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loT for Predictive Assets Monitoring and Maintenance: An
implementation strategy for the UK Rail Industry

Abstract

With about 100% increase in rail service usage over the last 20 years, it is pertinent that rail
infrastructure continues to function at an optimal level to avoid service disruptions, cancellations
or delays due to unforeseen asset breakdown. In an endeavour to propose a strategy for the
implementation of Internet of Things (loT) in rail asset maintenance, a qualitative methodology
was adopted through a series of focus-group workshops to identify the priority areas and enabling
digital technologies for loT implementation. The methods of data collection included audio
recording, note-taking, and concept mapping. The audio records were transcribed and used for
thematic analysis, while the concept maps were integrated for conceptual modelling and analysis.
This paper presents an implementation strategy for loT for rail assets maintenance with focus on
priority areas such as real-time condition monitoring using loT sensors, predictive maintenance,
remote inspection, and integrated asset data management platform.

Keywords: Internet of things, predictive maintenance, remote inspection, rail assets, augmented
reality

1 Introduction

About 3.23% of all planned rail journeys in the UK were cancelled in 2016, resulting in over £28
million claims by unsatisfied rail service customers [1]. With a forecast of 14% increase in
passenger demand and 22% increase in freight tonnage forecast by 2021, it is important to place
the focus of rail assets management on the needs of passengers and customers. Reliable rail assets
performance is essential for customers satisfaction, business growth and economic development
[2]. The UK government plays a major role in supporting the delivery of safe, reliable and efficient
rail service operation with a projected £3.74 billion support including the Passenger Transport
Executive (PTE) grants between from 2018 to 2019 [3]. According to the Office of Rail Regulation
(ORR), Network Rail has made up to 40% savings on the running cost of rail assets over the last
10 years [3]. However, current approaches of rail assets maintenance, such as manual routine
inspection by lineside workers and corrective maintenance, are labour intensive and inefficient for
the current and future challenges of the rail industry [4]. Furthermore, the routine-inspection

approach is not cost-effective because it sometimes entails the searching of areas with no faults
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and often the detection of already failed or failing rail assets. As such, there is a need to develop

ways for efficient assets monitoring and maintenance.

The motivation for this study is based on the need for more efficient ways of acquiring information
about rail assets condition as well as improve the methods of asset inspection. Efficient rail assets
maintenance requires timely information for proactive intervention to prevent the breakdown of
rail assets and unplanned maintenance activities. Another limitation of the current maintenance
approaches such as ‘find and fix’ and ‘report of asset failures by train drivers’ is the lack of timely
information about the performance and condition of assets, which leads to maintenance
inefficiency, rail service interruption and ultimately, poor customers’ satisfaction [5, 1]. In
addition, some current approaches require the deployment of rail inspection operatives to high-
risk areas of rail assets to perform routine checks, which has health and safety hazards on the
workers [6, 1]. Efficient rail assets monitoring and maintenance require innovative methods of
data collection, processing and analysis for timely information about the present and possible

future condition of rail assets.

Internet of Things (IoT) is the network of uniquely identifiable objects that enables physical
objects to connect and exchange data within the existing internet infrastructure [7]. IoT is an
emerging digital technology with prospects of providing timely information and control of rail
assets through IoT actuators, sensors and hardware devices [8]. Although there exist many
advanced methods of monitoring rail assets and detecting defects, for example, Thaduri et al., [9]
identified a potential domain for big data analytics in rail assets information management. Antony
and Nasira [10] showcased a clustering approach, a technique of data mining for enabling
predictive maintenance of rail assets using failure data of rail assets. There are also a number of
technology-based rail asset inspection such as the use of Unmanned Autonomous Vehicle (UAV),
IoT sensors, infrared and visible images registration and rail-robot based remote three-dimensional
system for rail assets inspection [11, 12, 13]. Despite the existence of some IoT-related
technologies and systems in the rail industry, there is still a lack of holistic implementation strategy
for IoT, which has essential characteristics such as interoperable communication protocol and

holistic integration into the information network, in rail asset maintenance [14].
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IoT-based digital rail asset inspection, monitoring, and control have tremendous potential to
improve maintenance efficiency, prevent assets breakdown, ensure rail service reliability, reduce
maintenance cost and enhance workforces and passenger’s safety. Based on this premise, it can be
acknowledged that IoT implementation has potential tremendous benefits for rail assets
management, despite these potential benefits, the implementation of IoT for rail assets
maintenance requires a sound understanding of the opportunities and risks involved in IoT
implementation [15]. Also, the design and development of IoT systems for optimum effectiveness
could be challenging especially for a risky industry such as rail [16]. The potential opportunities
for implementing IoT technology in rail is hinged on its capability for real-time data collection and
processing [ 17]. Hence, it is pertinent to answer the following research questions: (RQ-1) what are
the problem areas in rail asset maintenance? (RQ-2) what are the priority problem areas for [oT

implementation? (RQ-3) how can IoT be implemented for rail asset maintenance?

Based on the foregoing, this study aims to formulate an implementation strategy targeted at the
development of an integrated solution for rail asset condition monitoring and predictive

maintenance. Accordingly, the specific objectives of this study are to:

1. Identify the priority areas for the implementation of the internet of things in rail assets
maintenance.
2. Formulate a strategy using enabling digital technologies for implementing IoT in rail assets

maintenance.

This study adopts a qualitative methodology through two rounds of focus group workshops held
with expert innovation engineers in rail assets maintenance, and expert researchers in digital
technologies. A conceptual analysis was done to identify potential opportunities, enablers, and

barriers to the implementation of IoT-based rail assets maintenance.
2 Internet of Things and Rail Assets Maintenance

Rail asset monitoring and maintenance remain one of the critical challenges facing railway
infrastructure in terms of cost-effectiveness, workforce safety and operational efficiency [18]. A
major cause of this critical challenge is the lack of adequate and timely information for planning

efficient maintenance operations, which often results in late response to failing assets, unscheduled
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interruption of operation and train service delays [1]. Secondly, the means to data acquisition for
understanding the condition of rail assets remains risky, rail assets operatives still enter danger-
zones for conducting rail assets inspection and maintenance [19]. This current situation
necessitates the development of new approaches to ensure a completely safe working condition

for rail assets operatives and deliver reliable services to rail assets user.

In terms of priority for improvement, rail passengers voted punctuality, reliability and journey
times ahead of on-train experience, at-station experience and ticketing/pricing [20]. With 1.718
billion journeys on the UK rail network in 2016 coupled with further rail network expansion
projects such as High Speed 2 (HS2), punctuality and reliability of rail services are expedient to
meet up with the growing need for increased capacity of rail transportation [3]. Generally, the
reliability of rail services depends on the performance of rail assets such as tracks, stations, power,
communication and signalling facilities [21, 22]. Understanding rail assets performance enables
pre-emptive maintenance practices, however, it also requires the consistent and continuous
gathering of information about the current and possible future conditions of assets [23].
Consequently, there is a need for more pervasive data acquisition, aggregation analytics and

management [24, 25].
2.1 Problem Areas in Rail Assets Maintenance

As part of the efforts of developing rail technical strategy for control period 6 (CP6: 2019-2024),
the Network Rail has published a number of challenge statements for research and development
priority areas. Network Rail is the owner and operator of Britain’s main rail network, and it
manages the railway infrastructure including about 20,000 miles of rail track, thousands of tunnels,
signals, level crossing and points, about 30,000 bridges and 20 of the largest stations in England,
Scotland and Wales [26, 27]. The strategic business plan of the Network Rail for CP6 is focused
on achieving various targets to ensure a safe, reliable, efficient and growing railway [27].

As part of the activities for this study, several “Network Rail Challenge Statements” were reviewed
to fully understand the scope and research needs of Network Rail’s problem areas. Following the
review, nine problem areas were selected in a way to avoid similar problem areas and to cover as

much areas as possible. A summary of the selected problem areas is given in Table 1

Table 1: Shortcomings of current maintenance approaches (Source: Network Rail)
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Problem areas

1 Detection of geotechnical asset
failure by means other than

train drivers or lineside staff

2 Intelligent assets and condition
monitoring

3 Lineside asset management

4 Safe and effective lineside
inspections

5 Enabling transition to predict

and prevent
regimes

6 Automating

maintenance  activities

maintenance

inspection and

to

remove the workforce from
high-risk areas and improved

data capture

7 Improved
friction

application
management

of
to

prevent defects, derailment and

extend rail life
8 Railhead squats

9 Re-profiling rail to remove

defects and extend rail life

Current approaches

Manual inspection by site
examiner

Report from train drivers
Data collection for specific
projects

Find and fix approach
Corrective maintenance

Manual inspection

Ellipse asset inventory
repository

Manual  inspection by
lineside workers

Repetitive tasks

Partial assessment of the
condition

Corrective maintenance
Non-compliance of required

track access for
maintenance

Manual maintenance of
high-risk areas by the
workforce

Manual methods of data
collection

Manual friction
management methods
Report by train drivers

Corrective maintenance
Poor analysis of causes

Manual methods of fixing
Rail Contact Fatigue (RCF)

Shortcomings

Subjective  and  sometimes
unreliable datasets

Late identification of failing
assets

Lack of holistic understanding

Late mitigation of asset failure
The high cost of maintenance

Lack of proactive measures
Lack of timely information

Unsafe working conditions for
workers

Poor quality of data

Lack of full understanding of
asset condition

Lack of data quality
The high cost of maintenance
Lack of predictive capabilities

High workforce safety risks

Low cost-efficiency
Unsustainable for increased train
services

Wearing of track
High risk of derailment

High-cost implication
Risk of train accidents

The high development of RCF
defects

The high cost of re-railing sites
with severe RCF defects

Concisely, a common shortcoming of the current approaches is the lack of efficient ways of

consistently acquiring up-to-date information about the conditions of rail assets, which affects the

possibility of providing timely intervention to failing assets and subjects rail maintenance

workforce to risky operations in danger zones. The opportunity of matching the current problem

areas in rail asset maintenance with digital solutions in IoT-based systems was conceived as the

goal of this study because of the huge transformational potentials that lie in an IoT-based system

for rail assets maintenance.
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2.2 loT-based System for Rail Asset Maintenance

IoT-based applications are designed for automation of information acquisition, sense-making, and
control of the physical asset [28]. As laid out in Figure 1, an IoT system typically comprises of
four levels of data and control flow between physical devices and loT applications [29]. The four
levels include physical devices such as sensors and actuators for data acquisition and asset control,
IoT gateway devices for data aggregation or segregation, edge/fog Information Technology (IT)
and Operational Technology (OT) for data processing, analytics and control, and lastly, the cloud
technology IoT application for data and control management [30, 31]. IoT systems encompass the
synchronised interaction of hardware, software, networking and communication components to
provide real-time intelligence and control of the physical asset and environment [32]. [oT has been
used to provide context aware information for users in a manufacturing industrial setting [33].
Alexopoulos et al., [34] concluded that Industrial IoT system architectures share some common

characteristics such as layered architectures, event driven and context aware approaches.
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Figure 1: Data flow and control flow in loT System architecture

A desirable goal in rail asset maintenance is the ability to capture timely information about the

condition of assets and assuage the maintenance procedure of or automate the control, repair or
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replacement of the components of such assets. This goal is in perfect alignment with the core
capabilities of IoT system, which can ensure the connectivity to billions of hardware devices such
as sensors, actuators and user-tools for rail asset monitoring, management and control [35]. [oT
hardware devices are connected through the software infrastructure, which is characterised by
three main components viz; the cyber-model, big data analytics and the IoT application [36]. The
cyber-model component is described as the virtual representation of the physical assets, while the
big data analytics and software application components are responsible converting data to useful

information and defining the functionality of the IoT system [37, 38].

There are many existing and potential use cases for IoT implementation in some aspects of rail
asset maintenance, however, there is a lack of study, which proffers an implementation strategy
for holistic IoT-based system in rail asset maintenance. This constitutes a knowledge gap which
this study explores through a qualitative approach to address the problem areas in rail asset

maintenance through IoT implementation.
3 Methodology

This study adopted a qualitative methodology, which is underpinned by the subjectivism [39]. A
subjectivist philosophical stance was adopted because the process of rail asset maintenance is
mainly driven by people and supported by technology. Hence, it is important consider the
implementation of IoT for rail asset maintenance as a socio-technical phenomenon, which can be
addressed through a qualitative methodology [40]. Qualitative methodologies rely on techniques
such as interviews and focus groups, for collecting subjective data from individuals to understand
the various perspectives of a phenomenon [41, 42]. Figure 2 shows the proposed methodological
framework for the qualitative inquiry in this study, which involved two focus group workshops,
laboratory-based research analysis and follow up meetings, and was used to develop the
implementation strategy for loT in rail asset maintenance. For the purpose of answering RQ-1, the
first workshop was held to evaluate some problem areas (see section 2.1) in rail assets maintenance
and to prioritize the problem areas according to the importance and interest attached to them by
the focus group expert participants. Five focus groups were formed for the first workshop as well

as the second workshop, which was held for the purpose of answering RQ-2. The five focus groups



168  each comprised of four individuals with at least one rail asset operator, rail asset maintenance

169  expert and digital technologies expert.

5 Focus Groups
including Rail Asset
Operators, Rail Asset
Maintainers and Digital
Technologists.

RQ-1 RQ-2

Evaluation of Network Identification of priority
Rail problem areas » concepts for loT Analysis and results

implementation in rail
asset maintenance

RQ-3

Workshop 2

Follow-up Meetings

i v
: Central analysis > 1. Validation
Data collection
Y
e Cluster analysis
Prioritization of problem

Concept maps

areas for focus group +— v \

ecusson Audio records -__| Thematic analysis I 2. System Architecture

Group notes ¥

Extraction of priority concepts and focus areas |

* Y

3. Implementation Strategy for loT in Rail Assets Maintenance

170

171  Figure 2: Proposed Methodological Framework of Qualitative Inquiry

172 The second workshop was used to gather spontaneous ideas and concepts of IoT implementation
173  from the diverse perspectives of the participants. In identifying the priority concepts for loT
174  implementation in rail asset maintenance, a focus was placed on addressing the immediate problem
175 areas of rail asset maintenance as well as long term benefits of IoT implementation [43]. As
176  highlighted in section 2.1, the nine problem areas, which were selected from a pool of Network
177  Rail’s asset maintenance challenge statements, were further streamlined to five problems areas
178  through a simple voting activity by the participants at the first focus group workshop. RQ-3 was
179  answered through three follow-up meetings, which were held to validate the output of the

180  workshops, formulate an implementation strategy and develop a conceptual system architecture.
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3.1 Focus Group Design

The focus groups were recruited as part of the stakeholder's engagement process for the project in
which this study was conducted. The stakeholders were selected from three main groups, which
included: rail asset maintenance experts, rail asset operators and digital technologies developers.
Several pre-selection criteria were set to ensure that the focus group participants had the required
knowledge for the purpose of this study. The pre-selection criteria included an expertise in any of
the stakeholder groups, minimum of three years’ experience, and prior knowledge of rail asset
maintenance. Each focus group included at least one participant from each stakeholder group to

ensure heterogeneity and convergence of opinions from various perspectives.

The five selected problem areas were used to group the workshop participants into five focus
groups. Although the focus group participants had prior knowledge of the rail asset maintenance
problems areas, the focus group activities began with the revaluation of the problem areas for new
insights and identify potential solutions within the domain of IoT implementation. Other focus
group activities include the identification of IoT implementation opportunities, potential barriers

and enabling technologies.
3.2 Data Collection

This study ensured triangulation in data sources in order to enhance the reliability of the acquired
data and validity of the proposed methodological approach. Ensuring triangulation in data sources
also transcends to triangulation in analysis and ensures overall methodological robustness in
qualitative research. Three main data techniques viz concept mapping, audio recording and note
taking were used to capture the technological, physical and socio-economical concepts of IoT
implementation in rail assets maintenance. The focus group data were collected and used in line

with the research ethics guidelines and General Data Protection Regulation (GDPR).

3.3 Concept Mapping

The concepts and links were initially formed by each focus group using multiple coloured sticky
notes on wall posters. Five key questions were asked, and the concept link model shown in figure
3 was used to form the links. The five key questions include: (1) what does an ideal maintenance

service mean to you; (2) what are the potential solutions to achieve this ideal situation; (3) what
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are the opportunities for loT implementation to achieve this solution; (4) what are the potential
barriers to implementation; (5) what are the potential enablers of this opportunity. Figure 3 shows
the concept mapping model used to form the links between concepts. The conceptual modelling

tool was used to execute domain, central and cluster analysis of the concept.

Barriers to .
. Potential Enablers
Implementation

N

loT Implementation
Opportunities

Potential Solutions

Ideal Maintenance
Service

Figure 3: Technique for conceptual modelling of loT implementation
4 Results and Analysis

In order to select five problem areas in rail asset maintenance for the focus group discussions, nine
problem areas were compared using a simple priority exercise by the focus group participants.
Figure 4 shows the five selected problem areas (green). The three problem areas shown in red were
not chosen because they had two votes or less, though, item three (lineside asset management),

which had 1 vote, was merged with item four because of the similarity in context.

10
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Simple voting for priority problem areas
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Detection of geotechnical asset failure by means other than train drivers or lineside staff
Intelligent assets and condition monitoring
3 Lineside asset management
Safe and effective lineside inspection
Enabling transition to predict and prevent maintenance regimes
Automating inspection and maintenance activities
B Improved application of friction management
M Rail head squats

B Re-profiling rail to remove defects

Figure 4: Priority selection of problem areas based on simple voting by participant

In this study, three types of qualitative data including concept maps, audio records, and notes were
collected from the focus group workshops. The audio records were transcribed and analysed using
Nvivo to identify the emerging themes while the concept maps were developed and analysed using
the Banxia decision explorer tool. It includes the opportunities for [oT implementation in rail assets
monitoring, the challenges of implementing IoT and the potential solutions to address these

challenges.

The distribution of the participants in the five focus groups is shown in Table 2, according to the
problem areas addressed at the first focus group. The problem areas and focus groups were retained
for the initial sessions second focus group workshop, however, a cross-group rotation was
conducted to identify consistencies, clarify and reach consensus about priority concepts of loT
implementation as discussed across the focus groups. The data collected during the focus group
activities were analysed and used to formulate the IoT implementation strategy through follow up

meetings with the participants.

11
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Table 2: Description of focus problem areas and expertise of participants

FG- Problem Description No of Expertise of participants (ID)

1D areas participants

FG-1 | Detection of Use of LIDAR scans to 4 A. Rail innovation manager (P1A)
Geotechnical assess and monitor changes B. Associate professor in big data analytics
Asset Failure by 10 geotechnical assets and Al (P1B)
means other than Cross—dlsc1p1¥nary data C. Research associate in IoT for Rail assets
Train drivers or ~ USA&C t0 monItor cross- management (P1C)
lineside staff el fesincives o D. Rail systems and technology engineer

embankments. (P1D)

FG-2 | Intelligent Improve asset management 4 A. Head of IoT and data services (P2A)
Assets and process and train service B. Business development lead (P2B)
Condition timetable reliability ) C. Associate professor in Big data application
Monitorin Reduce the number of train development (P2C)

g . P
delays/cancellation and D. Research  associate in  immersive
reduce maintenance cost technologies and Big Data application
development (P2D)

FG-3 | Safe and New data sources for safe 4 A. Head of'rail assurance (P3A)
effective and effective inspection B. Innovation manager (P3B)
lineside methods C. Associate professor in Machine learning
inspection (P3C)

D. Engineering Manager (P3D)

FG-4 | Automating Integration of disparate data 4 A. Strategic development manager (P4A)
inspection and sources and additional B. Sustainable engineer manager (P4B)
maintenance insights on existing data for C. Head of rail engineering (P4C)
activities to remote condition D. Associate professor in Big data and
remove the monitoring and predictive artificial intelligence (P4D)
workforce from | maintenance E. Solutions Architect (P4E)
high-risk areas
and improved
data capture

FG-5 | Enabling Improved safety of 4 A. Engineering Manager (P5A)
transition to inspecting high-risk areas B. Research  Associate in  Artificial
predict and Develop technologies to Intelligence for Construction (P5B)

automate and mechanise 2 g ]
prevent . . C. Graduate civil engineer (P5C)
. inspection processes. .
mal.ntenance Improved data collection D. Senior carbon manager (P5D)
regimes

and analytics.

4.1 Conceptual Modelling

Conceptual modelling is an important means of strategy formulation between information systems
analysts and end users [44]. Typically, concept maps consist of nodes and links, which signifies
the concepts and the relationships between them respectively [45]. Concept mapping is a technique

for strategy formulation in information systems development [46]. Emerging from the personal

12
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construct theory, concept mapping is used to conceptualise and visualise people’s perceptions and
views pertaining to the research questions [47]. Specifically, for focus group data acquisition,
cognitive mapping promotes a common understanding of the effect of individual ideas on the
research questions, re-examine and make new connections between concepts through consensus

activities [48].

The concept modelling was executed in Banxia decision explorer tool, which allows the mapping
of concept data generated by the various focus groups in a comprehensive model. Figure 5 shows
the comprehensive conceptual model developed from the focus group workshops. A total of 151
concepts including the ideal situations, potential solutions, implementation opportunities, potential
barriers, and enablers were developed in the model. The model shows how the concepts emerged
through the technique described in Figure 4. The conceptual modelling tool was used to execute

domain, central and cluster analysis of the concept.

13
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Figure 5: Comprehensive Conceptual Model (A Total Number of 151 Concepts)
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259 4.2 Domain Analysis

260  Domain analysis is used to examine the importance of concepts based on the number of other
261  concepts with a direct link to a particular concept and returns the concepts with the highest number
262  of links [47. The domain analysis for the comprehensive concept map was executed using the
263  analysis functionality in the Banxia decision explorer tool. A list of the top twenty priority concepts
264  to the implementation of IoT in rail asset maintenance as well as the domain scores are presented

265 in Table 3 according to the domain analysis.

266  Table 3: Top 20 Priority Concepts according to Domain Analysis

Top 20 Priority Concepts according to Domain Analysis Domain score
1 110 Creating a common data environment across the rail industry *** 27 links
2 116 Enable predictive assets maintenance through machine learning *** | 19 links
3 118 Real-time condition monitoring using IoT sensors *** 19 links
4 144 Automation of assets control and maintenance using robotic-IoT *** | 18 links
5 38 Remote inspection using IoT- wearable augmented reality *** 15 links
6 9 Link maintenance data with components store 5 links
7 65 Digitalize and integrate existing asset information *** 5 links
8 115 Automatic fault detection using IoT sensors 5 links
9 143 Adopt of Building Information Modelling *** 5 links
10 31 Machine learning for condition prediction 4 links
11 33 Monitor assets performance using embedded [oT sensors 4 links
12 102 Monitor geotechnical soil parameters using IoT devices 4 links
13 147 Optimization of service operations using IoT systems *** 4 links
14 7 Identifying failure patterns through machine learning *** 3 links
15 46 Digitalization of record cards 3 links
16 24 Remote expert assistant using HoloLens AR 3 links
17 28 Laser scanning to optimize available access 3 links
18 40 End-to-end automation of asset management 3 links
19 46 Digital visual representation of assets 3 links
20 58 Plain line pattern recognition 3 links

267  (Note: Asterisk shows Concepts that are common in both domain and central analysis)
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In order to ensure the validity of this analytical approach, another approach known as the central
analysis is conducted. The concepts shown in bold with asterisks are common to both the domain

and central analysis, these concepts are considered a core priority for this study.

4.3 Central Analysis

In contrast to the domain analysis, which is used to examine the priority of concepts based on the
number of direct links to other concepts, the central analysis is used to examine a deeper level of
the importance of concepts by considering the importance of the successive layers of linked
concept [47]. Table 4 shows the top 20 priority concepts according to the central analysis and
reveals a 45% agreement with the domain analysis with the core priority concepts, which occurred

in both domain and central analysis, shown in bold and asterisked.

Table 4: Top 20 central concepts from the conceptual model

Top 20 priority areas for IoT implementation in rail service

Central score

1 116 Enable predictive assets maintenance through machine learning *** 38 from 73 concepts
2 144 Automation of rail assets inspection and maintenance *** 35 from 67 concepts
3 118 Real-time condition monitoring using IoT sensors *** 34 from 62 concepts
4 110 Creating a common data environment across the rail industry *** 31 from 39 concepts
5 38 Remote inspection using IoT- wearable augmented reality *** 26 from 47 concepts
6 143 Adopt of Building Information Modelling *** 22 from 44 concepts
7 32 Integrate wearable technology with augmented reality 20 from 42 concepts
8 111 Combining BIM, VR and IoT sensors 19 from 42 concepts
9 20 Fixing LiDAR assets monitor to rolling stock 19 from 42 concepts
10 121 Improve data intelligence through IoT applications 18 from 39 concepts
11 104 Integrate train embedded manufactured sensors into [oT system 18 from 39 concepts
12 95 Integrate maintenance team data management system 18 from 37 concepts
13 68 Use more open data sources 18 from 39 concepts
14 67 Collect more data using interferometric synthetic aperture radar 18 from 37 concepts
15 64 Integrate rail track design information 18 from 37 concepts
16 61 Digitalize and integrate geotechnical reports 18 from 37 concepts
17 147 Optimization of service operations using IoT systems *** 17 from 37 concepts
18 65 Digitalize and integrate existing asset information *** 17 from 37 concepts
19 7 Identifying failure patterns through machine learning *** 17 from 38 concepts
20 6 Integrate alarms to maintenance schedules 17 from 38 concepts
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Aside from revealing 9 core priority concepts, the central analysis also placed 5 of 9 core priority
concepts as the topmost core priority concepts in 100% agreement with the domain analysis,
however, the order of priority of the topmost 5 core priority concepts varies between both analyses

as shown in Table 3 and 4. The final analysis conducted on the conceptual model is cluster analysis.

4.4 Cluster Analysis

Cluster analysis is a technique for classifying concepts with the same or similar focus [49]. The
concepts classified into focus areas based on the similarity in context and the connections drawn
from the concept map [50]. Using the cluster technique, five major focus areas, which were
consistent with the topmost core priority concepts from the domain and central analysis, were
identified in the cluster analysis. The five focus areas thus identified include: (1) enabling
predictive maintenance; (2) developing a common data environment (3) enabling remote access
and inspection of assets (4) enabling real-time assets condition monitoring (5) automation of

maintenance activities. Figure 7 and 8 show cluster 1 and cluster 2 respectively.
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Figure 6: Cluster 1 (Enabling predictive scheduled maintenance)
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Figure 7: Cluster 2 (Developing a common data environment)

4.5 Thematic Analysis

A thematic analysis was conducted to consolidate the result obtained from the analysis of the
conceptual model, gain further understanding of the context of the identified concepts and ensure
the validity of the proposed qualitative approach. The audio data acquired from the focus group
workshop was transcribed using NVivo 12 Software. Due to the availability of the existing five
focus areas, no attempt was made to formulate new or additional themes, however, the validity of
the existing focus areas was tested by attempting to find additional concepts in the transcripts
which do not have any relevance to the five focus areas. No additional concept was found to be
uncaptured or irrelevant to the focus areas and as a result, the conceptual model was deemed

suitable as a reliable qualitative approach.

Subsequently, the transcripts were used to trace the focus groups were the concepts emerged or
occurred and to consolidate the context of the concepts in developing the implementation strategy.
Table 5 shows the consolidated list of concepts as well as the focus groups where the concepts
came up. The following section presents the proposed implementation strategy for IoT in the UK

railway industry for asset maintenance.
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313 Table 5: Priority Concepts and Focus Areas for IoT Implementation in Rail Asset Maintenance

Focus Groups

Enable predictive scheduled maintenance

1 Integrate alarms to maintenance schedules 4 v

2 Develop machine learning algorithms to identify assets failure patterns v
3 Use machine learning to predict potential assets condition v v
4 Consider an integrated whole system for predictive condition monitoring v

5  Integrate real-time sensor data for early warning signs in assets failure v v v v v
6 Plain line pattern recognition v | v |V v
7 Simulation of failure modes v | v v

Develop Common Data Environment (CDE) across the rail industry

8 Integrate assets design information into CDE v v
9 Integrate train design information and train embedded sensors data into CDE v

10  Integrate data from interferometric synthetic aperture radar v v v

11 | Integrate maintenance staff communication and information system into CDE v v

12 | Visualise heat maps of maintenance tasks with responsible resources in CDE v v
13 | Connect to open data sources for improved information system v v
14 | Integrate geotechnical reports into CDE v v

15 | Integrate Geographic Information System (GIS) data into CDE v |V v

Remote access and inspection of assets

16 | Digital visualisation of data from hardware sensors and monitors from a remote location v

17 | Assets information modelling v v

18 | Digital inspection of assets v v v
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19
20

21
22

23
24
25
26
27
28
29
30

31
32
33
34
35
36

37

Digitalise maintenance record cards

Implementation of assets digital twin using real-time condition modelling

Enable remote expert assistant using augmented reality

Component level digital collaboration with components manufacturer or suppliers
Real-time assets condition monitoring

Use Building Information Modelling (BIM) for real-time condition monitoring
Automate asset information update system

Attach LIDAR scanners on passenger trains for continuous data acquisition
Integrate wearable technologies with IoT sensors and augmented reality devices
Develop real-time data analytics software

Vegetation tracking using video analyses

Train detection and real-time assets control

Combining BIM, Virtual Reality (VR) and IoT sensors for real-time asset visualisation
Automation of maintenance activities

Install vibration sensors for automatic train detection
Automatic drone scan of flagged assets

Automatic fault detection through sensors

Asset tagging using QR code/RFID for automatic identification
End-to-end automation of asset management

Laser scanning to optimise available access

Automate real-time data analytics and simulation

ANE NI NN

AN NI NI NI N
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5 The Proposed Implementation Strategy for the Internet of Things in

Rail Asset Maintenance

The focus group discussion involved participants from Network Rail. Network Rail owns and
operates Britain’s main rail network, and as part of its Strategic Business Plan for Control Period
6 (i.e. 2019 to 2024), network rail plans to enable intelligent infrastructure through predictive
maintenance. The essence of this study is to formulate an implementation strategy for Internet of
things (IoT) towards enabling the intelligent infrastructure goal. This study mainly focused on

developing a long-term strategy through the engagement of the rail industry experts.

Following the data analyses, three follow up meetings were held. The first meeting was held with
the purpose of validating the output of focus group data analyses. The core priority areas, which
were identified from the analyses of the focus group data were validated by 5 rail asset operation
experts. The second follow-up meeting involved 8 participants including 4 digital technologies
innovators and 4 rail asset maintenance innovators. The meeting participants conducted a
brainstorming session to link the core priority areas together as a system with enabling digital
technologies. The third follow-up meeting involved the formulation of an implementation strategy
by 6 participants, who were also involved in the data analyses phase of this study. The transcripts
of the focus group discussions were extracted to propose an implementation strategy through the
inclusion of enabling digital technologies. Figure 8 shows the implementation strategy for IoT rail

asset maintenance.

The five focus areas of this proposed implementation strategy include: (i) enabling predictive
maintenance; (i1) developing a common data environment; (iii) enabling remote access and
maintenance of assets; (iv) enabling real-time assets condition monitoring, and (v) automating of
maintenance activities. The scope of this current paper is limited to the proposition of the
implementation; however, further research is currently underway for developing the system

architecture and working prototype for an [oT-based system for rail asset maintenance.

The following digital technologies, which are explained with relation to the focus areas of the
proposed strategy in the subsequent sections, emerged as enabling technologies of the IoT

implementation strategy for rail asset maintenance: (a) artificial intelligence; (b) augmented reality
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348

(c) edge, fog and cloud computing (d) robotics, and; Asset Information Modelling (AIM).
Evidently, the implementation of an integrated loT-based system along with the listed enabling
technologies in the UK railway industry requires careful investment choices massive hardware,

software, and networking infrastructure.
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Apart from the hardware IoT sensors and actuators, which have edge computing capabilities
required for interfacing with rail assets for activities such as track circuit monitoring and
encroaching vegetation image captioning, there are also hardware requirements for loT gateway
and storage devices to enable fog and cloud computing as well as for robotics and immersive
technologies. Despite the complexities associated with the components of the implementation
strategy being proposed in this study, a principled approach has been taken in this study to connect

the major exploitable outputs in the proposed strategy.

The following subsection contains the discussion of the focus areas of the proposed

implementation strategy in relation to the priority concepts and the enabling digital technologies.

5.1 Enabling Predictive Maintenance using loT and Rail Asset Failure Modes

Enabling predictive maintenance of rail assets through IoT sensors and rail assets historical failure
modes was the most important concept from the central analysis with 38 from 73 concepts, which
makes predictive maintenance a central opportunity for the implementation of IoT in rail assets
maintenance. The focus group experts identified the opportunity to revolutionise the current
maintenance approach such as ‘find and fix’ to a more proactive approach such as ‘predict and
prevent’ (Network Rail, 2019). Based on the availability of historical data of rail assets failure
modes, it is advantageous to identify approaches that will enhance automatic detection of potential

failures using a combined application of machine learning techniques and data from IoT sensors.

An expert in IoT and data services in FG-2 buttressed on the importance of digitising and
exploiting existing voluminous data of rail assets failure to enabling predictive maintenance. This
argument also emerged from FG-3, where a rail innovation manager argued that; “it is important
to integrate the full history of rail failure data such as Fault Management System FMS-2000 and
study the failure modes to examine the capabilities of loT sensors to pick up such failures, and
what loT system requirement is needed for monitoring such failure patterns”’. This means that the
tendency of an asset to fail in the future can be inferred when the same variables. Historical failure
data will enhance the development of IoT hardware sensors that have the capabilities to measure
various parameters and compare with existing datasets to spot slight differences in the conditions
ofrail assets. A researcher in artificial intelligence in FG-5 added that the development of advanced

machine learning techniques such as deep learning can facilitate predictive maintenance. This

23



378
379
380

381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396

397

398
399
400
401
402
403
404
405

means that the implementation of IoT will not only automate the acquisition of data from rail
physical assets but also enhance the applicability of such data to flag slight variations between

datasets and identify early warning signs.

Many participants argued that predictive maintenance exists in the rail industry. For example, the
Network Rail’s New Measurement Train (NMT) has the capability to identify the early warning
signs in track faults such as track twist, cyclic top, and problem with gauges. The NMT can travel
up to a speed of 125mph and capture about 10TB of data every 440 miles (Network Rail, 2017).
The NMT enables Plain Line Pattern Recognition (PLPR), which uses image analysis to identify
faults on tracks through laser sensors and cameras. Participants granted that innovations such as
PLPR are important in enabling predictive maintenance in rail, however, a participant in FG-1
noted that such innovations should not be discipline-based, he stated “the application of PLPR can
be extended for monitoring geotechnical assets because some track faults result from changes in
geotechnical conditions...ground conditions can be monitored by integrating datasets such
scanned images and soil parameters to flag potential geotechnical assets failures”. This makes a
case for adopting the IoT implementation approach, which promotes data decentralisation and
enables integrated predictive maintenance of the entire rail system. Participants agreed that the
implementation of [oT in rail assets maintenance requires a holistic approach to ensure that the rail
industry maximises all forms of acquired IoT data for an industry-wide application for predictive

rail assets maintenance.
5.2 Developing Common Data Environment for Rail Assets Management

Many experts from all focus groups especially FG-2 opined that the development of a rail assets
maintenance Common Data Environment (CDE), which came first with 27 links in the domain
analysis, is an important opportunity for [oT implementation. The CDE, participants argued, will
enable the holistic approach required for IoT-based rail assets maintenance and offer a smooth
transition from the current discipline-based data silos system. An engineering manager in FG-5
opined that “the collection of data by various disciplines across the rail industry is currently not
optimal... some disciplines collect and keep data for their own use although such data have

relevance to other disciplines and can improve the overall rail maintenance system”
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For example, the methods of collecting and storing asset design information and maintenance track
record have changed over the years and many records have been lost or currently exists with the
disparaged application. Typically, in executing predictive maintenance through condition
monitoring and machine learning, it is important to use sufficient and necessary amount of data
for decision making by various disciplines in the rail industry [15]. A research associate in big data
application development in FG-2 added that the integration of datasets across the various
disciplines and assets in the rail industry would be a beneficial opportunity for IoT implementation.
As a means to ensure data quality, integrity and cross-disciplinary harmonized data usage, loT
applications for rail asset maintenance should integrate various datasets such as train design
information, train embedded sensors data and interferometric synthetic aperture radar data. A
participant in FG-4 also noted that it is important to integrate maintenance staff communication
and information system into CDE to ensure that relevant data and visualization can be quickly
referenced and maintenance information can be tracked in real-time. He further stated that “the
CDE can facilitate optimal maintenance resource allocation and efficient visualization of
maintenance heat maps through real-time data, open data sources and responsible resources”

FG-4.

Evidence from the literature suggests that System Information Modelling (SIM) for rail assets
maintenance requires the digitization of rail infrastructure [51]. This means that the CDE requires
adequate data flow into and out of the system for adequate representation of the rail assets
condition and appropriate usage of big data for assets maintenance. A participant in FG-3 asserted
that the integration of service timetable will be beneficial for optimization of maintenance access

by monitoring assets usage trends.

Having identified some benefits of implementing CDE for loT-based rail assets maintenance, the
focus group participants discussed the available and potential data sources that could enhance [oT-
based rail assets maintenance. Participants contributed from various perspectives that, while
ensuring data integrity, all relevant datasets for rail assets maintenance such as geotechnical
reports, assets design information, satellite images, data from sensors, maintenance management
data, timetables, components availability data and maintenance resources should be integrated into
the CDE. As opposed to the data silos system of discipline-based data collection and usage, the

CDE will enhance data standardization and optimal usage across board in the rail industry.
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5.3 Ensuring Remote Monitoring of High-Risk Areas of Rail Assets

The concept of enabling remote inspection of high-risk areas of rail assets consistently came fifth
in both domain (15 links) and central analyses (26 from 47 concepts). With a genuine concern for
the safety of rail assets operatives working in high-risk areas, some experts mentioned the
importance of developing digital technologies such as Al, AR, and Robotics for conducting rail
assets inspection and maintenance where possible. While buttressing the point of a rail solutions
architect in FG4, who opined that digital technology cannot fully replace rail assets inspectors and
human intervention can sometimes be necessary, however he agreed that “although these
technologies are important, they should be designed to support rail worker’s operations rather

than replace the workers” FG4.

In the opinion of an expert in FG-4, an important aspect of remote inspection is Assets Information
Modelling (AIM), which enables the digital representation of physical assets in the virtual digital
environment for seamless access to assets information. IoT is required in combination with AIM

’

to create a technology known as “digital twin”’, which enables a simultaneous replica of physical
assets through seamless data collection through physical devices such as drones and IoT sensors
for automatically updating the AIM. An engineering manager in FG-5 added that “digital twin for
rail assets requires the validation and modelling of existing rail assets and common data
environment to enhance loT data sources”. A digital twin requires physical agents such as IoT

sensors, drones, and robots to collect information from the physical assets and automatically

update the virtual replica of the rail assets.

Experts discussed the importance of IoT sensors, cameras, LIDAR scanners, drones, AR and VR
hardware to act as agents for interfacing between an asset’s physical environment and the digital
twin of such asset to enhance bidirectional data flow for remote inspection. A research associate
in artificial intelligence affirmed the possibility of “identifying anomalies in physical assets using
advanced Al techniques such as machine learning, image recognition and computer vision”” FG-
5. Another idea noted from FG-2 captured the “integration of GIS, InSAR, weather and train-
mounted sensors rail assets virtual models to monitor earth movement and environmental effects
on the assets”. An expert in FG-3 also highlighted the possibility of using AR hardware devices
like IoT sensors for real-time data acquisition. This can be used for “digitalizing maintenance

record cards” FG-1, and “remote digital inspection” FG-2, FG-3, FG-4. Another opportunity

26



466
467
468
469
470
471
472
473

474

475
476
477
478
479
480
481
482
483
484
485
486
487
488

489
490
491
492
493
494
495

notable for [oT in rail assets maintenance is the “support and supervision of onsite maintenance
activities by remote expert” FG-2. With the current rate of development in Augmented Reality
(AR) technology and its application in other industries, experts discussed the possibility using AR
to provide an immersive environment for rail assets maintenance experts to access and assess
maintenance activities remotely. The key point here is to enable AR and IoT-based connectivity
between onsite rail assets maintenance operatives and remote experts or supervisors in such a way
that will integrate the visualisation of the real physical environment, virtual holographic models

and real-time data from loT sensors.

5.4 Facilitate Real-time Rail Asset Information System

Having a real-time rail assets condition information system was the third most important
opportunity in both the domain (19 links) and central analysis (34 from 62 concepts). Aside from
having the capability to integrate data of various sources and formats in a common data
environment, another opportunity identified by the experts for IoT adoption in rail assets
maintenance is the possibility of integrating real-time data analytics in IoT application for easy
conversion of raw sensor data to useful information. From the perspective of an expert in FG-4,
“automating data analytics and asset information update system is important for real-time assets
condition monitoring”, this, in essence, means that there is an opportunity to leverage on the real-
time data analytics capabilities of IoT applications to create assets intelligence through “alarm
systems” FG-2, “just-in-time notification” FG-4 and enable the deployment of onsite maintenance
operatives for “quick intervention” FG-2 as and as at when required. An associate professor in Al
and machine learning opined that “to develop real-time data analytics system for a massive
infrastructure with a vast amount of data can be tedious but not impossible...we just have to start

from developing adaptable prototypes” FG-4.

A similar concept to digital twin surfaced from discussions in FG-4, where a solution architect
mentioned the use of “Building Information Modelling with loT sensors for real-time condition
visualization”. The idea of using Building Information Modelling (BIM) in combination with
Virtual Reality (VR) and IoT for real-time visualization of holographic models of rail assets was
also noted in FG-2. However, the research associate in immersive technologies further highlights
a major challenge that “BIM modeling tools are not currently synchronized with VR tools... some

manual conversations are still needed for visualizing BIM models in VR formats” FG-2. It can be
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inferred from the foregoing that the development of enabling technologies that bridges the gaps
between Computer-Aided-Design (CAD) models and immersive models, as well and between

models and IoT real-time data would enhance the adaptability of [oT rail assets maintenance.

An associate professor with expert knowledge of machine learning also debated that, “to integrate
wearable 1oT sensors and augmented reality devices can be used to validate the assets or the
virtual model of the assets using machine learning” FG-3. He further argued that the
Convolutional Neural Network (CNN) is particularly useful for image recognition and can be used
to measure variance between the conditions of assets. Another suggestion of visual data gathering
from FG-2 entails “the use of LIDAR scanners attached to a passenger train to monitor any slight
displacement of an asset from its original position”, however, the idea was questioned based on
the ability of LIDAR scanners to record accurate data when attached to fast-moving trains with
vibrations caused by the train movement and speed. An innovation manager in FG-3 stated that
“interesting research would be to investigate the possibility of enhancing train-borne LiDAR
scanner data using motion and vibration sensors”. The use of a train-borne LiDAR scanner can

be used for tracking encroaching vegetation, displaced assets such as track and tunnels and so on.

5.5 Automation of Rail Assets Maintenance

The concept of automating rail assets maintenance activities is the second most important
opportunity according to the central analysis conducted in this study with 35 from 67 concepts.
The concept also came fourth in the domain analysis with 18 links. Despite the potential benefits
of reducing the number of workers exposed to high-risk areas through remote assets inspection,
experts further discussed the importance of enabling automated maintenance activities to optimize
access for train service operations. With the idea of “automating real-time data analytics and
simulation” FG-5 already existing in the debate, the argument of “establishing end-to-end
automation of asset maintenance” using the actuating capability of IoT systems and robotic was
established. Some experts in FG-3 and FG-4 discussed the significance of “assets tagging such as

OR codes or RFID for automatic identification” such assets by digital systems.

As presented in figure 9, the idea of using machine learning in combination with rail assets
historical failure modes, which was proposed to be situated in an integrated cloud-based CDE, was
questioned based on the capability of the cloud system to create alert systems in good amount of

response time if the maintenance activity can be quickly done by an onsite robot or an asset repair-
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enabled train. In response to this, a researcher in Al for construction posited that “loT devices can
have automatic fault detection ability for the assets by using edge or fog computing”. This will
enable the rail assets management system maximize the benefits for CDE-based failure modes
learning as well as the rule-based deployment of automatic maintenance and control systems such
as “automatic drone scan of flagged assets” and initiation of emergency protocol due to
“automatic fault detection” by localized IoT-systems with fog computing capability as well as
capability to push data to the cloud.

Summarily, the development of robotic systems for automatic maintenance activities was
classified as a desirable future that can be enabled through the holistic implementation of IoT in

rail assets maintenance.

6 Implication for practice

As this paper is a part of ongoing research for implementing an [oT-based system for rail asset
maintenance, it is important to clearly understand the potential practical implications of the study.
In this paper, a rigorous qualitative approach has been taken to propose an implementation strategy
for an IoT-based system in rail asset maintenance, with clear exploitable integration of other
relevant digital technologies. The implementation strategy proposed in this paper is set to enable
predictive maintenance, data integration, remote inspection, real-time condition monitoring and
automation of maintenance operations. With further development of the proposed strategy, there
are vast opportunities for the UK railway industry to transform its approach to rail asset
maintenance, ensure cost-effectiveness, operational efficiency and safety. Understandably, the
implementation of the IoT-based system that is proposed in this study requires circumspect
decision-making, however, this paper has outlined and clearly justified the need for the five major
components of the proposed system. Using these five components, this paper is expected to guide
the investment for gradual and extensible implementation of the system. Some prototypes of the
entire proposed system can be developed and carefully introduced to ensure the safety of

implementing technological innovation.

It should be noted that many of the problems being currently witnessed in rail asset maintenance
stem from the lack or ineffective methods of information acquisition about the current and possible
future conditions of rail asset. By implementing the system proposed in this study, rail asset

managers will ensure the smooth operation of rail asset by providing adequate digital support for
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maintenance operatives, who require early warning signs of potential asset damage to optimise
maintenance schedule and ensure zero or minimal service interruption. Furthermore, while
carrying out maintenance activities, the proposed system is capable of facilitating expert digital
support, retrieve asset information and digitise maintenance records. If implemented, the proposed
system will also remove the rail asset operatives from danger zones using remote inspection
techniques and advancing the development of supervised robots and autonomous repair agents for

activities in such zones.

The technology of the proposed system is set to revolutionise the approach the maintenance,
although, there are concerns that the proposed system could replace a significant number of jobs
and consequently result in risky over-dependence on technology. Furthermore, there are still
ethical issues with the implementation of digital and artificial systems, which cannot be
responsible for any misleading or wrong actions or decisions. These potential barriers to
implementation are important considerations in the proposed strategy, which has been formulated
using a bottom-up approach. Rail assets operators have been engaged in this study to ensure that
only the technologies that will enhance the efficiency and accuracy of operations are included in
the strategy. Though high-level automation will be achieved if the proposed strategy is
accomplished, the human supervisory role has been integrated into the proposed strategy to ensure
the safety of adoption, avoid ethical repercussion and deliver an efficient system for rail asset

maintenance.

7 Conclusion

The rail industry plays an important role in sustainable economic growth through the distribution
of goods and long-distance transportation of people. The UK economy will benefit from £85
billion economic growth through private and public investments in the rail industry [52].
Improvements in rail service performance will continue to increase economic activities, contribute
to economic growth and further extend the demands for rail services [26]. With a forecast of 40%
increase in rail service users by 2040, the challenges of rail assets management in meeting the
growing demands and ensuring efficient, reliable and safe services, will continue to increase [27].
Therefore, to enhance the ‘value for money’ for rail service customers, digital innovations,
including IoT can be leveraged to manage rail assets with a focus on safety, reliability and,

efficiency.
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For the purpose of answering the research questions, this study adopted a qualitative methodology
through focus group engagements and conceptual modelling. To address RQ-1 “what are the
problem areas in rail asset maintenance?”, the problem areas in rail asset maintenance were
identified and classified through a review of network rails challenge statements and an initial
priority voting. The priority voting was used to select the problem areas, which formed the basis
of the focus group discussions. The second research question (RQ-2) “what are the priority
problem areas for loT implementation?”, was addressed through robust analyses of the concepts,
which were generated through the focus group discussions and conceptual mapping. Domain,
central, clusters, and thematic analysis were conducted to identify the priority concepts and focus
areas for the implementation strategy. Five focus areas were identified including predictive
maintenance, remote inspection, real-time condition monitoring, maintenance automation, and
data integration. The third research question (RQ-3) “how can IoT be implemented for rail asset
maintenance?”, was addressed through the development of a system architecture and formulation
of an IoT implementation strategy. A major contribution of the research is the establishment of
practicable relationships between the problem areas in rail asset maintenance and the capabilities
of digital technologies in an loT-based system. This study identifies the exploitable focus areas as
well as the important enabling digital technologies for IoT implementation in rail asset

maintenance.

IoT-based digital rail asset management facilitates the efficient acquisition and optimal usage of
information for sustainable assets operation [51]. To continuously ensure the safety of rail service
customers and workforce, it is important to leverage digital means of understanding the conditions
of rail assets, monitoring degradation and digitising failure patterns to enable predictive
maintenance. Monitoring rail assets through safe and remote means also ensures reliable rail
service by preventing unplanned assets maintenance and service interruptions. Hence, it is
important to leverage on digital innovations for rail asset monitoring to enable optimised
performance by learning from past and present efficiency trends to seamlessly deliver the ideal
future for rail infrastructure, minimize rail asset failure, service interruption and enhance reliability

index.
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