figure I.11. This
technology makes it possible to have accelerometers, gyroscopes, and magnetometers integrated
into an electronic circuit weighing around ten grams.

Figure 1.9 — Exemples of Inertial units

1.7.2. Accelerometer

An accelerometer allows, as its name suggests, to measure the nongravitational (or specific)
acceleration of the object that supports it along with one, two, or three axes. A three-axis
accelerometer makes it possible to measure the three linear accelerations along three
orthogonal axes. Their principle is based on the deformation or displacement of a body during
an acceleration. The advantage of an accelerometer is its great ease in revealing a multitude of
data (acceleration, speed, displacement, force, etc.).

1.7.3. Magnetometer

A magnetometer, also called a magnetic compass, is a sensor allowing to measure the direction
and/or the intensity of a magnetic field, and in particular, the direction of the earth's magnetic
field also called magnetic induction. However, this sensor is sensitive to external magnetic
disturbances from the drone.
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1.7.4 Gyrometers and Gyroscopes

A gyrometer is a sensor that measures an instantaneous speed of rotation around an axis. A
three-axis gyrometer makes it possible to measure the speed of rotation on the three axes of the
moving frame (roll, pitch, and yaw speeds). A gyroscope measures the angular position along
the axis where it is mounted in the inertial frame.

Figure 1.10 - MEMS Sensors -(a) accelerometer- (b) gyrometer- (c) magnetometer

1.7.5 Geolocation system

The Global Navigation Satellite System (GNSS) encompasses all types of satellite navigation
systems. GPS stands for “Global Positioning System” and is a satellite positioning and
navigation system. This system is made up of twenty-four satellites spread over six orbits (four
satellites per orbit) revolving around the globe (2 revolutions in 24 hours) and located at an
altitude of 20,184 kilometers. Measurement errors are mainly due to interference which alters
signal propagation.

1.7.6. Altimeter barometric pressure

A barometric altimeter is a sensor for determining the altitude between the sensor level and the
reference level. The measurement of this sensor is very sensitive to changes in atmospheric
conditions (gusts of wind). For miniature drones. It is generally best to use these sensors for
interior applications.

I.8. Dynamic Modeling Of The Quadrotor
1.8.1. The flight possibilities of the quadrotor:

The quadrotor is a flying robot equipped with four fixed-pitch rotors, placed at the ends of a
rigid cross-shaped structure, two rotors in the same pitch are placed opposite and rotate in the
same direction, while the other two rotors rotate in the opposite direction, Clockwise and
Counter Clockwise.

The base movements of the Quadrotor are achieved by varying the speed of each rotor,
thereby changing the thrust produced, to get better information; we will discuss the possible
movements of the Quadrotor.[7]
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o Roll Motion:

This movement is created by the difference in lift force between the rotors 1 and 3; This
difference provides a rotation around the x-axis coupled with a translation motion along the y-
axis. Figure 1.12 shows the roll motion of the quadrotor.

S

b
= &
4

Figure I.11 — Roll motion of quadrotor.

¢ Pitch Motion:

This movement is created by the difference in the lift force between rotors 2 and 4, this
difference provides a rotation around the y-axis coupled with a translation motion along the x-
axis. Figure .13 shows the pitch motion of the quadrotor, left and right rotations.

: -
i’ﬁi“( 3

Figure 1.12 — Pitch motion of quadrotor.

¢ Yaw Motion:

This movement is ensured by the difference in the velocity between the rotors which are on
the same axis (1, 3) and (2, 4) This difference provides a rotation around the z-axis. Figure
[.14 shows the yaw motion of the quadrotor.

g 5 &
ety

Figure 1.13 — Yaw motion of quadrotor.

o Vertical translation:

The vertical movement is ensured by the lift forces of four rotors at the same time. To raise or
lower the quadrotor, it is essential to increase or decrease the power of all the motors. Figure
I.15 shows the vertical translation of quadrotor
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Figure 1.14 — Vertical translation of quadrotor.

In the vertical translation we find:

* The lift force is greater than the weight force of the quadrotor > the movement is upward.

* The lift force is equal to the weight force of the quadrotor > the movement is hovering.

* The lift force is less than the weight force of the quadrotor > the vertical movement is
downward along the z-axis.

1.8.2. Dynamic quadrotor modeling

In order to get the mathematical model of the quadrotor, first thing first we need to define two
coordinates systems, which will be used [9]:

* Earth fixed frame (E-frame, E)
* Body fixed frame (B-frame, % B)

Some quadrotor physical properties are measured in 4 E (roll, pitch and yaw angles, angular
velocities), while some properties are measured in # B (linear accelerations) [9].

The Earth reference frame is an inertial frame fixed on a specific place at ground level as its name
implies, where the positive direction of the Z-axis is in the direction from the earth, while the body
frame is at the center of the quadrotor body, with the positive direction of the XB axis with its x-
axis pointing towards propeller 1. The positive direction of the YB axis points towards propeller 4,
while the positive direction of the ZB axis is in the direction of the propeller's thrust forces. Figure
1.16 shows the earth and body frames of the quadrotor.

Figure 1.15 The earth and body frames of a quadrotor.
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The modeling of flying robots is a delicate task since the dynamics of the system are strongly
nonlinear and fully coupled. To better understand; the dynamic model developed below, here are

the different working hypotheses [10]:
* The quadrotor structure is rigid and symmetrical.
* The propellers are supposed solid.

* The mass center and Body fixed frame origin are supposed to coincide.
* Thrust and drag forces are proportional to the square of the propeller's speed.

1.8.3. Rotation Matrix

The distance between the Earth frame and the body frame describes the absolute position of the
center of mass of the quadrotor € = [x y z]T. The rotation R from the body frame to the earth

frame describes the orientation of the quadrotor.

The orientation between the references can be given by an orthogonal rotation matrix, the
parameterization of the rotation matrix by Euler angles is often used in robotic applications. The
orientation of the quadrotor is described using roll, pitch, and yaw angles (¢; 6 and ¥ )
representing rotations about the X, Y, and Z-axes respectively. To find the elements of the

rotation matrix R, we use the Euler angles:
> Roll angle ¢ such as -7/2< ¢ <n/2

> Pitch angle 0 such as -n/2< 0 <n/2

> Yaw angle P suchas -m<O<m

1 0 0
The rotation around the x- axis R(x, @) =| 0 cos ¢ -sin ¢
| 0 sing cos¢@
[cos® 0 sin® |
The rotation around the y- axis R(y, ) = | 0 1 0
|—sin6 0 cosO |
cos¥ -sin¥ 0
The rotation around the z- axis R(z, ) = | sin¥ cosV¥ 0
0 0 1

Therefore, the rotation matrix R is given by: R=Rotz

cos¥ — sin¥ 0 cos O
R = [sin¥ cos¥ 0 X 0 1
0 0 1 —-sin® O

()  (B®)Rotx (¢) Thereby:

sin 0
0
cos 0

The rotation matrix from the body frame to the inertial frame is:

X

1
0
0

0
cos @
sin ¢

0
— sin @
Cos @
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cPcd  csOBs — she  cPsOe + sPs@
R= sPch  sPsOsg — che  sPsBe — s (L1)
—s0 cOsy cOcy

Where: c=cos, and s=sin

The passage between the references is ensured by a matrix of transformation final T:

T=[R g] (1.2)
0 1

Linear velocities

Linear velocities vx ¢&wx 9x ¢n the fixed reference according to the linear velocities vx W vR in®

the body frame are given by:

e b
VX VX
13)
v=| vy =Rx| vy
¢ b
vz vz

Angular velocities

The angular velocities, Qx Qy Qz in the earth frame are expressed as a function of the
angular velocities ¢ , 0, { in the body frame, we have:

Qx ¢ 0 0
Q= | Qy =1o +Rot ()" | 6 + (Rot,(0)Rot(¢)) " | O (L.4)
Qz 0 0 P

Qx ¢ 0 VNG @ - s
Q= [ Qy =10 + |0cop | + |Usech| = ég(p+ Pepchd (LS)
Qz 0 _0s® Ve e Peged - 0s@
I 0 -s6
? (1.6)
Q=10 co spcb | | 4 .
0 —s¢@ cecbd 0
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When the quadrotor makes small rotations, we can suppose the following approximations:
cos @ = cos 0= c =1, and sin ¢ =sin O=sin P=0

Thus, the angular velocity will be: Q=[¢ 6 | T (I.7)

1.8.4. Physical effects acting on the quadrotor

There are several physical effects acting on a quadrotor, including forces, moments and gyroscopic

effect. We will talk about these effects:

e Forces:

- Gravity force: it is given by; Fg = m x g, with: m is the mass of quadrotor and g the
gravity.

- Thrust forces: which are forces caused by the rotation of the motors, they are
perpendicular to the plane of the propellers. These forces are proportional to the
square of the rotor’s angular speed (w):

E=k,w, (L8)

Where i = T:4 and kp Is the lift coefficient, it depends on the shape and the number of blades and
the density of the air.

- Drag forces: The drag force is the coupling between a force of pressure and the force of
viscous friction; in this case, we have two drag forces acting on the system, as the
following:

v The drag in the propellers: it acts on the blades; it is proportional to the density of
the air, to the shape of the blades and to the square of the angular velocity of the
propeller, it is given by the following relation:

T=dw (1.9)
With d is the drag coefficient it depends on the fabrication of the propeller.
v’ The drag along the axes (X, y, z): it is due to the motion of the quadrotor body:
E=K¢& 1.10)
With Kdt is the translation drag coefficient.
e Moments

There are several moments acting on the quadrotor, these moments are due to thrust and drag
forces and gyroscopic effects
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- Thrust moments

Starting with the moments around the body frame’s x-axis, this moment is created by the
difference between the lift forces of rotors 2 and 4, this moment is given by the following
relation:

M =I(F-E)=Ik(w,-w,) (111)

Where [: is the length of the arm between the rotor and the centre of gravity of the quadrotor.

For the moments around the body frame’s y-axis, also, this moment is created by the
difference between the lift forces, but in this case, between rotors 1 and 3. This moment given
by the following relation:

My =IF-F)=Kk(w-w) (I.12)

- Drag moments:

as for the moments about the body frame’s z-axis. This moment due to a reactive couple
caused by the drag couples in each propeller. It given by the
following relation:

2 2 2 2
MZ = Kd( W= W+ W - W ) (1.13)
Moments resulting from aerodynamic friction, given by:

M=k O I.14)

a fa
Where kfa: The coefficient of aerodynamic friction and is the angular velocity.
e Gyroscopic effect

The gyroscopic effect is a physical effect in which gyroscopic torque or moments attempt

to align the spin axis of the rotor along the inertial z-axis.

In our case there are two gyroscopic moments, the first is the gyroscopic moment propellers,
the other is the gyroscopic moment due to quadrotor movements.

- The gyroscopic moment of the propellers: it is given by the following relation:
: T
M =XQA J[0 0 (-1)"w] (1.15)

With: w,is angular speed of rotor i, Jr is the rotor inertia and /\ is the vector product.

- The gyroscopic moment due to quadrotor movements: it is given by the following relation:
M= Q A JQ (I.16)

With: J is the inertia of the system.
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1.9. Mathematical Model according to Newton-Euler Formalism

After using Newton-Euler formulation, the equations will be written in the following form [8,11]:

+F (L17)

Where £ is the position vector of the quadrotor and m is the mass of the quadrotor

J: is the symmetrical inertia matrix of dimensions (3x3), it is provided by:

I, 0 O
i= o 1 o (L18)
0 0 Iz

Ff: is the total force generated by the four rotors and we write it as follows :

T

4
E=RO 0 X F] (119)
cPsOcy + sPs@ 4
F=| stsbcp-cisp | kX o (1.20)
! sOcy
F;l . drag force along the axes (x, y, z) given by:
K 0 0
dix .
F = 0 -K, O £ 1.21)
0 0 -K,
Fg: The gravity force:
0
Fg = 0 1.22)
_mg

M, : The moments caused by thrust and drag forces

lh, (W - o))
My = k(W - W) 1.23)

2 2 2
K(W - w, +0; - W)

22



Chapter I Quadrotor modelling

Ma: Is the moments resulting from the aerodynamic friction and it is provided by:

Ma = K 6 (1.24)

1.9.1 - Translational Movement

The translation equations of movement for the quadrotor are primarily based totally on Newton's
2nd regulation and they're derived the Earth inertial frame, we obtain:

- (1.25)
mé = }} +F, + Fg
And after we replace forces by their formula, we get:
X cosVsinOcos + sinsing K, X 0
M1y |=| sinbsinOcosp — cosdsing Kp ( wf - w; +w§ - mi) +| - d&:’ -1 O (1.26)
Z sinBcosy -K 7 -mg
Therefore, we get the differential equations that define the translation motion:
. . . -K X
(3 =L (cosPsinBeos@ + sincosp) K ( W - oF +W, - u)z) du
m D 1 n 3 4 m
N P _ , >, 2 o Ky (1.27)
Y V== (sinsinOcos — cosPsing) Kp( W -, +W - W) Idn
.. 1 . 2 2 -K 7
\ 2=~ (sinBcosp) Kp((k)1 - oo; + 0 - wi)% - g

1.9.2 - Rotational movement

The rotational equations of movement are derived withinside the body frame, the use of Newton's
law, about rotation movement, we find :

IO=-M -M - M +M, (1.28)
gm &P a

We replace each moment by its formula, we get

(i) I. 0 O ¢ _‘{ g_lr(P _Ig‘ax(pz lkp(wg ) (,\)? )
JQ=— g (A0 B off o JIFOO [+ &8 [ s - (1.29)
: 0 0 I ; 0 K i K (W - wj +0; - &)
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After that we get the differential equations that define the rotation movement:

L =0b1a -1)+78,0 K &+ ik (& - o)

$ L6 =091 -R)+I0¢ K 0+ k(W - ) (1.30)

| LE =00 1= 1) K K- o - o)

. = 2 2 2
With: Q = (W, - u); +0; - W)

2 2 2 2
Ul K, K, K, K, W U1=Kp (W, + o, + W+ w,)
- 1.31)
0 - 0 K ) .—9 { p 3 | (
v iy P “ U3 K (W, -, )
v L& K K] fu
UZ=Kp(w1'w2+w3-w4)

As a result, the dynamic model governing the quadrotor is as follows:

$ =1 (1, 1)6% +70,0 K ¢+ 10, )
.. 1 .- _ . 9
=T{(L L)eh-70.9-K 0 + 10, }

b =p{(1 1) 6b & 3§ + 10}

(L.32)
% =g { K X+UY )
Lrk y+uu)
Y =m { dvcy Yy
z =% {- duz + cosqocos@Ul} -g
With:
U= (cosPsinBcosy + sinsing) (1.33)
U= (sinPsinBcosy - cosPsing)

1.10. Nonholonomic constraints

In a perfect case therobot can move in any directionand that means the robot has many degrees
of freedom as parameters of configuration, the number of degrees of freedom representing all
the movements that the robot can achieve through its joints. Regardless, a real robot is subject to
constraints during its movement. We can consider two major classes:
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e The holonomic constraints, which reduces the set of admissible configurations without
calling into question the existence of a path.

o The nonholonomic constraints that constrain the field of robot velocities.

In the context of our project, we will focus on the nonholonomic constraints characterizing the
relations which link the angles ¢ and 6 and the components of the vector of acceleration. From
the dynamic equations of translation, we can extract the expressions of the nonholonomic
constraints [12] :

U= (cosVsinBcosg + sinsing) (a)
We notice :

U= (sinPsinBcos@ - cossing) (b)

Complete the following manipulation :

sin( X (a) - cosY X (b) = sing = U~ sind - U, - cosP
and
(a) - sind = U ) sinOsin
cos@cos cos@cos\ cos@cos
We get

{ sing = U+ sin - U, - cosP 134

nOsi
in0 = U _ sin sin

cos@cosP cos@cosP

I.11. Rotor Dynamics

The motors usually utilized in quadrotors are brushless DC Motors, which provide little friction
and high torque. In the following derivation, it is supposed that the rotors are not geared with rigid
mechanical coupling between the motors and the propellers [12]. The schematic for a brushless
DC motor at stable state as the figure .17 shows.

O ) éﬁ@

Figure 1.16 DC Motor Schematic Diagram
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Based on Kirchhoff’s voltage law, we get the following equation:

= R  +L  di W
v R A (1.35)

With: v is the input voltage, Rmm motor's resistance, L ~ motor's inductance and
mot

ia is the armature current, while K W represents the generated emf,

mot

and K o is the motor's torque constant.

Since the quadrotor depends on small motors, their inductance is low therefore it can be
neglected, we get:

v=R i +K (1.36)
Or
- w
. (1.37)
“ R
mot

J w. =T - Tlood (138)

With: T, , is the torque caused by the motor that is equal to K ia » where K
is the motor's electric constant and for small motors it is approximately equal to Kmm

T,0q is the load torque which is the torque generated from the propeller system, it equals
o K, w?

Substituting the equations of T, . and T, together with the current equation from

the eqaution (1.37), we get:

v-K W
_ mot 1 2 (1.39)
J wl_Kmot R— - KM(U
mot

After we simplify it, we can write the voltage as a function of the rotor's velocity as follows:

R
mot N
V=K— Jr(x)l.+ Kmmwi +KM Rm

mot

w? (1.40)
1

0

1.12. State Representation

Developing the acquired mathematical model for the quadrotor into a state-space model helps
make the control problem easier to tackle
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> State Vector X: Representing the state vector of the quadrotor to be,
T

X=l xl xz X3 x4 xs xﬁ x7 xx )C9 xlO 'Xl.l x12] (L41)

Which is mapped to the degrees of freedom of the quadrotor as follows -

) : : . . 1T
X=[e9p 00V zz xx yy] (1.42)
The state vector represents the position of the quadrotor in space and its linear and angular

velocities.

> State Space Representation: For a physical system, there is a multitude of state

representations, in our case, we can write the system in state-space representation as the form
x = F(x) +G(x,U) [13]

By using the equation of motion (I.32), we can write the mathematical model in a state space

representation as follows

X=X
1 2 , B
X=axx+ax+aQ x+bu
2 17476 "2 35y 1
X=X
3 4
. 5 _
X,=axx+ax+aQ x+bu
. 4276 T4 T rT T s
X5= X6
. 2 (L.43)
X =axx+ax+bu
l 76 7274 T8 374
X =X
7 8
y 1
= + 2
xs a9x8 m qul
X =X
9 10 .
= + 2
x]() aleIO m uxul
X, =X, 5
. cosBcos
= I/t =
xlz 1712 1 8
Where:
| -K J I-1, -K, g
r =(IY z)’a= fa ’ag=_, a=(z )’ a5_ fay ’a6=_
! Ix 2 Ix Ix N IY IY Y
_ -K -
(Ix' IY) _K}ax I{dtx dty a = diz
{ a7= I ’ a8= I ’ a9= " ’ Cllo_ m 11 m (1.44)
[ l
b =l— s b =— > b3=_
L1 L § I
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I.13. Conclusion:

Through various translational and rotational movements, we have demonstrated the quadrotor's
flying capabilities in this chapter. The applied forces and moments on the quadrotor's structure were
then presented, and in order to define the mathematical model of our system, we formulated the
equations of motion representing the quadrotor's dynamics, allowing us to describe the system's
behavior with sufficient precision. The Newton-Euler method was used to develop the
mathematical modeling strategy. We conclude that the quadrotor is an under-actuated system based
on the model. Furthermore, the model's complexity, nonlinearity, and interconnections between
system states can all be clearly seen.
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Chapter I1

Implementation and Controlling
of quadrotor

II.1. Introduction:

In this chapter we will talk about our implementation and which parts are good for our prototype
as well as we will explain why we chose the board Pixhawk as a microcontroller and its powerful
benefits, after that we will pass to the control part, we built it using simulink with the PID and we
presented the results of it.

I1.1. Hardware Components
I1.2.1. Frame

The frame is the component responsible for connecting all of the subsystems and ensuring physical
integrity. Also the frame is what holds all of the quadrotor's components together. Arms, landing
gears, rotor mounts, and central plates add to the complexity. In most cases, central plates serve
two purposes. It's where the landing gears and arms connect, as well as the power distribution
wiring that powers the remaining components. The JMT 380 kit frame employed within this
project has a central plate that power all the ESCs. There are relevant selection choices regarding
the frame: the frame's orientation in relation to the position of the flight controller In the case of
quadrotors, there are three possible configurations: +, H, and X. And in our thesis we will use the
X type.

\ 2R\ ~ \

UAD H
Q QUAD X QUAD +

Figure II.1 quadrotor frame Types
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The selected frame for this project was a quadrotor. The orientation of the rotors was X.

Figure I1.2 380mm Frame

I1.2.2. Rotors

The purpose of rotors is to lift the quadcopter and allow it to move around the entire space. To
move the vehicle in the desired direction, the flight controller adjusts the angular velocities of the
motors. Motors are classified by the amount of power they produce (AC or DC). Alternating
current (AC) drives AC motors, while direct current (DC) motors convert electrical energy into
mechanical energy[18]. The mechanism by which rotors generate rotation is also classified. Rotor
classification is depicted in the diagram.

DC Motors T Brushed DC Motor

— Brushless DC Motor (BLDC)

— Stepper (STP)

AC Motors T Induction Mator (IM)

— Synchronous Motor (PM)

Figure I1.3 Rotor classification

In the UAV industry, DC motors are used, specially brushless DC motors (BLDC). An armature,
brushes, a field magnet, an axle, and a commutator make up brushed rotors. Their working
principle is that the brushes charge the commutator with a polarity that is inverse to that of the
permanent magnet, causing the armature to rotate. On the other hand, brushless motors don’t have
brushes. They are mounted in permanent magnets, normally more than four, around its perimeter.
Those kind of rotors make use of control circuit. They are powered by DC electricity through an
inverter or switching power supply, that produces AC electric current to control the rotor phases by
closed loop controller. The size of the brushless rotors is measured by height and diameter.
Rotation speeds are measured by KV rating. .
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The KV value is given in rotations per minute (rpm) per volt (V). For instance, the motor
employed within this project has a KV of 920. A given voltage of 11 V would mean 11 x 920 =
10120 rpm. The selected rotors were four units of F15843 920 Kv Brushless rotor; two clockwise
rotating and the other two counter-clockwise rotating

Figure I1.4 F15843 920 Kv Brushless rotor

I1.2.3. Propellers

The propellers are the rotors' uppermost parts. Propellers create a downward air flow that provides
lift for the quadcopter. 2-blade propellers are commonly used in quadcopters. However, propellers
used in the UAV industry can have up to four blades.

The most relevant design option when manufacturing propellers is their rotation sense. Propellers
can be clockwise or counter-clockwise rotating. Clockwise propellers must be always mounted on
clockwise brushless motors, and the same happens with counter-clockwise propellers.

The propellers employed in this project are 10x4.5 squared style, where the first number
corresponds to the diameter in inches, and the second value stands for the pitch value.

Figure I1.5 1045 Propellers

I1.2.4. Electronic Speed Controllers (ESC)

Electronic Speed Controllers (ESC) are the bond between the flight controller and the motors.
What they do is transforming the electric current from battery (Direct Current) to Alternating
Current (AC).
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The angular speed of the rotors depends on the Pulse Width Modulated (PWM) sent by the ESC
controllers.

Pulse Width Modulation Duty Cycles

0% : 25% : 50% ; 75% 5 100% :
Duty Cycle : DutyCycle : DutyCycle : DutyCycle : DutyCycle :
. — . o - -

1 3 Average Voltage
] .ﬂverase Volt age_ -

Voltage (V)

Time (ms
Mote: 1 cycle =2ms @ 500 Hz

Figure I1.6 Duty cycles

ESCs has maximum current and tension values permitted as well as rotors. That is an important
issue to take into consideration when selecting a rotor compatible with an ESC. The maximum
current supported by the ESC must be always equal or higher than the maximum one supported by

the rotor. I its also strongly suggested that ESCs have a threshold margin between maximum
allowed current between rotors and ESCs

The selected ESCs for this project were four units of 40A

Figure I1.7 Selected Electronic speed control

I1.2.5. Power

Nearly all UAV are powered by lithium polymer batteries (LiPo). Those kind of batteries have
great power capacity and light weights. Those two features make them perfect to be the source of
energy of a device that is going to fly and that need to have low-weight payloads to increase its
endurance and range. in our project we will use a Turnigy 2.65Ah with a capacity of 40.
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Figure I1.8 Left: Lipo battery charger. Right: Lipo battery 2.65Ah

I1.2.6. Flight Controller Pixhawk

The flight controller is mandated to control all the quadcopter behaviors. In this project, a Pixhawk
2.4.8 was employed. Pixhawk is defined as an independent open hardware project to provide UAV
autopilot features commonly employed in civil, industrial and military purposes.

Pixhawk flight controller runs an internal real-time operating system denominated NuttX. The
alternative flight controller currently in the market is the one produced and developed by
ArduPilot project.

Figure I1.9 Pixhawk 2.4.8

I1.2.6.1 Why Pixhawk?

Pixhawk is an independent open-hardware project providing readily-available that developed by a
group of professional engineers and in the end it comes with low-cost, and high-end, Flexibility in
terms of hardware peripherals that can be attached, Widely-used and thus well-tested/stable,
autopilot hardware designs to the academic, hobby and industrial communities[19].

Here are Pixhawk's pinouts
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Figure I1.10 Pixhawk Pinouts explain

And here as we can see, the buzzer can be used to audibly indicate status changes for the vehicle,
the safety switch allowing us to handle the vehicle safety by disabling the motors until we activate
the switch, GPS module locks to satellites by itself and sends data to pixhawk, Telemetry Radios
can be used to provide a wireless connection between a ground control station and the vehicle, and
lastly the power module will provide a steady ~5V to Pixhawk and allow the Pixhawk to measure
the current and/or voltage of the main battery.

Buzzer

Telemetry

Power Module

Figure II.11 Pixhawk with the used Modules

it also comes with auxiliary outputs that can control additional servos

Mo Okt Anx Output

2887654321 (ENE

CGrround
Pomwer

Sigmal L e e e BSiLuia i e s o ae man s W [

Figure II.12 Pixhawk 2.4.8 pinouts
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we can make different modes as RTL (return to launch) when the board lose the signal or getting a
low battery level. add to that we can send it in a mission using mission planner software after
planning a trajectory and following it on the computer with it's position step by step.

Figure I1.13 Example of a mission

I1.2.6.2. Why not arduino?

We didn't use arduino because it can't do as much as Pixhawk can do, because we alredy made a
test with it and didn't give a good results especially on the response time, it can't also reach the
level of using Pixhawk, Pixhawk is easy to use and give much more better results and gave us the
hand of editing whatever we need to succeed the project.

I1.2.7. Firmware

Internal firmware is required for flight controllers. Firmware is software that is written into the
nonvolatile memory of a hardware device. The firmware used in this project is part of the
ArduPilot open-source software. Each of Ardupilot's supported vehicles has its own firmware:
multicopters, fixed plane UAVs, helicopters, rovers and underwater vehicles. This firmware is
already fixed to be installed in the flight controller and start setting the first-time configuration
tasks, and it is freely available on the ardupilot official page. It already has its own flight modes
for carrying out the required tasks.

I1.2.8. Pixhawk sensors
Pixhawk flight controller is equipped with internal sensors that retrieve the required information
for its proper performance.

e Barometer: a barometer is used to retrieve data of the air pressure to the flight controller. This

data is processed and an altitude above ground level is estimated. This sensor is really useful
for instance in altitude hold mode, where throttle is adjusted to maintain a desired altitude.

e Magnetometer: a magnetometer is employed to compute the magnetic heading of the flight
controller with respect to the magnetic north.
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e Inertial sensors: the inertial sensors are mounted in an electronic board called Inertia
Measurement Unit (IMU). First inertia sensor is a 3-axis gyroscope which retrieves 3-axis
angular accelerations. A 3-axis accelerometer is the second inertia sensor, and it measures
linear accelerations. The IMU's purpose is to retrieve the necessary data in order to keep the
quadcopter stable during operation. The flight controller analyzes the data and sends the
necessary angular velocities to the ESCs in order to keep the drone stable and achieve
horizontal balance in the longitudinal and lateral axes.

e External sensors: external sensors can be plugged into the Pixhawk flight controller throw the
12C, SPI and Serial ports. A critical sensor needed for the proper performance of guided flight
modes is a GPS sensor, which is plugged into the Pixhawk by the GPS port. It can also be
connected an additional compass(magnetometer) through the I2C port. An additional
magnetometer helps the system to retrieve more precised headings, based on the comparison
of the electromagnetic fields measured in the internal magnetometer of the Pixhawk and the
external one.

e The safety switch's purpose is to prevent PWM communication between the flight controller
and the ESCs, allowing for safe UAV manipulations even when the battery is connected. The
buzzer is a device that emits various sounds depending on the quadcopter's status. It's a way
for the flight controller and the pilot to communicate without using the Ground Control
station. When the UAV is armed, for example, it emits a distinctive bip for two seconds.

I1.2.9. Telemetry

A telemetry connection between the ground control station and the drone is required to monitor the

drone's flight attitude and to report any failures or incidents that occur during the flight. Telemetry

is also important for some flight modes, particularly autonomous flight modes, in which the

quadrotor follows a flight path based on waypoints set in the ground control station.

Micro-USB port

DF13 six-position port
Antenna

Frequency

LED indicator

1
2
3
4
5

Figure I1.14 Telemetry hardware description

11.2.10. Radio transmitter and receiver

A Radio Control (RC) transmitter and a Radio Control (RC) receiver are used to complete this
task. The radio signal's frequency is 2.4 GHz. The receiver is in charge of converting the radio
signal received into a Pulse Width Modulated Signal (PWM) (PWM). The Pixhawk flight
controller is used in this project, and it has PPM input rather than PWM. PPM stands for pulse
position modulation. In PPM, the signal is conformed by a set of pulses of fixed length. Between
the pulses, there are pauses of variable length. To input the Pixhawk flight controller, a PPM
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encoder was used to convert the PWM signal from the RC receiver to PPM. As a result, each of the
five used channels' PWM signals (roll, pitch, yaw, throttle, and flight mode) is encoded in a single
PPM signal[20]. The remaining channel will be used to control additional servos or mode
changing, the Flysky FS-i6X RC transmitter used in this project has ten channels. This channel
could be used for servo motor control, which is commonly used when a camera is mounted as a

payload on a quadcopter.

Figure I1.15 Radio Controller FlySky FS-i6X

11.3. PX4 Software

Navigator

Position & Altitude Estimator Position Controller

Attitude & Rate Controller

Actuator

Figure I1.16 A schematic about the linked hardware to the quadrotor

PX4 is an open-source community-based autopilot platform founded in 2008 by Lorenz Meier. It
was originally known as the "ETH Pixhawk project”. One of the most vital parts of the PX4
platform is the autopilot firmware. This software acts as a pilot, monitoring all sensor values and
responding to commands. It generates outputs to all actuators to control the unmanned vehicle
based on that data. The Autopilot system is made up of two layers: Middleware and Flight Stack.
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Sensor and user input fusion, estimations, and flight control are all done by the flight stack.
Middleware creates a layer that handles all internal and external communication as well as driver
support for supported hardware. All estimation and control algorithms are collected in the flight
stack layer.[21]

There are controller algorithms for rovers, multi-rotors, helicopters, and VTOL planes, among

other vehicles.

I1.4. Mission Planner

The ground control station for Plane, Copter, and Rover is called Mission Planner. For your
autonomous vehicle, Mission Planner can be used as a configuration tool or as a dynamic control
supplement. Here are a few examples of what Mission Planner can do for you:

e [oad the firmware (the software) into the autopilot board (i.e. Pixhawk series) that controls
your vehicle.

e Setup, configure, and tune your vehicle for optimum performance.

e Plan, save and load autonomous missions into you autopilot with simple point-and-click way-
point entry on Google or other maps.

e Download and analyze mission logs created by your autopilot.

¢ Interface with a PC flight simulator to create a full hardware-in-the-loop UAV simulator.

e With appropriate telemetry hardware you can:
1.Monitor your vehicle’s status while in operation.
2.Record telemetry logs which contain much more information the the on-board autopilot logs.
3.View and analyze the telemetry logs.
4.Operate your vehicle in FPV (first person view)

Misdion Planner 1.3.37 build 1.1.5917.13431 APM:Copter V3.3 (d6053245)
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Figure I1.17 Mission Planner Software
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And here is our frame equipped with all the parts that we talked about before:

Figure I1.18 The prototype equipped.

I1.5. PID Controller

Proportional-Integral-Derivative controller (or PID controller) is a control loop feedback algorithm
used widely in industrial control systems. Advantages of PID controller are : simple structure,
good performance for several processes and tunable even without a specific model of the
controlled system. There are 3 components in a PID controller: Proportional term (P), Integral
term (I) and Derivative term (D). P term depends on the present error, I term is affected by the
accumulation of the past errors and D term is a prediction of the future error based on the current
rate of change. Each of these terms has its own gain to determine how much it affects the
controlled system. The structure of PID controller can be expressed with reference signal r(t),

system output y(t), error e(t), and the controller output u(t) as follows[17]:

u(t)=K . e(t) + K - J e(t)dt + K- %dtﬁ 1.2)
e(t) =1(t) - y(t)

Closed-loop Rise time Overshoot Settling time Steady-state
response error
Kp Decrease Increase Small change Decrease
Ki Decrease Increase Increase Eliminate
Kd Small change Decrease Decrease No effect

Table II.1 : Effects of increasing PID gains to closed-loop response
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Table II.1 shows how each of the PID gains affects the closed-loop response.

I1.6. Attitude Control of Quadrotor

The model developed in chapter 1 describes the differential equations of the system. It is advisable
for control design to simplify the model in order to comply with the real-time constraints of the
embedded control loop. Hence, hub forces and rolling moments are neglected, and thrust and drag
coefficients are supposed constant.

X=X
. _d gy b2
= — . 2 _
M J, xz_ bluz
X=X
e=i. U, 3 4
¢ | %= bu, (11.2)
- d -
v=—- U, X=X
J, .
X =bu
u 6 3 4
Z=-g+— v —
8 m x7_x8
. 1
X = agst’; uu,

8

For each input, a PID controller is built and based on equation (II.2). Thus, there are four sub PID
controllers for the entire system. They are:

U= K, (z,-2) + K, (z,-2) + K, j (z, -2(1)) dt
U2= sz ((pd '(P) + Kd2 ((pd '(P) + Kiz_r ((Pd '(P(t)) dt
U= K, (6,-0)+K,(®,-0)+ Kizf (0,-0(1)) dt (IL3)

U4= sz (lbd 'lb) + Kd2 (ﬂ)d _ﬂ)) + Kizf (ﬂr’d ‘ll)(t)) dt

24 -} * PID{sy

Se— altituda controller

[0 =0 ~0

5
o
&

Yaw controlle

L

Quadrotor

3([0

Figure I1.19 Simulink model used for quadrotor simulations

40



Chapter II

Quadrotor Controlling

The quadrotor attitude dynamics allows the quadrotor to be directly controlled by a PID designed

for angle stabilization.

The mechanical and electrical parametrs of quadrotor used in the simulation,are given in the

following table

Parameters Designation Value
Kp lift coefficient 2.9842x10°N. rad¥s®
Kg drag coefficient 3.2320x10'N. rad¥s?
m weight of the quadrotor 785¢g
Distance between the center of mass of the system
d . . 25cm
and the axis of rotation of the motors
diag(3.8278;3.828;7.656
J Quadrotor Inertia Matrix fag( 107N 1/ rad /&2 )
diag(5.5670;5.5670;6.3540
K¢ Aerodynamic friction coefficients iag( 10N / rad /s )
diag(5.5670;5.5670;6.3540
K Coefficients of drag forces according to ( X ,Y,Z) fag( < 10°N /rad / s )
Jr Rotor inertia 2.8385x10 N.m/rad /s
Ke Electrical torque constant 0.0216
Cr The friction 5.3826x107
Kr Load torque constant 3.4629%x10”
189.63, 6.0612, 0.0122,
BO , Bl , Bz ,b Motor Parameters 72019

Table I1.2 Mechanical and electrical parameters of quadrotor

I1.7. Simulation Result

The following PID gains is used in the simulation

Controller Kp K, K,

Altitude 1.6 0.5 0.002
Roll 2.3 0.6 0.005
Pitch 1.9 0.7 0.006
Yaw 1.2 0.5 0.002

Table I1.3 PID control parameters
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The simulation results are shown from Figure I1.20 to Figure I1.25
e Stabilization of attitude
Roll Angle
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Figure I1.20 Roll, Pitch and Yaw Angles stabilisation reponse (PID controller)
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Figure I1.21 Roll, Pitch and Yaw Control Response using PID control
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e Varying Trajectory

>hi [rad]

Theta [rad]
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Figure I1.22 Tracking responses results of the desired trajectories using PID control.
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Figure I1.23 Control Input Response of the desired trajectories using pid control
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I1.8. Conclusion:

Z[m]

U1 [n]

Quadrotor Controlling
Altitude
T T T T T T T T
Il Il 1 1 1 L 1 1
4 6 8 10 12 14 16 18 20
Time [S]
Figure I1.24 Altitude reponse using PID control
Altitude control
T T T T T T T T
1 1 L L L L Il L
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Figure I1.25 Control Input Response using PID control

In this chapter, we have presented our equipment which we will use from the frame to the remote

control as well as the software of the used microcontroller Pixhawk. Adding to that we showed

how the PID system works on the quadrotor and how the change happen with the three angles and

the axe z, we also showed our output using Matlab.
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Chapter 111

Deep Learning For Object
Detection

II1.1 Introduction

Object detection has become ingrained in our daily lives, with applications ranging from security to
automated vehicle systems. So in this chapter we will see the evolution of the artificial intelligence
and how it became important in all technology fields, as well as deep learning and the ways and
algorithms of detecting an object from the camera to the recognition of an object and making a
bounding box to it.

II1.2 Artificial Intelligence:
II1.2.1 AI history:

Artificial intelligence (AI) has a long history, beginning with myths, stories, and rumors about
master craftsmen endowing artificial beings with intelligence or consciousness. Philosophers who
attempted to describe the process of human thinking as the mechanical manipulation of symbols
sowed the seeds of modern AI. The programmable digital computer, a machine based on the
abstract essence of mathematical reasoning, was invented in the 1940s as a result of this work.
This device and its concepts prompted a group of scientists to seriously consider the possibility of
creating an electronic brain.

During the summer of 1956, a workshop on the campus of Dartmouth College in the United States
established the field of Al research. For decades, those who attended would be at the forefront of
Al research. Many of them predicted that within a generation, a machine as intelligent as a human
would exist, and they were given millions of dollars to make this vision a reality.

Eventually, it became clear that the project's difficulty had been grossly underestimated by
commercial developers and researchers. The US and British governments stopped funding
undirected artificial intelligence research in 1974, in response to criticism from James Lighthill
and ongoing congressional pressure, and the difficult years that followed became known as the "Al
winter." Seven years later, a visionary initiative by the Japanese government inspired governments
and industry to invest billions of dollars in Al, but investors became disillusioned by the late 1980s
and withdrew funding once more.

Machine learning was successfully applied to many problems in academia and industry in the first
decades of the twenty-first century, thanks to new methods, the use of powerful computer
hardware, and the collection of massive data sets.[21]
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II1.2.2 What is machine learning:

Machine learning (ML) is the study of computer algorithms that can learn and develop on their
own with experience and data. It is considered to be a component of artificial intelligence.
Machine learning algorithms create a model based on training data to make predictions or
judgments without having to be explicitly programmed to do so.

Machine learning algorithms are utilized in a wide range of applications, including medicine,
email filtering, speech recognition, and computer vision, where developing traditional algorithms
to do the required tasks is difficult or impossible. However, not all machine learning is statistical
learning. A subset of machine learning is closely related to computational statistics, which focuses
on making predictions using computers. The field of machine learning benefits from the study of
mathematical optimization because it provides methods, theory, and application domains. Data
mining is a related field of study that focuses on unsupervised learning for exploratory data
analysis. Data and neural networks are used in some machine learning implementations to mimic
the functioning of a biological brain. Machine learning is also known as predictive analytics when
it is used to solve business problems.[22]

II1.2.3 Why we use machine learning:

Machine learning technology is necessarily new; machine learning algorithms have existed for
years, but machine learning procedures have lately risen to prominence as a result of a number of
significant technological advancements, including:

e Access to vast amounts and types of data, especially the creation and widespread use of "big
data."

e Much more cost-effective data storage options helped made massive data sets more accessible
to more businesses and for a wider range of applications.

e Increasing processing power that allows computers and specifically Al applications to
complete calculations much faster than ever before.

These advancements have paved the way for machine learning to deliver far better results than it
has in the past, allowing machine learning applications to benefit almost every industry and
business activity.

I11.2.4 Applications of Machine learning:

e Healthcare: ML is used to analyze massive healthcare data sets to accelerate discovery of
treatments and cures, improve patient outcomes, and automate routine processes to prevent
human error. For example, IBM’s Watson uses data mining to provide physicians data they
can use to personalize patient treatment.[23]

e Data security: Machine learning algorithms can detect data security flaws before they become
breaches. Machine learning algorithms can predict future high-risk activities based on prior
experiences, allowing risk to be managed proactively.

e Military: Also the military uses ML for their autonomous drones to target recognition, survey
or perform perilous missions while the men would take care of the less dangerous support and
support missions.
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¢ Fraud detection: ML is being used in the financial and banking sector to autonomously
analyze large numbers of transactions to uncover fraudulent activity in real time. Technology
services firm Capgemini claims that fraud detection systems using machine learning and
analytics minimize fraud investigation time by 70% and improve detection accuracy by 90%.

II1.3 Deep Learning:
I1I1.3.1 Neural Network

A neural network is a set of algorithms that attempts to recognize underlying relationships in a
batch of data using a method that resembles how the human brain works. Neural networks, in this
context, refer to systems of neurons that can be organic or artificial in nature. Neural networks can
adapt to changing input; so the network generates the best possible result without needing to
redesign the output criteria. The concept of neural networks, which has its roots in artificial
intelligence, is swiftly gaining popularity in the development of trading systems.[24]

A Simple Meural Network

Input Layer Hidden Layer Qutput Layer

Figure III.1 Example of a simple neural network

I11.3.2. Deep Neural Network

Nodes are little components of the system that function similarly to neurons in the human brain.
When they are stimulated, a reaction occurs in these nodes. Some are connected and marked,
while others are not, although nodes are generally grouped into layers.

To complete a task, the system must process layers of data between the input and output. The
deeper the network is evaluated, the more layers it must process to obtain the outcome. Credit
Assignment Path (CAP) is a notion that refers to the number of such levels required for the system
to finish the assignment. If the CAP index is greater than two, the neural network is considered
deep.
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hidden layer 1 hidden layer 2 hidden layer 3

input layer

Figure II1.2 Example of a deep neural network

When you need to replace human labor with autonomous work without sacrificing efficiency, a
deep neural network can help. In real life, deep neural networks can be used in a variety of ways.
For example, SenseTime, a Chinese startup, developed an automatic face recognition system to
identify criminals that employs real-time cameras to locate an offender in a crowd. It is now
standard procedure with the police and other government agencies. The famous company UbiTech
creates Al robots. One of their creations is the Alpha 2 robot that can live in a family, speak with
its members, search for information, write messages, and execute voice commands.[25]

II1.3.3. Recurrent Neural Networks

RNN is a type of neural network that uses hidden units to analyze data streams. The output of
several programs, such as text processing, speech recognition, and DNA sequencing, is dependent
on earlier calculations. RNNs are highly suited for the health informatics area, where huge amounts
of sequential data are accessible to process, because they deal with sequential data. In general,
RNNs are provided with the input samples which contain more interdependencies. Also they have a
significant representation for keeping the information about the past time steps. The output
produced at time T1 affects the parameter available at time T1 + 1. In this manner, RNNs keep two
kinds of input such as the present one and the past recent one to produce the output for the new
data. As deep autoencoders. [26]

Tnput layer Hidden layer

Crutput layer

Recurren! petwork

Figure II1.3 Example of a Recurrent Neural Networks
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I11.3.4 Convolution Neural Networks

The discovery that a convolutional neural network (CNN) could be used to extract higher- and
higher-level representations of image content was a breakthrough in building models for image
classification. Rather than preprocessing the data to extract features such as textures and shapes, a
CNN uses the image's raw pixel data as input and "learns" how to extract these features and, in
turn, infer what object they represent.

To begin, the CNN is given an input feature map, which is a three-dimensional matrix whose first
two dimensions correspond to the image length and width in pixels. The third dimension is 3 in
length (corresponding to the 3 channels of a color image: red, green, and blue). The CNN is made
up of a series of modules, each of which performs three tasks.[27]

1. Convolution

Convolution takes tiles from an input feature map and applies filters to them to create new features,
resulting in a convolved feature map (which may have a different size and depth than the input
feature map). There are two parameters that define convolutions:

e Size of the tiles that are extracted (typically 3x3 or 5x5 pixels).
¢ The depth of the output feature map, which corresponds to the number of filters that
are applied.

During a convolution, the filters (matrices the same size as the tile size) effectively slide over the
input feature map's grid horizontally and vertically, one pixel at a time, extracting each
corresponding tile

Input Feature Map Output Feature Map

R

Figure II1.4 How the convolution works.

FIGURE - A 3x3 convolution of depth 1 performed over a 5x5 input feature map, also of depth 1.
There are nine possible 3x3 locations to extract tiles from the 5x5 feature map, so this convolution
produces a 3x3 output feature map.

The CNN performs element-wise multiplication of the filter and tile matrices for each filter-tile
pair, then sums all the elements of the resulting matrix to get a single value. The convolved feature
matrix then outputs each of these resulting values for each filter-tile pair.
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Input Feature Map
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Figure IILS Left: A 5x5 input feature map. Right: a 3x3 convolution

Input Feature Map
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Figure IIL.6 Left: input feature map. Right: Convolved result

The CNN "learns" the best values for the filter matrices that allow it to extract meaningful features
(textures, edges, and shapes) from the input feature map during training. The number of features
the CNN can extract grows as the number of filters (output feature map depth) applied to the input
grows. However, because filters account for the vast majority of the CNN's resources, training
time increases as more filters are added. Furthermore, because each new filter added to the
network adds less incremental value than the previous one, engineers strive to build networks with
the fewest possible filters to extract the features required for accurate image classification.

2. ReLU

Following each convolution operation, the CNN applies a Rectified Linear Unit (ReLU)
transformation to the convolved feature, in order to introduce nonlinearity into the model.

3. Pooling

That after ReLU, the CNN downsamples the convolved feature (to reduce processing time),
reducing the number of dimensions of the feature map while preserving the most critical feature
information. Max pooling is a common algorithm used in this process.

Max pooling works in the same way that convolution does. We move our mouse over the feature
map and extract tiles of a certain size. The maximum value is output to a new feature map for each
tile, while all other values are discarded. Two parameters are required for max pooling operations:
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¢ Size of the max-pooling filter (typically 2x2 pixels)

e Stride: the distance, in pixels, separating each extracted tile. Unlike with convolution, where
filters slide over the feature map pixel by pixel, in max pooling, the stride determines the
locations where each tile is extracted. For a 2x2 filter, a stride of 2 specifies that the max
pooling operation will extract all nonoverlapping 2x2 tiles from the feature map

Input
3|5

Output

| 8|6
maxpoo >
919

ol B| 00
bl O| | N

gl
B 3
8|4

Figure II1.7 Left: Max pooling Right: the output max pooling operation

I11.3.5. Fully Connected Layers

One or more fully connected layers are found at the end of a convolutional neural network (when
two layers are "fully connected," every node in the first layer is connected to every node in the
second layer). Their task is to classify data using the features extracted by the convolutions. A
softmax activation function, which outputs a probability value from O to 1 for each of the
classification labels the model is attempting to predict, is typically found in the final fully
connected layer.

Conv. Module #1 Conv. Module #2 Classification

output: cat? (yin)

conv2d maxpool convad maxpool fully fully
Input +Rall +Rell connected  connected

Figure II1.8 illustrates the end-to-end structure of a convolutional neural network.

For feature extraction, the CNN uses two convolution modules (convolution + ReLU + pooling)
and two fully connected layers for classification. Other CNNs may have more or fewer
convolutional modules, as well as more or fewer fully connected layers. Engineers frequently
conduct experiments to determine the best configuration for their model.[28]
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I11.4. Object Detection:

Object detection is a computer vision technique for identifying and locating objects in images and
videos. Object detection can be used to count objects in a scene, determine and track their precise
locations, and accurately label them using this type of identification and localization.

In this chapter we will talk about what object detection is, and the different modes as well as the
methods we can find and which method we used and why.[29]

I11.4.1. What is object detection?

Object detection is a computer vision technique for identifying and locating objects in images and
videos. Object detection, in particular, creates bounding boxes around detected objects, allowing
us to see where they are in (and how they move through) a scene.Because object detection and
image recognition are often confused, it's important to understand the differences before moving
on.[29]

Image recognition assigns a label to an image. A picture of a dog receives the label “dog”. A
picture of two dogs, still receives the label “dog”. Object detection, on the other hand, draws a box
around each dog and labels the box “dog”. The model predicts where each object is and what label
should be applied. In that way, object detection provides more information about an image than

recognition.

Image Object
Recognition Detection

Figure IIL.9. an example of a detected object

An image is labeled using image recognition. The label "dog" is applied to a photograph of a dog.
The label "dog" is still applied to a photograph of two dogs. In contrast, object detection draws a
box around each dog and labels it "dog." The model forecasts the location of each object and the
label that should be applied. Object detection, in this sense, provides more information about an

image than recognition.

I11.4.2. Modes and types of object detection

Object detection can be divided into two categories: machine learning-based approaches and deep
learning-based approaches. In more traditional ML-based approaches, computer vision techniques
are used to look at various features of an image, such as the color histogram or edges,
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to identify groups of pixels that may belong to an object. These features are then fed into a
regression model that predicts the location of the object along with its label. Deep learning-based
approaches, on the other hand, use convolutional neural networks (CNNs) to perform end-to-end,
unsupervised object detection, which eliminates the need to define and extract features separately.

I11.4.3. Why is object detection important?

Object detection is inextricably linked to other similar computer vision techniques like image
recognition and image segmentation in that it aids in the comprehension and analysis of scenes in
images or video. However, there are significant differences. Image segmentation creates a pixel-
level understanding of a scene's elements, while image recognition only produces a class label for
an identified object. Object detection is distinguished from these other tasks by its ability to locate
objects within an image or video. As a result, we can count and track those objects.[30]
Given these key distinctions and object detection’s unique capabilities, we can see how it can be
applied in a number of ways:

¢ Crowd counting

e Self-driving cars

¢ Video surveillance

e Face detection

e Anomaly detection

Of course, this isn’t an exhaustive list, but it includes some of the primary ways in which object
detection is shaping our future.

I11.4.4. Challenges

There are a lot of issues and challenges related to object recognition.

I11.4.4.1 Variable Number of Objects

We need to represent data into fixedsized vectors when training a machine learning modal We
can't tell the correct number of outputs if we don't know the number of objects in an image. It will
be difficult to determine the vector size. Although postprocessing is required to solve this problem,
it increases the model's complexity.

I11.4.4.2 Sizing

The objects in a photograph are not all the same size. Object recognition models face a significant
challenge due to object size differences. When doing classification, we usually want to identify the
object that occupies the majority of the image. However, some objects may only cover a small
portion of an image. Variable size sliding windows could be used to solve this problem, but this is
a very inefficient solution.
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111.4.4.3 Modelling

Another challenge is solving two problems at the same time. It's difficult to combine classification
and localization into a single model.

111.4.4.4. Illumination

The same object may appear differently in different images depending on the lighting conditions.

Regardless of the lighting, the system must be able to recognize the object.
I11.4.4.5. Occlusion

Objects on the image are sometimes partially visible. Some objects are partially hidden behind
another. The model must be capable of dealing with these situations. Object recognition problems
include noise, blurry images, deformation, interclass variation, background clutter, and so on.

II1.4.5. preprocessing dataset (image labeling)

the dataset does not have bounding boxes around the objects. We need to add them ourselves. This
is often one of the hardest and most costly parts of a Machine Learning project: getting the labels.
It is a good idea to spend time looking for the right tools. An image labeling or annotation tool is
used to label the images for bounding box object detection and segmentation. Open-source image
labeling tool like :( VGG Image, Annatator, labelimg, openlabeler, imglab)

L EE NS 3 3 J

SpemTemy

........

Figure II1.10 example about image labelling

I11.4.6. The Bounding boxes

The bounding boxes should be normalized so that the horizontal and vertical coordinates, as
well as the height and width, all range from O to 1. It is common to predict the square root of
the height and width rather than the height and width directly: this way, a 10-pixel error for a

large bounding box will not be penalized as much as a 10-pixel error for a small bounding
box.
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I11.4.7. Object Detection Methods

I11.4.7.1. Object detection model evaluation

The MSE often works fairly well as a cost function to train the model, but it is not a great metric to
evaluate how well the model can predict bounding boxes. The most common metric for this is the
Intersection over Union (IoU).

Intersection Union Intersection over Union

oo B0 _
()
A

B,
B, B,

Figure II1.11 Intersection over Union of the model

I11.4.7.2. mean Average Precision (mAP)

In order to calculate mAP, we draw a series of precision-recall curves with the IoU threshold set at
varying levels of difficulty. In COCO evaluation, the IoU threshold ranges from 0.5 to 0.95 with a
step size of 0.05 represented as AP@].5:.05:.95]

Figure II1.12 Precision recall for the dataset

We draw these precision-recall curves for the dataset split out by class type (for example 3 classes
and 6 threshold ranges).

I11.4.7.3. Classical Methods

Many different types of methods for solving object recognition problems have been proposed over
the years. But two methods stand out above the rest. Paul Viola made the first appearance in 2001.
"Robust Real-Time Object Detection” was the title of his paper. This method is quick and
straightforward. It is used to detect faces in real time in point-and-shoot cameras. Using the Haar
feature, this method generates different binary classifiers.
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These binary classifiers are evaluated using a multi-scale sliding window in cascade and are
dropped early if the classification is negative. Navneet Dalal and Bill Triggs proposed the
Histogram of Oriented Gradient or HOG feature as the second method. For classification, they use
the Support Vector Machine (SVM). Similar to Paul's method, it uses a multiscale sliding window.
It outperforms the first method in terms of accuracy, but it is much slower than Paul's method.

I11.4.7.4. Deep Learning Methods

Deep learning has revolutionized machine learning, particularly in the field of computer vision.
Deep learning models have outperformed other traditional object recognition methods. With the
development of the convolutional neural network in 2012, modern history or object recognition
began. AlexNet took first place in the ILSVRC 2012 by a large margin. AlexNet was built on the
decades-old LeNet, with data augmentation, ReLU, dropout, and GPU implementation. It
demonstrated the power of a convolutional neural network and ushered in a new era in computer
vision.[31]

OverFeat: In 2013, P Sermanet of NYU proposed a multiscale sliding window algorithm for
extracting features from an input image using AlexNet.

R-CNN: A region-based convolutional neural network (R-CNN) is a natural combination of a
heuristic region proposal method and a CNN feature extractor. A region proposal method, such as
selective search, is used to extract possible objects from an image. After that, the regions are
cropped and warped to a predetermined size. Each region's features are extracted using CNN.
Then, to classify each region, a support vector machine model is trained. Although training an R-
CNN is difficult, it can yield excellent results.[30]

R-CNN Fast: R-CNN Fast is similar to R-CNN. It uses selective search to extract possible objects,
just like R-CNN. However, there is a distinction in the feature extraction step. Instead of using
SVM in individual regions, CNN is used to extract features across the entire image. And, on the
feature map, uses Region of Interest (ROI) pooling with a final feed forward network for
classification and regression. The system's biggest flaw is that it still relies on selective search for
region proposals.[30]

| Linear +
Softmax | softmax Linear | Bounding-box
e l ; regressors
classifier ‘_’ &
| FCs } Fully-connected layers
L7 7 /=7 "RolPooling” layer

Regions of A 2— ; iﬁ “conv5” feature map of image

Interest (Rols)
from a proposal
method

Forward whole image through
ConvNet

Figure I11.13 Fast R-CNN.
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YOLO: In 2015, Joseph Redmon published a paper titled You Only Look Once: Unified, Real-
Time Object Detection (YOLO). YOLO is a multibox development that is a CNN-based region
proposal solution. It converts multibox from a region proposal system to an object recognition
system by adding a softmax layer in front of the box regressor and box classifier layers to predict
the object class directly. It produces excellent results while also being quick.

Faster R-CNN: Faster R-CNN is a Fast R-CNN in which selective search is replaced by Region
Proposal Network (RPN) for region proposal. Multibox has also influenced RPN. This makes the
modal trainable from beginning to end.

SSD: The RPN of Faster R-CNN is used in the single shot detector. RPN is used to give object
confidence score in Faster RCNN, but it is used directly to classify objects inside the prior box
here.

Mask R-CNN: is a segmentation variant of Faster R-CNN. A branch has been added here to
predict class-specific object masks. Because RolPooling was not designed for pixel to pixel
alignment, Mask RCNN replaced it with RoIAlign.

I11.4.7.5. Multimodal Methods

The results of deep learning methods for object recognition are impressive. However, a large
amount of data is required to train a deep learning model. Labeled data is required for
classification problems. However, labeling an image takes time. Images from the internet are
sometimes mislabeled or incorrectly labeled. The solution to this problem is multimodal machine
learning. The type of information or data representation format in which information is stored is
referred to as modality. The way we saw the world was multimodal. Things are visible, sounds are
heard, odors are smelled, and texture is felt. This is how we derive knowledge from the
environment. The same principle applies to multimodal machine learning. Different modalities of
information complement each other. Image classification and captioning models, for example, rely
on labelled input data. However, labels may be inaccurate or unavailable. In such cases, the model
could be trained using the descriptions and tags that came with the image.

Multimodal learning faces some significant technical challenges:

e Representation,
e Alignment,

Translation,
e Fusion,
¢ (Co-learning

I11.4.8.Multiple Objects Detection
In general, object detectors have three (3) main components:
1) The backbone that extracts features from the given image.

2) The feature network that takes multiple levels of features from the backbone as input and
outputs a list of fused features that represent salient characteristics of the image.

3) The final class/box network that uses the fused features to predict the class and location of
each object.
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II1.5.Conclusion:

In this chapter, we have talked about how artificial intelligence started and it's revolution on this
world, we listed the differences and the importance of using deep learning methods, as well as we
explained how the neurons works and how it developed itself, and finally we presented the ways

of the object detection, how the bounding box work and seeing the different algorithms and which
is the good and the compatible to our project.

58



Chapter IV Object detection with YOLOv5S

Chapter IV
Object detection with YOLOvS

IV.1. Introduction

Computer vision technology uses a variety of imaging systems instead of visual organs as input
means, using computers to replace the brain to complete the processing and interpretation of visual
information. So in this chapter we will use the Algorithms of Yolo to detect the objects we need
and explaining the components we used to transfer the real time video from the drone to the
processing board Nvidia Jetson Nano

IV.2. OBJECT DETECTION MODEL

IV.2.1. What is Yolo?

You Only Look Once (YOLO) is an algorithm that uses convolutional neural networks for object
detection.

It is one of the faster object detection algorithms out there.

It is a very good choice when we need real-time detection, without loss of too much accuracy.
YOLO has only 9 convolutional layers, so it’s less accurate but faster and better suited for
mobile and embedded projects. Darknet53 (The backbone used in YOLOV3) has 53
convolutional layers, so it’s more accurate but slower. In YOLOVS, backbone can be CSPNet.

IV.2.2. Why YOLO?

YOLO was chosen as the object detection algorithm for this study (You Only Look Once). This
algorithm detects and classifies objects quickly using a single convolutional neural network
(CNN). In comparison to other object detection methods, it was chosen for its real-time accuracy
as well as the public availability of its source code. The structure allows for real-time object
classification at 45 frames per second, making this algorithm ideal for human detection on
surveillance video in the event of a disaster or emergency.

YOLO accounts for the entire image (rather than focusing on just one region of interest), resulting
in fewer background errors than other state-of-the-art detection methods like Fast R-CNN. Fast R-
CNN is regarded as one of the most effective object detection algorithms (Redmon et al. 2016).
When comparing the performance of Fast R-CNN and YOLO, it was discovered that Fast C-RNN
had nearly three times as many background errors as YOLO.
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Fast R-CNN YOLO

Background: 13.6% Background: 4.75%
Other: 4.0%
Sim: 6.7 5%

Other: 1.9%
Sim: 4.3%

Figure IV.4 A comparative breakdown of YOLO and Fast R-CNN

When an algorithm misaligns the predicted bounding box with the ground truth, it is known as a
localization error (the algorithm thinks the object is in a slightly different location than it is in
reality). When the algorithm detects an object that does not exist, background errors occur. Higher
background accuracy outweighs the negative effects of localization error for human detection in
search and rescue.

The real-time time detection threshold is also missed by Fast R-CNN (30 frames per second). On
the well-known Pascal VOC 2007 dataset, the figure shows a comparison of state-of-the-art real-
time object detection methods. For real-time object detection, YOLO had the highest mAP (mean
Average Precision) value. Fast R-CNN achieved higher mean average precision at the expense of
computing time, but fell short of real-time detection classification at 0.5 frames per second (frames
per second). When it comes to real-time search and rescue, YOLO remains the best option for
object detection.

Real-Time Detectors Train mAP FPS
100Hz DPM [ 0] 2007  16.0 100
30Hz DPM | 30] 2007  26.1 30
Fast YOLO 2007+2012 527 155
YOLO 200742012 634 45
Less Than Real-Time

Fastest DPM [7] 2007 304 15
R-CNN Minus R [20] 2007 535 6
Fast R-CNN [11] 200742012 700 0.5
Faster R-CNN VGG-16[27] 200742012 73.2 )
Faster R-CNN ZF [27] 2007+2012  62.1 18
YOLO VGG-16 200742012 66.4 21

Table IV.1 Real-time object detection comparison of leading methods

IV.2.3. YOLO Basics

Due to its high speed and average precision, as well as its open-source availability, YOLO remains
a top choice algorithm for object detection, according to research. The algorithm's functionality
can be broken down into three basic steps.
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1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure IV.5 Object detection with YOLO

The next diagrams show YOLO's three-step process for detecting and classifying objects. The
image is first divided into a grid with a S X S dimension. Each cell predicts the number of
bounding boxes, which is represented by the variable B, after the image has been divided into a
grid. Grid cells with fully enclosed objects are in charge of detecting the object inside.

7 B

S x5 grid on input Final detections

Class probability map

Figure IV.6 YOLO three step object detection process

For each box, confidence scores are predicted, reflecting the model's level of confidence in
determining if the box indeed bounds an object, as well as in predicting what the object is.

IV.3 IMPLEMENTING YOLOVS ALGORITHM

1V.3.1. Human/Person Detection:

Computer vision systems use human detection and tracking to locate and follow people in video
imagery. Human detection is the process of locating all instances of human beings in an image by
searching all locations in the image at all possible scales and comparing a small area at each
location with known templates or patterns of people. The process of temporally associating human
detections within a video sequence to generate persistent paths, or trajectories, of people is known
as human tracking. Human detection and tracking are generally considered the first two processes
in a video surveillance pipeline, and can feed into higher-level reasoning modules such as action
recognition and dynamic scene analysis.
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Figure IV.7 Example of Detecting People

IV.3.2. YOLO Releases

YOLO vl was introduced in May 2016 by Joseph Redmon with paper “You Only Look Once:
Unified, Real-Time Object Detection.” This was one of the biggest evolution in real-time object
detection.

In December 2017, Joseph introduced another version of YOLOv2 with paper “YOLO9000:
Better, Faster, Stronger.” it was also known as YOLO 9000.

After a year in April 2018, the most popular and stable version of YOLO was introduced. Joseph
had a partner this time and they released YOLOv3 with paper “YOLOv3: An Incremental
Improvement”.

in April 2020, YOLOv4 was introduced with some astounding new things, It outperformed
YOLOvV3 with a high margin and also has a significant amount of average precision when
compared to EfficientDet Family.

After a few weeks, exactly on 9 June 2020, just four days back another unofficial author Glenn
Jocher released YOLOVS. There are lots of controversies about the selection of the name
“YOLOVS5” and other stuff. Glenn introduced PyTorch based version of YOLOvV5 with exceptional
improvements. Hence he has not released any official paper yet.[32]

55 Better

YOLOv5x6

—e— YOLOV5N6
—s— YOLOVS5s6
—e— YOLOVSM6
—s— YOLOVSI6

—e— YOLOV5x6
YOLOv5n6 <~ EfficientDet

COCO AP val

10 20 30 40 50
Faster 4— GPU Speed {ms{fimg)

Figure IV.8 Difference between Yolov5 versions [32]
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¢ yolov5-n which is a nano version

e yolov5-s which is a small version

e yolov5-m which is a medium version

¢ yolov5-1 which is a large version

e yolov5-x which is an extra-large version

YOLOVS's initial release is extremely fast, performant, and simple to use. While YOLOvVS5 does
not add any new model architecture to the YOLO family, it does add a new PyTorch training and
deployment framework that improves the state of the art for object detectors. Furthermore,
YOLOVS is extremely user-friendly and comes "out of the box" ready to use on custom objects.

. - w  Speed  Speed  Speed
size mape e CPU B vicosl  vigopyz Params  FLOPs
Ijpimeis) 05085 a5 M) BG40 (8]

) (s} i)

Madel

640 280 457 45 6.3 0.6 14 4.5
B40 irt4 568 98 6.4 0.9 T2 16.5
640 45.4 641 224 82 1.7 21.2 49.0
YOLOVS 640 45.0 67.3 430 1041 2.7 46.5 1094
540 50.7 689 766 121 48 867 205.7
1280 36.0 544 153 81 21 32 4.6
1280 448 63 185 8.2 3.6 126 16.8
1280 512 693 ae7 1.1 6.8 &] 50,0
] 128 53.7 3 TE 158 105 76.8 1114
IO 1280 55.0 727 3136 26.2 19.4 140.7 209.8
+ TTA 1536 55.8 T2.7

Table IV.2 Details about the difference between Yolov5 versions [32]

1V.3.3. Yolov5 Setup
The first thing we want to do is install YOLOVS. You'll get this from the GitHub's repository

https://github.com/ultralytics/yolovS/releases

Next, we need to install Python, they recommend installing the version 3.7 and up, but we will
install the latest version from python's website.

Customize to enable or disable features.

—» Install Now
H| Applata’Local,Pr

) Install Python 3.9.7 (64-bit)
Select Install Mow to install Python with default settings. or choose

—» Customize installation
1005 location and L

python

windows ] Add Python 3. to PATH g

Figure IV. 9 Python Installation
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Now we pass to CUDA installation.

CUDA is NVIDIA's parallel computing platform for their GPUs, basically it allows your machine

to run parts of the computation in parallel "which it provides a lot of speed"

Operating Systéem
Architecture

Version erver A

Installer Type

ewnload Installer for Windows 10 x86

Dowi A b_64
LA HuWs ok

The base installer is available for download below

»Base Installer

Figure IV.10 Cuda Downloading

After it's downloaded we launch the file and install:

Installation in progress

Instaling Graphics Driver...

Install

Figure IV.11 Cuda Installation

Installing PyTorch

PyTorch is the most popular machine learning frameworks to define models, run inference (what

we'll be doing here) and perform training. and as the graph shows how trendy PyTorch was.
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@ Other Languages and frameworks

torch
B cattel

Figure IV.12 The volume of Pytorch users

PyTorch, like most machine learning frameworks, runs calculations and inference on the GPU
which is significantly faster than running them on the CPU.
Installing PyTorch As A Python Module

PyTorch Build Stable (1.11.0) Preview (Nighly) LTS (1.82)

Figure IV.13 Pytorch Downloading

Now we need to install some additional modules that are found in the YOLOVS5 requirements.

From the Console we'll now run the following to install the required modules:

pip install -r requirements.txt

B C\Windows\System3Z\emd.exe

Figure 1V.14 Pytorch Installing

Creating Bounding Boxes With YOLOvS On Your Webcam
And Now we'll make a test with the internal webcam to check if the installation goes well

B CindowiiSyitemiliemd. exe = o »

Figure IV.15 Applying Yolov5
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After few moments from running it, we'll get this:

Figure IV.16 Testing Yolov5 on the front camera

IV.3.4. Example with YolovS using Google Colab

Here is an example of a picture includes multiple objects and running the algorithm of YOLOvVS5

on Google colab to detect them, not just detcting these objects but also getting the coordinates

of each object, let's start with the algorithm:

(]

import torch

# Model

model = torch.hub.load(“ultralytics/yolov5”, “yolovSl") # or yolovSm, yolovSl, yolovSx, custom
# Images

img = "/content/image filtering.jpeg” # or file, Path, PIL, OpenCV, numpy, list

# Inference
results = model(img)

# Results
results.print() # or .show(), .save(), .crop(), .pandas(), etc.
results.save()

:.!'\irg‘.:(" _____ — O oo Coooo oo e —COoooo—ooooooe oo e T e e e e et e et P ")
print(results.pandas().xyxy[@])
L o R e ettt )

print(results.xyxy[@])

Figure IV.17 Testing Yolov5 on Google Colab

"/content/image_filtering.jpeg" this is the path of the location of the camera on Google colab,

and here is our sample picture:
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Figure IV.18 Sample picture for detection on Google colab

After running the algorithm, we will get a our sample picture with the detected objects, as the
picture shows, there are 13 objects detected only in one picture. And it doesn't give us only the
detected objects but their coordinates too, layers and the parameters that used to detect them. Here
it is:

‘roffic light 0.50

Figure I'V.18 Sample picture after running YOLO on Google colab

and these are the information it showed :

Using cache found in froot/.cache/torch/hub/ultralytics_yolovs_master
YOLOVS S? 2022-2-7 torch 1.16.2+cul@2 CUDA:® (Tesla T4, 15118MiB)

Fusing layers...

Model Summary: 367 layers, 46533693 parameters, @ gradients

Adding AutoShape...

image 1/1: 461x758 8 persons, 1 bicycle, 1 bus, 2 trucks, 2 traffic lights

Speed: 6.6ms pre-process, 45.4ms inference, 1.6ms NMS per image at shape (1, 3, 416, 64@)
Saved 1 image to runs/detect/expll

Figure IV.18 All the info about the picture on Google colab result
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And finally here are the coordinates of each object :

name xmin ymin max ymax confidence class \
2 bus 124.740482 64.5030998 377.141754 320.042322 9.8%0298 5
1 person 182.655739 218.878331 137.596695 347.877759 @.873126 @
2 person  49.363827 222.882841  77.182220 318.126802 8.857855 2
3 person 17.937988 223.877183 44,201721 291.614582 @.840582 a
4 person 384,224792 240.171555 354.814537 355.375183 9.838321 @
5 truck 366.6403@3 153.669647 G5RS5.511963 329.7@7367 B3.831683 7
6 truck 463.862775 162.331863 766.483765 3792.124823 B8.831134 7
7 person 132.658608 214.482864 174.844482 372.915222 8.792@98 a
8 bicycle 316.354584 279.445899 355.887708 357.084761 B.6865685 1
@ traffic light 98.216553 8.914574 145.505112 126.925289 B8.614283 9
i@ person 156.986897 212.889847 187.324371 365.589661 @.54551e a
11 traffic light 141.7357@3 96.302147 166.756851 155.7@3598 9.500186 a
12 person 163.468789 2086.4556832 183.392334 244,.459747 8.328147 @
13 person 38.316811 223.824246 56.312469 286.237793 8.3029011 @

Table IV.3 All Coordinates of each object in our sample picture

IV.3.5. Video transferring from the quadrotor

In our project we will use an external camera that shows us the video in real-time from the
quadrotor

VTX stands for video transmitter, it's a device that sends the video from the camera in the
quadrotor to a video receiver which can display it on the computer.

FPV camera means first person view, it may has medium video quality but it has a high speed data
transfer "video transfer" throw the radio transmitter and in real-time

RTX stands for video receiver, it's a device that receives the video from the transmitter that linked to
camera in the quadrotor and we can display it on the pc with a USB cable easily

Figure IV.17 a)VTX Video Transmitter b) FPV camera c) VRX Video receiver

IV.3.6. Nvidia Jetson Embedded system

The Jetson Nano is a small, powerful computer designed to power entry-level edge Al applications

and devices. It can makes us getting started quickly with the comprehensive NVIDIA JetPack™

SDK, which includes accelerated libraries for deep learning, computer vision, graphics, multimedia,

and more, and we will use it to process center for our video using YOLO because of its powerful

GPU.
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Figure IV.18 Jetson Nano Board

Jetson Nano comes with a 4GB of Ram and a 128-core of NVIDIA Maxwell, a 4K HDMI video and
40 GPIO Pinouts, and here are the hardware pinouts:

Figure IV.19 Jetson Nano Input/Output

1.microSD card slot for main storage

2.40-pin expansion header

3.Micro-USB port for 5V power input, or for Device Mode
4.Gigabit Ethernet port

5.USB 3.0 ports (x4)

6. HDMI output port
7.DisplayPort connector

8.DC Barrel jack for 5V power input
9.MIPI CSI-2 camera connectors
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Figure IV.20 The final prototype

IV .4. Conclusion

In this chapter we have presented Yolov5 and why exactly we chose it and the way to get started
with it, we also saw the power and the rapidity of Yolo compared to other algorithms. we
described our equipment of video transferring from the quadrotor to the computer or specifically

to the algorithm, it may need a powerful computer but with the small version of Yolo "s" the
algorithm worked well without any problems.
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General Conclusion

As an Unmanned Aerial Vehicle (UAV), a quadrotor is a rotorcraft with four powered rotors
arranged symmetrically around its center. It is classified as a Vertical Take-Off and Landing
(VTOL) aircraft. This structure has recently gained popularity among several applications, in
particular for surveillance, imaging, dangerous environments, indoor navigation, mapping,
pipeline inspection, and football stadium security, due to its unique characteristics, such as low
dimension, good maneuverability, simple mechanics, payload capability, and vertical, stationary,
and low-speed.

The main focus of this thesis was to find objects as humans in a specific area, that is capable to
process images with an FPV camera. the quadrotor platform was created for the purpose of using
the mission mode to send it to any place we want. we used Pixhawk because of its stability and
diffrent modes as well as the simplicity of using the mission planner software.

Before we developed the object detection system, we analyzed the controllers, the mathematical
model of the quadrotor as well as the dynamics of the system. In order for the model to reflect the
actual system, the inertia of the quadrotor was measured and the motor parameters were identified.
A Simulink model is formed to be able to simulate quadrotor behavior and test the controllers
within the 3 main angles and the axe z.

After that we passed to our main goal which is detecting objects and we focused on human and
cars detection because it's guided to them, and the most problems it solve are losing them on the
desert, forest or any difficult places to reach even tracking cars, or even detecting fires, or using
agricultural crops to distinguish good crops from bad ones. We can say it can be a multi problem
solver to any domain.

In conclusion, the quadrotor platform and the object detection system have performed successfully
in altitude control and especially in the detection side, but could not reach the desired levels in
terms of the components quality and the computer performance. It can be stated that the system or
the prototype would work in the next level if the necessary parts were available.
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As perspective for future work
e Seeking to improve the equipment, especially the camera and its transmitter.

¢ sending a localization with a picture throw a message after detecting an object while it is in a
mission.
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Abstract

In this work, a type of unmanned aerial vehicle (UAV) called quadrotor with an object detection
system is the subject that we will talk about. The main objectives of our work is the detection of
chosen objects from the quadrotor. For that, there are two parts presented, the first one, a detailed
description of the mathematical effects that applied to the structure of our system. In the second
part, we will talk about artificial intelligence generally and deep learning specifically and we will
show how exactly the detection happen using the right technics and algorithms. Finally we will
make a real test with the real time showing our prototype working in the field.

Keywords: UAV, Object Detection, Quadrotor, Deep Learning.
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Résumé

Dans ce travail, un type de véhicule aérien sans pilote (UAV) appelé quadrotor avec un systeéme de
détection d'objets est le sujet dont nous parlerons. L'objectif principal de notre travail est la
détection d'objets choisis a partir du quadrirotor. Pour cela, deux parties sont présentées, la
premiere, une description détaillée des effets mathématiques qui s'appliquent a la structure de notre
systeme. Dans la deuxieme partie, nous parlerons de l'intelligence artificielle en général et de
I'apprentissage en profondeur en particulier et nous montrerons comment exactement la détection
se produit en utilisant les bonnes techniques et algorithmes. Enfin, nous ferons un test réel avec le
temps réel montrant notre prototype fonctionnant sur le terrain.

Mots-clés : drone, détection d'objets, quadrirotor, profonds d'apprentissage.



