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Abstract

Cold-water coral reefs are complex structural habitats that represent one of the most
important deep marine ecosystems. As three-dimensional habitats with high
structural complexity, they provide ecosystem services that influence species
abundance and biodiversity, being indicators of ecosystem health. These habitats are
considered hotspots of biodiversity around the globe, especially in cold and deep
waters between 50 and 4000 metres depth. Similar to their tropical counterparts,

these habitats are subject to several climate and anthropogenic threats.

Over the last two decades, research efforts to identify, map and manage these
environments have increased along with the advances in data acquisition.
Technologies such as remotely underwater vehicles are equipped with high-resolution
sensors that generate gigabytes to terabytes of data. However, data analysis methods
are being outpaced by acquisition technologies and there is a latency in the extraction
of meaningful information from large datasets. Furthermore, the fine-scale
heterogeneity promoted by the three-dimensional scleractinian coral branching

structure is often overlooked, being reduced to a two-dimensional scale.

This thesis explores methods that can advance seabed mapping to further understand

cold-water coral reef habitat features in the deep sea considering their natural, three-

dimensional structure and posed data analysis demands given the current

technologies. The key aims of the research were to:

i) develop an unprecedented 3D imaging classification workflow for CWC
habitats of Ireland whilst analysing the suitability and transferability of 2D and

3D data to represent these habitats in high-resolution;

i) quantify facies distribution and spatial variability;

iii) link image data to processes driving CWC reef development;

iv) develop new forms of visualisation of 3D data of underwater environments;
V) derive meaningful information from dense optical datasets.
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Here, CWC reef habitats in the Porcupine Bank Canyon and the Belgica Mound
Province, in the Porcupine Seabight, SW of Ireland were reconstructed in 3D using
Structure-from-Motion (SfM) photogrammetry. Point clouds, meshes, orthomosaics
and digital elevation models (DEMs) were produced at sub-centimetric resolution.
Four different classification workflows were developed and analysed, namely:
Multiscale Geometrical Classification (MGC); Colour and Geometrical Classification
(CGC); Object-Based Image Classification (OBIA) and; Machine Learning Multiclass
classification (MLMC). These first three workflows provided a binary (coral, seabed)
classification with accuracy ranging 56 to 74% and provided the analysis of the
percentage class distribution for each habitat in 2D and 3D. Results show that there is
an impact in mapping CWCin 3D and 2D of at least a tenth of order of magnitude. The
MLMC method provided a multiclass (live coral, dead coral, coral rubble, and
sediments and dropstones) classification of the 3D point cloud which achieved f1
scores of up to 95.1%. DEMs and classification results were used to assess local and
regional CWC patterns in relation to terrain features, facies size and facies distribution.
Further investigation revealed that CWC are not randomly distributed within CWC
reefs, instead their distribution may be driven by local geomorphometric properties.
Aiming to raise awareness and facilitate the interaction of humans with deep-water
environments, an application for visualisation of 3D models of CWC in mobile phones
was developed. This thesis demonstrates how SfM and machine learning can be used

to quantify CWC facies and understand CWC reef habitats.
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1. Introduction

1.1 Cold-Water Corals

1.1.1 The Importance Of Corals And Cold-Water Coral Reefs

Cold-water coral (CWC) reefs are amongst the Earth’s most diverse ecosystems. Once
thought to be restricted to shallow, warm waters, coral reefs have been found in cold,
dark waters around the globe (Freiwald et al., 2004; Henry and Roberts, 2017;
Mortensen et al., 1995; Roberts et al., 2009). It is acknowledged that CWCs are the
most three-dimensionally complex habitats in the deep ocean, acting as niches for
many organisms (Roberts et al., 2006). Their sheltering capabilities promote them to
comparable biodiversity to that of tropical coral reefs (Henry and Roberts, 2017,
Roberts et al., 2006). It is estimated that coral reefs cover approximately 0.1-0.5% of
the ocean floor (Moberg and Folke, 1999), however, they accommodate up to one
third of marine species (Reaka-Kudla, 1997). There is an inherent economical value to
CWC ecosystems as they hold increased biodiversity and biological resources
(Freiwald et al., 2004) acting as nurseries to fish and other benthic species (Costello et
al., 2005; Fossa et al., 2002; Rogers, 1999). Their value is directly linked to commercial
fisheries (Costanza et al., 1996) which generates several hundreds of millions of euros
per year (Foley et al., 2010). In Ireland, CWC habitats contribute to rich ecosystems
that together form Irish ocean resources, which represent a valuable portion of the
economy, having a turnover of €6.2 billion and employing around 34,132 people as of

2018 (Inter-Departmental Marine Coordination Group, 2018).

Apart from the estimated social-economical value, CWC reefs play an important role
to global biogeochemical and carbon cycling (Burke et al., 2011; Henry and Roberts,
2017; Oevelen et al., 2009; Titschack et al., 2009). In the Traena coral field in Norway,
for example, CWC reefs had carbon, respiration and oxygen consumption rates over
an order of magnitude higher than noncoral areas (Cathalot et al., 2015). And because
of their longevity over geological times, global distribution and physical structure, they
can carry records of climate events, being important predictors on the

characterisation of paleo-environments (Mangini et al., 1998; Roberts et al., 2006).



1.1.2 Definition And Development Of Cold-Water Corals

CWCs are azooxanthellate cnidarians, meaning that they do not have a symbiotic
relationship with zooxanthellate algae which are microscopic photosynthetic
organisms that provide nutrients to zooxanthellate corals. For that reason, CWCs do
not depend on sunlight and therefore are not restricted to the photic zone, contrary
to their tropical counterparts. CWCs comprise Scleractinia (stony corals), Octocorallia
(soft corals), Antipatharia (black corals) and Stylasteridae (hydrocorals) (Roberts et al.,
2009). Scleractinian CWC are sessile, filter-feeding, benthic organisms with an
aragonitic calcium carbonate skeleton (Cairns, 1995). As of 2017, there are 711
azooxanthellate scleractinian species documented in the world (Henry and Roberts,
2017). However, only six are major reef framework-building species. These include:
Madrepora oculata, Lophelia pertusa (synonymised to Desmophyllum pertusum in
Addamo et al. (2016)), Solenosmilia variabilis, Goniocorella dumosa, Enallopsammia

profunda, and Bathelia candida.

Among CWCs, Lophelia pertusa is the most common and well known framework-
forming species (Freiwald and Wilson, 1998). The phenotype of L. pertusa is
characterised by a white to light red colour variations (Rogers, 1999) and is usually
known to form dendroid colony developments that can reach several metres across,
branches can anastomose, which can strengthen the framework (Lim, 2017). Lophelia
pertusa build-ups are documented to occur with common elements of reef
formations, such as the secretion of carbonate skeleton that forms a 3D relief above
the seafloor and therefore alters the local hydrodynamic and sedimentary regimes.
Consequently, this enriches the biodiversity and biomass associated with the
framework compared to the surrounding (Freiwald et al., 2002), thus leading to a
diversity ‘hotspot’ in an otherwise featureless environment. Studies have found that
the diversity of taxa associated with L. pertusa, for example, was 3 times higher than

in surrounding soft-bottom areas (Mortensen et al., 1995).

Madrepora oculata is also a cosmopolitan species of azooxanthellate corals that often

occurs with L. pertusa and has an important role in reef framework formation



(Freiwald and Wilson, 1998). Similar to L. pertusa, M. oculata is known to be

widespread, reaching the geographical extent of CWC occurrences (Rogers, 1999).

CWoCs are known to thrive under specific environmental conditions. The temperature
ranges to which CWCs are found range between 4° to 13° Celsius (°C). These ranges
are usually found in shallow waters (c.50 to ¢.1000 metres depth) at high latitudes,
and at greater depths (up to 4000 metres) at low latitudes (Roberts et al., 2006). There
is also a relationship between CWC occurrences and the depth of the aragonite
saturation horizon (ASH) (Cairns, 2007; Dorschel et al., 2005), high-current speeds
(Frederiksen et al., 1992; Roberts et al., 2003) and increased values of dissolved
organic matter (Freiwald and Wilson, 1998). CWCs have been found in areas with
current speeds of > 100 cm st (Frederiksen et al., 1992; Lim et al., 2020b; Rogers,
1999). L. pertusa in particular, seems tolerant to different salinities, varying from 35-
37 PSU (de Haas et al., 2009; Freiwald et al., 2004; Gass and Roberts, 2006) or
sometimes lower between 34-35 PSU in Norwegian fjords (Flogel et al., 2014; Rogers,
1999). In Irish waters around the Porcupine Seabight, these temperature and salinities
are found in Mediterranean Outflow Water (MOW) and the Eastern North Atlantic
Water (ENAW) water masses which are often linked to CWC development (Appah et
al., 2020; Mazzini et al., 2012; O’Reilly et al., 2022).

CWC can occur as isolated colonies, in small patch reefs, thickets or large reefs to giant
carbonate mounds up to 300 metres high (Freiwald et al., 1999; Roberts et al., 2006).
Driven by specific hydrodynamic conditions and food supply that favour coral growth,
these reefs and mounds tend to occur in groups and form kilometre-wide provinces

(Roberts et al., 2006; Wheeler et al., 2007).

The initial coral settlement requires a hard substrate on which larvae can attach to
(Dorschel et al., 2005; Wilson, 1979a). In sand-dominated areas, the hard substrate
can be small, such as a pebble or a worm tube (Rogers, 1999). From the initial
settlement, and given favourable conditions, CWC grow until its branches collapse
from the initial attachment point by breaking or falling over. The broken colony can
then serve as a larger attachment to further growth (Rogers, 1999; Wilson, 1979a). As
CWC are sessile and can baffle current-suspended sediments, their role is directly

linked to carbonate mound development in the North Atlantic (de Haas et al., 2009;



Dorschel et al., 2005; Wheeler et al., 2007, 2008). Hence, CWC density is also an
indication of different mound stages. It is noted, for example, that the presence of
coral thickets in mounds indicate healthy and growing carbonate mounds (Dorschel
et al., 2005; Wilson, 1979a). These thickets are formed after the initial settlement,
when coral starts to grow and amalgamate with other colonies (Lim, 2017). Similarly,
it is indicated that mound reaches maturity when colonising filter-feeders cover most
of the mound (Dorschel et al., 2005). It is acknowledged that CWC reef growth starts
from an initial larvae settlement, progressing into a colony and, when these colonies
become interlaced, they form a thicket (Lim, 2017; Squires, 1964). When significant
amounts of debris and sediment accumulate around the base of the thicket, it
becomes a coppice (Squires, 1964). The coppice, or a number of coppices with
accumulated debris can develop into coral bank (Squires, 1964) or reef as per
definition of Roberts et al. (2009). Late stages of the mound development may be
indicated by mound coalescence leading to clusters of mounds (De Mol et al., 2005;

Freiwald et al., 1999).

It is noteworthy that CWC carbonate mound size is not exclusively influenced by ideal
conditions for CWC growth, rather, it may be related to the resilience through
alternated periods of favourable conditions and sedimentological hiatus and erosion
through time (Dorschel et al., 2005; Wheeler et al., 2007). As such, CWC carbonate
mounds are defined as “large structures formed by successive periods of coral reef
development, sedimentation and (bio)erosion” (Roberts et al., 2006, 2009). CWC
mound stages have been defined using many aspects of growth and morphology,
often being referred as ‘active’ or ‘retired” mounds (Roberts et al., 2006) or as by
‘developed’ or ‘inherited” mounds (Wheeler et al., 2007) or “mature” and “immature”
(Freiwald et al., 1999) given their stage and CWC activity. In the North Atlantic, the
cyclic nature of mound development is emphasised by stages of initial growth,
development, retirement and recolonization linked with glacial and interglacial

periods that favour each of these stages (Figure 1.1).
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Figure 1.1: lllustration of a CWC mound cycle proposed in Roberts et. al (2006). Mound cycle
stages reflecting the environmental change during recurrent glacial cycles. Extracted from
Roberts et. al (2006).

Many CWC mound and reef growth models have been put forward since the 1960s
(De Mol et al., 2005; Dorschel et al., 2005; Douarin et al., 2014; Hovland and Thomsen,
1997; Squires, 1964; Wilson, 1979a). While some models emphasise the importance
the hydrodynamic regimes such as current direction and speed (De Mol et al., 2005;
Dorschel et al., 2005, 2007), others emphasise the importance of sedimentological
processes such as sediment supply (Foubert et al., 2011; Wheeler et al., 2007), erosion

and seabed temperatures (Roberts et al., 2003). Nonetheless, CWCs are frequently



documented in areas with locally accelerated currents (Wheeler et al., 2008) or with
internal tidal waves that enhance food supply (Frederiksen et al., 1992; Mortensen et
al., 2001; Roberts et al., 2003). Conversely, a few studies document that fast-flowing
bottom currents may restrict food supply and larvae settlement, whilst high sediment
rates can lead to complete mound burial (Kenyon et al., 2003). In submarine canyons,
mound growth is facilitated by bottom currents and the influence of canyon
morphology on the hydrodynamic regime as the irregular topography around the

canyon edge may cause speed enhancement (Mazzini et al., 2012).

However, current studies agree that CWC mound development is unlikely to be linked
to hydrocarbon seepage as previously hypothesised (Hovland et al., 1994; Hovland
and Thomsen, 1997) due to a lack of conclusive supporting evidence. Over the years,
it has become more accepted that CWC reef development is controlled by the
interaction local hydrography and sedimentary dynamics such as current dynamics,
temperature, pH, salinity, food and sediment supply (Davies et al., 2010; Dorschel et
al., 2005; Roberts et al., 2006; Wheeler et al., 2007). As such, the development of large
mounds represents a balance among bottom current speeds, mound growth rates and
sedimentation rates (Foubert et al., 2011; Kenyon et al., 2003) facilitating successive

reef development to construct large mound structures.

1.1.3 Global Distribution Of Cold-Water Corals

Although reaching a similar level of biodiversity to that of tropical coral reefs, CWC are
more globally distributed across wider latitudinal ranges than their tropical
counterparts (Henry and Roberts, 2017). The first occurrence was documented in
1948 by Le Denois (Le Danois, 1948) along Bay of Biscay. Although a few studies claim
that their first occurrence dates back in 1755, in the Natural History of Norway book
written by Enrich Pontopiddan (Pontoppidan, 1755). It is however, well accepted that

CWC have been known since the 18" century (Roberts et al., 2006).

Over the following centuries and with the advance of mapping technologies, CWC
occurrence has been documented in fjords (Fossa et al., 2002; Jonsson et al., 2004;

Riggeberg et al., 2011), along continental shelves (Leverette and Metaxas, 2006;



Mortensen et al., 1995), ridges, slopes, troughs (Freiwald et al., 1999; Guinan et al.,
2009; Savini and Corselli, 2010), carbonate mounds (Hall-Spencer et al., 2009; Hovland
et al., 1994; Mienis et al., 2006; Wheeler et al., 2005a, 2007; White, 2007; Wilson,
1979b) and submarine canyons (De Mol et al., 2011; Huvenne et al., 2011; Orejas et
al., 2009). Although there is a higher density of CWC occurrences in the North Atlantic,
it is well acknowledged that this reflects the research efforts in this region (Freiwald
et al., 2004; Lim et al., 2020b; Roberts 2006) (Figure 1.2). CWCs have been found in
tropical waters in the southern hemisphere like off the coast of Brazil (Barbosa et al.,
2019; Kitahara, 2007) and are known to have the highest species diversity around the
Philippines and the Indian Ocean (Cairns, 2007; Roberts et al., 2006). As research and
technology advance, these numbers are prone to increase as we can now reach

pristine areas with remotely assisted technologies.

© Zoanthidea @ Filifera © Pennatulacea @ Scleractinia

® Antipatharia Octocorallia ® Alcyonacea

Figure 1.2: Global distribution of Cold-water Corals as of 2004. Sclearactinia in red. Extracted
from: Freiwald A, Rogers A, Hall-Spencer J, Guinotte JM, Davies AJ, Yesson C, Martin CS,
Weatherdon LV (2021). Global distribution of cold-water corals (version 5.1). Fifth update to
the dataset in Freiwald et al. (2004) by UNEP-WCMC, in collaboration with Andre Freiwald and
John Guinotte. Cambridge (UK): UN Environment Programme World Conservation Monitoring
Centre.

Scleractinian CWCs, apart from being senescent, slow growing organisms, are also
especially vulnerable to physical and chemical damage (Clark, 2006; Freiwald et al.,

2004; Hall-Spencer et al.,, 2002; Hennige et al., 2020; Roberts et al., 2000).



Multifactorial experiments estimated that about 70% of known scleractinian CWC are
expected to be exposed to ocean acidification effects by the end of the century
(Blscher et al, 2017). There has also been a growing concern about the
environmental sensitivity of deep-water ecosystems to hydrocarbon exploration and
bottom trawling (Althaus et al., 2009; Hall-Spencer et al., 2002; Huvenne et al., 2016;
Long et al., 1999; Paradis et al., 2017, Puig et al., 2012; Rogers, 1999; Wheeler 2005b).
In Irish waters, a decline of CWC (Madrepora oculata) cover over 4 years has already
been documented (Boolukos et al., 2019). The conservation of CWC started to emerge
as an compelling environmental issue since 1990 (Foley et al., 2010; Roberts, 1997;
Rogers, 1999), with the first EU Habitats Directive provisions to protect CWCs. More
recently, in 2021, the United Nations has proclaimed a Decade of Ocean Science for
Sustainable Development Goals (SDGs) from 2021-2030 to support efforts to reverse

the decline in ocean health.

1.1.4 The Role Of Cold-Water Corals In Local Biodiversity

Apart from being hotspots of biodiversity in deep sea environments, CWC also provide
distinct macro to micro habitats that introduce local spatial heterogeneity to the
region (Jonsson et al., 2004; Mortensen et al., 1995; Savini et al., 2014). Mortensen et
al. (1995) divided L. pertusa colonies into four different microhabitats: the smooth
surface of living Lophelia, the detritus laden surface of dead Lophelia, the cavities
inside the dead Lophelia made by boring sponges and the free space between coral
branches. These were defined based on the percentage cover of stones and coral
debris. It was noted that the diversity of fauna of the soft bottom and the rubble was
low. On the other hand, the diversity of taxa associated with live and dead Lophelia
was 3 times as high than on the surrounding soft bottom (Mortensen et al., 1995).
Similarly, Jonsson et al. (2004) found that the abundance of organisms on reef and
rubble habitats is twice as higher than in gravel and sediment habitats. Savini et al.
(2014) found five dominant seafloor features and thirteen microhabitats in video data

of the northern lonian Margin, which highlights the existing substrate heterogeneity



and structural complexity of theses environments at colony-scales (Buhl-mortensen

et al., 2015; Kazanidis et al., 2021).

Structural complexity is defined as the physical three-dimensional structures of an
ecosystem (Graham and Nash, 2013). These structures are provided by the physical
shape of any living organism, such as trees, kelps and corals. For that reason, they are
often termed as ‘ecosystem engineers’ or ‘foundation species’ (Burns et al., 2015b;
Jones et al., 1994). Structural complexity is often termed as rugosity, a measure of
variability or complexity of a surface calculated as a ratio of the distance along a
surface to the linear distance (Storlazzi et al., 2016). Generally, structural complexity
is also addressed as substrate or habitat heterogeneity (De Leo et al., 2014; Ismail et

al., 2018; Kazanidis et al., 2021) or ‘habitat architecture’(Buhl-Mortensen et al., 2015).

These fine-scale measurements of structural complexity, surface area and 3D volume
metrics are particularly relevant for estimating ecosystem services of corals (Burns et
al., 2015a; Fukunaga and Burns, 2020; House et al., 2018; Price et al., 2019; Urbina-
barreto et al., 2020). These metrics are critical indicators of reef building capacity
(Moberg and Folke, 1999; Urbina-barreto et al., 2020) and biodiversity (Graham et al.,
2006), as well as contributing to primary measures of coral reef monitoring such as
biomass, growth rate and carbonate production (Cocito et al.,, 2003; Fisher et al.,

2007).

1.2 Study areas

The work carried out herein was applied in two areas: the Porcupine Bank Canyon and
the Piddington Mound, located in the Porcupine Seabight, southwest of Ireland
(Figure 1.3).

1.2.1 Porcupine Bank Canyon

The Porcupine Bank Canyon (PBC), located southwest of Ireland is shaped by the
Porcupine Seabight to the southeast and the Rockall Trough to the north. The PBC is
an approximately 63 km long and 29 km wide canyon, being one of the largest

submarine canyons in the Irish margin (Dorschel et al., 2010). The canyon is up to 800



m deep, striking approximately NE-SW, oblique to the west flank of the Porcupine
Bank (Elliott et al., 2006). The PBC is a tectonically controlled, asymmetric canyon
(Shannon, 1991) that comprises three confluent axial channels (Elliott et al., 2006).
The canyon is influenced by strong bottom currents of up to 114 cm s the highest
ever recorded current speed in a CWC habitat (Lim et al., 2020b) These currents
influence the distribution of benthic fauna and contribute to (bio) erosion in the
canyon, thus influencing coral rubble development (Lim et al., 2020b; Mortensen et
al., 1995; O’Reilly et al., 2022). Although the main framework building CWC in the
canyon is L. pertusa there is a high biodiversity in the canyon that is thought to be
influenced by the MOW and ENAW (Appah et al., 2020). The interaction of these water
masses with the canyon morphology promotes localised upwelling which brings
enriched particle supply to the canyon, contributing to the development of ecological
hotspots in the canyon lip and adjacent areas (Mazzini et al., 2012; O’Reilly et al,,

2022).

1.2.2 Piddington Mound

The Porcupine Seabight is an approximately 150 km long and 65 km wide embayment
between the Porcupine Bank and the Irish shelf formed in Middle to Late Jurassic
(Dorschel et al.,, 2005). The Porcupine Seabight harbours three giant carbonate
mounds: Belgica, Hovland and Magellan mound provinces, dated from the Late
Pliocene/Pleistocene (Kenyon et al., 1998). The Belgica Mound Province (BMP),
located in the eastern part of the Porcupine Seabight, comprises approximately 35
exposed conical, ellipsoidal, elongated mounds aligned mainly at a NNW-SSW
orientation (Wheeler et al., 2007) measuring up to 200 metres high and up to 4 km
wide (Dorschel et al., 2005). The surface morphology of the BMP is characterised by
ridges covered in corals, which turn into coral banks driven by sediment transportation
that provide support for coral colonies (Wheeler et al., 2007). The BMP has been
divided into four main regions based on the morphology: northern area, upslope,
midslope and downslope areas (Wheeler et al., 2011). The heights of the mounds
found in each of these regions vary, with downslope and upslope areas being

dominated by smaller, so called Moira mounds (Wheeler et al., 2007).
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Within the BMP, these small-sized mound features called the Moira Mounds (Foubert
et al., 2011; Huvenne et al., 2005; Wheeler et al., 2011), occur from 900 to 1080
metres depth reaching up to 10 metres in height (Spezzaferri et al., 2012). They have
a clearly defined morphology, with slope gradients of 15-20° (Foubert et al., 2011;
Spezzaferri et al., 2012; Wheeler et al., 2011). It is postulated that the mound surface
morphology of the Moira Mounds is created by a spatial organisation where colonies
tend to distance themselves from their neighbours, as closer colonies would be under
a competitive and reduced food supply regime (Masson et al., 2003; Wheeler et al.,
2007). It is also suggested that these small mounds may reflect mound formation
under stressed conditions rather than the otherwise predicted initial stage of mound

growth (Foubert et al.,, 2011)
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Figure 1.3 Location of Porcupine Bank Canyon and Belgica Mound Province Special Areas of
Conservation (SAC) studied herein
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1.3 High-Resolution Mapping Trends For Cold-Water Coral Environments

Mapping deep-sea habitats is a well-known global challenge (Baker and Harris, 2012;
Brandt et al., 2014; Lim et al., 2020a). Efforts to map these habitats have increased
over the past decade (Brown et al., 2011; Davies et al., 2017), especially with European
mapping projects such as MAREANO (Marine Areal Database for Norwegian Coasts
and Sea Areas) (Buhl-Mortensen et al.,, 2015) in Norway, INFOMAR (Integrated
Mapping for the Sustainable Development of Ireland's Marine Resource)
(https://www.infomar.ie/) in Ireland, and global initiatives such as Nippon Foundation,
GEBCO (General Bathymetric Chart of Oceans) and Seabed 2030 (GEBCO, 2017) that

have committed to map 100% of the oceans until 2030.

Regional mapping expeditions using single beam (SBES) and multibeam echosounder
(MBES) bathymetry,side-scans sonars (SSS), have been used to identify mound
features on the seabed (Freiwald et al., 1999; Huvenne et al., 2002; Savini and Corselli,
2010; Wheeler et al., 2007). These acoustic methods are often used to locate and
quantify CWC reef formations and to place these and other geomorphological

features in a wider seascape context (Schlacher et al., 2010).

Robotic exploration of remote environments extends the reach to areas where direct
human exploration is impractical (Eustice et al., 2004). New data acquisition
technologies such as Remotely Operated Vehicles (ROVs) and Autonomous
Underwater Vehicles (AUV) and quantitative image methods are increasing the ability
to map these habitats (Kwasnitschka et al., 2013; Pizarro et al., 2009). These robotic
underwater vehicles are considered the most advanced platforms for automated
mapping and surveying of deep-sea environments (Negahdaripour and Madjidi,

2003).

ROVs, which were initially developed for military use, have become critical multi-
functional tools for deep-sea mapping (Kwasnitschka et al., 2013). ROVs are tethered
to the vessel, having a continuous physical link between the vessel or platform whilst

reaching up to 6000 metres depth capacity. ROVs are fully controllable and
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manoeuvred by human personnel, thus providing a high level of real-time surveying
control. World-class ROVs can be equipped with high-definition cameras, MBES

echosounder systems and robotic arms, often being tailored to the survey needs.

AUVs represent a step forward to progressively more common autonomous
technologies (Danson, 2002; Wakita et al., 2010). AUVs are untethered robots
equipped with multiple sensors that are able to survey autonomously for long periods
of time, from 2.5 days to 15 days depending on payload (Kongsberg 2010). Their main
advantage is that the vessel does not have to follow the survey design of the AUV,
which allows the vessel to undertake other surveying activities, thus maximising

survey efficiency and productivity (Chance et al., 2000).

1.3.1 Photogrammetry

Acoustic methods such as MBES, SBES provide information about the regional
morphology of the environments, being widely used for evaluating large and meso -
scale natural benthic habitat characteristics over large areas (Negahdaripour and
Madjidi, 2003). Optical methods, on the other hand, enable the investigation of fine-
scale community characteristics over local areas which suits ocean exploration,
mapping, inspection, thus complementing acoustic methods (Negahdaripour and
Madjidi, 2003; Schoening et al., 2016). Optical imaging is considered a bridge between
acoustic data and physical data e.g. sediment sampling which provides high spatial
resolution but low sampling rate, acting as the midpoint between spatial resolutions
intrinsic to acoustic and physical data collection (Schoening et al., 2016; Shihavuddin

et al., 2013).

Remote sensing applications in general have progressed significantly and such
advance is brought forward with the application of photogrammetry and Structure-
from-Motion (SfM) techniques (Carrivick et al., 2016; Nyimbili et al., 2016; Westoby
et al.,, 2012; Wolf et al.,, 2014).

Photogrammetry has been defined as “the art, science and technology of obtaining

reliable information about physical objects and the environment through process of
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recording, measuring and interpreting photographic images and pattern of recorded
radiant electromagnetic energy and other phenomena” (American Society for
Photogrammetry and Remote Sensing apud Schenk, (2005); Wolf et al. (2014). The
first experiments using photogrammetry for topographic mapping date back to 1849
under the leadership of Colonel Aime Laussedat of the French Army Corps of
Engineers (Ragey, 1952). Until the beginning of the 215t century, photogrammetry was
used extensively by the military for reconnaissance to the mass production of maps
(Wolf et al.,, 2014). Advancements in techniques and instrumentation continued
through the 215 century with the popularisation of digital cameras and unmanned
hardware (Wolf et al., 2014). In marine sciences, Bythell et al. (2001) was among the
first to use photogrammetry in coral reefs for ecological studies whilst highlighting
advantages related to minimal costs and the non-destructive nature of the method.
The use of the technique has increased substantially as computer resources become

more accessible (Lavy et al., 2015; Pizarro et al., 2017; Storlazzi et al., 2016).

1.3.2 Structure-from-Motion (SfM)

SfM is thought to have been developed in the 1990s with the first feature matching

algorithms for visual motion perception (Lowe, 1999; Spetsakis and Aloimonos, 1991).

Although there are similarities between conventional photogrammetry and SfM,
several aspects of SfM have an entire different origin, which come instead from
advances in 3D computer vision algorithms (Carrivick et al., 2016; Smith et al., 2016).
Whist traditional photogrammetric methods require the location and camera poses
or the location of ground control points for scene triangulation, SfM uses feature
matching algorithms such as Scale Invariant Feature Transform (SIFT) (Lowe, 1999)
and bundle adjustments to do a similar process (Carrivick et al., 2016; Westoby et al.,
2012). A further difference between SfM and traditional photogrammetry methods is
that the first produces fully 3D data, which are otherwise only possible with laser

scanning methods (Carrivick et al., 2016).
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The fundamental concept of SfM photogrammetry is the reconstruction of a scaled

3D model of a given object or scene from a series of overlapping images (Figure 1.4).

The term ‘structure -from-motion’, strictly speaking, refers to only one element of the

workflow (Carrivick et al., 2016; Smith et al., 2016) which actually accounts for a set

of principle steps:

1)

Feature detection: detecting image features or keypoints using algorithms
such as SIFT (Lowe, 1999, 2004)

Key point correspondence: identifying correspondences of keypoints in the set
of different images. K-d Trees and approximate nearest neighbours (ANNs) are
common algorithms used (Carrivick et al., 2016)

Identifying geometrically consistent matching: filter keypoints to identify
geometrically inconsistent keypoint correspondences. Random Sample
Consensus (RANSAC) algorithms (Fischler and Bolles, 1981) are commonly
used in this step.

Structure-from-Motion: estimating 3D scene geometry, camera pose and
calibration parameters using bundle adjustment methods (Granshaw, 1980).
The term “bundle” refers to the group of light rays that connects the 3D points
to the camera centres, and ‘adjustment’ refers to the minimised non-linear
cost functions that reflects the measured error (Smith et al., 2016).

Scale and georeferencing: include field measurements and known coordinates
to scale and georeference the model.

Refinement of parameter values: optimise the parameters of the bundle
adjustment using ground control points (GCPs).

Multi-view stereo (MVS) image matching: Final step of the workflow which
increases the density of point cloud by at least two orders of magnitude. There
is a wide variety of MVS approaches (Carrivick et al., 2016), including voxel
based methods, surface evolution based methods, patch-based MVS and
depth-maps (model combining the distance between the camera viewpoint

and the 3D scene objects).
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For that reason, the method can also be commonly addressed as SfM-MVS to
account for the MVS algorithms used at the final stage (Carrivick et al., 2016; Smith
et al., 2016).
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Figure 1.4: Standard Structure-from-Motion workflow for the production of georeferenced
dense point clouds. Inputs and outputs are shown in red. From the top right to bottom right:
valid image matches generated from key point correspondence, sparse point cloud, dense
point cloud. Image extracted from Smith et al. (2016).

1.3.2.1 SfM products

SfM produces four main products: point clouds; meshes; orthomosaics and digital
elevation models. SfM derived point clouds and texture surfaces are inherently multi-
dimensional, generally containing, X, Y, Z, colour and texture which are transformed
into orthomosaics and DEMs (Carrivick et al., 2016; Wolf et al., 2014). A brief

description of each SfM product is given as follows:



3D point clouds

A point cloud is a collection of individual points where which point contains X, Y, Z
coordinates describing their position in a 3D space (D’Urban Jackson et al., 2020). The
SfM process produces a sparse point cloud and reconstructed camera poses (Carrivick
etal., 2016) which is then transformed into a dense point cloud on the MSV step. Point
clouds are the first product of the SfM process, that the following processes build
upon (D’Urban Jackson et al., 2020) (Figure 1.5). It is a versatile dataset that can be
used to compute terrain descriptors (Robert et al., 2017; Van Audenhaege et al., 2021)
and determine changes in structures by aligning point clouds obtained within different

time intervals (Ferrari et al., 2021).
Digital Elevation Models (DEMs)

DEMs are the projection of 3D dense cloud onto a 2D plane (Carrivick et al., 2016).
Thus, the 3D structure is gridded and rasterised into 2.5D. Regularly gridded DEMs
comprise square pixels of constant spatial resolution in which each pixel is assigned
with a depth value (Quincey et al., 2014; Westoby et al., 2012). Experts also discuss
the terminology related to this dimensionality reduction, which is often termed as
either 2D or 2.5D, given that depth information continues integrated to the pixel even
though it is in a coarse resolution (Koch and Heipke, 2006; Turner, 1997). The loss of
information associated with the 2D projection is considered a trade-off between
maximising field sampling and data handling (Carrivick et al., 2016; Fukunaga et al.,
2020). The DEM is a simplified yet useful data product of which fine-scale habitat
metrics can be extracted (Fukunaga et al., 2020; Leon et al., 2015). DEMs, both derived
from bathymetry and SfM, serve as a proxy to study the geomorphic features of single
coral mounds and model coral spatial distribution (Price et al., 2019; Savini et al., 2020,

2014)
Orthomosaics

The SfM workflow produces a georectified and mosaicked image data by merging
original images through differential rectification process which eliminates image
displacements cause by image tilt and terrain relief (Wolf et al., 2014). The

orthomosaic may be georeferenced provided the addition of field coordinates in the
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previous SfM step. SfM-derived orthomosaics are presently underused in geosciences
(Carrivick et al.,, 2016). However, these datasets are useful to investigate spatial
associations in the data. High-resolution mapping studies of coral reefs have
successfully used orthomosaics in combination with DEMs to build classification
frameworks and derive spatial zonation of benthic facies (Burns et al., 2015a; Conti et

al., 2019; Lim et al., 2017).
3D Meshes

3D meshes are triangulated surfaces from point cloud data. It is a ‘closed surface’
polygonal model created from interpolation of the points in the point cloud, often
using Delaunay triangulation (Shewchuk, 2002). Some software may also opt to use
depth map information to build meshes (Agisoft, 2019). A textured mesh can be
produced from reprojecting the orthophotos onto the mesh (Smith et al., 2016). A few
studies have reservations in using meshes due to their triangulated nature (Ferrari et
al., 2021) and limited file formats. However, studies have successfully used 3D meshes
to is derive structural complexity measures complementing DEM measures (Fukunaga
and Burns, 2020; Young et al., 2018). Similar to 3D point clouds, meshes have also

been used to detect structural changes over time (Ferrari et al., 2021)
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Figure 1.5: An overview of high-resolution data formats. Point cloud data (top) can be
transformed into meshes by interpolation, gridding of the point cloud into a 2D plane can
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generate 2.5D rasters such as digital elevation models (DEMs) Extracted from D'Urban et al.
(2020).

SfM software

The industry of SfM software has increased rapidly in line with advances in computer
vision over the last 10 years (Carrivick et al., 2016). There are several options of open-
source and commercial software that offer complete or specific SfM tasks. These can

be separated in four groups:

i) stand-alone software that execute the complete SfM reconstruction process:
Agisoft Metashape, Pix4DMapper, AutoDesk Image Modeler, MicMac,
ColMap. Although the majority of options is commercial, there is a growing
number of open-source options such as Col Map, MicMac and Meshroom, or
under academic licences such as Matisse.

ii) web-services for visualisation and quick 3D model production: SketchFab,
3Dviewer (Shapr3D).

iii) specific tasks within the reconstruction and analysis process: although the
majority of options is commercial, such as Qimera, Lidar360, NaviModel,
RealWorks (Trimble). Three main open source options are: CloudCompare,
Meshlab, Blender which offer a wide range of tools.

iv) Point cloud processing code libraries: Open3D, Point cloud library (PCL) which
offers core processing routines in C++ and Python, and have been used to

build software like CloudCompare and MeshLab.

1.3.2.2 Application of SfM in marine sciences

The widespread use of SfM in geosciences has been enhanced with the development
of new methods allowing the triangulation of non-metric cameras, new feature
extraction algorithms and free open source software (Carrivick et al.,, 2016).
Underwater SfM has branched from conventional SfM given the particularities of
acquiring data underwater such as light attenuation, backscatter and need for

artificial light (Pizarro et al., 2009). Studies dedicated to overcome such issues whilst
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taking advantage of vehicle navigation systems have optimised the application of SfM
for underwater surveying (Menna et al., 2018; Pizarro, 2004; Pizarro et al., 2017,

2009).

In marine sciences, underwater SfM photogrammetry has enabled scientists to derive
biophysical measures of structural complexity and carry out temporal studies that
provide valuable information about ecosystem health that will also feed in
information for monitoring programs (Bythell et al., 2001; Ferrari et al., 2017; Figueira
et al., 2015; Lavy et al., 2015). The application of SfM in marine sciences goes from
producing 3D reconstructions of corals reefs located in both tropical (Anelli et al.,
2019; Burns et al., 2015a; Cocito et al., 2003; Ferrari et al., 2017; Leon et al., 2015;
Pizarro et al., 2017), deep-waters (de Oliveira et al., 2021; Lim et al., 2020b; Price et
al., 2019), and from vertical walls in submarine canyons (Robert et al., 2017) to
hydrothermal vents (Bodenmann et al., 2017; Gerdes et al., 2019; Thornton et al,,
2016), and underwater vehicle motion planning (Eustice et al., 2004; Laranjeira et al.,
2020). Recently, it has gained traction as a powerful tool to aid coral reef restoration
(Ferrari et al., 2021; Pascoe et al., 2021) and promote outreach (Cristobal et al., 2020;
Dolezal et al., 2019). It is well argued that SfM enables non-destructive, repeatable
measurements of shape, volume, surface area, providing a permanent record of the
3D object, thus being a powerful tool to create legacy data and monitor changes
(Capra et al., 2020; Chen and Dai, 2021; Figueira et al., 2015; Piazza et al., 2019;
Westoby et al., 2012). Studies also promote SfM for its rapid sampling speed and

possibility of imaging remote locations (Westoby et al., 2012).

Piazza et al. (2019) used SfM to track temporal changes in benthic habitats in
Antarctica, showing a 25-49% increase in sea urchins and the complete disappearance
of sponges over a period of 2 years. Figureira et al. (2015) assessed the precision and
accuracy of SfM against laser reference models and concluded that the 3D geometry
of coral models differed by only 1-3mm from SfM to laser reference models. The study
reinforced the utility of off-the shelf photogrammetry tools to measure structural

complexity of corals (Figueira et al., 2015).
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1.3.3 Automated Classification Of Coral Reefs

With the advent of new technologies, scientists are acquiring vast numbers of images
and video data (Beijbom et al.,, 2015; Stokes and Deane, 2009). Up until the last
decade, the analysis of these images was conducted manually, which is time-
consuming and require a large amount of resources. As consequence, valuable data

from many domains are under the latency of manual analysis.

Automated analyses of benthic images have gained popularity along with the
improvement of digital cameras and automatic acquisition systems (Beijbom et al.,
2015; Shihavuddin et al., 2013; Stokes and Deane, 2009). There has been considerable
success in automated classification of benthic images specially with the advancement
of machine learning techniques (Alonso et al.,, 2019; Beijbom et al.,, 2012, 2015;
Elawady, 2015; Friedman et al., 2012; Friedman, 2013; Pavoni et al., 2022; Purser et
al., 2009; Shihavuddin et al., 2013; Stokes and Deane, 2009; Williams et al., 2019;
Zurowietz et al., 2018). The success of these tasks is generally built upon four main
pillars: i) quality of image data; ii) quality of the classification algorithm; iii) amount of

training data, and; iv) the quality of training data.

Stokes and Deane (2009) utilised discrete cosine transform and k-nearest neighbours
(kNNs) to do a patch wise classification of benthic substrates. Friedman et al. (2009)
explored well-known algorithms such as Support Vector Machines (SVM), kNNs and
decision trees to segment images based on texture colour and feature shapes. Also
availing of SVMs, Beijbom et al. (2015) used SVMs to classify coral reef images and,
aware of the annotation constraints, also created a benchmark dataset (Moorea
Labelled Corals) with 400,00 annotations. Purser et al. (2009), being among the
pioneers to use ML in CWC habitats, used an artificial neural network based on self-
organising feature maps (SOMs) to estimate Lophelia and sponge coverages. As
studies advanced, part of the efforts also went towards improving annotation
schemes by creating ML assisted tools envisioning time and cost efficiency (Beijbom
et al., 2015). Zurowietz et al. (2018), for example, created MAIA (Machine Learning
Assisted Image Annotation), an image annotation method using a combination of

autoencoder networks with mask-region based convolutional neural networks (MASK
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R-CNN). Alonso et al. (2019) presented CoralSeg, a framework based on CNN semantic
segmentation aiming to address sparse labelling problem which is pertinent in
previous works (Beijoom et al., 2015). Recently, Pavoni et al. (2022) developed Taglab
following the semantic segmentation approach which documented an increase in

annotation speed assisted by semantic label automatic allocation.

Parallel to that, research has progressed towards leveraging SfM-derived datasets,
object-based image analysis (OBIA) and superpixel techniques to develop semi-
supervised classification of marine habitats from orthomosaics and DEMs (Argentino
et al., 2022; Conti et al., 2019; Fallati et al., 2020; Lim et al., 2020b; Price et al., 2022;
Ternon et al.,, 2022; Yuval et al.,, 2021). OBIA works by grouping similar pixels and
building segments of pixels based on specific criteria (Blaschke, 2010; Chen et al,,
2018). These segments, called image objects, become the basic unit of analysis. The
use of OBIA has been widely applied in MBES bathymetric and backscatter data
(Diesing et al., 2016, 2014; Lucieer et al., 2013; Summers et al., 2021). Only recently,
underwater image annotation and automatic classification platforms started
integrating SfM derived data such as DEMs and orthomosaics, which represents a
great progress to the fine-scale analysis of benthic ecosystems (Pavoni et al., 2022,

2019)

When it comes to the classification of the 3D SfM data products such as point clouds
and meshes, there is space for considerable development. Studies have created
methods to automatically classify complex scenes in 3D with success. However, as a
common trend, there is a focus on terrestrial and aerial classification tasks, where the
region of interest are either one single 3D object (Ben-Shabat et al., 2017; Qi et al.,
2017), urban scenes (Roynard et al., 2018) or terrestrial landscapes (Weidner et al.,
2021). The task of classifying benthic habitats in 3D has only started recently
(Hopkinson et al., 2020; King et al., 2018; Mohamed et al., 2020; Pierce et al., 2021;
Young, 2018). Young et al. (2018), acknowledging that CNNs perform better in images
than 3D models, used CNNs to predict fish abundance from underlying coral reef
texture by converting 3D models into 2D planar grids. King et al. (2018), building up
on previous semantic segmentation methods such as Beijbom et al. (2012), compared

6 patch-based CNNs with fully convolutional neural network (FCNN) and SVM based
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models and then produced a 3D model with the classified images. Similarly, Hopkinson
et al. (2020) applied CNNs in mesh elements extracted from the 3D models and traced
back the classified elements into the 3D model. Mohamed et al. (2020) use KNNs,
SVMs and bagging assembled with a fuzzy majority voting (FMV) algorithm to classify
benthic images that were then used to create 3D models. Similarly, Pierce et al. (2021)
used FCNN to create a semantic super pixel algorithm to classify images and project
them into 3D models. What these studies have in common is that they use image-
based classification techniques and then create the 3D models as an independent

process, thus going through similar image annotation processes to generate labels.

There are parallel aims between automatic classification of images and then use of
these images to generate 3D models (Hopkinson et al., 2020). However, automatic
classification directly applied to 3D models remains less explored due to the required
domain knowledge entailed on the multidimensional problem complexity (Young,
2018). One of the main challenges of segmenting and classifying point clouds is the
unstructured and unordered nature of the data (Ben-Shabat et al., 2017). Image
processing software such as CloudCompare have integrated automated classification
schemes that have enabled binary classification of 3D dense clouds (Brodu and Lague,
2012). Although these tools were purposely built for terrestrial landscapes, their
application on CWC habitats led to successful results in classifying coral and seabed
features (de Oliveira et al., 2021). As research on automatic classification develops,
issues related to the human induced errors and sampling sizes are also widely

discussed (Durden et al., 2021, 2016; Pavoni et al., 2022).

1.4 Rationale

Despite their fundamental importance, little is known about CWCs key ecosystem
functions and distribution (Freiwald et al., 1999, 2004). The global distribution of CWC
and the large extent of yet unexplored areas has suited regional mapping approaches
using low-resolution and wider extent proxies, i.e., metre to kilometre scales. As
research advances, it is now also understood that CWC habitats have different

environmental drivers and their spatial variability is not only regional but also local
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(Flogel et al., 2014; Henry and Roberts, 2017, Wheeler et al.,, 2007). Thus, these
valuable ecosystems are known to not hold ecosystem homogeneity, which is valuable
knowledge that can be used to better address environmental policies (Purser et al.,

2013; Roberts et al., 2006).

Before the advent of ROVs and submersibles, the investigation of benthic fauna
depended on sampling methods such as cores, grabs and trawls (Christiansen, 1993).
It is well acknowledged that, as the majority of sampling methods, these techniques
are limited by the sampling resolution, the need for a dense sampling matrix to assure
robustness of estimates whilst also being destructive techniques (Brown et al., 2011).
The advent of video yielded micro-scale in-situ characterisation of ecological habitats
of these mounds and ground-truthing of acoustic mapping methods (Dolan et al.,
2008; Fossa et al., 2002; Guinan et al., 2009; Huvenne et al., 2005; Masson et al., 2003;
Mortensen et al., 1995; Savini et al., 2014).

Wilson et al. (1979) conducted one of the first studies of CWC distribution using
underwater photos and seabed sampling. The use of photos became more common
in the following years, providing centimetric-scale insights on colony morphology and
shape (Frederiksen et al., 1992; Freiwald et al., 1999). The equipment used in earlier
investigations, however, were not suitable for providing quantitative information on
the facies of these habitats (Christiansen, 1993; Mortensen et al., 1995). Mortensen
et al. (1995) provided a detailed fauna quantification of L. pertusa from sixteen ROV
video transects in the Norwegian shelf by counting different coral species from the
video data. Given the extent of mapped areas, traditional quadrat counting methods
in video and images may provide limited information regarding the spatial
relationships among ecological communities and are restricted by time and resources
being prohibitively expensive (Brown et al., 2011; Ismail et al., 2018; Mortensen et al.,
1995). SfM mosaics present a larger footprint when compared to single images
(Pizarro et al., 2017) and, as part of a suite of high-resolution mapping tools and
methods, they enable fine-scale quantifications of structural complexity, which may
support valuable ecosystem functioning traits and niche-specific evaluations (Leon et

al., 2015).
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Thus, the structural complexity of coral reefs can influence key species interactions at
local (millimetric) and regional (metric to kilometric) scales (Buhl-mortensen et al.,
2015; Donovan et al., 2022; Kazanidis et al., 2021). Its importance extends to
quantifying reef fish density and biomass (Graham and Nash, 2013; McCormick, 1994).
It acknowledge that the inclusion of reef structural complexity analysis should be a
crucial part in CWC monitoring and research (D’Urban Jackson et al., 2020; Price et al.,

2019).

However, the magnitude of influence of 3D variables such as structural complexity
continues to be poorly understood (Brown et al., 2011; Kovalenko et al., 2012). Most
monitoring programs reduce dimensionality when mapping and resort in quantify
coral quantity as live coral cover, which is the two dimensional proportion of coral
surface to the seafloor on a planar view (Fisher et al., 2007; Goatley and Bellwood,
2011). Studies reiterated that the absence of the third dimension limits the ability to
characterise coral reef key health indicators (Cocito et al., 2003; Fisher et al., 2007,
Goatley and Bellwood, 2011; House et al., 2018). Furthermore, the costly nature of
data collection for many applications in earth sciences are escalated by the
remoteness and inaccessibility of study sites (D’Urban Jackson et al., 2020; Lecours et

al., 2015; Westoby et al., 2012).

Governmental institutions and the scientific community convey that there is currently

a lack of information available about important marine ecosystem services around the
globe and there is a need for data collection, collation and analysis of the world’s
marine resources to support the implementation of conservation policies and marine
spatial planning (Clark, 2006; FAO, 2010, 2009; Inter-Departmental Marine
Coordination Group, 2018). Therefore, a practical perspective to support decision
making of stakeholders whilst representing the functional diversity of deep-water
habitats is urgently needed (Baker and Harris, 2012; Davies et al., 2017; Ismail et al.,
2018)

At a social-economic perspective, CWCs are valuable ecosystems but there is a lack of
awareness regarding their existence and current threat status (Aanesen et al., 2015;
Davies et al., 2017). This lack of awareness is less pronounced for tropical reefs. For

example, a search on Google Scholar with the word “Cold-water corals” returns
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173,000 results as opposed to the 503,000 results when typing “tropical corals”. In
comparison to deep-sea areas, marine spatial planning and methods to understand
coral habitats is more developed in shallow waters (Brown et al., 2011; Ismail et al.,

2018).

As technologies to map CWCs and deep-water environments advance, there is a
growing need to advance acquisition and processing techniques (Kwasnitschka et al.,
2013; Singh et al., 2007). The development of new acquisition and new analyses
methods that will account for the increase of data volumes are yet to be on the same
pace (Beijbom et al., 2015; Kwasnitschka et al., 2013) . Hence, research is now moving
to not just analyse environments as isolated studies but also to aid time-effective and
high-quality analysis of large areas. Whilst several frameworks to automatic classify
images have been developed, there is still a gap on frameworks that enable the

automatic classification of 3D underwater data for non-experts.

1.5 Aims And Research Questions

The main aim of this PhD thesis is to advance techniques for mapping of deep-water
environments. Given the limitations listed above, the research outlined here aimed to
contribute towards bridging the gap between the posed challenges and possible
solutions. As such, this thesis investigates how computer vision imaging technigues

can be used to:

I.  develop an unprecedented 3D imaging classification workflow for CWC
habitats of Ireland whilst analysing the suitability and transferability of
2D and 3D data to represent these habitats in high-resolution;

Il.  quantify facies distribution and spatial variability;

lll.  link image data to processes driving CWC reef development;
IV.  develop new forms of visualisation of 3D data of underwater
environments;

V.  derive meaningful information from dense optical datasets.
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The work presented herein documents a turning point in the analyses of underwater
environments by providing novel methods to manage and analyse 3D data. Each
chapter provides an overview of the work developed towards achieving these

objectives, as follows:

Chapter 1, this chapter, presents an overview of the fundamental concepts in which
this PhD is based upon. It starts by outlining the importance, distribution and
morphological traits of CWCs and CWC mound developments, leading to addressing
current issues and gaps in CWC mapping. It follows with an overview of mapping
trends, equipment and the methods used herein. Finally, the aims of the thesis are

outlined.

Chapter 2 presents the results of the first aim of the PhD: to develop an
unprecedented 3D imaging classification workflow for Irish CWC reef habitats whilst
analysing the suitability and transferability of 2D and 3D data to represent these
habitats in high-resolution. First, it gives an overview of the current methods to
manipulate 3D data and the importance of using 3D data in CWC mapping, followed
by providing a detailed description of the photogrammetric process used to
reconstruct sections of a submarine canyon. A binary classification framework was
developed to classify different sections of the canyon in coral and seabed. Three
methods were developed based on current techniques embedded in 3D image
processing software. The advantages and shortcomings of using 3D data and 2D data
are outlined. Chapter 2 aims to answer the following research questions:

1 - What software-based methods for 3D point cloud classification are

available?

2 - What is the cost, in terms of data loss, of using 2D data for 3D objects?

3 - What are the main advantages and disadvantages of the 3 different 3D
workflows identified within this study?

Chapter 3 presents an advanced classification by integrating the use of supervised
machine learning algorithms into a multiclass 3D classification framework. This study
was designed upon noticing a relevant research gap in the automatic classification of

deep-water habitats using machine learning. Although machine learning techniques
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have become more common over the past years and advances had been made in
other scientific fields, no studies outlining the use and suitability of supervised
classification algorithms for 3D data of CWC habitats had been developed. In this
chapter, we present a detailed assessment of six machine-learning algorithms and
underline their performance with different data sample sizes. Chapter 3 aims to
answer the following research questions:

1 - Can Machine Learning be used for the classification of 3D point clouds of

coral reef environments?

2 - Which Machine Learning classifiers produce the highest classification
accuracy?

3 - Which parameters and variables can provide a better classification
outcome?

4 - What is the minimum density of points required to accurately classify a
point cloud model with ML?

Chapter 4 focuses on detecting and analysing spatial patterns of CWC facies and
understanding possible interactions among coral facies at centimetric scales. It
delivers an environmental analysis of the classified data by combining
geomorphometric drivers, size distribution with Euclidean distances, and point
pattern analyses. This chapter brings a novel approach to point pattern distribution by
using multidimensional data, integrating object sizes into the analyses and providing
a 3D interpretation of a CWC habitat. To this end, Chapter 4 aims to answer the four

main research questions:

1 - What is the distribution of each facies?
2 - Is there a pattern in coral distribution and size of corals ?
3 - Do corals have a preference in habitat?

4 -Are coral facies clustered or dispersed?

Chapter 5 explores the investigation of new techniques to visualise deep-water
habitats. This chapter was designed based on the fundamental concern of CWCs: if
they are “out of sight” they are “out of mind”. The study presented in this chapter

aimed to contribute to raising awareness about CWC and their importance. To this
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end, we integrated photogrammetry, gaming developing platforms and mobile
application development to create a novel, accessible platform to visualise the
seafloor in 3D from a mobile phone. The suitability of different 3D reconstructions for
the mobile app was accessed to investigate the requirements for 3D resolution within

the mobile app, thus Chapter 5 aims to answer the following research questions:

1 - Can SfM and augmented reality (AR) be applied in outreach activities to

promote access to deep-water environments?

2 - What technologies are currently available to aid visualisation of these

habitats?
3 - What are the specificities of 3D data necessary to develop successful mobile
applications?

Finally, Chapter 6 provides a summary of the findings, achievements and concluding
remarks on the work carried out in this thesis. It follows by expressing the limitations
of this line of work, giving alternative approaches, suggestions and future

developments.
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This chapter is organised as follows: introduction, materials and methods, results,
discussion and references. Author contributions are outlined according to the

Contributor Roles Taxonomy (CRediT) author statement.

This chapter presents the results of the first aim of the PhD: to develop an
unprecedented 3D imaging classification workflow for Irish CWC reef habitats whilst
analysing the suitability and transferability of 2D and 3D data to represent these
habitats in high-resolution. Motivated by the absence of methods for semi-automated
classification of 3D data, we explore the capabilities of current technologies to
perform a 3D classification task on the Porcupine Bank Canyon and identify the

aspects that need to be further investigated.
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Abstract

Cold-water coral (CWC) reefs are complex structural habitats that are considered
biodiversity “hotspots” in deep-sea environments and are subject to several climate
and anthropogenic threats. As three-dimensional structural habitats, there is a need
for robust and accessible technologies to enable more accurate reef assessments.
Photogrammetry derived from remotely operated vehicle video data is an effective
and non-destructive method that creates high-resolution reconstructions of CWC
habitats. Here, three classification workflows [Multiscale Geometrical Classification
(MGC), Colour and Geometrical Classification (CGC) and Object-Based Image
Classification(OBIA)] are presented and applied to photogrammetric reconstructions
of CWC habitats in the Porcupine Bank Canyon, NE Atlantic. In total, six point clouds,
orthomosaics, and digital elevation models, generated from structure-from-motion
photogrammetry, are used to evaluate each classification workflow. Our results show
that 3D Multiscale Geometrical Classification outperforms the Colour and Geometrical
Classification method. However, each method has advantages for specific applications
pertinent to the wider marine scientific community. Results suggest that advancing
from commonly employed 2D image analysis techniques to 3D photogrammetric
classification methods is advantageous and provides a more realistic representation

of CWC habitat composition.
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2.1 Introduction

Azooxanthallate scleractinian corals, such as Lophelia pertusa (synonymised to
Desmophyllum pertusum in Addamo et al., 2016) and Madrepora oculata, are
recognised by their three-dimensional branching morphology and framework building
capacity (Mortensen et al., 1995; Roberts, 2002; Jonsson et al., 2004; Costello et al.,
2005; Wheeler et al., 2005a, 2007b; Gass and Roberts, 2006; Guinan et al., 2009). In
suitable environmental conditions, these cold-water coral (CWC) species can form
structural habitats such as small coral patches (Wilson, 1979a), reefs (Masson et al.,
2003; Roberts et al.,, 2006b; Victorero et al., 2016; Lim et al., 2018), and giant
carbonate mounds (Hovland and Thomsen, 1997; Mienis et al., 2006; Wheeler et al.,
2007a; Freiwald et al., 2011; Huvenne et al., 2011) that can reach up to 400 m above
the seabed. The presence of reef-forming CWC colonies has been documented in a
range of settings from fjords (Fossa et al., 2006) to continental shelves, slopes (Wilson,
1979b; Mortensen et al., 1995; Wheeler et al., 2005c; Leverette and Metaxas, 2006;
Mienis et al., 2006) to seamounts and submarine canyons (Huvenne et al., 2011;
Appah et al.,, 2020) throughout the North Atlantic, Indian, and Pacific oceans and the
Mediterranean Sea (de Mol et al., 2005; Freiwald and Roberts, 2005; Wheeler et al,,
20073, b; Roberts et al., 2009; Freiwald et al., 2011; Lim et al., 2018).

Cold-water coral environments are commonly considered marine biodiversity
“hotspots” as they can harbour increased biodiversity and biomass relative to their
surrounding areas (Jonsson et al., 2004; Wheeler et al., 2007a; Fanelli et al., 2017).
Despite being among the world’s most important reservoirs of marine biodiversity
(Freiwald et al., 2011), CWC reefs are also susceptible to environmental changes and
threats such as temperature and salinity changes, as well as anthropogenic activities
(Roberts et al., 2006a; Wheeler et al., 2007a; Orejas et al., 2009; Huvenne et al., 2016),
e.g., bottom trawling (Wheeler et al., 2005b), mining (Savini et al., 2014), and oil and
gas exploration (Roberts, 2002; Gass and Roberts, 2006; Barbosa et al., 2019). Several
studies have affirmed that CWC reefs are declining rapidly in response to high rates of
environmental change (Lim et al., 2018; Boolukos et al., 2019) and ocean acidification

(Turley et al., 2007; Findlay et al., 2013). Consequently, there is a need for CWC reef
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assessments that quantify variations in temperature, salinity, food supply, and growth
rates combined with measurements of structural complexity and biodiversity. It is
therefore essential to understand these environments and to assign priority areas for

protection (Ferrari et al., 2018; Appah et al., 2020).

Three-dimensional structures enhance small-scale spatial variability and play a major
role in species biodiversity and nutrient cycling (Graham and Nash, 2013; Pizarro et
al., 2017; Lim et al., 2018). The use of multibeam echosounders (MBES) can provide
sub-metre pixel resolution bathymetric coverages of submarine canyons (Huvenne et
al.,, 2011; Robert et al., 2017) and CWC environments (De Clippele et al., 2017; Lim et
al., 2017). However, there is a lack of studies at a centimetric resolution (King et al.,
2018; Anelli et al.,, 2019; Price et al.,, 2019) that reveal the complexity of coral
frameworks. The analysis of these environments usually relies on 1D or 2D estimates
of coral cover and distribution that can potentially disregard important changes in reef
habitats as they may not integrate accurate vertical or volumetric information
(Courtney et al., 2007; Goatley and Bellwood, 2011; House et al., 2018). Therefore,
there is an increasing demand for the development of novel techniques for measuring
coral reef environments in 3D (Burns et al., 2015a, b; House et al., 2018; Fukunaga et
al., 2019). This demand has been mitigated with the use of novel mapping techniques
such as structure-from-motion (SfM) photogrammetry (Cocito et al., 2003; Burns et
al.,, 2015b; Storlazzi et al., 2016; Robert et al., 2017, Price et al., 2019) which is
becoming progressively more common since the introduction of remotely operated
vehicles (ROVs) (Kwasnitschka et al., 2013; Lim et al., 2020). Increasing access to
computer processing power, high-resolution digital imagery, and recent
developments in image processing software has led to a considerably higher number
of studies utilising photogrammetry for seabed habitat mapping (Storlazzi et al., 2016;
Pizarro et al., 2017; Hopkinson et al., 2020). SfM photogrammetry is considered a
time- and cost-effective method for seabed mapping that allows high-resolution
environment reconstruction (Burns et al., 2015a, b; Storlazzi et al., 2016; Robert et al.,
2017; House et al., 2018). SfM utilises multiple overlapping images at various angles
to reconstruct 3D models of complex scenes. To this end, SfM uses a scale-invariant

feature transform (SIFT) algorithm to extract corresponding image features from an
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offset of images captured sequentially along the camera transect (Lowe, 1999). These
calculations of overlapping imagery can be used to reconstruct 3D point cloud models
of the photographed surface or scene (Carrivick et al., 2016). Moreover, the use of
ROV video data has a number of benefits when compared to traditional sampling
methods given that it is non-destructive and can have a wide spatial coverage (Guinan

et al., 2009; Bennecke et al., 2016; De Clippele et al., 2017; Young, 2017).

The increase of data derived from SfM mapping has led to the necessity for new tools
and techniques to aid time-effective and high-quality analysis of large areas (Storlazzi
et al., 2016; Pizarro et al., 2017; Young et al., 2018; Marre et al., 2019). As technology
advances, datasets are also becoming larger which, in turn, leads to a need for
automated processing with faster, more precise, and accurate classification outputs
(Brodu and Lague, 2012; Weinmann et al.,, 2015). Currently, this need has been
achieved by integrating machine learning (ML) with mapping techniques to achieve
automated meaningful pattern detection from multi-thematic datasets. ML has been
widely used in remote sensing (Pal, 2005; Mountrakis et al., 2011), archaeology
(Menna et al., 2018; Lambers et al., 2019), and to predict fish abundances (Young,
2018). Studies have shown optimal results on the application of ML for satellite, aerial,
and terrestrial imagery (Wang et al., 2015; Pirotti and Tonion, 2019). Classification
studies using LIDAR data performed in Walton et al. (2016) and Weidner et al. (2019)
are also good examples. However, there is still a scientific gap between ML and marine
surveying for seabed classification due to the costly computational nature of ML
methods and the time-intensive annotation of marine datasets which usually requires
expert knowledge (Shihavuddin et al., 2013; Marburg and Bigham, 2016; Hopkinson
etal., 2020). This gap is emphasised when we consider the use of 3D data. Even though
existing ML models such as neural networks (NNs) have shown promising results on
3D reconstructions of single objects, there is still room for improvement for the
classification of complex 3D scenes (Weinmann et al., 2015; Roynard et al., 2018),
especially in the case of marine habitats (Gémez-rios et al., 2018; Hopkinson et al.,
2020). Challenges related to the complexity derived from variability of point density,
non-uniform point structure, and size of the dataset still cause difficulties when

developing and applying new methodologies for 3D point cloud classification
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(Weinmann et al., 2013). In the specific case of coral reefs, difficulties in detecting
coral shape, colour, and texture have also been reported (Gémez-rios et al., 2018; King
et al., 2018; Hopkinson et al., 2020) especially as corals tend to occur in colonies and

can have similar features.

In this study, we assess three different image classification techniques embedded in
image analysis software and evaluate both the performance and results when using
3D data. We also compare their resource requirements and information outputs. The
usability and the computing power required to process and analyse data were also
taken into account. In a wider scenario, this study aims to show novel applications of
ML for seabed mapping of submarine canyons and CWC reefs. Furthermore, we
provide a classification workflow created for these environments and evaluate the
limitations and advantages of using 3D data in comparison to 2D. For the first time,
the techniques were applied to the CWC reefs in the Porcupine Bank Canyon (PBC),
NE Atlantic. As such, this paper contributes to the wider scientific community using

existing image processing software for 3D classification of deep-sea environments.

2.2 Materials and Methods

Three classification workflows applied to underwater photogrammetric
reconstructions of CWC habitats in the PBC are analysed. The methods range from a
relatively straight-forward appraisal to ones of increased complexity in terms of
computational requirements and user knowledge. Herein, we describe data

acquisition, processing, and the workflow of the applied methods.

2.2.1 Study Area

Submarine canyons offer a variety of CWC habitats including vertical habitats
(Huvenne et al.,, 2011; De Clippele et al.,, 2017; Robert et al.,, 2017). The three
methodologies presented herein were applied to CWC habitats in the PBC, located

approximately 300 km southwest of Ireland (Figure 2.1). The canyon is located
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between the Porcupine Seabight to the southeast and the Rockall Trough to the west
(Wheeler et al., 2005a). Measuring 63 km in length, the PBC is one of the largest
submarine canyons on Ireland’s western margin. Since 2016, the PBC has been
designated as a special area of conservation (SAC) (n°003001) by the European Union
Habitats Directive (2016), and therefore no fishing or other exploratory activities are

allowed in the area.
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Figure 2.1: Study site (in red)—The Porcupine Bank Canyon study area on the Irish continental
margin west of Ireland

The PBC is a tectonically controlled (Shannon, 1991), asymmetrical canyon with two

branching heads separated by a ridge and exiting separately into the Rockall Trough
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(Appah et al., 2020; Lim et al., 2020). A steep, ~700 m high, cliff face exists at the
southeast margin of the canyon with exposed bedrock. This bedrock contrasts with
the sediment-dominant slope on the northwest margin that extends to the canyon
base (Dorschel et al., 2010; Appah et al., 2020; Lim et al., 2020). Giant carbonate
mounds of up to 100 m high (Wheeler et al., 2005a) are concentrated along the edges
of the canyons or associated with fault systems existing around the canyon head,

leading to escarpments of up to 60 m high (Mazzini et al., 2012).

The PBC is influenced by strong currents along the mound tops and flanks, water
column stratification, enhanced bottom currents, and upwelling (Mazzini et al., 2012).
Unprecedented current speeds of 114 cm st have been recorded within the PBC,
which is the highest current speed ever recorded in a CWC habitat (Lim et al., 2020).
Data from conductivity-temperature-depth (CTD) measurements show that the region
is mainly influenced by the eastern north atlantic water (ENAW) down to 800 m water
depth flowing northerly (Lim et al., 2020) with the labrador sea water (LSW) below
1100 m depth (Appah et al., 2020). Mediterranean outflow water (MOW) also flows
through the canyon between 800 and 1100 m water depth (Appah et al., 2020; Lim et
al., 2020). It is suggested that current regimes influence the distribution of benthic
fauna throughout the canyon and that CWC habitats in the PBC can tolerate
considerably high current speeds (Lim et al., 2020). High biodiversity including actively
growing and well-developed coral colonies is found at depths of 600-1000 m where
the ENAW and MOW occur, while poorly developed coral colonies were related to the
LSW (Appah et al., 2020). The main framework forming CWC in the canyon is L. pertusa
(syn. D. pertusum), and the other most common coral species were black corals
Stichopathes cf. abyssicola and Leiopathes glaberrima and sponges Aphrocallistes

beatrix and Hexadella dedritifera (Appah et al., 2020).

2.2.2 Video Survey and Data Collection

The video data used in this survey were acquired during research cruises CE19008
(Lim et al., 2019b) and CE19014 (Lim et al., 2019a) from 13rd to 23rd of May of 2019

and 25th to 31st of July of 2019, respectively. Video data were collected using the
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Holland 1 ROV, although the methodologies compared in this paper could be applied
to towed-camera or diver surveys. The ROV is equipped with 11 camera systems of
which two were used as data sources for analysis in this paper: an HDTV camera (HD
Insite mini-Zeus with HD SDI fibre output), and a Kongsberg OE 14-208 digital stills
camera. Two deep-sea power lasers spaced at 10 cm were used for scaling. Positioning
data were recorded with a Sonardyne Ranger 2 ultra-short baseline (USBL) beacon
and corrected by an IXBlue doppler velocity logger (DVL) (Lim et al., 2020). ROV video
data were acquired at a height of ~2 m above the seabed with a survey speed of <0.2
knots at locations in the PBC. High-definition video data (1080p) were acquired at 50
fps and stored as *.mov files. The areas selected for reconstruction were based on the
distribution and variety of CWC habitats such as small individual coral colonies, coral

colonies on rock outcrops, coral gardens, and mounds.

2.2.3 3D Reconstruction Using Structure-From-Motion (SfM) Photogrammetry

ROV video data, digital stills, and camera positioning information were used to
produce the 3D reconstructions in this study. One frame per second was extracted
from the raw video data with Blender (version 2.78). The frames were imported into
Agisoft Metashape Professional v1.6, and each frame was georeferenced with its
relative USBL positioning data. The lasers from the HD camera were utilised to scale
features during the reconstruction process. The workflow for model rendering was
carried out as detailed in Agisoft (2019) using an Intel I7 hexa core, 16 GB of RAM, and
NVIDIA GTX1070 (8 GB) graphics card. The overall workflow and data outputs are
shown in Figure 2.2. Dense clouds were used in method 1-MGC [section “Method 1-
Multiscale Geometrical Classification (MGC)”] and method 2—CGC [section “Method
2—Colour and Geometrical Classification (CGC)”], while the orthomosaics were used

for method 3—0BIA [section “Method 3—2D Object-Based Image Analysis (OBIA)”].
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Figure 2.2: Workflow for 3D model reconstruction and applications of each output data within
this study.

2.2.4 Classification Methods

2.2.4.1 Method 1-Multiscale Geometrical Classification (MGC)

An MGC approach was utilised in this study to perform a binary classification of our
3D CWC reef reconstructions. We utilised Canupo (Brodu and Lague, 2012), a support
vector machine (SVM) classification algorithm implemented in the open-source
software CloudCompare (Girardeau-Montaut, 2011). This method was chosen due to
its solid workflow for classification of point clouds applicable to natural environments
(Brodu and Lague, 2012). As this technique uses dimensionality (computation of
vector dispersion for each point relative to a neighbourhood of points) as a parameter
for classification, it provides flexibility when applied to data derived from different
sources as geometrical measurements are not dependent on the instrument used
(Brodu and Lague, 2012). Therefore, these SVM-based classifiers can be reutilised by
other users with point cloud data derived from different sources, e.g., terrestrial or

airborne laser scanning. Another reason for choosing a dimensionality-based classifier
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is the limited separability of RGB component spectral signatures in underwater

photogrammetry.

The multiscale classification technique used here computes the degree to which each
neighbourhood of points can be examined as single-, two-, or three-dimensional
aspects by identifying the principal components of the point coordinates in the given
neighbourhood (Brodu and Lague, 2012). This method is defined as a multiscale
classification because it calculates these statistics for each core point in the scene at
a spherical neighbourhood of different sizes, referred to as scales parameters. As such,
this method generates a feature vector that can distinguish between semantic objects
(Maxwell et al., 2018; Weidner et al., 2019), such as coral and bedrock. The
computation of neighbourhoods defined by each scale gives the classifier a multi-scale
refining property (Brodu and Lague, 2012; Weidner et al., 2019). The final product of
this process is defined herein as a multiscale classifier that is applied to the test
dataset. Here, the neighbourhood sizes were chosen to include a range from coral
frameworks to differing rock sizes so that small-scale objects would also be captured

in large-scale sizes.

As this technique is a semi-automated classification that employs a probabilistic
approach, it is essential to build classifiers based on samples of features of interest
from a training dataset, i.e., live and dead corals. Entire dense clouds were manually
segmented into objects of interest and divided in two classes: “coral” and “seabed.”

|II

The class “coral” consisted of hard and soft coral colonies and frameworks. The class
seabed consisted of the remainder, i.e., seafloor and other benthic organisms (e.g.,
coral rubble, echinoderms, sponges, etc.). The segmentation process was repeated on

each axis (X, Y, and Z) to avoid single view bias.

Scale parameters used for the multiscale descriptors were based on the variance of
object size within the scene. Ten initial scales with steps of 0.1 or 0.005 were chosen
based on an empirical analysis of the data, combining the evaluation of features to be
identified with a trial-and-error approach. The maximum number of core points
(MNCPs) value is the number of randomly sub-sampled points that will be used for
computations on the scene data. The higher the MNCP value, the greater the number

of computations. Thus, an increase in the number of scales and core points was
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directly related to the ability to discriminate and the processing power required to
train the classifier. The performance of each classifier was quantified by the Balanced

Accuracy (ba) value which is defined by the equation:

1
ba = E(acl + acz)

Where each class accuracy (a.q and a.,) is defined as a,; = th1/(tC L+ e and
[ C

_ tee ) " ) "
Aoy = /(thz + feen (tce1- truly classified class 1, tc.,- truly classified class 2,

fcery —falsely classified class 1, fc,) —falsely classified class 2). For each sample, the
classifier assigns a distance, d, from the separation line of the classifier and the
measure of separability is calculated by the Fisher Discriminant Ratio (fdr) described

in (Sergios Theodoridis and Konstantinos Koutroumbas, 2008) which is defined as:

_ 2
fdr = (U2 — m1) /1/1 + v,

where W, and y, and v, and v, are the mean and the variance of the aforementioned
distance d for each class 1 and 2. The fdr is used to assess the class separability, i.e.,
how well the classes are separated. Therefore, a high ba value indicates that the
trained classifier has a good recognition performance whereas a high fdrindicates that
the classes are well separated in a plane of maximal separability. The classifier quality
is directly proportional to ba and fdr values. The higher the values, the better the
classifier can identify and classify objects into two classes. Further details can be found

in Brodu and Lague (2012).

The dataset consisted of eight dense clouds that were split into training and testing
sets. The training set was used for training the classifier, which was then applied onto
the unseen testing set. Each classifier was trained with a combination of segments
from a single dense-cloud or two different dense-clouds, referred to here as source-
clouds. The testing dataset composed by the remainder of the dataset after excluding
the dense clouds was used to train the classifier. The classifiers with the highest ba
and fdr values were applied to the testing dataset to evaluate their robustness and

reproducibility, i.e., their ability to be applied to analogous environments. Initially, no
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confidence threshold was set for the classification. Therefore, all points were classified
as either coral or seabed. After a visual inspection of preliminary results, a confidence
threshold was set to arbitrary values 0.5 or 0.9 and the classifier was executed again.
The confidence threshold allows class labels to be assigned only if the results exceed
that value; otherwise, the point is left unclassified. If more than 30% of the points
were left unclassified, the classifier was retrained with a different number of scales
and core points (Supplementary Figure 2.10). This threshold was set to reassure
classification quality in a trial-and-error approach (Weidner et al.,, 2019). Hence,
higher values will result in less generalisation and more complex decision boundaries
(Maxwell et al., 2018). Studies in terrestrial point clouds for rock slope classification
have chosen the confidence threshold based on up to 15% of unclassified points
(Weidner et al., 2019). A 30% confidence threshold was chosen for this study due to

the point cloud density differences and the classes of objects to be addressed.

2.2.4.2 Method 2—Colour and Geometrical Classification (CGC)

The second classification workflow is based on the use of colour and geometrical
feature information following the work of Becker et al. (2018) which has shown
satisfactory results for ground classification point clouds surveys using unmanned

aerial vehicles (UAVs) (Klapsté et al., 2018).

The use of geometrical features for semantic classification has brought positive results
in several terrestrial data studies (Weinmann et al.,, 2015; Hackel et al., 2016). In
addition to geometrical features, the use of colour information in the classification
process of point clouds provides a significant increase in prediction accuracy (Lichti,
2005; Becker et al., 2018). For underwater photogrammetry, the use of colour has
been advised as a way to include important image spectral information (Beijbom et
al., 2012; Bryson et al., 2013, 2015, 2016). However, its importance is questionable as
there are interactions between the colour spectrum and water column, e.g., the red
colour channel is attenuated with distance from camera (Carlevaris-Bianco et al.,

2010; Beijbom et al., 2012; Bryson et al., 2013).
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Here, the same training set of dense point clouds was classified using the supervised
multiclass classification algorithm implemented in Agisoft Metashape (Supplementary
Figure 2.11). This automatic multiclass classification approach associates geometric
and colour features that are fed into the Gradient Boosted Tree (GBT) algorithm to
predict the class of each point in the point cloud. GBT utilises colour features
computed from the colour values of each point and the average colour values of its

neighbouring points.

Geometrical features used in the algorithm were previously presented in Becker et al.
(2018). For each point, its neighbouring points are computed, and the set is used to
build a local 3D structure covariance tensor which summarises the predominant
direction of the slope gradients in the neighbourhood of a point. The eigenvalues and
corresponding eigenvectors are used to compute the local geometric features, for
instance, ominivariance, eigentropy, anisotropy, planarity, linearity, surface variation,
verticality, and scatter. These features, which originate from the 3D covariance matrix
of nearest neighbours of each point, can be used to describe the local 3D structure
and dimensionality (Weinmann et al., 2013). Further information about the algorithm
can be foundin Becker et al. (2018). This technique provides a supervised classification
which is pre-trained using terrestrial datasets. The dense clouds were classified with

the GBT classifier into ground (seabed) and low vegetation (corals).

2.2.4.3 Method 3-2D Object-Based Image Analysis (OBIA)

As a baseline method, object image classification was utilised to analyse the range of
information that 2D data classification can provide in comparison to the 3D data.
Object-based analysis techniques have been widely applied across different remote
sensing areas, especially for marine studies (Conti et al., 2019; Lim et al., 2020), aerial

imagery (Zhang et al., 2010), and land cover mapping (Benz et al., 2004).

For this classification method, the georeferenced orthomosaics, DEM, and slope from
the training set were used. Slope was derived from the DEM in ArcGIS Spatial Analyst
toolbox. Slope, DEM, and the orthomosaics derived from the point cloud processing

were imported into eCognition Developer (Trimble Germany GmbH, 2019) and
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segmented using the multi-resolution segmentation algorithm (Benz et al., 2004) at a
pixel level using different layer weights for RGB, DEM, and slope layers. This
segmentation approach merges pixels of similar values into objects based on relative
homogeneity criterion. The homogeneity criterion measures how homogeneous an
image object is in relation to itself and it is calculated as a combination of spectral and
shape criteria (Trimble, 2018). The shape ratio determines to what extent the shape
influences the segmentation compared to colour. The compactness is a weighting
value that affects the compactness of the objects in relation to smoothness created
during the segmentation. These ratios are obtained by calculating primary object
features, shape, and colour, with heterogeneity calculations, i.e., standard deviation
(Benz et al., 2004). Layer weight values control the emphasis given to colour and shape
during the heterogeneity calculation (Koop et al., 2021) as it increases the weight of a
layer based on the heterogeneity. The weight parameters adapt the heterogeneity
definition to the application in order to get suitable segmentation output for image
data (Benz et al., 2004). The layer weight values used were chosen following Lim et al.
(2020). The scale parameter is considered the most effective parameter (Benz et al.,,
2004; Kavzoglu and Yildiz, 2014) and is used to control the average image object size
in relation to the whole scene, the higher the value, the larger the objects will be. Scale
parameters, shape, and compactness thresholds were set for each model individually,

following a trial-and-error approach.

After the segmentation, each model was manually classified by an expert. The

simplified process is defined in the workflow in Supplementary Figure 2.12.

2.2.4.4 Ground Truthing

To assess classification performance, dense cloud datasets were manually annotated.
These points were then compared to the classification outputs from the MGC and CGC
methods. Classification accuracy was calculated in Python with the ML library Scikit-

learn (Pedregosa et al., 2011).
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The accuracy score was calculated by summing the true positives and true negatives
of all classes and dividing by the total number of annotated points (true positives, false
positives, true negatives, and false negatives). The balanced accuracy was calculated
as the arithmetic mean of sensitivity (true positive rate) and specificity (true negative
rate) of each class. These metrics were chosen because they take into account the
class imbalance, i.e., classes do not have the same number of samples, which is typical
of seabed imagery datasets. Failure to do so would accidentally inflate the

performance of classifiers (Akbani et al., 2004; Brodersen et al., 2010).

2.3 Results

A total of eight 3D reconstructions were produced using 3681 images. Dense clouds
were composed of a total of 165,356,594 points. The average reconstruction length
was 19.73 m and depths ranged from 595 to 1001 m, with average depth of 732.57
m. Mean total error (i.e., root-mean-square error for X, Y, and Z coordinates for all the
cameras) was 13.015. Continuous video acquisition along the ROV transects was not
regularly possible because of variations in ROV height and speed. High current speeds
at the PBC and the presence of particles in suspension in water column (marine snow)
also impacted the ROV video transect and consequently the video quality in some
areas. Low-quality data were rejected prior to reconstruction. Despite the presence
of a few gaps in the surface, the reconstructions showed medium scale features (>10
cm) such as coral branches, coral rubble, and some benthic species with distinction.
However, fine scale features (<5 cm) such as individual coral polyps and encrusted

algae were not easily visible.

2.3.1 Coral and Seabed Distribution in the Porcupine Bank Canyon

The dense clouds were manually annotated by an expert and segmented into classes:
coral and seabed. The percentage distribution of the coral and seabed samples from
the annotated test set showed an average of 7.19% coral and 92.81% seabed. Models

A, B, and C, located on the upper part of the PBC, showed higher percentages of coral
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(>10%) and sediment-dominated facies with dropstones (Figure 2.3). Models D, E, and
F, located on the canyon flank ridge, showed lower percentages of coral (<5%),
predominance of bedrock with occasional sediment-dominated facies in areas

proximal to the eastern side of the flank (Model F; Figure 2.3).

Figure 2.3: Map showing the location of the Porcupine Bank Canyon on the Irish continental
shelf and the location of each SfM reconstructed dense cloud produced in this study and its
respective class distribution with manual annotation. Blue represents seabed and orange
represents coral.

2.3.2  Multiscale Geometrical Classification (MGC)

A total of 11 SVM classifiers were built based on different combinations of annotated
samples from the training dataset (Part 1 of Supplementary Figure 2.10). Overall
classifier training results had an average ba of 89.85%, and fdr ratio of 4.27. Classifier
6 presented the best ba and fdr with values of 99.8 and 8.98%, respectively (Figure
2.4). The training was performed with 20,000 core points and 10 scales with a
minimum of 0.1, maximum of 1, and step of 0.2. Classifiers trained with classes from
two different source clouds hence, different environments, presented higher ba and

fdr ratios than classifiers trained with one single cloud source.
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Classifier accuracy relative to the number of scales
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Figure 2.4: Classifier accuracy in relation to the number of scales. The classifier ID is placed on
the top of each bar. In the MGC method, scale is defined as the neighbourhood size of pixels
to which the classifiers compute each metrics.

The classifier that presented the best performance (classifier 6 on Figure 2.4) was
applied to the testing dataset (see Part 2 of Supplementary Figure 2.10). As this
classifier was trained with two different source clouds, these were excluded from the
test set, which was composed of the remainder of the dataset, i.e., six manually
annotated dense clouds. Average accuracy and balanced accuracy scores were 68.2
and 74.7%, respectively. Two models presented accuracy scores above 80% and two

models above 60% (Figure 2.5).
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Figure 2.5: Confusion matrices representing the MGC classification results for each dense
cloud reconstruction. Confusion matrices show the accuracy score and the relationship
between the referenced data and the classification. The “Actual class” on the y-axis refers to
the manually annotated data, whereas the “Predicted class” on the x-axis relates to the
classification output. The main diagonal of the matrices lists the correctly classified
percentage of points per class. The colour scale bar on the right of each confusion matrix
represents the number of points.

Models which presented an accuracy score above 80% shared a similar coral
distribution pattern. This pattern is represented by the vertical elongation of the coral
branches through the Z-axis, i.e., height information, which can be accurately

determined using 3D information (Figure 2.6, Model F).
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Model A Model F

Figure 2.6: Model F - Results of classification using the MGC method — (A) Dense cloud (B)
Classification output. Model with predominance of black corals (Leiopathes sp.). Red is seabed
and blue is coral. Model A — Results of classification using the MGC method — (A) Dense cloud
(B) Classification output. Model with predominance of coral rubble patterns. Red is seabed
and blue is coral.

2.3.3 Colour and Geometrical Classification (CGC)

The average classification accuracy score using the colour and geometrical
classification method was approximately 67.9% with an average balanced accuracy of
58.1%. The classification output resulting from this method is shown in Figure 2.7.
From the six models analysed on our testing dataset, two models presented accuracy
scores below 60%. The remainder presented accuracy scores above 70%, ranging from

75 to 95% (Figure 2.8).
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Figure 2.7: Results of classification using CGC method—(A) Dense cloud and (B) classification
output with CGC method.
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Figure 2.8: Confusion matrices representing the CGC classification results for each dense cloud
reconstruction. The “Actual class” on the y-axis refers to the manually annotated data,
whereas the “Predicted class” on the x-axis relates to the classification output. The main
diagonal of the matrices lists the correctly classified percentage of points per class. The colour
scale bar on the right of each confusion matrix represents the number of points.

2.3.4 Object-Based Image Classification (OBIA)

The OBIA method was performed on the orthomosaics, respective DEMs, and
calculated slopes of the same dataset. The average classification accuracy was
approximately 100%. This result is to be expected because all orthomosaics were
manually classified (Figure 2.9) and an adequate manual classification, when repeated

by an expert, is expected to have the same outcome.
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Figure 2.9: Results of classification using OBIA method—(A) Orthomosaic, (B) output of the
multi-resolution automated segmentation, and (C) manual classification.

2.4 Discussion

This study compares classification methods of 3D point clouds and 2D images. The
workflow involved annotation of datasets, training of classifiers (MGC method),
evaluation of the classification output, and the analysis of 3D and 2D-derived
information from CWC environments. Studies have shown that overall accuracy is
widely used for both OBIA and pixel-based classification accuracy assessments (Ye et
al., 2018). Recent developments in accuracy assessment techniques have indicated
redundancies in metrics such as standard Kappa indices (Foody, 1992; Pontius and
Millones, 2011; Ye et al., 2018; Verma et al., 2020). The use of a Kappa score (Cohen,
1960) as a metric compares the observed accuracy to random accuracy; therefore, it
is considered questionable to create a classification map (Foody, 2008; Pontius and
Millones, 2011). Although there is substantial discussion on the appropriate metrics
for image classification (Congalton, 1991; Banko, 1998; Foody, 2008; Ye et al., 2018),
the confusion matrices presented here are a neutral representation of the true

positives and true negatives of the classification.

The class distribution of the test data showed more abundance of corals on areas
located on the eastern canyon flank. Reconstructions from sites located proximal to
the canyon axis, towards the west, presented fewer coral features than sites located

on the eastern canyon flank, as also described in previous studies (Appah et al., 2020;
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Lim et al., 2020). Appah et al. (2020) show that benthic taxa mean percentage
coverage is twice as high in the flank as in adjacent areas, such as north towards the
canyon head and the southern part of the canyon. Lim et al. (2020) provide a high-
resolution habitat suitability correlation with current speeds, photogrammetry, and
coral distribution in the PBC, showing that the variation in coral habitats does not
follow a specific pattern, for example, from south to north. This result was also
observed in reconstructions from areas located proximal to the canyon flank ridge
(models D, E, and F), where the percentage of coral did not present any major increase

or decrease following the north—south trend.

2.4.1 Classification results

The ba and fdr ratios obtained for method MGC indicate that classifiers were
influenced by the diversity of point sources used during the training process.
Classifiers that were trained with two different dense clouds showed higher ba and
fdr than classifiers trained with a single dense cloud. This suggests that training data
with different datasets including those with habitat variability, e.g., different ratios of
coral, seabed, and seabed facies, have a positive impact on the classifier performance,
as also seen by Mountrakis et al. (2011), Brodu and Lague (2012), and Weidner et al.
(2019) in terrestrial data studies. Interestingly, classifier accuracy results (ba and fdr
ratios) showed that increasing the number of scales did not directly impact the quality
of the classifier, as increasing the scale past a certain number did not necessarily lead
to an increase in accuracy (see Figure 2.4). Thus, incorporating a great number of
scales to build a classifier aiming to address a variety of seabed features in the
classification computation did not show an improvement on the classifier
performance and it can increase the computational complexity required to train the
classifier. The process of incorporating multiple scales to acquire the best combination
of scales thereby allowing the maximum separability between two classes is
constructed automatically and as such, it can tend to overfit. SVM model overfitting

can happen by maximising the margin and minimising the training error, which is
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typical of not only SVMs but also general kernel-based functions (Mountrakis et al.,

2011).

Dense clouds that shared a similar coral distribution pattern, such as individual coral
colonies with high vertical elongation and low presence of coral rubble as shown in
Model F (Figure 2.6), had high accuracy scores (>80%). In contrast, models with lower
accuracy results (<60%) (Figure 2.6-Model A) originated from areas with less defined

feature boundaries such as coral rubble.

The colour and geometrical classification algorithm applied in the CGC method did not
show any definite patterns concerning the structural complexity of the environment.
Even though the classification outputs showed that coral colonies and patches tended
to be misclassified in non-flat areas, the classifier resulted in different behaviours
when applied to dense-cloud reconstructions of similar environments (Figure 2.7). In
previous studies, the algorithm performed well for the detection of buildings and
roads, but it misclassified vegetation and ground, especially in datasets containing hills
and non-flat surfaces (Becker et al., 2018) meaning that terrain variations could have
influenced object detection. Performance results showed that, although accuracy
scores were > 60% for the majority of the models, the visual assessment of the
predicted output was not in accordance with the high values, as the classification
results did not reflect the real objects clearly. Therefore, this result suggests that the
high accuracy score may have been derived from the class imbalance in the test
dataset, given that the seabed is more dominant than the coral class. Thus, the
balanced accuracy provided a better representation of the overall performance. These
results may also reflect the similarity of RGB spectral signatures as previously
mentioned here and discussed in Lichti (2005), Beijbom et al. (2012), and Hopkinson
et al. (2020). It is also possible that the performance of the CGC classifier may improve
if there was an intermediary step that allowed training with seafloor and coral data
within Agisoft Metashape. Nevertheless, the minimal user input required for this
method, since pre-training is not necessary, makes it suitable for fast identification of

seabed distribution.

In relation to the OBIA method, the automated segmentation performed better in

small-scale orthomosaics (<4 m) where corals and rubble were easily distinguishable.
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In large-scale models (>8 m), the segmentation tended to under or over-segment,
resulting in a poor differentiation in coral and seabed classes, specifically between
coral patches and coral rubble (Figure 2.9). A benefit of utilising object-based
techniques applied to classification tasks is the automatic segmentation process,
which in the workflow shown herein (Supplementary Figure 2.12) can be faster and
more accurate than manual segmentation for annotation of datasets. However,
although orthomosaics and DEMs provide height information that is useful for larger
scale models, they can be limiting for high-resolution analyses. Conversely, 3D metrics
derived from vector dispersion and triangulation in dense clouds provide more
detailed information for characterising individual coral colonies and benthic species
(Fukunaga and Burns, 2020). Thus, the use of 2D metrics for detailed habitat analysis
can lead to lack of discernment when detecting seabed features, e.g., coral branches,

coral rubble, and sand ripples as also noted by Hopkinson et al. (2020).

2.4.2 Comparison Within 3D Classifications

Accuracy results (Table 2.1) suggest that models behaved similarly when 3D methods
are used (MGC and CGC). Models that obtained an accuracy score of >60% with the
MGC method also obtained a comparable result for the CGC method. Occasionally,
MGC tended to ignore coral, while CGC tended to overclassify such objects. Both CGC
and MGC appeared to be susceptible to object occlusion and canopy effects created
by objects. This occlusion was recognised by a classification pattern occurring not only
on the object itself (e.g., coral) but also on the shade it created, producing an
elongated pattern behind the object consistent with its shadow (Figure 2.6 and Figure

2.7).
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Table 2.1: Accuracy metrics for Method 1 — Multiscale Geometrical Classification
(MGC), Method 2 - Colour and Geometrical Classification (CGC) and Method 3 —
Object-based Image Classification (OBIA)

Accuracy/Method MGC CGC OBIA
Balanced accuracy 0.74 0.66 1
Accuracy score 0.68 0.56 1

In support of this observation, challenges related to the partial occlusion of objects
and lighting artefacts have been addressed in other studies (Singh et al., 2004; Gracias
and Negahdaripour, 2005). Lighting artefacts such as light scattering, colour shifts, and
blurring related to the data acquisition can be considered a bottleneck which impacts
the overall model resolution and hence the classification output (Bryson et al., 2015,
2016, 2017). This difficulty can be addressed with the use of image enhancement
methods, e.g., texture delighting and colour filtering that can diminish object
occlusion artefacts (Bryson et al., 2015). In the overall outputs, the canopy effect
pattern was more evident in the CGC method. Furthermore, dense cloud models with
a low RGB variability hence, similar RGB values for coral and seabed, resulted in slightly
different classification outputs with the CGC method not being able to recognise
seabed as compared to the method MGC. As previously mentioned, the classifier in
the CGC method also seemed to take into consideration terrain surface variations.
Conversely, the geometrical approach and the resistance to shadow effects of the
MGC provided a degree of variability and heterogeneity in the class characteristics. As
such, MGC appears more suitable for the classification of CWC because (a) it
addressed coral colonies and coral patches more accurately, (b) it was able to identify
seabed coverage in all 3D reconstructions, and (c) it can be reapplied to classify similar
coral reef environments. As a preliminary study, the results showed herein provide
important insights towards the advancement on the venue of 3D classification as an

accessible and informative approach.
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2.4.3 Cost and Data Loss Related to Representing 3D Objects as 2D

With the exception of the CGC method, all methods required similar amounts of data
processing, which was mainly allocated to segmentation, labelling, and parameter-
tuning, e.g., manual segmentation and labelling in MGC and manual classification in
the OBIA method. Even though visual classification output did not fully delineate areas
where coral rubble and gradational boundaries were present, the CGC method
provided more accurate results when applied to models where objects have well-
defined boundaries and sharp edges such as man-made objects (Becker et al., 2018).
Conversely, the MGC method is more appropriate for complex scenes with high
environmental variability (Brodu and Lague, 2012). One important aspect that should
be considered in the MGC application is the amount of training data required to train
the classifier. As for most of the classification methods, training data size and
availability should be evaluated prior to choosing the methodology to be followed as
it directly impacts the performance of the classifier (Lu and Weng, 2007; Maxwell et

al., 2018; Zurowietz et al., 2018).

Similarly, the abundance of coral rubble and octocorals must be considered when
choosing the classification method as they are subject to underwater colour and
intensity distortions (Beijbom et al., 2012; Bryson et al., 2013). Such features present
similar values within the intensity range and tend to exhibit wave-length attenuation
when reconstructed (Bryson et al., 2013). Attention is drawn to coral rubble features
as they present undefined boundary features which hinders their detection. Previous
studies have also highlighted the difficulties of automatically classifying coral rubble
in images (Beijbom et al., 2012) and 3D models (Hopkinson et al., 2020). Coral rubble
occurs due to the coral exposure for extensive periods which lead to abrasion and
bioerosion of coral framework (Titschack et al., 2015). High proportions of coral rubble
may be indicative of high current speeds in the area (Lim et al., 2020). In contrast, the
segmentation utilised in the OBIA method successfully distinguished coral rubble from
sediment. This observation agrees with previous studies that have shown that

orthomosaics can be useful for high-resolution habitat mapping of large areas (Lim et
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al., 2017; Conti et al., 2019). Although coral rubble was not included as a class on our

framework, this observation can be useful for future studies.

Representing 3D objects in a 2D space may potentially lead to data bias due to
misrepresentation of the object in the feature space and the use of metrics that
disregard its multidimensionality factors. In this study, two manual annotation
schemes were used to provide a baseline and ground-truth for accuracy calculation.
Annotations were performed by an expert in dense-clouds (3D) and orthomosaics for
each 3D reconstruction. Table 2.2 shows the percentage distribution of classes of each
model in each manual annotation schemes: 3D dense cloud annotation and OBIA

manual classification.

Table 2.2: Percentage of class distribution results for each habitat and each class in

2D and 3D
3D dense cloud OBIA
Coral Seabed Coral Seabed
Model A 10.8% 89.2% 9.3% 90.7%
Model B 10.0% 90.0% 6.9% 93.1%
Model C 12.8% 87.2% 8.4% 91.6%
Model D 2.1% 97.9% 5.5% 94.5%
Model E 2.2% 97.8% 4.5% 95.5%
Model F 5.3% 94.7% 7.7% 92.3%
Average: 7.2% 92.8% 7.1% 92.9%

Class distribution results for each method (Table 2.2) show that there is a higher
distribution of coral class within the 3D dense-cloud annotation in comparison to the
OBIA method in 50% of the models. When such variation happens, there is a
difference of up to 4.45% in the percentage of coral with a mean of 3.02%. Conversely,
in models where the distribution of coral class is higher in the OBIA methods, the

difference is only up to 3.39%, with a mean of 2.75%.
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The average class distribution for the 3D dense cloud was 7.2% coral and 92.8%
seabed as opposed to 7.1% coral and 92.9% seabed in the OBIA method. The average
of the difference between class distributions was 0.2%. These results show that there
is potentially an impact of at least a magnitude order of a tenth of the value in using
2D methods to represent objects that are naturally 3D structures. Although these
values may not appear significant in the overall scheme, they have the potential to
impact studies whose aims are derived from habitat mapping at a sub-centimetre

resolution and a more significant impact when applied over large areas.

Scleractinian corals are naturally vertical-orientated features that, when mapped
using 2D metrics, may give a small contribution in the percentage coverage. The 3D
branching framework of CWC can increase sediment baffling with reefs or around
colonies by offering a resistance to currents, for example (Mienis et al., 2019; Lim et
al., 2020). However, the vertical structure of corals would be taken into account in
overall biomass estimates if mapped in 3D. Furthermore, calculation of biomass
considering all aspects of the environment is extremely relevant to understanding
coral reef metabolism and overall environmental dynamics (McKinnon et al., 2011;
Burns et al., 2015a, 2019; Price et al., 2019; Hopkinson et al., 2020). In comparison to
2D metrics, the use of multiscale dimensionality features that describe the local
geometry of each point in relation to the entire scene makes 3D classification more
suitable for the analysis of real complex scenarios at higher resolutions. Thus,
advancing from commonly employed 2D image analysis techniques to 3D methods
could provide more realistic representations of coral reefs and submarine

environments (Fisher et al., 2007; Anelli et al., 2019).

2.4.4 Main Advantages and Disadvantages of the 3D Workflows Identified Within
This Study

Three-dimensional reconstructions provide rich, non-destructive ecological and
structural habitat information (Burns et al., 2015b; Figueira et al., 2015; Pizarro et al.,
2017; Price et al., 2019), serving as a valuable tool for monitoring growth rates and

assessing impacts of environmental disturbances (Bennecke et al., 2016; Marre et al.,
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2019). The use of SfM can also increase versatility and repeatability of reef surveys
(Storlazzi et al., 2016; Bayley et al., 2019; Lim et al., 2020) as it can provide accurate
quantifications for habitat coverage as well as coral orientation analyses (Lim et al.,
2020). The 3D reconstructions produced in this study can complement recent studies
(e.g., Appah et al., 2020; Lim et al., 2020) by providing an object of comparison for
spatio-temporal changes in the PBC. The workflows applied herein vyield the

identification and quantification of CWC distribution at high resolutions.

In contrast, monitoring seabed habitats through 3D reconstruction require
centimetric to milimetric resolutions and corresponding accuracies (Marre et al.,
2019). High-resolution 3D models require significant data resources (storage and
processing power) (Bayley and Mogg, 2020; Hopkinson et al., 2020; Mohamed et al,,
2020). Therefore, it is important to highlight the constraints associated with
manipulating 3D data. In many cases, it is necessary to develop sub-sampling
processes to analyse large batches of data without compromising data resolution. The
computer resources and methods available to manipulate and analyse 3D data from
marine environments at larger scales could be further improved (Bryson et al., 2017,
Robertetal., 2017). The 3D-based workflows described herein demonstrate that most

off-the-shelf algorithms need to be adapted for seabed classification and mapping.

The use of SfM for seabed mapping requires consideration of a number of variables
to determine the feasibility and accuracy of each study (Burns et al., 2015a; Bayley
and Mogg, 2020). For example, environmental conditions such as visibility, swell
variations, changes in camera altitude, and ROV speed can impact the survey design,
hence, the video quality (Mohamed et al., 2018; Anelli et al., 2019; Marre et al., 2019).
Factors related to HD video acquisition and processing such as camera position, lens,
light attenuation, calibration, image overlap, and software options can affect the
results of 3D reconstructions (Marre et al., 2019; Rossi et al., 2020). Furthermore,
high-resolution reconstruction of models can take up to 12 h of processing and a
considerable amount of HD video footage (Robert et al., 2017). A regular laptop
computer may face limitations to process the resulting models, which can be over 10

GB in size (Robert et al., 2017).
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2.5 Conclusions

Cold-water corals significantly contribute to deep-sea biodiversity due to their 3D
structure and reef-building capacity. Submarine canyons act as conduits for
sediments, nutrients, and organic matter supporting high biomass communities
(Nittrouer and Wright, 1994; Puig and Palanques, 1998; Harris and Whiteway, 2011).
There is an increasing demand for new methods able to efficiently capture fine-scale
changes in these environments. SfM can contribute to more precise structural analysis
of CWC habitats while also providing grounds for temporal and volumetric change
detection in CWC reefs. This study describes three classification methods applied to
CWC reefs within the PBC SAC in the North East Atlantic. The workflows described
provide an original and not yet applied methodology for the classification of 3D
reconstructed marine environments at the PBC. The dataset consisted of 3D
reconstructed point clouds, respective orthomosaics, DEMs, and associated terrain
variables of CWC environments. The classification workflows designed for 3D point
clouds showed a similar accuracy, even though visual results had different outputs and
had a different level of robustness. The balanced accuracy and accuracy scores
averaged 67.2% for the 3D methods. The study defines methodologies that are
compatible with off-the-shelf commercial software with high-resolution data.
Furthermore, the execution of the methods was fast and appeared suitable for the
wider deep-sea research community who have access to the SfM point cloud data.
Executing more complex frameworks is possible at the expense of computation power
and time resources. Future research should involve the application of unsupervised
learning with use of geometrical features and application of other ML algorithms for
supervised learning. The use of more robust classification methods and higher
resolution 3D reconstructions will aid the inclusion of more classes, especially of

objects with irregular contour boundaries.
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This chapter is organised as follows: introduction, materials and methods, results,

discussion and references.

This chapter presents a multiclass 3D classification framework classification study
developed with SfM and supervised machine learning algorithms. This study was
designed upon identifying the paucity in research related to the automatic
classification of deep-water habitats using machine learning and the need for new
methods for 3D data which was previously identified in Chapter 2. Building upon the
identified challenges outlined the previous chapter, a multiclass 3D classification
framework was developed and tested in datasets of different sample sizes to evaluate
the performance of different ML algorithms in relation to the amount of training data.
A section of the Piddington Mound was classified into four classes based on previous
facies distribution studies, in this case, live coral framework (LCF), dead coral
framework (DCF) and coral rubble (CR), apart from sediments and drop stones (SD).
To the first author’s knowledge, this is the first study to develop a classification of CWC
reef habitats in 3D and provide a detailed comparison of ML algorithms, thus creating

a benchmark for the development of future studies.
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Abstract

Structure-from-Motion (SfM) photogrammetry is a time and cost effective method for
high resolution 3D mapping of cold-water corals (CWC) reefs and deep-water
environments. The accurate classification and analysis of marine habitats in 3D
provide valuable information for the development of management strategies for large
areas at various spatial and temporal scales. Given the amount of data derived from
SfM data sources such as Remotely-Operated Vehicles (ROV), there is an increasing
need to advance towards automatic and semiautomatic classification approaches.
However, the lack of training data, benchmark datasets for CWC environments and
processing resources are a bottleneck for the development of classification
frameworks. In this study, machine learning (ML) methods and SfM-derived 3D data
were combined to develop a novel multiclass classification workflow for CWC reefs in
deep-water environments. The Piddington Mound area, southwest of Ireland, was
selected for 3D reconstruction from high-definition video data acquired with an ROV.
Six ML algorithms, namely: Support Vector Machines, Random Forests, Gradient
Boosting Trees, k-Nearest Neighbours, Logistic Regression and Multilayer Perceptron,
were trained in two datasets of different sizes (1,000 samples and 10,000 samples) in
order to evaluate accuracy variation between approaches in relation to the number
of samples. The Piddington Mound was classified into four classes: live coral
framework, dead coral framework, coral rubble and sediment and dropstones.
Parameter optimisation was performed with grid search and cross-validation. Run
times were measured to evaluate the trade-off between processing time and
accuracy. In total, eighteen variations of ML algorithms were created and tested. The
results show that four algorithms yielded f1-scores >90% and were able to discern
between the four classes, especially those with usually similar characteristics, e.g.,
coral rubble and dead coral. The accuracy variation among them was 3.6% which
suggests that they can be used interchangeably depending on the classification task.
Furthermore, results on sample size variations show that certain algorithms benefit
more from larger datasets whilst others showed discrete accuracy variations (<5%)

when trained in datasets of different sizes.
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3.1 Introduction

Cold-water corals (CWC) play an important role in deep-sea ecosystems (Rogers, 1999;
Costello et al., 2005). Species such as Lophelia pertusa (synonymized to Desmophyllum
pertusum) (Addamo et al., 2016) and Madrepora oculata are formed by three-
dimensional (3D) calcareous frameworks that can baffle bypassing sediments
(Dorschel, 2003; Titschack et al., 2015; Lim et al., 2020a), and given favourable
environmental conditions (e.g., hydrodynamic regime, temperature and nutrient
supply), they can form positive topographic features such as coral patches, mounds,
reefs and giant carbonate mounds (Mortensen et al., 1995; Freiwald, 2002; Wheeler
et al., 2005a; Freiwald et al., 2005; Wheeler et al., 2007; Guinan et al., 2009; Roberts
et al., 2009; Lim et al., 2017; 2020b). CWC reefs are associated with highly diverse
faunal assemblages (Rogers, 1999) being often considered “biodiversity hotspots” of
deep-sea environments (Turley et al., 2007; Lim et al., 2018a; Boolukos et al., 2019;
Dorey et al., 2020) as they act as a refuge and nursery for deep-sea species, including
commercial fish (Fossa et al., 2002; Turley et al., 2007). The association of not only live
coral frameworks but also dead corals and coral rubbles is also considered key for the
development of microhabitats that promote enhanced biodiversity (Luckhurst et al.,
1978; Buhl-Mortensen et al., 2010; Henry et al., 2017; Lim et al., 2020b; Clippele et
al., 2021). However, these vital ecosystems are impacted by anthropogenic activities
such as bottom trawling, deep sea mining and oil and gas exploration (Rogers, 1999;
Wheeler et al., 2005a; Turley et al., 2007; Boolukos et al., 2019). Studies evidence the
impact of fishery-related activities and climate change in CWCs, suggesting that coral
health is affected by trawling and/or dredging (Rogers, 1999; Roberts et al., 2000;
Wheeler et al., 2005b; Althaus et al., 2009), ocean acidification, CO? emission and
ocean uptake leading to a decrease of ocean pH (Turley et al.,, 2007) and rising

temperatures (Gori et al., 2016).

As 3D structures, CWCs enhance small scale spatial variability and influence species
biodiversity and nutrient cycling (Graham and Nash 2013; Pizarro et al., 2017; Lim et
al., 2018b). However, the analysis of these environments often rely on planar

derivatives from 1D or 2D estimates of coral reef coverage, rugosity and distribution
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that may disregard key variations on coral habitats, as accurate vertical and volumetric
information may not be integrated into the analysis (Cocito et al., 2003; Courtney et
al., 2007; Goatley and Bellwood 2011; House et al., 2018). Whilst 2D approaches are
useful to produce rapid estimates of coral reef health (Kornder et al., 2021), they may
overlook the naturally complex 3D morphology of corals reefs and maximise the
tendency of large coral colonies to obscuring understory biota (Goatley and Bellwood
2011; Bergh et al., 2021; Kornder et al., 2021) represented by the so-called ‘canopy’
effect. Therefore, there is a demand for novel mapping methods that will take into
account the 3D morphological structure of CWC in order to better understand the key

drivers and controls of CWC environments.

Structure from Motion (SfM) is a relatively new branch of photogrammetry that can
be applied to geospatially reconstruct seabed habitats whilst providing detailed
descriptors regarding coral reef conditions and microhabitats (Ferrari et al., 2017;
Pizarro et al,, 2017; Conti et al., 2019; Price et al.,, 2019, 2021; Calders et al., 2020;
Lim et al., 2020c; Urbina-barreto et al.,, 2021, 2022). In contrast to traditional
photogrammetry, SfM uses algorithms such as Scale Invariant Feature Transform
(SIFT) (Lowe, 1999) to identify matching features in a set of overlapping images whilst
calculating the variations in camera orientation and position of the matched features
(Carrivick et al.,, 2016). The process yields high-resolution 3D reconstructions of
different landscapes in the form of 3D point clouds, meshes, digital elevation models
(DEMs) and orthomosaics (geometrically- corrected, scaled and georeferenced
mosaic of images containing RBG information) (Carrivick et al., 2016). Besides
requiring less time and cost resources when compared to traditional seabed mapping
techniques such as the ‘chain-and-tape’ method (Storlazzi et al., 2016), SfM and 3D
photogrammetry enables non-destructive quantitative monitoring of: 1) biological
estimates, e.g., benthic cover, coral colony health, abundance and size (Burns et al.,
2015; Lange and Perry 2020; Pascoe et al., 2021); 2) physical estimates of reef terrain
features such as slope, fractal dimension, surface and structural complexity (Burns et
al., 2015; Figueira et al., 2015; Leon et al., 2015; Storlazzi et al., 2016; Fukunaga and

Burns 2020; Urbina-barreto et al., 2021) up to very high- resolution analysis at colony
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scale such as 3) sub-centimetre reconstructions of individual branches and polyps

(Cocito et al., 2003; Gutierrez-Heredia et al., 2016; Lange and Perry 2020).

The application of computer vision and machine learning (ML) methods in remote
sensing has contributed to unprecedented progress in automated spatial (Gilardi
1995; Pal 2005; Mountrakis et al., 2011; Belgiu and Dragu 2016; Durden et al., 2021)
and marine data analyses (Beijbom et al., 2012; Beijbom et al., 2015; Williams et al.,
2019; Summers et al., 2021). The use of supervised and unsupervised ML classification
methods has rapidly grown, especially in the context of underwater image analysis
(Huang et al., 2011; Shihavuddin et al., 2013; Young 2018; Conti et al., 2019; Yu et
al.,, 2019; Lim et al., 2020c; Gonzalez-Rivero et al., 2020). Advancements have been
made with the application of assembled ML algorithms and deep- learning such as
convolutional neural networks (CNNs) to automate the annotation process by
applying path-based image classification techniques to assign labels automatically to
unseen images (Shihavuddin et al., 2013; Modasshir et al., 2018; Mahmood et al,,
2019) and alternatively using the classified images to produce 3D models (Mohamed
et al., 2020). Recent studies used CNNs such as ResNET152 to generate dense labels
from sparse label annotation by extracting patches of the 3D models (Hopkinson et
al., 2020). Other studies have created a combined approach by using CNN for sparse
label annotation through patch extraction and using the resulting classified images to
produce 3D models of the environment (Pierce et al.,, 2021). Point clouds are
composed by a set of points containing coordinates (X, Y, Z) oriented in a cartographic
space. 3D models derived from point clouds are useful to optimise the trade-off
between precision and geometric complexity (Poux et al., 2018). However, the
semantic segmentation of point clouds, while having numerous real word
applications, has been considered a challenge (Poux et al., 2018; Xu et al., 2018; Yuval
et al., 2021). Deep learning has advanced in favour of image segmentation and
classification tasks, but its use towards semantic point cloud segmentation needs to
be further explored (Karara et al., 2021). Representation models such as PointNET
which learn features directly from unstructured point data, i.e., dense clouds/point
clouds are considered state-of-the-art techniques for dense cloud classification (Qi et

al., 2017). However, these frameworks require large annotated datasets and
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computational requirements for producing meaningful results (Gilardi 1995; Yuval et
al., 2021). In the context of deep-water environments, the lack of training data
available has reportedly been the bottleneck for advances of ML algorithms
(Roelfsema et al.,, 2021; Walker et al., 2021; Mohamed et al.,, 2022). Although
annotation frameworks to gather specific data from underwater environments have
been developed (Beijbom et al., 2012; Beijbom et al., 2015; Zurowietz et al., 2018),
there is still a need for specifically designed dataset benchmarks for the application of
robust ML methods for 3D points clouds of deep-water environments. Additionally,
researchers are continuously working towards minimising the effects of the “black
box issue” to properly understand the machine decision process in the classification

and how parameters and data affect the output (Gilardi 1995; Castelvecchi, 2016).

In this study, we intend to tackle the automatic classification problem with a different
approach. Instead of classifying the images to produce the 3D models, we created a
classification framework to classify the 3D models directly, minimizing the need to
provide extensive manual image annotations. As of this moment, this study is the first
of the field to provide a comparison and performance analyses of six ML algorithms
applied in 3D point clouds of CWC reefs. A number of studies have performed
comparison analyses using widely used ML algorithms such as Support Vector
Machines (SVMs), Neural Networks (NNs) and common ensemble methods, e.g.,
Random Forests (RFs) and Gradient Boosting Trees (GBTs) in multispectral imagery
(Dixon et al., 2008; Liu et al., 2017; Zhang et al., 2017; Fu et al., 2018; Jodzani et al.,
2019). Although insightful contributions can be drawn from such analyses, these
studies focused on land use and classification of urban areas. Therefore, the
fundamental properties of these algorithms for marine mapping applications are not
well understood and advancements are required in order to progress on seabed
habitat mapping of larger areas. To this end, this research bridges the knowledge gap
between ML and CWC classification in 3D by providing a comparison of ML algorithms,
performance analyses whilst delivering an optimised workflow the for classification of

photogrammetry derived data.

This study applies ML classification to 3D photogrammetric reconstructions of coral

reef habitats to analyse the outputs, data requirements and constraints of the coupled
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application of both methods. We aim to develop a novel classification method using
SVM, RF, k-Nearest Neighbours (kNN), Logistic Regression (LR), GBT and Multilayer
Perceptron (MLP) algorithms. Furthermore, this paper presents the results of an
empirical comparison of seven supervised learning algorithms and evaluated by four
performance criteria (f1 score, receiver operating characteristic (ROC) curves, area
under the curve (AUC) scores and f1 scores of k-fold cross- validations). Each algorithm
was analysed based on: 1) its suitability to the given classification task 2) their
hyperparameters and processing times, and; 3) its performance with two datasets of
different sample sizes (1,000 and 10,000 samples) to analyse the trade-off between

accuracy, processing times and sample size.

3.2 Study Area

The Piddington Mound is a CWC mound located in the Belgica Mound Province (BMP),
Porcupine Seabight, NE Atlantic. The mound was selected to develop this study given
the existence of high-definition (HD) video data and bathymetric surveys covering a
large extent of the area (Lim et al., 2017), the evidence of temporal changes in coral
cover (Boolukos et al., 2019) and dynamic sediment facies (Lim et al., 2018a; Conti et
al., 2019). The BMP is a designated Special Area of Conservation (SAC) under the EU
Habitats Directive located on the eastern margin of the Porcupine Seabight, southwest

of Ireland (Figure 3.1 A, B).
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Figure 3.1: Map of the study site (A): Porcupine Seabight location relative to Ireland. The blue box
indicates the location of the Belgica Mound Province (BMP) Special Area of Conservation (SAC) (B) Close
view of the Porcupine Seabight and BMP with the Piddington Mound. (C) Bathymetric map of the Moira
Mounds and location of the Piddington Mound Area (red box) within adjacent mounds.

The province hosts numerous CWC carbonate mounds and reefs dominated by
framework-building scleractinian species Lophelia pertusa and Madrepora oculata
(Huvenne et al., 2002; Wheeler et al., 2005b; Mol et al., 2007). Coral mounds in the
BMP range from 3 to 10 m in height, e.g., the Moira Mounds (Wheeler et al., 2005b;
Foubert et al., 2011; Wheeler et al., 2011), of which the Piddington Mound is one of
the largest (Lim et al., 2017), to giant carbonate mounds that are up to 150 m high,
e.g., the Challenger (Thierens et al., 2013), Therese Mound (Mol et al., 2007) and
Galway Mound (Foubert et al., 2006; Dorschel et al., 2007). The Moira Mounds occur
between 800 and 1,100 m water depth (Wheeler et al., 2005b) and have a semi-
circular to ridge-shaped morphology with predominant alighment to the current
direction (Wheeler et al., 2011). Comprising a small extent of 60 x 40 m in area
(Foubert et al., 2006), the Moira Mounds are divided into a northern area, upslope
area, midslope area and downslope area, where the Piddington Mound is located
(Wheeler et al., 2011; Lim et al., 2018a). The Piddington Mound has documented
current speeds of 40 cm s (Lim, 2017). Previous work carried out by Lim et al. (2017)
have identified four distinct facies in the Piddington Mound area namely: live coral
framework, dead coral framework, coral rubble and hemipelagic sediment with
dropstones. These facies occur in a ring-like distribution, with coral rubble, live coral

and dead coral frameworks distributed around the mound summit, forming an ‘on
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mound’ setting with high presence of corals, whilst sediments and drop stones occur
where seabed becomes flat (Lim et al., 2017). These facies have also been adopted

herein.

3.3 Materials and Methods

This study is divided into a photogrammetry workflow to produce the 3D
reconstructions of the Piddington Mound area and the development of multiclass
classifications for these 3D point clouds. The photogrammetry process is outlined
below followed by a description of the ML workflow. An overview of the classification
algorithms, the model selection and the accuracy assessment is then further outlined.
The ML workflow was executed in Python 3.8. Processing was executed with an Intel
Core i7 CPU, 32 Gb RAM with NVIDIA Geforce RTX 2070 (8 Gb) graphics card (GPU).
Here, the terms classification model, classifier and estimator are used

interchangeably.

3.3.1 Photogrammetry

The data used in this study were acquired during the research cruise CE20011 (Lim et
al., 2020b). The video data were collected with the ROV Holland 1 which is equipped
with 11 camera systems. For this survey, two of these camera systems were used,
namely: the HDTV camera (HD Insite mini-Zeus with HD SDI fibre output), and a
Kongsberg OE 14—-208 digital stills camera. The ROV is also mounted with two deep-
sea lasers spaced at 10 cm for scaling. Positioning data were acquired with a
Sonardyne Ranger 2 ultra- short baseline (USBL) beacon with accuracy of 1.3% of slant
range (measurement of relative position from time of return signal from ROV
transponder to the USBL in relation to the Turnaround Travel Time (TAT) and
underwater sound velocity) similar to (Lim et al., 2020a; Oliveira et al., 2021). The ROV
was kept at a height of approximately 2 m above the seabed with a survey speed of

<0.2 knots during the video data collection. HD videos (1080p) were acquired at a rate
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of 50 frames per second (FPS) and stored as *.mov files. The section of the survey used
herein was derived from one ROV dive performed as a grid with 35 lines spaced at 5
m from each other in a N-S direction. Previous seabed imaged acquisition studies
showed that video mosaicking of a mound or grid of spaced lines yield more
representative mosaics of CWC mounds (Lim et al., 2018a). In total, 4 h and 49 min of
HD videos were recorded, summing 241.7 gigabytes (GB) of video data collected in

one ROV dive.

The ROV video and navigation data were used to produce and georeference the 3D
reconstructions. Video frames were extracted at a rate of 1 FPS from the raw video
data with Blender (version 2.78). For the 3D point cloud reconstruction, frames were
extracted and imported into Agisoft Metashape Professional version 1.7.2 (Agisoft-LLC
2020). Key point limit and tie point limits were chosen based on an empirical
approach. Camera optimisation was performed after the camera alignment to refine
the exterior and interior camera orientation parameters and triangulated tie point
coordinates (Agisoft LLC, 2020). The dense point cloud was georeferenced with frame-
relative USBL positioning data with X and Y coordinates, depth, yaw, pitch, roll and
accuracy (°). The constant 10 cm distance from the parallel lasers of the ROV was used
for scaling the model. The laser distance provides a measurement to scale and validate
geometric uncertainties in the reconstruction process The site was separated into an
on-mound and off-mound areas based on the depth difference between grid areas.
The dense point cloud generated in the process was used for training and validation

of the methodology.

A total of 7,301 images (1920 x 1,080 pixel resolution) were used in the point cloud
reconstruction process. Camera optimization was applied using the focal length (f),
radial distortion coefficients (K1- K3), and tangential distortion coefficients (P1- P2).
The photo alignment process was performed with a key point limit of 20,000 and a tie
point limit of 2,000. The yaw, pitch, roll and accuracy values were set to 135°, 0°, 0°,

and 2 m, respectively.
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3.3.2 Multiclass Classification Of 3D Point Clouds

3.3.2.1 Pre-processing

In this study, the point cloud created during the photogrammetry stage was used for
the development of the ML workflow. The labelled dataset was created from the
manual segmentation of point cloud objects into four classes. The classes were chosen
to best represent the environmental variability of the specific area. The on-mound
section of the Piddington Mound was chosen for reconstruction as it contained the
largest volume of CWC and coral rubbles. The classes were outlined based on the
analysis distribution of the regions of interest (ROIs), in this case, live coral framework
(LCF), dead coral framework (DCF) and coral rubble (CR), apart from sediments and

drop stones (SD).

Previous studies carried out in the Piddington Mound area have also adopted this
classification scheme as it best represents the location (Lim et al., 2017). This
potentially allows further comparisons over the temporal changes over the mound. A
detailed class description was carried out for each class based on spatial distribution
studies of the Piddington Mound and the Porcupine Bank Canyon (Lim et al., 2017,
Appah et al., 2020). Table 3.1 provides a description of each class. The annotation

process was performed in CloudCompare using the high- resolution orthomosaic as a

visual aid.
Table 3.1:Class label definitions used in the study
CLASS DESCRIPTION
Coral presenting any signs of identifiable living parts (polyps or
: mucus-covered frameworks evident) although major
1. Live Coral :
proportions of the coral framework may be dead. Coral polyps,
Framework . . . .
(LCF) skeletal casing are usually bright, white or orange in colour
(Appah et al., 2020)
2.Sediments Sediment (sand or mud) and dropstones, includes sediment
And Dropstones waves, ripples and scour marks.
(SD)
3.Dead Coral Coral framework which has no identifiable living parts.
Framework Identified by darker gray or brown skeleton (Appah et al., 2020)
(DCF)
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Coral rubble is recognisable by biogenic material where >50%
4. Coral Rubble of detached dead coral fragments, shell fragments and
(CR) sediment is observed (Lim et al., 2017).

The point cloud was composed of a set of points and their relative feature values. Each
point contained information of 7 features (X, Y, Z, R, G, B and Normaly) and its ground
truth label. Following the feature selection and labelling, the point cloud was
separated into two datasets, namely dataset 1, composed of 1,000 samples and
dataset 2, consisting of 10,000 samples. Each dataset was split into training and
validation sets at a ratio of 75%/25%. In addition, a test set composed of 10,000
random samples was created from the points that remained from the initial point
cloud after the train and test set were extracted. Therefore, the model evaluation was
performed on the validation set and an additional cross- validation was performed on

the test set.

After the training and testing splits were performed, datasets were scaled with a
MinMax scaler, which was fitted on the training set of dataset 2 and applied to the
remainder datasets (validation set of dataset 2 and training and validation sets of
dataset 1). Synthetic Minority Oversampling Technique (SMOTE) (Chawla et al., 2002)
was applied to balance the training set. SMOTE works by making a linear interpolation
of a randomly selected observation from the minority class with another k-nearest
neighbour of the same minority class. The new sample is created from the
interpolation of those two samples. Previous studies have considered the
oversampling approach to be beneficial for classification results in commonly used

classifiers (Last et al., 2017) and CNNs (Buda et al., 2018).

3.3.2.2 Classification algorithms

3.3.2.2.1 Random Forest
The RF algorithm is a tree-based ensemble classifier where each classifier is created
using a random vector sampled from the input vector. Each tree provides a unit vote

for the most popular class to classify the input vector (Pal 2005). Predictions are
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generated as an ensemble estimate from a number of decision trees from bootstrap
samples (termed bagging) (Hengl et al., 2018). RF classifications have been
successfully applied in a number of marine (Robert et al., 2016; Misiuk et al., 2019;
Shang et al., 2021; Price et al., 2022) and terrestrial studies (Schratz et al., 2019).
Comparison performance studies in land cover suggest that RF has provided the best

performance in object-based classification tasks (Ma et al., 2017).

In this study, the grid search and cross-validation was performed to find the best
number of estimators, i.e., number of trees, and the number of maximum features to
be considered for the best split. The number of estimators was set with options of
ranging from 10 to 1,000 and the number of features was set to a range of 1-7 for the
first sets of RFs. The Scikit-learn options ‘auto’ and ‘log2’ were also considered. The
best-performance RF model was selected based on the accuracy considering the
permutation of the grid search parameters. The other parameters were set to the
default of Scikit-learn class. The full list of parameters can be found on the Scikit-learn
webpage. In the case of RFs, four classifiers were trained with four different options
of parameter grids. Each of these four variations of RFs was trained with datasets 1

and 2, resulting in 8 trained RF models.

3.3.2.2.2 Gradient Boosting Trees
GBT is another popular ensemble method closely related to RFs. The method trains
an ensemble of trees based on minimising the loss function i.e., the measure of fit
between the actual data and the modelled data, in each interaction. Each tree is
improved by attempting to minimise the error of the previous tree (Jodzani et al,,
2019). Boosting refers to combining these weak learners, i.e., single decision trees so
that the following tree model corrects the errors of the previous one (Friedman,
2001). The learning rate is also introduced to control the robustness of the classifier.
Empirical studies have attested to the efficiency of GBTs over other supervised
learning algorithms (Caruana and Niculescu-Mizil 2006). The decision trees in the GBT

tend to be robust with respect to the addition of irrelevant features (Friedman, 2001).

Here, the parameter grid defined to find the optimal GBT parameters with the grid

search were: learning rate, number of estimators, the maximum depth of estimators
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and the subsample rate. The learning rate was set to options of 0.0001, 0.001, 0.01,
0.1, 1. The number of estimators was defined to 10, 50, 100, 500 and 1,000. The
subsample rate was set to a range of 0.5, 0.7 and 1. Although the default subsampling
value in Scikit-learn is set to 1, the range of values was expanded to include other two
values, 0.7 and 0.5, which is the suggested value of subsampling according to Buitinck
et al. (2013). It is noteworthy that, if subsampling is set to a value >1, the classifier
changes to Stochastic Gradient Boosting (Buitinck et al., 2013). In this study, two GBT

classifiers were trained with one set of parameter grids.

3.3.2.2.3 Support Vector Machines
The SVM concept is based on the construction of optimal hyperplanes in a high
dimensional space between a proximal training sample and the separating hyperplane
(Pedregosa et al., 2011). SVMs have a regularization parameter ‘C’ and gamma (y) that
allow the control of the decision function complexity and the level of influence of each
sample towards it. The main advantages of the SVMs are the regularization parameter,
which allows the user to control over-fitting, the kernel trick and the convex
optimization problem (no local minima) (Liu et al., 2017). Other studies suggested that
one advantage of SVMs is that the objective function is convex which reflects on a
relatively straightforward solution for the optimization problem even though the
training involves nonlinear optimization (Bishop, 2006). Furthermore Bishop (2006),
affirms that the number of basis functions in SVM models is usually much smaller than
the number of training points. Although they increase with the size of the training set,
it still has the capacity to be computationally faster than other classifiers. The choice
of kernel is also an equally crucial parameter (Burges, 1998) as it gives SVMs the
capacity to insert the data into a higher-dimensional space, so that data that is not
linearly separable in the original input space can be separable in a higher-dimensional
one (Russell and Peter, 2010). The use of radial basis function (RBF) kernel has been
the most common choice in recent studies as it generally provides a good trade-off
between time efficiency and accuracy (Jodzani et al., 2019; Pedregosa et al., 2011;
Friedman, 2013). In this study, three options of kernels on the grid search parameters
were: polynomial, sigmoid and RBF. The range of regularization ‘C’ and y parameters

were set to 0.1, 110,100, and 1,0.1,0.01,0.001 respectively.
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3.3.2.2.4 logistic Regression
LR, also known as logit regression or MaxEnt, is a parametric supervised classification
algorithm based on general linear models. The concept behind LR is that the classifier
takes a set of input variables and creates an estimate probability for the target
variable. The parameter grid established for the LR grid search was defined by a choice
of penalty parameters /1, 12, elasticnet, or none and regularization ‘C’ parameter
values. The optimisation algorithm was set to the options of liblinear, sag, saga, Ibfgs
which are termed the solvers. Empirical studies suggest that the use of the solver
depends on the amount of data available (Buitinck et al., 2013). In small datasets, for
example, liblinear can be considered a good choice whereas saga and sag can be
faster for large datasets. The latter is also considered a good choice for high-
dimensional data. Furthermore, in multiclass problems, the multinomial loss can only
be handled by the solvers saga, sag, Ibfgs and newton-cg. The scaling is also important
as the solvers saga and sag can only reach faster convergence on features with
proximal scales (Buitinck et al., 2013). For this study, three LR models were created
with different sets of grid search parameters. Each model was trained in datasets 1

and 2, thus leading to 6 trained LRs.

3.3.2.2.5 Multilayer Perceptron
MLP is a feedforward neural network composed by an input layer, a number of hidden
layers, an output layer and loss functions. Each layer is connected to the following one
and that connection is controlled by a weight factor. The weights are learned using
gradient descent techniques such as backpropagation during the training phase
aiming to minimise the error function (Weinmann et al., 2015). MLP is considered a
successful model as it uses parametric forms of the basic functions in which parameter
values are adapted during training (Bishop 2006). Studies have successfully used MLPs
for point cloud segmentation of urban scenes (Weinmann et al., 2015). In this study,
MLPs models were trained with grid search set for the maximum number of iterations
of 500, 1,000 and 2000. The optimiser options were Ibfgs, sgd, adam and the choice

of activation functions were set to logistic, tanh, relu. The 12 penalty (or a) parameter
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was set to the values of 0.0001, 0.001, 0.005. The number of hidden layers was
defined by doing test runs from the default hidden-layer size and performing
adjustments based on the results of the previous run. The remaining parameters, such
as the initial learning rate and learning rate schedule for weight updates were set with
Scikit-learn default values. MLP were the most intensively trained classifiers in the
model selection. In total, seven MLPs were created with 7 different grid search

parameter grids.

3.3.2.2.6 k-Nearest Neighbours
kNN is a memory-based method that works by assigning to each test vector the same
label as the closest example from the training set (Bishop 2006). In this study, the kNN
grid search parameters were set to a number of neighbours of 3, 5, 11, 19, and 25.
Note that the number of neighbours has to be an odd number to avoid ties on the
vote of neighbours. The weight options were set to ‘uniform’ or ‘distance’ and the
choice of metrics were between Euclidean or Manhattan. Studies suggest that the
choice of either Manhattan and Euclidean distances depend on whether the
dimensions measured have similar or dissimilar properties. Generally, Euclidean is
often recommended when measuring similar properties, whereas Manhattan is
recommended for dissimilar properties (Russell and Peter 2010). Due to the use of
distance metrics across feature dimensions, it is important to apply normalization to
the data. This prevents generating different nearest neighbours if the scale changes
across dimensions, e.g., from metres to centimetres, as the total distance will not be
affected by the change of scales (Russell and Peter 2010). The remaining Scikit-learn
parameters were set to default values. Here, two kNNs were trained with the same

set of grid search parameters.

3.3.2.3 Model Selection

3.3.2.3.1 Grid search with cross validation
The performance of a model strongly depends on the values of hyperparameters

(Schratz et al.,, 2019; Wu et al., 2019). Grid search is a method for performing
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hyperparameter tunning to determine optimal values of each model. For each
parameter configuration, a 5-fold-cross-validation was performed on the training set.
When fitting the grid search method on a dataset, all possible combinations of
parameter values are evaluated, and the best combination is maintained. In this study,
each classifier and assigned parameter grid were trained in both dataset 1 and dataset
2. The selection of parameter grids for the grid searches of each classifier was based
on both recommended literature and empirical analysis after each run. Each grid
search process resulted in the best accuracy classifier for that specific parameter grid,
along with the best combination of parameters that resulted in that classification. In

total, 18 variations of the 6 classification algorithms mentioned above were trained.

3.3.2.3.2  Performance assessment
To evaluate the performance of the classification algorithms developed in this study,
the classification output of each algorithm was compared against the ground-truth
and the f1 and AUC scores were calculated. k-fold cross-validation was applied and
the f1 score for each fold was obtained with the mean and standard deviation of the
total of folds. k-fold cross validation is a performance evaluator widely used in
supervised learning. In the validation process, the training set is split into k smaller
sets, or folds. In each split, the model is trained using k-1 of the smaller sets of the
training data and the remaining fold is used for the validation. This is executed until
the model completes the round of k folds (Buitinck et al., 2013). The percentage
difference between two classifier accuracies was calculated by the difference
between the accuracies divided by their average and multiplied by 100. Run times
(CPU and wall times) for classifier training and validation were also computed as this

is also a critical factor influencing decision-making for ML pipelines (Rudall, 1978).

For the purpose of model comparisons, the classifiers were separated into two groups:
Group 1—classifiers trained with 1,000 samples and Group 2—classifiers trained with
10,000 samples. The accuracy assessment was performed in two phases, namely: first
accuracy assessment and second accuracy assessment (k-fold cross-validation). ROC
curves and AUC were produced for each classifier to evaluate the interclass

performance. The ROC curve is obtained by a threshold variation on the discriminant
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values of the classifier. The curve is a representation of the ratio of the true positives
against the ratio of false negatives (Rudall, 1978), depicting the relative trade-offs
between benefits (true positives) and costs (false positives) (Fawcett, 2006). The AUC
is equivalent to the probability that the classification model will classify a randomly
chosen sample into the given class, thus giving a relative measure of the quality of the

classifier for each class (Fawcett, 2006).

3.4 Results

3.4.1 3D Reconstructions

The dense cloud generated from the photogrammetry process was composed of
90,912,889 points. The depth difference between the on-mound and off-mound parts
was approximately (£20 m). The on-mound section represents the coral reef area,
with relative higher abundance of coral colonies and coral patches. Figure 3.2 shows
the planar view of the 3D reconstruction of the on-mound section and its relative
ground-truth labels generated from the expert annotation. The class distribution of
the ground-truth labels in the on-mound area shows that the percentage of LCF
(green) and DCF (yellow) are approximately the same, 4%, SD (red) represents 32%
and finally, the class CR (blue) represented the majority of samples with 61% (graph

c) on Figure 3.2).
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Figure 3.2: (A) Original 3D dense cloud reconstruction of the on-mound section of the
Piddington Mound (B) its relative ground-truth labels (C) Percentage class distribution of the
reconstructed area.

3.4.2 Multiclass Classification Results

3.4.2.1 Model Selection

Results of the grid search show that, from the 18 classifiers, only 6 classifiers or 33.3%

obtained accuracies below <60% (red dotted line in Figure 3.3).

In order to make an objective comparison of the most efficient classifiers, the
classifiers that yielded f1 > 60% on the first accuracy assessment and f1 > 73% (lowest
accuracy value obtained) on the second accuracy assessment were selected for an in-
depth analysis. Supplementary Table 3.2 in Supplementary Material summarises the
results of the top performing classifiers trained in each group with their respective f1
accuracies of the first accuracy assessment, f1 accuracy of the cross-validation, best
combination of parameters from the grid search and finally, the processing time to
train each model. The sections below describe the results of the model selection of
each of the groups of algorithms trained, including parameter selection, f1 accuracy

of group 1 and group 2, accuracy variations and training times.
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Figure 3.3: Bar plot showing the f1 accuracy results of all 18 classifiers grouped by algorithm
type. Light blue bars represent classifiers trained in group 2 (dataset 2, 10,000 samples) and
dark blue bars represent classifiers trained in group 1 (dataset 1, 1,000 samples). The red
dotted line indicates f1 < 60% threshold. Run times (in minutes) for group 1 (orange) and
group 2 (green) represented in the secondary axis on the right are plotted against f1 accuracy.

3.4.2.1.1 Support Vector Machines
Two SVM classifiers were trained with two different options of kernel parameters. The

first SVM (SVC_GS_1), also referred as support vector classifier (SVC) herein, was
trained with two choices of kernels: RBF, and sigmoid. The second (SVC_GS_2) with
was trained with 3 kernel options: RBF, polynomial and sigmoid. The choice range of
the penalty parameter Cand the gamma parameter were equal for both. Each of these
SVC models was trained in the dataset 1 and dataset 2, resulting on four different
trained classifiers: namely SVC_GS_1 1000, SVC_GS_1 10000, SVC_GS_2 1000 and
SVC_GS_2 10000. All variations of SVCs chose the combination of 'C’: 100, ‘'gamma’:
1, ‘kernel’: 'rbf’ as their best parameters. Among them, the best accuracy SVCs were
SVC_GS_1 1000 and SVC_GS_2 10000 (Supplementary Table 3.2). The accuracy
variation between these classifiers across group 1 and group 2 was 3.62% which
represented a percentage difference of 5.51% and a 5.67% increase in f1 scores from
group 1 to group 2. In addition, the percentage difference on the cross-validation

accuracies was of 0.14%.
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3.4.2.1.2 Random Forest
In the four RF classifiers trained, the number of estimators varied at different ranges,

going from 10 to 1,000 in steps of 10 or 10 to 100 in steps of 10. Classifiers with the
highest accuracies on the first accuracy assessment also held the larger number of
estimators (1,000). Among these classifiers the best accuracy RFs on group 1 was
RF_GS_ 1 1000 (‘'max_features’: 1, ’'n_estimators’: 90) and RF_GS 2 10000
(‘max_features’: 2, 'n_estimators’: 1,000) on group 2 (Supplementary Table 3.2). The
accuracy variation between these classifiers was 21.98% on the first accuracy
assessment, which represents a 26.38% difference and a 30.40% increase in accuracy
from the best accuracy RF on group 1 to the best accuracy classifiers in the group 2
(Figure 3.3). The overall intra-model accuracy (RF with same model parameters
trained in group 1 and group 2) also showed an increase of 31.16% from RFs trained
in group 1 to RF trained in group 2. The difference was less pronounced on the cross-
validation accuracies, showing an accuracy difference of 0.67% and only an increase
of 0.67% from the RF in group 1 to the RF in group 2. The overall intra-model accuracy
difference on the cross-validation assessment was 0.032%. The processing time of the
RF_GS_2 10000 was the third longest of all classifiers (2 h 31 min 52 s), staying behind
of the top performing GBT (2 h 52 min 56 s), and MLP (1 day 8 h 25 min 8 s).
3.4.2.1.3 Gradient Boosting Trees

GBT was the classifier with the highest accuracy among all classifiers, reaching an
accuracy of 95.11% on the first accuracy assessment and 80.46% on the cross-
validation The top GBT, namely GBT_GS_1 10000 was trained in group 2 with the
combination of the parameters: ‘max_depth’: 9, ‘n_estimators’: 1,000, ‘subsample’:
0.5, ‘learning_rate’: 0.1. The second GBT, GBT_GS_1 1000 was trained in group 1 and
reached an f1 accuracy of 72.15%. The combination of parameters that yielded this
classifier was ‘max_depth’: 7, ‘'n_estimators’: 1,000, ‘subsample’: 0.7, ‘learning_rate”:
0.1. Both classifiers chose the maximum number of estimators set on the grid search
(1,000) (Supplementary Table 3.2). The accuracy variation between both GBTs on the
first accuracy assessment was 22.95%, which represents a 27.45% difference and a
31.81% accuracy increase from the GBT trained in group 1 and the GBT trained in

group 2. The cross-validation percentage differences show a much lower gap, with a
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decrease of <1% (0.16%) from GBT_GS_1 1000 to GS_GS_1_10000. The processing
time of the GBT_GS_1_10000 was the second longest of all classifiers (2 h 52 min 56
s), only staying behind of the top performing MLP (1 day, 8 h 25 min 8 s).
3.4.2.1.4 k-Nearest Neighbours
The kNN was also among the top-performing classifiers, with a f1 accuracy of 91.6%
on the first accuracy assessment and 76.18% on the cross-validation. The first of the
two kNNs trained with equal parameters, namely, KNN_GS_1 1000, trained in group
1 resulted in an f1 accuracy of 64.9% and f1 accuracy of 76.02% on the cross-
validation. The second kNN was trained in group 2, namely KNN_GS_1 10000, which
yielded the aforementioned fI of 91.6%. Both models chose the same set of
parameters: ’‘metric’: ‘manhattan’, ’‘n_neighbours’: 3, ’‘weights’: ‘distance’
(Supplementary Table 3.2). The percentage difference between the accuracies of
these classifiers was 34.18%. Overall, the accuracy of the top-performing classifier
KNN_GS_1 10000 (group 2) represented an increase of 41.14% on the accuracy
relative to the KNN_GS 1 1000 (group 1). kNNs were among the algorithms with the
fastest run times, requiring only 2.54s for training of the KNN_GS_1_10000.
3.4.2.1.5 Logistic Regression

Among the LRs, the best-performing classifiers provided an accuracy of 62.4% and a
74.1% accuracy on the cross-validation for the LR on group 2, namely LR_GS_2_10000.
The combination of grid search parameters that resulted in the classifiers were 'C’:
100,’Penalty’:’12’,’solver’: 'sag’. The best LR on group 1 provided an f1 score of 60.95%
and 74.01% on the cross-validation. This classifier was created by the grid search with
the following set of parameters: 'C’: 100,'Penalty’: ’I1’,’solver’: ’liblinear
(Supplementary Table 3.2). The percentage difference between the accuracies of
these two classifiers was 2.35%. There was a 2.37% increase in the f1 accuracy of
LR_GS_2 10000 in relation to LR_GS_3_1000. The overall intra-model accuracy (LRs
with the same model parameters but trained in group 1 and group 2) also showed an
accuracy increase of 3.21% for LRs trained in group 2, i.e., larger datasets, in
comparison to group 1. The overall result put the LRs among the classifiers that yielded
the lowest accuracies with an average f1 of 60.51% and 62.4% for LRs in group 1 and
group 2, respectively. However, it was also one of the algorithms with the fastest

training times (<5 s).
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3.4.2.1.6 Multilayer Perceptrons
Each of the seven generated MLPs was trained in both group 1 and group 2, resulting
in a total of 14 trained MLPs. One of these MLPs, the MLP_GS_7 10000 trained in
group 2, was among the top four classifiers in this study. The MLP_GS 7 10000
produced an f1 of 92.3% on the first accuracy run and 77.7% on the cross-validation.
The combination of parameters that resulted in this classifier were:
‘hidden_layer_sizes’: (200, 200, 200, 200, 200, 200, 200, 200, 200), ‘activation’: ‘tanh’,
‘solver’: ‘adam’, ‘learning rate’: ‘0.0001, ‘max_iter’: 2000, ‘early_stopping’: ‘false’.
Among group 1, the best MLP was MLP_GS_4 1000, with an fI of 70.1% on the first
accuracy assessment and 76.9% on the cross-validation. The choice of parameters
from the grid search were: hidden_layer sizes’: (80, 80, 80, 80, 80, 80, 80),
‘activation’: ‘tanh’, ‘solver’: ‘adam’, ‘learning rate’: ‘0.0001, ‘max_iter: 2000,
‘early_stopping’: ‘false” (Supplementary Table 3.2). The percentage difference of the
MLP_GS_7_ 10000 and the MLP_GS_4 1000 was 27.33%. The first represented a
31.66% f1 increase relative to the latter. The overall intra-model f1 accuracy showed
a 16.98% increase in the accuracy of MLPs trained in group 2 (10,000 samples
dataset), in relation to group 1 (1,000 samples dataset). The processing time of the
MLP_GS 7 10000 was the longest of all classifiers (1 day, 8 h 25 min 8 s), followed by
GBT(2h52min56s)and RF(2h 31 min52s). It was noted that there was a substantial
increase in the run time with the increase of dataset sizes. The classifier MLP_GS_7
had a training time of 2 h 42 min 47 son group 1. When trained in group 2, the same
classifier required 1 day, 8 h 25 min 8 s to complete its training phase. Considering
that the same exact parameters were used, this represents a 1,094.90% increase in
the run time. The run time percentage difference of run times between the classifier
of best accuracy (GBT_GS_1 10000) and the MLP_GS 7 10000 is 167.34%, which

examples the trade-off between run time and accuracy.

3.4.2.2 Classification Output

The classification outputs of the top four classifiers: 1) GBT_GS 1 10000, 2)
RF_GS_2 10000 3) MLP_GS_7 10000 and 4) KNN_GS_1_10000 are shown in Figure
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3.4. In this study, classifiers that were above our established threshold of f1 >90%

were ranked as the top-performing classifiers. The difference between the

classification results and the ground-truth was calculated for each of the

aforementioned classifiers (Figure 3.5).
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Figure 3.4: Classification outputs of the top four performing classifiers (f1 score > 90%). (A)
Classification output of the GBT classifier GBT_GS_1_ 10000, f1 score: 95.1% (B) Classification
output of the RF classifier RF_GS_2 10000, f1 score: 94.2% (C) Classification output of the
MLP classifier MLP_GS_7 10000, f1 score: 92.3% (D) Classification output of the KNN classifier

KNN_GS_1_10000, f1 score: 91.6%.
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Figure 3.5: Difference of class distribution from the ground-truth labels against the
classification output labels of the top four performing classifiers (fI score > 90%). (A)
Difference of classification output vs. ground truth of the GBT classifier GBT_GS_1 10000, f1
score: 95.1% (B) Difference of classification output vs. ground truth of the RF classifier
RF_GS_2 10000, f1 score: 94.2% (C) Difference of classification output vs. ground truth of the
MLP classifier MLP_GS_7 10000, f1 score: 92.3% (D) Difference of classification output vs.
ground truth of the KNN classifier KNN_GS_1 10000, f1 score: 91.6%.

ROC curves were calculated for these classifiers (Figure 3.6) and AUC scores were
calculated for each of the four labels. Points located on the upper right near the X axis
typically represent classifiers that make positive classifications based on strong

evidence.

Herein, classifiers with the lowest accuracies were those below our established
threshold of f1 < 60%. Note that the ROC curves for each label are farther away from

the upper left (O, 1) (Figure 3.7).
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Figure 3.6: ROC curves of the four best-performing classifiers (f1 > 90%). The name of the
classifiers and their f1 score obtained on the first accuracy assessment were placed on the top
of their respective graph. The AUC score for each label is placed on the lower right side of
each graph. Label 1 = LCV, label 2 = SD, label 3 = DCF, label 4 = CR. (A) ROC curve of GBT
classifier GBT_GS_1_10000, f1 score: 95.1% (B) ROC curve of the RF classifier
RF_GS_2 10000, f1 score: 94.2% (C) ROC curve of the output of the MLP classifier
MLP_GS_7_10000, f1 score: 92.3% (D) ROC curve of the KNN classifier KNN_GS_1 10000, f1
score: 91.6%.
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Figure 3.7: ROC curve of the worst performing classifiers (f1 < 60%). The name of the classifiers
and their f1 score obtained on the first accuracy assessment were placed on the top their
respective graph. The AUC score for each label is placed on the lower right side of each graph.
Label 1 = LCF, label 2 = SD, label 3 = DCF, label 4 = CR. (A) ROC curve of MLP classifier
MLP_GS_6_1000, f1 score: 50.6% (B) ROC curve of the MLP classifier MLP_GS 1 1000, f1
score: 58.1% (C) ROC curve of output of the MLP classifier MLP_GS_1 10000, f1 score: 58.08%
(D) ROC curve of the LR classifier LR_GS_1 1000, f1 score: 59.6%.

3.5 Discussion

The Piddington Mound is a highly dynamic area with confirmed temporal (Boolukos et
al., 2019) and facies changes (Lim et al., 2018a; Conti et al., 2019). Studies show that
mound surface changed by almost 20% from 2011 to 2015. The CR, DCF, and SD
classes showed variations of <7.5%, whereas the LCF remained similar of the 4 years
given their inherent slow growth rates (Lim et al., 2018a). Further studies developed
at species level found a concerning decline in biodiversity in the same time interval,
especially in the percentage coverage of Madrepora oculata with linear decline rates
estimated at 0.17%/year (Boolukos et al., 2019). This study shows that, in 2021, this

section of the Piddington Mound used had the same proportion of LCF and DCF the
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on-mound area (4%) followed by the SD class, representing 32% and finally, the class

CR which represented the majority of samples (61%) (Figure 3.2, graph c).

In this study, 241.7 GB worth of data were transformed into an ecologically meaningful
and compact dataset (<5.2 gigabytes) that allows for analyses of intra-habitat patterns
of the study area. This represents one of the key advantages of 3D photogrammetry
and SfM for seabed habitat mapping. Furthermore, 3D reconstructions, orthomosaics
and DEMs of CWC derived from video data allows for contextualised analysis of coral
colonies and associated fauna (Price et al., 2021). The increasing use of such datasets
indicates an advancement in relation to per-image analyses, which may hinder the

investigation of spatial patterns, volume density and structural complexity variations.

3.5.1 Machine Learning And 3D Reconstructions Of Coral Reef Environments

The results show that four ML algorithms yielded f1 accuracies of >90% and were able
to successfully discern between classes (Figure 3.6), especially those with usually
similar characteristics, e.g., coral rubble and dead coral, which is a task that is often
challenging to both the machine and the human eye (Bryson et al., 2013; Beijbom et
al., 2015; Hopkinson et al., 2020). Four algorithms, i.e., LR and three variations of the
MLP yielded accuracies below our minimum threshold of 60%. Given the absence of
similar studies in 3D photogrammetry and ML in CWC habitats, the results herein
contribute to delineating the suitability of specific algorithms for initial assessments,

providing key information to future studies in CWC habitats.

3.5.2 Classifier Performance

The classifiers GBT, RF, MLP and kNN trained in group 2 (dataset of 10,000 samples)
were the most accurate classifiers on the first assessment, in that order. Nonetheless,
the percentage difference between the top-ranked classifier, GBT (f1 = 95.11%) and
the fourth-ranked classifier, KNN (f1 =91.7%) in the first accuracy assessment was low,
approximately 3.65%. These results agree with other experimental comparison

studies applied to high- resolution satellite imagery for land use/land cover (Jodzani

135



et al., 2019). Jodzani et al. (2019) showed that MLPs models were the most accurate
for those cases. However, there was a small difference in the classification accuracies
between these and other algorithms like SVMs and GBTs. Therefore, the use of these
algorithms is still versatile to deal with mapping of complex landscapes (Jodzani et al.,
2019). The study also showed that the use of CNNs for the same classification task
does not necessarily lead to more accurate results when compared to common
classifiers. This agrees with other studies which compared the use of SVMs and sparse
auto-encoders for multispectral imagery classifications, where SVMs outperformed

auto-encoders (Liu et al., 2017).

Herein, the performance of MLP classifiers trained in this study also agrees with the
aforementioned studies. Whilst one of the trained MLPs yielded one of the highest
accuracies (MLP_GS_7_10000, f1 score 92.3%), three of the 14 trained MLPs yielded
the lowest accuracies (MLP_GS_1 1000, MLP_GS 1 1000, MLP_GS_6_1000) (Figure
3.3), dropping the overall MLP average performance to 67.62%. Grid search results
showed that MLPs were prone to choose hidden layer options with more neurons on
them. In addition, all MLP classifiers selected the solver adam for weight optimization
as the final parameter on the grid search. Adam represents a stochastic gradient-
based optimizer (Kingma and Lei 2015). The solver is recommended for noisy or sparse
gradients and is recommended for problems with large data or parameters (Kingma
and Lei 2015). Empirical studies performed in Scikit- learn also suggest that Adam is
highly robust for large datasets while converging fast and giving good performances

(Buitinck et al., 2013).

RFs have been widely applied for a number of classification tasks in remote sensing
(Pal 2005; Rodriguez-Galiano et al., 2012; Belgiu and Dragu 2016) and specifically, in
marine and coastal studies (Seiler et al., 2012; Gauci et al., 2016; Robert et al., 2016;
Misiuk et al., 2019; Zelada Leon et al., 2020; Price et al., 2022). In our study, the RF
was among the top four classifiers. The f1 score average across all RFs trained was
82.9%. Our analysis showed that using a smaller dataset resulted in models with a
lower number of estimators and lower accuracy. However, the suitability of the RF for
our classification task can be influenced by a number of factors, one of them is the

way RF deals with decision trees in the classification. Studies affirm that RF models
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reduce the correlation between the decision trees in the ensemble by randomly
sampling features, which can lead to an increase in accuracy when compared to other

ensemble methods (Jodzani et al., 2019).

SVMs have been successfully applied for remote sensing applications (Melgani and
Bruzzone 2004; Deilmai et al., 2014; Liu et al., 2017) and automated image analysis
(Friedman 2013; Beijbom et al., 2012). In a few cases, SVM-based classifications have
outperformed other common classification algorithms, such as kNN and decision trees
(Friedman, 2013; Beijbom et al., 2012), especially when considering the amount of
training data available (Liu et al., 2017). Similar to Friedman (2013) the results herein
show that the best-performance SVM was created with RBF kernel. Studies have also
suggested that SVM can perform well in cases where there are few training samples
(Melgani and Bruzzone 2004). In this study, it was noticed that the SVM were indeed
robust with respect to sample size variations, resulting in a small percentage increase
of 5.67% when trained in group 1 and group 2. Nonetheless, kernel methods can be
sensitive to over-fitting, and the kernel choice has been considered the biggest
limitation of the SVM approach (Burges 1998; Liu et al., 2017). Although this limitation
was addressed by testing a range of kernel options on the grid-search, the SVMs
yielded an undistinguished performance on the first accuracy assessment compared
to other classifiers. However, they matched the performance of the top four
algorithms on the second accuracy assessment, i.e., k-fold cross-validation. It was
noted that one of the advantages of the SVM is that, depending on the choice of
kernel, the run times are considerably lower when compared to the top four
classifiers. However, the kernel choice will have a considerable impact on the
processing as there are data limitations when using specific kernels in accordance with
the Big O notation (Chivers and Sleightholme 2015). For example, the polynomial
kernel is not advised when the dataset has more than 10,000 samples as the SVM
training time scales at least quadratically with the number of samples (Tsang et al.,

2005).

kNNs vielded the 4th place in our classifiers rank (f1 score = 91.6%) whilst having the
lowest training time (2.54 s). Studies performed with ROV-derived images have found

that kNNs have also outperformed SVMs and NNs in smaller datasets (Shihavuddin et
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al., 2013). However, when datasets get larger, their effectiveness reduces
(Shihavuddin et al., 2013). As mentioned previously, the choice of weighted distance
for the kNN can often be evaluated by the similarity across feature dimensions (Russell
and Peter, 2010). In our grid search results, both kNNs trained in group 1 and group 2
chose Manhattan distance among the parameter grid of the best accuracy models.
This suggests that the classifier may have interpreted the feature dimensions as
dissimilar. kNNs can suffer with the curse of dimensionality when facing high-
dimensionality data (Russell and Peter 2010) therefore, reducing the dimensions of
the feature space with, e.g., PCA can increase kNN accuracy (Shihavuddin et al., 2013).
A similar issue can happen with the MLPs as, although MLPs can reduce the weight of
irrelevant variables close to zero, they may take a long time to converge and

consequently, to find a local minimum (Settles and Burr, 2003).

GBT was the most successful classifier in our study, with an f1 accuracy of 95.11% on
the first accuracy assessment. Accordingly, studies suggest that GBTs have
outstanding performance when compared to RF, SVMs and NN in different
classification tasks (Caruana and Niculescu-Mizil, 2006; Becker et al., 2018). In studies
using bathymetric data to predict diversity and abundance of fish, GBTs were
considered the most appropriate technique to select meaningful predictors (Pittman
et al., 2009). However, GTBs may be more impacted by the amount of training data in
relation to other classifiers, like SVMs. Our study revealed that GBTs had a 31.81%
accuracy increase from the GBT trained in group 1 and the GBT trained in group 2,
which suggests that the amount of sample data may have a strong impact on the
classification. It is also noteworthy this GBT had the second-longest processing time

(252 min 56 5s).

Our results show that the LR was among the classifiers with the worst performance
on the first accuracy assessment. Studies have shown that the parametric nature of
LR classifiers can lead to a more constrained model with limited complexity (Russell
and Peter, 2010). Previous comparison studies also suggested that Naive Bayes,
logistic regression and variations decision trees are among the poorest-performing
algorithms (Caruana and Niculescu-Mizil 2006). However, this is dependent on the

type of task performed. Hence, generalisations should be made with caution.
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3.5.3 Sample Size And Accuracy Variation

The quantity of training data is one of the biggest challenges in effectively applying ML
for automated seabed mapping (Beijpbom et al., 2012; Zurowietz et al., 2018; Williams
et al.,, 2019; Durden et al., 2021). Results on the 1,000 sample dataset and 10,000
sample dataset show that voting ensemble classifiers like kNNs, RF, GBT have better
performance and benefit more from a larger dataset than kernel methods such as
SVM (Figure 3.3). The small difference in f1 scores between variations of the same
algorithms like SVM (5.51%) and LR (2.35%) suggests that these algorithms are more
robust to dataset size variations. As previously mentioned, studies affirm that SVM
can perform well in cases where there are few training samples (Melgani and Bruzzone

2004).

Results show that RF is highly sensitive to data size, showing a percentage increase of
approximately 30.40% on the average f1 accuracy from 1,000 samples to 10,000
samples datasets. GBT had a 31.81% increase in the average f1 accuracy when trained
in 10,000 sample datasets. kNN had a 41.23% increase in the average accuracy when
trained in the 10,000 samples dataset. MLPs showed a percentage increase of 16.98%
on the accuracy when trained in the 10,000 samples dataset. In contrast, LR showed
only a 2.37% increase on the average f1 accuracy. Although this low variation can
indicate a positive stability across different sample sizes, it is noteworthy that the LR
behaved poorly in all test runs. Similarly, SVMs showed a regular resistance to the
dataset variations, with a difference of less than 6% (5.51%) on the average f1
accuracy from group 1 to group 2, noting that the overall performance was also low.
The stability of SVMs against different dataset sizes may be due to their ability to
handle high- dimensionality data with a relatively low number of training samples
(Melgani and Bruzzone 2004; Jodzani et al., 2019). This is explained by the general
concept behind SVMs, which relies on the separation of classes with a maximum plane
of separability, using boundary points to create the decision margin, thus making it

independent of the dimensionality of feature space (Dixon et al., 2008).
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The number of parameters implies the need for more training samples and
computational requirements (Liu et al., 2017). The amount of training data required
by NNs increases exponentially with the increase of feature dimensionality of the
input data (Dixon et al., 2008). Similar to automated classification studies with seabed
images (Durden et al., 2021), our results show that overall classification is improved

by increasing the size of the training dataset.

On the other hand, cross-validation results showed that there is an increase in the f1
scores of the classifiers in group 1. The classifiers trained with 1,000 samples showed
a better performance in the f1 accuracy for each fold k in the k-fold cross-validation.
The opposite trend was found for group 2, the accuracy dropped and stabilized on the
same level as the classifiers of group 1. Therefore, whilst evaluating the performance
of the classifiers n parts of the dataset, i.e., cross-validation, the performance of the
classifiers of group 1 was similar to the classifiers in group 2. This indicates that in
particular instances and metrics, such as when using cross- validation instead of only
a single validation set, the classifiers may be used interchangeably. Additionally, cross-
validation may be a suitable approach to avoid overfitting when having small sample
sets. Overall, In the case of deep-water environments, collecting a large number of
labelled samples, dealing with naturally imbalanced datasets and the lack of
benchmark data are limitations that need to be overcome in order to advance to the
deep learning spectrum (Beijbom et al.,, 2012; Durden et al., 2021). The choice of
classifiers based on their parametric or non- parametric properties is also important
when considering the dataset sizes. In the case of parametric models, such as LR, the
number of parameters it needs to make a decision is independent of how much data
is used. This property can be useful when datasets are small, as in this case, it is
convenient to have a strong constraint on the hypothesis to avoid overfitting (Russell
and Peter 2010). However, when the dataset is large, it is better to have more flexible
models where the data can have more influence on the learning pattern. Hence, non-
parametric models, such as kNNs which cannot be characterized by a delimited set of
parameters, can be a better fit. As mentioned, the disadvantage of some non-

parametric methods is the amount of data samples necessary.
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Another important aspect is the training run times of algorithms in each group. The
run times of group 1 algorithms were significantly lower than those in the group 2. It
is acknowledged that, despite the fact that MLPs are efficient, the training is time-
consuming (Dixon et al., 2008). A relevant example of run time differences is the
classifier MLP_7. Although this MLP had 26.8% decrease in f1 scores when trained in
group 1, the run time was 91.63% faster. These results can be taken into consideration
when evaluating not only the loss versus run time ratio, but also the processing
resources required to run MLPs and the accuracy desired. This is supported by the grid
search results, which show that the MLPs yielded similar accuracies in both groups,
i.e., independent of the dataset size they were trained with. As NNs, the need for a
number of training samples in MLPs can exponentially increase with the dimension of
the input of feature space (Dixon et al.,, 2008). The results herein contribute to
informing the user about the ad hoc strategy to be used when considering the
accuracy variation in relation to the processing time. Thus, the user needs to evaluate
a set of variables, ranging from the project timeframe, type of object of interest and

the computer resources available.

3.6 Conclusions

Six state-of-art ML classifiers were applied and evaluated for the multiclass
classification of high-resolution 3D reconstructions of CWCs environments. A
workflow for classification using photogrammetry and ML was proposed for CWC
environments of the Irish margin. The multiclass classification results show that
certain algorithms proved to be more suited for the specific classification task
proposed here, namely: GBTs, RF, kNN, and MLP with f1 > 90. In contrast, the worst-
performing classifiers were LR, and two variations of MLP with f1 < 60%. Furthermore,
the results suggest that the overall classification is improved by increasing the size of
the training dataset. However, it is possible to reach high accuracy results with
datasets of 10,000 samples and medium accuracy results with datasets of 1,000
samples. The analysis of the 3D reconstructions shows that, in 2021, this section of

the Piddington Mound used had the same proportion of LCF and DCF the on-mound
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area (4%). The CR class dominated the majority of the samples with 61%, followed by
the SD class, representing 32%. The study developed herein shows that ML and
photogrammetry enable automated classification of habitats associated with CWC.
The proposed workflow will allow for improvements to environmental monitoring

strategies by increasing coverage area and optimising data processing.
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3.8 Supplementary Materials

Supplementary Table 3.2: Summary of f1 accuracies results of the top performing
classifiersin group 1 and group 2. The first column “Classifiers” shows the given names
of each classifier. Names ending at “1000” indicates the number of samples to which
the classifiers were trained i.e., Group 1. Similarly, classifier names ending in “10000”

indicates this version of the classifier was trained on Group 2, i.e., 10000 samples.

Classifiers f1 f1 Best parameters Run
scor | cros time
e s val s
(%)  scor
es
(%)
SVC_GS_1_10 63.8 76.0 ({C"100,'gamma": 1, 'kernel': 'rbf'} 3.4s
00 6
SVC_GS_1_10 67.4 759 ({C"100,'gamma" 1, 'kernel": 'rbf'} 5mi
000 5 n 53
secs
RF_GS_1 100 72.3 79.5 {'Max_features': 1, 'n_estimators': 90} 9.26
0] S
RF_GS 2 100 94.2 80.0 {'Max_features" 2, 'n_estimators': 1000} 2h
00 8 4 31m
in
52s

155



GBT_GS_1_10
00

GBT_GS_1_10
000

KNN_GS_1_1
000

KNN_GS_1_1
0000

LR_GS_3_100

0

LR_GS_2_100
00

72.1

951
%

64.9

91.6

60.9

62.4

80.5

80.4

76.0

76.1

74.0

74.1

{'Classifier":
gradientboostingclassifier(max_depth=7,
n_estimators=1000,
subsample=0.7),'classifier__learning_rate": 0.1,
‘classifier _max_depth"

7,'classifier _n_estimators":

1000, 'classifier__subsample': 0.7}

{'Classifier":
gradientboostingclassifier(max_depth=9,
n_estimators=1000,

subsample=0.5),'classifier _learning_rate': 0.1,
‘classifier_max_depth":
9,'classifier__n_estimators":

1000, 'classifier__subsample': 0.5}

{'Metric": 'manhattan’, 'n_neighbors': 3, 'weights':

'distance'}

{'Metric": 'manhattan’, 'n_neighbors': 3, 'weights':

'distance'}

{'Classifier": logisticregression(c=100,
max_iter=1000, penalty='11', solver='liblinear'),
‘classifier_c": 100, classifier__max_iter":

1000, 'classifier___penalty':'I1','classifier __solver":

'liblinear'}

{'Classifier": logisticregression(c=100,
random_state=0, solver='sag'),'classifier __c":
100, classifier__penalty": '12','classifier__solver":
Isagl}
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MLP_GS_4 1
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MLP_GS_7 1
0000
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77.5

{'Estimator': mlpclassifier(activation="tanh’,

hidden_layer_sizes=(80, 80, 80, 80, 80, 80,
80),learing_rate_init=0.0001,max_iter=2000,
random_state=0),'estimator__activation':
'tanh','estimator__alpha":
0.0001,'estimator__early stopping'
false,'estimator__hidden_layer_sizes': (80, 80, 80,
80, 80, 30,
80),'estimator__learning_rate_init':0.0001,'estimat

or__max_iter": 2000, 'estimator__solver": 'adam'}

{'"Estimator": mlpclassifier(activation="tanh’,
alpha=0.005, hidden_layer_ sizes=(200, 200, 200,
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‘estimator__alpha':0.005,'estimator__early_stoppi
ng': false, 'estimator__hidden_layer_sizes': (200,
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'‘estimator__learning_rate_init": 0.0001,
'‘estimator__max_iter": 2000, 'estimator__ solver":

'adam'}
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54s

1d
8h
25m

in 6s

3.8.1 Supplementary overview of the classification algorithms used in the study

Random Forest

According to the definition of (Breiman, 2001) RF classifier consists of a group of tree-

structured classifiers where the vectors are independent and identically distributed

random vectors, and each tree casts a vote for the most popular class input. The

average of predictions of individual trees result on the final prediction (Breiman, 2001)

Combining trees grown using random features can produce improved accuracy when

compared to one single tree. Ensemble learning methods consist of a collection, or

ensemble of hypotheses and their predictions from the hypothesis space (Russell and

Norvig, 2010). As part of the ensemble method spectrum,
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In this study, the grid search and cross validation using the Random Forest algorithm
was performed to find the best number of estimators i.e., number of trees, and the
number of maximum features to be considered for the best split. The number of
estimators was set with options of ranging from 10 to 1000 and the number of
features was set to a range of 1 to 7 for the first sets of RFs. The scikit-learn options
‘auto’ and ‘log2’ were also considered. When the maximum feature parameter is set
to ‘auto’, it takes the square root of the number of features whereas when it is set to
‘log2’, it takes the binary logarithm of the number of features. The best performance
RF model was selected based on the accuracy considering the permutation of the grid
search parameters. The other parameters were set to the default of Scikitlearn class.

The full list of parameters can be found in the ScikitLearn webpage.
Gradient Boosted Trees

Here, the parameter grid defined to find the optimal GBT parameters with the grid
search were: learning rate, number of estimators, the maximum depth of estimators
and the subsample rate. The learning rate was set to options of 0.0001, 0.001, 0.01,
0.1, 1. The number of estimators was defined to 10, 50, 100, 500 and 1000. The
subsample rate was set to a range of 0.5, 0.7 and 1. Although the default subsampling
value in scikit-learn is set to 1, we decided to expand the range of values to include
other two values, 0.7 and 0.5, which is the suggested value of subsampling according
to Buitinck et al. (2013). It is noteworthy that, if subsampling is set to a value > 1, the

classifier changes to Stochastic Gradient Boosting (Buitinck et al., 2013)
Support Vector Machines

In SVM, the regularization parameter ‘C’ and gamma (y) are crucial parameters. The
‘C’ parameter (or penalty parameter) defines the level of complexity of the decision
function in relation to misclassified samples. Therefore, small ‘C’ values correspond to
more regularization. The gamma parameter (or margin of tolerance) is a kernel
coefficient that defines the level of influence that a single sample has over other
samples. The higher the gamma, the larger the influence of a single point in relation
to closer samples (Pedregosa et al., 2011). The choice of kernel is also an equally

crucial parameter (Burges, 1998).
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Logistic regression

In LR, probabilities describing possible outcomes of a trial are modelled into a logistic
function (S-shaped) instead of a linear function, as in the case of Linear Regression.
As a parametric model, LR summarizes the data with a range of parameters of fixed
size, independent of the number of the training samples (Russell and Norvig, 2010).
LR uses the maximum likelihood estimation (MLE) to obtain the model coefficients to
connect predictors to the target variable. MLE is applied to find the best set of
parameters with the greatest probability for predicting the observed data (Czepiel,

2002).
Multilayer Perceptron

MLP are generally composed by an input layer, a number of hidden layers, an output
layer and loss functions. The hidden layer sizes i.e number of neurons in each layer,
the activation function, the solver, the penalty and the learning rate are defined by
the user according to the type of problem. The weights are learned using gradient
descent techniques such as backpropagation during the training phase, aiming to
minimise the error function (Weinmann et al., 2015). MLP is considered a successful
model as it uses parametric forms of the basic functions in which parameter values

are adapted during training (Bishop, 2006).

When training the MLPs, the choice of stop criterion is relevant because it prevents
overfitting, particularly in cases where deep networks are used (Jodzani et al., 2019).
One of the stopping criteria can be ending the training process after a number of

iterations is reached by setting a maximum number of iterations to the classifier.
K-Nearest Neighbours (KNN)

Considering a number of training vectors, KNNs identify the k-nearest neighbours of
these training vectors to assign the test vector with the class label of the majority class
of the nearest neighbours (Theodoridis and Koutroumbas, 2009). The distance metrics
defines how the distance is going to be measured from the training vector to its k-
neighbours. The most common user-defined parameters of the KNN to evaluate are
the number of neighbours, the weight function used in prediction and the distance

metric.
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3.8.2 Overview of the Performance assessment
f1 Score

f1 score is the harmonic mean between precision and recall. It varies from 0 to 1. The
weighted average calculates metrics for each label and find their average weighted by
the number of true instances of each label. The f1 score using weighted average

returns the weighted average of the f1 scores of each class.
ROC Curves

The ROC curve is obtained by a threshold variation on the output values (discriminant
values) of the classifier. The curve is a representation of the ratio of the true positives
against the ratio of false negatives (Rudall, 1978), depicting the relative trade-offs
between benefits (true positives) and costs (false positives) (Fawcett, 2006). The lower
left point (0,0) in the graph represents the classifier not predicting any positive
classifications (True positives), the classifier produces no false positives errors but also
it does not gain any true positives false positive errors neither true positive gains.
Opposite to that is the t upper right point (1,1), which represents the classifier issuing
unconditionally positive classifications, independent if they are false positive or true
positive). The point (0,1) represents an ideal classification, where all instances are
indeed true positives. Hence, points located on the upper left near the X axis typically
represent classifiers that make positive classifications based on strong evidence
generally termed ‘conservative’ as they only predict true positives based on high
confidence rates, consequently having few false positives but also having low true
positive rates as trade-off (Fawcett, 2006).Following the same trend, points located
on the upper right far from the X axis are considered as making positive classifications
with weak evidence, classifying the majority of true positives correctly but also
classifying false positives more often, hence these classifiers are generally described
as ‘liberal’ (Fawcett, 2006). In the case of a multiclass classification, a ROC graph was
produced for each class, treating the class as the positive class and the remaining

classes as the negative class.
K-fold cross validation

K-fold cross validation is an estimator performance evaluator widely used in

supervised learning. In k-fold cross validation, the training set is split into k smaller
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sets, or folds. In each split, the model is trained using k-1 of the smaller sets of the
training data and the remaining fold is used for the validation. This is executed until
the model completes the round of k folds. The output metric is the average and
standard deviations of the accuracy computed in each slip. Cross validation is
particularly useful in cases with low availability of samples, as it avoids portioning the

data into training, validation and testing sets (Buitinck et al., 2013).
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4. Cold-Water Coral Spatial Relationships Based On The
Analysis Of High-Resolution Photogrammetry And Terrain

Descriptors

Larissa Macedo Cruz de Oliveira, Aaron Lim, David M. Price and Andrew J. Wheeler

(Current status: ready for submission)

This chapter comprises a paper that is ready for submission to Scientific Reports. It is
organised as follows: introduction, materials and methods, results, discussion and

references.

This chapter presents the results of the second and third aims of the PhD: quantify
CWOC facies distribution and spatial variability and link image data to processes driving
CWC reef development, respectively. Here, we explore the capabilities of SfM-derived
geomorphometric variables and spatial pattern analyses to develop a fine-scale
environmental analysis of a section of the Piddington Mound. A new approach to point
pattern distribution using multidimensional data and distance-based methods was
developed to understand facies distribution and spatial self-organisation of CWCs,
whilst linking to abiotic and biotic trends previously documented for the Piddington

Mound.

Candidate contributions to the study: Larissa de Oliveira conceptualised the study with
contribution of Dr Aaron Lim. Larissa de Oliveira developed the methodology, carried
out the data curation investigation, formal analyses, validation, data visualisation,

writing of the original draft, review and editing.

Dr David Price contributed to the methodology, formal analysis, software, validation
and discussions. The project was supervised by Prof Andy Wheeler, Dr Aaron Lim. The
co-authors also contributed with editing, proof-reading of the manuscript and funding
acquisition. Dr Aaron Lim was the chief scientist responsible for the data collected for
the study during the research cruise CE20011, in which Larissa Oliveira was data

manager. The project which lead to the work developed in this chapter was developed

162



by Larissa de Oliveira and funded through the Irish Research Council Postgraduate

Scholarship awarded to Larissa Oliveira.
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Abstract
Cold-water corals (CWC) play an important role in the biodiversity of deep-water
habitats. Efforts to map these environments have increased as technology and access
to high-resolution data advance. Structure-from-Motion (SfM) photogrammetry and
density-based analyses allow the quantification of fine-scale habitat descriptors that
are important to assess key CWC reef ecological traits. By combining automated 3D
classification and fine-scale terrain metrics derived from SfM, we provide a qualitative
and quantitative assessment of CWC habitats in the Piddington Mound, in the Belgica
Mound Province, southwest of Ireland. Four facies types were adopted: 1) live coral
framework 2) dead coral framework 3) coral rubble, and 4) sediments and dropstones.
Geomorphometric variables were computed from digital elevation models and habitat
classification was performed with supervised machine-learning algorithms. Our
results show that live and dead coral facies have different terrain descriptors,
occupying and creating areas of higher rugosity than compared to the coral rubble
facies. Furthermore, in both live and dead coral facies, larger corals tend to appear
towards the mound summit whereas small corals dominate the lower flank and flatter
areas, suggesting i) the recent growth of coral colonies and ii) suboptimal conditions
at the mound base. The findings herein highlight the high variability resulting from

CWC mound morphological and biological traits across both regional and local scales.
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4.1 Introduction

Framework forming cold-water corals (CWC) are cnidarian filter-feeding organisms
typically found in regions where seawater temperatures vary between 4° to 12°C,
depths of 50 to 4000 metres (Roberts et al., 2009). Apart from temperature and depth,
CWCs thrive in environments with dynamic interactions among topographic
heterogeneity (presence of hard substrates), current hydrodynamics (Mienis et al.,
2012; Wheeler et al., 2008) and the high flux of particulate organic matter (POM)
(Appah et al., 2020). Under suitable conditions, framework-building scleractinian
corals such as Lophelia pertusa (synonymised to Desmophyllum pertusum in Addamo
et al., 2016) and Madrepora oculata produce three-dimensional (3D) calcium
carbonate structures that can form small patches (Wilson, 1979a), reefs (Masson et
al., 2003; Roberts et al., 2006; Victorero et al., 2016), and giant carbonate mounds
(Freiwald et al., 2004; Hovland and Thomsen, 1997; Huvenne et al., 2011a; Mienis et
al., 2006; Wheeler et al., 2007) by incorporating current-suspended sediments

(Dorschel et al., 2007; Wheeler et al., 2005; White et al., 2005).

These habitats play an important role in supporting enhanced biodiversity and
providing ecosystem services for associated fauna, acting as nurseries and refugia for
fish and benthic species (Costello et al., 2005; Freiwald and Roberts, 2005; Mortensen
et al.,, 1995; Roberts et al.,, 2006). CWCs are also important to the global
biogeochemical cycle, acting as carbon sinks of deep seas (Henry and Roberts, 2017;
Oevelen et al., 2009; Titschack et al., 2009), having respiration, carbon and oxygen
consumption rates over an order of magnitude higher than in noncoral areas, for
example (Cathalot et al., 2015). CWCs have been documented in continental shelves,
slopes and troughs (Leverette and Metaxas, 2006; Mienis et al., 2006; Mortensen et
al., 1995; Savini and Corselli, 2010; Wilson, 1979b), fjords (Fossa et al., 2006, 2002;
Titschack et al., 2015) and submarine canyons (De Mol et al., 2011; Huvenne et al.,

2011b; Orejas et al., 2009)

Several studies have emphasised the environmental importance of CWCs as their
higher structural complexity and provision of hard surfaces promote biodiversity

hotspots in deep-water environments (Jonsson et al., 2004; Wheeler et al., 2007).
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Habitat structural complexity is known to have a high impact on ecological interactions
across scales (Crowder and Cooper, 1982). At a fine scale, distinct spatial features such
as 3D structures created by scleractinian corals hold a crucial role in providing
conditions to support other species (Jonsson et al., 2004; Price et al., 2019; Robert et
al., 2017). Likewise, high-resolution data has proven crucial to investigate ecosystem
trajectories and capture heterogeneity traits in coral reef dynamics (Burns et al., 2015;
Ferrari et al., 2016). Thus, incorporating high-resolution mapping of these ecosystems
is key to investigating these fine-scale interactions (D’Urban Jackson et al., 2020;

Ferrari et al., 2016; Lim et al., 2020b).

The advent of ROV-based surveys has enabled the investigation of CWC habitats and
their associated fauna (Dolan et al., 2008; Heindel et al., 2010; Savini et al., 2014;
Wilson et al.,, 2007). The study of 3D structures, however, had previously been
restricted to traditional 2D mapping methods (Goatley and Bellwood, 2011) such as
video/image analysis or shipboard multibeam which are known to cope poorly with
vertical and 3D structures (Huvenne et al., 2011b; Robert et al., 2017). The application
of Structure-from-Motion (SfM) photogrammetry has opened a new branch of high-
resolution mapping of underwater environments, providing fine-scale, 3D analyses of
benthic ecosystems in a cost and time-effective manner (Figueira et al., 2015; Pizarro

et al., 2017).

Studies have used SfM to reconstruct coral reef environments in shallow (Burns et al,,
2019; Fukunaga et al., 2020) and deep waters (Conti et al., 2019; Lim et al., 2020c;
Price etal., 2019). The reconstructions range from millimetric, polyp size scales (Cocito
et al.,, 2003; House et al., 2018) to metre, reef-wide scales (de Oliveira et al., 2021;
Fabrietal., 2022). The application of the SfM in marine studies varies from quantifying
differences in coral reefs under the impact of anthropogenic and climate hazards
(Burns et al., 2020; Chen and Dai, 2021; Pascoe et al.,, 2021) to understanding the
impact of fine-scale heterogeneity in species distribution (Fabri et al., 2019; Price et
al., 2021; Urbina-Barreto et al., 2022). In a social context, SfM has also been a powerful
tool to aid visualisation and augment the interaction of humans with otherwise
pristine environments (Cristobal et al., 2020; de Oliveira et al., 2022b; Dolezal et al,,

2019).
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Apart from 3D models and orthorectified photomosaics, SfM can provide high-
resolution digital elevation models (DEMs). Similar to multibeam-derived DEMs, SfM
DEMs provide multiple terrain descriptors at a millimetric scale. This allows for
flexibility in the mapping procedure as, depending on the study aim, SfM DEMs can be
downscaled to reflect wider-terrain physical features (slope, aspect, curvature) or be
kept at the sub-centimetric resolution to provide important ecological descriptors of
structural complexity e.g. rugosity, vector ruggedness measures, shelter volume

(Fukunaga and Burns, 2020; Storlazzi et al., 2016; Urbina-barreto et al., 2020).

As a suite of methods to investigate fine-scale organism distribution, point pattern
analyses (PPA) have become more common in the study of marine habitats (Prado et
al.,, 2019; Price et al.,, 2021). PPAs obtained from annotations of SfM-derived
photomosaics have provided valuable information in ecosystem modelling studies as
the photomosaics yield contextualised data about the location of the point in relation
to the terrain (Prado et al., 2020; Williams et al., 2019). However, only a few studies
go beyond the traditional presence/absence point distribution to integrate 3D-specific
measures e.g., size of colonies into the analysis (Fabri et al., 2019; Prado et al., 2019).
Integrating variables such as the size of coral colonies into the habitat distribution
mapping may allow for further analyses of CWC as colony size can be an indicator of

coral growth and ecosystem health (Ferrari et al., 2017; Lange and Perry, 2020).

In this paper, we aim to investigate the density and size distribution of CWC from high-
resolution photogrammetric data. Distance and density-based point pattern analyses
associated with CWC habitats are obtained to analyse: i) CWC facies density
distribution; ii) the relationship between the density distribution and
geomorphometric features and lastly; iii) to map facies hotspots in relation to the
terrain. By combining automated 3D classification and fine-scale terrain metrics
derived from SfM, we integrate habitat facies with geomorphological information in a

3D space, providing novel insights about the facies distribution of a CWC mound.
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4.2 Materials and Methods

4.2.1 Study area

The Belgica Mound Province (BMP), located on the eastern slope of the Porcupine
Basin, NE Atlantic, is characterised by outcropping or buried conical cold-water coral
giant carbonate mounds either as single or elongated clusters (De Mol et al., 2002).
Different aspects of the mound and its regional setting have been studied in the last
two decades (De Mol et al., 2005; Foubert et al., 2006; Huvenne et al., 2005; Wheeler
et al., 2005, 2011) whilst also being widely investigated for the application of novel
mapping methods (Boolukos et al., 2019; Conti et al., 2019; Lim et al., 2018b, 2017;
Price et al,, 2021). Given the environmental importance of the BMP in the wider North
Atlantic region, the province has been designated to a Special Area of Conservation

(SAC) (SAC site number: 002327) under the EU Habitats Directive (NPWS, 2022).

Within the BMP lies the Moira Mounds, a group of small-sized CWC reefs ranging from
3 to 10 metres high and dominated by scleractinian framework-building corals
(Huvenne et al.,, 2002). It is understood that the Moira Mounds have characteristics of
mounds formed under stressed high-sediment intake conditions (Foubert et al.,
2011). The Moira Mounds are subdivided into four areas: the ‘upslope’, ‘mid-slope’,
‘down-slope’ and ‘northern area’ based on the distribution of surrounding smaller
mounds (Wheeler et al., 2011). The Piddington Mound, located in the down-slope
area, is one of the largest of the Moira Mounds and, with documented current speeds
of approximately 40 cm s, it is considered an area favourable for mound
development (Lim, 2017). The surrounding area of the mound is dominated by
sediments and dropstones whereas the mound is dominated by Lophelia pertusa and
Madrepora oculata colonies. These characteristics allow the Piddington Mound and
surrounding mounds to be divided into four distinct facies: live coral framework, dead
coral framework, coral rubble and hemipelagic sediment with dropstones, as
previously described in Heindel et al. (2010), Lim et al. (2017) and also adopted in later
studies (Conti et al., 2019; de Oliveira et al., 2022a).
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4.2.2 Structure-from-Motion Photogrammetry

The ROV HD video data used herein were collected during the survey CE20011
onboard the Celtic Explorer (Lim et al., 2020a). The ROV Holland 1 was mounted with
a downward-facing HD Insite mini-Zeus with HDSDI fibre output camera for the video
acquisition. ROV positioning and navigation were acquired with a Sonardyne Ranger 2
USBL with slant range accuracy of 1.3%. The ROV was mounted with a pair of lasers
spaced 10cm apart for scaling. Hence, all HD video footage acquired at 1080p had
projected laser scales to allow for a correctly scaled 3D reconstruction through
calibration. The ROV video survey was designed to follow an N-S grid composed of 35
equidistant lines while the ROV hovered at a speed of < 2 knots at approximately 2
metres above the seafloor to ensure a constant field of view. The ROV video data and
navigation were converted into 3D models in Agisoft Metashape Professional version
1.7.2 (Agisoft, 2021). Detailed survey acquisition methods and the SfM

photogrammetric pipeline can be found in de Oliveira et al. (2022a); Lim et al. (2020a).

4.2.3 Data Segmentation And Classification

The point cloud resulting from the SfM process was classified using an automated
supervised classification approach developed in de Oliveira et al. (2022a). Each point
in the point cloud was classified using a gradient-boosted tree (GBT) algorithm as
belonging to one of the four classes outlined above, reaching an f1 accuracy of > 95%.
The process enables fast and accurate classification of 3D data of CWC, thus providing
a more accessible use of high-resolution data for CWC mapping. The point cloud was
divided into semantic objects using a connected component labelling algorithm (CCL)
implementation in CloudCompare. CCL connects points within a minimum distance
using a heuristic graph theory approach (Samet and Tamminen, 1988). The octree
level used to extract point cloud components was set to 10, based on experimental
tests. The octree is the recursive partition of a cubical volume in the point cloud. The
octree level defines the maximum number of cubical components that are obtained

from the data. High values provide more, closely spaced components. The point-to-
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object process transformed 50,000 classified points into 3096 individual point clouds,
where each point cloud represented one classified object i.e. live coral framework,
dead coral framework, coral rubble and hemipelagic sediment with dropstones (Table

4.1):

Table 4.1: Definition of each facies used in the study

Facies Description
Coral presenting any signs of identifiable living parts (polyps or mucus-
1. Live Coral covered frameworks evident) although major proportions of the coral
Framework framework may be dead. Coral polyps, and skeletal casing are usually
(LCF) bright, white or orange in colour (Appah et al., 2020)
2. Sediments Sediment (sand or mud) and dropstones, include sediment waves,
And Dropstones ripples and scour marks.
(SD)
3. Dead Coral Coral framework which has no identifiable living parts. Identified by
Framework darker grey or brown skeleton (Appah et al., 2020)
(DCF)

4. Coral Rubble
(CR)

Coral rubble is recognisable by biogenic material where >50% of
detached dead coral fragments, shell fragments and sediment are
observed (Lim et al., 2017).

The Euclidean distance concept was used to aggregate each of these point cloud
objects and their respective information (X,Y, Z, R, G, B) into one dataset. To this end,
the centroid of each object was calculated by calculating the mean of each set of X,
Y,and Z coordinates. The Euclidean distance between each point of the point cloud

object and the centroid was calculated following the equation:

d = J[(x2-x1)2 + (y2- y1)2 + (22 —z1)?]

Where x1, y1 and z1 are the respective centroids of each point cloud object. The mean
value of the obtained Euclidean distances of each object provided information about
the relationship between the location of each point in a 3D space and its centroid.
Thus, the value represents the radii i.e., the size of each of the 3096 objects of the
point cloud. The sizes were then categorised into ‘large’, ‘medium’ and ‘small’ by

binning the sizes into three intervals based on minimum, and maximum values.
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4.2.4 Terrain Variable Extraction From Digital Elevation Model (DEM)

The DEM resulting from the SfM process was used to extract the geomorphometric
variables used herein. A total of 7 terrain variables (Table 4.2) were extracted using
the Benthic Terrain Modeler (BTM) plug-in (Walbridge, 2018) in the geospatial
processing software ArcGIS (Version 10.6). The bathymetric position index (BPI) was
calculated by subtracting the DEM from the focal mean (with circle, r) following Wilson
et al. (2007). To capture the wider terrain context whilst tempering the influence of
coral features into terrain metrics, the variables were extracted from the DEM at a
resolution of 50 cm/pixel, with exception of VRM, which was also extracted from the
original DEM resolution (3.39mm/pixel). The dual resolution for VRM was selected
based on its importance in delineating coral reef structural complexity and its
documented scale dependence (Price et al., 2019; Richardson et al., 2017). VRM and
rugosity are considered important measures of coral structural complexity as they
measure the variability of a surface as the ratio of the true distance along a surface to
the linear distance (Friedman et al.,, 2012; Storlazzi et al., 2016). In coral reef
environments, these measures are generally a product of high coral cover or density
(Graham and Nash, 2013; Storlazzi et al., 2016). Northness and Eastness were included
as they can give information about surface exposure to the current direction (Price et
al., 2021). The interaction between the terrain aspect and the current direction can
directly impact facies distribution, especially in the case of filter feeders that rely on
current-suspended food supply (Orejas et al., 2016). The cell values of each variable
raster where the point feature was projected into were extracted and added to the

attribute table of the point feature.

Table 4.2: Geomorphometric variables extracted from the DEM, the neighbourhood
(kernel) size and the resolution of the DEM from which the variables were extracted

Geomorphometric variable Neighbourhood Resolution
size

Slope (°) [0,90] 3x3 50 cm/pixel

Eastness (Sin Aspect) [-1,1] 3x3 50 cm/pixel

Northness (Cos Aspect) [-1,1] 3x3 50 cm/pixel
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Curvature 3x3 50 cm/pixel

BPI 3x3 50 cm/pixel
Rugosity (Arc-Chord Ratio) 3x3 50 cm/pixel
Vector Ruggedness Measure (VRM) 3x3and 21x 21 50 cm/pixel and 3.39
mm/pixel

4.2.5 Point Pattern Spatial Analysis

Data were analysed using three spatial statistics methods implemented in R (4.2.2)
with the package ‘spatstat’ (Baddeley, 2010), ArcMap and Python. The aim of the
spatial analysis was to further understand the interaction of coral facies and the
terrain. Therefore, the spatial statistics analyses were carried out with a focus on the

live coral (LC) and dead coral (DC) facies.

Kernel density plots were produced to examine the point intensity distribution of the
coral facies. Intensity is the average density of points i.e., expected number of points
per unit area (Baddeley, 2010). The plots were created using a fixed bandwidth
(sigma=1) of the intensity function and visually assessed for facies distribution in

relation to the terrain and object size (Euclidean radii).

Ripley’s L-function plots were used to examine the spatial distribution of facies. L-
functions provide information on whether observed points are consistent or deviant
from a complete spatial randomness (CRS) pattern or uniform Poisson point process
(Dixon, 2014; Ripley, 1976), thus giving information about the likelihood of clustering
in each facies in relation to a given distance (r), using the centroid of each point cloud.
L-functions are the transformed version of Ripley’s K function and have been used in
marine ecology studies (Orejas et al., 2009; Prado et al., 2020) in conjunction with its

derivatives e.g., pairwise (g) functions (Price et al., 2021).
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Where L(r) is the transformed centred form of the k-function k(r). For a uniform
Poisson (completely random) point pattern, the theoretical value of L(r) = r. The
square root transformation stabilises the variance of the estimator to improve its use

with simulation envelopes and hypotheses tests (Baddeley et al., 2015, 2013).

Hypothesis tests were performed with 999 Monte Carlo simulations to generate
points in CRS, where the rank of the envelope was set to 25 to define a confidence
interval of 95% (a < 0.05), considering that a = 2 * nrank/(1 + nsim) (Baddeley et al.,
2013). The Monte Carlo simulation is structured to reject the null hypothesis if the L(r)
values at a given distance r fall outside the confidence envelope. Thus, deviations
below the confidence interval and the estimated CRS threshold would indicate that
the facies tend to be organised under a random dispersion pattern. Deviations above
the confidence envelope indicate the facies are not organised randomly, tending
towards a clustering pattern. The region of interest was the shape of the study area.
The ‘best’ command was used to apply the best edge correction method in ‘spatstat’,
which was Ripley’s isotropic correction implemented for rectangular or polygonal

windows (Baddeley et al., 2013)

Getis Ord General Gi* statistics (Getis and Ord, 1992), also known as High-Low
Clustering, were used to identify hotspots and cold spots of facies distributions in
relation to depth and depth vs size. G-statistics are used to measure the spatial
association of a variable within a specified distance of a single point (Getis and Ord,
1992). Features with high z-score and p-values (<0.001) indicate statistically significant
hotspots, where the null hypothesis of a random distribution can be rejected in favour
of the clustering hypothesis. The confidence intervals (Gi_Bin) identify statistically
significant hot and cold spots, where high magnitude values e.g., +/-3 reflect a 99%
confidence level and a bin value of O, shows not statistically significant points. The
magnitude of the z-score (Gi*) represents the intensity of the clustering. The higher
or lower the Z-score, the more intense the clustering. Facies were encoded into binary
labels (0-1) and a ‘one vs. all’ approach was used for the analysis, where 1 means the
object belongs to those facies and 0 means it does not. Scatter plots showing the
distribution of clustering intensity (z-score) in relation to depth, their significance level

(Gi_bin) and Euclidean size (euc_rad) in relation to depth were produced for LC and
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DC classes. The analysis was performed with the Spatial Statistics suite in ArcTool box

in ArcMap (ArcGIS, 2014).

Spearman’s correlation coefficients (Spearman’s rank test) were obtained to
investigate the non-parametric correlation between the geomorphometric variables.
Spearman’s correlation tests have been applied in ecological studies as an aid to
understanding the species interaction with the terrain and variable selection for
predictive modelling (Corbera et al., 2019; Davies et al., 2008; Sundahl et al., 2020;
Wilson, 2016). The test measures the strength and direction of association between
two variables. Here, the analyses were performed for the whole terrain and for each
facies to detect any possible correlation variations between variables of each facies.
The tests were performed in Python with the Stats package. A p-value of 0.05 was
selected for the significance threshold to filter out the variable pairs that did not show
statistically significant evidence of correlation. The analysis of correlation will be useful
for future predictive modelling and supervised classification studies using this dataset.
Tests for normality of terrain variables were performed with Shapiro-Wilk’s and

Kolmogorov-Smirnov tests prior to Spearman’s correlation tests.

To understand and evaluate if the intensity of points depends on the variation of
specific terrain variables, a non-parametric density estimate in the function of
covariate analysis was performed. The density in function of covariate (“rhohat”) tests
were performed for the variables DEM, slope, Northness and Eastness. These can
provide information regarding the statistical likelihood of finding coral facies at
specific regions and terrain values by computing a non-parametric smoother estimate
of function (p), thus identifying how the intensity of points at each a given distance u

depends on the covariate:

Where u is the location, A(u) represents the intensity at that location u and Z(u) is the
covariate at location u. Each test was statistically supported by Berman’s Z2 test and
Kolmogorov Smirnov (KS) tests. The KS test is considered a powerful test preferably
used when the covariate has continuously varying numerical values. It compares the

observed and expected distributions of the values of the function under the CRS
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hypothesis, thus giving statistical support to the ‘rhohat” function (Baddeley, 2010).
Similarly, the Berman’s Z1 and Z2 tests proposed in (Berman, 1986) were used as a
second statistical support to the ‘rhohat’. Both tests work under the null hypothesis

that the point process is a CRS independent of the covariate (Berman, 1986).

Finally, to evaluate the influence of reef substrate on facies distribution, three point
pattern models (PPM) were tested with 1) no variables, 2) only depth and 3) three
variables (Northness, Eastness and depth). The variables were chosen based on their
importance in describing terrain morphology and their low correlation values
(Spearman’s test). The best of the three models determined by the lowest Akaike
Information Criterion (AIC) was endorsed by a likelihood ratio test for the CSR null
hypothesis, except in cases where the best model selected was CSR. The model with
the lowest AIC is considered the model that explains the greatest amount of variation

using the lowest number of independent variables (Baddeley et al., 2015).

4.3 Results

4.3.1 Geomorphometric Characterisation Of The Terrain

The photogrammetric process resulted in an orthomosaic of 1.69mm/pixel resolution
(Figure 4.1A) and a DEM with a 3.39 mm/pixel resolution (Figure 4.1B) covering an
area of 318.53 m?. The average depth of the DEM is 963.9 + 3.56, extending from
955.6 to 970 m. The slope at the original resolution (3.39 mm/pixel) extended from 0°
to 89.64° (mean 27 +° 19.83), with steeper slopes occurring towards the higher parts
of the mound. Whilst the slope at 50 cm/pixel ranged from 0° to 50.9° (mean 33.28 +
9.23) (Figure 4.1C), whereas curvature (Figure 4.1D) showed a heterogeneous pattern
towards the higher parts of the mound. Eastness (sin-aspect) (Figure 4.1E) also
appeared to be higher (0.8574) at the higher parts of the mound, suggesting an
eastward orientation. The homogeneity of high Northness (cos-aspect) values (Figure
4.1F), close to 1 (0.87 £ 0.23), indicated an overall downslope orientation northward.

Rugosity (Figure 4.1G) and VRM values also appeared to be higher in those areas.
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BPIvalues (Figure 4.1H) were higher around the edges of the mound, showing a higher
local gradient towards the southwest and negative towards the northwest where the

mound is flat. BPI values had a unimodal distribution centred around the mean.
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Figure 4.1: Spatial distribution of geomorphometric variables at 50cm/pixel resolution. (A)
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Rugosity (Arc-Chord Ratio) (H) BPI calculated with a 3x3 kernel size (I) Vector Ruggedness
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4.3.2 Facies Distribution Analysis

The point cloud of the study area was segmented into 3096 semantic objects within
the 4 facies outlined (LC, DC, SD, CR). The most common facies of the semantic objects
is the SD facies (49%), followed by the CR facies (38.8%), LC (8.9%) and DC (3.3%)
(Figure 4.2B). The LC and DC facies were represented by several ecosystem engineers
such as the scleractinian CWCs Lophelia pertusa and Madrepora oculata. Both facies
were observed as irregularly shaped isolated colonies and patches. The SD facies is
characterised by soft sediments (sand or mud) and angular to subangular dropstones
ranging from 1 to 20 cm in size. The CR facies is characterised by biogenic material
e.g., coral fragments and shell fragments spread across the edges of the mound and

low-relief areas.

4.3.2.1 Euclidean Radii Analysis

The LC class had a mean radius of 0.08 £ 0.06m with a maximum radius of 0.49 m,
whilst DC objects had a slightly larger radius with a mean of 0.12 + 0.07m and a
maximum radius of 0.45 m. The larger DC and LC objects distribution were
concentrated toward the top of the mound, between 955 and 960 metres depth

(Figure 4.2C).
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facies. Spheres not to scale (D) Distribution of LC and DC facies object sizes (euc_rad) relative
to depth (centroid_z). (E) Box plots of Euclidean radii distribution of LC (green), DC (yellow)

4.3.2.1 Facies distribution and geomorphometric analysis

Depth and slope

The distribution of facies in relation to the depth (Figure 4.3A) shows that the LC facies
occurs within the interval of approximately 966 and 959 metres depth (962.73 + 3.58
m), whereas DC occurs on higher sections of the mound, between 963 and 957 metres
depth (960.73 + 3.36 m). Similarly, CR occurs between 961 and 965 metres in depth
(965.86 + 3.26 m). SD is dominant in the lower parts of the mound, around 964 and
969 metres depth (963.19 + 3.23 m). Coral classes (LC, DC, CR) were associated with
steeper slopes (DC=39.23°+7.026°, LC=37.65°+7.034°, CR =36.20° + 7.062°), whilst
SD facies were associated with discrete slopes (SD = 29.73° + 9.865°) (Figure 4.3A).

Aspect

All four facies presented values of Northness above 0.90, where 1 is exactly northward
and -1 is southward (Figure 4.3E). Similarly, all facies showed Eastness values below -
0.1, where the value of 1 is exactly eastward and -1 is westward (Figure 4.3F). LC, DC
and SD classes are oriented more northwards relative to the downslope direction (LC
= 0.956 + a 0.086, DC = 0.948 + a 0.109). The CR class appears to be slightly less
oriented northwards (Northness = 0.908 + 0.158) and more westwards (Eastness = -
0.193 + 0.336) than LC (Eastness = -0.171 + 0.223) and DC (Eastness = -0.160146 *
0.253). The SD facies shows lower Eastness values (Eastness = -0.246 + 0.229),

suggesting a westwards orientation.
BPI and Curvature

DC facies showed higher mean BPI (BPI= 0.066 * 0.089) in comparison to LC facies
(BPI= 0.047 + 0.1), although the LC facies reached higher peaks of BPI (BPI=0.71)
(Figure 4.3C). CR facies appeared to have the lowest mean BPI (BPI= 0.023 + 0.1)
among the coral facies. On the other hand, SD facies had negative mean BPI values

(BP1=-0.027+0.068).
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Similarly, curvature mean values were higher for the DC facies (38.02 + 104), followed
by the LC facies (32.62 + 94.9) and CR with significantly lower values (11.34 + 90.56).
Contrary to the DC facies, both LC and CR reached the highest peaks of curvature
values (572.28 and 422.77, respectively). SD presented negative values (-17.31 +
54.14), showing to be negatively skewed in relation to the coral facies (Figure 4.3D).
The high standard deviation o emphasises the spread-out pattern of the curvature

values and the presence of outliers.
Rugosity and VRM

Rugosity mean values were also higher for the DC facies than LC facies (0.97 + 0.17
and 0.93 + 0.19, respectively). CR facies presented similar values (0.91 + 0.19). SD
facies presented the lowest rugosity values with a mean of 0.74 + 0.25. Rugosity values

showed a negatively skewed distribution across all four facies.

DC facies presented higher VRM mean values (0.006 + 0.0004) followed by LC and CR
(0.047 £ 0.007 and 0.0046 + 0.005). Although the LC facies reached the highest peak
of VRM (0.083), VRM measures across all four facies were low (0.0038+ 0.0049) at
50cm/pixel resolution, showing low variability in the direction where surfaces are

facing.
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Spearman’s rank correlations among terrain variables showed that slope and depth
were strongly correlated (p= 0.65 a<0.05) (Figure 4.4). Depth is also moderately
correlated with Eastness (p=0.42) and BPI (p=0.37) but weakly correlated with
Northness (0.26). Curvature and BPI showed a very strong correlation (p= 0.73
a<0.05), although the majority of terrain variables did not present statistically

meaningful correlations and were therefore not considered.
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Figure 4.4: Spearman’s Correlation coefficient (SCC) matrix for the entire study area (left).
Only coefficients that were significant at the level of 95% were included.

Spearman’s coefficients for each facies (Figure 4.5) showed that depth was
moderately correlated with VRM for the LC (p=0.45), DC (p= 0.42) and SD (p=0.43)
facies but showed a weak correlation within the CR (p=0.25) facies. Whereas the
Depth -slope relationship was strongly correlated in the SD facies ( p =0.84),

moderately correlated in the LC (p=0.43) and CR (p=0.33) facies but substantially less
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significant for DC (p=0.0086). The relationship between depth and BPI also appears
to be moderately correlated across the facies, with exception of DC (p=0.11). VRM(50)
and BPI also present a moderate correlation among all coral facies, but they show a
negative weak relationship within the SD facies. Rugosity and slope are also strongly

correlated among all facies (p >0.7).
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Figure 4.5: Subplots of Spearman’s correlation coefficients for each facies , where green= LC,
orange= DC, blue = CR, and red= SD.

4.3.2.1 Density in function of covariate

The density in function of the covariate (Smoothing Estimate of Covariate
Transformation) results (Figure 4.6) shows that LC are more likely to be found at

depths between -968 and -964 and -962 to -956 metres than would be expected if the
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intensity was constant (Bermans Z2 test; 72 = 6.317 , p-value < 0.001). DC facies is
likely to be found mainly at depths between -962 to -956 metres than would be
expected if the intensity was constant (Bermans Z2 test; Z2 = 8.689, p-value < 0.001),

showing that there is a relationship with depth on the distribution of both DC and LC.

The distribution of LC in relation to the slope is also not random, instead, it shows a
relationship to slope, especially in areas with low (<10°) and high (> 40°) slope values
(Bermans Z2 test; Z2 = 7.967, p-value < 0.001; CDF p-value <0.001). Slope may have
an even stronger relationship to the distribution of DC facies, especially around steep
areas (> 35 °) (Bermans Z2 test; 72 = 6.967, p-value < 0.001; CDF p-value <0.001). The
intensity of LC and DC in relation to Eastness shows that LC (Bermans Z2 test; 72 =
2.719, p-value = 0.006; CDF p-value <0.001) and DC (Bermans Z2 test; 72 = 2.119, p-
value = 0.034; CDF p-value =0.034) facies are more likely to be found at the intervals
between -0.5 and 0O than if the intensity was constant, showing an influence by slope
orientation in areas that the mound is oriented westwards. There was no discernible
relationship between Northness and the LC and DC distribution as there was not
enough variance of Northness values, which were close to 1 (LC =0.956 + a 0.086, DC

=0.948 + a 0.109).

PPM results showed that the model with covariate depth, slope, Northness and
Eastness was more suited to explain the distribution of the DC point pattern (AIC =
294.63) than the model with no covariates (AIC = 416.43). Similarly, the distribution
of the LC point pattern was better explained by the model with all covariates (AIC =

422.0001) than by the hypothesis of no covariates (AIC = 579.67).
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4.3.2.1 Density-based and hotspot analysis

Kernel estimate density plots showed r the LC and DC facies contributed to different
intensity patterns. LC facies had an average intensity of 0.95 points/m?, whereas DC
showed an intensity of 0.34 points/m?. LC facies showed two density hotspots, located
towards the south of the mound and another of higher intensity hotspots towards the
downslope area (Figure 4.7A). The DC facies, on the other hand, present one hotspot
located towards the south, at shallower depths (approx. 955.64 m) (Figure 4.7B).
Although both facies indicated an affinity towards the top of the mound, the DC
hotspots were denser in shallower areas. The differences in density distribution are
also emphasised across different coral sizes. The density plots by Euclidean radii size
(Figure 4.7G and Figure 4.7H) showed that, in both LC and DC, larger corals tend to
appear higher up towards the mound summit. Small corals distribution ( Figure 4.7C
and Figure 4.7D), show a similar trend to the overall intensity distribution whereas
medium and larger LC and DC objects contribute to density hotspots in different

mound areas (Figure 4.7E, F, G, H).
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Hotspot analysis (Getis- Ord Gi*)

The distribution of LC shows high confidence hotspots throughout the entire mound

but more intense clusters (Z score > 4) are located towards higher parts of the mound,
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Depth (m)

between 956 and 962 m water depth (Figure 4.8A). The Euclidean radius of the LC
facies does not visually appear to be related to the intensity of the clustering. The
hotspots of DC are concentrated towards the higher parts of the mound but the higher
confidence hotspots show a less heterogeneous distribution, concentrated from 954
to 964 m water depth and with higher intensity clusters (Z score > 4) within these
depth intervals (Figure 4.8B). Similarly, the Euclidean radii do not appear to be related

to the intensity of the clustering.
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4.3.2.2 Multiscale cluster analysis

The results of both LC and DC indicate that a typical point has more neighbours than
would be expected if the pattern were completely random, thus, showing a clustering
pattern (Figure 4.9). LC facies shows an initial clustering of points at distances close to
zero suggesting a relationship between the point and itself or other points, which is
followed by a dispersion pattern (L"<0 ) at r~0.2m. Though this happens within the
confidence envelope (ci= 95%), there may be acceptance of the null hypothesis. As
the distance band (r) increases, L” indicates a stronger clustering-like pattern than
expected in a CRS pattern, from distances >0.3 onwards. The DC facies show a similar
pattern within the confidence envelope, but a clustering-like pattern appears to be

more evident from distances > 0.2m.
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Figure 4.9: L-function plots showing the clustering likelihood in relation to the distance of each
point (r(m)) of (A) Live coral (LC) facies and (B) dead coral (DC) facies. The grey shaded area
represents the confidence interval of 95% from 999 Montecarlo simulations (nrank=25).
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4.4 Discussion

The spatial variability of scleractinian corals that contribute to the CWC habitats in the
North Atlantic has been subject of exploration for many decades (Purser et al., 2013).
Several studies have incorporated 3D SfM photogrammetry and its high-resolution
data products to map CWC distribution on mounds and reefs (Price et al., 2019), on
vertical walls (Casoli et al., 2021; Robert et al., 2017) and in the vicinity of submarine
canyons (de Oliveira et al.,, 2021; Lim et al., 2020c). In this study, we develop an
approach to analyse CWC mound facies distribution by coupling the 3D information
of each object and their fine-scale terrain variables with point pattern distance and
density analysis. The transformation of thousands of labelled points into meaningful
point objects that carry 3D information about each facies object demonstrates a novel
use of these methodologies to further investigate facies distribution and coral mound
development. The geomorphometric metrics derived from the SfM process enabled
the quantification of the underlying structural complexity inherent to coral facies and

sediment-dominated regions.

The study area is part of the Piddington Mound, the largest of the cold-water coral
Moira Mounds, which has been previously characterised by its habitat heterogeneity
across substrate facies (Lim et al., 2017) which are known to influence benthic
distribution in different environmental settings (Borcard and Legendre, 2002; Savini
et al., 2014). Here, the variability of facies distribution was shown by general density

trends and clustering analyses of coral facies including for both living and dead coral.

Comparable to Lim et al. (2017), the sediment and dropstones (SD) facies also occur
predominantly where the seabed is relatively flat around the protruding mound
feature. The DC framework, LC framework and CR coexist, as shown by the proximity
of distribution towards shallower areas, or peak of the mound (Figure 4.3). This
proximity is reflective of normal coral growth whereby coral growth leaves behind
bare dead skeletons and gradual breakdown results in coral rubble. In settings where
sedimentation is more prevalent, the dead coral below the live coral is buried

(Wheeler et al., 2005). This was not the case for the DC facies found here, as the dead
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corals were larger in size and retained the vertical structure, not showing significant
visual signs of burial. This suggests that the sediment deposition is not prevalent in
this area or that the structure left behind had not existed long enough for significant
burial. This is corroborated by Lim (Lim, 2017) which suggest that the area is subjected
to erosion or at least non deposition based on the presence of ice-rafted debris (IRD)
and Holocene muds, which have been previously documented to be linked with non-
sedimentation in other areas such as the Rockwall Trough (de Haas et al., 2009).
Furthermore, the region is influenced by dynamic environmental conditions, as
evidenced by the change in sediment and coral facies over an interval of 4 years
(Boolukos et al., 2019). Thus, the hotspots of DC facies around the summit, along with
the previously documented coral decline suggest that the contemporary environment
is stressed and that summit conditions may be too hydrodynamic for optimal coral

growth (Boolukos et al., 2019)

Similar to the findings herein, other studies have reported a zonation trend with the
prevalence of sediments and dropstones in the deeper water parts of the mound
while the coral facies dominate marginal areas within steeper slopes and upslope
areas and whilst the dead coral and coral rubble occur around the mound, the LC
facies dominates the northernmost parts (Conti et al., 2019; Lim et al., 2017). CWC
tend to settle or grow on elevated structures where access to food supply is facilitated
by faster-flowing waters (Freiwald, 2002; Roberts et al., 2003). Considering that both
segments are proximal to each other, this pattern suggests that this study region may
be under similar abiotic conditions, being under the influence of northerly directed

prevailing currents.

The concentration of coral facies around the mound summit can be explained by these
abiotic drivers. However, it may not explain the higher density of LC facies in the
downslope areas, where sediments and dropstones are dominant. This distribution
may suggest that LC facies in that region may be driven by the presence of hard
substrate instead. Thus, emphasising the role of sediment heterogeneity in the
distribution of benthic fauna (Lacharité and Metaxas, 2017). The size of the corals in
that region also corroborates with this hypothesis as the corals in the downslope area

are predominantly small, between 1 and 17 cm (Figure 4.2). The relationship between
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the size of the coral and the presence of dropstones may indicate early stages of
mound development, where young corals rely on hard substrate to cement on (Lim et
al., 2018a; Roberts et al., 2006) thus suggesting both an active coral growth (Foubert
etal., 2011; Wheeler et al., 2011) and relatively recent coral colonies latching on these

dropstones (Lim et al., 2018a) .

Studies have associated coral rubble with bioerosion of exposed surfaces (Titschack et
al., 2015) that can be caused by currents (Wilson, 1979) and higher mean current
speeds (Lim et al., 2020c). As such, the distribution of CR facies along the edges of the
mound may be explained by two factors: i) higher current speeds and ii) steepened
slopes that may cause eroded bioclasts from the peak of the mound to slide down
onto flatter parts (Lim et al.,, 2017) following the slope orientation. This is also
supported by the importance of aspect variables in the PPM, ‘rhohat’ and Spearman
correlation analyses, which may indicate the influence of localised abiotic drivers e.g.,
currents as also suggested in other studies (Price et al., 2021). The eroded bioclasts
are likely originating from the dead coral facies that dominate the peak of the mound
between 963 and 957 metres depth (960.73 + 3.36 m). Furthermore, current speeds
may also interact with coral size. Whilst larger corals can baffle the flow and create a
protection against bioerosion, smaller corals may lack this baffling capacity becoming

more exposed to currents speeds, and consequently erosion.

The distribution of facies in relation to water depth reflects the zonation around the
area as a clear transition from sediment-dominated facies to coral facies as water
depth increases, i.e., up the flanks of the mound (Figure 4.2). The presence of coral
(both LC and DC) appeared linked with the slope, Eastness and BPI. These links have
been noted before at larger scales (Davies et al., 2008; Guinan et al., 2009; Heindel et
al., 2010; Masson et al., 2003; Mogstad et al., 2022; Sundahl et al., 2020), whereby
residual currents (and their direction) and internal tides may act as a driving
mechanism (Frederiksen et al., 1992). On the nearby Propeller Mounds, for example,
live coral facies appear restricted to the upper slopes of the giant mound ridges
(Heindel et al., 2010). The centimetric scale observation herein shows that DC and LC
facies tend to occupy steep west-facing slopes, and positive bathymetric features e.g.,

local crests, whilst CR and SD facies tend to occur in low relief areas. This may reflect
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the corals’ ability to feed, protruding into the water column or oriented more vertically
in order to feed on particles passing by and influence the local current regime (Buhl-

Mortensen et al., 2010; Corbera et al., 2022; Mienis et al., 2019).

The BPI values provide information about topographic features in the terrain
indicating positive (e.g., a crest) or negative (e.g., trough features) topographic areas
(Wilson et al., 2007). In this study, the BPI values for both LC and DC have a unimodal
distribution pattern, But the DC facies showed a higher mean BPI than the LC facies,
although the BPI of LC showed higher peaks. Whilst CR and SD facies showed lower
and negative mean values, respectively. Although our data were downsampled to 50
cm (larger than all LC colonies and DC patches), the coral facies may still play a role in
the BPI and slope themselves, indicative of a positive feedback mechanism for the

living patches of coral to be elevated.

In shallower waters, species distribution studies using SfM to map sponges and other
echinoderms also showed that the probability of occurrence of the species increases
directly as BPl and roughness increase (Prado et al., 2020). This study shows that areas
with high sloping terrains overlap with areas with higher rugosity (Figure 4.1) and with
areas of high coral density, which highlights the response of terrain variables to the

high structural complexity created by coral facies.

LC and DC facies distribution showed a different response to terrain variables such as
slope and Eastness and water depth (Figure 4.6). This difference is also highlighted in
the distribution patterns of the kernel density estimate plots which show distinct
intensity hotspots for each of the facies. Thus, LC and DC facies may influence or be
influenced by terrain characteristics differently, highlighting habitat heterogeneity
within centimetric scales. The difference between LC and DC likely reflects the

suitability for living portions of the reef.

Hotspot distributions of LC and DC do not entirely overlap with the areas where VRM
are high at 50 cm/pixel resolution, but it seems to follow the high VRM values at very
high resolutions (3.39mm/pixel). This reaffirms what has been documented in other
studies where high VRM values are considered a product of higher structural

complexity promoted by coral frameworks (Graham and Nash, 2013; Prado et al.,,
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2020; Robert et al., 2017). Rugosity mean values were also higher for the DC facies
than LC facies (0.97 £ 0.17 and 0.93 + 0.19, respectively). This may suggest that the
dead coral framework is more prone to the collapse of opening up holes in the
framework increasing VRM and rugosity, whereas live corals are actively growing,

more efficiently filling the framework surface.

Price et al. (2021) divided the substrate map generated from the SfM into reef
(including rubble) and non-reef areas, where reef areas represented high VRM, slope
and aspect sections of the mound. Although using a different approach which was
focused on the facies instead of species distribution, the results herein show that coral
facies also have a connection with reef-like habitats, whereas CR occupied or formed
lower VRM areas than LC and DC classes, indicating lower structural complexity. This
behaviour pairs with the discussion regarding the influence of biological drivers on the

terrain drivers is a circular relationship.

The density plots were an important resource towards revealing different intensity
patterns for LC and DC facies. Whereas LC presents two high-density hotspots, one
around the mid-slope area, which is more intense, and a second less intense hotspot
upslope, the DC facies present one high-intensity hotspot upslope. This pattern
distribution contrasts with other studies that suggest that live coral frameworks
typically occur at or proximal to mound summits (Rlggeberg et al., 2011) rather than
flat regions. This highlights the danger of generalisations and the need to measure
environmental drivers for LC occurrence rather than simple depth relationships.
However, the difference in patterns seen between mounds may relate to local
hydrodynamic regimes and also the stage of mound formation as the Piddington
Mound is significantly smaller than the mounds studied by Ruggeberg et al. (2011). In
other mound settings, e.g., the Hovland Mound (Rlggeberg et al.,, 2011) summit
environments may offer optimal conditions for food supply and coral growth. Studies
have also found distinctive distribution patterns among scleractinian species
Madrepora oculata and Lophelia pertusa, highlighting the contrast not just between

live and dead facies, but also at species level (Price et al., 2021; Purser et al., 2013).

L-function plots showed a tendency of LC and DC facies to cluster at distances higher

than 0.3 metres, which can be a reflection of not only abiotic but also biotic drivers
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e.g., reproductive methods of LC (Price et al., 2021). Density plots show that these
facies tend to occur towards the shallower parts of the mound, surrounded by CR
facies which occur along the edges. This pattern may suggest that this study section
may be part of a larger mound setting as the pattern resembles sections of a proximal
area described in Lim et al. (2017), where CR dominated the mound summit and
fringes whereas DC and LC dominated the topmost part of the mound. Given the fact
that the study area is located within the Belgica Mound Province, which has been
characterised by conical mounds (De Mol et al., 2002; Foubert et al., 2006), it is likely
that the study area may follow or be part of a similar conical mound in a wider
environmental setting. However, the mechanisms driving the distribution patterns are
unclear given the lack of studies regarding the long-term environmental drivers of the

area.

LC and DC facies distribution was characterised by individual colonies and patches that
reached a maximum Euclidean radii size of approximately 50 cm but an average of 12
cm. The density distribution plots showed that in both LC and DC facies, larger corals
tend to appear towards shallower parts of the mound, creating particular density
hotspots in the mound summit (Figure 4.7). On the other hand, small corals dominate
the downslope areas dictating the overall intensity distribution (Figure 4.7C and D).
Studies have suggested that CWC have a preference to settle in elevated structures
where access to food supply from the incoming current is higher (Davies et al., 2008;
Freiwald, 2002; Mortensen and Buhl-Mortensen, 2004) as currents may increase the
vertical nutrient flux (Roberts et al., 2003). The steepness of the mound and the
dominating presence of larger corals both living, and dead may reflect a topographic
high generated by the capacity of corals to trap and accumulate (baffle) sediment
(Heindel et al., 2010; Wheeler et al., 2005, 2007). On the other hand, but following
the similar trend, the distribution of small corals was concentrated around deeper,
low-sloping parts of the mound. Studies have associated this pattern as a response to
low current speeds and inconsistent food supply (Davies et al., 2008; Freiwald et al.,
2004). However, the presence of smaller corals in areas dominated by sediments and
dropstones may also indicate that these corals are in a juvenile stage, using the hard

substrate for initial development, whereas the large colonies can be long-lived.
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Nonetheless, this interpretation is only possible herein with the analysis of size

distribution created from the classified habitat.

The 3D size and structure of corals are indicators of many ecosystem functions
(Courtney et al., 2007). For example, measurements of size can be used to infer the
age of corals from estimated growth rates (Mortensen et al., 1995) When not using
SfM photogrammetry, analyses of coral sizes are typically done by physical sampling
or observing video transects, images or side-scan sonar images and extracting manual
estimates of the size of each colony (De Clippele et al., 2021; Mortensen et al., 1995;
Wheeler et al., 2011). The inclusion of body size measures provides important
information about food supply, colony development, and biomass estimates (Benoist
et al., 2019; De Clippele et al., 2021; Peters, 1983). However, manual size estimation
methods may limit the extent to which size measurements can be integrated into
study designs. The Euclidean size estimates developed herein provide an efficient

approach to integrating size into high-resolution analyses.

The findings herein contribute to highlighting the existing high degree of variability
resulting from morphological and biological traits of CWC mounds across not only
regional but also local scales (Purser et al., 2013; Wheeler et al., 2007). Although the
further interpretation of environmental controls is central to understanding the CWC
habitat development, the inclusion of three-dimensional variables such as coral size
at high resolution can support fine-scale observations about the environment. Marine
Strategy Framework Directive advises that SACs should be monitored every 6 years
(EU) 2017/848). The datasets produced herein provide a proxy for temporal studies
that can inform CWC variability within time scales. These studies, which have shown
a decline in CWC over the years (Boolukos et al., 2019) are key to understanding the
impact of natural and anthropogenic activities in CWC mounds, especially in the
context of Marine Protected Areas which exhibit low or no recovery on grander time

scales (Huvenne et al., 2016)
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4.5 Conclusions

This study integrates SfM photogrammetry, terrain features and point pattern
analyses to provide an approach to fine-scale environmental analysis of CWC. The
results show that the corals in the downslope area are predominantly small, between
1 and 17 cm. The relationship between the size of the coral and the presence of
dropstones indicates that the study region is in the early stages of coral growth
development. Larger corals dominate the regions towards the mound summit, where
the DC facies is marked by larger corals than the LC facies, creating different density
hotspots in those areas. Furthermore, DC and LC facies tend to occupy steep west-
facing slopes, and positive bathymetric features e.g., local crests, whilst CR and SD
facies tend to occur in low relief areas. The relationship between coral facies and
terrain variables is indicative of a positive feedback mechanism where larger corals
influence the topography of the terrain and increase the structural complexity, making

it a suitable environment for the growth of small colonies.

The gatherings of this study help to emphasize the importance of understanding the
spatial structure whilst highlighting the heterogeneity of CWC habitats. Therefore,
environmental management policies of these regions should disregard any
homogeneity patterns based on the assumption that all CWC ecosystem areas have
the same drivers and morphologies, and therefore should be granted interchangeable
interpretations. SfM and photogrammetry can improve the understanding of
underwater ecosystems and their key drivers whilst contributing to monitoring,
management and conservation (Ferrari et al., 2016). Here, we deliver an accessible
mapping approach from the automated classification (de Oliveira et al., 2022a) to the
environmental analysis incorporating crucial ecosystem traits such as coral size. The
findings herein will facilitate the investigation of possible changes in this and
surrounding habitats, thus having valuable temporal-spatial importance towards the

monitoring of vulnerable ecosystems in MPAs and SACS.
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This chapter is organised as follows: introduction, materials and methods, results,

discussion and references.

The study in this chapter aimed to fulfil the fourth aim of the PhD: to develop new
forms of visualisation of 3D data of underwater environments. The chapter was
motivated by the fact CWC habitats are generally located in pristine environments and
unlike most of their tropical counterparts, their accessibility is hindered by depth or
terrain topography, which contributes to the need to raise awareness to their
existence and importance. Here, SfM, AR and game development engines were
integrated to create the Coral APP, a visualisation platform for CWC habitats, that
allow users with a smartphone and internet connection to interact with 3D
reconstructions of these habitats. Furthermore, the suitability of different 3D
reconstructions for the mobile app was accessed based on three criteria to investigate
the requirements for 3D resolution within the mobile app. Thus, this chapter

contributes to informing future research about the available technology and data
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Abstract
Cold-water coral (CWC) reefs are considered “hotspots” of biodiversity in deep-sea
environments. Like tropical coral reefs, these habitats are subject to climate and
anthropogenic threats. The use of remotely operated vehicles (ROVs) in combination
with three-dimensional (3D) modelling and augmented reality (AR) has enabled
detailed visualisation of terrestrial and marine environments while promoting data
accessibility and scientific outreach. However, remote environments such as CWC
reefs still present challenges with data acquisition, which impacts the further
understanding of these environments. This study aims to develop a mobile application
using structure-from-motion (SfM) 3D photogrammetric data and AR for the
visualisation of CWC reefs. The mobile application was developed to display 3D models
of CWC reefs from the Piddington Mound area, southwest of Ireland. The 3D models
were tested at different resolutions to analyse the visualisation experience and trade-
off between resolution and application size. The results from the 3D reconstructions
with higher resolution indicate that the combination of SfM, AR, and mobile phones is
a promising tool for raising awareness and literacy regarding CWC and deep-water
habitats. This study is the first of its kind to showcase CWC habitats accessible to

anyone, anywhere with a mobile phone and internet connectivity.
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5.1 Introduction

Cold-water coral (CWC) ecosystems are structural three-dimensional (3D) deep-water
habitats that mostly rely on robust mapping technologies to enable detailed analyses
and monitoring of these reefs (Conti et al., 2019; Price et al., 2019; Robert et al., 2017).
CWC ecosystems form complex reef structures on the seabed and are considered
“hotspots” for biodiversity in deep-sea environments as they are able to baffle
sediments and act as nurseries and shelter to thousands of deep-sea species (Hebbeln
et al., 2020, 2019; Henry and Roberts, 2016; Miller et al., 2012). Moreover, coral reefs
can form large 3D carbonate structures (Roberts et al., 2006; Wheeler et al., 2007)
and provide important ecosystem services (Aanesen et al., 2015; Armstrong et al.,
2014), thus promoting an increase in biomass relative to their surrounding areas (Lim
et al., 2020b; Miller and Spoolman, 2015). However, research and analyses related to
the geographic distribution and conditions of CWC, and other deep-water habitats are
scarce mainly because of data acquisition limitations related to the accessibility and
extent of these environments (Armstrong et al., 2014; Oevelen et al., 2009). These
factors lead to challenges in understanding their key processes and controls, hence
promoting awareness of these environments to the wider community is difficult
(Danovaro et al., 2004). Furthermore, CWC reefs are considered vulnerable marine
ecosystems (Auster et al., 2011; Fabri et al., 2014; Hebbeln et al., 2019) given their
exposure to a range of direct and indirect disturbances such as climate change
(Cathalot et al., 2015), ocean acidification (Frank et al., 2011; Miller and Spoolman,
2015; Roberts and Cairns, 2014; Turley et al., 2007), and fishing activities like bottom
trawling (Althaus et al., 2009; Coughlan et al., 2015; Huvenne et al., 2016). Given these
factors, regional efforts have been made to place CWC reefs and mounds as marine
protected areas (MPAs) and special areas of conservation (SACs) (Clark, 2006; Davies
et al., 2017; Lim et al., 2020b). However, protective measures against global change
threats, encouragement of sustainable practices, and raising awareness actions are

still limited (Hebbeln et al., 2020).

Marine habitats and archaeologically important underwater sites usually require

remote mapping and diving technologies. This dependency leads to limitations in the

218



accessibility to these environments (Liestgl, 2019). In coastal areas, activities such as
touristic diving is one of the most popular recreational activities. However, these
activities can directly impact the marine environment (Chen et al., 2012) and pose a
significant risk for divers (Barker and Roberts, 2004). In the case of coral reefs, which
are sensitive to several environmental factors, the physical contact entailed when
exploring these areas can cause direct and indirect impacts on the corals, such as
structural damages and habitat disturbance due to sediment resuspension (Jameson
et al., 1999; Sorice et al., 2007). In order to mitigate these risks in shallow and coastal
water habitats, researchers have introduced the concept of ‘dry diving’” (Liestgl, 2019).
In the context of underwater data visualisation, dry diving represents a new
alternative way to access study sites without the need for physical diving by utilising

augmented reality (AR) (Liestgl et al., 2021).

The conditions are different for deep-water environments, as the accessibility is
limited by water depth and pressure. In this case, the use of remotely operated
vehicles (ROVs) or autonomous-underwater vehicles (AUVs) has emerged as relatively
new survey technologies that can aid the mapping of ocean features through the
acquisition of high-resolution (HD) bathymetric and video data, physico-chemical
measurements, and ecological sampling (De Clippele et al., 2017; Kwasnitschka et al.,
2013; Lim et al.,, 2020c). These technologies, when coupled with novel mapping
methods such as 3D photogrammetry and structure-from-motion (SfM), can be used
for in-depth environmental observations using 2D and 3D perceptions (de Oliveira et

al.,, 2021; House et al.,, 2018; Laranjeira et al., 2020).

SfM is a relatively new photogrammetry technique that has been increasingly applied
to geospatially reconstruct different environments such as seabed habitats (Conti et
al., 2019; Price et al., 2019), forests and grasslands (Cunliffe et al., 2016; Panagiotidis
et al., 2016), mangroves (Navarro et al., 2020; Otero et al., 2018; Warfield and Leon,
2019), and rock outcrops (Weidner et al.,, 2021). SfM can provide fine-scale 3D
reconstructions with millimetric to centimetric spatial resolutions, which allows for
detailed mapping of different environmental and terrain descriptors (Smith et al.,

2016).
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Underwater photogrammetry has become progressively more common since the
introduction of ROVs (Kwasnitschka et al., 2013). It is considered a non-destructive
seabed mapping technique that enables representations and measurements of
marine environments (Li et al., 1997), combining both metric and interpretative tasks.
The use SfM photogrammetry has been widely employed as a time and cost-effective
method for high-resolution seabed mapping from AUVs/ROVs derived video data
(Anelli et al., 2019; Burns et al., 2019, 2015; House et al., 2018; Robert et al., 2017;
Storlazzi et al., 2016). The SfM technique is used to generate 3D models from a
sequence of 2D images by detecting multiple matching features on these images and
reconstructing a 3D point cloud (Carrivick et al., 2016; Smith et al., 2016).
Photogrammetry-derived 3D models have an increasing importance towards the
mapping of such environments as these models allow the visualization and high-
resolution analyses of otherwise pristine and secluded areas (Foucault and Miskowiec,

1986).

In contrast with conventional photogrammetry, SfM utilises a set of algorithms such
as the scale invariant feature transform (SIFT) algorithm (Lowe, 2004) to identify
matching features in the image sequence and calculates the orientation and location
from the difference of positions of the matched features. From these calculations, a
sparse 3D point cloud is derived. The sparse cloud is usually refined to a finer
resolution with multi-view stereo (MVS) methods (Carrivick et al., 2016). Unlike laser
scanning techniques, SfM is not limited to temporal frequency as it does not rely on
laser pulse frequency or beam spacing and can offer point cloud data with comparable
accuracy to point clouds generated from those sources, at lower costs. Therefore, it
offers a wide range of opportunities to characterise surface topography in high and
multi-temporal resolution to map elevation, volumetric, and position variations, which

are key to understanding earth surface processes (Carrivick et al., 2016).

Likewise, AR represents a promising technique that has been increasingly discussed in
different fields, such as archaeology and management of underwater cultural
heritages (Bruno et al., 2019; Cejka et al., 2020). AR has gained popularity with
educational and touristic applications for providing the possibility to disseminate

knowledge in sustainable and accessible ways without requiring the physical presence
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of users at the study site, thus helping with damage prevention of historical sites
(Loureiro et al., 2020) and supporting environmental preservation (Cristobal et al.,

2020).

Virtual reality (VR) and AR are similar, but distinct and complementary technologies
within a concept of “mixed reality” or more freely translated “immersive reality” (IR)
(Barrile et al.,, 2019; Chen et al.,, 2012; Cristobal et al., 2020; Han et al., 2021;
Markowitz et al., 2018; Monteiro and Montanha, 2019). AR and VR can be considered
symmetrical (and continuous) reflections of each other in relation to what each
technology seeks to accomplish and deliver to the user. While a VR environment
enables the user’s interaction experience with immersive environments through
multisensory interfaces, AR is characterized by projecting computational images on
physical surfaces, increasing the informational and, consequently, perceptual and
cognitive level we have of the environments, objects, and people around us (Arena et
al.,, 2022; Billinghurst and Duenser, 2012; Bimber and Raskar, 2005; Borba, 2014;
Carmigniani and Furht, 2011; Cipresso et al., 2018; Dunleavy et al., 2009; Feiner et al.,
1993; Fernandez-Batanero et al., 2022; Kaufmann, 2003; Lee, 2012; Loureiro et al.,
2020; Scholz and Smith, 2016). In this sense, VR and AR are two forms of innovative

platforms essentially focused on the production and consumption of content.

In the scientific field, the use of AR and VR has gained motion in the past few years,
especially during the global COVID-19 pandemic, when remote teaching was widely
adopted. AR platforms such as Labster (Labster, 2011) and ClassVR (ClassVR, 2022)
have been created to simulate scientific laboratory spaces for teaching experiments.
Web platforms such as Sketchfab (Denoyel et al., 2012) have increased data sharing
and visualization for the general public. Advances have also been made in the field of
geosciences with the development of VR platforms for field mapping, such as and
VRGeosciences (VRgeoscience, 2022). However, these technologies are usually not
open-source and rely on the use of specific hardware, i.e., desktops and VR sets, which
can often be inaccessible. The use of mobile devices, on the other hand, provides a

more accessible alternative towards promoting knowledge with AR.

Studies suggest that integrating the visualisation of seafloor elements with AR

techniques can be beneficial for increasing situational awareness, especially in the
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case of deep-water habitats (Laranjeira et al., 2020), where depth and pressure
conditions make diving, or any sort of human access, nearly impractical. VR
experiments have been developed to provide remote diving experiences with an
alternative to reduce damage to marine environments and risk to divers (Chen et al.,
2012; Cristobal et al., 2020) and for representing coral habitats reconstructed with
photogrammetry techniques (Cristobal et al., 2020). Similarly, other studies have used
AR to represent underwater sites (Barrile et al., 2019; Dolezal et al., 2019; Rizvic et al.,
2019) such as the iMareCulture project (“i-MareCulture — H2020 funded EU research
and innovation project,” 2020). Recent studies have used AR with the aid of
waterproof devices to visualise objects during dives (Bruno et al., 2019; Cejka et al.,
2020) and to explore shipwrecks (Liestgl et al., 2021). However, marine habitats
remain underexplored in terms of AR applications, and questions related to its use in
education and training remain unanswered. For example, information regarding
incurring costs, efficiency between AR systems, and the methods used (Cipresso et al.,
2018; Shelton and Hedley, 2004), as well as how to identify factors and conditions that
affect the effectiveness of an AR system (Sotiriou and Bogner, 2008), are yet to be
explored. Therefore, it is important to investigate the potential of AR applications to
allow novel, more inclusive surveying and optimise educational experiences (Loureiro

et al., 2020).

The aim of the study is to integrate SfM, AR, and game designing techniques to
develop a visualisation platform for CWC and deep-water habitats video data and to
analyse its applicability for educational and data accessibility purposes. By developing
the proposed application (APP), this study aims to contribute towards (i) promoting
the accessibility to 3D reconstructed datasets via mobile phones; (ii) facilitating the
visualisation of deep-water environments such as CWC reefs; (iii) applying AR
visualisation frameworks to CWC reefs and adjacent deep-sea habitats; and (iv)
evaluating the outcomes of the APP in relation to 3D model resolutions. To this end,
game engines and 3D photogrammetry were combined to develop a mobile APP of
3D models at different resolutions and user acceptance was assessed. The APP will
provide further understanding on the resolution changes and optimal parameters for

an application built for a particular environment such as CWC of the Piddington
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Mound, southwest of Ireland. To the best of our knowledge, the study herein is the
first study to combine these three applications to enable the visualisation of deep-

water habitats as 3D reconstructions.

5.2 Materials and Methods
The proposed framework was applied to CWC reefs of the Piddington Mound area,
located in the Purcupine Seabight, the NE Atlantic (Figure 5.1). This study was
executed in three stages: (1) data acquisition; (2) 3D modelling with SfM

photogrammetry; and (3) Android APP development.

5.2.1 Data Acquisition

5.2.1.1 Study Area
The Piddington Mound is a highly dynamic CWC mound (Boolukos et al., 2019) located
approximately 300 km southwest of Ireland, in the Belgica Mound Province (BMP)
(Figure 5.1) at a depth of approximately 960 metres. Given the presence of CWC
mound features, including giant carbonate mounds and important deep-sea
ecosystems, part of the BMP province is a designated SAC under the EU Habitats
Directive (European Union Habitats Directive, 2016). The BMP comprises a range of
mound structures, also including small CWC reefs (approximately 30 m across and 10
m tall) known as Moira Mounds (Lim et al., 2017; Wheeler et al., 2005). The Piddington
Mound is located in the downslope area of these mounds and the main scleractinian
framework-forming species are Lophelia. pertusa (synonymised to Desmophyllum
pertusum (Addamo et al., 2016)) and Madrepora oculata (De Mol et al., 2002; Wheeler
et al., 2007). Sponge hotspots of Aphrocallistes sp. have also been documented (Conti
et al.,, 2019). Local currents have been estimated to reach between 34 and 40 cm st
(Dorschel et al., 2007; Lim et al., 2018). Owing to the high sediment influx in the area,
the mounds have been considered to represent mound formation under stressed
conditions (Foubert et al., 2011; Lim et al., 2017). The Piddington Mound was selected
for this study given the extensive mapping efforts in the area (Boolukos et al., 2019;
Contietal., 2019; Lim et al., 2018, 2017) and evidence of temporal changes in benthic

and sedimentological facies (Boolukos et al., 2019; Conti et al., 2019; Lim et al., 2018).
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Figure 5.1: Location of the study site in the Piddington Mound, Belgica Mound Province area
relative to the Irish margin. Upper left: extracted HD video frame of the study site.

5.2.1.2 Video Survey
The HD video data used to generate the 3D model were collected using the Holland 1
ROV during the research cruise CE20011 in 2020 (Lim et al., 2020a). The video surveys
were performed with the ROV at approximately 2 m above the sea floor with a survey
speed of approximately <0.2 knots. For the CE20011 survey, the ROV was equipped
with an HDTV video camera (HD Insite mini-Zeus with HD SDI fibre output), and
Kongsberg OE 14-208 digital stills camera systems were used. The Holland 1 is
mounted with two deep-sea lasers spaced at 10 cm for scaling. Positioning data were
acquired with a Sonardyne Ranger 2 ultra-short baseline (USBL) beacon with an
accuracy of 1.3% of slant range. Video data were acquired at 50 frames/second at
1080-pixel resolution and stored as .mov files (de Oliveira et al., 2021). In total, 8 h of

HD video data were surveyed.
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5.2.2 3D Models with Structure-from-Motion Photogrammetry

ROVs HD video data, extracted video frames, and camera positioning information
were used for the 3D photogrammetric reconstructions used herein. The
photogrammetry pipeline was implemented in Agisoft Metashape Professional v1.6
(Agisoft, 2021) following the work of de Oliveira et al. (2021). From the SfM workflow,
a 3D model and its respective texture file representing the CWC reef images were

created. The SfM workflow is represented in Figure 5.2.
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Figure 5.2: Generalised workflow of the methodology from the video acquisition to the APP
development.

The video frames used for the photogrammetry were extracted in Blender (version
2.78) at a rate of one frame per second and resolution of 1920 x 1080 pixels (de
Oliveira et al.,, 2021). Extracted frames were imported into Agisoft Metashape
Professional v1.6 together with their respective USBL positioning information. Key and
tie point limits were selected empirically according to the results of each photo
alignment run. Camera alignment was followed by camera optimisation to refine
camera orientation parameters and triangulated tie point coordinates. The 3D model
reconstruction parameters were set to arbitrary, with source data from depth maps
and the interpolation enabled. The resulting dense cloud georeferenced the frame-

relative positioning data (X and Y coordinates, depth, yaw, pitch, roll, and accuracy (°).
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Dense clouds were scaled using HD camera lasers spaced at 10 cm as a reference.
After the dense clouds were optimised, the meshes and texture from the images were
derived. The texture was created using the generic mapping mode with the mosaic
blending mode. The hole filling and the ghosting filter were applied in all model
reconstructions. Finally, the textured 3D models, orthomosaics, and DTMs were
produced. The texture was exported as .jpg format and the 3D models were exported
in .obj format for the subsequent AR part of the study. Habitat characterisation of
each site was performed through a visual assessment of dense cloud and
orthomosaics considering main seabed morphologies, scaled measurements of
sedimentological features (dropstones, pebbles, and so on), identification of the main

framework forming CWC, and associated species.

5.2.3 Three-Dimensional Android APP Development

The AR APP was generated with the Vuforia Engine and Android Studio platforms that
provide support for Android smartphone APP development in Unity (version
2018.4.30f1) (Unity Technologies, 2021). A simplified workflow of the use of each

platform is represented in Figure 5.3.

[ Vuforia Engine HUﬂjt‘}’ 3D 2018.4.30f H Android Studio }

[ APP Android J

Figure 5.3: Workflow of the platforms used in the development of the Android APP.

Unity is a game engine for creating interactive content and has graphic capabilities for
lighting, rendering, and importing 3D models in several formats (Unity Technologies,
2021). When installing Unity, it is important to enable Microsoft Visual Studio, if it is
not yet installed on the desktop, and the supports for the Vuforia Engine (Vuforia,

2015) and Android Studio (Microsoft, n.d.).

The first part of generating the AR project consisted of searching for an image to

encapsulate the 3D object. The image serves as an object that the code can read to
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retrieve the 3D object. The image used in this study was a web-generated HD image
of a QR Code to which the URL link with the project license generated by Vuforia was
embedded. Although the QR Code was used for didactic purposes, any image can be
used. Next, the QR Code was registered on the Vuforia Engine website, where a
project license was obtained for the application of the AR project on Unity 3D.
Subsequently, a database of the device type was created on the same Vuforia Engine

website, where the QR Code was added and downloaded in the Unity Editor format.

The second part of the process consisted of setting up the project in Unity 3D, enabling
Vuforia augmented reality supported and importing the database downloaded from
the Vuforia Engine website. Then, the QR Code and the AR camera, responsible for
reproducing the object in AR, were added. In the Vuforia Engine settings, inside Unity
3D, the license generated together with the database was applied. The 3D object and
texture referring to the CWC reef were added, with positions and resolutions in the

project in relation to the QR Code.

The AR visualisation was tested in Unity 3D by pointing the QR Code image at the
desktop webcam. For the mobile version of the APP, the project was exported into
Unity 3D with an Android Studio integration. Android Studio enables the creation of
an Android Application Pack (APK) file for smartphones with an Android system.
Finally, the APP file with the APK extension is generated and is ready to be downloaded
and installed onto smartphones. Further examples of the use of these platforms for
AR can be found in Cieza and Lujan (2018) and Liu et al. (2018). User perception was
evaluated based on the interaction of the APP when used by an average smartphone

user, with either a scientific or non-scientific background.

5.3 Results

5.3.1 Photogrammetry

In total, four models (named A, B, C, and D) were used for the development of the
study. For the reconstruction of the models from the HD video data, the tie point limit

and key point limits for Model D and B were set to 2000 and 20,0000, respectively.
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For Models A and C, the tie and key point limits were set to 20,000 and 200,000 points,
respectively. The resulting texture resolution was 4096 x 4096 pixels across all models.
The 3D models measure from 3.76 m? to 21.47 m? in area. In total, 2894 images were
used to reconstruct the sites from which the models A, B, C, and D were derived. Table

5.1 contains further details for each model used.

Table 5.1: Metadata of each 3D model used in the study.

3D Number Number Area  Resolution Texture  Total Scale Android
model of Faces of (m?)  (Number of size Number error (m) application
name Vertices faces/Area  (pixels) of Size (MB)
(m?) Frames
A 1,124,301 4,177,311 3.776  297,749.21 4,096 x 613 0.07513 106
4,096
B 462,589 232,453 14,535 31,825.87 4,096 x 1122 0.05767 56.5
4,096
C 6,285,480 3,154,610 21.477 292,660.99 4,096 x 613 0.038187 163
4,096
D 44,000 22,122 10.71 4,108.31 4,096 x 1159 0.07513 49.3
4,097

5.3.1.1 Habitat Characterisation

Model A

Model A is a reconstruction of an area of approximately 3.7 m? at a depth of 967
metres. The site is characterised by coral patches and thickets varying from 0.2 metres
to approximately 1.2 metres high spread across the extent of the model. The patches
are formed by scleractinian coral species Lophelia pertusa and Madrepora oculata in
live and dead forms and, more predominantly, coral rubble. There are occurrences of
sponges Aphrocallistes Beatrix; soft corals and black corals, e.g., Leiopathes sp. and
Stichopathes cf. abyssicola; and sea urchins (Echinus sp.). The seabed is composed of
soft sediments overlayed by dropstones with pebbles, cobbles varying from 1 cm to 8

cm, and biogenic fragments (shells and coral fragments).
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Model B

Model B is a section of a reconstructed area of 14.56 m? at a depth of approximately
970 metres. The study site is characterised by the presence of coral frameworks of
Lophelia pertusa and Madrepora oculata in the form of patches and individual colonies
of live and dead coral frameworks. The presence of coral rubble and coral fragments
is higher relative to the other models. The section used to construct Model B is
particularly dominated by coral rubble and coral fragments, with occurrences of
sponges Aphrocallistes Beatrix and black corals Stichopathes cf. abyssicola. Visual
assessment indicates that the seabed is composed of soft sediments (mud and sand)
with occurrences of sedimentary bedforms (ripples and sediment waves) and rounded
to subrounded dropstones varying from 1 cm to 10 cm, which occur in abundance to

the south of the transect.
Model C

Model C represents an area of 21.47 m? at a depth of approximately 968.7 metres.
Similar to Model A, the area is characterised by coral patches and thickets varying
from 0.2 metres to approximately 1.2 metres high spread across the extent of the
model. The coral species Lophelia pertusa and Madrepora oculata are the most
abundant framework forming species, occurring as patches, thickets, and individual
colonies in both living and dead forms. The presence of sponges Aphrocallistes Beatrix;
soft corals, e.g Leiopathes sp.; black corals, e.g., Stichopathes cf. abyssicola; and sea
urchins (Echinus sp.) was also found. The sediment is composed of soft sediments
(sand and mud) and dropstones varying from 1 cm to 8 cm in size with sub centimetric

shell and coral fragments.
Model D

Model D is a 3D reconstruction of an area of 10.71 m? at a depth of approximately 969
metres. The section is composed of small colonies <30 cm high and individual coral
colonies of Lophelia pertusa and Madrepora oculata with the presence of sponges
Aphrocallistes Beatrix. The occurrence of coral rubble is scarce and limited to the

surroundings of the small mounds, occasionally forming thickets. The seabed is
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composed of soft sediments (mainly sand and mud) with the presence of bidirectional
sediment waves and subangular to subrounded dropstones. The presence of shell and

coral fragments is also scarce in the area.

5.3.2 The Coral APP

The installation of the APP from files in APK format was easily completed on an
Android smartphone with a display of 1280 x 720 pixels and 1 GB of RAM. The
installation of each APK takes approximately 3 min, depending on the internet
connection speed. The resulting APP was tested using smartphones with Android
version 8.1 or superior. The visualisation of the 3D CWC reef models produced by the
Coral APP can be seen in Figure 5.4. By starting the APP and pointing the smartphone
camera at the QR Code on the map seen in the background of Figure 5.4, the 3D model

of the CWC can be interactively visualised.

Figure 5.4: Demonstration of AR APP integration with the mobile phone and QR Code of two
models. The background image shows the map of the study area in relation to Ireland and the
QR Code for interaction: (a) demonstration of APP visualisation of Model D and (b)

demonstration of APP visualisation of Model B.

The methodology presented was tested on the four 3D models of CWC runs using the
SfM technique. The 3D models A, B, C, and D were used for the development of
different APPs to understand the performance of visualisation by reading a QR Code

on the smartphone. Figure 5.5 shows the AR projects of the four 3D models generated
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in Unity 3D. Experiments in the Unity 3D desktop showed that the visualisation of the
models in which the resolution, i.e., relation between the number of faces and the
extent of the 3D models, was higher than 200,000 faces/area (m?) allowed the better
understanding the environment. In these higher resolution models (e.g., model A), the
manipulation of the objects in terms of zoom, rotation, and interaction when viewed
via a desktop was superior in relation to the other models (Figure 5.5). However, they
required a higher computational cost for the generation of the APP for mobile

visualisation, which lead to a drop in the resulting model resolution.

Model A Model B

Model C Model D

Figure 5.5: Three-dimensional models of CWC: Model A with 1,124,301 faces and 4,177,311
vertices at a resolution of 297,749.21 faces/area (m?); Model B with 462,589 faces and
232,453 vertices at a resolution of 31,825.87 faces/area (m?); Model C with 6,285,480 faces
and 3,154,610 vertices at 292,660.99 faces/area (m?); Model D with 44,000 faces and 22,122
vertices at 4108.31 faces/area (m?), with A extracted from C.

The results showed that the size of the APP installation file (APK) in MB increased with
the number of facies of each model (Figure 5.6). During the APP mobile assessment,

it was possible to identify a few difficulties interacting with larger resolution models,
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such as Model C, which had 6,285,480 faces, 3,154,610 vertices, and was 163 MB in
size. User interaction movements such as intra axis rotation and changing zooms were
limited owing to the model resolution (number of faces and vertices) and size. This
can be because of the large size of the APP installation file (163 MB), which is the
largest of the models tested. On the other hand, Model D, which is two orders of
magnitude smaller than Model C, presented a smooth interaction. This is possibly
because of the smaller number of faces and vertices of Model D, as well as the size of
the APP installation file (49.3 MB), which is approximately 69% smaller than that of
Model C. Similarly, Model B, with a similar APP size (56.5 MB), contributed to making
the interaction in AR easier, at the expense of providing fewer CWC details (Figure
5.5). Model A (Figure 5.5), with 1,124,301 faces, 4,177,311 vertices, and 106 MB in
size, which has a higher resolution than Models B and D, presented an easier
interaction with the APP and a higher level of detail of objects. This evidences the

trade-off between the resolution and the APP file size.

For example, Model A is approximately 82.1% smaller considering the number of faces
in relation to Model C, and while the latter has a higher number of faces and vertices,
the former presents a richer interaction at the expense of representing a smaller area.
In Figure 5.6, it is noted that the number of faces influences the size of the APP.
Contrarily, the number of vertices, which reflects the resolution i.e., level of detail of

the model, does not vary with the size of the APP.
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Figure 5.6: Relationship of the number of faces (x-axis) and number of vertices (blue trend
line) in relation to the size of the APP in MB (y-axis).

5.4 Discussion

Overall, APP demonstrations showing Models D and B presented in Figure 5.4
(subfigures (a) and (b), respectively) represented smooth-to-run models owing to
three criteria: (i) the generated APP occupied less space in the smartphone memory,
(i) the QR Code was read quickly, and (iii) it was possible to manipulate and interact
easily with the 3D object, satisfying the proposal of this study. However, the higher
resolution Model A (Figure 5.5 and Figure 5.7) presented a better trade-off among the
three factors. Although Model A represented a small extent, it provided a higher level
of detail at a reasonable APP file size that can allow smoother interactions in standard

smartphones (Figure 5.6).

Three-dimensional reconstructions, when represented in a high resolution and at
multiple scales, allow observations beyond the visual human aspect, such as the
geographical distribution, seabed terrain variability (rugosity and slope measures)
(Leon et al., 2015; Storlazzi et al., 2016), and morphological variations of CWC (Price
et al., 2019). These variations can express environmental indicators that strongly

dictate mound structure such as current dynamics, supply of organic particles, and
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vertical and bottom sediments that influence the growth of coral mounds (Wheeler
et al., 2007). In Figure 5.5 and Figure 5.7 it was possible to observe the contrast of the
texture and roughness of the models and associate it with the seabed elements, such
as shells, sediment morphology, and corals. Although this contrast was less
pronounced in the models in Figure 5.4, where the 3D view as well as textures and
roughness were compromised, the results herein help outline a minimum threshold
for the number of faces and vertices and, consequently, the resolution of the models

to be used.

The developed APP can facilitate the dissemination of knowledge by raising awareness
regarding the importance of understanding and monitoring these environments
towards coral health and conservation, especially considering that CWC has been
affected by climate and anthropogenic threats such as rising temperatures, increased

ocean acidity (Roberts and Cairns, 2014), and bottom trawling (Althaus et al., 2009).

Model A Model D

Figure 5.7: View of Model A (297,749.21 faces/m? resolution) and Model D (4,108.31 faces/m? resolution)
from Unity 3D desktop. Here, it is possible to see the resolution differences between models.

Scleractinian corals are naturally 3D reef-forming frameworks (Lim et al., 2020b;
Mienis et al., 2019). With the combination of AR and 3D photogrammetry, it is possible
to visualise the 3D model of coral reef formations, which is a fundamental aspect in
understanding these habitats (Burns et al., 2015; House et al., 2018; McKinnon et al.,
2011). In the marine sciences field, the 3D perception derived from 3D

photogrammetry and SfM techniques can leverage remote mapping and explorations
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for scientists and decision makers looking to understand and manage these deep-sea
environments. Moreover, the 3D visualisation using AR can be a didactic and low-cost
alternative to show how coral structures can appear in various types of environments.
The use of this technology may help students and researchers in studies related to not
only CWC, but also other deep-water environments such as submarine canyons and
hydrothermal vents. The interaction with the models makes it easy to observe the
environment in which the corals are inserted, showing these marine ecosystems in a
more visual way. Users can interactively rotate the 3D object and zoom while moving
the camera closer or further away from the QR Code, making the learning process
more interesting when compared with visualisation provided by videos or images, for

example.

Mobile AR can increase data accessibility, as users only need their smartphone and
can learn about CWC from anywhere. In a wider scenario, mobile AR creates the
potential for scientific dissemination of these environments and encourages the
protection of underwater ecosystems by arousing curiosity among agencies that can
begin to protect reefs. This is especially true in the case of 3D models built from SfM,
which are usually heavy to visualise and, therefore, end up depending on desktop

environments and specialized software.

The map for the visualisation of the 3D model built from SfM in the context of the
Atlantic Ocean can be seenin Figure 5.8, and the APP is available online for other users

on (https://drive.google.com/drive/folders/1Nf36dtLtCCQKts40Kgha8D9hSCWIuFzU.
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Figure 5.8: Interactive map for the AR app visualisation. After downloading the APP (APK) on
their phone, the user can open app and scan the QR Code (left) on the map.

5.5 Conclusions

The production of a digital representation of CWC topography and constituent
elements allowed the reconstruction of the CWC seascape in a virtual 3D
environment. The use of AR integrated with GIS (georeferenced data) facilitates
exploring large regions at a high resolution, leading to field scale experiences with
varying levels of immersion, and it has been used in a wide range of fields including
geoscience research and education. CWC reefs were selected for mobile AR
visualisation for two main reasons: (i) they are important deep-sea ecosystems that
are often located in secluded and complex terrains and (ii) these habitats have a
fundamental role in sustaining local biodiversity by acting as hotspots for different
species (Roberts and Hirshfield, 2004); therefore, there is an increasing need to map
and monitor them. The results of the AR visualisation by Android smartphones from

the APP exported in the Unity 3D software showed that visualisation was satisfactory
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for resolutions higher than 200,000 faces/ m?. However, there was a trade-off
between resolution and APP size as 3D models with many faces and vertices presented
a better result in terms of the level of detail of object, but had limitations in the size

of the APP.

SfM photogrammetry produces 3D point clouds, orthorectified images, and accurate
digital elevation models (Pizarro et al., 2017), and has been used to quantify the
structural complexity of coral reef habitats (Anelli et al., 2019; Pizarro et al., 2017;
Price et al., 2019). The integration of SfM and AR potentializes the visualisation of
these reefs in new perspectives. Additionally, AR can provide additional support to
ROVs mapping surveys. The interactive AR visualisation of CWC via a smartphone can
increase the accessibility of data visualisation and awareness of CWC’s environmental

importance.

Overall, the results show that it was possible to combine digital technologies such as
ROVs, 3D modelling, and mobile AR as a subsidy for the interactive visualisation of
CWC. Studies suggest that users who explore virtual spaces can form more cognitive
associations (Buchner et al., 2022) with scientific content, and can better learn and
retain information related to the causes and effects of different phenomena, such as
ocean acidification, for example. Thus, AR visualisation can endorse the environmental
importance of underwater ecosystems through educational outreach and ocean
literacy actions that encourage the understanding of complex structures such CWC,
which can ultimately increase the community’s interest in protecting coral reefs
(Kasinathan et al., 2021). Furthermore, the dissemination of information about the
services associated with CWC can stimulate decision-makers to take initiatives to
protect CWC (Armstrong et al., 2014). Future studies should involve a wider user
acceptance testing (UAT) survey (Cimperman, 2006), including AR-related problems
faced by teachers and students (Fernandez-Batanero et al., 2022; Lee, 2012), to test
the efficiency and usability of the APP in different geographical settings (Jung et al.,
2018).
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6. Conclusions

6.1 Concluding remarks
This thesis presents four pathways to the investigation of the role of 3D habitat

mapping in understanding CWC habitats.

To understand the de facto application of SfM to deep-water habitats, the existing
methods available to analyse the data and the implications of multidimensionality, a
study in the Porcupine Bank Canyon was developed. The findings corroborated

answering the following research questions:

What software-based methods for 3D point cloud classification are available?

In Chapter 2, we leveraged image processing tools embedded in commercial and
open-source software to develop two methods to classify CWC in 3D (Multiscale
Geometrical Classification (MGC), Colour and Geometrical Classification (CGC) and
compare them to benchmark object-based image Classification (OBIA) method. Upon
investigating the suitability of several GIS and 3D analysis software such as MeshLab,
eCognition, CloudCompare, Blender, Agisoft Metashape ArcGis, Qgis, three methods
to classify 3D models of CWC habitats were built, tested and their performance was
assessed with a classification of CWC habitats between two classes, “coral”, which
referred to the coral colonies and coral fragments and “seabed”, which referred to
sediments, dropstones without signs of coral coverage. The balanced accuracy and
accuracy scores averaged 67.2%, ranging to up to 74% for the 3D methods, showing
that the MGC method is more appropriate for complex scenes with high
environmental variability (Brodu and Lague, 2012). Nonetheless, these findings
highlighted the paucity of accessible methods to classify fine-scale data and motivated

the study design that resulted in Chapter 3.

What is the cost, in terms of data loss, of using 2D data for 3D objects?

Chapter 2 also showed that with the exception of the CGC method, all methods
required similar amounts of data processing, which was mainly allocated to
segmentation, labelling, and parameter-tuning, e.g., manual segmentation and
labelling in MGC and manual classification in the OBIA method. To test the possible

data loss in handling 2D and 3D data, two manual annotation schemes were used to
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provide a baseline and ground truth for the methods, and percentage class
distributions were compared. We show that there is a higher distribution of coral class
within the 3D dense-cloud annotation in comparison to the OBIA method in 50% of
the models with a difference of up to 4.45% in the percentage of coral (mean of
3.02%). The average distribution ratio of coral and seabed calculated from 3D
methods and the OBIA method was 0.2%, showing that there is potentially an impact
of at least a magnitude order of a tenth of the value in using 2D methods to represent
objects that are naturally 3D structures. Although this difference may not appear
significant, it has the potential to impact studies that rely on biomass measures from
coral structural complexity, and landscape ecology being propagated across fine and
mesoscales (millimetres to hundreds of metres).

What are the main advantages and disadvantages of the 3 different 3D workflows
identified within this study?

The applications of SfM as a non-destructive, cost-effective method to reconstruct
deep-water environments have been discussed throughout the thesis. The 3D models
allowed for the quantification of habitat facies in the Porcupine Bank Canyon which
otherwise would only be possible with the manual delineation of classes. The
reconstructions serve as a temporal archive to complement previous studies and
understand any spatiotemporal changes in the PBC. The techniques used to
reconstruct and georeference the 3D models from video and ROV positioning have

been transferred to reconstruct other areas such as the Moira Mounds.

However, as the modus operandum of machine learning applications, the amount of
data to train classifiers should be carefully evaluated, as well as the particularities of
regions of interest. In this case, the abundance of coral rubble and octocorals needs
to be accounted for as they present similar values within the intensity range and
present irregular boundaries. Furthermore, 3D photogrammetric surveys vyield
centimetric to millimetric resolutions that are computationally heavy and require
significant data resources. The need to explore subsampling techniques to handle the
data efficiently but without losing information is highly crucial. The results also

demonstrated that most off-the-shelf algorithms at the time the study had been
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released needed to the adapted for seabed classification. These findings motivated

the study design of Chapter 3.

In Chapter 3, the aim was to advance from the software-based methods by integrating
the use of supervised machine learning algorithms into a multiclass 3D classification
framework of the Piddington Mound area building upon the identified challenges
outlined in Chapter 2. To this end, six machine learning algorithms were tested,
namely: Support Vector Machines, Random Forests, Gradient Boosting Trees, k-
Nearest Neighbours, Logistic Regression and Multilayer Perceptron trained in two
datasets of different sizes (1,000 samples and 10,000 samples) to understand the
performance behaviour upon changing the quantity of training data. A section of the
Piddington Mound was classified into four classes based on previous facies
distribution studies, in this case, live coral framework (LCF), dead coral framework
(DCF) and coral rubble (CR), apart from sediments and drop stones (SD). The results
of this work answered the following questions:

Can Machine Learning be used for the classification of 3D point clouds of coral reef
environments?

In Chapter 3, a workflow was developed using machine learning and SfM that
transformed 241.7 GB worth of data into an ecologically meaningful and compact
dataset (<5.2 gigabytes) of the Piddington Mound area. Results show that it is possible
to use ML algorithms in 3D point cloud data of CWC reefs and four ML algorithms
yielded fI accuracies of >90%, being able to successfully discern between classes,
especially those with similar features such as coral rubble and dead coral. Reservations
regarding the training data size and execution time were made. The results showed
that although MLP had 26.8% decrease in f1 scores when trained on the smaller
dataset (group 1), the run time was 91.63% faster, thus highlighting and quantifying

the trade-offs of ML algorithms for CWC habitat classification.

The classification developed in Chapter 3 was used for fine-scale analyses of intra-
habitat patterns of the study area, which allowed the environmental study design of

Chapter 4.

Which Machine Learning classifiers produce the highest classification accuracy?
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Given the absence of similar studies in 3D photogrammetry and ML in CWC habitats,
the results herein delineated the suitability of specific algorithms for initial
assessments, providing key information to future studies in CWC habitats. The
classifiers GBT, RF, MLP and kNN trained in group 2 (dataset of 10,000 samples) were
the most accurate classifiers on the first assessment, in that order. The f1 accuracy of
these four classifiers ranged from 95.11% (GBT) to 91.7% (kNN). The percentage
difference among f1 accuracies was low, approximately 3.65% which corroborates the
interchangeability of algorithms, as documented in other studies (Jodzani et al., 2019;

Liu et al., 2017).

Which parameters and variables can provide a better classification outcome?

To account for the wide range of possible parameters and variables that can be used
in machine learning, model selection was performed with grid-search with a five-fold
cross validation in both datasets. This was used to ensure that all possible
combinations of parameter values were evaluated. The grid search results showed
that MLPs were prone to choose hidden layer options with more neurons on them. In
addition, all MLP classifiers selected the solver adam for weight optimisation as the
final parameter on the grid search. In RF, for example, the analyses showed that using
a smaller dataset resulted in models with a lower number of estimators and lower
accuracy which is possibly due to how RF deals with decision trees in the classification.
Another example given was the SVMs. Chapter 3 shows that SVM responded
unanimously to the choice of RBF kernel in all the best-performance SVMs.
Furthermore, the chapter also gathered new information about suitability of
polynomial kernels to dataset sizes, showing constraints when datasets have more
than 10,000 samples.

What is the minimum density of points required to accurately classify a point cloud
model with ML?

To answer this RQ, the original point cloud which was composed of approximately
90,000,000 points, was down sampled using as criteria the feasibility of carrying out
complete workflow in the hardware used (Figure 3.2). This guaranteed that the
workflow could be performed in end-user hardware, with > 64 GB of RAM. To this end,

the point cloud was down sampled from the original value, to 5,000,000, 1,000,000,
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500,000, 50,000, 10,000 and finally 1000. The values of 10,000 to 1000 were chosen
based on the ML performance on the used hardware to yield a performance

comparison.

Results these datasets show that voting ensemble classifiers like kNNs, RF, GBT have
a greater response in f1 accuracy when trained in larger datasets than kernel methods
such as SVM. For example, GBTs and RFs had an increase of approximately 30% in
accuracy when trained on the larger dataset, On the other hand, results suggest that
SVM and LR are more robust to dataset size variations, given the small difference in
f1 scores between variations of the same algorithms like SVM (5.51%) and LR (2.35%).
However, the training times act in favour of smaller datasets for certain algorithms
such as MLPs. Overall, the results in Chapter 3 support the quantification of the impact
of training size on machine learning datasets which have not been previously

guantified.

In Chapter 4, SfM, ML, geomorphometric variables and Euclidean distance size
distribution from the segmented facies were combined into a fine-scale
environmental analysis of a section of the Piddington Mound. This body of work

answered the following questions:
What is the distribution of each facies?

The most common facies of the semantic objects was the sediment and dropstones
facies (SD) (49%), mainly concentrated downslope towards the deeper parts of the
mound, followed by the coral rubble (CR) facies (38.8%), located around the edges of
the mound. Live coral (LC) (8.9%) and dead coral (DC) (3.3%) both occurred at steeper
slopes, around the shallower parts of the mound. However, LC facies also appeared in

downslope, deeper areas.
Is there a pattern in coral distribution and size of corals ?

Density plots showed that the live coral facies presented two high density hotspots,
one around the mid-slope area which is more intense (approx., 3.79 points/ m?)
followed by a second less intense (2.46 expected points/m?) hotspot upslope. Whilst
the dead coral facies presented one dense intensity hotspot (2.17 points/m2) upslope,

at higher depths. Furthermore, larger DC and LC objects distribution were
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concentrated toward the top of the mound, between 955 and 960 metres depth
whilst smaller LC objects were concentrated downslope. The hotspots of LC and DC
towards the higher parts of the mound corroborate to the hypothesis that CWC tend
to settle on elevated structures where access to food supply is facilitated by faster
flowing waters. On the other hand, the distribution of smaller corals in the downslope
areas may have two explanations: i) it reflects mound growth or expansion were corals
latch on to the existing hard substrate or ii) slower growth rates due to suboptimal

conditions at the mound base.
Do corals have a preference in habitat?

The relationships between geomorphometric variables and facies spatial distribution
were quantified to understand more about possible habitat preferences. Smoothing
Estimate of Covariate Transformation (Rhohat) results showed that LC are more likely
to be found at depths between -968 and -964 and -962 to -956 metres than would be
expected if the intensity was constant. DC facies estimates were more conservative,
showing that dead corals are more likely to be found mainly at depths between -962
to -956 metres than would be expected if the depth intensity was constant. There was
also a strong relationship between both facies and steep slopes and westwards
oriented slopes. The results also highlight the circular relationship among coral facies
and the terrain, as at fine scales, the terrain ruggedness and VRM may be a response

to the influence of the coral facies themselves.
Are coral facies clustered or dispersed?

Chapter 4 results show that dead coral facies have a clustering pattern that becomes
more evident from point distances greater than 0.2 metres, whereas live coral facies
tend to appear more clustered in distances greater than 0.3 metres. Getis-Ord Gi
Hotspot analyses also show that the intensity of clustering is stronger towards the
higher parts of the mound. The findings of this study contribute to highlighting the
high degree of variability resulting from morphological and biological traits of CWC
mounds across not only regional but also local scales as coral facies have different
terrain descriptors. Furthermore, it shows how environmental interpretations can be

drawn from 3D fine-scale data.
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Finally, Chapter 5 provided a further insight to the contribution of 3D data to

accessible visualisation and outreach whilst answering the following questions:

Can SfM and augmented reality (AR) be applied in outreach activities to promote

access to deep-water environments?

CWC habitats are generally located in pristine environments and unlike their tropical
counterparts, it was noted that there is a necessity to raise awareness to their
existence and importance. By coupling SfM, AR and game development engines, we
created a visualisation platform for CWC habitats, the Coral APP, which allows anyone
with a smartphone and internet connection to interact with 3D reconstructions of
these habitats. With the Coral APP, the user can point the phone to a provided QR
code and see 3D models of CWC habitats.

What technologies are currently available to aid visualisation of these habitats?

Apart from the Coral APP, Chapter 5 also delivered an overview of the current
technologies and initiatives available for geoscience applications such as
VRGeosciences and general AR applications such as Labster, ClassVR and SketchFab.
In marine sciences, the overview highlighted EU funded projects for underwater
cultural heritage such as the IMareCulture project, funded by Horizon2020. However,
the literature review also highlighted the need for information about the

requirements to develop visualisation applications of 3D underwater reconstructions.

What are the specificities of 3D data necessary to develop successful mobile

applications?

For the development of the APP, we used georeferenced 3D meshes of one location
around the Piddington Mound. We evaluated the performance of the applications
based on three criteria: (i) how much memory the APP occupies in the smartphone (ii)
how fast the QR Code was read (iii) possibility to manipulate and interact easily with
the 3D object. The results showed that the size of the APP installation file (APK) in MB
increased with the number of facies of each model. Furthermore, the APP visualisation
in Android smartphones from exported in the Unity 3D software showed that
visualisation was satisfactory for resolutions higher than 200,000 faces/m?. However,

there was a trade-off between resolution and APP size as 3D models with many faces
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and vertices presented a better result in terms of the level of detail of object, but had

limitations in the size of the APP.
Contributions
Considering the findings outline above, the main contributions of this thesis are:

I. It shows how machine learning algorithms can learn patterns that connect 3D
high-resolution models to geological and ecological data (fulfilling Aims 1, Il and
1)

II.  How researchers can leverage 3D photogrammetry and augmented reality to
increase the accessibility to deep-water environments (fulfilling Aims IV and V)

[ll.  How current technologies can be explored and adapted to map CWC habitats
(fulfilling Aims LI, IV and V)

IV.  Itinvestigates the advantages and limitations of pursuing 3D mapping (fulfilling
Aim | and V)

V.  The photogrammetric methods presented herein for creating and analysing
3D datasets of CWC habitat scenes have wide implications for habitat
monitoring and ecological research. The 3D models produced are a non-
destructive unique aid for recording reef structure that allows for analyses and
comparisons over time and the integration with multi-scale metrics. (fulfilling

Aim V)
Limitations

The research findings and conclusions herein are outlined in the context of
contemporary and inherent limitations. These have been discussed throughout the

chapters and key aspects are reiterated here.

Even though technology is advancing, there are still processing obstacles intrinsic to
handling multi-dimensional, high-resolution data. The limitations of end-user
hardware and software have shaped the development of methods to process 3D
datasets, which require the integration of appropriate techniques to reduce the

computational cost of these applications.

It is acknowledged that density estimates of megafauna derived from visual

observations depend on underlying factors related to survey design such as the focal
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length, bottom distance and observer bias (Christiansen, 1993). The video acquisition
method plays a crucial role in the quality of the reconstruction. Thus, there is a
limitation of SfM to model structural elements with occluded features as often
cameras cannot deal with object occlusion and canopy structures (Friedman, 2013;
Young, 2017). As such, the quality of terrain reconstructions varies heavily depending
on the angle of the camera mounted to the ROV. As of yet, there is no current
agreement on best practices, especially regarding the use of downward-facing or
oblique-facing cameras as this depends on the topography of the terrain and the
object of interest that is being investigated. As StM is a relatively new technique, most

of the video archives are not particularly suitable for reconstruction.

It is also important to highlight the relatively small extent of the research areas, which
corroborates with the importance of integrating multiscale datasets into a holistic
approach to mapping CWC. Although orthomosaics pose an advance to batch-image
and video analyses, there is a limitation of the SfM method to reconstruct larger areas
(hundreds of m? to km?) both because of the computing power required and survey
design limitations. SfM presents challenges for acquiring data over greater distances
given underwater light attenuation and ROV motion constraints (Menna et al., 2018).
Furthermore, the lack of granularity of 3D models poses limitations in identifying

organisms at the species level (Pierce et al., 2021)

Generating data for machine-learning models is also a crucial task which heavily
depends on human-resources and domain expertise. One of the main limitations of
deploying machine learning models is the lack of training data, especially for deep-
water habitats, which also comes with the sampling bias due to the open
interpretation of the environment. With the computational costs and the relative
novelty of 3D methods, researchers face understory complexity of exploring an

unknown field which requires domain knowledge and capacity building.

However, researchers are now aware of these limitations and there is ongoing work
to overcome these challenges. In fact, one of the most exciting aspects about this
research is the perception of being on the edge of the challenge, as part of the building
blocks of new concepts and subsequently paving way to new methods that will benefit

future research.
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6.2 Future Directions

This thesis highlights the synergy between seabed habitat mapping, computer vision
and machine learning. As such, it proposes five new directions for future research of
CWC habitats from 3D photogrammetry, and venues of study that are particularly
relevant to advancing from the findings of this thesis. First, there is a need for
establishing survey design protocols for 3D data acquisition of deep-water
environments. Secondly, integrating new benchmark datasets of CWC reefs around
the world is crucial for the improvement of automated supervised classification and
the advance to robust deep learning models . Similarly, given the well-known
constraints of generating training data, the development of unsupervised machine
learning approaches to lighten the need for manual annotation input of classifiers is
an important step toward advances. For example, methods such region-growing and
super pixel algorithms such as Simple Linear Iterative Clustering (SLIC) have been
explored within the scopes of this thesis (see Appendix Ill) and would hugely benefit
future research if further developed. Thirdly, it is also crucial to raise awareness to the
importance of fine-scale analyses in habitat investigations and marine spatial
planning. The findings gathered herein emphasise the role of fine-scale heterogeneity
in CWC ecosystem services. Lastly, generating, curating and analysing high-resolution
data is a task that requires interdisciplinarity, thus, promoting capacity building to
integrate different knowledge domains, such as computer vision and data sciences will

increase the potential of research in marine sciences.
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Appendix |

Additional Data Acquired And Processed

Table 0.1 Total of video frames per ROV transect used in the 3D reconstructions of

the study area analysed in Chapter 3,4 and 5

Transect First_Image Last_Image Total Section Steps_F
PS
SM_D12_137 1 SM_D12_L37_142442 SM_D12_137_148130 238 on- 24 1
mound
SM_D12_138_1 SM_D12_L38_131525  SM_D12_L38_137117 234 on- 24 1
mound
SM_D12_139 1 SM_D12_L39 0183 SM_D12_139 6951 285 on- 24 1
mound
SM_D12_L40_1 SM_D12_L40 12154 SM_D12_L40 17218 212 on- 24 1
mound
SM_D12_141_1 SM_D12_41_22106 SM_D12_41_27338 219 on- 24 1
mound
SM_D12_L42_1 SM_D12_42_ 31440 SM_D12_42_ 37416 250 on- 24 1
mound
SM_D12_L43 1 SM_D12_L43 39816 SM_D12_L43_ 44760 207 on- 24 1
mound
SM_D12_L44 1 SM_D12_44_47342 SM_D12_44_52718 225 on- 24 1
mound
SM_D12_L45 1 SM_D12_L45_ 55840 SM_D12_L45 61240 226 on- 24 1
mound
SM_D12_L46_1 SM_D12_46_63618 SM_D12_46_67722 172 on- 24 1
mound
SM_D12_147_1 SM_D12_47_70845 SM_D12_47_73893 128 on- 24 1
mound
SM_D12_148 1 SM_D12_L48_76586 SM_D12_L48_82010 227 on- 24 1
mound
SM_D12_148.1_ 1 SM_D12_L48.1 85241  SM_D12_L48.1_90713 230 on- 24 1
mound
SM_D12_L48.1. T SM_D12 L48.1 TO 49 SM_D12_l48.1 TO 49 107 on-
0_49 90740 93284 mound
SM_D12_L49_1 SM_D12_49 93284 SM_D12_49 99596 264 on- 24 1
mound
SM_D12_L49 TO_ SM_D12_L49 TO 49.1 SM_D12_l49 TO 49.1_ 223 off-
L49.1 99606 104502 mound
SM_D12_149.1 1 SM_D12_49.1 104513  SM_D12_49.1 108065 149 off- 24 1
mound
SM_D12_L49.1_L5 SM_D12_49.1 50 1080 SM_D12_49.1 50 1127 194 off-
01 84 40 mound
SM_D12_L50_1 SM_D12_L50 112760  SM_D12_L50_117008 178 off- 24 1
mound
SM_D12_L51_1 SM_D12_51 121686 SM_D12_51 127134 228 off- 24 1
mound
SM_D12_152_1 SM_D12_L52_ 132131 SM_D12_L52_136979 203 off- 24 1
mound
SM_D12_L53 1 SM_D12_L53_142576 SM_D12_L53_ 148024 237 off- 24 1
mound
SM_D12_L54_1 SM_D12_54_154736 SM_D12_54_160112 225 off- 24 1
mound
SM_D12_155.1.1 SM_D12 55.1 167900  SM_D12_55.1 172172 179 off- 24 1
mound
SM_D12_L56_1 SM_D12_L56_0301 SM_D12_L56_5197 205 off- 24 1
mound
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SM_D12_157_1 SM_D12_57_7746 SM_D12_57_12450 197 off- 24 1
mound

SM_D12_158 1 SM_D12_L58 15330 SM_D12_L58 19074 157 off- 24 1
mound

SM_D12_159_1 SM_D12_59 21778 SM_D12_59 27274 230 off- 24 1
mound

SM_D12_160_1 SM_D12_L60_29371 SM_D12_L60_33787 185 off- 24 1
mound

SM_D12_161_1 SM_D12_61 37189 SM_D12_61_40213 127 off- 24 1
mound

SM_D12_162_1 SM_D12_62_46978 SM_D12_62_51826 203 off- 24 1
mound

SM_D12_163_1 SM_D12_63_ 56476 SM_D12_63_61012 190 off- 24 1
mound

SM_D12_164 1 SM_D12_64 66993 SM_D12_64 72849 245 off- 24 1
mound

SM_D12_165_1 SM_D12_L65_76351 SM_D12_L65_81607 220 off- 24 1
mound

SM_D12_166_1 SM_D12_66_83369 SM_D12_66_86513 132 off- 24 1
mound

SM_D12_167_1 SM_D12_L67_89304 SM_D12_L67_95400 255 off- 24 1
mound

Total: 7386

Average: 205.1666

667

Total on-mound: 3224

Average of images 214.9333

per transect on- 333

mound

Total off-mound 4162
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Table 0.2: Comparison among frame extraction tools to analyse the impact of frame extraction on the photogrammetry reconstruction

workflow.
FFMPEG Blender Open CV
File size of each frame 11.1 MB 15.8MB 3.08 MB
Bit Depth 48 64 24
General
Cameras 100 100 100
Aligned cameras 100 100 100
Coordinate system Local Coordinates (m) Local Coordinates (m) Local Coordinates (m)
Rotation angles Yaw, Pitch, Roll Yaw, Pitch, Roll Yaw, Pitch, Roll
Point Cloud
Points 3,723 of 6,503 3,739 of 6,834 3,851 of 6,497
RMS reprojection error 0.147982 (0.417229 pix) 0.142521 (0.40022 pix) 0.14904 (0.433484 pix)
Max reprojection error 0.505093 (4.53993 pix) 0.473255 (5.24274 pix) 0.756495 (6.53604 pix)
Mean key point size 2.67028 pix 2.61581 pix 2.7046 pix
Point colors 3 bands, uint16 3 bands, uint16 3 bands, uint8
Key points No No No
Average tie point multiplicity 39.0737 39.0755 38.9406
Alignment parameters
Accuracy High High High
Generic preselection Yes Yes Yes
Reference preselection No No No
Key point limit 20,000 20,000 20,000
Tie point limit 2,000 2,000 2,000
Guided image matching No No No
Adaptive camera model fitting Yes Yes Yes
Matching time 21 seconds 23 seconds 17 seconds
Matching memory usage 148.56 MB 159.31 MB 97.72 MB

Alignment time

2 minutes 14 seconds

2 minutes 19 seconds

2 minutes 24 seconds
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Alignment memory usage
Optimization parameters
Parameters
Adaptive camera model fitting
Optimization time
Software version
File size
Depth Maps
Count
Depth maps generation parameters
Quality
Filtering mode
Processing time
Memory usage
Software version
File size
Dense Point Cloud
Points
Point colors
Depth maps generation parameters
Quality
Filtering mode
Processing time
Memory usage
Dense cloud generation parameters
Max neighbors
Processing time
Memory usage
Software version
File size

38.26 MB

f, cx, cy, k1-k3, p1, p2
Yes
3 seconds
1.6.5.11249
5.94 MB

100

High
Aggressive
13 minutes 55 seconds
1.20 GB
1.6.5.11249
72.66 MB

1,100,622
3 bands, uint16

High
Aggressive
13 minutes 55 seconds
1.20 GB

50
3 minutes 42 seconds
1.80 GB
1.6.5.11249
19.12 MB

20.02 MB

f, cx, cy, k1-k3, p1, p2
Yes
3 seconds
1.6.5.11249
6.24 MB

100

High
Aggressive
13 minutes 13 seconds
1.23 GB
1.6.5.11249
72.52 MB

1,156,442
3 bands, uint16

High
Aggressive
13 minutes 13 seconds
1.23 GB

50
3 minutes 42 seconds
1.80 GB
1.6.5.11249
20.13 MB

16.35 MB

f, cx, cy, k1-k3, p1, p2
Yes
4 seconds
1.6.5.11249
5.90 MB

100

High
Aggressive
12 minutes 16 seconds
982.64 MB
1.6.5.11249
75.97 MB

1,069,737
3 bands, uint8

High
Aggressive
12 minutes 16 seconds
982.64 MB

50
3 minutes 48 seconds
1.63 GB
1.6.5.11249
14.32 MB
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Model
Faces
Vertices
Vertex colors
Depth maps generation parameters
Quality
Filtering mode
Processing time
Memory usage
Reconstruction parameters
Surface type
Source data
Interpolation
Strict volumetric masks
Processing time
Memory usage
Software version
File size

96,150
48,144
3 bands, uint8

High
Aggressive

13 minutes 55 seconds
1.20 GB

Arbitrary
Depth maps
Enabled
No
31 seconds
904.82 MB
1.6.5.11249
2.20 MB

115,116
57,628
3 bands, uint8

High
Aggressive

13 minutes 13 seconds
1.23 GB

Arbitrary
Depth maps
Enabled
No
33 seconds
646.64 MB
1.6.5.11249
2.64 MB

95,287
47,704
3 bands, uint8

High
Aggressive

12 minutes 16 seconds
982.64 MB

Arbitrary
Depth maps
Enabled
No
31 seconds
965.64 MB
1.6.5.11249
2.18 MB
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Chapter 2

Percentage distribution of coral and seabed - PBC
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Figure 0.1 Class distribution of each 3D model reconstructed from the Porcupine Bank Canyon
(PBC)
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Figure 0.2 Accuracy comparison between the Multiscale Geometric Classification method
(MGC) and the Colour Geometrical Classification (CGC) method

265



Table 0.3 Summary of comparisons among the MGC, CGC and OBIA methods

Advantages

Disadvantages

Remarks

Addressed coral colonies and coral patches
more precisely

Able to identify seabed coverage in all 3D
reconstructions

It can be reapplied to classify similar coral
reef environments

Susceptible to object occlusion and canopy
effects created by objects

Occasionally tended to under classify coral

Amount of training data required to train
the classifier

As for most of the classification methods,
training data size and availability should
be evaluated prior to choosing the
methodology as it directly impacts the
performance of the classifier

Minimal user input required

Pre-training is not necessary

Suitable for fast identification of seabed
distribution

Susceptible to object occlusion and canopy
effects created by objects.

Tended to overclassify corals

Sensitive to terrain surface variations

Low RGB variability, resulted in slightly different
classification outputs with the CGC method not
being able to recognise seabed as compared to
the method MGC

In previous studies, the algorithm performed
well for the detection of buildings and
roads, but it misclassified vegetation and
ground, especially in datasets containing hills
and non-flat surfaces (Becker et al., 2018)
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Automatic segmentation process

Successfully distinguished coral rubble from
sediment

Our observations agree with previous studies:
orthomosaics can be useful for high-resolution
habitat mapping of large areas (Lim et al., 2017;
Conti et al., 2019).

Although orthomosaics and DEMs provide height
information that is useful for larger scale models,
they can be limiting for high-resolution analyses.

3D metrics derived from vector dispersion and
triangulation in dense clouds can provide more
detailed information for characterising individual
coral colonies and benthic species (Fukunaga and
Burns, 2020)



Data collection

Photogrammetry

Georeferenced
point cloud

Chapter 3

Dataset Annotation

Labelled point cloud

Subsampling

Point cloud of Subsample Point cloud of

10k points
(dataset 2)

split, scaling, Train dataset 2 Test dataset 2

1k points
(dataset 1)

Train dataset 1

Train ML models (Gridsearch)

Group 1 classifiers

Group 2 classifiers

Accuracy assessment 1

Accuracy assessment 2

Figure 0.3 Workflow of the study design developed for Chapter 3
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Figure 0.4 Examples of the four facies categorised in the study
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Chapter 4
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Figure 0.5: Getis Ord Gi hotspot results for the Dead coral facies (left) and Live coral facies (right)
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Figure 0.6 Ripley's K function plots for Live coral facies (left) and Dead coral facies (right). The shaded grey area represents the 95% confidence bands.
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Figure 0.8 Berman's Z2 tests for the density in function of covariate tests of Live Coral facies (Rhohat function)
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Figure 0.9 Figure 0.7 Berman's Z2 tests for the density in function of covariate tests of Dead Coral facies (Rhohat function)
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Chapter 5

INTERESTED IN DEEP-SEA
ENVIRONMENTS?

CHECK OUT OUR &30) MODEL FROM YOUR%
PHONE!

Download our
APP here:

Fill out our survey

Then scan this QR and let us know
code and check
out our 3D model!

Figure 0.10: Coral APP flyer used in outreach events in 2022
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Appendix Il

List of published peer-reviewed papers during the PhD

de Oliveira, L. M. C, Lim, A., Conti, L. A., & Wheeler, A. J. (2022). High-resolution
3D mapping of cold-water coral reefs using machine learning. Frontiers in

Environmental Science, 10. https://doi.org/10.3389/fenvs.2022.1044706

de Oliveira, L.M.C.; Oliveira, P.A.de. Oliveira; Lim, A.; Wheeler, A.J.; Conti, L.A.
Developing Mobile Applications with Augmented Reality and 3D
Photogrammetry for Visualisation of Cold-Water Coral Reefs and Deep-Water
Habitats. Geosciences 2022, 12, 356.
https://doi.org/10.3390/geosciences12100356

de Oliveira, LM.C,, Lim, A,, Conti, L.A. & Wheeler, A.J. (2021). 3D classification of
cold-water coral reefs: A comparison of classification techniques for 3D
reconstructions of cold-water coral reefs and seabed. Frontiers in Marine
Science. doi: 10.3389/fmars.2021.640713 (awarded with Delap Student Prize —
Bronze Award for best peer-reviewed academic paper)

de Oliveira, L.M.C., Stefano, P.H.P., Vedana, L.A. et al. (2020) A hydrogeological
impact survey on the largest onshore oil field in Brazil: physicochemical and total
petroleum hydrocarbon (TPH) analyses in the south of Japaratuba River Basin,
Sergipe. Environ Earth Sci 79, 383 (2020). doi: https://doi.org/10.1007/s12665-
020-09121-0 (from Bachelor Thesis)

Appah, J. K. M., Lynch, S. A, Lim, A., O’ Riordan, R., O’Reilly, L., de Oliveira, L., &
Wheeler, A. J. (2022). A health survey of the reef forming scleractinian cold-water
corals Lophelia pertusa and Madrepora oculata in a remote submarine canyon
on the European continental margin, NE Atlantic. Journal of Invertebrate
Pathology, 192(June), 107782. https://doi.org/10.1016/j.jip.2022.107782
Article contribution “Automatic Seabed Image Classification: Where Are We

Going With 1t?” Deep-Sea Life Issue 15, pg 23: Online Deep-Sea Life Issue 15
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Appendix Il

Projects supervised during the PhD

Master’s thesis in Bioinformatics “Semantic coral reef mapping through image
annotation and analysis: An example from cold-water corals in the Northeast
Atlantic” — Supervisee: David Mark Dalton

ABSTRACT
Cold-water coral reefs hold an important ecological role in benthic ecosystems by
harbouring aquatic species and are an important part of nutrient cycling in marine
environments. Cold-water coral reefs themselves have become under threat from
anthropogenic actions such as Climate Change. An effective way of monitoring coral
reef health is the assessment of the biological composition of these environments
over time. This way researchers can spot changes in the abundance of coral species
which can indicate a healthy ecosystem or a reef that is in danger of dying. Over recent
years there has been advancements in underwater image acquisition and in high
resolution mapping of benthic environments. The use of machine learning has
emerged as an exciting tool that can be used to extract information from images and
marine biologists are now using deep-learning models such as Convolutional Neural

Networks (CNN) to create datasets of marine images.

To use these machine learning methods, ground truth annotations of the underwater
images must be created to train the models into ‘learning’ the features of the dataset,
which can then be used to assess the biological composition. The creation of ground
truth annotations is a task that takes a lot of time and expert knowledge and this is
where the scientific bottleneck is, the speed at which underwater images are being
collected cannot be matched by the manual annotation of these images to train

machine learning models.

With the use of patch-based image classification and CNN’s this task can be automated
and provide as many sparse labels per image as required. Once these sparse labels are

created, researchers will be able to use these models and labels to study the area or
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similar locations without having to create their own manual annotations, reducing the
research time significantly. This study has researched the best manual annotation
tools for benthic analysis and used this to start an annotated dataset of coral reefs in
Ireland of the Piddington Mound, NE Porcupine Seabight. With these annotations and
the use of a CNN, enough sparse annotations have been created for the dataset. An
algorithm Fast-MSS has been employed on these images to create dense labels from
the sparse annotations of these images. These dense labels will be used to create a 3-

D reconstructed surface model of the Piddington Mound in the future.

The contributions of this thesis will help move coral reef analysis forward by providing
the first set of sparse and dense labels for a reef offshore Ireland. This will make
research more time efficient and easier to observe changes in the community

composition of benthic environments in the future.

Sediment and drop stones
Rubble coral

Dead coral

Live coral

Figure 0.1: Results of the MSc project (1) an image from the Piddington Mound dataset, (2)
the ground-truth dense labels manually created of this image (3) the dense labels created for
this image using the Fast-MSS algorithm (4) An image overlay of the ground truth image and
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the actual image, and () An image overlay of the Fast-MSS image and the actual image (Credits:
David Dalton, MSc student)

PhD candidate contributions: Larissa Oliveira was responsible for developing the
project, supervising the project, advising the student, managing the project, securing

infrastructure, data curation, thesis proof-reading.
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Appendix IV

Grants and awards obtained during the PhD

ESAI Postgraduate Researcher of the Year 2022 — winner of the Environmental

Sciences Association of Ireland national award for postgraduate researchers

Delap Student Prize — Bronze Award for best peer-reviewed academic paper for

the first PhD paper
Helmholtz Visiting Researcher Grant — funded by Helmholtz Information & Data
Science Academy for a 3-month Research Internship at GEOMAR, Kiel (in Summer,

2023)

4t Marine Imaging Workshop Travel Grant (€500)— funded by ISblue and Schmidt

Ocean Institute

GeoHab Ron Mcdowell Student Support Award 2022 (€700)

College of Science, Engineering & Food Science (SEFS) Travel Bursary Award 2022
(€500)

Marine Institute Networking & Marine Research Communication Awards 2022

(€700)

Commended for best poster presentation at 64™ Irish Geological Research

Meeting (IGRM) 2021, Online, March, 2021;

Government of Ireland Postgraduate Scholarship 2020 (€54,124.86) - for PhD in
University College Cork - ASMaT Project - from October 2020 to October 2022;
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- Commended for best poster presentation at 63" Irish Geological Research

Meeting (IGRM) 2020, Athlone, March, 2020;

- Science Foundation of Ireland Scholarship - for Master’s by Research in University

College Cork - MMMonKey_Pro Project - from March 2019 to March 2021;

- Travel Grant Eurofleets+ Blue Skills Lab (€300) - AUV Workshop & Training 2019
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Appendix V

Academic roles and extracurricular activities

Role title: Marine Geosciences Demonstrator

Location: Atlantic Technological University - Strategic Marine Alliance for Research
and Training (SMART)

Job description: Responsible for teaching different offshore data collection and
sampling methods (multibeam and sub bottom profiler data acquisition and sediment
grab acquisition) on board of research vessels, introduce concepts of marine survey
planning at local and large scales, demonstrate use of marine software for data
acquisition and processing

Role Title: Postgraduate representative of the School of BEES Equality, Diversity,
Inclusion and Wellbeing (EDIW) committee

Location: School of Biological, Earth and Environmental Sciences, UCC, Ireland
Date: January 2019 to present

Job description: As a representative and member of the working group for the Athena
Swan Silver Award 2021, | idealised and co-organised the first BEES EDIW event
“Diversity in BEES career paths and UCC initiatives on EDIW” focused on
undergraduate and postgraduate students. The event was designed to highlight UCC
EDIW initiatives and the diversity of careers and possible academic paths within BEES
staff, students and alumni.

Role Title: IGE02022 Organising committee member - Social Media and Registration
Officer
Irish Geosciences Early Career Symposium (iGE02022)

Date: June 2021 to June 2022

Job description: | was part of the organising committee of the Irish Geosciences Early
Career Symposium (iGEO2022) acting as Social Media and Registration Officer. | was
responsible for content creation, Social Media management and registration
administrative duties. | collaborated with funding acquisition through grant writing
and prospecting sponsorships. The job provided me with teamwork and
communication skills, as well as experience with financial and administrative activities
such as research account management and dealing with HEI suppliers.
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Role Title: UCC Campus Connect Student Ambassador
Location: University College Cork
Date: January 2019 to 2021

Job description: The UCC Campus Connect project was developed to create a mobile
platform to welcome and support new students coming to UCC during the COVID-19
pandemic. As a UCC Campus Connect Ambassador, | was responsible for providing
virtual support to incoming national and international undergraduates, addressing
guestions regarding academic modules, and administrative matters through the UCC
Campus Connect app.

Role Title: Module tutor for courses in Geology and Environmental Sciences

- GL1001 - Introduction to Geology
- GL1004 — Geological Evolution of Ireland
- AD1084 — Introduction to Earth Sciences

Location: University College Cork
Job description: | was responsible for creating activities and curate content for
students, demonstrate practical activities, correct and assist with module

assignments, address module questions during and after lectures, field work
assistance
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Appendix VI

Conference presentations

1. de Oliveira, L.M.C., Lim, A., Conti, L.A. & Wheeler, A.J. (2022). “Classification
of cold-water coral (CWC) reefs in high resolution on: using 3D
photogrammetry and machine learning for CWC habitat classification of the
Piddington Mound, southwest of Ireland” — Oral presentation at 4™ Marine
Imaging Workshop, Brest, France, 2022

2. de Oliveira, LM.C., Lim, A., Conti, LA. & Wheeler, AJ. (2022). “3D
Photogrammetric Classification Of Cold-water Coral Reefs with Machine
Learning — Preliminary Results from Piddington Mound, Ne Atlantic” - Oral
presentation at International Conference on Seafloor Forms, Processes and
Evolution 2022, Valletta, Malta

3. de Oliveira, LM.C. “3D Classification of Cold-Water Coral Reefs: using
photogrammetry and machine learning for the classification of CWC habitats
in the North Atlantic — The journey” - Oral presentation BEES Research Day
for Delap Prize

4. de Oliveira, L.LM.C., Lim, A, Conti, LA. & Wheeler, AJ. (2022). “3D
Photogrammetric Classification Of Cold-Water Coral Reefs With Machine
Learning — Preliminary Results From Piddington Mound, Ne Atlantic” - Oral
presentation at GEOHAB 2022, Venice, Italy

5. de Oliveira, L.M.C., Lim, A, Conti, LA. & Wheeler, AJ. (2021). “3D
Classification of Cold-Water Coral Reefs: A Comparison of Classification
Techniques for 3D Reconstructions of Cold-Water Coral Reefs and Seabed” -
Oral Presentation at iAtlantic General Assembly, 2021, online

6. de Oliveira, LM.C., Lim, A., Conti, LA. & Wheeler, AJ. (2021). “3D
Classification of Cold-Water Coral Reefs: A Comparison of Classification
Techniques for 3D Reconstructions of Cold-Water Coral Reefs and Seabed”-

Oral Presentation at INCISE, 2021, online
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7.

10.

11.

de Oliveira, L.M.C. “UCC Brazilian PhD & Postdoc Showcase” - showcasing the
ASMaT PhD project results — Oral presentation at FAUBAI2021, online

de Oliveira, LM.C., Lim, A., Conti, LA. & Wheeler, AJ. (2021). “3D
classification of cold-water coral reefs: A comparison of classification
techniques for 3D reconstructions of cold-water coral reefs and seabed” —
Oral Presentation at GEOHAB 2021, online

de Oliveira, L.M.C., Lim, A., Conti, L A. & Wheeler, AJ. (2021). “Use of 3D
photogrammetry for advancing seabed mapping techniques for deep-water
habitat classification in Submarine Canyons” — Poster presentation 64th Irish
Geological Research Meeting (IGRM 2021) — Honorable mention for Best
Postgraduate poster, online

de Oliveira, LM.C., Lim, A., Conti, LA. & Wheeler, AJ. (2021). “Use of 3D
data in Advancing seabed mapping techniques for cold-water coral habitat
classification in submarine canyons” — Poster presentation at 63rd Irish
Geological Research Meeting (IGRM 2020)- Honorable mention for Best
Postgraduate poster, Athlone, Ireland

de Oliveira, L.M.C., “Life as a Marine Geoscientist” - Oral presentation at
“Pathfinders” event by Irish Association for Women in Geosciences, Cork

Ireland
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Appendix VII

Research cruises undertaken as part of, and during the PhD

Total of research expeditions during PhD: 8

2021 (Total of cruises: 4)

CV21026 - SMART NUIG Multidisciplinary Offshore Operations in Marine Science 2021
(Marine Geosciences Instructor)

CV21030 - SMART BSc UCC Multidisciplinary Offshore Operations in Marine Science
2021 (Marine Geosciences Instructor)

CV21031 - SMART UCC Postgraduate Offshore Environmental Geology 2021 (Marine
Geosciences Instructor)

CE21016 — Benthic Lander Recovery/Redeployment (Night shift leader)

2020 (Total of cruises: 1)

CE20011 — Systematic Monitoring Survey of the Moira Mound Chain (SyMonS_MoM)
(Day shift scientist)

2019 (Total of cruises: 3)

DY108-109 — CLASS — Climate-linked Atlantic System Science - RRS Discovery cruise to
the Darwin Mounds, Rockall Bank and Rockall Trough (Scientist representative for
Ireland)

CE19014 — Monitoring Changes in Submarine Canyon Coral Habitats Il (Night shift
scientist)

CE19008 — Monitoring Changes in Submarine Canyon Coral Habitats | (Night shift
scientist)
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Appendix VI

Courses completed during the PhD

Total of courses during PhD: 17

2022 (Total of courses: 3)
Date: 30t October to 5™ of November 2022

Title of training course: EUROFLEETS+ Blue Skils: Autonomous Underwater Vehicle
(AUV) training/ Workshop

UCC module code (if relevant): N/A

Location: Gothenburg University, Sweden

Date: October 2022
Title of training course: Proficiency in Security Awareness (PSA)
UCC module code (if relevant): N/A

Location: Remote, Securewest Training

Date: 29" of June, 2022
Title of training course: Deep Learning Pytorch: Image segmentation project
UCC module code (if relevant): N/A

Location: Remote, Coursera

2021 (Total of courses: 3)

Date: 2" to the 9% of July, 2021
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Title of training course: Vision Understanding and Machine intelligence (VISUM)

Summer School
UCC module code (if relevant): N/A

Location: Remote, Institute for Systems and Computer Engineering, Technology and

Science (INESC TEC), Portugal

Date: Academic year 2020/21 — Semester 1 and 2

Title of training course: Statistics and Data Analysis for Postgraduate research students

(10 credits)
UCC module code (if relevant): ST6013

Location: University College Cork, Cork, Ireland

Date: Academic year 2020/21 — Semester 1 and 2
Title of training course: Skills in Public engagement of Science (5 credits)
UCC module code (if relevant): PG6029

Location: University College Cork, Cork, Ireland

2020 (Total of courses: 6)
Date: 17" to 25% of August 2020
Title of training course: Oxford Machine Learning Summer School 2020

Location: Remote - University of Oxford (transferred to online due COVID-19)

Date: 24™ of June 2020
Title of training course: “How to approach a review” — Professor Peir Pufhal

Location: Remote, Seds Online
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Date: 19 to 25™ of February 2020

Title of training course: Eurofleets + Floating University RV Celtic Voyager — “Mapping

the Ocean Floor: An Introduction to Practical Aspects of Hydrographic Surveying”

Location: Cork, Ireland

Date: 7t to 8t of February 2020
Title of training course: R and Statistics training course

Location: University College Cork, Ireland

Date: Academic Year 2019/20 - Semester 2

Title of training course: Programming in Python for Data Science Applications (5

credits)
UCC module code (if relevant): CS6507

Location: UCC, Western Gateway Building

Date: Academic Year 2019/20 - Semester 1 and 2
Title of training course: Teaching and Learning Module for Graduate Studies (5 credits)
UCC module code (if relevant): PG6003

Location: UCC, Main Campus

2019 (Total of courses: 5)
Date: 26 of November 2019

Title of training course: Machine Learning Onramp — MathWorks training course
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Location: Online

Date: 29t of November 2019

Title of training course: Writing and Preparing a Journal Article for Publication by

Elsevier

Location: UCC, Cavanagh Pharmacy Building

Date: 9t of November 2019
Title of training course: Epigeum Research Integrity Course by Oxford University Press

Location: Remote, Epigeum Online Course System

Date: 30th May, 2019

Title of training course: Artificial Intelligence (Al) Workshop with Microsoft Azure
Location: University College Cork, Ireland

Date: 10t of May 2019

Title of training course: Personal Survival Technigues (PST) STCW 95

Location: National Maritime College of Ireland — NMCI, Ringaskiddy, Co. Cork
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