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Abstract
Railways are in frequent operation in the UK and some other parts of the world, with
millions of people depending on this means of transportation daily. In order to keep up
with this, preventative maintenance is needed to prevent unexpected breakdowns and
to support railway infrastructure systems. Railway tracks need a substantial amount of
maintenance. Conventional surveillance of tracks includes manual inspections using
trolleys or foot patrols which are usually labour intensive and time consuming.
This project involves the development of a control algorithm which can be implemented
in a model of the Erle-copter for the autonomous following of railway tracks which can
serve as an alternative to conventional track inspection methods. The method adopted
uses the vanishing point of the rail tracks detected from the front facing camera of the
drone. Then a PID controller which regulates the x-position of the drone was employed
to maintain the vanishing point around the centre of the image. The method was
implemented in ROS/Gazebo. The overall outcome of the project was demonstrated by
a gazebo simulation of the Erle-copter following the simulated rail tracks.
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Introduction

An aircraft that can operate without a pilot is referred to as Unmanned Aerial Vehicle
(UAV) popularly known as drone (Chao, et al., 2010). UAVs were initially employed
mainly in the military. Following World War II, some countries started to develop UAVs
to carry out reconnaissance, surveillance, and penetration to enemy territory
eliminating the need for deploying humans in high risk areas (Henri, 2004). Recent times
has seen a rise in interest in the adoption of unmanned aerial vehicles for use in a variety
of surveillance contexts. With a lot of transit networks spanning hundreds of kilometres,
deploying visual surveillance to cover such networks requires many cameras and control
room operators, making thorough traditional surveillance unfeasible in practice. Due to
this, automatic surveillance using video analytics and smart sensors is gaining increased
attention in railways and mass transit systems (Bocchetti, et al., 2009; Casola, et al.,
2013; Raty, 2010). For example, Netherlands Company ProRail has employed drones
that have infrared sensors to inspect the switch points on the tracks as manually
checking the switch point heating systems is labour intensive and can endanger
employees (Upton, 2014). German railway company Deutsche Bahn is exploring the use
of UAVs in a bid to tackle graffiti spraying, that has cost the company 7.6 million Euros a
year to remove (Upton, 2014). Railway track inspection via drones is a key area to be
tackled. Inspection of railway tracks is traditionally done by human inspectors or by
using an automated vehicle which is not frequent and is a complicated procedure (Singh,
et al., 2017). Inspection by the use of a drone aims to be a relatively low cost alternative,
can work in areas that are difficult to access by humans and will not necessarily require
stopping rail traffic.
This project focuses on developing an algorithm for a drone to automatically follow
railway tracks for surveillance and maintenance purposes. To achieve this, a model of
the Erle-copter was used which is a Linux-based smart drone with support for the robot
operating system (ROS). The Erle-copter model used is a quadrotor unmanned aerial
vehicle created by Erle Robotics for simulation in Gazebo. The model comes equipped
with the following features:


A compass for heading
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Inertial measurement unit for altitude, angular velocity, atmospheric pressure
and linear acceleration



A front and bottom sonar sensor



Two cameras, one front facing and the other on the bottom



GPS for longitude and latitude

The simulation comes with the micro aerial vehicle ROS (Mavros) package which allows
communication with autopilots that support the MAVLink communication protocol such
as Ardupilot (Erle Robotics, 2018). In this thesis, a straight piece of railway track was
created as the simulation environment in Gazebo. A simple case of navigating the
straight piece of railway track has also been adopted. The method that is employed to
control the Erle-copter so that it follows the railway track automatically is a vision-based
navigation that relies on vanishing point detection. The vanishing point is detected on
the image from front facing camera, this is then used as the destination point for the
quadrotor. Navigation is achieved using PID control technique to manage the error
between the estimated vanishing point (the desired position of the drone) and the
image centre (the current position of the drone).
When things are in far view from us, they appear smaller. When they become far away
enough, they seem to meet at a single point. If projected on a two-dimensional image,
all horizontal lines go straight across, vertical lines go straight up, while parallel lines that
move away from us (e.g. parallel lines from straight roads or long stretches of railway
lines) appear to intersect at a point on the image. This point is what is known as a
vanishing point. The estimated vanishing point position finds application in areas such
as three-dimensional reconstruction, camera calibration, (Grammatikopoulos, et al.,
2007) pose estimation and in robotics for autonomous navigation (Moghadam & Dong,
2012). Vanishing points are important because they give cues for extracting information
about an unknown three-dimensional environment (Wang, et al., 2014). There are
several techniques used in detecting vanishing points. Some consider the gradient
intensity of the image pixels while others use the line segments detected in the image.
For this project, the image processing implemented to detect the vanishing point is as
follows: The input image from the Erle-copter’s front camera is first converted to
greyscale. Next, edges from the image are extracted using the Canny edge detector.
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Probabilistic Hough transformation is then employed to extract the lines in the image
and unneeded lines are eliminated. The point of intersection of the lines is computed
and this point of intersection is most likely to be the vanishing point in the frame
(Ravishankar, 2017). Furthermore, a state estimation algorithm is also implemented
from (Ravishankar, 2017) to improve the vanishing point detection algorithm and
provide reliable estimates of the coordinates of the vanishing point. More details about
the image processing can be found in chapter 4. The PID controller in this thesis uses the
error between the estimated vanishing point coordinate and the image centre to output
the desired control action. PID controllers in general consistently calculate the error
(difference between a setpoint and a measured variable) and apply corrections by
means of proportional, integral and derivative action. Combination of the three gives
what is referred to as the control output. The PID controllers have the advantage of easy
to tune gains, offer good robustness and are quite simple to design. PID controllers can
be employed to regulate pressure, temperature, flow, speed and other process
variables. This thesis shows how the aforementioned methods work hand in hand to
solve the problem of railway track following using the Erle-copter model in simulation.

1.1 Project aim
To develop a control algorithm for the autonomous following of railway tracks using
Erle-copter model in gazebo simulation

1.2 Project Objectives:


Literature survey on autonomous drones and selection of the best suited technique
for the project



Study and use of ROS which serves as the interface for the Erle-copter



Study and use of gazebo 3D simulator



Building of railway tracks in gazebo



Implementation of a model of the Erle-copter



Development of an algorithm for autonomous control of the Erle-copter so it
automatically follows the rail track
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Evaluation of developed algorithm for the Erle-copter using gazebo simulator



Writing of thesis

1.3 Thesis organisation


Chapter 1 provides a brief background and highlights what the project is about as
well as the approach taken to achieve the aim.



Chapter 2 presents an overview of unmanned aerial vehicles as well as their
applications within railways. It also discusses methods discovered from the literature
that would be employed in this thesis giving their theoretical background.



Chapter 3 focuses on how the simulation environment was set-up. A straight piece
of railway line was created and the Erle-copter implemented in this environment as
described in this chapter.



Chapter 4 discusses the image processing implemented for detecting vanishing point
and the extended Kalman filter (EKF) used to estimate the vanishing point
coordinates.



Chapter 5 dives into PID control and shows its implementation towards keeping the
quadrotor along the centre of the tracks.



Chapter 6 gives a summary of the thesis and achieved aim. It also suggests areas for
future work.
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2

Literature Review

This literature survey provides an overview of unmanned aerial vehicles and their
applications within railways is discussed. The methods discovered from existing research
that would be employed in this thesis is presented along with their theoretical
background.

2.1 Overview of UAVs
A type of aircraft that can operate without a pilot is referred to as Unmanned Aerial
Vehicle (UAV) widely known as drone (Chao, et al., 2010). UAVs were initially employed
mainly in the military. Following World War II, some countries started to develop UAVs
to carry out reconnaissance, surveillance, and penetration to enemy territory
eliminating the need for deploying humans in high risk areas (Henri, 2004). In more
recent times, UAVs are now being used by research institutions and universities as
research objects in the fields of robotics, aerospace and computer science. The focus of
such researches is mainly on surveillance, inspection, search and rescue (Krajník, et al.,
2011). UAVs are classified into two categories according to their body structure and the
shape of their wing. The first category is referred to as fixed wing UAVs. Fixed wing UAVs
like the one shown in figure 1 usually have a rigid wing with a pre-determined aerofoil
which makes flight possible by creating lift while the UAV moves forward.

Figure 1: Fixed-wing UAV (UST, 2017)
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The forward thrust that moves this type of UAV forward is usually created by a propeller.
The fixed wing UAV has an advantage of being more aerodynamically efficient allowing
for longer flights at higher speeds. These UAVs however, require a launcher or runway
for take-off and landing. Also, fixed-wing UAVs aren’t capable of being stationary as they
require constant forward motion to generate lift.
The second category of UAVs do not suffer from this. They are known as rotary wing
UAVs which are also referred to as vertical take-off and landing (VTOL) vehicles (Chao,
et al., 2010).

Figure 2: rotary-wing UAV (Unmanned air vehicles project, n.d.)

One type of UAV that is commonly used as research object is the quadcopter or
quadrotor. This UAV with four rotors and propellers belongs to the rotary wing category.
Ideally, these four rotors are placed in a cross-configuration profile, such that two
opposite pair of rotors rotate anti-clockwise and the other two rotate clockwise to even
out the torque. Upward thrust, yaw, pitch and roll actions are regulated by altering the
thrusts of the rotors through pulse width modulation (PWM) to produce the required
output (Zulu & Samuel, 2014). For example, for downward pitch, the rear rotors will
produce more thrust than the front rotors enabling the rear of the quadcopter to rise
above the front giving it a nose-down attitude (Questuav, n.d.). Quadcopters have the
advantage of high manoeuvrability and hovering, and can take off and land in narrow
space. Their control mechanism is simpler in comparison to other UAVs. This makes
rotary wing UAVs well suited for inspection and surveillance applications.

2.2 Railway applications of UAVs
With a lot of transit networks spanning hundreds of kilometres, deploying visual
surveillance to cover such networks requires many cameras and control room operators,
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making thorough traditional surveillance unfeasible in practice. Due to this, automatic
surveillance using video analytics and smart sensors is gaining increased attention in
railways and mass transit systems (Bocchetti, et al., 2009; Casola, et al., 2013; Raty,
2010).
The use of UAVs in civil applications has grown significantly over the years, even in the
presence of constraints like unfavourable weather (strong winds hinder proper drone
flight) and the endurance of drones (usually, drone batteries require recharging or
replacement after about 20 to 30 minutes of flight (Chae, et al., 2015)). For example,
Netherlands company ProRail has employed drones that have infrared sensors to
inspect the switch points on the tracks as manually checking the switch point heating
systems is labour intensive and can endanger employees (Upton, 2014). Frozen switch
points cause train delays as they will not be permitted to move on the track. The UK’s
Network Rail deployed a drone for monitoring the reconstruction of about 100 metres
of sea wall in Dawlish, Devon which were ruined by the winter storms of 2014. German
railway company Deutsche Bahn is exploring the use of UAVs in a bid to tackle graffiti
spraying, that has cost the company 7.6 million Euros a year to remove (Upton, 2014).
An aerial examination of the ghat section between Sakleshpur and Subramanya using
drones was recently completed by the Mysuru division in India. They were able to
inspect weak regions close to the railway tracks in view of the monsoon and this was
done in two days which normally would have taken a week by intensive ground and
track patrolling (Kumar, 2016). Railway track inspection via drones is a key area to be
tackled. This project is focused on developing a method for a quadrotor to automatically
follow railway tracks for surveillance and maintenance purposes.

2.3 Robot Operating System (ROS)
In comparison to conventional aerial vehicles, UAVs have the benefits of being small and
having more accessibility with highly accurate sensors and intelligent control units.
Miniature UAVs such as quadrotors reduce the cost resulting from accidental crashes
while still maintaining performance with regards to manoeuvrability, adaptation to
unexpected situations and ﬂight stability. Nevertheless, lack of a platform for simulation
during the testing phase of the development of the quadrotor often results in recurring
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failures due to motor malfunction or sensor saturation (Wei & Zongli, 2017). This has led
to the development of an open-source meta operating system known as the Robot
Operating System (ROS). ROS serves as a platform for testing different automated robots
and has gained popularity as a tool for development and implementation of algorithms
to accomplish a particular operation (Open Source Robotics Foundation, n.d.). It is very
extensive with a lot of features like device drivers, hardware abstraction, messagepassing and libraries.
Robotic arms like the daVinci surgical arm and autonomous ground robots like Husky
unmanned ground vehicle utilise ROS due to its modular functionality.

Figure 3: DaVinci surgical arm (medgadget, 2017)
One of the main reason for the development of ROS was to simplify robot software
design. The ROS framework provides the following:


An interface for passing message between two processes e.g. a camera processing
an image to find coordinates and sending them to a tracker process (Lentin, 2018).



A ROS client library with Support for high-level programming languages. ROS
currently supports popular programming languages like python, C++, LISP. These
libraries make it possible to write ROS nodes, write and call services, publish and
subscribe to topics etc (Bouraqadi, 2018).



Integrated third party libraries like the open source computer vision library
(OpenCV) used in robotics vision (Lentin, 2018).
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Extensive simulators and tools: One very useful simulator that comes with ROS is
Gazebo which is used for robot simulations.



Operating system functionalities like package management, low-level device
control, multithreading, and hardware abstraction (Lentin, 2018). Package
management allows users to organise software into packages containing
configuration files and source code which can be distributed and installed on other
computers.



Public repository: A prototype of a mobile robot can be created by customizing an
already existing mobile robot package in a ROS repository due to the fact that most
ROS packages are usually open source available for research and commercial
purposes.

2.4 Erle-copter description

Figure 4: Erle-copter (Erle Robotics, 2018)
The Erle-copter is one of the first Linux-based drone that makes use of robotic
frameworks such as the Robot Operating System (ROS) and Ardupilot Mega (APM)
software autopilot to enable different flight modes. This drone has been designed for
an extended flight time (about 20 minutes) with take-off weight of up to 1 kilogram and
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it is suitable for outdoor operations. A model has also been created by Erle Robotics for
simulation within gazebo (Erle Robotics, 2018).

2.5 Gazebo 3D Simulator
Gazebo was originally developed by Dr. Andrew Howard and his student Nate Koenig in
2002 at the University of Southern California and now development continues with
Open Source Robotics Foundation (OSRF) (Open Source Robotics Foundation, 2014).
Gazebo is included with ROS, making it a very popular 3D robot simulator with support
from a diverse and active community. Gazebo makes it possible to utilise various sensor
models, physics engines and create 3D worlds, enabling testing of algorithms and robot
designs, perform regression testing and train AI system using realistic scenarios (Open
Source Robotics Foundation, 2014). Gazebo employs a distributed architecture that has
unique libraries for sensor generation, rendering, user interface, physics simulation and
communication. One very important feature of Gazebo is it provides models for popular
robots like the TurtleBot, PR2, Pioneer 2DX and iRobot Create. Erle Robotics have
provided a documentation to help with the process of simulating the Erle-copter model
in Gazebo (Erle Robotics, 2018).

2.6 Autonomous drone control
Roman et al. (2015) described an approach for tracking of a particular object
autonomously with the AR.Drone using what they call tracking-learning-detection (TLD).
In the video stream coming from the front camera of the drone, an arbitrary object was
selected and tracked. The TLD output was then used to guide the drone using the
proportional-integral-derivative (PID) controller. They claim this TLD approach combines
the advantages of object detection and tracking.
Wei and Zongli (2017) give an approach to vision-based tracking with a quadrotor by
combining image processing and trajectory following through a coordinate
transformation. Their testing platform makes use of two independent quadrotors as the
target and the tracker developed in ROS. While the target quadrotor travels along a
rectangular path on the ground, a sequence of images is generated by a built-in camera
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of the tracker. To achieve visual tracking on the image frames, an image processing
algorithm based on target recognition was proposed and coordinate transformation
established to recover the original target trajectory as the desired path of the tracker in
the real world. They were able to achieve point-to-point tracking of the target through
velocity control. However, their method is more suited to tracking and following of
moving objects.
Páll, et al. (2015) describe a vision-based approach for autonomous navigation of a
quadrotor in structured environments like in hallway-like scenarios.
In a similar work, Pall, et al. (2014), were able to control the augmented reality drone to
follow a railway track automatically using a vision-based method. Their developed
methodology consists of two main parts, one being image processing for vanishing point
detection in the image and the tracking of this vanishing point over successive frames
with the application of Kalman filter. The second involves a controller which employs a
proportional derivative regulator to measure the vanishing point displacement so that
the drone can adjust its position and maintain the vanishing point in the centre of the
image, hence ensuring that the drone follows the railway track. Their work provides
insight on implementing an autonomous UAV using perspective cues for navigation.

2.7 Computer vision
A very important element needed to carry out surveillance with a UAV is a camera,
hence there is a need for image processing to obtain information from the camera.
According to Wei and Zongli (2017), vision-based tracking by a UAV comprises of three
successive steps, namely; image processing, coordinate transformation and trajectory
following. Through the application of an image processing algorithm to a sequence of
image frames taken by the camera on the tracker, visual tracking of the target can be
accomplished.
An important part of computer vision is object detection. The main goal of object
detection is to precisely recognise an object in an image. For the main part, applications
like image recognition or search employ object detection. Due to the complexity of the
object or image, the problem of object detection is still considered as an open problem
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today (Wang, et al., 2007). Usually, to detect object in videos, information from every
frame of the video is used. Using this approach is more prone to errors. That is why there
exist some object detection methods that employ temporary data extracted from a
sequence of frames that help to mitigate detection error rate (Yilmaz, et al., 2006). Like
object detection, another important field in computer vision is object tracking. Object
tracking refers to a process used to keep track an object in a sequence of images/frames.
The level of difficulty in object tracking is determined by factors such as changing object
structure, the object movement, camera movement, pattern change of the object and
the background, and occlusion of object by object in background. Object tracking is
commonly employed in higher-level applications when the shape and location of an
object is required in each frame (Yilmaz, et al., 2006).

2.7.1

Vanishing point detection

In the real-world, parallel lines appear to meet at a mutual point in an image space
referred to as a vanishing point. There are many instances of the use of vanishing points.
For example, in (Wang, et al., 2014), they used vanishing point estimation for the
autonomous navigation of a quadrotor. Their vanishing point algorithm involved several
steps which include; pre-processing the image, removal of noise, edge detection with
the Canny operator and straight line extraction using randomised Hough
transformation. The vanishing point was successfully used as the destination point for
the quadrotor in an indoor environment. There other cases of the use of vanishing point
for autonomous navigation (Ravishankar, 2017; Pall, et al., 2014; Tarrit, et al., 2018).
Common to all these vanishing point algorithms is that they all include some form of
image pre-processing, edge detection and extraction of lines.
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Figure 5: Vanishing point at the far end of a railroad
To compute vanishing points, there is the need to estimate the coordinates where the
parallel lines in the image meet. Hence, the initial step usually involves extracting the
important lines from a two-dimensional image (Tarrit, et al., 2018). There are quite a
number of techniques for detecting and extracting lines that exist in literature. Among
these techniques, the most common one employed for the detection of straight lines
from an image is the Hough transformation (Illingworth & Kittler, 1988). The Hough
transformation method represents features in terms of models with parameters used
to transform them to a two-dimensional parameter space from the original image space.
Initially, Hough transform was meant for recovery of complex points patterns in binary
images (Hough, 1962). It was later generalised to features like arbitrary shapes (Ballard,
1981), curves and lines (Duda & Hart, 1972). Techniques like these are usually regarded
as non-probabilistic methods or standard Hough transform. A key advantage of Hough
transform is that it is able to give accurate results even with the presence of noise in the
images, although, this method requires more computational time. Methods like the
probabilistic Hough transform have been developed to help with complexity (Kälviäinen,
et al., 1995). Probabilistic Hough transform uses random set of points to detect lines,
making this process quicker than the standard Hough transform. It is important to note
that before the process of detecting lines with Hough transform, there is the need for
edge detection of the original image.
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There exist several algorithms for detecting edges such as the Sobel, Laplace and Canny
algorithms (Saluja, et al., 2013). The Laplacian algorithm also includes the Sobel method.
This algorithm is part of the gradient filters for detecting edges. An edge can be defined
as an abrupt change in intensity from one surface to another on a two-dimensional
image. The Laplacian edge detection algorithm looks in the 2nd order derivative of the
image for zero crossings and this filter is usually applied on grey-scale images (Pall, et
al., 2014). For a 2D function 𝑓(𝑥, 𝑦) which represents intensity, it can be expressed as
follows:
∇2 𝑓(𝑥, 𝑦) =

𝜕 2 𝑓(𝑥, 𝑦) 𝜕 2 𝑓(𝑥, 𝑦)
+
𝜕𝑥 2
𝜕𝑦 2

(1)

The Sobel method does a two-dimensional spatial gradient on the image, highlighting
the regions with high spatial frequency. This method employs a mask for the vertical
lines and another for the horizontal lines. The approximations of the derivative across
the vertical and horizontal directions in the image are computed by these masks
respectively.
Canny edge detector is the most commonly used algorithm. Edge detection is optimised
by the Canny algorithm through noise filtering. The Canny algorithm uses an optimal
function which is approximated by the first derivative of a Gaussian. Since the edge
points are likely to appear where there is a large gradient magnitude, the edge points
can be identified via computation of the gradients of light intensity function (He, et al.,
2009). In (Pall, et al., 2014), these edge detection methods were tested, and they claim
that the Laplacian algorithm performed the best noise filtering and edge detection in
comparison to the Canny and Sobel algorithms for their use scenario though it was not
stated how these algorithms were implemented.
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Figure 6: comparing the edge detection methods (Pall, et al., 2014)

2.7.2

Vanishing point tracking

The position of vanishing point with regards to drone navigation may not remain in a
fixed position. The detected vanishing point will have to be tracked since it changes
dynamically because of the movement of the drone and the effect image noise. In (Pall,
et al., 2014), a detailed description of how the vanishing point can be tracked is seen.
The Kalman filter was used in tracking the vanishing point. The Kalman filter is commonly
used in the field of mobile robotics for tracking position and state estimation. It is said
to be an ideal estimator if the model and measurement noise have Gaussian
distributions and are uncorrelated and also when the dynamics are linear (DurrantWhyte, 2006).
Generally, the Kalman filter estimates the state x ∈ Rn of a linear discrete-time system
(Pall, et al., 2014):
𝑥𝑘 = 𝐶𝑥𝑘 + 𝐷𝑢𝑘−1 + 𝑤𝑘−1
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(1)

𝑦𝑘 = 𝐺𝑥𝑘 + 𝜇𝑘

(2)

With C, D, G being the system matrices, y being the measurement, µ and w being the
measurement and process noises respectively. w and µ are assumed to have Gaussian
distribution and are independent, 𝑤𝑘 ~𝑁(0, 𝑄) and 𝜇𝑘 ~𝑁(0, 𝑅).
This filter has two stages, namely; prediction and update stage which estimate the state
xk repeatedly. x0 and P0 are chosen as the initial state and covariance of the state
respectively. At the prediction stage, the Kalman filter gives the previous state estimate
𝑥𝑘− and the previous error covariance, 𝑃𝑘− as follows:
+
𝑥𝑘− = 𝐶𝑥𝑘−1
+ 𝐷𝑢𝑘

(3)

+
𝑃𝑘− = 𝐶𝑃𝑘−1
+𝑄

(4)

For the update stage, the present state is estimated depending on the observed
measurement and previous estimate:
𝑥𝑘+ = 𝑥𝑘− + 𝐾𝑘 (𝑧𝑘 − 𝐺𝑘 𝑥𝑘− )

(5)

𝑃𝑘+ = (𝐼 − 𝐾𝑘 𝐺𝑘 )𝑃𝑘−

(6)

𝐾𝑘 = 𝑃𝑘− 𝐺𝑘𝑇 (𝐺𝑘 𝑃𝑘− 𝐺𝑘𝑇 + 𝑅)−1

(7)

Where 𝑥𝑘+ is the next state estimate, 𝑃𝑘+ is the next error covariance and 𝐾𝑘 is the
Kalman gain determined at each stage to minimise traces of the error covariance matrix
(Durrant-Whyte, 2006). In case the horizontal motion of the vanishing point is nonlinear, the extended Kalman filter can be employed. The extended Kalman filter
linearizes a non-linear system by taking the first order Taylor approximation around the
present state. Details about the extended Kalman filter is given in (Páll, et al., 2015).
In conclusion, this thesis would focus on autonomous navigation of the Erle-copter
model based on vanishing points detected in a simulated railway line environment. The
first step would be to implement an image processing algorithm that can detect and
track the vanishing point of a straight piece of railway track. Then a controller, would be
designed to help keep the drone in line with the vanishing point.
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3

Simulation Set-up

This chapter gives a brief breakdown of the workflow of the robot operating system. It
also describes the simulation environment and the steps taken to implement the railway
track and Erle-copter model in gazebo 3D simulator.

3.1 ROS installation
As described earlier in chapter 2, the Robot Operating System (ROS) is a collection of
software frameworks which provides typical operating system services like low level
device control, hardware abstraction, implementation of commonly used functionality,
package management and message passing between processes. One of the first steps
taken in this project was to install ROS on Linux OS (Ubuntu 14.04). The installed version
was ROS indigo which is the recommended version by Erle robotics (Erle Robotics, 2018).
After the installation of ROS using the command:
sudo apt-get install ros-indigo-ros-base -y
It was necessary to create a ROS workspace, which is the area of computer memory
where files linked to ROS projects are stored. Below are the commands used to achieve
this:
mkdir -p ~/simulation/ros_catkin_ws/src
cd ~/simulation/ros_catkin_ws/src
catkin_init_workspace
cd ~/simulation/ros_catkin_ws
catkin_make
It is important to have an understanding of mainstream ROS as node, topic and message.
A node is an executable program that communicate over topics. Nodes can publish or
subscribe to a topic while the data structure that defines the type of topic is known as
message. A message comprises of a nested structure of integers, floats, Booleans, strings
and array of objects.
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Figure 7: ROS workflow
Figure 7 above shows how a topic works between two programs (labelled node 1 and
node 2) and ROS master. A node sends its information to the ROS master. Nodes that
receive data are referred to as subscribers while those that send data are known as
publishers. The ROS master is responsible for the communication between nodes in the
sense that if node 1 sends data of a particular type and the same data is needed by node
2, the ROS masters establishes the communication between the two nodes. Different
data types (referred to as message) can be sent over ROS topics with each topic having
a unique name. In figure 7, node 2 is subscribed to a topic and node 1 publishes to this
topic. ROS currently has support for these main programming languages, namely;
python, C++, and LISP. All algorithms implemented in this thesis were written in python.

3.2 Simulation environment
Simulation is an important tool when developing algorithms for robotic systems. It was
necessary to install gazebo v7. Steps taken to successfully install gazebo can be found in
(Erle Robotics, 2018). One main benefit of using gazebo simulator is that it interfaces
with ROS which allows control of robots using a hierarchy of networked processes
(nodes). Gazebo can simulate multi-body dynamics (including interactions between
bodies e.g. impact) using a number of existing physics engines (Koenig & Howard, 2004).
18

In gazebo simulator, both the environment model and the robot model need to be
defined. Gazebo makes use of Simulation Description Format (SDF), an XML specification
for describing robot models.

3.3 Gazebo graphical user interface (GUI)
Gazebo’s left panel contains a few tabs that are useful when building a model. Model
parameters like the pose can be accessed and modified under the world tab which
displays models that are currently in the scene. The insert tab allows for the addition of
new objects/models to the simulation.

Figure 8: Gazebo graphical user interface
The Gazebo interface has an upper and bottom toolbar. The main tool bar shown in
figure 9 has some of the frequently used tools such as select, rotate, move, scale, create
simple shapes and copy/paste.

Figure 9: Gazebo upper toolbar (Open Source Robotics Foundation, 2014)
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By default, gazebo comes with a model list which contains a variety of models that can
be easily inserted into the scene (the main part of the simulator where the simulated
objects are animated and can interact with the environment). However, there was no
railway line included. Hence the need to create one for the simulation.

3.4 Creating the railway tracks
The test environment for the drone is a straight piece of railway line. To create a model
of railway tracks in gazebo, a three-dimensional mesh file of the Collada format (.dae)
was downloaded from cgtrader (cgtrader, 2018). Then, it was necessary to create an SDF
file compatible with gazebo which will incorporate the downloaded mesh. The figure 10
below shows the content of the SDF file

Figure 10: SDF file for the railway tracks
It is very important to specify the path to the mesh file under the element <uri>. The
<static> element is used to define the object as one which is not meant to move whilst
having only collision geometry. Finally, the <pose> element is used to describe the
position (x, y, z) and orientation (roll, pitch, yaw) of the object with respect to the
specified frame.
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Figure 11: Railway track model in gazebo

3.5 Erle-copter model
To simulate the Erle-copter, it was necessary to first compile a specific branch of
ardupilot. This was done using:
mkdir -p ~/simulation; cd ~/simulation
git clone https://github.com/erlerobot/ardupilot -b gazebo
The Ardupilot project is an open source autopilot for drones and its code is used to
simulate UAVs (Erle Robotics, 2018).
Then, the Erle robotics gazebo models were downloaded by executing in a terminal:
mkdir -p ~/.gazebo/models
git clone https://github.com/erlerobot/erle_gazebo_models
mv erle_gazebo_models/* ~/.gazebo/models
To launch the simulation, arducopter was executed using:
source ~/simulation/ros_catkin_ws/devel/setup.bash
cd ~/simulation/ardupilot/ArduCopter
../Tools/autotest/sim_vehicle.sh -j 4 -f Gazebo
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And in another terminal window:
source ~/simulation/ros_catkin_ws/devel/setup.bash
roslaunch ardupilot_sitl_gazebo_plugin erlecopter_spawn.launch
Doing this successfully launches the Erle-copter in an office environment. For the sake
of this project, the office files were replaced with the railway track model created in
section 3.4 (creating the railway tracks). The simulation environment is shown in figure
12 below

Figure 12: Erle-copter model in railway track environment
Note: to avoid sourcing setup.bash every single time a new terminal is launched, ‘source
~/simulation/ros_catkin_ws/devel/setup.bash’ was added to the end of the .bashrc file.
The erle-copter comes with both a front facing camera and a downward facing camera,
the front camera being the one of interest as it provides suitable images for processing
based on perspective cues. The front camera is properly simulated in gazebo and is
capable of providing video streams. To run the camera node, the following command is
given:
rosrun image_view image_view image:=/erlecopter/front/image_front_raw
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Figure 13: image view from the front camera of the Erle-copter in simulation
By default, the image resolution is set to 640 by 360 but this was initially changed to
1280 by 720. This change had a negative effect on the simulation performance, hence it
was set to 640 by 480 as this gives a good balance between performance and image
fidelity.

3.6 Open source computer vision
Open source computer vision library (OpenCV) is a popular computer vision library
compatible with python and is used as part of the vision algorithm implementation in
this project. OpenCV is BSD-licensed and open source, making it free for both
commercial and academic use. It is written in C and C++ but has good interface in python
(OpenCV team, 2018). The library includes hundreds of computer vision algorithms
which helps save the time of writing them from scratch and is very useful for image
processing.
To install the OpenCV library, python interface and ROS interface of OpenCV, the
following command was executed in Ubuntu terminal:
Sudo apt-get install ros-indigo-vision-opencv
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4

Image Processing for Detecting Vanishing Point

Man-made environments usually possess the characteristics of having lots of parallel
lines and various orthogonal edges. This is true for indoor environments like corridors
boundaries, shelves, doors and also outdoor environments like buildings, streets and
railways satisfy this assumption. In perspective projection, depth is lost when a world is
reduced to two dimensions from three dimensions. For a railway line, the parallel lines
formed by two pieces of railway tracks are the lines most relevant to this application.
Extremely long stretches of railway lines viewed in perspective seem to meet at the
horizon. It is from the intersection of these parallel lines that the vanishing point of the
railway tracked can be defined. A description of the procedure on how the lines are
extracted from the image is given below.

4.1 Straight Line detection
To be able detect lines in an image, there needs to be low-level pre-processing which
may involve sharpening, edge detection, smoothing, etc. (Pall, et al., 2014). The Canny
edge detection technique is employed in this thesis. It is a popular edge detection
algorithm developed by John Canny (Canny, 1986). The canny edge detection has
multiple stages. In the first stage, the input image is smoothened by using a Gaussian
filter which helps to reduce noise. Most times, the required size of the filter is derived
empirically. Next, a Sobel filter in both vertical direction and the horizontal direction is
applied to the smoothened image to arrive at the first derivative in the horizontal and
vertical direction (Gx and Gy respectively). A 3 by 3 horizontal Sobel filter is represented
as:
−1 0
𝑆𝑥 = [−2 0
−1 0

1
2]
1

In a similar manner, a 3 by 3 vertical Sobel filter is represented as:
−1 −2 −1
𝑆𝑦 = [ 0
0
0]
1
2
1
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For each pixel, the edge gradient and direction from the resulting images can be found
as:
𝐸𝑑𝑔𝑒𝑟𝑎𝑑𝑖𝑒𝑛𝑡 (𝐺) = √𝐺𝑥2 + 𝐺𝑦2

(8)

𝐺𝑥
𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛(𝜃) = tan−1 ( )
𝐺𝑦

(9)

Once the edge gradient and direction are found, a complete image scan is performed to
extract only pixels that make up the edge. To achieve this, each pixel is checked if it is a
local maximum in its neighbourhood in the gradient direction (Open Source Computer
Vision, 2015). The last stage of the Canny algorithm involves hysteresis thresholding
which obtains true edges (i.e. examines if all edges are really edges or not). This stage
requires two threshold values namely, minVal and maxVal. If intensity gradient is less
than the minVal, they are discarded (considered to be non-edges) while those with
intensity gradient above maxVal are sure to be edges. For those between the minVal
and maxVal, they are considered to be edges or non-edges depending on whether they
are connected to sure-edge pixels or not (Open Source Computer Vision, 2015). All of
the stages of the canny edge detector is already provided in OpenCV. The output of the
Canny edge algorithm is usually a binary image with strong edges in the image.

Figure 14: Canny edge output of the simulated railway line
With the creation of the appropriate binary image, the lines present in the image can be
extracted using Hough transformation. As seen in literature, Hough transformation is a
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common technique used to extract mainly lines from images. In polar coordinates, a line
can be represented as:
𝑦 = (−

cos 𝜃
𝜌
)𝑥 + (
)
sin 𝜃
sin 𝜃

Which is rewritten as:
𝜌 = 𝑥𝑐𝑜𝑠𝜃 + 𝑦𝑠𝑖𝑛𝜃

(10)

Many lines pass through a specified point (𝑥𝑖 , 𝑦𝑖 ) and each of these lines can be
recognised with the parameter(𝜌, 𝜃), where 𝜌 is the perpendicular distance from the
origin to the line and 𝜃 is the orientation of the line. These lines can be represented as
a sinusoidal, if 𝜌 is positive (i.e. 𝜌 > 0) and 𝜃 ∈ (0, 2𝜋) (Pall, et al., 2014). For example,
the sinusoid for a point (𝑥0 , 𝑦0 ) = (8, 6) in the (𝜌, 𝜃) is shown in figure 15 below

Figure 15: sinusoid of a point in the (𝜌, 𝜃) (OpenCV, 2018)

When the sinusoid curves of two different points say (𝑥1 , 𝑦1 ) and (𝑥2 , 𝑦2 ) meet in the
(𝜌, 𝜃) plane, it indicates that both points belong to the same line. The same operation
can be repeated for every point in the binary image. Generally, Hough transform
maintains a record of these intersections and the higher the number of intersections of
the curves, the higher the number of points that belong the line represented. A
threshold of the minimum number of intersection required to detect a line can be

26

defined. Figure 16 below shows the intersection of three sinusoid curves for three points
(4, 9), (12, 3) and (8, 6)

Figure 16: intersection of sinusoid curves in the (𝜌, 𝜃) (OpenCV, 2018)
A two-dimensional matrix known as the Hough accumulator array is used to keep track
of all sinusoid curves that intersect. The matrix size is dependent upon the resolution in
which the orientation and distance of the lines have to be found. For resolving two lines
that differ by a degree, a one-degree resolution accumulator is required which translates
to 360 rows in the matrix. For resolving two lines that differ by a pixel distance from the
origin, a one-pixel resolution accumulator is needed which translates to √𝐻 2 + 𝑊 2
columns in the matrix with H being the image height and W being the image width. The
required resolution for 𝜌 and 𝜃 should be selected based on the application scenario. It
is better to select a lower resolution if speed is a priority (Ravishankar, 2017). OpenCV’s
implementation of the probabilistic Hough transform has been used which is an
optimisation of the Hough transform that takes only a random subset of points for
detecting lines thereby improving computation time (OpenCV, 2018).
In the image, the cells in the accumulator array that have the highest amount of votes
are the dominant lines. After these dominant lines are extracted, they can be put in the
Cartesian coordinate system. Collinear lines can be removed. Points of intersection of
all the non-collinear lines are determined and the median of these points is selected to
27

be the vanishing point of the image. Use of median is robust to large outliers in
comparison to the mean (ABS, 2013). For every image frame, this operation is repeated.
The vanishing point detected for a railway line in simulation is show in figure 17

Figure 17: Railway line with detected vanishing point
The yellow dot is the detected vanishing point computed from the intersection of the
red lines of the Hough transform. The algorithm used to detect the vanishing point is
adapted from (Ravishankar, 2017) with modifications made where necessary. The major
difference being the use of the Canny edge algorithm that is explained in section 4.1. It
is implemented in python programming language with OpenCV library. The algorithm’s
parameters have also been tuned to work with the front camera of the Erle-copter
model.

4.2 Extended Kalman filter implementation
The conventional Kalman filter is a continuous state estimation filter commonly applied
in mobile robotic field for position estimation and tracking. It is one of the most
widespread implementations of Bayes filter (Durrant-Whyte, 2006). Theoretically, this
algorithm probabilistically gives updates to the state and uncertainty of a system.
Common to most filters used for state estimation, the Kalman filter consists of a
measurement and a motion cycle. With the assumption of noise with a Gaussian
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amplitude distribution and one-dimensional state estimation, the covariance updates
and the mathematics of the state are less complex. But as the quantity of dimensions
increases, the mathematics becomes more complicated. A detailed mathematical
process of the Kalman filter can be found in (Thrun, et al., 2005). The Kalman filter works
on the assumptions of linear measurement and motion model. The extended Kalman
filter (EKF) overcomes this linearity assumption. It is defined as one in which the
measurement model or the motion model or both is/are nonlinear.

4.2.1

Measurement and motion model

A similarity between the conventional Kalman filter and the extended Kalman filter is
that their motion model is linear in nature. The measurement models are typically
designed to satisfy a particular use scenario. For vanishing point detection, the nonlinear model expressed in (Seo, 2014) is utilised. Below are the equations for the
extended Kalman filter
For the prediction step
𝑥̂𝑘 = 𝑥̂𝑘−1 ; 𝑥 = [𝑣̂𝑥 , 𝑣𝑦 ]

(11)

𝑃̂𝑘 = 𝑃̂𝑘−1

(12)

For the measurement step
ℎ(𝑥̂𝑘 ) = tan−1

(𝑣𝑦 − 𝑦1 )
(𝑣𝑥 − 𝑥1 )

𝑦̂𝑗 = 𝑧𝑗 − ℎ(𝑥̂𝑘 )

(13)
(13)

𝜕(𝑥̂𝑘 )
𝜕𝑥

(14)

𝑆𝑗 = 𝐻𝑗 𝑃𝑗 𝐻𝑗𝑇

(15)

𝐾𝑗 = 𝐻𝑗 𝑃𝑗 𝐻𝑗𝑇 + 𝑅𝑗

(16)

𝑥𝑘 = 𝑥̂𝑘 + 𝐾𝑗 𝑦𝑗

(17)

𝐻𝑗 =
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𝑃𝑗 = (𝐼 − 𝑘𝑗 𝐻𝑗 )𝑃𝑗−1

(18)

State 𝑥 is initially taken to be equal to the centre coordinates of the image. A large value
is set for P which is the uncertainty matrix. For each dominant line in the image, the
variation in angle between the lines that are detected, and the measured vanishing point
is computed during the measurement step. This operation is repeated to determine the
angle between the state of the system and the detected lines (Ravishankar, 2017). It is
useful to implement an extended Kalman filter in order to improve the robustness of
the algorithm responsible for vanishing point detection (Ravishankar, 2017).

Figure 18: EKF tracking vanishing point
For this project, the extended Kalman filter is employed to estimate the vanishing point
coordinates of each frame as the Erle-copter moves forward along the railway line. The
green circle in the figure 18 represents the vanishing point estimated by the extended
Kalman filter. Its implementation in python is adapted from (Ravishankar, 2017).
Generally, the extended Kalman filter probabilistically allocates weights to the previous
and current states to give the current state. When the current measurement is
unreliable (large covariance matrix), the EKF places higher weight on the previous
measurement indicating low confidence in the current state. The EKF is a good addition
to the vision algorithm for vanishing point detection since the lines extracted from each
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frame are affected by changes in illumination and noise as the drone moves forward or
from side to side.
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5

PID control navigation

The goal of this chapter is to implement a control algorithm to the Erle-copter model, so
it can follow the simulated railway track using the vanishing point coordinates from the
vision algorithm. First, an understanding of PID control needs to be established.

5.1 Overview of PID controller
A proportional-integral-derivative (PID) controller is a robust, feedback compensator
structure commonly used in industry. A PID controller computes an error constantly and
tries to correct this error by means of proportional, integral and derivative terms. The
error is computed as the difference between a setpoint/reference signal and a process
value/measured signal. Combining the proportional, integral and derivative terms is
what makes up the controller action or variable. Figure 19 below shows a block diagram
representation of a PID controller in a feedback system

Figure 19: block diagram of PID controller
In the block diagram above, the PID controller continually computes the error as the
measured signal minus the reference signal, where e(t) is the computed error, r(t) is the
reference signal, y(t) is the measured signal and u(t) is the control output. The PID
controller tries to reduce this error value by adjusting the control output over time to a
value derived from the summation of the control terms. The control output is equal to
the proportional gain times the error magnitude plus the integral gain times the integral
of the error plus the derivative gain times the derivative of the error (CTMS, n.d.).
Mathematically, the control output can be represented as:
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𝑡

𝑢(𝑡) = 𝐾𝑝 𝑒(𝑡) + 𝐾𝑖 ∫ 𝑒(𝜏) + 𝐾𝑑
0

𝑑𝑒(𝑡)
𝑑𝑡

(19)

Where 𝐾𝑝 , 𝐾𝑖 and 𝐾𝐷 represent the gains for proportional, integral and derivative terms
respectively.
This control output is then sent to the plant/process and a new measured signal y(t) is
generated. This new signal is then fed back and a comparison is made to the reference
signal to obtain a new error value. The controller now uses this error to update the
control output and this whole process is repeated continuously as long as the controller
is active or until the error disappears which is rarely ever the case.

5.1.1

Effect of the proportional term

In a PID controller, the ‘P’ term handles the current error value. It depends on only the
error between the reference signal and the measured signal. If this error is a positive
and large value, the control action would be proportionally large and positive with
respect to a proportional gain factor Kp. The proportional action can be modified by
multiplying the error by the proportional gain Kp as seen in equation 20 below:
𝑃 = 𝐾𝑝 𝑒(𝑡)

(20)

A system can become unstable with a very high proportional gain Kp. A very low
proportional gain can result in control action being too little. In general, the ‘P’ term has
the effect of minimising rise time. It also minimises, but never eliminates steady state
error (Tehrani & Mpanda, 2012).

5.1.2

Effect of the integral term

The ‘I’ term takes into account the accumulation of past errors, integrating them over
time to arrive at the integral action. The inclusion of the ‘I’ term tends to help with
eliminating the steady state error. When this error is eliminated, this term ceases to
increase. The downside of the integral term is that it may cause the system to be slower
because it may take some time for the integrator to unwind as the error changes sign
(CTMS, n.d.). The integral action is represented as:
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𝑡

𝐼 = 𝑘𝑖 ∫ 𝑒(𝜏)

(21)

0

5.1.3

Effect of the derivative term

The ‘D’ term is able to predict the future trend of the error value with respect to the
present rate of change of the error. In other words, including the ‘D’ term gives the
ability to anticipate error by the controller. If the error changes quickly, the control
action is larger. The derivative action can be represented as:
𝐷 = 𝐾𝑑

𝑑𝑒(𝑡)
𝑑𝑡

(22)

The derivative term tends to deal with reducing overshoot (by addition of damping),
however, it has no effect on steady state error.

5.1.4

Tuning

Tuning involves setting the optimal gains for proportional, integral and derivative to
arrive a suitable response from a control system. The PID controller gains can be
optimised through trial and error. The first step is to set the integral and derivative gains
to zero, then the proportional gain can be increased until there is oscillation of the loop
output (National Instruments, 2011). Once the proportional gain is set to achieve the
desired quick response, the derivative gain can be increased to dampen the oscillations.
Now that the proportional and derivative gains are set to give the required response,
the integral gain can be introduced. This is adjusted to correct any offset in time for the
system but can increase overshoot if overdone. Overall, gain adjustments need to be
made until the system gives the desired performance.
In conclusion, the fundamental logic behind a PID controller is to compute the error
between some reference and measured value, then the desired control output is
derived by calculating the proportional, integral and derivative actions and adding these
elements together. The optimal control output can then be achieved by tuning the PID
gains to balance their effects. It is important to note that some applications may require
just one or two terms to achieve the desired performance. Hence, it is possible to have
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a PD, PI or only a P control, rarely ever an ID control (Paz, 2001). The next section details
how the knowledge of PID control was applied to try to help maintain the vanishing
point in the centre of the image.

5.2 Implementation
In this project the aim for the navigation is to reduce the error between the estimated
vanishing point coordinate and the image centre. The image centre collected by the
camera mounted on the quadrotor is taken as its current position in the twodimensional image plane. The desired position or destination for the quadrotor is the
vanishing point coordinate. In other words, the controller designed in this work
attempts to keep the vanishing point in the centre of the image.
Let the position of the image centre be (xi, yi) and the estimated vanishing point
coordinates be (xv, yv). The error between these two can be calculated as:
∆𝑥 = 𝑥𝑣 − 𝑥𝑖

(23)

∆𝑦 = 𝑦𝑣 − 𝑦𝑖

(24)

PID control is employed to help mitigate the error using equation 19. This can be
achieved by changing the roll, pitch or yaw. ∆𝑥 is the error in the x-direction used to
control the horizontal motion, which corresponds to the roll of the quadrotor and ∆𝑦 is
the error in the y-direction used to control the vertical motion, which corresponds to
the altitude of the quadrotor (Wang, et al., 2014). The quadrotor used in this project can
move to the right or left (by changing roll), fly up or down (by changing altitude), rotate
about the vertical axis (by controlling yaw) and move forward or backward (by adjusting
pitch). If the vanishing point is to the left or right on the image, one way to centralise it
would be by moving the quadrotor to the left or right by adjusting its roll. There is no
need to move up or down since the quadrotor will be flying at a fixed height. It is logical
to control only roll. Hence, the focus for the PID controller will be to reduce the error in
the x-direction (∆𝑥) which can be realised by adjusting the roll. The present error e(t)
can then be calculated as:
𝑒(𝑡) = 𝑥𝑣 − 𝑥𝑖
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(24)

With the image resolution at 640 by 480 pixels as seen in chapter 3, section 3.5, the xcoordinate of the image centre can be calculated as:
𝑥𝑖 =

𝑖𝑚𝑎𝑔𝑒 𝑤𝑖𝑑𝑡ℎ
2

𝑥𝑖 =

640
= 320
2

The accumulated error can be computed from
𝑡

(25)

∫ 𝑒(𝜏) = ∑ 𝑒(𝑡) × ∆𝑡
0

The error rate is calculated as:
𝑑𝑒(𝑡) 𝑒𝑛 − 𝑒𝑛−1
=
𝑑𝑡
∆𝑡

(26)

Where 𝑒𝑛 is the current error, 𝑒𝑛−1 is the previous error and ∆𝑡 is the time between
error measurements.
Tuning of the proportional, integral and derivative gains 𝐾𝑝 , 𝑘𝑖 and 𝐾𝑑 respectively was
done empirically (i.e. by trial and error method). The following values have been used:
𝐾𝑝 =0.008, 𝐾𝑖 = 0.0005, 𝐾𝑑 = 0.1. The graph in figure 20 shows the effect of the PID
controller on the error
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Figure 20 Effect of PID control on the error over time
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Calculating the error and substituting these gains in equation 19 gives the PID controller
output.
The above described PID controller has been implemented in python. In this thesis, the
Erle-copter model was made to use a combination of source code from (Kouba, 2016) to perform actions like setting guided mode, arming throttle, taking off to a height of
one metre and landing- and (Andreas, 2015) to change the quadrotor position. The PID
controller is then included to take control of the x position of the quadrotor once the
vanishing point has been detected. Running the simulation, it is observed that it takes 4
seconds for the drone to move forward 3 metres. Hence, the controller uses a sampling
time of 4 seconds and is set to adjust the x position after every 3 metres moved forward
by the quadrotor. Figure 21 below summarises the navigation process

Figure 21: Navigation process
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Figure 22: trajectory of the quadrotor in simulation
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Figure 23: Erle-copter navigating the tracks in simulation
The process of extracting the vanishing point x-coordinate, comparing it to the xcoordinate of the image centre to find the position error and using this error to compute
the controller output is repeated after every 3 metres forward motion by the quadrotor.
This is sufficient to help keep the quadrotor along the centre of the simulated tracks as
seen in figure 22 above.
PID algorithm: pseudo code
Input: error (vanishing point x-coordinate – image centre)
Output: control output
- READ vanishing point x-coordinate from text file.
-

SET 𝑘𝑝 , 𝑘𝑖 and 𝑘𝑑 values.

-

CALCULATE error = x – 320

-

Store error in a dictionary

#Derivative
-

IF error is not equal to 0
deriv = (current error – previous error)/4

#Integral
-

Integral = 0
Integral = Integral + error*4

#Controller output
-

PID = Kp*error + Ki*Integral + Kd*deriv

-

Use controller output to correct the x-position of the quadrotor

-

Repeat after every 3 metres moved forward by the quadrotor
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Conclusion

6.1 Summary of work
The quadrotor model used is able to maintain its position autonomously along the
centre of the railway track based on vanishing point detected from its front facing
camera. The vanishing point is found using an existing technique that utilises the
intersection of several parallel line from the tracks due to perspective and an extended
Kalman filter to estimate the coordinates of the vanishing point as the quadrotor moves.
Navigation based on this vanishing point was achieved with a PID controller whose gains
have been tuned in the simulation. The PID controller implemented here works by using
the error between the vanishing point and the image centre to produce to desired
output thereby keeping the quadrotor along the track centre.

6.2 Recommendations
The following recommendations are for future work:


Research into the implementation of a more robust vision algorithm that is able to
keep track of the vanishing point in curved sections of railway tracks and in the
presence of other environmental variables like trees, buildings etc.



A better tuning method may be used to further optimise the gains thereby improving
the performance of the PID controller.



Another area for future work is the extension of this work in the real world using the
physical drone.
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Appendix
To run the whole simulation, it is recommended to have both ROS indigo and Gazebo v7
installed on Linux Ubuntu 14.04. Then configure your environment following the steps
outlined in the Erle robotics documentation (Erle Robotics, 2018). Make sure to add
source ~/path to your workspace/devel/setup.bash to your .bashrc file. Once that is
done, you can go ahead and follow these steps:
I.

Navigate to ~/.gazebo/models directory and replace the erle folder with the one
from this project.

II.

Move the ‘project_vp’ package to the ‘src’ directory of your ROS catkin
workspace which would have been created earlier. The ROS python nodes are
contained in the ‘src’ directory of the ‘project_vp’ package. Use ‘catkin_make –
pkg project_vp’ to build the package.

III.

Now follow the instructions in (Erle Robotics, 2018) on launching the simulation
and Gazebo should open with the Erle-copter in a railway track environment.
Wait a few minutes for APM to fully initialise.

IV.

Next, in a terminal run ‘rosrun project_vp vision_node.py’

V.

In another terminal, run ‘rosrun project_vp auto.py’. After a few seconds, the
Erle-copter should take-off, fly towards the centre of the track and start flying
along it.
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