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Abstract

An Unmanned Aerial Vehicle is equipped for remote operation in an underground

mining environment. Strict spacial constraints require active collision avoidance to

preserve the Unmanned Aerial Vehicle. Previous literature identifies the Artificial

Potential Field algorithm as a candidate for local collision avoidance. The artificial

field models obstacles as a repulsive force acting on the vehicle, while the pilot

provides an attractive force. Thus, the net effect of these artificial forces is to avoid

obstacles and follow pilot commands. However, computing the requisite gains that

will prevent collisions while providing pilot authority is previously performed through

trial and error. This study aims to develop a tuning methodology to determine these

gains given some knowledge about the Unmanned Aerial Vehicle, environment and

sensing stack.

To test the methodology, as well as perform a physical validation of the previously-

simulated success of the Artificial Potential Field algorithm, a Unmanned Aerial

Vehicle is equipped with LiDAR and onboard computing. The Unmanned Aerial

Vehicle is then flown amongst simple obstacle configurations to confirm the inter-

actions between the Artificial Potential Field algorithm, the tuning methodology

and the obstacle. The Unmanned Aerial Vehicle avoided a 0.4 m wide box in the

direct piloted path with a minimum proximity of 0.77 m, and safely passes through

a 2.2 m wide gap in a wall of obstacles with a minimum proximity of 1.1 m. The

Unmanned Aerial Vehicle is also flown for 10 m in a mock mine tunnel 3 m wide

without collision, but with oscillatory motion. By reducing the gains through the

tuning methodology, the oscillations are largely damped.

These results suggest that the Artificial Potential Field algorithm is a suitable

candidate for collision avoidance, confirming the simulated results. The tuning

methodology is also verified on a physical platform, with the caveat being the inverse

relationship between collision risk and pilot authority.
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Chapter 1

Introduction

The broader context of this research is presented in this chapter, leading

into a motivation for aerial vehicles in underground mines. With use cases

established, the teleoperation and collision avoidance requirements are intro-

duced. The specific research objectives are then presented, narrowing the

scope to focus on the artificial potential field approach for underground mines.

The primary objectives of the research, discussed in this chapter, are

a validation of collision avoidance on a real platform in a mine-like

environment. The challenges facing a collision avoidance system on an

underground aerial vehicle are: a lack of global position information or

a consistent map, zero-collision tolerance and limited computational and

sensing ability. By applying the proposed parametrisation the Artificial

Potential Field (APF) algorithm is shown to succesfully avoid collisions

using only onboard computation and sensing.

The research shows that a Unmanned Aerial Vehicle (UAV) with a tip-to-tip

dimension of 450 mm can be safely teleoperated over a WiFi network through

a gap of only 2.2 m, acceptably avoid obstacles 40 cm as small as wide in

the direct flight path, and operate collision free in a 3 m wide mine-like tunnel.

This chapter also provides a brief structure of the dissertation as a guide for

the reader.
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1.1 Context

Mining is a fundamental industry to support human development in the modern

age, but despite vast improvements in risk management and safety procedures,

underground mining still faces a number of fatalities each year. It is an inherently

dangerous environment; with the Department of Mineral Resources (DMR) of South

Africa reporting 81 fatalities for the year of 2018, and 4483 occupational-disease

related cases [1].

With a goal of zero-harm, there is a need to remove the miner from dangerous

mine conditions, and an opportunity for technology to do so. Some key examples

of this in underground mining are: the ability to detect and measure harmful gas

levels; mechanised mining, teleoperating machines in dangerous areas; digital shift

management and access control systems. The Sibanye-Stillwater Digital Mining

Laboratory (DigiMine) is a post-graduate research group focusing on these and many

other technologies within the South African context, and are also the sponsors of

this research.

Corke et. al identifies the importance of technology in the future of mines (not only

for safety, but for productivity and profitability), and provide a comprehensive study

of mining technology as at 2008 [2]. A decade later, and the predictions of the paper

have held true, especially for robotics, which has seen greater adoption thanks to

improvements in computation, sensing, actuation and communication technologies.

Robots are well suited to the mines due to their robustness against temperature,

air pressure and fatigue. Their primary strength is that they can be controlled

remotely (or act autonomously), keeping miners out of harms way as well as allowing

exploration into highly constrained areas. Despite their suitability, many engineering

challenges face underground robotics, namely communication (especially in rock-fall

situations), localisation and mapping in unknown areas, manoeuvring rugged terrain

and avoiding collisions arising from the highly constrained environment.

This research focuses on teleoperating an aerial vehicle in an underground mining

environment. Aerial vehicles are suitable for flying in vertical spaces (where a ground

robot would be unsuited) but are sensitive to collisions which would likely destroy

the vehicle. This necessitates that collision avoidance to be built in to the Unmanned

Aerial Vehicle (UAV) system.
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The research forms a part of the greater UAV Project at the DigiMine Research Group

within the University of the Witwatersrand, which aims to utilise UAV technology in

mines for mapping, search-and-rescue, infrastructure verification and gas detection

to name a few. The project is mandated by the Mine Health and Safety Council.

1.2 Research Objectives

The primary aim of this research is to validate the APF concept on a physical platform.

While much is understood about APFs behaviour from simulation, there are many

unknowns in implementation, especially in unknown, constrained environments such

as mining tunnels. In particular, the objectives of this research are:

1. To provide and validate (through experiments) a methodology for

choosing potential field parameters.

2. To determine how the level of constraint in an environment, in

particular the tunnel width, affects the performance of the APF.

This will help determine the APF algorithm’s suitability for the

constrained mining environment.

This research is a step towards realising a fully autonomous UAVs to improve mine

safety and enable remote sensing. Without collision avoidance, an UAV underground

would experience unrecoverable damage, even in the hands of an experienced pilot.

The delimitations of this study are such that true autonomy is not achieved, since a

human is assumed to always be in the loop. Also not explored in this research is

the behaviour with signal loss, vehicle failure or obstacle identification. The intrinsic

safety of UAVs for mining environments, as well as the impact of other factors in a

mine such as dust, moisture and temperature, are not considered. Additionally, the

research only considers collisions in the horizontal plane, restricting the problem to a

2D one.
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As a side note, there are many terms that could be used to describe a UAV, such

as Remote Piloted Aerial System (RPAS), drone, quadcopter, Micro Aerial Vehicle

(MAV), and all are applicable in this context[3, 4, 5]. However, for clarity, the term

UAV will be used throughout the research, and refers to a remotely controlled aerial

vehicle that obtains thrust from a combination of electric motors and propellers.

The UAVs under this study typically weigh less than 3 kg, and have a tip-to-tip

dimension of less than 1 m.

1.3 Research Contributions

The major contributions of this research is the experimental validation of the APF

algorithm for underground aerial robotics as a teleoperation tool. The outcomes also

include a novel method for parameter selection of APF algorithms. Additionally, this

research addresses the many challenges of a real flying vehicle, discussing options

for the selection of hardware components that realise the APF algorithm. The APF

algorithm is modified to account for the lack of UAV position and velocity state

information.

It is shown that the APF is appropriate and is able to fly collision free through a gap

of 2.2 m, and in a tunnel of width 3 m on a platform 0.45 m wide. The performance

is studied in terms of vehicle safety (proximity), pilot compliance and oscillation in

later chapters. The platform is shown in Figure 1.1.

Additionally, the proposed methodology is widely tested in a simple simulated

environment to observe the effects of sensor scan rate, angular resolution, obstacle

width and the velocity compensation method. It is found that higher scan rates

result in better performance for the APF in all regards, while the parametrisation

method is able to sufficiently compensate for the decreased sample rate down to, but

not including, 1 Hz. The angular resolution of the sensor was shown to have little

effect while being sufficiently compensated for in the tuning methodology. However,

it is ill-advised to choose a sensor angular resolution that results in an incomplete

detection zone around the UAV. The obstacle width parameter is shown to directly

influence the collision avoidance sensitivity, with smaller obstacles producing more

sensitive (and therefore safer) fields while reducing pilot authority. Finally, the linear

velocity compensation proposed by Krogh [6] is found to perform best, but does not

provide sufficient damping to completely eliminate oscillations.
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A
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F

Figure 1.1: The UAV hardware stack with (A) RPLiDAR A2M8, (B) motors,

(C) Flight Controller (FC), (D) Raspberry Pi 3B+, (E) 25 cm propellers and (F)

downwards facing rangefinder. The image also shows dimensions of the center-to-tip

dimension (29 cm) and propellers(12.5 cm) used to calculate the safety buffer size.

1.4 Layout

The remainder of the document is structured as follows:

• Chapter 2 provides a background on robotics with a focus on mining robotics,

leading into a discussion on the use of UAVs in mines. The working principle

of quadcopters, a specific class of UAV with four motors, is then provided in

order to familiarise the reader. The chapter concludes with a description of

collision avoidance in terms of algorithms and the hardware required to realise

them.

• Chapter 3 discusses the history APFs, introducing the theory of operation as

well as the primary drawbacks of the approach. This is followed by an in depth

review of state-of-the-art literature on APF technology and it’s use in collision

avoidance and UAVs.

• Chapter 4 then follows on from Chapter 3, identifying the specific gap in liter-

ature that is addressed by this research. Here the specific research questions,

as well as the approach used to answer them, are given. Chapter 4 then de-

scribes the parametrisation method used to tune the APF algorithm. Chapter 4

also discusses key modifications to the APF algorithm to allow underground use.
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• Chapter 5 discusses the simulation environment in which a sensitivity analysis

is performed. Here, key APF parameters are tested at their limits in order

to assess their impact on performance. This set of experiments also serves

as a first-pass test of the parametrisation method, providing insight into the

real-world performance of the APF algorithm.

• Chapter 6 regards the hardware and software design that is used for validating

experimental results. It describes the configuration of the LiDAR scanner

used for sensing obstacles around the vehicle, as well as the Robot Operating

System (ROS) environment and custom software written to enable collision-

avoidance, teleoperation, data logging and representation.

• Chapter 7 presents the results of experiments, and discusses the outcomes of

each experiment from the simulation and the physical testing. It presents the

conclusions for the experimental validation performed on a physical platform.

• Chapter 8 is then the conclusion of the document as a whole, presenting briefly

the results of the research. It also provides a review of the methodology and

lists future prospects for the research, as well as for the DigiMine UAV project

as a whole.
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Chapter 2

Background

Narrowing the research context further from Chapter 1, two sources are

presented that discuss the requirements and limitations of an underground

UAV. Green [7] presents a semi-autonomous UAV as the result of a full

requirement elicitation process that included industry and leading research.

Within the DigiMine research group, Edwards [3] presents a vision-based

mapping system used in the WITS Mock Mine. The vision-based approach

unfortunately requires a lot of processing power, and is performed offboard

which introduces delay and range limitations.

The chapter then presents the basic working principle of the quadcopter

class of UAV. The minimum instrumentation required for a pilot friendly

UAV is detailed, with a discussion on levels of autonomy and abstraction.

An overview of obstacle avoidance techniques and sensor technology is then

detailed.

2.1 Introduction

The local context of this research is given in two theses which provide the formative

ideas and discuss the broader problems facing automated UAVs in mining. These

ideas are summarised below.

Green [8] describes a requirement elicitation technique in their thesis, and applies it

to an underground UAV to scan and inspect ore passes. They note that traditional

ground-based mining robotics do not have the vertical reach or agility to manoeuvre

these mining environments. Consider for example the CAESAR robot in Figure 2.1,

which cannot climb a slope with inclination more than 50° [9].
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Figure 2.1: The CAESAR tracked-robot, which provides thermal imaging and CO,

CO2, H2S, methane and oxygen sensors for disaster scenarios, amongst its many

other sensory and communication technologies.

Green [8] identifies the great risk to human life inside a mine as a major driving factor

for mine, health and safety research and development. A number of requirements

were identified for a robot that can either perform search-and-rescue or rock-pass

scan operations, some of which are listed below:

• Quick deployment.

• Man-packable (able to be carried by a man).

• Intrinsically safe/Flame-Proof.

• Semi-autonomous, such that there will always be a human in the loop, but

collisions should be avoided.

• Low cost.

• The ability to map and explore a tunnel or rock-pass.

With these in mind, Green [8] proposes a technology demonstrator with a Platform

Preservation system, consisting of 10 ultrasonic sensors in an array to detect and

avoid walls in the environment. This would be mounted to a UAV, along with a

depth sensor for mapping and visualisation. A key requirement for the UAV system

is an operator interface, which should provide live sensory information, and allow for

the user to easily input a new trajectory.
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Through testing and the requirement elicitation process, Green [8] notes a number of

key factors to be considered in an underground mining environment, many of which

were also observed in [10, 11]. These factors are:

• Ventilation air-flow causes drift.

• Dust ingress.

• WiFi/Control signal integrity.

• Limited Flight time.

There are many more applications for UAVs inside a mine other than rock-pass

inspection, such as mapping and ventilation monitoring but the requirements and

limitations listed above are ubiquitous to the mining environment in general.

The thesis of Edwards presents a vision-based quadcopter mapping system to explore

and map mine tunnels at a low cost [3]. The research is the first output of the

DigiMine UAV project, and provides many lessons to be learned, primarily the

existence of noise in the positioning system (which was based entirely on the front-

facing camera), and the interference between communication systems, which both

operate at 2.4GHz.

The main problem with this interference is that the offboard controller for this

quadcopter had to be implemented on an external laptop, which required the vehicle

to remain tethered, introducing delay and limiting the operating range. Edwards

identifies a number of remedial actions:

• The development of a custom quadcopter to better withstand the dusty condi-

tions and payload requirements.

• Moving low-level control on-board (online processing).

• Improving the communication protocols to prevent interference.

Edwards shows that it is possible to obtain a detailed and accurate map of a mining

tunnel using off-the-shelf depth sensors, which fulfils one of many requirements

detailed by Green in [8]. Figures 2.2b and 2.2a show how the off-the-shelf sensor

point cloud compares to a survey-grade point cloud. However, the choice of a

depth-camera increases the payload requirements of the UAV.
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(a) (b)

Figure 2.2: Point clouds of the WITS Mock Mine tunnel, (a) using a survey-quality

sensor and (b) using a RGBD Scanner.

Figure 2.2a shows how accurate meshing and point cloud alignment is achieved by a

survey-quality Light Detection And Ranging (LiDAR) with markers providing exact

position information. Figure 2.2a shows that some scale and direction information is

lost using an RGBD scanner on a UAV because of positioning and tracking error [3].

The above projects are particularly relevant to South Africa, but UAVs in mining are

certainly a global trend. Above ground, companies such as senseFly, microdrones,

airobotics, DroneDeploy and RocketMine offer aerial inventory tracking, surveying,

traffic, blast, and water management for open-pit mines. Underground, however, new

applications are revealing themselves, spawning companies such as TerraDrone, Emes-

ent, ClickMox and Safesite Exploration. The existence of a market for underground

UAVs is an additional motivator for the furthering of the field.

2.2 Quadcopters

In this section the basic operational principles of a quadcopter are defined for some

insight into how the low-level controllers function on a flight controller, as well as

some factors influenced by a mining environment.
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We first define a UAV as any aircraft that is tele-operated (as opposed to traditional

aircraft which have the pilot on-board). Quadcopters form a class of UAV that

generate their lift purely from their 4 fixed-pitch rotors mounted on the ends of

symmetrical arms [12]. They have seen vast adoption in the industrial, research,

commercial and hobbyist sectors due to their growing ease-of-use, lower operational

expenses and extensive configuration options when compared to other aerial vehicles.

Quadcopter dynamics are elegant and well understood, but the same principles for

modelling and control can be extended to other UAVs.

Before the basic operational principles of quadcopters are discussed, it is necessary

to define a frame of reference.

2.2.1 Frames of Reference

A set of right-handed co-ordinate systems is defined:

• Let the map, N = {xN,yN, zN} be the world1 fixed-frame with the x-axis

pointing forward, y-axis pointing left and z-axis pointing up. Rotation about

the zN-axis (yaw) is represented by Ψ, rotation about the yN-axis (pitch) is

represented by θ and rotation about the xN-axis (roll) is represented by φ as

depicted in Figure 2.32.

• An inertial frame, I = {xI,yI, zI} is defined with it’s origin at the Centre Of

Gravity (COG) of the quadcopter and with its axis aligned with N.

• The body frame, B = {xB,yB, zB} also has it’s origin at the COG, but the

axis is always aligned along the quadcopters symmetry such that xB is always

pointing in the forward direction of the quadcopter, yB is always pointing left,

and zB is always pointing up from the centroid of the frame. Figure 2.3 shows

how B (in red) and I are linked to the quadcopter frame.

1Naturally, the world is considered to be flat and infinite.
2All rotations are described in terms of roll, pitch and yaw, and should be referred back to this

definition.
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(a) (b)

Figure 2.3: A side view (a) and top view (b) of the frames of reference B and

I attached to the quadcopter with roll (rotation about the x-axis) (a) and pitch

(rotation about the y-axis) (b). The map frame (N) origin is located where the UAV

started it’s motion.

Figure 2.3 shows how each reference frame for the body (B), inertial (I) and map

(N) frames are situated relative to each other. The body frame can be seen to rotate

about the inertial frame as the UAV rolls, pitches, and yaws. Both the body and

inertial frame translate together relative to the map frame of reference in x, y, and

z directions.

2.2.2 Working Principle

There are two primary configurations of a quadcopters frame orientation for the

forward direction as shown in Figure 2.4. Both the ’X’ and ’+’ orientations provide

symmetry along the forward axis, which is important for the stability of the vehicle.

The analysis for an ’X’ configuration is given, but the operational principles of the

two are similar.
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Forward

Figure 2.4: The ’+’ and ’X’ frame orientations of a quadcopter, where the red arrow

indicates the forward direction for each orientation.

By turning electric rotor s with angular velocity ωs, aerodynamic lift force from the

propeller generates a thrust, Ts, applied perpendicular to the rotor.

Then, varying ω1−4 varies the thrust of that rotor, generating a torque about the

COG of the vehicle, which is the primary actuation for the system. This induces a

rolling, pitching, yawing or thrusting action which enables the quadcopter to move

with Six Degrees of Freedom (6DOF) in the body frame.

Figure 2.5: A mechanical model of a quadcopter frame showing the angular velocity

of the rotors and net translational vector of the body.
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As an example, if we reduce T1 and T2 relative to T3 and T4, the quadcopter will

pitch forward and the total thrust-vector of the quadcopter will now have some

component in the x-direction, resulting in forward translation. This is illustrated in

Figure 2.5, where the thicker lines on the left-most motors’ angular velocity arrows

indicate an increased motor speed. Faster motors result in more thrust and therefore

a net torque, which causes the UAV to pitch. This finally results in a translation as

the total UAV thrust vector now contains a horizontal component, indicated by the

vector v.

With only 4 inputs and 6DOF quadcopters are under-actuated, inherently unstable

and require dynamical modelling and control to produce stability. While the system

model and control is beyond the scope of this research, it is important to understand

what is meant by stability. We define the stable zero-equilibrium state as one where

the quadcopter is level i.e roll and pitch are zero, and yaw-rate is zero. Stability

outside of the zero-equilibrium state should then be such that the operator can

command attitude setpoints for roll, pitch and yaw-rate in order to translate and

rotate the quadcopter.

In order to fully realise a stability controller, an Inertial Measurement Unit (IMU)

is typically placed on the quadcopter to measure the attitude angles and rates as

well as a barometer for the altitude. A modern FC performs computations at high

rates to control the system dynamics. These devices implement what is known as

attitude (η̇) estimation and control, and a common approach uses two nested PID

controllers for roll, roll-rate, pitch, pitch-rate, yaw-rate and thrust control. This level

of attitude stabilisation is what [13] describes as a pilot-friendly quadcopter, without

which it would be impossible for a human to pilot.

GPS-enabled quadcopters then use some separate position control to perform position,

velocity and trajectory tracking. In GPS-denied environments it is expected that

a quadcopter will drift due to external factors in the environment, sensor error,

construction tolerances and non-linearities in the model. The pilot will need to

compensate for this drift to avoid collisions, but the lower-level control at least

abstracts the unstable vehicle dynamics.

With this abstraction in place (in the form of mature, well-tested flight controller

hardware and software, which exists in many forms), it is possible to consider further

levels of autonomy as described in Table 2.1.
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Table 2.1: Levels of Autonomy. As the level increases, the required pilot involvement

decreases, but the required on-board and logical control level increases.

Level Type Description

1 Attitude
The quadcopter autopilot maintains a stable at-

titude. The pilot controls all other functionality.

2 Pilot Assistance
The quadcopter is able to sense obstacles and

alert the pilot.

3 Collision Avoidance
The quadcopter actively avoids collisions, over-

riding pilot commands.

4 Path Following
The pilot creates a pre-determined path for the

quadcopter, which it is able to execute.

5 Path Planning

The system can plan and follow it’s own paths,

providing self-correction to it’s internal path

planner.

Table 2.1 shows that as Levels of Autonomy for any system increase, human-

involvement decreases, while actuation and decision making load on some intelligent

system increases. In the case of the UAV, it is useful to understand the targeted

level when dealing with literature, project planning and outcomes.

This research targets a level 3 autonomous system, in which the quadcopter will avoid

collisions in lieu of pilot error, under the assumption that level-1 and 2 autonomy

are in place. For a mine environment this is absolutely critical, but also provides a

stepping stone towards more advanced levels of autonomy. This cascaded-control

approach is typical of many control systems and provides a holistic view of the

direction for increasingly intelligent machines.
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By understanding the working principle of a quadcopter and relying on an attitude

controller for roll, pitch and yaw, we abstract the complex rotational dynamics of

the vehicle to a translational problem only.

This is a useful abstraction because we can apply Cartesian thinking to the collision

avoidance problem, but it is important to be aware of the abstraction and its

limitations:

• Translation in x- and y-axes will result in some roll and pitch angle respect-

ively. Any relative range-readings will be affected by this angle according to

trigonometry.

• The vehicle will have both angular and translational inertia.

• The vehicle will only respond to actuation as fast as the underlying loop rate

allows.

• The translational dynamics are limited by the attitude controllers tuning

parameters (e.g. a sluggish roll PID tuning will result in sluggish translation).

The next section will discuss some other factors to consider for a quadcopter in a

mining environment.

2.2.3 Mining

Underground mining environments present unique opportunities for a UAV. Com-

pared to crawling-robots, UAVs are more manoeuvrable as they are not limited by

terrain, and can move in 6DOF. Because UAVs can fly, places that are inaccess-

ible to other ground-based robots may be reachable by UAVs. Like ground-based

vehicles, UAVs can also carry a payload, such as a LiDAR scanner or gas-detection

instrumentation.

UAVs are also a potential tool in a shift towards digitisation of mines, allowing

remote sensing throughout a large area.

There are some limitations for UAVs. Mining underground releases pockets of gases,

and in some cases these are explosive. This necessitates policies on possible ignition

sources, such as electronics. This is known as intrinsic safety, which limits energy

available to an electronic device and forces designs to consider all possible sources of

ignition such as electrical arcing and component temperatures.
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Designing an intrinsically safe UAV is not considered as part of this research output,

since certification around intrinsic safety is lengthy and depends on a static design[14].

A research prototype will be dynamic as design decisions change and new sensors

are added and removed.

Underground mines are dusty and wet, which could certainly pose a threat to the

quadcopter control circuitry and any moving parts. For this reason, an underground

UAV will need to consider Ingress Protection for sensitive components, but for the

same reason above, is not a focus of this research.

Vehicles underground operate in highly-constrained environments, increasing risk

to personnel, the vehicles themselves and infrastructure. UAVs are smaller than

human-operated mechanised mining equipment such as bolters, but flying in tight

spaces such as stopes and tunnels mean they are prone to collisions (A typical tunnel

will be between 2 m and 5 m).

To avoid collisions, a skilled pilot would need to navigate tunnels while also avoiding

walls and other hanging objects. In low-light conditions, or in the worst case, around

corners, this is impossible and some level of autonomy is required on-board the UAV.

Fortunately, the constrained environment underground allows the use of short range

(<30m) sensors to detect obstacles and localise the UAV in the space, which fits the

description for, and necessitates at least level 3 autonomy.

2.3 Obstacle Avoidance Overview

Developing fully autonomous vehicles for GPS-denied environments is a popular

topic for research and roboticists. There are many approaches for ground, aerial

and aquatic vehicles targeting different levels of autonomy. This research however,

operates within level 3 of the hierarchy detailed in Table 2.1, in which sensing of the

environment is actuated on automatically by onboard systems.

Collision avoidance has two approaches: global and local. Global methods rely on a

priori information about the environment and the obstacles in it, usually in the form

of a map. From this, a global algorithm can create optimal trajectories between two

arbitrary points in the entire search space.
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Considering not only the entire environment search space, but also the vehicles’

velocity space is a complex task; it is computationally expensive and is typically

pre-processed. The robot then navigates along this pre-computed, collision-free path.

A* and Voronoi graph approaches are popular choices for path planning, but the

true difficulty in global methods is the localisation and path following behaviours of

the robot [15, 16, 17].

Local collision avoidance methods rely on real-time sensor information to generate

control inputs that avoid obstacles. These methods are applicable to unknown

environments. Some local methods such as the front-facing doppler radar in [18]

and the Nearness-Diagram [19] are purely reactive and have no memory of the

environment or any predictive steps. The dynamic-window approach by Fox et. al

considers the robot dynamics and operates in a small window of the full velocity

space of the vehicle, providing some predictive control [20]. Bareiss et. al extend

this to also considers the users desired control input, and apply it to a UAV [21].

Other UAV collision avoidance approaches that have been tested in simulation include

an ultrasonic-based fuzzy logic controller [22], a open sectors method using LiDAR

[23] and vision-based methods [24, 25]. Lastly, the APF approach models obstacles as

negative charges which repel the ”negative” vehicle. This is the approach considered

in this research with details given in Chapter 3.

2.3.1 SLAM

Discussion on GPS-denied robotics would be incomplete without mention of Simultaneous

Localisation and Mapping (SLAM), which aims to localise an agent in an unknown

environment, while also generating a map of said environment [26]. SLAM algorithms

are important for robots aiming for more autonomy than level 3, since a reusable

map is required for path planning and exploration. An understanding of how SLAM

works is not required in this research. It can be treated as a black box, with inputs

being sensor data, and the outputs being a local map of the environment and the

position of the agent in the map.
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2.3.2 Sensors

In order for collisions to be avoided, they must first be detected by a sensor package

onboard the UAV. Researchers have considered many options, but the most common

sensors are non-contact rangefinders that have a low mass due to the limited payload

capabilities of a UAV. The popular sensor technologies are briefly discussed below.

A sonar sensor depends on the time-of-flight of a pulsed sound wave in order to

calculate distance. The wave is transmitted by an ultrasonic actuator, reflects off the

obstacle, and is detected by an ultrasonic actuator. The beam width of an ultrasonic

sensor ranges from 11°-62°, while their sensing rate (<10 Hz) and range (<10 m) are

limited by the speed of sound. Despite their less than 12 g mass and 20 mW average

power consumption (which makes them ideal for a UAV) they have been shown

to have poor directionality due to the wide beam angle and frequent misreadings,

especially when the angle of incidence on the object is high. However, these downsides

haven’t prevented their use as a collision avoidance sensor [27, 28, 29].

LiDAR functions in a similar fashion to sonar, except instead of sound, it pulses

laser light. Since the speed of light is much greater than that of sound, a LiDAR can

perform range measurements much faster (>4000 Hz). Since the beam angle of a

single LiDAR is small <1°, the laser is often spun to provide range measurements in

a plane, which reduces the effective scan-rate as a function of the rotation rate. The

range (between 30 cm and 200 m), sample rate, mass (≈1 kg) and power requirements

(≈2 W) of rotating LiDAR make them suitable for UAV collision avoidance and

real-time SLAM [30].

The last common sensor, as used by Edwards [3] is the visual and visual-with-depth

approach. Cameras are lightweight and cheap but produce a large amount of data,

with an RGB camera requiring an order of magnitude more bandwidth than a LiDAR

at the same frame rate. This increased data rate requires a fast processor which in

turn increases power, battery and thrust requirements. With a reduced framerate

however, they have found success in [24, 25]. By considering multiple consecutive

frames or corresponding images from multiple cameras, depth can be extracted from

the environment to measure obstacle proximity. Unfortunately, cameras present

weakness in low-light situations making them unsuited for mining environments,

although an iteration on LiDAR technology called RGB-D uses a matrix of lasers to

directly measure depth, which is then mapped onto an RGB frame. These devices

are promising for future robotics, but their mass and power requirements are still

too large for UAV consideration.
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2.4 Conclusion

A review of the working principle for a UAV is given, leading into a basic overview

of how a pilot-friendly controlled UAV is able to abstract the complex dynamics into

a translational problem. The challenges facing a UAV in a mining environment are

presented, with specific focus on the spacial constraint that necessitates collision

avoidance. Strategies for actively preventing collisions are given, where it is shown

that global methods are not appropriate in the GPS-denied underground environment.

Finally, three core rangefinding technologies namely sonar, LiDAR and camera are

detailed listing their features and applicability to the research.

The chapter to follow discusses in depth the history of the APF algorithm, detailing

it’s origins, formulation and current state-of-the-art adaptations to robotics.
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Chapter 3

Artificial Potential Fields

In this chapter the mathematical foundation for the APF collision avoidance

algorithm is given, displaying the elegance of modelling the environment

and an agent interacting via contrived forces. It is shown how this idea

is used to compute collision-free paths through a known environment as a

global planner, or to act in real-time as a low-level controller reacting to

local changes. While versatile and computationally efficient, under some

conditions there are 3 major problems: Goal Non-Reachable with Obstacle

Nearby (GNRON); local minima; and oscillation, which are elucidated in this

chapter. Following that is a review of the literature, from major historical

contributions to more recent applications to UAVs. The holes in literature,

particularly those that this dissertation aims to fill, are then connected

together in the conclusion.

3.1 Review of Artificial Potential Fields

3.1.1 Modelling and Formulation

The APF algorithm is first described by Khatib [31] as a solution for real-time

obstacle avoidance for manipulators and mobile robots. The philosophy of this

approach is given by Khatib [31] as follows.

The manipulator (or mobile robot) moves in a field of forces. The position to be

reached is an attractive pole for the end-effector, and obstacles are repulsive surfaces

for the manipulator parts.
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The strength of the algorithm is in the abstraction of desired position and obstacles

into attractive and repulsive forces respectively. This allows the manipulator to treat

the observed environment as a field of forces, the mathematics of which are well

understood in terms of vector calculus. An attractive potential is formulated that

will be large when the end-effector is far away from the goal, and 0 when the effector

is at the goal [31]. The quadratic attractive potential is given by:

UAtt =
1

2
k(q − qg)2 (3.1)

where
k = Positive attractive gain

q = Current robot position [m]

qg = Goal robot position [m]

To calculate the resultant attractive force, the negative gradient of the potential is

taken. 1

FAtt = −∇UAtt = k(q − qg) (3.2)

The repulsive force produced by an obstacle is chosen to tend to infinity as the

robot approaches the obstacles surface, much like two negative charges as described

by Coulombs Law. The vector between the obstacle surface and the robot (~ρ) is

calculated by ~ρ = q − qobs. Khatib [31] specifies that the potential function should

be non-negative, continuous and differentiable within the region of influence (and 0

otherwise), choosing the following:

UO =


1
2η(1~ρ −

1
ρ0

)2, if ‖~ρ‖ ≤ ρ0

0, if ‖~ρ‖ > ρ0

(3.3)

where
‖ · ‖ = The l2-norm of a vector, denoting Euclidean distance [m]

η = Positive repulsive gain

ρ0 = Repulsive distance threshold [m]

~ρ = Distance vector between the robot and the obstacle surface

[m]

Once again, the negative gradient of the obstacle potential is taken to compute the

force on the manipulator, which is seen to decay exponentially with distance:

F0 = −∇U0 =

η( 1
‖~ρ‖ −

1
ρ0

) 1
‖~ρ‖2∇~ρ, if ‖~ρ‖ ≤ ρ0;

0, if ‖~ρ‖ > ρ0;
(3.4)

1The 1
2

factor from Equation 3.1 exists only to cancel with the 2 that comes out of the derivative.
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Here, ∇~ρ denotes the partial derivative of the vector, and provides directional

information. Where there are many obstacles the total repulsive force is computed

by the vector sum of the repulsion from each obstacle:

Frep =


∑n0

i=0 η( 1
‖~ρi‖ −

1
ρ0

) 1
‖~ρi‖2∇~ρi if ‖~ρi‖ ≤ ρ0;

0, if ‖~ρi‖ > ρ0;
(3.5)

where
n0 = Number of obstacles

~ρi = Distance vector between the robot and the ith obstacle [m]

The total APF is then the sum of the attractive force in Equation 3.2 and repulsive

forces in Equation 3.5, Ft = FGAtt + Frep [31]. Since these forces are artificial, and

not actually acting on the manipulator, it is important to note that this is used as

the control input to the manipulator, that then should be translated to motion by

actuators, and is limited by the capabilities of the actuators or mobile robot.

3.1.2 Use in Robotics

It is noted that in Khatibs [31] work obstacles are modelled by geometrical primitives

such as ellipsoids and points which are fed to the algorithm from some higher

level controller. With modern sensing such as LiDAR the obstacle surfaces can be

measured and directly used by the algorithm. Each point sampled on the obstacle

surface from the robot-mounted sensor can be used to measure the distance vector

(~ρi). This makes the algorithm suitable then for not only manipulators, but also

mobile robotics as a reactive real-time collision avoidance algorithm, responding to

live distance measurements in order to compute the repulsive force. This is also

known as online and local collision avoidance.

In a fully known environment in which a robot is able to localise, the APF algorithm

has seen use as a global (also offline, a-priori) path planner, computing a collision-free

trajectory for the robot to move from a starting position to a goal. By discretising

the environment with known obstacle positions and sizes, the entire space can be

mapped by the potential function. Then, given some goal position, a path can be

found using a heuristic function.
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Figure 3.1: A contour plot of the potential field computed around a set of known

obstacles with a goal position, represented by a red dot at (0.5, 0.5). The colorbar

denotes potential, and is capped at 1.

An example environment with multiple obstacles is shown in Figure 3.1, where the

contours represent equipotential regions. Starting anywhere in this environment, a

path to the obstacle can be computed through, for example, gradient descent. Note

in this example that the region of minimum potential is not actually at the goal, one

of three key problems faced by the APF algorithm, discussed in more detail in the

next section.

3.1.3 The Goal Non-Reachable with Obstacle Nearby Problem

It is well known, even by Khatib [31], that the APF approach exhibits minima

problems. Figure 3.2 shows the problem on a macro scale: with an obstacle positioned

at (0, 0), and the goal at (0.5, 0), the potential is computed by the sum of repulsive

and attractive potentials at every point in the environment. Starting at any position

in the field (except inside the obstacle), the artificial force on the robot will attract

it to the global minima, which should be ideally be at the goal position. However,

the global minima is at (0.48, 0) instead, which describes the Goal Non-Reachable

with Obstacle Nearby (GNRON) problem for potential fields (attributed to Khatib

[31]) since the robot will not reach equilibrium at the goal.
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Figure 3.2: The APF computed around a single obstacle at (0, 0), with a goal at

(0.4, 0).

Figure 3.2 highlights the GNRON problem, showing the Global Minimum Potential

of this APF (red dot) being at a different position than the target position (blue

dot).

The target position is too close to an obstacle for the attractive force to overcome

the repulsive force of that obstacle. In the local collision avoidance context however,

this becomes a nonissue, since the goal is either non-existent (as is the case in this

research) or being constantly updated by a higher level navigation system which can

get the vehicle out of minima traps.

3.1.4 Local Minima Traps

Another flaw of the APF algorithm is the existence of local minima or trap-situations

[32]. Consider Figure 3.3, which shows two distinct minima for the artificial potential

around two obstacles. If the robot were in either one of the minima, with the goal

being the other minima, it could possibly be trapped there if the attractive potential

is too low to overcome the ”hump” between the obstacles. In the global path planning

case, this is solved by Lee and Park [33] by creating an artificial obstacle at the

local minima, however for the local case, the problem leads to the inability to pass

between closely spaced obstacles.
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Figure 3.3: The APF computed around a pair of obstacles at position (1, 0) and

(-1, 0). Equipotential regions of the field are shown by contour lines, where the field

intensity is capped at 1. Two local minima are shown.

In Figure 3.3, while the potential between the obstacles (at (0, 0)) is relatively low,

the gradient leading up to that midpoint is the barrier to entry. For an agent acting

in this field to move from one minima to the other, it must navigate through a steep

potential gradient (in the saddle). If the agent has insufficient attractive force to

overcome the gradient, it is said to be trapped in a local minima.

3.1.5 Inherent Stability and Oscillation

The APF algorithm has distinct popularity due to it’s stability in obstacle-dense

environments. Stability in this sense is that the minima of the potential field are

regions that are spatially central, and are therefore their maximal distance from all

obstacles within the repulsive threshold, and therefore at the lowest risk of collision.

However, this field cancellation effect is not always desirable.
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Figure 3.4: The valley shape along the x-axis between two obstacles, showing the

minimum potential as the midpoint between them.

Consider two obstacles which create a potential valley between them as in Figure 3.4.

A robot acting along the x-axis only, would be “pushed” into the midpoint between

the obstacles, similar to a marble in a bowl, but in the same fashion would exhibit

oscillatory motion before settling due to its friction. The problem is well known

[31, 34, 32] and becomes particularly problematic for fast moving robots, narrow

passages and/or obstacle perturbations. This will have to be addressed in order

for the UAV system to be useful underground, where there are particularly narrow

passages.

3.2 Literature Review

The APF approach and it’s various problems are the topic of much research in

robotic path planning, going through various iterations trying to address the major

issues detailed above. The major variations are discussed below, as well as their

applicability to the research.

Krogh [6] expanded on the concept by considering the relative velocity of obstacles,

adjusting repulsive parameters to compensate for the momentum of the vehicle in the

local/real-time context in order to reduce oscillations, and prevent potential collisions

due to high speeds . This velocity can be computed using the same sensors used for

local collision avoidance, requiring no absolute vehicle velocity to be computed.
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Figure 3.5: A mobile robot moving towards a static obstacle, which takes two range

samples from the rangefinder on the right, first at position A, and then at position B.

Consider the mobile robot in Figure 3.5, which measures the vector to the wall at

two positions (denoted by ~ρti) as it moves. The relative velocity is then found using

the rate of change of the vector (which is linked to the sampling rate of the sensor):

~vti =
~ρti −

~ρt−1i

∆t
(3.6)

In the case shown in Figure 3.5, the vehicle itself is moving both vertically and

horizontally, but the relative velocity of that particular rangefinder will record a

horizontal velocity only. The velocity scaling factor is defined for every obstacle as a

linear function of the relative velocity and the maximum velocity of the robot[6].

λi =

1 +
|~vti |
vmax

if ‖~vti‖ ≤ 0;

1 if ‖~vti‖ > 0;
(3.7)

where
λi = The velocity scaling factor for the ith sensor

vmax = The maximum translational velocity of the robot [m/s]
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This scaling factor is only relevant when moving towards an obstacle, and has the

effect of increasing the repulsive force when included in Equation 3.5.

Frep =


∑n0

i=0 λiη( 1
‖~ρi‖ −

1
ρ0

) 1
‖~ρi‖2∇~ρi if ‖~ρi‖ ≤ ρ0;

0, if ‖~ρi‖ > ρ0;
(3.8)

Thorpe and Krogh [6] then developed the Generalised Potential Field (GPF), which

computes and follows critical waypoints using a priori environment information, all

the while sensing and reacting to local/unknown obstacles along the route using

the velocity-compensated APF . This method relies on some previous information

to compute the critical waypoints, and suffers from many of the same problems

described above, although oscillations are damped by the consideration of relative

velocity. This method is able to effectively damp oscillations in tight tunnels, as well

as increase robustness of the algorithm at higher velocities when used on a ground

vehicle.

Borenstein and Koren made many contributions to Artificial Force Field (AFF)

methods (the class of collision avoidance algorithms that use some artificial field),

building on the work of Khatib [31] and Krogh[6]. The Virtual Force Field (VFF)

method for local path planning and collision avoidance described in [28] uses a

certainty grid to deal with the many shortcomings inherent in ultrasonic sensors as

discussed in Chapter 2. The area around the robot is divided into a grid, and sensor

hits within the grid increase that cells certainty. Cells within a window around the

vehicle, with sufficient certainty then generate repulsive forces.

To overcome local minima, a trap-state detection algorithm is used, with a wall-

following algorithm to recover from the trap state, as well as the same relative

velocity considerations as Krogh [6] for reducing oscillations. However, after a

detailed analysis and critique of APF algorithms [32], [34] developed an alternative

Virtual Force Histogram (VFH) approach . This method still models the world as a

grid, but it then reduces the local obstacles to a one-dimensional polar histogram, in

which it chooses the best candidate angle to be the commanded direction. Relevant

to this research however are key trajectories that are shown to cause unstable or

undesirable behaviour for APFs:

• Closely spaced obstacles,

• Step-changes in a wall, and

• Narrow passages.
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The VFH approach is particularly suited to non-holonomic steering vehicles such as

ground-based rovers or autonomous vacuums, but have been implemented for an

outdoor UAV by van Breda [35]. Van Breda used the A* algorithm with the VFH

method for an outdoor UAV to perform collision avoidance. His experiments show

the vehicle navigating through obstacle gaps of 10m, which is too unconstrained for

a mining environment. The dependence on a Global Navigation Satellite System

(GNSS) or odometry system to create a global grid disqualifies both the VFF and

VFH approaches for an underground robot.

In more recent times, Sfeir et al propose a modified potential field that guarantees

that the field potential will be minimum at the goal, regardless of nearby obstacles

[36]. This eliminates the GNRON problem, however they note that the local minima

problem is still present. They are able to reduce oscillations by adding a rotational

force, turning the vehicle away from obstacles as they come into the periphery, which

is particularly important for ground based and non-holonomic vehicles. They also

note that the proper choice of parameters leads to smoother trajectories, but that

the only way to find them is through trial and error.

Cho et al. present another form of potential fields that models obstacle position within

a Gaussian distribution, creating the repulsive potential field from that. Similar to

the VFH, they then compute the lowest-collision-likelihood direction that is most

similar to the goal direction. This is also how many gap-finding algorithms function.

Their Obstacle Dependant Gaussian Potential Field (ODGPF) is immune to the

local minima and global minima problem, and performs well around sparse obstacles

compared to other APF methods, but once again is more applicable to non-holonomic

vehicles in its current form.

Asadi and Ozgoli compare their own novel approach using Nesterov’s Accelerated

Gradient against a momentum-based and gradient descent optimisation, showing

reduced oscillations and smoother paths. However, their method is not that much

better than a momentum-based method, and is also applicable to path-planning

rather than pure collision avoidance.

While a UAV is not strictly holonomic, since it rolls and pitches in order to translate, it

can be treated as such in the context of an APF. Recent literature provides evidence

that real-time collision avoidance for a UAV is possible using a potential-based

method.
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Mok et al. simulate a guided point-mas flying through a field of obstacles using

a Gaussian Mixture Model to represent them (as opposed to primitives), and the

Expectation-Maximisation (EM) algorithm to update the model with new data [37].

The EM approach allows for the predictive avoidance of dynamic obstacles, while

not being computationally expensive, but this was not validated in their approach,

nor was there experimental demonstration of the techniques.

Keeping a human in control of the UAV, while decreasing the level of competence

required to operate them is a recurring theme iterated by many researchers. In

this method, the attractive vector is defined by an operator input and coupled with

some sensory information, the user can avoid local minima, while the APF algorithm

provides reactive collision avoidance. In this way, a human performs higher-level

navigation, while an on-board system performs lower level control and collision

avoidance. The benefit of this is a relaxation of the computing requirements that

one might need for a full 3-dimensional SLAM and autonomous navigation approach,

which is of course favourable for reducing human input, but greatly increases costs,

sensor requirements, network bandwidth, mass and complexity.

A great example of a human-in-the-loop approach is given by Lam et. al [13], which

proposes that haptic feedback provides an intuitive operator interface, resisting pilot

control inputs based on obstacles sensed in the environment. They use two novel

AFFs called Basic Risk Field (BRF), which is based on the theory of the GPF

and Parametric Risk Field (PRF), which considers the vehicle diameter, stopping

distance, operator reaction time and maximum deceleration.

They also perform a sensitivity analysis of their algorithm in a 2D simulation under

the assumption of a linear transform function between the velocity command and the

UAV velocity. The obstacle-rich environment introduces the vehicle to the following

situations: control vector directly into a wall, control vector parallel to a wall, moving

from a wide tunnel into a narrow tunnel with a step-like change, control vector

through closely-spaced obstacles. Note the similarity in experiments with [32]. From

this sensitivity analysis, a range of values for the repulsive gain is found, noting that

smaller values result in a field that is too weak to avoid collisions, while larger fields

prevent freedom of movement. The simulated sensor is a 360o scanner with a 50m

range, which provides environment information to both the PRF and BRF, with

the PRF showing superior performance in terms of robustness against collisions and

oscillation as well as faster robot velocity.
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Lam notes an important tradeoff between safety and operability that is controlled

through parameter selection. Fields are not only influenced by the choice of paramet-

ers, such as gain and maximum repulsion, but also by the environment: how close

together passages are between obstacles and the geometry of obstacles.

Moving underground, Kanellakis et al. [38] propose using a simple APF for a UAV

to fly in a mine shaft collision-free. Using ROS and Gazebo to simulate the dynamics

of a hexacopter, as well as a simple ultrasonic array, the APF implementation was

able to locally replan the trajectory through a 30m vertical mineshaft with obstacles

that intentionally obstruct the initial trajectory. The approach is simple but effective,

and while not particularly novel in the development of APFs, demonstrates their

versatility as well as suitability for use in mining environments.

In general, literature shows the vast use cases for APF in many spheres of robotics,

and with papers being published as recently as 2019 on the topic, shows the relevance

of the algorithm. Despite the vast amounts of processing power available compared

to the times of first conceptualisation, there is still vast opportunity for real-time

algorithms with low computational cost.

3.3 Conclusion

The APF method is designed such that obstacles impose a repulsive force on an agent.

From this concept a mathematical description is given, allowing the algorithm to be

applied across many situations where collisions must be avoided. While relatively

weak as a global path planner due to the GNRON and local minima, it is suitable as

a real-time system since obstacles far away do not impact the agent, while nearby

obstacles cause a repulsive action. A review of the literature reveals the adoption of

APF onto many Unmanned Ground Vehicles (UGVs) with success.

UAVs are identified in the previous chapter as requiring active collision avoidance in

order to operate in underground mines, and the APF algorithm is a popular choice

in literature. The risk of performing collision avoidance experiments with real UAVs

has driven most of the research to be performed purely in simulation. Collisions

do not matter in a simulation, and the only cost of choosing poor parameters is

having to reset the vehicle. In a real-world scenario, the parameter selection must be

reasonable before flight tests in order to prevent irreparable damage. If this can be

achieved, real experimentation is warranted as a verification of simulation results.
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Chapter 4

Problem Statement and Experiment

Design

An analysis of the above literature is given in order to identify the lacuna in

knowledge that this research aims to fill. The research is then split into

specific questions, detailing how they can be measured through metrics.

The research objectives are:

• A novel tuning methodology for the APF algorithm.

• An experiment testing intrinsic parameters used by the tuning mech-

anism.

The tuning methodology is detailed in this chapter followed by considerations

required for underground teleoperation. Finally, the experiment design is

given.



34

4.1 Research Questions

Literature on collision avoidance discussed in Chapter 2 reveals many local and

global approaches to collision avoidance. Focusing on local, real-time contexts, the

APF approach stands out as a simple, elegant and fast algorithm. In Chapter 3,

the problems of oscillation, GNRON and local minima are detailed, as well as the

long history of contributions to try and address these, as well as many simulated

applications of the algorithm. Since the APF method will be used for real-time local

collision avoidance, oscillations and local minima will have to be addressed.

Many researchers note the importance of parameter selection in the performance

of the algorithm, but tend to tune the parameters through trial-and-error, which is

time consuming. Iterative tuning also increases the risk of dangerous UAV collisions.

Narrow tunnels and gaps between obstacles are noted as a particular challenge for

APFs, causing oscillations, and minima traps for poorly tuned fields [32]. Existing

literature also neglects the effects of sensor sampling rate, angular resolution and

noise on the algorithm. Taking into account these deficiencies, noted from literature,

the following research objectives are given:

1. Provide a methodology for choosing potential field parameters η and

ρ0, rather than through iterative testing. Also provide a sensitivity

analysis of these parameters, as well as sample rate and angular

resolution (similar to Lam et. al [13]) noting each parameters impact

on APF performance in terms of controllability, oscillation and

proximity.

2. To determine how the tunnel and gap width affects the performance

of the APF. This will help determine the algorithm’s suitability for

the constrained mining environment.

4.1.1 Safe Flight and Metrics

In order to resolve these issues quantitatively, a metric is used to benchmark ex-

periments. A simple but effective metric is to compare the number of collisions of

the UAV across each experiment as in [21], but a single collision is enough to cause

unrecoverable damage to the test platform.



35

Another metric often used shows the vehicle trajectory in the environment in the

presence of obstacles using some third-party position-tracking such as a VICON

motion capture system, which is expensive, or GNSS, which doesn’t work under-

ground. Instead, the trajectory in the real-world experiments is tracked using a

SLAM implementation that is a combination of the Canonical Scan Matcher [39]

for odometry and a Rao-Blackwellized particle filter SLAM solution [40]. In the

simulated environment, the vehicle position is a known state which can be used to

track the trajectory without any SLAM method.

Showing the UAV trajectory provides a tool for observing oscillations and local

minima. However, trajectory alone is difficult to compare. In the sensitivity analysis,

the flight performance metric for pilot authority and oscillation is calculated as the

deviation of the real trajectory from an idealised path through the fixed environment.

In the actual experiments, the metric is calculated as the deviation of the total

applied force from the pilot intended force.

Proximity to the nearest obstacle provides another metric that is useful for determin-

ing if safe flights are achieved under different conditions. A definition for safe flight

is to follow. A collision will occur if an obstacle is closer than the vehicle dimensions

(rvehicle), defined as the distance from the center of the UAV to the tip of the blades,

as shown in Figure 4.1. It is critical that a collision avoidance algorithm avoids this

situation.

A buffer is necessary to reduce the risk of the wall effect. The wall effect is a

phenomenon describing the unstable aerodynamic behaviour of a spinning rotor near

a surface, which causes vehicle instability, increasing the risk of collision [41]. The

wall effect buffer (rwall) should be at least rvehicle
2 , as the wall effect is negligible at

this distance[41]. While translating the UAV has momentum based on it’s velocity

and so cannot stop instantly, even if commanded to. A second buffer accommodates

for the distance that could be covered between sensor samples (sensor sample period,

Tsensor) while at maximum speed. This is a static value, since the vehicle maximum

velocity and sample delay are both static values based on the platform and sensor

selection.

rvelocity = Tsensorvmax (4.1)

Safe flight is then achieved when no obstacle is measured in the buffer region,

meeting the following condition. Figure 4.1 shows the buffer components relative to

a UAV frame.

~ρi > rbuffer = rvehicle + rwall + rvelocity (4.2)
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Figure 4.1: The safety buffer distance relative to the UAV.

In Figure 4.1 above, the safety buffer is defined as the region around the UAV in

which obstacles can cause unsafe conditions. The safety buffer is composed of the

vehicle, wall-effect, and velocity buffers. Obstacles within a circle centered at the

vehicle centre with diameter equal to the tip-to-tip dimension will cause irreparable

damage to the UAV blades. A wall within the wall-effect buffer may trigger the

wall effect, effectively pulling the UAV towards the wall and resulting in a collision.

Finally, the velocity buffer is designed to compensate for the distance that could be

covered by the UAV at maximum velocity between two sensor samples.

In some research, the safety buffer may be formulated differently, and is used to

artificially increase the size of obstacles in the periphery [42, 20, 13]. In the APF

context however, it is desirable to have a maximal repulsive force vector from an

obstacle on the edge of the safety buffer. This idea is what leads to the following

section.

4.2 Parametrisation

This section proposes a method for choosing parameters of the traditional APF. By

considering the minimum size of the obstacle to be avoided and the sensor angular

resolution, it is possible to calculate the repulsive gain η, which is arguably the most

important parameter to tune, since setting it too low could cause collisions, while

setting it too high leads to the attractive forces being negated, and possibly unstable

oscillations, again leading to collisions. Quantifying this range of values is left up to

the sensitivity analysis in Chapter 5.
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Consider a single obstacle with a flat side of length w which is sensed by radial

rangefinders from a distance (d) as in Figure 4.2. We then ask the question “what is

the minimum repulsive gain that will guarantee 100% repulsion at this distance?”.

To answer this question, first note that the rangefinders with some angular resolution

θres
1 will measure

n0 = b
2arctan( w2d)

θres
c (4.3)

points on the obstacle . The resultant force vector Frep can then be computed for all

points (~ρi) by Equation 3.5 which is rearranged to obtain the following form:

η =
Frep∑n0

i=0(
1
|~ρi| −

1
ρ0

) 1
|~ρi|2

(4.4)

Choosing the maximum magnitude for Frep to be 1 (corresponding to 100% repulsion),

the value for η can be determined that will guarantee maximal repulsion at distance

d for an obstacle size w. The value of d should be equal to the safety buffer (rbuffer)

defined in the section above.

It is important to note the approximation of all obstacle surfaces as flat, where

one can certainly expect to encounter many different surfaces. Obstacles which are

perceived as smaller than w are likely to result in unsafe conditions, however, the

parametrisation technique does provide a method of obtaining sensible parameters,

which is an improvement on the risky trial-and-error approach.

The next important parameter to characterise is the repulsive distance threshold, ρ0.

The effect of this variable is twofold, first as the maximum distance from which a

force can be applied, and second as a reciprocal term in the repulsive field, causing

the field intensity to be zero at the threshold, which ensures smooth and continuous

behaviour. The greater this distance threshold, the smaller it’s effect on the field,

since obstacles further away provide exponentially lessening force, but also because

the 1
ρ0

term becomes smaller. The choice of this parameter is then controlled by

the maximum useful range of the sensor, but also the desired steady-state distance

from obstacles given no input (obstacles will continuously apply a force while within

the threshold). In corridors and obstacle-dense environments, it is desirable to have

force effects from as many obstacles as possible in order to achieve spatial centering

as well as prevent oscillations. For this reason, ρ0 should be equal to the maximum

useful range of the rangefinder in an obstacle-dense environment.

1For a LiDAR sensor, this angular resolution is a fixed value decided by the OEM. In the case

of an ultrasonic or other single-point rangefinder, array as in Du and Liu, the angular resolution

depends on how they are arranged on the platform [22].
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Figure 4.2: A single static obstacle with a fixed width at a known distance from a

set of sensors

In Figure 4.2 a LiDAR sensor at a distance d from a wall of width w detects three

points (ρ1,2,3) on the wall. The angle between the rays connecting each point and

the LiDAR is θres, a property of the LiDAR scanner. Using this geometry, and the

formulation for the APF algorithm, it is possible to calculate the repulsive gain η

that would provide the desired magnitude of the repulsive vector Frep to keep the

wall within a safe distance.

4.3 Adapting APF to Underground Teleoperation

Some modifications to the APF algorithm are required to enable teleoperation of a

UAV underground. In Chapter 3, the field intensity is computed for every point a

discretised environment, determining the potential across the 2D environment. This

is computationally intensive, and unnecessary since the force of each obstacle on

the vehicle at it’s current position can be computed directly using Equation 3.8.

The GPF proposed by Krogh [6] is preferred to the standard APF since it damps

oscillations, and enables more robust collision avoidance at higher velocities, or in

the presence of external disturbances such as wind.
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The attractive force is redefined to allow direct human input as opposed to the goal

position. Instead of being derived by the gradient of potential, it is given simply as a

function of the human (or higher level controller) desired direction.

FAtt = ~u (4.5)

where

~u = A control vector for teleoperation in the range [−1→ 1]

The control input is still a sum of the attractive and repulsive force vectors, each

mapped into the range [−1→ 1]. These control vectors dictate the desired translation

vector, but since the UAV is non-holonomic, the translations are to be transformed

into roll and pitch rotations. Yaw rate and height are controlled separately by the

pilot.

4.3.1 Human Teleoperation

In hobbyist UAV flight, pilots interact with the flight controller using a radio

transmitter, demanding roll, pitch, yaw and thrust set-points. The pilot receives

limited telemetry such as battery life and current attitude, which is insufficient for

laboratory setups. Adapting hobbyist hardware and technology is important to reduce

cost and development time. Researchers typically rely on a WiFi connection to relay

far more telemetry back to a computer known as a Ground Control Station (GCS),

storing and displaying information such position, attitude, sensor health and images.

The pilot then uses a human input device such as a joystick connected to the GCS to

command attitude. In this research, the pilot input is handled by the APF algorithm

running on the companion computer first before being passed to the flight controller,

as in Figure 4.3b.

Latency is a concern for a teleoperated device, with signal transmission delays in the

hundreds of ms possible for a noisy wireless network. For this reason, it is necessary

to compute essential collision avoidance components on-board the UAV. This also

solves the potential problem of a loss-of-signal wherein the companion computer can

process collision free trajectories without human input or reliance on an external

computer.
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Figure 4.3: Differences between a) the hobbyist communication stack and b) a

common research communication architecture.

Figures 4.3a and 4.3b above show two common communication stacks. Hobbyist

pilots do not require the level of control and telemetry that is available on the research

platform, and therefore need only a transmitter and receiver to command a UAV. A

research platform requires more stages to enable autonomy, so a WiFi based wireless

network is sensible. On the GCS side, a human input device allows pilot control over

the network, which is interpreted by software on the companion computer before

being relayed to the FC over a serial bus.

Another concern when teleoperating an UAV is line-of-sight. Hobbyist pilots typically

fly with the vehicle in full line-of-sight, but for a vehicle teleoperated underground,

this may not always be possible. This is where the WiFi network shines, since LiDAR

and camera information can be transmitted to the GCS to be used as visual feedback

for the pilot when the vehicle is not visible. Although not tested in this research, a

fully remote setup is enabled by the visual and sensor feedback, such that the pilot

and GCS can be situated above ground.
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4.4 Experiment Design

4.4.1 Sensitivity Analysis

The first set of experiments are designed to test intrinsic parameters used in the

parametrisation. The inputs to the parametrisation are the vehicle maximum velocity,

vehicle center-to-tip dimension, sensor sample rate, sensor angular resolution, sensor

maximum range and minimum obstacle width. For a given UAV, the maximum

velocity and center-to-tip dimension are fixed and it assumed that the sensor maximum

range is fixed.

To test the parametrisation method and the effect of sensor sample rate, angular

resolution, velocity compensation and the minimum obstacle size, a static simulated

environment is to be used. Each of the above variables are independent, varying

between extremes to observe: firstly under which conditions the parametrisation

fails, and secondly the broader effects of varying the parameters. The dependent

variables are then proximity, pilot authority and oscillations which are observed both

quantitatively and qualitatively.

The hypotheses are presented below for each variable:

• It is hypothesised that a decreased sample rate leads to an increased oscillatory

behaviour when using the APF algorithm.

• It is hypothesised that for very low sample rates, the parametrisation will not

create a sufficiently sensitive field to avoid collisions.

• It is hypothesised that a smaller angular resolution will result in a less oscillatory

response.

• It is hypothesised a lower minimum obstacle width will result in higher pilot

authority and lower proximity measurements.

• It is hypothesised that the GPF (APF with linear velocity compensation)

will outperform the standard APF in terms of proximity, pilot authority and

oscillation.
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4.4.2 Physical Validation

The second set of experiments are designed to put into practice the results of the

sensitivity analysis and to validate the APF algorithm functionality on a real UAV.

The testing environment also serves as a stress test to verify the algorithm at its

limits. Closely spaced obstacles, step changes along a wall and narrow passages

are shown by Borenstein and Koren [34] to negatively impact the APF algorithm

performance. The experiments are explicitly chosen to represent the worst case

scenarios of collision avoidance. In each of these experiments, the proximity, pilot

compliance and oscillatory behaviour are measured and stored in real time, while

the trajectory is post-processed using the SLAM algorithm discussed above. Each

experiment is performed once in simulation and on a real platform.

Single Obstacle

Figure 4.4: Experiment 1 layout where ~u is the piloted direction.

The first experiment tests the validity of the parametrisation method using a single,

static obstacle of known dimensions that is obstructing the piloted trajectory, posi-

tioned as in Figure 4.4. It is designed to test the computed parameters’ ability to

avoid an obstacle, while respecting the minimum distance and piloted direction. The

UAV will take-off to a height of 1 m from a fixed distance away from the obstacle,

and then have a fixed pilot vector directly into the obstacle. It is hypothesised that

the UAV will avoid the obstacle, resulting in low pilot compliance.
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Wall

In the previous experiment, there are many collision-free candidate trajectories (to

the left/right of the obstacle). This experiment then observes the behaviour when

the pilot commands a course into a wall at maximum velocity. The layout is the

same as that of the first, except that the obstacle should be wide enough such that

there are no collision-free options along the piloted direction. It is hypothesised that

this will bring the UAV to a stop.

Two Obstacle Barrier

While the local-minima problem of the APF algorithm is not solved by the para-

metrisation, an experiment has been derived to determine at which gap-size a local

minima presents passage. The results of the experiment will quantify the trade-off

between controllability and safety in terms of level of constraint and the repulsive

gain.

The primary goal of the pilot is to move between two obstacles that are separated by

some gap. For gap sizes smaller than twice the safety buffer safe flight is not possible,

but the experiment will still be conducted until the path becomes impassable. The

barrier/gap will be approached perpendicularly to the two obstacles so as to present

the worst case change in gradient at the highest velocity, as in Figure 3.3. It is

hypothesised that the smallest passable gap distance will be double the safety buffer

distance.

Tunnel

Borenstein and Koren [28] showed through experiments that the basic APF approach

is oscillatory in tunnels, and worsens with perturbations in the tunnel. Oscillation is

not ideal, since it may increase the effort of the pilot if the pilot tries to compensate

for the unwanted motion. However, it is possible that using Krogh’s proposed

velocity compensation technique may be sufficient to damp these effects. This

experiment will test the UAV teleoperation in a mock-mine environment, observing

for oscillation, flight safety and controllability. It is hypothesised that the GPF

approach with velocity scaling will be sufficient to damp oscillations, while providing

safe teleoperated flight.
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4.4.3 Delimitations

Chapter 2 presents a UAV motion model based purely on translation in the x-

and y-axis. The altitude of the UAV and obstacle height is not explored in this

research. The primary reasoning for this is the cost of a LiDAR that provides a full

3-dimensional point-cloud is too high. The chosen LiDAR scanner only provides

relative obstacle locations in a horizontal plane around the UAV as in Figure 4.5.

Floor

1~m

Obstacle

LiDAR Plane 

Figure 4.5: A side-view of the experiments highlighting the LiDAR plane relative to

the ground.

The UAV is fitted with a downwards facing rangefinder that provides an altitude

measurement that is consumed by the FC. For every experiment the UAV will

takeoff to an altitude of 1 m which is maintained throughout the experiment. A

PID controller onboard the FC holds this altitude, which is chosen to avoid the

ground-effect, while minimising the distance to fall in the event of a fault. All

obstacles considered a part of the experiment will be 1.4 m tall such that they are

always visible by the LiDAR.
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4.5 Conclusion

The APF algorithm is identified as a suitable candidate for real time collision

avoidance. However, the body of existing literature relies on trial and error to identify

sufficient repulsive parameters. With that in mind, a novel tuning methodology

is proposed that considers the UAV dimensions and velocity as well as the sensor

parameters to generate an approximate repulsive gain that sufficiently repels a nearby

obstacle.

The tuning method is developed in this chapter, along with a set of experiments

designed to test the limits of the method. Additional experiments are also proposed

to validate the APF approach shown in literature on a physical UAV platform in a

mine-like environment. The chapter to follow details the simulation environment and

also contains the sensitivity analysis for the parametrisation variables.
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Chapter 5

Simulation and Sensitivity Analysis

The previous chapter presents a methodology to choose the repulsive gain

of an APF collision avoidance algorithm considering the sample rate and

angular resolution of the proximity sensor; obstacle width; and minimum

distance to an obstacle. This simulation environment allows for the validation

of the parametrisation while also investigating the effects of these factors on

the APF in terms of controllability, collision proximity and oscillation.

The models used to represent physical systems such as the environment and

LiDAR are presented. The UAV system model is treated as a grey box, where

a model is determined by data from the real system. An intentionally difficult

to navigate environment is used to characterise the effects of the listed factors

on the performance of the algorithm. The simulations also provide insight

into the range of suitable values under which the parametrisation will ensure

collisions are avoided. The results of this chapter are used to inform the

decisions around choosing parameters for real systems.
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5.1 Modelling

A common approach in UAV research is to develop a comprehensive simulation in

order to test prototypes risk-free [43]. This has been done ad nauseam, especially

for low-level UAV attitude control, which is evidenced by numerous commercially

available flight controllers, capable of stable attitude control [44].

This simulation assumes a level of autonomy above that of the attitude control

layer, where the UAV is a user-friendly quadcopter. The assumption means a less-

comprehensive simulation of actual vehicle dynamics, which is appropriate since

the goal is to better understand the APF algorithm and it’s interactions with the

environment, rather than attitude stability.

The experiments are run in a MATLAB program for a total of 10 seconds, sufficient

time to traverse the course below the maximum speed 4 m/s. A custom physics

engine computes the changes in velocity and position of the UAV every 5 ms.

5.1.1 Environment Model

Obstacles and free-space are represented in a 2D binary-occupancy grid of 15x15 m

with a resolution of 10 cells/m. Each cell in the grid is either occupied (filled in

black) or empty (filled in white), and can be manually edited to create obstacles

of various shapes and sizes. Figure 5.4 shows the static environment used for the

sensitivity analysis.

5.1.2 UAV

The UAV is modelled as a pilot-friendly quadcopter that only translates in the

horizontal plane, without yaw1. Lam et al. [13] previously assumed the model in

Figure 5.1. A translational velocity model is sensible in this case over a positional

or attitude model. A position-based model suits a simulation since the UAV state

is known, but it would not translate into the real world where position information

is not available without SLAM or GNSS. An attitude model breaks away from the

holonomic abstraction presented in Chapter 2.

1The UAV is assumed to be in flight at an altitude where the ground effect is negligible and can

be neglected from this model.



48

Lam et al. [13] present the following transfer function between the velocity setpoint

and the translational horizontal velocity:

G(s) =
2

s+ 2
(5.1)

Figure 5.1: Block diagram of the UAV system model where Vs is the velocity setpoint

and Vo is the UAV horizontal translational velocity. The complexities of the real

system dynamics and control are discussed in Chapter 2.

Since telemetry on the real system records the target- and estimated velocity on the

flight controller, the plant dynamics can be estimated more accurately. Figure 5.2

below shows the real step response with a maximum piloted input when flown in

a large open area at a constant height above ground level. This data is sampled

at 10 Hz, which limits the ability to observe higher-frequency effects. Evident in

this data are the effects of feed-forward control, since the output velocity reaches

the maximum long before the set-point itself does. The maximum velocity is 4 m/s,

while the maximum acceleration/deceleration is estimated to be 8 m/s2.
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Figure 5.2: The velocity profile of the UAV showing the target and actual velocity

in m/s.
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Figure 5.2 shows measurements from the onboard logging of the real system revealing

minor non-linearities in the y-velocity step response. The velocity setpoint rise-time

is limited by the UAV maximum acceleration, leading to a slow rise despite a step

input in the pilot stick deflection. Note the effects of feed-forward control, as the

actual vehicle velocity reaches the maximum (4 m/s) before the set-point does.

By innervating the UAV with erratic inputs, a transfer function can be fit using the

System Identification applet in MATLAB. Appendix A contains more information

regarding the data used for fitting. Three transfer functions, G1(s), G2(s) and G3(s)-

where n in Gn(s) indicates the order- are fitted to find an appropriate order to

describe the system. The models fit the provided estimation data with an accuracy

of 61%, 85% and 90% respectively. The pole-zero plots of G2(s) and G3(s) are given

in Figure 5.3. All of these functions suggest a faster response than Gs, but G1(s)

follows the set-point too closely, which loses the feed-forward effects where the higher

order models do not. Although the actual system is likely many-orders higher, G2(s)

is chosen to reduce complexity. More information about the data used for system

identification and identified systems is provided in Appendix A.

G2(s) has a relatively close pole-zero pair which cancel out, leaving a dominant pole

at -4. The time constant is then approximately 0.25 s.
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Figure 5.3: Pole-zero plots of the second and third order systems fitted to real velocity

input/output data.

Figure 5.3 shows the pole-zero plots of the system as identified by the System

Identification applet. The estimated models achieved an accuracy of 85% (5.3a)

and 90% 5.3b respectively. The systems show differing left-most poles, with G3

showing a much faster pole (-300 on the real plane) than G2 which behaves similarly

to the feed-forward characteristics seen in the real system response.
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It is assumed that the dynamics are equivalent in both the x and y directions, which

was validated with real x-velocity data passed through G2(s) which achieved an

accuracy of 79%. Having the same model for both axes simplifies the problem to a

fully holonomic model for which the input velocity is a vector sum of the pilot and

repulsive commands. The change in position is then computed every time step as the

inputs are passed through the system model. Because the simulation is discretised

the model must be as well, which is done with a Zero-Order Hold approximation

where the sample rate is 0.005 s.

5.1.3 LiDAR

The LiDAR is modelled as a planar 360◦ scan around its centre, which is attached

to the UAV centre. These rays collide with obstacles in the occupancy-grid, where

their distance is computed, otherwise they are returned as NaN. The noise of these

distance readings is modelled as a Gaussian distribution with a zero-mean (N (0, σ2))

noise. The scan rate, angular resolution, and noise variance are all variable in this

model. Because of the ray-based implementation, the model takes range samples on

an objects surface, much like a real LiDAR. The real LiDAR laser sensor is able to

scan at 4 kHz which is much faster than the system dynamics, and is modelled as an

instantaneous distance measurement.

It is assumed in this model that the LiDAR does not exhibit any veiling around an

objects edges [45] and that obstacle surfaces are perfectly reflective, regardless of

the angle of incidence. It is also assumed that the effects of roll and pitch angle of

the UAV are neglible on distance readings. This only holds for small angles, which

would not be true in more agile UAVs.
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5.2 Sensitivity Analysis

In Chapter 4, a number of experiments are proposed, testing extrinsic factors

regarding the environment. For the purposes of this sensitivity analysis, a custom,

static environment will be used, with intrinsic parameters set as in Table 5.1, unless

used as the variable under scrutiny. The obstacles are designed to challenge the

collision avoidance, while also allowing a fixed control vector (north-east). Figure

5.4 shows the environment starting position at the red star, as well as three notable

obstacle configurations:

• A - 1.6 m wide doorway leading out of the starting room,

• B - 4 m wide tunnel with a single obstacle perturbation, and

• C - 0.4 x 0.4 m obstacle.

Ideally, the UAV would be as North-East as possible at the goal position, while also

avoiding collisions and unsafe flight conditions. The measurement of trajectory and

minimum proximity provide good metrics to quantify this behaviour.

Additionally, deviations away from the local minima in each experiment indicate

a suboptimal path [46]. When not traversing a Minimum Potential Path (MPP),

the APF computes some repulsive force that is trying to find the local minima.

This means that computing the total repulsive force on the UAV for the entire run

provides a comparable metric of path optimality and smoothness2 [44].

The deviations from this minimum-potential path are also computed as the perpen-

dicular distance between the paths as in Figure 5.5, giving an error metric which is

computed as the Mean Absolute Error (MAE). The MPP to which each trajectory

is compared is calculated using gradient descent to find the trajectory through the

environment that minimises repulsive potential with a constant attractive force

towards a goal at (14, 14).

2A purely-local algorithm cannot be expected to produce optimal, energy efficient paths, especially

not with a constant forcing function and only real-time sensor data.
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Figure 5.4: The sensitivity analysis binary obstacle grid environment.

Figure 5.4 shows the static environment used for sensitivity analysis with challenging

obstacle configurations. The map is navigated by an agent from the red star with

a constant north-east vector. Region A is a 1.6 m wide doorway, B is a 4 m wide

tunnel with a perturbation and C is a 0.4x0.4 m wide obstacle.
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Figure 5.5: How the error between two trajectories is calculated.
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Figure 5.5 shows how the MPP is compared to the TUT. At fixed intervals along

the MPP, a perpendicular error line is projected until it intersects with the TUT.

The euclidean distance of the error line is used to calculate the absolute error, which

is averaged to obtain the MAE.

In the simulated experiments, Lam et. al used a PID controller tracking a goal

location to model pilot input, but this may obscure the effects of some variables (such

as oscillation), despite performing more similarly to a human [13]. For this reason,

the human input is a constant maximum vector. This is the most simple way in

which a pilot would interact with the system, but does not reflect how a higher level

controller (be it human or otherwise) would navigate this particular environment

[47].

Table 5.1: The default intrinsic and extrinsic simulation parameters used for the

sensitivity analysis, based off of data from the real system.

Description Default Value

UAV Radius 0.41 m

UAV Maximum Velocity 4 m/s

UAV Maximum Acceleration 8 m/s2

LiDAR Scan Rate 10 Hz

LiDAR Angular Resolution 1°

LiDAR Range Noise Variance 0.02 m

Wind Velocity and Direction 0 m/s

Piloted Vector North-East

Smallest Avoidable Obstacle 0.4 m

Repulsive Threshold Distance 12 m

Velocity Compensation Krogh

The values in Table 5.1 show variables relevant to the platform dynamics obtained

from the system modelling above, such as the maximum velocity and acceleration.

The LiDAR data is also informed by the physical platform. LiDAR parameters, and

the chosen obstacle and threshold distances are all used to calculate the repulsive

gain in the parametrisation methodology given in Chapter 4.
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5.2.1 Scan Rate

Previous research does not pay much attention to the effects of the scan rate of

rangefinders on APF algorithms. It is important to understand how the choice of

sensor may impact real-world performance, which is the aim of this experiment.

The repulsive gain is recomputed in each case based on the given scan rate. Figure

5.6a shows that this higher repulsive gain is not sufficient to ensure no collisions at

very low sample rates. At 1 Hz, the scanner is simply not scanning fast enough to

respond to obstacles, and collides (as evidenced by the trajectory passing through

the wall).

At 10 Hz, the APF algorithm is able to avoid collisions, but the field sensitivity

(repulsive gain) is too high to enable passage through region A resulting in the UAV

being stuck in a local minima.

The trajectories at the higher sample rates (> 50 Hz) tell a different story, and are

able to navigate through the environment smoothly, with little oscillation. They are

also the only trajectories that end as far north-east as is possible in this environment.

This is because the safety buffer radius decreases sufficiently to allow passage through

very restricted regions. The trajectories also deviate less from the MPP with small

deviations in regions (< 1 m) A and C.

Figure 5.6b shows that as the UAV passes constrained regions with obstacle perturb-

ations or minimally sized obstacles in region A and C, it briefly veers off the MPP.

In this state the obstacles are within the safety buffer distance and so the field is not

sensitive enough to achieve safe-flight in all situations, even with very high sample

rates. The other default parameters are too liberal.

Table 5.2 provides a quantitative view of these observations, with the lower frequencies

showing a higher total repulsive force due to increased oscillation amplitude and

frequency. The table also reflects changes in the repulsive gain from the proposed

parametrisation method. This is useful to compare the ”field sensitivity” across

different experiments.

In general as the scan rate increases, safer, smoother trajectories are generated,

however the improved performance shows diminishing returns. The experiments also

reveal that the parametrisation methodology provides reasonable estimates for the

repulsive gains.
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(b) The closest obstacle to the UAV as recorded by the LiDAR, with different sampling rates,

given in Hz.

Figure 5.6: The trajectories (a) and minimal proximities (b) during the scan-rate

experiments, displaying how APF performance is improved with a higher scan rate.
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Table 5.2: The computed Safety Buffer (rbuffer) and Repulsive Gain (η) for different

sampling rates using the proposed method, as well as the closest obstacle, MAE and

total repulsive force in each experiment.

Scan Rate

[Hz]

rbuffer [m] η ΣFrep Closest

Obstacle

[m]

MAE [m]

1 4.62 6.9588 9.36e3 0 0.55

3 1.96 0.4175 9.76e3 0.73 1.64

10 1.02 0.0507 3.59e3 0.82 0.47

50 0.70 0.0175 2.44e3 0.48 0.25

200 0.64 0.0131 2.30e3 0.55 0.18

Analysing Table 5.2 reveals that the size of the buffer decreases with the increasing

scan rate, resulting in a less repulsive field through the parametrisation. This in

turn decreases the repulsive force, while the increased sample rate results in a lower

MAE as the trajectory more closely tracks the MPP. It is important to note that

the closest obstacle measurement is less than the safety buffer distance in every

experiment. For the 1 Hz experiment, the closest obstacle is 0 m away, indicated

that a collision must have occurred.

To characterise the lower bound of the scan rate consider that in the worst case the

UAV is travelling towards an obstacle at the maximum velocity of 4 m/s. It would

take 0.5 s to come to a stop at a deceleration of 8 m/s2. In order to adequately sense

and provide the repulsive command, the scan period (Ts) of the collision avoidance

sensor should be less than 0.5 s, governed by this equation:

Ts <
vmax
amax

(5.2)
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5.2.2 Angular Resolution

Rotating LiDAR technology shows a trade-off between scan rate and the angular

resolution of the device. Smaller angular resolutions are achieved if the LiDAR

is spinning slower, but a slow sample rate has been shown to be detrimental to

performance. In fixed-sensor packages (not rotating), such as an ultrasonic array, the

angular resolution is a limited by price, power and mass of each sensor, since many

of them will be required to achieve a smaller angular resolution. This experiment is

designed to determine how the angular resolution affects performance, to allow for

better decisions around sensor choice.

Once again, the repulsive gain varies with the chosen angular resolution, however,

the safety buffer in this set of experiments is fixed at 1.02 m due to the fixed sample

rate. This means it is impossible to pass through region A without violating the

definition of safe flight.

In Figure 5.7a, the 1°, 2°, 15° and 45° runs show similar trajectories, despite a

difference in the number of repulsive points. In each of these modes the UAV is

stuck in a local minima, and ends up oscillating in region A without passing through.

This is expected given the results of the scan-rate experiments, where at 10 Hz the

system settled in a local minima. Table 5.3 also reveals that none of the experiments

met the safe flight criteria, however this only occurred for a brief moment in the

beginning of the flight as the vehicle approached region A after building up some

velocity.

Increasing the angular resolution to 90° results in range readings in the 4 cardinal

directions only, with the same repulsive gain. It is expected that obstacles between

the sensors (North-West for example), would not be detected and not repel the UAV.

This hypothesis is correct, as shown in Figure 5.7a, where the trajectory passes

through region C in very-near proximity to the obstacle. Despite being the most

North-Easterly trajectory, it does not meet the prime criteria of avoiding collisions.
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(b) The closest obstacle to the UAV as recorded by the LiDAR with different angular

resolutions.

Figure 5.7: The trajectories (a) and minimal proximities (b) during the angular

resolution experiments.
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This experiment highlights that the APF algorithm performs similarly for small angles

(< 15°), since the parametrisation method compensates for the differing resolutions,

as evidenced in Table 5.3. There is little to gain in terms of APF performance from

selecting a LiDAR with extremely low (< 0.5) angular resolution, except perhaps

the detection of small obstacles. However, if the angular resolution is too large, an

obstacle may be undetected. If opting for a fixed-sensor package, the APF algorithm

can work with a low number of sensors, which should then have a wide enough

beam-pattern to cover the full 360° area around the UAV.

To avoid situations where an obstacle of minimum size is undetected by a LiDAR,

the choice of angular resolution should be such that at least two LiDAR points can

detect a minimally sized obstacle at the edge of the buffer. This is already expressed

in Equation 4.3, and went un-noticed in the development of the parametrisation

method, but requires some tweaking, since n0 is now fixed at 2. For an obstacle

width of 0.4 m, and a safety buffer distance of 1.02 m, the angular resolution of this

system should be less than 11.46° to meet the above criteria. This value is computed

by re-arranging Equation 4.3 to obtain the following limitation:

θres < arctan(
w

2d
) (5.3)

Table 5.3: The computed number of sensors and Repulsive Gain (η) for different

sampling rates using the proposed method, as well as the closest obstacle, MAE and

total repulsive force in each experiment.

Resolution [°] # Sensors η ΣFrep Closest

Obstacle

[m]

MAE [m]

1 360 0.0507 3.59e3 0.83 0.5

2 180 0.0552 3.61e3 0.83 0.5

15 24 0.429 4.15e3 0.80 0.4

45 8 1.0553 4.53e3 0.78 0.3

90 4 1.0553 2.71e3 0.15 0.4

Table 5.3 echoes the analysis above. Notable is the closest obstacle in the 90°

experiment, which is smaller than the UAV radius, indicating a collision. The

table shows that even across different angular resolutions, the repulsive force, closest

obstacle, and MAE change little. The repulsive gain however, changes a lot, indicating

that the parametrisation method works well across multiple angular resolutions in

order to obtain consistent behaviour even with a reduced number of sensors.
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It is also noted that despite each obstacle in the environment being at least 0.4 m

wide, the parametrisation does not create a sensitive enough field to ensure safe flight

(the safety buffer distance is 1.02 m, while the closest obstacle in every experiment is

less than that) with a minimum obstacle width of 0.4 m. However, if the repulsive

gain is such that a single obstacle point creates maximum repulsion, the environment

becomes too constrained to traverse, leading to impassable sections. The trade-off

between controllability and safety is a recurring theme for APFs.

5.2.3 Minimum Obstacle Width

Instead of choosing the repulsive gain directly, the parametrisation dictated that the

minimum avoidable obstacle width be chosen. This set of experiments observe how

the field sensitivity varies with the changes in this value.

Figure 5.8a shows what is expected for this field, smaller minimum widths result

in more sensitive fields, and it is only at 1 m that this environment is traversable.

However, the 1.02 m safety buffer makes safe passage in region A and C impossible,

which shows that for a broad range of obstacle widths this is maintained.

If the minimum obstacle width is chosen to be really small, as in the 0.01 m and

0.1 m experiments, the field becomes too sensitive and the vehicle is repelled out

of the starting area. This behaviour is not desirable, since the operator input is

completely disregarded despite the starting region providing enough space for safe

flight.



61

0 5 10 15

X [meters]

0

5

10

15

Y
 [

m
et

er
s]

Binary Occupancy Grid

Starting Position

MPP

0.01

0.1

0.4

0.5

0.6

1

Obstacle Width
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(b) The closest obstacle to the UAV as recorded by the LiDAR with varying obstacle widths.

Figure 5.8: The trajectories (a) and minimal proximities (b) during the obstacle

width experiments.



62

Larger widths (0.4 m to 0.6 m) produce more intended behaviour, all settling at

different distances from region A, which is seen in Figure 5.8b. Each of these

trajectories oscillate around the local minima in region A without passage. As

expected, the proximity to the walls in region A decreases as the obstacle width

increases due to the reduced field strength (repulsive gain), but never breach the

wall effect buffer.

Table 5.4 and 5.2 together provide insight regarding repulsive gain. At the fixed

angular resolution of 1°, repulsive gains smaller and equal to 0.024 allow for traversal

of region A, but not safe flight. Repulsive gains more than 0.024 cannot pass through

region A, and settles in a local minima before the doorway. The important outcome

here is that the parametrisation works to ensure collision avoidance through the

computation of repulsive gains across a wide range of obstacle widths. This particular

environment however is too constrained in region A for this vehicle to pass through

at the default settings. Table 5.4 summarises the sensitivity analysis for the obstacle

Table 5.4: The computed number of incident points and Repulsive Gain (η) for

different obstacle widths using the proposed method, as well as the closest obstacle,

MAE and total repulsive force in each experiment.

Width [m] n0 η ΣFrep Closest

Obstacle

[m]

MAE [m]

0.01 1 1.1429 3.60e3 1.57 3.41

0.1 5 0.2288 3.22e3 1.57 1.63

0.4 23 0.1044 3.59e3 0.82 0.83

0.5 27 0.0435 1.58e3 0.74 0.44

0.6 33 0.0361 4.19e3 0.65 0.34

1 53 0.0240 4.72e3 0.43 0.49

width parameter. In the case of 0.01 m obstacle width, the MAE is high, attributed

to the high repulsive gain that pushed the UAV out of region A and the visible grid.

For obstacle widths 0.1 m-0.6 m, the quantitative results are similar, while the 1 m

result shows a 0.43 m closest obstacle, which is a near miss for the 0.41 m wide UAV.

The results show that increasing the obstacle width decreases the flight safety.

Increasing the minimum obstacle width to 1 m results in a field sensitivity too low to

prevent breaching the wall effect buffer, which is unsafe. Widths smaller than 0.1 m

result in a field too sensitive to enable pilot authority.
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5.2.4 Relative Velocity

Kroghs relative velocity scaling factor as given in Equations 3.6 and 3.8 provides a

powerful extension to the traditional APF [6], but it is not the only approach.

An alternative approach, which will be called Negative-Krogh, is described. Risk of

collision increases with velocity, but when moving away from an object, it may be

desirable to decrease the force as a means of reducing oscillation. This is done by

modifying the original velocity scaling factor and is described in Equation 5.4. As

in previous Chapters, the relative velocity is considered, since it is intractable to

compute the actual air-velocity of the vehicle and surrounding obstacles.

λi =

1 +
|~vti |
vmax

if ~vti ≤ 0;

1− |~vti |
vmax

if ~vti > 0;
(5.4)

A separate take on this is to completely ignore obstacles that are moving away, in a

mode referred to as Zero-Krogh. This velocity scaling negates the repulsive effects of

obstacles moving away completely, as described in Equation 5.5.

λi =

1 +
|~vti |
vmax

if ~vti ≤ 0;

0 if ~vti > 0;
(5.5)

Finally, it may be desirable to only compensate for obstacles that are approaching

at close to the maximum velocity, while remaining relaxed at low velocities. This

relationship is alike to the Lorentz Factor, which rapidly increases as the relative

velocity of a particle approaches the speed of light. A similar formulation is considered

in Equation 5.6 to obtain an exponentially stronger repulsion as the UAV approaches

it’s maximum speed.

λi =


1√

1−(
~
vt
i

vmax
)2

if ~vti ≤ 0;

1 if ~vti > 0;

(5.6)
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(b) The minimum proximity as recorded by the 10 Hz LiDAR placed on the UAV.
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The Negative-Krogh compensation performs very similarly to the standard, but the

Zero-Krogh mode, although providing smooth trajectories, does collide after passing

through region A since it is insufficiently repelled by the wall. Removing repulsion

from obstacles that are relatively moving away is not a viable strategy.

The Lorentz compensation model does seem to work, but the non-linear nature

results in a fairly complicated trajectory, especially when caught in a local minima.

Testing the Lorentz compensation with less sensitive fields (where the trajectory is

not stuck), reveals that the UAV traverses the course at a much slower ground speed,

which is undesirable.

Table 5.5: The Repulsive Gain (η) for different velocity compensation methods, as

well as the closest obstacle, MAE and total repulsive force in each experiment.

Velocity Compensation ΣFrep Closest Obstacle [m] MAE [m]

None 4.59e3 0.52 0.29

Krogh 3.59e3 0.82 0.51

Negative-Krogh 4.01e3 0.82 0.46

Zero-Krogh 5.38e3 0.66 0.43

Lorentz 1.55e4 1.09 0.60

Table 5.5 summarises experiments using no velocity compensation, the standard

Krogh velocity compensation, and the 3 alternatives described above. Each experi-

ment used the same parametrisation and settings as previous experiments. Quant-

itatively, the standard Krogh formulation performs best, showing the lowest total

repulsive force in Table 5.5, which matches the observations in Figure 5.9a. Without

any velocity compensation, the APF algorithm oscillates far more than any others.

The higher amplitude of these oscillations is noticeable in Figure 5.9b.
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5.3 Conclusion

A simulation environment is designed in order to perform a sensitivity analysis of

APF parameters, as well as to benchmark the parametrisation methodology under

many conditions. The metrics used to quantify these effects are the vehicle position,

minimal proximity, MAE from the MPP and the total repulsive force, which act as

measures of path smoothness and optimality.

A total of 20 experimental configurations are simulated, testing the effects of sample

rate, obstacle width, velocity compensation and angular resolution on the performance

of the APF collision avoidance algorithm. These experiments reveal:

• The scan rate of range-measurement devices should be as high as possible.

The lower bound is given as a relationship between the maximum deceleration

and velocity in Equation 5.2. An increased sample rate results in a smaller,

less sensitive field (when using the proposed parametrisation method) which is

better suited to constrained environments. Low sample rates are shown to be

responsible for undamped oscillation, and in the worst cases, collision despite

the increased repulsive sensitivity.

• The angular resolution of the range-measurement device does not play a major

role in APF performance. The APF performs very similarly under the condition

θres < arctan( w2d) when the parametrisation method is used. Larger angles run

the risk of an obstacle not being detected, and therefore not avoided.

• The obstacle width parameter used to control field sensitivity behaves as

expected: an obstacle of width w at the minimum distance d is maximally

repelled. Increasing the minimum obstacle width reduces field sensitivity,

enabling more constrained flight. The caveat is that a reduced field sensitivity

also corresponds to a reduced risk sensitivity, resulting in more unsafe conditions.

However, the minimal proximity does not breach the wall-effect buffer unless

the obstacle width parameter is 1 m or more.

• The relative-velocity scaling developed by Krogh (the GPF) greatly outperforms

the general APF in terms of obstacle proximity. Other formulations of Krogh’s

velocity scaling perform similarly but a Lorentz Factor scaling exhibits large

oscillations.
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• Unsafe flight conditions occur often in this environment, indicating that the

parametrisation is unable to prevent unsafe flight always. However, these

situations occur rarely, and for very brief moments before the effects of repulsion

force the UAV away from the obstacle. Under the ideal conditions stipulated

above, one can expect to never breach the wall effect buffer, which is enough

to prevent collisions.
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Chapter 6

Test Apparatus and Environment

For the purposes of realising and validating the experimental results, a real

quadcopter is to be used. The platform in question is a GDS-Canary, which

is equipped for research and development in underground mines. Outfitted

with an ArduCopter flight controller and Raspberry Pi, the quadcopter can

be controlled via standard 2.4 GHz radio or WiFi, accepting attitude inputs

from the custom software.

The software is built on the ROS middleware and is split across two core

modules. Bringup is a driver class, interfacing with ArduCopter, while also

providing a multiplexor for various inputs. Potential Field is responsible

for collision avoidance using the APF algorithm.
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6.1 Hardware

The hardware configuration for the physical realisation of experiments is discussed

in this section. On a high level there are two primary parts, the GCS and the

quadcopter itself. Each are described in Figure 6.1 which details on a high level the

minimal parts required to allow collision avoidance and teleoperation of a UAV in

an underground environment.

Flight
Controller LiDARCompanion

Computer

Power Communication

Power
Distribution

ESCs	and
Motors Battery

Vertical
Rangefinders

WiFi

Wireless
Access	Point

Laptop	and
Input	Device

Ground	Control	Station

GDS	Canary	UAV

Figure 6.1: High level connection diagram of the GDS Canary platform used in this

research.

Figure 6.1 shows two distinct platforms, the GCS and UAV. The GCS is simply

comprised of a computer and wireless connection, allowing pilot input, visual feed-

back, remote control and logging. Central to the UAV connection diagram are the

companion computer, which processes all LiDAR information for the APF algorithm,

and communicates with the FC; and the Flight Controller (FC), which provides an

interface to motors, altitude control, and attitude control.

Each of the major components, their function and features are detailed below.
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Figure 6.2: The GDS Canary hardware stack with (A) RPLiDAR A2M8, (B) motors,

(C) FC, (D) Raspberry Pi 3B+, (E) 25 cm propellers and (F) downwards facing

rangefinder. The image also shows dimensions of the center-to-tip dimension (29 cm)

and propellers(12.5 cm) used to calculate the safety buffer size.

6.1.1 Platform

The testing platform is a GDS-Canary quadcopter, which has a wheel-base of 0.45 m

and a mass of 2 kg. Being a research and development platform, it is highly

configurable, and in the current configuration is fitted with parts as shown in Figure

6.2. Not shown is the battery, which is a 3-cell 2500 mAh LiPo, granting around

5 minutes of flight time as determined while testing with the complete payload.

The off-the-shelf FC is responsible for attitude stability, and would normally be used

for manual consumer flight over a 2.4 GHz radio. Here, the UAV attitude controls

are specified over a serial connection from the Raspberry Pi, which processes the

collision avoidance logic, and communicates using built-in 2.4 GHz WiFi. This works

in tandem with the RPLiDAR A2M8 laser scanner which is mounted on top of the

platform, and provides a 360 scan of the area around the platform.

Up and down range finders fitted to the platform enable hover control and ceiling

collision avoidance. Vertically constrained flight is not tested in this research, so the

upwards facing sensor is disabled. However, the downwards facing range finder is

used by the FC to maintain altitude.
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6.1.2 Laser Scanner

The key RPLiDAR A2M8 features are listed in Table 6.1. In Chapter 5 the default

scan rate is 10 Hz, but it is noted that a higher sample rate is desired, as long as the

angular resolution is not too large. The RPLiDAR can spin as fast as 20 Hz, while

the laser samples at 4000 Hz. This means that 200 range samples are taken every

revolution, with an angular resolution of 1.8°. The decreased angular resolution is

not expected to impact APF behaviour, as explored in Chapter 5.

Table 6.1: Key features of the RPLiDAR A2M8 that make it suitable for the research.

Item Unit Min Typical Max

Range m 0.15 - 8

Laser Sample Rate Hz 2000 4000 4100

Scan Rate Hz 5 10 20

Mass g - 190 -

Power Consumption W 1 2.25 3

The datasheet does not provide a measure of precision for the laser, but through

a static test with 250 samples, and assuming a guassian distribution, the standard

deviation is estimated at 0.02 m. This noise estimate is 0.16% of the full range of the

LiDAR, and shouldn’t have much effect on the performance of the APF algorithm.
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(a) An illustration of the RPLiDAR in

an example environment, showing the full

field of view.

(b) Real data from the RPLiDAR in an

environment similar to (a) from a top view.

This data is presented in the body frame.

Figure 6.3: The RPLiDAR range data represents a horizontal ”slice” of the environ-

ment in (a), which can be represented by the top view in (b).

The LiDAR is rigidly mounted above the centre of the UAV, and scans continuously

in the x-y plane of the body frame. Figure 6.3b shows an example of what this data

would look like for an indoor environment.

6.1.3 Teleoperation

A joystick connected to the GCS allows for pilot input through an intuitive interface.

Keyboard inputs are very binary compared to the fine control offered by a joystick,

and addition buttons can be used for arming and disarming, as well as an emergency

switch.

The WiFi capabilities present an opportunity for completely remote teleoperation,

but latency is a concern, and is not tested in this research. Providing pilot control

through the WiFi connection also removes the added interference of 2.4 GHz radios

that is noted by [3], increasing the available bandwidth. This enables more telemetry

to be relayed back to the GCS, which can be used for visual feedback, either through

a top view as in Figure 6.3b, or an onboard camera.



73

6.2 Software

All computation takes place on the Raspberry Pi onboard, reducing latency and

improving robustness against network failures over the remote setup in [3]. The

software performing the task of collision avoidance is designed to interface with the

ROS middle-ware, which provides many of the networking and time-keeping tasks

involved with distributed robotics. The software is based around two control loops,

which are detailed below.

6.2.1 Control Overview

The realisation of the APF algorithm as a closed-loop control system makes real-

time implementation a reality. These control loops build on the levels of autonomy

discussed in Chapter 2.

Yaw Rate

Quadcopter

Roll Rate 
PID

Pitch Rate 
PID

Yaw Rate 
PID

Pitch Angle
PID

Roll Angle
PIDRoll Angle

Pitch Angle

EKF

Throttle

Attitude
Control

Figure 6.4: The attitude control loop with nested PID controllers commonly used

for commercial FCs.

The inner control loop is a 400 Hz attitude stabilisation system, which provides

”user-friendly” UAV readiness, responding rapidly to changes in roll, pitch, yaw and

height by actuating the motors. Smoothed tate estimation is done using an Extended

Kalman Filter (EKF) with data from an IMU, rangefinders and barometer, and

nested PID controllers stabilise the platform. Figure 6.4 provides a block diagram

of this setup. The inner loop is a popular research topic, and is comprehensively

understood, so much so that many commercial and open source implementations

exist, such as ArduCopter, which is a widely used autopilot that is feature rich and

well tested. ArduCopter is discussed further in the following sections.
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Figure 6.5: The outer control loop, which extends the level of autonomy available to

the UAV through additional sensing and control. The inner loop operates independ-

ently on the FC, while the outer loop runs on the companion computer, receiving

inputs from the pilot.

The outer control loop runs at 20 Hz, the rate of the LiDAR, and provides inputs to

the inner control loop as in Figure 6.5. The outer loop is responsible for collision

avoidance using the APF algorithm. This is designed such that another, slower

loop could provide direction setpoints, which in the case of this research is the

pilot via teleoperation. This outer loop presents challenges such as communication,

device drivers, teleoperation and portability, which are all addressed by the ROS

architecture, discussed next.
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6.2.2 ROS

ROS is not an operating system, but provides the services that would be expected

from one, “including hardware abstraction, low-level device control, implementation

of commonly-used functionality, message-passing between processes, and package

management. It also provides tools and libraries for obtaining, building, writing, and

running code across multiple computers.” [48].

For these purposes, it acts as a middle-ware for code executed at a high level to

interact with devices at the hardware level. This is well suited to the research in

question, and comes with many tools to aid development and debugging, such as

RVIZ, which provides real-time data visualisation. ROS also integrates with MATLAB,

which is useful for data capture and analysis.

Transforms in ROS

Also provided is the tf package, which is able to track co-ordinate frames over time in

a tree-like structure. This is important for static transformations, such as the location

of the LiDAR frame relative to the body frame; and dynamic transformations such

as the body frame as it translates in the map frame. Figure 6.6 shows the reference

frames and how they are connected.

The map frame provides a long-term reference of the UAV trajectory as it navigates

the environment. This is the world-fixed frame, and the origin is found at the

UAV starting position. This is achieved using the gmapping, which is available on

ROS, and provides a fully fledged SLAM solution based on LiDAR information and

odometry [40].

Odometry is computed by the laser scan matcher, also available as a ROS package,

linking the odometry and base stabilised frames [39]. The base stabilised frame is

ridigly attached to the platform, but does rotate as the UAV rolls, pitches and yaws.

These rotations are captured by the base link frame, as recorded by the EKF within

the FC. Finally, the LiDAR frame is a static transformation noting the physical

placement on the platform.
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Figure 6.6: A 2D side-view of the frames of interest for the UAV, also known as a

transform tree.

Similar to the inertial frames introduced in the UAV working principle of Chapter 2,

Figure 6.6 presents the transforms used by ROS. The map and odometry frame are

analogous to N, the base stabilised is analogous to I, and the base link to B.

ROS Nodes

ROS nodes are responsible for computation, and communicate with each other

by streaming topics via preset/custom message types. A node graph, like that

in Figure 6.7, shows how information flows through various node. In this config-

uration, a number of existing packages provide nodes, which improves speeds up

development. However, for implementing the APF algorithm with teleoperation,

some new nodes are required. Two ROS packages are created, canary bringup and

canary potential field, which contain all the relevant nodes.
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Figure 6.7: The node graph of all the ROS software showing which messages are

being passed around to each node.

The bringup package is designed to allow free teleoperation of the UAV without

collision avoidance enabled. The first node is the joy teleop node, which is re-

sponsible for verifying pilot inputs from a handheld joystick or gamepad. Horizontal

movement is input via a thumbstick and vertical velocity setpoints via up/down

buttons. Yaw-rate is controlled via a second thumbstick, and is passed through as

an angle to the driver. These are published as a geometry msgs/Twist message at

25 Hz. This node also handles emergency stop, take-off and land commands.

The twist mux node subscribes to these messages, as well as a geometry msgs/Twist

from the collision avoidance nodes. The messages are summed to get the total

translation vector, which is published at a rate of 20 Hz.

The driver node subscribes to this translation command, converts it to a Quaternion,

and publishes an attitude setpoint to be consumed by the mavros node. The maximum

attitude angle that is allowed is 8°.
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The potential field package contains only one node, apf repulsion, which subscribes

to the sensor msgs/LaserScan message from the RPLiDAR. Each point of scan is

processed by the APF algorithm, producing a commanded linear translation vector,

which is published as a geometry msgs/Twist message. This is the core collision

avoidance processing node.

The APF node also publishes some metric data such as the closest obstacle in

each scan, and a modified scan in which the intensity or ”color” of each point has

been adjusted to represent the magnitude of its relative repulsion (for visualisation

purposes). All of these messages are published as fast as the LiDAR scan rate, which

is 20 Hz.

APF parameters including repulsive gain, maximum repulsive distance, vehicle center-

to-tip dimension and the safety buffer distance are modified using the ROS parameter

system. This means they must be pre-computed or chosen, as in the previous chapter,

using the proposed parametrisation method.

ArduCopter

ArduCopter is a controller from the ArduPilot package, designed for autonomous

UAV flight. It provides the stable inner loop, and runs on many FCs. It is one of

many commercial and open source avionics systems, but was chosen for it’s maturity

and ROS support. Specifically, it supports the mavros package, which provides a

communication link between the FC and the ROS nodes running on the Raspberry

Pi.

6.3 Testing Environment

This section discusses the testing environment. The first experiments require a large

open area in order to study the effects of only the obstacle configuration under test.

The tunnel is not appropriate since the walls will impact the APF algorithm due to

their proximity.
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A

BC

D

Figure 6.8: The atrium of the Chamber of Mines building with (A) the GDS Canary

UAV, (B) the GCS, (C) WiFi access point and (D) the obstacle configuration.

The largest available indoor area for this is the atrium of the Chamber of Mines

Building, which provides an obstacle-free area in a radius of 10 m, pictured and

annotated in Figure 6.8.
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(a) The tunnel region of the WITS Mock

Mine. The ventilation pipe can be seen

on the ceiling.

(b) The blasting face section of the WITS

Mock Mine.

(c) Top view of the mock mine showing

the 45.9 m tunnel region, 20.3 m blast face

region, and the forked offshoot which is

an entrance.

3m

2.6m

0.5m

1.2m

(d) Cross section of the tunnel, with di-

mensions. The blasting face has the same

dimensions.

Figure 6.9: The WITS Mock Mine pictured in (a) and (b), with dimensions given in

(c) and (d).

A mine-like tunnel environment is used for the final experimental flights, as in Figure

6.9a and 6.9b. This tunnel features a 3 m wide, 46 m long section, a mine-ventilation

system and an uneven rock-face region that emulates a blasting face. Ideally, the

test environment would be a vertical shaft, but that is intractable outside of a real

mine. The horizontal tunnel, will work as a proof of concept by placing the UAV in

constrained mining conditions. Figure 6.9c shows the starting position of the UAV

for the tunnel experiments (green circle), the piloted vector (orange), the obstacle

(red square), and the finish line (blue).
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6.4 Conclusion

The GDS-Canary custom quadcopter is identified as a suitable UAV for experimental

flights in order to verify the APF algorithm in practice. The choice of LiDAR scanner

provides a large amount of detail regarding the environment geometry which is

processed on the Raspberry Pi 3B+ on board to reduce latency. Communication

with the ground station is then achieved by connecting to the same WiFi network as

the Raspberry Pi on a separate GCS.

The ROS middleware provides a simple means to connect UAV hardware to the

additional sensors through software. This allows existing packages, namely mavros,

rp lidar, laser scan matcher, gmapping to be easily integrated with new soft-

ware developed to enable remote teleoperation using potential fields.

Lastly, a testing environment that provides a large open space (the atrium) and a

mine-like tunnel environment have been identified for the experimental setup.
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Chapter 7

Experimental Results

The experimental results are presented and discussed here for the experiments

proposed in Chapter 4. The primary outcomes of the research regarding

the APF algorithm and it’s applications to underground teleoperation are

presented in detail.

Collision risk and safety in each experiment is assessed by the vehicle

proximity to an obstacle, pilot compliance is measured as the error between

the total applied command vector and the pilot vector. Oscillations are

quantified in terms of the repulsive vector gradient. Together, the metrics

are used to assess APF performance as a real time collision avoidance

algorithm.

Additionally, the trajectory of the UAV in each environment is presented

to give a holistic view of the interactions between the environment and the

APF algorithm. This is in contrast to the experiments of Chapter 5, which

studied the effects of parameters that are intrinsic to the APF algorithm

(such as scan rate, angular resolution and minimum obstacle width) in a

fixed environment.
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7.1 Performance Metrics

To quantify the effects of obstacle proximity, pilot compliance and oscillation, the

following metrics are used:

• Proximity records the closest obstacle point as measured by the LiDAR in

every scan. Calculating the mean proximity across the experiments gives a

measure of general safety, while the minimum proximity provides a measure of

collision resistance.

• Pilot compliance is measured as the difference between the total applied vector

and the pilot vector, which happens to be the repulsive vector. The Root-Mean

Square (RMS) of the x and y components shows the average pilot compliance

(Frep RMS) of UAV during each experiment, with low values corresponding

to high pilot compliance.

• Oscillatory behaviour is measured by computing the gradient (in terms of time)

of the x and y components of the repulsive command with the RMS providing

a summary of the experiment (Ḟrep RMS). Since the pilot command will be

constant, only the repulsive command will contribute to oscillation in the total

applied force. A highly oscillatory repulsive command will result in a higher

average gradient.

In addition to the metrics above, Appendix B also contains the proximity, repulsive

vector and vector-gradient timeseries data from each experiment.

7.2 Atrium Experiments

The first set of experiments investigate the effects of minimal obstacle configurations,

requiring an open area with a flat floor that is free of wind. This setup eliminates

external perturbations as far as possible. The atrium is lined with trees along a

segment with a diameter of approximately 10 cm, so this is chosen as the ”minimum

obstacle width” for parametrisation. The increased field sensitivity as a result of

this is also desirable considering the results of Chapter 5 regarding obstacle width

and flight safety. This layout is shown in Figure 7.1. The boxes used in the atrium

experiments are all 0.4 m wide. A conservative tuning for the real experiments is

safer, but does mean that the tuning methodologies ability to avoid a minimally

sized obstacle is not tested. Table 7.1 shows the default parameters.
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Table 7.1: Default parameters that are used for parametrisation from both the UAV

system and the testing environment.

Parameter Value

UAV Radius 0.41m

UAV Maximum Acceleration 8 m/s2

UAV Maximum Velocity 4 m/s

LiDAR Scan Rate 20 Hz

LiDAR Angular Resolution 1.8°

Smallest Avoidable Obstacle 10 cm

Repulsive Threshold Distance 12 m

Safety Buffer 0.82 m

The values in Table 7.1 show variables relevant to the platform dynamics obtained

from the system modelling in Chapter 3, such as the maximum velocity and accel-

eration. The LiDAR data is also informed by the physical platform as discussed in

Chapter 6. LiDAR parameters, and the chosen obstacle and threshold distances are

all used to calculate the repulsive gain using the parametrisation methodology given

in Chapter 4.

x
Piloted

Vector

y

2m

Trees

UAV

Obstacle

Outer Wall

GCS

Figure 7.1: The atrium layout used for the single obstacle, obstacle gap and wall

experiments.

The experiment layout for the atrium area, identified in Chapter 6, showing the local

configuration of obstacles, the UAV and the GCS. Note that the origin of the map

axis is located at the start position of the UAV.
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7.2.1 Single Obstacle

In this experiment the UAV is placed 2 m away from a 1.4 m tall obstacle with

horizontal dimensions of 0.4 m x 0.4 m. The pilot then takes off to 1 m altitude and

commands a forward vector directly into the obstacle. This tests the APF collision

avoidance behaviour in the presence of a single obstacle. It is intended that obstacles

such as people are acceptably avoided despite the piloted commands.

Table 7.2: Metrics from the single obstacle experiments. The data from the actual

experiment is averaged from 100 samples, while the simulation provided 2000 samples.

Proximity [m] Frep RMS Ḟrep RMS

Mean Std. Dev. Min x y x y

Actual 2.02 0.62 0.77 0.70 0.31 1.62 0.71

Simulated 6.40 4.10 1.35 0.18 0.09 0.09 0.03

The metrics are summarised in Table 7.2 and the trajectories are shown in Figure

7.2. The primary outcome of this experiment is that the obstacle is avoided in the

atrium experiment despite the pilot command. This is indicated by the magnitude

of repulsive commands (recall that the total commanded vector has a maximum

magnitude of 1) and proximity in Figure B.1 of Appendix B.
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Figure 7.2: The trajectory (in blue) of the UAV (a) in the atrium and (b) in the

simulation
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Figure 7.2 presents the simulated and actual trajectories for the single obstacle

experiment. The pilot is intentionally commanding a vector towards the obstacle

for 10 s starting at the red star. The pilot vector is shown as a red arrow, and the

repulsive vector is indicated by the green arrow. The 0.4 m wide obstacle is avoided

in both cases.

The x-component of the repulsive vector peaks 3 s into the flight cancelling the pilot

vector and preventing a collision course. The minimum proximity is also achieved at

3 s where it breaches the safety buffer briefly (resulting in the large repulsive vectors

in the negative x-direction).

Experiments in the simulated and real environment perform in a similar manner: the

UAV approaches the obstacle, gaining speed; the repulsive force grows sharply as

the proximity lessens, cancelling the pilot vector by commanding a leftwards vector;

noise in the LiDAR as well as slight offsets in the relative positions of the UAV and

obstacle invokes a downwards vector. Finally, the UAV escapes the effects of the

repulsive field yielding instead to the pilot vector once again.

The same behaviour is observed in Figure 7.2 for both the actual and simulated

trajectories. The simulated experiments display a greater degree of safety and pilot

compliance than the actual experiments. Oscillations are also less prevalent in

simulations, indicated by the smaller ˙Frep RMS value in Table 7.2. The repulsive

vector changes more gradually, observed in Figure B.1 and B.2.

The disparity between the simulated and actual experiment is observed. The repulsive

vector does cancel the pilot vector as expected. However, momentum carries the

UAV closer, causing the repulsive vector to rise rapidly away from the obstacle1. In

the simulation, the UAV stops faster upon approach, and therefore does not get so

strongly repelled.

Note also that in the simulated environment, the repulsive vector cancels the pilot

vector at 1.35 m away despite the parametrisation dictating a maximum repulsive

vector at 0.82 m. However, the parametrisation is designed to avoid a 0.1 m wide

obstacle and as such the UAV avoids a bigger obstacle (0.4 m) with a greater berth.

1The simulation does include momentum, but the velocity response is much faster than the real

UAV. There is a section dedicated to this disparity further on
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7.2.2 Obstacle Gap

In this set of experiments the UAV is placed 2 m away from a set of obstacles with a

gap between them. The pilot then takes off to 1 m altitude and commands a forward

vector through the gap for 10 s. Each experiment is performed once.

The APF algorithm notoriously settles into a local minima when attempting to pass

between two obstacles [32]. The problem is not solved in this research, but it is

desirable to investigate what size gaps are passable given the various APF parameters.

In these experiments, the gap starts off 1 m wide, and is increased in increments of

0.4 m until the UAV passes through.

Table 7.3 provides an overview of the results for these experiments, while Figures 7.3

and 7.4 display the flight trajectories. The data shows that the actual UAV passes

through a 2.2 m wide gap, and collisions are avoided, which are the primary findings.

The data in Table 7.3 shows that the mean proximity tends to decrease as the gap

widens, up until 2.2 m where the UAV is able to pass through safely. The repulsive x

command magnitude closely matches the pilot command (0.5) since they cancel out,

leading to a low pilot compliance. The high repulsive command gradient is indicative

of oscillatory behaviour in the actual experiments. The statistics over each actual

experiment are from 100 samples, while the simulations produced 2000 samples.
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Table 7.3: Summarised metrics of proximity, pilot compliance and oscillatory com-

mands for the gap experiments.

Proximity [m] Frep RMS Ḟrep RMS Passage

Mean Std. Dev. Min x y x y

Actual

1.0 m

2.28 0.83 0.89 0.87 0.18 1.33 1.30 No

Actual

1.4 m

1.63 0.36 0.99 0.58 0.06 0.76 0.29 No

Actual

1.8 m

2.00 0.86 0.74 0.64 0.36 0.68 1.27 No

Actual

2.2 m2

1.23 0.42 0.50 0.59 1.08 2.16 3.36 Yes

Simulated

1.0 m

2.02 0.27 1.95 0.48 3.0e-3 0.06 0.02 No

Simulated

1.4 m

1.96 0.16 1.87 0.48 3.6e-3 0.07 0.03 No

Simulated

1.8 m

1.87 0.20 1.77 0.47 5.0e-3 0.06 0.04 No

Simulated

2.2 m

1.78 0.23 1.65 0.47 7.5e-3 0.07 0.05 No

2The total applied vector magnitude is clamped between [0− > 1], however, the repulsive

magnitude is not bounded such that the pilot vector can be overridden in critical avoidance

situations.
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Figure 7.3: Trajectories (in blue), pilot vectors (red arrows) and repulsive vec-

tors(green arrows) in the gap experiments. The trajectory starts at the red star. The

configurations shown are (a) 1 m gap, atrium; (b) 1 m gap, simulation; (c) 1.4 m

gap, atrium and (d) 1.4 m gap, simulation.

The trajectory in Figure 7.3a shows the UAV rebounding from the gap clearly as

it moves right from the red star and is subsequently repelled from the gap, moving

left. Another key behaviour is noted in Figure 7.3c as the UAV starts offset from the

gap center and is ”pushed” downwards by repulsive forces of the top-most wall. The

UAV is also repelled as in the 1 m gap experiment. Also notable in Figure 7.3c is

the pilot’s attempts at offsetting the downwards repulsive force to re-align the UAV

with the gap center.
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Figure 7.4: Trajectories (in blue), pilot vectors (red arrows) and repulsive vec-

tors(green arrows) in the gap experiments. The trajectory starts at the red star. The

configurations shown are (a) 1.8 m gap, atrium; (b) 1.8 m gap, simulation; (c) 2.2 m

gap, atrium and (d) 2.2 m gap, simulation.

The trajectory in Figure 7.4a shows more of the rebounding behaviour observed in

previous experiments. The UAV makes it closer to the gap, and is then strongly

repelled, indicated by the long green vectors above. The saddle shape between the

gaps, noted in Chapter 3, is congruent also with the figure-of-eight shape of the

trajectory as it is repelled first by the top wall on the approach and then the bottom

wall on the retreat. Figure 7.4d simply shows the UAV passing through the gap.
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From a proximity perspective, the vehicle avoided collisions in all cases. Across both

simulated and actual experiments, as the gap widened, the mean proximity decreased.

This result is expected since the net repulsive force in the x-direction that opposes

the pilot vector would be lessened as the obstacles are moved further away. Once

again the simulated experiments are observed to have a higher mean proximity than

the actual, indicating safer flight.
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Figure 7.5: The UAV trajectory after flying through the 2.2 m gap on the left, where

it is propelled towards a tree (indicated by green circles).

The 0.5 m minimum proximity of the actual 2.2 m experiment occurs after passing

through the gap, where it encounters a tree and is very strongly repelled from it as

in Figure 7.5. The result that a minimally sized obstacle is avoided successfully is

positive, however the minimum proximity of 0.50 m indicates that the repulsive field

may need to be more sensitive. Additionally, the occurrence of a minimally sized

obstacle may skew the average metrics. Data before 3 s in Figure B.9 shows the

behaviour when passing through the gap.

The repulsive force vectors shown for each experiment are consistently bigger in the

x direction, since that is the direction being opposed. However, the rebounding effect

noted in the single obstacle experiment does manifest in the actual flights where the

gap is not passed. The metrics highlight this oscillatory behaviour through a high

repulsive force gradient. This result is far less prevalent in the simulated environments

where the UAV comes to a complete stop without rebounding/oscillating.
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7.2.3 Wall

In this experiment the APF is tested against a solid wall of obstacles with no clear

path through or around them. The expected behaviour is to stop at some steady

state distance from the wall as observed in [13, 42]. The UAV is flown at an altitude

of 1 m and approaches the wall from 3 m away with a piloted vector to the right.

Table 7.4: Summarised metrics for the wall experiments. The data from the actual

experiment is from 100 samples, while the simulation provided 2000 samples.

Proximity [m] Frep RMS Ḟrep RMS

Mean Std. Dev. Min x y x y

Actual 1.70 0.79 1.00 0.78 0.17 0.85 1.12

Simulated 2.15 0.10 2.1 0.48 2e-3 0.07 0.01

The experiment results are summarised quantitatively in Table 7.4 and the trajectories

for simulated and actual experiments are given in Figure 7.6. As expected collision

with the wall is avoided with a minimum proximity of 1 m. The simulated experiment

shows more sensitivity to the wall and has a greater mean proximity. The oscillatory

behaviour of the actual experiment is shown to be greater by the magnitudes of Ḟrep

RMS.
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Figure 7.6: The trajectory of the UAV (a) in the atrium and (b) in the simulation,

where the pilot is intentionally commanding a vector (red vector) towards a wall. As

the LiDAR senses the wall, it generates a repulsive vector (in green). The trajectory

starts at the red star.



93

Figure 7.6a shows the UAV rebounding behaviour again as the wall approaches and

then retreats from the wall despite the constant pilot vector towards the obstacle.

The rebounding effect is not visible in Figure 7.6b. Neither experiment as shown in

Figure 7.6 collides with the wall.

The RMS value of the repulsive magnitude in the x-direction is indicative of low

compliance since the pilot vector is cancelled. Having the repulsive magnitude be

greater than the pilot vector magnitude (0.5) is expressed once again as a rebounding

from the wall, leading to a higher vector gradient.

The oscillation metric (also vector gradient) is disproportionately high in the y-

direction despite little observed movement in the trajectory (the y deviation is at

most 0.5 m). The reason for this is seen in Figure B.11, which presents a high degree

of erroneous data picked up by the LiDAR which results in high variability in the

repulsive vector, especially in the y-direction.

The simulated UAV behaviour matches the expected result observed in previous

work, settling 2.1 m away from the wall. The measured compliance and oscillation

metrics in the y-axis are non-zero due to the noise in the LiDAR data.

7.3 Tunnel Experiments

A 10 m stretch of the tunnel in Figure 6.9a is used for the underground experiments.

The tunnel has a width of 3 m. 5 m from the starting position is an obstacle

perturbation of size 0.4 m, which creates a gap of size 2.6 m. The starting position

is marked midway between the walls, and the pilot commands a vector down the

tunnel at an altitude of 1 m, before landing.

The experiment is performed twice in both the real and simulated environments,

first with the obstacle width parameter set to 0.1 m, as in the atrium experiments,

and then 0.4 m. This results in a repulsive gain of 0.1 and 0.02 respectively. The

reasoning for repeating the experiments at different gains is discussed below.
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Table 7.5: Averaged metrics of proximity, pilot compliance and oscillations for the

tunnel experiments. The data shows a better APF performance when the repulsive

gain is lower. The data from the actual experiment is from 100 samples, while the

simulation provided 2000 samples.

Proximity [m] Frep RMS Ḟrep RMS

Mean Std. Dev. Min x y x y

Actual High Gain 1.3 0.24 0.81 0.36 1.32 0.74 2.6

Simulated High Gain 1.37 0.09 1.09 0.16 0.26 0.26 1.57

Actual Low Gain 1.4 0.14 1.00 0.02 0.12 0.07 0.20

Simulated Low Gain 1.39 0.06 1.09 0.04 0.02 0.07 0.11

The results for the higher-gain experiments are shown in Figure 7.7a and 7.7b and in

Table 7.5. Before the perturbation, the real high-gain experiment oscillates with an

amplitude of 30 cm, but after the perturbation begins to oscillate with an amplitude of

1 m. The direction of oscillation is in the y-axis, indicated by the high RMS repulsive

gradient. The source of the oscillation is attributed to the APF, as evidenced by

Figure B.13 in Appendix B.
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Figure 7.7: Trajectories (in blue), pilot vectors (red arrows) and repulsive vec-

tors(green arrows) in the tunnel experiments. The configurations shown are (a) 0.1

repulsive gain, tunnel; (b) 0.1 repulsive gain, simulation.

The simulated UAV does oscillate in the high gain experiment, but the amplitude

is 10 cm. Kroghs velocity scaling method is able to dampen the oscillations in the

simulation, but the effect of the perturbation does increase the oscillation amplitude.
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The oscillations are unsurprising, and their origin is discussed in Chapter 3. However,

they are still a problem, increasing the pilot effort rather than reducing it. Although

collisions are being avoided (the minimum proximity is 0.82 m in the high-gain tunnel

experiment) the reduced pilot authority is undesirable.

To address this, consider Figure 7.8 which shows the computed potential field for

a 2 m wide tunnel with a gain of 0.1 and 0.02. The region of influence of the

higher-gain potential field is larger which reduces pilot authority along the Y-axis,

but also increases the opportunity for oscillations since the potential fields are closer

together. The smaller potential field has a wider saddle region increasing the pilot

authority. By reducing the repulsive gain the potential field is made smaller which

may reduce oscillations at the cost of higher collision risk. In Figure 7.8, the potential
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Figure 7.8: A cross-cut view of a potential field represented as a surface in a 2 m

wide tunnel.

field is calculated using a repulsive gain of (a) 0.1 and (b) 0.02, showing how a bigger

gain (Figure 7.8a) results in a larger field which is responsible for oscillations. Figure

7.8b shows a high potential near the walls, which is desirable to avoid collisions, but

contains a much flatter region close to the midpoint than the higher-gain field in

Figure 7.8a. Note that the gradient of the surface is used to compute the repulsive

force used in the APF algorithm, and as such the wider saddle region in (b) provides

more pilot authority along the y-axis.

The effect of decreasing the repulsive gain to 0.02 is shown in Figure 7.9a and

7.9b. The simulated environment presents no oscillations, and passes the obstacle

perturbation without problems. Oscillations in the real environment are present, but

dampened as the UAV self centers before the perturbation, where it is less sharply

repelled than in the higher gain experiments.
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The effects of reducing the repulsive gain are also evident in the quantitative results in

Table 7.5 which shows increased pilot authority (by the reduced repulsive magnitude)

and reduced oscillatory effects (by the repulsive vector gradient).
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Figure 7.9: Trajectories (in blue), pilot vectors (red arrows) and repulsive vec-

tors(green arrows) in the tunnel experiments. The configurations shown are (a) 0.02

repulsive gain, tunnel; (b) 0.02 repulsive gain, simulation.

Figure 7.9 shows fewer oscillations in the actual trajectory than Figure 7.7. There is

a marked decrease in the y-axis oscillations, even after the perturbation, indicating

that reducing the gain sufficiently helps dampen oscillations. The effect is also visible

in the simulation, albeit at a smaller scale since there are few oscillations to begin

with.
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7.4 Conclusion

7.4.1 Simulation Disparity

Each of the experiments note a difference in performance of the simulated UAV to

the actual system. While in general the behaviour is similar, the simulation does

not fully capture some things. For example, the minimum proximity in all simulated

environments is on average 0.77 m more than the actual experiments.

The first observation is that flying the UAV outdoors in the LOITER mode provided

by the FC uses a Global Positioning System (GPS) to perform position and velocity

control. Flight in this mode is required in order to measure the velocity inputs and

outputs. An important feature of this mode is braking, which rapidly stops the UAV

translation.

The atrium and tunnel experiments however are performed in the GUIDED NOGPS flight

mode (since GPS does not work underground). This mode has no position or velocity

control, nor does it feature braking. The identified model features this braking,

providing a fast 2nd-order response to velocity inputs, while the actual underground

UAV does not. An improved model would either be achieved analytically, or by

fitting a system that maps the tilt angle input to the translational acceleration while

in the GUIDED NOGPS mode.

Secondly, the system identification for the UAV model maps the velocity reponse to

the velocity input which is not instantaneous. However, there are other potential

sources of delay that have not been modelled. The software is layed out such that

the LiDAR data flows as follows:3 Repulsive Field Calculation->Multiplexing with

Pilot Command->Driver->mavros->Ardupilot.

Table 7.6 presents the timing results after injecting a short range (0.5 m) LiDAR

point in the middle of the function responsible for calculating the total repulsive force.

The short range will dominate the repulsive response which propagates through the

system. The delay between the injection and the resulting attitude command can

then be observed. Performing 5 of these experiments shows an average delay of

74.5 ms between receiving the LiDAR data and sending the attitude setpoint to

mavros. The delay between measuring a perturbation and acting on it is greater

than the LiDAR sample time (50 ms at 20 Hz) which makes it considerable.

3The delay of the light reflecting of the surface being measured is neglible at roughly 8e-8 s at

the maximum LiDAR range of 12 m.
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Table 7.6: Characterising the delay between receiving the scan from the rp lidar

ROS node, to injecting a short range reading which results in a large pulse in the

repulsive force, then the total force, then the attitude command after some delay.

Time since scan received [seconds]

Run A B C D E Average

Inject Impulse 0.0219 0.0215 0.0181 0.0202 0.0274 0.0218

Publish Frep 0.0438 0.0463 0.0381 0.0395 0.0512 0.0437

Publish Ftot 0.0827 0.0628 0.0539 0.0625 0.0644 0.0653

Publish Attitude 0.0904 0.0738 0.0652 0.0681 0.0749 0.0745

There are additional delays as the UAV rotational response required to generate

translational velocity is not instantaneous, but these are considered lumped as part of

the originally identified system. However, the delays identified above are substantial

considering that the LiDAR scan rate is 20 Hz. The simulations are also performed

with zero delay, which may be an additional cause of disparity between the actual and

simulated behaviour. Finally, while Gaussian noise is used to model the LiDAR range

noise, it does not model the misreadings observed in Figure B.11. The misreadings

appear to be a result of the laser scanner detecting parts that are on the frame,

and could be modelled by random fault injection. However, the APF exhibits good

immunity to the errors. Further experimentation regarding the noise immunity of

the APF algorithm is required.
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7.4.2 Critical Analysis

The purpose of this chapter is an experimental validation of the APF algorithm on

a physical platform. The goal of a local collision avoidance system is just that: to

avoid collisions. In that respect, the APF algorithm performs well, supported by

the proximity metric, which was at all times greater than the vehicle center-to-tip

dimension (which would indicate a collision). However, in terms of the safety buffer

definition of flight safety in Chapter 4, some situations lead to unsafe conditions. In

particular, approaching a tree of diameter 0.1 m lead to the smallest proximity which

breached the safety buffer, as well as the wall effect buffer. Regardless, collisions are

still avoided, and the APF algorithm performs adequately to avoid intentional pilot-

commanded collisions. Additionally, the selection of parameters to avoid collisions

using the parametrisation method is verified.

From a pilot authority perspective, the APF algorithm is particularly sensitive to

environmental constrained-ness as well as the repulsive gain. Avoiding obstacles

requires a reduced pilot authority, however in situations where there is no obstacle

along the pilot trajectory (as in the gap experiments), better compliance of the pilots

commands is desirable for ease of use. However, even a gap-finding algorithm must

set a minimum gap size, whereas in this case it is found empirically to be 2.2 m. The

experiments and metrics do not capture the pilot ease of use, which is an important

metric if the APF algorithm is to be adopted for value-adding use-cases in mining

environments.

Oscillatory behaviour is perhaps the greatest draw-back of the APF algorithm in

terms of pilot ease of use. When approaching an obstacle, the pilot expects the

UAV to slow down and then come to a stop at a safe distance from the obstacle, a

behaviour noted in the simulation. However, many of the atrium experiments show

a rebounding effect, quantified by the high repulsive magnitude gradients shown in

the single obstacle, wall, and gap tests.

A possible recourse for this is to modify the repulsive function to vary linearly with

distance, rather than quadratically. The effect is that breaching the safety buffer,

even by a small distance, does not result in a much larger rebounding force.
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The experiments also confirmed the trade off between flight safety and pilot authority.

Had the repulsive gain been reduced in the gap experiments, a narrower gap would

likely have become passable. However, the risk of collision with smaller obstacles

then increases. In an underground mining environment the UAV would detect both

a hanging chain and a truck, and it would be desirable to avoid both with equal

proximity. Each detected obstacle should be capable of maximally repelling the UAV,

which is currently not true since all repulsive forces are additive, resulting in larger

objects creating larger repulsive forces.

A potential mitigation for this is to cluster points together as a form of obstacle

detection, calculating the repulsive force from the centroid of the cluster [49]. Clus-

tering can be computationally expensive, so a second alternative is to limit the total

repulsive force in any one direction. For example, a small obstacle to the left produces

a repulsive force to the right, while a large wall on the right produces a repulsive

force to the left. Limiting the effect of the bigger obstacle means the smaller obstacle

can cancel the repulsive force, resulting in a centering behaviour.

In conclusion the atrium experiments show that a single obstacle 0.4 m wide and

a wall are both avoided despite an intentional pilot collision course. Applying the

parametrisation method with an obstacle width of 0.1 m, the UAV flies through a

gap of 2.2 m. In the 3 m wide tunnel, boths walls are avoided, and the pilot is able

to fly down the tunnel past a perturbation. Choosing a larger minimum obstacle

size results in less oscillation before the perturbation, with no significant response to

the perturbation (as in the more sensitive test).
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Chapter 8

Conclusion and Future Work

8.1 Conclusion

Chapter 4 proposes three research questions/objectives designed to add to the body

of knowledge surrounding real time collision avoidance using potential fields. A

parametrisation method has been developed in order to choose APF repulsive gain

and maximum repulsive range in a more robust manner than trial and error.

As shown in Chapter 5, the parametrisation is robust across a range of sample rates,

angular resolutions and repulsive gain/minimum obstacle width. The Chapter also

discusses the sensitivity of the APF algorithm to each of the above variables, and

provides a comparative measure of flight safety, pilot authority and oscillation. The

primary results of this sensitivity analysis is that a higher scan rate is desirable-even

at the risk of a coarser angular resolution- since it reduces oscillatory behaviour. A

minimum obstacle width between 0.1 m and 1 m provides a good balance between

pilot authority and flight safety.

The parametrisation is then applied to a real UAV in order to assess the algorithm

performance for teleoperation in a constrained environment. Chapter 6 describes

the hardware and software components required to enable collisions-free flight while

addressing the technical implementation challenges.
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Then, by choosing the minimum obstacle width; applying the sensor scan rate

and maximium range; UAV maximum velocity and dimensions; as well as angular

resolution as inputs to the parametrisation, a repulsive gain is computed.

Physical testing in an open area shows that the repulsive gain is sufficient to avoid

an obstacle of size 0.4 m in the direct path of the piloted command. The UAV also

avoids a wall with no clear trajectory around it. In terms of constrainedness, the

UAV is able to pass between obstacles with a 2.2 m wide gap between them.

Further validation of the APF algorithm for teleoperation in an underground mine is

performed. A 10 m stretch of 3 m wide tunnel is flown, with an obstacle perturbation

along one of the tunnel walls. The UAV is able to fly collision free in the constrained

environment.

8.2 Contributions

The contributions of the research are summarised as follows:

• Developed teleoperable UAV capable of flying in a constrained environment, col-

lision free and in real time using the APF algorithm, previously only performed

on a UGV and in simulation on a UAV to the authors knowledge.

• Developed a method for choosing the repulsive parameters of an APF that

provide a balanced tuning to prevent collisions.

• Demonstrated through simulation the use of the parametrisation method across

a broad range of sensor settings, also revealing the limits of the parametrisation.

• Validated through experimentation the use of the parametrisation to counteract

intentional pilot collision commands. The vehicle also passes through a gap

2.2 m wide, and flies in a mine-like environment 3 m wide.

• Performed system identification to find a second order model of a pilot-friendly

UAV.

• Proposed unique, quantifiable metrics for comparing collision avoidance al-

gorithms.
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8.3 Future Work

A number of possible research avenues are identified during the research, given below:

• Chapter 2 discusses three sensors, lidar, sonar, and the camera, which are

lightweight enough for a UAV. However, early prototyping suggests the sens-

itivity of these devices should be researched. Specifically, their sensitivity to

dust, moisture, vibration, electromagnetic interference and the movement of

air around the propellers must be measured to identify the best candidate for

a UAV in the long term.

• The effects of wind on an APF-enabled UAV are explored by Steele [50], and a

validation of their results on a real platform in a wind tunnel is required.

• The advent of autonomous vehicles is causing a vast amount of research and

development into Three-dimensional (3D) LiDAR. The APF algorithm can be

extended in 3D to provide completely omnidirectional collision avoidance.

• There are many collision avoidance algorithms that can be applied to the same

or similar platform and directly compared using the given metrics for proximity,

pilot authority and oscillation.

• The rebounding problem is not adequately solved using Krogh velocity scaling

alone. Implementation of a global velocity controller (rather than relative)

is a possible avenue for stabilising the collision avoidance in a constrained

environment. This may require external positioning systems (costly) or onboard

SLAM, however, velocity can also be estimated by averaging the velocity

computed in Equation 3.6. Another option is a fixed braking manoeuvrer

such that a braking command aggressively opposes the direction of motion,

preventing the UAV from breaching the safety buffer and rebounding.

• Reducing the vehicle size and improving the LiDAR scan rate and delay

parameters, even more constrained environments can be considered. This is

however more of an engineering problem than a research task.

• The system identification in this research is performed outdoors, with a well

tuned position and velocity controller using GPS. The flight dynamics indoors,

without a position or velocity controller, are different as observed in the previous

chapter. An accurate system identification would model the input tilt angle

against the output velocity.
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Appendix A

System Identification Data

Chapter 5 details how the system is innervated and how the MATLAB System Identific-

ation Tool is used to generate a second and third order model of the UAV response

to velocity inputs.

The x and y velocity setpoint data is given in Figure A.1, showing the erratic inputs

used for excitation. Figure A.2 shows a periodogram of the velocity input (top) and

output (bottom) of the plant excitation signal, which shows a flat response over a

broad frequency range from around 0.1 Hz to 5 Hz.

Figure A.1 shows the x-and y-velocity excitation signals used for the system iden-

tification and modelling. Important features of an excitation signal for system

identification are a large variability in the magnitude of the driving setpoint, as well

as a broad range of frequencies.

The plant excitation signal spectral density is analysed using a periodogram in Figure

A.2. The frequency response shown indicates no distinct frequency spikes up to 4 Hz,

indicating that it is a good broad-band signal for system identification.

The two identified systems are described by:

G2(s) =
10.13s+ 2.86

s2 + 5.106s+ 3.172

and,

G3(s) =
397.7ss + 390.9s+ 154.9

s3 + 262.1s2 + 195.8s+ 155.2
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Figure A.1: Plant excitation signals used in the system identification in both hori-

zontal directions. These inputs exhibit a broad amplitude and frequency range of

inputs.
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Figure A.2: Periodogram of the input and output signals.
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Appendix B

Experiment Data

Data from each experiment in the simulation, atrium and tunnel is presented below.

Each figure presents the proximity of the UAV to the nearest measured obstacle in

panel one. The second panel contains the magnitude of the difference between the

actual command and the pilot command in both the x and y axis of the body frame.

This serves as a measure of pilot authority. The third frame presents the gradient of

this error magnitude, providing a measure of oscillatory behaviour. Each of these

variables are given as a function of time.

They are arranged such that experiment data precedes the simulation data for the

same configuration. Shown first is the single obstacle experiment, followed by the 4

gap experiments, the wall experiment and finally the two tunnel experiments.
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B.1 Single Obstacle Experiment
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Figure B.1: The UAV proximity in the first panel, the repulsive vector magnitude

in the second panel, and the repulsive vector magnitude gradient during the single

obstacle experiment in the atrium.

Figure B.1 shows that the UAV is at its closest (0.77 m) at 3 s, briefly breaching the

safety buffer. Note also that as the UAV approaches the edges of the atrium at 6 s,

it detects a new obstacle as the closest. Nearing the obstacle at 3 s causes the UAV

to deviate quickly, which is clear in the third panel. as the repulsive vector gradient

spikes rapidly.
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Simulation Data
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Figure B.2: The UAV proximity in the first panel, the repulsive vector magnitude

in the second panel, and the repulsive vector magnitude gradient during the single

obstacle experiment in the simulation.

In Figure B.2, the proximity reaches the minimum sooner than the actual experiment,

at 0.5 s, since the simulated UAV flies faster. This repulsive magnitude and gradient

show that the simulated APF algorithm is less oscillatory since the UAV does not

approach the obstacle as closely as the actual experiment, and is therefore not

rebounded as much.
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B.2 Gap Experiments

B.2.1 1 m Gap
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Figure B.3: Data from the 1 m wide gap experiments in the atrium used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

Figure B.3 shows that the minimum proximity of 1 m is encountered at 3 s, whereafter

the UAV is repelled from the obstacles on either side of the gap. Note the spike in

proximity at 1.5 s is an error. Panel 2 reveals the repulsive magnitude is much greater

in the x-direction than the y-direction, since the pilot is commanding a collision
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course in the positive x-direction.
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Simulation Data
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Figure B.4: Data from the 1 m wide gap experiments in the simulation used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

Figure B.4 provides little extra information, besides the almost complete lack of

oscillation as the UAV becomes trapped in the local minima, indicated by the flat

response after 1 s in panels 1 and 2.
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B.2.2 1.4 m Gap

Atrium (Real) Data
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Figure B.5: Data from the 1.4 m wide gap experiments in the atrium used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

In Figure B.5, the minimum proximity of 1 m is encountered at 3 s, whereafter the

UAV is repelled from the obstacles on either side of the gap. Panel 2 reveals the

repulsive magnitude is much greater in the x-direction than the y-direction, since

the pilot is commanding a collision course in the positive x-direction. At 10 s, an

obstacle behind the vehicle triggers a slight response.
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Simulation Data
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Figure B.6: Data from the 1.4 m wide gap experiments in the simulation used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

Figure B.6 shows that the repulsive magnitude and gradient are lower than the actual

experiment since the UAV starts exactly in line with the centre of the obstacle, and

there are no external obstacles or perturbations. Additionally, the UAV does not

oscillate in the x-axis.
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B.2.3 1.8 m Gap

Atrium (Real) Data
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Figure B.7: Data from the 1.8 m wide gap experiments in the atrium used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

In Figure B.7 the minimum proximity occurs at 6 s where the safety buffer is breached,

resulting in a strong repulsion in the negative x direction. The y-axis oscillation

occurs as the walls either side of the gap push to center the UAV.
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Simulation Data
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Figure B.8: Data from the 1.8 m wide gap experiments in the simulation used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

Figure B.8 shows how in contrast to the actual experiment, the UAV settles 2 m

away from the gap. The repulsive force vector and gradient are lower than the actual

experiment since the UAV starts exactly in line with the centre of the obstacle, and

there are no external obstacles or perturbations.



123

B.2.4 2.2 m Gap

Atrium (Real) Data
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Figure B.9: Data from the 2.2 m wide gap experiments in the atrium used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

In Figure B.9 the UAV passes the gap at 2 s, then encounters a tree at 5 s and

again at 6 s resulting in a large repulsive force and low temporary proximity. The

encounters after passing the gap result in skewed data for comparison with the

previous gap experiments.
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Simulation Data

Time [s]

0 2 4 6 8 10
0

2

4

P
ro

x
im

it
y

 [
m

] Proximity

Safety Buffer

0 2 4 6 8 10
-2

0

2

M
ag

n
it

u
d

e X

Y

0 2 4 6 8 10
-2

0

2

G
ra

d
ie

n
t

X

Y

Figure B.10: Data from the 2.2 m wide gap experiments in the simulation used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

Figure B.10 shows that the UAV does not pass through the gap in this case, instead

settling into a local minima 1.8 m away from the gap.
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B.3 Wall Experiment

Atrium (Real) Data
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Figure B.11: Data from the wall experiments in the atrium used for quantifying

proximity (in panel 1), pilot authority (as repulsive magnitude in panel 2) and

oscillation (as the repulsive vector gradient in panel 3).

Key in Figure B.11 is that the LiDAR exhibits a large degree of noise shown as spikes

in the proximity data. The true minimum proximity follows the parabolic shape as

in previous experiments. The LiDAR misreadings result in spikes in the repulsive

vector in the y-axis. However, the trajectory is not affected by these short errors.
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Simulation Data
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Figure B.12: Data from the wall experiments in the simulation used for quantifying

proximity (in panel 1), pilot authority (as repulsive magnitude in panel 2) and

oscillation (as the repulsive vector gradient in panel 3).

Unlike the actual experiment, the simulated UAV settles 2 m away from the obstacle

without rebounding, as shown in Figure B.12.
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B.4 Tunnel Experiment

B.4.1 High Gain

Tunnel (Real) Data
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Figure B.13: Data from the high gain tunnel experiment in the mock mine used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

Figure B.13 shows that the repulsive command in the y-axis is oscillatory, and after

the UAV passes the obstacle at 6 s, the oscillation amplitude increases. The obstacle

perturbation causes a disturbance that is undamped in the y-axis.
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Simulation Data
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Figure B.14: Data from the high gain tunnel experiment in the simulation used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

In Figure B.14, it is observed that the narrow tunnel results in damped oscillatory

commands in the y-axis, while the obstacle perturbation results in a disturbance at

3 s.
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B.4.2 Low Gain

Tunnel (Real) Data
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Figure B.15: Data from the low gain tunnel experiment in the mock mine used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

Figure B.15 shows that some oscillatory behaviour is visible in the y-axis, but at a

lower amplitude than the high gain experiment. Passing the obstacle at 6 s does

not result in a noticeable disturbance in the y-axis, but the x-axis of the repulsive

command is perturbed slightly on the approach and retreat of the UAV to and from

the obstacle.
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Figure B.16: Data from the low gain tunnel experiment in the simulation used for

quantifying proximity (in panel 1), pilot authority (as repulsive magnitude in panel

2) and oscillation (as the repulsive vector gradient in panel 3).

In Figure 7.9b, after passing the obstacle at 2 s, the proximity and oscillatory

behaviour is limited, and presents the ideal behaviour when flying in a tunnel. The

pilot authority is also good, since the repulsive magnitude in panel 2 is low.
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