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Abstract

Deep-sea sulphide mounds and associated sulphide deposits form at hydrother-
mal venting sites, which are commonly known as black smokers. These de-

posits are of economic interest as potential resources because they contain a

high concentration of metals. Current exploration methods focus mainly on ac-

tive sites, as the plume of discharging hot hydrothermal fluid can be detected

as a water column anomaly. However, inactive sites are of greater exploration

interest, as they are likely to be older than active sites and therefore their de-

posits are thought to have accumulated more ore over time.

A workflow is developed in this study to detect and identify sulphide mounds not
only at active but also at inactive hydrothermal sites using only bathymetry (2m
resolution) and backscatter (1 m resolution) data collected with a deep towed
multibeam echo sounder (MBES) system. The MBES data has a coverage of
about 782km? and covers seven hydrothermal fields with 88 sites in the area
of the Central and Southeast Indian Ocean Ridges.

The developed workflow consists firstly of improving the MBES bathymetry
and backscatter processing workflow to reduce errors and artefacts. Sec-
ondly, a convolutional neural network (CNN) is used for segmentation to de-
tect mound structures based on MBES bathymetry derivatives. Finally, the
detected mounds are distinguished by their origin (i.e., volcanic or sulphide)
based on the combination of MBES backscatter data, MBES bathymetry, and
the prediction result obtained by the CNN using deep learning.

The evaluation of this approach shows that the CNN detects about 55% (6,441
mounds) of the manually labelled mounds. As these are too many for explo-
ration, their number needs to be reduced by excluding mounds that are most
likely volcanic domes. Depending on the method used, the remaining explo-
ration targets can be reduced to about 43% or 20% of the originally identified
possible targets. A comparison with known sulphide occurrences shows that
the reduction increases the relative proportion of the sulphide mounds within
these exploration targets by up to a factor of three to about 3%.

The results validate existing studies and show that an automated approach
can be applied for sulphide mound detection. Furthermore, the deep learning
model and the method for distinguishing mound types need to be further im-
proved. In addition, the integration of data from other sensors (e.g., magnetics)
is recommended for an increase in the success rate. Anyhow, it is a promis-
ing concept for reducing the amount of potential exploration targets to specific
areas of greater exploration interest.



Zusammenfassung

Sulfidvorkommen in der Tiefsee sind oft als Sulfidhtigel an der Meeresbode-
noberflache erkennbar. Sie entstehen an Austrittsstellen hydrothermaler Flu-
ide und sind allgemein als "Schwarze Raucher" bekannt. Die Sulfidvorkommen
sind als zukinftige Quelle metallischer Rohstoffe von Interesse.

Typische Methoden zur Erkundung hydrothermaler Vorkommen basieren auf
der Detektion chemischer Anomalien im Wasser, die von austretenden hy-
drothermalen Fluiden herrihren. Im Allgemeinen sind erloschene Vorkommen
far die Exploration von gréBerem Interesse, da sie in der Regel alter sind und
daher mehr Zeit hatten, um Metallsulfide zu akkumulieren.

Im Rahmen dieser Arbeit wird ein Workflow entwickelt, mit dem Sulfidhtgel
nicht nur von aktiven, sondern auch von erloschenen Hydrothermalquellen
detektiert werden kénnen. Als Datenbasis dienen hochaufgeloste Fachere-
cholotdaten (Bathymetrie 2m, Ruckstreuintensitdten 1 m) eines tiefgeschlep-
pten Systems. Das Untersuchungsgebiet liegt im Bereich des Zentral- sowie
Sudostindischen Riickens, hat eine Ausdehnung von 782km?, und umfasst
sieben Hydrothermalfelder mit insgesamt 88 aktiven und erloschenen hydro-
thermalen Vorkommen.

Der Workflow beinhaltet zun&chst eine optimierte Nachbearbeitung der Facher-
echolotdaten. AnschlieBend erfolgt auf Basis der Bathymetrie (und ihrer Ablei-
tungen) eine Segmentierung und damit eine "Hlgeldetektion" mit Hilfe eines
Convolutional Neural Networks (CNN). AbschlieBend werden die Ergebnisse
des CNN, die Bathymetrie, und die Rlckstreuintensitaten verwendet, um die
Anzahl der detektierten Hlgel zu reduzieren.

Die Untersuchung des entwickelten Ansatzes zeigt, dass das CNN 55% (6.441
Hugel) der zuvor manuell annotierten Hagel richtig segmentiert. Da nicht alle
Hugel im Rahmen der Erkundung untersucht werden kdnnen, erfolgt eine Re-
duktion ihrer Anzahl durch Ausschluss der Higel, die vermutlich vulkanischen
Ursprungs sind. Je nach gewahlter Methode kann so die Anzahl der Explo-
rationsziele auf 43% bzw. 20% der urspringlich detektierten Hlgel reduziert
werden. Der Vergleich mit den bekannten Hydrothermalfeldern zeigt, dass
durch diese Reduktion der Anteil der Sulfidhiigel an den verbleibenden, fir
die Exploration als interessant eingestuften Higeln, erhoht werden kann. |hr
relativer Anteil kann um den Faktor drei auf 3% erhdht werden.

Die Arbeit bestatigt, dass ein automatisierter Prozess zur Erkennung von Sul-
fidhgeln eingesetzt werden kann. Zur Erhéhung der Erfolgsquote sollte das
Deep-Learning-Modell und die Methode zur Unterscheidung der Hugelarten
noch weiter optimiert werden. Des Weiteren kann die Klassifizierung durch
Daten zusatzlicher Sensoren (zum Beispiel Magnetik) optimiert werden. Insge-
samt kann gezeigt werden, dass es sich um einen vielversprechenden Ansatz
zur Eingrenzung interessanter Gebiete flr weitere Explorationsarbeiten han-
delt.



Chapter 1

Introduction

Sulphide mounds, or more precisely the associated sulphide deposits, have
been identified as potential future resources for precious metals and are in-
creasingly being targeted by deep-sea exploration (Beaulieu et al., 2015; Pe-
tersen et al., 2016). Deep-sea exploration relies primarily on hydro-acoustics
such as multibeam echo sounders (MBES) as a mapping tool. The advantage
of MBES systems lies in their large coverage and large data volumes, making
them ideal for the application of artificial intelligence (Al) techniques such as
deep learning.

This study investigates the general applicability of existing deep learning ap-
proaches for identifying potential locations for hydrothermal venting sites based
on multibeam echo sounder bathymetry and backscatter data. Furthermore,
this study improves the MBES data processing workflow for the purpose of
deep learning assisted sulphide mounds detection, as the validity of deep
learning approaches is strongly dependent on the quality of the underlying
data.

The study is based on data collected in the exclusive exploration contract area
of the BGR (Bundesanstalt fliir Geowissenschaften und Rohstoffe, Federal In-
stitute for Geosciences and Natural Resources) in the central Indian Ocean.

This thesis is structured in eight chapters, of which the introductory one out-
lines the motivation for this study, the research gap, and the resulting study ob-
jectives. The second chapter presents the basic principles of sulphide mound
formation and MBES based seafloor exploration, as well as some basic ex-
planation of Al terminology. The third chapter introduces the case study data,
including the instrumentation and exploration methods. Chapter 4 deals with
the MBES bathymetry and backscatter processing — from a general outline of
the workflow to its improvement for automated sulphide mound detection. The
fifth chapter examines the characteristics of different seabed classes, and in
particular of areas of hydrothermal activity in MBES backscatter data, for their

3



1 Introduction

usability in seabed classification. Chapter six presents the results of an auto-
mated approach for mound detection (using the convolutional neural network
(CNN) U-Net) and sulphide mound identification (using GLCM (grey-level co-
occurrence matrix) and clustering). The seventh chapter discusses the results
in respect to the classical deep-sea exploration approaches and the advent of
deep learning assisted data analysis. The last chapter provides some con-
cluding remarks and an outlook on the application of MBES and deep learning
technologies in deep-sea exploration for hydrothermal activity.

1.1 Motivation

Sulphide mounds form at hydrothermal venting sites — commonly known as
black smokers. These are discharge locations of hot hydrothermal fluid, which
can reach temperatures of more than 400° C. Hydrothermal fluids are typically
enriched in precious metals such as copper, zinc, and gold (Hannington et al.,
2005). Where the hot hydrothermal fluids mix with cold seawater, the metals
precipitate as sulphides (Petersen et al., 2016). These hydrothermally formed
sulphides are either lost to the water column, in a so-called hydrothermal plume
(from which they may settle as metalliferous sediments), or the sulphides accu-
mulate in deposits at or below the seafloor. These deposits can grow to sizes
of economic interest and are then referred to as seafloor massive sulphides
(SMS).

Sulphide mounds form when hydrothermal venting is long lasting and the ge-
ological setting supports sustained SMS accumulation (German et al., 2016;
Klischies, 2021). The types and sizes of SMS depend on several factors, in-
cluding the geological setting, the activity of hydrothermal venting, and the
preservation of the SMS over time. The first hydrothermal site was discovered
less than 50 years ago (Corliss et al., 1979), as these sites typically occur in
deep-sea areas, and the associated sulphide mounds rarely exceed 150 m in
diameter. Due to their relatively small surface dimensions, their detection, lo-
calisation, and identification is challenging and requires a variety of specialised
equipment.

Sulphide mounds associated with inactive hydrothermal activity are the pre-
ferred exploration target from an economic perspective (Jamieson et al., 2014;
Koschinsky et al., 2018). Such inactive vent systems are typically assumed
to be older than active ones and the potential for larger associated sulphide
deposits is therefore higher (Murton et al., 2019). Inactive sites are also aban-
doned by the unique vent fauna and lack the typical dense communities of
shrimps, snails, anemones, and other species found at active sites (SPC,
2013).



1 Introduction

Exploration methods for inactive sulphide mounds have not yet been refined to
the point where they can be used reliably and economically. In contrast, active
hydrothermal vent sites are detected using classical exploration methods that
search for the hydrothermal plume in the water column (Baker, 2017). This
introduces a bias into the discovery of sulphide mounds and hinders a deeper
understanding of the underlying processes and a comprehensive assessment
of the resource potential of SMS (Hannington et al., 2015).

Exploration techniques are constantly evolving, with MBES playing a crucial
role in locating new discharge location and mapping the surrounding geological
setting (German et al., 2008). The first echo sounders were developed over a
century ago (Grzadziel and Waz, 2018). Since then, the technology has been
continuously improved, resulting in the availability of various hydro-acoustic
sensors in the hydrographic field, including MBES or side scan sonars (Lurton,
2010). Ongoing developments in instrumentations have broadened the range
of applications and have massively increased the quality and volume of hydro-
acoustic data.

Today, MBES systems are the preferred tool for deep-sea exploration because
they can remotely acquire seafloor bathymetry and backscatter information
over large areas in a relatively short amount of time. They are standard equip-
ment on research vessels and can be mounted on a variety of other plat-
forms, including towed and autonomous underwater vehicles. However, hydro-
acoustic data processing and analysis still remains a time-consuming and of-
ten manual task. Dependencies in data acquisition are complex, and obtaining
reliable and accurate underwater positioning is a challenge.

With the advent of Al, machine and deep learning approaches have been suc-
cessfully applied in the maritime domain and in hydro-acoustic data process-
ing and analysis. Typical tasks in which they are applied are feature extraction,
segmentation, and classification (Steiniger et al., 2022; Hinz et al., 2024). They
are able to analyse large data sets in a short time and detect patterns or rela-
tionships within them that exceed human capabilities.

This study aims to improve exploration methods for inactive hydrothermal sites
to reduce the bias in sulphide mound discoveries and to work towards a more
realistic resource assessment of the deep seafloor. The work uses high-
resolution MBES data, as it is common in seafloor exploration, to establish a
data processing workflow for the useful application of deep learning and other
Al approaches.

The data for this study has been collected over the last decade within the
INDEX project (Indian Ocean Exploration) led by BGR. The data set comprises
large volumes (covering 782 km?) of high-resolution (2 m) MBES data from 88
active and inactive hydrothermal sites, allowing the application of Al methods

5



1 Introduction

like deep learning. In the following sections, the research gap, the subsequent
research questions, and the derived objectives of this thesis are outlined in
greater detalil.

1.2 Research Gap

The primary objective of this study is to contribute filling the gap in the field
of inactive hydrothermal site exploration using high-resolution MBES data —
bathymetry and backscatter — and techniques from the field of deep learning.
In this section, the research gap within the context of the thesis is described in
greater detalil.

One exploration approach that has been successfully applied to detect inac-
tive sites, involves the measurement of anomalies in the natural electric poten-
tial and thus the geoelectrical field. Such anomalies are caused be reactions
like oxidation-reduction processes of sulphide deposits with their surroundings
(Sato and Mooney, 1960; Sharma, 1997; Constable et al., 2016). These meth-
ods have the advantage of detecting not only inactive but also buried sites
that are not visible on the seabed. The disadvantage of them is that these
instruments utilised for electromagnetic mapping must be towed in very close
proximity to the seabed (about 2m to 50 m) at a constant altitude (Gehrmann
et al., 2019; Muller et al., 2023). This can be challenging in highly morpho-
logically structured environments like close to mid-ocean ridges as within the
INDEX project. Additionally, the coverage of these techniques is limited and
therefore small profile spacing is necessary. Consequently, such methods are
typically employed in areas with known deposits to estimate their size or de-
tect new ones within a specific area. Deployments over larger areas are not
feasible.

MBES data has a comparable large coverage to other geophysical methods.
Its data is therefore used for mapping and investigations of larger areas. Its
backscatter data is often used for habitat mapping — typically in combination
with bathymetry (Parnum et al., 2004; Che Hasan et al., 2014). In the context
of hydrothermal venting, it can also aid geological mapping and interpretation
(Graber et al., 2020). Data from ship-borne MBES with lower resolution is
used for the interpretation of large-scale features of seafloor morphology (Ea-
son et al., 2016; Klischies, 2021). The high-resolution data from submerged
platforms is typically employed for general interpretation of structures’ origins
or for estimation of the extent of specific seabed covers such as sediment or
pillow lavas (Ondréas et al., 2018).

High-resolution bathymetry and backscatter data is available from 13 hydrother-
mal fields within the INDEX project. Out of these, seven larger and well mapped
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fields have been selected for this study. Their data is used for an investigation
of the feasibility of using high-resolution MBES data for the site detection with
focus on inactive sites. Such an analysis includes not only the visual backscat-
ter interpretation, but also an automated approach that provides an estimate
of possible hydrothermal site locations.

In recent years, machine and deep learning approaches have been integrated
into the hydrographic field. Applications range from object detection such as
boulders, ammunition, or ship wrecks (Feldens et al., 2019; McKay et al., 2017;
Yu et al., 2021; Tang et al., 2023) to seabed classification and habitat mapping
(Marsh and Brown, 2009; Alevizos et al., 2018; Qin et al., 2021). The integrat-
ing of deep learning into marine morphological feature detection and interpre-
tation makes sense because a manual approach is often very time-consuming
and the results can be subjective and lack consistency (Hinz et al., 2024).

Deep learning has also been applied in the field of hydrothermal venting, such
as vent substrate classification (Vega et al., 2024) or plume detection in MBES
water column data (Mimura et al., 2023) as well as in ROV video imagery
for sampling (Wang et al., 2023). Regarding the above addressed shortcom-
ings of inactive site detection methods, just recently, deep learning has also
been successfully utilised for sulphide site prediction based on the geomor-
phological properties (Juliani and Juliani, 2021; Keohane and White, 2022;
Haroon et al., 2023). The first two of these approaches are based solely on
high-resolution bathymetric data, whereas the latest one listed also uses data
from other instruments (e.g., magnetic) additionally. They use deep learning to
identify mound or chimney structures in the data, and further classification dis-
tinguishes sulphide mounds from volcanic mounds or identifies hydrothermal
areas.

These published approaches using deep learning for hydrothermal site detec-
tion have to deal with the general limitation of availability of high-resolution
MBES and ground truth data. To develop robust automated solutions, a large
amount of ground truthed training data is required (Feldens et al., 2021). Such
data collection by submerged MBES and the ground truthing by video imagery
in the deep sea is very time consuming and expensive. As a result, the avail-
able data is strongly limited. The number of confirmed mound/site locations
used as training data in the named publications is therefore limited (ranging
between two and 48 sulphide mounds / chimneys). The INDEX data can sig-
nificantly contribute to the improvement of a deep learning model, having a
coverage of 782km? and including 88 sites with more than 200 confirmed hy-
drothermal mounds. In addition, the high-resolution MBES backscatter data
will be utilised within the workflow to identify potential sulphide mounds, which
has not been done yet in other publications. This might improve the overall
results for sulphide mound prediction.
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Research questions and objectives can be derived from the research gap
concerning the shortcomings of exploration techniques for inactive vent sites.
These questions and objectives are described in the following section, and it is
outlined how they contribute to close the research gap.

1.3 Research Objectives and Research Questions

The goal to contribute to the exploration scheme for (inactive) hydrothermal
sites using high-resolution MBES data and deep learning approaches, starts
first and foremost with a closer inspection of the data quality. The MBES data
constitutes the basis. It or its derivatives are used for quantitative and deep
learning approaches. In particular, errors and residual artefacts in the data
can negatively affect the results of automated detection methods. This leads
to the first research objective (RO):

RO1: Improve the quality of the MBES data so that it can be used for
automated detection and classification.

The data used in this study was collected with a submerged sensor platform
(i.e., deep-towed sled) at an altitude of approximately 100 m above the seafloor
in about 3,000 m of water depth. The derived raster resolution of the terrain
model is about 2m, which is better than the navigation solution of about 5
to 10m in the ideal case and up to 50 m in the worst case. The navigation
accuracy varies during a deployment, as it depends on the distance between
vessel and sensor platform, which varies during a survey. Conventional com-
mercial software is limited in its ability to correct for varying offsets. Since the
focus in this study is the detection of small feature — hydrothermal venting sites
and their associated sulphide mounds — offsets larger than the data resolution
can distort the morphology and thus hinder the automated detection of specific
structures. This yields the first research question (RQ):

RQ1.1: How can the high-resolution MBES bathymetry data be processed
to minimise the effects of insufficient navigation accuracy?

The improved navigation solution benefits not only the bathymetry, but also
the quality of the co-registered backscatter data. Typically, the acquisition set-
tings for backscatter data are not optimised because the focus is usually on
bathymetry. Therefore, gain variation, pulse form and shape, or other au-
tomated setting adjustments to improve the bottom detection and therefore
the bathymetric data, can result in artefacts in the backscatter data. To date,
backscatter data acquisition and processing have a rather black-box charac-
ter, with certain corrections being applied automatically in the background dur-
ing acquisition or by commercial processing software (Lurton and Lamarche,
2015). Even when using similar tools and settings, different software provides
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different results (Schimel et al., 2018; Malik et al., 2019). Since the derived
backscatter mosaics will be used for automated detection, the focus is on re-
ducing visible data artefacts as this is likely to yield more reliable segmentation
and classification results (Fakiris et al., 2012). This leads to the next research
questions:

RQ1.2: How does different processing software and varying parameter
settings affect the MBES backscatter data?

Typically, applications using backscatter data for habitat mapping are utilised
in shallow water environments, such as coastal areas, where the bathymetry is
flat and shows only smooth depth variations. Deep-sea applications typically
use ship-borne MBES, which have a large coverage but low spatial resolution
due to the great water depth. The data used in this study has been collected
in a deep-sea environment, but with a high spatial resolution. The study area
is located at a mid-ocean ridge and therefore at a spreading centre where
new seafloor is being created and not much sediment cover is present. The
tectonic and volcanic activity results in a morphologically harsh seafloor. These
circumstances constitute a particular challenge for the backscatter processing,
more precisely for modelling the MBES acquisition geometry and its correct
consideration in the intensity adjustments (Malik et al., 2018). Certain default
corrections and parameter settings in a processing software may not apply to
the INDEX data. This leads to the next research question:

RQ1.3: Which processing workflow is best suited to process the high-
resolution MBES backscatter data from the INDEX project area?

Before the optimised backscatter data results can be used in an automated
approach for sulphide mound detection, it is necessary to understand how the
environment of the study area is represented in the intensity mosaics. It is of
particular interest, whether the various seabed classes such as sediment or
pillow lava can be acoustically differentiated. Such analysis for seabed charac-
teristics and classification using acoustic backscatter information has been per-
formed for decades. Earlier on, mainly side scan sonars were used (Rusby and
Somers, 1977; Morris et al., 1978). But as MBES technology improved over
time, so did MBES backscatter data. It has the advantage of being recorded
together with bathymetric information. Over time, the use of backscatter has
been extended to various fields where information about the seabed properties
are required as in geology or environmental studies. In the second objective,
the MBES backscatter data is used to obtain information about the seabed
characteristics:
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RO2: Analyse the acoustic characteristics of the seabed classes in the
study area.

There are various approaches for classifying the seabed using MBES backscat-
ter data. Besides amplitude interpretation, the most common are texture anal-
ysis and angular dependence (Parnum et al., 2004). The seafloor in the study
area is characterised by rugged morphology and limited sediment cover due
to its close vicinity to the spreading centre. This poses a challenge in data pro-
cessing when it comes to data corrections. The modelling of the local acquisi-
tion geometry is of great importance to apply particular adjustments correcily.
Not all possible methods are suitable for the study area, the instrumentation
used, and the data acquisition settings. This leads to the next research ques-
tion:

RQ2.1: How can the seabed classes of the study area be differentiated in
high-resolution MBES backscatter data?

With respect to hydrothermal environments, low-resolution backscatter data
from ship-borne systems is often used for large-scale analysis of morphological
features (Gracia et al., 2000; Eason et al., 2016). High-resolution intensity data
sets used in literature for site identification are mostly of different instrument
types such as single-beam echo sounder (Durand et al., 2006) or side-scan
sonar (Asada et al., 2015). Not as much literature is available on the use
of high-resolution MBES backscatter data for site identification as Ondréas
et al. (2018) in the Guaymas basin, Gulf of California. Typically, the data is
mostly used in combination with other data sets as a further data layer with
additional seabed information. As MBES backscatter data will be tested in
this work for its usability in sulphide mound detection, it is of particular interest
whether hydrothermal areas (active and inactive) have a unique and prominent
backscatter signature:

RQ2.2: Are there certain backscatter characteristics that are unique to
areas of hydrothermal activity?

In case such unique backscatter characteristics can be identified for hydrother-
mal sites, this information can be used for site detection and identification. In
addition, hydrothermal sites are also associated with sulphide mounds, which
exhibit a very specific morphological shape with steep slopes and conical
tops (Jamieson et al., 2014). This distinguishes them from mounds with vol-
canic origin. In habitat mapping or landform classification, the combination of
bathymetry and backscatter is often employed successfully as in Masetti et al.
(2018) for example. The application of such combined approaches using dis-
tinctive bathymetric and backscatter characteristics of hydrothermal sites and
deep learning is the third objective of this thesis:
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RO3: Automate the process of predicting sulphide site locations based
on high-resolution MBES data.

An automation of segmentation or classification is in general pursued as it
reduces the time required, but also produces more objective and therefore
reproducible results (Parnum et al., 2004). Such approaches based on the
shape (morphology) and backscatter characteristics typically utilise tools that
rely on data derivative from the terrain (i.e., slope, aspect, curvature, variability,
bathymetric position index) (Lecours et al., 2016) or texture metrics derived
from the grey-level co-occurrence matrix (GLCM).

By combining information from multiple types and sources (derived from bathy-
metry but also from backscatter data), conclusions on marine landform, the
substrates, and marine habitats are possible as well as data segmentation and
classification (Wilson et al., 2007; Janowski et al., 2018). It allows even further
analysis of the local ecology as part of habitat mapping.

The approaches found in the literature vary strongly in terms of algorithms, type
of attribution, and degree of automation using machine learning techniques
(Diesing et al., 2014; Lecours et al., 2016). Especially in the last decade, with
the improvement of computational power and the handling of large amounts
of data, the utilisation of deep learning methods in marine applications has
increased (Steiniger et al., 2022; Arosio et al., 2023). In the recent years, deep-
learning approaches have been successfully applied as part of an automated
prediction of sulphide deposits (Juliani and Juliani, 2021; Haroon et al., 2023).
These approaches use the convolutional neural network U-Net to semantically
segment mounds from background data. This leads to the research question:

RQ3.1: How successful is a mound prediction using U-Net for the data of
the INDEX project?

The available U-Net model from Juliani and Juliani (2021) was trained with
data from the Atlantic Mid-Ocean Ridge. It is of interest to investigate how
well this model performs on the INDEX data and thus to what extent such
models are universally valid for data of the same context. Since the availability
of high-resolution deep-sea data is generally low, the training data set and
especially the ground truth information is limited. Within the INDEX project,
large amounts of data have been collected over the last years, which can be
used for to train and evaluate a new model. Its results are compared to the
ones of the pre-trained model. After obtaining predictions for mound locations,
these are differentiated between sulphide and non-sulphide mounds, yielding
the following research question:

11
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RQ3.2: Can MBES backscatter data facilitate in distinguishing sulphide
from volcanic mounds and thereby enable a reduction of possible explo-
ration targets?

Verification of the origin of mounds is usually done using video imagery. As
ship time is limited and expensive, a general reduction of exploration targets
is necessary as the origin of all mapped mounds cannot be verified by video
imagery. An automated assessment of the mounds and their likelihood of being
associated with hydrothermal activity helps to reduce the number of possible
targets and thereby guide the exploration. Areas with larger accumulations of
Al-verified possible targets of interest can then be further explored by visual
inspection or other geophysical techniques with limited coverage.

By answering the above listed research questions, a step towards an auto-
mated sulphide detection method that includes also inactive hydrothermal sites
based solely on MBES data can be achieved. This will help to significantly re-
duce the research gap.

12



Chapter 2

Basic Principles

This chapter provides details on the general principles used in this study. This
includes — first of all — some geological basics necessary for the understanding
of hydrothermal venting and seafloor massive sulphides (SMS), as these are
the investigation target of this thesis (Chapter 2.1). The chapter provides back-
ground on their formation, explains why they are of general interest, and gives
an introduction to the environment in which they are found. Secondly, the fun-
damental techniques, geometry, and terminology of multibeam echo sounding
are explained, as this instrument is the main data source for this work (Chap-
ter 2.2). Finally, the various Al terms are differentiated and explained (Chapter
2.3). Since this work is aimed at readers with a geodetic/hydrographic back-
ground, the geological basics start very general, while certain terms and in-
strumentation within the field of seafloor mapping are assumed to be more
familiar.

2.1 Geological Principles

Sulphide mounds form through geological processes that are controlled by
Earth’s structure and driven by plate tectonics, which are introduced in sec-
tion 2.1.1. The metal content of sulphide mounds and therefore their economic
value depend on the mineral composition (2.1.2). The mineral composition de-
pends on the surrounding rocks (2.1.3), in which the hydrothermal circulation
takes place (2.1.4).

2.1.1 Structure of the Earth and Plate Tectonics

The Earth’s interior can be divided into different layers based on changes in
density and chemical composition. In general, the density increases towards
the Earth’s centre as a result of the elevated pressure. In addition, abrupt
density changes can occur due to variations in chemical composition, which

13
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can create layer boundaries. The Earth’s structure comprises three principle
layers: the core (divided into an inner and outer section), the mantle, and the
crust (Figure 2.1). The inner core has an approximate radius of 1,220 km and
consists of solid material due to the high pressure. It is composed of an iron-
nickel alloy and the estimated temperature varies from 3,500° C to 5,000° C
in the centre. The outer core has a slightly lower density and consists not
completely of iron and nickel, but to about 10% of oxygen and sulphur. lts
structure is more fluid and it has a thickness of about 2,260 km (Grotzinger
and Jordan, 2020).

Mantle (40-2890 km)  Liquid iron outer core

67.1% of Earth’s mass ~ (2890-5150 km)
Crust (0-40 km) 30.8% of Earth’s mass
0.4% of
Earth’s mass

Solid iron

inner core
(5150-6370 km)
1.7% of Earth’s
mass

Outer Inner
Core Core

0 1000 2000 3000 4000 5000 6000
Depth (km)

Figure 2.1: Left: Scheme of Earth’s structure, right: density of the Earth’s layers
(Grotzinger and Jordan, 2020)

The solid mantle makes up the largest part of the Earth, accounting for more
than two thirds of its mass. It has a lower density than the core and consists of
silicate rock (mainly oxygen, magnesium, silicon but also calcium, aluminium,
and iron). It is about 2,850 km thick and can be further differentiated based on
density and chemical changes: the upper mantle (thickness about 410 km) with
a lower density, the transition zone of about 250 km with continuously increas-
ing density, and the lower mantle with higher density (Grotzinger and Jordan,
2020) (Figure 2.1, right). The crust consists of silicates (see also Chapter
2.1.2) of lower density and therefore "floats" on the denser mantle. It has a
higher content of aluminium and potassium than the mantle, which in contrary
has more magnesium and iron. The boundary between crust and mantle is
called the Mohorovici¢-Discontinuity, also abbreviated as Moho. There are two
types of crust: continental and oceanic crust, which differ in general thickness
and composition. The oceanic crust is in average about 7 km thick and is there-
fore thinner than the continental crust of approximately 40 km (Searle, 2014).

There is an alternative approach to divide the Earth into different layers not by
its composition, but by solidity or mechanical properties. The outermost unit
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is the lithosphere, which is more rigid due to cooling processes. Its thickness
is in average 100 km, but varies strongly from only a few kilometres in volcani-
cally active areas to over one hundred kilometres in older and cooler regions
(Searle, 2014). It consists of the crust and parts of the upper mantle. Below
the lithosphere is the more ductile asthenosphere. It is about 300 km thick and
consists of the successive upper mantle. The lithosphere is made up of 13
larger and several smaller plates that move on top of the also moving astheno-
sphere at a rate of a few centimetres per year. This movement is caused by
the heat within the inner part of the Earth: hot material from the mantle is as-
cending where plates move apart (ridge push). As they move away from each
other, the lithosphere cools down and behaves rigidly and descends at bor-
ders where plates converge again due to gravity (slab pull) (Figure 2.2). This
process of hot material ascending and cooler material descending is called
convection (Grotzinger and Jordan, 2020).

Continental Volcanic islind  Deep-sea Ocean Spreading ocean Ocean
crust arc trench water ridge crust

=)
3

Frictional drag

Depth (km)
»n
=]
=)

g
(un)) pdag

g

8
-
3

Figure 2.2: Overview of divergent and convergent plate boundary and the convection
processes (Pinet, 2003).

Plate boundaries are differentiated by the direction of the plates’ relative move-
ment to each other. At divergent plate boundaries (constructive boundaries),
the plates separate and move away from each other. This process is caused by
convection as ascending hot mantle material increases pressure on the bottom
of the lithosphere (Figure 2.2). The lithosphere is fractured and the two plates
move away from each other, carried by the underlying convection current (Er-
ickson, 2003). Hot melt ascends into magma chambers where it continues to
rise via fissures. The melt creates new lithosphere as it solidifies in the ground
(intrusive) or on the seafloor (extrusive) (Searle, 2014). Such constructive plate
boundaries are also referred to as axis of seafloor spreading. They are visible
in the bathymetry as mid-ocean ridges (MOR) and have a cumulative length
of 65,000 km (Searle, 2014). The spreading rates of a MOR are differentiated
into

* superfast (>13-15cm/yr)
« fast (9-13 cm/yr)

« intermediate (5-9 cm/yr)
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* slow (2-5cm/yr)
* ultra-slow (< 2 cm/yr)

after Searle (2014). Fast-spreading ridges make up to about 25% of the total
length of ocean ridges. They have a relatively thin crust and volcanic eruptions
occur often. Slow-spreading ridges are more common (about 60%). There, the
lithosphere is generally thicker and volcanic activity is lower (Hannington et al.,
2005). The different properties of the spreading centres lead to a difference in
appearance of their ridges within the bathymetry. Fast-spreading ridges show
a axial high, whereas at slow-spreading ridges usually have a rift valley about
1-2km deep and 20-30 km wide (Buck et al., 2005).

At convergent plate boundaries (destructive boundaries) plates move toward
each other and collision or subduction occurs. Subduction usually takes place
when two oceanic or oceanic and continental plates converge. The plate with
the higher density is pushed below the other. The lithosphere of the descend-
ing plate immerses into the asthenosphere and melts. Such subduction zones
can create trenches at the Earth’s surface (Figure 2.2) (Grotzinger and Jordan,
2020).

The third type of plate boundaries are transform faults (conservative plate
boundaries, transformation faults). At these faults, plates move past each other
in opposite directions. Only horizontal movement occurs and no lithosphere is
created or destroyed. Transform faults interrupt the linear MOR and divide it
into segments - the spreading centres. Such segments can have lengths of
up to several hundred kilometres, widths of about 60 km, and offsets between
them of 30 km to a maximum of 1,000 km (Erickson, 2003; Searle, 2014). Each
of them has their own volcanic source (Erickson, 2003). The extension of trans-
form faults beyond the spreading axes is called fracture zones, where oceanic
crust of different ages moves in the same direction (Grotzinger and Jordan,
2020) Smaller faults with lengths of less than 30 km that are not continuous
are referred to as non-transform offsets or discontinuities (Searle, 2014). Fig-
ure 2.3 shows the INDEX project area along the Central and Southeast Indian
Ridge with marked plate boundaries.
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Figure 2.3: Bathymetric map of the Central and Southeast Indian Ridge showing the
INDEX project area (contract blocks in yellow). The ridge axis /spreading centres are
highlighted by a red line, the transform faults as continuous line, and their continuation
as fracture zone by a dashed line. Locations of hydrothermal venting are marked by
stars (Klischies, 2021). The schematic depiction in the top right corner shows the gen-
eral moving direction of the tectonic plates at the boundaries (after Searle (2014)).

2.1.2 Minerals

Atoms consist of the nucleus, which is comprised of positively charged protons
and neutral neutrons. The negatively charged electrons circle around the nu-
cleus. Protons and neutrons have a mass number of 1, and since the mass of
an electron is only a small fraction of that, most of the mass is in the nucleus.
The number of protons is given by the atomic number of an element. Atoms
have an equal number of protons and electrons and are therefore electrically
neutral. But the number of neutrons, and therefore their atomic mass, can vary
for atom types of the same element. They are called isotopes (Johnson et al.,
2019).

Rock consists of minerals, which are compounds of atoms. Minerals occur
naturally, are inorganic, solid, and have a defined chemical compositions and a
regular crystal structure (Johnson et al., 2019). Most minerals are compounds
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of more than one element through ionic or covalent bonding. For an ionic bond,
an electron is passed from one atom to the other. Both atoms are no longer
neutral, but developed into ions with opposite charges: a cation (positively
charged) and an anion (negatively charged). The bond is formed based on
their electrostatic attraction due to their opposite charges. lonic bonding is
the main bonding type for minerals. When atoms share electrons, it is called
covalent bonding. In this bonding, no ions are created. Also a mixture of both
types of bonding are possible (Johnson et al., 2019; Grotzinger and Jordan,
2020).

Due to chemical bonding, minerals have a crystal structure in which atoms
and molecules are arranged homogeneously in a three-dimensional structure.
Cations are smaller than anions and can be easily exchanged. Therefore,
rock minerals are classified according to their anions. Even though there are
thousands of known minerals, most are not common and there are only about
30 in general that are referred to as rock forming minerals. These form the
Earth’s crust, which consists mainly of only nine elements (see Chapter 2.1.1).
The most important classes of rock forming minerals are listed in Table 2.1
(Grotzinger and Jordan, 2020).

Table 2.1: Some of the mineral classes of mineral differentiation based on their com-
position (Grotzinger and Jordan, 2020).

Class Defining Anions Example
Native elements  None: no charged ions Copper metal (Cu)
Oxides Oxygen ion (0%7) Hematite (FeoO3)
Halides Chloride (CI7) Halite (NaCl)
Fluoride (F7)
Bromide (Br™)
lodide (17)

Carbonates Carbonate ions (CO327) Calcite (CaCOs3)
Sulfates Sulfate ion (SO427) Anhydrite (CaSQy)
Silicates Silicate ion (SiO44~)  Olivine (Mg, Fe)»SiO4

Sulphides Suphfide ion (S27) Pyrite (FeS?)

Ore minerals are minerals containing metals that can be extracted from them
and are therefore an important industrial resource. Besides oxides and sili-
cates, sulphides are the largest group of ore minerals. As mentioned above,
the elements usually occur in rocks in a concentration similar to that found in
the Earth’s crust. Accumulations of ore minerals can be formed by enrichment
processes. They become interesting for exploitation when reaching a certain
size and metal concentration. Such ore deposits can occur, for example, in
hydrothermal active areas (Grotzinger and Jordan, 2020).

Sulphide mounds consist of SMS, hence ore minerals, but mainly consit of
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silicates (e-g-, pure silica), sulphates (e.g., gypsum), and oxides (e.g., iron hy-
droxide) (Hannington et al., 1995). The mineral composition of SMS varies,
but is usually dominated by pyrite (FeS). The economic value of a SMS occur-
rences depends on its content in chalcopyrite (CuS), sphalerite (ZnS), galena
(PbS), other metal sulphides, the trace metal content of the ore mineral (metal
atoms captured within crystal structures) and inclusions of native elements

(e.g., gold).

2.1.3 Igneous Rocks at Mid-Ocean Ridges

Rocks are classified into three main groups based on its formation: igneous
(magmatic) rocks, sedimentary rocks, and metamorphic rocks. Igneous rocks
are formed by the crystallisation/solidification of molten material, which can be
magma (in the crust) or lava (on the surface). Over time, rocks on the Earth’s
surface undergo weathering, and small fragments break off as sediment and
are transported away (eroded) by wind, water currents, gravity (e.g., land-
slides), or ice (Grotzinger and Jordan, 2020). Sediments accumulate when the
transportation force decreases and are deposited in layers over time. Oceanic
sediments are generally composed not only of mineral particles of terrigenous
origin (clay), but also of organic sediments, consisting mostly of calcareous or
siliceous ooze from phytoplankton and zooplankton shells. This biogenic ma-
terial dissolves below the carbone-compensation depth (approx. 4,500 m) due
to the high pressure and low temperature (Searle, 2014). Pelagic sediments
therefore vary in composition depending on the water depth and the biologi-
cal activity of the region. Sedimentation rates vary between a few centimetres
per thousand years for oozes and even less for clays. Regardless of its com-
position, the further away from the MOR and the older the oceanic crust, the
more sediment accumulates on top of it in layers. The older the sediment, the
more it is buried and compacted by the increasing weight of newer overlying
sediment. Cementation of mineral or organic material creates sedimentary
rocks. When the texture or chemical composition of igneous or sedimentary
rocks is altered by temperature, pressure, or fluids, they are called metamor-
phic rocks (Johnson et al., 2019). This can then again undergo melting and
subsequent crystallization to form igneous rocks. The processes described
above occur continuously and repeatedly and form the so-called rock cycle.

The solidification process of magma or lava occurs gradually and at different
rates as it cools down. Different minerals crystallize at varying temperatures.
This can result in a change of the chemical composition of the material. The
speed of cooling plays a major role in the texture of arising igneous rocks.
Lava usually cools down quickly on the surface, forming only small crystals
that are barely recognizable to the eye. Such rocks with small crystals is called
extrusive or volcanic rocks (e.g., basalt). It may have small holes due to gas
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inclusions during the solidification process. If the cooling process happens very
quickly before crystallisation can occur, volcanic glass is formed. The cooling
process of magma in the ground is generally slower, allowing more time for
crystal formation. The rocks are therefore coarser grained and is referred to as
intrusive or plutonic igneous rocks (e.g., gabbro, granite) (Johnson et al., 2019).
Basalt is the most common igneous rocks in the Earth’s crust. It has the same
composition as gabbro, but differs in texture. Figure 2.4 shows examples of
basalt, gabbro, and granite.

Figure 2.4: Extrusive and intrusive igneous type of rocks. From left to right: basalt,
gabbro, and granite (Grotzinger and Jordan, 2020).

Like solidification, melting occurs at different temperatures for different mate-
rial, and is often gradual. At seafloor spreading centres, large magma cham-
bers of several cubic kilometres form. At slow-spreading ridges, such magma
lenses are generally deeper in the ground than at fast-spreading ridges, where
they can be found even as shallow as 1 km to 3 km below the surface (Searle,
2014; Hannington et al., 2005). Magma chambers are formed by decompres-
sion melting: The separation of tectonic plates creates a low pressure zone
and thus convection forces that facilitate the rising of mantle material. The
melting process is further facilitated by the low pressure environment, as this
leads to a reduction in melting temperature and increase of buoyancy.

The upper mantle consists mostly of peridotite, a dense and coarse-grained
igneous rocks. Since not all of the material is completely melted, the more lig-
uid rocks are separated from the remaining crystal mush. As shown in Figure
2.5, a layer of peridotite forms in the upper mantle below the Moho and at the
bottom of the magma chamber. Overall, the magma influences the develop-
ment of three different layers: [1] Some magma ascends to the surface where
the plates diverge and forms basaltic pillow lava, [2] some magma solidifies
during the rising process in the vertical cracks before reaching the surface and
creates sheeted dikes of gabbro, and [3] some magma solidifies into a gabbro
layer in vicinity to the magma chamber. These form the typical layers of the
oceanic plate: pillow lava, sheeted dikes (approx. 1 km to 2km), and massive
gabbros (approx. 4km to 6km) (Grotzinger and Jordan, 2020; Seibold and
Berger, 2017). They are typically covered by sediments when older and in
closer vicinity to land. In the area of spreading centres with young crusts, the

20



2 Basic Principles

sediment cover is typically very thin or even completely missing.

2 A thin dike erupts, spilling lava on
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Figure 2.5: Decompression melting at seafloor spreading centres at MORs (Grotzinger

and Jordan, 2020).

The most common seafloor cover in the area of slow-spreading centres are
shown in Figure 2.6. Pillow lava obtained its name from its distinctive shape
(Figure 2.6a). When lava erupts on the seafloor, it quickly solidifies on the
outside when it comes in contact with cold water. The inside is still liquid and
continues to flow. Glass can often be found on the surface of pillow lava. In
general, they are not very stable and fragment easily (Figure 2.6b). Larger
accumulations of broken rock material with an irregular and sharp shape accu-

mulate at the bottom of steep slopes. They are called talus (Figure 2.6c).

Figure 2.6: Different seafloor types typical for areas of slow-spreading ridges: a) pillow
lava, b) fragmented pillow lava, c) talus.

21



2 Basic Principles

2.1.4 Hydrothermal Fields at Mid-Ocean Ridges

Discharge sites of hydrothermal fluids are mostly found in tectonically active re-
gions. About 65% of the known sites are located at MORs (Hannington et al.,
2005). Due to the strong forces of seafloor spreading, these areas have a
greater number of faults and fractures that allow seawater to penetrate up to
several kilometres into the oceanic crust. At slow-spreading ridges the hy-
drothermal fluid descends deeper (5km to 8 km) than at fast-spreading ridges
(1 km to 2km) because the depth of the magma chamber varies (Hannington
et al., 2005). During the percolation, the water is heated by the underlying
magma to over 400° C. In this way, seawater is transformed into a hot, re-
ducing, and acidic fluid that dissolves metal from surrounding rocks, which
enriches the hydrothermal fluid (Figure 2.7).

deep ocean

hydrothermal plume

black smoker

‘ 350°C o i
- ; : .. mixing with
pillow - --Relagic sediments white smoker ambient

basalt S 2 t | seawater

sulph'i'de mound metalliferous
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sheeted dikes upflow of
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bouyant,
acidic,
metal-rich
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reaction zone  400°C
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downflow of
cold seawater

cooling magma body

Figure 2.7: Scheme showing the principle of hydrothermal circulation and seafloor
massive sulphide deposit creation (Klischies, 2021).

At a certain point, the fluid density has decreased and it begins ascending
again until it is emitted from the seafloor as plumes of hot hydrothermal fluid.
When the hot reducing fluid comes into contact with cold, oxic seawater, it
suddenly cools down and precipitates the dissolved metals as sulphides. Some
of this process occurs already within the stockwork zone. A portion of the
sulphides will form small particles (1 um to 3 um) that are discharged into the
water column as black plumes. Such plumes of hydrothermal vents are often
black in colour and are therefore also called "black smokers". Depending on
the chemical composition and temperature, the fluids may also be grey, white,
or transparent, and the venting may be more diffuse. (SPC, 2013; Petersen
et al., 2016)

22



2 Basic Principles

After emerging at the surface, the hot hydrothermal fluid has a lower density
than the surrounding seawater and therefore ascends through the water col-
umn. This rising part of the plume is referred to as buoyant plume. As it
quickly mixes with the surrounding deep-sea water, it will only rise to between
100 m and 400 m above the seafloor, depending on factors such as the source
vent fluids or the degree of stratification of the water column (Speer and Rona,
1989). Above that, the so called non-buoyant plume spreads horizontally with
currents and can be detected chemically up to several or even tens to hundreds
of kilometres from the discharge site (German et al., 2008).

Most of the dissolved metal in the hydrothermal fluid is carried away by the cur-
rents, but some precipitates near the venting location or forms chimney struc-
tures. Such chimneys can reach heights of several tens of metres and can also
grow together to form beehive structures. The precipitation and collapse of the
chimney structures results in the formation of sulphide mounds as part of the
sulphide deposits at the site. Further processes involved in deposit formation
are dissolution and replacement within and below the mounds (Petersen et al.,
2018). If encouraged by the environment (accumulation/trapping, over a long
period of time), seafloor massive sulphide (SMS) deposits can develop with
high concentrations of economically interesting ore minerals of several hun-
dreds of metres in diameter. Such larger SMS are assumed to occur at about
half of the hydrothermal venting sites (Hannington et al., 2011).

Depending on the hydrothermal activity (e.g., temperature of fluid) and environ-
ment (e.g., tectonic setting, bulk chemical composition), the mineral composi-
tion of deposits varies. Strong regional variations are also possible. In gen-
eral, the deposits are enriched in base metals (iron, zinc, copper, lead), spe-
cial metals (cobalt, nickel, indium, germanium), or precious metals (gold and
silver) (Boschen et al., 2013). High-temperature sites are of particular com-
mercial interest because certain metals, like copper for example, dissolve only
at very high temperatures (approx. 400° C), and therefore such high-intensity
hydrothermal systems tend to concentrate mineral deposits (Boschen et al.,
2013). Cooler vents, or also the outer part of a deposit, are often compro-
mised by iron and zinc as their participation occurs at a lower temperature
(Petersen et al., 2018). Deposits are therefore heterogeneous and to obtain
information about the internal structure and composition of a deposit, methods
of subsurface geophysics, sampling, and drilling are necessary (SPC, 2013).

Active venting sites terminate over time when the distance to the heat source
increases due to seafloor spreading or the site is destructed by nearby erup-
tions. As mentioned before, magma chambers are shallower at fast-spreading
then slow-spreading centres, and therefore hydrothermal sites are found in
greater density at such plate boundaries (Hannington et al., 2011). However,
higher spreading rates also increase the likelihood of eruptions and therefore
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reduce the probability that a site will remain active for a long period of time and
form a large deposit. Usually, smaller deposits of less than a few thousand
tonnes have been observed at fast-spreading ridges (Hannington et al., 2005).
Due to their lower spreading rate and less frequent eruptions, the hydrother-
mal systems are more durable and have greater potential to develop larger
deposits (Hannington et al., 2005).

The hydrothermal fluid discharge areas can be up to several kilometres away
from the ridge axis (SPC, 2013). They often occur grouped within an area of
10km in diameter (hydrothermal fields). Such sites may be active (currently
emitting hydrothermal fluids), inactive (currently not emitting hydrothermal flu-
ids but may become active again), or extinct (not expected to become active
again) (Jamieson and Gartman, 2020). As the distinction between inactive and
extinct is not easily possible without deeper knowledge of the area and the hy-
drothermal system, the term inactive will be used in this study commonly for
sites without current fluid discharge. Deposits associated with inactive sites
are generally assumed to be larger (German et al., 2016) as they tend to be
older.

The first hydrothermal vent was discovered at the Galapagos Rift (Pacific Ocean)
in 1977 (Corliss et al., 1979). Since then, many more have been identified.
Currently, about 721 vent locations are known and listed in the InterRidge
Global Database of Active Submarine Hydrothermal Vent Fields, version 3.4 of
March 2020 (Figure 2.8) (Beaulieu and Szafranski, 2020). These venting sites
have been identified by detection of anomalies in the water column (marked in
yellow as inferred in Figure 2.8) or by direct observation (marked in red as con-
firmed in Figure 2.8). As can be noticed from the global distribution, hydrother-
mal vent sites are found predominantly in tectonically active areas such as
MORs, back-arc basins, volcanic arcs, and also seldom at hot-spot volcanoes.
About three quarters of known sites are active, as the exploration techniques
are mostly based on the detection of water column anomalies in temperature
or redox. ldentifying inactive sites is more difficult as they do not cause water
column anomalies and may be covered by sediment or lava (Petersen et al.,
2018). Refer to Chapter 3.1 for further details on SMS exploration.

The detection and identification of hydrothermal sites is not trivial, as they are
relatively small in size (starting from a few hundred square metres) for the
great water depths at which they are mostly found. Although the number of
known sites has been growing over the last years, many of the discovered
sites have not yet been verified, and knowledge of the size and composition
of the associated deposits is very limited as they are mainly lying underneath
the seafloor. Drilling or at least sampling is necessary to gain a better under-
standing. As a result, estimates of the number and average spacing of hy-
drothermal sites as well as of the number and size of associated deposits vary
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Figure 2.8: Vent locations after InterRidge Global Database of Active Submarine Hy-
drothermal Vent Fields, Version 3.4 from March 2020 coloured by status: confirmed
(red), inferred (yellow), and new since last version 3.3 in 2015 (blue) and bathymetry
from NOAA ETOPO1 (Beaulieu and Szafranski, 2020).

widely in literature. Such estimates are usually based on existing data like the
InterRidge Global Database, literature reviews, measurements, and models.
Beaulieu et al. (2015) predicts based on known occurrences that, in general,
approximately 1,300 active hydrothermal sites can be expected. In Hanning-
ton et al. (2011), the total number of vent fields and mineral deposits, based
on studies and models, is given as 500 to 5,000. Taking the InterRidge Global
Database as a reference, a distance of about 12 to 220 km can be estimated
between adjacent sites. Baker et al. (2016) concludes a spacing of about 3
to 20 km for fast- and intermediate-spreading ridges, taking into account also
diffuse and particle-poor venting as well as grouped sites. This assumption
is based on redox measurements from a towed platform along 1,470km of
fast- and intermediate- spreading ridge sections of the total 66,000 km length
of MORs worldwide. In Hannington et al. (2011), distances of about 54 km
at fast-spreading and 174 km at slow-spreading ridges are given for deposits
based on published data. These large differences in the estimates shows how
incomplete our current knowledge of existing hydrothermal sites and sulphide
deposits is.

Exploration and research of hydrothermal venting sites is not only focused on
their general resource potential, but also on their unique fauna. The develop-
ment of biological ecosystems at vent sites is made possible by the chemosyn-
thetic bacteria (SPC, 2013). The bacteria gains their energy not from photo-
synthesis but from chemical processes, allowing it to survive in hostile envi-
ronments without sunlight, like the deep sea. About 600 vent-endemic species
are known to exist only at hydrothermal sites. They survive in this environment
that is toxic to most animals. Local densities can reach a few thousands of
individuals per square metre. In the Indian Ocean, shrimps, anemones, and

25



2 Basic Principles

snails are typically found at venting sites (SPC, 2013). Figure 2.9 shows pic-
tures of typical vent fauna is depicted for active hydrothermal venting sites in
the Central Indian Ocean. When active sites becomes inactive, the vent fauna
vanishes and the sites become more accessible from an environmental per-
spective (Koschinsky et al., 2018).

Figure 2.9: Hydrothermal venting sites at the Central Indian Ocean with typical vent
fauna like shrimps in direct vicinity to the emitting venting fluids. (Pictures are courtesy
of BGR.)

2.1.5 Section Summary

This section provides a brief summary of the most important geological princi-
ples in the context of hydrothermal venting. Within the scope of this study, no
in-depth geological knowledge is expected or required. Therefore, the purpose
of this chapter is to introduce hydrothermal venting and SMS, as well as certain
terms and environmental characteristics that will be used at a later stage in this
work. For further reading refer to German et al. (2004) or Klischies (2021).

The above comparison of different estimates found in literature regarding the
number and density of hydrothermal sites, highlights the lack of knowledge
and the challenge of detecting and identifying these relatively small features
in a deep-sea environment. This illustrates the overall motivation of this study
to contribute to the improvement of exploration methods for hydrothermal sites
and SMS. The general BGR exploration workflow is outlined later in this work
(Chapter 3.1). High-resolution multibeam echo sounder (MBES) data plays a
crucial role in exploration and is also the main data source used in this study.
The principles of MBES using a submerged platform are presented in the fol-
lowing chapter.
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2.2 Principles of Seabed Mapping with Submerged Multi-
beam Echo Sounder Platforms

Echo sounders have been used to determine the water depth for more than
100 years. Prior to this, manual measurement techniques like lead lines were
used. Independent of the technique, each depth measurement (sounding) re-
quires its position in a global reference system to be known for georeferencing
and subsequent mapping. Depth and position are usually determined by differ-
ent instruments. For such a data acquisition by various sensors for a combined
data usage, the relative location and orientation of the sensors to each other
needs to be known and the individual data acquisition needs to be synchro-
nised. Such an integrated system consisting of different sensors measuring
the properties of their environment, is referred to as multi-sensor system.

In hydrography, moving multi-sensor systems or mobile mapping system (MMS)
have been classically used since the development of echo sounders: a com-
bined depth and position determination from a moving vessel. During the last
decades, the applications of multi-sensor MMSs (e.g., geospatial data acquisi-
tion from mobile platforms) have increased dramatically and today a wide vari-
ety of different platforms and sensors are used in geodesy and related fields.
For example, MMSs can be deployed in air, on roads, or in several thousand
metres of water depth. They use sensors that collect point clouds, videos, or
images of their surroundings. The configuration and complexity of an MMS
depends on the individual application.

This section explains the principles necessary for the understanding of seabed
mapping using multibeam echo sounder (MBES) on a submerged sensor plat-
form, as this was the main instrument used to acquire the data analysed in this
study. The principles include the basics of positioning 2.2.1, MBES bathymetry
2.2.2, and MBES backscatter data 2.2.3.

2.2.1 Positioning of Unmanned Underwater Multi-Sensor Platforms for
MBES Data Acquisition

Each MBES measurement is initially a relative measurement, providing a 3D
coordinate in relation to the transducer. Only by knowing the position and ori-
entation of the echo sounder in a global reference system can the initial mea-
surement be geo-referenced and spatially assessed. For this reason, the com-
mon MBES survey setup consists of several sensors: In addition to an MBES,
positioning and attitude sensors are also utilised. Typically, an inertial navi-
gation system (INS) is used for attitude determination and position estimates
using dead-reckoning. Additional external sensor information are included to
provide an integrated navigation solution. Such an integrated navigation solu-

27



2 Basic Principles

tion increases the accuracy as well as reliability of the navigation by combining
different positioning methods to reduce their individual disadvantages and ex-
ploit from their advantages. On the one hand, absolute positioning data from
GNSS (Global Navigation Satellite System) or USBL (ultra-short base line)
can often be noisy (low precision) or contain outliers. On the other hand, a
dead-reckoning navigation solution drifts strongly if no auxiliary information is
available (Groves, 2013). Depending on the setup and characteristics of the
individual survey, the navigation data may be post-processed at the initial pro-
cessing stage, to improve its quality. This typically involves the application of
further corrections, the removal of erroneous GNSS/USBL measurements, or
filtering of the integrated navigation solution with forward-backward-smoothing
filter for position drift. This is usually done before any further MBES data pro-
cessing.

Absolute positioning using GNSS is not possible for underwater applications.
USBL is therefore used as alternative. An USBL system consists of a transceiv-
er mounted under the vessel and a transponder installed at the underwater
platform. The transceiver consists of an array of four transducers. The emitted
acoustic signal from the transponder is received by the transceiver and based
on the phase difference of the received signal from each transducers in the
array is used to determine the direction to the transponder and also the slant
range between transceiver and transponder (Lurton, 2010). Since the absolute
position of the vessels is known (from GNSS positioning), as is its orientation
— and that of the USBL, the absolute position of the transponder and the un-
derwater vehicle can be determined and transformed into a global reference
system.

The accuracy of USBL systems depend on the distance between transceiver
and transponder, the validity of used sound speed profile, and the general
setup (e.g., stability of the installation, accuracy of the level arm determination).
Typically, the sole position accuracy and precision of an USBL is not sufficient
for high-resolution MBES surveys in several thousand metres of water depth.
In addition, this method does not provide the necessary data rate and attitude
information of the underwater vehicle, which are essential for high-resolution
MBES surveys. For this reason, INS are used not only on underwater vehicles
but also on ships. An INS is a three-dimensional dead reckoning navigation
system consisting of a set of inertial sensors, known as an inertial measure-
ment unit (IMU), and a navigation processor, as shown in the scheme in Figure
2.10 (Groves, 2013).

Dead reckoning is the process of calculating one’s current position from an ini-
tial position and then taking into account the determined speed and direction of
movement (course). Such inertial sensors are accelerometers and gyroscopes
measuring the force and angular rate along / around an axis. After integrating
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Figure 2.10: Schematic depiction of an submerged INS as used for MBES acquisition
(modified after Groves (2013))

the accelerations twice and the angular velocity once, the translation along
and rotation around the three axes have been determined. The navigation pro-
cessor also takes into account the external information (e.g., gravity model,
initial position) to output a position, velocity, and attitude solution. Such sole
dead reckoning navigation method is subject to a strong drift as small errors
accumulate over time (error propagation) if no further external data is used for
aiding. To reduce the drift and improve the accuracy of the position estimate,
additional sensor data is incorporated. For typical hydrographic applications
using an underwater vehicle, these are besides USBL (necessary for absolute
positioning), DVL (Doppler velocity log, providing speed over ground and alti-
tude information), and CTDs (conductivity temperature depth probe, forwarding
pressure and therefore vehicle depth information). (Groves, 2013)

The integration of data from various sources and with different characteristics
and accuracies is done by using algorithms like Kalman filter for an integrated
navigation solution. The disadvantages of the individual measurement tech-
niques used are compensated for and the overall position estimate is improved
and, in particular, the integrity and accuracy information can be provided.

Knowledge of the local and current water sound speed are crucial to the qual-
ity of any hydroacoustic measurement. Especially when echo sounders are
operated from ships and their signal travels from the water surface down to the
seabed, a sound speed profile (SSP) through the whole water column must be
provided to the echo sounder system. This is important to avoid wrong run-
time based calculations of the water depth and also to account for refraction
effects, particularly from MBES outer beams (Hughes Clarke, 2012). In appli-
cations, where unmanned vehicles with MBES are deployed in greater water
depths, the determination and updating of SSPs for the water column between
the echo sounder transducer and the seafloor is not as critical as for measure-
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ments using a MBES near to the water surface. At the water surface, the solar
radiation, waves, and local currents can lead to strong temperature and salinity
variations in the upper water column and thus to strong and also local changes
sound speed (Lurton, 2010). Below the water depth of at least 2,000 m, tem-
perature and salinity are compatibly stable and the sound speed depends only
on the pressure (e.g., water depth). Is can therefore be estimated better than
near the surface.

Although the SSP information is not regularly required for MBES measurement
when using an underwater vehicle as MBES carrier platform in the deep sea,
it is crucial for the USBL navigation. The length of the slant range between the
two main acoustic components of the USBL and its direction. A current and
valid SSP is important for accurate measurements, as the acoustic signal used
for distance measurement, is also subject to refraction due to different water
layers.

2.2.2 MBES Bathymetry Data

In general, an MBES uses a large number of narrow beams arranged in a fan
(swath) to determine the depth within a stripe on the seafloor. The beams
are generated by the transmitter (which insonifies a wide stripe of seabed in
across track and a narrow in along track direction) and the receiver of the
MBES (which is sensitive to multiple narrow stripes in across-track and a wide
stripe in along-track direction). A depth is determined for the individual areas
of insonification generated by the intersection of transmitter and receiver. They
are called beams and the area of insonification by one beam is referred to as
the footprint. Figure 2.11 shows the geometry of an MBES measurement. One
of the footprints and the corresponding beam are highlighted in red. Further-
more, the important MBES parameters of swath width L, swath opening angle
B, beam opening angle ¢, beam tilting angle 6, footprint diameter arx / arx and
distance between soundings dajong / Aacross are shown schematically.

In general, the measurement geometry of an MBES is determined on the basis
of various system, settings, or environment properties. Most parameters can
be modified by the system operator during the survey within a certain range in
order to adapt to given survey specifications or environmental changes.

Coverage

An important parameter for the coverage and therefore the efficiency of the
MBES mapping is the swath width L, which depends on the swath opening
angle g and the water depth D (IHO, 2011):

L=2-D-tan(§). (2.1)
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Figure 2.11: Scheme of MBES measurement geometry with water depth D, swath
width L, swath opening angle 3, beam opening angle ¢, footprint diameter arx / agrx,
and distance between soundings dong / Aacross (OWN illustration).

The swath aperture 5 is manually adjusted during a survey depending on the
data requirements, as a large swath width will increase the coverage but a
decrease in across-track sounding density. Furthermore, a larger coverage
also results in a decline in quality of the outer beam soundings due to the
larger slant range, its greater susceptibility to refraction effects, and its weaker
backscattered return signal.

Footprint Diameter / Horizontal Resolution

The footprint size is an important value in MBES data analysis, as it defines the
horizontal resolution of a sounding. The backscattered signal from the seafloor
is processed by the MBES using bottom detection methods to determine the
travel time of the pulse and hence the water depth. The location of the target
backscattering the acoustic pulse within the footprint is not known. Therefore,
the depth measurement is usually assigned to the position of the beam centre.
Larger beam opening angles result in a less detailed detection of small seafloor
features within a given water depth.

The area of insonification by one beam depends on the beam opening angle
¢ (system dependent, typically 0.5° - 2°), the water depth D, and the beam
tilting angle 0. As the transmitter and receiver beam opening angle can differ
from each other, this also accounts for the footprint diameter in across- and
along-track direction. The horizontal resolution is examined separately by dis-
tinguishing between the beam opening angle in along-track direction ¢1x and in
across-track direction ¢rx. Therefore, the footprint diameter for a flat seafloor
can be approximated according to IHO (2011) as

2-D ; d1x

arx=m an( 5 ), (2.2)
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_ 2D PRx
apx = F’Z(e) . tan(T). (2.3)

Vertical Resolution

The vertical resolution is the minimum vertical distance between two targets
that can be separately separately by the echo sounder. In order to achieve
this, the distance between the targets has to be greater than half the pulse
length of the signal (IHO, 2011). For CW (continuous wave) signals, a shorter
pulse length therefore gives a better vertical resolution. On the other hand, a
longer pulse allows more energy to be transmitted into the water column, thus
increasing the range. The pulse length of an echo sounder should be as short
as possible to achieve a small vertical resolution, but must be long enough
to reach the required range within the survey area (IHO, 2011). The vertical
resolution can be derived from the sound speed ¢ and the pulse duration 7
according to de Jong (2006) as

bz=c- = (2.4)

Sounding Density

The number of beams varies depending on the echo sounder model. Modern
MBES use up to several hundred beams per ping. Their arrangement within
the swath can be adjusted by the operator. Typically, equidistant and equiangu-
lar modes are available, as well as sometimes also a high density mode with
an increased number of derived soundings for a given swath opening angle.
The equidistant mode is often used to achieve a homogeneous distribution of
soundings within the swath. It increases the number of soundings in the inner
swath and decreases their number in the outer swath. This mode is often used
to increase the number of soundings with better quality, as the inner beams
typically have. By setting the fan opening angle § and the mode (number of
beams n), the across-track density d.css (distance between adjacent sound-
ings) is defined in relation to a given water depth D. It can be approximated
when using an equidistant mode by

L 2-D-tan(9)

across = E = f (25)

The sounding density in along-track direction is a function of the ship speed v

and the ping rate f.
1
da/ong =V- 7 (26)
The ping rate depends on the two-way-travel time as an acoustic signal is often

only sent after the previous is received. The ping rate is therefore related to
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the water depth and the sound speed.

2.2.3 MBES Backscatter Data

In general, three different processes occur when an acoustic signal reaches
the seafloor at an incident angle: A part of the incident signal is reflected
in symmetrical direction away from the source (specular reflection), a part is
scattered in all directions, and another part penetrates the seafloor. Within the
sediments, the signal is deflected due to refraction and also volume scattering
occurs. These processes are depicted schematically in Figure 2.12.
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Figure 2.12: Schematic representation of the processes occurring when an incident
acoustic signal reaches the seabed: reflection, transmission, and scattering (modified
after Lurton (2010)).

The scattering of acoustic energy at the seafloor back towards the echo sounder
is called backscattering (Lurton, 2010). The backscattered signal is the infor-
mation which is received and processed by the MBES for water depth deter-
mination. How much of the incident energy is backscattered towards the echo
sounder depends on several factors and parameters: echo sounder settings
(e.g., transmission level), physical properties of the water (e.g., absorption),
acquisition geometry, and seabed characteristics. Most MBES today not only
determine the water depth, but also collect information on the received intensity
signal. This can be used to derive information about the seabed characteris-
tics after all other non seabed properties related effects have been eliminated.
Changes in the backscattered intensities would therefore indicate changes in
the seabed properties, allowing a prediction of the seabed type composition
and distribution throughout the survey area.

The processes involved in an echo sounder measurement can be summarised
in the sonar equation. For an active echo sounder, the sonar equation is

EL=SL—2TL+TS. (2.7)
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The echo level EL is the echo received by the sonar. SL is the source level
transmitted by the transducer in 1 m distance to it, TL is the transmission loss
of the signal as it propagates through the water column, and TS is the target
strength (intensity backscattered from the target to the echo sounder in propor-
tion to how much was received at the target). If the echo level exceeds a certain
threshold, the return is interpreted as a seafloor response and processed.

The components of the sonar equation are shown schematically in Figure 2.13.
Often, the sonar equation includes an additional part that describes the noise
(background noise, reverberation) detected by the echo sounder in addition to
the target echo. Assuming that the echo level is higher than the noise, this part
has been neglected at this point for simplification.

1)

Figure 2.13: Scheme of the components summarised within the sonar equation (own
illustration).

SL

One important acoustic quantity is the acoustic intensity /, which describes the
power per area unit and can be expressed for a plane wave after Lurton (2010)
as

P [ W
-£ {W} (2.8)

with the acoustic pressure p, density of the medium p, and sound velocity
c. The product of density and sound velocity is also referred to as acoustic
impedance and is a measure for the resistance of a medium to the formation
of an acoustic wave. The quantities of the sonar equation are given as levels
in decibel (dB, ten times the decadic logarithm) as this logarithmic unit allows
a more functional handling of acoustic quantities. Expressing the acoustic in-
tensity as intensity level IL in decibels (ten times the decadic logarithm of the
ratio of the intensity / to a reference intensity /, yields:

IL = log é[B] - 10log /—i[dB] (2.9)
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Going back to the sonar equation, the source level SL can therefore be ex-
pressed as

SL = 10Iog/i||re1uPa@1m (2.10)
0

This reference intensity is the intensity of an acoustic plane wave with a root
mean square pressure of 1 pPa at a distance of 1 m (Lurton and Lamarche,
2015). As the signal propagates through the water, it experience energy losses
due to geometrical spreading and absorption. This transmission loss TL is
defined according to Lurton (2010) as

TL=20|OQi+aR (2.11)
R1m

where R is the range in metres and « is the absorption coefficient. The first
summand accounts for the loss due to the spreading and the second summand
for the loss due to absorption. Since the transmission loss occurs on the way
away from the source as well as on its way back from the target, TL is included
in the sonar equation with a factor of 2. The target strength TS is generally
defined as the ratio of the intensity of the backscattered signal /s and the
incident intensity /;

TS =101log I%. (2.12)
Generally, a differentiation between point targets and extended targets is made
when considering the target strength. Point targets like a fish or gas bubble are
completely insonified by the echo sounder beam whereas extended targets are
only partially insonified. Due to reasons of simplification, only the scattering of
an extended target (like the seafloor) will be described here. For more infor-
mation on point targets, please refer to further literature like (Lurton, 2010) or
(Lurton and Lamarche, 2015).

The target strength of extended targets

TS=BS+10log A (2.13)

depends on the unit surface/volume backscattering strength BS (in dB, of 1 m?
seafloor) and the area of insonification A (Lurton, 2010). The area of insoni-
fication A depends on the beam aperture, the signal duration, and the mea-
surement configuration (e.g., range, angle). The backscattering strength is re-
lated to the seabed type and its properties, the incident angle, and the acous-
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tic frequency. It is the parameter of interest in regard to backscatter analy-
sis as it includes the seabed characteristics. Once all other influences have
been removed from the measured echo level, and therefore the backscattering
strength information has been retrieved, a backscatter analysis of the survey
area can be performed. Such backscatter analyses are used in a variety of
research areas such as habitat mapping, sediment grain sizes estimation, or —
as with the INDEX project, to differentiate seabed characteristics and support
geological mapping.

2.2.4 Section Summary

This chapter focuses on explaining the basic functionality of the MBES and
sensor specific terms to give the reader some fundamental background infor-
mation. Besides concentrating on the mapping sensor — MBES — some theory
specific to the use of unmanned underwater vehicles as mobile mapping plat-
forms is provided. The objective is to explain what other sensors are needed
and their working principles. The explanation is kept more general and de-
tailed specifications of the instruments used can be found in Chapter 3.2.1.
The complete MBES processing workflow from validation, correction, and im-
provement to the generation of digital terrain models (DTM) and mosaics is
outlined in Chapter 4. As the final data products (DTMs and mosaics) were
used for an automatic detection of sulphide mounds using Al techniques, the
following Chapter 2.3 provides some definitions of Al terms and an introductory
insight into the different methods summarised under the general term of Al.

2.3 Al Technologies

In recent years, technologies using Artificial Intelligence (Al) have been in-
creasingly introduced into a wide variety of branches and industries and thus
into our everyday lives. It is a still growing field of technologies and tools that
aim to build systems that carry out tasks that usually require human intelligence
and typically involve some form of learning and problem solving (Berlyand and
Jabin, 2023). Typical applications can be found in healthcare, media, finance,
automation, or robotics (de Albuquerque et al., 2024). Such machines using
Al have a certain autonomy and can, among other things, process large data
sets, recognise objects, make decisions, and give recommendations.

Typical tasks solved by Al — and used in this study — include data segmenta-
tion, classification, and characterisation. These terms are closely related and
can also be understood as different stages within one workflow. Segmentation
originates from the field of image processing and describes the process of di-
viding an image into different regions — segments — based on the pixel values.
In a classification, these groups, differentiated by their properties, are assigned
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a predefined label or category. In a characterisation, the properties and char-
acteristics of a class or segment are further described. (Blondel, 2003)

The term "Al" summarises a wide variety of technologies and tools. As within
this study certain Al tools are used, this chapter provides some basic defini-
tions and distinctions of terms used in the field of Al in order to provide some
essential fundaments for further chapters.

Machine Learning (ML) is a subfield of Al and is the generic term used for
algorithms that incorporate intelligence into machines by using some kind of
learning. These approaches do not involve specific programming to define
how the algorithm arrives at its results (Sze et al., 2017). Machine learning
techniques are typically used for data modelling and pattern identification in
the data. They can be divided into three types according to de Albuquerque
et al. (2024):

» Supervised Learning: An ML model is trained on a data set with la-
belled input and output. The target output is known, and from this the
model learns to predict the output for new data samples. Such supervised
learning approaches are typically used in predictive analysis or classifica-
tion.

* Unsupervised Learning: The training data is not labelled and the algo-
rithm must create its own labels to identify patterns without a given explicit
target output. Clustering or anomaly detection are typical application for
unsupervised learning techniques.

* Reinforced Learning: These types of ML algorithms use feedback from
the environment in the form of rewards and punishments. This allows
these algorithms to learn faster and adapt to changing conditions in com-
parison to unsupervised learning approaches.

Deep Learning (DL) is a term for a subset of ML methods that mimic the
structure of the human brain and consist of artificial neural networks. A neuron
is a processing unit put together in multiple layers of neurons (Figure 2.14).
The neurons are connected between the layers. Their outputs are called acti-
vations. Synapses are the weight between the output of one neuron and the
input of the next one. They scale the signal by weight. Hence, they are referred
to typically as weights. Each neuron has a threshold. The weighted sum of the
input is only combined and further processed if the input exceeds the threshold
value. As a network is trained, the weights are updated. The aim is to min-
imise the loss, which is the difference between the ideal result (labelled data)
and the prediction made by the neural network based on the current weights
(Sze et al., 2017).
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Figure 2.14: Simplified scheme of artificial neural network (Sze et al., 2017)

Neural networks with more than three layers (i.e., one input layer, one output
layer, and more than one hidden layer) are considered to belong to DL (Sze
et al., 2017). The more complex the structure of a neural network, the higher
the level of abstraction and performance that can be achieved. Like ML al-
gorithms, DL can use supervised, unsupervised, or reinforced learning. DL
methods can process large amounts of data and are capable of automated
decision making (de Albuquerque et al., 2024).

Convolutional neural networks (CNN) are neural networks that use convolu-
tional layers to make the computation more efficient. Unlike layers in general
deep neural networks, only a limited number of neurons of the input layer —
called the local receptive field — are connected to neurons in the hidden layer.
A neuron in the hidden layer therefore does not process the whole input, but
only a part of it. The receptive field is defined by a filter. This approach follows
the assumption that local pixel patterns are more relevant for classification than
the overall data. Convolutional layers create abstractions of the input data — a
so called feature map. In addition, a CNN reduces the number of weights by
assigning the same weight to each of the neurons in the hidden layers. This
means that all of them detect the same feature. (MathWorks, 2017)

Figure 2.15 shows a scheme of a convolutional layer for multi-dimensional im-
age segmentation: In this example, the input activations for a convolutional
layer are sets of 2D input feature maps (i.e., channels). These are convolved
using filters composed of weights — a different one for each channel. The
results from one location (over all channels) are summed to one channel of
the output feature map. Additional filters may be used to generate a multi-
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dimensional output. (Sze et al., 2017)
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Figure 2.15: Scheme of multi-dimensional convolutions in CNN for image segmentation
(Sze et al., 2017).

CNN do not exclusively employ convolutional layers. A convolutional layer is
typically followed by a small number of fully-connected layers (all neuron of
the input layer are connected to all neurons of the hidden layer) for classifi-
cation. Another optional type of layers performs pooling. Pooling reduces the
dimension of a feature map using operations such as maximum or average for
example. lts utilisation makes the neural network more robust to small distor-
tions (Sze et al., 2017). CNN can vary in their architecture, such as layout of
layers and their connection, depending on their purpose. In this work, the CNN
U-Net (Ronneberger et al., 2015) is used for mound detection. It is therefore
explained in greater detail.

U-Net is a CNN originally developed for biomedical image segmentation (Ron-
neberger et al., 2015). It is designed to work with reduced training data, al-
lowing for more accurate segmentation. Figure 2.16 shows the architecture
of U-Net, which got its name from its distinct layer layout. It consists of two
phases: the encoder (or contracting part), which extracts features and reduces
the spatial dimension, and the decoder (expansive part), which increases the
spatial dimension again to reconstruct the output. The encoder recursively
consists of two 3x3 convolutional layers, each followed by a ReLU (rectified lin-
ear unit) for non-linearity, and a max pooling layer. The pooling layer reduces
the spatial dimension of the feature maps by taking the maximum value of the
2x2 window (without overlap). The encoder reduces the spatial dimension of
the maps, doubling the number of maps in each step. (Ronneberger et al.,
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Figure 2.16: U-Net structure (Juliani and Juliani, 2021).

The decoder upsamples the data back to its original size, using at each step
upsampling followed by a convolution to halve the number of feature map chan-
nels. This is followed by a concatenation with the corresponding encoder fea-
ture map and two 3x3 convolutions, each followed by a ReLU. The concate-
nation allows the layers to operate on and compare the encoder and decoder
features. This additional information improved the algorithm in terms of com-
putation time and training performance (Ronneberger et al., 2015). At the two
final layers, 1x1 convolutions map the feature vectors to the desired classes.
A softmax operation calculates the probabilities for each pixel to belong to one
of the classes.

The U-Net code and pre-trained models used in this work were obtained from
GitHub Juliani and Juliani (2021). It is scripted using Python 3.6, Tensorflow
1.14.0, and Scikit 0.24.2. The input data of 256 x 256 x 7 is augmented using
geometric and colour-based augmentations to increase the amount of training
data. Training is divided into epochs. An epoch is a run through the entire data
set. After each epoch, the model parameters are adjusted and a validation
is performed. A training consists of several epochs to allow the model to be
improved iteratively.

Typically, the data for a CNN is split into three parts to be used for different
purposes in the model building: training, validation, and testing. Training data
is used to adjust model parameters to improve predictions. During training,
the independent validation data is used to evaluate intermediate models. |If
the model performance does not improve on the validation data set, training
can be stopped at that particular epoch to avoid overfitting. Overfitting occurs
when the model learns not only to recognise certain underlying patterns, but
also very specific data characteristics such as noise or artefacts. In such a
case, the model will not perform well on new data that has not been used for
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training (de Albuquerque et al., 2024). Once the model has been completed,
the test data set is used to obtain an evaluation of the final model.
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Chapter 3

Data Acquisition and Characteris-
tics

This study investigates the potential of automated mound detection and identi-
fication based on high-resolution bathymetry and backscatter data in the deep
sea. Seven hydrothermal fields in the western Indian Ocean were selected as
study area. BGR (Federal Institute for Geosciences and Natural Resources)
provided different types of data for this study, covering the the seven hydrother-
mal fields. The following data set types were provided by BGR — or were gen-
erated based on the data provided:

* MBES bathymetric DTM (2 m resolution)

* MBES backscatter mosaic (1 m resolution)

+ Geological interpretation along ROV' tracks

» Geological maps

« Site locations of active and inactive hydrothermal venting sites
* ROV and VS (video sled) video material (of one field)

In this chapter, first, the study area and the general exploration concept are de-
scribed before the MBES instrumentation, acquisition, and data sets are out-
lined. The other data sets used for ground truthing, such as the video footage
and the resulting geological maps, are also presented. This chapter aims to
provide all relevant information on the study area and the final data derivatives
used for the work.

TAn ROV (Remotely Operated Vehicle) is a submersible sensor platform that is connected to an opera-
tor station by a tether. This tether transmits data from the ROV sensors to the operator, who can monitor
the ROV movement, its surrounding, and forward navigation or control commands. Depending on the
application, ROVs can vary in size, payload, and capacities. They range from small observation class
ROVs, mainly equipped with cameras (as well as lighting), to work class ROVs with multiple sensors and
tools (Christ and Wernli, 2014).
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3.1 Study Area and SMS Exploration

The United Nations Convention on the Law of the Sea (UNCLOS) was finalised
1982 and entered into force in 1994. It deals with the rights, obligations, and
responsibilities of nations in regard of the seas. The high seas are beyond
national jurisdiction and open to everyone, which includes the freedom of nav-
igation, cable laying, fishing, or research (UN General Assembly, 1982). As
part of UNCLOS, the International Seabed Authority (ISA) was established in
Kingston, Jamaica. The aim of the ISA is the protection of the marine en-
vironment and it organises and controls mineral resources related activities
in open waters, which cover about 54% of the ocean’s surface (International
Seabed Authority, 2021). Mineral resources of interest include polymetallic
(manganese) nodules, cobalt-rich ferromanganese crusts, and seafloor mas-
sive sulphides of hydrothermal origin. The BGR has received such a contract
for the exploration of marine mineral resources on behalf of the German gov-
ernment (Bundesanstalt fir Geowissenschaften und Rohstoffe, 2021).

Since being granted the contract for the exploration of SMS deposits in 2015,
BGR has been investigating active and inactive hydrothermal sites and pos-
sible seafloor massive sulphide deposits in the western Indian Ocean within
the INDEX (INDian ocean EXploration) project. Annual cruises are carried out
to the contract area to investigate known sites and identify new ones. The
contract area consists of 12 clusters along the Central (CIR) and Southeastern
Indian Ridge (SEIR). The spreading centres meet at the Rodriguez Triple Junc-
tion, where the three tectonic plates (Indo-Australian, Somalia/African, Antarc-
tic) meet. Each cluster consists of 5 to 17 blocks of 10 x 10 km? (Figure 3.1).

All clusters are located close to the spreading centres of the slow-spreading
CIR (spreading rate of 4.7 cm/yr) and the intermediate-spreading SEIR (spread-
ing rate of 5.7cm/yr) (Bartsch, 2014). As mentioned in Chapter 2.1.4, the
majority of hydrothermal venting sites are found in the vicinity of MORs. Slow-
spreading ridges in particular, are more likely to form large deposits because
the sites move more slowly away from the heat source. In addition, also the
probability of destruction by nearby eruptions is lower. The expected density
of hydrothermal fields is lower than at fast-spreading ridges as the magma is
located in greater depth (German et al., 2016).

The exploration of hydrothermal venting sites and possible associated SMS de-
posits involves their identification, delineation, and evaluation (SPC, 2013). Hy-
drothermal venting sites vary in size — ranging from just a few hundred square
metres to several million square metres. ldentifying such small seafloor fea-
tures in great water depths of about 3,000 m, as in the INDEX contract area,
is challenging because the size of individual sulphide mounds on the seafloor
coincides roughly with the resolution of ship-borne MBES. As a result, they
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Figure 3.1: Overview of the contract area for exploration in the Indian Ocean (IN-
DEX) consisting of 12 clusters and 100 blocks (white) with bathymetry in the back-
ground (GEBCO_2019 grid (GEBCO Compilation Group, 2019) and ship-borne MBES
bathymetry (resolution 40 m)).

cannot be mapped using ship-borne methods. In the following, the exploration
method to detect new hydrothermal sites is described based on the concept of
BGR, which is complies with general approaches.

A bathymetric map and backscatter mosaic derived from ship-borne MBES
data serve as basis to identify geological features and possible areas of interest
with a higher probability of hydrothermal activity (Gracia et al., 2000; Eason
et al., 2016). In these areas, a sled equipped with chemical sensors is towed
to detect water column anomalies that possibly originate from hydrothermal
activity. Such "plume-hunting" sensors measure, for example, temperature,
oxidation-reduction potential (ORP), and particle concentration (German et al.,
2008; Tao et al., 2017; Baker et al., 2016; Peukert et al., 2018). BGR’s "plume
sled" SOPHI (Sled for Oceanographic Plume Hunting Investigation) is depicted
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in Figure 3.2 (top left). It is also equipped with CTD sensors (conductivity,
temperature, pressure, dissolved oxygen), rosettes for water sampling, and an
altimeter. SOPHI is towed behind the vessel in a tow-yow concept, constantly
altering the altitude over ground between 20 m and 400 m to ensure that water
column anomalies caused by hydrothermal venting are detected. The data is
monitored in real time and additional Miniature Autonomous Plume Recorders
(MAPRs) with turbidity and ORP sensors are deployed on the towing cable to
prevent missing plume caused anomalies at greater heights above the sled
(Walker et al., 2007; Baker, 2017).

Figure 3.2: BGR exploration tools for hydrothermal venting sites. From top left to bot-
tom right: SOPHI (Sled for Oceanographic Plume Hunting Investigation), HOMESIDE
- deep-towed MBES sled, visualisation of MBES water column data showing a plume,
ROV ROPOS. (Pictures are courtesy of BGR.)

Once an anomaly has been detected in the water column, possible areas of
origin are identified based on the water depth of the anomaly and the local
bathymetry. In these areas of interest, high-resolution mapping is performed
using an unmanned sensor platform equipped with MBES deployed at a low al-
titude (between 30 m and 100 m) above the seafloor (German et al., 2008; On-
dréas et al., 2018). Within the INDEX project, AUVs (Autonomous Underwater
Vehicles) and ROVs (Remotely Operated Vehicles) are employed occasionally,
but mainly the HOMESIDE sled developed by BGR is utilised (Figure 3.2 top
right). More detailed information on HOMESIDE and the installed sensors can
be found in Chapter 3.2. The high-resolution bathymetry allows a more detailed
geological interpretation of the local seafloor morphology and even the visual
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distinction of possible sulphide mounds associated with hydrothermal venting
(Jamieson et al., 2014). More importantly, the additional chemical sensors and
the real-time visualisation of the MBES water column data provide information
on the presence and location of active venting sites (Figure 3.2 bottom left).
Once new discharge sites of hydrothermal fluids have been located, a video
sled or an ROV with cameras is used to collect video footage of the site and its
surroundings (Figure 3.2 bottom right). Geological, biological, or fluid samples
can be taken with special gear attached to the ROV.

The exploration concept outlined above is limited to active sites with current
discharge of hydrothermal fluid. Furthermore, all these methods focus on sur-
face investigations, which provide only limited information about the size and
composition of the underlying deposit. Therefore, marine geophysical active
(electromagnetic, induced polarisation) and passive (self-potential, magnetics)
methods are used to identify buried deposits (e.g., inactive sites) and to obtain
some estimates of the dimension of a deposit (Muller et al., 2023). To gain in-
formation about the composition of a deposit, only sampling by drilling provides
conclusive information.

Hydrothermal venting does not occur isolated. Often a number of active and
inactive vents can be found in close proximity (approx. 30m) to each other.
They are then typically located on a mound or several connected mounds.
These are referred to as sites. An accumulation of sites in an area is called a
hydrothermal field. As of the end of 2023, 14 hydrothermal fields are known
within the INDEX contract area. 13 of these have been discovered since ob-
taining the exploration contract in 2015. Most of the hydrothermal venting sites
are located to the east of the ridge axis at a distance of up to 14 km from the
spreading centre.

The work of this study focuses on seven hydrothermal fields in the BGR con-
tract area. They are listed in Table 3.1 with their maximum extent as well as
the number of active and overall sites. The number of known sites and the
extent of the fields are regularly updated as new data is collected each year
and thereby further knowledge is gained about the fields.

Table 3.1: Overview of hydrothermal fields and their sites (status 01/2024).

Field Extent Total/Active Sites

Field 1 2.2km 14 /2
Field2 2km 771

Field3 1.7km 12/5
Field4 3.6km 15/1
Field5 3.7km 14/6
Field6 2.6km 16/9
Field7 2.4km 10/0
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These individual hydrothermal fields are shown and described below. As their
data is used for the CNN training and testing for mound detection in this work,
the local geomorphological differences between the fields may influence the
result. The mound shapes are also addressed, with emphasis on the differ-
ences between sulphide and volcanic mounds.

Field 1 consists of 14 sites and a total of seven active venting locations in
two of these sites. It was discovered in 2015 following the detection of water
column anomalies. It covers an area of 1.8 km x 1 km with water depths ranging
from 3,200 m to 3,000 m (Figure 3.3). Field 1is divided into two parts by a large
north-east tending fault. This fault has an orientation of about 120° and creates
a graben in the middle of Field 1. The individual sites are located along the
graben structure in a linear configuration and with a similar orientation. The
northern sites have a slightly different orientation to the linear alignment of
approx. 130°.
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Figure 3.3: Overview of Field 1 with sites locations.

Two of the sites within Field 1 are active. They are depicted in Figure 3.4
with bathymetry cross sections and images of the vents. The peaks of the two
mounds in Figure 3.4a are about 45 m apart. There are one or taw active vents
on each of them. The mounds have a size of about 35m x 35m each and a
height of approx. 10 m above the surrounding area. There is also evidence of
past activity in the form of weathered and collapsed chimney remnants in their
vicinity. The site in Figure 3.4b and Figure 3.4c has several vents, including
a large beehive chimney structure with various active and inactive chimneys.
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There are several mounds: One with a diameter of about 80 m (Figure 3.4b)
and two mounds in close proximity with a combined size of approx. 200 m x
100 m (Figure 3.4c). The height of all these mounds is about 10m to 15m.

Figure 3.4: Active vent locations in Field 1 with bathymetry (2 m contour interval), cross
section, and pictures. (Pictures are courtesy of BGR.)

From the cross sections above, certain shape characteristics of sulphide mounds
can be noted: They have steep slopes, the top is conical, and their sides are
often irregularly shaped (Jamieson et al., 2014; Murton et al., 2019). Figure
3.5 shows several inactive sites of Field 1 with bathymetric cross sections and
images. The typical sulphide mound shape is still visible in the ones where
only limited erosion or weathering has occurred. Figure 3.5a is an example
of such a site that has recently become extinct. It is a large site where some
of the tall inactive chimneys are still standing upright. Older inactive sites are
more likely to be weathered and be covered by sediment. The typical sulphide
mound morphology is no longer as distinct and the slope and conical top ap-
pear smoother (Figure 3.5b) (Murton et al., 2019). Weathering and cover can
progress to a stage, where the mound structure is no longer morphologically
apparent and only stained sediments or very small chimney remnants indicate
past hydrothermal activity, as at the site shown in Figure 3.5c.

Lava domes of volcanic origin also form mounds of similar size to sulphide
mounds. These volcanic mounds are formed by solidified lava and consist
of pillow lavas. Their shape is usually slightly different from that of sulphide
mounds, as the top is less conical evolved and has a more smooth concave
shape, as shown in Figure 3.6.

Mound analysis based on bathymetry alone is not trivial, and ground-truth data
such as video imagery is important for a reliable distinction of its type (i.e.,
sulphide or volcanic). There are two reasons why interpretation is difficult:
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firstly, the geometric outline of mounds is not easy to define, as the transition
from mound to surrounding terrain is gradual. Secondly, the shape of mounds,
especially inactive sulphide mounds, changes due to erosion and weathering.
In addition, the (partial) coverage of a mound with talus or other material may
further alter its morphological appearance.

Figure 3.5: Inactive vent locations in Field 1 with bathymetry (2 m contour interval),
cross section, and pictures. (Pictures are courtesy of BGR.)

60 80

Figure 3.6: Volcanic domes in Field 1 with bathymetry (2 m contour interval) and cross
section.
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Figure 3.7: Overview of Field 2 and its sites.

Figure 3.8: Overview of Field 3 and its sites.
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Field 2 consists of seven sites, of
which only site 1 is active. This
site consists of several discharge
sites on two overlapping mounds
(about 150m x 150m each). It
is located approx. 1.3km west
of the other sites, which extend

| over a distance of 1km to 8km

in north-south direction. The av-
erage water depth of the sites is
about 3,200m to 3,400m. They

4 are located on the western flank of

a larger topographic ridge. Mound
structures are not visible at any of
the inactive sites and are mostly

| weathered.

Field 3 extents over 3.3km in
north-south and 1.5 km east-west.
Of its twelve sites, five are ac-
tive (sites 1, 4-6, 8). Sites 1 and
4 have small mounds of 50m to

| 100m in diameter. Similarly, at

sites 5 and 8 only a small mound
of less than 30m in diameter is
visible. It is mostly covered by
inactive and weathered chimneys
and only diffuse venting was ob-
served. Similarly, site 6 consists of
an isolated patch of diffuse vent-
ing. Smooth mounds can be ob-
served at sites 7 and 9. No
such bathymetric structures can

| be identified at sites 3, 7, 10, and

11. At site 12 two small over-
lapping mounds with a combined
diameter of max. 80m can be
noted.
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Within Field 4 there are 14 cur-
| rently known sites, of which only
one is active. The sites extend
over 2km in an east-west direction
and about 3.2km in north-south
direction, in water depths between
| 2,600m and 2,900 m. At most of
the sites, mounds with typical di-
mensions of 100 m to 150 m in di-
ameter and 20 m to 50 m in height
| can be observed. The sites are
mostly located along the north-
ern slope of a north-west to east
trending ridge. The sites south of
the ridge are more heavily weath-
ered than those to the north.

Figure 3.9: Overview of Field 4 and its sites.
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Field 5 to 7 are in close proximity to each other. The sites of Field 5 and Field
6 are arranged linearly on the south-western slopes of two NW-SE trending
flanks. Both are parallel to each other at a distance of 1.2km. Field 5 and
Field 6 have 14 and 16 sites respectively, of which 6 and 9 are active. A
plateau extends further east where Field 7 is located in about 1 km from Field
6. It was discovered during INDEX 2023 and ten inactive sites were confirmed
by ROV dives during this cruise. However, there are a large number of possible
sulphide mounds visible in the bathymetry that have not been verified yet. So
there may be more sites, but this needs to be confirmed by future ROV dives.
The water depths are very similar for all fields ranging between 2,300 m and
2,650 m. Overviews of the fields are shown in Figure 3.10 to 3.12.

Figure 3.10: Overview of Field 5 with sites.
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Figure 3.11: Overview of Field 6 with sites.

Figure 3.12: Overview of Field 7 with sites.
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3.2 High-Resolution MBES Data of Deep-towed Sled HOME-
SIDE

3.2.1 Instrumentation

HOMESIDE ("Hochauflésendes Multibeam-Echolot, Sidescan-Depressor"; en-
glish: "high-resolution MBES, sidescan depressor") is a deep-towed sled de-
veloped by BGR (Figure 3.13). It has been used since INDEX 2015 to obtain
high-resolution bathymetric and backscatter maps. Its main acquisition sensor
is a multi-beam echo sounder. HOMESIDE is towed behind the vessel at a
speed of about 1 kn and an altitude of approx. 100 m above the seafloor. In
addition to the MBES, various navigation and data acquisition sensors are in-
stalled for hydrothermal site detection. As the instrument is constantly being
improved, some of the sensors have been used since the first deployments,
while others have been added at a later stage. In this chapter, the individual
sensors and the functionality of HOMESIDE are explained in more detail.

Figure 3.13: BGR HOMESIDE with single-RX setup during cruise INDEX 2018
(left) and with dual-RX setup during INDEX 2019 (right) (Bundesanstalt fir Geowis-
senschaften und Rohstoffe, 2018, 2019)

The HOMESIDE MBES is a Kongsberg EM 2040. This MBES was used with
a single receiver array (RX) from 2015 to 2018 and was upgraded to a dual-
RX version before INDEX 2019. The EM 2040 allows the user to select a
nominal measurement frequency of 200, 300, or 400 kHz. The angular across-
track coverage is specified by the manufacturer as 140° for the single-receiver
configuration. In the dual-receiver configuration and under normal conditions,
an swath opening angle of 160°can be used. The beam opening angle varies
between 0.7° x 0.7° (400kHz) and 1.5° x 1.5°(200kHz) and it has 256 pre-
formed beam (Kongsberg, 2017). The number of soundings of a ping can be
increased to 400 in “high-density mode” and the signal can be set to continuous
wave or frequency modulated (for 200 kHz and 300 kHz only).

Since 2019, the typical HOMESIDE setup includes a string attached to the aft
that detects self-potential anomalies — that is, anomalies in the general natural
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electric potential field caused by electrochemical processes (Sharma, 1997).
A buried sulphide deposit reacts with its surroundings. This includes oxidation-
reduction processes which affect the potential and thereby the geoelectrical
field, detectable as a negative anomaly — (i.e., self-potential anomaly)(Sato
and Mooney, 1960). The string attached to HOMESIDE consists of electrodes
whose voltage difference is measured. It is partially visible on the far right in
Figure 3.13 right. This method has proved to be very valuable in detecting
deposits of inactive hydrothermal sites that cannot be detected by the classical
chemical sensors or the water column backscatter data (Kawada and Kasaya,
2017). lts disadvantage is its sensitivity to changes in altitude and its limited
coverage. The towing altitude of HOMESIDE is typically about 100 to 120 m
during regular deployments (e.g., with attached self-potential string and focus
on increasing coverage and vent detection).

During some of the geophysical cruises within the INDEX project, HOMESIDE
was used as a towing vehicle for deep-towed three-axial electric field receivers
(Vulcans) (Constable et al., 2016; Muller et al., 2023). They work similar as
the self-potential string, but as the name suggests, they allow three dimen-
sional measurements of the electrical field vector. In these surveys, the alti-
tude is reduced to about 50 m and the profile spacing to about 100 m to 150 m.
Such deployments focus on further investigation of known sites and usually no
additional bathymetric coverage is achieved. However, these data sets have
a higher resolution. Overall, the resulting swath coverage of HOMESIDE de-
pends on the acoustic frequency, the altitude, MBES settings, and local terrain.
It varies from about 500 m swath width for regular high-resolution surveys for
vent detection to approx. 300 m during ultra-high-resolution deployments with
attached Vulcans.

As mentioned in Chapter 2.2.1, the positioning accuracy is crucial when col-
lecting high-resolution MBES data. To meet the high accuracy requirements,
an INS Exail PHINS 6000 is installed on HOMESIDE (Table 3.2). Its IMU (iner-
tial measurement unit) also includes three accelerometers and three fibre-optic
gyroscopes (FOGs) (Exail, 2016). The use of FOGs does not require any ad-
ditional heading information. The additional navigation aiding sensors installed
are the DVL Teledyne RDI Workhorse Navigator 600, which provides additional
speed over ground and altitude information, and the CTD Valeport Midas SVX,
which provides additional sensor depth information.

As the INDEX cruises always take place on different research vessels, HOME-
SIDE deployments have been carried out with different USBL systems. Table
3.3 lists the main USBL systems used for HOMESIDE data collection in recent
years. Typically, each research vessel has its own USBL system installed. In
2018, BGR purchased the USBL Sonardyne Ranger 2, which was used during
INDEX 2018 and from that onwards. Sometimes it was used as the only ab-
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Table 3.2: Specifications of the INS Exail PHINS 6000 (Exail, 2018).

Position accuracy with USBL Three times better than USBL accuracy
Position accuracy with DVL 0.1% of travel distance

Position accuracy with no aiding for imin/2min 0.8 m/3.2m

Heading accuracy with DVL/USBL 0.02° secant latitude

Roll and pitch accuracy 0.01°

Heave accuracy 5cm or 5%

solute position source, sometimes only the ship system, and sometimes both
systems together.

Table 3.3: Vessel and USBL systems used during HOMESIDE deployments.

INDEX Cruise Vessel USBL

INDEX 2015 R/V Pelagia HiPAP 100

INDEX 2016  R/V Maria S. Merian Sonardyne Ranger 2

INDEX 2017 R/V Sonne Posidonia

INDEX 2018 R/V Pelagia HiPAP 100 and Sonardyne Ranger 2
INDEX 2019 R/V Sonne Posidonia and Sonardyne Ranger 2
INDEX 2021 R/V Pelagia Posidonia and Sonardyne Ranger 2
INDEX 2022 R/V Pelagia HiPAP 100 and Sonardyne Ranger 2
INDEX 2023 R/V Sonne Sonardyne Ranger 2

All of the USBLs are deep-sea systems, operating with low acoustic frequen-
cies and similar positioning accuracies. The navigation accuracy of HOME-
SIDE depends on the distance between the ship-mounted transceiver and the
transponder in HOMESIDE, as can be noted from Table 3.4, which lists the
characteristics of the main used USBL systems.

Table 3.4: Overview of USBL properties used in HOMESIDE deployments (Kongsberg,
2016; Exail, 2023; Sonardyne, 2014)

USBL Acoustic Frequency Range Position Accuracy

TX bandwidth 10 — 12.5kHz
RX bandwidth 13 — 15.5kHz

. — TX bandwidth 8 — 14 kHz 0.12% slant range (with OCTANS)
Exail Posidonia >10,000m "4 069, slant range (with PHINS)

RX bandwidth 14 — 18 kHz
0.2% slant range (“typical”)
0.1% slant range (“optimised”)

Kongsberg HiPAP > 10,000 m 0.2% slant range

Sonardyne Ranger 2 19 — 34 kHz > 6,000m

The distance between the transceiver and the transponder varies depending
on whether the data is recorded in a turn or at the beginning of a station (slant
range of approx. 3,000 m) or after a longer period of profile survey (slant range
of approx. 5,000m). The positioning accuracy of the USBL can theoretically
be expected to be between 3m (0.1% slant range, 3,000m) and 10m (0.2%
slant range, 5,000 m) under ideal conditions — provided the USBL is calibrated
and the correct sound velocity is used. As HOMESIDE is equipped with an
INS, the final navigation accuracy could theoretically be in the range of 1 m
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to 4 m under optimum conditions. In practice, an accuracy of 10 m between
overlapping profiles (i.e., 5m in each direction) can be achieved. Mismatches
of 20 m or more between overlapping profiles are corrected in post-processing.

3.2.2 HOMESIDE MBES Data Sets

This study focuses on the high-resolution bathymetry and backscatter data
acquired with HOMESIDE of the seven hydrothermal fields and their surround-
ings presented above. Overall, four DTMs with a bathymetry of 2m resolution
and four backscatter mosaics with 1 m resolution have been used in this the-
sis. They cover all seven hydrothermal fields. They are compilations of HOME-
SIDE data from several years with possibly slightly different MBES settings and
varying swath overlap. Table 3.5 provides an overview of the data compilations
used, including the number of individual data sets and their year of acquisition.

Table 3.5: Overview of the data sets used, listing the hydrothermal fields, year of data
collection, number of stations, and area covered.

Number
Data Set Field Cruise ot MBES Area
Deployments
(Stations)
A Field 1-2 2015, 2017-2019, 2021-2023 30 272km?
B Field 3 2018, 2019, 2021, 2023 31 186 km?
C Field 4 2022 & 2023 16 130 km?
D Field 5-7 2017-2019, 2021-2023 30 194 km?
SUM: 107 782 km?

Combining multiple data sets, especially with different accuracy, is a crucial
step in deriving comprehensive data compilations that can be used for an auto-
mated feature detection. Part of this study includes therefore the development
of a processing workflow that ensures high quality data products. In Chapter
4 the processing workflow is described in more detail for the bathymetry col-
lected in Field 1 and Field 2 and for the backscatter for Field 1. Some of the
data was processed by other members of the working group. However, the
development of the processing workflow was part of this study.

Within this study, Field 1 was chosen as a sample data set for a closer analysis
of the backscatter data in Chapter 4, because several HOMESIDE data sets
of different years were collected there with a large overlap. This allows a de-
tailed analysis of the MBES data acquired with different settings and in various
directions. Therefore, the data of Field 1 will be described in more detail below
than the data of the other hydrothermal fields used in this work. However, the
MBES settings and acquisition characteristics are also representative of the
data collected throughout the INDEX area.
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Figure 3.14 shows an overview of the MBES data sets with HOMESIDE track
lines collected in the Field 1. Each deployment is divided into individual profiles
— each consisting of a straight data line and is numbered chronologically. The
main profile direction in Field 1 is 120°, along the bathymetry. The station
of 2015 was one of the first HOMESIDE deployments and therefore the track
lines deviate from the optimum straight line configuration. In 2017, the MBES
data set was extended southwards. A systematic mapping of the Field 1 took
place during two stations in 2019. Parallel and crossing profiles were placed
according to the Field 1 site locations.

2015-1_025HMS Bathymetry [m]
2017_037HMS | /| B -2850
—— 2019_032HMS | /| [ ] -3012.5
-== 2019_034HMS | |[ ]-3175
\:’ -
- -

3337.5
3500

Figure 3.14: Overview of HOMESIDE tracks (except INDEX 2022 data) in Field 1 with
number and acquisition direction of the main data profiles used for detailed analysis.

Table 3.6 gives an overview of all data profiles with the used acoustic fre-
quency, pulse width, and swath opening. Data profiles not used in the de-
tailed backscatter analysis (Chapter 4.2.2) are coloured in grey. The MBES
parameters, such as acoustic frequency or pulse type, can be changed dur-
ing data collection to adjust to the current acquisition geometry (e.g., reducing
the acoustic frequency to increase the range with larger altitudes). The char-
acteristics of MBES data can therefore vary along a profile, but are typically
attempted to keep fixed. In particular, at the beginning and in the end of a
profile, the altitude is usually higher, as the distance from the HOMESIDE to
the seabed is increased in turns to avoid the risk of bottom contact when the
ship changes sailing direction and abrupt reductions in drag are expected.
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Table 3.6 shows that in 2015 an acoustic frequency of 300kHz and an FM
pulse type are used during regular HOMESIDE deployments for hydrother-
mal site exploration and extension of bathymetric coverage. Profile 21 was
recorded with the MBES “additional soundings” functionality enabled, which is
only available for a CW pulse type. In 2019, the dual receiver, and therefore
a larger swath opening, was available when carrying out the specific survey
of Field 1. The preferred setting for this survey would have been 300 kHz and
FM, but it was noted early in the data acquisition that HOMESIDE was slightly
off the planned profile line. The settings were changed accordingly to increase
the coverage and ensure that the venting sites were covered by the data. In
2022, the altitude was 50 m instead of approx. 100 m as in during regular sur-
veys because the Vulcans were attached. As the distance to the seafloor was
lower, the acoustic frequency could be increased to 400 kHz. There is no FM
pulse available at 400 kHz.

Table 3.6: HOMESIDE data profiles recorded in the area of Field 1 with the corre-
sponding MBES settings. Data sets used for detailed backscatter analysis are coloured

in black.
. - . Dual / Single Pulse Swath TX Pulse

Station Profile  Files RX Frequency Type Opening Length
2015-1_025HMS 11 0-18 single RX 300kHz FM 70°/350m 675 um
2015-1_025HMS 12 36-50 single RX 300 kHz FM 70°/350m 675 um
2015-1_025HMS 13 58-83 single RX 300 kHz FM 70°/350m 675 um
2015-1_025HMS 14 91-111 single RX 300kHz FM 70°/ 350 m 675 um
2017_037HMS 21 2-18 single RX 300 kHz CW  70°/500m  602pm
2017_037HMS 22 21-43 single RX 200 kHz FM 70°/ 500 m 619 um
2017_037HMS 23 46-68 single RX 200 kHz FM 70°/500m 619 um
2017_037HMS 24 73-92 single RX 200 kHz FM 70°/ 500 m 619 um
2019_032HMS 31 1-14 dual RX 200 kHz FM 80°/500m  517um
2019_032HMS 32 18-32 dual RX 200 kHz FM 80°/500m  517um
2019_034HMS 33 1-15 dual RX 200 kHz FM 80°/500m  517um
2019_034HMS 34 27-38 dual RX 200 kHz FM 80°/500m 517 um
2019_034HMS 35 43-56 dual RX 200kHz FM 80°/500m  517um
2022_084HMS all 1-211 dual RX 400 kHz CW  80°/500m 107 um

3.3 Seabed Classification Based on Video Imagery

The video imagery collected by ROVs for visual inspection can be transferred
to a geological map. This is usually done by geologists on board. As part of this
study, an additional and finer scaled seafloor classification has been done for
Field 1, focusing on the acoustic characteristics. The map provides the ground
truth information for backscatter analysis. BGR provided the geological maps
of all investigated seven fields as well as the initial geological classification of
the ROV track, which is the initial step towards a geological map.

The imagery data of Field 1 processed in this study was collected during IN-
DEX 2015, INDEX 2022, and INDEX 2023 with the ROV ROPOS (Remotely

59



3 Data Acquisition and Characteristics

Operated Platform for Ocean Science) from CSSF (Canadian Scientific Sub-
mersible Facility). ROPOS is equipped with several cameras. In addition to a
wide-angle pilot camera for navigation purposes, the primary camera is an In-
site Pacific Zeus-Plus HD camera (10 x zoom 5.2 to 52 mm) and a secondary
Insite Pacific Mini-Zeus HD camera. Both can be tilted by the operator. In ad-
dition, a 36.3 megapixel Nikon D820 digital still camera with 14-24 mm AF-S
f2.8 lens is installed to capture high resolution images of specific biological or
geological interesting spots (CSSF, 2021).

In addition, visual data was collected during INDEX 2015 using the video sled
from NIOZ (Royal Netherlands Institute for Sea Research). Unlike an ROV, a
sled does not have its own propulsion system, but is towed behind the vessel.
The NIOZ video sled is equipped with two cameras: a Sony full HD 1920x1080
pixels block camera (downward looking) and one Sony HD block camera (for-
ward looking) (Bundesanstalt fir Geowissenschaften und Rohstoffe, 2015).
Both video platforms are equipped with two lasers 10 cm apart (ROPQOS) for
scaling and both systems are positioned by using USBL. ROPQOS is additionally
equipped with an Exail Octans Subsea 3000 Gen4 for attitude determination.

A total of eleven ROV and three video sled stations were conducted within
Field 1 (Table 3.7). The video tracks are shown in Figure 3.15. Altogether,
approx. 82 hours of video material were collected and used as ground truthing
for backscatter data. This was done by visually inspecting the videos and
classifying it according to the seabed type.

b7,

Bathymetry [m]
[ -2850
-3012.5
-3175
[ -3337.5
[ -3500

114

0 250 500 m
= AP CoF au

Figure 3.15: Overview of ROV ROPOS and video sled tracks within Field 1.

To create a geological map, a shapefile of line features was created for each
dive. Along the video track, this shapefile was filled with lines coloured accord-
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Table 3.7: ROV ROPOS and NIOZ video sled deployments in Field 1 with start and end

time (UTC) of video recording.

Station

Start Time (UTC) End Time (UTC)

2015_037_ROV02

2015_041_VS-1
2015_041_VS-2

2015_043_ROV03
2015_045_ROV04

2015_046_VS-1
2015_046_VS-2

2015_047_ROV05

2015_048_VS-1
2015_048_VS-2

2015_049_ROV06
2022_069_ROV
2022_071_ROV
2022_073_ROV
2023_034_ROV
2023_037_ROV

27.11.15 06:44

28.11.1510:39
28.11.15 15:00

29.11.1504:38
30.11.15 04:46

30.11.15 16:50
30.11.15 21:35

01.12.1504:38

01.12.1515:24
01.12.15 20:20

02.12.15 06:44
29.11.22 05:09
30.11.22 05:20
01.12.22 05:17
08.10.23 05:52
09.10.23 06:43
13.10.23 05:48

27.11.1511:20

28.11.15 13:01
28.11.1517:09

29.11.1511:19
30.11.1511:29

30.11.15 19:02
30.11.15 23:35

01.12.1511:10

01.12.1517:53
01.12.15 22:35

02.12.1511:25
29.11.22 12:39
30.11.22 12:37
01.12.22 11:48
08.12.23 12:02
09.10.23 12:29
13.10.23 12:00

2023 049 ROV

ing to the seabed type visible in the videos and images. The 2015 ROPOS
videos were not time-stamped and the html protocol (containing time-stamped
pictures and descriptions) was used to correlate the visual information with
time and hence the location. The bathymetric map from the HOMESIDE data
was used as a basis and it also helped to locate the imagery data, as naviga-
tion accuracy of the 2015 data in particular was low. As mentioned above, the
classification results were used for an MBES backscatter analysis. The focus
regarding the seabed classes was therefore lying on the acoustically distin-
guishable seabed types. Figure 3.16 shows examples of the selected classes
are.

Sediment Pillows/Tubes

Fragmented Pillows

Sediment with
Talus Patches

Pillows Sediment with Talus

with Sediments

Fragmented Pillows

with Sediment h Sediments

Figure 3.16: Distinguished seabed types of the video based classification of Field 1.
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The main seabed classes are sediment, talus, pillow, and crust. In addition,
mixed types, such as fragmented pillows — a combination of pillow and talus
— have been classified. Pillows, sometimes referred to as tubes depending
on their shape, are formed by the cooling of lava flows. These distinct pillow
and tube shapes are formed as the surface material cools down more rapidly
while the lava below continuous to flow. They are of basaltic origin and can
reach sizes of about one metre and more (at least in Field 7). Due to their
fine structure, they are generally porous and easily fractured. The fragments
of these basaltic flows are called basaltic talus, an can range in size from a
few centimetres to metres. Whereas “basaltic” provides information about the
material and origin, the term “talus” provides information about the structure
and refers to the fractured material in general. Unless otherwise stated in this
study, talus typically means basaltic talus.

Sediment of varying thickness covers the entire study area. Accumulations of
sediment typically occur in depressions or between pillows and are caused by
currents. Areas where the sediment completely covers the underlying struc-
tures are classified as sediment. Crusts are formed by the chemical accumu-
lation of metals dissolved in seawater. They can occur anywhere in the ocean.
However, the local chemical composition of the seawater and hydrothermal
fluids at hydrothermal active areas encourages the formation of hydrothermal
crusts. These have a distinct yellowish to reddish colour.

Areas with evidence of sulphides or active/inactive hydrothermal activity are
distinguished from other classes and further subdivided into sulphide block,
hydrothermal crust, and hydrothermal sediment. Sulphide blocks typically orig-
inate from fallen chimneys and are often covered by hydrothermal crust. Areas
of reddish and yellowish colouration are classified as hydrothermal sediments,
indicating the possible presence of hydrothermal and iron oxhydroxides com-
ponents. The final seabed classification is shown in Figure 3.17.

BGR provided geological maps of seven hydrothermal fields for this study.
Compared to the map above, these maps have a higher level of generalisa-
tion in term of seabed classes. Maps for geological interpretation must allow
for a broader inspection and therefore have to include larger structures and a
more general overview of the area. Therefore, these maps include geological
landforms and structures that are essential for geological analysis. The ge-
ological map created specifically for the backscatter analysis includes mixed
classes, allowing for a more detailed examination of the visualisation of indi-
vidual seabed types in the backscatter data (Chapter 5).
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Seafloor Classes

|:| Sediment
. Talus
Sediment with talus

: g Sediment with talus patches

[:' Fragmented pillow
" Fragmented pillow with sediment

. Pillow lava

. Pillow with sediment
. Crust
" Crust and sediment

Hydrothermal activity
Outline hydrothermal area

. Hydrothermal crust / blocks

Colored sediment

VA Talus (chimney remains)

Figure 3.17: Results of visual seabed classification based on video and imagery
footage of ROV ROPOS and NIOZ video sled in the area of Field 1.
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Chapter 4

MBES Data Processing

Post-processing is the process of checking, correcting, and improving the ac-
quired data to ensure high quality derivatives are created in the final stage.
In this chapter, the processing workflow of MBES bathymetry and backscatter
data, its improvement, and the generation of final products is described in more
detail using the example of the data set collected in the hydrothermal venting
Field 1.

4.1 Bathymetry Processing

( Parts of this chapter have been presented a the "FIG Working Week 2024" h
and published as conference paper in the "International Hydrographic Re-
view".

Dufek, T.; Freitag, R.; Kuhn, T.; Sternberg, H. (2024): Exploration of hydrothermal vent-
ing sites using deep-towed multibeam echo sounder data. International Hydrographic
L Review, 30(1), pp. 128-134. DOI: 10.58440/ihr-30-1-c01.

J

During an MBES survey, a number of sensor data is collected simultaneously
from a moving platform. These include at least MBES, positioning, attitude,
and SSP data. The individual sensor data is merged in a first step and then
checked to ensure that each data set is valid and conclusive. If necessary,
each sensor data can be improved individually and then updated for the overall
data and products, auch as DTMs, produced in the final step. The following
subchapters describe the general workflow as well as the more detailed one
for HOMESIDE and ship-borne bathymetric MBES data.

4.1.1 General Bathymetry Processing Workflow and DTM Generation

In general, the MBES raw data is stored in a manufacturer specific data for-
mat. Depending on the software used for the processing, the data is converted
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into a software specific format during import. Typically, the individual sensor
data is not collected at the same moment in time, as each has its own mea-
surement frequency. Therefore, the first step is to interpolate the data from the
auxiliary sensors so that each MBES measurement has position and attitude
information describing the orientation and location of the platform at the time of
measurement. All the data information is then merged, taking into account the
lever arms and SSP, to derive a 3D point coordinate in a global coordinate ref-
erence system. Corrections within the multi-sensor system setup of the (e.g.,
changing of sensor coordinates within the sensor system) can be applied at
this stage if necessary, or also updated data (e.g., corrected navigation data)
can be imported. SSP measurements can be re-applied to the data using
different methods to those used during acquisition.

Typical MBES software allows each sensor data to be visualised individually so
that it can be checked for outliers. The combined result is also inspected for er-
rors by visualising the sounding data as terrain model in a regular raster. This
facilitates the identification of gross or systematic errors, especially in overlap-
ping areas of the swath. Different editors allow the sounding data to be viewed
from various directions and erroneous depth values to be removed by flagging
them as “disabled/rejected”. They will then be ignored in the subsequent prod-
uct generation. This flagging can be done manually or by applying a predefined
filter. The settings of such automatic filters must be adjusted to the individual
data sets and their properties such as sounding density or water depth.

Once the data has been corrected, final products can be derived by gridding
the soundings, which are spatially inhomogeneously distributed data points,
into a regular spaced raster/grid. These resulting digital terrain models (DTMs)
can then further be used in various visualisation or GIS (Geographic Informa-
tion System) software for presentation and further analysis. A DTM should
represent the seabed as accurately and realistically as possible. Various al-
gorithms are available for the calculation of such a DTM. Typical approaches
are based on calculating the DTM cell value by taking into account the sound-
ings within a certain geometric radius - typically in the unit of the number of
neighbouring raster cells. The calculation method can be basic, such as the
mean, median, shallowest, or deepest value of all soundings considered. Or
weighted approaches such as Weighted Moving Average (WMA) can be used.
In this the weight of the influence of each sounding considered depends on its
proximity to the location of the raster cell centre for which the depth value is
being determined. An algorithm with a different approach is the CUBE (Com-
bined uncertainty and bathymetric estimator) algorithm. It was developed as a
research project of the Center for Coastal and Ocean Mapping and NOAA/UNH
Joint Hydrographic Center (CCOM/JHC) at the University of New Hampshire.
It is an error-based gridding method that takes into account the total propa-
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gated uncertainty (TPU) of a sounding. The TPU is the accumulated a priori
error taking into account all error sources of the sensors and their performance
during data acquisition (i.e., survey system, auxiliary sensors, survey platform
configuration). Following the law of error propagation, the total vertical and
horizontal uncertainties (TVU and THU) are determined for each sounding.
Further details can be found in Calder and Wells (2007).

Each of these calculation algorithms are accompanied with a number of user-
defined parameter settings. Irrespective of the DTM calculation method cho-
sen, the user always has to define the raster cell size and therefore the reso-
lution of the DTM. On the one hand, the DTM resolution should be chosen as
small as possible to allow small features to be still visible within in the DTM.
On the other hand, the cell size should not be chosen too small, as this could
result in gaps, which should be avoided. The DTM resolution should be chosen
according to the density and beam footprint size of the data set. The footprint
size defines the resolution of the data set and a cell size smaller than the data
resolution will not improve the resolution of small seafloor features. The other
parameters depend on the chosen gridding algorithm and should be set taking
into account the data and environmental characteristics.

4.1.2 HOMESIDE MBES Bathymetry Processing

A major focus of the HOMESIDE data processing is the navigation correc-
tion, as underwater positioning is more prone to errors than GNSS-based ship
navigation on the water surface. Regular USBL reception losses are caused by
unfavourable acquisition geometry (e.g., slant range reaching maximum range,
multipathing, non-optimal orientation of transceiver and transponder). Due to
the high resolution of the MBES data, even small offsets in the navigation can
lead to visually unpleasant and disadvantageous effects in the resulting DTM.
As the focus is on the identification and interpretation of sulphide mounds,
which have only small dimensions of 150 m or less in diameter, the reduction
of artefacts that can overlay such small bathymetric features is crucial.

The INS navigation of HOMESIDE is post-processed using the processing soft-
ware Exail DELPH INS. It allows to view the individual sensor data, to discard
certain time-based data in case of failure, to edit the navigation data, or in-
clude additional sensors that were not integrated during data acquisition. If
the “optimised” processing option is selected, a three pass algorithm (forward-
backward-smoothing) is performed, where the data is processed in the forward
direction in the first step (i.e., the data is integrated chronologically and filtered
by Kalman filter). Afterwards, this process is then repeated in reverse chrono-
logical order, starting with the last data received. In the third step, both results
are merged (Exail, 2015).
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Bathymetric data processing was performed using the software QPS Qimera.
After importing the raw MBES files in *.all format, the navigation processed with
Exail DELPH INS is added as a *.txt file and merged with the raw sonar data
by time stamp. The INS post-processing software was only available in the
INDEX project from the middle of the cruise in 2017. As a result, the data sets
collected in 2015, 2016, and partly in 2017 showed larger navigation errors
and had to be first manually corrected in QPS Qimera. These corrections
included removing jumps (rejecting certain navigation values and interpolating
in between the remaining ones) or, in the case of offsets greater than 50 m,
the entering of new navigation points using other high-resolution or ship-borne
bathymetry as a reference. Figure 4.1 shows the navigation of one of the first
HOMESIDE dives in 2015 with the resulting bathymetry before (left) and after
(right) manual navigation correction.

Figure 4.1: Visualisation of one of the very first HOMESIDE dives in 2015 showing the
navigation by arrows before (left) and after (right) manual navigation improvement.

Systematic USBL offsets caused, for example, by a wrong SSP or incorrect
calibration values in the USBL system cannot be automatically detected or
corrected by the INS processing software. It assumes that the absolute USBL
values are correct as there is no comparison with true values. The overall nav-
igation solution is smoothed and from small jumps and drifts are removed. But
an overall systematic offsets of up to 50 m may still be present. Typically, such
offsets caused by inappropriate USBL settings are not static. Their magnitude
varies according to the slant range between the ship (transceiver) and platform
(transponder), and their direction depends in the direction of acquisition.

To detect such systematic offsets that exceed the required positioning accu-
racy, it is necessary to have overlapping HOMESIDE data acquired in differ-
ent directions. If larger offsets are detected, they are first corrected manually
in QPS Qimera. Since even smaller offsets in the range of 20m can cause
artefacts in the final DTM, the manual adjustment using adjacent profiles or
ship-borne data has shown to be insufficient. Therefore, the open-source soft-
ware MB-System is used when there is a certain overlap between adjacent
data sets and only small offsets are present. MB-System is a software to
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process and visualise MBES and side scan data and was developed by the
Lamount-Doherty Earth Observatory of Columbia University and is now main-
tained by the Monterey Bay Aquarium Research Institute (MBARI) University
of New Hampshire and MARUM (MBARI, 2017). MB-System is included in
the Poseidon distribution based on Ubuntu Linux. MB-System is a package
of several programmes that can be executed in a terminal window. The main
component od MB-System used for this work was the graphical programme
mbnavadjust. This tool allows the manual and/or automated relative naviga-
tion adjustment of data files based on features present in overlapping areas.
In this work, Poseidon 9 with MB-System 5.5.2315 was used within Oracle VM
VirtualBox 7.0 on Windows 10. The processing workflow including MB-System
for the navigation correction is shown in Figure 4.2.
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Figure 4.2: Processing workflow for HOMESIDE bathymetric data using QPS Qimera
and MB-System for navigation adjustment (own illustration.)

To prepare the data for MB-System, the MBES raw *.all files and the adjusted
DELPH INS navigation (only available from 2017 onwards) are imported into
QPS Qimera. If necessary, the navigation is adjusted manually (correction
for small jumps or drifts when no DELPH INS processing possible, or larger
systematic offsets). The data is then exported in *.gsf format (generic sensor
format). For the HOMESIDE EM2040 dual-receiver configuration, each head
is exported separately as otherwise MB-System cannot interpret the data cor-
rectly. For the 2015 data, the transducer depth is additionally exported in text
format and applied to the MBES data using the programme mbpreprocess, as
erroneous sensor depth information is automatically exported in the original
*.gsf files due to an initial incorrect sensor assignment. The MBES data with
the updated sensor depth was saved in MB121 format, which is an MB-System
format for *.gsf files.
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When importing the data import into mbnavadjust, the ten minute data acquisi-
tion files, which are about 350 m long, are split into sections of a user defined
length. In order to maintain the approximate file length, the section length is
set to 40 m. Ten navigation control points are automatically defined at regular
intervals for each section. This results in one control point every 40 m of navi-
gation track for this data set, corresponding to intervals of about one minute of
data acquisition.

The sections are analysed for the percentage of overlap (crossings). Where
the track lines of two sections directly cross each other, theses are referred to
as true crossings. The crossings are listed and the user can select a crossing
and open the visualisation of the corresponding sections, the track line, and
the bathymetry within the NavError display (Figure 4.3). The depth informa-
tion is displayed as contours for each section. They are visualised with the
current navigation. Offsets are therefore visible by mismatching contours. The
NavError display also shows the RMS (root mean square) of the horizontal and
vertical misalignment ("misfit") between the two sections (in the bottom left cor-
ner). These two RMS displays only apply to the current extent of the data and
are therefore updated when zooming in or out.
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Figure 4.3: Different stages of navigation adjustment for the overlap of two sections in
MB-System: a) overview with zero offset, b) detailed view showing a distinct bathymet-
ric feature with zero offset, c) after automatic 3D adjustment (minimum misfit offsets:
-37.5m/-14.1m/ 1.1 m), d) overview after adjustment showing the tie points as lines
connecting corresponding navigation control points (yellow).

To adjust the navigation, prominent bathymetric features in the overlap of two
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sections are selected. That part of the data is zoomed in and the automatic 3D
offset correction (minimum misfit) determines the navigation offsets between
the navigation control points based on the lowest RMS. The track navigation
and thereby the contours are automatically adjusted to these values, allowing
visual verification by the user. These offsets can be further adjusted manually
by moving the sections horizontally until the contours are aligned. A tie point
is set to assign the final offset to the navigation control points. The offsets for
each tie point and the corresponding navigation control points are then saved.
Between one and eleven tie points are set for each crossing, depending on the
amount of overlap and visibility of bathymetric features.

Figure 4.3 shows the different stages of the navigation adjustment in the NavEr-
ror display are depicted: Figure 4.3a shows two sections with contours and
track without any offsets applied. The contour lines are not aligned. Figure
4.3b and c depict a bathymetric feature before and after navigation adjustment.
After the adjustment of -37.5m in X, -14.1min Y, and 1.1 m in Z, the contours
of the two sections of the 2019 data (INDEX2019_32HMS, head 2) coincide.
Figure 4.3d shows the crossing after navigation adjustment. The tie points are
depicted as lines connecting the navigation control points (yellow squares).
For each crossing, as many tie points as possible are defined, homogeneously
distributed over the overlap.

The MBES data set of Field 1 was chosen as main focus and workflow develop-
ment for this work, as several data sets collected in different years overlap. In
addition, an ultra-high resolution survey was carried out in 2022 (see Chapter
3.2.2). The INDEX high-resolution processing workflow is organised so that
data collected in a certain area (i.e., the same cluster and the same side of
graben flank) is processed together. Therefore, the data over Field 1 was not
processed alone, but together with the data sets of Field 2, as the data sets
are not only in close proximity, but also overlap. In total, the data set consists
of over 3,271 data files and 23,398 crossings. All crossings with more than
10% overlap were individually checked (12,393) and tie points defined where
possible (24,293). Figure 4.4 shows an overview of the bathymetric data with
indicated tie points and navigation control points for crossings of more than
50%.

An inversion is then performed by mbnavadjust to determine the optimal navi-
gation solution based on the defined tie points and adjustments of the naviga-
tion control points. As some of the defined offsets may be in conflict, a least
squares adjustment (Paige and Saunders, 1982) is performed (MBARI, 2017).
The navigation quality of individual surveys (i.e., consecutive data files with-
out temporal interruption) can be defined by the user as poor, good (default),
or fixed. Data defined as good is used regularly in the inversion. Fixed data
will not be assigned an offset, and poor data will be adjusted to the previously

70



4 MBES Data Processing

Figure 4.4: Overview of the MBES data set with navigation control points (circles) and
tie points (lines connecting corresponding navigation control points) for crossings with
more than 50% overlap. Cyan coloured circles and lines represent ties within a survey
(a block of data with no time gap) and dark circles and lines represent ties between two
different surveys. The locations of the hydrothermal fields are indicated by red boxes
(Field 1in the north, Field 2 in the south).

already corrected data (i.e., good data) at a later stage, without explicitly in-
fluencing the overall adjustment. All individual data sets are compared with
existing ROV dive trajectories in the Field 1 during INDEX 2022. The ultra-
high-resolution HOMESIDE data collected in 2022 shows the smallest offsets
and one of the profiles is selected as fixed. Data sets with large offsets were
set as poor. Table 4.1 shows the assigned quality status of the navigation
status for MB-System.

Table 4.1: List of HOMESIDE data sets collected in the area of Field 1 and Field 2 with
their status for the navigation adjustment in mbnavadjust in MB-System.

Data set MB Navigation Status

2015 poor

2016 good

2017 good

2018 poor

2019 poor

2021 good

2022 (except file 99-128) good
2022 (file 99-128) fixed

After the inversion, the statistical results can be examined. If necessary, indi-
vidual ties can be changed before the inversion is repeated. Figure 4.5 shows
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the mbnavadjust navigation adjustment model for longitude, latitude, and depth
(from top to bottom) for the navigation points by time series. Vertical green
lines distinguish the surveys, which are defined in the order of import. The
maximum values of the lateral offsets reach almost 90 m. This occurs mainly
for the very first HOMESIDE stations of 2015, which had a very poor naviga-
tion quality and which were manually adjusted before MB-System based on
the ship-borne bathymetry. The 2015 data also shows a systematic deviation
of about 10 m in depth from the other data sets. As can be also seen in the
model plot that the 2018 data set has large east-west offsets that were due to
erroneous USBL calibration values. The fixed surveys (i.e., one for each head)
are marked with red circles in the model plot. They have no offsets.
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Figure 4.5: MB-System mbnavadjust model plot after inversion showing the offsets
in longitude (top), latitude (middle), as well as depth (bottom) for each ping in a time
series.

The final inversion results are saved by mbnavadjust within an adjusted navi-
gation file (*.na0) and an MB-System parameter file (*.par) for each MBES file.
The parameter file stores all changes made by any of the MB-System process-
ing tools. The mbprocess programme merges the adjusted navigation and pa-
rameter file with the MBES file, resulting in a processed file in MB-System for-
mat (*p.mb121). From these processed files the navigation information (time,
lat, long, sensor depth) is extracted by using mblist.

The results for both heads are combined by first checking adjusting the time
stamps for missing entries and then averaging the values for xyz. The derived
navigation data is then applied to the raw MBES data in QPS Qimera for man-
ual inspection and removal of remaining misalignments in overlaps and general
editing. Figure 4.6 shows the high-resolution bathymetric data collected in the
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area of Field 1 and Field 2 at different stages of processing in an overview
(top) and in more detail for Field 1 (bottom). The data is coloured by uncer-
tainty with a 95% confidence interval (2-sigma) to visualise the improvement
from navigation adjustment. Figure 4.6 left shows the data with the original
navigation retrieved in real-time or by post-processing with DELPH INS — if
available. The middle depiction shows the result after applying the mbnavad-
just result. Figure 4.6 right shows the final result after manual removal of the
remaining mismatching overlaps. With the original navigation, large discrep-
ancies of 20m and more are visible in large areas of the data set. These
have been significantly removed in the right plot, with uncertainty values barely
exceeding 10 m.

Figure 4.6: Uncertainty of the HOMESIDE MBES bathymetry compilation (2 m reso-
lution, at 95% confidence level) at different stages of navigation processing: partially
edited with no additional navigation improvement (left), with final MB-System navigation
(middle), and finally edited (right) for the whole data set (top) and in a detailed view of
Field 1 with indicated site locations (bottom).

The importance of improving the navigational data becomes even more ap-
parent when viewing the high-resolution bathymetry of Field 1 with different
navigation solutions in 3D, as shown in Figures 4.7. If the data overlaps and
does not match within a few metres, artefacts are apparent in the elevation
model. These artefacts can overlay small bathymetric features that are diffi-
cult to identify as a result. This is particular important as the resulting DTMs
are used to analyse and identify possible sulphide mounds within the size of
such small bathymetric features, which are adversely affected by the artefacts
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caused by mismatching navigation.

Figure 4.7: 3D view of the DTM (2m resolution) for Field 1 before (top) and after
(bottom) navigation adjustment.

The final step in the processing is to produce digital terrain models. A DTM
of the HOMESIDE MBES data within the INDEX area should highlight small
bathymetric features as they may represent sulphide mounds and thus indi-
cate current or past hydrothermal activity. On the other hand, data artefacts
(such as those caused by mismatches due to navigation offsets) should not be
highlighted and the number of gaps must be as small as possible. This should
be done without interpolating and thus smoothing the data too much. These
requirements are partially contradictory and therefore the choice of grid cell
size and gridding method is not trivial.

As mentioned in Chapter 3.2.1, the beam opening angle of the Kongsberg
EM2040 on HOMESIDE varies between 0.7° x 0.7° (400kHz) and 1.5° x 1.5°
(200 kHz) and therefore the general footprint size of the combined data ranges
between 1.5m (0.7°, nadir) and 12m (1.5°, @60°) for an average altitude
of 120m. The theoretical distance between two soundings is about 0.5m in
along-track direction and about 1 m in across-track direction (without overlap).
Taking all this into account, a DTM resolution of 2m is chosen as this resem-
bles the lower range of the footprint size and is still larger than the average
sounding density, ensuring that there is at least one sounding in most of the
grid cells. By using a small resolution with respect to the footprint diameter,

74



4 MBES Data Processing

small-scale bathymetric features are still represented in the data.

Various gridding algorithms have been tested for the HOMESIDE data and, as
in theory, the data shows that each of them has its advantages and disadvan-
tages. Therefore, the HOMESIDE data is generally gridded using four different
algorithms: mean-interpolated and shallow-interpolated (taking into account
only the soundings within the corresponding cell), WMA 3x3 (3x3 referring to
the 8 by 8 cell matrix surrounding the according cell, to which all soundings
contribute according to the weight assigned to them, which depends on their
distance), and CUBE. Figure 4.8 shows a 3D visualisation of a 200 m diameter
sulphide mound in Field 6 created using different gridding algorithms.

o

N{\NMA 3x3]

Figure 4.8: 3D view DTMs showing a sulphide mound (200 m in diameter) created
using different gridding algorithms.

The advantage of the mean and shallow algorithms is that they only consider
soundings within the corresponding raster cell, so there is less smoothing. In
particular, the shallow method highlights local bathymetric highs that may rep-
resent chimney structures. On the other hand, these approaches show some
gaps, as the chosen cell size is within the scale of the sounding density. There-
fore, these DTMs had to be interpolated to obtain a continuous terrain repre-
sentation. WMA 3x3 produces a closed surface with less noise and artefacts,
but the highlighting of small bathymetric features is significantly reduced. This
representation, like mean-interpolated, is good for a more general overview
of the survey area, whereas the shallow-interpolated is more useful for close
inspection of chimney and mound structures where artefacts are not posing a
problem. CUBE seems less suitable for HOMESIDE data as the noise is high
and systematic mismatches occur often in overlaps. Such erroneous data is
clearly visible. Small chimney features are highlighted, but there are also peaks
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within the mismatching overlap that can easily be misinterpreted as chimneys.
This is because CUBE works with hypotheses. While mean averages the data,
CUBE can also obtain two or more possible raster values (hypotheses), one of
which is selected depending on the sending. If the decision for the hypothesis
changes between neighbouring cells, visible peaks are created. The advan-
tage of CUBE is that the number of gaps is small, although there is no strong
smoothing as with WMA.

4.2 HOMESIDE Backscatter Processing

Important seabed information can be obtained from MBES backscatter data.
It provides similar information to side-scan sonar data, but has the advantage
of being acquired together with the MBES bathymetry data. Therefore, no
additional survey is required to have depth information available. About 20
years ago, the Geocoder as a set of algorithms to process MBES backscatter
data, has been developed by the University of New Hampshire (Fonseca and
Calder, 2005). Shortly after, this tool was implemented in the major commer-
cial software and MBES backscatter processing became more common. The
processing is usually highly automated and the influence of the user is very
limited. Since the processing is not standardised and certain information is not
disclosed, backscatter processing is generally of a “back-box” character. This
chapter describes the general MBES backscatter processing workflow before
discussing the in the derived mosaics from different software to obtain the best
processing result of the HOMESIDE MBES backscatter data.

4.2.1 General MBES Backscatter Processing Workflow

As mentioned in Chapter 2.2.3, the general idea of backscatter data analysis
is to derive seabed characteristics from the received acoustic signal after re-
moving all influences that are not dependent on seabed characteristics. MBES
backscatter processing involves a number of steps to generate the final prod-
uct for further analysis and interpretation is retrieved. Typically, two different
products are used in backscatter analysis: angular response curves and mo-
saics. Angular response curves show the variation in backscattering strength
for different incident angles for one or numerous consecutive pings. Such an-
gular responses vary for different seabed types, and Angular Range Analysis
(ARA) can be used to infer the local sediment grain size. Mosaics are georef-
erenced seafloor images and show the backscattering strength for the area of
interest as if the whole data was collected with an acoustic signal of the same
angular incidence.

The process of obtaining angular response curves and mosaics, which involves
the removal and correction of unwanted influences on the backscatter data, is
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not standardised in detail and varies between the MBES manufacturers, MBES
models, MBES modes, and software. The general workflow consists of the fol-
lowing steps: data decoding, georeferencing, radiometric correction, angle de-
pendence removal, pre-mosaicking corrections, and mosaicking (Figure 4.9).
In typical commercial processing software, all the necessary corrections are
applied automatically by the software, and the user has only little opportunity
to intervene. Usually only certain parameter settings can be adjusted.
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Figure 4.9: MBES backscatter processing workflow showing the individual correc-
tions from raw data to angular response curves and mosaics (after Malik et al. (2019);
Schimel et al. (2018))

Ten years ago, the GeoHab group (Marine Geological and Biological Habitat
Mapping Group) was formed. The Backscatter Working Group (BSWG) is part
of it and was formed to focus on the standardisation in the acquisition and
processing of MBES backscatter data. The work of this and other groups has
led to a more open discussion and exchange of information on backscatter
processing. A good example of this is the Backscatter Processing Software
Inter-Comparison Project, which has resulted in the ability to extract certain
intermediate backscatter processing products now from commercial software
(named BL, to BL3 in Figure 4.9) Malik et al. (2019). This allows the user a
better understanding of the adjustments done by the software. A more detailed
description of the theoretical steps in backscatter processing is given below to
show that it is not trivial and to highlight that many corrections are performed
by the software without user intervention.

The first step in the backscatter processing workflow is raw data decoding,
where the backscatter data is retrieved from the raw manufacturer files. Back-
scatter information can be stored in a variety of formats. For Kongsberg MBES
— like on HOMESIDE - two formats are available: the beam average format
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stores the intensity value for each beam and the time series format consists of
a series of intensity samples for each beam. After decoding, the backscatter
level BLy is retrieved, which is the raw imported backscatter data before any
correction has been applied.

As with bathymetric data, the raw data is only relatively referenced to the trans-
ducer. So in the next step — georeferencing — the derived backscatter values
are georeferenced in a global coordinate reference system, taking into account
GNSS/USBL/INS positioning, attitude, sensor alignment, sound speed profile,
and MBES geometry. This process is generally quite straightforward for the
beam average format, as the position of the beam on the seafloor is already
known from the bathymetry processing. For other formats, such as the beam
time series format, additional processing steps are required to georeference
the individual samples. One approach uses the location of the beam from
bathymetric processing (as for the beam average format) and then interpo-
lates the bathymetry between adjacent beams for georeferencing. Another
approach converts the beam time series to a half-swath time series and then
applies a slant range correction, as in side-scan sonar data (Schimel et al.,
2018).

The radiometric corrections involve the removal of unwanted dependencies
from the received backscatter level to retrieve data that depends only on the
incidence angle, the acoustic frequency, and the seabed properties. According
to Schimel et al. (2018), three types of radiometric corrections can be distin-
guished. The first is the gain correction applied during the reception, which
accounts for all modifications to the signal between reception and recording.
This is primarily a time-varying gain (TVG), which accounts for the attenuation
of the signal over time. Such gains can be dynamically adapted to system set-
tings (e.g., pulse length) or environmental characteristics (e.g., depth). Further
gains are applied during the signal processing. Gain designs vary between
manufacturers, MBES models, and MBES modes. They are often based on
assumptions or estimates and are not always well documented. After the cor-
rection for the gains applied during reception, the received level BL is retrieved
(Schimel et al., 2018).

The second group of radiometric corrections are those that address the trans-
mission loss of the signal as it propagates through the water and interacts with
the seabed. The transmission loss depends on the range and the absorption
coefficient (see Equation 2.11). The latter depends not only on the frequency,
but also on the current local properties such as temperature, salinity, and pH,
which vary with depth. The absorption coefficient can be modelled for differ-
ent depths based on CTD measurements, but generally an average value is
used to correct for transmission loss (Lurton and Lamarche, 2015). The area
of insonification can be estimated using various models of different complexity.
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According to Schimel et al. (2018), they range from assuming a flat seabed to
models that take into account refraction, pitch, transmit steering angles, and
the 3D normal vector to the seafloor are taken into account (Beaudoin et al.,
2004). After applying these corrections, the resulting level BL, is obtained,
which depends on the backscattering strength and the mechanical character-
istics of the transducer.

The mechanical characteristics of the transducers to be corrected, are the
source level and the transmit as well as receive beam pattern (directivity mod-
ulations). It is the third group of radiometric corrections. A generic value for
the source level is often provided by the manufacturer, unlike beam pattern
information, which is only rarely available. Such generic values are obtained
from tank tests and therefore the actual values for an MBES are likely to differ
due to variations from the prototype and abrasion over time. In order to apply
a thorough and accurate correction for the mechanical characteristics of the
transducer, a calibration should be performed. Due to the complexity of such a
calibration, it is not usually conducted, but most software allows for a beam pat-
tern correction that accounts for the source level, beam pattern, and sensitivity
of the receiver array (Schimel et al., 2018). To do this, data collected over a flat
and homogeneous surface is compared to a model and the deviations from the
model are taken into account for the entire data set. After removing the me-
chanical characteristics of the transducer, BL3 is obtained or, if georeferenced,
the angular response curves are derived and can be used for analysis.

To retrieve a mosaic, the removal of angular dependence must be carried
out. Otherwise, artefacts along the swath would be present in the mosaic,
showing a generally lower intensity in the outer beams than for the inner ones
at nadir. This normalisation in across-track direction is called AVG (angle-
varying gain) and takes into account the incident angle of the signal on the
seafloor. This angle has already been determined in the correction for insoni-
fied area. However, as the angular dependence is also influenced by the type
of seabed, certain adjustments have to be made to the physical models. Since
the seafloor type is usually unknown, the correction is typically determined
empirically based on the data itself. This is done by selecting a data subset of
consecutive pings. This subset is then divided into angular bins and the aver-
age signal level for each bin is calculated. A reference level is determined at a
reference angle. The differences between the average angular response and
the level at the reference angle are then used for the correction (Lurton and
Lamarche, 2015).

The pre-mosaicking corrections improve the visual quality of the mosaic to
be generated. This usually involves downsampling, as the original data has a
higher resolution than the derived mosaic, and to reduce aliasing. Another im-
portant tool is the low-pass filter to minimize noise in the image (de-speckle).
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Finally, within the mosaicking, the angel independent and filtered backscat-
tering strength is compiled into a georeferenced image of the seabed. This
includes the gridding process, where the backscatter samples are combined
into an equally spaced grid. The resolution of the grid cells and the algorithm
used to deal with overlapping samples are the most important aspects to con-
sider in this step. These can often be influenced, at least to a certain extend,
by the operator. Other image enhancement algorithms can also be applied to
the grid at this stage, as in pre-mosaicking. Afterwards, the decision has to be
made how to store the values (8 or 16-bit scale) and how to adapt the colour
scale is adjusted to the mosaic values (Schimel et al., 2018).

This sequence of corrections described above can vary between different com-
mercial backscatter processing software as the processing is not standardised.
In addition, different models, algorithms, and assumptions have to be made
and applied throughout the process, and these can also vary between soft-
ware. As a result, the mosaics from the same data set are likely to vary when
produced by different software. To assess the magnitude of these differences
for the INDEX data collected with HOMESIDE, a comparison is made between
different MBES backscatter processing software.

4.2.2 Software Comparison for HOMESIDE MBES Backscatter Data Pro-
cessing

Backscatter mosaics are one basis for the seabed analysis and the classifica-
tion of sulphide mounds in this study. The results are therefore highly depen-
dent on the quality of the derived mosaics. Especially when using automatic
approaches such as machine learning, it is important to derive of homoge-
neous seafloor images with minimal artefacts are important. In order to inves-
tigate how large the differences between software are when using the same
processing steps and how much they influence the final mosaics, a software
comparison was performed. To investigate the differences within the steps of
the workflow using different software, the intermediate processing stages of
BL, (beam average after decoding) and BL; (after radiometric correction) were
extracted as in Malik et al. (2019). A first analysis compares the results for
these backscatter levels. A second one focuses on the comparison of the mo-
saics, which are the main results of the backscatter processing of the HOME-
SIDE data. The mosaics are compared in terms of remaining artefacts and
representation of different seabed classes derived from the video footage.

The commercial software QPS FMGeocoder Toolbox 7.9.5 (FMGT), Teledyne
CARIS HIPS and SIPS 11.3.17 (CARIS), and IFREMER SonarScope (SSc)
R2019b_2020-09-29 / R2019b_2021-02-20 (Augustin, 2023) were used in this
comparison. FMGT has been used for years to process the INDEX data. Tele-
dyne CARIS is also one of the main hydrographic processing software. Like
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the other two, SonarScope is also a commercial software, but is available for
free under an academic non-commercial user licence. It has also been widely
used in publications of the GEOHAB group and offers some backscatter pro-
cessing tools that exceed the capabilities of other software. This comparison
was carried out in late 2020 / early 2021.

4.2.2.1 Comparison of Intermediate Backscatter Level

For this comparison, four data files were used that overlap and cover areas
of hydrothermal venting sites (Table 4.2). These files were also acquired with
different acoustic frequencies and signal types, and with different MBES setups
(single and dual receiver). They thus represent the variety of characteristics of
the HOMESIDE data sets collected over the years.

Table 4.2: HOMESIDE data files used for the comparison of BLy and BLj3.

Station File Receiver Type Frequency Pulse Type
INDEX2017_37HMS Line1 11 & 12 single 300 kHz cw
INDEX2019_34HMS Line 4 32 & 33 dual 200 kHz FM

As the export of intermediate backscatter levels is not a typical data prod-
uct, there are certain limitations in retrieving this output. CARIS offers sev-
eral backscatter processing engines (SIPS Backscatter, SIPS Backscatter With
Area Based AVG, SIPS Side Scan, and Geocoder) but the export of intermedi-
ate backscatter level is only available for the SIPS backscatter engine. There-
fore, this one was used in this comparison. It was observed that some of the
functions within SonarScope were only possible to execute with version 2020,
while others were only possible with the latest version 2021. The software ver-
sion had to be changed during processing. Unfortunately, neither version was
able to calculate the incident angle for the 2019 data. A possible reason for
this is the dual-receiver setup. Therefore, only the 2017 data could be used for
this comparison.

Radiometric corrections are based on information stored in the data or are pro-
vided by the manufacturer. Some details of the corrections are only disclosed
between the MBES manufacturer and the software producer. Therefore, the
user’s ability to intervene in this stage of processing is very limited. The oper-
ator can influence the transmission loss corrections by applying a DTM or by
setting the absorption coefficient. Table 4.3 shows the correction settings with
the corresponding parameters. These settings can be selected and changed
by the user. In all software, the corrected navigation and transducer depths
were imported as well as the final bathymetry. The time series format was
used as data type.

Figure 4.10 shows the derived backscatter levels before (BLy, top) and after
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Table 4.3: Backscatter radiometric corrections settings for the comparison of BLy and
BL3 in FMGeocoder Toolbox, CARIS (SIPS backscatter engine), and SonarScope.

Software Data Type Absorption DTM

[applies values
stored in raw data]

Default:
CARIS  Time Series Temp: 8 v
Salinity: 35
[via own algorithm
according to depth]

FMGT Time Series

SSc Time Series

(BL3, bottom) the radiometric corrections for the two test data sets extracted
using different software. For the files collected during INDEX 2017 (11-12),
gaps can be observed in the CARIS output. These gaps of 500 pings occur
systematically in each file and are therefore assumed to be caused by a soft-
ware error in the export, as they so not occur in the final computation of the
mosaic. The backscatter levels before radiometric correction BLy look simi-
lar in all software. The levels obtained for BL, by CARIS seem to be slightly
higher than those of FMGT and SSc. At this stage only the decoding has been
done and even smaller differences might not be expected at this stage. Larger
discrepancies can be observed after the radiometric corrections have been ap-
plied in BL3. Also after the corrections, the obtained backscatter level seems to
be higher in CARIS than in FMGT. The values derived by SSc are even lower.

BL, FMGT(32-33) BL, GARIS(32-33)
AL

100 20 om0 400

BL, SSc(11-12) BL, FMGT(32-33)

00 20 80 400 0 100 200 300 400 500 600 700 80O 100 200 300 400 500 60D 700 500

w0 2o o0 4w
Beam Beam Beam Beam Beam

100 20 @0 400

Figure 4.10: Intermediate backscatter levels BLy and BLj3 for file 11 and 12 collected
2017 (left) and file 32 and 33 from 2019 (right) obtained from different software.

For the derived backscatter levels, the mean value for each beam (top) and
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ping (bottom) is shown in Figure 4.11. The previously made observation is also
clearly visible here: CARIS (in blue) provides higher backscatter levels than
FMGT (in green) and especially SSc (red). Comparing BL, (lighter colours)
to BL3 (darker colours) for each software, FMGT and CARIS show a similar
pattern: The values in the nadir are slightly increased, while the values for the
outer beams are decreased during the radiometric correction. This is particular
evident for the 2019 data, as the the dual-receiver configuration enhances the
coverage and therefore the certain effects. An exception to this regularity are
the beam average values of INDEX 2017 data in CARIS. On the port side, the
backscatter values are increased by the radiometric correction.

Mean Beam (11-12) ) Mean Beam (32-33)
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Figure 4.11: Mean backscatter level BLy and BL3 calculated for the beams (top) and
pings (bottom) for files 11 and 12 (INDEX 2017, left) and files 32 and 33 (INDEX 2019,
right).

The mean values of the backscatter levels over the pings (Figure 4.11) allow an
overall interpretation of the backscatter level. For the 2017 data, the backscat-
ter levels BLy and BL; are relatively similarin FMGT and CARIS. This indicates
that the increase and decrease of values within a swath are balanced. The pre-
viously noticed stronger decrease in mean values for the outer beams of the
2019 data from BL, to BLj, is also noticed in the ping plot: The backscatter
levels after the radiometric corrections are significantly lower than before the
correction (bottom right). The change in backscatter levels in SonarScope is
different from the other two software (i.e., decrease in outer beams and in-
crease in inner beams). The decrease in values is relatively homogeneous
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over the swath and higher by about 5 to 10 dB.

Figure 4.12 shows the differences between BL3; and BLy, and thus the changes
in backscatter level due to the radiometric corrections for each software and
data set. The colour scales are the same for all images. The bathymetry is
also depicted. The visualised backscatter levels show a similar pattern (as
noted already in the graph of the mean beam values): There is an increase
in backscatter level at the nadir and a decrease at the outer beams. How-
ever, the spatial pattern is very similar for FMGT and SonarScope, but very
different for CARIS. CARIS shows a stripe-like pattern in along-track direction,
as if a certain correction is being applied consistently to a particular beam in-
terval. FMGT and SonarScope show a less homogeneous distribution but a
more turbulent pattern, but the correction values of adjacent beams can vary
greatly. There is also a certain correlation with the bathymetry. It seems that
the bathymetry and especially small bathymetric changes have a greater in-
fluence on the correction. Unfortunately it is not possible to investigate this
further as the intermediate levels (BL; and BL,) are not available. Most likely,
the larger differences in CARIS are due to the specific algorithms used by the
processing engine, as in this comparison no Geocoder approach was used in
CARIS.

BLs-BLy FMGT(11-12) BL3-BLy CARIS(11-12)
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Figure 4.12: Differences between BLz and BL, for all data sets (2017 left, 2019 right)
and software.

In summary, differences between BL; (after radiometric corrections) and even
already between BL, levels (before radiometric corrections) are noticeable.
Even if different software uses the same corrections, the individual algorithms
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and their integration into the software can differ to such an extent that different
results are obtained. This observation correlates with the study of intermediate
processing steps by Malik et al. (2019), where this analysis was carried out in
more detail. Furthermore, Malik et al. (2019) concludes that the differences in
the BL3 level for Kongsberg data are mainly caused by the difference in data
reading in the initial step, rather than by the radiometric corrections itself.

4.2.2.2 Visual Comparison of Mosaics

After radiometric corrections, the angular dependence removal and image en-
hancement filtering are conducted to obtain the final mosaic. The possibility of
user interference is greater at this stage — compared to the previous radiometric
corrections — as they are more related to the specific study area, survey lay-
out, and data characteristics. There are two sources that influence the angular
dependency of the backscatter levels: echo sounder induced imperfections in
the beam pattern and the acquisition geometry.

Beam pattern errors are typically visible as a constant intensity offset of a par-
ticular group of beams, resulting in along track artefacts. They are usually
corrected using a beam pattern file. This can often be created by the operator
and should be generated using a small subset of data from a flat and homoge-
neous area of consistent and preferably known seabed type. Deviations from
the expected angular response are then considered to be echo sounder in-
duced beam pattern artefacts. These are then removed from the data. If the
operator does not create such a file, the correction can often be done automat-
ically by the software by creating a beam pattern file on its own (CARIS) or by
modelling the correction within the AVG correction (FMGT). Such a combined
approach is also followed by SonarScope. As the high-resolution MBES data
within the INDEX project is acquired in the area of a mid-ocean spreading ridge
with distinct bathymetric features and frequent changes in seabed type, there
are no locations available for optimal beam pattern file generation. Therefore,
in the following comparison, no manual beam pattern file was created.

The second correction for angular dependency removal — the AVG correction
— is also generally determined using a subset of the data. This data subset is
binned by angle (e.g., in 1° intervals) and the values for the bins are averaged.
In addition, a reference level is calculate at a reference angle to which the data
should be normalised. This can be an narrow angular range like 43°-47° as
suggested by (Lamarche et al., 2011) and implemented in SonarScope. Or
also a wider range can be used as in FMGT (20°- 60°) or CARIS (30°- 60°)
(Schimel et al., 2018). Subtracting the reference level from the averaged level
of the angular bin provides the correction, which can then be applied to data
samples taking into account the local angle. As a result, the retrieved backscat-
ter level appears to be derived from a constant insonification angle (Lurton and
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Lamarche, 2015). The selection of the subset for determining the correction
values is crucial, as it has a strong influence on the visual result. FMGT and
CARIS follow an approach of a sliding window to determine a subset. For each
data sample to be adjusted, a local subset of a certain number of previous and
subsequent pings is created (Lurton and Lamarche, 2015). The number of
pings can be specified by the operator. The approaches and algorithms imple-
mented for mosaicking are different for the software tested. Therefore, each
processing workflow and possible parameter settings to produce an optimal
mosaic were first investigated separately within each software before being
compared.

As the name suggests, the MBES backscatter processing in QPS Fledermaus
Geocoder Toolbox is based on the Geocoder tool developed by the University
of New Hampshire (Fonseca and Calder, 2005). The user has limited options
to influence the mosaic result. As mentioned above, the user can create a
beam pattern file based on a user defined subset of data, or this correction
will be taken care of by the AVG correction. As the test for this test data does
not include a flat and homogeneous seabed area, the beam pattern file cannot
be created. The user can also specify the window size of the AVG correction
sliding window (default 300). This window size expresses the number of con-
secutive pings of a data sample to be considered for AVG correction. When
processing HOMESIDE MBES backscatter data, this has been increased from
the default value of 300 to prevent the removal of larger intensity patterns. A
data file of HOMESIDE data has a recording length of 10 min and includes
about 1,000 to 1,500 pings. A window size of 900 has been chosen as this is
typically about 60% to 90% of the file length. Figure 4.13 shows a mosaic cre-
ated with an AVG window of 300 (top) and 900 (bottom). The mosaic with the
larger sliding window has two visual advantages. First, larger scale backscatter
patterns are more apparent (see red mark in Figure 4.13). Secondly, certain
abrupt changes in backscatter level in along track direction are reduced (see
blue mark in Figure 4.13).

The user can choose between the AVG algorithms flat, trend, and adaptive
(default). These algorithms define how the reference level is calculated from
the selected data subset (“window”). The flat algorithm aims to reduce noise
in the data by smoothing out small variations. The trend algorithm additionally
checks for a trend in the data and maintains it. This is particularly useful for
data collected in areas with strong slopes in the bathymetry, such as the INDEX
data. The adaptive algorithm is a combination of the other two (QPS, 2022).
When comparing mosaics created with all three methods, the result using the
adaptive method was hardly distinguishable from the one of the trend method.
Overall, the resulting mosaic created with the settings listed in Table 4.4 shows
the least artefacts and has the most homogeneous appearance. A section
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Figure 4.13: Mosaic sections (1 m resolution) of backscatter data collected during IN-
DEX 2017. The upper mosaic was created with an AVG sliding window of 300 and the
lower one with 900 in QPS Fledermaus Geocoder Toolbox.

of it is shown in Figure 4.14. Some blurring effects (marked blue) and some
across-track artefacts (marked red) are still visible. A possible cause of the
latter artefacts, if they occur at file boundaries, can be the limitation of the AVG
correction to the file length. Such artefacts are also caused by mode changes.
They cannot be resolved during post-processing. They have to be avoided
during data acquisition by keeping the mode constant and not changing the
frequency or pulse type. Such changes in acquisition settings occur regularly
when collecting HOMESIDE data, as the main focus is on bathymetric data
acquisition. Adjustments to the settings need to be made to maintain high
quality bathymetry during altitude variations or environmental changes.

Table 4.4: Recommended backscatter processing settings in FMGT for HOMESIDE
MBES data.

Correction Setting
Beam Pattern Correction Off
AVG Method Adaptive / Trend
AVG Window Size 900
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Figure 4.14: Example of the final mosaic (1 m resolution) created using FMGT. Some
across-track artefacts (red) and blurring effects (blue) are visible.

Three different mosaicking engines are available in CARIS: SIPS Backscat-
ter, SIPS Backscatter with area based AVG, and Geocoder. Although the
Geocoder engine is based on the same algorithm as also incorporated in
FMGT, due to differences in implementation, different results can be observed
(Dufek, 2012). Unfortunately, this engine crashes when using 2019 data. It
also shows artefacts caused by strong changes in the overall backscatter level
for the 2017 data (Figure 4.15 top, location highlighted in red). These are
most likely related to mode changes already observed in FMGT. However, us-
ing this CARIS engine, the artefacts become so large that smaller backscatter
patterns become barely visible due to the large change in intensity level. The
SIPS Backscatter and SIPS Backscatter (WMA with area based AVG) engines
give generally good results.

The SIPS Backscatter also uses a sliding window AVG correction. Therefore,
the window size is also kept large with a value of 900. The value of 900 is the
maximum possible for the data sets tested, as a value of 1,000 results in large
gaps in the mosaic. The beam pattern correction is switched on automatic, as
this reduces an intensity difference between the two heads. The option Cor-
rect for Acquisition Modes seems to produce across-track artefacts in certain
areas. This correction differentiates beam pattern files for the different acquisi-
tion mode (pulse length, wave form). Due to the frequent mode change in the
INDEX data, this approach does not improve the data quality and is therefore
not used.

The SIPS Backscatter (WMA with area based AVG) engine also takes into
account data overlaps for AVG correction. It also uses a sliding window, but
as understood from the sparse information provided by the user manual, the
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Figure 4.15: Mosaics (1 m resolution) generated with CARIS using different backscat-
ter engines: Geocoder (top), SIPS Backscatter (middle), SIPS Backscatter with WMA
and area based AVG (bottom). The abrupt shift in backscatter level caused by mode
changes are visible as artefacts (highlighted in red) in all mosaics to varying degrees.

data subsets used for AVG correction are not line or swath based as. Normally
HOMESIDE MBES swath data has hardly any overlap between adjacent lines.
However, INDEX data typically shows small-scale intensity variations due to
the rough seabed and its abrupt changes in seabed type. For this case a
non-swath based approach may be advantageous and has been tested.

The mosaic generated with CARIS SIPS Backscatter (WMA with area based
AVG) engine (Figure 4.15) shows less artefacts. Also some artefacts in the
nadir area likely caused by the dual-head setup can be further removed. The
window size for samples being grouped can be set using the updating size
parameter. This setting is crucial to avoid artefacts. If no value is given, CARIS
chooses one automatically. As this results in square shaped artefacts probably
due to some gridding issues, the value was set to 5m to avoid such problems.
Although, the mosaics created with this engine look more homogeneous than
those generated using the SIPS engine, it has the disadvantage of a much
longer computation time. The mosaic generation took 34 min instead of less
than 2 min for the 2017 test data. The mosaic created of the 12 files collected
2019 even took 110 min. The engine is therefore not suited for large data sets.
A list of recommended processing settings is given in Table 4.5.
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Table 4.5: Recommended backscatter processing settings in CARIS for HOMESIDE
MBES data.

SIPS Backscatter

SIPS Backscatter WMA with area based AVG

Beam Pattern  Automatic | Search Radius From Footprint  Off

Correct for Acquisition Mode  Off Beam Pattern  Automatic
AVG  Adaptive Correct for Acquisition Mode  Off
AVG Window Size 900 AVG On

Updating Size 5m
Chunk Size Multiplier  Not Set

The three different approaches for mosaic creation implemented in SonarScope
(no corrections, statistic compensation, and sonar calibration) are tested using
HOMESIDE data of 2017. As mentioned previously, the current software ver-
sion is not able to process the data from the HOMESIDE dual-receiver setup,
so the data collected from 2019 onwards cannot be tested. The no correc-
tions method plots the georeferenced data stored in the *.all files. The result
shows a more homogeneous mosaic than may be expected, as Kongsberg
applies various real-time corrections during data acquisition (Figure 4.16a).
As these corrections are based on assumptions and simplified models (Lur-
ton and Lamarche, 2015), they are usually initially removed by the backscatter
processing software before more complex corrections are applied.

Figure 4.16: Mosaics (1 m resolution) created using SonarScope with the settings a)
no corrections, b) static compensation, ¢) BS calibration step 1, and d) BS calibration
step 3.
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The statistic compensation in SonarScope provides data based enhancement
of the backscatter data. An area with the least amount of backscatter variation
is selected and a compensation curve is calculated and applied to the data
set (Figure 4.16b). Compared to the mosaic without correction, this backscat-
ter image shows a significant improvement in the systematic lower backscatter
level of the outer beams on the port side (to the north). However, this improve-
ment does not apply to the whole mosaic, because further east, where the
original data (Figure 4.16a) shows no systematic pattern in the outer beams,
the compensation artificially increases the backscatter level of the outer beams
on the northern side. When using such a statistical approach to correct of
backscatter data, the data needs to be carefully examined. The subset of data
used to construct the compensation curve and the selection of data to which
the correction is applied must be carefully chosen to obtain results with re-
duced systematic along track artefacts.

Another available option is to perform a backscatter calibration to generate a
mosaic of absolute backscatter values. However, as typically not all of the
necessary parameters involved are known, SonarScope provides some mod-
els for their estimation. The processing therefore requires a relatively high
degree of user intervention. The individual steps are applied file-wise in a
non-georeferenced domain of beam/ping geometry. Towards the end of the
processing chain using HOMESIDE data, the software accounted some errors
which prevented the whole process from being completed. SonarScope di-
vides the processing parts into stages. The last stage up to which HOMESIDE
data can be processed is called step 3. Its status as well as the correction
status of step 1 are listed in Table 4.6. Figure 4.16 shows the corresponding
mosaics of step 1 (c) and step 3 (d).

Table 4.6: Correction stages of the created mosaics in SonarScope.

Correction Mosaic Step 1 Mosaic Step 3
Transmission Loss Real-time compensated Compensated by SSc
TxDiag Real-time compensated Not compensated
Incidence Angle Real-time compensated Compensated by SSc
Backscatter Not compensated Compensated by model

Step 1 is an early stage where most of the manufacturers real-time correc-
tions are still implemented and only the backscatter adjustment is removed.
However, the mosaic generated after processing step 3 is visually nearly in-
distinguishable from the one produced after step 1. Both show strong angular
dependent artefacts as not all necessary compensations are applied.
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4.2.2.3 Conclusion of the Section

The software comparison is conducted to determine the optimal processing
workflow (e.g., software and parameter settings) for the HOMESIDE MBES
backscatter data. The generated mosaic should be homogeneous and not
highlight data artefacts for further analysis using Al algorithms. The mosaic
should also emphasise the visualization of individual seabed classes. Chap-
ter 5.2.2 focuses on the later part and analyses the influence of acquisition
parameters and processing settings on backscatter data.

Commercial backscatter processing software is typically "black-box" in nature,
with very limited user interaction. The option to compare intermediate backscat-
ter levels provides some insight into the individual corrections applied by the
software. This comparison shows the differences in backscatter level adjust-
ment between various software already at an early stage in the processing
workflow.

In the second comparison, the final results — georeferenced mosaics — are
compared visually. This comparison is done to decide on the software for
HOMESIDE backscatter data. But it also showed how important it is to adapt
the default values of certain corrections to the specific properties of the data
(e.g., AVG window of 900 pings). In particular, the INDEX data has very "atyp-
ical" characteristics, as backscatter analysis typically uses shallow water data
collected in proximity to land over a flat and sedimented terrain.

When evaluating the individual software as well as the final mosaics, Sonar-
Scope allows the most user intervention and options — even allowing a full
calibration. However, the HOMESIDE data could not be final processed us-
ing that software, partly due to the lack of information needed for adequate
calibration. FMGT and CARIS successfully generate homogeneous mosaics.
The best overall result is obtained using CARIS and the SIPS Backscatter with
WMA and area based AVG engine (most homogeneous mosaic). However,
this approach is not suitable for processing large data sets, as the computa-
tion time is much longer then using other approaches (by a factor of about 15).
There are also other problems with the 2019 data.

The mosaics generated using FMGT show some blurring effects, but the soft-
ware has the advantage of being relatively low in computation time and being
able to handle large amounts of data comparatively well. It is therefore chosen
as the overall backscatter processing software, also because its results signif-
icantly improved since version 7.10.3 (available since May 2023). Since then,
a new AVG option has been available which allows the AVG calculation to in-
clude the previous and subsequent data file. This approach has been shown
to significantly reduce artefacts in the mosaics at file breaks. As already noted
in the comparison when CARIS SIPS Backscatter with WMA and area based
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AVG gave the best result, it is beneficial for the final mosaic using HOMESIDE
data if the AVG correction is not limited to the file length.

4.2.3 Final HOMESIDE MBES Backscatter Data Processing Workflow

Based on the conclusions of the above comparisons, a general processing
workflow for the HOMESIDE data was developed. It consists of six steps (Fig-
ure 4.17). First, the raw MBES files in Kongsberg format (*.all), the corrected
DELPH INS or mbnavadjust navigation (*.txt), and the DTM are imported. The
backscatter correction settings (processing parameters) as well as the mo-
saicking parameters need to be set by the operator. For typical high-resolution
HOMESIDE data, a resolution of 1 m is usually chosen. Once the mosaic has
been computed, manual adjustments can be made using the tools provided
within the software. These include, for example, the manual backscatter level
improvement of a file or the complete removal of a data section. As the time
series format is used, the data amount of an larger area of overlapping HOME-
SIDE data can reach a size where the the software/hardware computation limit
is reached. Therefore, each year’s data is processed separately and then the
mosaics are merged in QGIS. The merging process doe not average overlap-
ping data, but the user selects which mosaic should overlay the other. This
reduces addition artefacts created by averaging mismatching mosaic values.
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Figure 4.17: Scheme of HOMESIDE backscatter processing workflow using QPS
FMGT (own illustration).
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Chapter 5

Acoustic Characterisation of Seafloor
Classes Including Hydrothermal Areas

The initial motivation for this study is to investigate the feasibility of using
HOMESIDE MBES backscatter data for the detection of (inactive) hydrother-
mal sites. Active hydrothermal discharge locations are typically detected by
water column anomalies caused by the hydrothermal fluid. However, from an
exploration point of view, inactive fields are of greater interest, as they may
contain larger sulphide deposits and no vent fauna is present. Prior to the
addition of the self-potential string to HOMESIDE as part of the typical setup,
inactive hydrothermal sites were only discovered by video inspection of the
surroundings of active areas. This chapter of the thesis focuses on the acous-
tic characterisation of the different seafloor types within the study area and
in particular of active and inactive hydrothermal sites. The aim is to investi-
gate whether specific backscatter signatures can be established for each of
the seafloor classes.

Ideally the backscatter data should be calibrated to allow a quantitative analy-
sis. Due to the nature and remoteness of the study area, a calibration of the
backscatter data is too complex and time consuming to be feasible. In addi-
tion, different system setups and sensors have been used over the years. An
absolute quantitative analysis of the backscatter data is therefore not possible.
Due to the harsh morphology and the MBES instrument and settings used, ap-
proaches such as using the angular response are not feasible for the INDEX
data as well. However, the INDEX data has the advantage that ground truth
data is available in the form of ROV or video sled imagery over large areas.
In this section, the backscatter mosaics are compared with the ground truth
seabed classes to examine their visualisation — first in general and then ex-
plicitly for areas of hydrothermal activity. Afterwards, a textural analysis is also
carried out.
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5.1 Acoustic Characterisation of General Seafloor Classes

BGR provided geological maps of seven hydrothermal fields for comparison of
seafloor classes and MBES backscatter data. These were generated by ge-
ologists from the Laurentian University (Canada). In addition, an own seabed
classification of Field 1 was performed based on eleven ROV and three video
sled deployments (Chapter 3.3). For each geological map, a histogram of the
backscatter values of each of the major classes (e.g., sediment, pillow, talus,
sulphide blocks) and the area covered by the map was generated (Figure 5.1).
The total mapped area is approximately 11 km?.

As mentioned above, Field 1 has been mapped twice: once by the geologists
and again within this study. The additional classification of Field 1 was done
to produce a map with a more detailed classification — with more classes and
therefore a stronger correlation with the MBES backscatter data. The geolog-
ical maps by BGR used in this study do not use mixed classes, but only list
the most dominant class. They have a higher degree of generalisation. In Fig-
ure 5.1, only the main classes of the BGR geological maps have been used —
also for the own classification. Only the class "sediment with talus" has been
added, as it is one of the main data classes and increases the amount of data
shown.

Seafloor coverage varies significantly between the different classes and fields
shown in Figure 5.1. In particular, "sulphide blocks" would not be visible in the
histogram plot if its bin size had not been increased. The purpose of the his-
tograms is to visualise the backscatter values of the corresponding MBES mo-
saic for each seafloor class and their relationship to each other. The backscat-
ter values shown are those taken from the individual mosaics. As the backscat-
ter data is not calibrated, no direct comparison between seafloor class and
absolute backscatter value can be made.

In all histograms, sediment and talus are the most dominant classes overall.
Areas covered by pillow or gabbro (both hard rock classes) are limited. The
data is mostly normally distributed, except for Field 2, where the backscat-
ter values representing the areas covered by sediment are not symmetrical.
Or for the talus class in Field 3, which shows a lower number of occurrences
around the mean values. Some specific regularities can be noted from the
histograms: The curve representing sediment is typically shifted to the lower
backscatter values than talus or pillow / gabbro (mostly). Areas classified as
"sulphide block" have a similar backscatter response range to talus: the his-
togram ranges are comparable in three out of the six fields. In the other three,
sulphides have slightly higher backscatter values than talus. This correlates
with other studies (Searle et al., 2010; Asada et al., 2015).
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Figure 5.1: Histograms of backscatter values of seabed classes identified in video
imagery.

Figure 5.2 shows another plot of the same data as above. The backscatter
values have been normalised to the 3-sigma range for the particular data set.
The box plots with whiskers represent the distribution of the data (2-sigma
minimum, 25% quantile, median, 75% quantile, 2-sigma maximum). The width
of the boxes represents the relative area coverage of each class within the
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Figure 5.2: Box plots of normalised backscatter values of seabed classes identified
from on video imagery. Whiskers indicate the 2-sigma minimum/maximum data range
in additional to the 25%-quantile, median, and 75%-quantile represented by the boxes.
The box width represents the relative area coverage of each seafloor class within the
individual plot.

Although the data distribution varies slightly between classes and fields, the
same particular regularities can be seen as in the previous figure. In addi-
tion, the 2-sigma minimum and maximum values for all classes are roughly
the same across the data sets: the whiskers fall within a similar range across
the data sets. The extreme values of the classes are therefore similar and do
not provide any additional information. This could be due to remaining arte-
facts causing extreme values in the data (such as shadowing effects or direct
acoustic reflection). An examination of the majority of the data around the me-
dian (e.g., between the 25% and 75% quantiles) provides more meaningful
information about the characteristics of a class in the backscatter data and can
be summarised as follows:

Sediment: The backscatter values and therefore the median of the mapped
class "sediment" are generally lower than any of the other classes. Such
a lower backscatter response from sediment is expected as it allows more
of the acoustic energy to be transmitted to the upper layers, resulting in
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less scattering on this typically smooth surface.

Talus: The irregularly shaped and hard talus has a higher overall backscatter-
ing strength than sediment. It is a generally rough and irregularly shaped
material that does not allow any energy to be transmitted into the ground
and facilitates scattering.

Pillow: The pillow or tube shaped cooled down lava flows are typically one me-
tre in size. Pillow lava, like also talus, is a hard material that does not allow
the acoustic signal to penetrate into the ground. Its average backscatter
value is therefore higher than that of sediment, but its smoother surface
than talus facilitates direct reflection and therefore the scattered energy is
lower.

Sulphide Block: Areas of predominantly sulphide blocks have a similar back-
scatter signature to talus. This is due to the very similar characteristics of
both seabed classes: They have a gravelly / irregularly shaped structure
and consist of hard material that facilitates the scattering of the acoustic
energy.

In summary, the different seabed classes show similar characteristics in the ge-
ological maps of all six hydrothermal fields. However, even when normalised
backscatter values are used, as in Figure 5.2, the values for each class vary
over the data range and cannot be assigned to a particular data range interval.
There are several reasons for this: First, the MBES backscatter data has not
been calibrated, and different setups and parameter settings have been used
over the years, resulting in mismatching backscatter ranges between adjacent
data sets. Although attempts have been made to manually adjust backscatter
levels from different data sources, it is not possible to compare absolute values
between different deployments. Inadequate data correction during processing
can also cause such range differences. Although all influences of local acqui-
sition geometry and gain settings should have been removed, the study area
is located in a challenging area for backscatter data acquisition. During data
collection, the focus was not on optimal settings for backscatter data in terms
of profile overlap or consistent signal settings.

Second, the definition of seafloor classes and the level of detail play a crucial
role in the geological mapping. The imagery data was collected over eight
years and the geological interpretation was carried out by different people over
time. The decision on the locally dominant class as well as the level of de-
tail (and spatial extrapolation) can vary between maps as they depend on the
individual’s decision. In addition, ROV navigation can be erroneous during
some deployments, leading to spatial discrepancies between bathymetry and
geological interpretation. The attempt within this study to create a more de-
tailed seabed classification, with particular emphasis on differentiation in the
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backscatter data, resulted in a map with a low level of generalisation and there-
fore many classes. As the area coverage per class is therefore low, no general
conclusions can be drawn as the influence of remaining artefacts (extremely
high and low backscatter values) is too high. This again shows the importance
of a properly post-processed and corrected backscatter mosaic for numerical
analyses.

In addition to the above limitations, it should be noted that the hydrothermal
fields under investigation extend over a distance of approximately 620 km, illus-
trating the vastness of the whole INDEX area. The area covered by geological
maps of 11 km? seems tiny in comparison. However, it is to important to con-
sidered how time-consuming the geological map creation process is. It takes at
least as long as all the video deployments, and even longer considering further
editing afterwards. The video playing time is about 82 hours for Field 1 alone.
Even with a relatively small spatial coverage and a sub-optimal backscatter
data quality due to the acoustically challenging environment and acquisition
parameters, it has been shown above that some basic conclusions about the
characteristics of the individual seabed classes can be drawn from the MBES
backscatter data. Mosaics can be used to extrapolate seabed classes in geo-
logical mapping.

However, to return to the original question of identifying a unique backscatter
response from areas showing evidence of sulphides, these areas are exam-
ined in more detail in the following section. Such areas with evidence of hy-
drothermal activity — from hydrothermal alteration to massive sulphide blocks
and chimneys — represent only a small part of the total mapped area. How-
ever, their MBES backscatter response, or more precisely the identification of
a potentially unique response, is of great interest for exploration.

5.2 Acoustic Characterisation of Seabed Areas Showing Ev-
idence of Hydrothermal Activity

The acoustic signature of hydrothermal areas is of particular interest because
the identification of unique parameters could help to detect both active and in-
active hydrothermal sites, and hence potential associated sulphide deposits.
However, as discussed in the previous section, the influence of acquisition
settings on the resulting backscatter mosaics and therefore the visual appear-
ance of a site cannot be neglected. In the following two subsections, firstly,
backscatter data from different sites is compared visually to determine whether
hydrothermal sites have the same backscatter characteristics (Chapter 5.2.1).
Secondly, the sensitivity of the acquisition settings on the site visualisation is
analysed (Chapter 5.2.2) by visually comparing sites acquired using different
acquisition geometries and MBES settings. This analysis is also done visually,
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as it has been shown above that a numerical based analysis is not advisable.

5.2.1 Visual Inspection of Backscatter Intensities at Hydrothermal Sites

In the geological maps provided, the following four seabed classes have been
distinguished in areas of hydrothermal evidence: hydrothermal sediment, hy-
drothermal crust, sulphide talus, and sulphide block. Figure 5.3 shows images
of these hydrothermal classes. They all exhibit the typical iron-manganese
colouration, ranging from yellow to red. However, their visual characteristics
differ.

Figure 5.3: Images of different seafloor classes associated with the presence of sul-
phides: a) sulphide block b) sulphide talus c) hydrothermal crust d) hydrothermal sedi-
ment.

Sulphide blocks typically include mound and chimney structures found near
discharge sites of hydrothermal fluid. When a site becomes inactive, the sul-
phide blocks weather over time, becoming more porous and reducing the size
of the mounds and chimneys. Hydrothermal crust generally has a smoother
surface than the sulphide blocks or talus. It is a hydrothermal alteration of
the seafloor and typically indicates hydrothermal activity in the vicinity. Sul-
phide talus refers to sulphide that is broken into smaller pieces than sulphide
blocks. This can include chimney remnants, for example, but also additional
evidence of hydrothermal activity such as coloured sediment or vent fauna
like anemones. Hydrothermal sediment is visually distinguishable from non-
hydrothermal sediment by its colour. The typical yellow to red colouration is
caused by iron precipitating from the plume.

Each of these classes can also occur at different stages of erosion and weath-
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ering, which also affects the backscatter response. The classes sulphide talus,
hydrothermal crust, and hydrothermal sediment are expected to be acoustically
indistinguishable from the "non-hydrothermal” equivalent or general classes —
and therefore also numerically indistinguishable in the mosaic. Therefore, only
the sulphide block class was used for the comparison in the previous chapter.

As mentioned in the previous chapter, the sulphide block class has a backscat-
ter response similar to or higher than that of talus. Figure 5.4 depicts some ac-
tive and inactive sites from different hydrothermal fields, with geological maps
overlaying the bathymetry (left) and backscatter mosaic (right). Areas showing
(former) hydrothermal activity are outlined in pink in both types of images.

Comparing the two different representations for each site in Figure 5.4, there
is no clear distinction between seafloor areas with and without evidence of
(former) hydrothermal activity in the backscatter mosaic. Similarly, the four dif-
ferent classes representing sulphide presence and hydrothermal activity show
no visually discernible demarcation from each other in the backscatter data.
In some examples, hydrothermal sites are represented by generally higher
backscatter values (light grey), while in others they appear with lower backscat-
ter values (dark grey). Visually, therefore, there is no specific signature of hy-
drothermal (in)activity. The appearance of a site within the backscatter data
depends on the surrounding seabed and its backscatter characteristics.

One of the conclusions of the analysis in the previous chapter was that talus
(coloured green in the geological maps) has a higher backscatter response
than sediment (depicted in yellow in the geological maps). This is due to
its hard and rough surface, which prevents acoustic transmission and allows
strong scattering in all directions. One would expect a clear visual difference
between these two classes in the backscatter data, but this cannot be con-
firmed from Figure 5.4. The main reason for this is probably the degree of
generalisation in geological mapping. Mixed seabed classes such as "sed-
iment covered talus" are more common than plain ones. The proportion of
each class in a mixed area may also vary. In mapping, only the dominant one
is represented, resulting in clear boundaries between different classes in geo-
logical maps, whereas in reality — as well as in the high-resolution backscatter
data — the transition between classes is typically smoother.

As mentioned above, the maps in Figure 5.4 were provided by BGR. They are
used for geological interpretation of the area on a larger scale and are there-
fore slightly generalised. Figure 5.5 shows a section of the geological map
of Field 1 provided by BGR (left) alongside the seabed classification made as
part of this study (right). There are some similarities in the general classifica-
tion between the maps: a diagonal stripe from northwest to southeast in the
middle of the selected section shows predominantly (fractured) pillow lava. To-
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Figure 5.4: Various active and inactive hydrothermal sites shown as geological map
(left) and backscatter mosaic (right). Areas with indication of hydrothermal activity are
outlined (pink). Active and inactive vent locations are marked by black and grey trian-
gles.

wards the northeast and southwest, sediment and talus are more dominant.
The locations of seabed classes with sulphide occurrences are also similar.
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However, the shape of these areas and the assignment of individual classes
varies between the maps. This is also evident when comparing the outlines of
the hydrothermal areas, illustrating also the problem of manually drawing class
boundaries when the transition between classes is smoother in reality. In ad-
dition, the own classification includes more — and especially mixed — seabed
classes, resulting in a stronger visual correlation between the class boundaries
and the backscatter values.

|| Sediment

[ Talus —
["] Fragmented Pillow &g«
1 Pillow Lava

Figure 5.5: Section of a geological map provided by BGR (left) and made as part of
this study (right) of Field 1.

In summary, there is no clear visual distinction between classes with and with-
out signs of hydrothermal activity in the backscatter mosaic. In the following
section, the visual analysis of hydrothermal sites is extended to individual data
files collected at different times, using various settings, and processed with dif-
ferent software, in order to examine the influence of these parameters on the
visualisation of the sites.

5.2.2 Influence of Acquisition Parameters and Processing Settings on
Backscatter Data of Hydrothermal Sites

HOMESIDE data is typically acquired with the same MBES settings (300 kHz,
FM pulse). However, these acquisition parameters (e.g., acoustic frequency,
the pulse form), as well as the acquisition geometry, and processing settings,
affect the backscatter data. The effect of different processing software with var-
ious settings for the backscatter mosaic is discussed in more detail in Chapter
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4.2.2. The data used in the previous investigation was collected with different
acquisition settings and geometry in hydrothermal areas in Field 1. In this sec-
tion, the same data will be used to draw conclusions about the sensitivity of the
site representation in the final backscatter mosaic. Again, different software is
used for this visual analysis.

Two areas within Field 1, covered by HOMESIDE data in 2017 and 2019, were
selected for this analysis. The first area (Figure 5.6) includes an active site with
two active discharge sites — each located on a mound. There are a number of
inactive sites in the vicinity. These include several chimneys remnants, ranging
from very large standing or fallen structures to very small altered and broken
chimney remnants.

Figure 5.6 shows the self-made seabed classification (with a lower level of gen-
eralisation) and the mosaics generated from different data sets and different
processing settings. The seafloor areas with evidence of hydrothermal activity
are outlined in pink. In all mosaics, the three larger sites in the middle of the
data section — especially the active one — have lower backscatter values than
their surroundings. In their immediate vicinity, mostly talus and sediment with
talus patches have been mapped. The active site is dominated by hydrother-
mal sediment. This is consistent with the general expectation and previous
observations that hydrothermal sediment has a lower backscatter response
than talus.

The two inactive sites in the centre of Figure 5.6 have been classified as sul-
phide block. The backscatter intensities of these two sites are only slightly
lower than those of the surrounding area and therefore the boundary is less
obvious. In the numerical analysis of the different seafloor classes in Chapter
5.1, it was concluded that sulphide blocks typically have a similar or higher
backscatter response than talus. This general statement contradicts the visual
observation of the site made using Figure 5.6. This contradiction is caused by
the generalisation of mapping. Both classes have a very similar backscatter re-
sponse. In the maps used for the numerical comparison, talus and talus mixed
with sediment may have been combined into one class in certain areas. In ad-
dition, sulphide blocks may show different degrees of weathering and erosion.
These processes alter their appearance and formally rough surfaces may be
smoothed, resulting in a lower backscatter response.

In summary, the numerical analysis of seabed classes and their correspond-
ing backscatter values generally indicates that talus has a lower or similar
backscatter response to sulphide blocks. However, in some cases this may
be different. The purity of a class and processes such as erosion can influ-
ence the backscattering strength.

Comparing the different mosaics generated from data with various acquisition
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Figure 5.6: Example 1: Seabed classification and different backscatter mosaics (1
m resolution) created from data from different deployments in 2017 (300kHz) and
2019 (200 kHz) and with various software and software settings (SSc_raw = IFREMER
SonarScope without correction, FMGT = QPS FM Geocoder Toolbox, CARIS_900 =
CARIS HIPS and SIPS - SIPS Backscatter engine with AVG 900, CARIS_Area = CARIS
HIPS and SIPS - SIPS Backscatter With Area Based AVG engine). An area with greater
differences in backscatter representation is highlighted in cyan.

and processing settings in Figure 5.6, the representation of the hydrothermal
sites is similar in all of the mosaics. The greatest difference in representation
can be seen for an area to the east of the inactive sites (highlighted in cyan in
Figure 5.6 top right). This area appears darker and more heterogeneous in the
300 kHz data (2017) than in the 200 kHz data (2019). It consists of a mixture
of sediment and talus, which explains the overall decrease in backscatter level.
Only in the bottom mosaics does this area look similar. Therefore, the most
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likely cause of the difference in representation is a combination of its location
within the swath and the corrections used by the software.

Overall, there is a difference in resolution between the 2019 (200 kHz) and
2017 (300 kHz) data, which is to be expected as higher acoustic frequencies
typically provide better resolution. The difference is further enhanced by the
fact that the active site was recorded in the outer part of the swath in 2019.
In that year, HOMESIDE had already been upgraded to a dual-receiver con-
figuration. This section was therefore insonified with a larger incidence angle,
which further reduces the quality.

Figure 5.7 shows the second study area. It covers a large active site consisting
of several discharge sites of hydrothermal fluids with multiply chimneys grown
together into a beehive structure. About 400 m to the north-west is an inac-
tive site with only small chimney remnants. Even more so than in the previous
example, the outlines of the sites with indications on the seabed for hydrother-
mal activity cannot be clearly distinguished from the surrounding area in ei-
ther mosaic. The mosaics at both sites show intermediate and homogeneous
backscatter values. At both sites sulphide blocks and sulphide talus is pre-
dominate. Hydrothermal sediment has been mapped around the large active
site.

Both sites are mostly surrounded by sediment and partly by the harder mate-
rial (fragmented) pillow lava (with sediment). The hydrothermal sediment from
the active site is indistinguishable from the non-hydrothermal sediment, as ex-
pected. The inner part of the site, where more sulphide blocks and sulphide
talus have been mapped, is indistinguishable in the mosaic. However, towards
the south and towards the area of predominantly (fragmented) pillow lava with
some sediment, a distinction can be seen in the backscatter, especially in the
2019 data.

The inactive site has a slightly brighter backscatter level than the active site.
It shows some difference from the adjacent sediment to the east and the pil-
low lava to the southwest. The higher backscatter values of the pillow covered
area (highlighted in cyan in Figure 5.7 bottom right) are particularly visible in
the 2019 data. As noticed in the previous example, the visual difference is
less obvious in the mosaics at the very bottom where the areal AVG correc-
tion (CARIS_Area) has been used. This confirms the above conclusion: The
difference in visual appearance is most likely due to differences in acquisition
geometry. This particular area, which is part of a trench and coincides with
the pillow lava cover, was acquired with the MBES in 2019 down- and upslope
(i.e., with the ship’s direction orthogonal to the slope). Typically, the AVG cor-
rection is applied to a larger number of consecutive pings. If the MBES swath
covers the bottom and top of a larger bathymetric structure that also has differ-
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Figure 5.7: Example 2: Seabed classification and different backscatter mosaics (1
m resolution) created from data from different deployments in 2017 (300kHz) and
2019 (200 kHz) and with various software and software settings (SSc_raw = IFREMER
SonarScope without correction, FMGT = QPS FM Geocoder Toolbox, CARIS_900 =
CARIS HIPS and SIPS - SIPS Backscatter engine with AVG 900, CARIS_Area = CARIS
HIPS and SIPS - SIPS Backscatter With Area Based AVG engine). An area with greater
differences in backscatter representation is highlighted in cyan.

ent seabed characteristics, the corrections in post-processing may reduce the
difference in backscatter caused by the different characteristics.

In summary, it can be concluded from this example, as previously observed,
that the discriminability of different seabed classes (especially of those show-
ing evidence of hydrothermal activity) depends on how much neighbouring
classes differ in their acoustic properties (e.g., soft/hard, smooth/rough). This
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can only be partially influenced by the acquisition geometry or processing set-
tings. For optimal backscatter acquisition, the acoustic signal (e.g., frequency,
pulse form, pulse length, gain) should be kept stable (to avoid artefacts), the
highest frequency should be used for high resolution, and areas of interest
should be covered at an incidence angle of about 20° to 40°. As the focus of
HOMESIDE deployments is on collecting bathymetry and water column data,
the settings for the backscatter data are not optimised and therefore the quality
of the final mosaics is compromised.

Each of the backscatter processing software suites tested had advantages and
disadvantages. FMGT is prone to smearing effects, probably caused by some
filtering or blending algorithm. These effects slightly reduce the resolution of
the mosaic. The same AVG approach in CARIS shows no such effects, but
struggles to compensate for the dual-receiver setup in the nadir area. The
CARIS area-based AVG algorithms gave very good outcomes, but can result
in small features being more prominent than larger backscatter patterns in the
data. This can be influenced by adjusting the parameter updating size during
the processing, but due to the long processing time and the likelihood of stripe
shaped artefact, this needs to be done with careful observation of the data and
the results. It also showed a larger and artificial cut out, which is most likely
caused by a bug in the software’s gridding (Figure 5.7 bottom right).

5.3 Textural Analysis

The previous chapters have shown that a numerical backscatter analysis of
the high-resolution MBES backscatter data of the INDEX data cannot be used
directly to identify hydrothermal sites. Another approach focuses not only on
the backscatter values within a certain area, but also on their relative position
to each other. The variation between neighbouring pixel values — their spatial
organisation — provides information about the textural properties, which can be
rough, smooth, homogeneous, or random for example (Blondel et al., 1998).

Several tools have been developed for texture analysis. One of the most widely
used methods is GLCM (Grey-Level Co-occurrence Matrix) after Haralick et al.
(1973); Haralick (1979). It has been successfully applied in the field of re-
mote sensing for terrestrial and marine applications (Wang et al., 2016; Blon-
del et al., 1998). The GLCM lists how often different combinations of two pixel
values occur in a given distance and direction from each other within a small
section (window) of an image. Different measures can be derived from GLCM,
taking into account the spatial direction (second order) or not (first order). Typ-
ical first (') and second order (?) texture measures according to Haralick et al.
(1973), Hall-Beyer (2017a), and GRASS Development Team (2024) are:
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« Contrast? provides information about the difference in intensity between
neighbouring pixels. A high contrast indicates a large grey value varia-
tion between neighbouring cells and therefore a coarse texture or sharp
transitions/edges, whereas a low contrast suggests a smooth texture.

- Homogeneity / Inverse Difference Moment (IDM)? measures how simi-
lar neighbouring pixels are. It is inversely related to contrast. High values
indicate smooth and homogeneous textures.

+ Angular Second Moment (ASM) / Energy? gives information about the
uniformity or orderliness of a texture and is the opposite of entropy. It
is the sum of the squared elements of the GLCM. A high ASM value
indicates that the pixel values are similar.

+ Entropy' expresses the degree of randomness or disorder, predicting
the unpredictability and complexity of a texture. It returns a high value
when the pixel values have a random texture. The number of occurrences
of pixel pairs is therefore relatively equal throughout the GLCM and will
therefore have lower values. It is typically inversely correlated with ASM.

« Variance' gives the dispersion of the values around the mean.

« Correlation? measures the linear dependency of neighbouring grey lev-
els. A high correlation indicates that the pixel relationship is predictable.

Haralick et al. (1973) defines 14 different texture measures and there are gen-
erally many more presented in further literature. In practice, however, only
some of them are used because they are correlated. The choice of mea-
sures depends on the individual data set and the intended classification. Clausi
(2002) and Hall-Beyer (2017b) for example recommend the combined use of
contrast, correlation, and entropy for terrestrial applications. Similarly, entropy
and homogeneity have been successfully applied for texture analysis of side
scan sonar data and MBES backscatter data (Blondel et al., 1998; Huvenne
et al., 2007). In order to derive different texture classes from the texture mea-
sures, clustering can be used for example (Blondel and Gémez Sichi, 2009).

GLCM and texture indices were calculated in QGIS 3.36.3 using the GRASS
GIS implemented algorithms (QGIS Development Team, 2024; GRASS Devel-
opment Team et al., 2024). In a first step, the backscatter data was normalised
and grey values were reduced to 11 (for entropy) and 40 values (for all other
GLCM textures), to facilitate the GLCM computation. Different texture mea-
sures with varying window sizes (3, 5, 25) and distances (1, 2, 10) were gen-
erated for a texture analysis of the INDEX data. This was done to investigate
whether, and if so which, texture measures can be used to distinguish areas
of hydrothermal activity from non-hydrothermal active areas. Figure 5.8 shows
some examples of texture measures as well as the ruggedness derived from
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the backscatter data in areas of hydrothermal sites. Ruggedness is calculated
as the square root of the sum of the squared difference from each neighbouring
cell and is an indicator of raster complexity/variability (Riley et al., 1999).
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Figure 5.8: Backscatter, backscatter ruggedness, and various texture measures with
different GLCM window (W) and distance (D) sizes of hydrothermal areas (site extent
marked in white).

The selected examples in Figure 5.8 illustrate two problems with backscatter
data when generating derivatives such as the texture measures: Data gaps
(left example) and data artefacts (right example). Gaps typically occur in the
INDEX data where the swath overlap is insufficient or in areas where a slope
faces geometrically away from the echo sounder and it cannot be ensonified
(i.e., shadowing). The derived texture values at data edges may be unrepre-
sentative and biased due to the lack of data continuity. This can affect numer-
ical calculations and derived statistics. When working with large window sizes
for the GLCM computation, the gaps become even larger, resulting in a loss
of information. The second data problem — artefacts — occurs when intensity
levels change abruptly. This typically occurs when the system automatically
adjusts gain and signal settings to improve the bottom detection. This can
happen, for example, when the altitude changes or when individual pings fail
to detect the bottom. Such sudden changes in intensity will affects the texture
measures and therefore further numerical analysis.

Overall, a visual inspection of the INDEX hydrothermal sites and the backscat-
ter derived measures reveal some similarities between certain sites. At most
sites, the entropy (W3 D1) value is high in the vicinity of active chimneys, indi-
cating a random texture pattern. This can be due to the presence of chimneys
and the resulting effects of shadowing and direct reflection of the acoustic sig-
nal. Areas around the sites identified as sulphide block in the geological maps,
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are often represented by low entropy values. This area is typically covered in
sediment-like material from plume precipitation, making the texture more ho-
mogeneous. At some sites, the absence of locally high entropy values can be
noted, as in the examples in Figure 5.8. This indicates a smaller or less pro-
nounced chimney or chimney remains/blocks directly at the site location, as
the texture is more homogeneous.

The values of IDM (also called homogeneity) are mostly inversely related to
entropy, with low values and therefore low homogeneity directly at the active
vent sites with larger chimneys. As contrast is inversely related to IDM, it does
not provide any further insight into the data. Ruggedness generally shows
lower values at sites. It does not appear to be very sensitive to small variations,
but tends to show high values in areas of very rough seabed class changes (not
taking into account data gaps and artefacts).

The seafloor in the INDEX area is generally rough and inhomogeneous due to
the high tectonic activity and the thin sediment cover. Hydrothermal areas can-
not be distinguished from non-hydrothermal areas by general numerical values
or visual patterns using texture measures. There is no clear visual distinction
between sulphide cover and regular seabed. In particular, data gaps and arte-
facts distort an areal analysis as the gaps increase. Small window sizes should
be used to reduce the gaps in the GLCM derivatives. Although areal texture
analysis is not feasible for the INDEX data, the use of backscatter texture prop-
erties after mound classification using deep learning may be beneficial. In this
case, the texture properties are only used from a small local area — covering
the pixels of a detected mound — to distinguish between sulphide and volcanic
mounds.

5.4 Chapter Summary

Seafloor areas showing indications of hydrothermal activity do not have a unique
backscatter or backscatter texture signature. Their representation in the back-
scatter data is highly dependent on the characteristics of the surrounding and
how much they differ. Another factor in distinguishing sites from the general
seafloor is their nature: typically, seabed types have a smooth transition be-
tween each other rather than a sharp boundary. They also tend to be mixed.
The acoustic response of hydrothermal areas can be very similar to the other
seabed types.

Whether a site is active or has been extinct for a long time is important, as
weathering and erosion alter its characteristics. In addition, debris can (par-
tially) bury sites. It has also been noticed that large chimneys can cause shad-
ows in the backscatter data. However, their visibility depends on the acquisition
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geometry and large chimneys do not occur at every site. Therefore, this partic-
ular feature cannot be generalised to all sites and incorporated into a possible
method in backscatter mosaics.

The overall acquisition geometry, MBES settings, and post-processing correc-
tions do affect the final mosaic. However, these factors do not significantly
alter the representation of the individual seabed classes. It is more important
to ensure that artefacts are removed as good as possible in post-processing to
reduce sudden changes in backscatter levels that are not caused by variations
in the seabed.

This chapter shows that backscatter data allows certain conclusions to be
drawn about seabed characteristics (e.g., hardness), but cannot be used alone
to identify sites of (former) hydrothermal activity. Such an approach might work
for certain sites that are (or were until recently) active over a long period of time
and where the seabed characteristics differ significantly from the surrounding
seafloor.

However, MBES backscatter data is acquired together with bathymetry. At hy-
drothermal sites, mound structures are typically formed by precipitation of the
dissolved metal particles from the plume and falling chimneys (Chapter 3.1).
An approach using both — bathymetry and backscatter data — is likely to facili-
tate the detection of hydrothermal sites in high-resolution MBES data. Such a
bathymetry-based mound detection for the identification of hydrothermal sites
using deep learning methods has been investigated and tested by several re-
search groups. In the following chapter, such a deep learning approach is
tested on the INDEX data.
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Chapter 6

Automated Detection and Classifi-
cation of Sulphide Mounds

Most exploration methods for hydrothermal venting sites and associated sul-
phide deposits are based on the detection of chemical anomalies caused by
active venting sites. In this chapter, an approach is tested that firstly uses
deep learning to detect mounds based on bathymetry. Secondly, these de-
rived possible exploration targets are differentiated by type using bathymetry
and backscatter data, to extract possible sulphide mounds. This approach
aims to reduce the required time if all mounds had to be evaluated manually.
In addition, such an automated process also promises to increase the objec-
tivity and consistency of such classification.

In the first section of this chapter (6.1), some similar approaches found in the
literature are presented. They also utilised CNN to identify possible sulphide
deposits. The second section (6.2) presents the data preparation for the CNN
used, which includes the creation of data derivatives as input layers, but also
the labelling of the training data. The third section (6.3) presents the results.
First, a pre-trained and publicly available U-Net model is used before the model
is trained with the study data. Section 6.4 deals with the subsequent differenti-
ation of volcanic and sulphide mounds before summarizing the whole chapter.

6.1 Literature Review

The task of first detecting the mounds and then identifying the sulphide ones
among them is not trivial. However, such approaches have already been tested
and applied. Three studies are presented in greater detail in Table 6.1.

All of them include a CNN, mostly U-Net, for detection using a segmenta-
tion. U-Net was originally developed for biomedical image segmentation (Ron-
neberger et al., 2015). Since then, it (or further developed versions) has been

114



6 Automated Detection and Classification of Sulphide Mounds

used in different fields of application such as landform classification studies
to distinguish between geomorphological types (Li et al., 2020; Torres et al.,
2020) or also in marine applications for target segmentation (Tang et al., 2023).
Also, in a comparison by of different approaches (heuristic and deep learning)
for peak detection on land, U-Net showed the best results (Torres et al., 2020).

All three approaches in Table 6.1 are based on high resolution bathymetry.
Mounds are complex features and their detection is not easy using only el-
evation data (Juliani and Juliani, 2021). Therefore, in all three approaches,
multiple derivatives (also called secondary features) from the bathymetry are
used in all three approaches as input layers for the CNN.

Distinguishing between sulphide and volcanic mounds from bathymetry alone
is even more difficult. As illustrated in Chapter 3.1 with examples of sites in
Field 1, hydrothermal mounds can most commonly be distinguished from vol-
canic domes in bathymetric data by the slope of the peak: Sulphide mounds
have steep and conical tops with irregular sides (Jamieson et al., 2014). Vol-
canic mounds have a dome-shaped top.

The paper presented by Juliani and Juliani (2021) includes an evaluation and
several experiments on the method applied for detection. The U-Net hyper-
parameters are discussed and tested in more detail to optimise the approach.
The study uses high-resolution bathymetry data of a 20 km? area at the Mohns
Ridge, covering the Loki’s Castle venting site. The elevation data is trans-
formed into a seven-dimensional input data set for the semantic segmentation
using U-Net. In a semantic segmentation, each pixel value is assigned to a
class, here: "mound" and "no mound". In a second step, a similarity analysis
is performed and the segmented mounds are clustered using the convolutional
signals. A final comparison with the ground truth data identifies the group con-
taining the most known sulphide mounds.

The approach of Haroon et al. (2023) focuses more on the estimation of sul-
phide deposits. The elevation data is transformed into a three-dimensional
data representation for the training, evaluation, and testing. As in Juliani and
Juliani (2021), the U-Net is used to identify the mounds, but in addition also
magnetic, controlled source electromagnetic, and in-situ data is used for the
subsequent clustering and classification. The study area is the hydrothermal
field TAG, located at the MOR of the Northern Atlantic.

Both of the above approaches use the same data resolution of 2m and a patch
size of 256 x 256 pixels, in which the input layers are clipped. The approach of
Keohane and White (2022) focuses more on chimney detection. The original
data resolution is slightly better at 1 m and the patch size for the CNN is only
15 x 15 pixels, as this better represents the dimension of the object to be
detected. In addition to the chimneys, other landforms such as flat terrain, fault
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scarp edges, or round features are also classified. No additional classification
is performed after the detection.

Table 6.1: Overview of different approaches using machine learning methods for (sulphide)
mound detection.

Method 1 Method 2 Method 3
Juliani et al. (2021) Haroon et al. (2023) Keohane et al. (2022)
U-Net CNN
Method U-Net [modified after "Chimney
Juliani et al. (2021)] Identification Tool”
Detection of chimneys
Aim of CNN Mound detection Mound detection (flat, faults scarp edge,
round feature)
7 bands:
1) RGB — 3 PCs": 3 bands: 3 bands:
Input raster Slope, roughness, TPI 2 R— Norm. aspect Bathymetry
layers 2) RGB — 3 PCs: G — Slope Slope
Shaded relief B— dy TPI
3) Bathymetry
Grid resolution 2m 2m im
Tile size [pixel] 256 x 256 256 x 256 15x 15
Geometric: Scale,
Data flip, transl., rotation Rotation Rotation
augmentation Colour: Brightness, and flip and flip

contrast, blur, noise

After CNN

Morphological similarity
analysis and clustering
of segmented features
using convolutional signals
(CV & Data Proc)

1) Mound classification
based on mound architec-
ture and magn. signature
2) Re-asses SMS volume

via CSEM & in-situ data

Further
data source

Magnetic, CSEM®

Loki’s Castle hydrothermal

TAG hydrothermal

Endeavor Ridge &

Location field & Axial volcanic field, MOR, Galapagos
ridge section, Mohn’s Atlantic Spreading Centre,
Ridge, MOR, Arctic (& other free data) Pacific
Multiple free
Data Approx. 30 km? data sets, _
extent 369 tiles test area: 49km?,
overall 2,280 tiles
1,115 mounds 528
Ii&nnsr:::‘a:ee: 899 peaks - hydrothermal
7.6% (2.2km?) of area chimneys
2 sulbhide Test area: 48 out of 528
No of sites P 15 sulphide annotated
mounds :
mounds confirmed
Accuracy 323 mounds detected 96% agreement with

Model results

mound detection:
84% pixel-wise
80% object-wise

14 of 15 known sulphide
mounds were classified
as exploration targets

annotation,
39 of 48 chimneys
correctly detected

! Three principle components resulting from a principal component analysis

2 Topographic Position Index
8 Controlled Source Electro-Magnetic
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A large amount of labelled data should be available to train a CNN. Since
the acquisition of high-resolution bathymetry in deep-sea areas is very time
consuming and expensive, large area coverage is typically not available. Also
in all three examples in Table 6.1 the area covered is limited. Juliani and Juliani
(2021) uses data with a coverage of 29 km? for training, validation and testing,
which includes only two known sulphide mounds. Juliani and Juliani (2021)
further distinguishes between two classes: the peak (class 1) and the base of
the mound (class 2). A total of 1,115 mounds and 899 peaks were annotated
in the data set.

In Haroon et al. (2023) different 14 freely available data sets are used for train-
ing. However, these data sets differ in spatial resolution from 2m to about
90 m. The testing data set used to evaluate the CNN performance covers an
area of 49km?, including 15 SMS sites. In the "chimney identification tool",
528 chimneys were labelled for training, validation, and testing. 48 of these
locations are confirmed chimney locations.

U-net has the advantage of being able to produce good results with relatively
sparse training data (Torres et al., 2020). Nevertheless, all three approaches
use data augmentation to increase the amount of training data. Typically, at
least rotations and flips have been used to increase amount of data by a factor
of eight (Table 6.1).

A detection focusing on chimneys, as in Keohane and White (2022), was not
considered for the data within this study, as the focus is not on chimneys but
on mounds. Not every hydrothermal site — especially the inactive ones — has
chimneys of sufficient size to be visible in the bathymetry. The aim is to de-
tect not only chimneys but all the mounds in general. Therefore the detection
method published by Juliani and Juliani (2021) is used in this study. Haroon
et al. (2023) shows that additional data sets improve the subsequent differen-
tiation of the sulphide mounds from all detected ones. Therefore, in this study,
the use of MBES backscatter data is used to identify sulphide mounds. the
data preparation is presented in the following section.

6.2 Data Preparation

The input data for U-Net is prepared as described in Juliani and Juliani (2021):
As a first step, the following geomophometric terrain attributes are created us-
ing high-resolution bathymetry with SAGA GIS 9.3.2 (Conrad et al., 2015):

* Slope: Slope represents the rate of elevation change in terrain, expressed
as the angle between a horizontal plane and a tangential plane at the lo-
cation of interest (Olaya, 2009).
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* Roughness / Terrain Ruggedness Index (TRI): This value describes the
heterogeneity of a grid by expressing the change from one grid cell to its
eight neighbouring cells. According to Riley et al. (1999), it is calculated
for each cell by the square root of the sum of the squared difference to
each neighbour.

» Topographic Position Index (TPI) / Slope Position: This value ex-
presses the local morphology by comparing the focal point with the heights
of the neighbouring cells. A positive value indicates that the location is
higher than its surroundings and a negative value indicates that the lo-
cation is lower than its surroundings. Values around zero indicate a flat
surface or areas of constant slope (Weiss, 2000) (Evans, 2018).

» Shaded Relief: Shaded reliefs are commonly used to enhance the vi-
sualisation of topographic features by providing a 3D representation of
the surface as if being illuminated by the sun from a given azimuth (e.g.,
direction) and elevation above the horizon. The pixel values for this sec-
ondary feature are determined by applying an insolation model based on
slope and aspect. The more a location is illuminated, the higher its pixel
value. (Olaya, 2009)

The results are then simplified using two Principal Component Analyses (PCAs)
(Murtagh and Heck, 1987) in SAGA GIS 9.3.2. A PCA is an image processing
tool that reduces the dimension and complexity of a raster input data set using
four steps according to Eleftherakis (2013): The input data sets are standard-
ised by subtracting the mean from each value and then dividing by the standard
deviation. The covariance matrix is then determined. The diagonal elements
have a value of 1 due to the previous standardisation process and the other
elements represent the correlation coefficient between the individual features.
In the third step, the eigenvalues are calculated before the data matrix is multi-
plied by the eigenvector matrix to derive the principal component (PC) matrix.
A subset of PCs is then determined, consisting of the smallest number of PCs
that contain most of the original data but are not correlated. They are the out-
put of the PCA and are typically ordered by importance (Bahrenberg et al.,
2008).

In this work, the rasters representing slope, roughness, and TPl (10x10, 20x20,
30x30) are used as input for PCA1, and the shaded reliefs with different illu-
mination angles (North, 45°, 135°, 225°, 315°) are used for PCA2 (see also
Figure 6.1). Each of the PCAs produces three PCs, which are then combined
into two RGB composites. The individual PC results have been inverted where
necessary to give the same visual representation for each area. Together with
the bathymetry, they represent the seven input data set layers for U-Net.

For the mound annotation, polygons along the mound bases (class 2) and
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Figure 6.1: Depiction of the creation of two RGB data representations using PCA from
different bathymetry derivatives (own illustration).

peaks (class 1) were manually generated in QGIS 3.36.3. Several layers were
used in combination to identify the mounds and their bases and peaks: both
RGB images, shaded relief, and contour lines at 1 m intervals. Typically, indi-
vidual mounds with an elliptical base shape were annotated. While Juliani and
Juliani (2021) limits the mound annotation to features with a diameter of 100 m,
in this study mounds up to 250 m were annotated, as this was the maximum
size of the known sulphide mounds observed in the data. Instances smaller
than 20 m were not classified by base and peak, but only as peak. These small
mounds were not equally present in all four data sets used. They are more
abundant in data sets C and D. These morphological features can origin from
boulder or more isolated chimneys or small mounds (Asada et al., 2015).

Volcanic domes can overlap to some extent — appearing to have "grown to-
gether". Such overlapping features have not been included because the bases
of the individual structures cannot be identified. Also, only complete features
that are not cut by fissures or faults have been considered. Mounds (especially
sulphide mounds) may have multiple peaks. However, mounds without a clear
peak are present in the data. Figure 6.2 shows some examples of labelled
mounds.

The vector format of the mound annotation layer has been converted to raster.
To prepare the larger data sets for PCA1, PCA2, elevation, and annotated
mounds for U-Net, they need to be normalised and cut into small tiles of 256
x 256 pixels. This size has been shown to give the best results (Juliani and
Juliani, 2021). Adjacent tiles overlap by 128 pixels to ensure that each feature
is covered by at least one tile. Splitting this data into tiles and converting it to
the format required by U-Net (8-bit and 16-bit integer) is done in QGIS. Tiles
not containing any annotations are removed to improve the object-background
relationship towards a more balanced data set. Table 6.2 gives an overview of
the number of tiles, known sulphide mounds, and the labelled mounds.
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Figure 6.2: Examples of labelled mounds (class 1 = yellow / class 2 = green) with the
different CNN input data as background. Sulphide mounds are highlighted with a white
outline.

Table 6.2: Number of tiles (for each data layer), known hydrothermal sites/mounds, and
annotated mounds for each data set.

Number of Number of Number of
Data Set Field Area Tiles hydrothermal sulphide labelled
sites mounds (C1/C2) mounds (C1/C2)

A 1&2 272km? 1,818 21 44 /26 1,650/ 1,447

B 3 186km? 1,877 12 22/15 2,563 /2,071

C 4 130km? 1,019 15 24 /20 1,576 /721
D 5-7 194km? 1,998 40 148 /67 3,195/2,205
Sum: 782km? 6,712 88 238/128 8,984 / 6,444

A total of 6,712 tiles are available for the training of the U-Net model. The
data covers 88 hydrothermal sites with 238 annotated peaks and 128 bases.
In total, 8,984 mounds peaks and 6,444 bases were manually annotated. The
following section presents the results of the CNN.

6.3 Mound Prediction

All four data set are segmented twice: first, using the pre-trained model from
Juliani and Juliani (2021). Second, by using the INDEX data for training and
validation of the model. Their results are presented separately in the next two
sections.
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6.3.1 Applying Pre-Trained Model to INDEX Data (No Training)

The pre-trained U-Net model from Juliani and Juliani (2021) is used for seg-
mentation and thus prediction of mound locations in the INDEX data. The
results allow an evaluation of the general universality of the model. The CNN
provides prediction maps, which are raster representations of the study area
with possible mounds coloured in red and background data in blue. The pre-
dicted mound locations are extracted and compared to the manually annotated
mounds (ground truth). A labelled mound is considered correctly classified if
the prediction and the annotation intersect. Additionally, the metrics recall, pre-
cision, and dice coefficient (DC) are also used to evaluate the segmentation
results when comparing the annotated ground truth data with the predicted
output (Figure 6.3) (Sokolova and Lapalme, 2009; Sgrensen, 1948).

Prediction
Recall = Positive Negative
TP +FN
¢| True False
o TP G| Positive | Negative
Precision = TP+ EP Ground & (TP) (FN)
5 . ' Truth o False True
DC= — Precision - Reca ©| Positive | Negative
Precision + Recall 2| (FP) (TN)

Figure 6.3: Metrics to evaluate segmentation results.

Recall is also referred to as sensitivity and indicates the ability to detect all
relevant positives: a high recall suggests that most annotated instances have
been successfully detected (i.e., a low number of false negatives). Precision
expresses the accuracy of positive predictions by showing how many of the
output predicted instances are correct: a low precision indicates that many
unannotated areas are wrongly classified (i.e., a high number of false posi-
tives). ldeally, both values should be high (i.e., close to one) (Sokolova and
Lapalme, 2009). The DC is the harmonic mean of recall and precision. It is
also called F1 score and is often used in image segmentation as this task typ-
ically involves imbalanced data sets. In imbalanced data sets, the instances to
be detected are significantly smaller in number or area than those that should
not be detected (i.e., the background). Since DC includes false negatives as
well as false positives, it provides a more balanced view of a model’s perfor-
mance. As for recall and precision, a value of close to one is favourable as it
represents a good similarity between prediction and ground truth.

Table 6.3 lists the metrics of the segmentation results with the pre-trained
model. For each data set and class, the number of annotated mounds ("mounds
ground truth") is listed next to the number of correctly predicted mounds, as
well as the recall, precision, and DC values. These values are obtained by
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comparing the resulting prediction map and the ground truth data (by intersec-
tion of the instances). The DC values are also provided based on a pixel by
pixel evaluation of the model. The numbers for the detected sulphide mounds
are obtained visually from the data.
Table 6.3: Segmentation results (class 1 = peak and class 2 = base) using the pre-
trained model without additional training. The majority of the values listed are derived

from an instance-wise comparison (intersection = correct identification). Only the DC
value is also provided by a pixel-wise evaluation.

Data Mounds Sulphide Mounds
set Class | Ground Predicted Recall/ DC Ground Predicted
Truth Correctly Precision DC | (pixel) | Truth Correctly

A 1 1,650  1,315(80%) 0.80/0.09 0.16 | 0.06 44 31 (70%)
2 1,447 1,393 (96%) 0.96/0.09 0.16 | 0.13 27 24 (89%)

B 1 2,563 1,896 (74%) 0.74/0.12 0.21 0.07 23 16 (70%)
2 2,071 1,850 (89%) 0.89/0.13 0.22 | 0.16 15 14 (93%)

c 1 1,576 789 (50%) 0.50/0.07 0.12 | 0.09 24 21 (88%)
2 721 672 (93%) 0.93/0.06 0.12 | 0.21 20 18 (90%)

D 1 3,195 2,123 (66%) 0.66/0.20 0.31 0.06 148 59 (40%)
2 2,205 1,973(89%) 0.89/0.19 0.31 0.14 67 41 (61%)

It is possible to draw some general conclusions from the results:

» All data sets have a high recall and a low precision. Ideally, both
should be high and close to one. The recall values indicate that most of
the annotated mounds are detected (high sensitivity and low number of
false negatives). The success rate is corresponds to that of the study by
Juliani and Juliani (2021), where about 80% of the instances are correctly
predicted. The precision values suggest that most of the instances pre-
dicted by the model do not overlap with any ground truth annotation and
therefore result in a high number of false positives. Taken together, this
means that the model detects many more mounds than are annotated for
the ground truth, which facilitates the value of true positives. The recall
values of class 2 (mound base) are higher than those of class 1 (mound
peak) and are therefore more successfully identified by the model.

» The DC values are low — both for the instance and for the pixel-wise
detection evaluation. This fact indicates a low similarity between pre-
dicted and annotated instances. As DC takes into account recall and
precision, and thus false negatives and false positives, it provides a more
balanced view of the model performance.

» Overall sulphide mound detection is within the range of general
mound detection.
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+ All four data sets have similar metric values, although they may dif-
fer in terms of the geological setting and hence local morphology.
Such local variations in morphology influence the appearance of indi-
vidual (sulphide) mounds and their surroundings. The sulphide mound
detection in data set D is significantly lower than in the other data sets,
suggesting a more "atypical" morphology for this area.

These observations derived from the metrics can also be noticed when visu-
ally inspecting the data derivatives and especially the prediction maps with
the overlayed ground truth data (Figure 6.4). The most obvious observations
are that [1] the number of predicted instances is significantly higher than the
number of annotated instances — for class 2 by a factor of 5 to 15 and [2]
the predicted mound outlines are larger and rounder than those of the ground
truth. This can have two reasons: first, the differences in the characteristics
of the original training data to the one of this study, and second, the differ-
ences in operators and, consequently, in the way the mounds are annotated. It
can be assumed that both causes together contribute to the noted differences
between prediction and ground truth.

One of the differences in characteristics between the original training data used
for the model and the INDEX data may be the number of isolated class 1 ob-
jects (peaks) observed in the latter one that are not surrounded by a class 2
object. Also in Table 6.3, a difference in the number of class 1 and 2 instances
between the data sets can be seen: For all data, the number of class 1 objects
is higher than the number of class 2 objects. But where the class 2 instances
for data sets A and B are about 88% and 81% of the class 1 instances respec-
tively, the ratio is about 45% and 69% for data sets C and D. Both of these data
sets have a larger number of isolated peaks with a diameter less than 20 m.

These isolated class 1 objects seem to be more difficult for the model to detect,
as the correct prediction rate for them is lower in Table 6.3 and as it can also
be seen in Figure 6.4 (middle column). It can therefore be concluded that the
training data did not contain such small isolated bathymetric features. Whether
they did not exist or were not labelled by the operator cannot be concluded.
However, they are included in the annotation of the INDEX data because some
of them have been identified at hydrothermal sites in data set D. Probably
caused by chimneys (or their remnants). Although these isolated peaks are
also present in data set C, they are not as abundant in the hydrothermal areas
(Table 6.3). In areas of non-hydrothermal activity, they most likely originate
from large boulders.

The influence of the different operators and labelling approaches can be seen
by comparing the shape of the predicted instances. The predicted peaks are
generally larger and have a more circular shape than the labelled ones (Figure
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6.4 middle column).
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Figure 6.4: Examples of annotated mounds (class 1 = yellow, class 2 = green) in areas
of hydrothermal sites (white outline).

In summary, the previously trained U-Net model achieves overall good seg-
mentation results for the mound prediction. It works particularly well for iso-
lated and distinct mounds with sizes in the range of base diameters from 40 m
to 150 m. However, the overall sensitivity of the model is too high, as mounds
are also predicted on very weakly developed seabed structures. Overall, a
more reliable model is required to reduce the number of false positives. There-
fore, the following section presents the results of a U-Net model trained on the
INDEX data.

6.3.2 Training U-Net For Mound Detection

In order to improve the model and therefore the mound prediction, U-Net is
trained with INDEX data. Of the total 6,712 tiles, approximately 15% were ran-
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domly selected for validation and 15% for testing. The tiles were all normalised
and automatically augmented geometrically and colour-wise using the script
from Juliani and Juliani (2021).

Within each training epoch, all training tiles are passed through and the weights
are updated to improve the model. Validation is performed after each epoch to
obtain information about the current performance of the model. The model can
then be tuned according to the validation results. This ensures, for example,
that the model is not over- or underfitting — meaning that it is too well adapted
to the training data or not trained enough to recognise underlying patterns.
The test data is used at the very end, after the training, for an independent
evaluation of the final model using data that was not included in the training
phase.

To improve the training and thus increase the performance of the final model,
the hyperparameter settings are crucial (Passos and Mishra, 2022). These are
parameters describing for example training parameters, network architecture,
or training data (Barnefske and Sternberg, 2022). Their settings control the
training process. While the network architecture (e.g., layer types, layer com-
bination) was not changed, different training parameters were tested. For the
final training, the batch size was set to 4, the dropout rate to zero, and the
number of epochs to 500.

During training, it was noticed that the imbalanced distribution of areas cov-
ered with and without mounds (object vs. background) poses a problem. The
resulting model tends to struggle to classify the mounds correctly, but provides
a more pessimistic predication, as predicting only the background area ("no
mound") provides better model accuracy metrics. To improve the model re-
sults, empty tiles without mounds were removed. This process reduces the
imbalance and therefore improves the overall results. Other possible solutions
to this problem of imbalanced classes include (a) data augmentation of the
training data so that the under-represented class is artificially increase, (b)
algorithm-based methods (e.g., by modifying the network architecture), or (c)
hybrid methods (combination of method- and algorithm-based) (Barnefske and
Sternberg, 2022).

There are several possibilities and metrics to evaluate the training of a deep
learning neural network model. One way is to look at the learning experience
plot, which shows, for example, the average training and validation loss or
accuracy over epochs, as shown in Figure 6.5.

The loss is calculated by comparing the prediction with the annotated data. A
small value close to zero indicates a good learning result (Passos and Mishra,
2022). This applies for the training and validation loss shown in Figure 6.5 left.
Both losses are low and slightly decreasing, suggesting that the model is not
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Figure 6.5: Loss (left) and accuracy (right) graphs for training and validation.

underfitting (suggested by constantly high loss values or strong decreasing un-
til the last epochs) or overfitting (decreasing training and increasing validation
loss). The training loss is constantly lower than the validation loss, which is
typical for training deep learning models. It is also referred to as the general-
isation gap (Brownlee, 2019). It indicates how well the model trained on the
training data can perform on the "new" validation data.

Similar behaviour can be seen in the training and validation accuracy graph.
Accuracy is a measure of how well a pixel is correctly classified (object or
background) and should ideally be high as shown in Figure 6.5 right. During
the learning process, the accuracy increases, with the training data showing
a slightly higher accuracy than the validation data. This is consistent with the
observations from the loss curves. The other learning metrics (recall, preci-
sion, DC) also show the same trend: improvement over the learning process
with training showing higher (better) values than the validation data set (Figure
6.6).
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Figure 6.6: Left: Graph showing the recall and precision for training and validation.
Right: Graphs showing the DCs for training and validation of class 1 and 2.

Strictly speaking, none of the displayed curves reach a point of stability. This
is typically expected in the learning plots. It could be due to the small range of
loss/accuracy values in the graph. A decrease of 0.004 in loss and an increase
of about 0.0025 in accuracy over 250 epochs can be considered as stable. The
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number of epochs and therefore the learning time could have been increased
to investigate the behaviour of loss and accuracy. However, U-Net, and partic-
ular the data augmentation configuration used, is optimised for a small amount
of training data. The number of epochs is already high for the large amount
of data. So no significant improvement can be expected and the risk of model
overfitting increases. In fact, given low values already achieved at the begin-
ning of the training, the learning phase can be reduced to about 200 epochs to
decrease computation time.

The pre-trained model is used as the initial model for the training with the IN-
DEX data (transfer learning). This fact may also contribute to the low initial loss
and high accuracy values. However, also a new model was also trained. The
predictions did not deviate significantly and the loss values were only slightly
higher in the first 15 epochs before reaching similar values as with the pre-
trained model.

The training is carried out four times. Each time a different of the four available
data sets is left out of the training and used only for testing. Except for data
set D. Due to its size and high number of sulphide mounds, only the southern
half was used for testing. The testing area includes most of hydrothermal Field
5, all of Field 6, and two sites from Field 7. All results (also again for the pre-
trained model segmentation) are listed in Table 6.4. The same metrics are
used as in the evaluation of mound prediction using the pre-trained models.

The statistics in the table above show that the newly trained model has a lower
success rate in detecting mounds compared to the labelled ones (recall). Only
about 55% of the annotated mounds are detected when training the model,
compared to 81% when using the pre-trained model (averaged also over the
two classes). However, the precision is three to four times higher with own
training, suggesting that the number of false positives is much lower than with-
out training. This is also indicated by the increase in DC. The new model pro-
vides a prediction that is overall closer to the ground truth. To summarise the
metrics, the pre-trained model predicted a large number of instances, resulting
in a high value of true positives (high recall) but also of false positives (low
precision). The newly trained model is more conservative and does not pre-
dict mounds as easily. This more conservative approach results in fewer true
positives, but also in fewer false positives, and an overall better fit between
prediction and ground truth (high DC).

Unfortunately, this comes with a subsequent reduction in the number of cor-
rectly predicted sulphide mounds. The newly trained model correctly predicts
only about a quarter of the peaks and less than half of the bases of the anno-
tated sulphide mounds. Figure 6.7 shows the segmentation result, with likely
mound locations are coloured red and the background blue. The ground truth

127



6 Automated Detection and Classification of Sulphide Mounds

Table 6.4: Segmentation results (class 1 = peak and class 2 = base) using a model
trained with the INDEX data ("With Training") and another (pre-trained) model which
was not trained with INDEX data ("Without Training"). Most entry values originate from
a instance wise comparison (intersection = correctly identified). The pixel-wise DC was
provided as statistical output from testing and refers to a pixel-wise evaluation.

Mounds Sulphide Mounds
Training Class | Ground Predicted Recall/ DC Ground Pred. Pred.
Truth Correctly Precision DC | (pixel) Truth Corr. Add.
With 1 1,650 944 (57%) 0.57/0.41 0.48 | 0.49 44 22 (50%) 1
A 2 1,447 1,305 (90%) 0.76/0.46 0.58 | 0.55 27 7 (63%) 0
Without 1 1,650 1,315(80%) 0.80/0.09 0.16 | 0.06 44 1 (70%) 12
2 1,447 1,393 (96%) 0.96/0.09 0.16 | 0.13 27 24 (89%) 8
With 1 2,563 1,083 (42%) 0.42/0.74 0.54 | 0.45 23 6 (26%) 0
B 2 2,071 1,141 (55%) 0.55/0.63 0.59 | 0.56 15 7 (47%) 0
Without 1 2,563 1,896 (74%) 0.74/0.12 0.21 0.07 23 16 (70%) 4
2 2,071 1,850 (89%) 0.89/0.13 0.22 | 0.16 15 14 (93%) 4
With 1 1,576 541 (34%) 0.34/0.64 045 | 045 24 8 (33%) 1
c 2 721 429 (60%) 0.60/0.43 0.50 | 0.53 20 9 (45%) 0
Without 1 1,576 789 (50%) 0.50/0.07 0.12 | 0.09 24 21 (88%) 8
2 721 672 (93%) 0.93/0.06 0.23 | 0.21 20 18 (90%) 13
With 1 2,009 909 (45%) 0.45/0.78 0.57 | 0.36 104 27 (26%) 1
D 2 1,566 903 (58%) 0.58/0.67 0.62 | 0.41 43 9 (44%) 13
Without 1 2,009 1,508 (75%) 0.75/0.21 0.33 | 0.19 104 42 (40%) 4
2 1,566 1,432 (91%) 0.91/0.21 0.34 | 0.37 43 28 (65%) 17

data (own annotations) is also shown. This visual representation underlines
the conclusions drawn from the statistics when comparing the segmentation
from the pre-trained mode (top) and the own trained model (bottom): The self-
trained model is more conservative.

Another observation can be made from these visualized segmentation results:
The predicted mounds are larger when the pre-trained model is used. The seg-
mented outlines fit well to the annotated boundaries of the predicted mounds
by the self-trained model. This must be taken into account when comparing the
two models, as the success rate is measured by the intersection of the predic-
tion and the ground truth. An overly large predicted mound might intersect with
several annotations, all of which are then considered to be detected correcily.
This may falsify the statistics in favour of the pre-trained model. An example
of such a situation is depicted in Figure 6.7 for class 1 in a larger hydrother-
mal site: the pre-trained model predicts one large peak that intersects with
three labelled ones. Therefore, all three are statistically registered as correctly
recognized.

In conclusion, three statements can be summarized as outcome:

* The model trained with INDEX data has an overall better performance
(higher DC, similar value for recall and precision), but the success
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rate for true positives (recall) is low with less than 50%. The dif-
ference in model performance may be due to different labelling of the
mounds for training. The INDEX data appears to be more cautiously la-
belled, so the resulting model is more conservative and the number of
predictions is lower. However, a difference in morphology may also be
considered.

* Mound peaks (class 1) are more often annotated in ground truthing
than bases (class 2) in all data sets. However, they also have a lower
prediction success rate for prediction in all data sets. This may indicate
that the different layers used as training input data are not optimal for the
model to recognise and learn their distinct features.

» The relatively low success rate in predicting sulphide mounds using
the self-trained model suggests that the model has not been suc-
cessful in learning to recognise specific morphological structures.
The number of volcanic domes in the data is much higher than the number
of sulphide mounds, and the latter often deviate from the stringent shape.
In particular, sulphide mounds with more complex shapes that deviate
from the typical cone shape are not recognised by the model. Figure 6.8
shows an example of a site with more complex mound structures, where
only two out of eight peaks and three bases are recognised by the model.
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Figure 6.7: Prediction of a site (white outline) with (bottom) and without (top) model
training for class 1 (left, annotation in pink) and class 2 (right, annotation in bright green).
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Figure 6.8: Annotated (bright green and yellow marks) and predicted (dark green and
orange marks) mounds of an hydrothermal site with more complex structure.
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6.4 Differentiation of Sulphide and Volcanic Mounds

Once the mounds have been successfully detected in the bathymetric data,
the next step is to extract of interesting exploration targets. To do this, sulphide
mounds must be distinguished from volcanic domes. Three possible data sets
(and their derivatives) are available for this task: MBES bathymetry, MBES
backscatter, and CNN mound prediction results.

This chapter presents the results of two different approaches to such differ-
entiation. In section 6.4.1, parameters of backscatter texture and bathymetry
derivatives are analysed for their feasibility in differentiating mound origins. In
addition, a clustering approach based on the visual representation of the CNN
results is derived (6.4.2). Finally, both results are applied to the mound pre-
dictions derived from the self-trained CNN model to evaluate the success of
exploration target reduction (6.4.3).

6.4.1 Mound Differentiation Based on Backscatter Texture and Bathy-
metric Parameters

Previously it was shown that backscatter intensities or its texture derivatives
do not provide a visual or numerical unambiguous identification of areas of
recent or current hydrothermal activity (Chapter 5). Data gaps and especially
areas of low data quality (e.g., artefacts, no calibration) in the mosaics affect
the quantitative analysis when investigating seabed characteristics of larger
continuous areas. U-Net provides a prediction of mound locations within the
study area. This allows to restrict an data analyses to be restricted those small
features of limited spatial extent and high probability of representing a mound.

The first step is to identify suitable data types for differentiating between mounds.
Furthermore, the data values and thresholds that identify sulphide mounds
need to be determined. Chapter 5.3 describes that sulphide mounds generally
have higher entropy (randomness) and lower IDM (homogeneity) values. Fig-
ure 6.9 shows the values of these two parameters for all manually annotated
mound peaks (class 1). The known sulphide mounds are marked with black
stars.

The data distribution in Figure 6.9 shows a correlation between the two param-
eters, as the data points are arranged in a straight line: high entropy values
coincide with low IDM and low entropy with high IDM. Most of sulphide mound
peaks in data sets A, B, and C have an entropy value of at least 1 and an IDM
value not exceeding 0.5.

These observed data characteristics are different for data set D. The general
correlation and therefore linear trend between entropy and IDM is not as evi-
dent in the graph. The values for the sulphide mounds are also more generally
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Figure 6.9: Entropy and IDM for all annotated mound peaks (class 1) for each data set.
Known sulphide mounds are marked with black stars. The three different hydrothermal
fields in data set D are coloured differently [black: Field 5, blue: Field 6, red: Field 7].

distributed. The sulphide mound peaks are additionally coloured by field in
Figure 6.9 to visualise that all three fields differ from the previous observation.
This discrepancy is most likely due to the location of the fields on a fault scarp,
which provides an acoustically challenging environment with strong slopes,
thus reducing the quality of the MBES data and hence the numerical values.

Figure 6.9 centre also shows some examples of backscatter data from sulphide
mound peaks outside the general values. The inverse relation of low entropy
and high IDM seems to occur when an area is acoustically over- or under-
exposed. Such insufficient backscatter data can be caused by changes in
signal settings or general unfavourable local acquisition geometry. As a result,
neighbouring pixel values are too similar and the texture properties cannot be
correctly derived. The top two data examples in Figure 6.9 show such a case
where the backscattering is very high, resulting in lower entropy and higher
IDM as expected.

The Lower data example in Figure 6.9 shows a sulphide mound peak which
has a low IDM — as expected — but an overall lower entropy than most of the
peaks. The texture has low homogeneity and low randomness. In this case
the statistical deviation occurs because the annotated peak is less random
in texture. This example also illustrates the influence of annotation on the
numerical results. If the peak boundary are moved slightly, the texture values
would be different. As the peak delimitation is not as explicit as the base, it is
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important to use large amounts of data to obtain statistically useful conclusions.

To examine other data characteristics common to sulphide mounds, the area
covered by the peaks is set in relation to the area covered by the bases of the
annotated mounds. This is plotted together with the mean slope (in degrees)
for each of the four data sets separately in Figure 6.10. From the graphs it can
be seen that most of the peaks do not cover more than 30% of the base area.
Data set B differs from the other three in this respect, as its mean is closer to
30%, whereas the others are closer to 10% - 20%. The value of the known
sulphide occurrences is within the average and does not show any specific

characteristics.
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Figure 6.10: Peak coverage to base (in percent) and mean slope (in degrees) of peak
covered area derived from annotated mounds. Known sulphide mounds are marked

bys black stars.

With regard to the mean peak slope value, it can be seen from Figure 6.10 that
the mean value for sulphide sites is generally 20°or higher and therefore in the
upper part of the general data. Data set D is again an exemption, showing
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different data characteristics to the other data sets.

The mean slope value for sulphide mounds is not very different from other
mounds. However, by using it for general differentiation, some of the mounds
can be further excluded as exploration targets. On the other hand, the areal
ratio of peak to base is not found to be a useful criterion and is not included.
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To summarize the findings of this section, it can be concluded that sulphide
mound peaks typically have the following characteristics based on the backscat-
ter texture and bathymetric characteristics:

 High entropy (randomness) of at least 1.
* Low IDM (homogeneity) of 0.5 or less.
» High mean slope value of at least 20°.

These conclusions can be applied to the CNN predicted mounds to reduce
the number of exploration targets to some extent. To further improve this es-
timation of sulphide mounds, a second approach based on clustering of the
visual representation of the CNN prediction results is included. This approach
is presented in the following section.

6.4.2 Mound Differentiation Based on Clustering of CNN Predictions

The U-Net mound prediction is shown as a raster, with possible mound loca-
tions coloured in red and background data in blue. In the previous investiga-
tions of this study, areas of high mound probability were converted to vector
format for comparison to the ground truth data. The approach described in this
section, uses the raster data directly.

In a first step, the circular features representing the mound predictions are ex-
tracted. Then, for each of the mound prediction, the GLCM is computed and
the texture metrics such as contrast, dissimilarity, IDM, and energy are ex-
tracted (see 5.3 for a description). Furthermore, the circularity of the extracted
features is determined using edge detection. The features are then clustered
into four groups by using the k-means algorithm (Lloyd, 1982). The latter is
a commonly used algorithm in machine learning to group data into a defined
number of clusters. The data in each cluster has certain similarities. It is an
unsupervised process and is iterative. The whole process was done in Python
using the scikit-image library for image processing. The Python script was
created with the support of ChatGPT (OpenAl, 2024).

Figure 6.11 shows some examples of extracted mound predictions for each of
the cluster. It can be seen that the shape and colour gradient of the individual
mound prediction influence the cluster in which it is grouped. For example,
cluster 3 for class 1 seems to cluster red and more circular features compared
to the other clusters. Or cluster 1 for class 2 contains mound predictions with
a less circular shape, including double mounds.

The cluster into which the sulphide mounds are grouped are of particular in-
terest, as this would allow conclusions to be drawn about their textural and
circular properties. The likelihood that other sulphide mounds are grouped in
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Figure 6.11: Examples of predicted mounds sorted by class and cluster.

the same clusters is therefore higher. Table 6.5 lists the number of predicted
mounds per cluster as well as the known sulphide mounds. As the shape of the
peak is the main morphological feature distinguishing sulphide from volcanic
mounds, one would expect the clustering to group sulphide mound peaks more
unambiguous than the base of the mound. However, it appears to be the other
way round.

A clear definition of a preferred cluster for sulphide mound peaks (class 1) can-
not be made. Most of them, 66%, are assigned to clusters 1 and 2. These two
group mound predictions that are intermediate circular and moderate coloured.
The majority of known sulphide mound bases (class 2), 49%, are assigned to
cluster 3. This group combines intermediate circular features with medium and
irregular colouring.

Table 6.5: Clustering results of predicted mounds and cluster assignment of sulphide
mound peaks (class 1) and bases (class 2).

\ Class 1 \ Class 2
Cluster | o 1 2 3 ] 0 1 2 3
Total Mounds ‘ 1,664 985 1,200 495 ‘ 1,076 2,081 336 1,944

2 5 3 3 2 4 6

Sulphide 3 1 1 0 1 2 0 1
Mounds 2 0 1 1 2 1 3
6 10 1 4 0 3 12
Total Sulphide Mounds: ‘ 13 19 16 5 ‘ 9 6 8 22

Figure 6.12 shows the class 1 and class 2 predictions of some of the known
sulphide mounds with assigned clusters. It shows the diversity of the prediction
representation. In this regard, it is investigated if certain cluster combinations
for class 1 and 2 for sulphide mounds are more likely to occur. The most
common cluster combinations are cluster 1 and 3, and 2 and 3 (for class 1 and
class 2), which corresponds to the above class-wise assignment of sulphide
mounds to the clusters.
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6.4.3 Combination of Both Approaches to Reduce Exploration Targets

The previous two sections have established various parameters that can con-
tribute to reduce the exploration targets by excluding mounds with a high prob-
ability of being of volcanic origin. The remaining mounds are more likely to be
associated with sulphide deposits. Areas with accumulations of mounds that
are more likely to be of hydrothermal origin are of particular interest and can be
specifically considered for exploration planning. Such areas provide a suitable
initial point for further data evaluation and analysis by geologists and locations
for the deployment of further geophysical instruments with limited coverage.

Table 6.6 shows the number of predicted mound peaks (class 1) using differ-
ent reduction methods: [1] without any reduction, [2] with reduction using the
threshold values of mean slope (> 20°), entropy (> 1), and IDM (< 0.5), [3]
the same as in [2] plus consideration of only those assigned to cluster 1 and 2
(class 1), and [4] with the additional requirement that the corresponding base
must be assigned to class 2.

From Table 6.6 it can be seen that in three of the four data sets the number of
remaining targets is reduced to less than half of the predicted mounds using
only the bathymetric and backscatter based reduction criteria. Some of the
known sulphide mounds are also removed as possible targets. However, their
relative proportion increases as their reduction is less pronounced.
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Table 6.6: Reduction of exploration targets by applying different data criteria to the
predicted mounds.

No Targ_jet Mean Slope + Clustering  + Clustering
Data set Reduction
& Texture Class1(10or2) Class2(3)
(Class 1)
A Mounds: 2,305 927 (40%) 361 (16%) 148 (6%)
Sulph. Md.: 22 21 (95%) 16 (72%) 9 (41%)
B Mounds: 1,459 596 (41%) 280 (19%) 95 (7%)
Sulph. Md.: 6 4 (67%) 1 (17%) 1 (17%)
C Mounds: 845 494 (58%) 212 (25%) 70 (8%)
Sulph. Md.: 9 8 (89%) 4 (44%) 2 (22%)
D Mounds: 1,832 753 (41%) 451 (25%) 258 (14%)
Sulph. Md.: 45 25 (56%) 19 (42%) 8 (18%)
Sum Mounds: 6,441 2,770 (43%) 1,204 (20%) 571 (9%)
Sulph. Md.: 82 58 (71%) 40 (49%) 20 (24%)

When the clustering requirement for the peak is added, the remaining mounds
are reduced to about 21% of the originally predicted mounds. The known
sulphide mounds are reduced to only 43% and now account for about 2% of
the total. Adding the clustering criteria for class 2 reduces the total number of
mounds to 10% of which about 3% are known sulphide mounds. Such a large
reduction is not advisable as drastically limits the exploration targets. This last
approach will therefore not be pursued further.

All the reduction criteria and thresholds developed are not strict parameters. As
shown in the previous two sections, it cannot be fully expected that all sulphide
mounds will fall with in the defined parameter range. Volcanic and sulphide
mounds are natural features that vary in shape, size, and type and thus vary
greatly in data representation. Therefore, data reduction may not strictly distin-
guish between mounds of different origin, but may indicate areas of increased
exploration interest. Consideration should be given to using the various reduc-
tion criteria in combination for exploration planning, depending on the general
area of interest and its characteristics.

Figure 6.13 shows a section of Field 3 (top) and Field 1 (bottom) with known
hydrothermal sites (black outline) and possible exploration targets based on
the criteria slope and texture (left, in orange) and additionally with the criteria
of being assigned to peak cluster 1 or 2 (right, in red). The larger number of
possible exploration targets in the left images is clearly noticeable. It can also
be seen that most of the visually recognisable sulphide peaks are maintained
and proposed as exploration targets.
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6 Automated Detection and Classification of Sulphide Mounds

Figure 6.13: Results of the exploration target reduction in Field 3 (top) and Field 1
(bottom) using different criteria. Left: Mean slope and texture (entropy and IDM). Right:
Mean slope, texture (entropy and IDM) and class 1 being assigned to cluster 1 or 2.

6.5 Chapter Summary - Deep Learning Assisted Sulphide
Mound Detection

The study shows that deep learning (in this case CNN U-Net) can be success-
fully applied to deep-sea mound detection using high-resolution MBES data.
The training and especially the annotation of the training data is crucial as
it directly influences the trained model. The trained model accomplishes to
correctly identify about 55% of the annotated mounds. Mound bases have a
higher success rate (65%) than mound peaks (45%). The rate of correctly de-
tected sulphide mounds is about 42% on average and therefore lower overall.

The subsequent reduction of the Al-detected mounds aims to exclude volcanic
mounds so that the overall proportion of sulphide mounds in the remaining
possible exploration targets increases. An evaluation of possible parameters
identifies mean slope, entropy and IDM of backscatter texture, and certain clus-
tered groups as the most suitable for target reduction. The parameters consid-
ered may be adjusted depending on the individual area and data. They result
in a reduction of exploration targets to about 45% (without considering clus-
tering) and 21% (with considering class 1 clustering) of the original Al-based
detected mounds.
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Chapter 7

Discussion

Figure 7.1 shows the workflow developed in this study for an automated pre-
diction of sulphide mound locations. The overall process consists of four main
parts: MBES data processing, data preparation and implementation into the
CNN for mound detection, the processing and clustering of the CNN results,
and, finally, the selection of exploration targets.
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Figure 7.1: Workflow for an automated prediction of sulphide mounds as exploration

targets.

The innovation of this approach lies in its exclusive use of high-resolution
MBES bathymetry and backscatter data and that it is not only limited to ac-
tive but also includes inactive sites. It is discussed in detail in the following
sections, in the order of the three research objectives and associated research

questions outlined in Chapter 1.3.
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7 Discussion

7.1 RO1: Improve the quality of the MBES data so that it can
be used for automated detection and classification.

RQ1.1: How can the high-resolution MBES bathymetry data be processed
to minimise the effects of insufficient navigation accuracy?

MB-System and mbnavadjust prove to be powerful tools for adjusting remain-
ing navigation offsets in MBES data based on bathymetric features in over-
lapping data. The implemented ability of varying offsets within a line using
a least squares adjustment, the possibility to assign offsets in xyz simultane-
ously, and the partially automated processes for determining the local offset
are the major advantages of the software. Other studies using similar data
(high-resolution MBES of underwater systems) confirm the importance of such
bathymetry-based approach (Ferrini et al., 2007; Klischies, 2021).

The disadvantage of this approach is the time-consuming assignment of the
individual offsets — as there where more than 24,000 tie points manually set for
data set A (Chapter 4.1.2). This issue needs to be addressed further to make
the approach more generally applicable. An automation of tie point assignment
should be pursued in the future.

At the time of the workflow improvement, no other software with similar capa-
bilities could be found and utilised. Recently, also commercial software has
started to implement more flexible tools for navigation adjustment based on
bathymetry data. However, these are often still limited in terms of a combined
adjustment in xyz or the consideration of different offsets. However, with the
increased use of unmanned and underwater sensor platforms, the demand
for such tools with a high degree of automation is increasing, and so is the
likelihood of progress in this area.

The introduction of MB-System into the HOMESIDE MBES processing work-
flow allows the mismatches in the overlaps of adjacent MBES swathes to be
significantly reduced. Combined with manual editing of the overlaps, the re-
sulting DTMs and their derivatives have been improved for automated detec-
tion and classification of small mounds, as artefacts are reduced and therefore
small bathymetric structures are less superimposed.

As the final underwater navigation estimate is highly dependent on the abso-
lute positioning of the USBL, care must be taken with its calibration and the
applied sound speed information used. Due to time constraints during cruises,
the SSP and calibration values may not be updated as often as ideally prefer-
able. In such cases, an adequate overlap between adjacent swaths or even
cross lines is even more important to detect systematic offsets. This should
already be taken into account when planning the acquisition profiles. Due to
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the nature of towed instruments and the unpredictability of bottom currents,
HOMESIDE cannot always be towed exactly along the planned line. Offsets of
approximately 50 m and more are possible. Adjustments in the field are slow.
Planning with larger swath overlaps by reducing the profile spacing by at least
50 m will allow better data error analysis and subsequent data adjustment.

RQ1.2: How does different processing software and varying parameter
settings affect the MBES backscatter?

For the backscatter processing, the evaluation and comparisons show that
the possibilities for user interference in this overall complex process are lim-
ited. The selected instrument settings, and in particular their continuous main-
tenance during the acquisition, are crucial for obtaining good results, as the
processing possibilities are limited. |deally, the backscatter data should be cal-
ibrated to obtain homogeneous and absolute backscatter values. However,
in projects such as INDEX, the complexity of such a calibration is very high,
as the MBES is located on a submerged platform in a morphologically rough
deep-sea environment.

The analysis shows that an AVG correction is the most important setting in
backscatter processing where one can influence and improve the results —
when working with INDEX data. An AVG correction, which is not limited by the
data file boundaries, significantly improves the quality of the backscatter data
in such harsh seabed environments as MORs.

RQ1.3: Which processing workflow is best suited to process the high-
resolution MBES backscatter data from the INDEX project area?

The best workflow for the INDEX data was developed as part of this study.
However, as with navigation adjustment, backscatter processing software and
the tools implemented in it are constantly changing and improving. The devel-
oped workflows are therefore only valid for a limited period of time. Available
updates need to be evaluated for project relevance and should be incorporated
into the workflow if beneficial. For example, since the initial comparison for this
work, current QPS FMGT versions now include an AVG correction that takes
into account previous and subsequent data files. Recent efforts to address the
large gaps in backscatter standardisation and quality control by the GeoHab
group and others are also showing very promising ideas and initiatives, such
as the open source software Iskaffee (Schimel et al., 2024).

In addition, new data, possibly collected by different instruments, is constantly
being added to the existing data compilations. The characteristics and pro-
cessing requirements of the new data need to be considered and implemented.
However, the study shows that a close examination and careful selection of the
processing tools, adjustments, and corrections, as well as their settings, can

141



7 Discussion

improve the processing results and thus the quality of the final MBES data
product.

7.2 RO2: Analyse the acoustic characteristics of the seabed
classes in the study area.

RQ2.1: How can the seabed classes of the study area be differentiated in
high-resolution MBES backscatter data?

The backscatter analysis uses geological maps as ground truth information.
These have been created using video imagery from ROVs and video sleds.
The resulting maps have the limitation that their coverage does not coincide
with the one of MBES, but is much smaller. They are also subject to gen-
eralisation. Seabed types can occur mixed and often also alternate within a
small area. In order to understand the influence of the generalisation in geo-
logical mapping on the backscatter analysis, a separate map was created with
a more detailed differentiation of seabed types, including also mixed classes.
When this map is used in the backscatter analysis, the area coverage of each
classes is too small to be statistically significant. Therefore, a certain degree
of generalisation is necessary in geological maps. However, this aspect and
its influence must be considered when numerically analysing backscatter data
used as ground truth data.

The study shows that an areal numerical backscatter analysis of the INDEX
data suffers from two major problems: first, the backscatter intensities are not
normalized or calibrated and therefore only relative ranges can be considered.
Secondly, although the quality of the mosaic can be significantly improved by
post-processing, the remaining data artefacts and shadowing effects on steep
morphological structures make statistical and quantitative analyses difficult.
This strongly affects the ability to differentiate seabed classes and in particular
to identify hydrothermal mounds in the backscatter data.

Despite these problems, the numerical analysis of relative backscatter values
shows that the major seabed classes, such as sediment and talus/pillow, which
have very different acoustic backscatter responses, can be differentiated from
each other to some extent. A more detailed differentiation of talus and pillow
lavas or hydrothermal influenced areas is not possible. This is especially true
for the use of the backscatter mosaic and the immediate backscatter intensity
values for areal analyses.

Texture analysis using GLCM texture metrics is also shown to be more nega-
tively affected by artefacts, shadowing effects, and data gaps than when using
backscatter intensities directly. In particular, data gaps due to lack of overlap
between profiles or shadowing are exacerbated by the use of larger window
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sizes. It cannot be used for areal analysis, confirming other studies such as
Sperle et al. (2015).

In summary, a comprehensive and complete numerical seabed classification
for large areas is not possible with the current INDEX data. This applies not
only for an analysis based on the relative backscatter values, but also for textu-
ral derivatives — especially if no additional data sources or ground truthing are
used.

RQ2.2: Are there certain backscatter characteristics that are unique to
areas of hydrothermal activity?

First of all, visible hydrothermal activity on the seabed cannot be summarized
in ONE seabed class, but can appear as sulphide blocks, sulphide talus, hy-
drothermal sediment, or hydrothermal crust. All these types have different
acoustic scattering characteristics, which are often expected to be similar or
even equal to non-hydrothermal classes (e.g., hydrothermal sediment and sed-
iment).

Due to their similarity in acoustic backscatter to non-hydrothermal classes, no
unique signature can be identified. In certain parts, hydrothermal areas can
be relatively distinguished from the non-hydrothermal environment when both
types have a very different backscatter response.

The study shows that certain textural properties (high entropy, low IDM) are of-
ten observed at the known hydrothermal mounds. These originate from shad-
owing effects caused by the steep slope of the sulphide mound peak. This
characteristic cannot be utilised over the entire data set as it is not a unique
characteristic. Due to the rough terrain, shadowing can be observed regularly.
However, when combined with other information such as possible mound lo-
cations, it can become useful in distinguishing between sulphide mounds and
volcanic mounds. This is discussed further in the second research question of
the following section.

7.3 RO3: Automate the process of predicting sulphide side
locations based on high-resolution MBES data.

RQ3.1: How successful is a mound prediction using U-Net for the data of
the INDEX project?

Before this can be answered, another question needs to be addressed: How
can the performance of the U-Net model be evaluated and when is an in-
stance correctly segmented? The CNN result is a raster representation of
the test data with a numerical indication of possible mound locations. In addi-
tion, some statistical values from training, validation, and testing are provided,
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which indicate how well the model results match with the labelled data.

The overall success of training a CNN model is provided by the parameters
loss, accuracy, recall, and precision parameters given for each epoch. In this
study, these parameters are all within the desired range. Even the initial val-
ues indicate already good model performance. The improvement of the model
over the epochs is relatively small taking into account the computational effort
(about 50 min of computation time for each epoch). The U-Net architecture is
designed to train effectively with a smaller amount of training data. In addition,
data augmentation is performed. Considering the performance improvement
of the model over the epochs, it might be possible to reduce the training time
by reducing the number of epochs if needed.

The automatically generated evaluation metrics are based on a pixel-by-pixel
comparison of the model segmentation and the annotated data. However, this
approach may not be suited for all studies — as in this case for the mound
detection. In this study, it is not important whether the boundaries of a mound
are correctly segmented, but whether the mound is detected within a certain
radius. This radius is in the order of tens of metres, as this is the distance
at which an ROV deployed for site confirmation can locate a mound without
too much effort. A pixel-by-pixel evaluation may distort the results in this study
case.

The raster with the mound prediction is therefore converted into polygons in
vector format, each representing an area with a high probability of being cov-
ered by a mound. These polygons are checked for their intersection with in-
stances of the ground truth data (annotations). This conversion is done on the
basis of colour, which raises the question of where the boundary should be
defined in the obtained continuously coloured segmentation results that do not
provide a clear boundary. In this study, the areas coloured red and yellow are
extracted as predicted mound locations, as this is consistent with human intu-
itive visual interpretation. The colour parameters were carefully chosen during
the development of the workflow, as they have a strong influence on the statis-
tical results, since correctness is achieved through overlap and is therefore to
some extent size dependent.

When comparing the segmentation success, the statistics of the bases are
better than those of the peaks. This indicates that they are better recognised
by the model. This is probably due to the fact that the boundary of the base
can be more clearly distinguished from the surrounding seafloor as the ele-
vation changes abruptly. The peaks, on the other hand, are more difficult to
distinguish, as the change in elevation is not as obvious.

The instance-wise comparison of the automated segmentation of the model
trained with INDEX data shows that only about 55% of the instances are cor-
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rectly detected. The success rate for detecting sulphide mounds is even lower
at about 42%. This means that about half of the known sulphide mounds are
excluded from further investigations. This is not satisfying as the aim is to get
closer to the ground truth data with higher segmentation success rates. This
leads to the next intermediate question: Why is the success rate of mound
detection relatively low?

The generally low success rate of mound detection may be due to the imbal-
ance between mounds and background areas. As the area covered by mounds
is significantly smaller than the area not covered by mounds, the model may
tend to make pessimistic predictions. An attempt has already been made to
counteract this by removing tiles from the training and validation that have no
or very little mound coverage. However, the imbalance could not be completely
eliminated. Further data augmentation to artificially increase the mound ratio
has not been tested but may help to improve this issue.

An additional reason for the low success rate could be the inadequacy of the
input data. It is possible that further or alternative data derivatives such as
contour lines may improve the results. Also in the approach used by Haroon
et al. (2023), which is also based on the method of Juliani and Juliani (2021),
other data input layers are used, as it gives better results. An evaluation of the
individual importance of the data layers — also with the help of algorithms like
Boruta — may be considered (Janowski et al., 2018).

As the number of correctly detected sulphide mounds is generally lower than
the general number, this indicates that the shapes are likely to be more differ-
ent from the volcanic domes, which are much more common in the data. As
sulphide mounds are overall under-represented, the CNN may have difficulty
learning to recognise these features.

Comparing the results of using the self-trained model and the pre-trained one
leads to the next question: Why does the pre-trained model recognise more
mounds than when using the self-trained model?

The visual comparison of the predictions resulting from the two models leads
to the conclusion that the mound labelling for the ground truthing of the mound
locations is done differently. On the one hand, the predicted mound sizes are
much larger for the pre-trained model. This erroneously improves the success
rate, as larger mound predictions are more likely to overlap with the ground
truth data, thereby increasing the number of correctly identified instances. On
the other hand, the predictions of the pre-trained model are more optimistic
and more areas are wrongly considered as mound locations (e.g., high value
of false positives, low precision). These two circumstances improve the overall
mound detection rate, but the overall performance of the model is not nec-
essarily better as it is equally important to reduce the number of incorrectly
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detected mounds. Otherwise the number of possible exploration targets will be
falsely increased. The higher DC value of self-trained model indicates that the
overall performance, taking into account recall and precision, is better. This,
in turn, supports the point made above about the importance of examining the
metrics for CNN evaluation with greater care.

This presumed bias caused by different ways of annotating data by various
operators should be avoided. Where multiple operators are involved in data la-
belling, standards, guidelines, and training should be in place. The consistency
and agreement of annotations from different sources should be measured reg-
ularly and adjusted if necessary.

The difference between the two models may also be due to the different char-
acteristics of the study area. This leads to the next intermediate question: Can
the mound detection models be applied to other study areas? The study
area of Juliani and Juliani (2021), the Mohns Ridge, is an ultraslow-spreading
ridge with about 15 to 16 mm per year (Mosar et al., 2002). The data in this
study is located at the slow-spreading Central Indian Ridge (data set A) and the
intermediate-spreading Southeast Indian Ridge (data sets B, C, D) (Klischies,
2021).

This difference in spreading rate may affect the applicability of the pre-trained
model for this study, as it can be assumed that the general environment may be
slightly different. However, The differences are not expected to be significant
compared to fast- or superfast-spreading ridges, where the environment is less
dominated by pillow lavas and general large-scale tectonic features (as in the
study area), but where sheet and ponded lava flows are present (Fornari and
Embley, 2010). Seafloor massive sulphides are less common in such regions.

Overall, the success rate of all the hydrothermal fields studied varies consid-
erably — for both models tested. The fields are spread over a distance of ap-
proximately 500 km, and their local geological settings differ from each other.
The success rate of the mound detection also varies: Field 1 shows the best
mound detection rate (57%) and Field 5 the worst (35%).

The differences between the fields can be seen in the ratio of the number of
peaks to the number of bases. Particularly in the more southerly fields along
the intermediate spreading axis, the number of isolated peaks (diameter less
than 30 m) is higher. This becomes also evident in the ratio of annotated peaks
to bases, which varies greatly. These isolated peaks have also been annotated
as in certain fields they occur at sites of hydrothermal activity.

To summarise the above listed discussion and answer the research question:
U-Net can be successfully applied to the INDEX data for mound detection,
but certain aspects need to be improved. These include, first and foremost,
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increasing the success rate of mound prediction and in particular sulphide
mound prediction. Secondly, the operator bias should be reduced. Thirdly,
the integration of data from other areas and different geological settings can
improve the general usability of the CNN model.

RQ3.2: Can MBES backscatter data facilitate in distinguishing sulphide
from volcanic mounds and thereby enable a reduction of possible explo-
ration targets?

The issue of defining mound boundaries in CNN prediction has already been
mentioned in the context of the metrics for CNN model evaluation. This aspects
is also important for the step of excluding volcanic mounds in order to ideally
extract mounds that are more likely to be of hydrothermal origin. In this part, the
numerical values for these mound boundaries are extracted, based on which
the mounds are differentiated. It is necessary to ensure that the polygons
representing mounds cover the desired area and thus the statistical values
representing certain desired characteristics.

Another aspect to consider is the use of clustering to differentiate mound types.
Ideally, when adding a smaller piece of newly collected data — such as by
the annual cruises — it should be easy to apply the workflow directly to the
new data. The integration of clustering, as done in the developed approach,
expects that all data to be clustered to identify the cluster containing the most
sulphide mounds. This is not practical and an approach that takes into account
the parameters influencing the clustering (e.g., GLCM texture and circularity)
is generally sought.

The study shows that backscatter data and its textural derivatives are not suffi-
cient to exclude a significant proportion of the detected mounds as exploration
targets. This confirms previous investigations in this study that backscatter
data can only be used to a very limited extent to distinguish hydrothermal
from non-hydrothermal areas. The shape of the mounds — and therefore the
bathymetry — is in most cases a better discriminator.

Therefore, both bathymetric data and direct CNN predictions are used as mound
differentiation criteria to improve the target reduction. The overall result of com-
bining all these different approaches tends in the right direction, but is not yet
fully satisfactory.
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Conclusion

The study demonstrates that Al tools can be successfully used to automatically
retrieve exploration targets that indicate locations with a high probability being
of (former) hydrothermal activity and thus potentially associated with sulphide
deposits. It is a proof of the concept that such a reduction in exploration targets
is possible based on MBES data alone.

Using this developed approach on the study data, the exploration targets (i.e.,
all segmented mounds) can be reduced to 43% (using backscatter texture and
slope) or 20% (by additionally considering clustering). This reduction increases
the proportion of known sulphide mounds from an original 1.2% to 2.1% (using
backscatter texture and slope) and 3.1% (by additionally considering cluster-
ing) respectively. This is an increase by a factor of up to three and is estimated
to by also applicable to unknown sulphide mounds. The overall reduction in
potential areas of interest not only saves time and thereby money, but more
importantly increases the exploration success. However, the workflow has its
limitations and certain aspects of it need to be improved in order to use it suc-
cessfully and reliably in practice.

First, the approach does not distinguish between active and inactive hydrother-
mal sites per se, but is strictly limited to sites with distinct mound structures
that are not buried by talus or sediment. The typical sulphide mound shape
is expected to diminish over time as a site becomes inactive due to weath-
ering processes. Some hydrothermal sites may not develop a mound at all
(Jamieson et al., 2014). The approach works best when a mound with a steep
and conical shaped peak or a chimney is located on a flat and even surround-
ing seafloor. This limitation is caused by the decision to use only MBES data,
and is of course expected, but needs to be taken into account when applying it,
or when considering exploration methods for hydrothermal sulphide deposits
in a broader context.

Secondly, the success rate of mound detection using deep learning needs
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to be improved as about 45% of the manually labelled mounds are not recog-
nized. Possible starting points are the way of annotation or the consideration of
other CNN such as BHP-U-Net, which is said to perform better in fuzzy bound-
ary recognition (Tang et al., 2023). Furthermore, additional or other input data
derivatives may be considered as also suggested in the study of Haroon et al.
(2023) (e.g., aspect).

Thirdly, the whole process is based on MBES data only. This single data
source, combined with the fact of low quality backscatter data (i.e., frequent
artefacts and gaps), means that it alone in this state is not sufficient to be used
to differentiate between volcanic and sulphide mounds. Improvement of the
backscatter quality by optimised acquisition settings (i.e., avoidance of auto-
matic system adjustments concerning the signal or gain), processing correc-
tions, or calibration. In particular, more effort should be made during acquisi-
tion to avoid data gaps, as texture or other algorithms based on neighbourhood
analysis or a moving window cannot be applied as successfully when gaps are
present. In addition, direct integration of the backscatter data into the CNN
may be considered, as deep learning may be able to detect certain patterns
that are not visible to the human eye. Such a change in the method could
improve the usability of backscatter data.

It is also strongly recommended that other data sources are added in the
mound differentiation process. An integration of further data sources has shown
to maximise the machine learning results (Brandes et al., 2021). Suitable data
sources may include magnetic data for example as it has also been used by
Haroon et al. (2023) for the same purpose (sulphide mound detection). In ad-
dition, geological maps of structural features that influence the formation of
hydrothermal systems (e.qg., faults) may be added.

Coming back to the main question: Is the research gap closed? Can the devel-
oped approach fill the gap in the field of hydrothermal site exploration (active
and inactive) using MBES data and techniques from the field of deep learning
techniques?

Yes, the study shows that such an approach can reduce the number of ex-
ploration targets for sulphide mounds. But in order to guide the exploration
reliably and sufficiently, the workflow needs to be further improved. The study
also shows that backscatter data can be used to some extent for reducing the
detected mounds, but that the backscatter data quality is crucial. It also it il-
lustrates the importance of data (and model) sharing within the research com-
munity to achieve more universal solutions, especially when working in such
highly specialised research fields with limited data availability.

The approach developed provides exploration targets. Although further refine-
ment is required, clusters of probable target locations identify areas for fur-
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ther manual geological inspection. Such regions may also be considered for
the use of other geophysical instruments such as receivers for the three-axial
electric field. The workflow can therefore help to reduce the overall exploration
area, but at this stage cannot completely replace the human interaction in this
context.
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