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ABSTRACT

Historic masonry tunnels form a substantial part of the underground railway
infrastructure globally. To ensure their stability, regular condition inspections
must be undertaken that typically involve a lengthy and subjective manual
defect labelling process. Surface damages can be extensive on the lining of
historic masonry tunnels. These are the multiple different types of surface
damage such as spalling, efflorescence, degraded mortar and biological
growth. This thesis investigates the potential of automated methods to
improve the manual procedure typically employed within industry for

masonry lined tunnel condition assessment.

Masonry spalling severity, defined by the depth of spalling, is a key indicator
of a masonry tunnel’s condition. This study proposes an automated workflow
for identifying spalling severity from 3D tunnel lining point cloud data obtained
by lidar. The workflow combines using deep learning for masonry joint and
damage semantic segmentation with a geometric undamaged masonry
plane fitting procedure to recreate the tunnel lining without surface damages.
The study first uses synthetic data to investigate the workflow’s limitations
before analysing the most effective algorithms for masonry joint and damage
segmentation. Supervised convolutional neural networks were selected for
masonry joint and damage segmentation. Training with topological loss
functions and a transformer-based encoder were shown to improve
performance. Using masonry joint segmentation as a proxy for the
automated workflow’s performance, possible solutions to the challenges of
generalising the method between different tunnels, quantifying uncertainty
and determining the optimal training method are presented. Training a
method on different tunnels alongside targeted tunnel specific training is

shown to achieve the best performance.

The study finally evaluates the trained spalling severity segmentation
algorithm on multiple real-world tunnels, demonstrating effective masonry
spalling localisation. The workflow’s robustness enables it to always provide
a useful indication of potentially damaged areas that a human assessor can
then analyse in more depth. The presented work shows how an automated
method using deep learning can be integrated into routine masonry tunnel
condition assessments to reduce analysis time and generate more

comprehensive spalling maps.
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1. Introduction and Outline

1.1. Problem statement

Rapid economic development during the second half of the 19" century saw
extensive expansion of railway infrastructure and the construction of most
railway tunnels in use today both in the UK and worldwide. These tunnels
predominantly utilise arches of stone or brick masonry. As a result, continued
safe operation of these historic structures is vital for maintaining a reliable
railway network and protecting a valuable section of cultural heritage
(Atkinson et al., 2021; Keshmiry et al., 2024); especially given the increasing
demand for more efficient and cost-effective lower-carbon transportation
options. It is substantially cheaper and more environmentally considerate to
enhance repair and maintenance strategies to extend a tunnel’'s structural
lifespan (McKibbins et al., 2010; Neves et al., 2018; Richards, 1998) than to
build new, with maintenance work typically forming a small proportion of a
tunnel’s life cycle cost (Jadhav and Nichat, 2021; Petroutsatou et al., 2021)
and initial construction the greatest cost (Membah and Asa, 2015).
Furthermore, large scale construction and rehabilitation works requiring
tunnel closures within usual working hours are typically substantially more
disruptive to tunnel users (Papakonstantinou et al., 2025; Tympakianaki et
al., 2018) than targeted small scale maintenance work that can take place
overnight. However, conducting efficient maintenance requires accurate
documentation of a structure’s geometry and condition (Neale, n.d.; Shou et

al., 2014).

Inspections of tunnels typically consist of teams of assessors walking through

a structure and noting down by hand the location and extent of any defects



(Chiu et al., 2015; Llanca et al., 2017). Within the UK, inspections of masonry
lined tunnels are conducted using broadly similar standardised procedures
(Network Rail, 2023). Despite this, it is a laborious task subjective to the
inspecting engineer’s judgement (Forster and Douglas, 2010), with the level
of detail restricted by the inspectors’ time on site. Damages such as lining
cracking and brick loss are often localised and easy to visually identify onsite
on historical tunnel linings. However, spalling damage is usually much more
widespread (Chiu et al., 2015), although most is of low severity. As a result,
Identifying the location and severity of masonry spalling damage is a
particularly time consuming procedure that limits the attention that an
assessor can give to more critical damages such as lining cracking and
deformations that more directly impact the structural integrity and stability. It
is therefore challenging to reliably conduct further structural modelling and

analysis from these reports.



1.2. Justification and Aims

There have been substantial recent advancements in machine learning
(Jordan and Mitchell, 2015; Spencer et al., 2019; Voulodimos et al., 2018),
robotics (Lattanzi et al., 2017; Montero et al., 2015) and other automation
technologies (Agnisarman et al., 2019a; Newman, 1995; Son et al., 2015).
With the successful application of many of these emerging technologies to
the condition assessment of concrete infrastructure (Halder and Afsari, 2023;
Koch et al., 2015; Omar and Nehdi, 2018; Sjolander et al., 2023), it is likely
that these methods will also be able to improve the condition assessment
procedure of historic masonry lined tunnels. By bringing masonry lined tunnel
condition assessment techniques in line with those developed for modern
structures (Kennedy et al., 2024)(Kennedy et al., 2024), their condition can
be more accurately characterised and more efficient, targeted remediation
work can be conducted. This study aims to develop an automated method

for analysing a masonry tunnel’s lining using routinely collected data.

It was chosen to focus analysis on the identification and localisation of
masonry spalling damage. The typically large extent of spalling on the
surface of a masonry tunnel’s lining amplifies the labour-saving impact of
automating spalling assessment compared to the detection of other
damages. Furthermore, there should be enough examples of masonry
spalling on a typical tunnel’s lining to effectively train a machine learning
model should a supervised method be used. The defined depths of spalling
severity categories makes it possible to manually benchmark any developed
automated method. As a result, the study focuses on developing automated
methods for creating spalling severity maps and aims to achieve the following

key objectives:



1. Develop an automated method of masonry tunnel lining spalling
assessment that is compatible with existing tunnel condition
assessment standards and can reduce the labour required to conduct
a masonry tunnel condition assessment.

2. Demonstrate the workflow’s effectiveness on a variety of real
masonry tunnel lining situations and provide a comparison against
existing spalling detection methods.

3. Show how an automated workflow can be integrated into the typical
industry condition assessment procedure and how it can aid a human
tunnel assessor.

4. Examine the variability in the output of deep learning-based methods
when applied to different masonry lined tunnels in order to
understand the workflow’s reliability when applied in practice.

5. Propose a framework for understanding the limitations of a proposed
automated analysis method to enable tunnel assessors to make an
informed decision on whether the method will be suitable for a

specific tunnel.

1.3. Scope of research

This thesis proposes an automated workflow for identifying tunnel masonry
spalling damage from 3D point clouds of a tunnel’s lining obtained by lidar.
The workflow operates as follows. Firstly, a tunnel point cloud is unrolled
using a cylindrical projection and the points are rasterised into a 2D image
taking pixel values of the offset of each point from the cylinder. Then, a
machine learning model is used to segment masonry joint locations to isolate
individual blocks. A separate machine learning model is used to segment
areas of masonry damage and data obstructions, which are then masked out

before a surface plane representing the theoretical undamaged surface



location is fitted to each masonry block from the remaining points. This allows
the depth of spalling to be measured directly. As a result, this method can
automatically determine the depth of spalling despite the curved and often

deformed nature of a masonry tunnel profile.

In order to meet the study’s objectives, the performance of the machine
learning aspects of the workflow are trained and evaluated on data from four
different tunnels from the UK that were made available for this study. A fifth
tunnel, the Brockville tunnel in Canada, was surveyed as part of the project
and it's dataset was reserved for a final real world performance evaluation of
the workflow. Performance of the workflow will be assessed against whether

it improves outcomes for any of the following factors:

e Health and safety.

e Cost

e Analysis time

e Time required on site

e Defect identification accuracy
o Assessment reproducibility

e Communication of assessment results



1.4. Outline

Chapter 1 - Introduction and Outline

This chapter briefly introduces the project’'s background. It explains the
justification for the project and presents its key objectives. It then provides

an outline of the project’s research approach in each chapter.

Chapter 2 - Masonry Lined Tunnels

Focusing on a UK context, this chapter provides a historical overview of the
development of masonry lined tunnel infrastructure. It explains different
masonry lining construction methods and what factors influence the lining’s
stability. The chapter explains the causes of commonly occurring damages
before outlining how these damages are assessed today. The chapter
concludes by specifying the most important factors limiting the performance

of masonry lined tunnel condition assessments.

Chapter 3 - Automated Condition assessment: an

overview

In order to select the most promising technologies to further develop to aid
with masonry lined tunnel condition assessments, this chapter provides an
extensive review of methods that have been developed for the assessment
of all types of tunnels. It first evaluates the different available data collection
techniques, before investigating automated approaches for tunnel data
analysis focusing on semantic segmentation of tunnel lining surface
damages. The chapter finally presents research recommendations for this

study, noting which areas are under researched in the literature.



Chapter 4 - Available datasets and resources

This chapter introduces each of the tunnel 3D point cloud datasets made
available for this study. It then describes the data preprocessing steps which
were undertaken and fall outside the scope of the automated methods
presented in later chapters. The chapter also outlines the computing systems

utilized during the study for running developed code and analyses.

Chapter 5 - A proposed workflow for masonry

tunnel condition assessment

Each step of the proposed workflow for automated masonry lined tunnel
spalling severity segmentation is described in detail in this chapter. Using
synthetically generated masonry lined tunnel point clouds, the outputs of
each step of the workflow are visualized. An analysis of the sensitivity of the
workflow’s overall performance to the accuracy of the joint and damage

semantic segmentation steps is also conducted.

Chapter 6 - Computer vision for masonry joint and

damage segmentation

This chapter compares the most promising methods for conducting the
masonry joint and damage segmentation steps of the proposed workflow.
Using masonry joint segmentation performance as a guide, it compares
traditional computer vision methods with decision tree, 2D and 3D
Convolutional Neural Network (CNN) approaches. The chapter conducts an
extensive search for the most effective method and hyperparameter
combination and presents the best performing segmentation method for

each task.



Chapter 7 - Generalization analysis

This chapter investigates how joint segmentation performance can be
improved using topological loss functions and assesses how the 2D CNN
methods perform under the different training regimes that may be available
when preparing the workflow for real world tunnel condition assessments.
With the context of low training data availability, the chapter shows how much
performance can be expected to vary between different trained joint

segmentation CNNs.

Chapter 8 - Performance prediction

Quantification of a machine learning method’s uncertainty enables a tunnel
assessor to predict the effectiveness of the method and determine which
areas should be manually checked. This chapter evaluates two methods for

quantifying the uncertainty of a CNN trained for masonry joint segmentation.

Chapter 9 - Workflow validation and discussion

This chapter evaluates the performance of the complete proposed spalling
severity segmentation workflow using the 2D CNN based masonry joint and
damage semantic segmentation methods selected in Chapter 6. It provides
a quantitative and qualitative assessment of spalling severity segmentation
performance on an example brick and stone lined tunnel. The chapter then
conducts an in-depth analysis of the workflow’s real-world effectiveness
when applied directly to the Brockville tunnel without tunnel specific training
or tuning. The output of the workflow is compared against that of a change
detection analysis and a manual surface damage assessment, where it is

shown to be faster and more reliable than the manual method.



Chapter 10 - Conclusion

The thesis’ key outputs are discussed and the impact of the research is

presented. Recommendations are made for future studies.
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2. Masonry lined tunnels

2.1. Historic background

The opening of the world’s first inter-city railway from Manchester to
Liverpool in England in 1830 set off a transportation revolution that led to
railways becoming the preferred method of long distance overland
transportation for much of the next century. The speed, safety, labour
efficiency and capacity of railways surpassed that of canals and horse drawn
coaches for both goods and passenger transportation Simmons, 1991). The
industrial revolution brought increased urbanisation and growing demand for
the transport of coal and manufactured goods to urban centres. New railways
both benefitted and fuelled this growth, leading to an exponential expansion
of railway mileage in England and Wales. By 1870, there were 15,537 miles
of railway in the UK and Ireland (The Railway Year Book for 1915, 1915).
Alongside, a substantial number of new tunnels and bridges were built to

accommodate the new railway infrastructure.

Early rail tunnels were constructed with unprecedented urgency and required
much larger diameters than the canal tunnels that preceded them.
Constructed before the advent of modern design standards or analysis
methods, construction was costly, labour intensive and dangerous.

Nevertheless, multiple drivers led to extensive construction of new tunnels:

- Early steam locomotives could not handle sharp gradients (Tyler,
1867) , so tunnels were built to enable railways to travel through
mountainous terrain while avoiding excessive inclines.

- Strong competition between railway companies led them to seek

faster routes, away from traditional ones with more favourable
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topography. This can be observed in the multiple routes constructed
through the Pennine Hills (Casson, 2009).

- The need to reach a convenient location in existing urban centres
resulted in new tunnels being constructed underneath built-up areas
to avoid complicated and controversial land purchases and building
demolitions. One of the first urban railway tunnels, the Waterloo
Tunnel (Perry, 2012), was completed in 1849 by the Liverpool &
Manchester railway, connecting their main line directly into the centre
of Liverpool.

- Often, rural landowners would object to new railways passing through
or splitting up their land. Sometimes an agreement would be reached
where an accommodation tunnel would be constructed to shield the
railway from view. An example of this is the Midland Railway's tunnel

under the Haddon estate (Waite and Harris, 2012).

The combination of these factors in the mid 19" century resulted in the
construction of over 340km of tunnel that now forms the majority of the 622

railway tunnels operational in the UK today (railwaydata.co.uk, 2024)(.

Within the UK, railway infrastructure milage peaked in the 1930s, before
declining in the post World War |l period (Gibbons et al., 2024)( due to the
growth of road transport and decline of heavy industry within the UK. As a
result, very few new mainline railway tunnels were built in the UK in the 20™
century. A related pattern of growth and decline is observed in other
countries that industrialised rapidly in the 19" century, with a more extreme
decline observed within the US (Stover and Carnes, 1999) and less of a

decline observed in continental Europe (Marti-Henneberg, 2021).

British railway passenger numbers have rebounded since the late 1990s

(Coucher et al., 2008). However, recent efforts to modernise and expand the
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British railway network have been slow (Stewart, 2025) and a large
proportion of the in-use railway infrastructure in the UK is now over 100 years
old. Upcoming net zero targets necessitate expansion of railway capacity to
enable further modal shift of both passengers and freight traffic to rail
(KlaaRRen and Steffen, 2023). This requires either the expansion of existing
tunnels (Atkinson et al., 2021), or the construction of costly new tunnels
(Cross, 2018). Despite this, with increasing cost pressures on governmental
infrastructure spending, investment in infrastructure enhancements has
reduced in the UK (Office of Rail (UK), 2023). As a result, there is a
substantial pressure to more efficiently utilise the existing historic
infrastructure. Overall, aging railway infrastructure is an issue that is being
faced globally and, given the high cost and uncertainty that has been
associated with new tunnel construction (Paraskevopoulou and Benardos,
2013; Paraskevopoulou and Boutsis, 2020), it is paramount that the lifespan

of existing tunnels can be extended for railways to remain economical.

2.1.1. Victorian tunnels

Most railway tunnels constructed in the 19" century were lined with masonry.
Stone and brick masonry was the preferred material for lining tunnels from
ancient times through to the early 20" century. The first reference to a
masonry lined tunnel was by Diodorus of Sicily in the 15t Century BCE who
mentioned a legendary ancient Babylonian tunnel under the Euphrates
River. By the time of the arrival of the railways, the construction of masonry
structures was routine, and experience of underground works had already
been built up through the first industrial revolution from the construction of
sewers, aqueducts and canals in the 18" century. However, understanding
of rock and soil mechanics was still limited and most construction decisions

were based on an engineer’s personal judgement and rules of thumb formed
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from previous successful constructions. Later engineers continued to use
these rules through reference books such as Molesworth’s Pocketbook

(Molesworth, 1886).

In general, early tunnels were constructed by either boring through good rock
or using a cut and cover technique to create a shallow tunnel (Drinker, 1882;
ROGERS, 1901). The cut and cover method involves first digging a cutting,
then constructing a masonry arch above and infilling on top with rubble to
regenerate the ground surface. Once the cutting has been created,
construction is effectively the same as that of an elongated masonry arch
bridge. Although the construction of cut and cover tunnels is limited to
locations where the route is not obstructed above ground, it was a popular
method of metro railway construction and was used for the Metropolitan line
in London and much of the Paris metro where tunnels could be built under

existing roads.

Where cut and cover was not possible or a deeper tunnel was required,
engineers first considered the underlying geology. Victorian engineers had
limited knowledge of rock behaviour and there was usually very little ground
investigation — construction would be adapted onsite when different
conditions were encountered. Ground was broadly classified into being either
Light and largely self-supporting or Heavy, which requires substantial
support due to higher ground pressures. (Gripper, 1879) suggests that
unless the tunnel is within a strong geological formation, then heavy ground
should be expected below 50ft (~15m) depth. The reactive construction
method combined with a lack of knowledge of long-term ground behaviour
has often led to issues that still manifest today where there was a transition

between lining type.
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The digging of early Victorian tunnels was conducted exclusively with hand
tools. Although this was labour intensive and the work of the navvies (railway
construction workers) was often very dangerous (Coleman, 1981), progress
was relatively swift. For example, the 2.2km Kilsby Ridge tunnel on the
London-Birmingham railway was constructed in the 1830s in just 3 years. It
required 1250 navvies, 26 of whom died during the construction. Despite
issues with flooding, rapid progress was achieved by first constructing 18
vertical shafts from the surface along the length of the tunnel, enabling
multiple faces to be excavated simultaneously (Beaver, 1972). The use of
multiple access shafts was usual for the construction of deep tunnels. Later
tunnels used a ‘break-up’ method whereby a narrow pioneer tunnel was first
driven between shafts. Construction on the main tunnel was then broken up
from multiple points along the pioneer tunnel, enabling even more
simultaneous excavation. After the invention of dynamite in 1864, explosives
were used in harder ground, however they were difficult to control and led to

an increased amount of unplanned overbreak.

In cases where the ground was not self-supporting, temporary supports were
required before the lining could be constructed. Many countries had their own
preferred method of excavation staging. The English method involved
excavating down from the crown and sliding forward temporary timber
formwork as different levels were reached. A key aspect of this method is
that the masonry lining was not constructed until after the entire section had
been excavated (Beaver, 1972). The advantage of this is that the masonry
sidewalls and arch are constructed from the bottom up, resulting in a higher
quality lining within each excavated section. However, this led to a greater
time delay between excavation and lining construction during which the

ground may converge (Paraskevopoulou and Diederichs, 2018), reducing
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the diameter of the opening and preventing the desired profile from being
achieved. This also often led to a poor connection being made at the joint

between the masonry of different sections.

Tunnelling in softer ground was not possible until the invention of the first
tunnelling shields. Perfected by Greathead in 1869 during the construction
of the Tower subway in London, the tunnel shield enabled better protection
of work at the face. In addition, by sliding forward the same cast iron shield,
a more consistent lining shape could be achieved than that possible with
timbers. Later innovations using compressed air at the face to prevent water
ingress enabled tunnelling through water-bearing strata (Copperthwaite,
1906). However, masonry was poorly suited to the force exerted by the
hydraulic jacks used to push the shield forwards, so a cast iron lining was

preferred.

Cast iron began to replace masonry for lining tunnels in the late 19th century
primarily due to its strength. Since a cast iron lining could be made thinner
than a masonry one, less excavation was required to obtain the same interior
diameter. With labour becoming more expensive, masonry tunnel
construction became substantially more costly than cast iron, and later steel
reinforced concrete (Groves, 1943). From an engineer’s perspective, it was

also easier to modify and predict the behaviour of cast iron than masonry.

Modern railway tunnels generally have concrete or shotcrete linings and
masonry is mostly used for aesthetic purposes in new railway infrastructure.
The predominant demand for masonry construction expertise is in the repair
of existing infrastructure. Nevertheless, where railway lines have been kept
open, existing masonry tunnels have largely endured with relatively limited
maintenance to the present day and now form an important part of our

industrial heritage. The conservative rules of thumb used in 19" century
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tunnel design resulted in overbuilt tunnels and the robustness and
repairability of their masonry linings is what has enabled many Victorian era

tunnels to continue being used today.

2.1.2. Masonry lining

The primary role of the tunnel lining is to resist the ground pressure and retain
the tunnel profile. In self-supporting ground, a lining may still be provided for
protection from water ingress and loose rocks. Where a tunnel passes
through a succession of geologies with varying properties, an engineer may
choose to either build a thicker lining throughout to account for the worst case
location, or regularly vary the design as different geologies are encountered.
The engineer must balance the cost of providing a thicker lining with the

difficulties of constructing multiple joints at lining type transitions.

Within the UK, masonry tunnel linings were typically constructed from locally
produced brick, although in some locations stone was used where it was
readily available. The construction of stone masonry was in general slower
than that of brick, as larger blocks needed to be transported and cut to size
on site. Early railway tunnel linings were typically constructed as an arch on
vertical sidewalls, although later designs used a horseshoe or oval profile to
better resist the lateral ground pressure. Often, as built drawings were either
not made or have since been lost, so it can be challenging to determine a

tunnels design profile from subsequent lining deformations.

The number of layers of masonry would be varied depending on the desired
arch strength. Commonly used rules of thumb for linings in different
stratigraphies are shown in Figure 2.1. Both stone and brick masonry are
strong in compression but have practically no tensile strength. As a result,

an arch must be designed so that the thrust line passes around the arch and
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keeps it in compression. If the thrust line passes outside the arch, then a
pivot point will form, and the lining will become unstable and may collapse.
The arch must be designed to accommodate long term convergence of the

surrounding ground post construction and be robust to future changes in the

location of the thrust line.

Figure 2.1: 19th century rules of thumb for determining lining thickness, from

Molesworth (1886)

Various bond patterns have been used in masonry tunnels. The most
common consisted of a varying number of stretcher layers between single
header layers. Stretcher layers have masonry blocks laid in line with the
tunnel axis, while header layers are laid radially. This is shown in Figure
2.2. The English bond was popular due to its familiarity from use in
buildings and consists of a single stretcher layer between header layers.
However, as shown in Figure 2.2, the curvature of the tunnel arch leads to
a greater gap between the bricks on the outside of the lining, concentrating

stress towards the inner lining. It is preferable to tailor the number of
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stretcher layers based on the curvature of the arch, a method known as a
running bond. However, sometimes the English bond was preferred due to
the better bonding between the layers preventing ring separation (Gilbert
and Melbourne, 1995). After the construction of each section of lining, any
gaps between the masonry and surrounding ground would be infilled with

rubble to ensure an even loading on the masonry arch.

English Running
Bond

Cross-sectional
view

Radial
view

KEY: [ = Stretcher layer (laid longitudinally)
B = Header layer (laid radially)

Figure 2.2: Two masonry bonding patterns commonly used in 19" century
tunnels. The figure shows how adapting the frequency of header layers to
match the arch curvature reduces the gap between blocks on the outside of

the arch.
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2.2. Masonry tunnels today

After over 100 years of use, the linings of many Victorian era tunnels have
deteriorated, and serviceability has been largely maintained by frequent
masonry patch repairs. Tunnel collapse will occur when the lining is either
overloaded or the thrust line of the arch moves leading to instability (Heyman,
2014)(Heyman, 2014). These can either be caused by changes in the loading
state or deterioration of the properties of the arch. Reduction in the effective
thickness of the lining due to brick loss will cause overloading and voids

forming behind the lining is the most common cause of instability.

While some tunnels may be damaged by one time events such as train
derailments, vandalism or earthquakes, most deteriorations are caused by
long term repeated exposure to adverse conditions. A summary of the most
common deterioration drivers is shown in Table 2.1. However, many issues
currently impacting the lining serviceability are exacerbated by errors made
during construction. Common construction flaws are outlined in Table 2.2. In
addition to these, many tunnels have been subject to patch repairs made
from materials that are not sympathetic with the original lining. Differences in
the chemical composition of newer mortar can accelerate chemical attack
and prevent an effective bond being formed between new and original lining
areas. Differences between the elastic modulus of original and repaired
areas can exacerbate changes in the loading state leading to greater stress

concentrations.
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Table 2.1: Key drivers of masonry lining deterioration

Deterioration
driver

Explanation

Long term Impact

Water ingress

Salt deposits

Chemical
weathering

Weathering
near to the
portal

Vibrations
from trains

Overloading

Changes in
loading state

Water can enter the tunnel through cracks in the

lining and due to the porosity of the mortar used

in brick linings. This can wash out fill and looser
areas of masonry and mortar.

Salts suspended in water permeating through the
masonry can precipitate, breaking down the
structure of the masonry.

Ground water can be acidic or contain sulphates.
These will cause the breakdown of bricks and
stone. Mortar is particularly susceptible.

Seasonal and nightly temperature changes near
to the tunnel portals causes expansion and
contraction of brick and mortar at different rates.
This damages the integrity of the masonry.
Freeze thaw weathering also attacks the masonry
mechanically.

The regular passage of trains causes vibrations
and cyclic loading (Degrande et al.,
2006)(Degrande et al., 2006). This causes
mechanical damage to the masonry.

Above ground construction and changes in the
water table adjust the tunnel overburden
pressure.

Voids forming behind the lining and changes in
the lining profile lead to changes in the loading
state, moving the thrust line of the arch.

Detachment of
masonry,
loss of mortar

Masonry spalling,
loss of mortar

Masonry spalling,
loss of mortar

Masonry spalling,
mortar damage,
cracking of
masonry

Cracking of
masonry

Masonry spalling,
masonry block
failure,
lining deformation.

Lining deformation,
formation of lining
bulges
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Table 2.2: Common construction flaws in 19tth century railway tunnels that

accelerate lining deterioration.

Construction
flaw

Cause

Long term Impact

Unfilled shafts

Lack of mortar

Poor connection
between
construction
sections

Poorly
compacted fill
behind lining

Timber left
behind the lining

Some construction shafts are left open for
ventilation, but others are infilled after
construction. However, poorly infilled shafts
provide less protection from temperature
changes and water ingress. Furthermore, if the
shaft location is unknown and it’s lining is
poorly maintained, the shaft can collapse,
leading to a change in loading on the tunnel’s
masonry arch.

In some locations masons may improperly
apply mortar between masonry courses to save
money or time

Settlement between construction stages leads
to discontinuities at masonry joints between
tunnel sections. Masonry bonding was often

not continued through adjacent sections
leading to a reduction in shear resistance.

It was challenging to properly infill the area
behind a constructed masonry arch due to
varying amounts of overbreak. Varying
compaction of the fill leads to an uneven
amount of load transfer from the ground to the
lining.

Temporary support timbers may become stuck
behind the lining and so cannot be slid forward
to the next section. These are left in place after
construction.

Additional water
ingress, freeze-
thaw weathering
and cyclic thermal
weathering,
changes in loading
state.

Masonry block
detachment,
decreased
resistance to
changes in loading
state.

Greater
susceptibility to
cracking near to
the section joint.

Uneven loading
exacerbates later
changes to the
loading state.

The timber will rot,
leaving a void
behind the lining.
This changes the
loading state.

2.3. Tunnel condition assessments

It is vital that any damage to a tunnel’s lining is assessed to determine what
mitigation work is required to maintain the tunnel’s serviceability and ensure
that it is safe to use. With most deterioration developing progressively over
many years, regular tunnel condition assessments should be conducted to
identify the location and severity of any damages and track the overall health
of each structure (Network Rail, 2016). Changes to the lining condition must

be correctly documented to enable an effective analysis of a tunnels
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condition. If damages are incorrectly documented or unnoticed then
deterioration may worsen, and later remediation work may need to be more
extensive and costly. Ultimately, collapse and loss of life may occur if
deterioration continues uninterrupted. Uncertainty in the condition can also
result in overly conservative maintenance strategies, increasing cost and

negatively impacting the long-term outlook of the railway network.

Within the UK, most railway tunnels are owned by the British railway asset
manager, Network Rail. While there are no global masonry tunnel inspection
standards, Network Rail's methods (Network Rail, 2023) are typical of those
provided by other asset managers globally such as on the Paris metro
(Llanca et al., 2017), by SNCF in France (Thakker et al., 2015) in Japan
(Asakura and Kojima, 2003), in Sweden (Sjolander et al., 2023) and in
Shanghai (Li et al., 2017). Tunnels in the UK receive yearly detailed structural
assessments in addition to more regular visual assessments. Detailed
assessments are intended to build a complete picture of a tunnels condition
and inform future maintenance strategies, while visual assessments are
intended to monitor the progression of defects and identify any immediate
risks to a tunnel’'s serviceability. Visual assessments do not involve

calculations and consist only of a short inspection.

Detailed condition assessments involve an onsite inspection followed by a
structural assessment and the use of Network Rail's Tunnel Condition
Marking Index (TCMI). The TCMI outputs a single value to quantify the
condition of a tunnel. Assessors follow the guidelines provided within
NR/L3/CIV/006 to record any disorders identified on site. The severity of
each disorder is standardised and input into a spreadsheet to calculate the

overall TCMI score for a tunnel. This score can be used to inform asset
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management strategies, for example giving an indication of the urgency of

repair work. The assessment process is visualised in Figure 2.3.

Despite the standardised procedure, detailed tunnel condition assessments
are highly labour intensive and subjective, with conclusions based on the
perception and engineering judgement of individual assessors. As a result,
the outcome of assessments is highly variable and can result in unnecessary
remediation works being conducted, or deterioration going unnoticed and
requiring more challenging repairs in the future. To reduce the cost and
environmental impact of additional work, it is important to improve the
consistency of results. The unreliability of human assessors conducting
visual inspections is a known problem across condition assessment
disciplines. The issue has been noted by Laefer et al. (2010) for building

crack detection and by Phares et al. (2004) for highway bridge inspection.

Defect -
. Manual . Decision on Long term
Tunnel site severity TCMI
: . defect urgent structure
inspection s codes completed : .
marking . repairs plan edited
determined

Figure 2.3: Network Rail’s high-level workflow for a detailed tunnel condition

assessment.

2.3.1. Tunnel Inspection

The tunnel inspection procedure consists of a team of inspectors traversing
the tunnel and visually observing defects using torches. Voids behind the
tunnel lining may be identified by tapping the lining with a listening tool,
hearing for changes in the sound produced by the lining. A tunnel inspection
must take place during a line closure, so is typically conducted at night to
avoid costly operational disruption. A scaffold often needs to be erected to

enable a more detailed visual and tactile inspection of the tunnel lining.
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Photographs, written notes and diagrams of defects are made by the
inspectors, but time limitations prevent these from being exhaustive. As a
result, TLS (Terrestrial Laser Scanning) surveys are increasingly being
undertaken during an inspection to enable a 3D point cloud of the tunnel to
be generated. This enables many defects to be identified and analysed from
an office later. Figure 2.4 shows a TLS survey being undertaken during a

routine inspection of a masonry lined railway tunnel in the UK.

View out of tunnel portal View into tunnel portal

Inspection TLS lid ¢
idar system
Controller Of platform ¥
Site Safety Temporary location
(COSS) reference markers

Figure 2.4: Photographs taken during a routine railway tunnel inspection in

the UK, taken at night during a line closure.

2.3.2. Point cloud surveys

3D point clouds document the locations of georeferenced external
observable points on a structure. They are typically obtained using phase
comparison laser scanners. There are also time-of-flight based scanners that
are commonly used in aerial surveys. Phase comparison is typically used for
structural inspections as it can capture points with a higher frequency (though

over a shorter range) than time-of-flight scanners (Suchocki, 2020).
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Phase comparison works by sending out a continuous laser beam that is
modulated at a constant frequency. The beam reflects off solid objects back
to the scanner. The distance to the object that the laser hits can be calculated
from the phase shift of the beam after it returns to the scanner. Accuracy
decreases with increasing distance from the scanner. A typical scanner used
for tunnel inspection, the Faro Focus series, (FARO, 2022) has a 3D position

accuracy of 2mm at 10m distance and 3.5mm at 25m distance.

2.3.3. Defect identification and quantification

After the inspection, it is necessary to markup drawings of the tunnel with the
exact location and nature of tunnel disorders. In accordance with
NR/L3/CIV/006 (Network Rail, 2016)(Network Rail, 2016), there are 7

notable types of masonry lining defects as follows:

1. Spalling - This is when parts of the masonry face have broken off
2. Open joints or perished mortar - This is where the mortar no longer

adheres properly to the masonry blocks

w

Water ingress - The masonry is damp or there is visible water flowing

4. Hollow sounding areas - There is likely an open void behind the lining

i

Bulges or lining deformation, distortion or flattening - The tunnel
cross section has changed from as-built
6. Loose or missing masonry/ block loss - Blocks have become loose
or fallen out of the lining
7. Cracks and fractures - There is a notable gap running around the
lining
Each of these also have associated defect severity codes noting the extent

of the defect, outlined in Table 2.3.
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Table 2.3: Defects classified within the TCMI defined by Network Rail for

detailed tunnel condition assessments in the UK.

Defect Severlt_y Potential causes Remediation techniques
calculation
long term damp, freeze-
Spallin Depth of thaw weathering, Block replacement or
palling spalling chemical attack, lining surface patch repair
overloading
long term damp, freeze-
- Depth of thaw weathering, lining mortar repointing or block
Open joints . .
lost mortar deformation opening and mortar replacement
gaps between blocks
Flow rate of  deterioration of masonry -
. A ] lining replacement,
water ingress water behind lining, change in . - .
. o grouting, hydrophilic resin
ingress ground conditions
. . block pinning, further
. Amount of  masonry ring separation, . S ;
hollow sounding L . investigation using ground
lining ground movement behind .
areas . : o . . penetrating radar or
distortion lining causing a void
ultrasound
Installation of structural
health monitoring to
- I ground movement or :
lining Existing or o measure changes in
. deterioration of the tunnel : -
deformation new lini deformations, tunnel lining
ining
replacement, block
pinning, rock bolts
L mortar loss, lining -
missing Loose or d : . lining replacement,
.y eformation causing gaps
masonry missing between blocks shotcrete
Crack lining deformation,
cracking orientation ground movements, infilling
and width water damage

The highest severity defects require immediate remediation, while the lowest
severity ones will usually be left and monitored in subsequent assessments.
In the case of spalling, the depth of spalling determines it's severity. This
calculation is visualised in Figure 2.5 and forms one of the most time-
consuming parts of a typical tunnel inspection given the large areas of low
severity spalling typically present on Victorian era tunnels. The defined

severity categories are outlined in Table 2.4.
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The Network Rail standards assume that each masonry block can lose up to
half of it's effective width before failure, so the most critical S1 damage
threshold is set as 50% of a typical block’s width. The impact of spalling
damage on a tunnel lining’s stability is therefore relative to the size of each
block. Stone lined tunnels typically use larger masonry blocks than the bricks
used in brick lined tunnels, so the spalling depth thresholds are set higher for
each severity level.

Irregular Faced Blocks

Regular Faced Blocks 5 hitectural Profiling)

Depth of E‘{palling

7/ O\

Figure 2.5: Visualisation of masonry block spalling depth calculation from
Network Rail tunnel assessment standards (Network Rail, 2016)(Network

Rail, 2016)

Table 2.4: Spalling severity categories as defined by NR/CIV/L3/006/4C

(Network Rail, 2016)

Depth of Spalling
Defect code

Brickwork Stonework/Blockwork
S1 > 50mm >100mm
> 40mm and
S2 > 20mm and < 50mm < 100mm

S3 <20mm <40mm




28

Tracking the overall amount and severity of spalling is key to understanding
the rate of deterioration of the masonry blocks. However, less severe spalling
is typically not an immediate structural issue, so inspectors generally focus
their attention on cracking and lining deformations. Deep spalling can be
difficult to differentiate from lining bulges and can also obscure other
damages (Chiu et al., 2015). Spalling severity is therefore often incorrectly
or over simplistically mapped and simple, preventative masonry
maintenance may be skipped. An example of a masonry spalling severity
map labelled onto an image of a small area of tunnel lining is shown in Figure
2.6 and demonstrates the extent of work required given the number of
masonry blocks within a tunnel. There is a clear need to reduce the labour

required to collect accurate spalling data.

Spalled Spalling severity Labelled spalling
masonry calculation severities

S$1 S2  s3
Depth of
€= spalling

R T

%}7 -

’~

i & . 3 .‘

KEY: [M = S3 - Low severity (shallow) spalling
[] = S2 — Medium severity spalling

B = s1 - High severity (deep) spalling

Figure 2.6: Example area of masonry showing how the spalling severity is
defined by depth. a) Photograph of spalled masonry. b) Simplified diagram
of a masonry lining cross section showing an area of spalling and the depth
thresholds used to categorise spalling severity. c) Created spalling severity

map overlaid on photograph of tunnel masonry,
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Lining deformation is usually the highest risk defect, as it shows that the
thrust line of the tunnel has moved and the lining is closer to forming a
collapse mechanism. While often difficult to identify on site, deformation can
be identified by analysing the lining profile on a 3D point cloud obtained by
lidar. However, it is difficult to differentiate lining deformation from deep

masonry spalling.

Spalling localisation and categorisation can also be conducted by analysing
a 3D point cloud. A defect depth value is assigned to each point and
thresholding is used to classify the areas of spalling. The defect depth is
calculated as the offset of the point cloud from a best fit mesh which
represents the undamaged intrados surface. The profile of the undamaged
intrados is then used to identify lining profile abnormalities and deformations.
To differentiate between areas of spalling/masonry loss and tunnel lining
deformation, the mesh should follow the deformed shape of the tunnel and
not the as-built shape. However, this is complicated by two factors. Firstly,
the as built tunnel profile is typically unknown and has also often substantially
deformed since construction. This is in addition to local deformations to the
lining caused by changes in the loading conditions, voids behind the lining or
mortar/brick loss. Secondly, mortar and crack locations need to be manually
masked out to only consider block face areas and isolate brick spalling from
mortar loss or masonry cracking. Creation of the mesh is a manual process,
based on trial and error. Various smoothing and fitting methods are employed
to capture the shape of the tunnel, while avoiding areas of masonry damage.
As shown in Figure 2.7, it is challenging to accurately fit the mesh to the

undamaged profile.
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Unspalled Errors fitting
Intrados profile unspalled Intrados

a) Overfit b) Underfit

Example Lining

Ideal fitted intrados surface Attempt at manually fitting Attempt at manually fitting intrados surface,
KEY: = line, ignoring surface deposits - = intrados surface, mislabelling = skipping lining deformations that are then
1 and spalling damage spalling as lining deformation mislabelled as spalling or surface deposits.

2  Figure 2.7: Visualisation of the challenges to separating lining deformation from spalling on a tunnel lining point cloud. The figure shows a

3 simplified example of a section of deformed tunnel lining with spalling and surface deposits present on some of the blocks.
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Missing masonry and large cracks may also be identified from the point
cloud. Mortar damage and hairline cracks are too small to be identified within
the accuracy of a lidar survey. As a result, localisation of these is dependent
on the inspectors’ notes. Calcite staining indicating water damage may be
identified from the RGB data of a lidar survey, although the appearance of
this is variable and dependant on the masonry type and the surrounding rock

formation.

After the assessment, the assessors will recommend remedial works to be
undertaken on the structure together with a level of urgency. This is aided by
the tunnel condition score obtained by entering each aspect of the structural
condition into the TCMI. This is again based upon the assessors engineering
judgement and, as noted in Forster and Douglas (2010), is a subjective
process. Network rail will input the TCMI score into a database and use it to
identify which structures need repair work prioritising and which will require
larger scale renewal or replacement works. Such databases are also useful
for higher level data analysis such as that conducted by Sandrone and
Labiouse (2011) on Swiss road tunnels to identify the most common drivers
of deterioration. These studies can be used to guide the direction and
strategies of the maintenance funding organisation. Asset managers may
also use the TCMI as input to decision support tools such as PADTUN
(Thakker et al., 2015) to guide maintenance scheduling. Developed for the
French railway operator SNCF, PADTUN is an intelligent system designed
to pool expert knowledge into a single automated database that can identify

underlying tunnel pathologies from identified defects.
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2.4. Key Challenges

Railway infrastructure managers globally are facing conflicting demands of
increasing railway traffic and decreasing costs while ensuring the safety of
their customers and employees. Given that 19" century masonry lined
tunnels make up a considerable proportion of the UK’s railway infrastructure
assets by milage and are operational on most railway networks globally, it is
essential that masonry tunnel condition assessment is made more efficient
and effective. Reducing the level of subjectivity inherent in current inspection
and assessment practise will improve assessment repeatability and reduce
uncertainty, enabling more targeted maintenance interventions. This will
improve tunnel safety and reduce costs, so that infrastructure budget can be
allocated to the network expansion and improvements that are required to
encourage a modal shift of passengers and freight back to rail. Three key
challenges have been identified that are limiting the performance of condition

assessments:

e Limited time on site due to labour costs and the need to
work outside of railway operation times curtails the scope
of data collected on site.

e Spalling severity identification takes up a substantial
proportion of an inspector’'s time, limiting the capacity to
inspect more critical or unusual damages such as lining
deformation or cracking which require more expert input.

e Work to digitalise aspects of an inspection, such as spalling
and deformation identification from lidar surveys, has been
limited by the lack of digital tools and workflows to analyse

the data in a timely and repeatable way.
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As a result, there is a need for a consistent workflow to more efficiently
analyse a masonry tunnels condition. Lidar surveys provide accurate
documentation of a tunnel’s lining and are an ideal data source for an
automated analysis workflow. There is demand for a method for accurate
classification of masonry spalling severity locations and lining deformations
directly from the generated 3D point cloud. This would provide verification of
the defects identified in the on-site inspection and generate a more
comprehensive description of lining damages. Automation of this workflow

would reduce costs and subjectivity.



34

3. Automated condition assessment:

An overview

3.1. Digital Tunnel inspection techniques

The typical tunnel condition inspection process employed by industry is
highly manual and the working conditions inside railway tunnels are often
poor. Tunnels are dark, humid and cold. Railway track can be difficult to walk
along, with hazards from tripping and falling objects when tunnel linings are
disturbed during tactile inspection. As a result, there is both a cost and Health
and Safety incentive to minimise the labour time required within the tunnel.
Differences between the format and brevity of collected data and site notes
also often makes it difficult to track changes in the tunnel between
inspections. In addition, new methods of tunnel inspection may enable better

detection and more accurate description of disorders.

Throughout the tunnel condition monitoring and maintenance process there
are opportunities for the application of new technologies and methods.
Despite this, aside from the introduction of photographic documentation and,
more recently, lidar surveys, the assessment process adopted by industry
has modernised little compared to those within other engineering disciplines.
Driven by recent innovations in Al (Artificial Intelligence) and robotics,
multiple studies have been undertaken to improve the condition assessment
process of concrete tunnel linings (Sjolander et al., 2023). Few studies have
investigated masonry lined tunnels, although there has been research
targeting damage detection and monitoring in masonry structures more
generally (Soleymani et al., 2023). There are, however, many more
technologies that have already proven effective at automating or otherwise

improving the assessment of other civil infrastructures (Agnisarman et al.,
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2019b). Bridge condition assessment has received especially strong
research interest (Ahmed et al., 2020) and many techniques developed for
monitoring the underside of a bridge may be applicable to monitor a tunnel’s

lining condition.

This chapter first outlines methods for collecting digital tunnel condition data
and those with potential for use in routine condition inspections. The Chapter
provides an overview of past work to either automate inspection tasks or
provide data in a format that can streamline subsequent analysis tasks.
Automated defect detection and analysis methods are then discussed in
detail and the most promising methods for masonry tunnel analysis are

evaluated.

3.1.1. Photographic data collection methods

Beyond manual notetaking, photography is the most common method of
recording the state of a tunnel lining. Tunnel inspectors take photographs of
the tunnel lining to document the nature of each recorded damage location.
Usually, these photographs are taken ad hoc at damage locations and linked
to site notes to provide a visual description of damages, although
occasionally a comprehensive set of photographs of the tunnel will be taken
to enable further identification of defects post inspection from an office
setting. This would provide a complete reference of the tunnel lining’s state
at the time of the inspection. However, without a costly specialized camera
trolley, it is difficult to ensure the field of view geometry and lighting is
standardized making it difficult to stitch the photos together into a single lining
panorama without using feature matching algorithms (Attard et al., 2018).
Despite extensive research by (Chaiyasarn, 2014) to develop improved

algorithms for tunnel lining image stitching, the quality of a lining panorama
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created from individual DSLR images still lags behind using dedicated
panoramic camera hardware. Furthermore, it is challenging to manually

collect enough photographs to cover a longer tunnel during an inspection.

3D point clouds are increasingly being created during inspections to
document a tunnel’s lining. A 3D point cloud may be generated using lidar or
photogrammetry and consists of a set of 3D co-ordinates representing
external points on the target structure. Generating a point cloud provides

multiple benefits for tunnel condition inspections (Dekker et al., 2023):

1. If the 3D accuracy of the point cloud is high enough, then accurate
measurements of tunnel parameters and defect locations can be made

digitally.

2. The point cloud provides a useful 3D visualisation of the tunnel lining. This
helps assessors to visually identify abnormalities in the lining profile and

makes it easier to spatially relate damages with drivers of deterioration.

3. Subsequent point cloud surveys can be taken of a structure to investigate
the progression of deterioration. If both surveys are aligned, then they can
be compared and any changes to the geometry of the structure can be

measured to track the rate of deterioration.

4. Photographic colour data can be projected onto the point cloud. This
creates a visually authentic model that can be used to better communicate

and visualise details within the tunnel.

5. The comprehensive and standardised nature of 3D point cloud models
form the ideal input to computer vision algorithms for automating the
identification of tunnel damages. A point cloud can also be used to inform the
creation of a Building Information Model’'s (BIM) geometry, creating a digital

twin of the structure.
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Using photogrammetry, photographic data can be used to generate 3D point
clouds of a structure. Photogrammetry is the practise of extracting geometry
measurements from photographs and has existed in different forms since the
invention of photography in the mid-19™ century (Saif, 2022). Structure from
Motion photogrammetry (SfM) involves taking overlapping photos from
different locations and angles (Granshaw, 2018). Feature tracking algorithms
then match locations between photos in order to calculate the relative
perspective of each image. This enables matched pixels in each image to be
projected into 3D space, generating a 3D point cloud of the target object

(Westoby et al., 2012).

Before the advent of modern SIFT (Scale-Invariant Feature Transform)
algorithms as proposed by (Lowe, 2004), photogrammetry required the
knowledge of the location and orientation of the camera for each photo. SIFT
was the first algorithm to robustly identify features at different scales,
orientations and levels of illumination, causing SfM to gain popularity for its
increased ease of use. Any device with a camera can now be used to record
data and there are many accessible software packages available for
processing the images (3DSourced, 2024). However, despite research by
(Holynski et al., 2020), SfM suffers from drift when used over long repetitive
or featureless scenes such as tunnels. This is where the global accuracy of
the output geometry decreases for data captured further from a fixed
reference point, although the produced model retains its local accuracy
relative to neighbouring locations. Drift occurs because small errors in the
photograph registration accumulate over the length of the tunnel and, even
if the start and end are georeferenced, there are few features out of plane of

the tunnel lining to use as radial coordinate reference points.
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3.1.2. laser based data collection methods

The 3D accuracy of lidar has led to its increasing popularity for generating
3D point clouds of civil infrastructure. There has been extensive research on
using lidar throughout the broader field of structural condition assessment
(Kaartinen et al., 2022). The most used type of lidar for tunnel inspections is
phase-based TLS (Terrestrial Laser Scanning). This involves setting up a
lidar scanner on a tripod at different locations inside the tunnel. Multiple
scans will be taken, then manually registered together by point matching.
Typically, 5m intervals are used to generate a registered scan that can
achieve a maximum 5mm point spacing with a standard TLS system such as

the Faro Focus (FARO, 2022).

In addition to collecting 3D location data, lidar systems also record the signal
intensity of each measurement. This is the proportion of the power of the
emitted signal that is returned to the scanner. While this value is not typically
used for data analysis, (Anton et al., 2022) have shown the intensity value to
be effective in identifying material types and highlighting surface defects. In
addition, (Hoéfle and Pfeifer, 2007) demonstrated that with additional
processing, the reflectance of the material of each recorded point can be
inferred from the intensity. This can help determine the material's condition,
by indicating its surface roughness. TLS systems may also be equipped with
other sensors such as RGB (3 channel Red, Green and Blue colour) or
Infrared (IR) cameras. This sensor data is projected onto the lidar generated

point cloud.

Despite improvements in SfM photogrammetry algorithms, the predictable
performance of TLS generated point cloud data has led to TLS being the
most commonly used method of obtaining 3D tunnel data (Attard et al.,

2018). Even over small areas, (E. Valero et al., 2018; Valero et al., 2016)
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demonstrated that current industry standard Terrestrial Laser scanners
create 3D point clouds with higher levels of 3D accuracy and precision than
photogrammetry taken with a high quality DSLR. (Attard et al., 2018)
reviewed the use of photogrammetric techniques for tunnel inspection and
concluded that a principal reason for the lower performance and resulting
lack of adoption of camera based methods compared to laser ones is due to
the low and variable light levels within a tunnel in addition to the often
relatively featureless lining surfaces rendering automatic patching together

of images difficult.

The quality of DSLR photogrammetry varies substantially, depending on the
texture of the surface. Nevertheless, colour information obtained from the
inbuilt camera in most TLS systems is typically much lower quality than that
obtained by consumer DSLRs and the differing location of the RGB and lidar
modules on a TLS system can lead to colour projection errors on the
generated point cloud. Mapping of colour data coherently to the generated
point cloud is inherent when using photogrammetric methods. (Zhang and
Lin, 2016) reviewed the methods of fusing photographic and lidar data in
order to provide more comprehensive documentation of tunnel surfaces. In
practise, the benefits of data fusion methods often do not justify the additional

cost of collecting multiple datasets.

Mobile Laser scanning (MLS) is popular for conducting rapid structural
inspections (Babic et al., 2012). MLS creates a 3D point cloud model while
the laser scanner is in motion and is used to map large areas, by mounting
laser scanners onto cars or Unmanned Aerial Vehicles (UAVs). It is
commonly used in object detection workflows within autonomous vehicles.
Each point is Geo-located relative to the vehicle's location, which is

determined from GPS data that has its accuracy enhanced by correlation



40

with outputs from an inertial measurement unit (IMU). An issue with this
method is that it requires a GPS signal or other location tracking system to
function. While this is difficult to achieve in a tunnel, there are alternative
methods for geolocating an MLS system by mounting it to a train. Knowledge
of the railway track centreline can be combined with speed information from
a train's odometer (Dong et al., 2022). The (Fugro, 2022) system, for
example, mounts photography and lidar equipment on to in service trains to
gather data on lineside structures without having to close the railway or send
any personnel. It has been applied in industry to conduct gauging

measurements and identify railhead and OLE defects.

SLAM (simultaneous location and mapping) enables mobile laser scanning
to take place underground when global geolocation is not available. A SLAM
system determines its location by applying algorithms to cross reference
newly acquired point cloud data with points acquired when the scanner was
at previous locations. An outline of the field can be found in (Cadena et al.,
2016; Riisgaard and Blas, 2005). SLAM systems have gained substantial
popularity for their ease of use; Surveys only require someone to carry a
handheld scanner (for example, the GeoSLAM ZEB Horizon RT (GeoSLAM,
2022)). Unfortunately, similar to photogrammetric methods, the accuracy of
SLAM systems decreases as they are moved away from fixed reference
points and the system’s position calculation drifts from the true location. The
loss of accuracy is particularly pronounced in a railway tunnel environment
where there is a relatively featureless interior and errors compound over the
long distances between external reference points. In a study by (Trafikverket,
2017), a 55kmph drive through a 1.7km long concrete lined tunnel produced
a maximum SLAM drift of 0.4m for a vehicle mounted system. (Liu et al.,

2025) showed even greater drift with a handheld system, developing 2m of
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drift over a 333m long tunnel section. While SLAM system accuracy may be
improved through recalibration against fixed targets (Keitaanniemi et al.,
2023), the added time and cost of conducting an additional TLS survey for
calibration largely negates the time saving benefits of SLAM. There has been
extensive research to reduce the effect of drift by, for example, (Tang et al.,
2018; Tian and Ma, 2018) ,but the produced scan accuracies are not yet

sufficient for SLAM to be applied to structural condition assessments.

The point density and precision of SLAM and MLS systems are also limited
by the speed and smoothness of motion of the scanner and ultimately TLS
may be required for smaller defects such as cracks or mortar loss to be

effectively identified and categorised from a generated point cloud.

3.1.3. Specialised data collection

A substantial amount of information about a tunnels condition can be inferred
from the condition of the lining surface. In order to investigate the causes of
lining damages, it is helpful to understand what is happening inside the lining
or behind it. Voids behind the lining caused by ground movements, poorly
compacted fill or unblocked shafts can change the lining loading state and
cause collapse. However, these can only be inferred from a 3D point cloud
once lining deformations have already started to occur. The traditional
industry method of identifying voids involves manually tapping the tunnel
lining and listening for changes in the sound produced that may signify lining
deterioration, a change in fill density, or a void. However, this method is
strongly subjective; identifying the exact nature of any abnormalities heard is
challenging. Further destructive investigation into the lining, such as by
coring, risks damaging the structure and is unsustainable to conduct in

repeat inspections. There are multiple non-destructive methods designed to
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identify the condition of areas underneath the tunnel lining (Richards, 1998).
Methods have also been developed for other types of masonry structures

(Hussain and Akhtar, 2017; Schuller, 2003).

Ground Penetrating Radar (GPR) has been used for imaging the subsurface
in many engineering disciplines (Solla et al., 2021). Within new build tunnels,
it has been applied to detect voids in grouting (Kravitz et al., 2019). GPR
uses microwave band radar pulses to detect changes in material properties
from the reflected radar signal. Performance is dependent on the selected
radio frequency, which is chosen based on a compromise between signal
resolution and penetration depth. Changes in material properties can only be
identified from the output radiogram by a trained expert and there are often
multiple explanations for a given radiogram. While Al-based approaches to
automate radiogram interpretation show promise, the field is still in its infancy
(Kugukdemirci and Sarris, 2022). Despite these challenges, (McDonald et
al., 2023, 2022) show that the T-Vision helical GPR system can effectively

image the subsurface inside and beneath a tunnel’'s masonry lining.

Transient Electromagnetic Radar (TER) (Geng et al.,, 2022) has been
proposed as an alternative to GPR to identify voids behind concrete tunnel
linings. TER emits a pulsed magnetic field and records the returned magnetic
field created by eddy currents induced in the target object. The size of the
eddy currents is proportional to the resistivity of the object’'s material. TER
was shown to more clearly differentiate the different layers in the lining and
boundaries of voids over 10cm diameter than GPR. In addition, it was less

impacted by the presence of steel rebars in the concrete lining.

Ultrasound (Carlson and Jansson, 2021), can also be used to detect material

density changes. However, ultrasound systems must make contact with the
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tunnel’s lining making them more cumbersome to use around the crown.

Their output also requires expert interpretation.

Passive infrared thermography (IRT) uses the tunnel lining surface
temperature to detect defects. Thermal cameras were first used by (Konishi
et al., 2016) to identify voiding in concrete tunnel linings as a precursor to
spalling. Voided areas had a lower temperature than intact concrete due to
the lower temperature conductivity of air. The study found that the tunnel
lining needs to be at least 0.35°C warmer than the air temperature inside
the tunnel for there to be a great enough temperature gradient to make the
surface temperature variations visible. A similar method has been applied by
(Behbahani et al., 2024) to identify debonded tiles in tiled underground
passageways. Thermography can also be used to identify water ingress in
concrete lined metro tunnels. (Yu et al.,, 2018) fused lidar intensity with
thermal camera data to identify wet areas on a tunnel’s lining. Wet areas of
concrete are more reflective, so the intensity of the returned lidar pulse is
different to that in dry areas. Due to evaporation in the wet areas removing
heat from the lining, the wet areas will show a lower temperature than dry

areas in the thermal images.

A final emerging method that can be used for identifying hidden unblocked
shafts is Muon tomography (Thompson et al., 2020). Muon tomography
records the number of muons, a type of cosmic ray, incident onto a recorder
inside the tunnel. Muons vary in energy, with the lower energy ones more
likely to be absorbed in the tunnel overburden. The rate of muon incidence
is therefore dependant on the tunnel depth and overburden density. It can
therefore be used for the estimation of tunnel overburden density when the
depth is known (Zhang et al., 2025). For a reliable model to be generated,

the low frequency of muon incidence results in a considerable data collection
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duration. With a muon incidence rate of around 70 per minute at around 20m
depth, (Thompson et al., 2020) for example, required 100 hours of data
collection to reliably identify the location of a void behind the lining of a 770m
long tunnel. Furthermore, it is only able to record changes in density along a
tunnel’s length and cannot segment the circumferential location of

abnormalities.

While these non-destructive methods are occasionally used for in depth
structural investigations, they require specialist equipment and operators, so
(Richards, 1998) note that their use is not routine. A final category of lining
testing are minimally destructive methods. While these methods are
invasive, if they are correctly applied the impact on the tunnel’s condition

should be negligible.

(Llanca et al., 2013) expanded the use of geoendoscopy to masonry tunnel
linings. They placed an endoscopic camera inside 6mm diameter boreholes
to image the subsurface inside and behind the masonry lining. Using simple
image thresholding, they were able to identify discontinuities within the lining

and surrounding ground.

An impulse response test can also be used to examine the integrity of the
ground behind the tunnel lining. (Davis et al., 2005) first used the method to
identify grouting voids at the concrete tunnel lining / ground interface.
Conducting an impulse response test involves applying a controlled impact
to the tunnel lining, usually with a 1kg sledgehammer. A velocity transducer
is then used to analyse the vibration response of the lining to the impact,
which will be affected by material properties and reflections of the stress
wave at material boundaries. Frequencies below 50 Hz can be used to
calculate the structural element’s dynamic stiffness, while frequencies from

100 Hz to 800 Hz enable changes in density and thickness to be identified.
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The Impulse response test is effectively a more sensitive, scientific and
standardised version of the traditional tapping and listening method that
tunnel inspectors routinely apply to identify voids behind the tunnel lining.
While Impulse response is proven effective at identifying voids behind tunnel
linings (Cao et al., 2019), using it to detect deterioration of the lining would
first require accurate characterisation of the lining material which would be
difficult to achieve given the non-homogeneous nature of most historic
masonry linings. (Llanca et al., 2017) showed how GPR, impulse response
and endoscopic inspection could be combined into a comprehensive
condition assessment workflow for masonry lined Paris metro tunnels. While
their method was shown to effectively identify lining discontinuities and
characterise the surrounding soil, it does not consider either localised surface

damage such as spalling or abnormalities in the lining profile.

In order to track changes in a structure’s condition, SHM (Structural Health
Monitoring) methods can be used. SHM typically involves mounting various
sensors to a structure and tracking changes in their readings either through
periodic inspection or a remote data connection. Abnormal readings may
signify deterioration of the structure. While there has been extensive
research to use the dynamic response of bridges (Wan et al., 2023) to predict
their serviceability state, similar applications within tunnels have been limited
(Chen et al., 2022; Nellen et al., 2000). However, other SHM methods are
often integrated into new build tunnels, with fibreoptic monitoring cast inside
concrete linings for measuring lining or reinforcement strains (Chen et al.,
2025). Vibrating wire sensors may also be used to measure lining cracking
or displacement. For existing tunnels, simple crack monitoring gauges such
as Tell-Tales (“Plus Tell-Tale - Avongard,” 2025) may be placed across

tunnel discontinuities such as cracks or open joints and used to look for lining
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deformations by comparing the recorded relative displacements between

subsequent visual inspections.

An overview of alternative tunnel defect data collection techniques is
provided by (McCormick, 2010) and, more recently, (Strauss et al., 2020).
(Haack et al., 1995) provides an older and broader overview. Research
activity has been extensive, but the expense and lack of knowledge around
using more specialist methods means that it is unlikely that they will be
regularly used in older masonry lined tunnels outside of targeted structural

studies unless their use can be more standardised or automated.

3.1.4. Robotic tunnel inspection

Considerable research has been undertaken across engineering disciplines
to reduce labour costs and the need for substantial domain knowledge by
inspection staff by developing robotic methods of infrastructure inspection
(Lattanzi et al., 2017). (Montero et al., 2015) outlines various robotic
machines that have been created specifically for tunnel inspection and
maintenance, mostly for concrete-lined road tunnels. Robotic methods
reduce the need for inspectors to work at height when observing a tunnel’s
crown or enter tight spaces, contributing to improved health and safety
outcomes. Most proposed robotic inspection systems involve mounting
various sensors, such as ultrasound or GPR onto robotic arms to closer
inspect concrete tunnel linings. Such systems are expensive to design and
maintain. The issue of transporting them to inspection sites means that they
can only be justified in areas with a high density of tunnels, for example in

underground metro systems.

Robotic systems currently under development include the European

commission funded ROBINSPECT (ROBotic System with Intelligent Vision
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and Control for Tunnel Structural INSPECTion and Evaluation). Outlined in
(Loupos et al.,, 2016), this ambitious project aimed to mount lidar,
photogrammetry and ultrasonic sensors onto a semi-autonomous inspection
vehicle. The robot would enable disorders to be automatically detected,
closely inspected and analysed with limited human intervention, generating
a 3D model of a tunnel with labelled defects. To date, only a prototype of the
vehicle has been created along with an outline plan for automation of the
system. More recently (Liu et al., 2023) proposed a rail mounted tunnel
inspection robot that uses MLS for data collection. A speed planning and
tracking algorithm was developed that paves the way for unmanned

inspection vehicle control.

UAVs and wall climbing robots have been proposed for tunnel lining
inspection (Montero et al., 2015). A key issue with using UAVs for tunnel
inspection is the near-wall effect noted by (Robinson et al., 2016), which
upsets the stability of flying vehicles in confined spaces. Despite this, (Vong
et al., 2018) developed a UAV that performed satisfactorily in small culvert
tunnels. This was achievable due to the decrease in size and weight of
sensors in recent years, allowing the UAV to be smaller relative to the size
of the tunnel. In this case, the UAV used measured only 375mm diameter,

with a payload of 800g.

(Bendris and Becerra, 2022) equipped a UAV for railway tunnel inspection.
Depth and tracking cameras and a distance sensor were used for mapping
and navigation. A visual SLAM algorithm was used for positioning. Additional
visual and thermal cameras were mounted for collecting inspection data. An
algorithm was created to calculate the optimal flight path for conducting an
inspection, thus enabling autonomous operation. Overall, due to the less

constrained environment and better access to positioning data through GPS,
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UAVs have been used more extensively for bridge inspections (Feroz and

Dabous, 2021) than tunnel inspections.

Other robotic inspection vehicles include a wall climbing robot developed by
(Garrido and Sattar, 2021) to detect rebar corrosion using GPR. This used
magnetism to adhere to the rebars, allowing it to climb reinforced concrete
structures. Wall climbing robots are less suited for masonry inspection, since
they may cause additional tunnel lining deterioration and have difficulty

adhering to damp and crumbling areas of tunnel lining.

At present, MLS, SLAM and photogrammetry are not commonly used in
practical tunnel inspections due to their lower accuracy than TLS. The
specialist operators and equipment required for GPR, Muon tomography and
other specialist survey methods also result in their use not being routine.
However, they are occasionally utilised on particularly challenging structures,
when extra information is required to make an assessment decision. UAVs
and robots are still in their early stages of application to infrastructure
condition assessment, and the technology has not developed enough to be
convenient for routine tunnel assessments. Another issue with large
inspection robots is that the density of tunnels in the UK may not justify the
logistical challenge of transporting them to each inspection site. An overview

of data collection methods for tunnel inspection is outlined in Table 3.1.

Driven by the project-based nature of most condition assessment contracts,
there are also multiple institutional reasons that slow the adoption of new
methods in the construction sector. These include a low appetite for risk and
limited innovation budgets (Elliott and Olbina, 2023). Changes to the
established inspection procedure may also require cultural changes at the
infrastructure provider. Staff would need to be trained to use any new

technologies and there would need to be acceptance by the workforce of
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changes in procedure for them to be effective in saving manpower costs. As
a result, it is determined that there are more opportunities for improvements
in the defect detection and severity analysis step of the condition assessment
procedure than at the inspection stage which will be driven by the inspection

equipment manufacturers.

Masonry-lined tunnel inspection is likely to be based around laser scanning
backed up by local photographic documentation for the near future and
improvements in the accuracy and convenience of TLS systems are likely to
be incremental as commercial lidar stations become faster and more
accurate. MLS and SLAM may eventually take over as the preferred methods
once the algorithms have been refined to reduce drift and improve accuracy

to an acceptable level.

3D point clouds generated by TLS typically require significant processing
before being suitable for direct input into automated methods. Software such
as Recap Pro (“ReCap Pro | Autodesk,” n.d.) provide a semi-automated
human in the loop work flow for point cloud preparation, although it still takes
around an hour to process a 20m long section of tunnel point cloud obtained
at a 5mm point spacing with standard office equipment. Tasks include
removing outliers and connecting up surveys scanned from different
locations. Nevertheless, it would be beneficial to utilise point cloud data for
automating condition assessments, since 3D data should ultimately be able
to provide a more comprehensive analysis than 2D images. As Lidar surveys
are typically already conducted during tunnel inspections, no new equipment

or changes to the inspection procedure needs to be made
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Table 3.1: Tunnel inspection methods.

Method Description Output Advantages Disadvantages
Traditional Methods
A.n Highly subjective to
. experienced ; )
Recording enqineer can engineer’'s
descriptions Set of %over a judgement, Variable
. of visually handwritten . output between
Visual - e . variety of i
. . identified site notes engineers,
inspection . damage
damages in and Damages may be
. types and .
a notebook diagrams missed, Notes may
focus on the et
by hand s be difficult to
most critical
: understand
locations
Cheap, Difficult to record
DSLR Ph.otogr'aphs Colour famlllar location of
Photography of individual photographs qupment, ph'oftograph', Can be
defects Visual record difficult to interpret
of damages out of context
Collecting a Log of Detailed
material matgerial record of Damages the lining
Cori sample of material integrity, Only
oring - layers . . .
the lining beneath properties gathers information
and linin beneath at location of core
subsurface 9 lining surface
. Requires an
Tapping the g::(i\l’vggﬁg Cheap experienced
tunnel lining, of ider‘l)tified method of listener, It is difficult

. listening for indicating to hear

Tapping . tunnel ; . "
changes in sounds and void locations abnormalities and
the sound . behind the challenging to
possible - .
produced causes tunnel lining. Identify the source
of changes
3D capture methods
Requires
Terrestrial Laser Laser scan . high supervision and
] . 3D point accuracy, multiple setup
Scanning from fixed !
. cloud Complete 3D locations, only
(TLS) locations o
model captures visible
areas
Position based Laser scan Survey Positioning difficult
Mobile Laser from a 3D point conducted : g dr
- . . with no GPS signal.
Scanning moving cloud without tunnel Lower point densit
(MLS) vehicle closure P y
Laser scan
Simultaneous whilst in Drift reduces
Location And motion using 3D point Easy to use, ;

- . . . accuracy in tunnels,
Mapping algorithms cloud lightweight Lower point densit
(SLAM) for P y

positioning
Photos . .

Structure from stitched . High quality Lower 3D accuracy
. 3D point RGB data, than laser scanning,

Motion (SfM) together )

: cloud Cheap, Easy Computationally
photogrammetry using t .
0 use expensive

algorithms
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Method Description Output Advantages Disadvantages
Specialist data collection methods
Ground Reflected 2D . Requires .expert
X Detects area interpretation and
Penetrating radar detects radargram . .
. behind tunnel analysis, Dependent
Radar subsurface into the s
. lining on subsurface
(GPR) features tunnel lining .
properties
Detects
Records densit Requires surface
reflected 2D density y q
; . changes and contact, Maps
Ultrasound high map into the ) :
- voids require expert
frequency tunnel lining . X
beneath interpretation
sound waves -
lining
2D infrared Temperature I_Dhotograph
Infrared . locations need to be
heatmap of variations
photographs N accurately recorded,
Thermography the tunnel may indicate . g
of the tunnel - L Clarity will depend
e lining damp lining .
lining on lining surface
surface areas e
characteristics
Records data
Measures .
frequency of ' from above Data can be noisy,
Muon incident Estimate of the tunnel - Requires large
tomography overburden useful for equipment, long
muons from . S
) detecting recording times
cosmic rays
shafts
Can
understand
Insert an the masonry It is difficult to
endoscopic  Photographs and backfill reliably assess the
Endoscopic camera into of material state cheaply = material properties
ins ectign a small inside and and without from the
P diameter behind the causing photographs, Data
hole in the tunnel lining damage, only collected at
tunnel lining Boreholes borehole location
may be
reused
Apply 2 Effective for  Will not work well in
controlled . ! . S
. Time— triangulating heavily jointed
impact to the . . .
o frequency void locations materials or those
Impact- echo lining and . .
spectra at from only a with varying
measure the . .
o set locations few data properties such as
vibration . T
points historic masonry
response

Emerging data collection methods

Unmanned
Aerial Vehicles
(UAV)

Robotic vehicles

Sensors
attached
to a drone

Sensors
attached to a
robot

Typically
only
photographs,
but other
attachments
are possible

Any of the
above +
tactile
inspection

Close up
view of tunnel
crown, Moves

quickly

Reduces
manual
labour,

Potential for
autonomous
inspection

Limited sensor
carrying capacity,
Control is
challenging in an
enclosed
environment

Large and
expensive, Requires
expert supervision
and maintenance
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3.2. Automated post-inspection tunnel analysis

Tunnel defects are identified manually on-site during tunnel inspections and
in the office post-inspection through analysis of 2D and 3D sensor data. It is
vital that defect identification is digitalised, as automated digital analysis
workflows enable better standardisation and traceability of the reasoning
behind maintenance recommendations (Weise et al., 2023). Current manual
approaches are heavily reliant on the engineering judgment of individual
assessors. Differences in the thoroughness of damage identification and
opinions on the structural impact can compound into substantially different
conclusions about a structure’s prognosis (Forster and Douglas, 2010).
Being able to automatically detect and assess defects from recorded data
would enable rapid and comprehensive assessments and reduce the
subjectivity of the classification process. Automated methods may also be
easily adaptable to changes in assessment guidance brought by advances
in our understanding of tunnel behaviour and the science of structural
analysis. Generating consistent and reliable automated structural condition
assessments would pave the way for more reliable predictive maintenance
strategies (Lei et al., 2023; Tichy et al., 2021), reducing cost and improving

safety across an asset manager’s portfolio.

Computer vision offers the potential to automate the analysis of existing 2D
and 3D models of a tunnel. Computer vision involves applying algorithms to
automatically make conclusions about a scene directly from an image. In
recent years, with the advent of deep convolutional neural networks (CNNs),
the field has developed rapidly (Chai et al., 2021) and there is now potential
for automated computer vision techniques to be more consistent in
classifying defects than human assessors. This development has enabled

many new applications and, as reviewed by (Spencer et al., 2019), computer
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vision involving deep learning has been applied extensively for automated
defect detection across a variety of infrastructure condition assessment
tasks. Supervised machine learning methods using encoder-decoder based
CNNs forms the most popular approach. The models must first be trained on
relevant data to adapt them to the target problem. They can then apply their
learnt knowledge to make conclusions about a new set of data. An
introduction to computer vision methods using machine learning is supplied

in more detail in Appendix A1.

There has been a particularly significant quantity of research into automating
the process of crack identification and measurement (Hsieh and Tsai, 2020;
Kheradmandi and Mehranfar, 2022; Munawar et al., 2021; Zhou et al., 2023),
since it has applications across many engineering disciplines. A common
defect, identifying and quantifying the size and direction of tunnel lining
cracks is a critical part of determining a tunnel's structural condition. In
general, cracks can be used as an early warning of structural deterioration
as they may signify ground movements behind the tunnel lining. Once a
crack has formed, it may propagate quickly. In addition, once cracks are
open, they expose the interior of the structure to weathering. This is
particularly critical in steel reinforced concrete, which is often used in
segmental tunnel linings. In other applications, for example road asphalt,
cracking may impact the serviceability state. Cracking is also often
aesthetically unwanted. (Munawar et al., 2021) have recently reviewed the
different methods proposed for identifying cracks from photographic images.
(Mohan and Poobal, 2018) conducted an earlier review that also covers
images of data from non-visual sources. While crack detection is not the
focus of this study, computer vision methods first applied for crack detection

may be adapted to identify other damages. The following sections outline
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advances in automated tunnel defect detection methods and discuss their

potential application to masonry lined tunnels.

3.2.1. Early studies

Before the advent of machine learning, it was challenging to develop
methods that identified the difference between lining features with similar
properties such as joints and cracks. Early computer vision methods
consisted of image filters and algorithms to highlight particular features.
Thresholds on the outputs of these algorithms were used for making
conclusions about the nature of the scene in an image. Outside of controlled
conditions, however, these methods often generalised poorly when applied
to scenes recorded in different conditions and on tasks with more complex

and varied situations.

(Ukai et al., 1996) were the first to note the potential for semi-automated
visualisation of railway tunnels using computers. They collected continuous
scan images of a tunnel lining and highlighted cracks using classical image
processing techniques such as dynamic binarisation. Other early crack
detection methods, for example (Ukai, 2007), used simple hysteresis
thresholding to photographic image brightness levels to identify cracks in
concrete lined tunnels. Their method took advantage of concrete-lined
tunnels appearing homogeneous aside from cracks which appeared darker

due to internal shadows.

(Yu et al., 2007) developed a method to detect concrete tunnel lining cracks
from Charged Coupled Device (CCD) cameras mounted on a mobile robot.
Sobel edge detection and the Laplacian operator were applied to highlight
cracks in the image. A geometric threshold method was used to determine

which pixels were parts of cracks and then Depth first search and Dijkstra's
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shortest path method were used to extract each crack from the image.
(Medina et al., 2017) detected concrete tunnel lining cracks from RGB
photographs using rotation-invariant Gabor filters. A genetic algorithm was
used to optimise filter parameters. The Gabor filters detect line features well;
however, misclassifications occur where other linear features exist such as

lining joints or service cabling.

A different approach utilised during materials testing involves taking pictures
before and after changes in the material stress state and using digital image
correlation (Peters and Ranson, 1982) to detect the formation of cracks from
differences in the images. Cracks are defined as areas where detected strain
levels are above a set threshold. (Rezaie et al., 2020) noted that this method
compares unfavourably to modern CNN based crack detection methods
such as their U-Net variant TernausNet. In addition, it is necessary to have
pictures of the tunnel lining before the crack formed, which may not be

available during inspections of real-world tunnels.

More recent research has also been conducted on tunnel defect detection
methods using change detection. (Stent et al., 2016) created a workflow for
automatically detecting abnormalities forming in concrete lined tunnels. Their
method is invariant to different methods of recording photographic tunnel
data during successive tunnel inspections. A trolley with cameras mounted
in a semicircular array pointed at the tunnel lining needs to travel along the
tunnel during the first inspection. SIFT is applied to generate feature
descriptors of the tunnel. Standard SfM photogrammetry techniques are then
used to create a 3D point cloud of the tunnel from the photos. Since this
method would be applied to cylindrical concrete lined tunnels, quadrics are
used to fit a surface to the point cloud. When photos of the tunnel lining are

taken during subsequent inspections, their location can be automatically



56

localised onto the 3D model using k-nearest neighbours matching with the
photo's SIFT features and Random Sample Consensus (RANSAC) based
registration. Changes are then detected between the initial tunnel state and
that in the new photo using various distance functions. The changes are then
grouped using unsupervised clustering and ranking, so they can be clearly
visualised on the 3D model to the inspector. While it is important to track
newly formed defects in historic masonry lined tunnels, it is also necessary
to identify the size of existing defects that may threaten the structure’s
serviceability but have only been recorded in past condition assessments
using traditional manual methods. As a result, change detection methods are
insufficient to fulfii the comprehensive defect mapping requirements

specified within Network Rail standards.

(Dawood et al., 2017) were one of the first to look at segmenting concrete
spalling damage on subway tunnel linings. They used RGB images as input
to a custom hybrid algorithm that involved multiple stages of image
enhancement and filtering, followed by brightness thresholding. They used
trial and error optimisation to find the best parameters for their target tunnel.
Overall, this method relied on the darker colour of spalled areas compared
to the brighter undamaged concrete surface. They used a regression model

to find the area of spalling.

Many of these methods work well in relatively featureless concrete lined
tunnels when consistent lighting can be achieved. They work particularly well
for modern metro tunnels where the whole length has been constructed using
a standardised procedure and the level of deterioration is low. Given the
length of tunnel on a cohesively constructed metro line may be in the tens of
kilometres, there are substantial efficiency benefits to an automated method

even when algorithm parameters need to be first manually tuned over a short
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tunnel section. However, these methods will perform poorly when faced with
the varying tunnel geometries, lighting conditions, material types and larger

levels of deterioration present in many masonry lined tunnels.

3.2.2. Machine learning based workflows

(Koch et al., 2015) conducted a review of computer vision methods used for
the condition assessment of concrete infrastructure in 2015 and recorded
many non-machine learning and a few non-deep machine learning methods
with potential application to concrete tunnel linings. Since then, convolutional
neural network (CNN) based computer vision methods have been proven to
be more effective at replicating human outputs to image analysis tasks. This
makes them particularly useful for automating manual visual condition
assessment methods. Multiple reviews of the field have been conducted
(Deng et al., 2022; Dong and Catbas, 2021; Koch et al., 2015; Sony et al.,
2021; Spencer et al., 2019; Ye et al., 2019) given the recent expansion of
research interest aided by the recent increased accessibility and
effectiveness of computer vision methods using deep learning

(Schmidhuber, 2022).

Since 2015, many studies have evaluated either existing or custom CNN
designs for condition assessment of concrete lined tunnels. (Makantasis et
al., 2015a) used CNNs to detect defects in concrete tunnel linings from
pictures of the tunnel lining. Defects were segmented based on an areas
texture, frequency, entropy and edge detection output. The algorithm was
shown to be the most effective in identifying damaged areas of concrete. It
achieved a greater accuracy and F1 score than SVM (Support Vector
Machine), Ctrees (Classification trees), KNN (k-nearest neighbour) or ANN

(Artificial neural network) methods. Their method produced a relatively noisy
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output and identified many small areas of surface concrete mottling and
spalling which would not normally be considered defects during a structural
inspection. It was therefore difficult to identify the severity of concrete

texturing within the locations highlighted by the algorithm.

Initially, CNN architectures were only developed for classification tasks. (Rao
et al., 2020) compared the effectiveness of various neural networks at
detecting cracks by classifying 64x64 image patches of concrete structures.
Each patch was categorised to determine if it contained a crack. Later studies
such as Protopapadakis et al. (2019) and Huang et al. (2018) adapted the
method to better segment exact damage locations by splitting tunnel lining
images up into overlapping patches. Damage areas were identified by sliding
a window of focus between these patches and using the difference in
predicted damage likelihoods to determine the exact location of damage on

the tunnel lining.

Later research using R-CNNs enabled boundary boxes to be placed around
identified damaged areas to more clearly localise damage locations (Gao et
al., 2019). Subsequently, Mask R-CNNs were developed that could
semantically segment damage within each boundary box (Xu et al., 2021).
Studies have been undertaken to identify the most effective neural network
architecture for condition assessment on different structures. (Xu et al.,
2022), for example, compared YOLOv3 with faster and Mask R-CNN for
detecting and localising cracks in concrete pavements. They showed that the
R-CNN methods outperform YOLOv3 when there is limited data of only 150

training images.

Finally, encoder-decoder based networks, such as variants of the U-Net
(Feng et al.,, 2023), alongside domain specific adaptions including

CrackSegNet (Ren et al., 2020) or U-CliqueNet (Li et al., 2020) have enabled
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pixelwise semantic segmentation of damage in lining images and form the
most popular and well documented damage identification and localisation

vision technique.

Many of these methods still do not perform adequately when faced with less
homogeneous tunnel lining surfaces and the poor, uneven lighting conditions
found in many tunnels. Some researchers have modified standard deep
learning semantic segmentation networks to overcome this. Dong et al.
(2019)or example, developed FI-SegNet for concrete tunnel lining multi
damage detection from photographic data. By combining the existing SegNet
with a focal loss function to focus on the most challenging to detect damage
examples, they increased the mean intersection over union score (loU) for
crack and spalling segmentation in challenging low-light conditions. (Wang
and Shi, 2024) developed a method to address the problems of insufficient
lighting and environmental interference in concrete lined tunnels when
segmenting water leakage from photographic data. They proposed a
customized Side Guided U-Net. Their method integrated Otsu thresholding
into an adapted U-Net to encourage the network to learn relationships at
different brightness thresholds, helping it to generalise to operate on unseen
data with different brightnesses and contrasts than in the training data. Their
network achieved an increase in mean pixel accuracy of 3.2% over a
baseline U-Net. However, even when machine learning algorithms have
been adapted to overcome specific challenges, better results can usually be
achieved when baseline models are used with a higher volume (Sun et al.,
2017) of clearer (Bergstrom and Messinger, 2022) or more representative
(Hu et al., 2021) training data. As a result, there is a substantial benefit to
collecting data for training and end user application using standardised

methods such as dedicated photographic trolleys or using TLS. Furthermore,
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for damages such as spalling or cracking that have an inherently 3D aspect,
using the tunnel lining surface morphology may be a more representative

and reliable data source than colour image data.

3.2.3. 3D defect detection

While the maijority of studies have focused on identifying defects on 2D
photographic images of tunnel linings, relatively few studies have developed
methods for identifying tunnel lining damages from 3D point cloud data.
Segmenting tunnel lining damages directly onto 3D point clouds is beneficial
for the end user, as assessors can observe the spatial location of each defect
in 3D and more easily communicate damage locations to maintenance staff.
(Yoon et al., 2009) conducted early work using geometrical methods to
automatically identify concrete tunnel lining defects from lidar data. Defects
were defined as points with a significant offset from the plane of the tunnel
lining. Using geometry as the classifier ensures that the resulting
segmentation has a physical grounding and makes it is easier to explain the
causes of false positives. However, using geometry is complicated by other
possible causes of abnormal geometries such as from joints and service
ducting. In addition, in more heavily damaged tunnels with multiple significant
geometrical abnormalities, it is not possible to consistently classify the nature

of each damage using thresholding alone.

(Ao et al., 2018) focused on using the surface roughness of the tunnel lining
to segment pathologies. They first fit an ellipse to an MLS generated point
cloud of a concrete lined tunnel, then removed all inlying points that may be
caused by Mechanical and Electrical (M and E) systems inside the tunnel.
They then created a mesh from the remaining points and defined the surface

roughness as the ratio of the mesh surface area to that of the fitted ellipse.
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A larger mesh surface area will occur when the surface is rougher, and the

level of surface damage is larger.

Shape fitting algorithms such as RANSAC have been applied to railway
tunnel point cloud data. (Sanchez-Rodriguez et al., 2018) applied RANSAC
with a Support Vector Machine (SVM) classifier to segment a 3D point cloud
of a concrete lined railway tunnel into areas of tunnel lining, ground surface,
rails, catenary and cantilever arms. They achieved an average F1 score of
81.15%. (Soilan et al., 2020) later gained superior results using deep learning
to segment the tunnel lining, rails, ground and catenary. They compared the
Kernel Point Convolution (KPConv) Neural network with PointNet. They
achieved a maximum mean F1 score of 92.34% with PointNet and 96.85%
with KPConv. This method could form a useful first step to isolate parts of a
tunnel obtained by lidar prior to defect detection. While useful for identifying
objects within a 3D scene, part segmentation methods are less suitable for
directly segmenting damage since lining deterioration can have substantially
variable geometries. However, idealised object geometries can be used as
an approximation of an undamaged version of a damaged part of a tunnel,
enabling change detection to be used to identify damage locations. (Wu et
al., 2019) developed a workflow to identify spalled tunnel lining concrete from
MLS generated point clouds using shape fitting. They used RANSAC to fit a
cylinder to the tunnel, then used the ratio of the true surface area to the
projected cylindrical area to identify rough areas. They defined geometric

parameters to differentiate spalling locations from bolt hole locations.

More recent studies have applied CNNs to detect tunnel lining damage from
lidar obtained point clouds. The majority of studies take advantage of the
cylindrical nature of many concrete lined metro tunnels to identify damage

using CNNs designed for 2D image data. Virtual images normal to the tunnel
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lining can be taken of a tunnel point cloud provided that the tunnel geometry
is known or can be easily approximated. This is known as single surface
projection, since the tunnel is effectively unrolled and 3D points are projected

onto a single 2D raster of the lining.

(Huang et al., 2020a) used single surface projection for segmenting water
leakages on shield tunnel linings. In order to flatten the point cloud from 3D
to 2D, they fitted an ellipse to the inside of the tunnel lining. Mask R-CNN
was then applied to identify wet lining locations from rasters of lidar intensity.
The segmentation output was visualised in a 3D mesh of the point cloud by
reprojecting the lidar intensity rasters and detected wet locations onto the
mesh. (Zhou et al., 2021) used a similar method to segment areas of spalling
in concrete lined tunnels from 3D point cloud data. However, they also
recorded the offset of each lining point from the fitted ellipse and rasterised
this offset into a depth map. The depth offset and point intensity data were
input into semantic segmentation neural networks to segment the spalled
areas. The outputs from 3 U-Net variants were compared - DepthNet,

IntenNet and IDnet.

Few studies have used photogrammetry for tunnel damage segmentation.
(Xu and Yang, 2020), for example, collected a comprehensive set of
photographs of a concrete tunnel lining from cameras mounted to a trolley
pushed down a tunnel. Photogrammetry was used to create a robust 3D B-
spline model of the tunnel. A Mask R-CNN was trained on the 2D images to
detect and segment cracks in the tunnel lining, whose location was then

recorded on the 3D model.
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3.3. Automated analysis methods for masonry

Condition monitoring of historic tunnels has received much less research
interest than that of newer segmental concrete lined tunnels. No past work
could be found extracting defects automatically from 3D models of masonry
lined tunnels, however multiple studies have addressed detecting defects in
historical masonry structures more generally. Similarly to concrete tunnel
defect identification, older studies on automating masonry damage detection
focused on traditional computer vision and geometrical methods, while
newer studies generally use machine learning, particularly CNN-based

approaches.

3.3.1. Direct approaches

The uneven and varied nature of masonry surfaces coupled with the variety
of masonry materials and geometries has rendered deep learning-based
masonry condition assessment more challenging than that for concrete
structures. However, multiple studies have applied encoder-decoder style
neural networks trained on colour photographic data to segment damages in

a variety of masonry walls.

(Wang et al., 2018) investigated the importance of different CNN properties
when classifying areas of masonry as being intact, spalled, cracked, or
containing efflorescence. They considered the AlexNet and GooglLeNet
architectures. The network was trained on a 57,780 x 11,400 orthophoto cut
into 420x105 and 210x105 images of individual bricks. A sliding window
method was found to achieve a greater accuracy of 94.3%. The
disadvantage of this is that the window has been manually sized to be the
height of a single masonry block, so the method is not readily generalisable

to other structures. (N. Wang et al., 2019) later trained a Faster R-CNN on
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two 57780x11400 orthophotos to create boundary blocks around masonry
blocks exhibiting spalling and efflorescence. They used a sliding window
method with 500x500 resolution. The boundary boxes were noted as being
more accurate than their previous study, due to the improved region proposal
method used by Faster R-CNN. They deployed their model into a mobile app
that can provide boundary boxes to photographs taken live in the field and
achieved an average precision of 99.9% on efflorescence and 90% on

spalling on those images taken using a phone camera.

(Ali et al., 2019) also trained a faster R-CNN method to detect damaged
bricks in a 16th century masonry temple. They trained the model on 163
4864x3468 images captured by drone and 303 3024x4032 terrestrially
captured images, each split into patches of 500x500. They achieved a mean
average precision of 96.5%. This showed improved results over their
previous study combining a CNN encoder with SVM for masonry crack

detection (Chaiyasarn et al., 2018).

More recent studies have also applied deep learning techniques to detect
masonry cracking, spalling and efflorescence. (Hallee et al., 2021) compared
the effectiveness of 3 different CNN models with other machine learning
techniques for classifying images of cracked masonry. They considered
images taken of a wall built and cracked in a lab and images obtained by
google image search. They compared the generalisability of algorithms by
only training them on either the more standardised laboratory or varied
google images. Each image was cropped to 512x512, then downscaled to
100x100 before processing. Their most effective CNN architecture achieved
an F1 score of 93.6% on the lab data, while an architecture with more

parameters performed the best on the google images with an F1 of 82.4%.
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The CNNs performed substantially better than the traditional machine

learning models.

(Dais et al., 2021) evaluated 8 different CNNs for classifying masonry cracks
on 11491 224 x 224 image patches, taken from 469 varied images of
masonry. The images were taken at different angles and field of views of
multiple structures and contained various noisy backgrounds. The most
effective network was a pretrained MobileNet, which achieved an accuracy
of 95.3%. They then compared 24 different encoder-decoder style neural
networks for crack segmentation and found the networks with the highest F1
scores to be U-Net-MobileNet, FPN-InceptionV3 and FPN-Mobil, achieving
79.6%, 79.6% and 79.5% respectively. (Asadi Shamsabadi et al., 2022) also
examined the feasibility of using neural networks for masonry crack
segmentation. They applied a SegFormer model to RGB images. (Karimi et
al., 2023) investigated CNN encoder designs for classifying masonry bridge
photographs containing 6 different types of damage. Their highest
performing network was an Inception-ResNet-2, achieving an accuracy of

96.58%.

(Huang et al., 2024) proposed improving the performance of encoder-
decoder based masonry crack segmentation by fusing photographic RGB
with thermal camera data. They used a radiation-variation insensitive feature
transform to register the infrared and RGB images to create 6 channel RGB-
IR images. They then evaluated multiple U-Net style CNN-based and
transformer-based neural network architectures for crack segmentation.
Operating on the 6 channel images, their best performing network achieved
an loU of 0.73, a 4 percent improvement over using unfused 3 channel RGB

images. Their thermal data was collected outside on sunny days when the



66

thermal contrast is particularly pronounced, so it is unknown how well the

method would perform inside tunnels with less clear temperature gradients.

Some studies have investigated detecting masonry damage from 3D data.
(Sanchez-Aparicio et al., 2018) created a workflow for identifying defects on
historic masonry structures from lidar data using both 3D geometric and
radiometric lidar intensity data. They first split the structure into different
zones using RANSAC segmentation. Defect identification involved training a
CANUPO classifier on the geometric data to identify areas with significant
material loss. They used the fuzzy K-means clustering algorithm on the
intensity data to identify clusters of similar intensity. After mapping these
clusters to identified defects, this method was successful at highlighting
areas of moisture, biological colonisation and salt deposits. This approach
could be useful to aid human review, however since only filters and
clustering-type algorithms are used, the method is unable to identify the

nature of each highlighted area without human labelling.

(Enrique Valero et al., 2018) segmented areas of erosion, mechanical
damage, delamination and discolouration on ashlar masonry walls from 3D
lidar and photogrammetry data using a single surface projection approach.
The 3D wall data was first fitted to a 2D plane. The offset of each 3D point
from the plane and the RGB data of each point were used for classification.
The RGB data was converted to HSV (Hue-Saturation-Value), as this better
aligns with human visual perception and so should achieve results closer to
those obtained by human structural assessors. Outliers in the HSV and
geometrical offset values were defined as areas containing defects. Each
area was then classified from a selection of parameters and second order

statistics (such as surface roughness, energy intensity and dispersion of hue)
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applied to the offset and HSV data. A one vs all logistic regression method

was trained on these parameters to classify each defect.

Some studies have applied change detection methods to detect damaged
areas in TLS surveys of real-world masonry structures. For example, (Fehér
and Torok, 2022) used iterative closest point matching on TLS surveys of
ruined churches in Hungary to identify recently formed surface damage. They
conducted closest point 3D distance calculations between the clouds and
classified damaged areas based on the distance between them. (Mouaddib
et al., 2024) used a similar method to conduct change detection on
photogrammetry obtained point clouds from before and after a fire in the
Notre Dame cathedral in Paris, France. They registered the photogrammetric
point clouds to a sparse georeferenced point cloud survey of the structure.
They used a bespoke manual registration method, followed by closest point
3D distance calculations to identify deformations that occurred in the

structure between when the two sets of photographs were taken.

(Zonouz et al., 2023) looked at identifying spalling on individual masonry
blocks. They used structure from motion photogrammetry to create a 3D
mesh of a block and segment its spalled areas in 3D. They considered the
design geometry of a masonry block as being a rectangular prism with no
concave features. They then computed the convex hull over the spalled
block. Differences between the block’s mesh and its convex hull are spalled
areas. However, this method will underestimate the spalling volume when
spalling occurs across a whole masonry face so that there are no originally

external points on one of the surfaces.

Historic structures typically contain patches of non-original material
originating from repair works conducted at different times over the structure's

life. As a result, it is useful to first identify the construction materials before
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conducting defect detection. (Yuan et al., 2020) trained and compared the
effectiveness of different classification algorithms in identifying the
construction material of building facades. Facades containing one of ten
construction materials were considered. Roughness, HSV and reflectance
data was calculated from lidar surveys of each structure and the
effectiveness of training on different feature combinations were compared. A

support vector machine-based method achieved the highest accuracy.

While most studies have focused on using lidar for 3D damage detection on
masonry walls and in buildings, and no studies could be found investigating
using lidar for masonry lined tunnel analysis, a few studies have investigated
using lidar data for part segmentation of masonry arch bridges. (Riveiro et
al., 2016) conducted masonry bridge part segmentation from 3D point cloud
data using Principal component analysis and a complex empirically tuned
workflow of geometric descriptors. The BridgeNet and BridgeNetv2 neural
networks were later developed by (Jing et al., 2022) and (Jing et al., 2024)
respectively for part segmentation of masonry bridges. With only 7 real world
bridge datasets, the studies used parametrically generated synthetic bridge
point clouds for training the neural networks, showing how synthetic data can
enable supervised deep learning methods to be applied effectively when

collecting extensive real world lidar surveys for model training is impractical.

Overall, most masonry damage detection methods using photographic RGB
data have focused on detecting cracking which has a more clearly defined
boundary than other types of damages. The best damage segmentation
results have been achieved using encoder-decoder style CNNs on
photographic RGB data. However, for damage segmentation to be useful in
condition assessments, it is vital that the damage severity is classified and

the volume of damage can be defined. For masonry spalling, this requires



69

knowledge of the depth of spalling. This would be obtained more accurately
from 3D point clouds obtained by TLS, than those obtained by
photogrammetry. Furthermore, using lidar ensures that a comprehensive
record of the structure’s geometry is collected, which is useful for detecting

tunnel deformations when compared against future surveys.

3.3.2. Masonry block segmentation

In masonry lined tunnel 3D point cloud data, dry masonry joints or areas of
mortar are recessed from the surface of masonry blocks, breaking up the
geometry and making it difficult to manually identify lining abnormalities. It is
therefore useful to first semantically segment masonry joint locations before
conducting brick damage segmentation. This enables individual block
locations to be isolated, allowing analysis to focus either on the blocks
themselves or at the boundary between them. Masonry joints complicate
defect segmentation, as they can also be easily misidentified as cracks. In
addition, mortar loss can be easily confused with masonry spalling. An
important part of identifying tunnel defects involves identifying their spatial
location on the structure. Being able to easily visualise these locations allows
engineers to better analyse the significance of each defect and communicate
maintenance instructions to workers on site. In the case of masonry tunnels,
automatic labelling of individual masonry blocks would help with this
visualisation. Some studies have directly investigated instance segmentation
of individual masonry blocks. (Brackenbury et al., 2019) demonstrated that
masonry defects are detected more effectively by CNNs when the masonry
and mortar areas are separated and processed separately. They trained the
GoogleNet Inception v3 architecture, pretrained on the ImageNet dataset, on
94 masonry arch bridge images. A sliding window method was used to

identify areas of each image as containing cracking, material loss or
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vegetation. A comparison was made between cases when mortar and bricks
were separated and processed separately, assigned as different categories
in the classification, or not distinguished at all. (Loverdos and Sarhosis, 2022)
evaluated multiple encoder-decoder CNNs for both masonry joint and crack
segmentation in masonry walls and showed that standard semantic
segmentation neural networks can be applied similarly for segmentation of

masonry blocks as for segmentation of damage on RGB photographs.

(Idjaton et al., 2021) also compared masonry joint semantic segmentation
methods on RGB images. They compared the Segnet and Deeplabv3+
neural networks with the Otsu thresholding and Canny edge detection
algorithms. The deep learning based methods achieved substantially better
results when the wall photographs were taken under varying lighting
conditions, although the Canny method’s performance was comparable with

the deep learning approaches when the lighting conditions were consistent.

(Kajatin and Nalpantidis, 2021) developed a mortar joint segmentation
method designed to enable a mortar raking robot. They created an ensemble
method that combined the outputs of 8 machine learning techniques
including 1 deep learning technique. The model operated on HSV and depth
data obtained from a stereo vision camera. The model was only tested on

brick images taken in good lighting conditions from a consistent viewpoint.

(Minh Dang et al., 2022) demonstrated how deep learning based brick
instance segmentation and masonry crack segmentation could be integrated
into a practical masonry wall condition assessment workflow. They used
DeepLabv3+ for crack segmentation and Mask R-CNN for brick instance
segmentation from RGB photographic data. They then combined a

skeletonization of the crack segmentations with knowledge of the masonry
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geometries from the brick segmentation to generate accurate crack length

measurements.

Earlier work to segment block locations from RGB masonry images
predominantly used traditional computer vision techniques. (Oses et al.,
2014) investigated a combination of algorithms such as Canny edge
detection and Hough transforms. Full segmentation was found to be
challenging without depth data. They note that the low signal to noise ratio
of masonry images make conventional edge detection methods difficult to
apply uniformly. Their parameters would need to be tuned for each image
given different lighting conditions, masonry colours and irregularities within
each masonry block. However, by extracting statistical features from the
output of image enhancement methods and using them to train a variety of
machine learning classifiers, they were able to classify the type of each
masonry wall into containing regular blocks, irregular blocks arranged in

rows, or irregular blocks not arranged in rows.

A few more recent studies have created masonry segmentation methods that
do not require machine learning. (Brackenbury and Dejong, 2018) created a
method of mapping individual mortar joints from photographic images using
Hough transforms and Sobel edge detection. The method utilised the
regularity of joint spacing to separate masonry joints from defects and
irregularities in the image. The method required the masonry base course to
be horizontally aligned, but only a few parameters needed to be tuned to

achieve a good segmentation on walls with relatively consistent geometries.

(Abu-Haifa and Lee, 2022) developed a workflow to use brick wall
photographs to automate the generation of discrete element models of
masonry buildings that could be used to analyse the structures stability and

model their earthquake behaviour. They used the Matlab Image Segmenter
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tool which iteratively thresholds the image intensities. It requires rough
knowledge of the expected brick geometry to effectively set the segmentation
parameters. They then used infilled connected components to remove noise
and approximated the detected bricks to simplified rectangular polygons for

input to DEM software.

A couple of studies have applied computer vision to segment masonry blocks
in 3D point clouds of masonry structures. For stone walls with no mortar,
(Sithole, 2008) defined gaps between stone blocks as being locations with
points further from the location of the lidar scanner than those on the block
surface. Thresholding trial and error was used to segment individual block
locations. While performance was acceptable on walls in good condition and
with relatively deep and wide mortar channels between the blocks, it did not
perform well on the less homogeneous masonry found in most historic
structures. (Enrique Valero et al., 2018a) achieved improved performance
with a geometric method to identify masonry block locations. They projected
3D point cloud data into a 2D depth map to segment masonry blocks. They
then applied an algorithm that utilised 2D continuous Wavelet transforms to
segment blocks from the depth map. While their method has the flexibility to
deal with surfaces in any orientation and works well on rubble masonry,
performance decreases when joints form only small deviations from the

masonry block surface, such as found in many brick walls.

(Belén Riveiro et al., 2016) segmented masonry blocks using intensity data
obtained by lidar. They used a Multiview approach, rasterising the data onto
a best fit plane. Marker assisted watershed segmentation was applied to the
intensity data. Filters were used to enhance vertical and horizontal lines that

are likely to be mortar joints. The results were strongly dependent on the
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clarity of the mortar in the intensity image, so performance was better on

masonry with undamaged mortar.

(Shen et al., 2019) conducted brick segmentation on a lab built wall. They
used TLS to collect 3D point cloud data of the wall, then used Principal
Component Analysis to align the wall with a flat surface. They then applied a
custom geometric rectangle fitting algorithm to identify the masonry block
positions from the offsets of the point cloud from the flat surface. (Shen et
al., 2020) later used the lidar intensity values for brick segmentation. They
used k-means to threshold the histogram of lidar intensity and identify the
darker mortar areas. Both methods assume similar masonry geometric and
colour parameters respectively across different blocks, but work well in a lab

setting using homogeneous bricks.

Some studies have noted that the key output of masonry block and joint
semantic segmentation is instance segmentation of each block. (Ibrahim et
al., 2019) looked at improving the effectiveness of deep learning based brick
instance segmentation. They applied a U-Net to segment masonry joint
locations and noted that in places where areas of mortar are obscured or
adjacent bricks are touching each other without mortar, the U-Net output
does not completely separate adjacent bricks. This is because the U-Net is
only semantically segmenting the blocks and mortar, and not identifying
individual brick instances. They post processed the U-Net output by applying
a marker-based watershed algorithm to link up the gaps in the mortar areas
to ensure that there is a complete outline around each block. (Vandenabeele
et al., 2024) later assessed the real world performance of deep learning-
based masonry block instance segmentation on a photogrammetric model of
Padua cathedral in ltaly. They applied an existing DeeplLabV3+ model

trained for masonry block segmentation to segment masonry joints before
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using a connected components analysis for instance segmentation of
individual blocks. The DeeplLabV3+ based method achieved better
performance than traditional filter-based computer vision using Otsu’s
method for colour thresholding. However, they also noted that the deep
learning method required post processing with a watershed algorithm to
achieve consistent masonry joint closure and accurate block instance

segmentation.

(Pavoni et al.,, 2022) took a different approach to masonry block
segmentation and proposed Taglab, an Al assisted annotation workflow for
masonry block and masonry type and damage segmentation. If unaided
deep learning based methods cannot consistently segment masonry block
locations, especially in unseen scenarios, then a human in the loop method
may be preferable. The study assessed Taglab on photographic data of
ancient city walls in Pisa, Italy. Taglab requires an inspector to manually
click 4 points within each masonry block. A CNN will then automatically draw
a boundary around the block creating an instance segmentation. While much
slower than inference of a trained masonry block segmentation neural
network, the method provides substantial labour savings over fully manual

annotation of each block.

In conclusion, conducting masonry joint segmentation is a useful precursor
task to identifying masonry defects that also aids with structural
documentation and the communication of damage locations. Many studies
have shown that masonry joint segmentation can be effectively achieved
using supervised CNN based methods, but there are still barriers preventing
its application to real world condition assessment pipelines. While some
studies have shown promising joint segmentation performance on unseen

test data, it is unknown how well a trained masonry joint segmentation model



75

would perform on unseen structures with higher damage levels or on those
constructed from different materials. In addition, state of the art methods
often fail to fully enclose the joint locations around each block, so post
processing with a watershed method is required to segment individual block
instances. This requires manually tuning watershed parameters on each
application. Masonry joint segmentation methods are further analysed in
Chapter 6 and the challenge of converting joint segmentation outputs to
effective blockwise instance segmentation is addressed in more detail in

Chapter 7.

3.4. Industrial developments

With the improved availability of high quality cameras and lidar scanners,
alongside improvements to the accessibility of advanced data science
algorithms and Al methods (Hussain Rather et al., 2024), it is increasingly
feasible to bring these academic methods into industry usage. Given the long
term efficiency gains in automating tunnel condition assessment tasks and
the commercial benefits of achieving a first mover advantage, a wide variety
of companies have begun developing digital tunnel analysis tools. However,
none are yet in widespread commercial deployment and development has
been slow relative to other sectors. This is partially due to the lack of historical
digital data, the wide variety of tunnel types and conditions and the
fragmentation of data between individual engineering consultancies and
asset managers. The project based nature of civil engineering also leaves

little funding for R&D (Brozovsky et al., 2024; Regona et al., 2022).
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These challenges are alongside barriers that exist across many traditional

sectors (Edmondson, 2024), including:

- Alack of software development and Al skills in the industry

- Concerns around customer data privacy

- An unknown cost of development with an unknown probability of
success.

- Resistance to change from both risk-averse directors and employees
concerned about Job security

- Ethical and legal concerns involving accountability when an Al tool

generates an incorrect or unsafe solution.

Despite these challenges, within the UK, early industry developments in
innovative tunnel assessment methods industry were funded by the British
government under the Small Business Research Initiative grant (SBRI,
2019). There were three recipients of this grant: DIFCAM evolution by NPL,
Inframonit by Railview and New Automated Tunnel Examination System

(NATES) by Amey.

(McCormick et al., 2014) developed DIFCAM evolution, which mounts a
Laser scanner and high resolution camera array onto an RRV (Road Rail
vehicle) to rapidly collect data on the condition of a tunnel's lining as the
vehicle drives through it at speeds of up to 1m/s. The speed of inspection
enables more regular inspections to be made. Digital image correlation is
used to compare the photos of the tunnel lining between inspections.
Changes in the lining are automatically identified, showing the development
of tunnel disorders. The point clouds generated by the lidar surveys can be
easily compared between different inspections, to identify the progression of
tunnel deformation (Mouaddib et al., 2024). Both NATES and Inframonit aim

to use machine learning to automatically classify tunnel defects. Inframonit
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also aims to better utilise GPR data collected by its Railview RRV vehicle.
More recently, Arup has commercialised its proprietary LOUP360 tunnel
inspection platform (“Loupe360,” 2024). They advertise attaching a 360-
degree camera system to either Boston Dynamic’s quadrupedal Spot robot,
UAVs or traditional maintenance vehicles to collect visual panoramic images
of a concrete tunnel’s lining. They then use machine learning to automatically
identify features and defects on the tunnel lining. They state that their method
can be up to twice as fast as manual inspections and reduce the number of
personnel required per survey from 6 to 2. The Spot robot has also been
used to obtain photographic and thermal imagery inside the confined space

of power transmission tunnels (UK Power Networks, 2023).

Outside of the UK, there have been similar commercial developments trialling
robotic tunnel inspection methods. Drone mounted lidar has been employed
in Japan to analyse recently dug tunnel faces (McNabb, 2025) and in the
Czech Republic for highway tunnel inspection (Fly4Future Ltd., 2025). On
the ground, robot dogs developed by Deep Robotics in China have been

applied for power cable inspection in Singapore (Deep Robotics Ltd., n.d.).

Overall, mirroring the state of academic research in the field, there is no
commercial technology advertised for automation of masonry lined tunnel
condition assessments. While various systems are advertised for automation
of concrete tunnel lining inspections, industry adoption is still in its infancy,

and such systems have largely only been applied on a trial basis.

3.5. State of the art and future direction for

masonry lined tunnel analysis

Masonry tunnel condition assessment is a largely manual process based on

the engineering judgement of individual assessors. As a result, introducing
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automation would lead to more repeatable and less subjective results in
addition to substantial time and cost savings. There has been much recent
research applicable to improving the current tunnel structural assessment
methodology. Many new technologies have been proposed to assist the
collection of tunnel data. However, advances in the data analysis step have

the greatest potential to improve results for the lowest cost.

It is possible to automate defect extraction directly from photographic and
lidar data that is already collected during structural assessments. Studies
have shown that it is practical to detect and localise masonry cracks, spalling
and efflorescence from photographic data of masonry walls. Similar studies
on concrete lined tunnels have also been conducted that demonstrate the
feasibility of automated tunnel damage segmentation using lidar or
photographic data. The studies demonstrate that often an approach tailored
to a structures geometry and expected damage features is required to
achieve state of the art results. It is also possible to detect the tunnel lining
construction material, isolate the tunnel lining from a 3D point cloud and
segment individual masonry blocks. However, no studies have attempted
these tasks on masonry tunnels, and only limited research has been
conducted on detecting masonry defects from lidar data. This thesis focuses
on segmenting the severity of masonry block spalling and tunnel lining
deformation in historic masonry lined tunnels. The majority of past research
focuses on only identifying damage locations and does not consider damage
severity, even though damage severity is the key indicator of a structure’s
prognosis. Expanding on existing research in the field, this study targets the

following under-researched topics:

- Segmenting the severity of masonry spalling damage is typically a

time consuming manual procedure, which no previous studies have
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attempted to automate at a full structure scale. This study
investigates how deep learning can be used to automate the
segmentation of masonry spalling severities from lidar data.
Identifying masonry tunnel deformations is challenging when
historical lidar surveys are not available. There are no existing tools
to aid the identification of masonry tunnel lining deformations from 3D
point cloud data. This study develops a workflow for removing
masonry surface damages from 3D point cloud data, making it easier
to identify tunnel lining deformations on the point cloud.

While multiple studies have applied deep learning for masonry joint
segmentation from RGB data and geometric methods have been
applied to lidar data, this study forms the first research conducted on
segmenting masonry joints from depth map data obtained by lidar.
Some studies have proposed post processing techniques to generate
individual masonry block instance segmentations from joint
segmentation outputs. This study investigates how topological
methods can be applied to integrate the generation of robust masonry
block instance segmentations into the deep learning procedure.
There have been no comprehensive studies investigating how deep
learning based damage detection workflows can be applied in real
world structural condition assessments. Through the case study of
masonry joint segmentation, this study analyses the generalisation
performance of deep learning methods across different structures
and methods of assessing the level of uncertainty in the neural

network’s predictions.
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4. Available Datasets and Resources

This thesis assesses the potential of automated approaches to identify and
classify spalling damage and lining deformation in historic masonry lined
railway tunnels from 3D point clouds obtained by lidar. Conducting lidar

surveys of operational railway tunnels has multiple challenges:

1. Surveys must be conducted during railway closure times, usually at
night.

2. To ensure a safe working environment, qualified Controllers of Site
Safety are required when working from on the track.

3. Industry standard phase-based lidar equipment costs upwards of
£50,000, so is usually only owned by tunnel inspection contractors

and specialist surveying companies.

As a result, this study combines data made available from lidar surveys of
seven historic masonry lined tunnels with synthetically generated tunnel
point clouds. This enables the study to demonstrate how an automated
inspection approach could be applied to both real world tunnels and a variety
of theoretical tunnel lining situations of which real world data was not

available.

4.1. Outline of available data

3D point cloud data from real masonry lined railway tunnels was obtained
from two sources. Four 3D tunnel point clouds were provided by Bedi
Consulting Ltd of operational British railway tunnels. These were collected in
the process of conducting routine condition inspections and the data was
made available for this study with the support of Network Rail, the tunnels’

infrastructure owner. Two brick lined tunnels and two stone lined tunnels
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were available. The age and condition of these tunnels is typical of those in
operation on the British railway network and they represent the two most
common masonry lining designs. One of the tunnels has had two lidar
surveys taken in different years, enabling the change detection potential of
the automated workflow to be analysed. For commercial data protection
reasons, names and identifiable location details of all Network Rail owned

tunnels are not shown in this study.

A lidar survey of a fifth tunnel, the Brockville tunnel, was obtained through
fieldwork conducted in collaboration with Professor Mark Diederichs from
Queen’s University, Canada. The Brockville tunnel forms a substantial part
of the Canadian industrial heritage. It was Canada’s first railway tunnel and,
now disused by railway traffic, is open to the public as a pedestrian walkway
and museum. Refurbished in 2012, the Brockville tunnel contains multiple
lining types and sections of original and refurbished lining, making it a

valuable dataset for verification of an automated damage detection workflow.

The dimensions of each tunnel and length of available point cloud data are
outlined in Table 4.1. All tunnels used within the study were in reasonable
states of repair and contained no damages requiring immediate remediation.
Spalling of masonry and minor cracking was present in all tunnels in varying
quantities. The relative condition of each tunnel is described in Table 4.2.

Each structure is described in more detail in section 4.2.
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Table 4.1: Overview of the five different tunnels analysed

Cross-section

Asset Lining dimensions Total Scanned Arch
Tunnel . Length
Owner type width (mm) x (m) length (m) shape
height (mm)
T1 (UK) Neé";’i‘l”k Stone  8680x5880 67 198  Horseshoe
Circular
T2 (UK) ~ Network gl 8470x5660 145 19.9 LG
Rail curved
sidewalls
T3 (UK) Neé";’i‘l’rk Stone  9080x8100 138 19.9 Elliptical
T4 (UK) Neé"gicl’rk Brick  8430X5400 N/A 38.8 Circular
TS City of
(Brockville, Broc)I/(viIIe Mixed 4500X4930 525 525 Variable
CA)
KEY' — Tunnel 1 — Tunnel 2 — Tunnel 3 — Tunnel 4 — Tunnel 6
. (Stone) (Brick) (Stone) (Brick) (Mixed)
Table 4.2: Current conditions of the tunnels analysed
Tunnel Comparative condition notes
T1 Masonry in moderate condition. Some areas infilled with brick.
T2 Originally stone lined, largely relined with brick. Brick in good condition.
T3 Masonry in good condition.
T4 1.5m wide section of crown repaired with sprayed concrete. Brick in good
condition.
T6 Varied masonry surface condition, recently refurbished in places. Substantial

water ingress and calcite formations.

A — Tunnel1 — Tunnel 2 — Tunnel 3 — Tunnel 4 — Tunnel 6
KEY: |:| ~ (Stone) D ™ (Brick) D ~ (Stone) D ™ (Brick) (Mixed)
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4.2. Outline of each structure

Different datasets were used within each chapter’s analysis depending on

the chapter’s goals. The application of each dataset is outlined in Table 4.3.

Table 4.3: Usage of each tunnel point cloud within this thesis

Datasets .
Chapter applied Explanation

Chapter5- A Synthetic Development of a workflow to automatically

proposed workflow for data, T1 identify masonry spalling severity and lining

masonry tunnel deformation. Synthetic data was used to

condition assessment represent different tunnel situations and validate
the workflow in idealised scenarios. T1 was
used to demonstrate the potential of the
workflow applied to real world tunnels.

Chapter 6 — Computer T Investigation into the optimum models to use

vision for masonry joint within the machine learning parts of the

semantic segmentation workflow. The chapter uses parts of T1 as a
case study stone and brick lined tunnel. It
focuses on evaluating performance within the
same tunnel used for training.

Chapter 7 — T1, T2, T3, Evaluation of how well the workflow generalises

Generalisation T4 to different tunnels.

performance

Chapter 8 — Predicting T1, T2, T3, Uncertainty quantification of the workflow to aid

real world performance T4 with performance explainability.

Chapter 9 — T1,T2,T5 Real world application of the workflow and

Verification and
conclusions

verification that it can identify known defects.
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4.2.1. Tunnel 1 (Stone lined)

T1 is located at a shallow depth in an urban area in England and was built in
the 1840s using cut and cover. Its portal is shown in Figure 4.1. It is a 67m
long dual track tunnel and was constructed in an urban area to accommodate
road crossings and buildings. The depth of the crown below ground level is
mostly around 1.5m, although the minimum was measured as 0.8m. The
tunnel passes predominantly through made ground above lower Lias clay.
As much of the tunnel passes underneath buildings, the overburden will be
more significant. The height of the tunnel crown is reduced by approximately
0.8m over a short section with particularly shallow cover where a road passes
1.5m above. The tunnel is predominantly lined with blocks of Oolitic
limestone, although some areas have been infilled with brick masonry. There
is a substantial quantity of spalling and efflorescence on the tunnel lining,
although in most areas it is of low severity. It is apparent from visualising the
point cloud data that the tunnel was constructed as a three centred arch. The

presence of mortar loss and joint opening near to the crown suggests that

inwards deformation is also present.

Figure 4.1: View of T1 eastern portal
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4.2.2. Tunnel 2 (Brick lined)

Built during the 1850s, T2 is a deeper, 145m long dual track tunnel located
in a suburban area in England. As shown in Figure 4.2, it passes through a
mixture of limestone and mudstone beds to take the railway underneath a hill
which is now within a suburban area. The tunnel lining cross-section forms a
circular arc on top of curved sidewalls. Historic drawings show a horseshoe
shaped profile, although it is unknown whether these are design or as-built
drawings. There is a 1in 115 (0.5 degrees) gradient in the tunnel and slight
horizontal curvature. The cover from the crown to surface level varies from
2m to 12m. The lining appears to have been originally constructed with stone
but has been largely relined with brick masonry. This masonry is in a
relatively good condition with small areas of spalling. A GPR survey was

previously conducted within the tunnel that identified up to 1.3m of filled void

above the tunnel crown and a single infilled shaft.

Figure 4.2: View of T2 eastern portal, Taken by Sheppard, (n.d.)
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4.2.3. Tunnel 3 (Stone lined)

T3 is a 138m long, slightly curved accommodation tunnel that carries a road
over a dual track railway within a suburban area in England. It was opened
in 1840 and passes through sandstone. Tunnel 3 has an elliptical profile that
changes to a round arch on vertical sidewalls at the portals as shown in
Figure 4.3. Historical photos suggest that it was originally partially unlined
and only later lined with brick near the portals according to drawings from the
early 20" century. A section of the tunnel consisting of an area of stone lining
at least older than 1880 was selected for this study. The overburden varies

from 3m to 21m.

Figure 4.3: T3 eastern portal. Photo taken by Moore (n.d.)
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4.2.4. Tunnel 4 (Brick lined)

For commercial reasons, an outline and photograph of Tunnel 4’s situation
is not provided. The tunnel has an elliptical profile over a dual track railway.
It is lined with brick masonry generally in a good condition with small areas
of low severity spalling. An approximately 1m wide section of the crown is
lined throughout the tunnel length with shotcrete. Shotcrete is a sprayed
concrete product that is often used for lining repairs due to it's ease of
application in different orientations. It is possible that there had been lining
deformations. A common deformation involves the tunnel arch flattening with
the sidewalls moving outwards and the crown sagging. This is caused by
either an increase in loading at the crown or a decrease in lateral ground
pressure and will lead to open joints at the crown. It is likely that the shotcrete
was applied to prevent brick loss at the crown and the risk to tunnel users

from falling masonry blocks.

4.2.5. Tunnel 5 (Mixed lining type)

The Brockville tunnel (T5) is a single track railway tunnel located in
Brockville, Ontario in Canada. The tunnel is 525m long and passes
underneath the urban centre of Brockville connecting the mainline railways
at Brockuville station with the waterfront on the St Lawrence River. Its original
purpose was to transport lumber from the Ottawa region to the Brockville port
from where it could be exported to Europe or the USA. Now owned by the
city of Brockville and, with the railway removed in the 1970s, it was reopened
to the public in August 2017 as a museum and pedestrian walkway following
substantial refurbishment works. It was originally opened by the Brockville &
Ottawa Railway Company in 1860. Construction lasted 6 years due to a

combination of financial and construction challenges.
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The tunnel passes predominantly through clay, with a central 142m section
passing through Quartzite rock. It was constructed using multiple methods,
with the central section excavated with gunpowder blasting and left unlined.
The rest of the tunnel is lined with a mixture of stone and brick masonry. As
an English contractor, D. Booth and Sons was chosen, it is likely that the
masonry lining was constructed using the English method. At the boundary
between the clay and rock areas, there are multiple short masonry lined
sections alternating with exposed rock. The view from an area of brick

masonry at the south end of the tunnel is shown in Figure 4.4.

Prior to the tunnel's refurbishment, there were multiple plans for future
utilisation of the then disused tunnel. Three condition assessment reports
have been conducted (Carer and Diederichs, 2012; Grant, 1978; Roberts,
1974). The 1974 report provides a brief overview of the tunnel’s history and
present condition. The 1978 report provides a more in depth condition
overview alongside proposals for future usage of the tunnel. The recent
history of the tunnel is also well documented. The extensive 2012 report was
conducted to determine the works required to enable the reopening of the
tunnel as a pedestrian route. It contains a detailed condition assessment of
both the masonry lined and exposed rock sections of the tunnel aided by a
lidar survey. This lidar survey follows the approach proposed in (Fekete et
al., 2010) and forms one of the first comprehensively generated 3D point
clouds of a tunnel lining. The 3D point cloud generated of the exposed rock
section of the tunnel has since been used as case study data for studies
investigating using Discrete Fracture Networks to model rock masses
(Farahmand et al., 2018; Vazaios et al., 2017). Approximately 50% of the
tunnel’s length was resurveyed by lidar in 2025, enabling accurate ground

truthing of any recent changes in the lining’s condition. There is a wide variety
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of masonry types and conditions within the tunnel. Local conditions are

explained in more detail at the assessment area chosen in Chapter 9.

Inside Brockville Tunnel (T5)

Facing south Facing north

Figure 4.4: View inside of the Brockuville tunnel

4.3. Data preprocessing

Terrestrial tunnel point cloud surveys are conducted by placing a TLS system
at different locations within a tunnel before combining each cloud in a
registration process. As the lidar scanner rotates at a constant angular speed
and records each point over a set time interval, there is an even angular
density of recorded points around the scanner location. However, the density
of points on each surface in the generated point cloud will vary proportionally
to the distance of the surface from the lidar scanner and the angle of the
surface relative to the angle of incidence of each laser pulse. Surfaces
perpendicular to the incident laser will achieve a higher point density than

those at more oblique angles. As a result, points circumferentially around the
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tunnel’s arch will have a relatively even density. However, the point density
rapidly reduces along the tunnel’s length since both the obliquity of the lining
surface and distance from the scanner are increasing. Scans are therefore
typically conducted at set chainage intervals along the tunnel’s length and
then registered to avoid excessive scan times to capture points far from the

scanner location.

Multiple factors affect the original point density of the lidar scan. This includes
different scanners being used and different scan speeds being applied based
on the length of time available on site for the survey to take place. For
surveys using modern phase-based scanners, the key constraint is usually
the available workhours within the tunnel and there is a trade off between the
level of detail of each scan and the chainage interval used between scans.
More scans result in more downtime as the TLS equipment is moved and
recalibrated each time, but a smaller scan spacing requires less scanning
time overall due to each scan only requiring data from surfaces that are

closer and at a less oblique angle to the incident laser.

All of the tunnel point clouds utilised within this study were specified with a
maximum point spacing of 4mm. Details of the exact procedures used by
each surveying company to generate the point clouds provided by Bedi
Consulting are not available. However, for the 2025 survey of Tunnel 5, the
TLS system used a 15 minute level of detail for each scan and a maximum

chainage interval between scans of 5m was used.

Registering point clouds involves aligning them and calculating their relative
orientations. Registration can be conducted manually by point matching.
However, this method will result in a registration error proportional to the
point spacing, as subsequent lidar scans do not record points at exactly the

same locations. This method is also prone to human error. As a result,
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multiple algorithms have been developed to aid the registration process
(Cheng et al., 2018) and many are integrated into registration software. Point
clouds obtained from Bedi consulting were registered using the proprietary
software bundled with each scanner. Point clouds from T6 were registered
using the Autodesk Recap software (“ReCap Pro | Autodesk,” n.d.). If
substantial registration errors were visually identified, then the registration
process was repeated. Nevertheless, small registration errors do manifest as

noise in the combined registered point clouds.

After registration, the generated 3D point clouds were spatially downsampled
to a 4mm point spacing before analysis was conducted. The downsampling
strategy used iterates through each point in the cloud and either adds it to a
new cloud or discards it if it is within 4mm radius of any point added to the
new cloud. Subsampling reduces the computational cost of manipulating the
point cloud by removing points recorded at an unnecessarily high density
directly above the scanner caused by the nature of rotation used by the
scanner when recording. The data collection method of a typical phase
based terrestrial lidar system involves the scanner rotating slowly around the
vertical axis and quickly around it’s horizontal axis. With this method, arcs of
points are recorded over the scanner that intersect vertically above it, leading
to an uneven default point density. Standardising the point density by
spatially downsampling the collected point clouds enables a better
comparison between different tunnels, better controlling for the impact of
varying point density on performance than the less computationally intensive
random sampling method. The number of points in each point cloud analysed
within this study is shown in Table 4.4. The raw point cloud data for tunnels
T1, T2 and T3 were not available for this study. For a single surface with

relatively small surface deviations, the average 3D point density on the
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surface is inversely proportional to the square of the average point spacing,
although a higher surface roughness will increase the 3D point density. The
typical masonry tunnel lining largely follows a single surface with only small
amounts of out of plane deviation forming the tunnels curvature, deviations
from defects and at the masonry joint locations. The impact of subsampling
on tunnel T4 is shown in Figure 4.5 where the high density of points in the
raw scan data directly above the scanner can be observed relative to that in

the subsampled cloud.
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Table 4.4: Size of the tunnel lining point clouds analysed

T Raw scan Initial Subsampled cloud (4mm spacing)
unnel . -
number of points number of points

T1 N/A 17,439,453

T2 N/A 15,622,450

T3 N/A 18,797,398

T4 148,868,570 5,105,024

T5 Specific sections outlined in Chapter 9

% — Tunnel1 — Tunnel 2 — Tunnel3 — Tunnel4 — Tunnel 6
KEY: |:| ~ (Stone) |:| ™ (Brick) |:| ~ (Stone) |:] ™ (Brick) (Mixed)

5mm spacing subsampled
T4 point cloud
Point Density Point Density
(points/mmA3) (Points/mmA3)

0.0933
0.0045 l

£
[ |3 g '
0.0024 0.0024

Figure 4.5: T4 point cloud before (left) and after (right) spatial subsampling

Raw T4 point cloud

4.4. Software and Compute resources

Five different compute resources were utilised in different parts of the project
as more powerful computational resources became available. A comparison
of these resources is outlined in Table 4.5. The results section of each
chapter references the resource used within that section. The ARC4 and
AIRE HPC (High Performance Computing) services were provided for the
project by the University of Leeds. All code was developed for the project in
Python and deep learning was conducted using the PyTorch library (Paszke

et al., 2017).
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Table 4.5: Compute devices used within this thesis

GPU
GPU theoretical
Name Type os CPU RAM GPU VRAM FP32
performance
Linux Intel 17 Nvidia
PC1  Workstation  Ubuntu 2600k 16GB GTX 4GB 3.92 TFLOPS
24.04 970
Custom Intel Nvidia
ARC4 Hpc . Xeon 48GB 16GB  14.13 TFLOPS
Linux V100
6138
Custom AMD Nvidia
AIRE Hpc . EPYC 64GB 48GB  91.61 TFLOPS
Linux L40S
9254
Microsoft AMD N(;/%'(a
L1 Laptop Windows Ryzen9 32GB 4GB 2.55 TFLOPS
1650
11 5980HS
MaxQ
Linux ~ AMD Né’iT")i(a
L2 Laptop Ubuntu  Ryzen9 32GB 4090 16GB  35.31 TFLOPS
on WSL  5980HS

Mobile
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5. A proposed workflow for masonry

tunnel condition assessment*

*This chapter includes parts of published works: (Smith et al., 2024)

There are multiple challenges involved when developing automated methods
for structural damage segmentation. The non-homogeneous nature of the
masonry surface in Victorian-era tunnels makes it particularly difficult to
develop a method that generalises well to the wide variety of masonry types
and damage levels present in real world structures. As a result, it is also
challenging to validate a developed analysis workflow. This chapter
proposes an automated workflow for masonry spalling severity segmentation
that operates directly on a 3D point cloud obtained by terrestrial lidar surveys.
The workflow automatically generates masonry spalling severity maps for
direct usage in tunnel condition assessment reports. It also provides lining
profile abnormality visualisations that help tunnel inspectors to identify lining
bulges and deformations. The study assesses the potential of the workflow
on multiple expected tunnel geometries and damage types by evaluating it
on synthetically generated point clouds representing different expected

tunnel conditions.

5.1. Challenges of analysis

Developing a workflow for automatically analyzing masonry lined tunnel 3D
point clouds brings multiple challenges. The properties of 3D point clouds
make them more difficult to design algorithms for than 2D images due to four

additional complications:
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1. Point clouds are unstructured. Point clouds consist of a list of point
co-ordinates, so spatial relationships between points are initially
unknown. As a result, a method must be able to identify and group
similar features of an object at varying orientations and scales. This
often means that computationally expensive nearest neighbor
calculations must be conducted to characterize spatial relationships
before further analysis can be conducted.

2. Clouds can be sparse. The density of points within a cloud varies
spatially due to the terrestrial laser scanning procedure and any post-
processing conducted. An algorithm must be able to reach the same
conclusions when objects have different point densities or there is a
varying point density within each object. There must also be an
efficient way of grouping points when there are substantially varying
point densities across a cloud. Furthermore, even when the same
point density is achieved, exact point locations on a surface will vary
between clouds.

3. Points are unordered. As a result, algorithm outputs need to be
invariant to the order of points within the point cloud, as the same
data may generate point clouds with a different point ordering.

4. 3D data processing is computationally expensive. Transforming
3D data into 2D representations where possible has the potential to

bring substantial performance benefits.

In addition to the challenge of working with 3D point cloud data, the extent of
damage typically present on many masonry lined tunnels and the wide
variety of possible tunnel geometries and masonry patterns poses a
challenge for generating repeatable algorithms beyond that tackled in

previous studies. In general, tunnels constructed around the same time on
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the same line will have been constructed using similar geometries and
materials. However, the nature of deterioration and resulting historical
maintenance work often varies both between tunnels and within longer
tunnels. It is important to ensure that any developed methods are validated
over a range of lining situations and that a method is only applied in practice
when a target tunnel is shown to have equivalent features to those in

locations where the method has been validated.

Typical masonry tunnel lining situations are shown in Figure 5.1. In many
tunnels, it may not be possible to use the presence of abnormalities to
identify changes from the as built state, since the extent of damage is too
high to easily identify undamaged baseline properties. Any workflow
developed will need to be flexible to different masonry block geometries and
be able to differentiate masonry damage from mortar areas given different
mortar dimensions and properties. This can be difficult when mortar areas
are very thin or their surface is level with that of the masonry blocks so that
there is little geometric relief between them. For identifying masonry spalling,
it is also important to differentiate between spalling damage and other
surface variations such as efflorescence, vegetation growth or complete
brick loss. As a result, analysis will need to be tailored to the specific damage
targeted and the limits of the analysis will need to be determined before any

developed workflow can be used in practical tunnel condition assessments.
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Brick and Mortar loss Surface deposits and

- i - - -
Vegetation growth and _g_cn;?:ﬂ:: |oasr;d Limited relief between
Mixed masonry shapes —————— brick and mortar

Figure 5.1: Typical masonry tunnel lining complexities
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5.2. Outline of proposed workflow

The proposed workflow automatically locates areas of masonry spalling and
classifies them into severity categories based on those defined within the
Network Rail standard NR/CIV/L3/006/4C (Network Rail, 2016). It then
visualises these locations onto the input 3D point cloud. The workflow
replaces the manual spalling labelling and severity categorisation steps of
the condition assessment process shown in Figure 5.2 with those shown in
green within Figure 5.3. Figure 5.3 also shows the 5 stages of the proposed

automated workflow.

Defect o
Tunnel site Manual severity TcMI Decision on Long term
: . defect urgent structure
inspection . codes completed . .
marking . repairs plan edited
determined

Figure 5.2: Traditional masonry tunnel condition assessment procedure.

Tunnel site Automatic

inspection

Automated Decision
spalling

marking

Longterm

damage TCMI

severity
calculation

‘ T -
) I { -
ol g '
F : ‘H.ri -
e -
Unfold point Find joint Find damage Rl Fit undamaged Determine
locations locations surface defect severity

l Determine

deformations

structure
plan edited

on urgent
repairs

+ lidar
survey

completed

—
—

cloud

Figure 5.3: Proposed automated workflow within overall condition

assessment procedure.

To deal with the wide variety of masonry tunnels and reduce the amount of
data labelling required when a new tunnel needs to be analysed, it is

proposed that the method can be trained on a short 10m section of tunnel,
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before being applied to other areas of tunnel with similar masonry styles and
surface characteristics. The method operates on 3D point cloud data using
the following theory. Spalling severity is defined by the depth of spalling
which is calculated as the offset from where the masonry face would be if it
was unspalled. Therefore, the workflow must determine what the surface
location and orientation of each block would be if it was unspalled. This
differs from the as-built tunnel lining surface location, as the tunnel shape
has likely since deformed. The unspalled lining surface is obtained by
identifying undamaged surface points within the tunnel using machine
learning. The most appropriate methods for this step are discussed in
Chapter 6. An unspalled surface is fitted to the undamaged points. It is
necessary, however, to account for differing masonry block orientations and
geometries. As a result, the workflow uses a separate machine learning
model to isolate individual masonry block locations by segmenting out the

masonry joints. This enables a flat plane to be fitted to each individual block.
The complete workflow consists of 5 stages:

1. Align and unfold the tunnel 3D point cloud, then rasterise point
cloud parameters onto a 2D image

2. Use machine learning to identify masonry joint locations and
isolate individual blocks

3. Use machine learning to identify areas of block face damage
and remove damaged locations

4. Fit planes to the remaining undamaged points on each block
representing the unspalled masonry surface

5. Measure the depth of spalling from the unspalled masonry

face planes to calculate damage severity
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There are multiple advantages of this method. Firstly, by utilising point cloud
data that is increasingly routinely collected by lidar during structural
inspections, it is possible to slot this workflow directly into the current
assessment methodology without requiring a change in overall procedure or
expensive new equipment. This paves the way for autonomous structural
inspections that would reduce the disruption to railway operations from line
closures. As historic tunnels can be a hazardous environment with dangers
from falling masonry and dust, it also has positive impacts on the health and
safety of tunnel inspectors. The modularity of the workflow enables future
developments in masonry damage segmentation and masonry joint
segmentation to be easily integrated into the method, by switching out the
relevant deep learning network. The method also creates multiple additional
outputs such as the location of each masonry block and the locations of
masonry deformations. These provide additional documentation on the state
of the structure and are useful analysis aids for an engineer. While it may
also be possible to use deep learning to directly determine the depth of
spalling, due to the black box nature of deep learning, it would be challenging
to verify the results without a complete manual reassessment. It is easier to
visually check the joint and damage detection steps separately for erroneous
results. In addition, since the output defect depth value has a geometric
basis, it produces a useful visualisation for the engineer and is easy to adjust

to differing severity definitions.

The workflow has been developed such that it can be run on a mid-range
Windows 11 laptop and was evaluated on device L1 (see section 4.6). For
an industry standard terrestrial point cloud survey subsampled to 4mm point
spacings, as shown in the provided benchmarking data outlined in Chapter

4, atypical 20m section of dual track tunnel will yield around 20 million points.
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In order to meet the performance requirements without further data loss
through subsampling, it is assumed that input tunnel data can be split into
maximum 20m long sections before input into the workflow. A detailed

performance analysis is provided in Chapter 9.

5.3. Ground Truthing

It is necessary to manually identify ground truth spalling severity maps before
the workflow is developed. This will provide both a qualitative comparison of
the effectiveness of the automated method with the manual method and a
reference for calculating performance metrics of the developed workflow. As
shown in section 2.3.3, the manual method applied in industry for calculating
spalling severity from 3D point cloud data involves manually defining a 3D
surface representing the undamaged masonry surface level. It would be
unreasonably time consuming to conduct this on a block by block basis, so
the undamaged surface is defined by fitting a curve to the tunnel cross
section. For some tunnels, a simple polynomial fit may work well, but for
most, manual adjustment of multiple parametric curves connected together
piecewise is needed. The curve is extended along the tunnel into a surface.
The surface then needs to be manually adjusted locally to account for local
tunnel bulging. Once a good fit has been achieved, the closest distance from
each point in the point cloud to the created surface is calculated. This
distance is saved to each point as a scalar field and is visualized on the 3D
point cloud of T1 in Figure 5.4. Masonry surface damage such as spalling
and cracking is defined as areas where the tunnel point cloud is outside of
the created surface, while points beneath the surface denote surface
deposits such as efflorescence or vegetation. Mortar areas are manually

masked out afterwards.
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e

Point to fitted surface offset

Point offset (mm): -30 1] 30

Damagetype: Surface deposits No damage Spalling

Figure 5.4: Ground truth damage depths on a section of tunnel T1

5.4. Synthetic dataset

Synthetic point cloud data representing different damaged masonry lined
tunnels were generated to verify the proposed assessment workflow. The
geometries of 20m long example tunnel sections were parametrically
generated and their properties were randomly varied within realistic ranges.
Realistic upper and lower bounds to the randomised parameters were
obtained through trial and error with comparison to the tunnel T1 for stone
masonry and T2 for brick masonry. The geometry of each example consists
of vertical sidewalls connected with an arch. Initially set as circular, the
geometry of the arch was adjusted using vertical scaling to form different
profiles. The synthetic point cloud was then generated from the selected

geometry by selecting point co-ordinates at 4mm spacings.

Once the base point cloud had been created, damages and abnormalities

were added to the cloud. These were generated as images representing
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depth maps to be wrapped over the lining and applied as out of plane
deviations to the existing point cloud geometry. Depth maps were generated
as 16bit .tiff files and pixel values were set as the depth of the feature in
metres. All parameters used to create the depth maps were randomised
within bounds representing realistic lining features. Features of the lining

were added as follows:

- Masonry Joints. The block geometry was randomly created
bounded within typical stone and brick masonry shapes and block
length to width ratios. The joint depth profile was modelled as a
normal distribution. Horizontal joints were placed first, followed by
vertical joints between them. English and Longitudinal masonry
bonding patterns were each given a 35% chance of being used.
Otherwise, the location of vertical masonry joints were randomised
within the range of standard masonry block sizes.

- Masonry spalling. Areas of spalling were added to the blocks using
the method outlined in Figure 5.5. Randomly placed control points
were used to generate Bezier curves forming enclosed shapes that
delineate the area of damage. Often used for modelling naturally
occurring geometries (Chi et al., 2003), Bezier curves are parametric
curves defined by discrete control points. They were chosen since
they are easy to randomise through moving the control points, while
still generating enclosed shapes without substantial computational
cost. Within an area of spalling, the depth of spalling was first
modelled as having a randomised uniform gradient that is generated
by a distance transform within the boundary of the spalling area. The
maximum value of the distance transform was then scaled to

generate spalling with a realistic depth. Further deviations were
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added by introducing flat small areas with random offsets. These
were smoothed into the image, by applying a Gaussian blur. Finally,
the spalling maps were cropped and added to the masonry joint depth
map. Spalling was curtailed at the joint locations to ensure that it was

contained within each masonry block.

Bezier curve seed
T S amordinatas 2

m Infilled Bezier shape 3. Distance transform
co-ordinates

Pixel y index
Pixel y index

0 20 40 60 80 100 0 20 40 60 80 100
Pixel x index Pixel x index Pixel x index

Cropped and applied to

4. Scaled depth 5.  Flattened areas 6. masonry joint map

Pixel y index

Figure 5.5: Steps to generate spalled masonry depth map

Efflorescence and surface deposits. The shape of effloresced
areas was modelled similarly to spalling using Bezier curves. The
depth of the deposits were also modelled using a distance transform.
However, this was then multiplied with small scale Perlin noise to
generate the typical lumpy texture of efflorescence. Perlin noise
(Perlin, 1985) was developed for generating pseudorandom
computer graphics textures. It has a more organic appearance than
standard noise functions and tuneable levels of smoothness. The
surface deposits were applied equally to the masonry block and joint
areas. The deposit depth maps was subtracted from the overall depth
map image in order to form inwards geometrical deviations on a

tunnel lining point cloud.

25

20
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- Lining deformations. Large scale Perlin noise was applied to model
larger bulges and distortions of the lining.

- Surface roughness. Low magnitude, small scale Perlin noise was
combined with gaussian noise and applied throughout the lining.
These model the masonry’s surface roughness, data collection noise
arising from the precision limit of a lidar scanner and any scan

registration error.

Each of the added depth maps are visualised in Figure 5.6 alongside the
overall depth map created by summation of the other depth maps. At each
stage, a binary mask of the location of each added feature was saved to use
as the ground truth location when testing the workflow. The range of
parameters used are outlined in Table 5.1. A substantially wider variety of
features including safety alcoves, vegetation and electrical service ducts are
often present in masonry tunnels that impact the geometry of the surface
observed in recorded point cloud data and obscure or interrupt the masonry
surface. In these cases, it is not possible to determine the masonry condition
without manually examining behind or inside these features. However,
compared to the task of manual spalling segmentation, it is relatively
straightforward to manually crop these larger areas out of the input point
cloud or use a separate machine learning model to isolate the lining before
analysis (Kang et al., 2023). As a result, this study focuses only on each
tunnel’s masonry lining and assumes that lining point clouds have been fully

cleaned of obstructions before input into the workflow.

10 randomised synthetic point clouds of 10m length were generated and run
through the workflow in order to visualise each stage. Three of the generated
tunnels are visualised in Figure 5.7. Figure 5.8 shows a small section of

generated point cloud where areas of spalling can be seen.
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Figure 5.6: Visualisation of depth maps used to generate damaged lining.

Outlined in green, the Synthetic lining depth map shows the final combined

lining which is formed from a summation of the other depth maps shown.
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Figure 5.7: Synthetically generated 3D point clouds showing different lining
situations. A scalar field was applied to points in each cloud to visualise the
location of masonry joint locations, tunnel deformations and total surface
damage. Eye dome lighting applies a shader to mimic the surface

appearance under natural lighting and highlight surface variations.
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Figure 5.8: Visualisation of sections of synthetically generated tunnel 3D
point cloud, with each point’s scalar field set as the total damage depth map.
Zoomed in sections are shown, highlighting the point density of the

generated cloud.
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Table 5.1: Synthetic data parameter limits

Stage Description Parameter Lower Bound Upper Bound
1 Block length Number of pixels 50 250
(equating to 0.2m) (equating to 1m)
1 Block height Number of pixels Block_length/2.6 Block_length/1.3
2 Horizontal offset | Number of pixels 0 Block_length
between
3 Bezier curve Scale = 0.8 - -
control points
3 Bezier curve Number of points 3 15
control points
3 Generate Bezier | rad 0 1
curve
3 Generate Bezier | edgy 0 10
curve
4,5 Probability of p=0.7 - -
damage
4.5 Number of N 0 17
damaged
locations
45 Depth of Scale factor 0 5
damage
4,5 Height of Number of pixels Block_length/6 Block_length*4
damage
4,5 Width of Number of pixels Block_length/6 Block_length*4
damage

Add small scale | scale =1
6 Perlin noise octaves = 8 - -
persistence = 0.85
lacunarity = 2.0
variation = 0.3

Add large scale | scale =1
6 Perlin noise octaves =2 - -
persistence = 0.2
lacunarity = 2.0
variation = 0.3

7 Add gaussian Limit 0 0.15
noise

5.5. Proposed methodology

This section describes each step of the proposed spalling analysis workflow.
The proposed workflow was implemented using Python. Numpy (Harris et
al., 2020) was used to store and manipulate the point cloud and image data.
The Laspy package (Brown and Montaigu, 2024) was used to handle 3D

point cloud 10, while OpenCV (Bradski, 2000) and Skimage (Van Der Walt
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et al., 2014) were used for image processing. Open3D was used to aid with
point cloud manipulation (Q.-Y. Zhou et al., 2018). Two further packages
were used to reduce the workflow computation time. CuPy (Tokui, 2024), a
package which enables GPU accelerated python, and Numba (Numba,

2024), which compiles python code to produce more efficient functions.

5.5.1. Aligning and unwrapping

The 3D point cloud must first be transformed such that it can be rasterised
onto a 2D image compatible with the 2D semantic segmentation neural
networks used for joint and damage segmentation. This must be conducted
in a way that preserves the lining’s local morphology. While the tunnel lining
data is 3D, it forms a single surface, so a single surface projection method
can be used. Due to its computational simplicity and broad similarity to a
tunnel profile, a cylindrical projection was chosen. For most masonry tunnels,
this should capture every part of the lining without occlusion, ensuring no
data loss during the rasterization step. While the deep learning stages of the
workflow are designed to operate with distorted images, the morphology of
the unrolled surface must be constrained to limit distortions in the rasterised
image. As a result, the maximum deviation of the unrolled tunnel surface from
a plane is set as 30 degrees to ensure that the deep learning models
operating on the rasterised point cloud can be trained in a reasonable time
with the provided volume of data. To ensure that this limit is not exceeded,
the tunnel point cloud is first split into sections where the alignment deviates
a maximum of 30 degrees from straight. For most standard gauge railways,

a maximum length of 20m will ensure that the deviation limit is not exceeded.

For the case of tunnels on adhesion railways, the maximum incline is typically

4%, so the cylinder can be aligned horizontally, with the centre set as the
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centroid of the point cloud. Rotation of the cylinder in the horizontal plane is
then set using principal component analysis of the cloud’s convex hull. The

direction of the 1%t eigenvector is set as the tunnel centreline orientation.

Each tunnel point is projected onto the cylinder then unrolled using cylindrical
co-ordinates. The offset of each point from the cylinder forms the offset depth
parameter used for analysis in the subsequent stages of the workflow. Due
to varying as-built profiles and long-term lining deformations, the unrolling
produces an uneven surface for most tunnels as shown in Figure 5.9. As a
result, for the workflow to operate effectively, the neural network stages must
be trained for a variety of uneven data. Steps taken to improve neural
network generalisation performance can be applied to enable the networks
to accurately segment local features from the wavy global profile of the offset
depth. Provided that the relevant areas are still visibly prominent, this

enables the workflow to operate on a range of tunnel lining profiles.

z 2 Cylindrical unwrapping of Comparison of unwrapping
Unwrapping of cylinder =
Tunnel tunnel vs cylinder

Unwrapped
point cloud

JREpuNEell

Cross section Unwrapping Cross section Unwrapped
of cylindrical transformation tunnel
of tunnel

point cloud point cloud point cloud

Figure 5.9: Cross section visualisation of the cylindrical projection approach

applied to a cylindrical point cloud and that of a typical tunnel’s geometry.
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5.5.2. Rasterising

The offset of each point from the fitted cylinder was chosen as the parameter
to rasterise into a 2D image compatible with the 2D neural network or other
semantic segmentation algorithm chosen for masonry joint and damage
segmentation, although the workflow was developed such that lidar RGB,
Intensity or other point cloud scalar fields could also be used to aid analysis.
The work conducted within Smith et al. (2023) showed a generative
adversarial segmentation network achieving the best segmentation
performance. Despite this, the single channel defect depth parameter (depth
offset) is used here, as it was the best performing single channel method
when joint segmentation was conducted using a CNN. If neural networks are
used for joint and damage segmentation, then a single channel network is
substantially faster to train, with lower memory requirements. In addition, it
enables the method to operate when colour or intensity data is not available
or of poor quality. As a result, this study only considers single channel depth

map images in the proposed workflow.

Each point offset value or other scalar field was projected vertically
downwards onto a 2D plane and rasterised onto a 2D, 16bit half-precision
floating-point .tiff format image. For the point offset value, rasterization
creates a depth map of the tunnel lining as shown in Figure 5.10. Depending
on the geometry of the input tunnel data and level of surface damage, the
range of the point offset scalar field will vary. The offset values are scaled
between 0 and 1. Each pixel within the 16bit raster has 215 = 65,536 possible
values. The uniform quantization error bound states that a quantisation range
of double a values accuracy is required to avoid discretisation errors (Gray
and Neuhoff, 1998). Assuming that the cloud to be rastered has a 3D point

accuracy of no less than 1mm, then using 16bit values will ensure that no
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information is lost since a deformation of 1m would require only 2000 unique

values.

The resolution of the rasterised image can be manually set, although a
minimum best case resolution is automatically calculated. Points are binned
into their nearest neighbour pixel. In the case where multiple points are
assigned to the same pixel, then an average value is taken. Empty pixels
receive a linearly interpolated value. The pixel binning procedure is
visualised in Figure 5.11. The transformation from point cloud to image is
recorded so that output images can be accurately projected back onto the

initial point cloud to aid visualisation.

Rasterisation of Rasterisation of

point offset values point colour values

Unwrapped 1 Unwrapped
point cloud W I pofitclaud \

IRAREREEEERRE R REREEY

Rasterised Rasterised I —
depth map RGB image

\

Figure 5.10: Cross section visualisation of the rasterisation approach used

to generate lining depth maps and rasters of point cloud scalar fields.

Figure 5.11: Rasterisation example onto a 3x3 resolution image.
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5.5.3. Damage and Joint segmentation

Two stages of semantic segmentation are required. First, the binary
segmentation of masonry joints and masonry block locations is conducted,
then damaged and intact masonry locations are segmented from each other.
Both tasks can be conducted from the rasterised depth map images.
Determining the ground truth for damage segmentation is more subjective
than that for masonry joint segmentation. However, the complexity of the task
is reduced since masonry joints may be removed from the images before
segmentation so that any applied algorithm can focus on segmenting just
masonry surface abnormalities. Segmentation of the undamaged locations
aims to remove all types of damage and any objects obscuring the masonry
surface from the images, so a segmentation algorithm targeting specific
damage types is not required. The created damage location mask is used
only to identify which points are not on the original surface plane of each
masonry block, rather than for directly determining spalling locations. As a
result, a small amount of oversegmentation of the damaged area will not
impact the final spalling severity segmentation. While it is possible to
manually draw both of these segmentations, and annotating the 2D raster
images is considerably more straight forward than annotating the 3D point
cloud directly, it would still be time consuming given the large number of
masonry blocks on a typical tunnel’s lining. Chapter 6 analyses multiple

automated methods for conducting these segmentation tasks.
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The aim of the masonry joint segmentation is to identify individual block

locations, so it is important that the generated joint mask fully encloses each

masonry block. A connected components analysis was used to isolate each

individual block instance. The 8-way connectivity Spaghetti labelling

algorithm developed by Bolelli et al. (2020) was implemented using the

OpenCYV library. The output instance segmentation is visualised in Figure

5.12.
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Figure 5.12: Masonry damage segmentation and block instance

segmentation outputs on synthetic data.
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5.5.4. Plane fitting and Severity Segmentation

The final step of the workflow is to identify the spalling severity of each point

on the original 3D point cloud. There are 6 stages, each demonstrated in

Figure 5.13:

1.

All pixels representing areas of masonry joints or lining damage are
removed from the raster image generated in section 5.5.2, using the
masks generated by the algorithms developed for section 5.5.3.
Using the pixel coordinates of each block calculated in section 5.5.3,
the remaining pixels within each block are isolated. Stage 3 is then
applied to each block individually. If the proportion of a block’s pixels
that contain damage is greater than the Damage Proportion
Threshold (DPT) parameter, then 3(a) is conducted, otherwise 3(b) is
applied.

(a) If a block is not too badly damaged, a best fit plane is applied to
the depth values of the remaining pixels of the block. Each block is
iterated over individually using a 2D linear least squares fit. The
resulting best fit planes create an image representing the location of
the hypothetical unspalled surface.

(b) It is determined that the block is too heavily damaged to reliably
calculate the block’s undamaged surface using its points alone. The
block’s undamaged surface is therefore interpolated from adjacent
blocks that are not heavily damaged. The nearest horizontally
adjacent blocks that have less than the defined DPT% damage are
identified each side of this block. The right edge pixels of the left side
block and the left edge pixels of the right-side block are taken from
those blocks’ fitted undamaged planes and an average gradient is

calculated from the top to the bottom of the block. With the vertical
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gradient set, the horizontal gradient of the block is set as a best fit

between the two adjacent undamaged blocks.

. The pixel offset values from step 1 of the overall workflow are

subtracted from the fitted plane location values to produce a map of
offsets from the undamaged surface. Pixels with positive values show
spalling depth.

Depending on whether the wall consists of stone or brick masonry,
the spalling severity categories are obtained from the table shown in
Figure 5.13 (Network Rail, 2016) and applied as thresholds to the
offset image. This creates maps showing the locations of masonry
that have each level of spalling severity.

Using the 3D point index to pixel location mapping saved during the
rasterisation step of the complete workflow, the spalling severity
maps are projected back onto the relevant points on the original 3D
point cloud and set as a scalar field for easy visualisation. The images
generated during the intermediate steps, such as joint positions,
areas of damage and undamaged surface plane locations can also

be projected onto the point cloud in this way.
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In order to demonstrate that the workflow’s theory is effective across different
lining situations, it was tested on samples of synthetic tunnel data that had
been subject to different types of synthetic damages. The damage maps
were created by thresholding any synthetic spalling or surface deposits
added to the lining that were over 5mm magnitude. The masonry joint map
was set as the masonry joint locations used to create the synthetic data. The
workflow was evaluated for segmenting spalling damage with 10mm depth

for a tunnel with:

a) Synthetic spalling and deformation

b) Synthetic spalling and surface deposits

c) Synthetic spalling, noise and surface roughness

d) Synthetic spalling, deformation, surface deposits, noise and

roughness

The output of each of these segmentations is shown in Figure 5.14. The
majority of spalling locations are correctly identified, with little change in
performance when different damage types are applied. However, there is a
slight under segmentation in some areas. This is due to the threshold
selected for determining damages masked out by the damage map. If the
threshold is set higher, then some areas of spalling will be undersegmented,
as there will be a slight offset in the fitted masonry surface planes. But if the
threshold is set lower, it will encompass small scale noise and substantially
reduce the number of pixels available for fitting the surface plane, potentially
leading to it being placed at an incorrect angle. A quantitative performance

evaluation of the workflow is conducted in Chapter 9.
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5.5.5. Visualisation and Deformation analysis

After the plane fitting stage of the workflow, spalling severity maps are
produced alongside maps of the unspalled face plane location of each block.
Knowledge of each block’s location enables visualisation of any lining
deformation. From a single point cloud survey, it is not possible to
conclusively determine the location and magnitude of tunnel lining
deformations without knowledge of the as built geometry as a reference.
However, the geometry along the tunnel can be assumed to be either straight
or follow the profile of the track. As a result, relative radial lining deviations
along the tunnel’s length can be calculated by setting the cross section of the
tunnel at one end as the reference radial geometry. The reference geometry
is formed from the undamaged blockface output by taking the average of the
first 20 pixels in each row (excluding rows containing a masonry joint) to
generate a single column of depth map data. This column is then subtracted
from every column in the complete undamaged blockface output depth map
to show the radial deviation. Figure 5.15 shows how the radial deviation
depth map created using this method compares with the ground truth radial
deviations that were synthetically added to the data. It also shows the
complete synthetic lining deviation map used to generate the synthetic point
cloud and the difference between this and the identified radial deviations
down the tunnel. Most of the error is caused by added circumferential
deviations. Unless an as built cross-section is assumed, it is not possible to
automatically separate circumferential deformation from the tunnel cross
section, so it would need to be identified manually through visualising the

tunnel lining point cloud.
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5.6. Sensitivity analysis

It is expected that in real world applications, it will not be possible to
semantically segment all lining damages and masonry joint locations for step
3 of the workflow with 100% accuracy. As a result, it is necessary to
investigate how significantly the final spalling segmentation output is
impacted by inaccurate damage and joint segmentations. Pixels in the
ground truth damage and joint location ground truth masks were randomly
flipped between the target and background class to model incorrectly
generated masks. Masks were created with different proportions of pixels
flipped and the accuracy of the new masks were calculated compared to the
original. Each of the generated reduced accuracy masks were used within
the workflow and the reduction in spalling severity accuracy was recorded
and plotted in Figure 5.16. While high accuracies in both the damage and
joint masks are required for the best spalling severity segmentation
performance, the accuracy of the masonry joint mask is required to be much
higher than that the damage mask needs to be before spalling segmentation
accuracy is substantially impacted. At low damage segmentation accuracies,
tunnels with larger synthetically generated masonry blocks, representing a
stone lining, have their spalling segmentation accuracy reduced more
significantly than for tunnels with smaller brick masonry. This is because
false negative damage locations within a block will cause the undamaged
face place to be erroneously fitted to spalled areas of the block, this will cause
the surface of the whole block to be located incorrectly, leading to both false
positive and false negative spalling locations within the block. These impact
the accuracy over a larger proportion of the tunnel than for the smaller blocks

within the brick lined tunnels.
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5.7. Required next steps

This chapter explained how spalling severity maps can be generated from
3D point cloud data of masonry tunnel linings. For the proposed workflow to
be labor efficient in practice, the masonry joint and damage segmentation
steps need to be automated. Masonry joint segmentation performance needs
to be analyzed in particular detail since reduced joint segmentation
accuracies are shown to cause a substantial breakdown in the workflow’s
performance. Reduced damage segmentation accuracy, on the other hand,
only impacts spalling segmentation performance at lower accuracy levels
and leads to smaller spalling severity segmentation accuracy reductions.
There are multiple possible situations where the proposed workflow could be
applied that the developed automated joint and damage segmentation

methods should be designed to account for:

1. A method tuned on one section of tunnel before it is applied to the
rest of the tunnel or to nearby tunnels with a similar design and
condition. This requires manual labeling on each workflow
application, alongside compute power and algorithm expertise to set
up the selected algorithm on each application. If an algorithm can
achieve acceptable performance using only a short section of tunnel
for training/tuning, then it may still produce a more consistent and
comprehensive joint and damage labelling than a human assessor
would within a similar time. This method is most effective when there
is a longer tunnel with a consistent design and condition. This
situation is explored in Chapter 6.

2. A generalized masonry damage and joint segmentation method that
has been pretrained/tuned on a selection of data so that it can be

used “out of the box” without any additional training/tuning on a new



125

dataset. More substantial tunnel condition assessment time savings
could be achieved with this method, although it is difficult to achieve
given the wide variety of possible masonry types, geometries and
damages that an algorithm may encounter. Chapter 7 analyses the
generalizability of neural networks for masonry joint segmentation
and assesses how consistent their performance is given different
training and testing data spilits.

3. Itis important to be able to identify when a tunnel will be unsuitable
for the method and segmentation performance will be too low for the
workflow to be effective. This prevents the workflow from being used
where it will produce more incorrect results, for example when the
tunnel properties are out of the distribution used for training/tuning
the algorithm. This will increase the trustworthiness of the method
and the likelihood of adoption. Chapter 8 evaluates masonry joint
semantic segmentation uncertainty quantification to assess when the

method is applicable to a new tunnel.

The proposed workflow is assessed on real data in Chapter 9, where
performance on real and synthetic data is compared and the practicality of

the proposed workflow for condition assessments is evaluated.
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6. Computer vision for masonry joint

and damage semantic segmentation®

*This chapter includes parts of published works: (Smith et al., 2024, 2023;

Smith and Paraskevopoulou, 2024)

6.1. Purpose of chapter

The workflow proposed in Chapter 5 includes a step where the locations of
masonry joints and masonry damages must be identified. Both of these tasks
require an automated approach to avoid substantial manual labelling time.
This chapter evaluates the feasibility of multiple computer vision algorithms
to achieve this. In addition, by evaluating algorithms which operate directly
on the 3D point cloud and those which require rasterised 2D images, the
need for the workflows’ tunnel unrolling and rasterization steps are assessed.
The chapter focuses first on identifying the most effective approach for
semantically segmenting masonry joints, before evaluating similar
approaches for damage segmentation. While the masonry damage
segmentation step is important for achieving more accurate damage severity
values, accurate masonry block and joint segmentation is a prerequisite for
the workflow to be feasible. Masonry joint segmentation also provides
important tunnel documentation that can be used for scan to BIM and other
workflows beyond that investigated within this thesis. Four categories of

computer vision method were evaluated:
1. Traditional Computer vision.

Filter and threshold based image analysis algorithms that do not use

machine learning and operate on the rasterised point cloud. These
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algorithms have few parameters which must be manually tuned during

each application.
2. Tree-based machine learning.

Decision tree methods which classify individual points on the 3D point
cloud using local geometric features. This supervised method requires
pre-calculating point cloud features on the target dataset and training on

example data.
3. 2D CNN

Convolutional neural networks which classify pixels on 2D rasters of the
unrolled tunnel point clouds. These supervised methods require training
on example data. However, adapting existing pretrained models reduces

the training time required.
4. 3D pointwise CNN

These methods apply convolutional neural networks directly to the 3D
point cloud. However, the field is less extensively studied than that of 2D

CNNs and the methods are more computationally intensive.

This chapter assesses these methods in the context of applying the spalling
severity segmentation workflow to a single tunnel containing a single
masonry lining design. Where training is required, it would be conducted over
a 10m section of tunnel, before the trained model could be applied to
automate analysis of the remaining area of the same tunnel. 10m was
chosen as a length that could reasonably be labelled within 4 hours and avoid
substantial manual labelling that would erode the cost savings from

automating analysis of the rest of the tunnel.
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6.2. Datasets

Tunnel T1 was used as a case study masonry lined tunnel for this chapter.
80% of a 10m section of the tunnel was selected to use as the training set
for each method if required, with the other 20% of this training section
reserved as a validation set. A different 10m section was used as a testing
set for evaluating the model performance. In order to effectively train and
evaluate the models, ground truth masks needed to be manually created for
each set. Binary masks of masonry joint locations were created using the 2D
depth map rasters of each cloud created in step 2 of the tunnel assessment

workflow. The QGIS software was used for labelling. (“QGIS_3.38.2,” 2025)

Exact masonry joint widths can be very difficult to determine from the point
cloud data. Spalling at masonry block edges often creates a smooth pixel
intensity gradient into the joint so it is challenging to delineate an exact
boundary location. In some cases, the masonry joints are very narrow
resulting in them not appearing in the image if less than the point density.
Nevertheless, the semiregular nature of masonry patterns means it is
possible to label a likely joint path when accurate pixelwise labelling is not
possible. Due to the time-consuming and often inaccurate nature of manual
pixelwise labelling, the ground truth joint maps were instead created as
vectors of joint centrelines. In order to encourage each model to focus on
ensuring the connectivity of each masonry joint, the joint vector maps were
rasterised to constant 9-pixel width lines for training and testing. An example
labelling of a section of tunnel is visualised in Figure 6.1. Semantic
segmentation methods that operate on image data can use the rasterised
depth map as their input and the joint map as the ground truth. For methods
that use the point cloud directly, the labelled joint map was reprojected back

onto the 3D point cloud data and saved as a scalar field.
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Point Cloud Unfolded cloud Rasterised depth map Labelled joint ma

Figure 6.1: Visualisation of data labelling workflow

6.3. Traditional Methods

Non machine learning based algorithms may be used for semantic
segmentation of image data. As part of the proposed spalling severity
segmentation workflow, these methods can be applied to segment masonry
joint locations from the rasterized depth map images. Research into
computational enhancement and analysis of 2D images started to
significantly expand in the 1970s, once compute power reached a level that
became feasible to manipulate image data (Szeliski, 2022). Since then, many
algorithms have been proposed for different computer vision tasks (Sezgin

and Sankur, 2004).

6.3.1. Filter methods

For the task of binary semantic segmentation of images, individual pixels in
the image need to be classified into one of two categories. In the majority of
applications, this will be identifying a foreground object from the background.
One approach is to assume that the edges of the target object are strongly
defined from the background class. If the object’'s edge can accurately be
identified, then it will form a dividing boundary between pixels belonging to
the target object and the background. For the case of masonry joint
segmentation, depending on the amount of mortar used, there is usually a

distinguishable edge between either each masonry block or between block
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and mortar areas that could be used to enclose each masonry block. Three
popular edge detection methods were evaluated in this chapter. Prewitt,
Sobel and Canny edge detection methods were applied to the testing data

using the Scikit Image Python library (Van Der Walt et al., 2014).

Prewitt filters (Prewitt, 1970) are one of the most simplistic methods of edge
detection. They involve convolving 3x3 vertical and horizontal edge detection
kernels in turn with the image that highlight pixels at vertical and horizontal
edges respectively. The Sobel filter is an alternative kernel to the Prewitt filter

that is more robust to noise. Each kernel is shown in Figure 6.2.

An image kernel is a small square image which is placed over the input
image, with the target pixel at its center. The kernel processes the local
image structure by multiplying the value of each pixel in the kernel with the
value of the pixel at the corresponding location in the input image beneath
and then summing all of these values. The target pixel in the output image is
set as this value, which for an edge detection kernel should have a larger
magnitude if an edge is present and zero if there is no detected edge. This
process is known as a convolution. The size of the kernel image determines
the receptive field and the amount of local information used to determine if
an edge is present. In order to find all of the edge locations, the kernel must
be passed over the input image and this calculation conducted with the
kernel centered on every pixel in the input image. The procedure is lllustrated
for a vertically oriented Prewitt edge detection filter applied to an image with
a vertical edge and one with a horizontal edge in Figure 6.3. The Prewitt
kernels determine the existence of an edge by approximating the derivative

of changes in pixel values in the horizontal or vertical directions.

A kernel cannot be applied to a pixel on the edge of an image without parts

of the kernel overlapping beyond the bounds of the input image. To account
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for this, the input image needs to be padded with additional pixels around the
edges. Padding with zero intensity pixels often leads to unwanted edge
effects. Figure 6.4 shows how when used with a vertical edge detection
Prewitt filter, zero padding is misinterpreted as an edge, but replication
padding is not. Replication padding copies the existing edge pixel intensities
in the padding pixels. For the kernel convolution based methods used within
this study, reflect padding was used. Reflect padding reverses the pixels at
the edge of the original image in the padded area and is required when larger
kernels are used to ensure that there is a smooth transition to the padded

area while retaining the image texture at the edge.

The Canny edge detection method is a popular multistep kernel based edge
detection method designed to detect only the most prominent edges in more
complex scenes. It first uses a gaussian filter to smooth the image and
reduce high frequency noise. It then uses Sobel filters to find the image
gradients, before selecting a single line forming an edge by checking if there
is a local maximum. Finally, the algorithm selects only the most prominent
edges by using hysteresis thresholding to select the relevant local maxima

(Canny, 1986).

Prewitt Prewitt Sobel Sobel
Vertical edge Horizontal edge Vertical edge Horizontal edge
-1 0 -1 -1 -1 -1 0 -1 -2 -1

= 0 -2 0

= 0 -1 0

Figure 6.2: Kernels used for identifying vertical and horizontal edges using

the Prewit and Sobel methods.
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Figure 6.3: Visualisation of convolution of vertical edge detection Prewit
kernel with an image containing a vertical edge and one with a horizontal

edge.
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Figure 6.4: Visualisation of effect of using zero and replication padding with

a vertical Prewit kernel.

6.3.2. Thresholding

An alternative approach to semantic segmentation of image data that does
not use machine learning applies a threshold to pixel intensities and assumes
that an object is either brighter or darker than the background. A threshold
pixel intensity is set and pixels with a greater intensity are assigned to one

class and those with a lower intensity to the other. For semantic
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segmentation of masonry blocks and joints from depth map images, where
masonry and mortar are in a good condition, the masonry blocks should
protrude into the tunnel beyond the joint area, leading to differing intensities
within the depth map. The most straight forward approach involves setting
the threshold as the mean of all pixel intensities. However, this does not take
into account that there may be a class imbalance with more pixels belonging
to one class over the other. Alternative algorithms have been created that

automate finding the optimal threshold.

Many algorithms use the histogram of image intensities to determine the
optimum threshold. If the difference between intensities of pixels in each
class is well defined, then there should be peaks in the intensity histogram
at the typical intensity of pixels in that class, and a trough in frequency at
intensities between the classes. An optimum threshold would be in the
frequency trough. However, the situation is often complicated by a noisy
background, leading to multiple peaks and troughs in the histogram.
Furthermore, some pixels in the target object may have the same intensity
as those in the background, rendering a complete segmentation impossible
with a single threshold. For masonry joint segmentation specifically, a
thresholding method will need to be robust to the existence of deviations in

the surface profile caused by damages and lining curvature.

In order to simplify the thresholding task, images can be enhanced before
thresholding is applied. These methods seek to maximise the local
differences between the target object intensity and the background class and
discard global intensity variations. If there are contrast variations across an
image that are unrelated to the target segmentation task, then CLAHE
(Contrast Limited Adaptive Histogram Equalisation) can be applied to match

the intensity histograms between local image patches and ensure that the
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distribution of intensities is similar in different parts of the input image. An
alternative is to simply apply thresholding locally. Images are split into
patches and then a thresholding method is applied to each patch in turn. A
final method to remove global image variations and enhance local features
is known as gaussian differencing. A large scale gaussian blur is applied to
the image and the blurred image (which now has had local features removed)
is subtracted from the original image to leave only local features. The size of
the gaussian blur kernel applied is proportional to the scale of features
removed. For a sample of T1 data, the output of CLAHE and gaussian

differencing is shown in Figure 6.5.
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Figure 6.5: Visualisation of different image enhancement techniques applied

to a section of tunnel T1 lining depth map.

This chapter analyses the following thresholding methods:

1. Minimum Thresholding. The Minimum thresholding method
proposed by (Prewitt and Mendelsohn, 1966) assumes that there are
only two objects in the input image and applies smoothing algorithms
to the intensity histogram until there are only two maxima. The
segmentation threshold intensity is then set as the intensity with the
minimum frequency between the two maxima in the smoothed

histogram.
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Mean Thresholding. The threshold is set as the mean of all pixel
values

. Yen. The Yen thresholding algorithm (Yen et al., 1995) attempts to
find a threshold that minimizes the information loss from the input
image to the thresholded one by using a maximum correlation cost
function.

. Triangle. Designed for unimodal histograms with long tails, Triangle
thresholding attempts to split the tail area from the peak region by
drawing a line from the top of the highest peak in the intensity
histogram to the end of the tail. The threshold is set as the point on
the tail side of the histogram with the greatest perpendicular distance
to the line.

Isodata. This histogram-based thresholding method, known as
Ridler-Calvard (Ridler and Calvard, 1978) applies the threshold
midway between the mean intensity of the classes either side of the
threshold.

Otsu. The Otsu method (Otsu, 1979) conducts an exhaustive search
for a threshold that maximises the intraclass variance. The histogram
of intensities of each class either side of the threshold must be
generated and the variance of each distribution calculated in order to
find the intraclass variance. Although Otsu thresholding is the most
popular thresholding method, since it is exhaustive, it can be
expensive to compute for higher precision images.

Li. Li thresholding (Li and Tam, 1998) uses an iterative method to find
the optimum threshold. It minimizes the cross entropy between the
background and foreground mean values to find the threshold that

best separates the distributions.
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6.3.3. Decision Trees

Decision trees are a popular supervised machine learning method that select
a classification based on the values of multiple 1D input parameters (de Ville,
2013). For the task of masonry joint segmentation, decision trees can be
applied to the input 3D point cloud directly without rasterising each point.
Points in the 3D point cloud can be assigned features which describe aspects
of the geometry. The decision tree can then be applied on a pointwise basis

to classify each point.

A decision tree asks a series of questions about the data by thresholding to
decide on the target class. The specific question asked is dependent on the
result of the previous question. The tree of thresholding questions is typically
created using a greedy algorithm that designs each node as the most
effective classifier at the current stage of tree design without considering the
performance of subsequently generated nodes. Many other algorithms for
generating decision trees have also been proposed (de Ville, 2013). As the
nature of each question is a simple threshold, the reasoning behind the final
decision is explainable. Decision tree methods have been made more
powerful at the expense of explainability through the advent of the Random
Forest method (Breiman, 2001) and Gradient boosting using the XGBoost
algorithm (Chen and Guestrin, 2016). These train multiple decision trees to

improve test data performance.

Decision trees are prone to overfitting, especially when a few parameters in
the training data appear to have an oversized importance in generating the
decision outcome. These variables will cause the others to be ignored during
the training procedure. The Random Forest method seeks to avoid this
problem and regularize the model by creating multiple trees, but only using

a subset of training features for each tree. The final decision is the average
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output of all the generated trees; this also makes the method less sensitive

to noise.

XGboost (eXtreme Gradient Boosting) has become the “go to” decision tree
based method due to its increased speed and classification performance
compared to other tree based methods (Nielsen, 2016). Boosting iteratively
creates multiple decision trees in succession. After the creation of each tree,
the residual error of the tree is calculated, and the next tree is generated to
account for the error. XGBoost is a boosting algorithm that is designed for
high performance on larger datasets by optimizing memory usage and
enabling parallel processing and GPU acceleration. It also incorporates
regularization and pruning methods to prevent overly complex trees from

forming, reducing overfitting.

For this study, due to its popularity and improved computational performance
(Mienye et al., 2019), XGBoost was chosen as the representative decision
tree based method. Local geometric features were created for each point in
turn using the methods first proposed by (Hackel et al., 2016a). These
features have previously been used with decision tree based point clouds to
classify street furniture (Hackel et al., 2016b) and parts of historic building
facades (Grilli et al., 2019). In addition, (Grilli et al., 2019) showed Random
Forest and One-versus-One (OvO) classifier methods applied using these
features outperformed more modern deep learning based methods for
historic building part segmentation. This performance was attributed to the
difficulty in applying neural networks to unordered point cloud data. However,
they trained and tested each technique on different parts of the same
structure, so it is uncertain how well the method generalises and whether the

classifiers would be effective when applied to other similar structures.
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The features selected use relationships between points in a subcloud of
points within a specified radius around the target point to characterise the
local geometry. The features are relationships between the first, second and
third eigenvalues of the subcloud. The point cloud’s eigenvalues represent
the spread of points in different orthogonal directions, with the first calculated
in the direction with the most variance, the second in an orthogonal direction
with the second highest variance and the third in the final orthogonal direction
with the third highest variance. Calculation of these features involves first
generating the point cloud K-d tree in order to organise the cloud and enable
the calculation of each point’s nearest neighbours. 0.05m and 0.01m were
selected as the nearest neighbour radii., as the average joint width within the
dataset is 0.01m. These distances should therefore characterize both
features solely within a joint and those that represent how a joint appears
within the context of the broader point neighbourhood. In addition to the
spatial features developed by Hackel et al. (2016), surface roughness was
used. This is defined as the offset of the target point from a 2D plane fit to
the remaining points within the neighbourhood. Where A4, 1,, 15 are the first,
second and third eigenvalues respectively of the points in the local
neighbourhood, Table 6.1 shows each eigenfeature used for input into

XGBoost.

In this chapter, The XGBoost model was then trained with a learning rate of
0.1 for 599 epochs. After the selected features were calculated for the input
point cloud before training, the number of block and joint points was balanced
to ensure equal importance is given to each class. The optimum number of
epochs was selected after the validation loss did not decrease below its

minimum achieved within the trailing 20 epochs.
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Table 6.1: Eigenfeatures used within this study as input features to the

XGBoost classifier.

Feature

Calculation
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Omnivariance

1
(4 - 420 A3)3

3
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6.4. Deep learning-based methods

Deep learning techniques have proven to be the most effective methods for
semantic segmentation across many tasks and disciplines (Asgari
Taghanaki et al., 2021; Long et al., 2015; Luo et al., 2024; Xie et al., 2019;
Yuan et al., 2021). The large number of learnable parameters and the ability
of Convolutional Neural Networks (CNNs) to operate efficiently on image
data allows them to be effectively trained for most segmentation tasks

(Voulodimos et al., 2018). As a result, methods involving CNNs currently
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form the state of the art in semantic segmentation technology (Mo et al.,

2022).

There are four main approaches for applying defect detection and
segmentation neural networks to 3D data: point based, voxel, Multiview and
single surface projection. A comparison of the key methods is shown in Table
6.2, while more detailed reviews of the application of deep learning to point
cloud classification and segmentation can be found in Che et al. (2019), Guo
et al. (2021) and Zhang et al. (2023).. The majority of studies considering the
analysis of surface defects use a Multiview approach. Reducing the
complexity of the problem to 2D makes training models easier and takes

advantage of the more advanced state of 2D computer vision research.

The first, and most challenging, approach that this chapter evaluates is deep
learning algorithms applied directly on the 3D data points. As point cloud data
is unstructured, relationships between neighbouring points are difficult to
determine and computationally expensive to characterise. PointNet (Charles
R Qi et al., 2017) formed operates directly on point cloud data and has been
shown to be effective for shape segmentation. Since then, further methods

have been proposed that are discussed in more detail in section 6.4.2.

Single surface projection using a cylindrical tunnel projection strategy has
been the most commonly applied method for segmenting damage on
concrete-lined tunnel point clouds (Feng et al., 2023; Huang et al., 2020b;
Zhou et al., 2021). The studies rasterised Radial offset, colour and intensity
values to segment tunnel lining damage using 2D image based neural
networks. Since the majority of concrete-lined tunnels are built with a
cylindrical profile and have little lining deformation, cylindrical projection can
accurately flatten the point cloud. However, the heavily deformed nature of a

typical historic masonry-lined tunnel’s profile prohibits direct application of
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their research to masonry spalling segmentation. Despite this, compared to
pointwise, voxel and Multiview methods, single surface projection methods
are better developed for surface texture characterisation (Zhou et al., 2021).

In addition, they have the lowest compute requirements.

Multiview projection involves projecting the point cloud onto multiple planes
of differing orientations and rasterising the distance of each point from the
plane on 2D images. 2D CNN —based neural networks are then used to
characterise 3D features by integrating knowledge of perspective of the
different images into standard 2D image analysis techniques. The field is not
well developed, so this method has not been used extensively for condition
assessment in any discipline. For a tunnel lining that can be unrolled, there
is limited benefit to applying a Multiview method over a single surface
projection based one, so this chapter considers only a single surface

projection-based 2D approach.

An alternate method is to rasterise a point cloud into a 3D data grid using
voxelisation. While this has been used for the creation of tunnel digital twins
(Wu et al., 2022), it has not been used for machine learning on tunnel data,
due to the computational complexity of training a model on a sparse 3D data
grid containing only a tunnel lining surface. Much research has been
undertaken to detect objects and segment scenes from Mobile laser
scanners with Voxel based methods for application to autonomous cars.
(Zhou and Tuzel, 2017) for example created VoxelNet, a modern Voxel
method to detect pedestrians, cars and bikes. (Ji et al., 2022) successfully
segmented water seepage and installations from a concrete tunnel lining.
They developed a 3D encoder-decoder network that operated on the
Voxelised point cloud. This was shown to outperform VoxNet and also

PointNet and PointNet++ which operate directly on the individual points.
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(Vora et al., 2020) created the PointPainting sequential fusion method to take
advantage of situations where both photographic and lidar data are available.
PointPainting projects the output of a 2D image semantic segmentation
network onto a 3D point cloud obtained by lidar, before applying a 3D
segmentation method. This produces superior results to 3D only object
detection techniques. Nevertheless, Voxel based methods are not
considered in this study due to their inefficiency when applied to segment

parts of the single surface that forms a tunnel’s lining.

Table 6.2: Methods of preparing 3D point clouds for semantic segmentation

using deep learning.

Method description Major use Relevant Advantages and
cases architectures Disadvantages
Pointwise Operates Segmentation of  PointNet Takes full
directly on 3D shapes, e.g., (CharlesRQiet advantage of
unstructured Identification of al., 2017), spatial location
3D point cloud  tunnel structural  PointNet++ data. No data loss
data. components (Charles R. Qi et  during
(Grandio et al., al., 2017), preprocessing.
2022; Soilan et KPConv
al., 2020). (Thomas et al., Low efficiency at
Limited use for 2019) operating on
concrete features of different
cracking and scales (Guo et al.,
spalling 2021).
segmentation
(Bolourian et al.,
2023).
Voxel Points are Segmentation of VoxNet, Works well when
rasterised onto  objects within (Maturana and data points inside
a 3D grid. 3D internal Scherer, 2015), an object are
Conventional scans. GPR-R-CNN involved. Grid
computer Used for (Li et al., 2021) structure retains
vision underground spatial relations of
techniques can pipe, points.

be adapted to
work in three

subsidence and
crack detection

Large memory

dimensions from GPR data requirements.
and appliedto  (Li et al., 2021). Algorithms struggle
this 3D image. with data sparsity.

Down sampling
often required,
leading to
information loss
(Guo et al., 2021).
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Method description Major use Relevant Advantages and
cases architectures Disadvantages
Multiview  The point Object and MVCNN (Su et Integration of
projection cloud is shape al., 2015), MHBN  standard 2D CNNs
rasterised onto  classification. (Yang and enables good
multiple 2D Point Cloud to Wang, 2019), segmentation of
surfaces. 3D BIM workflows. View-GCN (Wei local features in
information is et al., 2020) addition to global
captured by 3D shapes.
training neural
networks to The method does
understand the not fully exploit the
different image 3D nature of a
perspectives. point cloud and
does not work well
when surfaces are
irregularly shaped.
As a result, some
points may be lost
through occlusion
and success is
dependent on view
selection. The field
is also relatively
undeveloped.
Single The point Segmentation of CNNs (Simonyan Performs well at
surface cloud is surface features and Zisserman, segmentation of
projection projected onto  and textureson  2014a), U-Net local surface

a surface and
unwrapped,
then rasterised
into pixels on a
2D image.
These may
simply take the
RGB or
intensity data
of the cloud or
may be a
depth map
indicating the
distance of the
surface of
each point
from the
viewpoint. 3D
information is
captured by
setting the
pixel values as
the projection
distance.
Standard 2D
computer
vision
techniques are
then applied.

an isolated
object.
Segmentation of
cracking,
spalling and
leakage on
concrete tunnel
lining’s using a
cylindrical
projection (Feng
et al.,, 2023;
Huang et al.,
2020b; Zhou et
al., 2021).

(Ronneberger et
al., 2015) ,
UNet++ (Z. Zhou
et al., 2018),
SegFormer (Xie
et al., 2021)

features and on
objects with a
simple global
shape. ltis
possible to use and
finetune pretrained
networks from the
well-developed
field of 2D image
segmentation.

Loses some spatial
relativity during
rasterisation. Not
effective at object
segmentation
within a larger 3D
scene. Success is
dependent on the
unwrapping
strategy (Gao et
al., 2019).
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6.4.1. 2D Deep learning

2D encoder-decoder style CNNs have become the preferred method for
supervised semantic segmentation of image data and single surface
projection enables them to be used for point cloud semantic segmentation.
Before the advent of the U-Net, semantic segmentation was often achieved
using only encoder style CNNs with a pixelwise or sliding window strategy.
An outline of different approaches to semantic segmentation is shown in

Table 6.3.

The U-Net is now one of the most popular architectures for semantic
segmentation, as it was the first to demonstrate excellent results with transfer
learning and only limited domain specific training (Ronneberger et al., 2015).
Shown in Figure 6.6, it follows a standard encoder-decoder design, with
added skip connections between the encoder and decoder. An encoder has
a similar design to convolutional neural networks used for classification. The
decoder combines the feature maps from the encoder’s output and up-
samples them to increasingly higher resolutions to attempt to recreate the
image, but with each pixel labelled with its classification. At each level of the
encoder, the output feature maps are fed both to the next level of the encoder
and to the skip connections. At equivalent levels of the decoder, the output
of the decoder level below is upsampled and concatenated with the skip
connection value. This enables the decoder to incorporate spatial details
from the input at the relevant encoder level with feature information from the
deeper levels of the network. This produces more accurate pixelwise

segmentation at class boundaries than designs without skip connections.
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Figure 6.6: U-Net architecture, from Ronneberger et al. (2015)

There are often many common features between semantic segmentation
classes. For example, segmenting brick locations in brick wall images will be
similar to segmenting stone locations on images of stone walls. As a result,
transfer learning can be applied effectively to U-Nets, reducing the amount
of subject specific training data required. This enables a network to be trained
thoroughly on a large and general set of images and classes not directly
linked to the target problem, for example the freely accessible ImageNet data
set initially developed by (Deng et al., 2009). Then, the network can be briefly
trained on the required problem, reusing the feature maps created in general

training, but adapting to the required output classes.

For this chapter, the U-Net architecture was applied to segment masonry
joints from the tunnel lining depth map images using ResNet34 as the
encoder backbone. The ResNet (He et al., 2016) introduces an identity
shortcut connection to the classic VGG encoder design introduced by

(Simonyan and Zisserman, 2014b). This allows the model to skip one or
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more layers and reduces the issue of vanishing gradients. In general, a
deeper network can contain more parameters and feature scales so that
more complex features about an image can be learnt. However, within a
standard encoder design, performance reduces with very deep networks.
This is because the gradients of the neurons within each layer with respect
to the final classification become vanishingly small, so it is difficult to train
them to converge and their information is lost. The ResNet makes the
network learn residual functions instead of unreferenced functions. These

are easier to optimise and enable the model to focus on information in the

most important layers.

Table 6.3: Machine learning based semantic segmentation techniques

Image Description Advantages Disadvantages
segmentation
Method
Pixelwise Applying a model to classify Simpler Long pixelwise
classifier each pixel in turn based on CNN  algorithms can inference time.
generated or handcrafted image be used that Output can be
features from neighbouring require less noisy.
pixels. compute to
train.
Patchwise Splitting an image into patches, Easy to train, Localisation of
classifier then applying a CNN classifier, clearer output  damage is limited
usually an encoder-based on to the size of the
design, to classify each patch. noisy data. patch.
Sliding Similar to Patchwise but using Achieves Longer inference
window many overlapping patches and semantic time.
classifier combining the result of each segmentation Segmentation
patch that overlaps with each with simpler boundaries are
pixel to produce a pixelwise neural less accurate.
segmentation. networks.

Encoder- Neural network conducts State of the art Requires more
Decoder pixelwise segmentation on accuracy, good  significant tuning
style image patches. Most designs boundary and compute
segmentation use an encoder to create a definition and power to achieve

network feature description of the image  transfer learning the best
at different scales, then use a performance performance.
decoder to create a with less

segmentation map from the
description.

training data.
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Before a neural network can be trained, its optimiser and loss function need
to be defined. A loss function is a differentiable equation used to compare
the output of a neural network with the ground truth (ideal target output).
Through backpropagation, the network’s optimiser will adjust the network to
minimise the value of the loss function. As a result, setting an appropriate
loss function is key to ensuring that a neural network learns appropriately to
minimise the differences between the network output and ground truth and
focuses on the features that impact the quality metrics relevant to the target
problem. For the task of semantic segmentation, most studies use loss
functions set as the negative of standard performance metrics that aim to

minimise the pixel differences.

Pixelwise accuracy is the simplest performance measure and in the case of
semantic segmentation is equal to the proportion of total pixels that are
correctly segmented. However, it does not account for class imbalance. loU
(Intersection over Union) is the most popular metric for semantic
segmentation, as it provides a holistic overview of performance of the target
class. This means that it is not affected by class imbalance. A diagram is
shown in Figure 6.7. Where TP is the number of true positive pixels (Correctly
identified joints), TN is the number of true negative pixels (correctly identified
blocks), FP is the number of false positive pixels and FN is the number of

false negative pixels, loU is calculated as follows:

Intersection TP

0V = — on = TP+ FN + FP

An loU of 0.5 is often considered as a target level of segmentation quality for
many tasks (Shah, 2023), although the exact threshold for acceptable
performance is dependant on the nature of the downstream task. No direct

loU performance comparisons are made in this thesis between the results
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generated and those presented in other studies because performance is
heavily dependant on the exact datasets used for training and testing in

addition to the quality of the ground truth masks used.

Ideally, a loss function is tailored to a target problem and optimises the same
segmentation quality metric used for analysis of the test dataset. Using
metric-centred loss functions has been proven to lead to improvements in
the equivalent quality metric on test datasets (Eelbode et al., 2020). As a
result, soft Dice loss has become the most popular loss function for semantic
segmentation. Soft Dice is calculated by adding smoothing terms to the Dice
metric calculation and has been shown to be effective for semantic
segmentation tasks with large class imbalances (Sudre et al., 2017). Dice
score uses a similar calculation to loU that less strongly penalises false
positive and negative segmentation. A similar soft loU (Jaccard loss) has
also been created; however it has not been shown to have any benefits over

soft Dice (Bertels et al., 2019).

While parameter gradients can be calculated through backpropagation,
optimisers provide the method for iterating towards a state that minimises the

loss function. Three different optimisers were trialled, outlined in Table 6.4.

Segmentation Results Intersection Union

. = Predicted segmentation . = Area of Intersection . = Area of Union

Figure 6.7: Visualisation of loU calculation
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Table 6.4: Optimisers trialled during hyperparameter tuning

Optimiser date Description

Stochastic Gradient 1950s  SGE calculates the gradient of the loss function with

Descent (SGE) respect to the model parameters and updates them in
the direction of the negative gradient by the amount
specified in the learning rate.

ADAM (Kingma and 2015 The Adam optimiser adds adaptive momentum to the

Ba, 2014) SGE method. This updates the learning rate iteratively
based on the second derivative of the gradient. This
results in faster convergence rates for the same level of
accuracy.

ADAMW (Loshchilov 2017 AdamW adds controlled weight decay to ADAM. This

and Hutter, 2017) fixes an issue with ADAM where weight decay can have
varying effects, as it does not correctly scale with the
change in learning rate.

When training a neural network there are multiple hyper parameters that
need to be tuned to maximize a network’s performance. In this section, a
search was conducted to find the optimum hyperparameter combination to
use with the U-Net and ResNet34 architecture. Figure 6.8 shows the overall
procedure used for generating the proposed CNN model. Table 6.5 outlines
the methods and hyperparameters used for training the 2D CNN. For some
parameters where it is likely that the optimum value will stay constant across
other hyperparameter combinations, trial and error was used to find the
optimum setting. Other hyperparameters were selected using a grid search.
This is a resource intensive procedure where every possible hyperparameter
combination is trialed. The purpose of each parameter is explained in Table
6.5. The hyperparameter combination that generated a trained network with
the highest loU on the test data was selected as the optimum combination

and the chosen values are highlighted in bold in Table 6.5.
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Data preparation Training set up

Input raw lidar data Split data for training,
testing and ‘
validation Network Design
[aeanpondwdlﬂ “Select network architecture
isolate tunnel lining Y -Update network encoder
Augment data and design
—Yﬁ split into patches -Choose Image pretraining
Unwrap lining using regime and update weights
[ method from 551 J Y
Construct neural
network Redesign
data into 2D .Tiff
e J Choose optimiser -learning rate
D — and loss function -weight decay
‘ Manually label _eps
training masks -training batch size
\ ¥ Set hyperparameters -class weighting
[Or eate synthetic data | -number of training epochs

and add to dataset
— )

Figure 6.8: CNN tuning and training procedure
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Table 6.5: Methods and hyperparameters evaluated. Selected combination

highlighted in bold.
Parameter Description Values Search
type
Overall design of neural network including
Architecture  decoder and connections between encoder and U-Net Fixed
decoder.
Backbone of the network, specifying the
Encoder number of layers and specific design of the ResNet34 Fixed
encoder.
The optimiser forms the algorithm used during Trial
.. training to adjust the neural network’s SGE, Adam,
Optimiser . and
parameters through backpropagation to AdamwW error

minimise the loss function.

This determines the step size between training 0.00001,

Initial learning iterations. There is a trade off between slow 0.0001, 0.001, Grid

rate learning and overshooting the optimum minima. 0.01
The vertical and horizontal dimensions of the
input images and ground truth masks in
Image number of pixels. Larger images enable larger 512, 384, 256, .
. . - Grid
dimension scale image features to be better 128
characterised, but there will be less training
data.
Whether the neural network has been
. . previously trained on a different dataset before Random, .
Pretrain weights . o . A Grid
resuming training on the images used in this ImageNet
study.
An offset term added to the denominator of 0, 0.0001,
Eps calculations to improve numerical stability and 0.0002, 0.0004, Grid
neural network convergence. 0.0008
The number of images passed through the .
. : o Trial
. network simultaneously during training. Larger
Batch size . L 2 8 and
numbers give faster training but are limited by error

the device’s VRAM.

The loss function calculates a performance
Loss function metric that the optimiser seeks to minimise Soft Dice Fixed
through training.

The maximum number of epochs that the Trial
method is trained for. All methods converged 1200 and
within 1200 epochs. error

Max training
epochs
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6.4.2. 3D Deep learning

Neural networks that operate directly on point clouds bring multiple benefits
over applying 2D CNNs with a single surface projection approach. They offer
the potential to operate with any tunnel geometry without pre-processing and
avoid any data loss associated with point pooling during rasterisation.
However, they face the issues when dealing with point clouds as outlined in

section 5.1.

PointNet (Charles R Qi et al., 2017) was the first deep learning method
effectively applied to point cloud semantic segmentation. It first applies a
spatial transformer network to align the point cloud in feature space so that
similar features are in similar locations. This enables it to robustly work with
objects in different orientations and spatial locations. It passes each point
individually through a multi layer perceptron to extract local features and then
uses a max pooling layer as a symmetric function to create a global feature
vector from the cloud so that it can gain invariance to possible permutations
of point order. PointNet achieves good performance for classifying defined
objects, but is not good for segmentation of multiple objects or object parts
in a scene, as it does not scale well to scenes with many points without losing

detail and does not capture local relative information between points.

PointNet++ (Charles R. Qi et al., 2017) was a subsequent development of
the architecture aiming to fix the key issues with PointNet. PointNet++
applies PointNet recursively to capture features at different scales. Its
employs multi scale grouping of points within a region to provide better
contextual information about each point. Adaptive neighborhood sizes

enable characterization of clouds with varying point densities.
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These architectures have been successfully applied, for example, by Ji,
Chew, Xue and Zhang (Ji et al., 2022) to segment objects such as railway
track, service pipes and tunnel lining locations within a point cloud. It has not
been tested extensively for defect segmentation, although (Bolourian et al.,
2023) used a modified PointNet++ to operate on point normal vectors, colour
and location data. They trained the model to segment concrete cracking and
spalling. (Pierdicca et al., 2020) applied deep learning methods to segment
architectural components in historic structures. They compared PCNN,
PointNet, PointNet++, Dynamic Graph Convolutional Neural Network
(DGCNN) with a modified DGCNN. The modified DGCNN achieved the best
F1-Score. Nevertheless, PointNet++ (Charles R. Qi et al., 2017) still doesn’t
consider local spatial relationships so is ill suited for identifying the minor
surface deviations distinguishing masonry blocks from joints on a tunnel
lining.

KPConv (Thomas et al., 2019) was later designed to improve the detail of
the segmentation by better characterizing local point relationships. Inspired
by 2D convolutions, it introduces 3D Kernel point convolutions that can
operate with a varying number of points directly on the point cloud. The
convolutions operate on nearest neighbour points with the contribution of
each point weighted by Euclidean distance from the convolution centre.
These convolutions can also be made deformable, which allows them to
adapt their shape to different local geometries. Using the deformable kernel
version achieves superior performances when target objects have a similar
shape, but risks overfitting to shapes present in the training data. The method
requires first structuring the point cloud by calculating the KD tree enabling

point nearest neighbour calculations.
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This study uses KPConv (Thomas et al., 2019) as the point based neural
network method for masonry joint segmentation. It was selected because it
is better at segmenting parts of connected objects compared to PointNet
based models which better characterize whole objects within a scene (Soilan
et al., 2020). The 3D convolutions should enable it to characterize the

localised geometric deviations in the tunnel lining forming masonry joints.

The KPConv network was examined with both a rigid and flexible kernel. This
enabled us to study the impact of kernel deformations on the results. To
examine the how well KPConv can generalize features to different plane
orientations with limited but representative training data, the method was
assessed with both the raw input tunnel point cloud and the unrolled point
cloud created for the 2D image based methods. Random rotations around
the Z axis were applied to the training data to account for any possible tunnel
orientation. The network was trained with a learning rate of 0.001. The
maximum radius of the convolution was selected iteratively as 0.15m. Due
to the substantial computational cost for training KPConv, ARC4 was used

for training. Training was capped at a maximum of 48 hours.

6.5. Results

6.5.1. Traditional Computer vision results

Canny edge detection was applied directly to the test data with different
gaussian filtering widths (o). 0*4 defines by the width in pixels of the applied
gaussian filter. The gaussian width determines the level of smoothing applied
and how much noise is filtered from the output. Outputs on sections of stone
and brick masonry within the testing dataset are shown in Figure 6.9. Table
6.6 details the performance by gaussian width and shows that a greater width

initially primarily reduces the number of false positive segmentations, before
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reducing both true positive and false positive segmentations at higher values.
This leads to oversegmentation at lower values and undersegmentation at

higher values. The best performing filter uses a gaussian width of 3.

8 thresholding methods were also trialled. Example outputs are shown in
Figure 6.10 and performance is outlined in Table 6.7. The Otsu, Li and Mean
thresholding methods achieve much higher loU scores than the other
methods, although the number of false positive pixels is higher than both the
other thresholding methods and Canny edge detection. Given the roughness
of the masonry surface and the existence of spalled areas, it is not possible
to apply a single threshold to segment joints without also segmenting other
recessed areas of masonry. Although Otsu thresholding achieves the
highest loU amongst these traditional computer vision methods, observing
the segmentation maps shows that the Canny method achieves better joint
closure so would potentially be a better choice for use in the spalling severity

segmentation workflow.

Output on Stone Masonry

Input raster Canny filter, 0=0.4 Canny filter, 0=1 Canny filter, 0 =3 Canny filter, 0=6

Output on Brick Masonry

Input raster Canny filter, 0=0.4 Canny filter, 0=1 Canny filter, 0=3 Canny filter, 0=6

Figure 6.9: Canny edge detection applied to a section of brick and stone

masonry in tunnel T1 with different sigma values (gaussian filtering width)
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Table 6.6: Performance of Canny edge detection with different gaussian

widths on the test data. The best performing width by loU is shown in bold.

o loU precision recall accuracy
0.5 0.004 0.176 0.004 0.839
1 0.039 0.168 0.050 0.810
2 0.179 0.322 0.288 0.790
3 0.185 0.387 0.261 0.817
4 0.165 0.413 0.215 0.827
5 0.136 0.422 0.168 0.831
6 0.105 0.424 0.122 0.834

Table 6.7: Performance of different threshold selection methods, with the

best performing method by loU highlighted in bold.

Method loU precision recall accuracy
Otsu 0.198 0.273 0.419 0.730
Minimum 0.000 0.000 0.000 0.841
Triangle 0.030 0.143 0.036 0.812
Yen 0.001 0.817 0.001 0.841
Li 0.195 0.255 0.454 0.703
Mean 0.180 0.208 0.571 0.587

Isodata 0.068 0.142 0.117 0.748
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Output on Stone Output on Brick
Masonry Masonry
Original Isodatg Original Isodata

Triangle

EREER N
Yen
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]
1

Figure 6.10: Threshold methods applied to a section of brick and stone

Triangle Yen

masonry in tunnel T1.

6.5.2. Overall results

A method was selected from each of the 5 different segmentation strategies
for evaluation on the test data. The methods are compared in this section
using the loU metric. Each method has different data preprocessing
requirements that are outlined in Table 6.8 alongside a summary of the
chosen method. The thresholding and Canny methods were applied directly

to the testing data, while the machine learning methods were trained first on
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the 10m long section of tunnel training data before being applied to the test
data section. In order to avoid edge effects reducing performance at the sides
of each image patch (Pielawski and Wahlby, 2020), the CNN based methods
were each evaluated three times on the testing data. On each application the
image patches were offset by one third of an image patch size in the vertical
and horizontal dimensions. A pixel was only classified as containing a joint if
at least two out of three of the outputs produced a positive joint classification

at the pixel.

The selected Otsu and Canny methods are compared against the machine
learning based methods in Table 6.9. Figure 6.11 shows the output of each
method on the test data. The Machine Learning methods all achieve
substantially higher loU scores than the traditional computer vision methods,
although the traditional methods do have the advantage of not requiring
training and having a negligible processing time when applied to the test

data.

XGBoost identifies some joint locations more accurately than the Canny and
Otsu methods, but a substantially lower loU was achieved than for the other
machine learning based methods. It can be seen in Fig. 4b that the algorithm
could not distinguish between joints and other anomalous areas that effect
surface roughness properties such as efflorescence and spalling. An
additional downside of the XGBoost method was the substantial computation
time on the test dataset, which was 150% to 200% more than the KPConv
and U-Net methods. This was because the eigen features and surface
roughness values had to be evaluated before the trained XGBoost model

could be applied.
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Table 6.8: Overview of selected segmentation methods.

Cloud Relative
Method preprocessing Description cost of Background
requirement compute
Tunnel point cloud 2D image Low Proposed by
must be unrolled intensity Otsu (Otsu,
and then rasterized thresholding: 1979), the
OTSU into a 2D Image. i g: method sets a
. Image contrast Uses a single threshold on the
(Thresholding)  ghouid be locally threshold to image intensity
normalised. segment classes by minimising the
intra-class
variance.
Tunnel point cloud 2D image based Low Developed for
must be unrolled ; edge detection by
and then rasterized edge detect!on (Canny, 1986).
into a 2D Image. workflpw using
CANNY Image contrast gaussian
should be locally smoothing and
(Edge normalised. Output  Sobel filters
detection) needs post
processing with
erosions to
correctly match the
joint width.
K Nearest point feature Medium Initially released
neighbour points based in 2014, the
must be cal?ulated supervised z((:C-r}]Boost(ljibrary
within specified ) en an
XGBOOST - jius. 3D machine Guestrin, 2016)
(Decision roughness features  learning: was developed to
Tree) must be calculated  Boosting improve the
for each point, as decision tree performance of
outlined by Hackel decision tree
et al. (2016). ensemble methods.
method
Tunnel point cloud 2D image Medium Developed by
must be unrolled supervised deep with GPU  Ronneberger et
and then rasterized learning: 2D al., (2015), the U-
into a 2D Image. encoder- Net was the first
U-NET The image mustbe  decoder CNN semantic
(2D CNN) split up into segmentation
patches to be input network to show
to the CNN in turn. excellent transfer
learning
performance.
K Nearest 3D point cloud High with  Thomas et al.,
neighbour points ; GPU (2019) developed
mur?t be caltf:ul(;ated ;uap;i:xsesteep KPConv in order
within specifie : to investigate
KPCONV radius. The cloud encoder- how image
(Pointwise must be split up decoder CNN convolutions
CNN) into patches to be with adjustments could be adapted
input to the CNNin 1 \work with for sparse 3D

turn.

sparse point
clouds

point clouds.
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Rigid KPConv did not achieve an loU substantially superior to XGBoost,
although the loU improved when applied to the unrolled point cloud. This was
likely because the network did not need to characterize features in as many
orientations. Applying flexible convolutions also improved the KPConv loU,
as the convolutions were able to adapt to the single surface nature of the
data. Despite the substantial training time and accurate segmentation in
some areas, the loU of the best performing KPConv network did not surpass
the U-Net, as it failed in areas where the joints were very narrow. It is likely
that the superior transfer learning ability of the U-Net is a key factor in its
performance. While it is possible that a deeper version of KPConv would be
better able to characterize the multi scale features, this may lead to overfitting
given the limited training data. With the small volume of training data and
limited amount of training data augmentations, none of the KPConv models
could accurately segment the smaller brick joints. The U-Net forms the only
model able to effectively segment the brick masonry and is also the fastest
of the machine learning methods to train. It is possible that with additional

data and more compute time, KPConv could achieve superior performance.

Table 6.9: Masonry joint segmentation performance on tunnel T1 test data

Network P;:I»iar;:ecr:z:d loU Training device Trai(r:ri]ri\r?st)ime
Canny Yes 0.185 N/A N/A
Otsu Yes 0.198 N/A N/A
U-Net Yes 0.558 PC1 (GPU) 34

XGBoost No 0.185 PC1 (CPU) 100

';';il%’l’;’ No 0.337 ARC4 (GPU) 2880

KPConv Yes 0.376 ARC4 (GPU) 2880

Flexible

KPConv Rigid No 0.247 ARC4 (GPU) 2880

KPConv Rigid Yes 0.300 ARC4 (GPU) 2880
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Canny Output

Figure 6.11. Algorithm outputs on a section of the test data compared with

the ground truth.

6.5.3. Discussion

Since the U-Net was only model to achieve an loU of greater than 0.5, further
study focused on further improving the U-Net model and evaluating other
architectures of 2D CNN model. Overall, the performance achieved by the
U-Net model suggests that small scale surface features were equally well
characterized when viewed as a 2D depth map rather than as the raw 3D
data. It also confirms the validity of the unrolling and rasterization method
selected for use in the spalling severity segmentation workflow proposed in

Chapter 5. The U-Net performance shows that it is possible to train a CNN
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to effectively segment masonry joints with limited training data and despite

the distortions inherent in the generated 2D depth maps.

6.6. 2D CNN optimisation

In order to ensure that the optimum 2D neural network design was chosen,
a variety of neural network architectures were assessed. Further to the
original U-Net developed by Ronneberger et al. (2015), the UNet++ adaption
by Zhou et al. (2018) and the transformer based SegFormer (Xie et al., 2021)
were tested with different encoders as their backbone. While there are many
architectures that achieve state of the art semantic segmentation
performance in a range of domains, these networks represent state of the art
U-Net and transformer based designs and are outlined in detail in the
following subsections. The spalling severity segmentation workflow is
designed such that other neural networks could replace these following
future developments in semantic segmentation technology. This section
aims to find the trained model that achieves the highest loU on the T1 testing
data to enable further analysis of the spalling severity segmentation workflow
without joint segmentation causing a performance bottleneck. Each
architecture was evaluated using a grid search with 3 factors, shown in Table
6.10. Other hyperparameters were fixed using values determined in section

6.4.1.
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Table 6.10: CNN training parameters evaluated in section 1.6

Parameter Values Search type
Architecture U-Net, UNet++, SegFormer Grid
VGG19, ResNet34, ResNet152, Mit_b5, Mobilenet_v2,
Encoder ResNeXt50_32x4d, Xception, Efficientnet_b5, Grid
MobileOne_s4
Augmentations All + Fixed size crop, All + Random size crop Grid
Optimiser AdamW Fixed
Initial learning 0.0001 Fixed
rate
Image 384 Fixed
dimension
Pretrain weights ImageNet Fixed
Eps 0.0002 Fixed
Loss function Soft Dice Fixed
Batch size 8 Trial and error
Max training 1200 Trial and error

epochs

6.6.1. UNetPlusPlus

The UNetPlusPlus is a more complex development of the original U-Net
design which was developed to give the network more flexibility. The design
fills in the centre of the U-Net with further convolutional and upsampling
modules between the skip connections. A diagram is shown in Figure 6.12.
The convolutions in the skip connections help to convert the feature map
from the encoder to one better compatible with the format of feature maps
found at the same level within the decoder. The convolutional layers within
the skip connections are also densely connected, further adding flexibility to
the network. Finally, by adding upsampling connections between the skip
connection convolutions in different levels of the network, the network

performs in effect as a series of nested U-Nets of varying depths. To take
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advantage of this, deep supervision is used, where the output is taken from
each step along the skip connection of the top layer of the network and
averaged before the loss function is evaluated. In combination, these
innovations should help the overall network better characterise features at

different scales.

.............................
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ent® eest

.
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T V12 Beseeera

..........
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N Down-sampling
7 Up-sampling
>  Skip connection

N s XY Convolution

UNet++ Architecture

Figure 6.12: The UNet++ architecture from Kamrul Hasan and Linte (2019)

6.6.2. SegFormer

Developed for use with the transformer based Mit_Bx encoder series, the
SegFormer model (Xie et al., 2021) builds upon the Vision Transformer (ViT)
(Dosovitskiy et al., 2020) architecture to apply the transformer concept to
semantic segmentation. Transformer models first developed by (Vaswani et
al., 2017) introduce attention modules that weight the global importance of
input features. This makes them better able to characterise long-range
dependencies and contextual relationships between different regions of data.
The SegFormer model splits the input image into 4x4 patches which are each

given a positional embedding. Shown in Figure 6.13, the decoder of the
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model uses standard multilayer perceptrons to fuse the output of the encoder
and project them to segmentation logits. This makes use of the multi scale
spatial information stored in the hierarchical encoder’s outputs to directly
generate the segmentation output, producing a more computationally
efficient design than the standard skip connection and upsampling methods
used in U-Net based decoder designs. While the SegFormer has been
shown to achieve state of the art segmentation performance on benchmark
datasets (Makarov et al., 2025; Sourget et al., 2024), more memory and
compute power is required overall than similar depth U-Net style models due

to the self-attention modules used within the Mit_Bx encoder.
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Figure 6.13: The SegFormer framework from Xie et al. (2021) showing the

Mit_b4 hierarchical transformer encoder with an All-MLP decoder.

6.6.3. Encoders

Each architecture was trialled with each of the encoders described in Table

6.11 as the network backbone.
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Table 6.11: Encoders evaluated in this section

No. of

encoder date Description
parameters

VGG19 20M 2014 | This was the first very deep CNN and

(Very Deep created the baseline CNN encoder

Convolutional architecture. Greater depth without an

Networks for Large- unreasonable number of parameters is

Scale Image achieved by using small 3x3 convolution

Recognition) filters.

ResNet34 21M 2015 | ResNet introduced residual blocks into the

(Deep Residual encoder design. These add skip

Learning for Image connections between layers that bypass

Recognition) image convolutions allowing higher level
convolutions to remain relevant deeper into
the network. This allows deeper networks
as it helps to overcome the vanishing
gradient problem.

ResNet152 58M 2015 | This is a deeper version of ResNet34 and

(Deep Residual is tested to evaluate the effect of using a

Learning for Image network with more trainable parameters.

Recognition)

Xception 22M 2016 | Xception replaces the Inception modules

(Deep Learning with within its predecessor, the Inception

Depthwise network, with depthwise separable

Separable convolutions.

Convolution)

ResNeXt50_32x4d | 22M 2017 | Introducing the variable of cardinality,

(Aggregated ResNeXt adds a split-transform-merge

Residual strategy to ResNet.

Transformations for

Neural Networks)

Efficientnet-b5 28M 2019 | Efficientnet was developed as a scalable

(Rethinking Model method that uses a compound coefficient

Scaling for to uniformly scale network depth and width

Convolutional with increased image resolution. It uses

Neural Networks) Inverted bottleneck residual modules and
squeeze and excitation blocks.

Mit_b5 81M 2021 | 5 layer state of the art transformer-based

(Xie et al., 2021) encoder design. Adapts the vision
transformer (ViT) encoder for semantic
segmentation by adding multiresolution
feature maps alongside other efficiencies.

MobileNet_v2 2M 2018 | With only 2 million parameters, Mobilenet

(MobileNetV2: was developed to operate in low memory

Inverted Residuals environments by introducing inverted

and Linear bottleneck residual modules.

Bottlenecks)

MobileOne_S4 12M 2022 | Designed to reduce latency at inference,

(Vasu et al., 2022)

MobileOne is a lightweight network that
overparameterises during training with
multiple branches. The network is then
reparameterised to a single branch during
inference.
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All encoders were setup with parameters from ImageNet pretraining. A
selection of encoders were evaluated with parameter numbers that were
compatible with the amount of VRAM available on L2. Both ResNet 34 and
ResNet 152 were evaluated in order to investigate the impact of the number
of learnable parameters on performance. The lighter weight MobileNet_v2
and MobileOne_s4 encoders were evaluated to investigate the potential of
conducting inference on lower performance devices. If these networks
achieve adequate segmentation performance, then the workflow may be
able to be applied onsite using typical portable computing devices,
immediately after scanning. This paves the way for live onsite condition

visualisations during tunnel inspections.

6.6.4. Data resizing and augmentation

The training images were augmented to increase the effective amount of
training data. Applying augmentations can improve the generalisability of the
method by widening the feature distribution of the training data. The
parameters and probabilities of the transforms being applied were optimised
using trial and error, and through visual comparison against abnormalities
present in the available real datasets. This creates a wide variety of training
images, while ensuring that the images were representative of possible real

world masonry configurations and conditions.
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The following augmentations were applied using the Albumentations python

library (Buslaev et al., 2018):

e Vertical and Horizontal flips. Since masonry typically follows
horizontally and vertically aligned patterns, these transformations
produce realistic geometries.

e Elastic transform and grid distortion. These transformations were
applied with a low intensity to model deformation of the masonry in
the plane of the tunnel lining and non-flat masonry courses. Grid
distortion was applied before the image cropping to better represent
deformations over a larger scale.

e Random brightness shifts to represent varying depth magnitudes
dependant on the diameter of the tunnel and the cross-sectional
profile relative to a cylinder.

e Random contrast shifts to represent varying magnitudes of masonry
homogeneity and varying mortar depths.

e Perlin noise to represent deformations perpendicular to the plane of
the lining and those resulting from the cylindrical unwrapping process
in different tunnel geometries.

¢ Small levels of gaussian noise representing possible variations of true

point locations within the accuracy limit of the lidar equipment.

Before these augmentations were applied, the input images were cropped
and resized during each training epoch. The input image patch dimensions
were set as 512x512, which were then cropped at random locations down to
the 384x384 dimension used as input to the neural network. Randomly
cropping ensures that input features appear in a different location each time.
This reduces overfitting by encouraging the network to learn the nature of

each feature rather than just the location. This is important given the limited
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volume of training data available. In addition to fixed size cropping, as part
of the hyperparameter grid search, each network was also trained using
random sized cropping, where crops were taken at dimensions varying
between 300*300 and 450450 before being resized to 384*384. These
dimensions were obtained through trial and error. Resizing the image shrinks
and expands lining features, further improving the CNN’s generalisation
capabilities to better characterise features with different sizes. An example
of the augmentation workflow on a section of tunnel T2 is shown in Figure

6.14 and optimum augmentation parameters are shown in Table 6.12.

Table 6.12: Data augmentation parameters

Augmentation probability parameters
Random Sized crop 1 Min,. Max dimensjons = 30(3,450
Resized output dimension = 384
Horizontal Flip 0.5 -
Vertical Flip 0.5 -
Elastic transform 0.4 alpha=500, sigma=40, alpha_affine=8
Grid distortion 0.3 num_steps=5
Random Brightness 0.2 brightness_limit =0.5
Random Contrast 0.4 contrast_limit=0.2
Gaussian Noise 0.2 std_range= [0,0.05]
Perlin Noise 0.2 Vgriation =0.3, Octave§ =2,
persistence = 0.2, lacunarity = 2.0
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Figure 6.14: Crop and augment workflow with all possible augmentations

applied to a patch of tunnel lining depth map.

6.7. Results

Before the optimum CNN setup is identified, the loss curves must be
inspected to ensure that each network is converging and that the optimum
number of training epochs has been chosen to prevent under or overfitting.
It is expected that the training loss will decrease as far as the network is able

to learn the features of the training data, so is dependent on the network’s
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knowledge capacity. The validation loss should show how well the network
is learning transferable feature relationships and is indicative of unseen data
performance. However, a low validation loss does not guarantee good test
data performance, as the validation and training data samples are taken from
different patches of tunnel within the same area, so are likely to have similar
features. The testing data is taken from a different part of the tunnel, where
lining features such as masonry geometries or damage types may be
different. If underfitting is occurring, then the validation loss will still be
decreasing at the last epoch. If the network is overfitting, then the validation
loss will start to increase as the training loss continues to drop. Finally, if the
network fails to converge then there will be no substantial drop in either the
training or validation loss during the training. Using the U-Net with ResNet34
model with a fixed image crop size as the baseline, the loss curves when the
architecture and backbone are changed are shown in Figure 6.15, alongside

the loss curve when image resizing is used during the augmentation stage.

Changes in all three parameters of the grid search do not prevent the network
from converging, although the network with the older VGG 19 encoder shows
a slower convergence. Each of the loss curves show relatively similar
features, with the only important difference being more noise in the validation
curve of the SegFormer model. This suggests that it is less stable and
requires more data to effectively train, although the noise level is not

significant enough to be a concern here.
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Figure 6.15: Training and validation loss curves for a U-Net model trained for
1200 epochs with a ResNet34 encoder using the ADAMW optimiser and
fixed input image crop sizes. Loss curves are shown when the architecture
and encoder are changed and when input images are randomly cropped and

resized during training.

Figure 6.16 shows the maximum test data loU performance achieved by
encoder for a U-Net architecture model with no image resizing. The Mit_b5
transformer based encoder shows the highest performance. The number of
training parameters show a slight positive correlation with the loU. This is
expected as a larger number of parameters results in a network with a higher
knowledge capacity. Despite this, the lightweight Mobilenet v2 and

MobileOne_s4 networks still achieve adequate performances of 0.555 and
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0.564 respectively. The date each encoder was designed also shows a small
positive correlation with loU as more recent encoders contain design

innovations intended to make them more efficient and effective.
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Figure 6.16: Test data performance for U-Net architecture showing the
impact of chosen encoder and how the associated changes in training time

and network size contribute to performance differences.

Figure 6.17 shows the performance by network architecture (showing
performance with the most effective encoder for each network) and
demonstrates the impact of image patch cropping and resizing on
performance. For both the top performing encoder and network architecture,
introducing image resizing improves performance. This is because these
networks have a higher knowledge capacity for capturing features at different
scales. Both the SegFormer model and the U-Net achieve their best
performances with the Mit_b5 encoder. Their performances are similar
showing that the use of self-attention modules in the encoder is the key driver
of performance. The reason for the comparatively low maximum
performance of the UNet++ network was because it did not converge when

combined with the Mit_b5 encoder. The highest performing UNet++ network
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used the ResNet34 backbone, showing that the architecture is less flexible

than the U-Net to work effectively with more recently developed encoders.

The performance improvements achieved by the top performing Mit_b5 U-

Net over the base U-Net ResNet34 design trained in section 1.4.1 is shown

in Figure 6.18. The confusion matrix shows that both the proportion of false

positive and false negative pixels are reduced, while the proportion of true

positive and true negative pixels are increased for the new trained network.

As a result, the Mit_b5 U-Net trained with image augmentations and image

crop resizing was chosen as the masonry joint segmentation model to use

within the spalling severity segmentation workflow.
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Figure 6.17: Maximum test data performance achieved for each architecture

and encoder, showing the impact of input image patch resizing during

training.
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6.8. Damage segmentation

Given that 2D CNN category of methods achieved the highest loU for joint
segmentation and that the 2D depth map nature of the input data is the same
for damage segmentation and joint segmentation, encoder-decoder style
CNNs were selected for the masonry damage segmentation task. A similar
grid search to determine the best performing hyperparameter and network
architecture was conducted and a UNet++ with a MobileNet v2 encoder
achieved the best loU of 0.459. As the joint locations were determined in the
previous stage of the workflow, the joints were masked out of the images
prior to loU calculation. The impact of this is shown in figure 6.19. The
UNet++ model is shown to identify the general locations of the largest areas
of spalling well, although the exact boundary of the damage is often incorrect.
Damage segmentation performance is lower than joint segmentation
performance but is qualitatively considered adequate due to the robustness
of the overall spalling segmentation workflow to damage segmentation

performance variation.
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Figure 6.19: Section of masonry damage segmentation output on T1
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6.9. Discussion and next steps

The aim of this chapter was to select a method to use within the joint and
damage segmentation steps of the spalling severity segmentation workflow
proposed in Chapter 5. This chapter evaluated multiple methods for masonry
joint semantic segmentation from 3D point clouds obtained by lidar. A U-Net
CNN with an Mit_b5 transformer-based encoder achieved the best
performance by loU, outperforming traditional computer vision methods,

Decision tree and 3D neural network based approaches.

Of the traditional computer vision approaches, the Otsu method provided the
best results and could be applied directly without training. However, even
when input depth map rasters were preprocessed with gaussian differencing,
the method only worked well in less noisy situations where the block faces
clearly protruded from the mortar joints. Due to the use of a single threshold
on depth, the Otsu method also misdefined deep spalling as joint locations.
The XGBoost, decision tree-based method was also not able to distinguish

joints from other lining surface abnormalities.

Of the CNN-based approaches the U-Net performed better than KPConv,
demonstrating that reducing the dimensionality of the task to 2D improves
performance given the limited availability of training data. A more
comprehensive analysis of available 2D CNN models was then conducted.
The Mit_b5 encoder was the most modern encoder assessed and given the
extent of research into 2D supervised semantic segmentation methods in
recent years, it is likely that it's performance will be surpassed in the future.
The proposed workflow was therefore designed to be flexible to replace the
joint segmentation model with other semantic segmentation models as state

of the art designs evolve. Nevertheless, there are further questions pertaining
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to such segmentation model’s real world application that will continue to be

relevant regardless of the precise model applied.

While the U-Net and KPConv methods performed well on the stone tunnel
lining case study, it is possible that performance will decrease when the
method is applied to brick masonry. Further research was therefore
conducted in Chapter 7 to determine how well CNN models can generalise
to operate on tunnels with different masonry block materials and geometries
and what are the most effective methods of training a model for real world
tunnel condition assessments. Furthermore, for a CNN based method to be
trusted for a tunnel analysis task, engineers would need a method of
determining the uncertainty in a CNNs outputs on a specific tunnel without

extensive manual verification. Chapter 8 aims to address this challenge.
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7. Generalization analysis*

This chapter includes parts of published works: (J. Smith and

Paraskevopoulou, 2025)

Although supervised training of Convolutional Neural Networks (CNNs) has
generated excellent semantic segmentation performance in many
applications (Dong and Catbas, 2021), their effectiveness for real world
downstream tasks is not often assessed. Chapter 5 showed that accurate
masonry block instance segmentation is required for the proposed
automated masonry spalling severity assessment workflow to be effective.
However, while the performance of the trained masonry joint segmentation
models evaluated in Chapter 6 are promising, the connectivity of each
masonry joint was often not accurately captured leading to poor block
instance segmentation performance. There are often small gaps in the
produced joint mask caused by poor image quality, narrow joints, obscured
joints or masonry damage. Generating an accurate masonry model requires
complete closure of joints to ensure that individual block instances can be
isolated by a connected components analysis (Loverdos and Sarhosis,
2023; Smith et al.,, 2024). This necessitates the use of inflexible post
processing methods to estimate where joints should be connected (lbrahim
et al., 2020; Smith et al., 2024). By investigating the topological accuracy of
the trained CNN and training with a loss function that targets the joint
connectivity directly, the block instance segmentation performance can be

improved, and the method can be made faster and more generalisable.

There is limited knowledge on how a model should be trained for masonry
joint segmentation given the typical real world tunnel analysis task where

only limited training data may be available or affordable. For CNNs to
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become a credible method of generating masonry structural models in
industry, their reliability must be quantified. The wide variety of possible
structural geometries and masonry types combined with the extent of
damage typically present makes it challenging to develop a universally
applicable automated masonry block isolation and labelling method.
However, it is unknown how much performance variation can be expected

even when a model is trained under similar conditions.

This chapter evaluates the ability of CNN-based masonry joint segmentation
models to generalise to different tunnels. It conducts a statistical analysis to
evaluate how masonry block instance segmentation performance varies with
different training regimes and whether it can be improved by training with

topological loss functions. and contributes to the field as follows:

A practical comparison of loss functions for masonry block semantic

segmentation is conducted.

- The impact of different training data combinations is studied to
evaluate how neural networks should be applied on real tunnel
analysis tasks.

- A new performance metric for masonry block semantic segmentation

is proposed.

- The variability of segmentation performance is assessed.

7.1. Limitations of existing pixelwise methods

Small decreases in the pixelwise accuracy of masonry joint segmentation
masks can lead to substantial errors in the produced spalling severity model
if the identified joints do not have the correct connectivity. (Ibrahim et al.,
2020) addressed this by post processing the deep learning output with a

watershed algorithm to ensure joint connectivity (an approach later followed
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by (Smith et al., 2023)) and using a Generative Adversarial Network (GAN)
to infill obscured parts of masonry images. (Smith et al., 2024) took an
alternative approach, trading flexibility for accuracy on masonry with regular
joint orientations, by statistically fitting vertical and horizontal lines to the joint
segmentation output. While these approaches successfully improve the joint
connectivity, they require manual tuning of algorithm parameters on each
application and there has been limited research assessing the final block

instance segmentation performance.

The issue of ensuring segmentation connectivity is not unique to masonry
block detection. The analysis of networks is a common goal of many
computer vision studies, from modelling traffic flow in road networks to
measuring land usage (Yuan et al., 2021). The end goal is the identification
of network properties, such as the connectivity of different locations or the
number of enclosed regions. These properties constitute the Image topology;
The fast-moving field of topological image analysis focuses on understanding
spatial relationships of structures in Images (Singh et al., 2023; Wasserman,
2018). While pixelwise segmentation accuracy is important for assessing the
validity of these studies, the exact location of boundaries is often of less

importance compared to the identification of topological features.

Popular semantic segmentation architectures such as the U-Net are typically
trained to minimise total pixel or segmentation error in these tasks and do
not consider image topology. Minimising variants of cross-entropy or soft dice
loss functions is standard (Xu et al., 2023) and was previously applied for
masonry joint segmentation. Recent developments integrating topological
analysis techniques into deep learning workflows offer substantial potential
to improve the topological accuracy of these segmentations (El Jurdi et al.,

2021; Zia et al., 2024).
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Consequently, in order to improve joint connectivity and achieve more
reliable identification of individual masonry block instances, this chapter
investigates deep learning-based masonry joint segmentation methods from
a topological perspective. Topological loss functions were applied during
neural network training to encourage correct joint connectivity. A new metric
that holistically assesses masonry block instance segmentation was
developed to better understand how topological and pixelwise errors impact
performance. This metric, the Blockwise Intersection over Union score, was
then used to evaluate the suitability of these deep learning methods for
automating end to end damage identification workflows in real world
scenarios. Since there is limited research assessing how deep learning could
be applied in practical condition assessments, recommendations are
provided on how masonry block segmentation should be conducted given

different volumes of available training data.

7.2. Methodology

Input 3D tunnel lining point clouds were first unrolled and rasterised into 2D
images using the workflow outlined in Chapter 5. Analysis was conducted to
investigate how masonry block segmentation performance is affected by
training a CNN with CIDice instead of pixelwise loss functions in different
implementation scenarios. Statistical analysis was then conducted to
determine the repeatability of the results and inform a reliable procedure for
masonry block segmentation. A flowchart visualising the full procedure is

shown in Figure 7.1.
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Lidar data from the stone lined tunnels T1, T3 and the brick lined tunnels T2

and T4 were used for the analysis within this chapter. These masonry-lined

railway tunnels are located in the UK and managed by Network Rail, the UK’s

railway infrastructure manager. All were in reasonable states of repair,

containing no damages requiring immediate remediation and are located on

operational railway lines. Spalling of masonry and minor cracking was

present in all tunnels in varying quantities. A brief summary of each tunnel is

given in Table 7.1; background information on each tunnel is provided in

Chapter 4.
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Table 7.1: Datasets analysed from 4 different tunnels

Cross-section

Tunnel Lining dimensions Length Arch Notes
type width x height (m) shape
(mm)

Masonry in moderate
T Stone 8680x5880 67 Horseshoe condition. Some areas
infilled with brick.

Circular Originally stone lined,

. arch on largely relined with
Uz e Dl 19 curved brick. Brick in good
sidewalls condition.
T3 Stone 9078x8094 138 Elliptical  Masonry in good
condition.
1.5m wide section of
crown repaired with
T4 Brick 8427X5395 215 Circular sprayed concrete.
Brick in good
condition.
2 — Tunnel 1 — Tunnel 2 — Tunnel 3 — Tunnel4
KEY' |:| ~ (Stone) ~ (Brick) ~ (Stone) ™ (Brick)

There are three well documented methods of preparing the dataset and
neural network to improve performance and generalisability once trained

(Seib et al., 2020):

e Transfer learning by pretraining networks on large general datasets
and tasks before fine-tuning for the relevant task and domain.

¢ Applying image augmentations to transform the dataset into a variety
of realistic alternatives.

e Creating synthetic data with similar features to the real dataset and

combining it with the real training data.

Pretraining and augmentations were applied within the work outlined in this
chapter. Synthetic data was not used so that the impact of real world data
volume on performance could be clearly assessed without introducing

volume and quality of synthetic data as additional factors in the analysis.
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Representative sections of each point cloud were chosen for analysis.
Sections for training containing at least 345 bricks were chosen away from
sections for testing which had a least 55 bricks. 345 Bricks was chosen as a
realistic number that an assessor could accurately label within 4 hours and
for T1 forms the same 10m long section used for training the models in
Chapter 6. This simulates a situation where the complete labelling, training
and inference workflow could be conducted within 1 day for a single 20 m
long tunnel. It was necessary to down sample the collected point clouds to
enable a better comparison between tunnels and prevent the impact of point

density reductions away from the lidar scanner location.

Multiple factors affect the original point density of the lidar scan. This includes
different scanners being used and different scan speeds being applied based
on the length of time available on site for the survey to take place. As a result,
different datasets produce images at different levels of zoom depending on
the point density, leading to differing numbers of pixels per brick. As shown
in Table 7.2, the masonry in each tunnel also has different typical
dimensions. The bricks in tunnels T2 and T4 have a relatively small variation
in brick sizes and geometries compared to the stone lined tunnels T1 and
T3. To help the trained CNNs generalise between the different datasets, the
tunnels with fewer average pixels per masonry block were upsampled such
that the average number of pixels per block was within a 10% range between
datasets. The resulting image dimensions for the training and testing

datasets are shown in Tables 7.3 and 7.4 respectively.
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Table 7.2: Masonry properties of selected datasets

Tunnel T_ypical_ masonry Pixels per Scaling_factor Scaled Pixels per
dimensions (mm) block applied block
T 680x360 8362 1 8362
T2 230x75 5674 1.20 8171
T3 500x200 3445 1.55 8277
T4 240x85 8467 1 8467
Key:  [D=pmy' O=p” W= W=5

Table 7.3: Training data properties

Image dimensions width x height

Tunnel Number of blocks (pixels)
T 345 1100x2900
T2 357 1780x1660
T3 354 1240x3022
T4 348 3100x1000
KE:  [O=fms’ = W=pome’ W=

Table 7.4: Testing data properties

Image dimensions width x height

Tunnel Number of blocks (pixels)
T 66 1040x590
T2 65 775x604
T3 64 1147x527
T4 59 1120x435

A — Tunnel 1 — Tunnel 2 — Tunnel 3 — Tunnel4
KEY' |:| ~ (Stone) ™ (Brick) ~ (Stone) ™ (Brick)
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7.2.2. Image preparation

Training data images were split into 512x512 patches. 20% of the patches
were assigned as validation data, with the remainder used as training data.
During training and validation, images were augmented to increase the

quantity of data and improve the generalisation performance as follows:

- Arandom crop of 384x384 was made of each image.

- Random vertical and horizontal flips were applied, each with a 50%
probability.

- Random brightness and contrast adjustments were applied with a

20% probability each, brightness limit of 0.5 and contrast limit of 0.5.

More augmentation types and higher probabilities of application increases
the level of randomness in the training. This can lead to regularisation and
improved generalisation performance, but also reduced training data
performance and longer training times to convergence. The selected
augmentations were chosen, as they were found to improve test data
performance without substantially increasing the variability in performance
between similar training runs. This enables us to clearly investigate the

impact of loss function choice on test data performance.

7.3. Performance evaluation

Neural networks are evaluated by running a testing dataset through the
trained network. The testing set should be representative of a real-world
application of the neural network. The output performance must then be
evaluated using a performance metric that captures the differences between
the features of the ground truth and the neural network output that are
important to the application domain. In the proposed application of

automating masonry joint segmentation to document block geometries and
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locations, it is key that the joint segmentation fully encloses each masonry
block by respecting the joint topology in addition to having an acceptable

pixelwise accuracy.

7.3.1. Existing metrics

While the loU outlined in Chapter 6 shows segmentation quality with respect
to exact pixel locations, it does not consider the overall shape of the
segmented objects and the masonry joint connectivity. Persistent homology
based methods analyse the topology of an image segmentation by studying
the connectivity of segmented structures over a range of thresholds
(Edelsbrunner and Morozov, 2014). The persistence is the range of
thresholds that can be applied before the connectivity of an object is changed
and can be plotted on a persistence diagram. If the output probabilities of a
CNN are set as pixel values in an Image, then the persistences of objects in
the segmentation can be evaluated. For a given threshold, the number of
connected components and holes is called the Betti number which is often
used as a simplified description of an Image’s topological properties. The
difference in Betti number between ground truth and predicted
segmentations, the Betti error, can be used as a holistic measure of the
topological errors in the segmentation. This measure does not consider the
matching of topological features, only the total number, so a low Betti error
does not necessarily indicate that each masonry block is segmented with the

correct topology.

7.3.2. BwloU

The metrics identified in section 3.3.1 can be used to assess the pixelwise
and topological performance of masonry joint segmentation, but they do not

directly describe individual block instance segmentation performance. For
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the task of block documentation, identifying and labelling individual block
instances is conducted using a connected component analysis performed
using the 8-way connectivity Spaghetti labelling algorithm (Bolelli et al.,
2020). The instance segmentation performance of the output of a connected
components analysis should therefore also be assessed. We propose a
Blockwise Intersection over Union metric (BwloU). The BwloU evaluates
performance based on both the matching of predicted and ground truth block
instances and the pixelwise segmentation performance of each match. The

calculation of BwloU is visualised in Figure 7.2 with the following steps:

1. An 8-way connected components analysis is run on the detected
blocks to isolate predicted block instances. This is implemented using
the OpenCV library (Bradski, 2000).

2. The location of the centroid of each ground truth and predicted block
is calculated. The distance to nearest neighbour predicted centroids
are calculated for each ground truth centroid and the closest
predicted block is matched to each ground truth block.

3. Unmatched predicted blocks are discarded and the IoU is calculated
between each ground truth block and its matched prediction. The
mean of these loUs over all blocks is calculated to produce the

BwloU.

Figure 7.2 focuses on the location of 2 ground truth masonry blocks and
shows a hypothetical output of a CNN trained for masonry joint semantic
segmentation. Running the 8-way connectivity connected components
algorithm produces three predicted block instances as shown in stage 1. Itis
then necessary to match each of these to a ground truth block. However,
since there are only two ground truth blocks, one of them must be discarded.

The matchings are chosen based on the distances between the centroids of
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the predicted and ground truth block locations. Each ground truth block is
assigned a single predicted block. In the case shown, predicted blocks 1 and
3 are assigned to ground truth blocks A and B, respectively. Predicted block
2 is unmatched and discarded. Finally, in stage 3 the loU is calculated per
ground truth block against it's matched predicted block. The loUs are then
averaged across all of the ground truth blocks to produce a final BwloU value.
As shown in the diagram, although the loU of block A is reduced by the low
precision of prediction 1, The loU of block B is penalised further due to the
incorrect topology of its segmentation. Multiple common block segmentation
errors are shown in Figure 7.3. These were used to verify the BwloU in

different situations.

0. Ground Truth 3. Block Assignment
—
1. Joint Segmentation I i .
2. Isolated Blocks 4. 10U per block
= Predicted 'nlkul

ioer -_!M . — False ._nbo ._tm

Figure 7.2: Visualisation of BwloU calculation workflow
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A comparison of metrics calculated for each of the hypothetical

segmentations visualised in figure 7.3 are shown in Table 7.5 and discussed

as follows:

1.

Ground Truth:

If a perfect segmentation is performed, then the BwloU achieves its
theoretical maximum value of 1.

Joint offset error:

This common error occurs due to the difficulty in defining an exact
boundary for each masonry joint, so the real or predicted joint location
may be different to the Ground Truth which is drawn with constant
width joints. In this case, the Joint loU is substantially more affected
than the BwloU. Because the joint connectivity is correct, all blocks
are correctly matched. Each block has a larger number of pixels than
each joint, so a boundary error has a proportionally larger impact on
the joint loU than the block loU.

Incorrectly connected joints:

While only caused by a small number of pixel errors, the connectivity
of 2 joints is broken. This causes the connected component analysis
to detect only 1 block in a location where 3 should be present. As a
result, the Betti number is 2 and the BwloU is considerably reduced.
The Joint segmentation loU is only marginally reduced by the false
negative pixels.

Incorrectly added joint:

Here we see 2 extra blocks being incorrectly isolated due to the
additional joints segmented resulting in a Betti error of 2. Similarly to
situation 3, the joint loU only has a small decrease, while the BwloU

is more substantially affected. However, in this situation the BwloU is
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decreased less than for situation 3. This is because for each
additional joint, the area of masonry impacted is limited to a single
block, while each missed joint causes two adjacent blocks to be
merged during the connected component calculation causing a larger
area of incorrect instance segmentation.

5. Incorrect extension of joint:
This is where a CNN has predicted an additional Joint area which
does not change the joint topology. This commonly occurs when a
masonry crack is misidentified. Both the loU and BwloU are reduced
due to the small number of false positives.

6. Isolated false positive segment:
This error produces a single topologically incorrect island, as shown
by the Betti error of 1. However, as a connected components analysis
still produces correct block matchings, the BwloU is only impacted by
the small number of false negative block pixels. The Joint loU is

affected more due to the class imbalance.

Overall, it can be seen that the loU of joint segmentation does not distinguish
topologically incorrect regions. This is demonstrated with situation 3
producing a higher score than situation 2. The BwloU, however, is strongly
affected by incorrect joint connectivities and shows a decrease from situation
2 to 3. In the case of situations 5 and 2, where small and large segmentation
errors are present respectively, the BwloU score is penalised proportionally.
However, as the block topology is correct, the BwloU receives only a small

decrease compared to the loU for joint locations.

This shows that the BwloU performs as expected in common situations, so
is an appropriate metric for measuring masonry block instance segmentation

performance.
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Table 7.5: Comparison of performance metrics in different situations

highlighting where loU and BwloU differs

Proporti Bett IoU

Error tvpe Topologi Precisi Reca Accura on of i of Bwlo
yp cal error on Il cy matched erro joint U
blocks r s
1. None No 1000 9% 1000 1000 %% 100 1000
2. Joint 0.69 0.00 = 0.53
offset No 0.696 6 0.917 1.000 0 4 0.902
3.
Misconnect  Yes 1000 °2° 0999 o867 o0 %3 0782
ed joints
4,
Incorrectly 1.00 2.00 @ 0.96
added Yes 0.967 0 0.995 1.000 0 7 0.904
joints
5.
Incorrectly 1.00 0.00 @ 0.99
extended No 0.994 0 0.999 1.000 0 4 0.990
joint
6. Isolated
false ves 0919 % oess 1000 % %37 066
positive
% — High — Medium — Low _ Difference in relative performance
KEY- . ~ Quality ~ Quality ~ Quality BOId ~ between loU and BwloU

7.3.3. Topological loss functions

Having specified a problem specific quality metric, this study investigates the
impact of loss function selection on neural network performance. Specifically,
it examines whether loss functions designed to optimise semantic
segmentation topological correctness leads to better block instance
segmentation performance. Beyond the Dice loss introduced in section 6.4.1,

multiple other pixelwise loss functions have been proposed.
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Binary Cross Entropy (BCE) is a commonly applied loss function across deep
learning applications. In the case of binary segmentation, for a positive
ground truth pixel it is equal to the logarithm of the probability of a positive
segmentation. For a negative ground truth, it is equal to the logarithm of the
probability of a negative segmentation. The total loss is the sum of the values
for each pixel. BCE maximises the number of true positives and true
negatives equally. However, it fails to take account of class imbalances,
biasing predictions towards the larger block class in the case of masonry joint

segmentation.

The Tversky loss developed by (Salehi et al., 2017) adapts the Jaccard loss
outlined in Chapter 6 by adding weightings to the False Negative and False
Positive terms used for calculation of the intersection. This enables manual
tuning of the loss function to balance over and under segmentation. The
Focal Tversky loss (Abraham and Khan, 2019) returns the Tversky loss to
the power of another tunable parameter, y. y can be adjusted to either give
a larger weighting to lower performance regions, improving convergence or
it can be decreased to encourage the network to focus on challenging
locations such as thin boundaries that have a relatively small impact on the
overall loU. Well tuned, Focal Tversky loss was shown to improve

segmentation performance of narrow structures.

However, these loss functions do not consider the topological accuracy of
the output segmentation and so do not directly seek to improve the BwloU.
Since the connected components step of BwloU calculation is not
differentiable, it is not possible to trivially adapted it into a task specific loss
function. Consequently, other methods need to be applied to encourage

topological accuracy.
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One of the first studies to integrate topological information into a loss function
for training deep learning semantic segmentation models was (BenTaieb and
Hamarneh, 2016). They studied methods of improving an FCN for histology
gland segmentation. They integrated smoothness and topological priors that
were handcrafted around the known physical layout of glandular tissues. This
generated up to 10% improvement of the Dice score compared to a per pixel

loss formulation.

(Mosinska et al., 2017) created a more general loss function for
segmentation of curvilinear structures by comparing the feature maps at
different layers of a pretrained VGG19 network with the output segmentation.
This harnesses the knowledge that the pretrained network will contain
information about common object structures. With long thin structures
common in the feature maps, the loss function will encourage these

structures in the output segmentation, improving connectivity.

More flexible approaches using persistent homology methods have since
been developed that penalise incorrect connectivity of image segmentations.
Using a variant of the Wasserstein distance, a measure of the difference
between two persistence diagrams, (Hu et al., 2019) created Topoloss. This
was shown to consistently achieve a lower Betti number error compared to
dice loss when applied with a U-Net to a variety of standard datasets.
However, the complexity of this method is cubic to image size, so

computation times can be unreasonably long when larger images are used.

Since then, (Shit et al., 2020) created the CenterlineDice loss (ClDice) which
has become one of the most popular methods for encouraging topological
accuracy. They calculate the precision of the intersection of the skeleton of
the ground truth with the segmentation prediction, and the precision of the

intersection of the skeleton of the prediction with the ground truth. The ClDice
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is then the Dice score between these metrics. In order to calculate the image
skeletons, they propose a soft skeletonization approximation using iterative
min and max poolings to erode and dilate the images. This method shows
excellent performance in a range of studies and forms the least
computationally challenging connectivity focused loss function described

here. As a result, it was chosen for this study.

(Hu, 2021) also went on to develop the warping loss. Image warpings are
transformations that do not adjust the image topology. By conducting image
warpings between the segmented and ground truth images, any topological
errors will be manifested in critical points. These points cannot be adjusted
without changing the image topology, preventing a full warping between
segmentation and ground truth. The number of critical points is used as a
measure of the level of topological inaccuracy. While this is a more flexible
measure with a lower computational cost than the Topoloss, the
approximations used do not guarantee topological consistency. In addition,
the calculations involve substantial single thread CPU usage, leading to long

runtimes despite the lower complexity.

As these topologically informed loss functions can be significantly impacted
by small pixelwise differences, convergence of the neural network can be
unstable during training. In order to ensure a smooth convergence,
topological loss functions should be combined with pixelwise losses. Before
practical application, the topological loss function proportion, «, should be
assessed to determine the optimal loss function combination. A comparison

of the discussed loss functions is shown in Table 7.6.
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Table 7.6: Loss function comparison.

Computational

Function Target feature cost Origin
BCE Pointwise accuracy Low -
Soft Dice Dice score Low (Milletari et al., 2016)
(Abraham and Khan,
Focal Dice score Low 2019) modified the original
Tversky Tversky loss by (Salehi et
al., 2017)
Topological accuracy - .
Topo Wasserstein distance Very High (Hu et al., 2019)
. Topological accuracy — .
Warping Critical points High (Hu, 2021)
ClDice Topological accuracy — Medium (Shit et al., 2020)

intersection of skeletons

7.3.4. Training configuration

The analysis code was developed in Python and deep learning was
conducted using the PyTorch library (Paszke et al., 2017). In order to focus
on the impact of loss function choice on segmentation performance, the
same network design and hyperparameters were used for each training run.
These are outlined in Table 7.7 and were chosen based on a grid
hyperparameter search for a model trained and tested over all 4 tunnels with
a soft Dice loss function. This included trialing a variety of network
architectures and backbones taken from the Segmentation models PyTorch
library (Pavel lakubovskii, 2019). Each network was trained using the
PyTorch framework for a maximum of 1000 epochs on the ARC4 machine
outlined in Chapter 4. Each model was frozen at the epoch with the minimum
validation loss (assessed every 20 epochs) and the performance metrics

outlined in section 3.2 were evaluated on the frozen model.
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Table 7.7: Chosen neural network architecture and hyperparameters

Initial

Architecture Backbone Optimiser Weight learning Im_age pgtch
decay dimension
rate
UNet++ ResNeXt50_32x4d AdamW 0.002 0.001 384x384

7.3.5. Training scenarios

The first step to assess CIDice performance involves finding the optimum
proportion of CIDice to combine with soft Dice within the domain. Following
the guidance from (Shit et al., 2020), values of a from 0.1 to 0.5 were trialled.
The UNet++ was trained for masonry joint segmentation using each a value.
In order to evaluate the likely performance of each of these values in a real
world setting, where condition assessment engineers may not be able to
extensively tune neural networks for every dataset, it is vital that the
distribution of likely performance values is analysed. Each training run was
therefore repeated 7 times using different random seeds in order to verify the
results and determine the variability of each training scenario. All four

datasets were used for training.

Similar to this procedure for optimising CIDice proportion, weightings of the
Focal Tversky parameters were tuned to optimise the average loU over all
datasets with the model also trained across all datasets. The parameters

were then fixed for all further analysis.

After a was determined, analysis was conducted to assess the performance
of each loss function in expected real world applications. BCE, Focal
Tversky, Dice and CIDice loss functions were each used in combination with
5 different training regimes. Again, 7 repeats were used, producing 140

training runs for each of the 4 target testing tunnels and a total of 560 training
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runs overall. This enables further statistical analysis of each method to
assess whether observed performance differences are likely to be significant

(Rainio et al., 2024).

Each training regime represents a possible real world scenario where
masonry block identification may be part of a programme of work to create
tunnel information models or conduct digital condition assessments. For
each situation, different volumes of training data may be available. Each
training regime is summarised in Table 7.8 and visualised in Figure 7.4. Each
tunnel is split into separate training and testing regions so that the training
data from each tunnel comprises a different section of lining than that used
for testing on the same tunnel. By ensuring that all of the test sections are

independent of the training sections, there is no data leakage.

In the first scenario, where data from only a single tunnel is available (Single),
the neural network is trained on a small section of tunnel, then applied to a
different section of the same tunnel. In the case of longer tunnels, having an
assessor label masonry block locations over a small section which is then
used to conduct an automated analysis of the rest of the tunnel may still be

faster than an assessor manually labelling the whole tunnel.

The second application type is when a model trained on one tunnel is applied
‘off the shelf to an unseen structure (Other_all). Further variants of the
second method are also assessed, including where training is only
conducted on tunnels with the same lining type (Other_st). These are ideal

scenarios, as no additional tunnel specific labelling is required.

The final methods consider the situations where data from other tunnels are
combined with target tunnel data (Full_all), training the model on all available
data. Variants utilising only data from tunnels of the same lining type are also

assessed (Full_st).
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Table 7.8: Comparison of training regimes

Label Description

Single The model is trained on one tunnel and tested on the same tunnel.
Other_all The model is trained on three tunnels and tested on a fourth unseen tunnel.
Full_all The model is trained on all four tunnels and tested on one of them.
Other_st The model is trained on a tunnel with one lining material and tested on an

unseen tunnel with the same lining material.

Full_st The model is trained on both tunnels with the same lining material and
tested on one of them.

Target Tunnel -
Datasets Method - Other_ aII Method - Full aII
= ey | . Sommen
T2 Training Only Testing Only Training Only Tramm &

-
‘ﬁ» P N P l""i»"

aYa N

Method - Single Method - Other_st Method - Full_st
Training and Testing Training Only Testing Only Training Only Training &

Testing

N N Y

Figure 7.4: Visualisation of the 5 training regimes when applied to assess

Tunnel T1.
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7.3.6. Statistical analysis

The validity of conclusions about the impact of different loss functions and
training regimes must be analysed in the context of natural variability
between trained CNNs caused by the stochastic nature of neural network
optimisation. Tukey's honestly significant difference (HSD) test (Tukey,
1949) was used to test whether there is likely to be a significant difference
between the means of two compared analysis groups. A positive result
indicates that the data samples are likely drawn from different distributions.
This means that performance differences are not occurring solely due to
randomness during training and changes in the training conditions or loss
function are likely impacting performance. Tukey’s HSD is a variant of the
student’s t-test (STUDENT, 1908) that corrects for the family-wise error rate
and so can be used reliably when comparing multiple pairs of data groups.
A significance level of 5% was chosen for the performance of two groups to

be considered likely to be significantly different.

7.4. Results and Discussion

7.4.1. Optimal loss proportion

Since stone tunnel linings typically have a wider variety of block geometries
than brick linings, performance of each loss proportion is evaluated by lining
type in addition to a combined average score over all tunnels. Stone lining
refers to the average performance over T1 and T3 combined. Brick lining
shows the average performance on T2 and T4 combined. loU, Betti error and
BwloU scores were calculated and can be interpreted using figure 7.5. The
median score for each a is shown in Table 7.9. The top performing loss

function combinations are highlighted in bold for each metric.
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IOU: Range (0-1) Higher is better

Measuring pixelwise segmentation performance of masonry joints

BwIOU: Range (0-1) Higher is better

Measuring block instance segmentation performance

Betti: Range (0 - =0) Lower is better

Measuring number of topological errors

Figure 7.5: Outline of analysis metrics

Table 7.9: Median performances using increasing proportions of ClDice

ClDice proportion (a) loU BwloU Betti

Brick average

0.1 0.414 0.752 127
0.2 0.425 0.759 112
0.3 0.427 0.776 74
0.4 0.427 0.764 67
0.5 0.427 0.773 49

Stone average

0.1 0.514 0.803 126
0.2 0.500 0.793 114
0.3 0.502 0.811 79
0.4 0.507 0.813 69
0.5 0.509 0.812 34

Combined average

0.1 0.464 0.777 156
0.2 0.462 0.776 138
0.3 0.464 0.793 94
0.4 0.467 0.788 81

0.5 0.470 0.792 52
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For brick structures, there is a clear improvement in every metric as a is
increased from 0.1 to 0.3, while between 0.3 and 0.5, relatively similar scores
are achieved for loU and BwloU. Stone structures also show a broadly similar
trend for BwloU and Betti number, but not for pixelwise loU. Given the clear
decrease in Betti error with larger values of a, CIDice appears to be improving
the topological accuracy of the segmentation. Since this does not lead to
large increases in the BwloU, it is possible that the majority of topological
errors occurring with higher soft Dice loss proportions in stone tunnels are
isolated false positive segmentations rather than misconnected joints.
Removing these has negligible impact on both the pixelwise performance or
the connectivity required for joint closure around each block. Larger values
of a appear to improve the topological performance without causing notable
reductions in the loU. As a result, to enable a clearer assessment of the

impact of CIDice on BwloU, an a of 0.5 was chosen for further analysis.

7.4.2. Generalisation performance

The BwloU achieved on each testing dataset for each training regime was
examined for different loss functions. However, before the impact of each
loss function can be analysed, it is necessary to consider the variation in
performance by test Tunnel dataset, as some of the target datasets may be
more challenging to segment, leading to a wide spread of BwloU scores for
each loss function. Figure 7.6 shows the average performance by target
tunnel. The mean performance for each tunnel is shown in Table 7.10 along

with their standard deviations.

Focusing on the ‘Single’ training regime, T1, T2 and T4 achieve similar
average performances., although the BwloU of T3 is significantly higher.

However, this difference is either less significant or nonexistent for the other
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training methods that involve different structures. Furthermore, T3
performance exhibits the lowest variability of the four tunnels for every
training regime. This suggests that T3 has a lower spatial variability in
features compared to the other tunnels making it easier for a CNN to perform
effectively with only a small volume of targeted training data. Moving from
‘Single’ to ‘Other_st’ and ‘Other_all’ increases the volume of training data.
This is shown to improve performance on T1 and T2, suggesting that they
have a wider variety of features and so require a larger variety of training
data. With the exception of the ‘Single’ training regime, performance on T4
is lower than the other tunnels for all training regimes. This implies that its
feature domain has a different shape to the other datasets making it difficult

for the trained network to generalise.

A visualisation of the statistical significance of the differences in performance
between training regimes is shown in Figure 7.7. For all tunnels, ‘Full_all’
achieves the best performance since it uses the maximum volume of training
data. The ‘Other_all’ training regime also achieves excellent performance
and is particularly effective on the more homogeneous brick linings. This
shows that even with only 3 different training tunnels, a CNN can be trained
with powerful generalisation capabilities. The ‘Other_all’ and ‘Full_all’ training
methods also show smaller performance variations over the other training
methods, highlighting the positive impact of additional training data. This also
shows that similar features are present across structures, indicating that with
more training tunnels, it may be possible to create a highly generalizable
method. The ‘Other_st’ and ‘Full_st’ regimes achieve lower performances for
every tunnel compared to their more general equivalents ‘Other_all’ and
‘Full_all’ respectively. This suggests that training should generally be

conducted with as much data as possible, regardless of lining type.
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Table 7.10: Training regime block connectivity performance comparison

BwloU (Mean +/- SD)

Training Regime

Tunnel 1 Tunnel 2 Tunnel 3 Tunnel 4
Full all 0.767 0.804 0.829 0.700
- +/- 0.017 +/-0.018 +/-0.017 +/- 0.025
Full st 0.760 0.782 0.853 0.671
- +/- 0.030 +/- 0.042 +/- 0.015 +/- 0.035
Other all 0.723 0.801 0.803 0.633
- +/- 0.038 +/- 0.023 +/- 0.024 +/- 0.027
Single 0.686 0.664 0.842 0.544
9 +/- 0.042 +/- 0.073 +/- 0.027 +/- 0.275
Other st 0.683 0.631 0.756 0.474
- +/- 0.053 +/- 0.32 +/- 0.036 +/- 0.074
A — Tunnell — Tunnel 2 — Tunnel 3 _ Tunnel4
KEY' ~ (Stone) ~ (Brick) ~ (Stone) ~ (Brick)
Performance on different datasets _
1.0 Testing dataset
T
g' % O/ T2
0.8 %é %% o Hl 73
%o S T4
= . o &
0o
06 ° 'Q' °o| ° 8
2 8 o 8
Q o
=
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0.4 J
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le)
0.2
8 8
0.0 - -

Single Other_all Full_all Other_st Full_st
Training Regime

Figure 7.6: BwloU of networks trained with each training regime plotted by

testing dataset. Data from training runs using all loss functions are shown.
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Tunnel 1
Training Regime Full_all Full_st Other_all Single Other_st
Significant Difference? i YES YES i
Tunnel 2
Highest average Bw E erage Bw
Training Regime Full_all Other_all Full_st Single Other_st
L A J
Significant Difference? YES m
Tunnel 3
Highest average BWiOU 0% Lowestaverage
Training Regime Full_st Single Full_all Other_all Other_st
L A )
Significant Difference? YES YES
Tunnel 4

st average

Training Regime Full_all Full_st Other_all Single Other_st

L
[vo]

Figure 7.7: Diagram to show the pairwise Tukey HSD comparisons of training

regimes for each tunnel. Performance is ordered by mean BwloU score.

Figure 7.8 shows the variation in performance by training regime and loss
function. There is substantial performance variation due to differences in the
testing datasets and no significant differences between the loss functions
within each training regime. Compared to the pixelwise loss functions, CIDice
produces a larger proportion of very low performance occurrences when the
neural network becomes stuck in a local minima during training, leading to
increased performance variability in the ‘Single’ and Other_st’ training
regimes. Nevertheless, the highest BwloU scores are reached using ClDice
with the ‘Single’ training regime. This suggests that CIDice has the capability
to improve performance, but requires larger volumes of training data to be

reliable.
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The ‘Single’ training regime achieves acceptable performance when Dice or
Focal Tversky loss is used for training. Although Focal Tversky achieves on
average higher BwloU scores with lower variability than Dice loss, when
training on a single tunnel Dice is recommended, as it would be difficult to
reliably tune the Focal Tversky weightings with only limited training data.
When a larger volume of training data is used in ‘Other_all’ and ‘Full_all’,

CIDice starts to show marginal performance benefits over the pixelwise

losses.
Performance with different loss functions
1.0 Loss type
Il BCE
[ Focal
0.8 B CL
I Dice
0.6
-]
®
2
M
0.4
0.2
O
0.0 = -~

Sin.gle Othér_all FuII._aII Othér_st Fulf_st
Training Regime

Figure 7.8: BwloU of networks trained with each training regime and using

each loss type. Datapoints from all testing datasets are shown.
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7.5. Conclusions

Given a model trained on multiple tunnels for masonry joint segmentation,
the following key conclusions are made about performance when applied to

a new tunnel:

¢ Choice of training regime has a much larger impact on performance
than the chosen loss function

e Labelling a section of the target tunnel and retraining the model with
this section in addition to existing training datasets improves
performance over the rest of the target tunnel

e Although similarity between the tunnels used for training and the
target tunnel is a key driver of performance, the best performance is
achieved in most cases when training with the largest volume and

variety of data

Based on these conclusions, the following practical recommendations are
made. Training on all available tunnel data consistently achieves higher
Blockwise Intersection over Union scores than when trained only on tunnels
of similar type. As a result, it is recommended that when other masonry
tunnel datasets are available, all datasets are used for training regardless of
the tunnel type. Furthermore, if time permits, it is valuable to label a small
section of the target tunnel and retrain with all datasets to enable the model
to characterise features unique to the target tunnel. In the case where limited
analysis time restricts the creation of new training data from the target tunnel,
in many cases acceptable performance will be achieved training with only
the existing training datasets. However, as shown on Tunnel 4, performance
will be poor when a tunnel has features significantly different to those used

for training. It is recommended to only skip retraining with target tunnel data
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when there is a tunnel with similar lining properties and damages to the target
tunnel in the existing training set. If no existing data is available, acceptable
performance can be achieved by using a model pretrained on ImageNet and
training further using only a small section of the target tunnel. However, a
higher variability in performance is expected. Labelling a small testing
dataset on the target tunnel to verify the performance of the model is

recommended regardless of chosen training regime.

Differences in tunnel features utilised by the neural network are not only
caused by changes in lining material or damage level. Domain shift may
occur due to differences in the accuracies of the lidar scans when using
different scanners or processing methods. These may lead to changes in the
local morphology of the lining point cloud. Alternatively, if masonry tunnels
from other regions are used, then different lining geometries may also be
prominent. In these cases, it is expected that performance would follow a
similar trend to that presented here depending on the difference in feature
space of the tunnels. Domain shift performance would need to be validated
using samples from the different domains. If photographic tunnel data was
used instead of 3D lidar data, then the procedure used in this study would
need to be replicated to determine the variability of performance on unseen
tunnels. Qualitatively, the features most prominent in tunnel lining RGB
image data are substantially different to those in a depth map, so it is unlikely
that the analysis conducted here could be readily applied to photographic

data.

In general, soft Dice loss is proven to be a stable and consistently effective
loss function for masonry joint semantic segmentation. Introducing a
proportion of ClIDice is shown to improve the topological accuracy of the

segmentation. However, this can lead to instability during training, resulting
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in the loss failing to converge when the training data volume is small. Most
importantly, improved topological accuracy brought by CIDice does not result
in significantly improved block instance segmentation performance. Further
work should be conducted to assess how performance variability can be
reduced. The impact of increased training data volume should be compared
to increased variety of training data from different tunnels. In addition,
topological data analysis is a rapidly growing field and there are multiple
other emerging methods for encouraging topologically correct segmentations

that could be analysed.

To conclude, this chapter shows that deep learning can be successfully
applied for masonry joint segmentation on tunnel linings with small volumes
of training data and that with only three tunnels used for training, it is possible
to achieve acceptable performance on a previously unseen tunnel. This
verifies the ability of the trained masonry joint segmentation models to be
applied in practise to the proposed masonry spalling severity segmentation
workflow. Finally, it shows that there are clear performance variations
depending on the training regime and demonstrates how the applied training
regime should be chosen considering both the similarity of lining type and
condition between training and testing data, and the total volume of available

labelled data.
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8. Performance prediction*

*This chapter includes parts of published works (J. M. W. Smith and

Paraskevopoulou, 2025)

We have demonstrated how the masonry damage segmentation workflow
can be used on real world structures and assessed how the performance
varies between them by studying the performance of CNN based masonry
joint semantic segmentation, a key bottleneck in the workflow’s performance,
in different situations. However, even when we know the optimal conditions
for good results, it is still unknown how well the method will perform on a
specific structure without extensive manual verification. Given the safety
critical nature of tunnel condition assessments, for these methods to be
practical in real world applications, engineers need to be able to trust the
method’s outputs on specific structures. In addition, given the variety of
masonry tunnel lining surfaces and the black box nature of deep neural
networks, it is difficult to intuitively determine whether a structure’s features
are in or out of the distribution of the training data and what the requirements
are for a specific trained network to perform well. Even for homogeneous

concrete structures, concerns about generalisability have limited adoption.

There are multiple methods that can improve neural network performance on
unseen structures including data augmentation (Shorten and Khoshgoftaar,
2019), domain adaption methods (Guan and Liu, 2022) and active learning
(Budd et al., 2021). However, even when these methods have been adopted,
it is vital that performance can be quantified in the target application for the
method to be trusted. For the case of masonry joint segmentation, this would
typically involve manually labelling a section of tunnel, before assessing

segmentation performance against standard quality metrics such as
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Intersection over Union (loU), or Receiver operating characteristic (ROC).
This involves time consuming manual annotation by a trained operator. A
further issue with this approach is that lining damages and repair work are
usually localised, so assessments performed on sample lining data taken at
one part of the tunnel may not be representative of the performance

throughout the tunnel length.

For deep learning based tunnel analysis workflows to be effectively applied,
it is vital that an engineer can quantify the uncertainty in their predictions
(Zhang et al., 2021). Ideally, this would involve generating uncertainty maps,
so that further analysis can be conducted to verify performance or manually
correct a model's segmentation in localised areas. This retains the time
saving benefits of these automated workflows where they perform well, but
reduces the risk of unverified analysis where there are possibly inaccurate

segmentations.

(Feng et al., 2023) investigated how to generate visual explanations of shield
tunnel leakage segmentations generated by U-Net style neural networks.
They used Grad-CAM++ to explain the reasoning behind the black box U-
Net models output leakage segmentations. Grad-Cam uses the derivatives
of the feature maps in the last convolutional layer to identify which pixels
contribute the most to the segmentation output. However, while this method
is useful to investigate which features are leading to incorrect segmentations
so can be used to determine a model’s limitations, alone it does not indicate
how likely the segmentation is correct. Without labelled testing data on the
target tunnel, uncertainty quantification methods are required to determine
how confident a CNN model is that its segmentation is correct. There have
been substantial recent developments in uncertainty quantification for deep

learning computer vision applications in the healthcare field (Lambert et al.,
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2024). However, there has been limited application of these methods for

infrastructure condition assessment tasks.

This section provides an evaluation of which uncertainty quantification
methods have the most potential for validating deep learning models applied
to real world railway tunnel condition assessment tasks. The chapter
compares which methods are most applicable to the task of masonry joint
semantic segmentation from lidar data. It considers how uncertainty
quantification could be applied in real world masonry tunnel condition
assessments and demonstrates the utility of creating uncertainty maps. The
study also assesses the correlation between segmentation uncertainty and
performance. Overall, this chapter aims to provide guidance on where
uncertainty quantification methods could provide value for an engineer, and
which would need further development for their insights to be useful and

readily interpretable.

8.1. Uncertainty Quantification

As most modern deep learning approaches are black boxes, researchers
have looked at various methods for verifying whether a neural network
prediction is trustworthy. While many studies have focused on how to explain
a model’s conclusion (Samek et al.,, 2021), for the task of semantic
segmentation many of these methods have been proven to be either
misleading or overcomplex, restricting their interpretability (van Zyl et al.,
2024). As a result, this study restricts its analysis to assessing the validity of
neural network predictions through uncertainty quantification methods. In
the field of deep learning research, uncertainty quantification methods focus
on identifying, characterising and quantifying the level of uncertainty in a

model’s predictions.
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8.1.1. Types of uncertainty

Uncertainty can be classified into two types: Aleatoric and Epistemic
(Kiureghian and Ditlevsen, 2009). Aleatoric uncertainty refers to inherent
randomness in the data that can cause changes in the model predictions. In
this application it could be caused by any aspect with unpredictable values
for a specific pixel, such as noise in the lidar scan or surface roughness of
the masonry lining. Arguably, any feature relationship which is present in the
training data, but too complex for the network to characterize, could also be
considered as a cause of aleatoric uncertainty as its impacts are effectively

random (Valdenegro-Toro and Saromo, 2022).

Epistemic uncertainty represents uncertainty in the output caused by a lack
of understanding of the target domain by the model. This is caused by test
data having features that are either not represented in the training set or not
properly characterised by the model. This results in the test images being out
of distribution of the relationships learned by the network leading to
unpredictable performance. Features causing epistemic uncertainty will be
those most impacted by the domain shift between different tunnels.
Examples would be masonry block sizing and shapes, levels and types of
damages observed and differences in the mortar joint composition, condition

and thickness.

Ideally, the pixelwise SoftMax probability output by the neural network should
represent the level of confidence that the model has in its prediction.
However, modern convolutional neural network designs are often
challenging to properly calibrate within the training data domain and tend to
yield confident, but incorrect predictions on out of domain test data (Minderer
et al.,, 2021). As a result, uncertainty quantification methods have been

developed to assess a neural networks uncertainty when applied to a specific
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dataset. Monte Carlo Dropout (MCD), Test Time Augmentation (TTA) are

two commonly used methods that have been chosen for this study.

Unsupervised methods for anomaly segmentation and associated
uncertainty estimation have also been developed (Gao et al., 2022). These
methods typically involve self-training a student and teacher network. They
have been applied to medical images (Adiga V. et al., 2024) and for structural
surface damage detection (Lei et al., 2024). However, these methods have
not been designed to quantify the aleatoric and epistemic uncertainty of the

output from existing trained models, so are not examined further.

8.1.2. Monte Carlo Dropout (MCD)

Monte Carlo Dropout enables the estimation of epistemic uncertainty by
varying the neural network design when testing the target dataset. Dropout
was initially developed to prevent model overfitting and involves randomly
omitting feature detectors during training each time gradients are updated
(Hinton et al., 2012). This prevents the learning of overly complex and
probably meaningless feature relationships that are unique to each training

data sample and so worsen performance on test data.

While the network is usually frozen and all neurons are retained for testing,
MCD involves applying dropout at test time. The testing data is run through
the network with different neurons dropped out each time and the resulting
variations in output give an indication of the level of uncertainty in the
network’s predictions. First proposed by (Kendall et al., 2017) and
theoretically proven as a Bayesian equivalent in (Gal and Ghahramani,
2016), test time dropout approximates the posterior distribution of the

network’s weights, by Monte Carlo sampling the network’s predictions. By
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assessing the model variance on a particular test image, it is possible to

assess the epistemic uncertainty of the prediction (Kendall and Gal, n.d.).

MCD has been applied relatively extensively for semantic segmentation
tasks in the medical field, where quantifying uncertainty levels on medical
imaging tasks are vital for a clinician to make informed decisions about a
patients’ treatment options (Arega et al., 2021; Laves et al., 2019; Nair et al.,
2020; Seebdck et al., 2019; Wickstrgm et al., 2020). However, while some
studies have applied MCD for uncertainty quantification of construction
object segmentation (Vassilev et al., 2024) and concrete damage
assessment (Dos Santos et al., 2024; Rathnakumar et al., 2023; Sajedi and
Liang, 2020), it has not been applied to semantic segmentation tasks on
older less homogeneous infrastructure such as masonry lined tunnels. This
is despite the need for similar safety critical decisions to be made on those

structures based on a neural network segmentation output.

8.1.3. Test Time Augmentation

Test Time Augmentation (TTA) is a commonly applied method for estimating
the heteroscedastic aleatoric uncertainty in a model’s prediction. While data
augmentation during training to improve test time performance is well
documented (Shorten and Khoshgoftaar, 2019), (Ayhan and Berens, n.d.)
were the first to apply test time augmentation to help understand the aleatoric
uncertainty in their model’s output. They made 128 copies of their test
samples and ran them through standard training image augmentations to
produce 128 variants of their test data. They then put these images into their
trained image classification network and observed the variations in outputs
between the transformed images. (G. Wang et al., 2019) later formalised

their method and assessed its potential for uncertainty quantification using
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the Volume Variation Coefficient (VVC) of segmented structures for brain
tumor segmentation. They showed a negative correlation between the VVC,
calculated by dividing the segmentation volume variance by it's mean, and
the segmentation dice score. Although less commonly adopted than MCD,
TTA has been adopted for uncertainty quantification of other types of medical
images (Lin et al., 2023; Zheng et al., 2022). It has not been applied to

structural condition assessments.

8.2. Purpose of Chapter

The object of this chapter is to analyse the potential of MCD and TTA for
quantifying the uncertainty of neural networks trained for masonry joint
segmentation from lidar data. This will increase the trustworthiness of
automated masonry lined tunnel condition assessment procedures that rely
on deep learning based masonry joint segmentation. The study aims to
provide a method for automatically highlighting anomalous segmentations to
an engineer so that they can be manually adjusted or removed. It provides

the following three contributions:

- A comparison of MCD with TTA for structural condition assessment
uncertainty quantification.

- An analysis on whether uncertainty can effectively predict
performance.

- Consideration of the usefulness of generated uncertainty maps.

The study adapts the U-Net style neural network outlined in Chapter 6 to

analyse two uncertainty quantification methods:

- Monte Carlo Dropout (MCD)

- Test Time Augmentation (TTA)
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The study compares these methods and investigates the correspondence

between uncertainty and model performance.

8.3. Methods

After labelling, the images were upsampled such that each tunnel had the
same average number of pixels per masonry block. Tunnel 3 has the largest
masonry blocks, so 1,2 and 4 were adjusted to match. Data from each tunnel
was then split into training, validation and testing sets using the full_all format
applied in Chapter 7 and a 4:1 validation to training data split. Finally, images
were split into 384x384 pixel patches. This was to ensure that the neural

networks could be trained within the available VRAM constraints.

8.3.1. Neural Network Training

In order to focus on uncertainty quantification performance, a basic U-Net
style neural network was chosen for the analysis. The network architecture
from (Do et al., 2020) was used. This consisted of 4 down sampling
convolutional layers in an encoder followed by 4 up convolutional layers in
the decoder. The model was trained using the hyperparameters outlined in

Table 8.1 on the AIRE workstation outlined in Chapter 4.

Table 8.1. Chosen neural network architecture and hyperparameters

. Initial
Architecture Optimiser Weight Ba!tch learning Pretraining
decay size rate

U-Net AdamW 0.002 8 0.001 ImageNet
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8.3.2. Quantifying Epistemic and Aleatoric

uncertainty

It is necessary to wholistically assess the performance of each uncertainty
quantification method given the wide possible variations in feature
distribution of both the trained neural network selected and target tunnel
lining. As the aim of the uncertainty quantification is to indicate the neural
network’s performance and applicability to a specific tunnel, performance on

both in and out of distribution tunnel data needs to be assessed.

Four different tunnels were available for this study, so the neural network
was trained three times using different hyperparameters to simulate a total
of 12 different domain-shift scenarios. This creates different levels of
epistemic uncertainty. Details of these networks are described in Table 8.2.
The differences between the trained networks act as a proxy for the wide
variety of possible differences in features between training and testing data
tunnels due to their geometries, material type and damage levels. Aleatoric
uncertainty also needs to be modelled. In order to artificially create
uncertainty in the test data, random Gaussian and Perlin noise was added to
each test image. Two levels of noise were chosen, with scale factors of 0.15
and 0.3 applied to the magnitude of the noise. All data augmentations were

implemented using the Albumentations Python library.

Networks A, B and C were trained with random vertical and horizontal flips.
Through trial and error, the data augmentations that lead to the best test data
performance were determined and applied for Network A. Network A was

trained with the full set of data augmentations described within section 6.6.4.
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Table 8.2: Differences between trained neural networks

Network Description Augmentations Training
epochs
This is a well trained network that
generalizes effectively to operate
A: Well on different structures. Due to data High 1200

generalised augmentations, a wider feature
distribution is represented in the
networks training.

This network has been trained to
achieve excellent performance on
the training set. It has a narrower
B: Overfitted  feature distribution, so features Low 1000
from other tunnels are more likely
to be poorly represented in the
network.

The network has been undertrained
so does not learn a detailed
C: Underfitted  representation of the target domain. Low 200
However, it retains a wide feature
distribution from pretraining.

8.3.3. Neural Network Performance

Each network was trained on Tunnel 1 before being applied to the test data
of all 4 tunnels. Performance was assessed using the BWIoU outlined in

section 7.1.3.

As MCD requires training with dropout enabled, the networks were trained
with and without dropout in order to assess if including dropout has negative
performance impacts. Performances of the networks trained without dropout
are shown in Table 8.3 and the outputs are visualised in Figure 8.1. Itis clear
that Network A has better generalisation performance than B and C. The
overfitting of Network B to Tunnel 1 yields the best results on Tunnel 1 test
data at the expense of Tunnels 2, 3 and 4 performances. Performance on
Tunnels 2 and 4 is worse than Tunnel 3. This is likely due to the differences
in features between stone and brick lined tunnels. Although the decrease in

performance when moving from Network A to B and C is qualitatively visible
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in Figure 8.1 for tunnels 2 and 4, the loU shown in Table 8.3 decreases
substantially. This is because even when the joints are segmented largely
correctly, small gaps in the joints connect adjacent block instances, leading

to a substantial breakdown in block segmentation performance.

Table 8.3: Neural network performance without dropout

BWIoU on test data

Network
Tunnel 1 Tunnel 2 Tunnel 3 Tunnel 4
A 0.62 0.38 0.68 0.33
B 0.63 0.02 0.44 0.02
Cc 0.60 0.07 0.71 0.09
Image Tunnel 1 Tunnel 2 Tunnel 3 Tunnel 4

Input
Raster

Ground
Truth

Network

A

Figure 8.1: Comparison of neural network segmentation outputs on a section

of testing data from each tunnel.
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The model was then trained with dropout enabled, with a dropout probability
of 0.5 for each neuron. As shown in Table 8.4, this produces slightly higher,
but largely similar results. Tunnel 4 performance is particularly improved.

This is possibly due to the regularising effect of dropout.

The impact of the artificially added noise on neural network performance was
also assessed. Figure 8.2 shows how added noise impacts the
segmentations of a section of testing data taken from Tunnel 3. Figure 8.3
visualises the distribution of performance decreases for each tunnel segment
when the amount of added noise is increased. It can clearly be seen that for
every network, adding noise decreases performance. For Network B, the
change is less pronounced. This is likely because it achieves poor
performance on Tunnels 2,3 and 4 in the no added noise case, but good
performance on Tunnel 1. Adding noise has little impact when the
performance is already low. This is reflected in the visualizations in Figure

8.2.

Table 8.4: Network performance with dropout. Dropout probability = 0.5

BWIoU on test data

Network
Tunnel 1 Tunnel 2 Tunnel 3 Tunnel 4
A 0.65 0.42 0.67 0.46
B 0.67 0.02 0.56 0.19

C 0.69 0.2 0.71 0.19




225

Output Segmentations

Added

- Network A Network B Network C
w 10U = 0.336 IOV = 0.168 10U = 0.29
None -.I

|
10U = 0.294 I0U = 0.152 10U = 0.201
- .
10U = 0.231 I0U = 0.066 I0U = 0.201
High

00 0.2 0.4 0.6 0.8 1.0

Figure 8.2: Comparison of segmentation sigmoid output by neural network
computed on a single patch of testing data given different levels of added
noise in the input image patch. The outputs for Low and High noise levels

are the average of the output over 5 different added noise maps.
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Change in segmentation performance
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Figure 8.3: Histograms showing the change in loU for each patch when the
magnitude of the added noise is increased. The mean increase in loU over

all patches is shown at the top of each figure.

8.4. Uncertainty metrics

Both MCD and TTA produce a number of output segmentations that need to
be compared for uncertainty to be quantified. Two different uncertainty

metrics were chosen.

- Uncertainty Mean Intersection over Union (UMIloU). The loU between
each output segmentation and the mean of all generated
segmentations is calculated leading to an loU score for every Monte
Carlo sample. The UMIoU is the mean of all the sample loUs. Higher
uncertainty leads to a lower UMIoU.

- Area Variation Coefficient (AVC). This is a 2D version of the VVC
used within (G. Wang et al., 2019). A summation of the number of
predicted masonry joint pixels for each Monte Carlo sample is

performed. The AVC is calculated by dividing the standard deviation
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between these summations by their mean. Higher uncertainty leads

to increases in the AVC.

Uncertainty maps were generated for each segmented image patch by
calculating the standard deviation between the segmentation prediction of
each Monte Carlo sample for each pixel. Each pixel value on the uncertainty

map is then set as the calculated standard deviation.

8.5. Test Time Augmentation

Test time augmentation was applied to each of the three neural networks
once trained with dropout enabled. Gaussian noise, Perlin noise, brightness
and contrast shifts, and random vertical and horizontal flips were chosen as
the augmentations. Each 384*384 test image crop was augmented in 50
different ways. The UMIoU and AVC were calculated between each of the

50 segmentations for each image.

The generated uncertainty maps are visualised in Figure 8.4 for an image
patch with varying levels of added noise in the input image. For Network A,
Although the AVC increases with increasing noise levels, visually, there
appears to be fewer areas of uncertainty. Inspecting Figure 8.4, the network
does not identify as many joint locations with the increase in noise. This
suggests that if the noise level is significant enough to completely obscure
image features, then the network will be more confident in its prediction even
though it is incorrect. The AVC is able to reflect the increased uncertainty as
it is normalised by the area of predicted joints, so is robust to the decreased
segmentation area. Networks B and C show decreases in the UMIoU with
increasing noise, it is unclear that the level of uncertainty is increasing from

viewing the uncertainty maps alone.



228

Output TTA uncertainty map

Added
noise

Network A Network B Network C

AVC = 0.544, UMIOU = 0.224 AVC = 0.57, UMIOU = 0.245 AVC = 0.613, UMIOU = 0.237

None

AVC = 0.688, UMIOU = 0.281 AVC = 0.546, UMIOU = 0.207 AVC = 0.982, UMIOU = 0.216

Low

AVC = 1.158, UMIOU = 0.25 AVC = 0.476, UMIOU = 0.177 AVC = 0.578, UMIOU = 0.152

High

Figure 8.4: TTA uncertainty maps for a patch of Tunnel 3 data given different
trained models and synthetically added noise magnitudes. The standard
deviation of the sigmoid output over all samples is shown for each image

pixel (larger is more uncertainty).

The distribution of increases in AVC over all image test patches is visualised
within the histograms in Figure 8.5. The mean AVC value increases for all
networks when the level of added noise is increased. For Network B, the
increases are lower. As Network B has poor generalization performance, it
is unable to effectively characterize out of distribution data. It is less able to

reduce its prediction confidence in uncertain situations. As a result, it likely
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produces universally more confident predictions due to incorrect

identification of features in the test data as those from the training data.

The AVC and UMIloU uncertainties on each patch are plotted against
segmentation performance in Figure 8.6. There are no clear relationships

between uncertainty value and segmentation performance observed for TTA.
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figure.
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Uncertainty plotted against performance
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Figure 8.6: TTA uncertainty values plotted against segmentation
performance for each trained neural network. AVC and UMIoU uncertainty

metrics are compared.

8.6. Monte Carlo Dropout

Monte Carlo dropout was analysed for each of the three trained neural
networks. Dropout was applied during inference with a probability of 0.5 per
layer. Each 384*384 test image crop was put through the trained network
100 times. The UMIloU and AVC were calculated between each of the 100
Monte Carlo sampled segmentations for each image. The generated
uncertainty maps are visualised in Figure 8.7 for an image patch from both a
section of Tunnel 1 data, which should have a low level of epistemic
uncertainty, and a section of Tunnel 3, which should have a higher level of

epistemic uncertainty.
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Output Uncertainty maps

Test
— Network A Network B Network C
Dataset
3 AVC = 0.024, UMIOU = 0.015 AVC = 0.003, UMIOU = 0.004 AVC = 0.014, UMIOU = 0.009
- . . .
AVC = 0.817, UMIOU = 0.017 AVC = 0.553, UMIOU = 0.036 AVC = 1.201, UMIOU = 0.017
Tunnel 3

Figure 8.7: MCD uncertainty maps for a patch of Tunnel 1 and Tunnel 3 data
given different models. The standard deviation of the sigmoid output over all

samples is shown for each image pixel (larger is more uncertainty).

For Network A, the uncertainty maps clearly show the locations where
varying segmentations are possible. For example, there is clearly uncertainty
in Network A’s segmentation at the top of the Tunnel 1 patch. Observing the
regularity of the masonry, it is likely that at this location masonry cracks are
being predicted as joints. For Network B, there is a substantial increase in
both the AVC and the level of uncertainty that can be qualitatively observed.
The change in epistemic uncertainty is most extreme for Network B as it is
overfitted to Tunnel 1. This demonstrates how uncertainty maps can be used
to determine which tunnel areas are likely to be within the distribution of the

trained model.

The correlation between MCD uncertainty and segmentation performance
can be observed in Figure 8.8. There is a weak negative correlation between

AVC and loU for Network B and C, however it is less pronounced for Network
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A. This is possibly because Network A generalizes better to unseen data

than Network B and C. This would cause epistemic uncertainty to have less

of a negative performance impact than for Networks B and C. An alternate

explanation is that Network A may capture a broader variety of feature

relationships than Networks B and C, due its exposure to a wider variety of

training data. The more complex relationships are more adversely impacted

by dropout than the simpler relationships in Networks B and C. This would

lead to MCD generating universally higher levels of uncertainty and suggests

that MCD can be used to indicate the generalizability of a trained network. A

further analysis covering a wider variety of datasets would need to be

conducted to fully separate the impacts of these factors.
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Figure 8.8: MCD uncertainty values plotted against segmentation

performance for each trained neural network. AVC and UMIoU uncertainty

metrics are compared.
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8.7. Uncertainty visualisations

Having analysed the capabilities of each uncertainty quantification method,
it is important to be able to visualize each metric in an accessible and
informative way. We propose projecting the AVC scores of each 384*384
image patch onto the output segmentation maps. This enables an engineer
to efficiently scan the tunnel lining for areas with high uncertainty. The
pixelwise uncertainty maps should be inspected when a specific area
requires a more detailed inspection. They can then be used to view alternate
possible segmentations. An example of this is shown applied to a section of
the Tunnel 3 test data in Figure 8.9. The correlation between segmentation

performance and MCD uncertainty can be observed.

Without uncertainty maps, it would be necessary for an engineer to inspect
every segmentation map in detail to validate the segmentations. However,
Sections 3.3 and 3.4 show that although high levels of uncertainty are
correlated with poor performance, it is possible for a patch with low epistemic
or aleatoric uncertainty to also generate a poor segmentation. As a result,
areas with poor performance, where the segmentation needs to be manually
analyzed and corrected cannot be exclusively determined using uncertainty
values. It is necessary for an engineer to take a holistic approach when
identifying locations with poor segmentation performance. The following

workflow is suggested:

1. An engineer should identify the typical masonry block dimensions
from the segmentation maps. If there are multiple types of masonry
present, then the engineer should conduct the following steps over
each type of masonry in turn as uncertainty values are not directly
comparable between areas with substantially different properties.

TTA and MCD image patches should be sorted by uncertainty level.
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2. Starting from patches with the highest uncertainty, the patch
predictions should be observed alongside the pixelwise uncertainty
values and the input depth map. If the predicted joint locations do not
appear realistic, then the segmentation should be manually
corrected. The MCD pixel uncertainty maps show segmentation
outputs with variants of the trained neural network. They can
therefore be used as a guide to identify more realistic segmentation
candidates.

3. Step 2 should be conducted for patches with progressively smaller
uncertainties until the observed patches have qualitatively acceptable
segmentations.

4. It is necessary to account for areas where there may be poor
segmentation performance despite a low level of uncertainty being
identified. These regions are likely caused by abnormalities in the
input depth map caused by tunnel features that have not been
encountered during training and are challenging to accurately identify
from the depth map alone. While many of these cases will lead to
epistemic uncertainty, it is possible for the network to be confidently
incorrect if a joint is not visible in the depth map. This may occur, for
example, if the mortar is level with the masonry surface. In addition,
high levels of noise are not always detected by TTA as aleatoric
uncertainty if no reasonable segmentations can be generated. As a
result, the engineer should conduct further pixelwise segmentation
verification in areas they have identified as anomalous during their

on-site qualitative inspection of the tunnel.
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Although this method is not guaranteed to remove all incorrect
segmentations, it is a cost effective procedure for improving segmentation
performance given limited available manual analysis time and would

substantially reduce the analysis time compared to full manual labelling of

masonry block locations.
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Figure 8.9: Patchwise and pixelwise uncertainty metrics visualised over an
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area of Tunnel 3 to show how they can be interpreted over a larger area of
tunnel. Pixel uncertainty shows the standard deviation of each pixel (Larger
is more uncertainty). Patch certainty is 1 minus the AVC uncertainty for each

input image patch (Larger is less uncertainty).
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8.8. Discussion and Conclusion

Both Test Time Augmentation (TTA) and Monte Carlo Dropout (MCD)
generate uncertainty maps that can aid in the interpretability of deep learning
based masonry joint segmentations. MCD enables alternate possible
segmentations to be viewed, visualizing the sensitivity of the output to the
neural network training environment. The Area Variation Coefficient (AVC)
can be used to demonstrate how increased epistemic uncertainty leads to
decreased segmentation performance. However, the uncertainty values
generated by Monte Carlo dropout are sensitive to aleatoric uncertainty.

Adding noise decreases the AVC of MCD uncertainties.

TTA shows how small changes in the input data lead to changes in the
segmentation output. Qualitatively, the produced TTA uncertainty maps are
strongly dependent on how robust a trained network is to noise. The AVC of
TTA outputs is increased with increased noise levels, enabling it to be used
as an indicator of the quality of the input images and the resulting aleatoric
uncertainty. However, it is not shown to correlate with segmentation
performance, as this is strongly driven by epistemic uncertainty caused by

domain shift between the tunnels analysed.

For both TTA and MCD, the UMIoU is not shown to be a useful metric of
uncertainty. The UMIoU does not correlate in most cases with the AVC or
the perceived level of uncertainty observed in the uncertainty maps. As a
result, the AVC is proposed as the standard segmentation uncertainty

evaluation metric.

There is a substantial runtime increase when implementing uncertainty
quantification methods. The runtime increase is proportional to the number

of augmentations or dropout variations that are assessed, since inference
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needs to be computed for every Monte Carlo and augmentation sample. For
this study, implementing TTA and MCD increased the inference time by
approximately 1500%, as 100 MCD samples and 50 TTA samples were
used. Reducing the number of samples reduces the effectiveness of the
method as it is necessary to generate a distribution of outputs in order to
more confidently determine the mean and standard deviation of them. With
a low number of Monte Carlo samples, it is possible that key augmentation/
dropout permutations are missed, generating misleading results. It is
recommended that MCD and TTA should only be implemented on standard
office hardware when the computational cost of inference is small.
Alternatively, cloud compute instances could be rented for the inference
process. This would prevent the analysis time forming a bottleneck in
conducting a condition assessment without requiring the purchase of
expensive specialist hardware that may only have occasional use over the

lifetime of a project.

To conclude, both TTA and MCD provide valuable insights into the
uncertainty of masonry block segmentation outputs and AVC score maps
can be effectively used to indicate to a tunnel inspector the locations where
a neural network has high levels of uncertainty. Within a specific tunnel, the
AVC value correlates with segmentation performance, enabling an inspector
to easily identify the most effective locations to conduct manual validation or
correction of the output masonry joint segmentation map. However, there are
limitations with using uncertainty alone as a proxy for segmentation
performance since their power is dependent on the specific trained neural
network. It is suggested that the level of uncertainty is calibrated against
segmentation performance on samples of unseen testing data before being

applied in practice. A well trained and generalised neural network should
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generate more strongly correlated uncertainty scores. However, it is still
necessary to conduct a qualitative visual inspection of a tunnel lining to
identify where obvious lining anomalies may impact segmentation

performance.

In order to determine how uncertainty maps could be integrated into real
world tunnel condition assessments, further work needs to be conducted to
analyze how accessible and interpretable these methods are for engineers
who are not familiar with machine learning. Furthermore, asset managers
need to be consulted to determine how far uncertainty quantification methods
would improve their perception of the trustworthiness of automated tunnel

analysis workflows.
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9. Workflow performance assessment®

*This chapter includes parts of published works: (Smith et al., 2024)

With the theory behind the proposed masonry tunnel spalling severity
segmentation workflow verified in Chapter 5 and the performance of the joint
and damage segmentation steps of the workflow assessed on real tunnels in
Chapters 6 and 7, it is necessary to evaluate the full workflow in the context
of real world tunnel condition assessments. The aim of this chapter is to
assess the overall performance of the workflow proposed in Chapter 5 on
real tunnel data to determine its limitations and its place in the future of
masonry lined tunnel condition assessments. It then outlines
recommendations for future work that would be required before the workflow

could be reliably applied by industry.

The workflow was evaluated in this chapter on sections of the stone lined
tunnel T1 and brick lined tunnel T2 alongside unseen tunnel T5. The
workflow was run through 10m long sections of each tunnel on device L2
using the U-Net Mit_b5 model evaluated in section 6.7 for masonry joint
segmentation and the UNet++ MobileNet_v2 model proposed in section 6.8
for masonry damage segmentation. Each CNN was trained on sections of
tunnels T1, T2, T3 and T4 previously used for training in section 7.3.5. A
quantitative performance analysis was first conducted on separate test
sections of T1 and T2, which have existing ground truth spalling severity
maps. T1 was selected as a representative stone lined tunnel and T2 as a
brick lined one. T1 performance was then used to investigate the sensitivity
of the workflow output to the Damage Proportion Threshold (DPT) used in

the plane fitting stage. Afterwards, a qualitative evaluation was conducted on
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a section of Tunnel T5 against a manually recorded visual inspection report.

Using T5 as a case study, three sets of analysis were conducted:

1. Run time analysis: The processing time of each section of the
workflow was evaluated with mobile netv2 and mit_b5 encoders. The
impact of point cloud density on processing time was explored.

2. Point cloud density investigation. The impact of point cloud density
on processing time and joint segmentation was explored.

3. Qualitative real-world performance analysis. The output of the
automated workflow was compared with that of a manually identified

damage map and change detection outputs.

9.1. Quantitative analysis on T1 and T2

The full spalling severity segmentation workflow was evaluated on test
sections of T1 and T2 subsampled to 4mm point spacing. With the manually
defined damage depth map set as the ground truth, Table 9.1 shows the loU
of the automated workflow for each level of spalling severity segmented. The
longer evaluation time on T2 was due to the smaller sized, but increased
number of blocks on the brick lining. As conducted in Chapter 7, the depth
map rasters of the smaller blocks were resized such that average block
dimensions matched that of the larger stone blocks in T1. Operating on larger
images lengthened the runtime of each stage of the workflow. The sections
of T1 and T2 used for testing are shown in Figure 9.1. Evaluation was
conducted with no manual input, using default parameters. Figure 9.2 shows
the output of the workflow on T1. As performance was evaluated on the
damage locations reprojected onto the point cloud, the loU was evaluated

per point.
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Tunnel T1 Tunnel T2
Lidar RGB data Lidar RGB data

W 10.41m

M/

11.85m
Tunnel T1 Tunnel T2
Lidar intensity data Lidar intensity data

Figure 9.1: Visualisations of the sections of tunnels T1 and T2 used for
testing the trained spalling severity segmentation workflow. Point cloud RGB
and lidar intensity data recorded during the point cloud surveys of each

tunnel are shown.

Table 9.1: Performance of the trained workflow on the test sections of tunnels
T1 and T2. Performance is shown by severity level using the manual

method’s output as the ground truth.

Workflow >S1 >S82 >S3
Number -
Tunnel of blocks runtime damage damage damage
(s) loU loU loU
T1 755 180 0.648 0.507 0.496

T2 7101 613 N/A 0.237 0.432
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9.1.1. Performance discussion

As T1 is stone lined but T2 is brick lined, the spalling severity levels for each
tunnel are defined differently in Network Rail’'s standards (Network Rail,

2016). The depth thresholds for each severity level are shown in Figure 9.2.

For T1, S1 performance was greater than S2 and S3, although all loU scores
are acceptable. Performance on T2 was worse than T1. For S3 spalling, this
was most likely because of poorer damage segmentation performance on T2
due to the smaller size and resulting lower resolution of each masonry block.
The accuracy of the lidar scanner used appears to be insufficient in some
areas, with substantial levels of noise limiting the neural network masonry
joint segmentation performance. The small amount of S2 and S1 spalling

within the T2 test data yields the S1 and S2 results for T2 inconclusive.

For both tunnels, S3 spalling was substantially more extensive than S1 and
S2. It was also more difficult to accurately manually segment S3 areas, as
the small 10mm threshold makes it challenging to identify against noise. For
the automated workflow, to achieve a similar level of S3 segmentation
performance, the damage segmentation neural network performance needs
to be greater than that for S2 and S1. This is because small changes in the
fitted plane location will have a greater impact on the predicted S3 spalling

locations.

Conversely, poor S1 and S2 performance was mostly caused by the spatial
extent of spalling fully covering multiple blocks. This led to adjacent blocks
being used for plane fitting, an approximation which impacts the accuracy of
the output defect depth map. S1 and S2 severities have a substantially
greater significance to the health of the structure than S3 and typically require

imminent repairs after an inspection. For S3 spalling, during manual analysis
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small quantities are typically ignored and larger areas do not need accurate
localisation. Only a notification of the presence of S3 in a broad area is
required, to mark it for future inspections. Table 9.2 shows a comparison of
the extent of spalling within each severity category against the ground truth.
As expected, the performance of total S3 spalling extent was greater for both
tunnels than the pixelwise segmentation performance and the workflow
achieved adequate S3 localisation accuracy against that typically required
for both T1 and T2. For all severity levels, T1 produced a more conservative
segmentation, with more false negatives, than false positives. The reverse

was true for T2.

Table 9.2: Measure of the difference in predicted spatial quantity of spalling,
calculated within each severity category by taking the total number of
predicted spalling points minus the number of ground truth points and

dividing by the total number of ground truth spalling points within each test

segment.
Deviation in predicted spatial quantity of spalling
S1 S2 and S1 S§3, S2 and S1
™ T2 (>50mm) T T2 (>20mm) T1(>10mm) T2 (>10mm)
(>100mm) (>40mm)

-18.0% N/A -37.3% 91.5% -31.4% -7.98%
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a) Input point cloud b) output spalling depth

Defect code Depth of Spalling
Brickwork Stonework/Blockwork

> 20mm and < 50mm > 40mm and < 100mm

Figure 9.2: Progression of the overall workflow on tunnel T1 (a) Input point
cloud (RGB colour data shown) (b) Output of workflow showing defect depth

values (c) Spalling severity output (key in table)
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9.1.2. DPT value selection

The Damage Proportion Threshold (DPT) is an important parameter that
must be optimised to maximise workflow performance. The DPT determines
the maximum proportion of pixels within a block that when identified as
damaged, leave an acceptable number of undamaged pixels to reliably fit an
undamaged surface to the block. If the DPT is exceeded, then the block is
discarded, and the undamaged block surface location is interpolated from
neighbouring blocks. Higher DPT values would be expected to perform
better, as this reduces the number of blocks that must approximate their fitted
unspalled surface from neighbouring blocks. However, a higher DPT also
places more emphasis on points close to the edge of damaged areas for
unspalled face plane fitting. The damage segmentation is more likely to be
inaccurate close to the edges of damaged areas, so in these areas a higher
DPT will use more points that are likely to be incorrect for unspalled plane
fitting. As aresult, a lower DPT should have a moderating influence, reducing
segmentation accuracy, but preventing large error magnitudes on the fitted
planes and defect depth maps. Ideally, the performance of different tunnels
would be robust to variations in the selected DPT values. A DPT value
sensitivity analysis was therefore conducted, and the key results are shown
in Table 9.3. While the IoU drops significantly for some very low or high
values of DPT, overall, the loU is not considerably sensitive to the DPT
chosen. For T1, a higher DPT yields better performance on severe S1
spalling, while for S3 a DPT of around 40% is optimal. This is because for
deeper spalling, the damage detection network is likely to achieve a more
accurate segmentation. As a result, the remaining undamaged points have

a higher level of certainty, so the plane fitting method can still achieve
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accurate results with fewer points. A DPT of 60% achieves acceptable results
for each severity category of T1.

Table 9.3: Pointwise loU score for different spalling severity categories in T1

and T2. Results when different DPT values are selected are shown.

Plane fitting
Damage loU for spalling loU for spalling loU for spalling
Proportion greater than S1 greater than S2 greater than S3
Threshold
T T2 T T2 T T2
(>100mm) (>50mm) (>40mm) (>20mm) (>10mm) (>10mm)
20% DPT 0.482 None 0.494 0.122 0.500 0.307
40% DPT 0.648 None 0.504 0.126 0.504 0.317
60% DPT 0.648 None 0.507 0.237 0.498 0.432
80% DPT 0.675 None 0.540 0.045 0.406 0.055

9.1.3. Sensitivity analysis

In order to better understand how the number of false positive and false
negative predictions can be balanced, it is necessary to determine whether
adjusting the defect depth threshold for each severity category could achieve
a higher loU. Figure 9.3 shows how the optimal threshold varies for
determining the amount of spalling that is greater than a corresponding
defect depth target representing a hypothetical severity level within T1. The
peak loU appears at a threshold value lower than the semantically expected
one for every severity level. This suggests that the workflow has too many
false negative predictions, as a lower threshold would display a larger area
of spalling. This could be counteracted by empirically lowering the threshold

for each spalling severity level.

Overall, accuracy could be improved by encouraging the damage and joint

segmentation CNNs to generate fewer false negatives, but more false
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positives during training. This would prevent unspalled block face planes
from being fitted to potentially damaged areas of masonry, or to incorrect
blocks. However, too many false positives would result in not enough
undamaged points remaining within each block for accurate undamaged face

plane fitting.

Required severity threshold to achieve maximum IOU

40 | wemm Theoretical IOU threshold
Optimal 10U threshold

35 A

30 A

25 1

20 A

15 A

Optimal threshold depth (mm)

10 4

10 15 20 25 30 35 40
defect severity depth (mm)

Figure 9.3: Defect depth threshold that generates a segmentation with the

highest loU score for each target level of defect depth within T1.

9.1.4. Local performance visualization

An in-depth comparison of workflow performance on two areas of tunnel is
visualised in figures 9.4 and 9.5. The output of the workflow on the entire
testing sections of T1 and T2 are provided as supplementary data. The area
of tunnel in Figure 9.4 shows a qualitatively good segmentation with only
small errors in the extent of each area of damage and no falsely classified
regions of damage. There are also no regions where the difference between

the output and ground truth has a significant magnitude.
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Figure 9.5 shows a typical cause of algorithm failure in T2. A noisy area in
the top left of the image is too challenging to manually segment any defects
or masonry joints. The block and damage segmentation neural networks both
fail here. However, despite good performance by both neural networks
outside of this area, some of the unspalled face planes are poorly fitted to
the right of this area. This is due to the joint detection network not placing a
joint at the edge of the noisy area, so the unspalled block face plane is fitted
using some of the noisy points. In addition, there is a false negative area of
spalling near to the middle of the image. This is caused by too many false
negatives within the damage segmentation neural network causing a
underprediction of the spatial extent of damage. As it is challenging to
determine the accuracy of the manual severity assessment output, it is
possible that in some areas the automated method is producing more
accurate results. Additionally, unlike the manual method, the algorithmic
nature of the automated method ensures that the results are repeatable and

understandable.
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Figure 9.4: Section of T1 with good algorithm performance. This figure shows
the output of each stage of the spalling severity segmentation workflow. It
also shows the difference between the manually generate ground truth
surface damge depth map with that produced by the workflow and highlights
the locations of false positive and false negative spalling location predictions

relative to the output of the manual analysis.
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Figure 9.5: Section of T2 showing poor algorithm performance. This figure

shows the output of each stage of the spalling severity segmentation

workflow. It also shows the difference between the manually generate ground

truth surface damge depth map with that produced by the workflow and

highlights the locations of false positive and false negative spalling location

predictions relative to the output of the manual analysis.
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9.2. Real world application to TS

The Brockville tunnel (T5) introduced in Chapter 4 was used as a case study
application for the workflow. The automated spalling and deformation
detection workflow was applied to a section of the tunnel obtained during a
single 32-minute duration high resolution lidar survey. The section’s length
was limited to only cover areas where the maximum average point spacing
was 1mm. The scan was recorded from a chainage of 108m from the south
end of the tunnel. The masonry at the scanned section was constructed from
brick and noted as being in generally a good condition with some of the
mortar having been repointed during a 2016 refurbishment of the tunnel.
However, there are multiple areas with deep mortar loss where there has
been no recent repointing. The masonry surfaces were quite rough with
irregular profiles in places, although only a few areas of deep (>20mm)
spalling were noted during the site visit. Two adjacent blocks on the east

facing sidewall had extensive deep spalling.

Near the center of the section is an approximately 3m long area of masonry
following a slightly different profile at the crown to the rest of the lining. The
masonry in this area is not bonded with the masonry in the rest of the section
and shows a construction joint at either end and beneath it at the springing
line. The reason behind the unusual construction of this feature is unknown.
It may have been constructed to infill a collapsed section of the crown or an
open shaft. The tunnel also contains 0.2mx0.3m cutouts in the lining, mostly
at regular 1.25m intervals along both the east and west facing sidewalls. The
cutouts are located immediately below the springing line and were likely used
during construction to affix a wooden temporary support trestle for supporting
unfinished masonry lining of the arch area. There are also smaller cut outs

approximately halfway up the sidewalls that were likely installed for drainage
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of the lining. A visualization of the high-resolution scan is shown in Figure 9.6
alongside two photographs of the lining highlighting key features within the

analysed section.

T5 evaluation section
Lidar intensity data

RGB photographs of T5 section

Repointed

masonry

Construction joint
Spalled block

Springing line

Construction

support beam
location

Figure 9.6: Visualisation of the section of T5 selected for evaluation of the
workflow. Photographs of the tunnel lining within the section highlight typical

features present.
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9.2.1. Workflow runtime

The automated spalling and deformation detection workflow was applied to
the section of tunnel T5 to evaluate the runtime performance of the workflow.
The input high resolution point cloud was spatially subsampled with different
minimum point spacings to determine the impact of point cloud density on
runtime. The workflow was applied using both the best performing U-Net
Mit_b5 model and the smaller Mobilenet_ v2 model for masonry joint
semantic segmentation. Inference with the Mit_ b5 model requires a
specialist GPU with at least 10Gb of VRAM which most business
workstations will not contain. The lighter but lower performing Mobilenet v2
encoder will operate with the lower power GPUs typically present on mid-
range laptops that are often used by tunnel engineers on site. Figure 9.7
shows the runtime by workflow stage. The performance of each stage was
roughly proportional to the density of the input point cloud, as was the overall
runtime shown in Figure 9.8. For most models, the rasterising step
unexpectedly took the longest to evaluate. Profiling the rasterization function
shows that this is due to the pixel binning and interpolation procedures
iterating over each pixel in turn within the target image. A substantial speed
up could be achieved if the operations were vectorized, although this is
challenging due to the unordered nature of the input point cloud. As
expected, the Mobilenet_v2 encoder-based network was substantially faster
to apply at inference time than the larger Mit_b5 model for each point density.
However, as shown in Figure 9.8, joint segmentation using the Mit_b5
encoder did not have a substantially adverse effect on the overall workflow
runtime on device L2. It is recommended to apply the Mit_b5 model when
sufficient GPU capacity is available given the importance of an accurate joint

segmentation output to the workflow’s performance.
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Figure 9.7: Runtime performance by workflow stage and point cloud density.
The lower density point clouds were subsampled from the raw point cloud

with a greater minimum point spacing.
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Figure 9.8: Overall workflow runtime by point cloud density. Runtime with the
Mit_b5 model for masonry joint segmentation is compared against that when

the smaller mobilenet_v2 model is used.

9.2.2. Qualitative performance analysis

The output of the joint segmentation neural network on the rasterized depth
map of T5 is shown for different point cloud subsampling spacings in Figure
9.9. The Mit_b5 based network applied to the raw, unsampled point cloud
shows few areas of clear false negative segmentations and the segmentation

is finer than for the subsampled clouds. Fewer blocks are identified as the
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detail of the input point cloud is decreased and there are more large gaps in
the generated segmentation map. The Mit_b5 model’s output for the point
cloud with a 2mm point spacing shows a more regular and less noisy output
than that on the raw, unsampled cloud. As the point clouds used for training
the neural network were subsampled at a 4mm point spacing, it is possible
that the network is confused by small previously unseen features on the
masonry surfaces in the raw cloud that are not visible at point spacings
greater than 2mm. This may cause false positive joint segmentations within
the raw cloud’s output. As a result, the Mit_b5 network applied to the 2mm

point spacing cloud was chosen for analyzing the workflows spalling output.

Comparison of each of the Mit_b5 outputs with the Mobilenet_v2 equivalents
show a broadly similar pattern. Gaps in the Mobilenet_v2 output are in similar
locations to gaps in the Mit_b5 output where the masonry surfaces are
rougher and the segmentation is more challenging. However, closer
inspection shows that the joint connectivity is generally worse in the
Mobilenet_v2 output than the Mit_b5 one and individual blocks are often not
fully enclosed where they are in the equivalent Mit_b5 output. This is

particularly prevalent in the 2mm subsampled output.

Figure 9.10 shows the block surface damage depth map alongside identified
radial tunnel deformations and the locations of severe (>20mm depth)
spalling. The radial deformation map is visualized reprojected onto the lining
point cloud in Figure 9.11 and shows a change in profile of the tunnel of
around 100mm between either end of the section. Inspection of the relined
section of the arch shows that its radius is similar to the rest of the tunnel
section. However, the relined section deviates outwards at its base on the
arch springing line and at the circumferential construction joints either side.

It is unknown whether the relined section’s profile at the springing line has
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deviated since construction or was designed as such, although it is possible
that it was initially constructed with a slightly larger profile, but has since

endured inwards deformation at the crown.

Joint segmentation output by
encoder and subsampling spacing

Mit_bS (Raw) Mit_bS (2mm)

Mit_b5 (4mm) Mit_b5 (6mm)

T
89

Mobilenet_v2 (Raw) Mobilenet_v2 (2mm) Mobilenet v2 (4mm) Mobilenet v2 (6mm)

AT

Figure 9.9: Joint segmentation outputs showing the impact of encoder

selection and input point cloud density.
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Figure 9.10: Surface damage depth and relative radial lining deformation
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outputs of the proposed automated workflow. A map of the locations where
the more severe severity level S1 and S2 spalling (greater than 20mm depth)

have been segmented is also shown.
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Figure 9.11: Relative radial lining deformation outputs of the proposed

automated workflow visualised by reprojection onto the input point cloud.
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9.2.3. Surface defect comparison

The automated spalling segmentation output can be analysed through
comparison against manually defined spalling maps and by inspecting any
changes to the point cloud that have occurred since the initial 2012 lidar
survey of the tunnel. The 2025 point cloud was manually aligned with the
2012 scan by matching the locations of 10 points selected on each cloud.
These points must be on surfaces that have not been damaged or
refurbished between the scans. Surface deposits have also built up on the
lining surface between the two scans, so accurate alignment of the clouds
was challenging. The offset of each point on the aligned 2025 scan from their
closest location on the 2012 scan was then calculated and the value was
assigned to the respective point within the 2025 scan as a scalar field. As the
incident lidar pulses will not reach exactly the same locations on the tunnel
lining in different scans, if the offsets are calculated on a point-to-point basis,
then there will always be an error in the calculated point offsets proportional
to the point spacing of each scan. To reduce this error, the surface around
each point on the 2012 scan was modelled using a best fit plane between
the points’ 6 nearest neighbor points. The offset of the 2025 scan was
calculated from each point to the nearest location on this fitted surface.
Nevertheless, small errors in the offset distance will still be present where
the linear surface fit poorly characterizes a complex surface geometry and if

the cloud is incorrectly aligned.

Using the procedure described in section, a manual surface defect
assessment of the 2025 point cloud was also conducted. This involved
manually fitting planes representing the undamaged masonry surface and
applying offsets and piecewise curvature to match them against the irregular

tunnel surface. Multiple fitting algorithms were used to aid the procedure. The
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offset of the point cloud from these surfaces was used to create the surface
damage depth map. The geometry of the rectangular temporary support
openings in the sidewalls were not accurately modelled causing circles of

incorrectly identified damage to occur around them.

The Manually identified damage map is compared against the change
detection results in Figure 9.12 to identify which damages have occurred
within the 13 years between the 2012 and 2025 scans. These recently
occurring defects are the most important to identify as they signal increasing
deterioration of a lining area, so it is important that they are identified by the
automated workflow. The following important features within the change map

are highlighted in Figure 9.12:

A) Some large offsets occur at joint areas even where there has been
no substantial mortar loss. These occur for two different reasons. In
this area, the masonry has been repointed and gaps in the mortar
have been filled in during the tunnel’s refurbishment. In other areas
where there has been no repointing, differences in the exact depth of
deep mortar loss may occur due to differing locations of the lidar
scanning station. Laser pulses arriving at oblique angles to the mortar
loss will only record the edges of the damage and not reach the
deepest point.

While different mortar conditions may impact the performance of the
joint fitting neural network, the spalling assessment workflow should
focus on damage to the blocks and not show these changes in either
the spalling or lining deformation output.

B) In this location two substantially spalled blocks have been replaced
during the refurbishment works, so display a good condition in the

new survey.
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C) & D) These areas show higher severity (S1 and S2 level), deep
spalling that has formed since the 2012 survey. Detecting these forms

a vital test of the automated workflow’s performance.

Offset from 2012 to 2025 Manually identified damage (2025)

West sidewall West sidewall

=-20mm

Offset depth

East sidewall East sidewall

Omm

Figure 9.12: Views of the tunnel lining point cloud facing in different
directions. A comparison of damage depth outputs between the change
detection approach and the manual lining fitting method is shown. Key

features are circled and labelled in white.

A comparison was then conducted between the manually generated defect
depth map and the automated workflow output. Overall, the manual workflow
highlights a substantially larger area of low severity (<20mm depth) spalling
than the automated workflow. The masonry within this part of the tunnel has
a very rough and uneven surface, so it is subjective whether these deviations
were caused by spalling or form the as built masonry surface. The small
surface deviations do not have a structural impact on this lining, as the level
of mortar loss in some areas forms a larger impact in decreasing the effective

lining thickness. Given its context, the lowest severity (<20mm depth) surface



261

damage would probably be ignored by a human assessor during a routine

visual inspection of this section. Representative areas of deeper, higher

severity S1 and S2 spalling are highlighted in Figure 9.13 and examined as

follows:

A)

E)

, B) & C) These areas of deep spalling are correctly identified by the
workflow. However, there are large areas of false positive detections
adjacent to A and C caused by poor joint segmentation performance
in these areas. This is due to very rough block surfaces and irregular
block orientations making it difficult to either positively identify or infer
joint locations from depressions in the blocks.

These apparent false positives occur on the boundary of a
construction joint. Closer inspection of the area reveals masonry
spalling adjacent to the joint boundary that is not identified in the
manual analysis. The exact location of the spalling is incorrectly
identified, as it is not picked up by the damage segmentation neural
network and so not masked out during plane fitting. As a result, the
plane is fitted through the spalled area leading to a false positive in
the adjacent part of the block which brings an assessor’s attention to
the region. This situation still serves to aid an assessor in highlighting
a region that requires further manual analysis

This spalling is correctly identified

The manual damage detection method shows substantial false
positive damage adjacent to construction joints such as at this
location, in addition to forming circles of hallucinated damage around
other lining deviations such as at openings for drainage and for those
for holding construction supports. These false positives form from

inaccuracies in the manually defined undamaged surface that is
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challenging to model at changes in the lining geometry. In general,
the automated spalling assessment workflow correctly avoids
detecting damage at these locations. At location F, the workflow
correctly identifies a small area of spalling forming at the top of
masonry underneath a construction joint. This area could only be
manually verified through visual inspection of the point cloud as it is
not well defined in the manually generated damage map.

G) There are four smaller areas of deeper spalling here occurring at
masonry block edges. These are not clear in the automated
workflow’s output, as the deep spalling adjacent to joints are
misidentified during the joint semantic segmentation step as forming
part of the masonry joints, so are ignored.

H) Having formed since the 2012 scan of the tunnel, this area of deep
spalling was highlighted in both the change detection map and the
manually created damage map. Its location was correctly identified
by the automated spalling segmentation workflow, although its depth
was slightly underestimated. This was caused by the plane fitting
procedure fitting part of the block surface to spalled parts of each
block due to under segmentation of the damage by the damage
segmentation neural network. Nevertheless, this area of spalling is
more clearly highlighted in the automated workflow’s output, than in
the manual output due to the substantial volume of lower severity

spalling in the manually generated depth map.

The left side spalled area was correctly segmented by the automated
workflow, although again with its depth was underestimated. The automated
workflow produced a false positive area of spalling on the right. This is due

to false negative segmentations in the output of the joint segmentation neural
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network causing adjacent blocks to be identified as one. The radial offset of
one block from the other is therefore misidentified as surface damage. The

full spalling severity output of the workflow is shown in Figure 9.14.

Detected spalling (2025) Manually identified damage (2025)

West sidewall West sidewall

40mm
Crown l-

=-20mm

Spalling depth

East sidewall

Figure 9.13: Views of the tunnel lining point cloud facing in different

directions. A comparison between automated and manually generated
spalling depth maps of T5 projected onto the cloud are shown. Key features

are circled and labelled in white
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Output Spalling
Severities

S1 S2 S1

10 20 50
Severity depth (mm)

Defect code Depth of Spalling

Figure 9.14: Spalling severity segmentation output on the selected section
of the Brockville Tunnel (T5). The unrolled and rasterised spalling map is

shown.
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9.3. Discussion

This section evaluated the overall performance of the spalling severity
segmentation workflow on a test section of tunnels T1 and T2, with the deep
learning parts of the workflow having been trained on separate sections of
the same tunnels. A quantitative analysis of the spalling segmentation
performance was conducted that demonstrated excellent performance on
the section of T1, particularly for the most critical highest severity spalling.
Performance was adequate on tunnel T2 although it was limited by the joint
segmentation output due to the lower point cloud resolution per block in the

smaller brick masonry.

Performance was then evaluated without further training on Tunnel T5.
Tunnel TS5 was more challenging to analyse due to its rougher masonry
surface and a greater number of unusual masonry geometries, such as
around the drainage holes and at the construction joints. Small areas of
spalling at masonry block edges were sometimes missed, as they were
misidentified as part of the masonry joint during the masonry joint
segmentation stage. The workflow successfully identified the highest severity
(>50mm depth) spalling that had formed within the last 13 years since the
2012 survey of the tunnel, demonstrating its effectiveness with the Other_all

training method outlined in Chapter 7.

The runtime of the workflow was also evaluated with different point spacings.
For device L2, the joint segmentation stage had a relatively small impact on
the overall runtime given the criticality of obtaining good joint segmentation
performance in producing an effective spalling severity map. As a result, it is
recommended that the computationally heavier Mit_b5 encoder is used in
the joint segmentation neural network where possible with the available

compute resources.
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A key takeaway of this section is the impact of scan resolution on workflow
performance. A minimum point to point spacing on the masonry lining of 2mm
for brick masonry and 4mm for larger stone masonry is recommended. The
ability to obtain higher resolution lidar surveys is generally limited by the time
available on site and a circa 5mm point spacing is usually specified for
manually conducted condition assessments. However, with newer scanners
achieving faster scan rates, it is likely that 2mm point spacing surveys will

become routine.

Overall, the workflow shows excellent performance at identifying the most
structurally impactful high severity spalling. Where errors occur due to the
block face plane being incorrectly fitted, false positive spalling will be
identified on a different part of the block. This type of error is easily spotted

during manual verification of the workflow’s outputs.

Where there is no unusual lining geometry, the workflow is shown to be
robust to localised joint segmentation errors leading to multiple blocks being
misidentified as one, causing only a small change in the severity of detected
spalling. Large offsets of blocks from each other, such as at construction
joints, generally lead to better joint segmentation performance. As a result,
larger errors in the segmented severity caused by offsets between incorrectly

connected neighbouring blocks are unusual.
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10. Concluding remarks

This thesis aimed to demonstrate the potential of machine learning based
masonry lined tunnel condition assessments by providing a proof of principle
workflow for a fully automated method of spalling detection, localisation and
severity classification in masonry lined tunnels. The thesis contains multiple

novel contributions forming the first study to:

1. Present a method for automatic segmentation of masonry spalling
severity on real world masonry linings, demonstrating the benefits of
integrating automation through machine learning with a geometric
spalling depth calculation that guarantees a physical basis to the
segmentation output.

2. Comprehensively compare the performance of different high-level
approaches to masonry joint semantic segmentation from 3D point
clouds, comparing using 2D computer vision methods with a single
surface projection approach against 3D pointwise CNNs and
decision-tree based methods.

3. Evaluate the impact of training regime on semantic segmentation
performance when using diverse real-world datasets, statistically
demonstrating that training with a higher volume of data that has
closer features to those in the target test dataset both improves
performance and reduces the variation in trained neural network
performance.

4. Show how uncertainty quantification methods can be used when
automated machine learning based workflows are used in real world
condition assessments to help identify the causes of poor

segmentation performance.
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5. Generate a metric for directly assessing masonry block instance
segmentation performance. The proposed BWIoU can be used with
semantic segmentation models trained for masonry joint
segmentation to evaluate performance on the downstream masonry

block instance segmentation task.

The workflow proposed in this thesis uses a block isolation and undamaged
surface fitting scheme to identify the depth of masonry spalling. Operating on
3D point cloud data circumvents the limitations of current state of the art
photograph-based deep learning masonry damage segmentation methods
that are unable to reliably determine spalling boundaries on noisy data. As a
result, the proposed method expands beyond masonry damage location
segmentation to consider automation of masonry spalling depth map
generation and masonry spalling severity classification. The benefits of this

are twofold:

1. Accurately generating spalling severity maps enables asset
managers to easily prioritise maintenance work and track the
progression of damages between inspections.

2. Creating a spalling depth map enables the impact of spalling to be
easily removed from a tunnel lining point cloud. Without the clutter of
surface damages, an Engineer can then more easily analyse the

location of structurally critical larger scale lining deformations.

As one of the most time-consuming desk-based tasks for the assessing
engineer, this workflow has the potential to provide substantial labour
savings during the overall condition assessment process. By combining
geometrical and deep learning-based methods, the workflow is robust to
localised areas of unclear data and provides explanation to the output. The

method produces multiple intermediate deliverables including joint locations,
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damage locations, a record of the co-ordinates of each masonry block, and
the location of a predicted undamaged masonry surface that may be utilised
for lining deformation analysis. These can all be visualised on the original 3D

point cloud, enabling each stage of the workflow to be fully scrutinised.

The workflow has potential application to masonry tunnel condition
assessment worldwide and may be further modified for use with other
masonry structures, such as masonry arch bridges. It was trained and
evaluated on data from two different tunnels in the UK and applied “off-the-
shelf” to the Brockville tunnel in Canada. It was shown to perform particularly
well overall on the stone lined tunnel test data. High severity spalling was
captured well, however lower severity spalling has more uncertainty due to
the higher accuracy required from the block isolation and damage detection
steps in addition to lower accuracies in the benchmark manual assessment

results.

Following application of the automated workflow, each of the most severe
areas of spalling will need to be visually inspected either on the point cloud
or on site by an engineer to determine their exact impact on the tunnel’s
serviceability and to recommend specific repair works. The proposed
workflow aims to focus human assessors’ attention on the most critical areas
of spalling, saving time against a fully manual visual inspection of the
structure. While a few false positive segmentations do occur, these can be

quickly discarded on visual inspection.

With regards to the key factors currently limiting condition assessment
performance that were highlighted in section 1.3, the proposed workflow

brings the following benefits to tunnel condition assessments:

- The workflow creates a comprehensive spalling severity map of the

target tunnel from a lidar survey. Manually recording the location and
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extent of spalling in the tunnel with the same degree of thoroughness
would not be possible during the course of a routine inspection.
Future developments in mobile lidar technology may enable 3D point
clouds to be collected directly from in service trains with the same
level of accuracy as that achieved by the TLS surveys used in this
study. Combined with the proposed assessment workflow, this would
remove the need for as many site inspections, reducing labour costs
and improving health and safety outcomes with less time on site and
fewer railway closures required.

Analysis on the Brockville tunnel in Chapter 9 showed that manual
calculation of spalling depth from 3D point clouds is time consuming
and challenging. It is not usually feasible to investigate every part of
a tunnel lining 3D point cloud in depth, leading to rough modelling of
the deformed intrados surface. Manually created surface damage
depth maps therefore often have many errors, so in some locations
the automated method performs better than the manual digital one.
In addition, the manual digital method does not distinguish masonry
block spalling from mortar loss, unlike the automated workflow which
identifies mortar and masonry joint locations.

The loU performance of the spalling severities segmented on the test
data section of tunnel T1 in Chapter 9 were greater than 0.5 for each
severity level. This demonstrates that on tunnels where the joint and
damage segmentation is adequately accurate, high spalling severity
segmentation performance can be achieved throughout.

Analysis of the workflow on test data from tunnels T1 and T2 in
Chapter 9 showed that the total area of spalling segmented was only
31.4% and 8.0% less than that within the test data. Given that the

difference between the area of spalling that would cause different
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types of remediation work to be recommended vary by orders of
magnitude, the amount of spalling segmented by the automated
workflow successfully gives an accurate enough estimate to gauge
the health of a structure.

The workflow is able to run effectively on standard office computer
hardware (when the Mobilenet v2 encoder is used for joint
segmentation), so there is no increased cost to applying the workflow
if 3D tunnel point cloud data is already being collected.

Individual masonry block instances are segmented as part of the
proposed automated workflow. This provides an accurate
documentation of the tunnel lining geometry which could be useful
within further analysis such as numerical modelling of the lining
stability or for use in tunnel BIM.

The multi-step nature of the proposed workflow makes it more
explainable than a single step machine learning-based solution. It is
easy to investigate what are the causes of incorrect segmentations
when they occur. The performance of the workflow is also largely
reliant on the performance of the joint segmentation neural network,
the output of which is straight forward to inspect for block
segmentation errors.

The use of geometric plane fitting and a physical geometric distance
to calculate the spalling depth map and threshold spalling severities
makes the spalling depth calculation more robust to small
abnormalities on the tunnel lining that may produce isolated areas
with low masonry damage and joint segmentation performance.
Furthermore, there is no subjectivity in the depth calculation, unlike
during manual visual inspections where it is not feasible to conduct

exact spalling measurements.
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- Once the CNN parts of the workflow are trained, the proposed
workflow will produce the same result every time it is applied to the
same data. The results are therefore reproducible.

- The workflow produces a 3D point cloud of the target tunnel lining
with the spalling locations labelled. This enables easy communication
of exact damage locations to maintenance teams. 2D unrolled raster
images are also produced which can be used directly in maintenance
reports.

- A secondary output of the workflow produces a relative radial
displacement depth map of the tunnel lining. This helps communicate
the location of a tunnel’s lining intrados surface to a tunnel assessor

so that they can more easily identify lining deformations.

In addition to the benefits of the proposed workflow, this thesis investigated
two aspects which impact the trustworthiness and reliability of any CNN-
based method applied for tunnel lining analysis. Given the range of masonry
lined tunnel geometries, material types and damage levels, CNN-based
methods achieve different levels of accuracy when applied to different
tunnels. It is therefore vital that the outputs of a CNN-based method are

reliable and can be trusted when applied in a new tunnel situation.

An investigation was conducted into the variability in the joint segmentation
neural network’s outputs when trained using different regimes. In general
training with more data improved performance and produced more
consistent results, although additional tunnel specific training was shown to
lead to more substantial performance improvements per volume of training
data. Sufficient performance was achieved when a model was trained only
on a small section of the target tunnel after being pretrained on ImageNet,

highlighting the effective transfer learning performance of the U-Net
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architecture. This demonstrates that it may still be worth an organisation
using the proposed workflow for tunnel condition assessment even when
they do not have a large database of previously assessed tunnels to use as
training data. It was also shown that topological loss functions, such as
CLDice can slightly improve performance of CNNs trained for masonry joint
segmentation. However, CLDice was also more challenging to train. When
applied instead of a softdice loss function, CLDice occasionally failed to

converge during training.

Overall, the performance of a CNN-based damage segmentation method is
shown to be strongly dependant on quantity and similarity of training data to
the target test dataset. As a result, it is necessary in practice for an engineer
to visually assess the similarity of the target tunnel’s lining to the training data
to evaluate whether the trained model will have previously seen equivalent
lining features in its training data and be able to generalise well to the target
tunnel. Based on the analysis conducted in Chapter 7, it is expected that the
proposed models would perform adequately on most stone and brick tunnel
linings when trained on tunnels T1, T2, T3 and T4 then applied to unseen
tunnels with low levels of damage and typical masonry designs. Performance
of the Single and Full_all training regimes compared to the Other_all regime
show that adding targeted sections of lining with similar features to the test
data into the training data can enable adequate performance to be achieved

when a lining situation is not present in the initial training data.

Uncertainty quantification methods were investigated to determine if they
could be used to predict workflow performance on unseen tunnels. The study
demonstrated that Test-Time Augmentation and Monte Carlo Dropout can
be used to indicate Aleatoric and Epistemic uncertainty respectively in a

CNN’s segmentation. A small correlation was found in some locations
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between the Area Variation Coefficient used to quantify the segmentation’s
uncertainties and the local joint segmentation performance of a trained CNN.
However, using both test-time augmentation and Monte Carlo Dropout for
uncertainty quantification was shown to be more useful as part of a toolkit for
users of the proposed automated spalling segmentation workflow. Area
Variation score maps can be used to help an assessor interrogate the output
of the masonry joint segmentation CNN in known areas that it performs badly
to better understand the cause of poor performance. This can help a
practitioner to make a decision over whether more general or tunnel specific

training of the CNN is required to improve segmentation performance.

10.1. Key achievements

The outputs of the studies presented in this thesis meet the project objectives

outlined in section 1.2 as follows:

1. An automated method was created for generating masonry tunnel
lining spalling severity maps in line with Network Rail standards. It
was shown to be faster and less labour intensive to apply than a
typical manual analysis of a tunnel lining 3D point cloud.

2. The performance of the proposed workflow was quantified. It showed
excellent performance on stone lined tunnels and adequate
performance on brick lined ones. A qualitative analysis showed that
the automated workflow was able to positively identify all areas with
the highest severity spalling and provide a good estimate of the total
area of low severity spalling in a tunnel.

3. The automated workflow could operate directly on routinely collected
3D point cloud data obtained by lidar. Analysis of the workflow on the

Brockville tunnel showed how the workflows’ outputs can be easily
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verified by a human assessor to ensure that spalling was correctly
identified.

The impact of training data type and volume on generalization
performance was analysed. The study showed that even when
trained with the same data and hyperparameters, performance of the
joint segmentation stage will be variable and dependent on the
volume and variety of training data. However, training with more data
was shown to produce models with less variability in their
performance.

While there is still further work that would need to be conducted to
fully understand the proposed workflow’s limitations, Test-Time
Augmentation was shown to give an indication of the aleatoric
uncertainty in a CNN'’s prediction. The Area Variation Coefficient can
be used to identify lining areas where a trained masonry joint
segmentation CNN will have more difficulty due to lower clarity in the

input data.

10.2. Limitations

Despite these achievements, the following key limitations have been

identified with the proposed workflow:

The workflow is limited by the performance of the neural network
used for masonry joint segmentation, which in turn is limited by
training data availability. If joint closure around each block is not
achieved by the joint segmentation CNN, then spalling segmentation
performance substantially decreases.

The best performance was achieved using a lidar point spacing of

2mm on the tunnel lining. Using standard TLS equipment, it is time
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consuming and non-standard to collect data this densely. Until laser
scanning speed increases, additional costly data collection shifts may
be required to collect enough data of a target tunnel.

- The output of the workflow still requires expert interpretation and
analysis of the produced 3D point cloud to identify and discard false
negative segmentation outputs.

- The best performance was achieved when at least 10m of tunnel
specific data was used in addition to a database of other tunnels for
training the joint segmentation CNN part of the workflow. However,
creating the ground truth data is a time consuming process at around
4 hours for 10m of stone lining. Nevertheless, it is generally still
quicker and less subjective to manually create masonry joint map
training data for a short section of the tunnel, than to conduct a full
manual spalling analysis of a long tunnel (around 3 hours per 20m
section).

- It is known that performance decreases when applied to tunnels out
of distribution of the training data. However, uncertainty quantification
methods provide only an indication of challenging locations and the
uncertainty values produced do not directly correlate with workflow

performance.

Furthermore, there are also limitations to the extent of the analysis conducted

that add uncertainty to the effectiveness of the proposed workflow:

- Manual identification of masonry spalling is a subjective process, but
was only conducted by a single human assessor for the creation of
ground truth data used in this study. As a result, there may be errors
in the ground truth data that cause the recorded performance of the

proposed automated workflow to be misleading and biased to a
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particular interpretation of the lining’s condition. Ideally, the ground
truth data should be formed by a combination of human experts.

Four tunnels were used for tuning, training and qualitatively testing
each part of the proposed workflow. While these showcase a variety
of lining types and damage levels, the generalization performance of
each trained neural network and the entire workflow cannot

conclusively be determined without higher volumes of data.
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10.3. Recommendations

The studies within this thesis have aimed to show that when applied
appropriately, the proposed workflow is likely to achieve adequate spalling
severity segmentation performance on a target tunnel, and equal the output
typically achieved by a human assessor. However, before a similar workflow
can be applied within industry there are four further areas where research is

required.

Firstly, an acceptable level of accuracy for an automated method needs to
be determined. It is known that human assessors can obtain differing
condition assessment results, however more research needs to be
conducted to determine whether an automated method would fit acceptably

within the existing levels of uncertainty.

Secondly, as this study trained and tested the machine learning aspects of
the workflow on only four different tunnels, it is unknown how well the trained
models would generalise to other masonry tunnels. Although the data
contained both stone and brick masonry and was augmented to mimic a
variety of other masonry conditions, historic masonry tunnels can contain a
wide variety of different materials, levels of damage and geometries. In
addition, while the method is trained for deviations from a cylindrical profile
of up to 30 degrees, it is unknown how well the method will perform when
larger deformations are present. Performance of the workflow need to be
analysed in a wider variety of masonry tunnel situations and further
development of the workflow is required to enable it to operate on more

unusual lining geometries.

Further research needs to be conducted into determining the boundaries of

effectiveness of the CNN aspects of the workflow. It would be useful to create
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a metric that can be used to assess the likely performance of the automated
workflow on a target tunnel without needing to manually produce substantial
amounts of ground truth verification data. This would increase the

trustworthiness of the method.

Finally, research needs to be conducted into determining and fulfilling
practical considerations to further reduce the required operator input. The
workflow needs to be assessed by a third party during a real-world tunnel

condition assessment to investigate its usability.

10.4. Publications

Parts of the research presented in this thesis have been published in
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Smith, J., Paraskevopoulou, C., Cohn, A.G., Kromer, R., Bedi, A., Invernici,
M., 2024. Automated masonry spalling severity segmentation in historic
railway tunnels using deep learning and a block face plane fitting approach.
Tunnelling and Underground Space Technology 153, 106043.

https://doi.org/10.1016/j.tust.2024.106043

Smith, J., Paraskevopoulou, C.,. 2025. Practical assessment of masonry
tunnel joint segmentation using topological machine learning. Civil

Engineering Design 7, 93—110. https://doi.org/10.1002/CEND.202400049

Smith, J., Paraskevopoulou, C.,. 2025. Uncertainty Quantification to Assess
the Generalisability of Automated Masonry Joint Segmentation Methods.
Infrastructures (Basel) 10, 98.

https://doi.org/10.3390/INFRASTRUCTURES 10040098

Journals in preparation:
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Al-driven tunnel condition assessment on a 19" century tunnel. To be
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Communities Through Underground Infrastructure, 16-21 May 2026,

Montreal, Canada. [Abstract accepted, Paper in preparation].
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and Structural Analysis of Masonry-Lined Tunnels: A Case Study of the
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APPENDIX A1- Machine Learning for

Computer vision

Machine learning algorithms are used to automatically establish trends in
large quantities of data with many parameters and determine the probabilities
of different conclusions about the data. In the field of condition assessment,
the task is typically to replicate the conclusions of human inspectors and
assessors about a structure. There are many different methods; An outline
can be found in (Sarker, 2021). The most common style of machine learning
involves training and optimising algorithm parameters on a sample of data
based on a known conclusion. This is known as supervised learning. A range
of data scenarios need to be used for training to ensure that the algorithm
will be generalised to the range of real-world scenarios that the algorithm will
be applied to. In addition, the algorithm needs to be trained enough to
properly characterise the input data, while avoiding over fitting. If overfitting
occurs, then the model is simply learning the exact features of the training
data, rather than transferable knowledge about the nature of the data. This
reduces the accuracy of the algorithm when applied to previously unseen
data. In general, more training data that is varied and representative of likely

situations will result in a more effective model.

Machine learning involving visual or spatial input data is a part of the field of
computer vision. Prior to convolutional neural networks, computer vision with
machine learning involved extracting explicit features from images using
existing algorithms and then classifying these features using machine
learning. Also known as deep learning, neural networks are a machine
learning method consisting of layers of interconnected neurons, each

containing a simple equation (Lecun et al., 2015). The output of each neuron



337

consists of the summation of each input multiplied by a weight.
Backpropagation allows the equation parameters to be optimised for
transforming data from the input to a desired output, adjusting the weights
given to each neuron input. Deep learning refers to neural networks with
many layers. Since these networks typically have millions of trainable
parameters, the reasoning behind their outputs for each specific task is
challenging to interrogate and so they are largely a black box method.
Nevertheless, they have revolutionised machine learning research, by
enabling more complex relationships to be understood within larger volumes

of data.

Convolutional Neural Networks (CNNs) are an effective neural network
design for computer vision tasks. They involve layers of image convolutions,
effectively image filters, being applied at varying scales to the image to bring
out salient features and build a description of the image (Simonyan and
Zisserman, 2014a). CNNs have been applied extensively to computer vision.
Using masonry wall spalling as an example, the outputs of various common
computer vision tasks are visualised in Figure A1. The tasks are ordered

roughly in order of difficulty.

Classification Semantic Instance
Classification

+ Localisati

on Segmentation Segmentation
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Spalled Spalled Spalled brick = [l Spallarea 1= [l

Unspalled brick = Spall area 2 = .
Intact mortar = Mortar loss 1 = .
Mortar loss = i Mortar loss 2 =

Figure A1: Outputs of computer vision tasks applied to masonry spalling

detection.
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Classification is the task of determining an image class from a list of possible
classes. In Figure 1, there may be three classes - Spalled, Cracked or
Undamaged. In this case, the image has been classified as being more likely
to contain spalled masonry, than cracked or undamaged masonry.
Convolutional neural networks work well at this problem and apply image
convolutions, to create feature maps in each layer. The image convolutions
learn to identify image features and are combined with a fully connected
neural network for generating a conclusion about the image from those
features. The nature of the convolutions is learnt during the training process.
From the top to bottom layers of the network, the image is transformed to
increasingly larger numbers of lower resolution feature maps, each
highlighting a significant feature of the image. The image size is reduced
using pooling layers and activation functions add non linearity to the data to
enable more complex relationships to be learnt. In effect, this creates a list
of binary image features that act as a checklist describing the image in the
final layer. This list is compared against the common features of each class
to select the optimal image classification. A diagram visualising a typical CNN
design for image classification is shown in Figure A2.
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Figure A2: Typical CNN architecture, from (AnalytixLabs, 2024)
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Classification can be expanded to include localisation. This involves placing
a bounding box over the object identified in the classification of an image.
The first efficient method of achieving this this was the R-CNN by (Girshick
et al.,, 2013) (since improved upon by the fast R-CNN by (Girshick and
Microsoft Research, 2015) and faster R-CNN by (Ren et al., 2017)).
Localisation typically involves comparing the classification output from
different cropped parts of the image to determine the part containing the
object of interest. R-CNN, however, reduces the amount of region proposals
required, by using a selective search algorithm. This uses a greedy algorithm
to recursively combine similar regions into larger ones. (Wu et al., 2020; Zhao
et al., 2019) have conducted reviews of different object detection algorithms

involving object localisation.

Deep learning methods have been extensively applied to the field of
semantic segmentation. Semantic segmentation involves classifying
individual pixels as being part of a class of object. In Figure A1, a pixel could
either be in an area of Brick Spalling, Unspalled Brick, Intact Mortar or Mortar
loss. (Minaee et al., 2022) recently conducted a review of the field. One of
the most influential algorithms for semantic segmentation is the U-Net
developed by (Ronneberger et al., 2015) and shown in Figure A3. Although
many newer designs of semantic segmentation algorithms have been
proposed, most adapt or expand upon a core U-Net style architecture.
Studies have shown that a well trained U-Net style model is often still the
most effective deep learning model for many semantic segmentation tasks

(Isensee et al., 2024).

Instance segmentation is a more challenging task and combines instance
detection with semantic segmentation. It involves labelling different instances

of the same class. In the example shown in Figure 1, the network needs to
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distinguish that there are 2 different areas of spalling in the image as well as
two areas of damaged mortar. Each Pixel in the image is labelled with a class
representing each instance of objects in the image. A common network for
instance segmentation is the mask R-CNN (He et al., 2017), which expands
upon the R-CNN object detection method to segment the target object within
each bounding box. The U-Net can also be adapted to deal with different
instances of objects (Kamrul Hasan and Linte, 2019). (Vuola et al., 2019)
showed that combining the results of a U-Net and a Mask R-CNN into an
ensemble method produces better instance segmentation results than each
model individually, as each algorithm makes different mistakes. Semi-
automated segmentation methods, for example Deep Extreme Cut by
(Maninis et al., 2017), have also been developed to aid manual
segmentation. These can operate with only general training and limited to no
training required on the target problem. A human operator only needs to
select certain points on a target object, then the model will automatically
segment the target object. This is substantially quicker than manually
drawing an object outline and can be easier than training a full segmentation

model for a specific problem.



