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Summary

The seabed hosts a wide variety of morphological features that record the geological and
geomorphological processes shaping continental margins. Their systematic recognition
is fundamental for marine geohazard assessment and for the planning of o!shore in-
frastructures. However, conventional mapping relies heavily on manual interpretation
of bathymetric data, which is time-consuming, subjective, and di"cult to reproduce con-
sistently across large areas. This thesis explores the use of machine learning for the auto-
mated recognition of seabed morphological elements from high-resolution bathymetric
derivatives. A convolutional architecture based on U-Net is developed and applied to a
dataset from theMaGIC Project, covering selected regions of the Italian continental mar-
gins. The proposed framework includes dedicated preprocessing, data balancing, and a
bidirectional neighborhood-based metric speci#cally designed to evaluate elongated and
discontinuous structures that are poorly captured by standard pixel-wise scores.

Three model con#gurations are tested, multi-class (reduced-class, and binary) to an-
alyze how class granularity a!ects performance and interpretability. Overall, the pro-
posed framework bridges quantitative image segmentation with geological interpreta-
tion, demonstrating that deep learning can e!ectively support and accelerate seabed
mapping, while preserving consistency and reproducibility across extensive marine do-
mains.
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Chapter "

Introduction

"." Motivations and Challenges

The seabed displays a remarkable variety of geomorphological structures, including
ridges, basins, canyons, escarpments, sediment waves, and landslide scarps. Each of
these features is composed of smaller structural components called morphological ele-
ments, that together de#ne its shape and organization. Understanding these compo-
nents is fundamental to reconstructing the geological and morphological evolution of
the sea+oor. Mapping the seabed plays a crucial role in marine geoscience, as it supports
both the assessment of marine geohazards and the planning of o!shore infrastructures,
such as pipelines, wind farms, and submarine cables [$, %]. Nevertheless, traditional
mapping relies largely on expert interpretation of bathymetric data, a process that is
accurate but slow, subjective, and di"cult to reproduce on a large scale.

As bathymetric data become more detailed and cover larger areas, keeping manual
interpretations consistent across wide regions becomes increasingly di"cult. This is-
sue was particularly evident in the MaGIC Project (Marine Geohazards along the Italian
Coasts) [&], which produced the #rst detailed atlas of the Italian continental margins.
During the MaGIC project geologists generated a valuable labeled dataset that now pro-
vides an ideal foundation for developing and testing automated classi#cation methods.

Within the MaGIC framework, many seabed morphological elements are represented
by thin, elongated, and discontinuous lineaments rather than compact structures, mak-
ing both annotation and automatic detection more challenging. These lineament-like
elements constitute the main focus of this thesis. The dataset is strongly unbalanced,
with a dominant background class and a few rare morphological elements. Some cate-
gories, such as “Generic Escarpment”, are intentionally broad or ambiguous, re+ecting
the interpretative nature of the labeling process. These characteristics make the problem
of automated classi#cation both scienti#cally interesting and technically challenging.

In this context, Machine Learning (ML) provides a powerful complementary approach.
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Convolutional encoder–decoder architectures [’, -], such as U-Net [,], can learn from
expert-labeled examples and generate reproducible preliminary maps from bathymetry-
derived inputs, including depth, slope, and curvature. When properly designed, these
models can capture spatial patterns that correspond to morphological elements and thus
support geologists in the interpretation process. However, applying ML to seabed mor-
phology raises speci#c issues. The elements of interest are sparse and elongated, often
forming discontinuous lineaments that are di"cult for themodel to represent e!ectively.
The dataset’s imbalance can bias training toward themost common classes. Expert anno-
tations are also inherently uncertain, since they re+ect interpretative choices rather than
strictly measurable boundaries. Finally, evaluating predictions requires metrics consis-
tent with geological reasoning: traditional pixel-wise measures, such as Cross Entropy
or Dice, may over-penalize small spatial shifts that are irrelevant from a geomorpholog-
ical standpoint.

Accordingly, this thesis proposes a segmentation framework designed to address
these challenges. It adopts a patch-based training strategy in which training and test
areas are spatially separated to ensure fair evaluation. Before training, overlapping win-
dows are used to increase sample diversity, and a simple thickening operationmakes thin
lineaments easier for the model to learn and recognize. After prediction, a light post-
processing step removes small isolated regions that are unlikely to correspond to real
elements. The evaluation combines standard pixel-based metrics with a neighborhood-
based, bidirectionalmeasure that better re+ects the spatial proximity between predictions
and expert interpretations. Beyond the full multi-class setting, the work also explores
alternative groupings of classes, aggregating morphologically related elements, and an
extreme binary formulation (lineament vs. background) to examine how class granular-
ity in+uences robustness and practical usefulness.

".$ Research Questions

This thesis investigates how far ML can assist expert-based seabed interpretation from
bathymetry-derived products alone, and under which conditions it is most reliable. The
guiding questions are:

• Model adaptation: How can a U-Net–based pipeline be adapted to detect thin,
elongated morphological elements from depth, slope, and curvature maps, using
expert interpretations as supervision?

• Label design and class granularity: How should seabed features be grouped for
stable and useful classi#cation? What changes when moving from a full multi-
class setup to aggregated classes (e.g., escarpments/scarps merged) and to a binary
detector (lineament vs. background)?
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• Training protocol: What is the role of patching with overlap and spatial separation
of areas in shaping generalization? Which simple pre-/post-processing choices (line-
thickening, blob cleaning) meaningfully a!ect the outputs?

• Evaluation aligned to practice: How canmodel performance be assessed through
tolerance-aware metrics that account for spatial proximity and continuity of linea-
ments, providing a more meaningful measure than standard pixel-wise scores un-
der interpretative uncertainty?

• Data-conditional behavior and scope: How does the model’s reliability vary as
a function of the input geomorphic variables (depth, slope, curvature), and what
do these dependencies suggest about its potential generalization to regions with
di!erent morphodynamic regimes?

To address these questions, this work develops a U-Net segmentation model that uses
depth, slope, and curvature as input data. Di!erent groupings of classes are tested, from
the complete set of morphological elements to simpli#ed versions where similar features
are merged, and to a binary case that separates lineaments from the background. The
model is trained and evaluated using a patch-based approach with overlapping windows
to increase sample diversity and ensure a fair comparison between areas. Its perfor-
mance is then assessed through both standard pixel-based metrics and a bidirectional,
neighborhood-based measure that better re+ects the way geologists compare predicted
and real features. Finally, the study includes an analysis of how model performance
changes with the main geomorphic variables (depth, slope, and curvature) to under-
stand under which conditions the approach works best. The goal is to show not only
what has been done, but also how each design choice a!ects the clarity and practical
usefulness of the results, without attempting to replace expert interpretation.

".& Structure of the Thesis

The manuscript is organized to move from context to implementation, and then to anal-
ysis and implications:

• Chapter $ – State of the Art: reviews the methods for seabed data acquisition, the
main morphological features of interest, and the evolution from statistical to ML
and Deep Learning (DL) approaches in marine geology. It also discusses founda-
tions of Convolutional Neural Networks (CNNs), image segmentation, and U-Net.

• Chapter & – Problem Statement and Dataset: study area and inputs (depth,
slope, curvature); expert interpretations and label grouping; dataset characteristics
(sparsity, imbalance); pre-processing of annotations (thickening).
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• Chapter ( – Methodology: U-Net architecture and training protocol (patching
with overlap); pipeline details (input normalization, pre-/post-processing, evalua-
tion); de#nition of a neighborhood-based metric.

• Chapter # – Experiments and Results: experiments across class granularities
(multi-class, reduced-class, binary) with qualitative/quantitative analyses guided
by the proposed metrics.

• Chapter ) – Conclusions and Future Work: synthesis of #ndings with respect
to the research questions; limitations tied to sensing, labels, and metrics; open di-
rections, including task-aligned evaluation, data fusion, imbalance handling, and
geohazard-oriented products.

".( Publications

During the course of this Ph.D., the following publication was produced and presented
at a national conference:

• U. Di Laudo, S. Ceramicola, and L.Manzoni,Machine Learning for Automated Seabed
Mapping, in Ital-IA !"!# – ThematicWorkshops,CEURWorkshop Proceedings, vol. &(,%,
%*%’.
https://hdl.handle.net/11368/3118040

https://hdl.handle.net/11368/3118040
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Context and Background





Chapter $

Background and Related Works

In this section, we present the existing state of the art in the area of mapping the seabed
and in image segmentation. As will be shown, although some works apply Deep Learn-
ing (DL) techniques to marine geology, no automatic method currently exists for seabed
mapping via segmentation that captures distinct morphological lineaments, highlighting
a gap our work aims to address.

In Section %.$, we describe the current techniques to obtain morphological data, like
bathymetry maps. Section %.% gives an introduction on what is amorphological features,
and in which way it is usually represented. In Section %.&, we provide a comprehensive
overview of the di!erent DL approaches that have been employed in the #eld of marine
geology, with a particular focus on their application to seabed mapping. Section %.’
reviews the relevant literature on CNNs and image segmentation with a particular focus
on U-Net architecture which is the primary technique used in this work.

$." Seabed Data

In marine geology #eld obtain data is often an hard and expensive work. In fact, ge-
ological analysis are usually done using underwater data, obtained through the use of
underwater acoustic systems emerged in the early part of the %*th century [(]. The
earliest and the most used system developed for these goals is the single-beam bathy-
metric sounders[(]. Single-beam echo-sounders, often referred to as acoustic ground-
discrimination systems, are employed to investigate the re+ective properties of the sea+oor.
These instruments emit sound pulses, typically in the &*–%** kHz range, which bounce
back from the seabed and are recorded by a transducer [., )]. Knowing the propagation
speed of sound c and the time of +ight t, the distance d is calculated as [$*]

d =
c→ t

2
(%.$)

More advanced Advanced Wire Delivery Systems (AGDS) technologies have since
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Figure %.$: From [$*]. A simple schematic illustration of a multibeam echosounder sys-
tem.

been designed to analyze the seabed’s acoustic re+ectance characteristics. The character
of the returned signal is not determined solely by sediment grain size, sorting, density,
porosity, or small-scale topographic features, but can also be a!ected by the abundance,
type, and distribution of benthic organisms and vegetation[., )]. The key advantage
of this sensor lies in its ease of use and relatively low cost compared to other sensors.
However, its main limitation is the narrow coverage area (typically ranging from 2→ to
12→), which restricts its ability to capture wide coverage [$*].

The evolution of this instrument is the Multibeam echosounder systems (MBES) [$$],
advanced sonar systems that emit a fan-shaped array of acoustic pulses to simultane-
ously collect hundreds of depthmeasurements across awide swath of the sea+oor. A sim-
ple representation of a multibeam echosounder system is shown in Figure %.$. The #rst
system appeared in $)() with a coverage angle of 45→ and forming 16→ beams [$$, $%].
This instrument is mainly used to measure the depth of the seabed, computed by mea-
suring the time taken by the sound beam to travel the distance from the ship to the
seabed and back [(, $%].

Modern multibeam echo-sounder systems o!er signi#cantly enhanced angular cov-
erage, between 120→ and 150→, and can form hundreds of individual beams [(]. These
systems provide extremely high-resolution data, enabling detailed and accurate map-
ping of seabed morphology that is key to the classi#cation process [(]. Bathymetric
data collected from a MBES are generally derived from the combined measurement of
travel time and incidence angle for each transmit/receive beam. The speci#c calculation
method can vary depending on the system’s design and the beam’s position within the
swath [$%]. In cases where the sound velocity pro#le in the water column is uniform,
straightforward geometric computations can be applied to estimate water depth [(].
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Another instrument to acquire seabed data is Sidescan sonar (SSS). SSS is a key tech-
nique for sea+oor imaging, producing high-resolution, photo-like mosaics widely used
in habitat mapping [.]. Its performance depends on system frequency: low frequen-
cies penetrate deeper but provide limited resolution, while high frequencies are optimal
for surface mapping and sediment discrimination. Recent advances, including "CHIRP"
and synthetic aperture sonar (SAS), have improved range and resolution by using wide-
bandwidth pulses and variable frequencies [., )]. Modern digital SSS systems, often
operating in CHIRP mode, can detect objects of decimeter scale within swaths up to
↑ 200m, o!ering detailed and reliable seabed characterization from shallow to deep-
water environments[., )].

In our work we use an high-resolution bathymetry, obteined with multi-beam during
the MaGIC project[&].

$.$ Seabed Morphological Elements

Seabed bathymetry represents the primary source of information for understanding
the morphology and composition of the underwater environment. By analyzing high-
resolution bathymetric data, marine geologists identify, delineate, and classify the main
morphological features that shape the sea+oor. These features include ridges, basins,
canyons, escarpments, and channels, each de#ned by its own geometry and sedimen-
tary structure.

Within these large-scale features, smaller structural components, known as morpho-
logical elements, form the essential building blocks of seabed morphology. Examples
include canyon walls, slope breaks, and scarps, which together de#ne the internal ar-
chitecture of larger geomorphic units. The identi#cation and characterization of such
elements represent the #rst step in seabed interpretation and mapping.

Beyond its scienti#c relevance, seabed mapping has signi#cant practical implications.
It provides the basis for assessing marine geohazards, such as submarine landslides or
fault-related deformations, and for designing and locating o!shore infrastructures. Un-
derstanding the relationships between geomorphological patterns and geological pro-
cesses is therefore a key objective in marine geology [$, %].

Marine geohazards comprise a wide range of processes and events linked both to con-
temporary morphodynamic activity and to the long-term geological evolution of con-
tinental margins. While the geological mechanisms shaping these margins have long
been a key focus of marine geology, their associated geohazard implications have often
been treated as a secondary, though important, aspect. In recent years, signi#cant ad-
vances in sea+oor imaging and mapping technologies have spurred dedicated research
on marine geohazards. These technological improvements are reshaping investigative
strategies in marine geoscience, with detailed mapping of sea+oor geomorphology now
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serving as a primary step for both hazard identi#cation and the study of underlying geo-
logical processes and environments [%]. Geohazard-related features often originate from
the mobilisation and reshaping of the sea+oor driven by various processes. Intense ero-
sion, sedimentation, and mass-wasting events are among the primary factors shaping
submarine landscapes, frequently resulting in prominent structures such as submarine
canyons. Tectonic activity, including active faults, can deform the sea+oor directly or
from buried structures, while deep-seated deformation may cause +uid overpressure,
leading to the formation of pockmarks, +uid escape features, or mud volcanoes. These
processes not only alter sea+oor morphology but also disrupt sediment stratigraphy and
weaken its mechanical stability, increasing susceptibility to failure. Submarine land-
slides, which vary widely in scale andmechanism, may generate distal mass +ows or tur-
bidity currents. Additionally, strong bottom currents contribute to continuous sea+oor
remodelling by transporting sediments and forming bedforms interspersed with ero-
sional zones [%].

In this framework italian projectMaGIC (Marine Geohazards along the Italian Coasts)
was fundamental, which produced the #rst comprehensive atlas of the seabed of the Ital-
ian continental margins [&]. The project consisted of two main parts: the acquisition of
an high-resolution multibeam bathymetry, covering the italian margins and the inter-
pretation of that data, in order to create the map of geohazard features of the italian seas
composed by (% Sheets [%]. In that project, each of these sheet, are made up by four
cartographic levels:

• Level $: Physiographic domains representing the geological and physiographic set-
ting of the sheet

• Level %: Morphological Units

• Level &: Morphological Elements

• Level ’: Critical Zones

Our work is mainly focussed on the Level &, i.e. on Morphological Elements such as
basins, canyons, and channels. In the MaGIC project these elements are represented as
lineaments [&].

$.& Machine Learning Techniques in Marine Geology

In recent years, Machine Learning has become increasingly popular in marine geology,
expanding the range of available approaches and demonstrating performance compa-
rable to, and sometimes surpassing, traditional manual techniques [$&, $’, $-]. This
growing adoption is also motivated by the limitations of conventional sediment sam-
pling and manual interpretation, which are labor-intensive and constrained in spatial
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coverage [$*]. In contrast, ML leverages the growing amount of acoustic, optical, and
hyperspectral data collected through autonomous and remotely operated platforms, of-
fering new possibilities for mapping and characterizing the seabed.

$.&." From statistical to machine learning approaches

Early work in automated sea+oor classi#cation relied mainly on statistical frameworks.
Bayesian classi#cation methods were applied to MBES backscatter data, sometimes at
multiple frequencies, to discriminate sediment classes with improved accuracy [$,, $(,
$., $), %*]. These techniques demonstrated robustness in controlled scenarios but were
limited by assumptions such as Gaussian-distributed intensities, which do not always
hold in heterogeneous environments [$*].

Building on these foundations, ML algorithms were increasingly tested for seabed
mapping. Methods such as Support Vector Machines (SVM), Random Forests (RF), k-
Nearest Neighbors (kNN), and Back-Propagation Neural Networks (BPNN) have been
widely used with acoustic and optical data [%$, %%, %&, %’]. For example, Lawson et
al. [%$] classi#ed noisy seamount features from bathymetry using RF and Extremely
Randomized Trees, achieving accuracy up to )(%. Ji et al. [%%] introduced the Select-
ing Optimal Random Forest (SORF) to improve both e"ciency and accuracy in MBES
sediment classi#cation, while Zhao et al. [%&] combined backscatter and Random For-
est to discriminate multiple sediment types in the Belgian North Sea. Neural networks
optimized with techniques like Particle Swarm Optimization and AdaBoost have also
been proposed to prevent local minima and enhance classi#cation outcomes [%-]. Be-
yond acoustics, computer-vision-inspired ML pipelines have been tested on coral reef
imagery, where texture, shape, and color features classi#ed by SVM or ensemble models
provided e!ective benthic habitat mapping [%,, %(, %.]. Collectively, these works high-
light the +exibility of classical ML, though they often require extensive manual feature
engineering and preprocessing [$*].

$.&.$ Object-Based Image Analysis (OBIA)

Currently, one of the most widely adopted supervised approaches in marine mapping
combines object-based image analysis (OBIA) [%), &*] with ML algorithms such as de-
cision trees, SVM, or RF. OBIA partitions raw inputs, such as side-scan sonar mosaics
or digital elevation models, into objects rather than individual pixels, which are then
described by morphological or textural attributes and used for classi#cation [&$]. This
approach has proven e!ective in diverse applications, including the detection of coral
mounds [&%, &&, &’], the study of sediment waves [&-], and benthic habitat mapping [&$,
&,, &(].

Several recent works have con#rmed its versatility: Menandro et al. [&.] applied
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OBIA to side-scan sonar backscatter for reef mapping on the Brazilian continental shelf;
Koop et al. [&)] used bathymetric derivatives such as slope and rugosity for sediment
classi#cation; and Janowski et al. [’*] combined backscatter and bathymetry to distin-
guish six nearshore habitats in the Baltic Sea. In many cases, OBIA has been shown
to outperform or complement pixel-based ML approaches, demonstrating robustness
across sensors and scales.

$.&.& Deep learning for sea,oor characterization

In recent years, alongside traditional ML methods, DL, in particular CNNs, has been
increasingly explored for habitat and geomorphological mapping. DL techniques are
particularly appealing because they can automatically learn complex patterns from raw
data, reducing the need for expert-driven preprocessing andmanual feature designwhile
often improving classi#cation accuracy [$*]. Most DL applications so far have focused
on ecological and habitat mapping [’$, ’%], but their scope is rapidly expanding.

CNNs have been tested on side-scan sonar datasets, where shallow CNNs outper-
formed deeper networks in sediment classi#cation tasks [’&]. Generative Adversarial
Networks (GANs) have been used to augment limited sonar datasets, improving CNN
training stability and performance [’’, ’-]. Arti#cial Neural Network (ANN)-based
pipelines estimated polymetallic nodule abundance using side-scan backscatter [’,, ’(].
State-of-the-art object detectors such as YOLOv- and Faster R-CNN have been applied
for underwater debris detection and target recognition in sonar data, reaching mean av-
erage precision above 85% [’., ’), -*]. For optical images, Mask R-CNN pre-trained
on the COCO dataset proved particularly e!ective in segmenting manganese nodules
with high accuracy (97%), overcoming the similarity between nodules and background
sediments [-$].

Beyond classi#cation, DL architectures have also been tested for segmentation and
pattern recognition of seabed features. An Adaptive Neuro-Fuzzy Inference System
(ANFIS) framework integrated multibeam bathymetry and side-scan sonar for semi-
automatic classi#cation of submarine lava +ows [-%]. Autoencoder networks have learned
latent representations of seamounts in global bathymetric data, enabling systematic de-
tection across regions [-&]. ANN-based pipelines analyzed bathymetric cross-sections to
discriminate fault scarps in the Arctic [-’], while GANs and CNNs have been employed
to detect and segment pockmarks in estuarine and continental-slope bathymetry [--].
Collectively, these studies con#rm the feasibility of DL for identifying speci#c geomor-
phological features, though typically restricted to single feature types and requiring su-
pervised or semi-supervised learning.

Among the most recent contributions, Arosio et al. [&$] applied neural networks for
seabed segmentation, but their method focused on large-scale regions (e.g., Plane, Ridge,
Depression) rather than #ne-scale, hand-drawn lineaments considered in this work. To
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the best of the authors’ knowledge, the automatic detection of such linear features re-
mains largely unaddressed. Figure %.% presents the segmentation results obtained with
the ResNet-* model [-,] under di!erent input con#gurations. Speci#cally, model #30

was trained with bathymetry and hillshades, model#26with hillshades only, and model
#40 with a full set of inputs including bathymetry, hillshades, vector ruggedness mea-
surement (VRM), and aspect (northness and eastness).

$.&.( Towards the detection of linear features

All the referenced previous works are oriented toward the detection of area-based pat-
terns, whereas lineament identi#cation remains largely unexplored. One notable excep-
tion is the study byKokinou and Panagiotakis [-(], which introduced pattern recognition
techniques applied to bathymetric data from the Eastern Mediterranean. Their pipeline
combined #ltering and skeletonization with geometric classi#cation of segments, suc-
cessfully detecting tectonic lineaments and salt-related structures that in+uence sea+oor
morphology. However, the methodology was limited to a restricted set of features and
relied primarily on classical image processing. Figure %.& shows the result of the #lter-
ing processes (a), while (b) displays the skeleton (medial axis) plotted on the bathymetry
data in the Levantine Basin (east and southwest of the Eratosthenes Seamount).

The novelty of our work lies in shifting the focus from broad geomorphological units
to the detection of diverse linear features—such as generic escarpments, continental shelf
scarps, and canyon scarps—through DL segmentation. By targeting these structures, we
aim to deliver a clearer and more complete description of sea+oor morphology, directly
supporting geological interpretation, resource exploration, and geohazard assessment.

$.( Deep Learning Foundations for Image Analysis

$.(." Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a family of DL models that have become
the standard tool for analyzing visual data. Their key advantage lies in their ability to
automatically learn useful features directly from raw input, such as images or signals,
without relying on handcrafted descriptors. This makes them particularly e!ective for
tasks in which spatial structures and local correlations are essential, including image
classi#cation, object detection, and semantic segmentation [-].

The structure of a CNN is inspired by the visual perception [’, -.], where arti#cial
neurons correspond to biological ones, and they respond to speci#c local patterns and
progressively combine them to detect more complex structures. At the core of CNNs
are convolutional layers, where small learnable #lters (or kernels) slide across the input
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Figure %.%: From [&$]. Segmentation results of the ResNet-* models with varying input
layers: model #30 (bathymetry + hillshades), model #26 (hillshades only), and model
#40 (bathymetry + hillshades + VRM + aspect functions).
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Figure %.&: From [-(]. Automatic detection of sea+oor lineaments in the Levantine Basin
(east and southwest of the Eratosthenes Seamount). (a) Multi-#ltering output with de-
tection strength (*–--*). (b) Extracted skeletons on the bathymetric surface, where red
lines mark strong and blue lines weak features.
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image to extract local features such as textures, edges, or simple shapes [-]. As informa-
tion +ows through multiple layers, these local features are aggregated into higher-level
representations, enabling the network to recognize complex objects or patterns. Pooling
layers are often included to reduce spatial resolution while keeping the most relevant
information, improving both e"ciency and robustness to translations. Non-linear ac-
tivation functions, such as the Recti#ed Linear Unit (ReLU) [-, -)], make the network
capable of modeling complex relationships. Finally, fully connected layers combine the
learned features for prediction tasks, such as assigning class labels [’, -, -)].

Over the years, CNNs have evolved through the development of increasingly deep
and specialized architectures. LeNet, proposed by LeCun et al. [,*], was one of the
#rst successful CNNs, designed for digit recognition. Later, AlexNet was introducted. It
use convolutional #lters larger than those employed in LeNet, integrate local response
normalization (LRN) and adopt overlapping pooling layers. VGG networks showed that
stacking small convolutional #lters can improve performance, while ResNet introduced
residual connections, enabling the training of very deep models without degradation.
Other architectures, such as Inception or MobileNet, further optimized e"ciency and
scalability [-].

The success of CNNs is strongly tied to their ability to capture spatial hierarchies,
making them highly suitable for image segmentation. In this context, CNNs are often
used as the backbone of encoder–decoder architectures (e.g., U-Net), which are specif-
ically designed to preserve spatial detail while learning abstract feature maps. These
models have set the state of the art in many segmentation tasks and represent the foun-
dation for the approaches adopted in this thesis.

$.(.$ Image Segmentation

Image segmentation is a computer vision technique that partitions a digital image into
multiple segments or regions.

According to [,$], image segmentationmethods can be grouped into three categories:
semantic segmentation, instance segmentation, and panoptic segmentation. In image
segmentation, objects in an image are often categorized into things and stu$ [,$]. Things
refer to countable objects with well de#ned shapes and boundaries, such as cars, peo-
ple, or chairs, while stu$ denotes uncountable regions with homogeneous appearance
and no distinct instances, such as sky, road, or grass. Semantic segmentation classi#es
each pixel into a category without distinguishing between individual things of the same
class [,%]. For example, in a #gure containing several cars, all car pixels are labeled as
“car”, but the individual vehicles are not distinguished. Instance segmentation builds on
semantic segmentation by identifying each object instance separately [,&]. In the same
example, each car is recognized as a distinct object, though non-countable elements i.e.
stu$ like the road are ignored. Panoptic segmentation uni#es both approaches by as-
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Figure %.’: Figure from [,$]. Example comparison of image segmentation approaches.
(a) Original street scene. (b) Semantic segmentation: all pixels are assigned a class label,
with no distinction among di!erent object instances of the same class (e.g., all cars in
blue). (c) Instance segmentation: each individual object instance (thing) is separated,
while stu$ classes like the road are typically not considered. (d) Panoptic segmentation:
integrates both views, assigning unique labels to all pixels, distinguishing between mul-
tiple thing instances (cars, people) and stu$ classes (road, sky, building).

signing a unique label to each region, whether it corresponds to an object instance or a
background class [,’].

This concent is well illustrated in Figure %.’ from [,$] where for the same picture (a),
all three segmentation approach are applied. As it easy to see, semantic segmentation
classi#ed all pixels (both things and stu$ ) of the image in a speci#c class, but countable
elements of the same type are not distinguishable; on the other hand instance segmenta-
tion (c) distinguishes each individual belonging to the same classes, but it ignores stu$ ;
#nally panoptic segmentation (d) uni#es these two approaches, in such a way that both
thing and stu$ are detected.

Before the rise of DL, image segmentation relied on a wide variety of region-based
and edge or boundary-Based techniques. These methods are typically categorized into
approaches exploiting similarity (grouping pixels with common properties) and those
based on discontinuity (detecting boundaries and edges). Since no universal solution
exists, segmentation methods are often tailored to the application at hand [,-].

Region-based techniques divide an image into homogeneous regions by clustering
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pixels that share similar attributes such as intensity, color, or texture. According to Za-
itoun and Aqel [,-] typical region-based techniques are:

• Clustering methods: The most well-known is k-means, which partitions pixels into
k clusters by minimizing the distance between each pixel and the cluster centroid.
Variants include fuzzy clustering, where a pixel can belong to multiple clusters
with di!erent membership levels. While e!ective in medical imaging and security
applications, clustering may produce discontinuous regions unless combined with
other strategies [,,, ,(].

• Split-and-Merge: This approach begins by treating the whole image as one region
and recursively splitting it into smaller subregions using quadtree structures. Adja-
cent regions with similar properties are then merged. The method guarantees con-
nectivity but may su!er from blocky segmentation or over-segmentation, which
can be alleviated with normalized cuts [,.].

• Normalized Cuts: Based on graph theory, this method represents pixels as nodes
and similarities as weighted edges. The graph is optimally partitioned by mini-
mizing a “cut” cost that balances similarity within regions and dissimilarity across
regions. It provides accurate boundary detection and integrates intensity, color, and
texture in a uni#ed framework, though it is computationally demanding [,), (*].

• Region Growing: Starting from seed points, pixels are added to a region if they
meet similarity criteria. This technique is intuitive, ensures connected regions, and
works well with low-noise images. However, it can lead to over-segmentation in
noisy or textured images [($].

• Thresholding: One of the oldest techniques, thresholding separates foreground
from background by intensity values. Global thresholding applies a single thresh-
old across the image, while local (adaptive) thresholding adjusts values based on
neighborhoods. Variants include histogram-dependent methods, P-tile techniques,
and fuzzy thresholding. Thresholding is simple and fast but struggles with images
where object and background intensities overlap [(%].

Edge or boundary-based approaches locate object boundaries by detecting disconti-
nuities in intensity or texture. The main techniques are [,-]:

• Classical operators: Roberts, Prewitt, and Sobel are gradient-based operators that
estimate edge strength and orientation by computing local derivatives. They di!er
mainly in kernel size and sensitivity to noise. Although e!ective in simple scenar-
ios, they often require preprocessing such as noise #ltering [(&].

• Soft computing approaches: More sophisticated strategies include fuzzy logic, which
assigns pixels tomultiple sets with varyingmembership grades; genetic algorithms,
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Figure %.-: From [,-]. Schematic diagram summarizing the principal image segmenta-
tion methods.

which optimize edge detection using evolutionary principles; and arti#cial neural
networks, which learn edge features from training data. These methods improve
+exibility and robustness but increase computational complexity [,-, (’].

A summary diagram about all methods described above is reported in Figure %.-
from [,-].

To overcome limitations, hybrid approaches combine region-based and edge-based
techniques [,-]. For example, watershed algorithms or fuzzy clustering with edge con-
straints aim to ensure both spatial coherence and accurate boundary localization. Hybrid
models are particularly useful for complex images with heterogeneous textures or illu-
mination conditions.

The #eld of image segmentation has undergone a radical transformation with the
advent of DL. Traditional approaches, largely dependent on handcrafted features, have
given way to convolutional and encoder–decoder architectures that learn end-to-end
from data [,(].

The#rst decisive stepwas the introduction of fully convolutional networks (FCNs) [(-],
which replaced dense layers with convolutions and upsampling, making dense predic-
tions possible. FCNs laid the foundation, but struggled with #ne details and global
context. Subsequent designs such as U-Net by Ronneberger et al. [,] and SegNet by
Badrinarayanan et al. [(,], introduced skip connections and encoder–decoder struc-
tures [-), (,] to better preserve boundaries, while later works like HRNet [((] main-
tained high-resolution features throughout. Over the years, several adaptations of the
U-Net architecture have been proposed to suit di!erent types of data. For istance, Zhou
et al. [(.] proposed a nested U-Net, while Çiçek et al. [()] extended U-Net to &D images.
Nowadays U-Net is also widely applied beyond biomedical contexts, including road seg-
mentation [.*], face detection [.$], and autonomous driving [.%].



/.5. D$$7 L$0%!"!* F-,!)0’"-!& 4-% I80*$ A!0+:&"& $+

Figure %.,: From [,(]. Timeline of DL–based image segmentation methods. Approaches
focusing on semantic, instance, and panoptic segmentation are highlighted in orange,
green, and yellow, respectively

Early CNN-based segmentation methods often integrated probabilistic models such
as CRFs to re#ne object boundaries and produce sharper results [.&]. Subsequently,
e!orts shifted toward better context modeling. DeepLab popularized dilated convolu-
tions and spatial pyramid pooling, combining wide receptive #elds with high-resolution
features [,-, .’]. PSPNet further aggregated information from multiple spatial scales
to capture global context [.-]. Attention mechanisms later extended these ideas, en-
abling each pixel to leverage information from the entire image, as demonstrated in
dual-attention [.,] and OCRNet [((].

Beyond semantic segmentation, instance segmentation was revolutionized by Mask
R-CNN [.(], which extended object detection pipelines with a mask prediction branch,
setting a strong baseline later improved by methods such as PANet [..].

For panoptic segmentation, uni#ed frameworks such as UPSNet [.)] and Panoptic-
DeepLab [)*] have emerged.

Overall, the state of the art is characterized by models that combine multiscale con-
text aggregation, boundary re#nement, and increasingly attention-based mechanisms.
While performance continues to improve on standard benchmarks, challenges remain
in terms of e"ciency, interpretability, and reproducibility, highlighting the gap between
academic success and real-world deployment [,(].

Figure %., from [,(] show a timeline of the image segmentation methods that use DL.

Evaluation Metrics for Image Segmentation

The evaluation of DL models for image segmentation requires appropriate metrics that
can capture not only pixel-wise accuracy but also the quality of object delineation and
class-speci#c predictions. Although several qualitative aspects such as visual sharpness,
inference speed, and memory footprint are important for real-world deployment, most
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of the research community has traditionally focused on quantitative accuracy measures
[,(]. This section reviews the most widely adopted metrics.

Pixel accuracy measures the proportion of correctly classi#ed pixels relative to the
total number of pixels in the image. For K + 1 classes (including K object classes and
one background class), it can be expressed as:

PA =

∑K
i=0 pii∑K

i=0

∑K
j=0 pij

, (%.%)

where pij denotes the number of pixels belonging to ground-truth class i that are
predicted as class j. This metric is straightforward but biased toward dominant classes
when the dataset is imbalanced.

To reduce the in+uence of class imbalance, themean pixel accuracy averages the per-
class accuracies across all classes:

MPA =
1

K + 1

K∑

i=0

pii∑K
j=0 pij

. (%.&)

Unlike simple pixel accuracy, MPA ensures that smaller classes (e.g., pedestrians in
road scenes) contribute equally to the overall evaluation.

Intersection over Union, also referred to as the Jaccard Index, has become the standard
metric for segmentation. It measures the overlap between the predicted region A and
the ground-truth region B:

IoU(A,B) =
|A ↓ B|
|A ↔ B| . (%.’)

The metric ranges between 0 and 1, where higher values indicate a greater degree of
overlap. The mean-IoU (mIoU) is obtained by averaging across all classes, providing a
balanced measure of performance [,(]. For semantic segmentation, mean Intersection
over Union (mIoU) is become the most widely used measure, which balances accuracy
across classes, while pixel accuracy and mean pixel accuracy are sometimes reported as
complementary indicators.

Pixel-level classi#cation can also be evaluated using precision and recall, de#ned as:

Precision =
TP

TP+ FP
, Recall =

TP
TP+ FN

, (%.-)

where TP , FP , and FN denote true positives, false positives, and false negatives,
respectively. The F1-score, given by the harmonic mean of precision and recall, is ex-
pressed as:



/.5. D$$7 L$0%!"!* F-,!)0’"-!& 4-% I80*$ A!0+:&"& $$

F1 =
2 · Precision · Recall
Precision+ Recall

. (%.,)

This measure is particularly useful when false positives and false negatives carry
di!erent signi#cance depending on the application domain.

Originally popularized in medical image analysis, the Dice coe%cient evaluates the
similarity between two samples. It is mathematically related to the F$-score:

Dice(A,B) =
2|A ↓ B|
|A|+ |B| . (%.()

When applied to binary segmentation with the foreground as the positive class, the
Dice coe%cient reduces to:

Dice =
2TP

2TP+ FP+ FN
= F1. (%..)

Dice is particularly robust in cases of high class imbalance, which is frequent in
biomedical imaging scenarios.

In summary, while pixel accuracy provides a coarsemeasurement, metrics such as IoU
and Dice are more sensitive to boundary alignment and class imbalance. Consequently,
they have become the dominant measures in modern benchmarks, including PASCAL
VOC, Cityscapes, and MS COCO [,(].

For instance segmentation, evaluation typically follows the conventions of object de-
tection, relying on Average Precision (AP) over multiple IoU thresholds as in the COCO
benchmark. Finally, the introduction of panoptic segmentation has led to the adop-
tion of Panoptic Quality (PQ), a uni#ed metric that jointly accounts for detection and
segmentation quality. Together, these metrics re+ect the community’s e!ort to capture
not only pixel-level accuracy but also the structural and perceptual #delity of predicted
masks [,(]. Despite their widespread use, these metrics also present important limi-
tations. Pixel accuracy, for example, can be misleading in highly imbalanced datasets:
if one class dominates (e.g., background in medical scans or “road” in driving scenes),
a model may achieve high accuracy while essentially ignoring minority classes. Mean
IoU (mIoU) alleviates this by averaging across categories, yet it still treats all classes
equally, which may undervalue performance on rare but semantically crucial classes.
The Dice coe"cient, while well-suited for imbalanced medical tasks, is sensitive to small
variations in boundary alignment, which may exaggerate performance di!erences. In
instance segmentation, AP focuses on overlap quality but does not capture mask sharp-
ness or boundary accuracy, and its heavy dependence on IoU thresholds can make com-
parisons across works inconsistent. Similarly, Panoptic Quality (PQ) o!ers a uni#ed
measure for panoptic segmentation, but it weights detection and segmentation errors in
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Figure %.(: Figure from [,]. Architecture of the U-Net model. Blue box corresponds to a
multi-channel feature map, while white one represents copied feature maps.

a #xed way; this can obscure cases where a method excels at one but not the other. As
a result, while these metrics provide a common ground for benchmarking, they are not
always su"cient to capture the nuanced trade-o!s between accuracy, boundary #delity,
computational cost, and perceptual quality [,(].

$.(.& U-Net architecture

U-Net is one of the most in+uential architectures for semantic segmentation, #rst in-
troduced by Ronneberger, Fischer, and Brox in the context of biomedical image analysis
[,]. The model adopts a fully convolutional encoder–decoder design: the contracting
path (encoder) extracts contextual and semantic features through successive convolu-
tion and pooling operations, while the expansive path (decoder) gradually upsamples
the feature maps to recover spatial resolution. A key innovation of U-Net lies in the
skip connections, which link corresponding layers of the encoder and decoder. These
connections transfer #ne-grained localization cues lost during downsampling and fuse
them with the abstract semantic information learned at deeper layers, enabling accurate
pixel-wise predictions. Figure %.( displays the architecture of the U-Net proposed by [,].
The blue boxes represent multi-channel feature maps, while white boxes correspond to
copied feature maps. The arows in the bottom represent the several di!erent operations
applied on the feature maps.

The original U-Net was shown to outperform existing methods in the ISBI cell track-
ing challenge, evenwhen only a small number of training samples was available [,]. This
success was partly due to extensive data augmentation strategies, such as random elastic
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Figure %..: Figure from [)-]. Examples of several U-Net application in medical #eld. (a)
from [),]; (b) from [)(]; (c) from [).]; (d) from [))]; (e) from [$**]; (f) and (g) from [$*$];
(h) from [$*%].

deformations, which improved robustness to variability in biomedical images. Beyond
the original %D design, U-Net has been extended to handle volumetric data: Çiçek et al.
[()] proposed the &D U-Net, replacing all %D operations with &D convolutions to better
capture spatial information across image slices, especially for Computed Tomography
(CT) [)$] and Magnetic Resonance Imaging (MRI) modalities [)%, )&].

Further improvements targeted the skip connections themselves. Zhou et al. [(.]
introduced UNet++ , a nested architecture with redesigned skip pathways that allow
multi-scale feature aggregation and more +exible fusion between encoder and decoder
features. Oktay et al. [)’] proposed the Attention U-Net, where attention gates are in-
tegrated into the skip connections to suppress irrelevant regions and highlight salient
structures, a particularly useful property formedical images with high inter-patient vari-
ability . These works demonstrate the adaptability of the U-Net framework to di!erent
tasks and imaging modalities. Figure %.. displays several applications of the U-Net in
medical and biological #eld.

Thanks to its modular and symmetric design, U-Net has also been applied far beyond
biomedical segmentation, becoming a reference architecture in domains such as remote
sensing, microscopy, and natural image processing. Variants now incorporate residual
or dense backbones, multi-scale feature extraction, and even Transformer modules, but
the core principle remains the same: a balanced encoder–decoder with skip connections
to combine semantic context and precise localization. This combination has made U-Net
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and its derivatives the backbone of many modern segmentation pipelines.





Part II

Problem Statement and Experimental
Framework





Chapter &

Problem Statement and Dataset

In this chapter we de#ne the problem addressed in this thesis and describe the dataset
used in our work. In Section &.$, we explain why developing an automated method for
seabed mapping is important and outline what makes this study di!erent from previous
approaches. Our goal is to detect thin and elongated morphological elements (scarps,
channels, etc.) and we highlight why this task is more challenging than standard image
segmentation problems that usually deal with larger, compact shapes. Then, in Sec-
tion &.% we describe the study area in the Ionian Sea (Figure &.$) and report its geo-
graphic bounds (Table &.%). We introduce the three input variables—depth, slope, and
curvature—and show their maps (Figure &.%) and value distributions (Figures &.& to &.-).
We present the labeling scheme derived from the MaGIC project, including the grouped
classes and their detailed components (Table &.$), and the corresponding label maps used
as ground truth (Figure &.,). Finally, we illustrate the simple thickening step applied to
make lineaments more visible for learning (Figure &.(), and we quantify class imbalance
with the overall label frequencies (Figure &..). This material sets the stage for the model
design, training protocol, and evaluation described in the following chapters.

&." Problem De!nition

As introduced in Section %.%, seabed morphology consists of a complex arrangement of
features and elements that together record geological and geomorphological processes.
The accurate interpretation of these elements has traditionally relied on expert judgment
based on bathymetric and derivative maps. While this approach ensures geological co-
herence, it is inherently time-consuming and in+uenced by the interpreter’s experience.

The growing availability of high-resolution bathymetric data now challenges the lim-
its of manual mapping. Large datasets, such as those produced by the MaGIC Project [&],
require new approaches capable of ensuring both e"ciency and consistency across vast
areas. This motivates the adoption of ML techniques as a complementary tool to tradi-
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Figure &.$: Digital Elevation model (DTM) of the Ionian Sea employed in this study, with
latitude and longitude coordinates indicating the geographical coverage. The area under
consideration is located in the Ionian Sea, along southern coasts of Italy.

tional interpretation.

However, adapting image segmentation methods to seabed classi#cation presents
speci#c challenges. Unlike standard segmentation tasks, often focused on compact,
“blob-like” structures, seabed morphological elements are typically expressed as thin,
elongated, and discontinuous lineaments. These kind of elements, together with the
strong imbalance between background and target classes and the uncertainty inherent
in expert annotations, make mapping the challenge very di"cult.

The main objective of this thesis is therefore to develop and evaluate an automated
ML framework for the classi#cation of seabedmorphological elements from bathymetric
data. The proposed approach aims to support geologists in their interpretation tasks
while providing a consistent and reproducible tool for marine geohazard assessment
and infrastructure planning.

The following chapters describe how these challenges are addressed through speci#c
design choices in data preprocessing, model architecture, and performance evaluation,
with the ultimate goal of producing a geologically sound and operationally e!ective
mapping framework.

&.$ Dataset Description and Analysis

This section describes the principal characteristics of the data used to train our model.
The area of interest is the seabed along the southern coast of Italy, speci#cally between
Calabria and Apulia, in the Ionian Sea, as shown in Figure &.$.
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Figure &.%: Depth, slope, and curvature maps of the study area extracted from high-
resolution multibeam data, shown from left to right. All three maps refer to the same
geographical region and represent di!erent morphological features derived from the
bathymetry.

Table &.%: Minimum and maximum latitude and longitude values de#ning the geograph-
ical extent of the study area from which the data were collected.

Min Max

Latitude &.°$)'$’.)''N ’*°$.'-’.%''N
Longitude $,°%.'’*.)''E $.°*-'*(.*''E

The exact coordinates of the area of interest are reported in Table &.%, which lists the
minimum and maximum values of latitude and longitude. The data used are primar-
ily Geographic Information System (GIS) datasets–spatial data that represent real-world
features along with their geographic locations. These datasets typically include coor-
dinates, geometrical shapes (e.g., points, lines, and polygons), and associated attributes
like population, elevation, or land use. GIS data are widely used in mapping, spatial
analysis, and decision-making across various domains, including urban planning [$*&],
environmental monitoring [$*’], and cancer mapping [$*-].

In our case, the dataset provides bathymetric information for the shallow coastal re-
gions of Italy, i.e., the depth of the seabed [$*,, $*(, $*.], as visualized in Figure &.$.
Speci#cally, the data come from the Italian MaGIC project [&], a national initiative aimed
at assessing seabed hazards in Italian waters to support risk mitigation and emergency
management.

Starting from depth data, two additional features considered useful by domain ex-
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Figure &.&: Bar plots showing the distribution of the depth values of the seabed of the
area of interest. Data density increases as the depth becomes shallower.

perts can be derived: the slope and the pro&le curvature of the seabed, corresponding
to the #rst and the second derivatives of depth, respectively, as shown in Figure &.%.
The resulting data can be interpreted a 2D map with three features–or channels–each
representing a speci#c property of the same seabed area, making it directly suitable for
image-based processing. As illustrated in Figure &.%, a signi#cant portion of the images
contains grey pixels which indicate areas with missing data. This may occur for sev-
eral reasons: some regions correspond to land rather than sea+oor, data acquisition is
not possible near the coastline due to shallow depth, and some areas were simply not
covered during the survey. These feature maps are used as input to our model, as they
capture essential information about the sea+oor topography, which strongly in+uences
the spatial distribution of morphological features.

Figure &.&, &.’ and &.- show the distribution of the values of depth, slope, and curva-
ture for the dataset used in this study. As we can see from Figure &.& depth values range
from about ↗20 to ↗1920 meters. The bar plot further highlights that the sea+oor is
not uniformly distributed across depths: very deep areas are relatively scarce, whereas
shallow regions are more abundant, resulting in an overall increasing trend in the his-
togram. Figure &.’(a) reports the raw slope values derived from the depth gradient. Most
of the pixels have values close to zero, meaning that large portions of the seabed are rel-
atively +at. To make the interpretation more intuitive, slope values were converted from
gradient to degrees using the following transformation:

slopedeg = arctan(slope)
180

ω
(&.$)
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(a) Distribution of the slope values
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(b) Distribution of the slope values in degree
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Figure &.’: Bar plots showing the distribution of the slope values of the seabed of the
area of interest. In (a) the slope is computed as the derivative of the depth. In (b) these
data are transformed in degree, that are more uniformly distributed.

The resulting distribution, shown in Figure &.’b, spans from 0 to 90 degrees. After this
conversion, the slope values appear more evenly spread, with a clearer distinction be-
tween +at and steep areas.
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Figure &.-: Bar plots showing the distribution of the curvature values of the seabed of
the area of interest. The data distribution is highly peaked in zero and decreases very
rapidly in both directions.

Finally, Figure &.- shows the distribution of curvature values. They are centered
around zero and display an almost symmetric shape, with most values concentrated near
zero. This means that +at or gently curved surfaces dominate the area, while strongly
concave or convex features are less frequent.

The data are organized as an image of 11000→6000 pixels, as shown on the left in Fig-
ure &.,. For clarity and ease of interpretation, only the seabed depth will be displayed
from this point onward, while the slope and pro#le curvature—although used during
training—will be omitted from the visualizations. Land areas have also been removed to
better highlight the recorded data (i.e., the colored pixels).

All the data produced by the MaGIC project [&] also received human interpretations
of the seabed morphology i.e., a labels map of the same dimensions of the input %D
#elds indicating the location of all morphological elements in that region, as shown in
the right panel of Figure &.,. Each label corresponds to a speci#c seabed feature and
is represented in the map as a line. This annotation is currently performed manually
by geologists, who analyze the bathymetry and delineate the corresponding features
directly using GIS software, identifying and tracing the boundaries of distinct morpho-
logical structures. In the original dataset, each type of line corresponds to one of ’)
classes, as de#ned by the marine scientists involved in the MaGIC project [&]. However,
due to the large number of classes and the limited representation of many of them, a
#rst pre-processing step was applied to reduce the number of classes to 11. These 11

groups displayed in Figure &.,, were obtained by clustering the original 49 classes based
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Background Generic Escarpment Continental Shelf Scarp
Canyon Scarp Channel Escarpment Terrace Escarpment
Fault scarp Landslide scarp Fold
Channel Sediment waves Bioconstruction

Figure &.,: The #gure shows the input data used in this study. On the left is the bathy-
metric map of the area, while on the right is the geological interpretation provided by
experts, illustrating the main morphological elements identi#ed. The di!erent elements
are listed in the legend. Background corresponds to no element in that speci#c point.

on geological and morphological similarity, with guidance from domain experts. Since
all annotations are line-based, the majority of pixels do not belong to any speci#c class
and are labeled as background. Consequently, the output of our model is a %D #eld in
which each pixel is assigned to one of $% classes—$$ corresponding to morphological
elements, and $ representing the background. We emphasize that background pixels in-
dicate the absence of any annotated morphological features and thus represent regions
of no particular geological interest. These labels map serve as the ground truth during
training, meaning that they represent the desired output that the model is expected to
learn to reproduce. Given a features map as input, the model is trained to generate a
corresponding labels map that indicates the morphological elements present in the area.
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As mentioned above, our ground truth data consists of hand-drawn lines, each corre-
sponding to one of the 11 classes. These lines are generally thin and sparse compared to
the overall image area. To partially reduce this problem, we made the lineaments, that
represent morphological elements, thicker through a simple process that adds pixels of
the same class next to each non-zero pixel. This operation results in thicker and more
continuous lines.

(a) Original lineaments (b) Lineaments after the thickening process

Figure &.(: Comparison between the original and the processed lineaments on a small
part of the MaGIC dataset. (a) Original lineaments, which appear thin, fragmented, and
barely visible. (b) Lineaments after the thickening process, appearing more continuous
and uniform.

The outcome of this process is shown in Figure &.(, which represents a small portion
of the total study aera. In &.(a, the original lineaments are displayed: they are barely
visible and highly fragmented. In contrast, Figure &.(b shows the processed version,
where the lineaments appear thicker and more uniform.

Despite this, the majority of the dataset is composed of background pixels, which do
not belong to any of the 11 classes, resulting in most pixels being labeled as background
(class *). This leads to a highly imbalanced dataset dominated by background pixels.
Figure &.. displays two bar plots: the #rst shows the frequency of all classes, including
the background, while the second focuses only on the morphological classes. As shown,
over 80% of the pixels belong to the background class (label 0), highlighting a signi#cant
class imbalance in the dataset. Some classes, such as Continental Shelf Scarp and Fault
Scarp, account for less than 1% of the total. Even when excluding the background (right
plot), class imbalance persists. In particular, Landslide Scarp and Canyon Scarp appear
most frequently, with approximately 22.8% and 18.9% of the labeled pixels, respectively,
while several other classes remain close to 1%.
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(a) Distribution of the labels
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(b) Distribution of the labels without background
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Figure &..: Bar plots showing the distribution of labels in the dataset. (a) plot includes
the background class, while (b) plot excludes it. Dataset is highly unbalanced even when
background is removed
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Table &.$: Correspondence between grouped morphological features and their detailed
components.

Color Grouped Feature Detailed Features

Generic Escarpment Unde#ned escarpment (Sharp)
Unde#ned escarpment (Rounded)
Unde#ned escarpment (Base)
Generic erosion escarpment (Sharp)
Generic erosion escarpment (Rounded)
Generic erosion escarpment (Base)

Continental Shelf Scarp Continental shelf escarpment (Sharp)
Continental shelf escarpment (Rounded)

Canyon Scarp Canyon/Channel escarpment (Sharp)
Canyon/Channel escarpment (Rounded)
Canyon/Channel escarpment (Base)

Channel Escarpment Minor channel escarpment (Sharp)
Minor channel escarpment (Rounded)
Minor channel escarpment (Base)

Terrace Escarpment Intrachannel terrace escarpment (Edge)
Intrachannel terrace escarpment (Base)
Intrachannel step escarpment (Edge)
Intrachannel step escarpment (Base)

Fault scarp Fault escarpment (Rounded)
Fault escarpment (Base)

Landslide scarp Simple landslide niche escarpment (Edge)
Simple landslide niche escarpment (Base)
Complex landslide niche escarpment (Edge)
Complex landslide niche escarpment (Base)
Intrachannel landslide niche escarpment
(Edge)

Fold Compression fold ridge (Axis)

Channel Concave-bottomed channel
V-shaped channel
Erosive gully

Sediment waves Sediment waves (Axis)

Bioconstruction Bioconstruction



Chapter (

Methodology

Introduction

This chapter describes the methodology adopted in this work, including the model ar-
chitecture, data preparation, training procedure, and evaluation strategy. The main goal
is to adapt a CNN for the automatic classi#cation of seabed morphological elements, tak-
ing into account the speci#c challenges of this type of data: the thin and sparse nature of
the features, the strong class imbalance, and the presence of interpretative uncertainty
in the labels.

Section ’.$ introduces the general structure of the proposed framework, based on a
U-Net architecture commonly used for image segmentation. The following sections ’.%
provides a overview of the work+ow used for the experiments. It explain how the input
data are divided into smaller patches, how overlapping windows are used to increase
the number of samples, and how output data are post-processed after the training to
improve the continuity and readability of the predictions. It also describes the training
phase and the losses used in the experiments. The last part provides a description of the
evaluation criteria, and try to motivate why pixel-based measures such as Dice coe"-
cient and Cross Entropy, are not very appropriate for this task. A neighborhood-based
bidirectional metric is introduce to better re+ect the way experts compare predicted and
real morphological features.

These elements de#ne the complete work+ow that will be used to train, validate, and
test the models discussed in the following chapter.

(." U-net-based Architecture

We#rst describe the U-Net-based segmentation architecture alongwith the post-processing
steps used to re#ne the output and improve label accuracy. We then outline the training
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Figure ’.$: Network architecture used in this work. The yellow and blue boxes rep-
resent convolutional and deconvolutional layers, respectively. The ReLU functions are
represented by the orange part of the boxes. The red squares correspond tomax pooling
layers.

procedure and the loss functions employed.

As mentioned above, we employ CNNs, a class of DL models speci#cally designed to
process grid-structured data such as images [’]. CNNs extract spatial features through
local receptive #elds, weight sharing, and hierarchical processing via convolution and
pooling layers. These properties make them both computationally e"cient and robust to
common image transformations such as translation, rotation, and scaling [’] Originally
introduced for image classi#cation, CNNs have become the foundation of most modern
computer vision systems, including tasks as object detection, face recognition and image
segmentation [’].

Our focus is on semantic segmentation, where the goal is to assign a class label to
each pixel of the input image. For this task, we adopt a U-Net based architecture [$*)],
a widely used model in biomedical and environmental imaging. U-Net is characterized
by a symmetric encoder-decoder structure and skip connections, which allow the de-
coder to recover spatial precision by combining low-resolution semantic information
with high-resolution features from the encoder. As shown in Figure ’.$, the architecture
consists of three main components: (i) a contracting path (encoder), that reduces the
spatial resolution while increasing the number of feature maps; (ii) an expansive path
(decoder), which upsamples the feature maps to recover the original resolution; (iii) skip
connections, which link encoder and decoder layers at corresponding resolutions to pre-
serve spatial context.

The speci#c parameters of the di!erent layers are summarized in Table ’.$. The in-
put tensor has shape [3, 100, 100], corresponding to RGB images of size 100→100 pixels.
The encoder path consists of #ve stages. Each stage applies two successive convolutional
operations with a kernel size of 3 → 3, stride 1, and padding 1. Each convolution is fol-
lowed by batch normalization, which improves training stability and convergence speed
by mitigating internal covariate shift [$$*], and by the ReLU activation function [-)]:
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ReLU(x) =

{
x if x > 0

0 if x < 0
(’.$)

In the contracting path, each stage ends with a max pooling operation with a 2 → 2

kernel, except for the #nal one. This pooling step halves the spatial resolution, reducing
redundant information while retaining the most relevant features [’]. The output is then
processed by two convolutional layers with the same kernel size, padding, and activation
structure as in the #rst stage.

The decoder mirrors the encoder with four upsampling blocks. Each begins with a
transposed convolution (deconvolution) that doubles the spatial resolution. The output
is concatenated with the corresponding feature maps from the encoder via skip con-
nections. The concatenated tensor is processed by two convolutional layers, again with
batch normalization and ReLU activation.

The #nal layer is a 1→ 1 convolution that projects the feature maps to the number of
output classes. In our case, this results in a tensor of shape [12, 100, 100], corresponding
to $% seabed element classes. During inference, the output logits are converted to class
probabilities using the softmax function.

(.$ Pipeline ,owchart

The training pipeline consists of multiple stages. First, in Section ’.%.$, we describe
the preprocessing steps used to generate the data fed into the network from the maps
shown in Figure &.,. In Section ’.%.%, we then outline the training phase, detailing the loss
functions, optimization strategy, and relevant hyperparameters. Section ’.%.’ presents
the qualitative and quantitative methods used to evaluate model’s performance.

(.$." Input preprocessing

As described in Section &.%, the input consists of a three-channel image covering the
study area (depth, slope, and curvature; see Figure &.%). First, each channel is normal-
ized to have values between * and $. The dataset is split 80% ↗ 20% into training and
test sets. To ensure that the training and test regions are su"ciently large and spatially
separated, we #rst extract random -**×-** pixel regions from the full feature maps, with
20% of these regions set aside for testing. Because using -**×-** images directly would
result in too few training (and testing) samples, each large region is further divided into
smaller $**×$** patches, which are the actual input samples for the network. Specif-
ically, within each -**×-** training region, a sliding window of size $** × $** with a
stride of -* pixels is applied. As previously mentioned, the bathymetry data have a spa-
tial resolution of %* meters. Consequently, each input patch spans an area of ’ km²,
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Table ’.$: Layer-wise speci#cation of the model architecture used in this study. Each
layer is annotated with kernel size (k), stride (s), padding (p), output dimensions, and
operations. The encoder spans layers $–), the decoder layers $*–%$, and layer %% is the
#nal projection.

Layer Type k s p Output Size Details

Input - - - - [&, $**, $**] Input image

$ Conv Block (×%) 3→ 3 $ $ [,’, $**, $**] %×Conv + BN + ReLU
% Max Pool 2→ 2 % * [,’, -*, -*] Downsample
& Conv Block (×%) 3→ 3 $ $ [$%., -*, -*] %×Conv + BN + ReLU
’ Max Pool 2→ 2 % * [$%., %-, %-] Downsample
- Conv Block (×%) 3→ 3 $ $ [%-,, %-, %-] %×Conv + BN + ReLU
, Max Pool 2→ 2 % * [%-,, $%, $%] Downsample
( Conv Block (×%) 3→ 3 $ $ [-$%, $%, $%] %×Conv + BN + ReLU
. Max Pool 2→ 2 % * [-$%, ,, ,] Downsample
) Conv Block (×%) 3→ 3 $ $ [$*%’, ,, ,] %×Conv + BN + ReLU

$* Transposed Conv 2→ 2 % - [-$%, $%, $%] Upsample
$$ Skip Connection - - - [$*%’, $%, $%] From layer (
$% Conv Block (×%) 3→ 3 $ $ [-$%, $%, $%] %×Conv + BN + ReLU
$& Transposed Conv 2→ 2 % - [%-,, %’, %’] Upsample
$’ Skip Connection - - - [-$%, %-, %-] From layer - (aligned)
$- Conv Block (×%) 3→ 3 $ $ [%-,, %-, %-] %×Conv + BN + ReLU
$, Transposed Conv 2→ 2 % - [$%., -*, -*] Upsample
$( Skip Connection - - - [%-,, -*, -*] From layer &
$. Conv Block (×%) 3→ 3 $ $ [$%., -*, -*] %×Conv + BN + ReLU
$) Transposed Conv 2→ 2 % - [,’, $**, $**] Upsample
%* Skip Connection - - - [$%., $**, $**] From layer $
%$ Conv Block (×%) 3→ 3 $ $ [,’, $**, $**] %×Conv + BN + ReLU

%% Final Conv 1→ 1 $ * [$%, $**, $**] Output logits
BN: Batch Normalization. ReLU: Recti&ed Linear Unit. Conv: Convolution.
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which represents a balanced compromise between computational e"ciency (in terms of
memory and training time) and the spatial coverage needed to capture and recognize
the typically large-scale morphology of geological features.

Each patch therefore has shape [3, 100, 100]. This approach ensures that test areas re-
main distinct and reasonably large. Large regions were #rst selected and then subdivided
into smaller patches, ensuring that the training and test sets remained completely sepa-
rate, even when overlapping windows were used during training. Within each 500→500

training region, a sliding window of size 100→ 100 was applied with a stride of -* pix-
els. This procedure generated multiple partially overlapping patches per region, thereby
increasing the diversity of the training data while still guaranteeing that no patch over-
lapped with the designated test areas. Importantly, patches were retained only if at least
70% of their pixels contained valid data (i.e., not white background).

To assess the role of overlap, simulations were performed both with and without
overlapping windows. As will be shown later, introducing overlap leads to improved
results, since the model bene#ts from a denser sampling of local structures and from
increased variability in the training set.

Each input patch is paired with a corresponding label patch, which is extracted by ap-
plying the same sliding window procedure on the corresponding 500→500 label region.
Label patches have shape [12, 100, 100], where the $% channels represent the $$ mor-
phological classes plus background. Overall, this procedure yields about ,*** training
samples.

Furthermore, models with simpli#ed classi#cation schemes were also trained. In par-
ticular, one model was trained with a reduced grouping of features compared to that
reported in Table &.$, where all escarpments and scarps were merged into a single class
as shown in Table ’.%. In addition, another model was trained to perform a binary clas-
si#cation, distinguishing only between background and lineaments, with all lineaments
assigned the same label. In those speci#c cases the label patches have shape [6, 100, 100]
and [2, 100, 100].

In the following sections, the general training and post-processing procedure is de-
scribed, which remains the same across all cases.

(.$.$ Training

The model is trained on 100 → 100 patches with three input channels and returns a
[12, 100, 100] output tensor. For each pixel, the network produces $% logits, one for each
class. The #nal class is determined by selecting the channel with the highest score.

The loss function combines standard cross-entropy with the Dice loss [$$$, $$%],
which measures the overlap between predicted and target masks. The overall loss func-
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Table ’.%: Simpli#ed grouped morphological features and their detailed components.
This is a simpli#ed version of the grouping reported in Table &.$, where escarpments and
scarps are merged togheter. In this case 6 di!erent morphological classes are obtained.

Color Grouped Feature Detailed Features

Generic Escarpment Unde#ned escarpment (Sharp)
Unde#ned escarpment (Rounded)
Unde#ned escarpment (Base)
Generic erosion escarpment (Sharp)
Generic erosion escarpment (Rounded)
Generic erosion escarpment (Base)
Continental shelf escarpment (Sharp)
Continental shelf escarpment (Rounded)
Canyon/Channel escarpment (Sharp)
Canyon/Channel escarpment (Rounded)
Canyon/Channel escarpment (Base)
Minor channel escarpment (Sharp)
Minor channel escarpment (Rounded)
Minor channel escarpment (Base)
Intrachannel terrace escarpment (Edge)
Intrachannel terrace escarpment (Base)
Intrachannel step escarpment (Edge)
Intrachannel step escarpment (Base)
Fault escarpment (Rounded)
Fault escarpment (Base)
Simple landslide niche escarpment (Edge)
Simple landslide niche escarpment (Base)
Complex landslide niche escarpment (Edge)
Complex landslide niche escarpment (Base)
Intrachannel landslide niche escarpment
(Edge)

Fold Compression fold ridge (Axis)

Channel Concave-bottomed channel
V-shaped channel
Erosive gully

Sediment waves Sediment waves (Axis)

Bioconstruction Bioconstruction
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tion is given by:
Ltot = LCE + Ldice (’.%)

The Dice coe"cient cdice is de#ned as:

cdice = 1↗ Ldice. (’.&)

This coe"cient ranges from * to $ and provides an interpretable measure of segmen-
tation quality.

Training is performed for %*** epochs using the Adam optimizer, with a batch size of
$%.. The learning rate starts at *.$ and decays to 1→ 10↑5 following a cosine annealing
schedule [$$&]:

lr(t) = εmin +
1

2
(εmax ↗ εmin)

(
1 + cos

(
t

Tmax
ω

))
(’.’)

where Tmax = 1500 and εmin = 10↑5. This setup allowed the model to gradually re#ne
its learning while maintaining stability during the later stages of training.

(.$.& Post processing

In some cases, the model tends to predict small, isolated blobs that clearly do not corre-
spond to any real physical morphological structures. To address this issue, we applied
a simple cleaning algorithm to remove such artifacts. Speci#cally, the algorithm identi-
#es and removes all connected regions (blobs) composed of fewer than 400 pixels. The
cleaning process works by considering all connected non-background regions less than
400 pixels (corresponding to an area of 0.16 km2) in the predicted map and assigning
them as background. This helps improve the realism and physical consistency of the
#nal output.

(.$.( Evaluation

Standard metrics such as the Dice coe"cient and Cross-Entropy loss do not fully capture
the quality of the results in this context. One important aspect to notice is that, for the
proposed results, the Cross Entropy loss is not a good indicator of the usefulness of the
results. In fact, it represents only a proxy of the real usefulness of the proposed labeling,
since labeling by experts is itself a subjective and noisy act. Thus, obtaining a feature
that is shifted by a small amount might be immaterial (the original lines were themselves
drawn by hand), like getting a non-continuous line (the expert interpretation would be
that there should be a “connection” between two features). Hence, most of the evaluation
is still qualitative and based on discussions with experts, who are particularly interested
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Algorithm ": Bidirectional neighborhood-based complementary metric for a
single image pair
Input: Ground truth image G, reconstructed image R, neighborhood radius ϑ
Output: ScoreG↓R, ScoreR↓G, label-wise percentages

Function ComputeSuccessAndLabels(Source S, Target T):
P ↘ {(x, y) | S(x, y) > 0} ; // Non-zero pixels in source

foreach (x, y) ≃ P do
ϖ ↘ S(x, y) ;
Increment count Cω ;
De#ne neighborhood NT (x, y) = T [x↗ ϑ : x+ ϑ, y ↗ ϑ : y + ϑ] ;
if ϖ ≃ NT (x, y) then

Increment success Sω and total success counter;

foreach label ϖ do
Successω ↘ Sω/Cω

ScoreS↓T ↘ total successes/|P | return ScoreS↓T , {Successω}

Forward direction: (ScoreG↓R, ByLabelG↓R) ↘
ComputeSuccessAndLabels(G,R);

Backward direction: (ScoreR↓G, ByLabelR↓G) ↘
ComputeSuccessAndLabels(R,G);

return
{
Total: (ScoreG↓R, ScoreR↓G)

By-label: (ByLabelG↓R, ByLabelR↓G)

in the ability of the model to produce the correct “general shape” of the features, more
than some speci#c details.

Another evaluation metric employed in this study is the confusion matrix, a widely
used tool that summarizes the performance of a classi#cation model by reporting the
number of correct and incorrect predictions for each class [-)]. However, this metric is
inherently pixel-wise, and therefore it shares the same limitations discussed above: small
spatial shifts in the predicted features, discontinuities, or minor misalignments with re-
spect to the hand-drawn ground truth may result in a signi#cant number of misclassi-
#ed pixels, even though the overall shape of the feature is preserved. As a consequence,
while the confusion matrix provides useful quantitative information, it does not fully
capture the qualitative aspects that are often most relevant in expert-driven geological
interpretation.

Since the ground truth consists of lines with minimal thickness, even a correct pre-
diction shifted by a single pixel is penalized more than predicting only background. To
better re+ect the practical usefulness of the predictions, we introduce a complementary
metric, denoted as c.
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The proposed metric works as follows: given a predicted map, each point with a non-
zero label is checked for the presence of the same label within a neighborhood of radius
ϑ in the ground truth. The percentage of matched points is recorded. The process is then
repeated in the opposite direction, starting from the ground truth and verifying matches
in the prediction.

The exact algorithm for a single couple of images is described in Algorithm $. When
multiple images are considered, the coe"cients are computed by summing the number
of successful matches for each label across all images and dividing by the total number
of pixels of that label in all images. This is equivalent to taking a weighted average of
the coe"cients from each image, where the weight is given by the number of pixels of
that speci#c label present in each image.

This yields two complementary values (cgt-rec and crec-gt) that indicate the agreement
between prediction and ground truth within a tolerance radius ϑ. By de#nition, the
values of these two coe"cients range from 0 to 1, where a value of 0 indicates poor
performance and a value of 1 represents the maximum achievable performance. Higher
values therefore correspond to better agreement between predictions and ground truth,
re+ecting a more accurate and reliable model. This metric can be viewed as a relaxed
type of a pixel-wise accuracy, related only to the non-zero labels. The two directional
components of the proposed metric, cgt-rec and crec-gt, are also conceptually analogous to
recall and precision, respectively. In classical binary classi#cation, recall quanti#es how
many of the true positive elements are correctly identi#ed among all the actual positives,
while precision measures how many of the predicted positives correspond to true ones.
In our spatial formulation:

• cgt-rec acts as a geometric recall, expressing the fraction of the ground-truth pixels
(non-zero labels) that are successfully detected within a tolerance radius ϑ in the
predicted map.

• crec-gt behaves as a geometric precision, quantifying the proportion of predicted
pixels that correspond to real features in the ground truth.





Chapter #

Experiments and Results

This chapter presents the experiments carried out to evaluate the proposed framework
on di!erent classi#cation settings. Three main con#gurations are tested: a full multi-
class model, a reduced-class model with a simpli#ed grouping of features, and a binary
model that distinguishes only between background and lineaments. Each con#guration
allows us to explore di!erent aspects of the problem and to understand how class com-
plexity in+uences model performance and interpretability.

Section -.$ focuses on the main multi-class model, which includes all morphological
elements described in the Table &.$. Quantitative and qualitative results are presented,
highlighting the model’s ability to reproduce the main features identi#ed by experts and
the classes that remain more challenging.

Section -.% introduces the reduced-class and binary models. These simpli#ed con-
#gurations aim to test whether merging similar classes or focusing only on lineament
detection can lead to more stable and general results. For all con#gurations, model per-
formance is analyzed using both standard pixel-based metrics and the bidirectional met-
ric described in Chapter ’, as well as through comparisons with expert interpretations.
The chapter includes an analysis of model behavior as a function of geomorphic vari-
ables such as depth, slope, and curvature, providing insight into the conditions under
which the models perform best.

Finally, the results are critically discussed and contextualized. Section -.& examines
the main #ndings of the experiments, comparing the three model con#gurations and
highlighting how class aggregation in+uences prediction of the features and generaliza-
tion. Section -.’ outlines the main challenges encountered during training and testing,
such as data imbalance, class ambiguity, and the di"culty of distinguishing morphologi-
cally similar features. Overall, this chapter aims to evaluate the e!ectiveness, robustness,
and practical usefulness of the proposed approach across di!erent levels of classi#cation
detail.
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#." Main multi-class model

Generic Escarpment Continental Shelf Scarp Canyon Scarp
Channel Escarpment Terrace Escarpment Fault scarp
Landslide scarp Fold Channel
Sediment waves Bioconstruction

Figure -.$: Human interpretation (left) and predicted map (right) for one region of the
dataset. Black squares indicate test regions excluded from training phase.

In this section, we present the #rst results to assess whether the model can provide
meaningful seabed classi#cations and support expert interpretation.

Figure -.$ compares the human interpretation with the map reconstructed by the
model. The black squares highlight areas held out during training, used for testing. This
visual comparison illustrates the model’s ability to reproduce the main morphological
structures drawn up by experts in the domain. In general, the model performs better in
the training areas compared to the test areas, as expected. However, even in the training
set, the predicted linear features are often fragmented and not continuous, appearing as
disconnected segments. Moreover, small isolated blobs, which do not correspond to any
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Table -.$: Comparison of class frequencies in the test areas. The #rst column reports the
percentage of pixels belonging to each class in the ground truth maps, while the second
column shows the corresponding frequencies in the reconstructed maps predicted by
the model.

Color Label Ground Truth
freq. (%)

Reconstructed
map freq. (%)

Background ().-$ (-..)
Generic Escarpment %.,, ’..)
Continental Shelf Scarp *.&% *.$,
Canyon Scarp &.)* &.,%
Channel Escarpment $.%) $.’%
Terrace Escarpment *.-- *.%$
Fault scarp *.%$ *.*&
Landslide scarp -.*) (.%)
Fold *.%. *.*’
Channel &.&’ ’.$)
Sediment waves %.,( %.%’
Bioconstruction *.$( *.*$

meaningful or physical morphological elements, are also present in the training predic-
tions, indicating some degree of over#tting or noise. Interestingly, the class bioconstruc-
tion remains challenging to predict even in the training set, suggesting that this feature
does not exhibit a strong or direct relationship with the depth, slope, and curvature used
as input features. Conversely, the easiest features to predict are the linear structures as-
sociated with abrupt changes in seabed depth, which are more clearly expressed in the
available input data.

To check if the predicted label distribution aligns with the real seabed features, Ta-
ble -.$ reports the class frequencies in the test regions for both the ground truth and
the predicted map. The predicted frequencies are generally consistent with the original
expert annotations. This con#rms that the model does not collapse to predicting only
the dominant background class.

Some more detailed test examples are shown in Figure -.%, which displays three im-
ages for each window: the image on the left shows the morphological elements delin-
eated by domain experts from the MaGIC project [&] (i.e., the ground truth); the center
image shows the model’s predictions; the image on the right shows the model’s pre-
dictions after the cleaning algorithm described in section ’.%.&. It can be observed that,
although the prediction is not entirely accurate, the model preserves the overall shape
and structure of the elements. While some #ne details may be lost or slightly shifted,
the main features and general morphology remain identi#able, indicating that the model
captures the essential patterns present in the data. White pixels in the images represent
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point in which no data was recorded.

Focusing on the center and right images of Figure -.% highlights the di!erences be-
tween the raw predictions and the cleaned output. It can be observed that the raw predic-
tions sometimes include small, isolated blobs that do not correspond to any meaningful
or physically plausible morphological feature. These are likely artifacts resulting from
local misclassi#cations or noise in the model output. In contrast, the cleaned predic-
tion, obtained by applying a simple post-processing algorithm that removes connected
regions smaller than a certain pixel threshold, presents a more coherent and realistic
segmentation. By #ltering out these spurious elements, the cleaned output better aligns
with the expected morphology and improves the interpretability and usability of the
results.

To demonstrate the impact of using overlap between training windows, Figure -.&
shows the test results obtained with the model trained without overlapping windows. A
direct comparison highlights that the model trained with overlapping windows provides
superior results: more features are correctly identi#ed, and the predicted lineaments ap-
pear more continuous and less fragmented, meaning that using overlapping windows in
training helps generalization. For this reason, only the results obtained with overlapping
training windows are reported in the following sections.

In Figure -.’ the confusion matrix is shown. In this study, we computed the confu-
sion matrix after removing the background class, resulting in $$ labels. In the matrix, the
rows correspond to the ground truth labels, while the columns represent the predicted
labels, allowing for a detailed analysis of class-speci#c accuracies and misclassi#cations.
The highest confusion values occur between Fault scarp and Generic Escarpment, with
57.47% of Fault scarp pixels being incorrectly labeled as Generic Escarpment. This out-
come is expected because accurately identifying fault scarps typically requires knowl-
edge of the underlying fault system or seismic data, which are not included in the input
features. In the MaGIC seabed data, all geomorphic features with a detectable sea+oor
expression were mapped. Elongated sea+oor unevenness that could be associated with
a tectonic origin based on other datasets was interpreted as faults; however, in the ab-
sence of supporting data, these features were classi#ed as Generic Escarpments. In other
words, the Generic Escarpment label was also used for morphological features for which
no additional information was available to con#rm a fault origin.

Similarly, there are substantial misclassi#cations between Terrace Escarpment and
Canyon Scarp (47.66%), and betweenContinental Shelf Scarp and Landslide scarp (58.99%).
Classes such as Channel Escarpment and Terrace Escarpment are frequently misclassi-
#ed as Landslide Scarp, indicating that they share similar visual or morphological fea-
tures. This may suggest the di"culty the model has in distinguishing between certain
geomorphological structures and points to speci#c class pairs that could bene#t from
improved labeling or model re#nement.

On the other hand, the confusion matrix also shows good performance on several
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Generic Escarpment Continental Shelf Scarp Canyon Scarp
Channel Escarpment Terrace Escarpment Fault scarp
Landslide scarp Fold Channel
Sediment waves Bioconstruction

Figure -.%: Examples of test windows. For each row: left, expert interpretation; center,
model prediction; right, cleaned prediction.
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Generic Escarpment Continental Shelf Scarp Canyon Scarp
Channel Escarpment Terrace Escarpment Fault scarp
Landslide scarp Fold Channel
Sediment waves Bioconstruction

Figure -.&: Examples of test windows without using overlapping windows during train-
ing phase. For each row: left, expert interpretation; center, model prediction; right,
cleaned prediction.
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Figure -.’: Confusionmatrix computed at pixel level between predicted and ground truth
maps, after removing the background class. Rows correspond to the true morphological
classes, while columns indicate the predicted classes. The intensity of each cell re+ects
the number of pixels assigned to each pair of true and predicted classes, highlighting the
agreement and confusion among the di!erent morphological elements.

classes. In particular, SedimentWaves are correctly classi#edwith high accuracy (91.21%),
and the Channel class reaches 77.22% accuracy. Landslide Scarp, despite its visual sim-
ilarity to Continental Shelf Scarp, is correctly predicted 72.06% of the time. Generic
Escarpment, a potentially ambiguous class, still shows a correct classi#cation rate of
51.98%.

Figure -.- shows the pixel-by-pixel success rate of each label as a function of the three
input features: depth, slope, and curvature. To perform this analysis, we discretized each
feature into $* bins and computed the percentage of correctly predicted morphological
elements within each bin.The results indicate that the success rate increases as the value
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Generic Escarpment Continental Shelf Scarp Canyon Scarp
Channel Escarpment Terrace Escarpment Fault scarp
Landslide scarp Fold Channel
Sediment waves Bioconstruction

Figure -.-: The three panels show the pixel-by-pixel success rate of each label as a func-
tion of the three input features: bathymetric depth (left), slope (right), and curvature
(below). The curves correspond to the $$ morphological classes de#ned in the legend
below.
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Table -.%: Values of the complementary metric for each morphological element com-
puted on the predicted test windows , i.e. the center column of Figure -.%. Two coe"-
cients per element are computed, one for each direction of comparison.

Color Label cgt-rec crec-gt

Generic Escarpment *.(, *.&,
Continental Shelf Scarp *..’ *.,&
Canyon Scarp *..$ *.($
Channel Escarpment *.)$ *..*
Terrace Escarpment *.’$ *.%$
Fault scarp *.’, *..*
Landslide scarp *.), *.(,
Fold *.%% *.’,
Channel *... *.(,
Sediment waves *.)% *.(,
Bioconstruction *.%( *..)

– Mean (total) ".’( ".)*

of the slope angle becomes higher, suggesting that it is easier for the model to learn and
recognize elements where the depth of the seabed change very quickly. This observation
is also supported by the third plot, where the success rate generally increases when the
absolute value of the curvature deviates from zero, indicating that the model performs
better in areas where the seabed is not +at. Finally, we also observe that in general the
success rates tend to be lower in deeper areas.

#."." Metrics

We #rst consider the Dice coe"cient, de#ned as 1 ↗ Ldice, which ranges from * to $,
with higher values indicating better overlap between prediction and ground truth. For
the test windows, the Dice coe"cient is approximately cdice ⇐ 0.8.

However, as written in Section ’.%.’ standard metrics such as the Dice coe"cient and
Cross-Entropy loss do not re+ect the performances of the model.

Then we compute the coe"cients c described in Algorithm $. For the test windows
(500 → 500 pixels) we set ϑ = 30 pixels to account for small spatial misalignments be-
tween the predicted and ground truth features, while still requiring a reasonably close
match. The resulting scores are:

cgt-rec = 0.79, crec-gt = 0.69. (-.$)

In Table -.% and Table -.&, the coe"cients for each label are reported, computed from
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Table -.&: Values of the complementary metric for each morphological element com-
puted on the cleaned post-processed test windows of Figure -.%. Two coe"cients per
element are computed, one for each direction of comparison.

Color Label cgt-rec crec-gt

Generic Escarpment *.,. *.&(
Continental Shelf Scarp *.(’ *.(-
Canyon Scarp *.(. *.(%
Channel Escarpment *.)$ *..$
Terrace Escarpment *.&. *.%%
Fault Scarp *.’, *.((
Landslide Scarp *.)$ *.(.
Fold *.%& *..&
Channel *..- *.()
Sediment Waves *.(- *.((
Bioconstruction *.%( $.**

– Mean (total) ".*+ ".)+

the predicted test windows and from the corresponding post-processed maps, respec-
tively. As expected, the post-processing step leads to a decrease in cgt-rec and an increase
in crec-gt. This behavior is reasonable, since removing isolated blobs generally reduces
over-prediction, which in turn increases crec-gt. However, in some cases, real elements or
features close to real ones may also be removed, causing a decrease in cgt-rec. This e!ect
is particularly evident for the Continental Shelf Scarp, Fold, and Bioconstruction classes,
where the increase in crec-gt is especially pronounced.

The results highlight that some elements, such as Landslide scarp and Channel, and
Channel Escarpment have high scores in both directions, suggesting they are well de-
tected by the model. In contrast, elements like Terrace Escarpment exhibit low scores,
indicating that these are more challenging for the model to predict accurately.

Other elements, such as Generic Escarpment, Bioconstruction, and Fold, show an im-
balance between the two coe"cients. For instance, Generic Escarpments show am high
cgt-rec, indicating that where they are actually present in the ground truth, the model is
able to correctly predict them with good accuracy. However, the lower crec-gt suggests
that the model also tends to predict Generic Escarpments in areas where they are not
present, resulting in false positives. Conversely, Bioconstruction and Fold behaves in the
opposite way: the high crec-gt indicates that when the model predicts Bioconstruction, it
is indeed present in the ground truth, meaning that these predictions are reliable. How-
ever, cgt-rec has low value meaning that the model often fails to predict Bioconstruction
where it actually occurs, leading to false negatives. As already highlighted in Section -.$,
Bioconstruction appears to be particularly challenging to predict, even within the train-
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ing areas. This suggests that the current input features are insu"cient to e!ectively
capture the patterns associated with this element, and additional or alternative features
may be necessary to improve its prediction.

#.$ Simpli!ed model con!gurations

Although the main focus of this thesis is the development and evaluation of a multi-
class U-Net architecture for seabed morphology classi#cation, additional experiments
were carried out to investigate the behavior of simpli#edmodels. These experiments had
two complementary objectives. First, they aimed to assess how the framework performs
when the number of classes is reduced, thereby alleviating the strong imbalance present
in the original dataset. Second, they intended to explore the limits of generalization
by testing whether a model trained on extremely simpli#ed tasks can still capture the
essential characteristics of seabed morphologies.

The motivation for considering other models arises directly from the properties of
the dataset. As discussed in Chapter &, the annotated labels are dominated by the back-
ground class, with certain morphological categories representing less than 1% of the
total pixels. This imbalance poses a serious challenge for any DL model, which may be
biased toward predicting the majority class while ignoring underrepresented categories.
Moreover, several features, such as folds or terrace escarpments, occur rarely and are
di"cult to delineate even for expert geologists. Under these conditions, evaluating al-
ternative formulations of the problem becomes an important step toward understanding
both the strengths and limitations of the proposed approach.

Two variants were tested in addition to the main multi-class model:

• a simpli#ed classi#cation model, where several classes were grouped to reduce
sparsity and imbalance

• a binary classi#cation model, where the task was reduced to the detection of linea-
ments versus background.

The results of these experiments provide valuable insight into the role of class granu-
larity and imbalance in seabed mapping, and are discussed in the following subsections.

#.$." Reduced-class model

The #rst alternative formulation consisted of a simpli#ed classi#cation task in which the
original set of $$morphological categories was reduced to a smaller group. The decision
to merge classes was guided by two considerations: geological similarity and statistical
representation. Morphological elements that were rare and di"cult to distinguish in
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Escarpments and Scarps Fold Channel
Sediment waves Bioconstruction

Figure -.,: Examples of test windows. For each row: left, expert interpretation; center,
model prediction; right, cleaned prediction.
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practice were aggregated with related categories, producing a set of classes that were
both more balanced and easier to interpret. This speci#c grouping is shown in Table ’.%.
In this version, the #rst seven classes used in the main multi-class model (listed in Ta-
ble &.$), which include the di!erent types of escarpments and scarps, are merged into a
single class. All the other classes remain the same.

From a methodological perspective, the same U-Net architecture described in Sec-
tion ’.$ was employed, with identical preprocessing, training, and post-processing pro-
cedures. The only modi#cation was the number of output channels, corresponding to
the reduced number of classes.

Figure -., shows results of the experiment after training only on test areas. The #rst
column displays the ground truth, while the second and the third shows the prediction
of the model and the post-processed images respectively. The post-process shown in the
#gure corresponds to the cleaning procedure described in Section ’.%.& with n = 400

pixels. The overall structure of the morphological lineaments is preserved. Generic
escarpment is the most frequent and also the most detected element, while sediment
waves are very di"cult to capture.

Table -.’: Complementary metric values for each morphological element computed for
the model output and for two levels of post-processing only on test areas. The #rst pair
of columns (No cleaning) refers to the raw model predictions, while the following pairs
(Cleaning 200 px and Cleaning 400 px) correspond to the post-processed maps where
isolated blobs smaller than 200 and 400 pixels were removed, respectively.

Color Label No cleaning Cleaning (200 px) Cleaning (400 px)

cgt-rec crec-gt cgt-rec crec-gt cgt-rec crec-gt

Escarpments
and Scarps

*.)* *.)’ *..- *.)- *..% *.),

Fold *.*. *.*. *.*. *.*) *.*. *.$.
Channel *.)$ *.,) *... *.(% *..( *.(&
Sediment
Waves

*..’ *.,* *.%- *.,$ *.*. *.,*

Bioconstruction *.(. *.*& *.** *.** *.** *.**

– Mean (total) ".’’ ".’* ".*) ".’+ ".*! ".+"

The evaluation of this model revealed several remarkable trends. The performance
of the reduced-class model computed on post-processed output are measured using the
complementary metric, that for test windows are:

cgt-rec = 0.72, crec-gt = 0.90. (-.%)

as reported in Table -.’.
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This revels a great improvement in particular for crec-gt compared to Equation (-.$)
that could be interpreted as an improvement in the precision of the model, because, as
written in Section ’.%.’, it quantify the proportion of predicted pixels that correspond to
real features in the ground truth.

The complementary metrics for each classes is reported in Table -.’. Classes that had
a reasonable representation in the dataset, such as Escarpments and Scarps and Channel,
maintained strong predictive performance. Escarpments and Scarps achieves the best
overall performance, with balanced values from 0.90 and 0.94 for non-cleaned windows
to 0.82 and 0.96 for post-processed ones. The Channel class also maintains a satisfac-
tory performance (cgt↓rec = 0.87, crec↓gt = 0.73), although with some over-prediction,
as the di!erence between the two coe"cients suggests. This con#rmed that the model
was able to consistently identify these features in the test regions, although some errors
of over-prediction were still observed. By contrast, classes that remained sparse even
after aggregation, such as Fold, exhibited poor performance, with the model failing to
recognize them altogether. A peculiar case is represented by the Bioconstructions class,
which shows an evident asymmetry between the two metrics. As reported in Table -.’,
it presents a fairly good recall but very low precision (cgt↓rec = 0.78, crec↓gt = 0.03)
for the non-cleaned maps, indicating a strong over-prediction e!ect. When the cleaning
procedure is applied, both values drop to zero, meaning that the model tends to pre-
dict many small clusters of Bioconstructions that do not correspond to real features and
are therefore removed during post-processing. Bioconstructions remain one of the most
challenging classes to predict, even when the number of classes is reduced. This further
supports the idea that bathymetry is not su"cient to capture the distinctive character-
istics of Bioconstructions.

As expected, Figure -.( shows a marked reduction in cross-class confusion, becouse
of the additional grouping of the classes. In the confusion matrix of the main multi-
class model (Figure -.’), several morphological categories, in particular Terrace escarp-
ment and Channel escarpment, were often misclassi#ed as Landslide scarps or Canyon
scarps, due to their similar morphological structure. In the simpli#ed setup, this misclas-
si#cation disappears by construction, leading to a more stable and interpretable output.
Figure -.( remark the di"cult of the model to predict Fold and Bioconstruction, that as
already said in Section -.$, suggests that this feature does not exhibit a strong or direct
relationship with the depth, slope, and curvature used as input features.

The visual outcomes shown in Figure -.. and Figure -., con#rm the quantitative
trends. In Figure -.., the pixel-wise success rate as a function of depth, slope, and curva-
ture shows that accuracy peaks in areas of steep slope and high curvature—conditions
typical of escarpments and channels—while performance declines in +at and deep re-
gions. This pattern is consistent with that of the main multi-class model (Figure -.-),
but with smoother curves, indicating that the reduced-class model is less sensitive to
#ne-scale variations in morphology.
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Figure -.(: Confusion matrix computed at pixel level between predicted and ground
truth maps. Rows correspond to the true morphological classes, while columns indicate
the predicted classes. The intensity of each cell re+ects the number of pixels assigned to
each pair of true and predicted classes, highlighting the agreement and confusion among
the di!erent morphological elements
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Figure -..: The three panels show the pixel-by-pixel success rate of each label as a func-
tion of the three input features: bathymetric depth (left), slope (right), and curvature
(below). The curves correspond to the 5 morphological classes de#ned in the legend
below.
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In Figure -.,, which compares expert interpretations, model predictions, and post-
processedmaps, the reduced-classmodel successfully reproduces themainmorphological
structure of the seabed. Escarpments and channels are delineated with good continuity,
and cleaning operations e!ectively remove spurious patches. However, the loss of cat-
egorical diversity is visible: features such as Sediment Waves or Bioconstructions are
absorbed into larger classes, reducing geological detail.

Table -.-: Comparison between the complementary metric coe"cients computed from
the main multi-class model (cgt-rec-MM) and from the reduced-class one (cgt-rec-RM). The
reduced-class model groups the #rst seven classes (various Escarpments and Scarps) into
a single category.

Color Label cgt-rec-MM cgt-rec-RM

Generic Escarpment *.(, *.,’
Continental Shelf Scarp *..’ *...
Canyon Scarp *..$ *.)-
Channel Escarpment *.)$ *.)(
Terrace Escarpment *.’$ *.))
Fault Scarp *.’, *.))
Landslide Scarp *.), *.)(
Fold *.%% *.*.
Channel *... *.)$
Sediment Waves *.)% *..’
Bioconstruction *.%( *.(.

The comparison of Table -.- aims to evaluate how well the reduced-class model re-
produces the morphological elements de#ned in the main multi-class network. The #rst
coe"cient (cgt-rec-MM) measures the agreement between the ground truth and the predic-
tions of the main multi-class model itself, while the second one (cgt-rec-RM) measures the
same agreement but using the predictions of the reduced-class model instead.

By comparing these two coe"cients, it is possible to estimate how much information
is preserved after grouping the classes. If cgt-rec-RM remains close to cgt-rec-MM, it means that
the reduced-class model still captures the same morphological structures, even though it
distinguishes fewer classes. On the other hand, a large drop indicates that some spe-
ci#c details of the original classes are lost, showing where the grouping causes a real
loss of geological information. The comparison between cgt-rec-MM and cgt-rec-RM provides
insight into how the reduced-class model behaves when evaluated against the original,
more detailed ground truth. In the simpli#ed network, the #rst seven classes (various
types of Escarpments and Scarps) were grouped into a single class. As expected, these
elements generally show higher values of cgt-rec-RM compared to cgt-rec-MM, meaning that
the reduced-class model is able to detect the same morphological structures more con-
sistently, even if it no longer distinguishes between their speci#c subtypes. This sug-
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gests that the grouping process helps the network focus on broader, more stable patterns
rather than on subtle di!erences that may be ambiguous or noisy in the data. Interest-
ingly, some classes that were not part of the grouping, such as Channel and Biocon-
struction, also exhibit a small improvement. This may indicate that reducing the overall
number of classes simpli#es the learning process and allows the model to better gen-
eralize to other morphological elements, indirectly improving their detection. In short,
while the simpli#cation leads to a loss of geological speci#city, it enhances the robust-
ness and overall interpretability of the predictions, especially for large-scale mapping
applications.

When compared to the main multi-class network (Table -.%), the reduced-class model
shows improved performance for the Escarpment and various Scarp classes, while results
for the other elements remain largely unchanged. In this case, the post-processing step
can even slightly worsen the performance for some classes, likely because the reduced-
class model already tends to over-predict less. However, this improvement comes at the
cost of model speci#city: by merging multiple types of Scarps and Escarpments, the
model loses the ability to distinguish between their geological subtypes, resulting in a
coarser but more stable representation.

#.$.$ Binary classi!cation model

The second experiment reduces the problem to a binary task, distinguishing between
lineament (any morphological feature of structural or erosional origin) and background.
In this setup, all escarpments, channels, folds, and similar elements were grouped into a
single positive class, labeled as Generic Lineament. The rationale behind this experiment
is to test whether the model can still recognize the spatial organization of morphologi-
cally signi#cant features when deprived of any categorical context.

Results on test areas are shown in Figure -.). As before, the #rst column displays
the ground truth, the second one the predicted lineaments, while the third one displays
the post-processed images. As for the previous two cases, the model preserves the main
structure of the morphological lineaments, but there are no signi#cant visual improve-
ment respect to the reduced-class model of Section -.%.$.

When contrasted with themainmulti-class model of Section -.$, the di!erence is even
more pronounced. The main con#guration exhibits strong class confusion, particularly
between Channel escarpment and Landslide scarp, which are often misclassi#ed in its
confusion matrix. For the binary model, that merges all these into a single class, Fig-
ure -.$* shows that it eliminates these ambiguities but still the pixel-wise accuracy is
not that high (about 50.70). This highlight an other time that pixel-wise metric are not
very indicative of the performance of the model, as explained in Section ’.%.’.

For this reason is better to look at the complementary metric. The numerical results
are reported in Table -.,. The model achieves very high complementary metrics, with
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Generic Lineament

Figure -.): Examples of test windows for binary classi#cation models. For each row: left,
expert interpretation; center, model prediction; right, cleaned prediction.
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Figure -.$*: Confusion matrix computed at pixel level between predicted and ground
truth maps. Rows correspond to the true morphological classes, while columns indicate
the predicted classes. The intensity of each cell re+ects the number of pixels assigned to
each pair of true and predicted classes, highlighting the agreement and confusion among
the di!erent morphological elements
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Table -.,: Complementary metric values for the unique element computed for the model
output and for two levels of post-processing only on test areas. The #rst pair of columns
(No cleaning) refers to the raw model predictions, while the following pairs (Cleaning
200 px and Cleaning 400 px) correspond to the post-processedmaps where isolated blobs
smaller than 200 and 400 pixels were removed, respectively.

Color Label No cleaning Cleaning (200 px) Cleaning (400 px)

cgt-rec crec-gt cgt-rec crec-gt cgt-rec crec-gt

Generic
Lineaments

*.)* *.)- *..- *.), *..$ *.)(

cgt-rec = 0.90 and crec-gt = 0.96 on non-cleaned windows, corresponding to the highest
scores among all tested con#gurations. The extremely high crec-gt value demonstrates
that almost all predicted lineaments correspond to actual morphological features in the
ground truth, while the slightly lower cgt-rec suggests that a small portion of real linea-
ments remains undetected. Compared with the reduced-class model of Section -.%.$, this
con#guration increases both precision and recall, con#rming that removing class compe-
tition allows the network to focus solely on recognizing morphological discontinuities.
This is due in particular because to the absence of the classi#cation errors between the
various classes. In fact in this case we pay the price for a poor classi#cation among the
elements.

Table -., also shows how the complementarymetric changes after the post-processing
step. As expected, cgt-rec decreases while crec-gt tends to increase. However, the size of
these variations suggests that applying post-processing in this case is unnecessary, or
even counterproductive. This happens because the model is already accurate on its own
and does not show signi#cant over-prediction, so the cleaning step does not bring real
bene#ts.

Figure -.$$ provides a more detailed view of model behavior as a function of slope
and curvature. The pixel-wise success rate increases rapidly with slope, and decreases
smoothly as the seabed +attens. This pattern mirrors that of both the Simpli#ed and
main multi-class model but with a much steeper rise, indicating that the binary model is
more sensitive to structural discontinuities of the seabed. The same trend is observed for
curvature, where positive and negative extremes—corresponding to convex ridges and
concave channels—yield the best detection results.

As shown in Table -.(, the cgt-rec values are generally high for almost all classes,
meaning that most features present in the ground truth are correctly identi#ed when
considered as part of a single category. This con#rms that the model can successfully
recognize the general presence of morphological structures, even without distinguish-
ing between their speci#c types. The classes that originally had weaker performance in
the multi-class setup, such as Terrace Escarpment and Fault Scarp, now reach very high
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Figure -.$$: Success rate of the binary classi#cation model as a function of bathymetric
depth (top), slope (middle), and curvature (bottom). The curves con#rm that the model
performs best in areas characterized by strong gradients, such as steep slopes and re-
gions of high curvature, where morphological features are more prominent. In contrast,
prediction accuracy decreases in +at or deep areas, re+ecting the weaker expression of
lineaments in such environments.
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Table -.(: Comparison between the complementary metric coe"cients computed from
the main multi-class model (cgt-rec-MM) and from the binary one (cgt-rec-BM). The binary
model groups all the classes into a single category.

Color Label cgt-rec-MM cgt-rec-BM

Generic Escarpment *.(, *..(
Continental Shelf Scarp *..’ $.**
Canyon Scarp *..$ *.)%
Channel Escarpment *.)$ *.))
Terrace Escarpment *.’$ *.)-
Fault Scarp *.’, $.**
Landslide Scarp *.), *.)(
Fold *.%% *.((
Channel *... *.)$
Sediment Waves *.)% *.($
Bioconstruction *.%( $.**

scores, showing that their misclassi#cations were mostly due to confusion between sim-
ilar structures rather than to missing detections. Even the Channel and Bioconstruction
classes, which are quite di!erent from the escarpments, maintain good performance, in-
dicating that the binary approach captures the overall morphology of the seabed in a
consistent way.

Overall, these results suggest that the binary model provides a robust and stable rep-
resentation of the main morphological patterns, although at the cost of losing geological
detail and interpretative speci#city.

The binary formulation focuses exclusively on the presence or absence of morpho-
logical lineaments. This results in a model that produces maps that could serve as a #rst
step tool for geological interpretation. From a methodological perspective, the binary
model demonstrates that the geometric information encoded in the bathymetry, slope,
and curvature channels is su"cient to describe the essential morphological structure of
the seabed, even without class semantics. However, for geological applications requiring
a more precise elements classi#cation, the binary approach is still too rude.

#.& Discussion

In this section we have displayed the main results obtained by following the training
pipeline described in Chapter ’. Experiments cover three models con#gurations: multi-
class, reduced-class, and binary. In all these cases models preserved the main geomor-
phic structures identi#ed by experts, while showing expected di!erences in precision,
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generalization, and interpretative value.

The multi-class model (Section -.$) represents the most detailed con#guration, at-
tempting to distinguish all eleven morphological elements. As shown in Figure -.$
and Table -.$, the model successfully reproduces the general spatial organization of es-
carpments, channels, and landslide scarps, with reconstructed frequency distributions
close to those of the ground truth. The complementary metric (Table -.% and -.&) high-
lights that classes such as Channel Escarpment and Landslide Scarp reach the highest
values (up to 0.91 and 0.96 in cgt-rec), con#rming their strong geometric expression in the
input maps. Conversely, Fold and Bioconstruction perform poorly (⇒ 0.22 and ⇒ 0.27

in cgt-rec), suggesting that their morphology is not well captured by depth, slope, and
curvature alone. Post-processing improves overall interpretability, especially increasing
values of cgt. This is done by removing small spurious patches. These results are better
shown in Figure -.% where only test windows are displayed. Anyway model still does
not fully recover continuity, as linear features often remain fragmented. Despite these
limitations, the multi-class model provides valuable insight into which features are most
learnable and which remain ambiguous under the available data.

The reduced-class model (Section -.%.$) was designed to address the strong imbal-
ance of the dataset and the confusion observed between morphologically similar classes.
Grouping the #rst seven escarpment-related categories into a single class produced a
substantial stabilization of results. The complementary metrics reach cgt-rec = 0.72 and
crec-gt = 0.90 after post-processing (Equation (-.%)), indicating a signi#cant gain in geo-
metric precision (crec-gt) compared with the full model. At class level (Table -.’), Escarp-
ments and Scarps exhibit balanced high scores (0.82–0.96), while Channel maintains
satisfactory detection (0.87/0.73). The simpli#cation e!ectively eliminates cross-class
ambiguities visible in the multi-class confusion matrix (Figure -.(). As con#rmed by Ta-
ble -.-, the coe"cients of the reduced-class model (cgt-rec-RM) remain close to those of the
main network (cgt-rec-MM), and even improve for several categories—for example, Terrace
Escarpment and Fault Scarp rise from 0.41/0.46 to 0.99. Figure -.. further shows that ac-
curacy peaks at steep slopes and high curvatures, typical of escarpments and channels,
con#rming that the model captures the morphological context most e!ectively under
strong topographic gradients.

The binary model (Section -.%.%) simpli#es the task to detecting the presence of any
lineament against the background. This con#guration removes class ambiguity entirely
and produces the most stable overall pattern reconstruction. Table -.( shows that when
all features are merged into a single class, elements that previously su!ered from con-
fusion, such as Terrace Escarpment and Fault Scarp, reach very high complementary
scores. The resulting maps (Figure -.)) clearly delineate the main structural and ero-
sional lineaments, con#rming that the geometric information in the three bathymetric
derivatives is su"cient to characterize the large-scale morphology of the seabed. How-
ever, this comes at the expense of interpretative speci#city, as geological meaning is
lost once class semantics are removed. Therefore, the binary model is most useful as a
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preliminary detection stage, possibly followed by #ner classi#cation.

In summary, the results show that the proposed framework, combinedwith a tolerance-
based evaluation, helps to join quantitativemodel outputs with geological interpretation.
The comparison among the three models clearly illustrates how class granularity in+u-
ences performance and suggests that using simpler or hierarchical classi#cation schemes
can make automated seabed mapping more reliable and easier to interpret. Moreover, in
all three cases, the performance of the model are signi#cantly better in areas character-
ized by large depth variations and high curvature values.

#.( Limitations

Although the results are promising, some limitationsmust be acknowledged. A #rst limi-
tation concerns the input data. The model relies only on bathymetric derivatives—depth,
slope, and curvature—which are not always su"cient to identify every type of morpho-
logical element. For example, features such as Bioconstruction or Fold cannot be easily
recognized without additional sources of information, such as backscatter or seismic
data.

Another limitation is related to the dataset itself. The distribution of classes is very
unbalanced: the background dominates, while some classes are represented by only a
few examples. As shown in the bar plots of Chapter &, this imbalance a!ects the net-
work’s ability to learn the rarest classes, which tend to be underrepresented in the pre-
dictions. In addition, some categories—particularly Generic Escarpment—are very broad
and include a variety of morphologies. In these cases, errors may not always indicate a
real failure of the model but rather the ambiguity of the label itself.

The quality of the ground truth also plays an important role. Since the annotations
weremademanually by di!erent experts, they inevitably include a degree of subjectivity.
This variability can in+uence both training and evaluation, especially for very thin or
discontinuous features. Lastly, the patch-based approach used for training, while useful
for increasing the number of samples and keeping train and test areas separated, limits
the spatial context available to the model. Some features, such as long escarpments
or channel systems, extend beyond the boundaries of a single patch and might require
larger input windows or multi-scale analysis to be fully captured.
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Chapter )

Conclusions and Future Work

This #nal chapter summarizes the main results of this work and re+ects on their sig-
ni#cance. It discusses the results obtained from the di!erent experiments presented in
Chapter - and evaluates how e!ectively the proposed framework meets the research
objectives introduced at the beginning of the thesis. The discussion also highlights the
main strengths and weaknesses of the approach, emphasizing what has been achieved
and what remains challenging when applying machine learning to seabed morphology
mapping.

The chapter is divided into two parts. Section ,.$ reviews the main outcomes of the
study, interpreting the results in the context of marine geology and assessing the con-
tribution of the proposed framework to automated seabed mapping. Finally, the second
section ,.% highlights possible future developments aimed at improving model perfor-
mance, integrating new data sources, and extending the approach toward risk assess-
ment for geohazards and other applications.

)." Conclusions

This work explored the use of DL for the automatic classi#cation of seabed morpholog-
ical elements. The goal was to understand whether a neural network could reproduce,
at least in part, the interpretative process usually performed by geologists, using only
bathymetric data as input. To achieve this, a U-Net–based segmentation framework was
developed and applied to the high-resolution maps of the MaGIC project, which include
bathymetry and its main derivatives, i.e. slope and curvature. The model was trained on
labeled examples drawn by experts and evaluated on separate test areas to ensure that
the results were not in+uenced by overlap between training and test data.

The experiments show that the model can e!ectively reproduce many of the main
morphological structures recognized by experts. As illustrated in the comparison maps
(see Figure -.%), the predicted features are generally well aligned with the ground truth
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and capture the main shapes and spatial patterns of escarpments, channels, and other
lineaments. The model performs particularly well in regions characterized by strong
depth gradients and high curvature, where the geomorphic expression of features is
clearer and easier to detect. In contrast, in +atter or deeper zones, the predictions tend
to be less accurate, re+ecting the natural di"culty of identifying subtle morphological
elements in these conditions.

The analysis of the quantitative results, including the confusion matrix and the bidi-
rectional metric shown in Chapter -, helps clarify the model’s strengths and weaknesses.
Certain classes, such as Landslide Scarp and Channel, are detected with good reliability,
while others, such as Bioconstruction and Fold, remain challenging. These di!erences
are mostly due to the nature of the input data: some features, like folds or biological
constructions, do not have sharp topographic signatures and are di"cult to recognize
even by experts.

An important part of this work was the development of a complementary metric, de-
scribed in Algorithm $, designed to better re+ect geological reasoning. Unlike traditional
pixel-wise metrics such as Cross Entropy, this metric allows small positional di!erences
between prediction and ground truth, thus providing a more realistic measure of success
for thin and discontinuous lineaments. The experiments also included di!erent class
con#gurations. Besides the full multi-class model, reduced-class and binary versions
were tested. In the reduced-class case, morphologically similar classes were merged,
leading to more stable and balanced predictions. The binary version, which only distin-
guishes between background and lineament, con#rmed that the model can successfully
highlight structural features even in simpli#ed conditions. Finally, the analysis of model
behavior as a function of slope, curvature, and depth provided useful insights (see Fig-
ure -.-). The success rate increases with slope and curvature, showing that the network
is most e!ective in areas where the seabed presents clear and sharp variations.

Overall, the proposed method does not aim to replace expert interpretation but rather
to support it. The model o!ers consistent, reproducible results that can reduce the time
spent on manual mapping and help experts focus on validation and detailed geological
interpretation. In this sense, it represents a valuable tool for accelerating seabed analysis
while maintaining scienti#c reliability.

).$ Open Research Directions

The results obtained in this work open several directions for future research. A #rst and
natural step would be to include additional types of data in the input, such as acous-
tic backscatter or seismic re+ection pro#les. Combining these sources with bathymetry
could help the model recognize classes that are not well expressed in morphology alone.
Another important improvement would be to address the problem of class imbalance.
Techniques such as targeted data augmentation, class reweighting, or the inclusion of
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new labeled areas could help the network learn rare morphological elements more ef-
fectively.

From a methodological perspective, the evaluation process could also be re#ned. The
bidirectionalmetric introduced in this work has proved useful, but it could be extended to
include information about the continuity and orientation of lineaments, aspects that are
essential for geological interpretation. Integrating such geometry-awaremetrics directly
into the training process as a loss function could lead to better learning of morphological
patterns. Moreover, the experiments on grouped and binary con#gurations suggest that
multi-scale or hierarchical classi#cation could be a promising direction. A model could
#rst detect generic lineaments and then specialize in identifying speci#c types, reducing
confusion between similar classes.

Finally, an exciting prospect is the use of this framework for geohazard assessment.
Once the main morphological elements are automatically mapped, the model outputs
could be used to identify areas prone to instability or mass movements, supporting both
scienti#c research and o!shore risk management.

In conclusion, this thesis demonstrates that DL can e!ectively assist in the interpre-
tation of seabed morphology. While several challenges remain, the approach presented
here provides a solid foundation for the integration of arti#cial intelligence into marine
geology, paving the way for faster, more consistent, and more objective seabed mapping
in future studies.
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