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Abstract
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cessing, image detection.

Nowadays as drone technology is being improved and used more in daily life, more ad-
vanced applications are being developed from drone systems. Thus in order to make drones
smart enough to support further application, other technological aspects should be applied
to drone systems.

This thesis proposed a system that applies different technological aspects including object
recognition, path planning, indoor navigation, and control via mobile application to build a
prototype project as a base for further drone-based applications. The goal is to develop a
system that should be able to fly autonomously and localized object.

The system composed of three major components which are 1) drone controlled by Rasp-
berry Pi 2) server, and 3) mobile application. Sensors are attached to the drone to retrieve
data from the environment. Raspberry Pi handles these data along with drone control.
These data are passed down to the server to be further processed and accomplished the
process of object recognition, path planning, indoor navigation, and communicating with
mobile application. The mobile application handles communication between user and sys-
tem control.

Despite the minor challenges faced, the system stands as a proper prototype to be the

base for further drone system extension needed for future applications as aimed.
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with 36% to $4.5 billion increases in revenue.

As technology takes steps forward, so do drones. They have been put together with
other technological aspects to serve wide variety of services. They quickly gain new physical,
artificial intelligence, computer vision, GPS, and more to serve broad ranges of need. Today,
more advanced applications can be developed and implemented to the drones. In agriculture,
using advanced sensors and computer vision, the drone can help provide map of the crop
for the farmer to use in identifying areas of crop variation and damage. Moreover it can
also diagnoses problems, such as irrigation problems or pesticide, and prescribes appropriate
solutions, such as variable rate nitrogen applications. Companies like Agremo, Aglytix,
and Skymatics have been taken advantages of drone usage to come up with solutions that
allow them to calculate for crop damage from counting and analyzing plants. In the field
of mapping and surveying, drone is being used by the GIS professionals in several mapping
projects to save time and cost on surveying. Sergio Lugo Serrato, the civil engineer of
Skylab Industries, along with his team had received a project from the MexicoaAZs public
government agency to map 1,000 kilometers of highway, and the whole project was being
done using a drone. Construction as one of the biggest industry to adopt drone finds it
very useful to use drone in keeping track of job site through video streams from the camera
attached to the drones. The famous American construction company Brasfield & Gorrie uses
drone-generated 3D model to compare actual earthwork to site plans. Swarms of drones learn
to cover an area collectively and could build a 3D map of an entire building. Also in the late
2013, Amazon had come up with the delivery system using drone known as Amazon Prime
Air. The service can deliver product of up to 5 pounds within 30 minutes and it can cover
the distance up to 10 miles.

As mentioned earlier, the integration of drone with other technological aspects could lead
to much more potential. Object recognition is one of the aspect. It would be beneficial if
the drone can to recognize object, and that is when machine learning comes in. Knowing
objects in the environment allow drone to be applied to many application, for example
detection of traffic on the road. Indoor navigation is another aspect to be further explored.
The indoor drone can be very helpful in search and rescue mission. In case of post-disasters,

some hazardous area can not be reached by men such as area of dangerous chemical and high



temperature. In this kind of situation drone can be used to search for survivors or even locate
the source of problems. Some additional technological aspects could be added to the drone
system to support indoor navigation. A process called, SLAM, or Simultaneous Localization
and Mapping has been introduced for this purpose. It is the process of incremental map
construction for localization. Its main function is to aggregate observations obtained by
sensors in order to obtain information and map the environment. Also by applying the
SLAM output, path planning is also possible. Drone flight can be made autonomous and
extended to even further application. This leads to the core of this project which is to extend
the usage of drone by applying and integrating different technological aspects to the drone

system.

1.2 Proposed system

Autonomous Drone for Object Localization (ADOL) is the system that apply different tech-
nological aspects to the drone system including object recognition, path planning, indoor
navigation, and control via mobile application to build a prototype project as a base for

further drone system extension for future application.

RPLidar A2

Samera
Module

Mobile Server Raspberry Pi
Application Model 38

Movidius NCS

Pixhawk Flight
Contralier

-- : Wireless Communication

: Connection i
i

Figure 1-1. Overview of the proposed system.



As shown in Figure 1-1, the system will be composed of the interconnection between Rasp-
berry Pi placed on the drone as the main board, pixhawk for flight controller, the server for
computation and communication, and mobile application for user interaction. This project
will be focusing on studying the technological aspects mentioned in the paragraph earlier
of how it can be best applied to the drone system. The drone used will be self-assembled,
along with attaching additional sensors. The SLAM technique used for localization and
mapping will be adopted from the existed module called, Hector SLAM. Convolutional Neu-
ral Network (CNN) machine learning model is being used to yield object recognition. The
navigation module will be adopted from textttnauvfn library. Along with adopting the stated
modules, the drone control system and server are to be implemented and the application use
to communicate to the drone will be self-implemented as well. Mobile application based on
the i0S will be implemented for user interaction with the system. Integrating together these
technologies, the system aims at recognizing object while flying autonomously.

During the flight process, drone will map the surroundings to obtain a static map of the
environment. Path planning will be made according to the output map while simultaneously
localize the drone and display its location on the map. During the flight, the user can view
map construction at real-time, the video live streaming of drone viewing, and the current
position of the drone in the constructed map. In case of emergency, the abort mission
command is used to stop the operation of the drone immediately at any time of the process.
After the process has been finished, the summary page is provided for the user to view the
images of the objects found by the drone, along with its location on the map.

This proposed system would provide a prototype model for a smarter and more efficient
drone system. The system can be extended and applied to various applications, for example,
traverse into areas that is hazardous or impossible for human reach, such as navigation in

mines, rescuing, finding, and localizing object or people in dangerous situations.



1.3 Objectives

The objective of this project is to develop a prototype system focusing on developing, apply-
ing, and integrating different technological aspects including object recognition, path plan-
ning, indoor navigation, and control via mobile application to the drone system to be the
base for further drone system extension for future application. To indicate the successfulness

of the project, the following goals are set to be satisfied:

e The drone is able to fly autonomously.
e The system is able to map the indoor environment.
e The system is able to recognize objects to search for.

e The system can search for an object and return the photo and location of the object

as 2D map output when found.
e The application should allow user interaction with the system.
e The application has video live streaming functionality.

e The application should display map construction at real time.



1.4 Scope of work

The proposed system is designed to work under the scope as follows:
e Platform

— Python programming language is used to implement drone flight control, path
planning, SLAM algorithm, object recognition, and communications between the

drone and the iOS mobile application.

— The microcontroller attached to the drone must be running on Raspbian operating

system.

— Swift 4.0 programming language will be used to develop the iOS mobile applica-

tion.

— The mobile application will be available only on iOS platform with version 11 or

newer.
e The drone will fly in one specific level /height.

e The available object to be recognized will be limited to categories within MS-COCO

datasets.
e The environments should be confined.

e Location on 2D map and photo of localized object is returned to the application when

object found.

e Map of the surrounded environment along with drone’s position is sent to an application

to be displayed at real time.
e Battery shortage will not be considered in this project.
e Assume WiFi connection is always perfect.

e There will be only static obstacle or permanent landmark.



1.5 Thesis structure

The rest of the thesis are organized as follows:

e Chapter 2 points out the necessary background knowledge to be understood before
implementing this system. This chapter also includes literature reviews and related

works.

e Chapter 3 describes the system and the proposed methodology in detail, by providing

information, methods, and algorithms to develop the system.

e Chapter 4 illustrates the system architecture design, user interface and interaction with

the mobile application.

e Chapter 5 shows and discusses the experiment results for drone flight control, device

communication, object detection accuracies, and performance.

e Chapter 6 summarizes the proposed system and the thesis content, along with sugges-

tions for further improvements and future work.



Chapter 2

Background knowledge and literature

reviews

This chapter provides background knowledge essential for project understanding and review
of the corresponding works. The background knowledge part covers the basics of drone con-
trol, localisation and mapping, object recognition, and mobile application in both hardware
and software aspects. The literature review part provides the information obtained from

reviewing related works.

2.1 Background knowledge

2.1.1 Drone dynamics

The drone will be able to fly autonomously is one of the main goals of the project. Basics of
drone physics and drone control are essential for drone non-linear mechanism understanding

and development.



Figure 2-1. Quadcopter dynamics: roll, pitch, yaw.

Figure 2-1 shows the basic drone dynamics.! Pitch is the forward-backward motion, Roll
is the tilt left-right motion, Yaw is the turn left-right motion, and lastly Throttle is the

upward-downward motion.

2.1.2 Drone control

The drone or multi-rotor aircraft movement can be divided into vertical and horizontal
direction. In the vertical direction, the drone can hover, ascend and descend depending on
the thrust generated by the rotors. The thrust is determined by the voltage of each rotors

which can be adjusted and controlled by the software.

'F. Zaman, Nothing Beats a Clean Signal, url=http://www.qualtre.com/2015/10/nothing-beats-a-clean-
signal/ [Accessed: 18 Nov 2017|



Figure 2-2. The drone’s rotors direction.

Figure 2-2 describes the rotors direction. Rotors 1 and 3 spins in clockwise direction, and
2 and 4 spins anti-clockwise. In the horizontal direction, the drone will rotate at the non-
equilibrium moment where rotors generate different thrust and all of the diagonal thrust of
rotors should also be adjust to balance the drone, for example, left rotation can be achieved
by increasing the thrust of rotor 1 and 3 and decreasing the thrust of rotor 2 and 4. In order
to move forward in horizontal direction, the opposite rotor should generate more thrust to
push the drone to ideal direction and all of the diagonal thrust should also be adjust to
balance the drone. Figure 2-3 shows the thrust and direction of the rotor to turn left in yaw

angle.
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Figure 2-3. The left rotation.

2.1.3 ROS - Robot Operating System

ROS is a framework/middleware for collaborative robotics software development. It exists
a collection of tools, libraries, and conventions to simplify the task of creating complex &
robust robot behavior across a wide variety of robotic platforms

Node depicted in Figure 2-4 are processes that perform computation. Robot control
system usually comprises many nodes. Nodes communicate with each other by passing

messages. A message is simply a data structure, comprising typed fields.

Parameters(*)

Services

@
'
<
<

i Startup
Topics configuration
oo yaml

Figure 2-4. ROS node
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Messages are routed via a transport system with publish / subscribe semantics shown
in Figure 2-5. A node sends out a message by publishing it to a given topic. The topic is
a name that is used to identify the content of the message. A node that is interested in a

certain kind of data will subscribe to the appropriate topic asynchronously.

register{/topic) . Master Node .. query(/topic)

Topic: /example
Message Type: std_msgs/String

vP;Ji)lgsby;r i
Figure 2-5. ROS Publisher/Subscriber model

2.1.3.1 ROS distributed architecture

In the system depicted in Figure 2-6, Raspberry Pi Model 3B is used as the onboard com-
puter. Running all processes at the same time could result in high computational load,
causing the microprocessor stop working and reboot. To be able to handle all the run-
ning tasks, the tasks could be separated and computed through distributed systems. This

literature review explores the available robotic systems that utilizes the ROS distributed

HB Server Raspberry Pi i
= _q-

= £ RPC sl =,
{ Node ® cenices : £ )
services Nwe

systems.

topic =

4 D> { Node |

(Central Node | Node S

r\ Nme\ < 3 “\H" i 4

N > topic o

Actuators* AL

Figure 2-6. ROS distributed system architecture
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2.1.4 Localization and mapping

Robot localization is the problem of estimating the robot’s pose (state) associated with a
map of the environment. Localization is a crucial component of successful robot navigation,
along with environment recognition, learning and motion control. The process of building a

map at the same time with computing the pose of the robot is called SLAM.

2.1.4.1 Simultaneous localization and mapping

SLAM can be applied with both 2D and 3D motions. It concerns with building a map of
an unknown enclosed environment in real time by a mobile robot, while at the same time
navigating the environment using the 2D /3D map. This is a solution to make the robot fully
autonomous. SLAM is significantly useful in non-human reachable situations, for example

search and rescue.

Laser Scan

}
| Landmark

Odometry change Extraction
EKF Data
Odometry update Association
y
EKF

Re-observation

v

EKF

New observations

LR

Figure 2-7. Overview of SLAM process. [29]

13



The goal of the SLAM algorithm is to use the environmental data to update the position
of the robot, along with combining the robot’s motions or odometry. Laser scanners are
used to make the position of the robot more accurate according to the landmark features.
The Extended Kalman Filter (EKF) is used to minimize the erroneous of the odometry,
which helps to make SLAM algorithm more precise. Figure 2-7 shows the overview of the
SLAM process. When the odometry or the motion of the drone changes, EKF will minimize
the odometry’s errors and update the odometry to be more precise. The algorithm then
re-observes the environment using data from the laser scan, so by combining the odometry

update and laser data, the localization of the drone and map is constructed.

2.1.4.2 Data

Data used in learning the map comes in two forms: odometry features and landmark features.

The landmark features are extracted by the data from the laser scanner.

Laser data

Lidar uses laser light to densely sample the surface of objects or the earth, producing highly
accurate x,y, 2 measurements (cloud point data). The data obtained from the laser are
constructed into the 2D /3D map of cloud points. Laser scanner (light detection and range
finder) device that is used in this project is the RPLidar A2 laser scanner (see more detail
in Chapter 3). Most small robots are equipped with ultrasonic/infrared sensors, which have
low accuracy and a limited number of readings. The range of these sensors is 2cm to 3m.
If ultrasonic sensors are equipped in the front, left, and right of the robot, it is difficult to

build a map. The combination of data and constructing the 3D model is difficult.

Lidar sensor is better than ultrasonic and infrared sensors, as one device covers 360
degrees spinning and supports SLAM algorithm. Figure 2-8 shows the representation of the

map of point clouds from Lidar sensor.?

2R. Robyn, What is a Point Cloud. What is LiDAR,url=https: //knowledge.safe.com/
articles /257 / what-is-a-point-cloud-what-is-lidar.html [Accessed: 18 Nov 2017]
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Figure 2-8. Point cloud data from Lidar sensor.

Odometry

Odometry is a method of approximating the position of the robot from the robot’s motions,
measured by acceleration and angle. This is used to approximate the initial position of the
robot and to analyze the position from its movement. Odometry in robotics often refers to
the estimation of the entire trajectory of a moving robot. So for every time instance ¢, there

1S a vector:

[Itytzt tﬁt,yt] ’ (2.1)

which describes the complete pose of the robot at that instance. x,y,z are cartesian coordi-
nates of the robot and «, 3,y are the euler angles (row, pitch, yaw). The odometry data will
give the z,y, 0 distance traveled by the drone at each timestep. Odometry data measure-
ments are sensitive to noises, slippage, errors. This is because the data erroneousness comes
from the only odometer for localization. SLAM solution uses z,y, 6 observation data from

odometer for an initial pose.

Landmarks

Landmarks are the point of the feature in the environment that is used by a robot to find
its position, for example corners or line segments within the building. As shown in Figure
2-9, a simultaneous estimation of both robot and landmark locations is required. The true
locations are never known or measured directly. Observations are made between actual robot

position and landmark locations.
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Figure 2-9. A simultaneous estimation of robot and landmark locations. |17

2.1.4.3 Robot localization error handling

In common mobile robotics, precise localization is difficult as sensors and odometry data has

accumulative errors. Kalman filter is usually used to minimize those erroneous.

Kalman Filter

Kalman filter is used with the robot’s kinematic motion model in the propagation step
to improve vehicle navigation by predicting the state and covariance of the robot in the
next timestep [26]. The process of propagation is to use the kinematic model of the robot
with odometric measurements, predicting the future state of the robot and the relative
uncertainty in that prediction. The filtering creates an optimal estimation of the state of the
drone and the error covariance data by combining its motion and the data observed from
the environment. By the end, noises and accumulative errors are reduced. Equation (2.2)

describées the brief idea of Kalman Filter:
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Predict
oy = Agpti—1 + B
N = A2 AT + R,
Update (2:2)
Ky =S,0NCT.Ch + 0
pe = By + Ki(z — City)
¥ = ([ =G5,

where the belief bel(z;) at time ¢ by the mean p,; and covariance ¥; are the representation of
EKF. A new belief bel(x;) is predicted based on the previous belief bel(z;_1), after the new
measurement is received (odometry changed), along with the control data u;. The predicted
belief concerns with the state [, at time ¢ and covariance S,. The vector R, denotes the
noises from the odometry. The update step transforms the belief (7, %) into expected
belief (u4, %), by including the measurement z;. The Kalman gain K; specifies the degree
of the odometry included for the new state estimate. The matrix A, B, C' denotes the linear
coefficients of the motions of the robot. Kalman Filter focuses on the difference hetween
the actual measurement z; and the expected measurement Cyf, that is derived from the
predicted state [30].

Kalman Filter requires a linear system, based on the assumption that the models of mo-
tion and measurement are effected by Gaussian noise. The linear combination of Gaussians
is described resulting in another Gaussian. However, linear systems is insufficient to describe

many real-life problems [30].

Extended Kalman Filter (EKF)

EKF is the core of SLAM algorithm, which keeps track of approximate of uncertainty in
robots position and landmarks in the environment. The algorithm is used to update where
the robot thinks it is according to the features or landmarks. In each iteration, it estimates

the state(position) of the robot from odometry data and landmark observations from sensors.
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The goals of EKF is to filter noises, process multiple measurements of a single variable,
and predict the state of the system in the near future. The extended version of Kalman
Filter is significant because of the non-linear nature of the drone’s flight dynamics [24].
The algorithm attempts to approximate non-linear motion and sensor models to make them
linear. This process is called linearization. The non-linear functions g and h concern the

state transition and measurement probabilities:

Ty = Q(Uta xt—l)u (2 3)

26— h{z) oy,

where z, is the predicted state and z is the actual state. The two functions g and h replaces
the matrix A, B, C of the regular Kalman Filter (2.2). A first-order linear approximation is
calculated at the mean of the current belief (Gaussian), resulting in a linear function and

results in linear Gaussian density shown in Equation (2.4) [30].

Predict
I = g(ue, 1)
T =G% G + R
Update e
K, =SHT (H . HT + Q)™
e = M + Ki(z — h(/,))

Zt = (I = Kth)Zt
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2.1.4.4 3D mapping

Real-time visualization is crucial for robot navigation and for human readability of current

localization of the robot and the explored environment, including its trails. Laser data or

point clouds are combined and plotted to represent the surrounding environment.
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Figure 2-10. Local planar 3D map |[1].
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Figure 2-11. Realtime SLAM visualization by New-
man, et al. [21].

As described in the Figure 2-10, the red dots represent points from the point cloud

acquired by the LIDAR, while the white triangle denotes the robot’s position and its facing

direction. In order to localize the robot, SLAM algorithm simultaneously build the map and

perform localization using odometry data and landmarks from the environment illustrated

in Figure 2-11. The real-time process of SLAM enhances its performance and allows it to

build a meaningful and precise map.

There are four major parts for converting laser data to 3D map models:

e Filtering off non-ground regions

e Segmentation and classification (Feature extraction)

e Building outline approximation

e 3D Modeling
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Figure 2-12. Raw point cloud Figure 2-13. After filtering non- Figure 2-14. Outline of the build-
data ground regions ing

Figure 2-12 shows the cloud point data from Lidar sensor including its depth in raw detail
and Figure 2-13 shows all point cloud data after filtering off non-ground regions. Figure 2-
14 is the outline of the buildings after the building line segments and corner features are

extracted from the raw point cloud [15].

2.1.4.5 Feature extraction

The process of extracting the features of the corners and line segments of the room clarifies the
overall environment structure, which improves the localization of robots. Typical features to
be detected include concave corners, convex corners, and doors frames. Figure 2-15 illustrates

the features that the robot detects:

Convex
Corner

Figure 2-15. Landmark features of a room [26].
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The blue area in Figure 2-15 denotes Lidar sensor range. Data from the sensor, also
known as cloud point, is processed into an array of feature objects, which contains x,y,z
position, covariance, and the boolean value to identify convex or concave corner. After
receiving Lidar data, the next step is to detect all the lines illustrated in Figures 2-16 and

2-17:

Feature /Feature

o LIDAR Data
o LIDAR Data
_ ; o Line Endpoints
o Line Endpoints
s ‘Proximity Thresholds
.Proxumlty Threshold

Figure 2-16. Landmark corner extraction Figure 2-17. Landmark room line seg-
[26]. ment extraction [26].

The black dots in Figures 2-16 and 2-17 are the Lidar data that represents the line. The
red dots denote the line endpoints, which is the sharp discontinuity of Lidar data or the end
of the line. Figure 2-16 shows the detection of corners by looking for perpendicular lines. By
observing the perpendicular lines, we can decide whether the corner is convex or concave.
By using a boolean value, the type of corner feature can be identified and marked. Door
or window features can be extracted by observing parallel lines that have endpoints close
to one another, as shown in Figure 2-17. The double-sided proximity thresholds are used
to reduce noisy feature extraction and to check the distance between both line endpoints in
order to decide whether the door frame exists or not. A boolean flag is used to mark whether
a feature is a door frame, convex corner, or concave corner.

If a parallel line is detected, the feature is considered a door frame. However, if perpen-
dicular line is detected, further consideration is needed to define whether the feature is a
convex or concave corner. The process is done by calculating the distances between the robot
and the line endpoints. Figure 2-18 shows the robot detecting perpendicular line features.

The left figure shows the identification of concave corner and on the right figure, the convex
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Figure 2-18. Landmark corner feature detection and identification [26.

2.1.4.6 Path planning

Navigation is a crucial component for autonomous vehicles. The UAV navigation in an
unknown environment makes significant use of SLAM which implies the navigation with
real-time sensor data which may include the discovery of newly established obstacles. The
goal of system navigation focuses on finding collision-free path in real time while taking
computational cost and energy consumption (travel length) under limited computational
resource into account. There are several approaches for path planning where selection criteria
varied by the environment handled and knowledge of the environment [9]. The algorithms
can be classified as heuristic or complete based on coverage completeness of environment [16].
Path computation can also be perform either off-line where knowledge of the environment is
partially known or on-line when known in advance.

Discrete occupancy grid map is the dominant representation in robotics. Every cell of
the map is defined as a node of a graph [7]. Each node has three possible states which are
free, occupied or unknown according to the sensor estimation. Computationally, a graph

might be stored as adjacency list/matrix.
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Figure 2-22. Architecture of LeNet-5 |?].

The LeNetb architecture consists of several layers which interspersed depends on the type

of data which can be divided into 3 main layers.

1. Convolution layer

The convolution operator is used to extract spatial features from the image while pre-
serving relative details by applying the filter (convolutional mask, window, or kernel) to
the image matrix in spatial domain with matrix multiplication. Convolution operation?

is illustrated in Figure 2-23.

Source pixel
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Figure 2-23. Sihgle convolution layer.

3 A. Durville, Computer Vision with Convolution Networks,url=https://github.com/OKState ACM /AI_ Worksh
Vision-with-Convolution-Networks |Accessed: 19 Nov 2017
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There are several types of filter which correspond to specific values or features for
specific purpose. The output after convolution is called activation maps or feature

maps with different weight vectors [?].

2. Pooling layer

Feature maps can be used to map and identify the pattern without knowing exact
location, therefore, downsampling operation can be applied [?]. There are several
options for Pooling layer or sub-sampling layer and the Maxpool is the most popular.
The operation reduces the resolution of feature map; for example, Maxpool replaces

the local region with relative max value.

Therefore, the computation cost is reduced as a result of spatial dimension reduc-
tion and overfitting is controlled as the position precision of features is reduced. The

visualization of features in a fully trained model is illustrated in Figure 2-24.

3. Fully connected layer

Figure 2-24. Visualization of features |27].
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After detecting high level features, the fully connected layer acts as a classifier for
image classes according to correlate features and weight of particular classes. Fully
connected layer composes of input layer which has neurons connected to hi<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>