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Abstract

Structural failures caused by cracks or corrosion lead to catastrophic consequences

in environmental, human and economic terms. Therefore, structural health as-

sessments are essential for maintaining their structural integrity. Considering the

small size and manoeuvrability of the Unmanned Aerial Vehicles (UAVs), the

aerial inspection platform provides an e�cient solution for inspecting high-risk

sites such as drilling rigs and pressure vessels, which are traditionally inspected

by experienced human engineers that mainly rely on their naked eyes. By deploy-

ing an autonomous aerial vision-based visual inspection system, the limitations

of the human cost and safety factors of previously time-consuming tasks have the

potential to be overcome. However, the maturity level of autonomous inspection

UAVs still needs to be improved.

Motivated by the observations derived from improving the autonomous capa-

bility of aerial visual inspection, this thesis presents novel solutions to contribute

to autonomous UAVs for asset visual inspection. First and foremost, the feasibil-

ity of using a UAV system with Visual Simultaneous Localisation and Mapping

(VSLAM) for autonomous visual inspection in con�ned and low-illumination in-

door environments is veri�ed in the simulation environment for the �rst time.

With image contrast-enhanced VSLAM, the UAV can track the planned tra-
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Chapter 1

Introduction

1.1 Research Background and Motivation

1.1.1 Robot-based Visual Inspection of Oil and Gas Facilities

Owing to the growth of the Industry 4.0 revolution, industries face growing de-

mands for monitoring and maintaining the proper function of industrial facil-

ities e�ciently and e�ectively. Non-Destructive Testing (NDT) is the process

of inspecting, testing or evaluating the properties of a component for industry

without destroying the serviceability of the part. Inspections are a crucial part

of the operations of many industrial sectors. The report presented by Mordor

Intelligence [25] has indicated that the NDT market was valued at $16.72 billion

in 2020 and is expected to reach a value of $24.64 billion by 2026, at a compound

annual growth rate of 6.7% during the forecast period of 2021-2026. At the same

time, the oil and gas sector still underpins modern society. According to the

Energy Outlook 2022 released by the British Petroleum, the demand for oil and

gas has increased above the pre-COVID-19 level [26]. Therefore, demand from
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the oil and gas industries is fuelling the NDT market.

Visual inspection is currently the principal approach for maintenance and

assessment of asset integrity [27]. Hence, the reliability and e�ciency of inspec-

tion systems are vital to public safety and the economy. However, there are

many facilities in oil and gas companies that own lots of oil derricks, pressure

vessels and o�shore rig infrastructures set in hazardous environments. These en-

vironments have risks of radiation, lack of oxygen, high temperatures and �re

dangers, which put engineers at risk. In this case, eye-based visual inspection

is ine�cient, experience-dependent and can even be dangerous for experienced

engineers [28]. Therefore, liberating human engineers from dangerous, expensive

and time-consuming tasks becomes urgent.

To eliminate human participation, boost operational e�ciency and improve

safety, robotics are increasingly used to carry out inspection and maintenance

activities on industrial properties [29]. The oil and gas business bene�ts from

inspection robotics technology by being more productive, secure and dependable.

According to [30], the inspection robot market was worth more than $1.68 billion

in 2020, and it is projected to expand at a compound annual growth rate of

17.3 % from 2021 to 2029. Meanwhile, the oil and gas industry dominated the

inspection robot market globally in 2020, accounting for more than 50% of the

total market value.

Various robot-based platforms have been studied for e�ciently assessing in-

frastructures, such as Unmanned Ground Vehicles (UGVs), Remotely Operated

underwater Vehicles (ROVs), Autonomous Underwater Vehicles (AUVs) and Un-

manned Aerial Vehicles (UAVs). To inspect assets in hazardous environments,

UAVs have gained great interest due to their 
exibility and manoeuvrability [31],
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and they have been applied to lots of inspection tasks such as pipelines [32] and


are stacks [33]. A general UAV-based facility visual inspection process is indi-

cated in Fig. 1.1. The visual inspection is carried out by experienced engineers

who control the UAV remotely and identify defects from the captured data. The

inspection e�ciency and quality are in
uenced by the inspectors’ skill and tired-

ness [34]. Therefore, this inspection procedure creates opportunities for furthering

the advancement of autonomous UAV technologies and image analysis solutions

to address challenges in e�cient inspections [33], and the full automation of the

visual data collection as well as its analysis is expected [35].

Figure 1.1: Scheme of UAV-based visual inspection

With the advancement of image processing techniques, a lot of image pro-

cessing methods have been adopted for corrosion detection. However, corrosion

does not have a unique shape, colour, or pattern that can be used to identify

corrosion accurately [36]. Deep learning-based methods autonomously learn the

relevant features, and some studies show that these methods outperform tradi-

tional corrosion detectors in terms of detection accuracy [37]. However, the high

demand for computing resources has limited their applications on the UAV on-

board platform [38]. Moreover, the requirement of real-time detection at a speed

of at least 20 Frames Per Second (FPS) [39] is increasing in practical UAV visual
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inspection due to the limited endurance time [40]. With real-time corrosion de-

tection technology, end-to-end visual inspection practices become possible [41].

As a result, the labour intensity of corrosion detection can be further reduced,

and the e�ciency of visual inspection can be improved [31].

Figure 1.2: Example images of UAV �rst person view (adapted from [1])

To autonomously inspect facilities, the UAV must be aware of its location.

Otherwise, the 
ying stability of the UAV is signi�cantly degraded, and it can-

not even track its trajectory for performing inspection tasks [42]. In outdoor

inspection tasks, the UAV can rely on the Global Positioning System (GPS)

for navigation to collect visual data. As UAVs continue to evolve, small UAVs

have also started to be deployed into con�ned spaces to perform internal inspec-

tion tasks, such as inspecting the inside of pressure vessels and wind turbine

blades [43]. These scenarios involve con�ned spaces that need to be visually in-

spected. Therefore, the UAVs used in these tasks must be small, which limits the

UAV’s payload capability [43]. As a result, the adoption of Visual Simultaneous

Localisation and Mapping (VSLAM) or Visual Odometry (VO) in small UAVs is

on the rise due to the use of lightweight cameras as sensors, with no prior knowl-

edge required [44]. However, some indoor environments are enclosed spaces with

no direct sunlight, leading to reduced visibility. To address this issue, the UAV

needs to be equipped with arti�cial lighting resources. Specular re
ections caused

by coatings or walls can lead to glare, and the limited distance to the surface that
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needs to be inspected constrains the texture information obtained by the camera,

resulting in a lack of features. Some example images derived from the UAV visual

inspection process [1] are shown in Fig. 1.2 to illustrate the challenging lighting

and textureless conditions. These hazardous environments present challenges to

the stability of the VSLAM and VO systems may result in system failures.

1.1.2 Research Aim and Objectives

Motivated by the opportunities and challenges mentioned above, the aim of this

thesis is to investigate key technologies to support an aerial platform to au-

tonomously conduct visual inspections of di�erent assets, such as pressure vessels

or drill platforms.

Speci�cally, the feasibility of deploying UAVs with VSLAM in con�ned and

low-illumination environments to perform autonomous visual inspection tasks is

investigated. Subsequently, this thesis presents a series of developments in cor-

rosion detection and VO/VSLAM systems that address challenges derived from

the existing literature. The corrosion detection algorithm aims to �ll the gap

of lacking an accurate real-time deep learning-based corrosion detector for the

UAV onboard computer. The VO/VSLAM algorithms aim to provide position

information for UAVs in complex environments and address the issue of su�-

cient feature points that cannot be extracted in low-contrast scenarios caused by

unfavourable lighting conditions and textureless environments, which can lead to

degraded performance or even failure of the VO and VSLAM systems. Therefore,

the objectives of this thesis are:
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1. Explore key knowledge of autonomous UAV systems for industrial facility

visual inspection:

(a) Survey the existing knowledge about autonomous UAV systems for

industrial facility visual inspection.

(b) Assess the current state of corrosion detectors.

(c) Examine the present status of VO/VSLAM systems used in low-illumination

and textureless environments.

2. Investigate the feasibility of deploying UAV with VSLAM in con�ned and

low-illumination environments for autonomous visual inspection:

(a) Develop a simulation environment to mimic the scenario of UAV-based

autonomous visual inspection inside a pressure vessel.

(b) Evaluate the performance of the VSLAM algorithms and the VSLAM-

based autonomous UAV navigation system in the developed simulation

environment.

3. Tackle the challenge of the high computing resource demand when deploy-

ing deep learning-based corrosion detection algorithms on UAV onboard

platforms to achieve real-time and accurate corrosion detection:

(a) Develop a deep learning model with lower computing complexity com-

pared to other deep learning-based corrosion detectors in the literature.

(b) Conduct experiments to validate the developed model.

4. Investigate and address the issue of insu�cient feature points that can be

extracted for feature-based VSLAM in environments with challenging illu-

mination conditions:
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(a) Develop a strategy for VSLAM to extract reliable and robust feature

points in environments with di�erent illumination conditions.

(b) Conduct experiments to verify the developed VSLAM method.

5. Study and address the gap in extracting su�cient feature points in tex-

tureless and low-illumination environments for UAV onboard feature-based

VO/VSLAM.

(a) Develop a lightweight deep learning-based feature extractor for UAV

onboard VO systems:

(b) Conduct experiments to validate the UAV onboard deep learning feature-

based VO method.

6. Conclude research �ndings and provide suggestions for future work.

1.2 Research Methodology

1.2.1 Introduction

Research can be de�ned as a systematic process carried out with a speci�c ob-

jective, which aims to explore and discover new knowledge [45]. This de�nition

suggests that research is founded on logical relationships rather than just beliefs.

The research methodology can be de�ned as how the research is approached, tak-

ing into account philosophical and theoretical assumptions and their in
uence on

the research [45]. However, some researchers use the term "methodology" syn-

onymously with "methods" [46]. The de�nition of research methodology in [47] is

\the entire framework or design of the research: the choice of paradigm, methods,

and tools or technique", and it is used in this thesis. A research methodology
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can be determined by the chosen techniques and the ways they are applied to the

research process.

The choice of research methodology relies on the research subject, the re-

searcher’s interests, as well as the adopted philosophy [48]. This procedure is

guided by the employed philosophies in order to carry out the research. The

research philosophy and methodology determine the choice of research strategies

and methods [48]. The relationship between philosophical worldviews, strategies

and research methods is shown in Fig. 1.3. Research design connects research

philosophies and the research strategy. However, philosophical worldviews deter-

mine the research strategy and the adopted research methods.

Figure 1.3: The relationship between philosophical worldviews, strategies and research
methods (Adapted from [2]).

In the tradition of science, two primary research philosophies are acknowl-

edged: positivism and interpretivism [49]. Positivists believe that reality is sta-

ble and can be observed and described objectively [50]. Positivism highlights

measurement and rationality, asserting that knowledge is derived from objec-
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tive and quanti�able observations of events or actions. Therefore, in positivist

research, data collection and interpretation are carried out in an objective way.

Positivism is closely associated with the utilisation of quantitative data collection

techniques [51]. Interpretivism is founded on the belief that reality is subjective,

multiple and shaped by social construction [52]. Therefore, the understanding of

reality is limited to individual’s personal experiences, which may vary from some-

one else’s, and it is in
uenced by the individual’s historical and social viewpoint.

Interpretive approaches utilise questioning and observation to uncover or develop

a comprehensive understanding of the investigated phenomenon. This is closely

related to qualitative methods of collecting data [53].

This thesis aims to investigate the advanced localisation and corrosion detec-

tion solutions to assist the UAV to perform visual inspection tasks autonomously.

Therefore, positivism is chosen as the research philosophy, and quantitative re-

search is designed and conducted. Quantitative research is a method for testing

objective theories by exploring the relationship among variables [54]. These vari-

ables are usually measurable, allowing for the analysis of numerical data through

statistical methods. In this thesis, the data are collected and analysed through

the following approaches:

The literature review forms the foundation of the research [45]. Therefore, a

comprehensive literature review was conducted in Chapter 2 to assess the current

state of relevant studies. The insights gained from this review were then utilised

to identify research gaps and re�ne the scope of this thesis.

Simulation aims to analyse the behaviour of a complex system [55]. Simula-

tion is employed in scenarios where analytical problem-solving is typically chal-

lenging and often involves random variables. The UAV autonomous navigation
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system used in this thesis consists of di�erent components, such as localisation,

controllers, and so on. This work focused on investigating the performance of

the VSLAM-based localisation module. Therefore, simulation was deployed to

analyse the feasibility of the VSLAM-based autonomous aerial system (Chapter

3). However, creating a simulation that closely mimics real-world events can be

challenging.

Laboratory experiments identify the precise relationships among a small num-

ber of variables in a designed and controlled laboratory environment [56]. The

data is collected and analysed using quantitative analytical techniques with the

aim of formulating generalisable statements that can be applied to real-world sce-

narios. The major weakness of laboratory experiments is the ’limited extent to

which identi�ed relationships exist in the real world due to oversimpli�cation of

the experimental situation and the isolation of such situations from most of the

variables found in the real world’ [49]. Therefore, data collected from real-world

environments were used to test the performance of the developed algorithms, and

laboratory experiments was employed in Chapters 4, 5 and 6.

1.2.2 Research process

The research can be conducted by the guidance of the research philosophy and

methodology. The research process used in this thesis is shown in Fig. 1.4, which

is adapted from [57]. There are a total of six steps included in the research

process:

(1) Identifying the research problem;

(2) Comprehensive literature review including concepts, theories and previous

10
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is

Figure 1.4: Research process (adapted from [57])

research �ndings;

(3) Developing the hypothesis;

(4) Conducting the research design;

(5) Carrying out the research and analysing the results;

(6) Preparing the thesis to report the results.

Instead of adhering to a rigidly speci�ed schedule, these activities continually

overlap. Moreover, the initial step dictates the achievement of the last step that

has to be reached. Serious problems may occur and the study might not be

�nished if later procedures were not considered in the beginning phases.

1.2.3 Research Questions

Research questions are questions that the research project sets out to answer.

Identifying proper research questions is an essential process of e�ective research.

To conduct the research on autonomous corrosion detection and robust UAV

localisation, the following research questions were identi�ed for this thesis.

1. Is it feasible to deploy UAVs equipped with VSLAM technology into con-

�ned and low-illumination environments for autonomous visual inspection tasks?
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2. How to tackle the challenge of high demand for computing resources in

deploying the deep learning-based detector on the UAV onboard computer to

achieve real-time and accurate metallic corrosion detection?

3. How to address the issue of poor performance in UAV onboard VO/VSLAM

systems in complex environments, particularly in scenarios under low-light or

overly bright conditions, as well as textureless conditions where a su�cient num-

ber of feature points cannot be extracted?

Each of these questions has been proven di�cult to address when applied

to relevant existing work in literature that provides an existing solution to the

UAV inspection scene. By addressing these research questions during the devel-

opment of solutions to corrosion detection and UAV localisation, the presented

e�cient corrosion detection algorithm and robust VO/VSLAM systems success-

fully achieve the aim of this research while extending the state-of-the-art UAV

autonomous visual inspection scenario.

1.2.4 Literature Review

A summary of previously published works on a certain topic can be called a "lit-

erature review" [45]. It grasps the literature and demonstrates prior knowledge of

the targeted research area. To address the research questions mentioned above,

comprehensive literature reviews about sensors and robotic platforms for inspec-

tions, vision-based corrosion detection systems, UAV positioning techniques and

principles of Convolutional Neural Networks (CNNs) are carried out and pre-

sented in Chapter 2.
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1.2.5 Research Hypotheses

The research hypothesis is \a statement about the expected outcome of a study"

[58]. It is a predictive statement about the expected study outcome. The research

hypothesis for the feasibility of deploying autonomous UAV into the con�ned low

illumination environment with VSLAM is that through the improvement of the

feature extraction capability of VSLAM, the autonomous UAV can track the

prede�ned trajectory to collect visual data. The research hypothesis for the

corrosion detection task is that through the lightweight model design, the deep

learning-based corrosion detector can accurately identify di�erent categories of

corrosion under di�erent environments and obtain real-time results with UAV

onboard platforms. The research hypothesis for the UAV localisation component

is that by improving the feature extraction capability, the VO/VSLAM algorithms

can deliver reliable localisation performance in complex environments, especially

in challenging lighting environments and textureless scenarios.

1.2.6 Research Design

To test the above research hypothesis, research solutions are created and formu-

lated. A customised simulation environment is developed to prove the e�ective-

ness of the autonomous visual inspection with the improved VSLAM. Advanced

deep learning-based techniques are adopted and optimised for the UAV onboard

corrosion detector to accomplish accurate and e�cient corrosion detection. To de-

ploy the UAV into the challenging lighting environment, a novel VSLAM approach

that owns the adaptive image enhancement and feature extraction capabilities has

been developed. To further improve the robustness of the VO/VSLAM system

in the textureless and challenging lighting environment, the deep learning-based

13
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feature point extraction method has been optimised and implemented into the

VO framework. Both public datasets and physical experiments are utilised to

verify the proposed approaches.

1.2.7 Research Execution and Analysis

Both the software and hardware are designed and utilised to conduct the simu-

lation and experiments to assess proposed solutions. Speci�cally, a customised

simulation environment has been designed to verify the feasibility of the UAV

with VSLAM for autonomous visual inspection in challenging indoor environ-

ment. A novel deep learning-based accurate UAV onboard corrosion detector, a

improved traditional VSLAM for the low-contrast environment and a optimised

deep learning feature-based VO systems have been developed. A quadrotor with

onboard computing platforms is set up, and the public dataset and experimental

settings are con�gured. The experimental results are collected and analysed to

reveal their bene�ts, shortcomings and potential improvements.

1.2.8 Thesis Writing

To summarise the entire research and deliver the �ndings to more audiences, the

research outcomes and contributions are described in-depth in this thesis and

additional research publications.
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1.3 Contributions

To accomplish the previously outlined objectives, the contributions of this thesis

can be summarised as follows:

• The feasibility of deploying the UAV with VSLAM to achieve autonomous

visual inspection in con�ned and low-illumination indoor environments has

been proven through a customised simulation environment for the �rst time.

• The issue of high demand for computing resources when deploying deep

learning-based corrosion detection on the UAV onboard computer caused

by extensive usage of traditional convolution layers is addressed through

lightweight model design. It is achieved through lightweight convolution

utilising Depthwise Separable convolution (DSconv), innovative feature ex-

traction and fusion techniques leveraging the Convolutional Block Atten-

tion Module (CBAM) and the proposed improved Spatial Pyramid Pooling

(SPP), re�ned detection strategies incorporating three-scale detections, and

an optimised learning approach using the focal loss.

• The challenge of extracting su�cient feature points in low-contrast envi-

ronments for the VSLAM system is addressed through an image contrast

based adaptive Features from Accelerated Segment Test (FAST) threshold

and image contrast enhancement from the perspective of image contrast and

sharpening.

• The challenge of extracting su�cient feature points in low-contrast and

textureless environments for the UAV onboard VO/VSLAM system is ad-

dressed through the adoption of the deep learning-based feature point ex-

traction method with the lightweight model. The advancement is achieved
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by incorporating DSconv and the Deformable Convolution (DFconv), whose

kernel o�sets are calculated through DSconv, to extract feature points in the

challenging environment.

1.4 Thesis Organisation

To present the preceding contributions, the rest of this thesis is divided into six

chapters as follows:

Chapter 2 reviews di�erent types of robot platforms for infrastructure inspec-

tion (objective 1(a)). Besides, the corrosion detection systems (objective 1(b))

and UAV localisation techniques (objective 1(c)) are also surveyed. The principles

of CNN have also been introduced. The limitations of the current state-of-the-

art approaches are identi�ed, and the knowledge gaps are also discussed in this

chapter.

Chapter 3 evaluates the feasibility of deploying the UAV in con�ned and

low-illumination environments with VSLAM to perform the autonomous visual

inspection task. Speci�cally, a simulation environment was developed to evaluate

the feasibility of deploying the UAV with VSLAM to achieve autonomous visual

inspection of the inside of the pressure vessel (objective 2(a)). Moreover, a basic

vision-based UAV autonomous inspection scheme in the low-illumination envi-

ronment is developed and veri�ed (objective 2(b)). The overall structure involves

four parts: the UAV platform to execute the 
ight command; the visual localisa-

tion module to obtain the UAV position in the dark environment; the waypoint

controller to calculate the desired position and the position tracking controller to

generate the control signal.
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Chapter 4 focuses on addressing the problem of detecting corrosion accurately

and e�ciently with the UAV onboard computing resources. A novel deep learning-

based accurate metallic corrosion detection algorithm has been developed, which

is optimised for the UAV onboard platform to improve the inspection e�ciency

(objective 3(a)). Extensive experiments are carried out to verify the performance

of the corrosion detector (objective 3(b)).

Chapter 5 presents a novel VSLAM system to localise the robot in the complex

illumination environments. E�cient image enhancement and adaptive feature

extraction threshold are presented and embedded into the VSLAM framework to

overcome the problem caused by the unideal lighting conditions (objective 4(a)).

The performance of the developed VSLAM has been validated through extensive

experiments (objective 4(b)).

Chapter 6 describes a deep learning feature-based VO system to handle envi-

ronments that are low-textured and challenging in lighting conditions (objective

5(a)). Experimental results show that the proposed system cannot only handle

the challenging scenarios that traditional feature-based VO and VSLAM systems

fail but can also be deployed on the UAV platform (objective 5(b)).

Chapter 7 concludes this thesis with a collective discussion of the research

�ndings derived from each of the studies in relation to the overall research and

provides suggestions for future research (objective (6)).

17



Chapter 2

Literature Review

This chapter provides a solid foundation for the research questions and scopes

covered by this thesis. Thus, a basic review of the latest NDT techniques and

robotic platforms for inspecting assets in oil and gas companies is presented.

Inspection robots can make the inspection process more thorough and simpler

to perform. In addition, inspection robots improve data organisation and help

in lowering the cost of operations. Thus, deploying robotic systems to substi-

tute human engineers for accessing hazardous environments is the future trend.

Therefore, state-of-the-art robotic inspection solutions are reviewed. Based on

vehicle type, the inspection robots in the oil and gas industry can be divided into

the following categories: ROVs, AUVs, UGVs and UAVs. The ROVs and AUVs

are both Unmanned Underwater Vehicles (UUVs), so they will be covered in the

UUVs part. These robots have di�erent mechanisms and structures for di�erent

inspection tasks. Some of them are focused on inspecting oil storage tanks, while

some of them are designed for pipeline inspection. Nevertheless, most of them

need experienced engineers to manipulate them to conduct the inspection pro-

cess. Greater robot 
exibility and autonomy levels can make the inspection more
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intelligent and e�cient.

To comprehensively understand inspection robots in the oil and gas industry,

this chapter reviews the key technologies in di�erent kinds of inspection robots,

discussing the challenges and highlighting the trends in future research that will

make the inspection process more e�cient, intelligent and cost-e�ective. In par-

ticular, the key inspection solutions are surveyed and compared to identify their

advantages and limitations. Moreover, key technologies, especially for the UAV

deployed corrosion detection algorithms and localisation systems, which improve

the inspection e�ciency, are reviewed to summarise their limitations and research

gaps.

2.1 Sensors and Robotic Platforms for Inspections

2.1.1 Inspection Methods and Sensors

For inspection purposes in the oil and gas industry, no single NDT solution works

for all defect detection solutions [59]. Therefore, a number of NDT sensors with

their appropriate inspection methods are used to detect corrosion and cracks.

According to di�erent types of sensors, the most commonly applied inspection

technologies can be roughly divided into four classes, i.e., visual inspection, ul-

trasonic inspection, magnetic inspection and eddy current inspection.

Visual inspection is one of the most basic and common inspection means.

In the very beginning, experienced engineers used their naked eyes to check the

condition of assets [60]. But now, cameras have allowed the inspection robots

to pursue a view of the structure. Then, the structure will be reviewed by an
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experienced engineer remotely [61]. With the development of image processing

techniques, the image analysis process can be �nished in an autonomous manner

[62]. Visual inspection is simple and one of the most straightforward inspection

techniques to perform. However, it is only suitable for detecting surface damage,

and the inspection quality is sensitive to illumination conditions [63].

Besides the visual inspection mentioned previously, the ultrasonic inspection

is another primary way found in literature. Ultrasonic sensors can emit and

receive ultrasound waves, which are propagated into the material. Cracks can be

detected by measuring the time di�erence between the generated and re
ected

ultrasound [64]. There are many advantages to using ultrasonic sensors, such as

high accuracy, high sensitivity and suitability for monitoring all kinds of materials

[65]. However, it will not work when the defect lies along the line of the wave

travelling [66].

Magnetic sensitive sensors work with ferrous material assets [67]. After ap-

plying a magnetic �eld to these facilities, most of the magnetic 
ux lines will go

through these metal materials. If there is a defect, magnetic 
ux lines will be

bent. Some of the magnetic 
ux lines will leak out. The magnet sensitive sensors

can detect the magnetic leakage �eld. The detected signal can be analysed to re-

veal the changes in structure [68]. This method can realise high-speed inspection

and defects on both the external surfaces and subsurface [69]. However, it can

only work for ferromagnetic materials, and the sizes of defects detected are very

limited [70].

Eddy current inspection is similar to magnet sensitive inspection in some

ways. It uses eddy currents generated by coils. When there is a crack in the

structure, the eddy current will be altered. At the same time, the impedance of
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the coil will also be a�ected. Monitoring the change in impedance in the coils can

tell the condition of the facility [71]. This method is sensitive to surface defects

and can be used to inspect multilayer structures [72]. Nonetheless, it is very

susceptible to magnetic permeability changes and cannot detect defects parallel

to the surface [73].

Table 2.1: Comparison of di�erent inspection technologies

Technology
Defect

location
Advantages Limitations

Visual inspection
[60] [61] [62] [63]

Surface
Easy to use;

good at �nding
surface blemishes

In
uenced by
the environment

easily;
subject to

operator’s skill

Ultrasonic testing
[64] [65] [66]

Surface;
internal

Sensitive to
detects; fast

Critical requirement
for surface condition;

di�cult to inspect
complex structures

Magnetic testing
[67] [68] [69] [70]

Surface;
subsurface

Higher sensitivity
than ultrasonic

for ferromagnetic
materials

Limited to
ferromagnetic

materials; di�cult
to measure
the defect

depth quantitatively

Eddy current
testing

[71] [72] [73]

Surface;
Subsurface

Low requirement
for the surface

condition

In
uenced by
magnetic properties;

orientation of
probe during
scanning can
e�ect results

thermography
testing

[74] [75] [76] [77] [78]

Surface;
Subsurface

Fast; large
detection area

In
uenced by
re
ectance of
the surface

Infrared thermography testing uses thermal imaging cameras to visually repre-

sent surface temperatures of a facility to identify abnormal temperature patterns

that indicate possible defects [74]. Thermographic measurements can be con-
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ducted in either the active or passive mode. In passive mode, the camera records

the existing thermal pro�le emitted from the surface. On the contrary, the ac-

tive mode captures the surface temperature decay pro�le when subjected to an

external thermal stimulus for a certain duration [75]. There are no standard

baselines that can be used to identify abnormal temperature patterns. There-

fore, defect detection with passive thermography is often considered a qualitative

approach. In contrast, active thermography experiments are conducted under

controlled conditions. The type and amount of stimulation are speci�ed, which

enables defect identi�cation with quantitative analysis [76]. The infrared ther-

mography testing can inspect a large area e�ciently, and the detection results

are intuitive [77]. Nevertheless, obtaining accurate results requires knowledge of

the target’s emissivity and re
ective temperature [78].

The summary of these methods is listed in Table 2.1.

2.1.2 Unmanned Ground Vehicles for Facility Inspection

According to the shape and function of the onshore facilities in the oil and gas

industries, the equipment can be roughly divided into vertical structures and

pipelines. The vertical structures contain drilling, production and storage assets

such as 
are stacks and tanks. Pipelines are primarily focused on transportation

purposes. To inspect these kinds of facilities, UGVs are the most popular choice

nowadays.
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Figure 2.1: (a) A magnetic adhesion robot [3], (b) a pneumatic adhesion robot [4], (c)
a cat insperied adhesive robot [5], (d) a gecko inspired robot [6].
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2.1.2.1 Vertical Structure Inspection

For inspecting vertical structures, wall-climbing robots have gained signi�cant

interest. The climbing technologies are the main di�erence between these robots.

At the same time, the most important task in the design and development of a

climbing robot is to develop an appropriate mechanism to ensure that the robot

adheres to di�erent types of walls and surfaces reliably without sacri�cing its

mobility. According to the adhesion and locomotion principles, climbing methods

can be cauterised as magnetic adhesion, pneumatic adhesion, and bio-inspired

grasping grippers [79], as shown in Fig. 2.1.

Vertical structures in oil and gas companies are usually made of carbon steel.

Since this kind of material is ferromagnetic, magnetic adhesion can be highly

desirable in this kind of environment. There is a lot of work utilising magnetic

adhesion to inspect these facilities. One method is to use permanent magnets.

Such as [3], they selected high-strength permanent magnets as the adhesion mech-

anism, which can hold the robot �rmly on the walls. Another advantage of these

methods is that robots do not need extra power for the adhesion mechanism.

In some circumstances, variable adhesion is required, and the speed of switching

required is high. Thereby, the electromagnetic adhesion mechanism will become

speci�cally applicable [80].

Pneumatic adhesion mechanisms are another widely used technology in ver-

tical structure inspection robots. The attraction force between the robot and

the wall is proportional to the pressure di�erence between the pressure chamber

or suction cups and the atmosphere. Unlike magnetic adhesion methods, which

can only work on ferromagnetic surfaces, the pneumatic adhesion mechanism is

suitable for a wider range of materials. Using suction cups is a very popular
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method. In [81], three suction cups, a supporting plate, a vacuum pump, and

some accessories were used to compose the suction module. The rover developed

in [4] was equipped with a vacuum adhesion mechanism as a fall protector while

performing inspection tasks.

There is also a variety of work adopting biomimetic adhesion methods to re-

alise excellent climbing robots. In [5], researchers developed a robot that consists

of four legs with gripping devices made of 12 �shing hooks. This robot can imitate

the movements of rock-climbers and the way cats hold surfaces when they climb

in the vertical direction. A gecko-inspired adhesive method was proposed in [6].

Inspired by the gecko toes, it used a rigid tile supported by a compliant material

and loaded by an inextensible tendon. This mechanism allowed the climbing part

to make full contact with the surfaces.

2.1.2.2 Onshore Pipeline Inspection

For onshore pipeline inspection robots, the style of locomotion is a vital part,

which can re
ect the whole performance of the robots [82]. According to the

di�erence in driving source and control ability of movement mechanism, robots

can be sorted into the pig, wheeled, tracks, legged, inchworm, snake and screw

types [83]. Fig. 2.2 gives some examples of these kinds of robots.

The pig type [7] itself is a simple device which collects the data from the

pipeline. The pig carries out the inspection tasks along with the 
ow of oil or

gas. What is more, the pig has no driving mechanism and is driven through the

pipeline by oil or gas 
ow. The wheel type [8] uses wheels to touch the pipe

wall. It can easily adapt to various pipelines with springs. The track type [9] is

often treated as the alternative to the wheeled robot. The wheels are bounded
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Figure 2.2: (a) The pig type [7], (b)the wheel type [8], (c) the track type [9], (d) the
legged type [10], (e) the inchworm type [11], (f) the snake type [12], (g) the screw
type [13].

by the belt, which can enlarge the surface contact area and reduce the chances of

losing pipe wall contact. The legged type [10] uses legs to contact the pipe wall.

This type of robot can produce highly sophisticated motions and is suitable for

pipes with obstacles. The inchworm type [11] uses the traction generated by the

large force applied to the front or back module. Compared with other types of

inspection robots, it has an advantage in curved pips. Snake type [12] consists

of several identical body segments with joints, which allows it to generate a wide

range of di�erent motions. The screw type [13] moves forward through the rotary

motion, achieving good performance in vertical pipelines.
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2.1.3 Unmanned Underwater Vehicles for Facility Inspection

Oil and gas companies have thousands of kilometres of pipelines and other assets

in the sea to produce and transport their products. These undersea structures can

easily develop corrosion and cracks since they are often made from metal materi-

als. In order to prevent �nancial and environmental disasters caused by leaking

products, these facilities need to be inspected frequently. ROVs and AUVs are ef-

fective and a�ordable platforms for performing underwater inspection tasks [84].

The inspection ROVs are operated by the surface operator. They are alternative

vehicles to human workers in conditions that are too deep and too dangerous for

human beings [85]. What is more, with the help of ROVs, inspection tasks can

be performed in 24 hours and 7 days. Due to these advantages, the oil and gas

companies have developed ROV technologies since the 1980s [29]. After that,

a large number of advanced ROVs with a group of sensors were used to carry

out inspection tasks, which varied in size and weight. These features of some

ROVs used for visual inspections are listed in Table 2.2. These ROVs consist of

Table 2.2: Features of some ROVs used for visual inspection

ROVs
Max
depth
(m)

Weight
(kg)

Forward
speed

(knots)

Size
(mm)

VideoRay pro 4 [86] 305 38.5 4.2 375, 290, 220
Novaray model 2000 [87] 305 25.5 6 1020, 997, 229

Falcon [88] 300 60 3 1000, 500, 600
Constructor 220 HP [89] 3048 4500 3.1 3220, 1700, 2165

Mojave [90] 300 85 3.5 1000, 600, 500

a vehicle body, control cabin, umbilical, video cameras, handling system, launch

system and power supplies. For the deep-sea inspection tasks, the main cost of

using an ROV is caused by the human operator. This cost can be reduced if these
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tasks can be performed autonomously. Based on the previous technologies and

economic constraints, using the AUVs may be a replacement for the ROVs for in-

spection purposes, and currently, it has gained great research interest. Compared

with ROVs, AUVs demand more accurate and e�cient sensors, guidance systems

and algorithms for the execution of this kind of mission [91]. Authors in [92]

presented a Deformable Virtual Zones (DVZ) method that is a sensor-based con-

trol approach. It builds a model of a virtual zone around the robot. Once the

obstacles are detected by proximity sensors, there will be deformation, and the

control signal will be calculated by minimising the deformation in the DVZ. The

FlatFish project [93] utilised the asset layout-based navigation methods. Since

almost all of the underwater assets are connected together, they can be inspected

by following pipelines and tie-backs to reach the di�erent parts of the facilities.

The sonar and camera are utilised to target and inspect the facilities. In [94],

image-processing technologies are adopted for the AUV’s navigation. At �rst,

it detects the pipeline corners in the captured image. After that, the obstacles

are identi�ed by Hough Transform (HT), and velocity and angle values can be

calculated according to this information. Finally, the AUV can move along the

pipeline by itself and inspect these structures autonomously.

2.1.4 Unmanned Aerial Vehicles for Facility Inspection

UAVs equipped with relative sensors can work as an excellent alternative to

traditional inspection techniques [95]. It can not only save time but also lower

the cost. The North Sea E & P company conducted a survey and showed that

using UAVs to inspect assets can be twenty times faster and half the cost of

traditional inspection methods [96]. This kind of method has gained great interest

28



Chapter 2. Literature Review

in inspecting assets in the oil and gas industry. Until now, all the commercial

inspection UAVs are still manually controlled. During the inspection procedure,

the UAV will be controlled by one experienced pilot, while the live video for

inspection purposes will be monitored by another experienced inspection engineer.

Famous oil and gas companies in the world, such as BP, Shell, Apache, BG

Group and Statoil have cooperated with Cyberhawk, which is the world leader

in the drone inspection domain, to inspect their facilities. Intel Falcon 8 Plus

used by Cyberhawk has shown a reliable and e�cient performance [97]. The

Intel Falcon 8 Plus has a patented V-shaped design with eight rotors, which

makes the UAV more stable and ensures an unobstructed data capture procedure.

By carrying three redundant inertial measurement units (IMUs) with e�cient

data fusion technology, the 
ying system can perform reliable responsiveness and

stability during 
ights. The inspection module consists of an RGB camera and

a thermal camera, which helps the UAV navigate while capturing detailed data

for orthography and 3D reconstruction that can be used for inspecting the assets

and further analysis [98]. Thanks to the manoeuvrability and 
exibility of the

small UAV, UAV has also started to be developed for con�ned indoor inspection

tasks to improve inspection e�ciency and reduce cost [99]. The most notable

indoor inspection UAV is Elios [100], the �rst collision-tolerant drone developed

by Flyability. The diameter of the Elios is below 400mm. It is surrounded by a

carbon �bre shell, which can protect the body from a collision. When colliding

with the obstacles, the UAV will bounce o� and roll along the surface to �nd the

path. It has been widely utilised for indoor facility visual inspection by oil and

gas companies.

For UAV inspection, one UAV needs two experienced human engineers, one

in charge of operating the UAV and another responsible for identifying defects
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from captured image sequences. If the inspection tasks can be performed au-

tonomously, the inspection procedure can not only be speeded up but also im-

prove cost e�ciency by reducing engineering labour fees and minimising accidents

due to human operation errors. The Petroleum Institute of Abu Dhabi has de-

veloped a UAV autonomous tracking and navigation controller for inspecting

straight oil and gas pipelines [32]. Their autonomous procedure consists of four

parts: Firstly, the gradient of Gaussian is used to extract the edge of the object in

image sequences. Secondly, the HT is implied to identify the pipeline. After that,

a Proportional{Integral{Derivative (PID) controller is designed to achieve angu-

lar and lateral correction, which ensures the position and orientation of the UAV

are aligned with the pipeline. Finally, automated navigation along the pipeline

is realised.

2.1.5 Key Findings

Through the comparison of di�erent sensors and relevant techniques for inspec-

tion discussed above, each sensor has its own advantages and drawbacks. When

choosing the proper sensor for inspection robots, the application scenario and

constraints need to be taken into consideration. Visual inspection is one of the

most basic and popular methods to determine the surface condition, and it can

be performed with only one camera by the robotic platforms. As a result, it is

chosen as the inspection technique to be discussed in this thesis.

In addition, three kinds of inspection robots in the oil and gas industries have

been surveyed. Among these robots, autonomous UAVs are e�cient alternatives

to UGVs. Similarly, AUVs are more e�cient than ROVs to perform repeated

close-distance visual inspections [93]. The UAVs and AUVs perform the inspec-
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Figure 2.3: Framework of UAV-based autonomous visual inspection

tion tasks autonomously, which reduces costs for the oil and gas industries. What

is more, with the development of indoor localisation, intelligent control strategies

and path planning methods, the autonomous navigation performance of UAVs

and AUVs can still be further improved. The autonomous inspection will also

come true with the help of advanced computer vision algorithms. The survey

shows that the maturity level of autonomous inspection UAVs and AUVs will be

developed, considering the robustness and reliability. The autonomous UAVs and

AUVs for inspection do not need human interaction, which can further reduce

the operational cost and time-consuming [33]. In this thesis, the UAV will be

utilised as the autonomous visual inspection platform.

The schematic of a UAV-based autonomous visual inspection system should

consist of localisation, control, path planning and defect detection. This thesis

will focus on the localisation and defect detection parts. Considering the limited

payload capability of the UAV, the visual sensor used for inspection can also

be applied for the localisation purpose. Therefore, the VSLAM systems, which

do not require previous knowledge of the environment, have the potential to be
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