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Abstract
Sea state forecasting in coastal and port areas through Artificial Neural Network

Maritime commerce is closely associated with managing port activities and their
optimisation. As naval trade grows, so do the associated criticalities. For this rea-
son, the scientific community’s commitment to this field has always been intense.
However, defining a single risk management plan for ports is not easy; criticali-
ties depend on the characteristics of the port itself and the type of traffic affecting
the port. Regarding safety, excluding the human factor, meteorological and marine
conditions are critical in many maritime accidents. In particular, wave and wind
conditions play a fundamental role in navigating ships and those moored in the
port, generating issues related to manoeuvrability and visibility. Defining nearshore
wave conditions is possible with the use of spectral numerical models. However,
these models require high computational costs that are unsuitable for now-casting
systems. For this reason, the scientific community focuses on developing wave cli-
mate prediction systems that allow for an early response to adverse events. This
involves implementing early-warning systems based on machine learning to reduce
the computational times without compromising the accuracy of predictions. In this
context, the present work aims to develop a new approach to evaluating nearshore
wave climate that can be successfully integrated into an early warning system in an
actual case. Such an approach is based on Machine Learning (ML) and Data Min-
ing (DM) techniques to analyse vast datasets encompassing conditions and coastal
morphology. The proposed methodology adopts clustering techniques to select rep-
resentative wave climate datasets and divide the study area into sub-areas with ho-
mogeneous conditions, as well as artificial neural networks and autoencoders to
gather on-shore wave climate data. The methodology was applied to the area sur-
rounding the Port of Augusta.
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Chapter 1

Introduction

1.1 Statement of the problem

Maritime transportation plays a crucial role in global trade and commerce. Around

80% of international trade relies on sea transport, making it the primary transit of

goods by volume, connecting producers and consumers across continents (UNC-

TAD, 2023). Maritime transport is in a perpetual state of evolution, shaped by var-

ious factors, including global economic conditions, geopolitical shifts, technologi-

cal advancements, and environmental concerns. Notably, its upward trajectory was

brie�y halted by the unprecedented disruptions brought about by the COVID-19

pandemic in 2020 (UNCTAD, 2022).

The intensity of maritime transport can affect the occurrence of marine accidents.

As naval activity increases in a given area, so does traf�c density, raising the risk of

accidents, including vessel collisions, which are the majority of all types of ship ac-

cidents (Debnath et al., 2011). Navigating through congested areas presents height-

ened complexities, amplifying the potential for human error (Bellsolà Olba et al.,

2020). These navigational complexities are accentuated by intensi�ed maritime ac-

tivity due to the expansion of global �eet (Perera and Soares, 2017), especially within

bustling shipping lanes, narrow waterways, and regions characterised by intricate

navigational routes, where the manoeuvring becomes more complex as well. More-

over, there is a trend toward larger vessels traversing ports (Tchang, 2020), which

exacerbates the challenge due to reduced manoeuvring capabilities, particularly in

ports constrained by physical barriers or narrow basins. Port infrastructures and ca-

pacity are also under pressure from the intensity of maritime transport. Inadequate

port facilities, such as limited berthing space or insuf�cient handling equipment,

can result in congestion and delays, potentially leading to accidents during port op-

erations involving collisions or contact with port structures. Notably, speci�c busy

ports witness an exceptionally high volume of traf�c movements, with some accom-

modating up to 2000 transits per day, a �gure expected to rise steadily (Yip, 2008).

The surge in accidents has prompted the scienti�c community to delve into

the risks inherent in maritime operations, raising questions about the paradox

of maintaining low safety standards within a cost-effective transportation system
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(Kristiansen, 2013). Consequently, there has been a notable uptick in interest regard-

ing risk analysis methods for maritime transport, with international organisations

committing to offering recommendations on adopting speci�c risk analysis and

management tools (IMO, 2018). Efforts to manage and mitigate such risks encom-

pass several strategies. These include advancing navigation technologies, enhancing

communication systems, and improving traf�c management practices. Regulatory

bodies and industry organisations collaborate to promote safe practices, enforce

regulations, and raise awareness, all to minimise accidents and ensure the safe

and sustainable operation of maritime transport. However, the risk of collision in

maritime transportation can arise from many hazards, including adverse weather,

natural disasters, human error, and uncharted waterways. These threats threaten

ships, cargo, marine personnel, passengers, and the environment. In particular, hu-

man error is one of the most prevalent causes of maritime mishaps, often stemming

from mistakes made by captains or crew members in navigation, communication,

or vessel handling (Sánchez-Beaskoetxea et al., 2021). Additionally, equipment fail-

ure presents another signi�cant risk factor, such as engine malfunctions or steering

system breakdowns leading to accidents. Weather conditions further compound

the challenges of maritime operations, particularly in adverse environments like

rough seas or storms. Such conditions impose considerable obstacles to vessel

navigation and control, precipitating accidents such as collisions, grounding, or

capsizing (Zhou et al., 2020). Moreover, natural disasters like hurricanes, typhoons,

or tsunamis can in�ict severe damage on vessels, escalating the likelihood of ac-

cidents. Additionally, ports exhibit diverse physical and logistical characteristics,

such as varying shapes and sizes of manoeuvrer basins, traf�c density, bathymetry,

physical processes, and prevailing met-ocean conditions.

Based on this, given the diversity or absence of available accident databases and

the factors mentioned above, the safety science community has been spurred to de-

velop sophisticated tools for evaluating collision risks. Consequently, the current

literature on maritime risk assessment is experiencing rapid expansion, with numer-

ous new methodologies emerging annually (Marino et al., 2023c). However, these

methodologies display considerable variations in required input information, con-

ceptual framework, mathematical models, applicability, scienti�c rigour, and tools

for uncertainty evaluation. Hence, selecting the appropriate method for a given sce-

nario is pivotal for achieving accurate risk assessment and implementing effective

mitigation measures.

In this context, understanding and anticipating weather and sea climate across a

wide area is paramount for safe navigation and ef�cient operations. This compre-

hension becomes even more critical in nearshore areas, such as ports, where complex

interactions between waves, currents, and coastal morphology can signi�cantly im-

pact vessel manoeuvrability and safety. The present work aims to develop a new

approach to evaluating nearshore wave climate that can be successfully integrated

into an early warning system. The study focuses on Machine Learning (ML) and
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Data Mining (DM) techniques to analyse vast datasets encompassing conditions and

coastal morphology. This research seeks to extract valuable insights from hetero-

geneous data sources by integrating ML algorithms with DM approaches. These

insights can then be utilised to predict and mitigate potential risks associated with

wave dynamics in port areas. By identifying patterns and correlations within histor-

ical data, the system can generate early warnings for adverse conditions, enabling

port authorities and vessel operators to make informed decisions and take proactive

measures to ensure safety. Moreover, utilising ML and DM technologies allows for

the development of adaptive models capable of continuously learning and evolving.

As new data becomes available and coastal environments change, these models can

adjust and re�ne their predictions, thereby improving the accuracy and reliability of

the early-warning system over time.

1.2 Objectives

The main objective of the present thesis is to de�ne a model to forecast nearshore

wave characteristics. This model will minimise the risk of accidents and optimise

port operations in dynamic environmental conditions.

In particular, as delineated in Section 1.1, ML and DM techniques, such as Arti�-

cial Neural Networks (ANNs) and clustering algorithms, play pivotal roles in craft-

ing a novel approach capable of de�ning a dynamic forecasting system for meto-

cean conditions within harbour domains. This endeavour is integral to an integrated

framework to ensure safe navigation under actual morphological conditions.

The following speci�c objectives have been outlined for this study:

1. Utilise selection algorithms to identify sub-datasets suitable for input data.

The volume of previously analysed information necessitated signi�cant mem-

ory resources. DM techniques are essential to manage such extensive datasets.

Within this framework, a selection algorithm is employed to substitute all ex-

isting data with a limited number of representative sea states, subsequently

propagated to shallow water areas.

2. Employ clustering algorithms to partition the entire case study area into sub-

areas. A signi�cant portion of data is collected in arbitrary formats and clas-

si�cations, rendering them dif�cult to analyse, especially when the properties

of the data items are unidenti�ed. In this context, another objective of data

mining is to extract valuable information from acquired data. Cluster analysis

serves as a tool within DM to effectively organise unlabelled data, facilitating

the extraction of useful insights.

3. Apply ANNs to each sub-area to forecast wave climate. Physics-based wave

models strive to employ fundamental physical variables to derive precise

equations that emulate wave propagation behaviour. These models then
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utilise numerical techniques to forecast the progression of wave climate. How-

ever, such models often incur signi�cant computational costs, making them

unsuitable for real-time forecasting and now-casting systems. ANNs offer a

viable solution to circumvent this limitation.

1.3 Methodology

A practical methodology for supporting the navigation in port areas has been de-

�ned by achieving the speci�c objectives described in Section 1.2.

The methodology to establish a database of potential scenarios is based on an

analysis of wind and wave characteristics for the port of Augusta, one of the most

important ports in Italy. In the absence of direct measurements, such information

was obtained from the datasets of both the European Centre for Medium-Range

Weather Forecasts (ECMWF) and the Copernicus Marine Environment Monitoring

Service (CMEMS). Wind data were obtained from the ECMWF, while wave data

from the CMEMS. An analysis of these datasets led to the de�nition of a probable

offshore database, which was obtained using the spectral numerical model Simulat-

ing WAves Nearshore (SWAN) (Booij et al., 1999).

Regarding identifying sub-datasets suitable for the input data of clustering algo-

rithms and ANNs, a selection process is carried out by extracting various subsets

of wave characteristics representative of available sea conditions from the databases

of ECMWF and CMEMS. Similarly, in the realm of computer-based techniques for

selecting structurally diverse compounds from chemical databases, a dissimilarity-

based approach has been recommended to identify a subset containing the most dis-

similar data in a given database (Snarey et al., 1997). The Maximum-Dissimilarity

Algorithm (MDA), a subclass of these selection techniques, is utilised to select dif-

ferent subsets that are evenly distributed across the data space, with some points

chosen at the outline of the space. Consequently, MDA is integrated into the pro-

posed methodology to transfer wave climate characteristics from deep to shallow

water environments.

Once the sea state scenarios had been reconstructed, the next step involved a def-

inition of sub-areas with analogous physical attributes. Initially, this partition relied

on the expertise of specialists in the �eld, who employed their knowledge to cluster

regions based on relevant features and criteria. Subsequently, to further re�ne and

objectively identify these sub-areas, the K-means clustering algorithm was applied

(MacQueen, 1967). This algorithm systematically grouped similar regions based on

mathematical principles, offering a structured and data-driven approach to delineat-

ing coastal zones with comparable characteristics. A comprehensive understanding

of the varied physical attributes of the sea conditions was achieved through this

combined approach of expert clustering and algorithmic analysis.
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ANNs were employed for each identi�ed sub-area. Speci�cally, two distinct fam-

ilies of neural networks were developed for this purpose. The �rst type, the Feed-

Forward Multilayer perceptron Neural Network (FFNN), the most commonly used

ANN model, was trained to forecast the wave climate for speci�c points within the

sub-areas. These points were chosen to represent each cluster, enabling accurate pre-

dictions for individual locations within the identi�ed regions. In contrast, a different

approach was taken with the second type of neural network: Autoencoders. These

networks were utilised to forecast the wave climate not only for speci�c points but

for the entire cluster as a whole. Autoencoders are a speci�c type of neural network

architecture adept at learning ef�cient representations of input data. In particular,

two evaluations were made; the �rst involved the application of autoencoders to

the macro-areas found with the manual clustering; the second consisted of applying

the methodology to the clusters obtained with the K-means. By leveraging autoen-

coders, the aim was to provide forecasts encompassing the broader characteristics

and trends of the wave climate within each cluster rather than focusing solely on

individual points. This approach allowed for a more comprehensive understanding

and prediction of the wave climate patterns across the identi�ed sub-areas.

1.4 Limits

The present work is affected by some limits, speci�c for each objective described

in Section 1.2, whose effects on the validity of the obtained results have been min-

imised.

Regarding creating a database of potential scenarios, the absence of direct mea-

surement data should be noted. In Italy, there is a lack of a long time series of

high-quality met-ocean data. Indeed, the Italian National Sea Wave Measurement

Network (RON – Rete Ondametrica Nazionale), which represented one of the most

advanced systems for the monitoring of the offshore wave climate, was cast off, and

now wave monitoring is performed only by some of the Italian Regions without

following a national standard. For this reason, this limitation has been overcome

in the present work by using longer modelled time series. Reanalyses of global

waves are generally good at characterising the open ocean, but they typically fall

short along the coast, frequently because of resolution issues. The representation of

coastal winds and wave dynamics, including bottom friction, wave breaking, island

shadowing, and fetch length, is impacted by this lack of precision (Law-Chune et

al., 2021). Additionally, the SWAN model is not designed to accurately account for

diffraction in harbours or in the presence of re�ective obstacles. However, it remains

applicable across various scales relevant to wind-generated surface gravity waves.

The port of Augusta is characterised by a signi�cant fetch within its harbour area,

coupled with the in�uence of local winds. This combination can result in notable

waves within the harbour, posing additional challenges for ship manoeuvring and

mooring.
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Clustering analysis has its limitations. One major drawback is its dependence on

expert domain knowledge to interpret the results, especially when labelled data or

alternative methods for deriving meaning from the resulting groups are lacking. An-

other limitation concerns the determination of the number of clusters. While certain

clustering algorithms necessitate the researcher to specify this number as a model in-

put, others have hyper-parameters that impact the resulting number of clusters. Al-

though cluster validation techniques exist to assist in determining the optimal num-

ber of clusters, their reliability is not always assured (Milligan and Cooper, 1985).

Speci�cally, K-means clustering presents some drawbacks (Garcia-Dias et al., 2020):

• Generation of clusters, even when no distinct groups exist in the data dis-

tribution. This characteristic should not be viewed as a drawback but rather

as an inherent feature of the method that requires careful consideration. For

instance, K-means will successfully identify two clusters in a uniform distri-

bution of observations. However, interpreting this division as evidence of two

well-de�ned groups within the distribution would be incorrect.

• De�nition of number of clusters. It is a common requirement in many other

clustering algorithms, as previously discussed.

• De�nition of distance metric. K-means may struggle when dealing with non-

linearly separable data, as it often relies on Euclidean distance as the similarity

criterion, resulting in linear decision boundaries. However, applying alterna-

tive similarity criteria or pre-transforming the data to be linearly separable can

improve its performance in such cases.

• It does not guarantee convergence to global minima. It may converge to local

minima. To mitigate this problem, the clustering process can be repeated mul-

tiple times, and the outputs can be compared. Despite this potential issue, K-

means' computational ef�ciency often makes it preferable to run the algorithm

numerous times rather than using other algorithms that ensure convergence to

global minima.

• It may not perform well when clusters have different scales, shapes, or an

imbalanced number of observations. In such scenarios, the algorithm may

incorrectly split or merge clusters.

Regarding the ANNs, one main limitation is their struggle with generalisation.

While they can produce impressive results through interpolation with ample and

high-quality training data, their performance tends to falter when it comes to ex-

trapolation (Abu-Mostafa et al., 2012). All ML models face the dilemma of striking

the right balance between approximation and generalisation. Over�tting, where the

model overly tailors itself to the training data, and under�tting, where it fails to cap-

ture essential patterns, are common pitfalls. Moreover, ANNs are highly dependent

on data, particularly labelled data, for effective learning (Tsimenidis, 2020). They
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are black boxes that focus on detecting quantitative relationships among numerical

inputs and making decisions without providing explanations.

A general limitation of the present work is that only a case study has been con-

sidered. Each port has its own physical and logistical characteristics, i.e., shape and

size of the manoeuvre basin, traf�c density, bathymetry, physical processes, preva-

lent met-ocean conditions, etc. Further studies could consider different case studies.

Despite the limitations mentioned above, this work still provides a useful con-

tribution to the de�nition of methods and tools for designing a model capable of

forecasting wave conditions.

1.5 Phases of the work

In Chapter 2, a general framework for navigation safety is provided. In particular,

accidents in port areas are analysed to de�ne a list of the main critical parameters

and causal factors that occur during accidents. Moreover, an overview of the clas-

si�cation of maritime risk assessment methods and the de�nition of risk itself is

presented. Finally, a summary of the legislation in force at the national and interna-

tional levels is reported.

Chapter 3 presents an overview of Data Mining. After a brief introduction, the

chapter introduces the challenges that data mining techniques have to deal with.

Lastly, the implementation of a selection algorithm and a clustering algorithm is

presented in this work.

Chapter 4 presents an overview of Arti�cial Neural Networks. After a brief in-

troduction, the chapter introduces the theoretical basis of the networks, with a de-

scription of the different types, focusing on Autoencoders. Lastly, a literature review

of Arti�cial Neural Networks' state of the art in Ocean Engineering focuses on fore-

casting wave heights, water levels, tides and extreme waves.

Chapter 5 presents the emblematic case study of the port of Augusta. In this

chapter, the sheltered area is described and the navigation rules inside the port area

are presented. Moreover, an overview of the maritime traf�c and accident reports

inside the port is carried out.

Chapter 6 presents the preliminary results of the methodology for assessing the

K-means algorithm to evaluate nearshore wave conditions.

Chapter 7 describes a novel approach to forecast the wave climate in large areas

using Data Mining and Machine Learning techniques, in particular through the use

of Autoencoders. The results of applying such an approach to Augusta's case study

are also presented.

Finally, Chapter 8 presents the conclusions of the work and discusses some sug-

gestions for future investigations.
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Chapter 2

Safety of Maritime Navigation

2.1 Overview

In the last 15 years, the number of vessels in the world �eet has grown by around

53%, and their gross tonnage has increased by 47%, with a consequent signi�cant

increment of marine accidents worldwide (Marino et al., 2023a). The progressive

increment of maritime traf�c has determined constantly growing pressures on port

spaces, resulting in reduced manoeuvrability and a higher probability of close en-

counters or accidents. Such an increase in accidents led the scienti�c community to

focus on the risks of maritime operations. Current literature on maritime risk as-

sessment is thriving at an unprecedented pace, with numerous new methodologies

being developed every year (Marino et al., 2023c). Nevertheless, they vary widely

in terms of required input information, concepts, mathematical models, �elds of

application, scienti�c soundness, and uncertainty evaluation tools. The key to any

successful risk analysis also passes through the choice of the proper method for the

examined situation, which in�uences the accuracy of risk evaluation and the effec-

tiveness of mitigation measures.

In this sense, this chapter provides a comprehensive picture of the state of the art

in maritime navigation safety to contextualise the ever-growing need for ef�cient

systems for forecasting sea states. Data analysis on maritime accidents in port areas

is presented, followed by a list of the main critical parameters and causal factors

that emerge during accidents. Moreover, an introduction to the de�nition of risk is

made, and a classi�cation of maritime risk assessment methods is described. Lastly,

an overview of the legislation in force at the national and international levels is re-

ported.

2.2 De�nition of risk

In risk assessment, there is no univocal de�nition of risk. This concept has evolved

into very different designations depending on risk perspective, risk perceiver, and

area of application. The Society for Risk Analysis de�nes “risk” as “the potential

for the realisation of unwanted and negative consequences to human life, health,

property or the environment”. According to the de�nition of IMO, the risk is the
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result of the combination of frequencies of occurrence and the related severity of the

consequences, with the frequencies traditionally de�ned by means of probability. A

quantitative de�nition of risk relating to an undesirable event E, and widely used in

the maritime sector is the one formulated by Ayyub (2003):

E = probability(E) � consequences(E) (2.1)

Probability-based methods to assess risk are generally preferred as they pro-

vide quantitative and exhaustive results for risk evaluation and mitigation in com-

bination with estimating its consequences (Chen et al., 2019). A widely applied

probabilistic-risk de�nition framework is the one proposed by Fujii and Shiobara

(1971) for the risk of collision, which is:

Pcollision = Pgeometric� Pcausation (2.2)

According to Equation 2.2, the collision probability is divided into two terms:

the number of collision candidates, also known as geometric probability Pgeometric,

which is related to strictly geometrical aspects of the encounter; and the causation

probability Pcausation, which includes components related to technical faults, failures,

human reliability etc.

2.3 Accidents in port areas

Accident databases are essential for risk assessment methods to help decision-

makers enact strategies and undergo hazard and vulnerability mitigation measures.

Understanding ship accident distribution in terms of gross tonnage (GT), the typ-

ical age of the affected vessels, the category of the ships, and the distribution of

underlying causes and consequences is the �rst necessary step to improve accident

mitigation strategies.

The collection and analysis of ship accident data allow the identi�cation of pat-

terns and trends that can be used to develop strategies for reducing the frequency

and severity of these accidents. In such an ever-changing scenario, up-to-date

database analyses are paramount to tracking progress over time and evaluating the

effectiveness of risk mitigation measures. Identifying the type of ships or routes

that are more likely to experience collisions or that certain types of accidents are

more common than others is important as it allows us to identify criticalities and

opportunities for improvement.

To this aim, an analysis of a database of vessel accidents in port areas is pre-

sented. It was created starting from two databases: Seasearcher (2022), which

recorded 79,592 vessel accidents between 1967 and the Second Quarter (Q2) of 2021

and IHS (2022), which recorded 23,897 vessel accidents between 1990 and Q2 of

2021. These two databases were compared considering the International Maritime

Organization (IMO) identi�cation number, accident date and location (at sea or
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port) to create a uni�ed database with consistent data. In the event of common

accidents found within the system (meaning �ndings with the same IMO number

and the same accident date), the location was compared. If the two locations in the

databases did not match, the accident was not included in the uni�ed database for

analysis. The �nal database comprises 13,846 accidents worldwide, of which 2,799

occurred in port areas and 634 in Mediterranean port areas (Marino et al., 2023b).

The marine accidents were classi�ed based on the following accident character-

istics:

• Gross Tonnage (GT): the accidents were divided into 7 GT classes, namely:

– 0 – 500 GT;

– 501 – 5.000 GT;

– 5.001 – 10.000 GT;

– 10.001 – 20.000 GT;

– 20.001 – 50.000 GT;

– 50.001 -100.000 GT;

– Above 100.001 GT.

• Age: the accidents were divided into 7 classes according to the age of the ves-

sel, namely:

– 0 – 5 years;

– 6 - 10 years;

– 11- 15 years;

– 16 – 20 years;

– 21 – 25 years;

– 26 – 30 years;

– Above 31 years.

• Ship Category: the accidents were divided according to the main ship cate-

gories (general cargo, bulk carrier, containership, tanker, Roll-on/roll-off pas-

senger, Roll-on/roll-off, cruise ship and others).

• Causes: the accidents were divided according to the causality type (collision,

contact, �re explosion, machinery damage/failure, Wrecked/stranded, mis-

cellaneous, hull damage and foundered) as reported in the accident database.

• Marine weather conditions: Marine conditions at the time of the accident have

been reported. The accidents were divided into 5 weather condition classes,

namely:

– Heavy weather;



12 Chapter 2. Safety of Maritime Navigation

– Good visibility and good weather;

– Fog/Mist/Poor visibility;

– Freezing Conditions;

– Hurricane.

• Consequences:

– Accidents that have consequences for human life, and especially cases

that reported:

* Fatalities;

* Injuries;

* Lost at sea.

– Loss of ship and/or cargo.

The results obtained with the segmentations reported above are reported in Ta-

bles 2.1 to 2.6.

TABLE 2.1 Distribution of incidents in port areas by gross tonnage

GT Mediterranean Worldwide

0 - 500 0,0% 0%

500 – 5.000 39,6% 28,7%

5.000 – 10.000 13,6% 15,4%

10.000 – 20.000 14,2% 16,1%

20.000 – 50.000 23,0% 26,9%

50.000 – 100.000 7,3% 10,3%

100.000 + 2,4% 2,6%

Average 19.891 23.670

Median 8.337 13.239

Standard deviation 27.885 28.810

TABLE 2.2 Distribution of accidents in port areas by the age of the ship at the time of the
accidents.

Vessel's age Mediterranean Worldwide

0 - 5 16,9% 23,4%

5 - 10 16,6% 20,0%

10 - 15 13,6% 16,3%

15 - 20 15,5% 14,3%

20 - 25 15,5% 12,7%

25 - 30 13,9% 8,7%

30 + 7,9% 4,5%

Average 16 14

Median 16 13

Standard deviation 9,9 9
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TABLE 2.3 Distribution of accidents in port areas by ship's category.

Ship's category Mediterranean Worldwide

General Cargo 26,7% 23%

Passenger ro/ro 24,4% 13%

Fully cellular containership 12,0% 15%

Tanker 10,4% 14%

Bulk Carrier 10,1% 18%

Roll On Roll Off 6,5% 8%

Cruise Ship 5,0% 3%

Other 4,9% 5%

TABLE 2.4 Distribution of accidents in port areas by causality event.

Causality event Mediterranean Worldwide

Collision 37,2% 31,2%

Contact 25,2% 29,3%

Fire/explosion 12,8% 12,2%

Machinery damage/failure 8,8% 9,4%

Wrecked/stranded 8,7% 9,3%

Miscellaneous 4,6% 5,3%

Hull damage 1,6% 3,3%

Foundered 1,1% 0,8%

TABLE 2.5 Distribution of accidents in port areas by weather conditions.

Weather conditions Mediterranean Worldwide

Unknown/Not Reported weather conditions 74,9% 76,9%

Heavy Weather 19,1% 14,5%

Good visibility and Good Weather 5,7% 6,3%

Fog/Mist/Poor Visibility 0,3% 1,5%

Hurricane Etc. 0% 0,6%

Freezing Conditions 0% 0,2%
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TABLE 2.6 Number of fatalities, injured and lost at sea caused by accidents in the port areas.

Mediterranean Worldwide

Fatalities

Accidents without fatalities 2753 619

Accidents with at least one fatality 46 15

Accidents with more than two fatalities 24 6

Maximum number of fatalities for a single accident 10 4

Total number of fatalities 108 24

Injured

Accidents without injured 2745 614

Accidents with at least one injured 54 20

Accidents with more than three injured 28 12

Maximum number of injured for one accident 55 55

Total number of injured 337 131

Lost at sea

Accidents without lost at sea 2795 633

Accidents with at least one lost at sea 4 1

Accidents with more than three lost at sea 2 1

Maximum number of lost at sea for one accident 15 3

Total number of lost at sea 22 3

Accidents with human life consequences 31 95

The tables show that the leading causes of accidents in the port areas regard colli-

sions between two different vessels, which cause 31% accidents worldwide and 37%

in the Mediterranean area. Details about the weather conditions for most accidents

in the database are unknown. Still, heavy weather conditions are a signi�cant cause

of accidents in the port area when weather conditions are speci�ed. The accidents

have more or less severe consequences and may have implications on human life and

the total or partial loss of cargo or the vessel itself. Worldwide, 3% of the accidents

had consequences on human life, while in Mediterranean ports, this value increases,

with 5% of the accidents having consequences on human life. For worldwide and

Mediterranean analysis, 2% of the accidents have reported a loss of cargo or the en-

tire ship. The vessel segment that reported the most accidents is the General Cargo,

both worldwide and in the Mediterranean, followed by the Passenger Ro/Ro vessels

in the Mediterranean area and Bulk carriers worldwide because General cargo and

Bulk carrier vessels constitute the most signi�cant portion of the worldwide �eet.

The range of the age of the vessel at the time of the accident that reported more acci-

dents is between 0–10 years for both the worldwide and the Mediterranean analysis.

The ships with a gross tonnage between 500 and 5,000 GT are more involved in port

accidents due to the large number of worldwide vessels in this category.

2.4 Classi�cation of maritime risk assessment methods

According to Ozbas and Altiok (2012), risk analysis methodologies on maritime sys-

tems can be classi�ed into two groups: (i) quantitative assessment of undesirable

events based on reliability analysis, modelling engineering tools or statistical data

analysis; (ii) qualitative assessment, using expert or non-expert judgment.
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Quantitative assessments aim to identify an objective and quanti�able value for

determining the system components that contribute to risk. Although they are nu-

merous in the literature, their application is weakened by two main issues. First,

data on port operations accidents are often incomplete, unavailable, or do not exist

at all. In addition, seaport conditions are constantly evolving due to changing traf�c

patterns, �eets, and various environmental conditions. Data that might have been

relevant to adopt may not be as the port asset changes in the meantime. Second, acci-

dents that occur with greater probability generate nearly insigni�cant consequences.

On the contrary, severe accidents are rarer, and quantitative data, even when system-

atically recovered, are often too limited to obtain robust quantitative (e.g. statistical)

analyses. Therefore, qualitative methods are critical in cases where data availability

is limited (Apostolakis, 1990).

According to Goerlandt and Montewka (2015), three different approaches to the

analysis of maritime risk can be distinguished: realistic, constructivist, and procedu-

ralist approaches. Risk realists generally view risk as a physical attribute of the sys-

tem that objective facts can de�ne and, therefore, control, and predict. These meth-

ods use quantitative information related to events and their relative consequences.

On the other hand, risk constructivists generally consider risk a social construct at-

tributed by risk perceivers to a technology or a system rather than a physical part

of it. Under this assumption, risk analysis depicts the mental/social construct of a

group of assessors, who can be experts and/or non-experts. Finally, risk procedu-

ralists lie halfway: risk is characterised by an integrated understanding of the whole

system, balancing objective facts and perceived values, and using both quantitative

and qualitative data sources.

These three views are further subdivided in the following approaches, which are

schematised in the following:

(i) Strong Realist risk is factual and exists as an objective feature of the system.

Therefore, risk analysis represents an estimation of a quanti�able physical at-

tribute. The evaluation is based exclusively on data collected from the system

or derived from engineering models; the judgment of assessors, experts and

non-experts, is not considered. In this case, data regarding the uncertainty of

the assessment is not provided. Stakeholders are generally not involved in the

evaluation process.

(ii) Moderate Realist . Analogous to the strong realistic approach, it is largely

based on quantitative data and engineering models. Assessors' judgment is

considered; however, non-experts are excluded and are generally used as com-

pletion data. Uncertainty of evidence is not excluded.

(iii) Moderate Realist with Uncertainty assessment . Similar to the moderate

realist approach, it provides uncertainty assessments of results.
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(iv) Scienti�c Proceduralist It is based both on system quantitative data

and/or engineering models and on the judgment of assessors (both experts

and non-experts).

(v) Moderately Constructivist . Risk is a mental construct and risk analysis

is described by its features as experienced by risk perceivers. It is based on

both quantitative data and expert judgment. Risk assessment uncertainty is

not evaluated and stakeholders are not involved in the evaluation process.

(vi) Precautionary Constructivist . Similar to moderate constructivism, al-

though the separation between facts and non-epistemic values is considered

relevant.

(vii) Constructivist . Similar to the moderate constructivist, evidence uncer-

tainty may be considered.

(viii) Strong Constructivist . Risk is analysed as a mental construct which in-

volves primarily perceptive attributes. It is mainly based on the judgment of

non-expert people, who the judgment of experts can inform. Uncertainty of

evidence values may be considered.

Chen et al. (2019) developed a classi�cation structure based on modelling as-

pects and parameters used to quantify risk. The categorisation focuses on both the

technical features of the methods and the stakeholders to which they are speci�cally

addressed.

(i) Synthetic Indicators . They describe geometric risk probability by simple di-

mensional parameters, including Closest-Point of Approach, Distance to CPA,

Time to CPA, etc.

(ii) Safe Boundary Approach . These methods evaluate collision risk based on

the superposition of ship domain and collision diameters

(iii) Velocity-based Approach . Distances and velocities of collision candidates

are presented in a velocity space and corresponding patch shadow area of the

possible routes and consequent potential impact areas.

(iv) Statistical Analysis Approach . Probabilistic analysis is based on a time

series of accident datasets to investigate human and non-human factors in risk

collision.

(v) Fault Tree Analysis . Inferential analysis of failure reports based on a de-

ductive process using simple binary Boolean logic operators

(vi) Bayesian Approach . Complex inference network with conditional prob-

ability operators to model multi-state causation relationships between con-

tributing factors
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The study of Marino et al. (2023c) showed that most available approaches classify

as Strong Realists, with less than 30% of the considered methods falling into the Pro-

ceduralist or Constructivist categories. This trend con�rms what has been observed

by Ozturk and Cicek (2019), with a reported 70% of realist methodologies from 1995

to 2017. Qualitative methodologies remain the minority in the maritime collision

risk assessment panorama to the present day. In order to cope with the scarcity

of quantitative data, a possible solution could be using traf�c con�icts (otherwise

called near-misses) instead of actual collision datasets (Debnath et al., 2011). How-

ever, although such a framework would be preferable on an ethical basis as it does

not act reactively to the occurrence of accidents, traf�c con�icts are often not cen-

sused in many ports and waterways, or they are classi�ed following very different

distance or safe-boundary standards. On that note, data augmentation or synthetic

data generation techniques could be an alternative to amplify scarce datasets.

2.5 National and International legislation

The regulatory landscape concerning navigation safety in port areas necessitates

greater cohesion and uniformity at international and national levels. This need arises

primarily from the diverse nature of port environments, making it challenging to

devise a standardised risk management plan and the ongoing regulatory updates

prompted by new incidents that expose critical issues and legal boundaries previ-

ously unrecognised. Internationally, the analysis of navigation safety is primarily

governed by two fundamental conventions: the Convention on the Safety of Life at

Sea (SOLAS 1974/78 and subsequent amendments) and the Convention on the Pre-

vention of Marine Pollution from Ships (MARPOL 1973/78 and subsequent amend-

ments) (Miccichè, 2006). These conventions, particularly SOLAS, address ship con-

struction, structural integrity, stability, �re resistance, and impose additional obli-

gations concerning speci�c instruments and documents, playing a crucial role in

ensuring navigation safety. Both SOLAS and MARPOL have undergone updates

through IMO Conferences over the years. Notably, SOLAS was amended in 2002

to mandate the installation of an Automatic Identi�cation System (AIS) for ships

with a deadweight capacity of 300 tonnes or more. The International Ship and Port

Facility Security Code (ISPSC) was introduced, requiring vessels to prominently dis-

play identi�cation numbers and maintain a Continuous Synopsis Record for interna-

tional voyages, ensuring data archiving within the ISPSC. These updates contribute

to establishing an international regulatory framework facilitating coordination be-

tween ships and port facilities to prevent security threats in the maritime transport

sector.

At the national level, there was a notable emphasis on adhering to the MAR-

POL Convention, evidenced by the enactment of Law No. 51 of March 7, 2001, titled

"Provisions for the prevention of pollution from maritime transport of hydrocarbons

and for the control of maritime traf�c" (Gazzetta Uf�ciale, 2001a) and Law No. 88
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of March 16, 2001, titled "New provisions regarding investments by maritime com-

panies" (Gazzetta Uf�ciale, 2001b). These laws aim to incentivise the circulation of

tankers with minimal environmental impact and ensure they are equipped with the

highest safety standards. A signi�cant portion of national legislation is dedicated

to onboard safety concerns, establishing regulations regarding safety standards that

ships must adhere to. For instance, Law No. 616 of June 5, 1962, titled "Safety of

navigation and human life at sea" (Gazzetta Uf�ciale, 1962), outlines the necessary

documentation for compliance with safety standards and delineates measures to be

taken in the absence of such documentation. Most recently issued are decrees of

2020 referring to Ro-Ro type passenger ships, which presented for compliance with

safety standards, methods for carrying out inspections, methods for carrying out

passenger counts and sanctions if the standards mentioned above are not respected.

Understanding the regulatory framework reveals that the regulations primarily

focus on governing interactions between ports and ships and among boats them-

selves and de�ning safety standards for ship construction. More emphasis needs to

be placed on the safety of port areas, mainly because they necessitate autonomous

measures. There is a noticeable absence of regulation regarding identifying and im-

plementing risk scenarios, which are closely tied to speci�c critical parameters such

as marine weather conditions. Additionally, implementing these regulations at the

level of individual ports poses challenges, as each port has distinct characteristics,

requirements, and vulnerabilities. Consequently, the responsibility for port safety is

typically delegated to Maritime Authorities at the national or regional levels.



19

Chapter 3

Data Mining

3.1 Overview

The rapid technological advancement has signi�cantly enhanced our ability to gen-

erate and gather data from various sources. This explosion of data has shifted the fo-

cus from data scarcity to the challenges associated with analysing and interpreting it.

The sheer volume and complexity of modern datasets often overwhelm traditional

data processing techniques, making extracting meaningful and actionable insights

increasingly dif�cult. In response to this challenge, there is an urgent need to de-

velop new technologies and tools that can automatically process, analyse and trans-

form raw data into valuable information, enabling informed decision-making and

strategic planning. Data mining (DM) is pivotal in this context, serving as a critical

process in the modern data-driven world. It empowers organisations, researchers,

and individuals to sift through vast amounts of raw data to uncover hidden pat-

terns, trends, and correlations that might otherwise go unnoticed. As the volume

of data generated grows exponentially, data mining has become indispensable for

turning this information overload into actionable knowledge. By employing sophis-

ticated algorithms and methodologies, data mining allows for extracting meaningful

insights from complex datasets, enabling users to make data-driven decisions with

greater accuracy and con�dence. The applications of data mining are vast and di-

verse due to its ability to mine data effectively, and it has become a cornerstone of

success in these and many other �elds, highlighting the importance of continued

innovation and development in this area.

This chapter brie�y introduces DM, outlining the challenges that data mining

techniques must address. Moreover, a selection algorithm called Maximum Dissim-

ilarity Algorithm is presented. The chapter concludes with a description of imple-

menting a clustering algorithm: the K-means.

3.2 Introduction to Data Mining

Data Mining is a crucial component of Knowledge Discovery in Databases (KDD),

the comprehensive process of transforming raw data into valuable information.

Over the years, it has developed into an academic �eld within computer science
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dedicated to exploring every aspect of KDD, including data preprocessing, mining,

and postprocessing (Fayyad et al., 1996). The roots of Data Mining can be traced

back to the late 1980s when a series of database knowledge discovery workshops

were organised. These workshops brought together researchers from various disci-

plines to discuss the challenges and opportunities of using computational methods

to extract actionable knowledge from large databases. The popularity of these work-

shops quickly grew, evolving into major conferences that attracted participants from

academia and industry. The success of these events, along with the growing de-

mand from businesses and industry for professionals skilled in data mining, has

driven signi�cant growth in the �eld (Coenen, 2011). The �eld of data mining was

initially built on methodologies and algorithms that researchers had previously

employed. It draws heavily on sampling, estimation, and hypothesis testing from

statistics, search algorithms, modelling techniques, and learning theories from ar-

ti�cial intelligence, pattern recognition, and machine learning. Additionally, Data

Mining has rapidly incorporated ideas from other disciplines, including optimisa-

tion, evolutionary computing, information theory, signal processing, visualisation,

and information retrieval, adapting these concepts to tackle the challenges of mining

large datasets. Several other areas also provide essential support to data mining. For

example, database systems are critical for ef�cient data storage, indexing, and query

processing. High-performance computing techniques, mainly parallel computing,

are often necessary to handle the enormous size of some datasets. Distributed com-

puting methods are also crucial for managing large-scale data, mostly when the data

cannot be centralised in one location (Tan et al., 2006).

Additionally, DM involves the following key steps:

• Pre-processing. It is a crucial stage in DM since real-world datasets are often

noisy, incomplete, and exist in various formats.

• Modelling. This step involves applying DM techniques and algorithms to the

preprocessed data to generate results. A wide range of algorithms can be used

for this purpose, with common examples including Maximum Dissimilarity

Algorithm and K-means.

• Validation. It is the �nal stage of DM, where the output patterns generated

by the algorithms are veri�ed. Not all patterns identi�ed by data mining al-

gorithms are necessarily valid, so the results must be tested on a separate test

dataset. If the patterns align with the desired outcomes, the algorithm can be

applied to a larger dataset to extract meaningful knowledge. However, the

preprocessing and modelling steps may need to be revisited and adjusted if

the patterns do not meet expectations.
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3.3 Challenges of Data Mining

The exponential growth of data presents signi�cant challenges in areas such as data

collection, storage, management, processing, and analysis. Traditional relational

database management systems are increasingly inadequate for handling big data's

vast volume and diversity, as they typically rely on more costly hardware and are

limited to managing structured data. Chen et al. (2014) summarised the challenges

and opportunities in big data. These challenges include:

• Data Representation. Finding the most suitable format for data analysis and

user interpretation. Data representation should account for the varying lev-

els of heterogeneity in datasets, including differences in structure, type, or-

ganisation, granularity, semantics, and accessibility. Effective representation

enhances the ability to exploit data richness and extract valuable insights.

• Redundancy Reduction and Data Compression. These techniques are vi-

tal for lowering system costs, particularly regarding computational resources.

They are essential for datasets with high redundancy, provided that the reduc-

tion or compression does not lead to information loss. However, improper

application of these techniques can result in signi�cant data loss.

• Data Life Cycle Management. This involves managing the data �ow within

an information system from its creation and initial storage to its eventual ob-

solescence and deletion. Such mechanisms are necessary because storage sys-

tems alone cannot accommodate the enormous volumes of data generated by

sensors, social media, and other sources.

• Analytical Mechanisms. Ef�cient analytical procedures are essential for pro-

cessing large-scale, heterogeneous data on time.

• Energy Management. As data volumes and analytical demands increase, so

does the need for ef�cient energy management. Large datasets' processing,

storage, and transmission require substantial power, making energy-ef�cient

management and control mechanisms increasingly important.

• Scalability and Expandability. Algorithms must be capable of handling grow-

ing and increasingly complex datasets. Scalability and continuous learning

from new data are essential characteristics of big data algorithms.

In other words, DM faces the challenge of navigating the complexity and variety

of modern database systems, which often contain diverse data types such as hyper-

text, multimedia, and spatial data. While an ideal DM technique would effectively

mine all these data structures, expecting a single approach to handle every data type

and achieve all DM goals equally ef�ciently is unrealistic. Typically, DM systems are

tailored to extract knowledge from speci�c kinds of data. Moreover, DM algorithms

must be ef�cient and scalable, ensuring their performance degrades gracefully as
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database size increases. This means that even as data volume grows, the time re-

quired for searching, mining, or analysis should remain predictable and within ac-

ceptable limits. Additionally, a robust DM system must manage noise and outliers

effectively, ensuring that the insights it generates accurately re�ect the content of the

database and are valuable for speci�c applications, focusing on producing reliable

and exciting results. To be truly effective, DM systems must allow users to uncover

information from their perspectives, presenting it in a user-friendly, understandable

format. High-level query languages or graphical user interfaces are crucial for ex-

pressing DM requests and displaying the results, ensuring that end users can specify

tasks easily and interpret the outcomes. Given the challenge of determining what to

look for in a database and extracting relevant information, DM systems should sup-

port mining at various levels of abstraction. This �exibility allows users to conduct

high-level queries that might reveal patterns warranting further exploration, with

tools that accommodate different levels of detail and granularity (Jun Lee and Siau,

2001).

3.4 Selection Algorithms

In the past decade, long-term wave databases generated by numerical models have

been developed, enhancing our understanding of deep-water wave climates, es-

pecially in areas lacking instrumental data (Dodet et al., 2010). These reanalysis

databases offer the advantage of adequate spatial and temporal resolution and avoid

issues like missing data or sparse locations, which are familiar with instrumental

buoys. The increased amount of information requires various data mining tech-

niques, particularly clustering and selection methods, to manage these large datasets

and to provide a more straightforward analysis and description of the multidimen-

sional wave climate. Although these large-scale long-term reanalysis databases offer

a high spatial and hourly temporal resolution, their spatial resolution is typically in-

suf�cient for coastal applications, and they do not account for wave transformation

processes nearshore. Therefore, information provided by wave models in open areas

needs to be transferred to shallow water using advanced wave propagation models

that simulate crucial wave transformation processes. The large number of sea states

to be propagated necessitates strategies to reduce computational effort. Typical ap-

proaches involve replacing all available data with a few representative sea states

and propagating it to shallow water areas. A transfer function is de�ned to enable

the propagation of all sea states from the long-term series of deep-water wave pa-

rameters using a mathematical algorithm (Camus et al., 2011a). The success of this

scheme relies entirely on correctly selecting the most representative sea states, re-

quiring new algorithms to synthesise the vast amount of information. In this sense,

data mining aims to extract useful information from acquired data.
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3.4.1 Maximum Dissimilarity Algorithm

The selection process aims to extract a subset of wave conditions representing the

metocean information from the reanalysis database. In developing computer-based

methods for selecting structurally diverse compounds from chemical databases,

dissimilarity-based compound selection has effectively identi�ed a subset with the

most dissimilar data in a database (Snarey et al., 1997). In particular, Kennard

and Stone (1969) described for the �rst time the Maximum Dissimilarity Algorithm

(MDA), which aims to select a representative subset of size M from a database of

size N. Given a data sample X = f x1, x2, . . . ,xN g consisting of N n-dimensional

vectors, the algorithm generates a subset of M vectors f v1, . . . ,vM g that represents

the diversity of the data. The selection process begins by initialising the subset with

one vector from the data sample f v1g. The remaining M � 1 elements are selected

iteratively by calculating the dissimilarity between each remaining vector in the

database and the vectors already in the subset, then transferring the most dissimilar

one to the subset. The process continues until M iterations are completed. Many

variants exist based on the initialisation method and the de�nition of the most dis-

similar vector (Willett, 1996). In this work, according to Camus et al. (2011b), the

initial vector of the subset is chosen as the one with the largest sum of dissimilari-

ties relative to the others within the data sample. During the selection process, the

dissimilarity between each remaining vector in the database and each vector in the

subset is calculated, establishing a unique dissimilarity score for each vector in the

database to determine the most dissimilar one.

3.5 Clustering Algorithms

Historically, there are two main categories of clustering techniques: hierarchical and

partitioning clustering. The �rst one decomposes the dataset into a hierarchy of

groups. This decomposition is represented by a dendrogram, a binary union tree

where the leaves represent the data and the root represents the entire dataset (Soni

and Ganatra, 2012). The height of the dendrogram typically re�ects the distance be-

tween each pair of items or clusters, or an object and a cluster, and the intermediate

nodes describe the close proximity of the objects. (Xu and Wunsch, 2005). There are

two types of hierarchical approaches: agglomerative (or bottom-up) and divisive

(or top-down) (Abu Abbas, 2008). In the �rst approach, each object is considered as

a separate cluster. The proximity between two data is then determined by choos-

ing a distance metric, and the closest pairs are combined into a single cluster. This

procedure iteratively continues until all the data points are integrated to form a sin-

gle cluster. As a result, the dendogram produced by the agglomerative clustering

algorithm will have leaf nodes that are single article clusters and a root node that

contains all of the articles (Ghosal et al., 2020). In contrast to agglomerative meth-

ods, in the divisive approach, all data starts in one cluster: a root node. The method

then attempts to partition the datasets until they reach a leaf node carrying a single
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object (Rai and Shubha, 2010). Hierarchical clustering algorithms have several ad-

vantages, such as high applicability to any attribute type and the ability to represent

nested clusters. However, most hierarchical algorithms do not go back and re�ne

previously created clusters to improve the method and have high computation costs

(Ashok et al., 2013). On the other hand, partitioning clustering creates a single par-

tition of the initial dataset rather than creating a hierarchy structure. In particular,

it divides x data into k clusters according to evaluation criteria, with k � x. A cen-

troid represents each cluster and each data belongs to only one cluster (Kaufman

and Rousseeuw, 1990).

Thanks to its easy implementation, one of the most widely used partitioning clus-

tering algorithms, is the K-means, which is a centre-based algorithm. It was created

�fty years ago by MacQueen (1967) and seeks to identify k clusters that minimise

the sum of the square error for each cluster. A cluster is represented by its cen-

troid, which is the average of all the points that make up the cluster. Varying the

location of these centroids also produces a variation in the results themselves and,

consequently, the best setup is to place them at a distance from each other. Then,

the algorithm associates the data to the nearest centroid. Speci�cally, K-means starts

with a random initial partition and recomputes the centroids, which change their

position and reassign the data to clusters until a convergence criterion is met.

3.5.1 Implementation of the K-means algorithm

The present work applied the K-means algorithm by varying the input parameters.

Indeed, in implementing the algorithm, two main input parameters need to be spec-

i�ed: the distance metric, the measure used to calculate the similarity or dissimilarity

between data, and k, which represents the number of clusters the algorithm should

generate. In particular, users need to select an appropriate distance metric that aligns

with the characteristics of the data being clustered and need to determine the de-

sired number of clusters, based on their understanding of the data or the problem

domain. Then, determining these parameters might be challenging in a high-density

and complex dataset.

Several distance metrics are used in literature, such as Euclidean, City-block,

Cosine, and Correlation distances. The Euclidean distance is widely used as dis-

tance metrics in K-means algorithm (Visalakshi and Suguna, 2009). It represents

the segment which connects two points and it is based on the Pythagorean theorem

(Loohach and Garg, 2012):

dist(x, C) =

vu
u
t

p

å
i= 1

(xi � Ci )2 (3.1)

in which x is the data, C is the centroid, calculated as the mean of the points in that

cluster and p is the number of input features. This metric is effective for datasets

with compact or isolated clusters (Shirkhorshidi et al., 2015). It allows to add new
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data to the analysis without affecting it. However, it is not scale invariant, implying

that if one attribute of the inputs has a large range compared to the others, it can

disproportionately impact the distance calculation (Wilson and Martinez, 1997).

The City-block distance, also known as the Manhattan distance, is a variation of

the Minkowski distance. It gets its name from the analogy of how a car would travel

in a city, taking the shortest route possible (Bora and Gupta, 2014). In the City-block

distance, the distance between two points is calculated as the sum of the absolute

differences between their respective coordinates:

dist(x, C) =
k

å
i= 1

jxi � Ci j (3.2)

in which the centroids are the median component of the points in the clusters. The

shorter computing time of this distance is an advantage over Euclidean distance.

However, the method is sensitive to outliers (Jain and Dubes, 1988).

The cosine distance quanti�es the similarity between two vectors by evaluating

the cosine of the angle formed between them. It measures the similarity and deter-

mines if the vectors point in the same direction or not (Han et al., 2012). The cosine

distance always falls within the range of [-1, 1]. For instance, two orthogonal vectors

have a similarity value of zero, while two completely opposite vectors have a value

of -1. It is de�ned as:

dist(x, C) = 1 �
xC0

p
(xx0)(CC0)

(3.3)

where x0 represents the transpose of x, C0 represents the transpose of C, and the

denominator term represents the product of the norms of the two vectors x and C.

This metric ignores the magnitude or amplitude of the vectors, which can lead to

loss of important information. Therefore, it is not suitable for datasets where the

magnitude of the vectors carries signi�cant meaning (Kumar et al., 2014).

Lastly, the correlation distance is a measure of dependence between two numeri-

cal values and is applicable to random vectors of different sizes (Székely et al., 2007).

It ranges between -1 and 1, where a value of 1 indicates a perfect positive correlation,

and -1 indicates a perfect negative correlation (Nettleton, 2014). The calculation of

correlation distance is as follows:

dist(x, C) = 1 �
(x � x̄)(C � C̄)0

p
(x � x̄)( x � x̄)0�

p
(C � C̄)(C � C̄)0

(3.4)

in this formula, ( x – x) and (C – C) represent the deviations of x and C from their

respective meansx and C. The denominator term represents the product of the stan-

dard deviations of x and C. The correlation distance is more effective in revealing

dissimilarities in shapes or patterns between two data points rather than quantifying

the magnitude of differences between them (Xu and Wunsch, 2005).

The other input parameter to be speci�ed is the number of clusters k. De�ning
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k is one of the most complex problems in cluster analysis. Indeed, it depends on

various factors, such as the nature of the data. The goal is typically to �nd a bal-

ance where increasing the number of clusters beyond the optimal k does not provide

signi�cant additional insights while keeping the number of clusters low enough to

maintain interpretability. For that reason, there are several methods proposed in the

literature, such as Calinski-Harabasz, Davies-Bouldin, Silhouette, Dunn Index and

Total variance criteria, which involve calculating an equation for various values of k

and selecting the value that minimises or maximises a speci�c criterion.

The Calisnki-Harabasz criterion, also called the variance ratio criterion (VRC),

can be de�ned as (Caliński and JA, 1974):

VRC =
BGSS
k � 1

�
n � k

WGSS
(3.5)

where BGSSis the sum of squares between the clusters;n is the number of observa-

tions and WGSSis the sum of squares within the cluster. Well-de�ned clusters have

large between-cluster variance (BGSS) and small within-cluster variance ( WGSS).

The higher the VRC ratio, the better the data are partitioned and the maximum value

of VRC represents the optimal number of clusters.

The Davies-Bouldin (DBj) criterion compares each cluster to every other cluster

based on a function that measures the similarity. Thus, for each pair of clusters, the

sum of the mean distances of each point in the two clusters from its respective cen-

tre is divided by the distance between the two cluster centres (Davies and Bouldin,

1979):

DBj =
1
k

k

å
i= 1

maxj6= i f D i ,jg (3.6)

where D i,j is the ratio between the distances between the i-th and j-th clusters. For

this criterion, a lower value results from less dispersion within clusters and greater

distance between clusters. It evaluates the quality of clustering by considering the

worst-case scenarios for each cluster. It divides the measure of compactness by the

measure of separation, which means that as the clusters become more compact and

well-separated, the criterion value decreases (Baarsch and Celebi, 2012).

The Silhouette criterion (S) measures the difference between the average distance

of a point from every other point in its group ai and the minimum average distance

between that point and other points in the other clusters bi . This difference is then

divided by a normalising term, i.e. the maximum of the two means (Rousseeuw,

1987):

S( i) =
bi � ai

max(ai ; bi )
(3.7)

Values for this criterion range from –1 to 1. A high Silhouette value indicates that

the point is well-matched to its cluster and poorly matched to other clusters. The

clustering solution is appropriate if most of the points have a high silhouette value.
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However, if many points have a low or negative value, the clustering solution may

have too many or too few clusters.

The Dunn Index (DI) quanti�es the compactness and variability of the clustering.

A cluster is considered compact if its data points exhibit minimal variance (Dunn,

1974). To evaluate the quality of the partitioning, the DI calculates the ratio of inter-

cluster distances (separation, di j ) to intra-cluster distances (compactness, Dj). The

compactness of a cluster,Clusterj , is determined by calculating all pairwise distances

d(xi , xj ) between any two data points within the cluster and selecting the maximum

value:

Dj = max
xi ,xj 2Clusterj

d(xi , xj ) (3.8)

The separation di j between each pair of clusters (Clusteri , Clusterj) is calculated

using the single linkage distance, which represents the shortest distance between

any two data points belonging to different clusters.

di j = d(Ci , Cj ) (3.9)

where, Ci and Cj denote the centroids of the two clusters. Then, the DI is calcu-

lated as follows:

DI =
min

1� i6= j � m
d(Clusteri , Clusterj )

max
1� j � m

Dj
(3.10)

Lastly, the Total Variance criterion, as described by Solari and Alonso (2017),

indicates that the total variance decreases as clusters increase. Therefore, the optimal

number of clusters can be determined by identifying the minimum point on the

curve of the total variance. In the present work, it was evaluated as:

TotalVariance=
k

å
j= 1

ns

å
i= 1

(xi � x̄j )2

p
(3.11)

where ns are the data which belong to a cluster; xi are the individual data; xj is the

mean of the data in the cluster and p are the number of data belonging to such a

cluster.

Moreover, to determine the optimal number of clusters impartially, the percent-

age difference between the Total Variance values of consecutive cluster sets was cal-

culated. Recognizing that increasing the number of clusters reduces Total Variance,

the �rst instance where the percentage difference fell below 10% was selected as the

optimal number of clusters. The percentage error is calculated using the formula:

%Error =
jTVi � TVi+ 1j

TVi
� 100 (3.12)
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where TV i is the value obtained by the Total Variance criterion when i clusters

are considered.
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Chapter 4

Arti�cial Neural Networks

4.1 Overview

The evolution of processing systems has ushered in an era where machines are adept

at seamlessly automating myriad processes. In the contemporary landscape, the de-

velopment of Arti�cial Intelligence (AI) fueled by Machine Learning (ML) models

extends far beyond basic calculations and data storage, elevating our technological

capabilities to unprecedented heights. These breakthroughs have paved the way for

the emergence of systems endowed with autonomous reasoning abilities. Arti�cial

neural networks (ANNs) are central to this paradigm shift and occupy a prominent

position in AI. ANNs strive to replicate the intricate structure of the neural network

of the human brain, drawing inspiration from the remarkable capabilities of human

cognition in receiving and processing information. The human brain is a guiding

model for designing and implementing these neural networks. Since the inception

of the �rst arti�cial neuron, a remarkable journey of advancement has unfolded. To-

day, neural networks are at the forefront of innovation, permeating diverse scienti�c

domains with their versatile applications. From revolutionising medical diagnostics

to enhancing the ef�ciency of data mining endeavours, the impact of neural net-

works resonates across an expansive spectrum of disciplines.

This chapter delves into the essence of neural network, their nature, structure

and applications. Moreover, an overview of the different types of ANNs, in particu-

lar about Autoencoders, is made. Lastly, a brief review of the current state of the art

concerning applying ANNs in the ocean engineering �eld to forecast wave heights,

water levels, tides and extreme waves is presented.

4.2 Introduction to Arti�cial Neural Networks

The �rst theoretical model of a rudimentary arti�cial neuron was born in 1943, pro-

posed by McCulloch and Pitts (McCulloch and Pitts, 1943). The two scientists de-

scribed an apparatus capable of receiving n binary input data in each element, fol-

lowed by a single output data for each. This machine was capable of working on

elementary Boolean functions. In 1949, D. O. Hebb hypothesised the possibility of
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training machines through learning processes that mirrored the underlying mecha-

nisms of human intelligence (Hebb, 1949). A signi�cant milestone occurred in 1958

when Frank Rosenblatt introduced the �rst neural network architecture, the Per-

ceptron(Rosenblatt, 1958). The Perceptron comprises a single neuron featuring ad-

justable thresholds and weights. Its learning mechanism is grounded in the conver-

gence theorem, and the network operates in a feed-forward manner characterised

by unidirectional connections. However, the Perceptron's utility was con�ned to

speci�c applications, primarily in shape recognition, classi�cation into distinct cat-

egories, and the computation of essential functions (e.g., Boolean operators such as

AND, OR, and NOT, given their linear separability). The subsequent evolution led to

the development of the Multilayer Perceptron (MLP), which can handle non-linearly

separable functions. However, it was not until 1986, with the development of the

backpropagation algorithm by Rumelhart et al., that ANNs gained widespread pop-

ularity (Rumelhart et al., 1986).

ANNs are one of the foremost techniques in AI, and they involve machines learn-

ing autonomously. It aims to create machines that emulate human brain functions

and possess the ability to "think". Neural Networks (NNs) endeavour to replicate

the human brain through computational elements mimicking neurons (referred to

as nodes) and the connections between them (achieved through transfer functions)

(Medina et al., 2003).

NNs comprise various layers: the input layer for introducing known data into

the model, intermediate layers known as hidden layers, and the output layer for

obtaining the sought-after �nal value. Each layer comprises multiple units (neurons

or nodes) connected to the subsequent layer via a transfer function (Floreano and

Mattiussi, 2002) (see Figure 4.1). In an ANN, the output of layer i � 1 serves as the

input for layer i. Known data is fed into the input layer, augmented by a bias term,

multiplied by initial weights, summed, and passed through functions to successive

layers until the output layer is reached, yielding the �nal value (Dixit and Londhe,

2016). Mathematically, the output neuron is:

y(x) = f (
nl

å
i= 1

wi xi + b) (4.1)

where f is the activation function, wi is the weight of the data xi and b is the bias

of the neuron.
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FIGURE 4.1 Schematic architecture of an Arti�cial Neural Network.

4.3 Transfer functions

As previously mentioned, the activation potential of each neuron undergoes pro-

cessing through an activation function, denoted as f . In other terms, this function

dictates the response of the neuron before passing it on to the subsequent layer, al-

lowing input data to propagate towards output data by emitting impulses in the

case of active units. In other words, the activation function extends the ability of an

NN to approximate complex distributions, introducing a non-linearity factor. The

primary activation functions are outlined below.

• Linear Activation Function. The simplest activation function is the linear one,

as it maintains the neuron output unchanged, returning the value passed to it

by the neuron inputs.

f (x) = x (4.2)

• Positive Saturating Linear Activation Function. This type of function is linear,

and it is commonly used in various mathematical and computational contexts

where a speci�c output is desired based on the input value relative to certain

thresholds. It provides a straightforward way to de�ne a function with distinct

behaviours for different ranges of input values.

f (x) =

8
><

>:

0 if x � 1

x if 0 < x < 1

1 if x � 1

(4.3)
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• Step Activation Function. McCulloch and Pitts (1943) �rst introduced this

function when they developed the original perceptron. It proves valuable in

binary classi�cation scenarios. When tasked with categorizing an input pat-

tern into one of two groups, employing a binary classi�er with a step activa-

tion function is advantageous. The threshold q determines whether the linear

transformation's value triggers neuron activation. A neuron activates if the in-

put to the activation function surpasses a predetermined threshold; otherwise,

it deactivates. In such instances, the output is not forwarded as input to the

subsequent layer.

f (x) =

(
1 if x > q

0 otherwise
(4.4)

• Sigmoid Activation Function. The sigmoid function, also known as the lo-

gistic activation function, is the most commonly employed activation func-

tion due to its non-linear nature. Particularly favoured in feed-forward NNs

requiring positive number outputs, the sigmoid activation function is highly

prominent.

f (x) =
1

1 + e� bx (4.5)

where b represents a slope parameter.

• Hyperbolic Tangent Activation Function. The hyperbolic tangent function is

widely utilised in NNs that necessitate output values within the range of -1

to 1. Similar to the sigmoid function, the tangent function exhibits symmetry

around the origin. Consequently, it generates outputs with varying signs from

previous layers, which are subsequently utilised as inputs for the subsequent

layer.

f (x) = tanh(x) (4.6)

• Recti�ed Linear Units (ReLU). ReLU was introduced by Hinton et al. (1999)

for the �rst time. It is a non-linear activation function. One key bene�t is its

ability to activate neurons selectively, ensuring not all neurons are activated

simultaneously. Speci�cally, a neuron is deactivated when the output of the

linear transformation is zero. This selective activation mechanism enhances

ef�ciency, as only a subset of neurons is activated at any given time. Addi-

tionally, ReLU tends to avoid the issue of zero gradients in some instances,

preventing weights and biases from remaining unchanged during the back-

propagation step of NN training. Unlike sigmoid or hyperbolic tangent acti-

vation functions, ReLU does not suffer from saturation to �xed values such as

-1, 0, or 1.

f (x) = max(0,x) (4.7)

Selecting the appropriate activation function for a speci�c task can be complex

and time-consuming, often requiring thorough research and experimentation. There
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is no universal rule for determining the ideal activation function, as the selection is

highly context-dependent and contingent upon the objectives of the task at hand.

Each activation function possesses its own set of advantages and disadvantages tai-

lored to the characteristics of the system being designed. For instance, sigmoid func-

tions are often favoured for classi�cation problems due to their ability to produce

outputs in a restricted range; sigmoid and tanh functions are typically avoided due

to the vanishing gradient problem; ReLU function stands out as the most commonly

used activation function exhibiting superior performance across various scenarios,

and it is typically reserved for use in hidden layers and not in the output layer. Dur-

ing the model development process, experimentation with different activation func-

tions is encouraged, especially if time constraints are not a limiting factor. Selecting

an activation function that enables faster function approximation and training is cru-

cial for achieving optimal performance in NNs (Sharma et al., 2017).

4.4 Types of NNs

The term "feed-forward" denotes networks in which signals �ow from one layer to

the next. Neurons in each layer receive input from the preceding layer, process it,

and transmit it to the subsequent layer. This architectural design enables rapid com-

putation speeds. Two primary classes are discernible within feed-forward networks:

the single-layer perceptron (SLP) and the Feed-Forward multilayer perceptron Neu-

ral Network (FFNN). SLP networks are the simplest among feed-forward networks.

In this setup, the input layer directly connects to the output layer without interme-

diary layers. Each input neuron is linked to an output neuron, rendering an SLP

network essentially a single-layer network (without considering the input layer).

Consequently, it needs more capacity for intricate computations and can tackle non-

linear problems. In contrast, the FFNN possesses multiple successive layers of neu-

rons, allowing it to perform complex calculations. The FFNN architecture stands as

the most renowned and widely used among feed-forward networks. Input signals

propagate forward from one layer to the next via inter-layer connections (Teslyuk et

al., 2020). One or more hidden layers are present between the input and output lay-

ers. While a more intricate architecture enables the resolution of complex problems,

training the network may pose challenges, and computational times may extend

beyond those of an SLP network. The number of neurons and layers signi�cantly

impacts the intelligence of the network. Constructing an FFNN involves de�ning a

network object, selecting inputs and outputs, assigning weights as well as training

and validating the NN (Demuth et al., 1994). While FFNNs are the simplest form

of NNs, they often exhibit lower accuracy rates and struggle to model time-varying

processes. Additionally, they are susceptible to initial weights.

Another feed-forward neural networks are the Radial-basis function (RBF) net-

works, introduced by Broomhead and Lowe (1988). RBF neural network is charac-

terised by utilising a single hidden layer, where the output units are formed through
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a linear combination of basis functions computed by the hidden units. These basis

functions exhibit localised responses to the input (Evans et al., 2000). The RBF net-

work operates in two distinct phases. Initially, unsupervised learning processes the

input information, clustering it into segments. These clusters are then utilised in the

subsequent phase to generate output following a supervised learning process (Kalra

et al., 2005b). During the training phase of an RBF neural network, the focus is de-

termining the centres, widths, and weights that connect the hidden nodes to the out-

put nodes. The critical distinctions between RBF and perceptron networks lie in the

structure of the output layer and the loss function employed. While increasing depth

enhances nonlinearity in feed-forward networks, RBF networks often achieve the

requisite level of nonlinearity with a single hidden layer due to their unique struc-

ture. Like feed-forward networks, RBF networks serve as universal function approx-

imators. This approach is often more ef�cient and can offer superior modelling of

data nonlinearities. However, a key challenge of RBF networks is their sensitivity

to selecting centres and widths. They have traditionally been employed for function

approximation and classi�cation tasks (Wu et al., 2012). Moreover, RBF networks

have been applied in a wide range of �elds, including face tracking and recognition

(Yang and Paindavoine, 2003), robotic control (Loreto and Garrido, 2006), antenna

design (Chen et al., 2008), channel equalization (Jianping et al., 2002) and computer

vision and graphics (Leung et al., 2006).

To overcome some limitations of ANNs, the Adaptive Neuro-Fuzzy Inference

System (ANFIS), developed by Jang (1993), can be used. It represents a hybrid

approach within neural networks, leveraging the learning capabilities of ANNs to

derive fuzzy if-then rules. Contrary to conventional NNs, where underlying de-

pendencies are encoded through trained connection weights, ANFIS achieves this

by establishing fuzzy language rules (Kalra et al., 2005b). This type of ANN com-

prises two primary components known as the premise and consequence parts, with

training involving determining parameters for these parts using an optimization al-

gorithm. ANFIS addresses a key drawback of ANNs: assigning arbitrary weights

without clear rationale (Karaboga and Kaya, 2019). The ability to handle nonlinear-

ity and its structured approach makes ANFIS particularly effective in tasks such as

system identi�cation, inverse modelling, predictive coding, adaptive channel equal-

ization, and adaptive noise or echo cancellation (Walia et al., 2015).

Another type of NN that is widely used is the Recurrent Neural Network (RNN).

RNNs have the same shape as feed-forward networks. However, their connections

are cyclical to keep the state between input sequences in memory (Domeniconi and

Jordan, 2001). These cycles make them more dynamic and strongly in�uence the

learning capacity of the network. A feedback loop allows the output to be reinserted

as input into the following timeline. Adding the loop enables the network to process,

learn, and predict sequential data. Traditional feed-forward networks cannot do this

because the inputs and outputs are �xed-sized vectors, which are assumed to be in-

dependent. However, sequential data can vary in length and size, and the values are
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not independent. The presence of cycles provides an advantage in the possibility of

using a smaller number of computational units, but it also has the disadvantage of

occupying more memory. Nevertheless, RNNs may encounter the issue of vanishing

gradients, mainly when dealing with lengthy sequences (Bengio et al., 1994). Long

short-term memory (LSTM) networks, an extension of RNNs introduced by Hochre-

iter and Schmidhuber (1997), have been developed to address this challenge. LSTM

networks feature a specialised structure within their hidden layers, which includes

three gate structures: the forget gate, input gate, and output gate. These gates regu-

late the �ow of information between different time steps, effectively mitigating the

problem of vanishing gradients and enabling the handling of long-term dependen-

cies. One notable advantage over traditional RNNs is that LSTM networks excel in

classifying, processing, or predicting time series data, particularly when encounter-

ing time delays of unknown duration between critical events. Additionally, LSTM

networks can retain information over extended periods, allowing them to store in-

formation effectively regardless of its duration (Marhon et al., 2013). These networks

leverage historical data to inform current decisions and employ a forget gate mecha-

nism, enabling them to selectively retain or discard long-term information as needed

(Fan et al., 2020). RNNs and LSTM networks were applied in various �elds. RNNs

have emerged as a leading model for classifying sequential data (Tyagi and Abra-

ham, 2022), while LSTMs are widely utilised in applications like sentiment analysis,

language modelling, speech recognition, and video analysis(Van Houdt et al., 2020).

Convolutional Neural Networks (CNN) are another kind of NN. It is composed

by convolutional, pooling, and fully-connected layers (O'shea and Nash, 2015). Each

layer comprises neurons organised into three dimensions: the spatial dimensionality

of the input (height and width) and the depth. Depth refers to the third dimension

of an activation volume, and it is de�ned by the number of �lters contained in the

convolutional layer, the aim of which is to detect data features. The pooling layer

aims to reduce the complexity and dimensionality of the model. Lastly, fully con-

nected layers contain neurons connected to the ones of convolutional and pooling

layers, aiming to perform the same duties as a standard ANN. Unlike traditional

methods, CNNs can effectively utilise vast amounts of data to achieve impressive

results, leading to many applications. While CNNs are commonly used for pro-

cessing 2-D images, they also are applied to 1-D and multidimensional data. For

instance, besides image classi�cation, CNN is well-suited for tasks like time series

prediction and signal identi�cation (Li et al., 2022).

Moreover, until now, it has been taken for granted that the user ordered the in-

put data supplied to the network. Kohonen (1988) introduced the Self-Organising

Map (SOM), a NN featuring an input layer and an output layer. SOM, also known

as Kohonen neural network, operates in this two-layer structure by mapping data

from the input to the output layer. When the input layer receives patterns during

operation, the output neuron that exhibits the weights most similar to the input

is deemed the winner. This similarity is determined by comparing the Euclidean
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distance between the sets of weights associated with each output neuron, with the

shortest distance determining the winner (Heaton, 2015). Through the learning pro-

cess, topological maps are formed, wherein the signi�cant similarity relations among

input samples are translated into spatial relationships among the neurons respon-

sive to these inputs. The learning algorithm employed by Kohonen differs from

the winner-takes-all approach in the manner in which weights are updated. Unlike

the winner-takes-all method, wherein only the weights of the winning neuron are

updated, in Kohonen's algorithm, the weights of the winning neuron and those of

spatially adjacent neurons are updated (Fortuna et al., 2001). Despite its simplicity,

SOMs can be used for various classes of applications such as visualisations, genera-

tion of feature maps, pattern recognition and classi�cation (Miljković, 2017).

Lastly, another type of NN is the autoencoder, primarily crafted to compress in-

put data into a concise and meaningful representation. Subsequently, it decodes this

representation to reconstruct the input, aiming to closely resemble the original input

as much as possible. Introduced by Rumelhart et al. (1986), the fundamental concept

of an autoencoder entails having an output layer with identical dimensionality as the

inputs. Its objective is to meticulously reconstruct each dimension by processing it

through the network. An autoencoder essentially duplicates the input data from the

input to the output. Hence, it is sometimes dubbed a replicator neural network. Al-

though replicating the data might appear straightforward by transferring it directly

from one layer to another, this is unattainable when the number of units in the in-

termediate layers is constrained. The number of units in each intermediate layer is

typically fewer than those in the input or output. Consequently, these units encap-

sulate a condensed representation of the data, and the �nal layer cannot achieve an

exact data reconstruction. Thus, this reconstruction inherently incurs loss. The loss

function of this neural network leverages the sum-of-squared differences between

the input and the output to compel the output to resemble the input closely. The

general depiction of the autoencoder is illustrated in Figure 4.2. An autoencoder

comprises three main components: the encoder, the code, and the decoder. The en-

coder compresses the input data to generate the code, which represents a single layer

of an ANN, and it is then utilised by the decoder to reconstruct the input data. Both

the encoder and decoder are fully connected feed-forward neural networks.

Building an autoencoder needs to set four hyperparameters: the code size, which

represents the number of nodes in the hidden layer, where a smaller size results in

greater compression; the number of layers, the number of nodes per layer and the

loss function, which evaluates the disparity between the output and the target data.

During its implementation, the prevalent approach is to make the dimension of the

representation smaller than the input. This process imposes a "bottleneck", effec-

tively achieving the objective of obtaining a lower-dimensional data representation

(Bank et al., 2023). Such a representation can be utilised for various purposes, in-

cluding data compression, feature extraction, and more. When the hidden layer's
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FIGURE 4.2 Schematic architecture of an Autoencoder.

size equals or exceeds the size of the input, the encoder may merely learn to repli-

cate the identity function. Various regularisation techniques are available to mitigate

this risk without introducing the bottleneck. For instance, to regularize an autoen-

coder, one approach involves imposing a sparsity constraint, where only a subset of

nodes exhibits nonzero values, termed active nodes. Speci�cally, a penalty term is

incorporated into the loss function to encourage only some nodes to become active.

This characteristic compels the autoencoder to represent each input as a combina-

tion of several nodes, prompting it to uncover intriguing structures within the data.

This type of autoencoder is called sparse autoencoder(Ng et al., 2011). Moreover,

another method to compel the autoencoder to acquire valuable features involves in-

troducing random noise (such as additive white Gaussian noise or erasures using

Dropout) to its inputs and tasking it with reconstructing the original noise-free data.

By doing so, the autoencoder cannot merely replicate the input to its output, as it

now includes random noise. Instead, it subtracts the noise and generates the under-

lying meaningful data. This variant is called a denoising autoencoder(Vincent et al.,

2008). Autoencoders are extensively applied in image classi�cation and reconstruc-

tion. However, their use in natural language processing and object detection is less

common, with relatively few papers addressing these areas (Li et al., 2023).

In conclusion, selecting the architecture of an ANN poses a challenging endeav-

our. During the implementation, factors such as the nature of the data, the complex-

ity of the task, and the computational resources available may be considered. While

more intricate networks often offer improved modelling of processes, they also come
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with increased costs and potential issues with generalisation (Portillo Juan and Ne-

gro Valdecantos, 2022).

4.5 Training Algorithms

Once the architecture of the network is established, the training process becomes

pivotal in ensuring optimal performance. Training, also known as learning, involves

determining the weights of the connections between neurons. This enables the net-

work to understand the algorithm that connects input data to output data or to learn

how to address similar problems in the future. A common approach is to use 70–80%

of the data to train the network and the remaining 20–30% to test its performance.

There are three categories of learning:

• Supervised learning. The network receives a collection of input data along

with their associated desired outputs, already labelled. The network's task is

to discern the underlying relationship between these input-output pairs so that

it can subsequently apply this knowledge to new inputs of a similar nature.

Essentially, the network learns the algorithm that connects the input data to

the output data by examining provided examples (Cunningham et al., 2008).

• Unsupervised learning. The network contains solely the input dataset with-

out indicating the desired outputs. Without examples for the network to learn

from, it will autonomously establish the algorithm by identifying common

characteristics among the cases (Barlow, 1989).

• Semi-supervised learning. It combines elements from the methods described

earlier, as it entails an incomplete dataset where only a portion of the inputs is

linked to the desired output. By furnishing some examples, the unsupervised

aspect of the network is enhanced, leading to increased speed and accuracy

(Van Engelen and Hoos, 2020).

Numerous training algorithms exist, with the backpropagation algorithm being

the most prevalent. In the following subsections, the most popular algorithms are

presented.

4.5.1 Gradient descent algorithms

Gradient descent is an iterative �rst-order optimisation algorithm adopted to �nd a

local minimum/maximum of a given function. In particular, backpropagation con-

sists of two primary phases: the forward and backward phases. In the forward

phase, the inputs of a training instance are fed into the neural network, initiating

a sequential computation across the layers using the current weights. This process

predicts the �nal output, which is then compared to the output of the training in-

stance. The derivative of the loss function relative to the output is then computed.

In the backward phase, the goal is to determine the gradient of the loss function
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concerning the various weights using the chain rule of differential calculus. These

gradients are crucial for updating the weights. As these gradients are acquired back-

wards, starting from the output node, this learning process is termed the backward

phase (Aggarwal et al., 2018). One of its primary limitations is its local nature, which

means it may settle for a local optimum rather than the global optimum, and it tends

to converge slowly (Hagan et al., 1997). A variant known as gradient descent with

momentum aims to expedite convergence. The inclusion of momentum helps to

smooth out oscillations in the algorithm, enabling the network to respond not just to

local gradients but also to recent trends in the error surface, thus preventing it from

becoming trapped in a local optimum (Hagan et al., 1997). Another signi�cant issue

with the conventional backpropagation algorithm is its sluggishness. Consequently,

other algorithms, referred to as "faster training," have been developed to address this

concern (Demuth et al., 1994), such as resilient backpropagation. In ANNs, sigmoid

functions are commonly employed in hidden layers. These functions map values

from an in�nite range to a range between 0 and 1 or between -1 and 1. This ap-

proach can result in very small gradients, leading to minimal changes in weights

and biases and posing challenges when using gradient descent. This algorithm mit-

igates these effects by determining the weights and biases using a separate update

value.

4.5.2 Conjugate gradient algorithms

Another “faster training” algorithm is the conjugate gradient descent. The typical

gradient descent method adjusts the weights and biases of the network in the direc-

tion where the performance function decreases most rapidly, corresponding to the

negative gradient. However, this approach may not always lead to the swiftest con-

vergence. Conjugate gradient algorithms, on the other hand, explore paths along

conjugate directions. Various conjugate gradient functions exist to facilitate this pro-

cess, such as:

• Fletcher-Reeves. This method calculates the previous search direction by

multiplying it with a factor determined by the ratio of the current gradient's

squared norm to the previous gradient's squared norm. It ensures that the

minimum of any quadratic function with n arguments can be found in no

more than n iterations (Fletcher and Reeves, 1964).

• Polak-Ribiére. Here, the factor is determined by the inner product of the pre-

vious change in gradient and the current gradient, divided by the squared

norm of the previous gradient (Demuth et al., 1994).

• Powell-Beale Restarts. In conventional conjugate gradient descent algorithms,

the search direction resets to the negative gradient direction when the number

of iterations equals the number of network parameters. The method restarts
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the search direction to the negative gradient if minimal orthogonality remains

between the current and previous gradients (Powell, 1977).

• Scaled conjugate gradient descent. Unlike the aforementioned methods that

utilize line search, which is computationally intensive, scaled conjugate gra-

dient descent employs the model-trust region approach from the Levenberg-

Marquardt algorithm to scale the step size. It combines this with the conjugate

gradient approach to optimize ef�ciency (Møller, 1993).

4.5.3 Quasi-Newton's algorithms

Newton's algorithms typically achieve faster convergence than gradient methods,

but they entail signi�cantly higher computational costs due to the need to compute

the Hessian matrix. Quasi-Newton algorithms, derived from Newton's method, of-

fer a compromise as they do not require the calculation of second derivatives. Two

primary quasi-Newton algorithms are commonly used: Broyden, Fletcher, Goldfarb,

and Shanno method, which combines conjugate directions with line search and one-

step secant algorithm. The �rst one converges in fewer iterations. However, it re-

quires more computational resources and storage than conjugate gradient methods

(Shepherd, 1997). It is particularly suitable for smaller networks. The second one

was developed to address the storage requirements of the �rst algorithm and as-

sumes that the Hessian matrix at each iteration is the identity matrix (Battiti, 1992).

4.5.4 Levenberg-Marquardt algorithm

The Levenberg-Marquardt, a second-order algorithm, bridges the gap between

Gauss-Newton and gradient descent methods, harnessing the best of both. It's a

versatile tool that can perform non-linear interpolation using Newton's methods

while incorporating a slow but converging gradient descent phase. This iterative

method is adept at solving non-linear problems, even those with multiple vari-

ables, making it a widely used solution for curve-�tting problems (Ranganathan,

2004). By approximating the Hessian matrix as the product of the Jacobian matrix,

which is less complex to compute, the algorithm is effective for functions with a

sum-of-squares form. In other words, Jacobian matrix represents the vector of the

errors of the network. The Levenberg-Marquardt algorithm is not only faster than

other network training methods, but it also shines in scenarios with medium-sized

datasets. While it may require more memory than other algorithms, its adaptability

and ef�ciency make it a strong recommendation for a wide range of applications.

4.5.5 Under�tting and Over�tting

During the learning phase, NNs can encounter two issues: under�tting and over-

�tting. In the �rst case, when the network is made up of an insuf�cient number of

neurons, learning is not successful; vice versa, when there are more neurons than
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FIGURE 4.3 Early stopping scheme.

necessary, we fall into the case of over�tting, causing the network to be unable to

generalise the problem provided to it. Under�tting is the simpler of the two to deal

with since increasing the number of neurons in the network, increasing the input

dataset, or increasing the number of iterations intensi�es the training phase and

makes the network capable of learning the problem. On the other hand, over�tting

is more challenging to resolve and is generally related to overtraining, i.e., interpo-

lating all the data in the training phase without worrying about generalizing. Over-

�tting can also be mitigated using regularisation or early stopping(Prechelt, 2002)

(see Figure 4.3). Regularisation penalises different features by multiplying them by a

factor that smooths the function and reduces network complexity. Bayesian regular-

ization is a typical ocean engineering technique pioneered by MacKay (1992), which

applies the Bayesian framework to ANN modelling. Moreover, dividing the dataset

into three subsets corresponds to using the early stopping method. The dataset is

divided into training, validation, and test sets. The �rst is used for training the net-

work, updating weights and biases of the connections, and calculating the gradient.

The second is used to validate the training phase: the error in the validation phase

usually decreases as the number of iterations (epochs) increases, as does the error

of the training set; however, when the network starts to go into by over�tting the

validation set error begins to increase, causing the network to lose the ability to gen-

eralize. With the early stopping method, the validation error curve increases for a

�xed number of epochs, after which the training stops, returning the weights and

biases to the minimum point of the validation error.
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4.6 State of art of ANNs in Ocean Engineering

4.6.1 Forecasting of wave heights

The pioneering researchers to demonstrate the superiority of ANNs over traditional

methods for wave-height forecasting were Deo and Naidu in 1998 (Deo and Naidu,

1998), who conducted a study on real-time wave forecasting using NNs. They

trained the network with different algorithms and compared their effectiveness in

predicting waves with lead times ranging from 3 to 24 hours. Input data consisted

of current wave height values, with the output being forecasted wave heights. The

study utilised signi�cant wave height observations from wave rider buoys over 16

months. Three training algorithms were tested: Error Backpropagation, Conjugate

Gradient, and Cascade Correlation. Results showed that the Cascade Correlation

algorithm had the shortest training duration, while the Conjugate Gradient required

the most time. In subsequent studies, Deo et al. (2001) predicted signi�cant wave

heights and average wave periods also using wind speed inputs, while Agrawal and

Deo (2002) utilised current and previous wave height data for similar predictions.

They found that ANNs exhibited a clear advantage over stochastic approaches for

shorter prediction intervals, although this advantage diminished for longer inter-

vals. In 2003, Deo and Jagdale extended the application of ANNs to predict breaking

wave heights (Deo and Jagdale, 2003) and, subsequently, in 2004, Agrawal and Deo

concluded that ANNs surpassed statistical regressions, mainly when dealing with

ambiguous input-output structures (Agrawal and Deo, 2004).

Makarynskyy (2004) investigated methods to enhance wave predictions using

ANNs, developing separate networks for forecasting each wave parameter at differ-

ent locations. In a subsequent study by Makarynskyy et al. (2005), they compared

two approaches: using individual ANNs for each parameter versus a uni�ed ANN

for both parameters. Interestingly, they found that simplifying the network structure

sometimes yielded better results. In 2005, Kalra et al. conducted two studies focus-

ing on satellite data for wave prediction (Kalra et al., 2005b; Kalra et al., 2005a). They

highlighted the need to preprocess satellite data before applying them to ANNs and

compared the performance of different NNs for offshore wave data.

In 2008, Jain and Deo explored various Arti�cial Intelligence (AI) tools for real-

time wave forecasting and found negligible differences between ANNs, genetic pro-

gramming, and model trees (Jain and Deo, 2008). Additionally, Malekmohamadi et

al. (2008) compared numerical wave modelling with ANNs and hybrid models, con-

cluding that while numerical models yielded better results, ANNs provided accept-

able outcomes with lower computational costs. Günayd�n (2008) compared different

ANN models with traditional regression methods, highlighting the effectiveness of

including meteorological factors, particularly wind velocity, as inputs. (Mahjoobi

et al., 2008) applied ANNs, Fuzzy Inference Systems (FIS), and ANFIS, implement-

ing separate networks for each parameter and combining them into one network for
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multiple output variables. The results of this study indicated minimal differences

between the two approaches.

Tsai and Tsai (2009) utilised ANNs to translate the signal from pressure transduc-

ers into signi�cant wave height, wave period, maximum wave height, and spectral

peakedness. They contrasted the outcomes with those achieved using a linear wave

pressure transfer function, revealing that for water depths exceeding 20 meters, the

ANNs exhibited notably superior performance.

In 2015, Gopinath and Dwarakish demonstrated that Non-linear AutoRegres-

sive models with eXogenous inputs (NARX) required fewer data compared to tradi-

tional ANNs to achieve comparable results (Gopinath and Dwarakish, 2015). Peres

et al. (2015) introduced a methodology that utilises the reanalysis of wind data and

ANNs to address gaps in time series and extend the periods of buoy data for the

Italian Sea Monitoring Network. Their research focused on employing ANNs to

extend the observed time series of signi�cant wave heights. Londhe et al. (2016) em-

ployed ANNs to forecast errors in wave forecasting and incorporated or subtracted

these errors from the predictions of the numerical model, thereby enhancing their

accuracy. Salah et al. (2016) identi�ed that a hybrid model combining SWAN and

ANNs surpassed both conventional and soft-computing approaches. However, in

2017, Abhigna et al. observed that ANNs performed less effectively in predicting ex-

treme values of wave heights, encompassing both high and low extremes (Abhigna

et al., 2017). Concurrently, Mudronja et al. (2017) reported that ANNs outperformed

traditional models when dealing with a high number of input variables. James et

al. (2018) proposed an ANN to forecast wave conditions and compared numerical

prediction model SWAN with neural network-based predictive models in terms of

results and computation times accuracy. They found that thnetwork performancerk

was slightly decreasing when the wave parameters were close to the coastline, given

the more prominent presence of side effects in wave motion.

In 2020, Vieira et al. employed ANNs to �ll data gaps in wave records, using

wave and wind parameters as inputs (Vieira et al., 2020). They conducted several

FFNNs with three or �ve inputs and concluded that wind was not an essential pa-

rameter in this context, contrary to previous �ndings. Similarly, Stavarache et al.

explored methods to optimize ANNs for wave prediction and proposed replacing

the conventional trial-and-error approach with genetic algorithms (St�av�arache et al.,

2020). Moreover, Wu et al. (2020) proposed a physics-based ML model to forecast

the signi�cant wave height and the peak wave period. Speci�cally, the initial wave

boundary conditions and the wind speed and direction are used as input data in

the physics-based model SWAN to design the model structure. Then, a backprop-

agation NN with three hidden layers and twenty nodes in each layer is adopted to

learn the relationship between the inputs and the forecasted outputs. The forecast

results demonstrated the model's reliability due to their similarity with the observed
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data. However, the accuracy of the system decreases with the lead time. Addition-

ally, from the work of Fan et al. (2020), the traditional neural networks are unsuit-

able for predicting signi�cant wave heights due to their facility to reach the over�t-

ting. Meanwhile, the LSTM achieved consistent results with the actual data. Gao

et al. (2021) found similar results. They determined that Long Short-Term Memory

(LSTM) networks offered several advantages over other soft-computing and conven-

tional models. They emphasized that a higher number of hidden neurons did not

consistently lead to better results, stressing the importance of adjusting this number

according to each wave height, aligning with the �ndings of Jörges et al. (Jörges et

al., 2021). Moreover, Zhang et al. (2021) observed that the accuracy of the prediction

models decreased with the increase in the prediction time.

Sadeghifar et al. (2022) conducted a study comparing the effectiveness of vari-

ous soft-computing techniques, including ANNs, ANFIS, Random Forest, and M5P

models, and demonstrated that the M5P model outperformed the others. Moreover,

Wang et al. (2022) proposed a novel method to study the reconstruction of nearshore

waves based on Physics Informed Neural Networks (PINNs). Such NNs consider

the laws of physics that govern the data described by partial differential equations.

In their study, Wang et al. used the PINN model to reconstruct nearshore waves

taking into account the physic behind the process. They considered shoaling, refrac-

tion and depth-limited wave breaking in the wave energy balance equation and the

dispersion relation to study the phenomena. The authors simulated two scenarios:

an alongshore uniform barred beach and a circular shoal. In the �rst one, the PINN

was trained with numerical simulations from XBeach. In the second scenario, the

model was trained with laboratory experiments in which the authors calculated the

RMSE wave height. Results from PINN showed a good correlation with the results

obtained from XBeach. Also, the model was compared to a conventional ANN, and

the analysis of the results demonstrated a better PINN behaviour of PINNs than

the traditional ANN because it considered the physical equations. Wei and Davi-

son (2022) conducted a similar study in which a CNN-based model was compared

to two other wave prediction models: a traditional statistical model and a physics-

based model. The CNN-based model outperformed both of these models in terms

of prediction accuracy.

In the same year, some preliminary studies were conducted for the port of Au-

gusta. Different ANNs were developed for speci�c points of the study area to fore-

cast wave climate. Additionally, to verify the reliability of the NNs, an entire storm

that affected the port of Augusta was simulated through SWAN, considering the

characteristics of storm waves as input data. Resulted showed that the ANNs are

allowed reliable forecasts of sea conditions both outside and inside the port basin

(Castro et al., 2022; Cavallaro et al., 2022). However, these ANNs developed to

date have been trained using a multitude of scenarios provided by physically based

models, demanding substantial memory and computational resources. In a study

conducted by Iuppa et al. (2022), the sensitivity of these ANNs was assessed across



4.6. State of art of ANNs in Ocean Engineering 45

three datasets. The initial dataset comprised 146,875 scenarios, while the subsequent

two datasets were reduced by 95% and 99% from the �rst. These datasets were gen-

erated by altering wind characteristics (velocity and direction) and wave attributes

(signi�cant wave height, mean direction, and peak period) without following spe-

ci�c criteria. The results of this study showed that a reduction in the input data had

relevant consequences, especially in the estimation of the wave direction.

FFNN emerged as the most commonly utilised among the various types of net-

works, although LSTM neural networks have shown promising results in recent

years. Regarding network architecture, most studies employed a three-layer neural

network, as additional layers did not signi�cantly enhance performance. In ocean

engineering, shallow ANNs with a single hidden layer suf�ce for wave-height fore-

casting. The determination of the number of inputs and outputs is contingent upon

the speci�c physics of the problem and necessitates individual examination. Simi-

larly, the number of hidden neurons is dictated by the complexity of the problem and

typically undergoes optimisation through trial-and-error analysis. Backpropagation

and Levenberg-Marquardt were the most commonly employed for wave height pre-

diction. The ef�cacy of each algorithm hinges on the speci�c characteristics of the

problem at hand, necessitating careful consideration to select the most suitable ap-

proach. In terms of error measures, the Coef�cient of correlation (R) was utilised

as a primary metric for network optimization, while some studies also employed

Root Mean Square Error (RMSE), with additional statistics varying depending on

the study and the authors' preferences.

4.6.2 Forecasting of water level, tides and extreme waves

In 1999, Tsai and Lee were among the �rst researchers to employ ANNs for tide

prediction (Tsai and Lee, 1999). Two years later, Lee and Jeng (2002) experimented

with various network architectures, including those with 1 and 2 hidden layers,

ultimately �nding that a single hidden layer using the backpropagation algorithm

yielded the best performance. Lee (2004) conducted a similar study focusing on

long-term tide prediction, demonstrating that ANNs were comparably accurate

to traditional harmonic analysis methods while requiring less data.Chang and

Lin (2006) compared ANN results with those from the global ocean tide model

NAO.99b (Matsumoto et al., 2000) and concluded that both methods exhibited ac-

curacy, suggesting that ANNs could be effectively applied across different locations

with similar tide characteristics.

Liang et al. (2008) conducted comparative analyses of one-step and multistep

methods, concluding that the latter was superior for predicting water levels. In the

same year, Han and Shi (2008) explored water level prediction and emphasized the

applicability of this technique for both short-term and long-term forecasts. More-

over, Oliveira and Ebecken (2009) suggested that neural networks could comple-

ment standard harmonic models.
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Wenzel and Schröter (2010) utilised ANNs for two main objectives: �lling gaps

in tide gauge time series and estimating the progression of regional mean sea lev-

els based on these tide gauge records. In the subsequent year, Pashova and Popova

compared the performance of �ve different neural network models in predicting

water levels, determining that the FFNN with the Levenberg-Marquardt algorithm

achieved the best performance overall, with LM being the fastest. At the same time,

the Broyden-Fletcher-Goldfarb-Shanno method yielded optimal results in most sce-

narios (Pashova and Popova, 2011). Filippo et al. (2012) similarly concluded that

ANNs represented a highly effective tool for water level prediction, serving as a

valuable complement to traditional harmonic analysis techniques.

In 2015, El-Diasty and Al-Harbi conducted a comparative analysis of an ANN,

traditional harmonic analysis, and a wavelet network, which integrates the NN with

wavelet decomposition. The �ndings indicated that the wavelet network exhibited

the highest accuracy (El-Diasty and Al-Harbi, 2015). The same authors conducted

further research utilising the wavelet technique, combining it with harmonic anal-

ysis, resulting in even better performance (El-Diasty et al., 2018). Zhao et al. (2019)

applied various ANNs to forecast sea level anomalies. They utilised the least-square

�tting methodology to predict sea level variation and employed different NN mod-

els for stochastic residual terms. This hybrid approach demonstrated relatively high

precision in their results. Additionally, ANNs were used to forecast storm surges.

For instance, Kim et al. (2019) studied the development of a storm wave prediction

model based on ANN for forecasting intervals of 5, 12, and 24 hours. The study

identi�ed a greater accuracy of the network for short forecast intervals rather than

24 hours due to the little in�uence that the storms had on the weather and sea con-

ditions in the previous period of the event.

Wang et al. (2020a) also employed wavelet networks for tides and seawater level

prediction. In particular, they combined wavelet decomposition with ANFIS mod-

els for multi-hour sea level prediction, highlighting the advantages of these hybrid

models. Additionally, they enhanced wavelet networks by introducing a momen-

tum term (Wang et al., 2020c), further improving them using a genetic algorithm to

optimise NN weights and parameters (Wang et al., 2020b). All these models demon-

strated signi�cantly superior performance compared to traditional harmonic analy-

sis. Also, Bruneau et al. (2020) investigated sea level extremes using a NN. Lever-

aging data from 600 tide gauges worldwide, they predicted non-tidal residuals and

extreme events, concluding that ANNs outperformed predictions based on multi-

variate linear regressions.

Siqueira and Moraes Paiva (2021) employed a hybrid approach, combining

process-based and data-based models to enhance sea level forecasting. They utilised

the process-based model for forecasting the linear component and ANNs for pre-

dicting the non-linear component, resulting in signi�cantly improved results. Yang

et al. (2021) utilised NNs with more than two hidden layers to predict tides and

investigated the impact of data gaps in records. They determined that among all
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methods tested, NNs yielded the best performance.

Bai and Xu (2021) conducted a comparative analysis between RBF and LSTM,

introducing an innovative approach: bidirectional LSTM. This model combines in-

formation from both forward and backward directions of time series and demon-

strated superior performance compared to RBF and traditional LSTM. Bento et al.

(2021) found that in scenarios involving extreme unforeseen events, NNs slightly un-

derestimated time-series predictions, indicating the need for additional data. They

observed that the accuracy of NNs was also in�uenced by seasonality, with win-

ter forecasts being less accurate due to increased variability than summer forecasts.

Moreover, Igarashi and Tajima (2021) investigated the performance of non-linear

regression models based on RNN to predict the storm surge. The RNN based its

performance on the calculation of MSE between the expected storm surge heights

and those obtained from numerical simulation. It provides better predictive perfor-

mance with more than two layers and ranges from 20 to 80 arti�cial neurons.

Lastly, Chen et al. (2022) built an LSTM to forecast storm surges in the East China

Sea. They used 60 years of observation data from meteorological stations as input

data. Speci�cally, air pressure, wind speed direction, and tide level were used to

train the LSTM to forecast one hour, three hours, seven hours, and 15 hours of storm

surge. RMSE was calculated to quantify the model's performance, and its value

increases when the prediction time increases, which means that the prediction per-

formance of the model becomes worse.

Among all types of networks, the FFNN emerged as the most widely utilised,

although in recent years, there has been a noticeable rise in the popularity of Wavelet

Neural Networks. Regarding network architecture, the conclusions mirror those

outlined in Section 4.6.1.

4.6.3 Knowledge gaps

ANNs operate without strict governing rules, allowing them to effectively handle

problems characterised by random distributions of variables (Maier and Dandy,

2000). This �exibility enables ANNs to adapt to complex and dynamic environ-

ments, making them well-suited for tackling the unpredictable nature of ocean

and maritime engineering problems. However, they are usually described as black

boxes, i.e. they capture the hidden relationships between inputs and outputs with

a highly accurate approximation; Why or how they �nd a solution is unknown

(Foresee and Hagan, 1997). Moreover, one of the main limitations of ANNs is that

they rely on precise numerical inputs and may struggle when handling ambiguous

or uncertain data. Also, they can be challenging to modify or update once trained,

limiting their usefulness in dynamic environments. The quantity of data samples

utilised for training and validating the network is contingent upon several factors,

such as the nature of the problem, the data type, and the neural network type.

For this reason, integrating various AI methodologies and crafting hybrid models

encompassing ANNs, such as ANFIS models, hybrid wavelet models, and those
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amalgamating traditional approaches with soft computing, yield substantial bene-

�ts. These hybrid models require less data than conventional ANNs and typically

perform better. In recent years, wavelet neural networks have demonstrated note-

worthy ef�cacy in water level and tide prediction, while LSTM and ANFIS models

have emerged as promising tools for forecasting wave heights.

Additionally, according to Portillo Juan et al. (2023), input uncertainties in ANNs

in ocean engineering pertain to variables utilised as inputs, encompassing both

aleatoric and epistemic components, in which aleatoric facet stems from variable

measurement inaccuracies, buoy or tide gauge precision, and associated noise. Con-

versely, the epistemic pertains to uncertainties inherent in the ANN model, which

this article addresses. Developing an ANN necessitates selecting optimal input

variables and determining the requisite data volume for training and validation.

However, there needs to be a de�nitive approach to identifying the ideal dataset

size and input variables without incurring unnecessary computational overhead

(Iuppa et al., 2022). While speci�c predictors may better model the process, their

selection for NN modelling demands careful consideration. Yet, a transparent

methodology for optimising input quantity and data volume in ANN models still

needs to be discovered, with the majority resorting to trial and error, entailing signif-

icant computational burdens. Also, model uncertainties in ANNs can be delineated

into parameter and structural uncertainties, where the parameter uncertainties re-

late to the selection of model parameters, including algorithms, initial weights, and

data partitioning. Although some algorithms demonstrate superior performance,

a de�nitive methodology for algorithm selection must still be present. Likewise,

methods for choosing initial weights and data partitioning lack standardisation,

exacerbating the variability inherent in neural network outcomes. Structural uncer-

tainties, on the other hand, involve uncertainties surrounding model architecture,

encompassing transfer function selection, layer count, and node quantity per layer.

Like other uncertainties, transparent methodologies for optimising these parame-

ters must be improved, often necessitating a trial-and-error approach that incurs

substantial computational costs.

Moreover, existing ANNs have been developed to focus on speci�c points of in-

terest, such as piers and port entrances, which means that ANNs are designed to re-

trieve met-ocean data only at these particular points and may not consider other ar-

eas where the data could be relevant for risk mitigation. More extensive knowledge

of the wave climate across a wider area, rather than just speci�c points, is needed

to improve the ef�ciency and accuracy of early-warning systems. This broader data

could help to identify potential risks and mitigate damages.
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Chapter 5

Case Study: the Port of Augusta

5.1 Overview

Port of Augusta is one of Italy's most signi�cant seaports, strategically positioned in

the heart of the Mediterranean Sea. Its signi�cance lies in its historical role as a com-

mercial and defensive hub and its current status as a key node in Italy's maritime

infrastructure. Its infrastructure is designed to accommodate a diverse range of ves-

sels, from large tankers and military ships of the NATO �eet to smaller recreational

boats. The port's deep waters, protected by breakwaters, and the large sheltered

area allow it to handle signi�cant maritime traf�c, supporting sectors such as oil,

chemicals, steel, and agriculture.

Given its signi�cance, the Port of Augusta and its surrounding area were selected

as a case study to explore various aspects of port safety, meteorological conditions,

and regulatory frameworks. This includes an analysis of the geographical and struc-

tural characteristics of the port, such as its location, exposure, and the conformation

of its structural elements. The study also delves into the regulatory framework, nav-

igation rules, and traf�c conditions to identify critical issues and best practices in

port safety. Furthermore, an analysis of maritime traf�c and accident reports from

the Port Authority of Augusta was conducted, revealing insights into the types of

accidents occurring within the port. The study highlights the role of human error,

adverse weather conditions, and mechanical failures as primary causes of accidents.

The �ndings emphasize the importance of continuous improvement in safety mea-

sures and technological advancements to minimize the risks associated with high

maritime traf�c.

5.2 Introduction to the Port of Augusta

The Port of Augusta is one of the most important ports in Italy. Due to its position,

the port represents a key seaport in the heart of the Mediterranean Sea, renowned

for its commercial, logistical, and industrial importance. It is Italy's primary oil port,

handling over 32 million tons of liquid cargo annually, and the adjacent petrochem-

ical complex re�nes about 60% of the national fuel demand. Equipped with modern

infrastructure, it provides extensive services and facilities for docking and handling
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ships. Its quays and terminals are equipped to accommodate a wide range of ships,

including recreational boats and military vessels from the NATO �eet, facilitating

the transit of goods and passengers globally. As a central logistics hub, the port

handles vessels and cargo from the oil, chemical, steel, and agriculture sectors. Ad-

ditionally, it boasts robust supporting infrastructure, including a shipyard and repair

and maintenance services, which enhances the safety and reliability of ships passing

through. As a key player in the European Union's strategic TEN-T Core Network,

the Port of Augusta serves as a hub for trade and connectivity and sets a high stan-

dard for sustainability and environmental protection. With a range of passenger

services, state-of-the-art infrastructure, and ef�cient operations, the port is a shin-

ing example of how economic growth can be achieved without compromising the

environment. Its commitment to sustainability is not just a statement but a prac-

tice deeply ingrained in its operations, making it a pivotal player in Mediterranean

trade and connectivity. For all these reasons, the port of Augusta was chosen as a

case study. A description of the port from the point of view of the characteristics

that in�uence the meteorological conditions (location, exposure, geometric confor-

mation, and conformation of the structural elements of the port) and the regulatory

framework and traf�c conditions are presented. To identify critical issues and the

virtuousness of the Port of Augusta in the context of port safety, a picture of acci-

dents will also be obtained from the analysis of the reports of the Port Authority

of Augusta. All this will be done to contextualise the dynamics in the harbour and

the boundary conditions of the models used during the data processing phase in a

complete way, which will be introduced in the following chapters.

5.2.1 The port area

Augusta's urban centre is between Catania and Syracuse along Sicily's eastern coast.

Since Emperor Federico II di Svevia founded the town in 1233, it has served as a com-

mercial and defensive hub for the region, bene�ting from the geographical features

that make it one of the most signi�cant natural ports in the lower Mediterranean.

The Augusta harbour is partially natural, de�ned by several geographical ele-

ments. To the north, a rocky headland extends to the islet of Capo S. Croce, while

to the south, the harbour is bordered by the Magnisi Peninsula. The historic centre

of Augusta lies within these boundaries, on an island in the upper part of the port.

Additionally, inside the harbour, near the commercial area, there is an islet called

Forte Vittoria Garcia, covering an area of approximately 40,000 m 2. The Augusta

bay comprises three main sections:

• Porto Xifonio . The sea area between Punta Izzo and Punta Carcarella, where

refraction phenomena are signi�cant.

• Porto Megarese. The area sheltered by breakwaters, dominated by diffracted

waves and locally generated waves.
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• Seno di Priolo . The region stretching from the southern Megarese breakwaters

to the Magnisi Peninsula.

The harbour covers an area of approximately 23 km 2. It is protected by 6.5 kilo-

metres of breakwaters, with two entrances, Levante and Passo Sud, are exposed to

waves from the �rst and second quadrants. The Levante entrance is around 480 me-

ters wide, while Passo Sud is approximately 260 meters wide. The average depth

of the sheltered area is about 15 meters, with the maximum depth being 21.8 meters

in the central area of the sheltered area. The operative piers have an average depth

of around 10 meters. The fetches inside the harbour are approximately 4.5 kilome-

tres along the East-West direction and 8 kilometres along the North-South direction.

However, the harbour's vast basin and local winds can cause signi�cant wave gen-

eration inside the harbour, posing threats to manoeuvring and moored ships. It is

Italy's primary oil port, handling over 32 million tons of liquid cargo annually, and

the adjacent petrochemical complex re�nes about 60% of the national fuel demand.

The port spans a water surface area of 23 million square meters, features 46 docking

stations, with jetties totalling 6,850 meters in length, and quays totalling 1,200 meters

in length (Autorità di Sistema Portuale del Mare di Sicilia Orientale, 2024).

Moreover, Augusta's tourist port was established within Porto Xifonio and is a

tourist accommodation facility capable of hosting various boats and ships. It covers

79,950 square meters, 36,800 square meters of land and a water surface of 43,150

square meters. It can accommodate 247 vessels along 800 meters of quays and 370

meters of �oating piers, providing essential services such as electricity and water.

This port was created to become the �rst large marina dedicated to pleasure boats

in the Mediterranean, offering shipowners exclusive services for both vessels (high-

level shipyard, services, and berths suitable for mooring yachts) and the owners

themselves. Geographically, the port is perfectly positioned, as its central location

in the Mediterranean makes it an ideal starting point for all routes to Malta, Greece,

and North African countries, as well as to the Aeolian and Egadi Islands and all the

countries bordering the Mediterranean.

In this study, to have a more accurate and comprehensive assessment of nearshore

wave characteristics, other areas near the port of Augusta were considered:

• Costa Pergola, The sea area in the north of Augusta port with a rocky head-

land.

• Rada di Santa Panagia, The area located between the Magnisi peninsula and

Capo S. Panagia. The bottom of the bay is covered in sand, with some rocky

slabs emerging.

• Baia di Siracusa. The region in the south of Rada di Santa Panagia.

Figure 5.1 presents the case study area.

The port areas in the Seno di Priolo and the rada di Santa Panagia host signi�cant

industrial facilities, including oil re�neries and petrochemical plants. However, not
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