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Abstract

The applications of unmanned aerial vehicles (UAV) increase in recent
periods. It began to play an essential role in various fields. It becomes
necessary to develop appropriate systems capable of performing a specific
automated function such as detecting and locating an object accurately.

There are multiple problem will be addressed in this thesis which are:
Complex environments, hardness of stability with the existence of
disturbances factors, difficulties of flying over some targets, real time
detection and communication between quadcopter and base station, and
localize a known target position.

The proposed system must achieve four essential objectives in order to
perform the function with high accuracy. The first objective is to define a safe
path within a multi-obstacle environment for the drone. The second objective
IS to detect a specific target. The third objective is to locate a known target and
calculate its coordinates. The fourth goal is to build a secure communication
network between the UAV and the ground station in order to transmit these
coordinates in real-time.

The first objective is achieved by developing a path planning algorithm
capable of finding the best path within a multi-obstacle three-dimensional
environment. The second objective is achieved by using deep learning to
detect objects through the You only look once (YOLO) algorithm. The third
objective is achieved by developing an algorithm that determines the location
of the target by knowing the location of the UAV and the direction vector of
the camera. The fourth objective is achieved by establishing a 2.4 -frequency
connection using the TCP protocol and using the RSA encryption algorithm.
A quadcopter is built and all the aforementioned methods were applied to it.
The UAV was able to fly stably. Where the specific path is tracked and the
target is detected with an accuracy of 93% based on YOLO algorithm. The



computational complexities of the proposed path planning algorithm was
improved by around 27% from the nearest algorithm which are potential field
algorithm. The localization algorithm was simulated the accuracy increased

can be with the increasing of the number of views.
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Chapter One Introduction

1.1 Overview

Autonomous Unmanned aerial vehicle (UAV) have many
applications such as rescue, surveillance, and others have sparked
increased interest in recent years. Visual object identification is a key
component in such UAV applications, and it's essential for developing
completely autonomous systems. Object recognition faces many
challenges that can be summarized and not limited to the following:
Limited camera resolution, noise, continuous motion, and rapid data
processing in real time [1].

Autonomous systems such as recognizing faces or objects, self-
driving systems and voice recognition systems have spread recently, due
to their many applications. Systems that rely on deep learning have
spread more widely for recognition, detection, classification, and others.
convolutional neural network (CNN) is regarded as a highly strong
technology in the field of object identification and categorization. CNNs
are hierarchical models that are biologically inspired. The CNN's
structure usually starts with a feature extractor and ends with a classifier.
A lot of progress has been achieved in the field of CNN-based object
identification in recently [2] .

There are many object detection algorithms that can be adopted to
obtain real time detection. It can be concluded simply that the algorithms
achieve the detection process at different speeds, for example, the
Region-based Fully Convolutional Network (R-FCN) and Region-based
Convolutional Neural Network (R-CNN) algorithm depends on two
stages in the detection, namely, determining the important area and then
conducting the detection process. On the other hand, there are other
algorithms that achieve the goal step by step and are more suitable in

projects that require real-time detection. Especially when the target and
1
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the camera are in constant motion, such as single-shot detector (SSD)
and You only look once YOLO algorithms.

A three-dimensional (3D) path-planning algorithm attempts to
determine the minimum collision-free path for the robot to move in the
workspace with an obstacle. The minimum path requires the minimum
cost according to an objective function and is not always the shortest
path. 3D path planning is an essential tool for autonomous robots, owing
to the fundamental role played by robots in the economy. The
importance of 3D path planning appears in numerous aspects, such as
when human safety depends on the robot reaching its target in minimum
time or in industrial applications, repetitive tasks can improve and
increase productivity. The input to the path planning (motion planning)
algorithms are environment description and required function. The
output of the path planning algorithms is the path that achieves the
required task in the given environment. There are multiple applications
of path planning such as video games in addition to modern world
applications [3].

Autonomous robot applications increased rapidly. So, it is
possible to say about path planning: It is a vital tool in the new world.

Object detection is used extensively in computer vision tasks,
such as pedestrian identification, face recognition, face detection, and so
on. Currently, the methodology to object recognition has essentially
grown into two distinct categories: classical machine learning and deep
learning. Traditional machine learning approaches must first create
feature extraction, which is often artificially set and of which there are
about three types. The general Hough transform suggested by Ballard D
in 1981 may be considered as an effective method for the extraction of
all geometric features. The second technique, such as the 1988-proposed

2
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Harris corner detector, extracts object characteristics by identifying
corners. To recognize objects, this approach pulls corner characteristics
from two pictures and evaluates the degree of correlation between their
points. The two aforementioned approaches are sensitive to the picture's
geometric properties, i.e. a change in image size, rotation, or grayscale
value may impact the final results. Lowe suggested SIFT (scale and
rotation invariant) in 2004 as the third approach. The SIFT method is
used to identify and characterize pictures' local characteristics. It
considers a feature as an object, therefore picture rotation and scaling
have no effect on the output. Deep learning approaches often rely less on
successful feature engineering than classic machine learning methods,
and thus outperform traditional machine learning methods in big data
size training. With the fast growth of deep learning over the last decade,
object identification has also joined the deep learning movement.

In 2014, R. Girshick and colleagues introduced the R-CNN
model, the first method to effectively use deep learning to object
identification. Fast R-CNN and Faster R-CNN were introduced in 2015
as an upgrade to R-CNN. Both of them have improved the calculation
and training efficiency of R-CNN to some degree. Also in 2015,
Redmon j et al. introduced the YOLO model. It enables real-time
monitoring of objects. In 2017, YOLO version 2 was presented to
optimize and increase the accuracy of the YOLO model. Mask R-CNN
and YOLO version 3 were released in 2018 as improvements on Faster
R-CNN and YOLO version 2, respectively [4].

1.2 Problem Statement

Due the developments in technology, software, and hardware,

QUARD-COPTERs are becoming easier to use in commercial and
3
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military applications. QUARD-COPTER may be utilized for a number
of tasks, including monitoring, search and rescue, and more. As a result,
a precise location of objects must be returned. The QUARD-COPTER
encountered several challenges:

e Traffic and Obstacle Detection
e Navigation
e Communication

e Major terrain mapping difficulties

e \Weather conditions and area to map

1.3 Aim of Thesis

The essential aim of this thesis is localizing a known object in a known
area using drone and camera. This aim can be achieved by the following
objectives :

e To Design and implement a QUAD-COPTER based on YOLO
that use to detect object with high-currency and return the accurate
position

e To develop QUAD-COPTER works independently with no
connection to finish up its work and return to the base station.

e Develop Real-time position detection system to send data to base
station.

e Built Extreme accurate detection from different views to the same

object.

e Propose an algorithm to plan the path of a QUAD-COPTER

within a three-dimensional environment with fixed obstacles.
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1.4 Related Works

The related works can be classified into three categories as following.

1.4.1 Related works on object detection and localization

CARPK is the world's biggest drone view dataset, is generated by Meng-
Ru Hsieh, Yen-Liang Lin (2018) [5], In a large-scale automobile
counting job, it is a tough dataset for varied sceneries of parking lots. a
novel method was developed for producing feasible region
recommendations in the study, which takes advantage of spatial layout
information for an item counting job with regularized structures. With
past knowledge of item arrangement patterns, the learnt deep model can
better count objects.

Yongxi Lu, Zeyangyi Wang (2018) [6], the authors of this paper looked
into the difficulty of employing drones to find targets. They created a
testbed to study real-world scenarios for this application. They
discovered that persistent elements in the environment might have an
unanticipated influence on the output of the observations after testing
perception modules with modern computer vision algorithms. Such
parameters have a considerable impact on the design of the search
algorithm, according to the comprehensive simulations. Future
initiatives include better describing the influence of persistent features,
creating ways to automatically identify the presence of such structures to
avoid over-modeling, and constructing more robust computer vision
algorithms for target search and other drone-related applications.

P.J. Baeck, N. Lewyckyj (2019) [7], demonstrated a drone image
processing chain that can recognize human being, location, and show the

findings in a GIS context. The authors recognize that by train system
5
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with bigger and dataset, they made a robust model can achieves their
goals. Additionally, work must be done to enhance the model's run time.
The research advances method for converting pixel coordinates in
individual photographs to real-world locations. Because It don't work
directly on the orthostatic, The authors get high accuracy duo to the
multi reasons

Haotian Zhang, Gaoang W ang (2019) [8], Developed a platform for
drones to locate and track objects in three-dimensional space. The
researcher relied on the principles of CNN to identify things and reveal
multiple things. the system resilience is demonstrated by its ability to
handle the majority of drone scenarios, including occlusion management
and camera quick movements. However, there are certain limitations to
proposed work. Although that the quick camera movements do not

influence tracking performance, they do affect group plane estimates.

1.4.2 Related work on Path planning

Path planning is essential for unmanned aerial vehicles (UAV). It is a
complicated optimization problem that can allow them to compute the
best possible path according to an algorithm autonomously and to
achieve the requirements under constraints. There are many algorithms
constructed to solve the problem of path planning. Most algorithms have
evolved over time with multiple steps.

The potential field describes as space and potential hills at all obstacles.
The robot in the potential field is moving toward the goal location while
being repelled from obstacles in the workspace. According to the
definition above, the mobile robot will move naturally to the goal point
without collision [9][10][11]. The quality of the proposed path has been

improved using the Particle swarm optimization (PSO) algorithm. A
6
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local minima problem occurs when the equivalent forces equal zero. The
local minimum drawbacks solved using the PSO algorithm [12][13][14].
The Probabilistic road map (PRM) algorithm in 1996 by Kavraki [15]
takes random samples in free space and connects with nearby points
after checking that the path between the new sample and each nearby
point is collision-free. After that, the graph-search algorithm is to be
applied to the resulting graph to obtain the suboptimal path.

The RRT algorithm by LaValle et al. 1998 [16] generates a node for
each step. If the extension between the added node and nearest node
does not intersect an obstacle, the new node is confirmed. On the other
side, when it intersects an obstacle, it is erased. Thus, the RRT method
requires a costly computation, because it must explore all regions,
particularly when the workspace is cluttered. The workspace is sampled
as a set of nodes, and the feasible path is searched [16][17][18]. Liang
Yang et al. 2016 in [19] said that all Sampling-based algorithms,
including the rapidly exploring random tree (RRT), dynamic domain.

It is possible to represent the path-planning problem as an optimization
problem to solve it using the imperialist competitive algorithm [20].
Modified central force optimization (MCFQO) algorithm proposed by
Chen et al. 2016 for 3D motion planning use the principle of the PSO
and the variation in the information of genetic algorithm (GA) are
introduced into the central force optimization CFO to get better
performance of CFO. Then an improved CFO algorithm is employed to
explore the suboptimal track in 3D environments with present obstacles.
The model of the resulting path is a group of broken lines, So the
smoothness of the path is weak. The mutation operator is an essential
fundamental operator in the GA used in order to avoid the local
minimum trouble. The length of the resulting path from MCFO has

7
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unnecessary additional length due to broken lines in the path. The
increasing number of line segment lead to increase corner point. The
robot must decrease its velocity to zero in order to not violate any
dynamic constraint. These interrupts cause increasing flight time. These
discontinuities removed by connecting each line segment by an arc (the
segment of circular). The radius of the arc is calculated based on the
speed and acceleration of the robot — this method of smoothness leads
to violating dynamic constraints some times. The violation happens
when the segments of lines very close to the obstacles. In this case, the

algorithm ignores the smoothing [21].

1.4.3 Related work on UAV system
Markus Achtelik et al. 2009 [22] design and implement a complete

system to control quad rotor aerial vehicle based on visual feedback.
Active markers are designed and used in order to decrease the effect of
light noise on the feedback system. The main properties of the system
are simple setup and low cost. Adaptive Control system for a quadrotor
copter used by Michael Achtelik et al. 2011 [23] in the presence of
unmodeled dynamics, uncertain parameters, failure situations, or
external disturbances, while Inkyu Sa in 2011 [24] presents control and
modeling of an open-source quad rotor copter. Inkyu Sa et al 2012 [25]
describes quad rotor copter system based on estimation, identification,
and control.

Bernard et al. 2012 [26] provide a low-cost control system for the quad
rotor copter to provide easy control for beginners and auto flying. M.
Anwar et al. 2013 [27] present a swarm of UAV or quadrotor for object

localization and tracking for military purposes. Modified Particle Swarm
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Optimization algorithm used in the system to achieve better
performance.

Simple graphical user interface (GUI) designed by Dirman Hanafi et al.
2013 [28] to build a quadrotor copter controlled by a remote-control
system. The balancing system uses the FY90 controller and IMU 5DOF.
The ultrasonic sensor is used for landing purpose.

Michael Y. Chen et al. 2013 [29] made a design of a quadrotor controller
based on a smartphone and Arduino. The authors use a smartphone to
generate navigation commands and avoid collisions. Ultrasonic sensors
used in order to explore the unknown area independently. Mehdi Fatan
et al 2013 [30] use adaptive PID controller in order to control altitude of
the quadrotor. The genetic algorithm used to find optimal parameters In
order to increase the efficiency of controlling the performance of its
tasks and eliminate disturbance. A test of BCI controlling for a quad
rotor aerial vehicle was made in three dimensions workspace by Karl
LaFleur et al. 2013 [31].

Carreira et al. 2013 [32] provided an autonomous landing system for a

quad rotor copter based on the onboard camera.

1.5 Thesis Layout
This rest of thesis contain the following chapters:
e Chapter 2 demonstrates basic theory information for the important
subjects that have a relation with the proposal of this thesis.
e Chapter 3 presents four proposed algorithms and system in details.
e Chapter 4 shows the results of all proposed algorithm together with
simulation and implementation results of the quad copter.

o Chapter 5 : Conclusions and future works.
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Chapter Two Background and Algorithm description

2.1 Introduction

This chapter contains the general description about path planning as well
as all theoretical side of techniques and algorithms used in the proposed

system.

2.2 Overview Motion Planning Problem

In recent years, robots have significant effects, especially interference
with the current applications. It requires the development of robots in a
way that enables them to perform their functions in perfect ways. As a
result, many research problems have arisen, such as planning paths for
mobile robots that will be addressed in this chapter.

The problem of finding a path is one of the most straightforward
problems for humans. Humans can decide within a fraction of a second
while this decision is a significant challenge for robots. The problem is
to determine a safe robot path among two points: the start and end
points. This problem is solved in several ways as described in the
literature [33].

Moving safely between two or more points requires algorithms that run
the job. Reducing distance is one of the most popular targets for
algorithms because it affects other factors such as energy consumption
and time. This chapter provides a comprehensive overview of path
planning and types of algorithms [34].

There is an upcoming revolution in the field of robotics where robots
have proven effective in many areas such as smart home systems [35],

manufacturing plants, many others. It becomes vital to develop a
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mechanism to work robots in order to perform their tasks optimally. In
short, the robot must find solutions of the following three questions:
Where is the robot? Where is the target? How to get there safely? Many
techniques and algorithms are employed to achieve the best answers to
the above questions.

e Localization: A significant thing that supports the robots to locate
in workspace. Such as GPS [36], ultrasonic sensor [37], cameras
and laser.

e Mapping: The robot needs to map the environment in which it
moves. The map assists each robot to recognize directions
quickly. That map could be stored in the memory of the robot as a
matrix, for example, the robot can build it gradually whenever it
detects a new site [38]

e Path planning: the robot must know the target location. targets
may be absolute like latitude and longitude; they may be relative
like room number [39].

Route planning is one crucial aspect that can answer the simple question
about the location and paths. For applications that deal with mobile
robots. The robot should have the ability to arrive at the target as well as
bypassing the obstacles that are spread in the work-space while avoiding
all obstacles and reach the target in the shortest possible way. A smooth
track is one of the common goals addressed by some research in addition
to the short path. Figure 2.1 describe different issues of the path
planning.

Efficiency, accuracy, and safety are the most critical concerns to be

taken into account in the matter of planning the paths. Each robot must

12
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find its path in a short period and with the least amount of energy.
Besides, it should avoid all obstacles and choose the best path to reach
the target safely [40]

Planning a path in a large environment is a challenge because the
problem difficulties increase. These studies address the most
complicated problem. a widespread environment with obstacles in a

scattered and complicated way [35].

Natural motion

Complex
environments

Movable
obstacles

Issues in path planning

with obstacles

Producing avoidance
smooth trajectory

Multi-agent robot

Complex map- Finding shortest
terrain path

Figure 2.1: Various matters of route planning [40]

2.3 Problem Formulation
The path planning problem can be described as follows :-
e The robot within the region represented in the Euclidean space as
R%or R3,

e The Obstacles objects found within the region

13
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e The location, orientation, and the geometric shape of the robot and

obstacle are already obvious.

e The location of obstacles in the area is Identified.

e The path can be planned in the area Defined by a set of points

2.4 The Categories of the Motion Planning

There are three categories depending on the environment, algorithm, and

the approach used to solve the problem and plan the path as shown in

Figure 2.2 [40]

Path Planning classification

Based on
algorithm
Based on Based on
environment completeness
=
Global Local '
Static Dynamic Exact ' Heuristic '

Figure 2.2: The Categories of the motion Planning [40]
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Two basic kinds of environments are existing: static and dynamic. In
stationary environments, obstacles and target points are fixed. In
dynamic environments, the locations of obstacles and the target point are
variable. New obstacles may appear in the road, or the location of the
target may change. When the locations of obstacles and targets change,
the process becomes more complex because the algorithm must react to
real-time changes. Knowledge of the map has a significant role in
determining the path. The path of the robot depends primarily on an
essential reference, which is the map. The problem of mapping paths can
be divided into two basic categories. In the first category, the robot
knows the locations of the obstacles and the entire map this type called
global route planning. In the second category, the robot does not identify
accurate knowledge about the work-space. Therefore, it must sense it by
different sensors and create a map during the real time at the exploration
process, and this type is called the local route planning. Table (2-1)
presents the differences between the Local and Global path planning
[40].

Table 2-1: The differences between the Local and Global path

planning.
Local Global
Depend on sensors Depend on Maps
Reactive navigation Deliberative navigation
Fast response Relatively slower response
incomplete given environment Complete environment
generate path during moving generate path before moving
Online offline

15
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There are two types of algorithms, whether it is accurate or heuristic,
depending on the final completed path. The accurate or exact algorithm
finds the optimal solution in the case that the path exists or gives an
indication that there is no solution in the case that the path is not possible
[40].

Algorithms can also be classified depending on the number of robots
operating in the same area (single and multi-robot). Many applications
need a group of robots to work together collaboratively. The algorithms
here are responsible for providing a safe and short path for each robot to
reach its target. The algorithm is responsible for not colliding any robots
during work [40]. Static algorithm based on environment is the category

used in the proposed system.

2.5 The Complexity of Path Planning

Realistically the robot is not just a point in space. The robot may be
irregular, and the work environment can contain an unspecified number
of dimensions. In a point representation of a robot, the number of
dimensions is usually two or three, that facilitates the work of algorithms
in finding the best path [41].

One of the most preferred methods to solve the problem of planning
paths is to use smart techniques like A Star (A*) algorithm to lead the
search to the appropriate area. The appropriate area is the area that
contains the optimal solution. This method ensures that searches are not
conducted in unrelated areas. Precise methods are time-consuming and
cannot work in small areas or with low accuracy. It can be said that the

problem of planning paths has polynomial complexity [42].
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2.6 Approaches of Path Planning

It’s began in the late 1960s and flourished in the 1980s [35]. A set of
research has emerged to solve this problem in all types of the
environments which are: static environment and dynamic environments).
Many methods contribute and tried to find solutions to the problem of
path planning. These initiatives or solutions can be broadly categorized
into three basic categories, which are the classical approaches, the
guiding approaches, and the graph-based approaches, as shown in Figure
2.3. The classical approach is a combination of classical methods such as
roadmap and potential field. This category contains problems with time
complexity and accuracy in optimization. The second category resolve
the problems that face the first category. The third category relies on a

chart in the layout of paths such as A*, and Dijkstra algorithm [40].
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Approaches used to solve

path planning

Classical Graph search Heuristic
approches approaches approaches
A* Dijkstra '
| |
J ]
Roadmap cell - Potential field
decomposition
method method
method

ACO '

GA '

Tabu search'

Figure 2.3:Approaches of path planning [40]

2.6.1 The Roadmap Approaches

The basic idea is to create a roadmap consisting of a set of lines. Each

line connects two nodes. The line is installed as a road connecting the

two nodes when it does not intersect any obstacle. A group of lines

together represents a road map as shown in Figure 2.4. If there is a

continuous route within the road map connecting the start and target

points, then it is the chosen route. If more than one route is found within

the roadmap linking the start and target points, then use an algorithm

such as Dijkstra to choose the shortest or best route depending on the
requirements of the problem [43][44][45].
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Figure 2.4: Roadmap approach of route planning [40]

2.6.2 Artificial Potential Field Algorithm

In this algorithm, it is assumed that there is a field consisting of two
fundamental forces, namely attraction and repulsion. Force pulls the
robot towards the target positioned at the target point. The other force is
the power of repulsion. This force is positioned in the locations of
obstacles. Between the forces of attraction and repulsion, the robot can
find its way to the target without hitting obstacles. This algorithm has
been developed many times to overcome its weaknesses (local minima).
Figures 2.5 show the potential field approach of path planning [34].
Despite the ability of classical approaches to finding solutions and paths
free from collisions, there are some limitations and drawbacks to their
work. The most important of these constraints are long and complex
calculations, especially in large and complex environments. The other
downside to this approach of algorithms is their involvement in locally
optimal solutions away from the global optimal solution [40] as shown

in figure 2.5.
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Combined force

@'" S Robot
Obstacle C 75
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Figures 2.5 show the potential field approach of path
planning [34].

2.7 Object Detection

The goal of object detection is to detect all instances of objects of one or
more known classes, such as people, cars, or faces, in an image. Usually
only a small number of objects are present in the image, but there are a
very large number of possible locations and scales at which they can
occur that need to be explored in some way. Each detection is reported
with some kind of pose information [47][48]. This could be as simple as
the object's position, a position and scale, a bounding box, or a
segmentation mask. In other situations, the pose information is more
detailed and includes the parameters of a linear or nonlinear
transformation. For example, a face detector can calculate the positions
of the eyes, nose, and mouth, as well as the bounding box of the face.
The pose could also be defined by a three-dimensional transformation
indicating the object's position in relation to the camera. Object
recognition systems build a model for an object class from a set of

training examples. In the case of a solid rigid object, only one example
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may be required, but more generally, multiple training examples (often
hundreds or thousands) are required to capture certain aspects of the
variability of the class[49]. In general, less training data is needed when
more information is available. The about class variability can be
explicitly built into the model. However, it can be difficult to specify
models that capture the wide variability found in images. An alternative
approach is to use methods like Convolutional Neural Networks that
learn class variability from large datasets [50][51].

Two-stage object detection refers to the use of algorithms that separate
the object detection problem into the following two phases:

. Detecting possible object regions.

. Classifying the image in those regions into object classes.

Popular two-stage algorithms such as Fast-RCNN and Faster-RCNN
often use a Region Proposal network that proposes regions of interest

that may contain objects as shown in figure 2.6 [57][60].
One and two stage detectors

Object Detection

Two-Stage/Proposal One-Stage/Proposal-Free

RCNN f YOLO
Fast RCNN SSD
Faster RCNN
RFCN
Mask RCNN

Figure 2.6: object detector [57]
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2.7.1 YOLO Algorithm

You Only Look Once is the abbreviation for the term YOLO. This
algorithm finds and identifies multiple objects in a photo (in real-time).
YOLO performs object detection as a regression problem and provides

the class probabilities of discovered photos.

Figure 2.7: A bicycle detection using YOLO algorithm [61]

A classifier is then given the output of the RPN to classify the areas into
classes. While this produces precise object identification results with a
high mean Average Precision (mAP), it also causes several repetitions in
the same picture, hence slowing down the algorithm's detection speed
and inhibiting real-time detection [61][63].

Unlike previous object identification methods, which repurposed
classifiers to do detection, YOLO proposes the usage of an end-to-end
neural network that simultaneously predicts bounding boxes and class
probabilities. YOLO produces state-of-the-art results in object

identification by using a fundamentally different approach than existing
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real-time object detection algorithms [64][66]. An example of bike
detection that indicates the location of specific parts is shown in Figure
2.7.

2.7.2 YOLO methodology
The YOLO algorithm divides the picture into N grids, each of which has

an equal-sized section of SxS. Each of these N grids is responsible for
detecting and localizing the item included inside it. Similarly, these grids
estimate B bounding box coordinates relative to their cell coordinates, as
well as the item name and likelihood of the object's presence in the cell.
Owing to the fact that both detection and recognition are handled by
image cells, this method significantly reduces the amount of computing
required, but also generates a large number of duplicate predictions due
to many cells predicting the same item with various bounding box
predictions. YOLO employs Non-Maximal Suppression to address this

problem [63-65] as shown in figure 2.8.

Figure 2.8: YOLO methodology [63]

during nonmaximal Suppression. YOLO does this by examining the
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likelihood scores linked with each option and selecting the one with the
highest score. After this, the bounding boxes with the biggest
Intersection over Union with the current high probability bounding box
are suppressed. This procedure is continued until the final enclosing
boxes are achieved [66].

2.7.3 YOLO Steps

As shown in Figure 2.9, the Yolo algorithm divides the picture into grids

such as a 3*3 grid.

Figure 2.9:YOLO work example [63]

On each grid, image categorization and localization are applied. YOLO
then forecasts the object's bounding boxes and their respective class
probabilities (if any are found).

For the model to be trained, labeled data mused be given. Suppose each
picture split into a 3 x 3 grid and there are a total of three classes for
classification the items. Say the classes are respectively Pedestrian, Car,
and Motorcycle. Figure 2.9 depicts that for each grid cell, the label y will

be an eight-dimensional vector as shown in figure 2.10:
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pc
bx
by
_ bh
y= bw
cl
c2

'

Figure 2.10: eight-dimensional vector [63]

e PC determines if an item is present or absent in the grid (it is the
probability)

e bx, by, bh, and bw define the bounding box if an item exists

e 1, c2, and c3 are the classes. Consequently, if the item is a

vehicle, c2 will equal 1 and c1 and ¢3 will equal 0

YOLO process every cell in the grid, such as the first cell in figure 2.11

Figure 2.11: first cell [63]

This grid has no objects, therefore pc will be 0 and the y label for this

grid will be empty will be as shown in figure 2.12.

0

e
[
RV RS BEN RIS REN RIS

Figure 2.12: eight-dimensional vector [63]
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As there is no item in the grid, the values bx, by, bh, bw, c1, c2, and c3
include. Figure 2.13 depicts a second grid in which a vehicle (c2 = 1) is

positioned.

Figure 2.13: The cell that contains the object [63]

Before writing the y label for this grid, it is essential to understand how
YOLO determines whether or not there is an item present. In the picture
above, there are two items (two automobiles), hence YOLO will
determine the midpoint of these two things and allocate these objects to
the grid that includes the midpoint. The y label for the center-left grid

containing the vehicle will be as seen in Figure 2.14. [60-63]

1
b
by
_ bh
y= bw

:
0
Figure 2.14: eight-dimensional
Since there is an item in this grid, pc will equal 1. bx, by, bh, and bw
will be computed relative to the current grid cell. Given that automobile
is the second class, c2 = 1 whereas c1 and ¢3 = 0. Therefore, eight-
dimensional output vector for each of the nine grids was obtained. This

output will have the dimensions 3 by 3 by 8.
this model will be trained using both forward and backward propagation.
During the testing step, the model was tested with some pictures and
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perform forward propagation until the output y is obtained. To make
things easy, discussed using a 3 x 3 grid, but in real-world situations,
often bigger grids (perhaps 19 x 19) is used. Even if an item extends
over many grids, it will only be allocated to the grid containing its
midpoint. By increasing the number of grids, the likelihood of numerous

items appearing in the same grid cell is reduced [65].

2.8 Embedded System

An embedded system is a microprocessor-based computer hardware and
software system intended to execute a specific purpose, -either
independently or as a component of a larger system. An integrated
circuit intended to do calculation for real-time processes is at the center.
From a single microcontroller to a suite of processors with associated
peripherals and networks, and from no user interface to complicated
graphical user interfaces, the spectrum of complexities is vast. The
complexity of an embedded system varies considerably based on the
function for which it is intended.

Applications of embedded systems include digital watches, microwaves,
hybrid automobiles, and avionics. Up to 98 percent of all produced
microprocessors are employed in embedded systems [67].

2.8.1 Embedded System Works

Microcontrollers or digital signal processors (DSP), application-specific
integrated circuits (ASIC), field-programmable gate arrays (FPGA),
graphics processing unit (GPU) technologies, and gate arrays manage
embedded systems. Integrated into these processing systems are

components designed to handle electrical and/or mechanical interfaces.
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The firmware instructions for embedded systems are stored in read-only
memory or flash memory chips and execute with restricted computer
hardware capabilities. Through peripherals, embedded systems connect

to the outside world, connecting input and output devices [67].

2.8.2 Structure of an Embedded System
Included in the structure of an embedded system are the following
elements:

e The sensor detects the physical amount and transforms it to an
electrical signal, which may subsequently be read by an embedded
systems engineer or other electronic device. The detected amount
Is stored in memory by a sensor.

e A-D Converter: An A-D converter transforms the analog sensor
signal into a digital signal.

e Processors and ASICs: Processors evaluate data to calculate
output and store it in memory.

e A digital-to-analog converter transforms digital data given by the
CPU into analog data.

e An actuator checks the output provided by the D-A Converter to

the stored output and saves the authorized output [68].

2.8.3 Raspberry pi

As demonstrated in Figure 2.15, the Raspberry Pi is a low-cost, tiny, and
portable computing board. It may connect to a computer display or

television, keyboard, mouse, flash drive, etc. The Raspberry Pi contains
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built-in software, such as Scratch, that allows users to program and
create animations, games, and intriguing videos.

In addition, programmers may create scripts and applications using
Python, the operating system's primary core language [8]. The Raspberry
Pi B+ is the successor of Model B. In this work, Python was utilized to
develop the script for client/server connection. In addition, there are
enhancements like the addition of additional GPIO header pins, more
USB ports, reduced power usage, etc. Model B+ is suggested for
classroom learning because it offers more versatility than Model A,
particularly for embedded applications that need minimal power, and has
more USB ports than Model B [9].

Samba is open-source software that provides SMB/CIFS clients with a
seamless file and print service [10]. Because it enables interoperability
between Linux/Unix servers and Windows clients, this program is
regarded as a useful and user-friendly innovation. Samba server is
comprised of two essential programs, smbd and nmdb [11].

File and print services, authentication and authorisation, name
resolution, and service announcement were Samba's four primary
services. In this project, a Raspberry Pi is used as a server for remote file

access by several PCs using Samba [67].

Figure 2.5: Raspberry pi [67]
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2.8.4 GPIO in Raspberry pi

GPIO is an abbreviation for General Purpose Input Output. As seen in
figure 2.16, the Raspberry Pi contains two rows of GPIO pins that serve
as links to the real world. Output pins are analogous to switches that the
Raspberry Pi may use to turn on or off devices, such as an LED light.
However, it can also transmit signals to other devices. Input pins are
similar to switches that may be turned on or off externally (like a light
switch). However, it may also be sensor data or a signal from another
device [67].

Raspberry Pi GPIO BCM numbering

18 23 24 25 12 16
PWMO PWMO

GCLK1 GCLKZ PWM1
4 17 27 22 5 6 13 26

Figure 2.6 :GPIO Pins [67]

2.8.5 Arduino

Arduino is an open-source electronics platform centered on user-friendly
hardware and software. Arduino boards can convert inputs - such as light
on a sensor, a finger on a button, or a tweet - into outputs - such as
operating a motor, lighting an LED, or posting anything online. Sending
a series of instructions to the microcontroller on the board allows you to
direct it. To do this, you use the Arduino programming language (based
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on Wiring) and the Arduino Software (IDE), which is based on
Processing.

Arduino is the brain of tens of thousands of projects throughout the
years, ranging from ordinary things to complicated scientific apparatus.
This open-source platform has attracted a global community of makers,
including students, hobbyists, artists, programmers, and professionals,
whose contributions have amassed an extraordinary amount of
information that may be of tremendous assistance to beginners and
specialists alike.

Arduino is created at the Ivrea Interaction Design Institute as a simple
prototyping tool targeted for students with no prior experience in
electronics or programming as shown in figure 2.17. As soon as it
attracted a larger audience, the Arduino board began to evolve in
response to new demands and problems, shifting from basic 8-bit boards
to solutions for 10T applications, wearables, 3D printing, and embedded
settings [69].

ralgeaS=28%
B T
- OO

rxmm Arduino ™

Figure 2.7: Arduino [69]
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Chapter Three The Proposed System And Methodology

3.1 Introduction
In this chapter, a detailed demonstration of how to extract the target
object's location in 3d environment by using proposed algorithms.

e The n-Visibility Tree Algorithm (proposed).

e object detection using YOLOVS5 algorithm.

e Localization algorithm.

The n-Visibility Tree may address the challenge of 3D environment path
planning. This method may offer the robot or numerous robots in the
environment with a smooth route. The YOLOV5 object detection method
is used to identify the item in the picture. Based on the information
obtained from the previous methods, a localization algorithm is used to

locate the target.

3.2 General Overview of the Proposed System

The proposed system architecture includes two stages. Each stage
consists of sub-steps in order to achieve the research objectives and meet
its main aim. These stages find the best path and position detection
stage.

The first stage is to find the best path using the n-Visibility Tree
Algorithm. The output of this algorithm is the suboptimal path. The
UAYV flow this path to reach the target point.

The second stage is the position detection stage which encompasses
many processes that are responsible for detecting any objects that appear
in front of the UAV and sending that information encrypted to the base
station which the last one shows the location on google map. This stage

is to work with real-time detection of objects remotely and send data
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instantly to the base station. Figure 3.1 shows the proposed system in
general. Algorithm 3.1 demonstrate the overall description of the

proposed system.

Object detection Ob.JecF
Localization
Quadcopter RSA Encryption

Path planning Base Station

system

Figure 3.1: The proposed system in general

Algorithm (3.1): Pseudocode of the proposed system

INPUT: Target_type, search_area_point[] ;
OUTPUT: Target Position;
Begin
1- Define search area
2- N visibility tree algorithm (start point, end point)// return the best
path.
3- Object detection based on yolo
4- Localization algorithm (drone position [])// return target location
5- Encrupt data using RSA
6- Send info to base station
End

3.3 The Proposed n-Visibility Tree Algorithm

It is a suggested approach for identifying the shortest route in densely
populated areas. The strategy is evaluated using a spherical robot that
travels in three-dimensional space. It is also believed that obstacles are

spheres.
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Two strategies are used to design the robot's path: travelling in a straight
line to the obstacle's tangent point and going around obstacles using the
smallest segment of a great circle. Multiple viable routes are so
constrained. The minimal route is then identified based on the
minimization of an n-visibility tree technique. The n-visibility tree
technique is proposed for 3D route planning with obstacle avoidance for
mobile robots.

In this method, it is assumed that the quadcopter robot was present. The
desired alignment of the robot toward the target has been attained. The
core premise of the depth-first search (DFS) method is to do a search
around the target point. For searching, the DFS algorithm needs nodes.
This work calculates the nodes using the equations produced from this
method. The DFS is shown in Figure 3.2. The search starts at the first
location and progresses deeper until there is no choice but to return. The
standard DFS method needs knowledge of all nodes and connections
beforehand. This study expanded the idea to make it compatible with the
n-visibility tree technique. The proposed approach is aided by the DFS
to create an undetermined number of nodes and lines.

First, the algorithm builds a full set of pathways from the source point
(i.e., the robot's center) to the destination point. Each route is composed
of straight lines and curved lines that link these straight lines. In the
second stage, a searching algorithm is used on the n-visibility tree graph
to discover the shortest route between the beginning and ending points.
With the use of the next section's derived equations, DFS constructs a set

of complete pathways between the source and destination sites.
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Figure 3.2: DFS algorithm: order in which nodes are visited.

The construction of a complete set of paths is the first step in this
algorithm. This first step is essential because the algorithm complexity
depends on the complexity of this part. The idea is to search for the
safest and most direct path between two points, avoiding a collision. The
minimum collision-free path that avoids obstacles is the tangent
observed by the robot. In this thesis, the tangent is the path of the robot’s
center that causes its surface to be tangent with the obstacle. There are
an infinite number of tangents can be used to avoid spherical obstacles.
All of which satisfy the obstacle equation at the maximum circle
observed by the robot. The circle points satisfy the robot surface
equation. The radius of the seen circle from robot side is always less
than the radius of the obstacle. If the target point is on the other side of
the obstacle, its faced circle is also observed. These two circles must be
connected by curves far from the surface of the obstacle, by r along the
curve. An infinite number of curves can connect any two points. The
required one is the minimum. The great circle principle is used to

determine this minimum. Two other scenarios can be faced by the
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algorithm when constructing a set of complete paths. First, when the
robot avoids the first obstacle but may face another of the same size, in
which case the solution is to construct a cylinder covering the two
obstacles with a radius of R+r. The other scenario occurs when the
second obstacle does not have the same size as the first avoided obstacle,
and the tangents to each are required. These tangents resemble a section
of a cone with the radius of each side is more than the obstacle by r to
ensure that the robot will be in tangent with both obstacles during
movement from one to another. Therefore, when n reaches infinity, the
shape is a cylinder or cone. Otherwise, it is simply lined belonging to
cylinders or cones. All details regarding the operation of this algorithm

are explained in the following steps as well as the algorithm 3.2.

Algorithm (3.2): Pseudocode of proposed n-Visibility Tree Algorithm

INPUT: Start 3D point (P);
OUTPUT: Target 3D point;
Begin
1- The radius and 3d coordinate (P) of the Drone and obstacles
2- Obtain the nearest obstacle.
3- Calculate visible circle in 3d
4- While (any path intersects with any obstacle)
5- Replace the straight path with n paths to n points of the circle
6- End while
7- Avoid obstacles based on great circle principle
End
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Step 1 : Acquire the information. r, m, p, and k indicate the robot's
radius and 3D coordinates. the n value. The obstacle radii and
coordinates are given (Ry: Sy1, S12, S13; R2: S21, S22, S23:. . - R;% Si1, Sio,
s;3). The target coordinate is represented by (E, F, G), where i indicates
the obstacle number.
Where —oo <t < 00

R; : the radius of obstacle i
Si1, Si2» S;3 - 3D coordinate of obstacle i.

Step 2 : Derive an equation of a straight line between the source (drone
center) and target position as:
x—m y—-p z—k

t = = =
E-m F-p G-k

e (3.1)

Step 3 : Obtain the ID of the closest obstacle that crosses the preceding
straight line. Replace this straight line with n tangent straight lines to the
obstruction. When the Euclidean distance between the line and obstacle
is smaller than the total of the drone and obstacle radii (R+r), an
intersection occurs. Based on the source point and obstacle information
(position and radius), n points are determined around the obstruction.
When the drone travels in a straight path to these spots, it will collide
with the obstruction. As n approaches infinity, a circle in 3D will be
formed, as seen in Figure 3.3.

There are n spots inside the circle that must be chosen. First, as
illustrated in Figure 3.4, a circle is determined by the intersection of the
plane with the barrier after extending its radius by r to account for the
drone diameter. As illustrated in Figure 3.5, the plane is formed by the
intersection of two spheres: the first is the barrier after its radius is
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increased by r, and the second is an assumed sphere centered at (m, p, K)

with a radius provided by
Ras = S% + S5+ S3— m? — p? —k? — 2(R +71)% + (s;; — m)?
+ (SiZ - p)z + (Si3 - k)Z TR (32)

Where

Ras: radius of assumed sphere.

Circle seen from source point Obstacle

“n-collision free path

12 a

y-axis

Figure 3.4: Sphere plane intersection.
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Figure 3.5: Two sphere intersected

Therefore, the intersection between these two spheres results a circle

belong in the plane of Equation bellow:
Cm—-s5;)X+QRp—5s)Y+R2k—5;3)Z+Ras=0 ....(3.3)

The source point is the supposed sphere's center, and its radius is Ras.
The tiny sphere is the obstruction for which the tangent points must be
determined. The resultant plane contacts the obstruction once its radius
is increased by r. According to Equation, the outcome of the intersection
IS a three-dimensional circle (3.4).

X =s)?+ (Y —52)* + (Z —513)* = (R+71)?
2m—-2s5;)X+QRp—2s)Y+(2k —2s;3)Z+Ras =0 ....(3.4)
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Uniformly spaced n points from the circle of Equation (3.4) are selected,

as illustrated in Figure 3.6.

z-axis

Figure 3.6: The n tangents paths around one obstacle from source point (n=8)

Step 4 : Repeat step 3 for each line, until there are no more intersects

with any obstacles.

Step 5: As seen in Figure 3.7, derive n equations of straight lines
between the goal point and the tangent of all obstacles previously
identified in step 3. According to Equation, (3.5) each line has two

points: the target point and the point chosen from the specified circle.
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Figure 3.7: The n tangents paths from source and target points (n=8).

X —su)?+ (Y —52)* +(Z —5;3)* = (R+7)?
QE—s;))X+Q2F—=5,)Y+(2G—s;3)Z+Ras=0 ....(3.5)

Step 6 : For each line derived in the previous step, if no intersection with
it exists, confirm it. If it intersects with at least one obstacle, obtain the

nearest intersected obstacle.

Step 7: A new obstacle must be avoided by the path tangent to each of
the two obstacles (first where the drone exists and second is the obstacle
intersects a straight path to the target). There are two cases for this

scenario, as follows.

Case one: When both obstacles have the same radius, as indicated in
Figure 3.8, n points are selected on each obstacle. First, the circle in 3D
around each obstruction must be found by intersecting a plane with the
obstruction and increasing its radius by r. To identify the plane equation,

any point belonging to the plane and a vector perpendicular to the plane
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from this point must be known. For each obstacle, a point that is the
obstacle’s center and the vector that is between obstacle centers IS
known. The resulting plane equations for each obstacle are derived as
follows. First, the obstacle center is (s11, S12, S13), and the radius after
compensating for the drone radius is (R +r). The second obstacle
center is (s,1, Sy2, Sp3). The n points around the first obstacle can be

selected from the calculated circle in Equation (3.6).
(X - 511)2 + (Y - 512)2 + (Z - 513)2 == (R + T')Z [ (3.6)
(521 = S10) (X = 511) + (522 = 512) (Y — 512) + (523 — 513)(Z — 513)

=0

The n points around the second obstacle can be selected from the

calculated circle in Equation (3.7)

(X —5,1)%+ (Y —5,5)% + (Z —5,3)2 = (R+71)? .. (3.7)

(21 = S11) (X = 511) + (522 = 512) (Y — 512) + (523 — 513)(Z — 513)
=0

z-axis

Figure 3.8: The n tangents paths between two same size spheres (n=8).
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Case two: When the radii differ, as illustrated in Figure 3.9, n points are

selected on each obstacle. the first obstacle center is (s;1, S12, S13), and

the radius after incrementing by the drone radius is R1. The second

obstacle center is (s,1, S22, Sy3), and its radius after increasing it by the

drone radius is R2. The goal here is to determine another point satisfying

a line equation that passes through (s11, S12, S13) and (S,1, Su2, Sy3).

The point position is denoted by a, b, and c. From this point, it is

possible to draw n lines that cause the drone to in tangent with both

obstacles when moving. If R1 is less than R2, the points can be selected

from the calculated circle using Equation (3.11).

dis2 = \/(511 — 521)% + (512 — 522)2 + (813 — 523)?

dis] = R1 dis2
BT R2-R1
diSl(Sll - 521)
@=su+ dis2
diSl(Slz - Szz)
b=siz ¥ dis2
diSl(slz - 522)
€=t dis2

(X —s511)*+ (Y —512)* + (Z — 513)*> = R1?

45

....(3.8)

....(3.9)

e (3.10)
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diS == 5112 + 5122 + 5132 - a2 - b2 - Cz - 2R12 + (511 - a)z

+ (512 = b)? + (513 — ©)? ....(3.12)

The points around the second obstacle are calculated using Equation
(3.13)

(X —5,1)% + (Y —55,)% + (Z — 5,3)%2 = R2? ....(3.13)
(2a — 25,1)X + (2b — 25,,)Y + (2¢ — 2553)Z + dist2 = 0

dist2 = 5212 + 5222 + 5232 - az - bZ - Cz - 2R22 + (521 - a)z

+ (S22 = b)? + (523 — ©)? ....(3.14)

If R1 is greater than R2, a point is determined from Equation (3.17).

30

20

z-axis

Figure 3.9: The n tangents paths between two different size spheres (n=8).

diSOZ - \/(521 - 511)2 + (522 - 512)2 + (523 - 513)2 . (315)
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iepp — R1dis2 3.16)
SO _Rl—RZ .

diso1(sy; — S11)

@=s$ut diso?
diSOl(SZZ - 512)

b = SZZ + diSOZ . (317)
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The same Equations (3.11) and (3.13) are used to determine the points
around each obstacle.

Step 8: For each line between points in Step 7, if it intersects any
obstacle, delete it and return to Step 7 after obtaining the identity of the
nearest obstacle of interest.

Step 9: As seen in Figure 3.10, draw arcs from the locations on either
obstacle side using the short segment of the great circle method. After
expanding its radius by r, the great circle in 3D may be found by
intersecting a plane with the obstruction. A link a central point and two
other locations was desired. Using a cross-product between the vectors
from the origin and the two desired locations, the plane's was obtained
by perpendicular vector. The resultant intersection is a large circle that
connects the two desired spots. These two points split the great circle
into two halves of varying length. The smallest segment is what is
needed. A great circle is described by the intersection of the sphere and
the plane in equation (3.18). Po and Pq are the 3D desired points to link,
while,s-1. represents the obstacle's center.

(X —511)° + (Y = 512)* + (Z = 513)* = (r + R)?

((POZ — 512)(Pq3 — 513) — (Po3 — s13)(Pq, — 512))(X

— 511)
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((P01 — 511)(Pq3 — 513) — (Poz — s13)(Pqq — 511))(Y — S12) +

((P01 — 511)(Pqy — s12) — (Po; — 512)(Pqy — 511))(2 —513) =0
.....(3.18)

Step 10: Repeat Steps 5 to 9 until no line intersects an obstacle.

Therefore, all lines will have reached the target point as shown in figure
3.10.

Z-axis

Figure 3.10: One to one connection curves between n straight lines.

The construction of a complete set of paths is the most crucial thing of
this algorithm because only need to choose one of the paths in the next
section. So the complexity of this algorithm depends hugely in this
section. As seen in steps above it is possible to say its regular algorithm,
each obstacle can be avoided by n paths, So it is easy to make some
conclusions about time complexity and optimality which are: time

complexity increase with an increase in the number of obstacles or n
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parameter or both of them, So the complexity can be controlled by
control of the n parameter, each path calculated by equations in steps

above to be suboptimal and smooth as much as possible.

3.4 Search algorithm using Dijkstra

As explained previously, n nodes point around each obstacle. Because
many paths or curves avoid obstacles, each set contains n curves.
Additionally, an unknown number of sets exist. This number depends on
how many obstacles intersect the tangents between the target point and
obstacle. Otherwise, the distances between points are used as weights.
The Euclidian distance of a straight line between any two points on a
sphere is proportional to the distance of the short part of the great circle
between these points. This information is used to calculate the weights
without the need for determining the curve distance in 3D. Thus, several
nodes and weights are gotten (i.e., distances between points). Dijkstra
algorithm used to choose the minimum complete path from the set of

paths constructed by DFS.

Algorithm (3.3): Pseudocode of Dijkstra Algorithm

INPUT: Tree of paths, weights;
OUTPUT: Best path;
Begin
1- Read Tree of paths;
2- Apply Dijkstra procedure
3- Sort the results;
4- Get the min weight path;
5- Return the best path
End
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3.5 The Modeling of Obstacles

The obstacles modeling is a vital portion of path planning. The way used
to describe the obstacles effects on the results path optimality and
complexity. The accurate modeling method can clarify the difficulty. In
order to represent any complicated obstacle, multiple spheres must be
used. A complex obstacle like building must be entirely inside spheres.
The distribution of spheres has to achieve the above condition. The main
affected parameters are radii of spheres and distance between them.
Long radius causes less complexity because it will need fewer spheres to
represent a complicated obstacle, but on another side, it decreases the
optimality of the path. A short radius increases optimality and
complexity at the same time. The second parameter (distance between
spheres) must achieve the following condition in equation (3.18) in order

to cover obstacles completely.

The intersection of two spheres generates a circle (AB) with a diameter
has shown in Figure 3.11. The diameter h must be more than the
maximum diameter of an obstacle. It can be calculated from the equation
(3.19).
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Figure 3.11:The intersection of two-spheres for complex obstacles

h>2 /RZ - .(3.19)

Where R: radius of the sphere, d distance between centers of spheres,

Finally, the user has a choice to represent a complicated obstacle in any
method. He can choose their radius, distance between any two spheres.
The only condition is obstacle must be entirely inside spheres. There is
another method for representation. Each building or any other obstacle
represent by some rectangular blocks. Now replace each block by a
sphere with a radius equal or more than the longest diameter of the
block.

For example, let's choose rectangular building centered at (x=50, y=3)
has length in x-axis =40m, width in y-axis= 10, height in z-axis= 28.
Now let us imagine the building consists of four columns; the
dimensions of each column are [10 x 10 x 28]. First column centered at
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(35, 3). The maximum diameter of this column in X, y cross-section is
h=14.14. Now let us choose the radius of each sphere R=9. Based on h
and R, equation (3.19) can used to calculate d= 11 or less. Let us choose
d=10. so three spheres is needed to represent first column of building
centered at (35,3,5),(35,3,15),and(35,3,25). To represent other parts of
the building, shift these spheres by 10, 20, and 30 in the x-direction. So
12 spheres required to representing the supposed building.

the procedure above can be used to model the environments by

intersecting spheres as shown in Figures 3.12 to 3.16.

ent

e

Figure 3.12:Buildings environment (vision a) representations.
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Figure 3.14: Buildings environment (vision c).representations.
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Figure 3.15: Buildings environment (vision d). representations.

80m

Z-axis

120m

Figure 3.16: Buildings environment modeling.
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Data of Building A

Center of sphere | Radius
35 3 5 9
35 3 15 9
35 3 25 9
45 3 5 9
45 3 15 9
45 3 25 9
55 3 5 9
55 3 15 9
55 3 25 9
65 3 5 9
65 3 15 9
65 3 25 9
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Another example of palm trees environment as shown in figure 3.17

also, the modeling of this environment based on the proposed method as

shown in figure 3.18.

Source
point X-axis 15m

Figure 3.17: Palms environment representations.

25m

20 —

Z-axis

Source poin

8
6 4
2 K
] 2 5

Y-axis

Figure 3.18: Palms environment modelling

55



Chapter Three The Proposed System And Methodology

3.6 Object Detection Using YOLO Algorithm

The dataset and training will be presented in this section as following.

3.6.1 Dataset Collections

The use of a database is suitable for the purpose of the model to be
created is one of the essential things. In the case of the proposed system,
the ready-made dataset was not found. It is necessary to create a dataset
commensurate with the actual need of the proposed system. Since the
goal is to detect objects from top view projection using a drone, a
camera attached to a drone was used to record the required images and
then label them manually. About 32,000 images were created in this way
in different environmental conditions. In addition to the different
conditions, effects were added using filters to obtain a more
comprehensive dataset. Figure 3.19 represents a real picture of the drone
while it was capturing images. figures 3.20 shows examples of images

installed in the dataset that was created in an aforementioned manner.

Figure 3.19: Drone during collect dataset
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Figure 3.20: Examples of collected dataset

The dataset that has been created, in order to train the algorithm, it must
be in YAML format, so this set of images must be converted to this
format as in Figure 3.21.

YAML contains two directories that are train and valid as well as text

file named data.yaml in the root path.
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data.yaml present: classes name, number of classes, and train and valid
path directory.

The train directory consists of two directories. the first one is the images
directory which contains image files, and the second directory is named
Labels which contained label files.

The valid directory has same structure of the train directory

train IMaQEs sy [ 1jpg 4/24/2022 12:02 PM PG File 294 KB
& 2jpg 4/24/2022 12:02 PM JPG File 204 KB
s 3jpg 4/24/2022 12:02 PM JPG File 204 KB
1abels mm— =] 1t 4/24, PM Text Document B
5| 2.txt 4/24/2022 12:02 PM Text Document KB
EEET 4/24/2022 12:02 PM Text Document 1 KB
valid iM3ges mmmmmmmmy ] 1,jpg 4/24/2022 12:02 PM IPG File 294 KB
s 2jpg 4/24/2022 12:02 PM JPG File 204 KB
s 3jpg 4/24/2022 12:02 PM JPG File 204 KB
1abEls mm— ] 1t 4/24/2022 12:02 PM Text Document 1KB
] 24t 4/24/2022 12:02 PM Text Document 1KB
EEET 4/24/2022 12:02 PM Text Document 1KB
data.yaml names:
- person
ne: 1

train: Dataset/train/images
val: Dataset/valid/images

Figure 3.21: YAML format
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3.6.2 Training Model
The YOLO algorithm is trained to detect objects on the collected dataset,

and the colors of the images and the angles of taking pictures were
changed to find new images to suit all possible conditions.

The dataset was divided into 80 percent for training and 20 percent for
validation, where the number of images became 24000 images for
training the model and 8000 images for validation the performance of
the model

The large image size is a challenge in this field as it requires a massive
amount of processing to work on in training and testing. Since the
proposed system works on the Raspberry Pi processor, a solution to this
problem must be found because this processor depends on the CPU, not
the graphics processing unit. One of the most popular ways to reduce the
size of images is the Max Polling method. The method described has

been applied to reduce the size to 640 x 640 pixels.

3.7 Localization

The process of locating a specific object can be achieved through a set of
projections. The number of views should not be less than two if the
height is known. On the other hand, the least acceptable number of
projections is three to find the location and altitude. An increasing
number of projections leads to an increase in accuracy.

The above goal is theoretically achieved by finding the point of
intersection of the straight lines directed to the target from two or three

locations, respectively.
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The same goal above is practically achieved by finding the point that
moves away from the two vectors with the least displacement. This
principle is applied in practice since the vectors are not likely to intersect
because the accuracy for determining the vector is never perfect.

Locating a UAV's physical position in line with a real or virtual
coordinate system is known as localization. When a direct measurement
of the UAV's position is unavailable, localization is critical . The
accuracy of the estimated location information at a particular point in
time is used to assess the performance of a system that uses localization.
In this thesis, the software is built to calculate the object Tx, Ty, and Tz
coordination, as shown in Figure 3.22 Based on the drone X, y and z

coordination and the camera angle in vertical and horizontal (theta , psi)

1] =] =] 2
fu} o - [P

. X Y iz Theta(Pitch) psi(Yaw)

Y

z

Pitch

Yaw

RStep 0,001

Figure 3.22: Localization in UAV's systems

Both X, Y, and Z are needed to be position coordinates. Path
denotes the value of the Lateral Axis (Pitch), while Yaw denotes the
value of the Vertical Axis. After the completion of the form and the
addition of the values to the right pane, these values need to be solved.
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The results are shown in the X, y, and z coordinates, which correspond to
the goal location. Basically, when the drone moves in more than one
direction in order to get a precise and steady position to the target, the
intersection of these points is found by taking the average of these
locations. Consequences for obtaining target coordinates may be found

in the following modules.

Deltax = r * cos(th) * sin (psi) (3.20)
Deltay = r * cos(th) * cos (psi) (3.21)
Deltaz = r * sin (th) (3.22)

New X, Yy, z values are shown using the following modules:

Xnew = x + Deltax (3.23)
Ynew =y + Deltay (3.24)
Znew = z + Deltaz (3.25)

The result of the above modules is a straight line that starts from
the drone and ends up in o« , passing through the target position. The
straight line is divided into radius r which is utilized to calculate the
average of obtained target points. However, the average shows the
closest point to the target position that the drone has captured from

different trends .

3.8 Quad Copter Implementation
The hardware of the quad rotor consists of multiple components, which
are the frame, Autopilot (Arduino mega 2560), motors, electric speed
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controllers, propellers, GPS, compass, gyroscope, power manager,
telemetry system, battery, and Barometric Pressure Sensor (for height
measurement). Each component responsible for some purposes, as

explained in the following subsections.

3.8.1 Frame
Its 450mm fiber glass unassembled frame for a quad rotor with GPS
holder, as shown in Figure 3.23. It is light and durable. So, it is suitable

for the system requirements.

Figure 3.23: Frame of the Quadcopter.

3.8.2 Ardupilot

It is the central part of the quad rotor that represented by Arduino mega.
Its almost connected with all other parts. It receives information from the
RF receiver, telemetry, Gyroscope, GPS, compass, barometric pressure

sensor, and other optional sensors. The main output of the autopilot is
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the PWM signals that control the rotational speed of all four motors,
which lead to control of the status of the quad rotor.

Arduino Mega 2560 is used in this work as an autopilot. The brand name
of this autopilot is APM2.5. as shown in Figure 3.24. The program of
this autopilot can be written using the Arduino C language. Mission
Planner windows application used to communicate with the autopilot as

shown in Figure 3.25.

New wireless telemetry port Extra status LED

---------------------

Measure
Vcce here

New diode

New fuse

H New
style
GPS
port

Power port = 7 A LR
i B ¢ = e

Optional to use external Dataflash ~ OId style GPS
New External I2C port magnetometer On board Maa port

Fiaure 3.24: APM ArduPilot

Figure 3.25: Mission Planner.
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3.8.3 Motors
The motors shown in Figure 3.26 are used in the quad rotor are brushless
DC motors. The used motors are responsible for generating the required

thrust force and three-dimensional torque.

Figure 3.26: Motor of the Quadcopter

3.8.4 Electronic Speed Controllers

The electronic speed control or ESC shown in Figure 3.27 is a circuit
responsible for controls the speed of the motors. It may also provide
reversing of the motor and dynamic braking. It is controlled using a

PWM signal generated by the autopilot

Figure 3.27: ESC of the Quadcopter

3.8.5 GPS and Compass

As demonstrated in Figure 3.28, GPS and compass are offered in a

single package. The quad rotor is equipped with a GPS to determine its
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position (longitude and latitude). It is a vital need for the autonomous
quadrotor. The quad rotor's heading is determined by the compass inside

the quad rotor.

Figure 3.28: GPS and compass Module With holder

3.8.6 Gyroscope and Accelerometer

On the same board as a 3-axis accelerometer and 3-axis gyroscope is a
Digital Motion Processor capable of executing complicated 9-axis
Motion Fusion algorithms. In order to balance the torques on their
related axes, each motor of the quad rotor spins in a different direction
than its neighboring motors. Therefore, the tail rotor is unnecessary.
Using the MPUG050 seen in Figure 3.29 or other variants as a tilting
measurement sensor on a quadrotor, two main issues are identified in
this study. In order to correctly characterize the issue, certain
information regarding the sensor will be presented first. This sensor's
output is used to compute acceleration along the three principal axes X,

Y, and Z, as well as rotational velocities around the same axes. In order
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to precisely control the quadrotor helicopter. The control system requires
a tilting value, not a rotating speed. This may be determined by
integrating the angular velocity to get the angle in all three directions.
Everything seems to be in order, but it is a persistent reality that all
sensors include an inaccuracy, although a very little one. This inaccuracy
in measuring velocity leads to an error in calculating the angle, resulting
in a cumulative error, as seen in Figure 3.30, since the current angle is
dependent on the prior angle as a starting point. This accumulated
mistake results in significant inaccuracies over time, as seen in Figure

3.31, causing the quadrotor to become unstable.
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Figure 3.30: Real and measured roll angle out of Gyro
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Error in angle
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Figure 3.31: Gyro error signal

Using the MPU 6050's built-in accelerometer, it is possible to determine
the tilt angle of the quad rotor around all three axes. This method
immediately measures the angle without requiring an integration step.
This method addresses the issue of cumulative mistakes. The
accelerometer exhibits an additional issue. It is very sensitive to
vibration, and as a result, the data it generates are rendered useless in the
event of a quick vibration, such as that created by the motors in the quad
rotor, as seen in Figure 3.32.

Now, the second issue that must be resolved will be illustrated. As
illustrated in Figure 3.33, if the nose of the gyro (quad rotor copter) is
pitched up 45 degrees, the pitch angle is increased as intended. Imagine
what occurs when the yaw of the quad rotor spins ninety degrees in the
clockwise direction, as seen in Figure 3.34c. Currently, the precise pitch
axis of the quad rotor is horizontal, however the roll angle has risen.
Because there is no angular motion in the pitch or roll direction, the

pitch and roll angles detected by the gyro do not change (as they should).
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Figure 3. 32: roll angle calculated from Accelerometer sensor
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Gyro

real pitch=0

real roll=0

real yaw=0
measured pitch=0
measured roll=0
measured yaw=0

real pitch=45

real roll=0

real yaw=0
measured pitch= 45
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measured yaw=0 )

(b)

real pitch=0
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real yaw=90
measured pitch= 45
measured roll=0
measured yaw=0 ’

45°

(c)

Figure 3.33: Gyro yaw problem during tilt.
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MPU sensor on the quadrotor copter. This section will explore the
possible remedies to the aforementioned issues.

The first issue was resolved by using the complementary filter, as seen
in Figure 3.34. As seen in Figure 3.35, a simple collecting technique was
employed between the data supplied by the gyroscope and the

consequent data from the accelerometer at various speeds.

Gyro
Integral P Some Part |
+
C 3 Whole Signal
+
Accel
Convert to o ———
angle

Figure 3.34: Simple design of the complementary filter

Roll angle Delay one time step
Gyrg 4 angle + Gyro angle -+ Roll angle
+ +
Accel Accel angle
Convert to > 0.02 |
angle

Figure 3.35: The Complementary filter used in this work

The gyroscope generates the majority of the data, whereas the

accelerometer generates a minor fraction. Since the gyroscope data
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includes a cumulative inaccuracy, a little portion of the accelerometer
data may eliminate this problem. On the other hand, the vibration that
affects the accelerometer when it operates independently has a minor
influence currently due to its small proportion, which hardly affects the
final tilting angle. Based on the goal function, a Gray Wolf Optimization
GWO method is utilized to find the ratio of each component. As shown
by Equation 3.36, the goal function consists of two sub-objective
functions: phase shift delay and accelerometer noise. Figure 3.37 depicts
the output roll angle of the complementary filter. The shift delay in the
signal is negligible. This signal is superior than a signal received from
each of them separately (gyro or accelerometer).
Obj = k * average phase shift delay + (1 —k)

* ripple ....(3.26)

Where
Obj: objective function.
k: a parameter that indicates phase shift delay impact.

ripple: ripple factor occurs on the output.
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Figure 3.36: Real and measured roll angle out of optimized Complementary filter.

The second difficulty with the accelerometer data was resolved by
developing a FIR filter for the accelerometer sensor data, therefore
removing a significant portion of the noise caused by the vibration. The
filter rendered the sensor data relevant and useable for the quadrotor
aircraft. Figure 3.38 illustrates the magnitude response of the low pass
FIR filter built for this article. The optimal order is 100, and the
minimum frequency is 2 Hertz. The roll angle or frequency of data is
always less than 2 hertz. Figure 3.37 displays the output of the filter.

The second difficulty outlined in the preceding section may be solved by
linking the Yaw axis with the roll and pitch axes. When the Yaw axis
monitors a rotation, the roll angle is transferred to the pitch angle and
vice versa. However, what is the mathematical formula for converting
roll angle to pitch angle? Based on certain measures, the connection is
not linear. Figure 3.40 illustrates the relationship between the change in
pitch angle and yaw rotation for every five degrees of yaw movement.

Now, it is straightforward to identify that the form closely resembles the
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sine function. Figure 3.38 and the formulae indicate that the function for
transferring the pitch and roll angles is a sine function (3.39).

Roll angle = roll angle - pitch angle * sin(yaw angle)

Pitch angle = Pitch angle + roll angle * sin (yaw angle .....(3.27)
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Figure 3.37:Magnitude response of FIR filter
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Figure 3.38: Input and output of FIR filter
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Figure 3.39: pitch angle versus the Yaw rotation

3.8.7 Building of the Quad Rotor

The first step in building a quad rotor involves properly Installations the
frame (plate and arms). Most electronic parts are placed on the plate.
The gyroscope is positioned at the center of the quad rotor as much as
possible in order to reduce turbulence by the vibrations generated by the
motors. Electronic and mechanical parts are distributed in a balanced
manner to maintain the center of gravity of the quad rotor in the middle
of it. The electronic parts were connected, as shown in Figure 3.40.
Figures 3.41 and 3.42 shows the practically executed quad rotor. This
quad rotor can track the path produced by the algorithms proposed in
this thesis. In general, the quad rotor that implemented in this thesis can
do the following tasks.

o Tracking : The practically implemented quad rotor in this thesis
can receive three-dimensional points to track them sequentially
without the need to control them remotely by a human being.

e Simplicity: It can be easily controlled remotely. The quad rotor
automatically balances itself as a result of the good use of the
gyroscope and GPS.
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Fixed location and wind resistance: It can resist the movement of the
wind regardless of its direction. The quad rotor maintains its position

and resists the wind depending on the GPS and the compass

Barometric
pressurc sensor

Autopilot

M Telemetry
system

 RF receiver

2.4 GHz
Antenna

t

Figure 3.40: The electronics connection of the quadrotor
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Figure 3.42: Implemented quadcopter view 2.
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3.9 Encryption Using RSA Algorithm

The information that is calculated in the plane is the location of the
target, which is very sensitive information, so this data was encrypted
using the RSA algorithm. The schema relies on two keys, the public key
and the private key. The plane encrypts the location of the target and
sends it to the ground station as shown in Figure 3.43, and the ground
station contains the key. Private where you can decode this sensitive
information and display it. A 256-bit key algorithm was used to ensure
data encryption. Only The position of the target encrypted with RSA.
The encrypted data size is around 10 KB.

private key public key

((J))‘ Encrypted data

-

Figure 3.43: Encryption using RSA
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Chapter Four The Results and discussion

4.1 Introduction

This chapter presents the results obtained in this work, including the
results of the proposed algorithms as well as the results for quadcopter
simulation and practical results. The results are discussed in this chapter.
In this chapter, detailed results for each of the proposed algorithms will
also be presented. In addition to the results of comparison with another
recent research. The results of the practical side will also be presented in

this chapter
4.2 The n-Visibility Tree Algorithm Results

The implemented simulation was tested for multiple cases and different
numbers of obstacles. Various obstacle sizes were used. Figure 4.1
illustrates the connection curves between points, as observed by the
source and target sides. Each point from the source side is connected to
all other n points on the target sides. The minimum path belongs to the
sets of paths in Figure 4.1. According to the n-visibility tree algorithm,

the minimum path is illustrated in Figure 4.2.

z-axis

y-axis -20 -10

Figure 4.1: One to all connection curves n=20
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Figure 4.2: Optimal path of one obstacle

Figures 4.3 illustrate a complete set of paths when two obstacles of the
same size exist and face the direct path of the drone to its target. In
Figure 4.3, use n=4, which means that there are four points and four
lines constructed around each obstacle. Figure 4.5 illustrates the

minimum path of Figure 4.4 according to the n-visibility tree algorithm.
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Figure 4.3: Complete set of paths with two same size obstacles n=4
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Figure 4.4: Complete set of paths with two same size obstacles n=8
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Figure 4.5: Optimal path
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Figures 4.6 and 4.7illustrate a complete set of paths when two different-
sized obstacles exist. Figure 4.6 uses n=4, which means there are four
points and four lines constructed around each obstacle. Figure 4.8
illustrates the minimum path of Figure 4.6 according to the n-visibility

tree algorithm.

Figure 4.6: Complete set of paths with to different size obstacles n=4

Z-axis
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Figure 4.7: Complete set of paths with to different size obstacles n=4
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Z.-axis

Figure 4.8: Optimal path

Figure 4.9 demonstrates a random environment consisting of 40 random-
sized obstacles. The n-visibility tree algorithm draws a set of complete
paths from the source point to the target. The optimal path illustrated in
Figure 4.10 belongs to the set of paths in Figure 4.9. Figures 4.11 and
4.12 depict a random environment consisting of 50 random-sized
obstacles. The n-visibility tree algorithm draws a set of complete paths
from the source point to the target. The optimal path illustrated in Figure
4.13 belongs to the set of paths in Figure 4.12. The spherical obstacles
can intersect with one another to construct additional obstacle shapes,
such as buildings and towers, as illustrated in Figures 4.14 and 4.15.
The proposed n-visibility tree algorithm is used in this scenario to
determine the minimum path. Figure 4.15 illustrates some of the

complete paths during the operation of the proposed algorithm.
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Figure 4.11: Complete set of paths with to random size fifty obstacles n=4
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Figure 4.12: Complete set of paths with to random size fifty obstacles n=4
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Figure 4.15: some of complete paths of figure

Figure 4.16 and 4.17 represent a complex environment tested in this
algorithm. These environments represented in Figures 4.18 and 4.19
respectively by spherical building units to use the n-visibility tree
algorithm for solving the path planning problem. The line in Figures
4.18 and 4.19 represent the minimum path for the drone.

There are three parameters affect on the performance of algorithm n, r,
and R. Increasing n leads to an increase in the optimality (decrease the
path length) and complexity (increase the computation time), as shown
in Figure 4.20. This experiment was performed using the following
conditions: Dimensions are (70 * 70 * 70) meter, n is variable, R+r = 10,

and Number of obstacles =10.
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Chapter Four

Figure 4.16: Complex environments (buildings)
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Figure 4.17: Complex environments (Palms)
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Data of Building A
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Figure 4.19: complex environment representation and minimum path for palms
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Figure 4.21: Path length and Computation time related to r+R with n=4
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4.2.1 Comparisons and discussions of path planning

The introduced N-visibility tree algorithm was compared to two other
algorithms and demonstrated an improvement in accuracy for
determining the minimum path and computational time. Figure 4.22
illustrates the comparison results between the n-visibility tree algorithm,
the RRT* algorithm, and the 3D PF algorithm. The x-axis represents the
number of obstacles, whereas the y-axis represents the average
processing times in seconds. Figure 4.23 illustrates the comparison
results between the n-visibility tree algorithm, the RRT* algorithm, and
the 3D PF algorithm. The x-axis represents the number of obstacles
inside the workspace, whereas the y-axis represents the average lengths.
It can be observed from comparing Figures 4.22 and 4.23 that there is a
clear difference between algorithms that use random optimized searches,
such as the RRT series, and those using equations based on n-obstacle

tangents to determine. the minimum path (i.e., n-visibility tree
algorithm).
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Figure 4.23: Comparison between algorithms based on length of path in meter
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The introduced algorithm is compared to four other algorithms, and
demonstrates an improvement in accuracy for determining the minimum
path and computational time. Figures (4.24) and (4.25) illustrates the
comparison results between the n-visibility tree algorithm, PRM [18],
Wavefront [5],Potential field [8] and COSPS algorithm [5] based on
path length and computation time.

The accuracy many algorithms like PRM, Wavefront, and COSPS
algorithm depend on w which represents a distance between any point
and its neighboring point. The simulation results of the suggested
approach, PRM, Wavefront, Potential field, and COSPS algorithm are
described on the basis of the difference in the considered obstacles and
points using maps and w diagrams.. where the map is randomly
distributed of 18 obstacles in the workspace 2000*2000*%2000. w
changes from 200 to 100. The accuracy and computational time depend
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mainly on the number of points used to represent the grid of the
workspace. The number of points depends on the distance (w). So, the
results are affected by varying w. Basically, decreasing w lead to an
increase in the points in the space which leads in turn to increase both
accuracy and computational time. The results in Figures 4.24 and 4.25
show that the proposed algorithm produces the shortest path in all cases.
When w is small, the length of the paths becomes very close but the
computational time for the proposed algorithm has significant
computation time reduction. On the other hand, when w is wide, The
COSPS algorithm outperforms the proposed algorithm by computing
time while losing in the length of the path due to decreasing accuracy. It
can be concluded from the comparisons that the proposed algorithm and
potential field algorithm doesn't depend on w. Note that the simulation

of the proposed algorithm was performed with n=4.

PRM Wavefront B COSPS M Potential field algorithm B N_visibility tree algrothim

150 125 100

200 175

W in meter

Figure 4.24: Comparison between algorithms based on computational time in sec
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4000 u PRM Wavefront B COSPS m Potential field algorithm ® N_visibility tree algrothim
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Figure 4.25: Comparison between algorithms based on length of path in meter

4.2.2 Simulation and Practical Work Results

The quadcopter was simulated in Matlab to get the response of the
system. The responses in X, y and z directions as explained in Figures
4.26 , 4.27, and 4.28 respectively. In the x-axis step response, there is a
small disturbance at time step 20. This disturbance caused by the
response of the quadcopter to the y-axis at the same time, step 20. In the
same manner, there two disturbances in the response of the z-axis in the
time step 7 and 20. This happens due to the response of the quadcopter
to the x-axis and y-axis. These interactions between the response in
different directions are a natural result for the nonlinearity of the
quadcopter system. A 3D path is loaded to the simulation to generate a
result path from the simulation. Both wanted and actual paths explained
in Figure 4.27. It's clear from the resulting path; It is very close to the

desired path generated by the algorithms. There are only small divergent
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in the corners of the path. Figures 4.28, 4.29 and 4.30 represent a

response of quadcopter in each x,y and z-axis views.

The implemented quadcopter in the air explained in figures 4.31 to 4.33

10m

distance

. 50 sec
Time

Figure 4.26: Step response of quadcopter in z axis
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som e
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Figure 4.27: Algorithm and simulation paths
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Figure 4.28: Path response of quadcopter in x axis
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Figure 4.29: Path response of quadcopter in y axis
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= Z-actual
— Z-desired

Figure 4.30: Path response of quadcopter in z axis

Figure 4.31: quad rotor flying in the sky
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Figure 4.32: quad rotor start flying

Figure 4.33: quad rotor fly far into the sky
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The most effective parameter on the compass is the interference with the
magnetic field that produces due to the main power line of the motors.
Figure 4.34 shows the interference when the internal compass is used. it
Is clear that the interference is huge. there are several methods to reduce
interference like covering the high-power wires by a grounded
conductor. This process reduced the interference to be in Figure 4.38.
but it is still unacceptable interference. The interference was overcome

by using an external compass to be in Figure 4.36.

Initialising APM...
IER.

Compass Motor Calibration
Current (Min: 0 Max: 0 Mean: 0)

Interference (Min: 0 Max: 59 Mean: 28)

o
ES
@
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o
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Figure 4.34: The interference when the internal compass is used without grounded conductor
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Figure 4.35: The interference when the internal compass is used with grounded
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Figure 4.36: The interference when the external compass is used conductor
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4.3 The Results of Object Detection

The model is trained based on the collected dataset. An accuracy of
about 93% was obtained. It can be seen from the relationship shown in
Figure 4.37 that the accuracy increases with the increase of iterations.
On the other hand, testing error rate has an inverse relationship with the
number of iterations as shown in Figure 4.38. Figure 4.39 shows an
example of a case of a person who is detected using the camera installed

on the drone.

1.000
0.900
0.800
0.700
0.600
0.500
0.400
0.300
0200 0276
0.100

0.000

0.922 0.9270.925
g67002%20.8960 876 0.9000.906

Accuracy

1 2 3 4 5 6 7 8 9 10 11 12
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Figure 4.37: The testing Accuracy relation with iteration
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Figure 4.38: The testing Error rate relation with iteration

Figure 4.39: Object detection example

As shown in Figure 4.41, the relationship between the error rate and the
number of iterations is an inverse relationship. The lowest error rate was
obtained when the number of iterations exceeded 5. While Figure 4.42

shows the process of detecting a person.
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4.4 Localization Results

The system responsible for determining the location depends on a
number of factors, the most important of which is the accuracy of the
camera's orientation, in addition to the optimal use of the gimbal to
conduct a search in the area. The gimbal was directed with a certain
movement to cover the area with sufficient accuracy and to obtain a
comprehensive survey of it. The system managed to move the drone
according to certain points and to obtain the direction of the target from
several known locations and make the necessary calculations to

determine the location as in the figure 4.40.

- | X y z Theta(Pitch) psi(Vaw)
| 200 0 100 -0.785 -1.57
Y K 0 100 -0.785 157
z
Pitch
Yaw
RStep 0,001
Tx
1
Add L
LTy 007957
Solve

Tz 0.16377

Figure 4.40: Localization case

4.5 Wireless Evaluation
The system was used in Figure 4.41 (2.4 Ghz Outdoor Long-Range Wi-

Fi) to communicate with the drone via Wi-Fi. The performance of the
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connection was tested and the results appeared as shown in Table 4.1.
The used frequency is 2.4 GHZ while the Bandwidth is 40Mbps. The
throughput is 1Mbps

Table 4.1 Distance relation with latency

Distance latency
25m 2ms
50m 5ms
100m 15 ms
150m 23 ms
200m 35 ms

Figure 4.41: 2.4Ghz Outdoor Long-Range Wi-Fi
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Chapter Five Conclusions And Future Works

5.1 Conclusions

The main conclusions of the proposed system demonstrated as follows.

The trained YOLO detector makes a trade-off between speed and
precision in object recognition and localization of people.

The proposed system can distinguish objects in UAV images
effectively and consistently in real-time at a detection speed of 60
frames per second.

The proposed n-visibility tree algorithm can find the shortest path
compared to all algorithms that compared with it.

The use of a spherical building unit to construct bigger obstacles
leads to the possibility of obtaining boundaries of obstacles from
the perspective of the quad rotor. This process is successfully
accomplished by using the equations derived in this thesis.

Using mathematical equations to find the boundaries of any
obstacle instead of using numerical methods leads to an increase
in the speed of completion in addition to reducing complexity and
increasing accuracy.

There are three parameters affect on the performance of the n
visibility tree algorithm and tangent tree algorithm which are n,r,
and R.

The great circle principle is used to find the optimal curve around
the obstacle in both n-visibility tree algorithm and tangent tree
algorithm.

The resulting path of the n-visibility tree algorithm is smooth,

regardless of collision angles.
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e There is no need to provide any type of communication with the
quad rotor when its work in the path tracker mode.

e The quad rotor is implemented and tested in all modes. it can track
the path generated by any of the proposed algorithms.

e The calibrations are very essential to get smooth flying. It must be

done for ESC, Gyroscope, compass, and Radio transmitter.

5.2 Future Works

e Develop a new modeling algorithm to model all 3D shapes of
obstacles based on spheres only. This algorithm can be compatible
with the proposed algorithm in this thesis.

e Develop a nonlinear control system and optimize it with the Gray
wolf optimization (GWO) algorithm in order to increase the
accuracy of low-level path tracking.

e Re-produce the proposed algorithm in the thesis with different
basic unit (like using cubic instead of sphere). This will increase
accuracy in many environments. And use dynamic environment.

e Develop a cooperation system using multiple drone to detect a

target location faster.
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