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IInnnnoovvaattiioonn,,  MMoonniittoorriinngg  aanndd  DDaattaa--DDrriivveenn    
AApppprrooaacchheess  ffoorr  aa  RReessiilliieenntt  CCooaassttaall  FFuuttuurree 
 
The second 2024 Volume of Coastal and Ocean Science and Engineering (COSE) brings together a 
diverse yet conceptually cohesive collection of five scientific contributions that examine the evolving 
relationship between coastal observation, modelling, prediction, and risk assessment. This issue re-
flects a discipline in transition: as climate-driven pressures intensify, coastal engineering is increas-
ingly shaped by integrated, data-rich methodologies capable of translating physical complexity into 
actionable insight. 
Across the contributions gathered in this Special Issue, there is a clear convergence of advanced mon-
itoring platforms, multi-scale numerical methods, artificial intelligence, and refined statistical anal-
yses. Together, these tools are reshaping how coastal scientists interpret structural vulnerability, pre-
dict hydrodynamic processes, and manage escalating climate risk. The studies share a common am-
bition: to develop coastal systems that are not only better understood and more predictable, but also 
more resilient and adaptively managed. 
The articles in this volume span a broad range of themes—from hybrid visual–aerial monitoring of 
maritime infrastructure, to bottom-up climate stress-testing, to neural-network-based wave forecast-
ing, to statistical detection of tide–surge interactions, and finally to multi-sensor remote sensing for 
infrastructure assessment. Taken together, they exemplify a contemporary coastal engineering para-
digm rooted in high-resolution observation, data assimilation, and anticipatory risk governance. 
 
11..  SSyysstteemmaattiicc  OObbsseerrvvaattiioonn  aanndd  DDiiggiittaall  MMoonniittoorriinngg  ooff  MMaarriittiimmee  IInnffrraassttrruuccttuurree  
The first contribution presents an extensive application of LNEC’s OSOM+ methodology, a modern-
ised evolution of Portugal’s long-standing systematic monitoring programme for rubble-mound 
breakwaters and maritime structures. By integrating GPS-referenced visual inspections, high-resolu-
tion drone photogrammetry, and a sophisticated web-based GIS platform (ANOSOM-WEB), the 
methodology provides a comprehensive digital framework for tracking structural performance and 
diagnosing early-stage anomalies. 
Using the West Breakwater at the Port of Sines as a case study, the authors demonstrate how multi-
temporal photogrammetric products—orthomosaics, point clouds, digital surface models, and struc-
tural profiles—enable the detection of subtle armour-unit displacements and morphological adjust-
ments. Crucially, OSOM+ transforms observational data into a decision-support system, allowing 
port authorities to schedule targeted maintenance based on quantitative assessments of structural 
evolution, risk condition, and spatially explicit diagnostics. 
This work highlights a defining shift in contemporary coastal engineering practice: monitoring is no 
longer episodic, but continuous, spatially comprehensive, and digitally integrated—strengthening 
both operational preparedness and long-term resilience planning. 
 
22..  BBoottttoomm--UUpp  RRiisskk  AAsssseessssmmeenntt  aanndd  CClliimmaattee  SSttrreessss--TTeessttiinngg  ffoorr  FFuuttuurree  FFlloooodd  HHaazzaarrddss  
The second article offers a compelling comparison between top-down, scenario-driven climate as-
sessments and bottom-up, vulnerability-focused frameworks, arguing for the complementary value 
of the latter under conditions of deep uncertainty. While top-down approaches ensure consistency 
with global climate projections, bottom-up methods excel at identifying local thresholds, adaptive 
capacities, and socio-environmental vulnerabilities that often determine real-world risk. 
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The authors show how participatory processes, fine-scale system mapping, and climate stress-testing 
can reveal critical tipping points—structural, social, or ecological—that remain invisible in scenario-
based modelling alone. Their analysis reflects a broader conceptual shift: coastal risk assessment is 
evolving from a projection-centred exercise toward a resilience-oriented, locally grounded planning 
strategy. 
In the context of accelerating sea-level rise and increasing storm impacts, this contribution under-
scores the need for hybrid frameworks that integrate climate science with site-specific knowledge 
and adaptive pathway planning, thereby fostering more flexible and robust adaptation strategies. 
 
33..  AArrttiiffiicciiaall  IInntteelllliiggeennccee  ffoorr  NNoonnlliinneeaarr  WWaavvee  FFoorreeccaassttiinngg  
The third contribution explores the growing interface between machine learning and phase-resolving 
wave modelling, demonstrating how neural networks can enhance the predictive skill of coastal 
wave forecasting systems. By training neural networks on hindcast datasets and high-fidelity non-
linear wave simulations, the authors successfully reconstruct complex wave dynamics, capturing 
short-term variability and nonlinear behaviour that are often underestimated by conventional ap-
proaches. 
The study highlights several key advances: 

• integration of artificial intelligence with deterministic hydrodynamic models; 
• improved representation of nonlinear processes such as wave–wave interactions; 
• enhanced forecasting at temporal scales relevant to harbour agitation, overtopping, and near-

shore operations. 
The resulting hybrid modelling framework illustrates how machine learning can augment—rather 
than replace—physics-based simulation. Together, these approaches offer strong potential for real-
time forecasting systems capable of supporting coastal safety protocols and port operations under 
increasingly volatile meteorological conditions. 
 
44..  DDeetteeccttiinngg  TTiiddee––SSuurrggee  IInntteerraaccttiioonn  iinn  tthhee  AAddrriiaattiicc  SSeeaa  
This study addresses a fundamental yet underexplored question for the Adriatic Sea: whether storm 
surges and astronomical tides interact statistically to influence extreme water levels. Applying three 
independent statistical frameworks—distributional analysis of extreme surges, timing relative to 
high tide, and correlation between skew surges and high tides—the authors analyse long-term tide-
gauge records from the northern, middle, and southern Adriatic. 
The results present a nuanced picture. While individual methods or locations exhibit weak indica-
tions of interaction, no consistent or robust evidence of tide–surge interaction emerges across all tests. 
This finding is particularly relevant in the context of the Adriatic’s microtidal regime, where storm 
surges dominate extreme sea-level events. 
By clarifying the limited role of tide–surge interaction in this basin, the study supports simplified 
modelling approaches in which tidal and surge components can be treated as largely independent—
improving hazard quantification and flood-risk assessment. 
 
55..  MMuullttii--SSeennssoorr  RReemmoottee  SSeennssiinngg  ffoorr  CCooaassttaall  SSttrruuccttuurree  AAsssseessssmmeenntt  
The final contribution introduces an advanced RTK-anchored, multi-sensor remote-sensing work-
flow that integrates UAV-SfM, handheld SfM, smartphone LiDAR (sLiDAR), and terrestrial laser 
scanning into a unified monitoring framework for rubble-mound breakwaters. Beyond methodolog-
ical innovation, the study presents a fully reproducible uncertainty-quantification protocol, incorpo-
rating hybrid M3C2 analyses and LoD95 detection thresholds. 
The authors demonstrate: 
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• how different sensing platforms complement each other in terms of coverage, resolution, and 
access to occluded or porous zones; 

• how multi-sensor co-registration yields engineering-grade point clouds suitable for as-built 
verification; 

• how formalised uncertainty propagation supports defensible change detection. 
By lowering technical and financial barriers to high-resolution monitoring, this workflow offers sub-
stantial benefits for routine coastal infrastructure management, enabling more frequent, accurate, 
and comprehensive assessments under increasing climate-related pressures. 
 
CCoolllleeccttiivvee  TThheemmeess  aanndd  EEmmeerrggiinngg  DDiirreeccttiioonnss  
Several unifying themes emerge across the five contributions: 
1. The rise of high-resolution, multi-source coastal observation 
Drone photogrammetry, remote sensing, and multi-sensor point clouds are redefining how coastal 
structures and processes are monitored. 
2. Integration of data-driven and physics-based modelling 
Neural networks, statistical methods, and hydrodynamic models are increasingly combined to ad-
dress complex nonlinear phenomena. 
3. Emphasis on uncertainty, thresholds, and systemic vulnerability 
Both bottom-up stress-testing and multi-sensor workflows highlight the importance of understand-
ing failure conditions and risk propagation. 
4. Need for flexible, adaptive risk-management strategies 
As sea levels rise and storms intensify, adaptation planning must be iterative, locally grounded, and 
scenario-rich. 
5. A shift toward predictive and near-real-time capability 
AI-enhanced forecasting, high-frequency monitoring, and digital diagnostic platforms point toward 
a dynamic future for coastal risk assessment. 
 
CCoonncclluuddiinngg  RReemmaarrkkss  
Volume II (2024) of COSE, a special issue, offers a comprehensive snapshot of innovation at the in-
tersection of monitoring, modelling, and coastal risk analysis. It portrays a discipline in evolution—
moving toward predictive, high-resolution, and system-aware methodologies that are essential for 
addressing the challenges posed by climate change. 
By advancing digital observation, hybrid modelling, and participatory risk assessment, the contribu-
tions in this Special Issue collectively strengthen the scientific foundations needed to design, manage, 
and safeguard coastal systems worldwide.  
This volume serves both as a reflection of current progress and as an invitation to future research, 
collaboration, and innovation in support of more resilient coasts and communities. 
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1 INTRODUCTION 
Since 1986, the National Laboratory for Civil 
Engineering (LNEC) has been developing the 
Systematic Observation of Maritime Works 
(OSOM) programme, aimed at monitoring the 
structural behaviour of rubble-mound 
breakwaters along the Portuguese continental 
coastline—namely the west and south coasts—as 
well as the island coastlines. The primary 
objective of the programme is the early 
identification of structural anomalies in maritime 
structures, thereby enabling timely maintenance 
and/or repair interventions while affected areas 
remain limited and remediation is simpler and 
more cost-effective. 
The OSOM methodology was initially based on 
systematic visual inspection campaigns, which 
provided data for the former ANOSOM database 
(Reis et al., 1995; Lemos et al., 2007). This 
database supports the assessment of the current 
condition, condition evolution, and risk level of 

the monitored maritime structures. Since the 
2010s, the OSOM programme has undergone 
significant developments. In 2017, with the 
integration of drone-based monitoring 
techniques, the programme evolved into OSOM+ 
(Capitão et al., 2018). 
The use of unmanned aerial vehicles (UAVs) has 
substantially improved the accuracy and level of 
detail in structural condition assessments, 
allowing more reliable quantification of 
settlements, volume losses, and other structural 
changes affecting the monitored structures. 
This paper presents LNEC’s experience in visual 
inspection and drone-assisted monitoring of 
rubble-mound breakwaters and demonstrates the 
application of the OSOM+ methodology through 
a specific case study: the Port of Sines, where 
inspection activities began in 2018 (Fortes et al., 
2019) under a contract established with the Port 
of Sines Authority (APS). Particular emphasis is 

AApppplliiccaattiioonn  ooff  tthhee  OOSSOOMM++  SSyysstteemmaattiicc  OObbsseerrvvaattiioonn  
MMeetthhooddoollooggyy  ttoo  MMaarriittiimmee  SSttrruuccttuurreess    
aatt  tthhee  PPoorrtt  ooff  SSiinneess    
R. Capitãoa, *, C.J.E.M. Fortesa, R. Lemosa, M.J. Henriquesa and L.G. Silvaa 
a LNEC - National Laboratory for Civil Engineering, Lisbon, Portugal  
* Corresponding author: Address: LNEC, Avenida do Brasil 101, 1700-066 Lisbon, Portugal; email: rcapitao@lnec.pt 

 
ABSTRACT: The current OSOM+ methodology developed at LNEC - National Laboratory for Civil 

Engineering has been applied to the maritime and port infrastructure at the Port of Sines with the objective of 
monitoring structural performance and, when necessary, recommending timely maintenance interventions. 

During monitoring campaigns, systematic photographic records were collected at georeferenced locations 
along each structure, and observed anomalies were identified. In addition, drone-based photogrammetric 
surveys were carried out, providing more detailed and accurate information on the condition of the structures. 
The integrated cloud-based GIS platform offers an intuitive and comprehensive online interface for data 
visualization, as well as a mobile interface that enables efficient on-site data input and real-time access to 
information stored in the maritime structures database. 

This methodology has enabled the assessment of the current condition, evolution, and risk status of the port 
structures at Sines. Based on these evaluations, maintenance and repair actions can be planned in a timely and 
informed manner. 

This paper compares the results of inspection campaigns conducted in 2018, 2020, 2022, and 2023 on the 
west breakwater, based on visual inspections and drone surveys, and supported by a critical analysis of 
georeferenced photographs, orthomosaics, point clouds, digital surface models, and cross-sectional profiles. 

The results indicate that only minor displacements of armour units have been observed along the Sines west 
breakwater, which, to date, have been classified as non-significant anomalies. 
 
 
KEYWORDS: Maritime structures, monitoring, visual inspection, drone survey, photogrammetry 
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placed on the port’s main protective maritime 
structure, the west breakwater. 
 
TTHHEE  PPOORRTT  OOFF  SSIINNEESS  

The Port of Sines is the largest artificial harbour 
in Portugal, operating as a deep-water port with 
natural bathymetries reaching depths of up to −28 
m CD (Chart Datum), as shown in Fig. 1. Owing 
to its strategic geophysical characteristics, it 
serves as Portugal’s main maritime gateway for 
energy supply, handling the import and export of 
containers, liquefied natural gas, coal, crude oil, 
and petroleum derivatives.  

  
Figure 1. The Port of Sines 

The port is equipped with specialised terminals 
designed for the efficient handling of various 
cargo types, all of which are protected by 
extensive rubble-mound breakwaters. 
All breakwaters at Sines are monitored under the 
OSOM+ programme, including the west 
breakwater, the east breakwater, the marina 
breakwater, the fishing harbour breakwater, and 
the service port breakwater (see Fig. 2). 
Among these, the west breakwater is the case 
study presented in this paper (outlined in yellow 
in the figure, while the remaining structures are 
shown in red). This breakwater suffered severe 
storm damage during 1978 and 1979, with 
progressive failure episodes that fractured and 
displaced large dolos armour units and 
undermined the superstructure, ultimately leading 
to extensive reconstruction works (Reis et al., 
2011). Subsequent repair interventions included 
the use of heavy Antifer-type cubes on widened 
sections and gentler slopes, followed by a final 
redesign to meet updated 100-year return-period 
sea states. These interventions highlighted the 
importance of armour unit mechanical strength 
limits, placement density, and the risks associated 
with storm climate underestimation. Such lessons 
are consistent with broader assessments of 
concrete armour integrity, which emphasise size-
effect fragility and the need for structural and 
hydraulic verification beyond notional stability 
numbers (Scaravaglione et al., 2022; Leone et al., 

2024). These considerations strongly motivate the 
implementation of systematic monitoring 
approaches, such as the one described in this 
study. 

  
Figure 2. Rubble-mound breakwaters at the port of Sines 

 
The breakwaters protect a wide range of critical 
infrastructures, including five specialised 
terminals (liquid bulk, petrochemical, dry bulk, 
liquefied natural gas, and container terminals), a 
logistics activity zone, the fishing harbour, and 
the leisure marina. 
From a structural perspective, each breakwater 
consists of a core of finer material overlain by an 
armour layer composed of large units. In the more 
exposed sections, the armour layer comprises 
concrete units of various geometries—such as 
tetrapods, Antifer cubes, or parallelepipeds—to 
enhance stability and wave energy dissipation. 
The superstructures of the breakwaters are 
constructed in reinforced concrete. Access 
conditions vary across the structures: while some 
breakwaters are publicly accessible, others are 
located within restricted operational areas with 
limited or prohibited public access. 

 
OOSSOOMM++  MMEETTHHOODDOOLLOOGGYY  

Introduction 

The OSOM+ methodology was developed to 
support infrastructure owners in the systematic 
monitoring of breakwaters and other maritime 
structures, enabling the timely recommendation 
of maintenance and/or repair interventions. It 
integrates systematic visual inspection campaigns 
with drone-based photogrammetric surveys, 
providing comprehensive and up-to-date 
information on structural behaviour and 
evolution. All collected data are stored in the 
ANOSOM database (Maia et al., 2017), which 
supports the characterization of each structure’s 
Present Condition, Evolution Condition, and Risk 
Condition. This diagnostic framework enables 
informed decision-making regarding the timing, 
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location, and urgency of required maintenance or 
repair works. 
More recently, the development of the 
ANOSOM-WEB interface has introduced a web-
based GIS platform accessible from any internet-
connected device (smartphone, tablet, or 
computer). During field campaigns, inspectors 
can use this platform to review data from previous 
inspections, access real-time condition 
assessments, and determine whether immediate 
intervention is required (Fig. 3). 

 
Figure 3. ANOSOM-WEB interface showing the west 
breakwater of the Port of Sines 

 
Currently, OSOM+ comprises four main 
components: 

• Periodic visual inspections conducted by 
trained personnel, including systematic 
GPS-tagged photographic and video 
documentation; 

• Periodic UAV-based aerial surveys using 
vertically oriented imagery; 

• The ANOSOM-WEB database, which 
stores all inspection data and supports 
condition assessment and diagnostic 
analyses; 

• A mobile application that enables in situ 
data entry and real-time access to 
inspection results. 

OSOM+ visual and UAV inspection campaigns 
systematically observe the emerged parts of the 
breakwaters, with surveys deliberately scheduled 
during low-tide conditions to maximise armour 
exposure and reduce surf-zone interference in 
geospatial products. It should be noted, however, 
that the absence of routine submerged monitoring 
may bias diagnostic assessments by failing to 
capture toe scour, filter exposure, or settlement 
patterns—mechanisms that have historically 
contributed to significant damage in concrete-
armoured structures, including the west 
breakwater at Sines, as discussed previously. 
Nevertheless, ANOSOM-WEB already supports 
the integration of “surveys of emerged and 
submerged zones,” enabling the future 

incorporation of multibeam bathymetry, side-scan 
sonar, ROV or diver inspections, and subsea 
photogrammetry to address this limitation (Reis 
et al., 2011). 

Visual inspection 

Visual inspections provide a rapid and intuitive 
means of monitoring the structural behaviour of 
rubble-mound breakwaters over time. These 
inspections, following the methodology outlined 
by Santos et al. (2003), are typically conducted on 
an annual basis and additionally after the 
occurrence of severe storm events that may have 
affected the structural integrity of the structure as 
a whole or of individual components. 
To enhance the reliability and consistency of 
observations, each breakwater is subdivided into 
distinct sections defined according to their 
specific physical and functional characteristics. In 
general, each section corresponds to a unique 
structural cross-section, with the breakwater head 
always defined as an individual section. For each 
section, a set of observation points is established 
and marked directly on the structure. During each 
inspection campaign, photographs and/or videos 
are acquired from these predefined locations 
using consistent photographic parameters—
including camera focal length, viewing direction 
and angle, and framing—to allow direct 
comparison over time. 
To ensure optimal visibility of the armour layers 
and filters (where present), visual inspections are 
preferably carried out at low tide. In addition, for 
safety reasons, inspections are conducted only 
under favourable weather conditions, ideally 
when the sea state is calm, thereby reducing the 
risk of accidents to inspection personnel. 

Aerial inspection 

The use of Unmanned Aerial Vehicles (UAVs), 
or drones, as demonstrated by Henriques et al. 
(2024), has significantly enhanced the accuracy 
and level of detail of structural condition 
assessments of rubble-mound breakwaters. UAV-
based surveys enable the acquisition of 
comprehensive data on the evolution of the 
structural envelope and facilitate the extraction of 
representative profiles in critical areas. Each 
UAV campaign produces high-resolution nadir 
aerial images captured along regular flight 
patterns. These images are processed to generate 
point clouds, digital surface models (DSMs), and 
orthomosaics, which complement ground-based 
visual inspections by providing additional 
perspectives, particularly in areas not readily 
accessible to inspectors walking on the structure. 
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At LNEC, the initial UAV surveys conducted in 
2017 employed a DJI Inspire V1 platform. 
Subsequent campaigns adopted the DJI Matrice 
300 RTK, significantly improving flight stability 
and operational safety, particularly under 
moderate to strong wind conditions (up to 54 km 
h⁻¹). From 2020 onwards, the integration of Real-
Time Kinematic (RTK) positioning further 
enhanced positional accuracy and overall survey 
reliability. 
Prior to 2020, UAV flights typically covered the 
full length of each breakwater, from head to root, 
while avoiding sensitive infrastructure (e.g. gas 
and petrochemical pipelines). Following 2020, 
compliance with updated European regulations 
required maintaining a minimum distance of 150 
m from buildings, which in some cases reduced 
survey coverage. To compensate for these 
restrictions, oblique image acquisition from flight 
paths over the sea was implemented to ensure 
adequate coverage of the structures. 
Typical flight parameters include altitudes of 30–
40 m and approximately 80% longitudinal and 
transverse image overlap. Flights are autonomous 
(pre-programmed) and are conducted during low-
tide conditions to maximise exposure of the 
armour layer. 
All necessary authorisations were obtained in 
advance from the relevant national authorities, 
including the National Aeronautical Authority 
(ANA), local Port Authorities, aerodrome and 
heliport authorities, and, where applicable, the 
Institute for Nature and Forest Conservation 
(ICNF). 
Weather conditions were closely monitored in the 
five days preceding each flight using official 
meteorological forecasts, with particular attention 
given to wind speed and gusts. 

The ANOSOM-WEB database 

The ANOSOM-WEB database, derived from the 
earlier ANOSOM system (Reis & Silva, 1995; 
Santos et al., 2003; Lemos & Santos, 2007), has 
undergone substantial development through the 
integration of a GIS-based interface aimed at 
improving the efficiency of querying and 
analysing information for each breakwater 
section. It is now implemented as a web-based 
Geographic Information System (GIS) platform 
that enables the centralised management, access, 
and analysis of all observational data. The 
platform is accessible from any internet-
connected device (smartphone, tablet, or personal 
computer) and was developed using modern web 
technologies, including PHP/Laravel for backend 
development, JavaScript with Bootstrap and 
jQuery for frontend interactivity, and Leaflet for 
spatial data visualisation and map integration 

(Maia et al., 2017). The GIS functionalities are 
supported by MySQL spatial extensions, which 
enable efficient storage, querying, and 
manipulation of georeferenced datasets. 
The system supports the import and visualisation 
of standard geospatial formats, such as shapefiles, 
and integrates cartographic layers from third-
party services, including ESRI/ArcGIS. This 
allows users to visualise inspection data directly 
over accurate basemaps and customised site 
plans. Key functionalities include interactive 
spatial mapping, attribute querying, and retrieval 
of historical records, which together facilitate 
spatio-temporal analysis of structural condition. 
In addition, the platform provides structured input 
forms for both visual inspection and UAV survey 
data, which are georeferenced and linked to 
individual structural components or sections. This 
enables a seamless workflow from field data 
acquisition to analytical diagnosis, ensuring that 
maintenance decisions are based on 
comprehensive and up-to-date information. 

 
The ANOSOM-WEB platform provides the 
following core functionalities: 

a) Storage and analysis of visual inspection 
and UAV survey data, as well as other structural 
inspection inputs (e.g. surveys of emerged and 
submerged zones); 

b) Diagnostic assessment of each breakwater 
section, including Present Condition, Evolution 
Condition, and Risk Condition, based on 
predefined and calibrated evaluation criteria 
(Santos et al., 2003); 

c) Consultation of historical records, including 
design documentation, past interventions, 
hydrographic and aerial surveys, and underwater 
inspections; 

d) Physical characterisation of each section, 
including geometry, construction materials, and 
standard cross-sectional configurations. 
The platform enables real-time diagnosis of 
structural condition, allowing on-site users to 
assess whether immediate maintenance or repair 
actions are required. Figure 4 illustrates the 
interface’s capability to retrieve photographs and 
related information linked to specific locations 
and inspection events. Initially populated with 
design-phase data, the database has since been 
continuously updated with results from 
systematic inspection campaigns and records of 
structural modifications following major 
interventions. 
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Figure 4. ANOSOM-WEB interface showing photographs 
and related information for the west breakwater at the Port 
of Sines (point 35, section I, head) 

 
AAPPPPLLIICCAATTIIOONN  TTOO  TTHHEE  SSIINNEESS  WWEESSTT  

BBRREEAAKKWWAATTEERR  

Integrated visual and UAV monitoring 

This section presents the application of the 
OSOM+ methodology to the monitoring of the 
west breakwater at the Port of Sines. The analysis 
integrates inspection data obtained from four 
monitoring campaigns conducted in 2018, 2020, 
2022, and 2023. These campaigns combined 
traditional systematic visual inspections with 
drone-based (UAV) surveys. 
The comparative assessment is based on a 
comprehensive set of geospatial products, 
including georeferenced photographs, 
orthomosaics, dense point clouds, digital surface 
models (DSMs), as well as longitudinal and 
transversal profiles. Together, these products 
enable a detailed and multi-dimensional 
interpretation of the structural evolution of the 
breakwater over time. 
This integrated monitoring approach allows the 
detection of subtle morphological changes, the 
quantification of structural displacements, and the 
evaluation of the overall condition of the armour 
layer with increased accuracy. The combination 
of UAV-derived data with systematic visual 
inspections ensures a robust and cross-validated 
interpretation of physical changes, thereby 
supporting more reliable decision-making for 
maintenance planning and risk management at the 
Port of Sines. 

Visual inspection 

For the visual inspection campaigns, the west 
breakwater was subdivided into nine sections (A 
to I), according to the distinct physical and 
functional characteristics of the structure. Within 
each section, several georeferenced observation 
points were defined, with their number varying 
according to the extent of the section and the 
presence or clarity of identified anomalies (Fig. 
5).  

 
Figure 5. Sines west breakwater showing the division into 
sections (A to I) and visual reference points (1 to 37) 

 
For each section, a qualitative assessment of the 
current structural condition was carried out, 
focusing on the state of the armour layer, the 
superstructure, and the inner filter layers. 
Observations included aspects such as armour 
unit displacement, block fractures, and material 
degradation, which were recorded using 
predefined qualitative scales (e.g., for unit 
displacement: none, few, some, many). 
Figures 6, 7, and 8 present photographs taken 
during the 2018, 2020, and 2022 inspection 
campaigns, respectively, at predefined 
observation points on the Sines west breakwater. 
These include point 27 on the seaward side of 
section G, point 28 on the harbour-side of section 
G, and point 37 at the breakwater head (section I). 
Comparisons between the 2018, 2020, and 2022 
campaigns revealed some localized structural 
changes, which are illustrated in Figures 9 and 10. 
These figures show photographs from the 
locations where the most relevant changes were 
detected, namely section F at point 24 (Fig. 9) and 
section F at point 27 (Fig. 10). In both cases, 
block breakage was observed between successive 
inspection campaigns. 
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Figure 6. 2018 visual observation at point 27F (F – front 
direction) of the Sines west breakwater (outer armour layer) 

 

 
Figure 7. 2020 visual observation at point 28F of the Sines 
west breakwater (inner armour layer)  

 

  
Figure 8. 2022 visual observation at point 37T (T – back 
direction) of the Sines west breakwater (head, section I) 

 
 
 
 
 

Overall, based on the in situ visual inspections 
conducted in 2022, no significant changes in the 
general condition of the breakwater were 
identified when compared with the 2018 and 2020 
surveys. Some localized alterations, such as 
isolated broken blocks and minor armour unit 
displacements, were observed; however, these 
were classified as non-significant and do not 
compromise the overall structural integrity of the 
breakwater. 

 
Figure 9. Visual observation at point 24L (L – lateral 
direction) of the Sines west breakwater (2018–2020–2022). 
Broken Antifer block observed between 2020 and 2022  

 

 
Figure 10. Visual observation at point 27F of the Sines west 
breakwater (2018–2020–2022). Broken Antifer block 
observed between 2018 and 2020 

Aerial inspection 

For the aerial inspection of the structure, the 
required equipment consisted of an Unmanned 
Aerial Vehicle (UAV) system operated in 
conjunction with dedicated flight control and 
mission-planning software. The initial survey 
campaign, conducted in 2018, employed a DJI 
Inspire V1 platform equipped with a Zenmuse X3 
camera (12 MP). In the subsequent campaigns of 
2020 and 2022, the system was upgraded to a DJI 
Matrice 300 RTK fitted with a Zenmuse H20 
payload (wide-angle and 20 MP zoom cameras 
with integrated laser rangefinder). This upgrade 
significantly improved flight stability, positional 
accuracy, and operational safety, particularly 
under moderate to strong wind conditions (Fig. 
11). 
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Figure 11. LNEC DJI Matrice 300 RTK UAV 

 
To ensure accurate photogrammetric processing, 
Ground Control Points (GCPs) were established 
and surveyed using GNSS technology. These 
points were clearly marked to ensure visibility in 
the UAV imagery. In addition, a set of 
independent Check Points (CPs) was defined to 
assess the geometric accuracy of the resulting 
models (Fig. 12). 

 

 
Figure 12. Location of GCPs and CPs on the Sines west 
breakwater 

 
Flight operations were managed using the DJI 
Pilot application, which was employed for 
mission planning, system configuration, and 
sensor calibration to ensure optimal image 
acquisition. During flight execution, the software 
also provided real-time UAV control, obstacle-
proximity warnings, and automated collision-
avoidance functions (Figs. 13 and 14).  

 

 
Figure 13. Flight plans over the Sines west breakwater 

 
Figure 14. UAV operator preparing a flight on the Sines 
west breakwater; the RTK GNSS base antenna is visible at 
the top of the image 

 
Following each survey, the acquired imagery was 
processed using Agisoft Metashape (Agisoft 
LLC), a photogrammetric software package used 
to generate dense point clouds and Digital Surface 
Models (DSMs). The resulting DSMs were 
subsequently analysed in QGIS (GPL licence), 
which provided the tools required for spatial 
comparison and change detection. 
To identify localised structural changes between 
the 2018, 2020, and 2022 campaigns, successive 
DSM comparisons were performed by generating 
differential DSMs (d-DSMs). These products 
revealed areas of material loss and deposition. To 
enhance visual interpretation, the colour scale of 
the d-DSMs was adjusted to highlight zones 
exhibiting significant changes. 
All dense point clouds, DSMs, and orthomosaics 
were referenced in the ETRS89 / PT-TM06 
coordinate system to ensure spatial consistency 
across survey epochs. An example of the 
comparison results is shown in Fig. 15, 
illustrating DSM differences after outlier 
filtering. Most excluded points were associated 
with the waterline, where noise and reflection 
effects are more pronounced. 

 
 

Figure 15. Results of DSM differencing between 2018–
2020 and 2020–2022 after outlier removal 
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The processing workflow followed a sequential 
procedure applied to each breakwater section and 
survey campaign: (i) generation of the dense point 
cloud; (ii) computation of the DSM and storage in 
matrix format (Fig. 16); and (iii) production of the 
orthomosaic (Fig. 17). 

   
Figure 16. DSM (matrix representation) of the head section 
of the Sines west breakwater 

 

 
Figure 17. Detail of the orthomosaic of the Sines west 
breakwater (head section) 

 
For reporting purposes and to facilitate visual 
interpretation, the dense point clouds were also 
converted into three-dimensional meshes (see 
Fig. 18). 

 
Figure 18. Mesh representation of the head section of the 
Sines west breakwater 

 
Figures 19 and 20 present, as examples, the maps 
of detected changes and the corresponding 
orthomosaics for 2020 and 2022 in sections where 
relevant modifications were identified. In the 
adopted colour scale, red indicates material loss, 
while blue represents material deposition. These 
analyses were carried out in QGIS, which also 
served as the primary platform for visualising 
orthomosaics and DSMs, owing to its robust 
capabilities for handling and displaying 
georeferenced raster data and for enhancing 
topographic features through colour 
manipulation.  

   
Figure 19. West breakwater. Changes detected between 
2020 and 2022 – Occurrence 2 – Section E 

  
Figure 20. West breakwater. Changes detected between 
2020 and 2022 – Occurrence 3 – Section G 

 
As previously noted, changes in the armour layer 
geometry were identified through DSM 
differencing: subtracting one DSM from another 
highlights spatial variations, enabling both 
qualitative interpretation and quantitative 
assessment of structural evolution. This analysis 
was performed entirely within the QGIS 
environment. 
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Figures 21 to 23 show selected orthomosaic 
excerpts illustrating specific types of detected 
changes. The associated DSM differences are 
represented using colour maps, allowing clear 
visualisation of localised morphological 
evolution. 

 
Figure 21. Armour unit exhibiting increased erosion 
between 2020 and 2022 

 

 
Figure 22. Armour unit failure observed between 2020 and 
2022 

 
Figure 23. Tetrapod rotation observed between 2019 and 
2020 

Profiles 

Point clouds, supported by orthomosaics, were 
used to extract accurate cross-sectional profiles of 
the structure. Transversal profiles were generated 
along predefined cross-shore sections, oriented 
perpendicular to the longitudinal axis of the 
breakwater. 
The location and spacing of these sections were 
selected to cover representative areas of the 
structure and were kept consistent across survey 
campaigns to enable reliable temporal 
comparison. Profile planes were defined by first 
establishing a baseline polyline along the crest of 
the breakwater, using the orthomosaic as a spatial 
reference. Subsequently, a set of normal vectors 
was defined at regular intervals along this 

baseline, indicating the direction of each 
transversal cut (see Fig. 24). An example of the 
extracted profiles is shown in Fig. 25. 

   
Figure 24. Sines west breakwater: location and details of the 
extracted profiles, sections F to I (head) 

 
Profile comparison allows the detection of 
geometric changes in the most vulnerable 
sections of the structure between consecutive 
survey campaigns. For the Sines west breakwater, 
only negligible or no changes were observed 
between successive profiles. 

 
Figure 25. Example of extracted profiles (Profile 61 at the 
head of the breakwater) 

 
When analysing the profiles, particular attention 
should be paid to the following factors, as they 
may contribute to discrepancies between surveys: 

• higher quality of image acquisition and 
point clouds in the 2020 and 2022 surveys 
compared to 2018; 

• slight differences in tidal levels between 
inspection campaigns; 

• potential misalignment of point clouds 
due to inherent uncertainties in 
photogrammetric processing; 

• increased uncertainty in surf-zone areas 
that are partially or fully submerged; 

• local limitations in image acquisition 
caused by the presence of vessels, 
pipelines, mooring equipment, or other 
obstructions. 

In summary, since 2018, only minor and non-
significant displacements of armour units have 
been observed along the Sines west breakwater. 
As with all maritime structures of this type, it 
remains essential to monitor such minor 
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anomalies and, whenever feasible, restore the 
structure to its original as-built condition. 
 

CCOONNCCLLUUSSIIOONNSS  

Overall, the OSOM+ framework, enhanced by the 
integration of UAV-based survey capabilities and 
the development of new digital tools, represents a 
significant improvement in both the operational 
efficiency and analytical depth of systematic 
coastal infrastructure monitoring. Periodic visual 
inspections, when combined with UAV-derived 
datasets, enable a more robust assessment of 
present conditions, structural evolution, and risk 
indicators. In addition, the deployment of a 
mobile, field-ready application during inspection 
campaigns streamlines data acquisition and 
improves workflow integration. 
For the Port of Sines, this study highlights the 
substantial contribution of visual inspections and 
aerial photogrammetric surveys to the monitoring 
of rubble-mound breakwaters. The imagery 
acquired during visual inspection campaigns and 
the data products derived from UAV surveys—
particularly digital surface models (DSMs), point 
clouds, and orthomosaics—significantly enhance 
the capacity to quantify structural evolution 
within the OSOM+ programme. 
Originally grounded in qualitative assessments, 
the methodology has evolved to incorporate 
higher-resolution data and increasingly 
quantitative analyses. With the current level of 
precision achievable through drone-based 
surveys, structural changes on the order of a few 
centimetres can now be detected with confidence. 
This represents a critical step forward in the early 
identification of potential risks and supports more 
reliable long-term management of coastal 
infrastructure. 
Although this study focused on the monitoring of 
existing maritime structures, the applicability of 
the methodology extends beyond this scope. The 
same survey techniques can support verification 
of as-built geometry during construction or repair 
phases, which is essential for quality control and 
contractual validation. 
This enhanced monitoring approach benefits both 
the data provider (LNEC) and the primary end 
users, namely Port Authority Administrations—
specifically, in this case, the Port of Sines 
Authority (APS). The transition towards a 
predominantly quantitative monitoring 
framework yields more precise, objective, and 
actionable insights into the condition and 
performance of maritime structures. 
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1 INTRODUCTION 
Coastal regions worldwide are experiencing 
increasing pressure as a result of the rapid and 
accelerating rise in mean global sea level. Since 
the early twentieth century, global mean sea level 
has risen by approximately 0.2 m, with the rate of 
increase accelerating from about 1.3 mm yr⁻¹ 
during the twentieth century to more than 3.7 mm 
yr⁻¹ in recent decades. Satellite altimetry 
observations since 1993 confirm a clear 
acceleration in the twenty-first century, with rates 
exceeding 4.5 mm yr⁻¹ over the last decade 
(IPCC, 2021). This ongoing sea-level rise (SLR), 
primarily driven by ocean thermal expansion and 
land-ice melt associated with global warming, is 
unprecedented over at least the past three 
millennia. 

The implications for low-lying coastal areas are 
profound and include more frequent and severe 
coastal flooding, accelerated shoreline erosion, 
saltwater intrusion into freshwater systems, and 
the compounding of multiple coastal hazards that 
threaten both ecosystems and human settlements 
(Griggs and Reguero, 2021). Densely populated 
river deltas, small island developing states, and 
gently sloping low-elevation coastlines are 

among the most vulnerable regions. Many of 
these areas are characterized by extensive 
development located only a few metres above 
present mean sea level and often lack natural 
protective features, making even relatively 
modest SLR particularly hazardous. 

This context underscores the urgent need for 
integrated and robust approaches to assess and 
reduce coastal vulnerability in a warming climate. 
Risk assessment constitutes a fundamental 
component of effective coastal adaptation 
planning. Broadly, two methodological 
paradigms have emerged for the assessment of 
climate-related coastal hazards: top-down 
(scenario-driven) and bottom-up (vulnerability-
driven) frameworks (Hinkel et al., 2018). The top-
down approach typically begins with global or 
regional climate scenarios and numerical models 
to project future hazards (Di Risio et al., 2017; 
Skinner, 2024). In contrast, the bottom-up 
approach focuses on local conditions, examining 
site-specific vulnerabilities, exposure, and 
adaptive capacity within coastal systems 
(Padulano et al., 2021; Guan et al., 2023). 

Each approach provides valuable yet distinct 
insights; when applied in combination, they can 
yield a more comprehensive and robust 
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ABSTRACT: Coastal flood risk assessment under climate change increasingly requires the integration of 
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downscaled climate projections, and a bottom-up, vulnerability-focused approach grounded in local knowledge 
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ability to identify site-specific thresholds, capture socio-environmental dynamics, and assess adaptive capacity 
through stakeholder involvement and climate stress-testing. By analysing the respective strengths and 
limitations of each framework, the study demonstrates the added value of an integrated assessment strategy that 
improves the robustness, flexibility, and responsiveness of coastal adaptation planning. Finally, the paper 
highlights the role of iterative and flexible decision-support tools—such as adaptation pathways—in bridging 
long-term climate projections with actionable, locally tailored risk reduction and adaptation measures. 
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characterization of coastal risk. The present paper 
examines and compares these two methodologies, 
with particular emphasis on their applicability to 
low-lying coastal areas under climate change. 
First, recent trends and future projections of sea-
level rise—recognized as a key driver of 
intensifying coastal hazards—are reviewed. The 
analysis then explores the structure, strengths, 
and limitations of both top-down and bottom-up 
risk assessment frameworks. Finally, attention is 
given to integrated strategies, such as adaptive 
pathway planning, which are especially well 
suited to managing long-term uncertainty. The 
discussion is framed within the broader context of 
coastal engineering and environmental science, 
with the objective of supporting more resilient 
infrastructure design and evidence-based policy-
making in climate-exposed coastal zones. 
  

2 SSEEAA--LLEEVVEELL  RRIISSEE  TTRREENNDDSS    

2.1 Observed Trends 

Long-term records derived from tide gauges and 
satellite altimetry reveal a clear acceleration in 
sea-level rise (SLR). During the twentieth 
century, global mean sea level increased at an 
average rate of approximately 1–2 mm yr⁻¹, 
corresponding to a total rise of about 15–25 cm 
between 1900 and 2018. This long-term increase 
has not been linear; rather, the rate of rise has 
intensified markedly in recent decades. 
Satellite observations, available since 1993, 
indicate a mean global sea-level rise of 
approximately 3.3 mm yr⁻¹ over the past 30 
years—nearly three times the rate observed in the 
early twentieth century. Moreover, the rate of rise 
continues to accelerate. During the most recent 
decade (2013–2023), the observed rate exceeded 
4.5 mm yr⁻¹ (IPCC, 2021). Consistently, the 
World Meteorological Organization reported an 
average rise of about 4.8 mm yr⁻¹ over the period 
2014–2023, compared with approximately 2.1 
mm yr⁻¹ in the early 1990s. As a result, by 2023, 
global mean sea level reached its highest value in 
the modern satellite record, standing roughly 9–
10 cm above the 1993 baseline. 
Anthropogenic warming has been identified as 
the dominant driver of accelerated SLR since at 
least the 1970s, primarily through the combined 
effects of land-ice melt and ocean thermal 
expansion. The current rate of sea-level rise 
exceeds any observed during the past 3,000 years, 

underscoring the unprecedented nature of 
contemporary changes. 
Although regional and local sea-level trends may 
deviate from the global mean due to processes 
such as land subsidence or uplift, tectonic 
activity, ocean circulation variability, and 
gravitational redistribution of water mass, the vast 
majority of coastal regions are experiencing rising 
sea levels to varying degrees. This widespread 
increase significantly amplifies the exposure of 
vulnerable coastlines to high tides, storm surges, 
and associated coastal hazards worldwide.  
 

2.2 Future Projections 

Projections of global mean sea-level rise (SLR) 
depend primarily on future greenhouse gas 
emission pathways and the response of polar ice 
sheets. The Intergovernmental Panel on Climate 
Change (IPCC) Sixth Assessment Report (AR6) 
provides scenario-based projections of global 
mean SLR through 2100 and beyond. Figure 1 
(from AR6) illustrates the median projected SLR 
under several Shared Socioeconomic Pathway 
(SSP) scenarios, together with likely uncertainty 
ranges (17th–83rd percentiles) and broader 
possible bounds. It is important to note that the 
IPCC is not a research institution; rather, it 
synthesizes and assesses findings from peer-
reviewed scientific literature and technical reports 
produced by climate change experts worldwide. 
Consequently, the SLR projections presented in 
AR6 reflect the current scientific consensus as 
well as the associated uncertainties identified 
across the broader research community . 
 

Figure 1. Global mean SLR projections under different 
emissions scenarios (SSPs), incorporating historical 
observations and future estimates with associated 
uncertainty ranges. Source: IPCC (2021), AR6, Chapter 9, 
Figure 9.27). 
 
Under a low-emissions, high-mitigation scenario 
consistent with the Paris Agreement (SSP1-1.9, 
corresponding to approximately +1.5 °C of global 
warming), the IPCC projects a likely global mean 
SLR of about 0.28–0.55 m by 2100 relative to 
1995–2014 levels. For an intermediate emissions 
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scenario (SSP2-4.5), global mean sea level is 
projected to rise by approximately 0.5 m by 2100. 
In a high-emissions scenario with limited climate 
policy (SSP5-8.5), global mean sea level is 
projected to increase by 0.63–1.01 m by 2100, 
with a median estimate close to 0.77 m. 
Beyond 2100, the divergence between scenarios 
becomes increasingly pronounced. By 2150, 
median SLR under the high-emissions scenario 
approaches 1.5 m, while the upper end of the very 
likely range may approach 2 m if certain ice-sheet 
instabilities are triggered. Uncertainty in ice-sheet 
response dominates high-end SLR projections for 
the late twenty-first century and beyond (Bamber 
et al., 2019). In particular, the dynamics of the 
Greenland and West Antarctic ice sheets remain 
poorly constrained. Processes such as marine ice-
sheet instability and marine ice-cliff instability 
could lead to substantially greater sea-level 
contributions if critical temperature thresholds are 
exceeded. 
Although the IPCC’s likely range under SSP5-8.5 
by 2100 extends to approximately 1 m, several 
studies indicate that SLR on the order of 1.5–2.0 
m by 2100 cannot be ruled out if ice-sheet 
collapse processes accelerate. These outcomes 
are considered low-probability but high-impact 
scenarios (Bamber et al., 2019; DeConto et al., 
2021). From a coastal risk management 
perspective, such tail-risk scenarios warrant 
careful consideration due to their potentially 
catastrophic implications for low-lying coastal 
regions and island nations. 
Future SLR projections are characterized by deep 
uncertainty, particularly with respect to the timing 
and magnitude of ice-sheet mass loss, for which 
expert consensus remains limited. This 
uncertainty affects confidence in long-term 
projections and underscores the importance of 
considering a wide range of plausible futures. 
Projected outcomes vary substantially depending 
on emissions pathways and the sensitivity of polar 
ice masses to warming. 
Moreover, translating global mean SLR 
projections to regional and local scales requires 
accounting for multiple modifying factors, 
including vertical land motion (e.g., subsidence or 
uplift), regional oceanographic conditions (e.g., 
circulation patterns and wind forcing), and 
gravitational and rotational effects. Ongoing 
research is progressively improving the accuracy 
of regional and local SLR estimates, which is 
essential for impact assessment and adaptation 
planning. 
Recent methodological advances aim to 
strengthen the linkage between large-scale 
climate projections and site-specific sea-level 
responses. For example, Tomasicchio et al. 

(2018) proposed a direct scaling approach that 
relates projected global mean SLR to observed 
trends at individual tide-gauge stations. Using 
long-term observational records, they 
demonstrated consistent acceleration in local SLR 
and derived site-specific projections aligned with 
global estimates. Similarly, Kopp et al. (2023) 
introduced the FACTS (Framework for Assessing 
Changes to Sea Level) platform, a flexible and 
modular system for probabilistic SLR 
assessment. This framework explicitly accounts 
for both statistical and structural uncertainties, 
with particular emphasis on the role of Antarctic 
and Greenland ice-sheet dynamics in shaping the 
range of future outcomes. 
Overall, the scientific evidence points 
unequivocally toward rising sea levels with 
potentially severe impacts, while also 
highlighting a broad envelope of plausible future 
trajectories. Coastal engineers and planners must 
therefore prepare for a range of scenarios. Robust 
analytical approaches, transparent treatment of 
uncertainties, and careful interpretation of 
projection data are essential when assessing SLR 
impacts at regional and local scales.  

 
3 CCOOAASSTTAALL  RRIISSKK  AASSSSEESSSSMMEENNTT  AAPPPPRROOAACCHHEESS  

Assessing the impacts of climate change on 
coastal zones typically involves top-down 
approaches, bottom-up strategies, or an 
integration of both. Contemporary methodologies 
increasingly seek to combine large-scale, 
scenario-based modelling with localized 
assessments of vulnerability in order to better 
inform adaptive planning. This section provides a 
comparative overview of these approaches, 
examining their respective workflows, strengths, 
and limitations. Particular emphasis is placed on 
the critical role of stakeholder engagement and 
cross-disciplinary collaboration in developing 
comprehensive and context-sensitive coastal risk 
assessments. 

3.1 Top-Down Scenario-Driven Assessment 

Top-down methods, often referred to as impact-
driven or prediction-led approaches, begin with 
broad climate scenarios and progressively 
translate these projections down to the coastal 
scale. They typically rely on future greenhouse 
gas emission scenarios to drive Global Climate 
Models (GCMs). The outputs of these models 
(e.g. temperature change, sea-level rise, and 
variations in storm frequency and intensity) are 
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subsequently downscaled to regional and local 
scales using regional climate models or statistical 
techniques. These downscaled climate variables 
are then applied to local coastal impact models. 

Through this modelling chain, global climate 
change signals are translated into site-specific 
hazard scenarios, such as coastal inundation 
extents, flood frequencies, or shoreline change 
projections. A key strength of the top-down 
framework is its capacity to explore multiple 
plausible futures by evaluating discrete emission 
pathways (e.g. low, intermediate, and high 
emissions scenarios). Moreover, this approach 
ensures consistency with established climate 
science, as local hazard assessments are directly 
linked to the best available global climate 
projections. As a result, top-down assessments 
have become the dominant approach for long-
term coastal hazard analysis and are widely used 
in planning studies and climate impact 
assessments spanning several decades to a 
century.  

Despite these advantages, top-down approaches 
are subject to a cascade of uncertainties at each 
stage of the modelling process. Uncertainty arises 
from assumptions about future socio-economic 
development and emissions trajectories, 
differences among GCM outputs, variability in 
sea-level rise projections, the choice of 
downscaling techniques, and the parameterization 
of local impact models. These uncertainties tend 
to accumulate as analyses progress from global to 
regional and ultimately to local scales, often 
leading to a wide spread of projected outcomes. 

For example, Toimil et al. (2020) demonstrated 
that projections of beach erosion by 2100 at a 
given site can differ substantially depending on 
the selected climate model ensemble or sea-level 
rise scenario. Figure 2 provides a schematic 
overview of the top-down modelling sequence, 
illustrating how global climate projections are 
successively downscaled through regional 
models to inform localized impact assessments. 
At each stage, uncertainties propagate and 
compound, reflecting the progressive transfer of 
imprecision from emission scenarios to site-
specific risk evaluations. 

 

 

Figure 2. Schematic representation of a top-down coastal 
risk assessment framework.  

 

Major contributors to this uncertainty include the 
selected emissions scenario, inter-model 
variability among global climate models, 
alternative sea-level rise estimates (e.g. median 
versus upper-bound projections), downscaling 
methodologies, and assumptions embedded 
within coastal impact models, such as erosion 
formulations and flood threshold definitions. In 
practical terms, this means that while top-down 
assessments provide a valuable broad-scale 
perspective, they may overlook fine-scale 
features that are critical for local risk 
management. 

In response, researchers have sought to enhance 
the robustness of top-down coastal risk 
assessments through improved data sources and 
modelling techniques. Appelquist (2013), for 
instance, developed a globally applicable 
framework for coastal classification and meso-
scale hazard assessment to support climate 
adaptation planning. Lin et al. (2020) combined 
remote sensing (including UAV surveys), 
geographic information systems (GIS), and 
statistical modelling to quantify vulnerability and 
resilience in coastal communities, demonstrating 
the added value of high-resolution datasets in top-
down analyses. Igigabel et al. (2023) proposed a 
systemic approach linking sea-level rise 
projections with meteorological-oceanographic 
forcing and coastal geomorphology to assess the 
temporal evolution of hazard profiles. Similarly, 
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Skinner (2024) introduced a framework that 
integrates multi-decadal shoreline response 
models with climate variability and sea-level 
trends to support strategic coastal infrastructure 
planning. 

While these advances substantially improve top-
down methodologies, even the most sophisticated 
models remain limited in their ability to represent 
local complexities. Generalized scenarios, even 
after downscaling, may fail to capture fine-scale 
variations in topography, land use, exposure, and 
adaptive capacity that strongly influence real-
world risk. For example, coarse models may 
overlook localized low-lying sections of coastal 
defenses or densely populated informal 
settlements—factors that can critically alter flood 
outcomes. As noted by Di Risio et al. (2017), 
national-scale vulnerability assessments may 
mask local hotspots of risk that only detailed, site-
specific investigations can reveal. 

In summary, top-down approaches provide an 
essential “big-picture” perspective and ensure 
scientific coherence across scales. However, to 
effectively support coastal risk management and 
adaptation planning, they should be 
complemented by locally grounded data, 
knowledge, and participatory processes.  

3.2 Bottom-Up Vulnerability Assessment and Climate 
 Stress-Testing  

Bottom-up approaches, in contrast to the climate-
led nature of top-down methods, take the local 
system as their starting point, assessing 
vulnerabilities, stressors, and capacity limits by 
building the analysis from the coast upward. A 
bottom-up assessment begins by focusing on 
current conditions and the specific challenges 
faced by a given coastal area or community. It 
involves active engagement with local 
stakeholders—such as residents, community 
leaders, engineers, planners, and ecologists—to 
collect detailed, site-specific information and to 
understand local concerns, priorities, and values. 

This process often includes participatory mapping 
of low-lying neighbourhoods, critical 
infrastructure, and sensitive ecosystems to 
identify assets at risk. Data on local topography 
and bathymetry are collected, together with 
historical records of flooding and erosion, as well 
as indicators of social vulnerability (e.g. 

population characteristics, mobility constraints, 
and evacuation capacity). By grounding the 
assessment in local knowledge and empirical 
data, bottom-up approaches capture factors that 
may be overlooked in purely top-down analyses, 
such as the deteriorating condition of a specific 
seawall or a community’s limited access to 
evacuation resources. As a result, the outcomes of 
bottom-up assessments are often more directly 
relevant and credible to those responsible for 
implementing adaptation measures, as they 
reflect lived experience and local realities. 

A key analytical tool within bottom-up risk 
assessment is climate stress testing. This 
technique evaluates how a coastal system—
whether a settlement, infrastructure network, or 
ecosystem—performs under a wide range of 
hypothetical stress conditions rather than a 
limited set of predefined climate projections. 
Climate stress testing can be understood as a 
structured sensitivity analysis in which the system 
is subjected to progressively more severe 
conditions, such as incrementally higher water 
levels, stronger storms, or increased rainfall 
intensity, in order to identify thresholds beyond 
which system performance becomes 
unacceptable. 

For example, engineers may simulate gradually 
rising floodwater levels to determine the point at 
which a town’s levee is overtopped, resulting in 
widespread inundation. Similarly, increasing 
wave heights may be tested to identify failure 
thresholds for breakwaters or coastal defenses. By 
exploring a continuum of possible futures—rather 
than a small number of discrete scenarios—this 
approach identifies tipping points and failure 
conditions that the system cannot tolerate. 

Figure 3 outlines the logic of a bottom-up climate 
stress-testing framework applied to a coastal city. 
The process begins with defining the local system 
of concern, including its geographic extent, 
assets, and stakeholders, followed by the 
collection of baseline data on coastal flooding, 
infrastructure, population distribution, and 
ecosystems.  
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Figure 3. Bottom-up climate stress-testing framework 
applied to a coastal city.  

Stakeholders are engaged early in the process to 
incorporate local observations of change and 
community concerns. Subsequently, local hazard 
models (e.g. flood inundation or shoreline change 
models) are run under a wide range of conditions 
combining sea-level rise, storm surge, extreme 
rainfall, wave action, and other relevant drivers. 
These conditions are not tied to a single emissions 
pathway or time horizon but instead span a 
spectrum of plausible extremes, including 
compound worst-case combinations (e.g. 0.5 m of 
sea-level rise combined with a 100-year storm 
and peak astronomical tide). Through iterative 
simulations, analysts identify threshold 
conditions beyond which the system fails or 
experiences unacceptable impacts. 

Threshold metrics may include flood depths at 
which critical roads become impassable, surge 
heights that cause coastal defenses to be 
overtopped or breached, or erosion rates that 
undermine buildings or infrastructure. Once 
vulnerability thresholds are identified, the results 
are used to inform targeted adaptation strategies. 
In essence, climate stress testing reveals how 
much change a coastal system can accommodate 
before existing defenses, practices, or governance 
arrangements are overwhelmed. 

An additional strength of bottom-up approaches 
is their explicit consideration of non-climatic 
stressors alongside climate-related drivers. Real-
world vulnerability is often exacerbated by 

factors such as land subsidence, sediment 
starvation due to river regulation, coastal 
development that removes natural buffers, or 
institutional and socioeconomic constraints, 
including limited emergency response capacity. 
Bottom-up assessments can integrate these 
factors directly into stress-testing exercises to 
reflect the full complexity of local risk. 

For example, a coastal city built on reclaimed or 
former marshland may be subsiding several 
millimetres per year due to groundwater 
extraction; a bottom-up analysis would explicitly 
incorporate this subsidence into future flood 
scenarios. Similarly, the loss of mangroves or 
dunes can be accounted for by adjusting wave 
attenuation or surge exposure in vulnerability 
assessment.  

Bottom-up approaches are inherently 
interdisciplinary and participatory. By involving 
local actors throughout the assessment process, 
they help ensure that adaptation strategies are 
feasible, socially acceptable, and aligned with 
community priorities. A particular strength of this 
approach lies in its capacity to identify practical, 
context-specific adaptation options. Following 
stress testing, the analysis often progresses to the 
evaluation of measures aimed at increasing 
system resilience by raising identified failure 
thresholds. 

This may involve iterative testing of proposed 
adaptations. For instance, analysts may examine 
whether raising a seawall by 0.5 m sufficiently 
delays overtopping under extreme scenarios, or 
whether wetland restoration seaward of a dike 
effectively reduces wave energy during major 
storms. Through this iterative exploration, 
bottom-up assessments not only diagnose 
vulnerabilities but also directly inform the design 
and prioritization of adaptation measures. 

Recent studies illustrate the growing refinement 
and applicability of bottom-up frameworks. 
Knighton et al. (2017) developed a vulnerability-
based flood risk assessment that integrates 
physical hydrologic modelling with a peaks-over-
threshold statistical approach to account for non-
stationarity in extreme events. Padulano et al. 
(2021) proposed a simplified yet robust method 
for assessing climate change impacts on urban 
flooding that avoids reliance on uncertain future 
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rainfall projections by focusing on critical process 
thresholds. Guan et al. (2023) introduced a multi-
level flood hazard mapping approach for data-
scarce cities, demonstrating how bottom-up 
methods can improve risk estimation even where 
high-resolution inputs are unavailable. 
Collectively, these examples show that bottom-up 
approaches are becoming increasingly accessible 
and transferable, including in regions with limited 
data availability.  

 

4 AADDAAPPTTAATTIIOONN  PPLLAANNNNIINNGG  AANNDD  SSTTRRAATTEEGGIIEESS  
UUNNDDEERR  UUNNCCEERRTTAAIINNTTYY  

Given the complementary strengths of top-down 
and bottom-up approaches, current best practice 
increasingly supports their integration within a 
single, flexible planning framework (Lawrence et 
al., 2019). In practice, this often takes the form of 
dynamic adaptive planning, whereby large-scale 
climate scenarios inform long-term strategic 
objectives, while local vulnerability assessments 
guide near-term actions and define trigger points 
for future adjustments. 
One widely adopted method within this paradigm 
is the adaptation pathways approach, which 
develops an adaptive roadmap of decisions over 
time based on how future conditions actually 
unfold. Rather than committing to a single, fixed 
solution over a century-long horizon, an 
adaptation pathways plan outlines a sequence of 
potential measures and specifies the conditions 
under which a transition from one measure to the 
next should occur. For example, a low-lying 
coastal city may initially enhance drainage 
systems and construct modest floodwalls. The 
plan would then define thresholds—such as a 
mean sea-level rise of X cm or flood events 
exceeding Y occurrences per year—at which 
additional interventions, such as higher dikes or 
storm surge barriers, would be implemented. This 
approach preserves flexibility and helps avoid 
both premature overinvestment and delayed 
action that could lead to unacceptable risk. 
The development of adaptation pathways is 
typically participatory, involving stakeholders in 
the selection of preferred strategies and 
acceptable trade-offs.  
Communities may prioritise “soft” measures—
such as beach nourishment or wetland 
restoration—in the early stages, postponing more 
capital-intensive engineering solutions unless 
they become strictly necessary. By incorporating 
local values, risk tolerance, and development 

objectives, pathways can be designed to be both 
robust and context-sensitive. Interdisciplinary 
collaboration is essential in this process. Each 
potential action along a pathway must be 
evaluated in terms of technical feasibility, 
economic cost, ecological impact, and social 
acceptability. Haasnoot et al. (2019) applied this 
approach across a range of coastal archetypes, 
illustrating “generic adaptation pathways” for 
deltas, estuaries, and atoll islands under uncertain 
sea-level rise conditions. Their results 
emphasised the need for context-specific 
strategies, as the effectiveness and timing of 
adaptation measures are closely linked to local 
environmental and socioeconomic 
characteristics. Nevertheless, the pathways 
framework provides a coherent structure for 
comparing and coordinating adaptation efforts 
across diverse settings. 
A recent example of integrated planning is the 
European CoCliCo project (Coastal Climate Core 
Service), which combines top-down and bottom-
up elements to deliver high-resolution coastal risk 
assessments. CoCliCo develops dynamic coastal 
flood hazard simulations across Europe under 
multiple climate scenarios, while integrating 
detailed exposure data (e.g. population and 
assets) and downscaled socioeconomic 
projections. By linking long-term climate 
projections with local-scale impact models and 
fostering iterative learning with stakeholders, 
such hybrid approaches aim to enhance resilience 
while reducing the risk of maladaptation. 
A comprehensive study by Magnan et al. (2023) 
examined coastal adaptation efforts across 61 
case studies worldwide, assessing their level of 
advancement. Figure 4 presents the resulting 
global coastal adaptation imprint, evaluated 
across six key dimensions: risk knowledge, 
planning, action, capacities, evidence of risk 
reduction, and long-term strategies. Each 
dimension is scored on a 0–4 scale, reflecting its 
contribution to effective local adaptation. Scores 
are grouped into qualitative categories—No-to-
Very Low (0–1), Low-to-Moderate (1–2), 
Moderate-to-High (2–3), and High-to-Very High 
(3–4)—providing a clear overview of where 
adaptation progress is strongest (notably in risk 
knowledge) and where it remains limited, 
particularly in long-term strategic planning and 
the avoidance of maladaptation. 
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Figure 4. Global coastal adaptation imprint based on six 
key dimensions, scored from No-to-Very Low to Very High 
(source: Magnan et al., 2023). 

 
In summary, global adaptation responses to 
coastal climate risks remain modest relative to the 
scale and pace of projected impacts. Most actions 
to date have been incremental rather than 
transformational, despite the likelihood that more 
profound changes will be required under 
continued sea-level rise and intensifying climate 
extremes. Short planning horizons, reactive 
(rather than anticipatory) decision-making, and 
sector-based governance structures have 
constrained the effectiveness of adaptation 
efforts. 
Nevertheless, there remains a critical window of 
opportunity. By rapidly scaling up investment in 
coastal resilience, improving coordination 
between national policy frameworks and local 
implementation, and embracing innovative 
solutions—both engineered and nature-based—
that extend beyond moderate climate scenarios, 
coastal societies can shift from ad hoc responses 
to strategic, long-term adaptation. Ultimately, 
only proactive and comprehensive planning can 
enable the most vulnerable coastal regions to 
avert the most severe consequences of climate 
change along the world’s shores.  

CCOONNCCLLUUSSIIOONNSS  

Effective coastal risk management in low-lying 
areas under climate change requires the 
integration of both top-down and bottom-up 

approaches, leveraging their complementary 
strengths. Top-down methods, grounded in large-
scale models and future climate scenarios, 
provide estimates of the range of potential 
hazards and support strategic long-term planning. 
Bottom-up methods, which actively engage local 
stakeholders, reveal on-the-ground 
vulnerabilities, site-specific failure thresholds, 
and community priorities that may be overlooked 
by purely scenario-driven analyses. This study 
demonstrates that a blended approach—
combining global projections with detailed local 
assessments—yields a more robust and actionable 
understanding of coastal risk. 

Such integration enables the development of 
dynamic adaptation pathways that can be phased 
over time and adjusted as new information 
becomes available. Rather than relying on one-off 
interventions, coastal adaptation should be 
framed as a continuous, iterative process of 
learning, monitoring, and adjustment. 

Although significant uncertainties persist—
particularly regarding the magnitude and timing 
of future sea-level rise—adopting robust and 
flexible strategies can enhance preparedness 
across a wide range of plausible futures. These 
strategies typically involve a diversified portfolio 
of measures, including engineered defenses (e.g. 
surge barriers and levees designed with safety 
margins or upgrade options), nature-based 
solutions (e.g. mangroves, reefs, and marshes that 
evolve over time), forward-looking land-use 
planning to limit development in high-exposure 
areas, and adaptive policy instruments (such as 
rolling easements or insurance schemes) that 
facilitate adjustment as conditions change. No 
single solution is sufficient; instead, a context-
specific combination of measures is required. 

In conclusion, the integration of bottom-up and 
top-down perspectives—supported by iterative, 
inclusive planning processes—is essential for 
managing the escalating risks associated with sea-
level rise in low-lying coastal regions. Continued 
refinement and implementation of integrated risk 
assessment and adaptation strategies will be 
critical to safeguarding both communities and 
ecosystems in the face of uncertain, but 
unequivocally rising, seas.  
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1 INTRODUCTION 
 
As ocean waves propagate from deep offshore 
waters towards coastal regions, they interact with 
varying seabed topography and irregular 
coastlines, leading to complex and nonlinear 
wave transformations such as shoaling, 
refraction, diffraction, and breaking. These 
nonlinear processes in coastal waters make the 
accurate description and prediction of nearshore 
wave conditions particularly challenging. Well-
established offshore wave spectra, such as the 
JONSWAP spectrum (Hasselmann et al., 1973), 
often fail to adequately represent coastal wave 
fields. Attempts to incorporate shallow-water 
effects into spectral formulations have been 
made, for example through the TMA spectrum 
(Hughes, 1984), which modifies the JONSWAP 
spectrum. However, such formulations are 
typically limited to constant water-depth 

scenarios and do not fully account for spatially 
varying bathymetry. 
As coastal blue-economy activities continue to 
expand—including offshore wind farms, 
aquaculture, maritime transport, coastal 
infrastructure, and climate-change adaptation and 
protection—it has become increasingly important 
to characterize coastal wave conditions with 
greater accuracy and detail. 
Moving beyond analytical wave descriptions, 
spectral wave models such as SWAN (Booij et al., 
1999) are widely used for offshore and coastal 
wave prediction. However, within the phase-
averaged framework, approximations of 
nonlinear coastal wave transformations—
particularly diffraction—are often inadequate 
(Holthuijsen et al., 2003). This limitation can lead 
to the underestimation of wave energy in 
diffraction-dominated regions and inaccurate 
representations of coastal wave spectra (Wang et 
al., 2022). To capture nonlinear wave processes 
with higher fidelity, phase-resolving wave 
models are frequently required. 

NNeeuurraall  NNeettwwoorrkk--BBaasseedd  NNoonnlliinneeaarr  CCooaassttaall    
WWaavvee  FFoorreeccaassttiinngg  UUssiinngg  HHiinnddccaasstt  DDaattaa    
aanndd  PPhhaassee--RReessoollvviinngg  WWaavvee  MMooddeelllliinngg  
W. W. Wanga,* and H. Bihsa 
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ABSTRACT: As ocean waves approach the shore and propagate over complex coastal topo-bathymetry, the 
wave field becomes increasingly inhomogeneous and nonlinear. Such nonlinear behaviour poses significant 
challenges for phase-averaged wave models, particularly in representing wave transformation processes such 
as diffraction, for which phase-resolving models are often required. With the growing availability of hindcast 
datasets, data-driven approaches—enabled by recent advances in machine-learning techniques, including neural 
networks—have increasingly been applied to offshore wave forecasting. In this study, a feed-forward multilayer 
perceptron (MLP) is employed to establish a nonlinear relationship between offshore and nearshore wave 
conditions, using phase-resolving wave model outputs as training data. A suite of phase-resolving numerical 
simulations, conducted under varying offshore wave conditions, is used to generate the training dataset. By 
combining machine-learning techniques with phase-resolving simulations, the proposed approach yields 
accurate predictions of wave heights in shoaling and diffraction zones, as well as wave forces acting on the 
shoal, and demonstrates clear advantages over linear and polynomial regression methods at the test site. 
Furthermore, the study investigates the coupling of long short-term memory (LSTM)-based offshore wave 
forecasting with the MLP-based offshore-to-nearshore correlation. The results indicate that this hybrid 
framework represents a promising pathway towards reliable, site-specific coastal wave forecasting. 
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transformation 
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Among the most widely used phase-resolving 
models are: shallow-water equation (SWE)-based 
models, such as Boussinesq-type formulations 
(Madsen et al., 1991; Madsen et al., 1998) and 
SWE models incorporating quadratic non-
hydrostatic pressure corrections (Wang et al., 
2020); fully nonlinear potential flow (FNPF) 
models, including high-order spectral (HOS) 
models (Ducrozet et al., 2012) and finite-
difference-based formulations (Engsig-Karup et 
al., 2009; Bihs et al., 2020); and three-
dimensional non-hydrostatic models (Zijlema et 
al., 2011; Bihs et al., 2024). Based on a free-
surface- and bathymetry-following σ-grid—
where the vertical coordinate is normalized 
between 0 at the seabed and 1 at the free surface—
the fully nonlinear potential flow model 
REEF3D::FNPF (Wang et al., 2022) introduces a 
novel coastline treatment based on a combined 
wetting–drying and level-set approach. Together 
with flexible wave-breaking detection and 
dissipation algorithms, the model has 
demonstrated its ability to efficiently and reliably 
simulate large-scale coastal wave propagation 
and transformation over strongly varying 
bathymetry. 
Although phase-resolving models can accurately 
represent coastal wave nonlinearity, they 
typically require substantial computational 
resources and simulation time. For certain 
applications, faster predictions of coastal wave 
parameters—or even wave-induced loads—are 
desirable, for example in fairway and harbour 
operation optimisation or in the development of 
digital twins for coastal structures. With the 
growing availability of both measured and 
numerically simulated datasets, data-driven 
approaches have emerged as viable alternatives. 
Recent developments have seen an increasing 
application of machine-learning (ML) techniques 
in coastal and ocean engineering. Based on buoy 
measurements or hindcast datasets, several 
studies have attempted to predict future wave 
conditions using ML methods (James et al., 2018; 
Feng et al., 2022; Minuzzi and Farina, 2023). 
More recently, Harris (2024) presented a faster-
than-real-time, phase-resolving, data-driven 
framework for wave propagation and wave–
structure interaction. However, most existing 
studies focus on offshore conditions, while wave 
transformation processes in coastal waters remain 
less explored. 
In this study, a combined numerical modelling 
and machine-learning approach is proposed to 
correlate offshore wave conditions with nearshore 
wave parameters. The phase-resolving model 
REEF3D::FNPF is used to generate synthetic 
coastal wave datasets under varying offshore 
wave inputs. A feed-forward multilayer 

perceptron (MLP) neural network is then 
developed to establish a relationship between 
offshore wave parameters and nearshore wave 
heights, as well as wave forces acting on a 
cylindrical structure located in both shoaling and 
diffraction regions. Although the primary focus is 
on offshore–coastal correlation, the study also 
investigates the potential coupling of the MLP 
framework with a long short-term memory 
(LSTM) recurrent neural network for offshore 
wave prediction, offering a promising pathway 
towards efficient and reliable forecasting of 
coastal wave conditions and associated wave 
loads. 

 

2 NNUUMMEERRIICCAALL  MMOODDEELL  

The phase-resolving numerical wave model 
employed in this study is the fully nonlinear 
potential flow model REEF3D::FNPF (Wang et 
al., 2022). The governing equation is the Laplace 
equation, given by Eq. (1):  
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The velocity potential 𝜙𝜙 is obtained by solving 
Eq. (1) subject to fully nonlinear boundary 
conditions. These include the kinematic and 
dynamic free-surface boundary conditions, given 
in Eqs. (2) and (3), respectively, and the bottom 
boundary condition, given in Eq. (4):  
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In these boundary conditions, 𝜂𝜂 denotes the free-
surface elevation, ℎ is the still-water depth, 𝜙𝜙2and 
𝑤𝑤( represent the velocity potential and vertical 
particle velocity evaluated at the free surface, 
respectively, and 𝑔𝑔 is the gravitational 
acceleration. 
The governing equation and boundary conditions 
are solved using a finite-difference method on a 
structured horizontal grid, combined with a 𝜎𝜎-
coordinate system in the vertical direction, 
defined as:  
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σ = %,+(𝒙𝒙)
&(𝒙𝒙,'),+(𝒙𝒙)

                                                    (5) 

The Laplace equation is solved using a conjugate-
gradient solver from the hypre library (van der 
Vorst, 1992), combined with a parallelized 
geometric multigrid preconditioner. Spatial 
discretization of the governing equations and 
boundary conditions is performed using a fifth-
order Hamilton–Jacobi weighted essentially non-
oscillatory (WENO) scheme (Jiang and Shu, 
1996), while time integration is carried out using 
a third-order total variation diminishing (TVD) 
Runge–Kutta scheme (Shu and Osher, 1988). 
Wave generation is achieved through a 
relaxation-zone method (Larsen and Dancy, 
1983). Wetting–drying processes and coastline 
detection are handled using a level-set-based 
algorithm, as described by Wang et al. (2022). 
Depth-induced and steepness-induced wave 
breaking are detected based on velocity and 
steepness criteria (Smit et al., 2013), and wave 
energy dissipation due to breaking is 
approximated using an artificial viscosity 
approach (Baquet et al., 2017). The solver is fully 
parallelized using the Message Passing Interface 
(MPI) protocol. 
An Arbitrary Lagrangian–Eulerian (ALE) 
method (Pákozdi et al., 2022) is incorporated into 
the numerical wave model to enable efficient 
wave-force calculations. In this approach, the 
motion of fluid particles and the moving 
computational grid are synchronized, allowing 
the numerically resolved nonlinear wave 
kinematics—such as particle velocities and 
accelerations during wave transformation—to be 
directly used in the Morison equation for 
calculating wave loads on cylindrical structures. 
The formulation for the wave force in the 𝑥𝑥-
direction is given by Eq. (6): 

𝐹𝐹# = ρ(ℎ + η)  

									;∫ 𝐶𝐶1𝑎𝑎#𝐴𝐴
*
2 𝑑𝑑σ + *

)∫ 𝐶𝐶3𝑢𝑢|𝑢𝑢|*
2 𝐷𝐷𝐷𝐷σD           (6) 

Here, CM and CD are the inertia and drag 
coefficients, respectively; 𝐴𝐴is the cross-sectional 
area of the structure; 𝐷𝐷is the cylinder diameter; 
and 𝑎𝑎# and 𝑢𝑢 denote the particle acceleration and 
velocity in the 𝑥𝑥-direction. 

 

3 MMAACCHHIINNEE  LLEEAARRNNIINNGG  AALLGGOORRIITTHHMMSS  

A feedforward multilayer perceptron (MLP) is 
employed to establish the relationship between 
offshore wave parameters and nearshore wave 
characteristics, including wave forces. Simulated 
significant wave heights and wave-induced forces 
obtained from the numerical wave model are used 
as input–output pairs for training the MLP. Prior 
to training, all simulated data are normalized 
using a Min–Max scaling procedure to ensure 
numerical stability and efficient convergence. 
The dataset is randomly divided into training and 
validation subsets using an 80:20 split. The MLP 
architecture consists of two fully connected 
hidden layers with 64 and 32 neurons, 
respectively, followed by an output layer. The 
rectified linear unit (ReLU) is adopted as the 
activation function, while the adaptive moment 
estimation (Adam) algorithm is used for 
optimization of the network weights and biases. 
Model performance is evaluated using the mean 
squared error (MSE) as the loss function. 
To enable offshore wave forecasting based on 
time-series data, a long short-term memory 
(LSTM) network is also employed. LSTM 
networks represent an advanced form of recurrent 
neural networks (RNNs) that are well suited for 
learning long-term temporal dependencies in 
sequential datasets. In this study, the time history 
of significant wave heights from January to 
November 2024, obtained from the NORA3 
hindcast dataset at an offshore location outside 
the study site, is used to train the LSTM model, 
which is subsequently applied to predict wave 
heights for December 2024. 
The LSTM architecture consists of two stacked 
LSTM layers, each with 50 units, followed by a 
dense output layer. Similar to the MLP 
configuration, the Adam optimizer, ReLU 
activation function, and an MSE-based loss 
function are adopted. The LSTM implementation 
is based on the open-source framework developed 
by the Norwegian Meteorological Institute 
(https://github.com/MET-OM/metocean-ml). 
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The interconnections and overall workflow 
between the numerical wave model and the 
machine learning components are summarized in 
Fig. 1.  

Figure 1. Workflow of the coupled numerical wave model 
Figure 1. Workflow of the coupled numerical wave model 
and machine learning framework for coastal wave and 
wave-force prediction.  

 

4 CCAASSEE  DDEESSCCRRIIPPTTIIOONN  

The study site is located in southern Norway, near 
the city of Kristiansand. The area of interest 
comprises the surrounding waters near the island 
of Store Lyngholmen, which is centred in Fig. 2. 
The dominant incident waves propagate from the 
southern boundary of the domain. A navigation 
tower is planned to be constructed on a shoal 
south of Store Lyngholmen, indicated as location 
G1. An anchorage area is situated on the lee side 
of the island and is denoted as location G2. 
The phase-resolving numerical wave tank (NWT) 
reproduces the bathymetry of the study domain, 
as shown in Fig. 2. The blue box in Fig. 2 
represents the relaxation zone used for wave 
generation, while the three orange boxes 
correspond to relaxation zones functioning as 
numerical beaches to attenuate undesired wave 
reflections at the domain boundaries. 
The imposed irregular waves follow a JONSWAP 
spectrum with a constant peak period of 𝑇𝑇4 = 12s 
and a varying significant wave height 𝐻𝐻5, ranging 
from 0.5 m to 10.4 m in increments of 0.1 m. This 
configuration results in a total of 100 numerical 
simulations representing different offshore wave 
conditions. The simulated significant wave 
heights at locations G1 and G2 are used to train 
an MLP model for wave height prediction. In 
addition, the simulated maximum total wave 
force at location G1 is employed to train a 
separate MLP model for wave force prediction. 
For the idealised cylindrical navigation tower at 
G1, a diameter of 3 m is assumed. The inertia and 
drag coefficients used in the force calculations are 
set to 1.5 and 0.9, respectively.  

 
Figure 2. Illustration of the study site, including a satellite 
image and a bathymetric map. Locations of interest are 
marked as G1 and G2. G1 is located on a shoal where a 
navigation tower is planned, while G2 is situated at an 
anchorage on the lee side of Store Lyngholmen. The blue 
box indicates the wave generation zone, and the orange 
boxes represent numerical beach zones.  

 

5 RREESSUULLTTSS  AANNDD  DDIISSCCUUSSSSIIOONNSS  

Twenty percent of the 100 numerical simulations 
were used to validate the MLP-based predictions. 
The MLP-predicted significant wave heights at 
location G1 (shoaling region), represented by red 
crosses, are compared with the simulated values 
(blue dots) for the 20 validation cases in Fig. 3. 
The x-axis represents the offshore input 
significant wave height 𝐻𝐻5 used in the numerical 
simulations, while the y-axis shows the 
corresponding simulated and predicted 𝐻𝐻5 values 
at G1. 
The results indicate that the MLP-predicted 
significant wave heights closely match those 
obtained from the phase-resolving simulations 
across the full range of offshore input wave 
heights. The machine learning model also 
reproduces the overall variation trend with high 
fidelity. In contrast, the linear regression model 
(cyan dotted line in Fig. 3) fails to accurately 
predict both the magnitude of 𝐻𝐻5 and its nonlinear 
trend. The polynomial regression model (purple 
dotted curve in Fig. 3), however, provides a 
comparatively good approximation of the 
significant wave heights. 
Quantitatively, the mean squared error (MSE) of 
the MLP predictions for the 20 validation cases is 
0.141 m, which is higher than that of the 
polynomial regression (0.054 m). As expected, 
the linear regression yields the largest error, with 
an MSE of 0.424 m. 
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Figure 3. Comparison of simulated significant wave heights 
at G1 (shoaling region) with predictions obtained using 
MLP, linear regression, and polynomial regression.  
 
A similar validation exercise was conducted for 
the diffracted wave field at location G2, as shown 
in Fig. 4. The observations are consistent with 
those for the shoaling region. Both the MLP and 
polynomial regression models accurately predict 
the magnitude and trend of the diffracted waves, 
whereas the linear regression again fails to 
capture the underlying behavior of the wave field. 
In this case, the MSE values are 0.027 m for the 
MLP, 0.068 m for linear regression, and 0.013 m 
for polynomial regression.  
 
More pronounced differences among the 
prediction methods are observed for the 
maximum total wave forces acting on the 
cylindrical structure at G1. As shown in Fig. 5, 
the total wave force exhibits a stronger nonlinear 
relationship with offshore wave height than the 
significant wave height. Initially, the force 
increases rapidly with increasing offshore 𝐻𝐻5; 
beyond approximately 4 m offshore 𝐻𝐻5, the 
growth rate decreases markedly. This nonlinear 
behavior can be attributed to premature wave 
breaking in front of the shoal as offshore wave 
heights increase. 
In this regime, the MLP demonstrates a clear 
advantage in capturing the complex transition in 
the physical wave transformation process. The 
MLP-predicted maximum total wave forces agree 
well with both the simulated magnitudes and the 
observed trend. Neither the linear regression nor 
the polynomial regression adequately reproduces 
this nonlinear behavior. The MLP approach 
yields the lowest MSE of 95.89 kN, compared to 
342 kN for linear regression and 161 kN for 
polynomial regression.  

 
Figure 4. Comparison of simulated significant wave heights 
at G2 (diffraction region) with predictions obtained using 
MLP, linear regression, and polynomial regression. 

 
Figure 5. Comparison of simulated maximum total wave 
forces at G1 (shoaling region) with predictions obtained 
using MLP, linear regression, and polynomial regression. 

 
Overall, the MLP algorithm provides consistent 
and reliable predictions for shoaling waves, 
diffracted waves, and maximum total wave 
forces. This demonstrates its capability for rapid 
prediction of coastal wave parameters and wave-
induced forces based solely on offshore wave 
inputs at the study site. 
To enable coastal wave forecasting, an LSTM-
based model was employed to predict offshore 
wave conditions using existing hindcast data. 
Hourly significant wave height time series from 
an offshore location south of Store Lyngholmen 
(longitude 7.9293369° E, latitude 58.0167552° 
N) between January and November 2024 were 
used to train the LSTM model, which was then 
applied to predict the wave height time series for 
December 2024. The predicted 𝐻𝐻5 values are 
validated against the corresponding hindcast data 
for December 2024, as shown in Fig. 6. 
The LSTM model successfully captures the 
general temporal evolution of the significant 
wave height throughout December. The predicted 
significant wave height at 23:00 on 31 December 
2024 is 3.76 m.  
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Figure 6. LSTM-based prediction of the significant wave 
height time series for December 2024 (dash–dotted orange 
line), validated against hindcast data for December (blue 
dots), using training data from January to November 2024 
(solid blue line). 
 
A new phase-resolving simulation was 
subsequently performed using the predicted 
offshore significant wave height of 3.76 m as 
input. The simulated free surface elevation within 
the numerical wave tank is shown in Fig. 7. 
Pronounced wave shoaling is observed, while 
diffracted waves propagate around both the 
western and eastern sides of Store Lyngholmen 
and converge in the lee of the island at the 
anchorage location. 
The MLP-predicted significant wave heights at 
G1 and G2 are 4.954 m and 0.922 m, respectively. 
The corresponding simulated values are 4.939 m 
and 0.9378 m, yielding percentage errors of only 
0.3% and 1.7%. Since the offshore input wave 
height lies within the range of the training data, 
this strong agreement is expected. However, the 
predicted maximum total wave force is 19,001 
kN, which is approximately 10% lower than the 
simulated value. As the input wave height is close 
to the wave-breaking transition regime, the wave 
kinematics become more irregular and strongly 
nonlinear, making accurate force prediction more 
challenging in this range.  
 

 
Figure 7. Free surface elevation from the phase-resolving 
simulation using the predicted offshore significant wave 
height of 3.76 m on 31 December 2024.  

 

CCOONNCCLLUUSSIIOONNSS 

This study presents a case study demonstrating a 
hybrid framework that integrates a phase-
resolving numerical wave model, hindcast data, 
and machine-learning techniques. A phase-
resolving numerical wave tank (NWT) was used 
to generate training data for a multi-layer 
perceptron (MLP), enabling the establishment of 
a robust correlation between offshore and coastal 
wave conditions that captures the nonlinear nature 
of coastal wave transformation. Hindcast data 
were further employed to train a long short-term 
memory (LSTM) model for short-term offshore 
sea-state prediction. When combined, these 
models provide a computationally efficient 
approach for rapid forecasting of coastal wave 
conditions. 
The coupled NWT–MLP framework successfully 
reproduces the key physical processes governing 
wave shoaling, diffraction, and wave-induced 
forces acting on a cylindrical structure. Its 
advantages are particularly evident in the 
prediction of wave forces, where it clearly 
outperforms simpler surrogate models such as 
linear and polynomial regressions. Although 
further investigation is required—particularly 
regarding the sensitivity to machine-learning 
architectures, training data volume, and input 
parameter selection—the results demonstrate the 
feasibility and practical potential of the proposed 
approach for coastal engineering applications, 
including real-time forecasting and decision 
support. 
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1 INTRODUCTION 
High river discharges, heavy precipitation, 
extreme storm surges, and severe sea states are 
key flood drivers that render densely populated 
coastal areas particularly vulnerable to flooding 
(Green et al., 2024). While storm surges are 
primarily driven by atmospheric forcing (Pugh & 
Woodworth, 2014), their impacts are significantly 
amplified when they coincide with high tide, 
resulting in extreme water levels that can threaten 
coastal infrastructure, communities, and 
ecosystems. Understanding the interaction 
between storm surges and tidal dynamics is 
therefore crucial for accurately assessing coastal 
flood risk, especially in shallow environments 
where relatively small changes in water level can 
have substantial consequences. For this reason, 
increasing attention has been given to tide–surge 
interaction (TSI) (Williams et al., 2016). The 
dominant mechanism underlying TSI involves 
mutual phase modulation between tides and storm 
surges (Horsburgh & Wilson, 2007). This 
interaction is inherently nonlinear and can 
significantly influence coastal water levels during 
storm events. Accurately capturing these 
dynamics is essential for reliable coastal flood 
forecasting and for the development of effective 
coastal protection and adaptation strategies. 

Numerical modelling of TSI typically involves 
the combined simulation of tides and storm 
surges, followed by comparison with scenarios in 
which tides and surges are modelled separately 
(Idier et al., 2012). This approach is commonly 
used to assess the influence of TSI on extreme 
water levels. In several regions, including the 
English Channel (Idier et al., 2012), the Bay of 
Bengal (Antony et al., 2020), the South China Sea 
(Zhang et al., 2017), the Aveiro Lagoon in 
Portugal (Pinheiro et al., 2020), and the coast of 
Taiwan (Liu et al., 2016), the influence of TSI on 
water levels has been shown to range from a few 
centimetres to more than one metre. Importantly, 
the interaction does not always result in higher 
peak water levels; in some cases, TSI can reduce 
extreme levels (Antony et al., 2020). 
In addition to numerical modelling, several 
statistical methods have been developed to detect 
and quantify TSI, including those proposed by 
Dixon and Tawn (1994), Haigh et al. (2010), 
Williams et al. (2016), and Arns et al. (2020). The 
approach of Dixon and Tawn (1994) compares 
the distribution of all tidal values with the 
distribution of tides associated with the top 1% of 
storm surge events using a chi-squared test. The 
underlying assumption is that, in the absence of 
statistically significant differences between the 
two distributions, no significant TSI exists. 
Conversely, significant distributional differences 
indicate interaction between tidal and surge 

DDooeess  TTiiddee––SSuurrggee  IInntteerraaccttiioonn  OOccccuurr  aalloonngg    
tthhee  CCrrooaattiiaann  CCooaasstt  ooff  tthhee  AAddrriiaattiicc  SSeeaa??  
M. M. Gržića,*, N. Ožanića and N. Krvavicaa 
aFaculty of Civil Engineering, University of Rijeka, Radmile Matejčić 3, 51000, Rijeka, Croatia 
*Corresponding author: Marta Marija Gržić, e-mail: mmgrzic@gradri.uniri.hr 
 

 
ABSTRACT: Understanding the interaction between storm surges and tidal dynamics is essential for accurately 
assessing coastal flood risk, particularly in microtidal environments such as the Adriatic Sea. This study 
evaluates tide–surge interaction (TSI) in three regions of the Adriatic Sea—the northern, middle, and southern 
Adriatic—using three statistical approaches. The applied methods include: (i) distributing extreme storm surges 
across tidal ranges, (ii) distributing extreme storm surges relative to high tides, and (iii) assessing the correlation 
between storm surges and high tides. None of the investigated locations exhibited consistent evidence of tide–
surge interaction across all applied methods. Consequently, the results indicate that significant TSI does not 
occur along the Croatian Adriatic coast, suggesting that storm surges and tidal processes act largely 
independently in this region. 
 
 

KEYWORDS: Tide-surge interaction (TSI), Adriatic Sea, Microtidal environment, Extreme sea levels 

 

 

 
 

 
 

 
 
 
 



Coastal and Offshore Science and Engineering 
Year III – 2024 – ISSN 2785-7972 41

components. Haigh et al. (2010) similarly 
assessed the distribution of the highest 1% of 
storm surges relative to tidal phase, where a 
uniform distribution would be expected in the 
absence of TSI. Williams et al. (2016) examined 
the dependence between high tides and skew 
surges by applying the Kendall rank correlation 
coefficient and the Anderson–Darling test to 
compare the distribution of all high tides with 
those associated with the top 1% of skew surges. 
Arns et al. (2020) further investigated whether 
non-tidal residuals depend on astronomical tides 
during extreme sea-level events, providing a 
statistical framework for quantifying TSI under 
conditions most relevant to flood risk 
assessment.(Arns et al., 2020).  
These statistical methods reflect the evolution of 
TSI research over time. Early studies primarily 
focused on detecting the presence of TSI (Dixon 
& Tawn, 1994; Haigh et al., 2010), whereas more 
recent work has aimed at quantifying its 
magnitude and relevance for risk assessment 
(Williams et al., 2016; Arns et al., 2020). While 
the approach of Dixon and Tawn (1994) is 
effective for identifying the existence of 
interaction, it does not allow quantification of its 
strength. Haigh et al. (2010) highlighted the role 
of tidal phase, demonstrating that storm surges 
tend to occur more frequently during specific 
phases of the tidal cycle. Williams et al. (2016) 
introduced a more formal dependence 
framework, combining correlation and goodness-
of-fit tests. Arns et al. (2020) advanced this 
further by quantifying the dependence of non-
tidal residuals on tides during extreme events, 
offering the most risk-relevant assessment, albeit 
with greater methodological complexity. 
TSI has been extensively studied in the North Sea, 
where strong interactions significantly influence 
extreme sea levels (Dixon & Tawn, 1994; 
Horsburgh & Wilson, 2007). In the English 
Channel, Haigh et al. (2010) found significant 
TSI at eight out of nine tide gauge stations, with 
interaction strength increasing eastwards. These 
findings highlight the importance of accounting 
for TSI in extreme sea-level and flood risk 
assessments. 
To date, however, no studies have specifically 
investigated TSI along the Croatian coast of the 
Adriatic Sea. Given the region’s complex coastal 
morphology, including numerous shallow areas 
such as bays and estuaries, there is a clear need to 
assess the potential effects of TSI. Statistical 
dependence between tides and storm surges may 
significantly increase—or, in some cases, 
decrease—coastal flood hazard and risk. 
Incorporating TSI into flood hazard and risk 
assessments is therefore essential to improve the 

accuracy of hazard predictions and to support 
informed coastal management strategies. 
The aim of this study is to investigate the 
dependence between tides and storm surges in 
three regions of the Adriatic Sea—the northern, 
middle, and southern Adriatic—using three 
different statistical methods to assess the presence 
and significance of TSI. 
The paper is structured as follows. Section 2 
describes the study area and its main 
characteristics, as well as the observational data 
used. Section 3 outlines the methodology, with 
Subsection 3.1 addressing data preprocessing and 
Subsections 3.2–3.4 detailing the applied TSI 
analyses. Section 4 presents the results 
(Subsections 4.1–4.3) and discusses the findings 
(Subsection 4.4). Finally, Section 5 summarises 
the main conclusions of the study. 
 

2 SSTTUUDDYY  AARREEAA  AANNDD  DDAATTAA  
The Adriatic Sea is a semi-enclosed basin of the 
Mediterranean Sea, resembling a narrow channel 
approximately 800 km long and 200 km wide. It 
is commonly divided into three main regions: the 
shallow northern Adriatic, the deeper middle 
Adriatic, and the deep southern Adriatic (Šepić et 
al., 2022). Extreme sea levels in the Adriatic are 
influenced by a combination of processes acting 
across multiple temporal and spatial scales, with 
tides, storm surges, and seiches being the 
dominant contributors (Šepić et al., 2022).  
Tides in the Adriatic Sea exhibit both diurnal and 
semidiurnal characteristics, with tidal ranges 
increasing from approximately 30 cm in the 
southern Adriatic to up to 1.2 m in the northern 
part of the basin (Vilibić et al., 2017; Medvedev 
et al., 2020). Adriatic tidal dynamics are strongly 
influenced by the amplification of tidal waves as 
they propagate from south to north due to the 
progressive narrowing and shallowing of the 
basin (Janeković & Kuzmić, 2005).  
In a microtidal environment such as the Adriatic 
Sea, tidal signals are generally weaker than storm 
surge signals (Međugorac et al., 2016, 2018; 
Krvavica et al., 2024). Consequently, storm 
surges represent a key driver of extreme sea-level 
events in this region. A storm surge is the sea-
level response to low-pressure systems, typically 
accompanied by strong south-easterly Sirocco 
winds. These winds push seawater towards the 
northern Adriatic, resulting in the highest surge 
amplitudes in that region, which can reach up to 
1.5 m (Međugorac et al., 2016; Ferrarin et al., 
2022). Storm surges, whether occurring 
independently or in combination with high tides 
and seiches, significantly contribute to extreme 
sea levels and coastal flooding in the northern 
Adriatic, with Venice being among the most 



Coastal and Offshore Science and Engineering 
Year III – 2024 – ISSN 2785-797242

affected locations (Cavaleri et al., 2019; Ferrarin 
et al., 2022). 
The fundamental Adriatic seiche, with a period of 
approximately 21.2 h (Cerovečki et al., 1997), 
reach amplitudes exceeding 0.5 m in the northern 
Adriatic. This oscillation can further amplify sea 
levels and increase the risk of coastal flooding, 
particularly in areas with complex coastal 
morphology, such as along the Croatian coastline 
(Vilibić et al., 2017; Šepić et al., 2022). 
For this study, three locations along the Croatian 
Adriatic coast were selected to represent the 
northern Adriatic (Bakar station), middle Adriatic 
(Prosika station), and southern Adriatic (Ušće 
station). Figure 1 shows the locations of the 
selected stations (orange triangles) along the 
Croatian coast. 

 
Figure 1. Locations of the analysed tide gauge stations 
along the Croatian Adriatic coast (orange triangles): 
northern Adriatic (Bakar), middle Adriatic (Prosika), and 
southern Adriatic (Ušće). 

 
For the northern Adriatic station (Bakar), 
observational data were obtained from the Bakar 
tide gauge (Međugorac et al., 2022, 2025). This 
dataset spans 70 years (1950–2020) with an 
hourly temporal resolution. For the middle and 
southern Adriatic stations (Prosika and Ušće), 
observational data were provided by Croatian 
Waters and the Croatian Meteorological and 
Hydrological Service. The hourly tide gauge 
record for Prosika covers 38 years (1986–2023), 
while the dataset for Ušće spans 47 years (1977–
2023). 
 

3 MMEETTHHOODDOOLLOOGGYY  
To investigate whether extreme storm surges 
coincide with high tides in the eastern Adriatic 
Sea, the first step was to preprocess the sea-level 

data in order to extract the tidal and non-tidal 
residual components, as well as the skew surge. 
Three statistical methods were applied to 
investigate different aspects of the tide–surge 
interaction (TSI) and to determine whether a 
statistically significant interaction exists (Dixon 
& Tawn, 1994; Haigh et al., 2010; Williams et al., 
2016). 
The null hypothesis underlying all three methods 
is that storm surges (or skew surges) occur 
randomly with respect to the tidal phase. 
Accordingly, these methods assume that any 
storm surge or skew surge can coincide with any 
tidal level in the absence of interaction. 

3.1 Data preprocessing 

The first step in data preprocessing involved 
separating the hourly total sea-level observations 
into tidal and non-tidal components. A stationary 
harmonic analysis was performed using the U-
Tide toolbox (Codiga, 2011) on sea-level records 
from all three stations. The analysis incorporated 
62 tidal constituents with frequencies greater than 
0.03 cycles per hour (cph). The non-tidal 
residuals were obtained by subtracting the 
harmonic tidal predictions from the observed sea-
level time series. The skew surge was calculated 
as the difference between the maximum observed 
sea level and the predicted high tide within each 
tidal cycle, regardless of the exact timing of the 
surge peak relative to the tidal maximum (Haigh 
et al., 2016).  

3.2 Distribution of extreme storm surges across  
tidal ranges 

The first method used to assess tide–surge 
interaction (TSI), originally proposed by Dixon 
and Tawn (1994), involves extracting the highest 
1% of storm surges and grouping them into tidal 
bins according to the tidal level at the time each 
extreme storm surge occurs. The tidal range is 
divided into five equally spaced bins between low 
and high astronomical tide (Costa et al., 2023). 
If storm surges and tides are independent 
processes, the distribution of tidal levels 
associated with extreme storm surges should be 
identical to the overall distribution of the tidal 
range. To assess whether the two distributions 
differ, the chi-squared test (χ²) is applied. The null 
hypothesis assumes that both distributions are the 
same, indicating no interaction between tides and 
storm surges. At the 95% significance level and 
with four degrees of freedom (one less than the 
number of bins), the critical value (χ!"#$% ) is 9.49. 
If the calcualted χ2 value is below χ!"#$% , the null 
hypothesis is not rejected, indicating no 
statistically significant TSI. Conversely, a χ2 
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value greater than 9.49 suggests a statistically 
significant tide–surge interaction. 

3.3 Distribution of storm surges relative to high tide  

The second method, adapted from Dixon and 
Tawn (1994) by Haigh et al. (2010), evaluates the 
distribution of extreme storm surges relative to 
the timing of high tide. Storm surges exceeding 
the 99th percentile are extracted, and the 
corresponding high tides are identified. 
Each extracted storm surge is classified into an 
hourly bin within a ±6-hour window centred on 
high tide. Under the null hypothesis of no TSI, the 
resulting distribution should be uniform, meaning 
that extreme storm surges are equally likely to 
occur at any time between −6 h and +6 h relative 
to high tide. 
To test whether the binned storm surge 
distribution is uniform, the chi-squared test (χ²) 
with 12 degrees of freedom is applied at the 95% 
significance level. χ² values below the critical 
value (χ!"#$% ) of 21.03 indicate no significant TSI, 
whereas values exceeding this threshold suggest 
a statistically significant dependence between 
storm surges and tidal phase. 

3.4 Correlation between skew surges and high tides 

While the two previous methods focus on the 
relationship between extreme storm surges and 
tides, this method examines the dependence 
between skew surges and predicted high tides 
(Williams et al., 2016). An advantage of using 
skew surge rather than storm surge is that it 
avoids complications related to tidal timing, as 
skew surge yields a single value per tidal cycle 
(Santamaria-Aguilar & Vafeidis, 2018).  
Potential storm surge peaks and their times of 
occurrence, along with high tides, are extracted 
from the observed sea-level data using an 18-hour 
moving window. For each high tide, the nearest 
storm surge peak occurring within ±6 hours is 
selected to compute the skew surge.  
Following Williams et al. (2016), the highest 1% 
of skew surges are extracted to assess the 
dependence between extreme skew surges and 
high tides. The Kendall rank correlation 
coefficient (τ) is used as the dependence metric. 
Kendall’s τ is a non-parametric measure of 
monotonic association that is robust to outliers 
and capable of capturing nonlinear relationships 
based on data ranks (Li et al., 2012).  
If skew surges and high tides are independent, the 
distribution of high tides associated with the 
highest 1% of skew surges should be statistically 
indistinguishable from the distribution of all high 
tides (Williams et al., 2016). This hypothesis is 
tested using the Anderson–Darling goodness-of-

fit test, with the null hypothesis stating that both 
samples originate from the same underlying 
distribution. 
 

4 RREESSUULLTTSS  AANNDD  DDIISSCCUUSSSSIIOONN  
For all three locations along the Croatian coast of 
the Adriatic Sea (Fig. 1), tide–surge interaction 
(TSI) analyses were performed using the three 
methods described in the previous section. The 
results are presented separately for each station 
and subsequently discussed. 

4.1 Distribution of extreme storm surges across            
tidal ranges 

4.1.1 Northern Adriatic station (Bakar) 

Figure 2 presents histograms of all tidal levels 
(black) and of tidal levels associated with the 
extracted extreme storm surge peaks (red dashed) 
for the Bakar station. 
In the central bins (approximately −0.1 to 0.2 m), 
both distributions exhibit the highest probability 
densities, indicating that these tidal levels are the 
most frequent in both datasets. The distribution of 
all tidal levels shows slightly higher probability 
densities than the distribution corresponding to 
storm surge peaks, suggesting that average tidal 
levels are common in both datasets, but even 
more prevalent in the overall tidal record. 
In contrast, in the outer bins, tidal levels 
associated with storm surge peaks display higher 
probability densities, indicating that very low or 
very high tidal levels more frequently coincide 
with extreme storm surge events. This 
comparison illustrates whether tidal levels during 
storm surge peaks are randomly distributed across 
the tidal cycle or preferentially occur at specific 
tidal phases. 

 
Figure 2. Histograms of tidal levels at the Bakar station for 
all tidal levels (black) and for tidal levels corresponding to 
the extracted highest 1% of storm surges (red dashed). 

 
The difference in probability density between the 
distribution of tidal levels during storm surge 
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peaks and the expected distribution based on all 
tidal levels at the Bakar station is shown in Fig. 3. 
Distinct deviation peaks around −0.3 m and 0.25 
m indicate that tidal levels during storm surge 
peaks occur more frequently than would be 
expected from the general tidal distribution. The 
oscillatory nature of the deviation suggests that 
storm surge peaks are more often associated with 
both lower-than-average and higher-than-average 
tidal levels, while being less likely to occur when 
the tide is near its mean value. 

 
Figure 3. Deviation of the highest 1% of storm surges from 
the expected tidal distribution at the Bakar station. 
For the Bakar station, the chi-squared test yields 
a χ² value of 100.41 at the 95% significance level. 
As this value greatly exceeds the critical value 
χ!"#$% , the null hypothesis is rejected, indicating a 
statistically significant difference between the 
distributions and confirming a strong presence of 
tide–surge interaction. 

4.1.2 Middle Adriatic station (Prosika)  

Histograms for the Prosika station indicate that 
the highest probability densities for both datasets 
occur within the two central tidal ranges, with a 
slight shift toward lower tidal levels (Fig. 4). 
Although the overall shapes of the two 
distributions are similar, notable differences are 
observed across most tidal ranges, particularly in 
the second and third bins. These differences 
suggest the potential presence of tide–surge 
interaction (TSI). 
The deviations for the Prosika station are shown 
in Fig. 5. A pronounced positive deviation peak is 
observed around −0.1 m, indicating that storm 
surge peaks are considerably more likely to occur 
at this lower tidal level. This pattern suggests a 
preference for storm surge peaks to coincide with 
slightly lower-than-average tidal conditions, 
rather than with mean or extreme tides. 

 

 
Figure 4. Histograms of tidal levels at the Prosika station 
for all tidal levels (black) and for tidal levels corresponding 
to the extracted highest 1% of storm surges (red dashed). 

 

 
Figure 5. Deviation of the highest 1% of storm surges from 
the expected tidal distribution at the Prosika station. 

 
For Prosika, the chi-squared test yields a χ2 value 
of 79.30 at the 95% significance level. As for the 
Bakar station, this value greatly exceeds the 
critical value  χ!"#$% , leading to a strong rejection 
of the null hypothesis of no TSI and indicating a 
substantial tide–surge interaction. 

4.1.3 Southern Adriatic (Ušće)  

Figure 6 presents histograms for the Ušće station. 
Both datasets exhibit their highest probability 
densities around average tidal levels, indicating 
that these conditions are the most frequent. In 
contrast, the lowest and highest tidal ranges 
display very low probability densities, confirming 
that extreme tidal levels are rare in both datasets. 
The largest differences between the two 
distributions occur in the central tidal ranges, 
whereas the outer ranges are nearly identical. 
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Figure 6. Histograms of tidal levels at the Ušće station for 
all tidal levels (black) and for tidal levels corresponding to 
the extracted highest 1% of storm surges (red dashed). 

 
At the Ušće station, a deviation pattern similar to 
that observed at Prosika is evident in Fig. 7. The 
highest positive deviations occur around a tidal 
level of −0.1 m, after which the deviations 
become negative and decrease in magnitude. This 
pattern indicates that storm surge peaks tend to 
coincide with slightly lower-than-average tidal 
levels rather than with mean or extreme tides. 

 
Figure 7. Deviation of the highest 1% of storm surges from 
the expected tidal distribution at the Ušće station. 

 
For Ušće, the chi-squared test yields a χ2 value of 
18.44 at the 95% significance level. Since χ2 >  
χ!"#$% , the null hypothesis is rejected, indicating a 
statistically significant difference between the 
distributions and confirming the presence of a 
notable tide–surge interaction. 

4.2 Distribution of storm surges relative to high tide  

4.2.1 Northern Adriatic (Bakar) 

Figure 8 shows the distribution of storm surges 
relative to high tide at the Bakar station. The 
observed distribution appears relatively uniform 
across the tidal cycle, with only minor deviations 
from the expected uniform distribution. The 
absence of pronounced peaks or troughs in the 
histogram indicates minimal tide–surge 
interaction (TSI) at this location. 

 
Figure 8. Distribution of the highest 1% of storm surges 
relative to high tide compared with the expected uniform 
distribution at the Bakar station. 

 
To support the visual interpretation of Fig. 8, a 
chi-squared test was performed using a critical 
value of χ!"#$%   = 21.03 at the 95% significance 
level. The resulting χ² value of 10.79 is below 
χ!"#$% , confirming that no statistically significant 
TSI is present at Bakar.  

4.2.2 Middle Adriatic (Prosika)  

The distribution of storm surges at the Prosika 
station differs substantially from that observed at 
Bakar (Fig. 9). A higher frequency of storm surge 
events occurs five to six hours before high tide, as 
well as between three and six hours after high 
tide. Conversely, a noticeable reduction in storm 
surge occurrences is evident from three hours 
before to one hour after high tide. This pattern 
suggests that storm surges at Prosika are less 
likely to occur shortly before high tide and are 
more likely to occur toward the beginning and end 
of the tidal cycle. 

 
Figure 9. Distribution of the highest 1% of storm surges 
relative to high tide compared with the expected uniform 
distribution at the Prosika station. 

 
The chi-squared test confirms the visual 
interpretation, yielding a χ² value of 78.95 at the 
95% significance level. As this value is well 
above χ!"#$% , the null hypothesis of no TSI is 
strongly rejected, indicating a substantial tide–
surge interaction at Prosika. 
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4.2.3 Southern Adriatic (Ušće)  

Similar to Prosika, the distribution of storm 
surges at the Ušće station shows clear deviations 
from the expected uniform distribution (Fig. 10). 
As at Prosika, storm surges are less likely to occur 
shortly before high tide and more likely to occur 
toward the beginning and end of the tidal cycle. 

 
Figure 10. Distribution of the highest 1% of storm surges 
relative to high tide compared with the expected uniform 
distribution at the Ušće station. 

 
The chi-squared test yields a χ² value of 38.68, 
which exceeds χ!"#$% , indicating that the 
distribution of storm surges differs significantly 
from a uniform distribution. Therefore, a 
statistically significant tide–surge interaction is 
present at Ušće. 

4.3 Correlation between skew surges and high tides 

4.3.1 Northern Adriatic (Bakar) 

The relationship between the highest 1% of skew 
surges and the corresponding astronomical high 
tides at the Bakar station is shown in Fig. 11, 
together with a visual trend line. Kendall’s τ for 
this station is −0.08 and is not statistically 
significant (p > 0.05), indicating no measurable 
dependence between skew surges and high tides.  

 
Figure 11. Scatter plot of the highest 1% of skew surges and 
corresponding high tides, including a visual trend line and 
Kendall’s τ, at the Bakar station. 

 

This lack of correlation suggests that skew surges 
at Bakar occur independently of astronomical 
high tides. 
Figure 12 presents probability density functions 
(PDFs) of all high tides and of high tides 
associated with 99th-percentile skew surges, 
overlaid with a histogram of high tides during 
extreme skew surge events at Bakar. Both 
distributions exhibit a similar bell-shaped form, 
indicating that the distribution of high tides 
during extreme skew surges closely resembles the 
overall high-tide distribution. The peak of the 
black dashed curve is slightly shifted toward 
higher values compared with the orange curve, 
suggesting that extreme skew surges at Bakar 
tend to occur during slightly higher-than-average 
high tides. 

 
Figure 12. Probability density functions of all high tides and 
of high tides occurring during extreme skew surges, 
together with a histogram of high tides associated with skew 
surges at the Bakar station.  

 
If skew surges and high tides are independent, 
high tides associated with extreme skew surges 
should follow the same distribution as all high 
tides (Williams et al., 2016). The Anderson–
Darling test was therefore applied to compare the 
two distributions. The test failed to reject the null 
hypothesis (p > 0.05), indicating no statistically 
significant difference between them. 
Consequently, no significant tide–surge 
interaction is detected at the Bakar station based 
on this method. 

4.3.2 Middle Adriatic (Prosika)  

The correlation between the highest 1% of skew 
surges and the corresponding high tides at the 
Prosika station is shown in Fig. 13, together with 
a visual trend line. Kendall’s τ for this location is 
−0.05 and is not statistically significant (p > 0.05). 
The absence of a statistically significant 
correlation indicates no dependency between 
skew surges and high tides and, therefore, no 
evidence of tide–surge interaction (TSI) at this 
station.  
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Figure 13. Scatter plot of the highest 1% of skew surges and 
corresponding high tides, together with a visual trend line 
and Kendall’s τ, at the Prosika station. 

 
Figure 14 presents the probability density 
functions (PDFs) and histogram for the Prosika 
station. The dashed black curve (high tides 
associated with extreme skew surges) peaks at 
lower tidal levels (≈0.07 m), whereas the orange 
curve (all high tides) peaks at slightly higher 
levels (≈0.10 m). This shift suggests that extreme 
skew surges at Prosika tend to occur more 
frequently during lower-than-average high tides. 

 
Figure 14. Probability density functions (PDFs) of all high 
tides and of high tides occurring during extreme skew 
surges, together with a histogram of high tides associated 
with skew surges at the Prosika station.  

 
The Anderson–Darling test was applied to 
compare the distribution of all high tides with that 
of high tides associated with the highest 1% of 
skew surges at the Prosika station. The test 
statistic was 1.9504, slightly below the critical 
value of 1.9610 at the 95% significance level, 
with a p-value of 0.0510. Consequently, the null 
hypothesis of no difference between the 
distributions is not rejected. 
This result indicates that there is no statistically 
significant difference between the two 
distributions, supporting the conclusion derived 
from Kendall’s τ that no significant TSI is present 
at this station. 

4.3.3 Southern Adriatic (Ušće)  

The Ušće station exhibits the lowest correlation 
coefficient among the three locations, with a 
Kendall’s τ value of −0.01 (Fig. 15). As for the 
other stations, this correlation is not statistically 
significant, indicating no meaningful relationship 
between skew surges and high tides and, 
consequently, no evidence of TSI at this location. 

 
Figure 15. Scatter plot of the highest 1% of skew surges and 
corresponding high tides, together with a visual trend line 
and Kendall’s τ, at the Ušće station.  

 
The differences between the distributions shown 
in Fig. 16 were assessed using the Anderson–
Darling test. As expected, no statistically 
significant difference was identified. The test 
statistic was −0.5716, which is well below the 
critical value of 1.9610 at the 95% significance 
level, confirming the absence of significant TSI at 
the Ušće station. 

 
Figure 16. Probability density functions (PDFs) of all high 
tides and of high tides occurring during extreme skew 
surges, together with a histogram of high tides associated 
with skew surges at the Ušće station.  

4.4 Discussion 

The analysis of tide–surge interaction (TSI) at the 
three tide gauge stations along the Croatian 
Adriatic coast produced method-dependent 
results, with no station showing consistent 
evidence of TSI across all applied approaches. 
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At the northern Adriatic station, Bakar, TSI was 
identified only by the method based on the 
distribution of extreme storm surges across tidal 
ranges (Dixon & Tawn, 1994). In contrast, the 
second method (Haigh et al., 2010) , which 
evaluates whether extreme storm surges 
preferentially occur during high tides, and the 
third method (Williams et al., 2016), which 
examines the correlation and distributional 
similarity between skew surges and high tides, 
both failed to detect statistically significant TSI. 
This lack of agreement among methods supports 
the conclusion that TSI at Bakar is weak or not 
statistically significant. 
At the middle Adriatic station, Prosika, both the 
first and second methods indicated statistically 
significant TSI, suggesting that extreme storm 
surges tend to occur under specific tidal 
conditions. However, the third method revealed 
no significant correlation between skew surges 
and high tides, and the Anderson–Darling test 
statistic (1.9504) did not exceed the 5% critical 
value (1.9610), yielding a p-value of 0.0510. 
Although close to the significance threshold, this 
result does not justify rejection of the null 
hypothesis. This inconsistency introduces 
uncertainty: while two methods suggest the 
presence of TSI, the absence of confirmation from 
the third method renders the overall result 
inconclusive. 
A similar pattern was observed at the southern 
Adriatic station, Ušće. Again, the first two 
methods indicated significant TSI, whereas the 
third method did not. The correlation between 
skew surges and high tides was negligible (τ = 
−0.01), and no statistically significant difference 
was found between the relevant tidal 
distributions. 
The systematic non-detection of TSI by the third 
method, despite contrasting results from the other 
two approaches, may be attributed to its stricter 
statistical requirements and reduced sensitivity 
when applied to limited samples of extreme 
events. In particular, the relatively small number 
of extreme skew surges may reduce the statistical 
power of the Anderson–Darling test to identify 
meaningful deviations. Consequently, the failure 
of the third method to detect TSI should be 
interpreted with caution, especially when its 
results contradict those of multiple independent 
methods. 
 

CCOONNCCLLUUSSIIOONNSS  

To examine whether extreme storm surges tend to 
coincide with high tides along the Croatian 
Adriatic coast, three complementary statistical 

methods were applied at the Bakar, Prosika, and 
Ušće tide gauge stations, representing the 
northern, middle, and southern Adriatic, 
respectively. 
While the first two methods provided evidence of 
tide–surge interaction (TSI) at the middle and 
southern Adriatic stations, the third method 
consistently failed to confirm any statistically 
significant interaction. The differing outcomes 
among the three methods can be attributed to the 
fact that they capture distinct aspects of TSI. 
The first method, based on histogram and 
deviation analyses, offers a direct visual and 
statistical comparison between tidal levels at 
storm surge peaks and the overall tidal 
distribution, making it sensitive to preferential 
occurrence at specific tidal levels. The second 
method, which examines the timing of storm 
surges relative to high tides, focuses on the 
distribution of surge events across the tidal cycle 
and is better suited to identify systematic 
clustering around particular tidal phases. In 
contrast, the skew surge–high tide correlation 
approach tests for statistical dependence between 
two variables, assessing whether extreme surges 
preferentially coincide with high tides; however, 
it may overlook interactions occurring at lower or 
intermediate tidal levels. Consequently, 
discrepancies among the three methods arise 
because they quantify different manifestations of 
TSI—namely, distributional differences, phase 
preferences, or direct statistical dependence. 
Given the lack of consistent agreement across 
methods and the stringent criteria of the skew 
surge–based approach, the overall results suggest 
that storm surges and tides along the Croatian 
Adriatic coast generally occur independently, 
with no conclusive evidence of statistically 
significant tide–surge interaction. 
Future research will focus on the application of 
non-stationary harmonic analysis techniques 
(e.g., NS_Tide) to explicitly identify potential 
interactions between storm surges and tides, as 
well as the modulation of tidal constituents during 
extreme surge events. Such analyses may provide 
additional insight into compound sea-level 
dynamics that can substantially influence coastal 
flooding. 
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1 INTRODUCTION 
The increasing frequency and severity of coastal 
hazards driven by sea-level rise, storm 
intensification, and human interventions have 
underscored the need for rapid, accurate, and 
cost-effective surveying of coastal infrastructure. 
Traditional approaches, such as total station 
surveys, manual levelling, and classical aerial 
photogrammetry, require extensive field 
campaigns, specialised equipment, and skilled 
operators, which can limit spatial coverage and 

monitoring frequency (Campbell and Wynne, 
2011; Wang, 2009). As coastal structures age and 
the impacts of extreme events intensify, 
engineering practice increasingly benefits from 
innovative methods that deliver high-quality 
three-dimensional (3D) information with reduced 
logistical effort and cost (James et al., 2013). 
Recent advances in remote sensing (RS) have 
enabled detailed 3D mapping and structural 
assessment across complex coastal environments. 
Structure-from-Motion (SfM) photogrammetry 
reconstructs dense point clouds from overlapping 
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ABSTRACT: Evolving coastal hazards require survey methods that are rapid, accurate, and cost-efficient. This 
study presents a field-tested, RTK-anchored multisensor workflow that integrates Unmanned Aerial Vehicle 
(UAV) and handheld Structure-from-Motion (SfM) photogrammetry, smartphone LiDAR (sLiDAR), and 
terrestrial laser scanning (TLS) to generate engineering-grade point clouds of rubble-mound breakwaters. All 
datasets are co-registered within a unified control network, quality-controlled, and processed to extract key 
geometric parameters, including berm width, crown elevation, and cross-sectional profiles. Hybrid uncertainty 
is quantified by combining M3C2 normal-direction distances with alignment root-mean-square residuals to 
derive a 95% level of detection (LoD95), enabling robust centimetre-scale change detection. The proposed 
workflow is demonstrated at two Adriatic sites representative of common breakwater typologies. At the Pećine 
municipal breakwater, overlapping datasets are analysed using M3C2 comparison and transverse profiles to 
assess internal consistency and method-specific performance. At the Marina Mitan composite breakwater, 
transverse and longitudinal profiles derived from handheld SfM and sLiDAR are directly compared with design 
documentation to evaluate as-built compliance. Across both sites, sLiDAR effectively resolves undercuts and 
porous interior features that are partially occluded in image-based datasets, while aerial and handheld SfM 
provide rapid, high-density coverage in accessible and well-lit areas. TLS delivers a highly accurate reference 
dataset where safe access and instrument placement are feasible, albeit with greater logistical effort.The results 
highlight the growing importance of remote sensing techniques in contemporary coastal engineering practice 
and support their broader application across the design, construction, and maintenance phases of coastal 
infrastructure. By providing a reproducible framework for data acquisition, co-registration, and uncertainty 
assessment, this study reduces barriers related to processing complexity and initial investment, thereby enabling 
operational monitoring of critical coastal structures.  

KEYWORDS: Rubble-mound breakwaters, Structure-from-Motion, Smartphone LiDAR, Photogrammetry, 
M3C2 
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imagery acquired by unmanned aerial vehicles 
(UAVs) and handheld cameras. It routinely 
achieves centimetre-level accuracy and is well 
suited for monitoring coastal morphodynamics, 
including beach profiles, cliff erosion, and the 
geometry of breakwaters (Ružić et al., 2014, 
2019; Tadić et al., 2022; Petković, 2023). Light 
Detection and Ranging (LiDAR) provides direct 
range measurements capable of capturing fine-
scale surface detail and has been widely applied 
to extract precise geometry and detect small-scale 
changes in rubble-mound structures (Puente et al., 
2014). More recently, the growing availability of 
smartphone-based LiDAR (sLiDAR) has 
extended data acquisition to confined and porous 
zones that are difficult to survey using aerial 
imagery or terrestrial laser scanning (TLS), 
thereby complementing both SfM and TLS in 
coastal applications (Błaszczak-Bąk et al., 2023; 
Syafie et al., 2024; Šuput, 2023). 
This study advances current practice by 
integrating multiple RS platforms within a single 
Real-Time Kinematic (RTK)-referenced 
workflow for surveying rubble-mound 
breakwaters. The proposed workflow combines 
UAV-based SfM, handheld SfM, TLS, and 
sLiDAR, and provides practical guidance for both 
field acquisition and data processing using readily 
available hardware and commonly employed 
software. A unified RTK-anchored control 
network supports the co-registration of all 
datasets, after which point clouds are aligned, 
quality-controlled, and sectioned to extract key 
engineering parameters such as berm width, 
crown elevation, and cross-sectional geometry. 
Uncertainty propagation within the hybrid point 
clouds is explicitly addressed: normal-direction 
distances derived from the Multiscale Model-to-
Model Cloud Comparison (M3C2) algorithm are 
combined with the root-mean-square (RMS) 
alignment residuals to estimate hybrid uncertainty 
and derive a Level of Detection at the 95% 
confidence level (LoD95), which frames all 
reported differences. 
The proposed approach is demonstrated at two 
Adriatic sites representing common breakwater 
typologies. At the Pećine municipal breakwater, 
overlapping datasets are compared using M3C2 
analysis and transverse profiles to assess internal 
consistency and method-specific performance. At 
the Marina Mitan composite breakwater, 
transverse and longitudinal profiles derived from 
handheld SfM and sLiDAR are directly compared 
with design documentation to evaluate as-built 
compliance. Across both sites, sLiDAR proves 
effective in capturing undercuts and porous 
regions that are partially occluded in image-based 
datasets, while aerial and handheld SfM provide 

rapid coverage and high point densities in 
accessible, well-lit areas. 
 

2 SSTTUUDDYY  AARREEAASS  AANNDD  MMAATTEERRIIAALLSS  

2.1 Research area 

Two study sites were investigated in this work. 
The first site is the Pećine breakwater, located 
along the Pećine coastline in the city of Rijeka, 
Croatia (regional location in Fig. 1a; UAV view 
in Fig. 1b). The Pećine area is characterised by a 
rocky coastline with a series of small coves and 
pocket beaches.  
 

 
Figure 1. Study area and breakwater sites. 
a) Regional location of the two investigated breakwaters on 
the northern Adriatic coast, showing the Pećine breakwater 
(site 1) in Rijeka and the Mitan breakwater (site 2) in Novi 
Vinodolski (basemap: ESRI World Imagery). 
b) Secondary rubble‐mound Pećine breakwater (site 1). 
c) Rubble‐mound Mitan breakwater (site 2). 
 

a) 

b) 

c) 
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The analysed segment corresponds to Crnej 
Beach, situated immediately adjacent to the 
entrance of the Pećine small municipal harbour. 
This study focuses on a secondary breakwater 
within the municipal harbour, constructed at a 
later stage as a simple rubble-mound structure 
approximately 12 m in length to mitigate wave 
agitation within the harbour basin. This structure 
is hereafter referred to as the Pećine breakwater. 
The second study area is the rubble-mound 
section of a composite breakwater located at the 
south-eastern corner of Marina Mitan, in the city 
of Novi Vinodolski (regional location in Fig. 1a; 
shoreline photograph in Fig. 1c), hereafter 
referred to as the Mitan breakwater. The Mitan 
breakwater extends approximately 25 m in each 
direction and has an above-sea-level width of 
about 7 m. This structure was selected due to its 
representative geometry and good accessibility, 
providing an opportunity to assess the 
applicability of remote sensing (RS) methods to a 
commonly encountered breakwater typology. 
 

2.2 Survey equipment 

To conduct a comprehensive geometric survey of 
coastal structures, five complementary 
components were integrated into a cohesive 
workflow to leverage their individual strengths. 
The survey began with a FARO Focus3D X 130 
terrestrial laser scanner (TLS), which provides 
millimetre-level accuracy and high-density point 
clouds, capturing fine surface details and precise 
armour-unit placement. These data form a 
detailed geometric baseline of the exposed 
armour layer. 
Building on this static reference framework, a DJI 
Phantom 4 Advanced unmanned aerial vehicle 
(UAV) was employed to extend spatial coverage 
into broader, hard-to-access areas. The UAV 
acquires high-overlap aerial imagery, effectively 
bridging gaps in regions shadowed or occluded 
from ground-based scanning. 
To address undercut features and interstitial voids 
beyond the reach of both TLS and UAV 
photogrammetry, smartphone LiDAR (sLiDAR) 
data were collected using an Apple iPhone 13 Pro. 
This system provides close-range depth 
measurements with centimetre-scale precision, 
enabling the infilling of localized gaps within the 
point cloud. 
Handheld photogrammetry, performed using a 
Sony RX100 Mark V camera, offered flexible, 
high-resolution data acquisition and proved 
particularly effective on textured surfaces and 
partially occluded rock faces. This method 
requires minimal operator training and enriches 

the dataset with colour and material information 
that range-only sensors cannot capture. 
Finally, a GNSS–RTK system ensured sub-
decimetre positional accuracy across all 
measurements, allowing UAV-derived models, 
TLS point clouds, sLiDAR scans, and handheld 
Structure-from-Motion (SfM) reconstructions to 
be co-registered within a single, unified 
coordinate framework. 
 

3 MMEETTHHOODDOOLLOOGGYY  

3.1 Data acquisition 

Field campaigns were conducted on three 
occasions (two at Crnej and one at Mitan) to 
acquire high-resolution three-dimensional (3D) 
data of two rubble-mound breakwaters. A unified 
georeferencing procedure was implemented at all 
sites. High-contrast ground control targets 
(painted panels and spray-painted markers) were 
distributed around the perimeter and across 
accessible surfaces, and a GNSS–RTK survey 
was then used to record centimetre-level 
coordinates for each ground control point (GCP). 
This established a rigid control network for the 
subsequent co-registration of all datasets. 
Following the establishment of the GCP network, 
multisensor data acquisition was carried out 
according to site-specific conditions. Static 
terrestrial laser scanning (TLS) was employed 
where unobstructed vantage points allowed the 
capture of dense 3D point clouds. Unmanned 
aerial vehicle (UAV) flights provided 
overlapping oblique imagery for Structure-from-
Motion (SfM) photogrammetric reconstruction, 
while handheld devices—smartphone LiDAR 
(sLiDAR) and a digital camera—were used to 
document undercut sections, overhangs, and 
confined spaces inaccessible to TLS or UAV 
platforms. All point clouds and image datasets 
were referenced to the same control network and 
co-registered to produce unified, high-fidelity site 
models. 

3.1.1 Pećine breakwater survey 

Data were collected under overcast, low-wind 
conditions to minimise shadows and surface 
ripples (Table 1 summarises the acquisition dates, 
platforms, and settings). The first campaign 
(February 2023) combined TLS using a FARO 
Focus3D X 130 with three tripod stations 
positioned around the site (three scans acquired in 
approximately 30 min). As the breakwater lay at 
the edge of the mapped area, the landward side 
was not fully captured. A concurrent UAV survey 
was conducted using a DJI Phantom 4 Advanced, 
which flew low-altitude oblique paths at 
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approximately 45° for 15 min, acquiring 220 
images for SfM reconstruction. 
To document undercuts and a small coastal cave 
along the breakwater face, smartphone LiDAR 
(iPhone 13 Pro) was operated at close range. A 
second campaign (June 2023) employed handheld 
SfM using a Sony RX100 Mark V camera; 340 
overlapping photographs were acquired from 
multiple land-based viewpoints over 
approximately 30 min, covering the structure 
from the base to the crown. 
All datasets were georeferenced to the common 
GNSS–RTK control network and subsequently 
co-registered into a single, high-resolution 3D 
model of the Pećine breakwater. 
Table 1. Acquisition details for the Pećine breakwater 
surveys. 

Survey 
No. Date Method and equipment 

1 21.02.2023 
SfM (UAV)  

DJI Phantom 4 
Advanced 

1 21.02.2023 
TLS 

Focus3D X 130 

1 21.02.2023 sLiDAR 
iPhone 13 Pro 

2 30.06.2023 
SfM handheld 

Sony RX100 Mark V 

3.1.2 Marina Mitan breakwater survey 

On 11 September 2023, a ground control network 
was established across the Marina Mitan 
breakwater and surveyed using GNSS–RTK. 
Under clear and calm weather conditions, 
handheld Structure-from-Motion (SfM) 
photogrammetry was carried out using a Sony 
RX100 Mark V camera. A total of 540 
overlapping photographs were acquired over 
approximately 1 hour, with an overlap of at least 
60%, covering the structure from the base to the 
crown. In parallel, smartphone LiDAR (sLiDAR; 
iPhone 13 Pro) was operated at close range to 
capture the interior geometry through accessible 
voids within the armour layer. 
The approximately 30 m long rubble-mound 
section was selected as a test site to evaluate the 
effectiveness of sLiDAR as a complementary 
technique to handheld SfM photogrammetry. 
Following data acquisition, all ground control 
points were re-measured using GNSS–RTK to 
verify positional integrity. The handheld SfM 

imagery and sLiDAR point cloud were then 
referenced to the same control network and co-
registered into a unified spatial dataset. 
The methods and equipment used for Survey 3 at 
the Marina Mitan breakwater are summarised in 
Table 2. 
 Table 2. Acquisition details for the Marina Mitan 
breakwater survey. 

Survey 
No. Date Method and equipment 

3 11.09.2023 sLiDAR 
iPhone 13 Pro 

3 11.09.2023 
SfM (handheld) 

Sony RX100 Mark V 

3.2 Data processing 

This section outlines the data-processing 
workflow applied to all datasets. Imagery 
acquired using UAV- and handheld-based 
Structure-from-Motion (SfM), terrestrial laser 
scanning (TLS) data, and smartphone LiDAR 
(sLiDAR) point clouds were imported into 
dedicated software environments for 
preprocessing and georeferencing. All outputs 
were referenced to the same GNSS–RTK control 
network to ensure spatial consistency. 
All SfM photographs were processed using 
Agisoft Metashape (v1.8). Image quality was 
evaluated using the Estimate Image Quality tool, 
and frames with quality scores below 0.50 were 
excluded, in accordance with the software 
documentation and established best practices 
(Agisoft, 2021; Over et al., 2021). UAV images, 
which include approximate camera positions 
stored in EXIF metadata, were aligned using the 
Reference Preselection option, while handheld 
images without geotags were aligned using the 
High Accuracy preset. 
Following initial alignment, low-confidence tie 
points—characterized by a low number of 
observations and high reprojection errors—were 
removed through Gradual Selection and manual 
inspection. Dense point clouds were subsequently 
generated using the High quality setting, resulting 
in approximately 3–7 million points per 
breakwater (UAV-derived point cloud shown in 
Fig. 2; handheld SfM-derived point cloud shown 
in Fig. 3). 
Ground control coordinates for 11 targets, 
obtained from the GNSS–RTK survey and 
referenced to the HTRS96 / Croatia TM 
coordinate system (EPSG:3765), were imported 
into the project, manually marked, and used to 
refine model scale and orientation. The final 
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alignment to the control network achieved 
centimetre-level accuracy. 

Figure 2. UAV‐SfM 3D point cloud of the Pećine 
breakwater generated in Agisoft Metashape. 

Figure 3. Handheld SfM 3D point cloud of the Pećine 
breakwater generated in Agisoft Metashape. 

 

To generate a 3D point cloud of the Pećine 
breakwater using terrestrial laser scanning (TLS), 
data acquired with the FARO Focus3D X 130 
were processed in FARO Scene (v2019). Noise 
filtering was enabled (Filter Stray Scan Points, 
grid size: 3 px, distance threshold: 0.02 m), and 
the resolution was set to Fine (corresponding to a 
point spacing of 1.56 mm at a range of 10 m) 
(FARO Technologies Inc., 2015). Three scan 
stations were registered using the instrument’s 
onboard orientation sensors to preserve relative 
pose. Because the rubble-mound structure was 
only partially accessible, the TLS survey captured 
the seaward face of the breakwater and the 
adjacent Crnej Beach, while the landward face 
and crest were incompletely surveyed (Fig. 4). 
Consequently, full surface meshing of the 
structure was not attempted. 

 
Figure 4. Partial TLS point cloud of the Crnej Beach area 
processed in CloudCompare, showing points captured from 
one side of the Pećine breakwater structure (highlighted in 
red). 

The Mitan breakwater was surveyed in three 
segments using the Scaniverse application on an 
iPhone 13 Pro. The main segment covered 
approximately 30 m of the structure, while two 
auxiliary segments ranged between 5 and 10 m in 
length. Following device-side processing, the 
point clouds were exported and imported into 
CloudCompare for georeferencing and cross-
section extraction (CloudCompare Wiki, 2023) 
(Fig. 5). 

Figure 5. Segment of the Mitan breakwater point cloud 
acquired using sLiDAR scanning. 

All point clouds and image-derived models were 
referenced to the same GNSS–RTK control 
network and subsequently rigidly aligned and 
quality-checked prior to analysis. The following 
sections describe the quantification of overlap 
uncertainty—combining M3C2 normal-direction 
distances with alignment root-mean-square 
(RMS) values—and the extraction of engineering 
cross-sections. 

3.3 Error propagation in hybrid point clouds 

Uncertainty in multi-sensor point cloud overlaps 
was quantified in CloudCompare by combining 
the alignment RMS of registration residuals with 
surface-normal distances computed using the 
Multiscale Model to Model Cloud Comparison 
(M3C2) algorithm (Lague et al., 2013). 
Registration was performed using point-pair 
matching followed by Iterative Closest Point 
(ICP) alignment. The alignment RMS represents 
the root mean square of closest-point residuals 
after rigid registration and is reported in metres. 
M3C2 computes normal-direction distances by 
estimating local surface normals via principal 
component analysis using a diameter of D = 0.03 
m. A normal-aligned projection cylinder 
(projection diameter: 0.05 m; maximum depth: 
0.50 m) is then used to identify neighbouring 
points from both point clouds. These neighbours 
are projected onto the normal direction, and the 
mean positions μ₁ and μ₂ are calculated for the 
reference and compared clouds, respectively. 
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Their difference defines the signed separation 
distance d (Eq. 1): 

𝑑𝑑 = 𝜇𝜇! − 𝜇𝜇" (1) 
Two quality metrics were evaluated for each core 
point: the number of supporting points in each 
cloud (Nₚₜₛ₁,₂) and the local surface roughness 
(STD₁,₂). Statistical summaries were computed 
for a high-confidence subset defined by Nₚₜₛ₁,₂ ≥ 
20, STD₁,₂ ≤ 0.05 m, and an analysis window |d| ≤ 
0.01 m (coverage statistics are additionally 
reported for |d| ≤ 0.03 m). The relative dispersion 
σᵣₑₗ was calculated as the standard deviation of d 
within this subset. 
The hybrid uncertainty σₕᵧᵦ was then defined 
according to Eq. (2), where σᵣₑg denotes the 
alignment RMS: 

𝜎𝜎#$% = &𝜎𝜎&'(! + 𝜎𝜎&')!  (2) 

The minimum detectable change at the 95% 
confidence level, also referred to as the Level of 
Detection (LoD95), was subsequently derived 
(Eq. 3), following established practice in M3C2-
based change detection (James et al. 2017; 
Winiwarter et al. 2021; Lague et al. 2013). 

𝐿𝐿𝐿𝐿𝐿𝐿*+ = 1.96𝜎𝜎#$% (3) 

3.4 Extraction of Point‐Cloud Cross‐Sections 

Cross-sections were extracted from the merged 
point clouds of the Pećine breakwater using 
CloudCompare, following consistent procedures 
across all sensing methods. A longitudinal 
reference axis was first defined along the 
breakwater crest, after which four transverse axes 
were positioned at 2.5 m intervals, oriented 
perpendicular to the longitudinal axis. An 
example of the axis configuration applied to the 
UAV-SfM point cloud is shown in Fig. 6. Slicing 
the point cloud along these axes yielded narrow 
two-dimensional profiles through the armour 
layer. An example of the extracted UAV-SfM 
cross-sections is presented in Fig. 7. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6. Example of longitudinal and transverse axes 
defined on the UAV-SfM point cloud of the Pećine 
breakwater in CloudCompare. 
 

Figure 7. Example of cross-sections extracted from the 
UAV-SfM point cloud, showing Pećine breakwater profiles 
generated in CloudCompare. 

For each sensing method, the extracted cross-
sections—representing only the outer surface of 
the breakwater—were trimmed to their 
uppermost contours and exported as DXF 
polylines. These DXF files were subsequently 
imported into AutoCAD to remove redundant 
vertices and standardize line styles. The four 
transverse profiles derived from each method 
were then overlaid to enable direct geometric 
comparison (Fig. 8). 

Figure 8. Four transverse cross-sections derived from UAV-
SfM, handheld SfM, and sLiDAR data, exported as DXF 
files and edited in AutoCAD. 
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Figure 9. Selected transverse and longitudinal profiles 
delineated on the Mitan breakwater point cloud in 
AutoCAD. 
 
Three-dimensional point clouds obtained from 
SfM photogrammetry and sLiDAR were also 
used to evaluate the as-built geometry of the 
Mitan breakwater against its original design 
documentation. Following image processing in 
Agisoft Metashape, selected transverse and 
longitudinal profiles were delineated directly on 
the point cloud and drafted in AutoCAD (Fig. 9).  
 

These profiles, together with the corresponding 
point cloud data, were exported in ASCII format 
and imported into MATLAB, where custom 
scripts were applied to generate numerical cross-
sections for both sensing techniques. The 
resulting profiles were subsequently reimported 
into AutoCAD for graphical comparison with the 
design drawings. 
 

3.5 Analysis of the survey methods employed 

A comparative assessment of UAV-SfM, TLS, 
handheld SfM, and sLiDAR was conducted at the 
Pećine rubble-mound breakwater. Table 3 
summarises the relative direct costs, required 
expertise, field acquisition time, and processing 
effort associated with each method, using 
harmonised categories. The comparison provides 
a practical decision-support matrix for selecting 
appropriate survey techniques in comparable 
coastal engineering applications. 
 
 
 

Table 3. Relative time, cost, effort, and expertise associated with the survey methods applied at the Pećine breakwater (categories 
are indicative and standardised across survey campaigns).

Method Direct cost (relative) Required expertise Acquisition time (field) Processing time (operator) 

UAV–SfM¹ Medium to Low Moderate Low Moderate 
Handheld–SfM² Low Low to Moderate Medium Moderate 
sLiDAR³ Very Low Low Low Low to Moderate 
TLS⁴ High High Medium High 

Notes: 
¹ DJI Phantom 4 Advanced; ² Sony RX100 V; ³ iPhone 13 Pro; ⁴ FARO Focus3D X130. 
a) Acquisition time (field): Very Low < 15 min; Low 15–30 min; Medium 30–60 min; High > 60 min. 
b) Direct cost (indicative incremental per survey): Very Low: €0–€50 per day (smartphone or application already owned); 
Low: €20–€60 per day to rent, or approximately €500–€1,000 to purchase a consumer-grade camera; 
Medium to Low: €80–€200 per day to rent, or approximately €1,200–€2,500 to purchase a prosumer UAV; 
High: €300–€800 per day to rent, or approximately €20,000–€60,000 to purchase a TLS unit. 
c) Processing effort (operator time, excluding computation): Very Low < 1 h; Low 1–2 h; Moderate 2–4 h; High > 4 h. 
d) Required expertise: Low (app-guided data capture); Low to Moderate (consumer camera with basic SfM processing); Moderate 
(UAV operation with photogrammetric processing and GCP handling); High (survey-grade TLS deployment, scan planning, and 
point cloud registration).

4 RREESSUULLTTSS  AANNDD  DDIISSCCUUSSSSIIOONN  

4.1 Quantitative Overlap Metrics and LoD95 

Using the CloudCompare M3C2 algorithm, the 
UAV-SfM reconstruction of the Pećine 
breakwater was compared with the handheld SfM 
reconstruction. The analysis was conducted on a 
high-confidence subset defined by a minimum 

point support in both clouds of 𝑁𝑁pts1,2 ≥ 20, local 
surface roughness STD",! ≤ 0.05m, and a 
reporting filter of ∣ 𝑑𝑑 ∣≤ 0.01m. The resulting 
overlap quality is high. 
The mean signed distance between the two 
datasets is effectively zero (𝑑𝑑 = −0.00096 m), 
with millimetric dispersion (𝜎𝜎rel = 0.004324 m). 
The resulting hybrid uncertainty yields a level of 
detection at 95% confidence of LoD*+ =
0.02135m. Spatial coverage is robust and 
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representative of the entire structure: 67.64% of 
all core points fall within ±1 cm (𝑁𝑁±" =
2,269,113) and 73.59% within ±3 cm (𝑁𝑁±. =
2,468,686) out of a total of 𝑁𝑁all = 3,354,741, 
indicating close agreement over most of the 
breakwater. 
The spatial distribution of M3C2 distances for the 
high-confidence subset is shown in Figure 10, 
with the handheld SfM point cloud used as the 
core dataset. Colours are clipped to ±0.01 m, and 
distances follow Eq. (1), such that positive values 
indicate that the UAV-SfM surface lies above the 
handheld SfM core. Residuals outside this 
interval are predominantly concentrated at block 
edges and within occluded recesses, reflecting 
local geometric complexity rather than systematic 
bias between the datasets. 
From a practical engineering perspective, 
differences in crest elevation, berm width, or 
slope exceeding approximately 2–3 cm can be 
interpreted as real geometric variations. Smaller 
differences fall below the detection capability of 
the combined workflow unless further 
improvements in alignment precision are 
achieved. 
 
 

Figure 10. Spatial distribution of offsets comparing the 
UAV-SfM reconstruction to the handheld SfM core. 
Colours encode distances according to Eq. (1) and are 
clipped to ±0.01 m; positive values indicate the UAV-SfM 
surface above the core.  

4.2 Cross-sectional analysis of the Pećine breakwater 
point clouds 

The transverse cross-sections of the Pećine 
breakwater indicate that UAV-SfM, handheld 
SfM, and sLiDAR capture the overall armour-
block geometry with a high degree of consistency. 
Figure 11 overlays Profiles 1–4 to illustrate the 
level of agreement between methods. 

In Profile 1, the UAV-SfM trace exhibits a faint 
secondary line beneath the true contour, caused 
by oblique viewing angles that partially captured 
undercut block faces. A single spurious point is 
also present in the handheld SfM reconstruction 
at the same location, attributable to limited 
camera access between blocks. Smartphone 
LiDAR, although unable to resolve a small central 
void, provides the most complete representation 
in this profile due to its ease of close-range 
manoeuvring. 

 
Figure 11. Overlaid transverse cross-section profiles 
(Profiles 1–4) of the Pećine breakwater obtained using 
UAV-SfM, handheld SfM, and sLiDAR, displayed in 
AutoCAD. 
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Profile 2 shows near-perfect overlap among all 
three methods in an unobstructed section of the 
structure. Profile 3 similarly demonstrates strong 
agreement; however, the sLiDAR profile 
truncates on the seaward side where water-surface 
reflections prevented reliable returns, whereas 
both SfM-based profiles extend slightly further 
before encountering occlusions. In Profile 4, a 
local deviation near the 6 m mark is evident in the 
handheld SfM profile, where a narrow inter-block 
gap was not captured and the reconstruction 
consequently smoothed the surface. 
Overall, UAV-SfM and handheld SfM perform 
comparably to sLiDAR in well-lit and accessible 
areas, whereas sLiDAR is superior in zones 
characterized by undercuts, occlusions, or 
restricted access. 

Profile-wise discrepancies relative to the sLiDAR 
reference were quantified using the M3C2 metric 
with a projection scale of 0.02 m. Across Profiles 
1–4, the signed mean deviations are small 
(approximately 5–6 mm), while the standard 
deviation typically ranges between 4 and 6.5 cm, 
resulting in method-level root-mean-square 
(RMS) values of about 4.8 cm for both UAV-SfM 
and handheld SfM (Table 4). The largest 
dispersion occurs in Profile 1 for UAV-SfM 
(RMS ≈ 6.5 cm), consistent with the presence of 
local occlusions and reduced surface texture. In 
regions where all methods overlap, the majority 
of deviations fall within ±5 cm.

Table 4. M3C2 deviations (m) between SfM-derived point clouds and the sLiDAR reference for four transverse cross-sections (P1–1 
P4) at the Pećine breakwater. 2 

Profile Method vs. LiDAR Points Mean (m) Std. dev. (m) RMS (m) 

P1 
UAV SfM – LiDAR 14,297 0.00109 0.06511 0.06512 

Handheld SfM – LiDAR 30,454 -0.0044 0.05063 0.05082 

P2 
UAV SfM – LiDAR 11,832 0.00953 0.04103 0.04212 

Handheld SfM – LiDAR 28,840 0.01298 0.04622 0.04801 

P3 
UAV SfM – LiDAR 10,950 0.00349 0.04055 0.0407 

Handheld SfM – LiDAR 21,428 0.00687 0.04716 0.04766 

P4 
UAV SfM – LiDAR 18,374 0.00778 0.04379 0.04448 

Handheld SfM – LiDAR 42,363 0.00945 0.04424 0.04524 

4.3 Comparison of the as‐built Mitan breakwater with 
design specifications 

To evaluate conformity with the design, 
numerical cross-sections derived from handheld 
SfM and sLiDAR point clouds were compared 
with the project documentation (MareCon, 2023). 
Figure 12 presents all extracted sections in a 
single panel, comprising transverse Profiles 1–8 
and longitudinal Profiles 9–12, with handheld 
SfM shown in blue and sLiDAR in red. 
Within the transverse set, Profiles 2, 3, and 4 
demonstrate that the sLiDAR-derived contours 
resolve interstitial voids between armour blocks 
that are only partially captured by handheld SfM, 
owing to the latter’s reliance on sufficient image 
overlap. Profile 4 further illustrates a case where 
the sLiDAR trace terminates due to an obstructed 
incidence angle, whereas the handheld SfM 
contour extends farther owing to a greater stand-
off distance. Profiles 5 and 8 exhibit incomplete 

sLiDAR traces associated with the segmented 
acquisition of the breakwater, which complicated 
merging and georeferencing across individual 
segments. Minor deviations in the handheld SfM 
profiles are observed in shadowed or steeply 
inclined areas where photographic coverage was 
limited. 
In the longitudinal set, Profiles 9–12 closely 
follow the intended design elevations. Profile 12 
accurately reproduces the 3 m elevation, while 
Profiles 11 (3 m), 10 (2 m), and 9 (1 m) similarly 
conform to their respective design targets. In 
Profile 10, the sLiDAR contour extends further 
down the seaward slope than the handheld SfM 
profile, reflecting the ability of close-range 
sLiDAR acquisition to capture undercut and 
overhanging zones. Overall, both methods 
produce closely overlapping contours, with 
deviations generally within a few centimetres 
across the analysed sections, indicating no 
systematic departures from the design geometry. 
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Figure 12. Cross-sections of the Marina Mitan breakwater 
derived from handheld SfM (blue) and sLiDAR (red) point 
clouds in AutoCAD. Transverse Profiles 1–8 and 
longitudinal Profiles 9–12 are shown, with axes in metres. 
 
 
 
 
 
 
 
 
 

Figure 13 shows the design cross-section with the 
locations of longitudinal Profiles 9–12 indicated 
for reference. In addition, transverse Profile 2 is 
directly overlaid along the seaward vertical wall 
using the design documentation (MareCon, 
2023). This profile clearly illustrates the 
geometry and elevation of the stone-filled armour 
layer, where the sLiDAR-derived contour (red) 
closely tracks the design line. Cross-sectional 
measurements yield a berm width of 2.60 m and 
a revetment slope of 1:1.5, confirming that the as-
built structure complies with the original 
specifications. 
 

 
Figure 13. Point cloud cross-sections for longitudinal 
Profiles 9–12 and transverse Profile 2 on the Mitan 
breakwater, overlaid on the design section. sLiDAR (red) 
contours closely match the design geometry (MareCon, 
2023); Profile 2 indicates a 2.60 m berm width and a 1:1.5 
revetment slope. 

CCOONNCCLLUUSSIIOONNSS  

This study demonstrates that a multisensor, RTK-
referenced point-cloud workflow can capture and 
analyse the geometry of rubble-mound 
breakwaters with decision-grade accuracy at 
modest cost and operational effort. UAV-based 
SfM, handheld SfM, sLiDAR, and—where 
feasible—TLS were integrated within a single 
control network, then aligned, quality-checked, 
and analysed using consistent parameters. 
Uncertainty in hybrid overlaps was treated 
explicitly by combining M3C2 normal-direction 
distances with the alignment root-mean-square 
(RMS), yielding a hybrid uncertainty and a 95% 
confidence level of detection that frames all 
comparisons. 
At the Pećine breakwater, the overlap between 
UAV SfM and handheld SfM is strong: the mean 
signed normal distance is effectively zero, with 
millimetric dispersion. Coverage within ±1 cm 
and ±3 cm of the normal direction reaches 
67.64% and 73.59% of all core points 
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(approximately 3.35 million), respectively. The 
derived detection limit at 95% confidence is 0.021 
m, indicating that differences on the order of two 
to three centimetres can be interpreted as real 
changes across most of the structure. Transverse 
cross-sections extracted at 2.5 m spacing confirm 
close agreement among methods; profile-wise 
RMS values typically range from four to five 
centimetres, with larger residuals confined to 
block edges and occluded recesses where true 
overlap is limited. 
At the Mitan breakwater, handheld SfM and 
sLiDAR successfully reproduce the design 
elevations and dimensions. The measured berm 
width is 2.60 m, and the revetment slope 
conforms to the specified 1:1.5. The datasets are 
both substantial and complementary: the sLiDAR 
point cloud comprises approximately 10.0 million 
points, while the handheld SfM point cloud 
contains about 2.25 million points. Together, they 
resolve both exterior surfaces and interior voids 
accessible from the armour layer. Overall, the two 
methods produce closely overlapping contours, 
with no systematic departures from the design 
geometry. 
The comparative assessment clarifies key 
operational trade-offs. UAV SfM provides the 
fastest coverage and highest point density for a 
given field time; handheld SfM adds colour and 
geometric detail in accessible areas; sLiDAR 
effectively resolves undercuts and interior voids 
at close range; and TLS offers a highly precise 
baseline where safe access and station placement 
are possible, albeit with greater deployment 
demands. The accompanying table summarising 
time, cost, effort, and expertise requirements 
serves as a practical decision aid for selecting a 
fit-for-purpose combination of methods in coastal 
surveys. In practice, UAV SfM is recommended 
for rapid, large-area surveys when time and 
personnel are constrained, with handheld SfM 
and sLiDAR added where complex geometry, 
shadowing, or occlusions are present. 
Periodic re-survey following a consistent 
schedule, using the same control network and 
processing parameters, supports early detection 
of settlement, armour displacement, and toe 
migration. The workflow scales effectively to 
harbour-scale assets through a stable RTK control 
framework and a tiled acquisition and processing 
strategy, preserving uniform accuracy as spatial 
extent increases and enabling targeted re-survey 
of affected sections after storms or construction 
activities. Limitations arise where surfaces are not 
jointly observed, notably at block edges, occluded 
recesses, and near the waterline. These effects are 
mitigated by reporting results for a high-
confidence subset, documenting M3C2 and cross-
section extraction parameters, and prioritising 

robust registration. Future work should focus on 
improving alignment in areas with complex 
access, adopting adaptive neighbourhood 
selection for M3C2, and routinely using empirical 
cumulative distributions of normal distances to 
summarise spatial coverage and acceptance 
thresholds. Collectively, these steps further 
consolidate multisensor point-cloud workflows as 
a reliable basis for construction verification, 
condition monitoring, and targeted maintenance 
of coastal infrastructure. 
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