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Abstract

Coastal environments face growing threats from human activity that disrupts natural
processes and hazards related to climate change, such as rising sea levels. Evaluating the
resilience of coastal cities - their capacity to endure and bounce back from these challenges -
has become essential. A key part of this assessment is the capacity to observe coastal
environments and understand their dynamics and how they change over time. Recent
advancements in technology and data analysis methods enable the use of high-resolution

datasets to investigate the interactions between coastlines and coastal system populations.

While existing research on coastal resilience has established a foundation for data-driven
policy and decision-making, it often lacks in-depth studies that integrate physical and social
factors. This thesis addresses this gap by utilising innovative coastal monitoring approaches
that combine data analysis with machine-learning techniques to evaluate coastal processes
and their interactions with human activity. Additionally, it emphasises the importance of
studying short-term beach dynamics to enhance our understanding of their cumulative long-

term impacts.

This thesis presents a series of scalable methodologies and analytical toolkits for
comprehensive spatiotemporal analysis of human and physical processes along the coast,
utilising data from the northwest coast of England and the eastern coast of Australia. By
utilising marine radar data, open-source datasets, and custom machine learning models, it
makes three main contributions: (1) it characterises beach morphology through bi-weekly
digital elevation models generated from radar data, which capture short-term changes and
their impact on long-term processes; (2) it monitors human movement across beach areas by
applying machine learning models to data obtained with a marine radar system, offering
insights into beach user behaviour that aid safety, recreation, and conservation; and (3) it
integrates 30 years of population density and shoreline data with high-resolution temporal
clustering algorithms to evaluate the interactions between coastal populations and physical
processes, providing crucial insights for adaptable policies aimed at building resilient coastal

cities.

Firstly, the spatiotemporal analysis of elevation change using radar data at Rossall Beach,
UK, revealed a wide range of heterogeneous changes that followed a pattern where greater
fluctuations in beach elevation occurred at the tidal extremes, evidenced by a significantly

higher standard deviation at the lower and upper tide lines, particularly around the beach



groynes. The developed tools also indicated that these changes are influenced by storm
events, showing that substantial erosive periods are often followed by rapid recovery in
subsequent surveys. Secondly, by repurposing the same raw radar outputs that generate the
derived DEMs, human movement could be tracked across the beach environment at Crosby
Beach, UK, through the training of machine learning classifiers. In this instance, a Support
Vector Classifier (SVC), a Logistic Regression (LR) model, and a Random Forest (RF) model
were trained on human trajectory data, and their outputs were compared. The random forest
classifier yielded accurate and favourable results, successfully identifying numerous human
trajectories while maintaining a low rate of false positives. Subsequently, this model was
tested on unseen data and the density of human movement at Crosby Beach over a two-hour
period was shown as a proof of concept. Lastly, by integrating and clustering population
density and shoreline data in the City of Gold Coast, Australia, a representation of coastal
hazard exposure between 1990 and 2020 was constructed on a 100m x100m grid.
Consequently, it is possible to observe how human populations, and the physical dynamics of
the coastline interact within a rapidly expanding coastal city. Specifically, areas such as
Surfers Paradise are at an increasing risk of coastal hazard exposure, with high-density
populations in regions that have exhibited ongoing erosion, leading to higher vulnerability.
Conversely, it is evident how relative coastal stability has facilitated population growth in

other areas, such as Southport and Paradise Point.

Key contributions of this research arise from a) the use of unique datasets derived from
marine radar and b) the analysis of intricate spatiotemporal trends, utilising data with a high
temporal and spatial resolution. Moreover, the application of tailored machine learning
models to extract meaningful patterns and trends from these extensive spatial datasets opens
up new opportunities for coastal monitoring, providing significant value to coastal managers
and stakeholders, such as government agencies, environmental groups, and academic

institutions.
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results of the trajectory labelling validation study. A red square indicates that the participant

labelled this trajectory as human. Grey indicates non-human.
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1. Introduction

Coastal resilience generally refers to the capacity of coastal systems, including ecosystems,
communities, and infrastructure, to withstand, adapt to, and recover from adverse impacts of
climate change, extreme weather events, and other hazards while maintaining essential
functions and services. It encompasses ecological and social dimensions, integrating
strategies for sustainable adaptation and hazard mitigation (IPCC, 2022; UNFCCC, 2019).
Coastal resilience is crucial for protecting our coastlines and the survival of the communities
that inhabit these areas. Understanding coastal resilience is paramount for the future
sustainability of coastal economies likely to be impacted by extreme weather events and other
climate change implications. With the increasing threats posed by climate change,
understanding and enhancing resilience becomes imperative. What aspects of our coasts need
to be resourced, however, is far less clear. Even the idea of resilience is an elusive one, with a
variety of definitions often dependent on the area of study (Masselink and Lazarus, 2019).
This thesis investigates resilience in coastal communities by examining the interactions
between human activities and environmental processes. It focuses on two key dimensions:
socio-economic factors, such as beach use, economic value, and population dynamics; and
physical aspects, including multitemporal morphological changes, hydrodynamic influences,
and shoreline erosion, to ultimately understand how these factors overlap. By integrating
remote sensing data with both a high spatial granularity and frequent temporal updates (in
this thesis referred to as high-resolution) and advanced monitoring techniques, this research
develops data-driven approaches and machine learning to better understand and address the

vulnerabilities and adaptive capacities of coastal systems.

Coasts are geographically unique areas where land meets the sea and are among the most
dynamic and heavily populated regions on Earth (Hamylton, 2017). These areas are home to
40% of the global population (UNEP, n.d.), with approximately 11% living on low-lying
coasts directly exposed to coastal hazards (Glavovic et al., 2022). Furthermore, according to
the UN Atlas of the Oceans, eight of the ten largest cities in the world are located along the
coast (UN, n.d.), making the protection of coastlines an important and timely global
challenge. Their dynamic nature makes them critical sites for research, offering valuable
insights for both academic study and societal understanding. Historically, coasts and marine
environments (CME) were ideal locations for early settlers and subsequent development due
to the abundance of resources available. Coastal cities are important hubs of human activity,

acting as centres for trade, tourism and innovation. Coastal cities often house critical coastal



infrastructure such as ports and nuclear power plants, which are increasingly vulnerable to
sea level rise and other climate change impacts. Under a high greenhouse gas emissions
scenario, it is estimated that more than 450 million people across 230 cities could face
disruptions to nearby power supplied due to rising seas (Rosenzweig et al., 2018). Notably,
around 65% of the global economy is concentrated within 100 km of the coast, taking up just
18.4% of the total land area (Jin et al., 2023). The tourism industry alone accounts for over
one-third of the maritime economy in Europe and is a significant contributor to employment
in many European countries (European Commission, 2014). The value of assets provided by
CME:s can also be calculated in terms of ecosystem services (Barbier et al., 2011). Estuarine
and coastal ecosystems provide a means of nutrient transfer (via coral reefs), pollution, and
protection from erosion and natural hazards (via saltmarshes and mangroves). CMEs also
hold inherent social and cultural value, acting as community gathering spaces that support
health and wellbeing. A prominent concern of the increasing development of human
populations on the coast and the growth of human settlement infringing on the coastal zone is
coastal squeeze. Coastal squeeze is the process whereby coastal ecosystems can no longer
migrate landward and are lost due to the presence of fixed or hard-built structures commonly

driven by adaptation strategies addressing coastal hazards and sea-level rise (Doody, 2013;

Pontee, 2013; McDougall, 2017).
Drivers of coastal dynamics and implications for resilience

The dynamics of a coastal system are governed by a range of variables, from local factors
such as infrastructure and bathymetry, to complex global climatic processes. These highly
dynamic environments are subject to continual change, making them vulnerable to both
anthropogenic and natural drivers. Factors such as climate change, sea-level rise, and
intensified human activities have contributed significantly to coastal vulnerability in recent
decades (Nicholls and Cazenave, 2010). As anthropogenic pressure on coasts increases,
natural and human processes become deeply intertwined, creating complex challenges for

managing coastal zones (Imbrenda et al., 2018; Newton et al., 2020).

A key factor in maintaining coastal stability is the sediment supply. When sediment supply is
reduced, often through interrupting natural transport with groynes and seawalls or land use
changes, consistent erosion can lead to sediment depletion. Rapid reduction in sediment
supply heightens the demand for costly adaptation measures, which can aim to address the

sediment supply issues or ongoing erosion (Vinh et al., 2014; Ouillon, 2018; Tessler et al.,



2018). While large-scale morphological change, such as raised beaches, typically happens
over geological timescales that extend beyond the human lifespan, localised and short-term
changes, such as sandbar migration, can have immediate implications for coastal exposure
and vulnerability (Rangel-Buitrago and Anfuso, 2011; Naylor et al., 2017). To build effective
coastal management strategies, it is essential to understand the dynamic atmospheric,
hydrodynamic and morphological processes influencing coastal evolution and identify areas
of vulnerability (Mclaughlin and Cooper, 2010). Long-term resilience is dependent on
multidimensional approaches that consider the natural environment, social dynamics,

governance frameworks and infrastructure planning (Martinez et al., 2017)

Coastal Risks and their policy options

The projections from national and international government reports are increasingly
concerning. The Intergovernmental Panel on Climate Change (IPCC) 6th Assessment Report
highlights that even under lower emissions scenarios, such as SSP1-2.6, coastal flooding is
likely to increase substantially by 2100. This scenario could place between 158 and 880
million people, along with US$7.9 to US$14.1 billion in assets, within the 1 in 100-year
floodplain globally(Glavovic et al., 2022; Kirezci et al., 2020).

A major factor in the rise of damage is the rapid increase in sea levels, which exacerbates
flooding and erosion along the coast, while also reducing the effectiveness of natural
protective barriers like dunes, mangroves, and wetlands (Nicholls et al., 2007; Duarte et al.,
2013). As a result, this accelerated rate of sea level rise poses a direct threat to coastal
infrastructure, decreasing desirability in these areas, lowering property values, and causing
people to migrate away from the coast (Sweet et al., 2018). Furthermore, coastal flooding can
cause saltwater to intrude inland, jeopardising freshwater systems and impacting agricultural
lands close to the shore (IPCC, 2021). The heightened frequency and intensity of storms are
additional negative effects of climate change on coastal regions, worsening erosion,
destroying habitats, and often outstripping protective measures for nearby coastal

communities (Walsh et al., 2012).

The impacts of climate change, including the projected acceleration of sea level rise, have
necessitated adaptive strategies and policy implementation on a global scale (Cabana et al.,
2023). Global initiatives, such as the 2015 Paris Agreement, United Nations Climate Change

Conference (COP), and the Sendai Framework, aim to unite governments and foster long-



term commitments to reducing emissions, enhancing adaptation and resilience strategies, and
mitigating disaster risk. Funding mechanisms, including the Adaptation Fund under the
Kyoto Protocol and World Bank coastal resilience initiatives, are set to support the execution
of resilience strategies and large-scale projects in regions most in need. Recognising the
urgency for action and the relevance of sustainable development goals, the UN launched the
‘Decade of Ocean Science for Sustainable Development’ from 2021 to 2030. This initiative
addresses the significant challenges posed by increasing coastal populations and climate
change while proposing an opportunity for international collaboration to tackle these issues
(Ryabinin et al., 2019). Despite the awareness these initiatives raise and the actionable goals
they present, the responsibility for effective strategy implementation lies with national and
local policymakers. For instance, in the UK, it is estimated that for every £1 spent on
protecting coastal communities, approximately £5 in property damage is avoided
(Environment Agency, 2020). Ultimately, coastal managers must understand the spatial and
temporal dynamics of the coastlines they aim to protect in order to make informed and

effective decisions.

1.1. Background
1.1.1. Resilience for coastal environments

Coastal resilience is a multi-faceted concept involving the capacity of both natural and
socioeconomic systems to withstand disturbances while preserving the fundamental functions
of ecosystems and urban environments (Masselink and Lazarus, 2019). This notion of
resilience is inherently dynamic, rooted in theories of ecological and social resilience. It
highlights the ability of coastal areas to adapt to sudden events like storms and ongoing
stressors such as climate change-induced sea-level rise (Folke et al., 2010). In natural
environments, resilience is enhanced through the preservation and restoration of natural
buffers like mangroves, dunes, and coral reefs, which provide essential services such as wave
attenuation and act as natural defences against coastal hazards, including flooding and rapid
erosion (Spalding et al., 2014). In human systems, fostering resilience generally includes
implementing policies, infrastructure, and governance that mitigate the vulnerability of
communities and encourage sustainable development (IPCC, 2014). The interplay between
human and natural systems, referred to in this thesis as human- environment interactions, is
crucial for understanding resilience, as human actions often influence ecological processes

and vice versa (Renaud et al., 2013).



1.1.2. Socio-economic implications of coastal hazards
One of the largest threats to CMEs is the impact of climate change (Oppenheimer et al, 2019;
Fox-Kemper, 2021). Most notably, the implications of sea-level rise encompass a multitude
of consequences such as increased coastal flooding, rapid-onset erosion, rising of the water
table and numerous ecological changes (Glavovic et al., 2022). In low-lying land and islands,
it is predicted that what are now deemed as 1-in-100 year floods will become an annual
occurrence by 2050 (Oppenheimer et al., 2019). Consequently, areas previously unaffected by
floods will likely become flood-prone (Merkens et al., 2016) and many existing flood-prone
coastal towns and cities will see an increase in flood occurrence and severity unless action is

taken to lessen the impacts of coastal flooding.

Widespread coastal flooding of this magnitude can incur substantial costs, particularly in
instances where properties lack insurance. In recent years, there has been a global increase in
coastal defence infrastructure (Nicholls and Cazenave, 2010); however, this has primarily
been a reactive strategy, addressing past flooding events rather than adopting a proactive
approach (Oppenheimer et al., 2019). Additionally, coastal erosion poses significant socio-
economic challenges by diminishing the protective capacity of beaches and increasing the
vulnerability of coastal communities to hazards. The rapid and extensive sediment loss on
beaches leads to habitat degradation and amplifies the risks associated with coastal hazards,
such as flooding (Dunn et al., 2000; Luijendijk et al., 2018). Effective coastal management
depends on high spatial and temporal resolution monitoring of changes in coastal
environments, a process that remote sensing technologies have significantly enhanced over
the last two decades. Tracking these changes improves our understanding of how both
extreme events and cyclical processes, from daily tidal cycles to seasonal hydrological
patterns, affect the coastline (Pucino et al., 2021; Murphy et al., 2023). Ultimately, this
understanding offers valuable insights into local dynamics and identifies the most eftective

intervention strategies.

Coastal and Marine Environments provide a range of services for coastal communities which,
if impacted, can have severe and widespread consequences. For example, changes in nutrient
composition in marine ecosystems can affect species population and diversity, impacting

fisheries and subsequently affecting both food security and trade on both a local and



international scale (Portner et al., 2014). The degree to which a system is affected, either
adversely or beneficially by climate-related stimuli is known as sensitivity (Nicholls et al.,
2007). Additionally, adaptive capacity is the ability of a human or natural system to adjust to
climate change (World Bank, 2010). Both coastal sensitivity and adaptive capacity are
deemed important features in order to assess the vulnerability of an area (Yoo et al., 2011).
Given the imminent threat that climate change poses to the coastlines of the world,
monitoring, assessing and ensuring that coastlines are as resilient as possible to these threats

remains a fundamental area of research.

However, this is not only a managerial and economic problem. In a world that is still rife with
social and spatial inequalities, the issue of climate change is inherently political. The political
response to climate change threats has been prominent in recent years. For example, in the
UK, government organisations aim to lower carbon emissions by 2030 and be Net Zero by
2050 to mitigate the impacts forecasted in a ‘business as usual’ scenario (Environment
Agency, 2020). Around the world, disadvantaged groups suffer disproportionately from the
impacts of climate change, due to both increased exposure (Neumann et al., 2015) and their
inability to recover from climate-related hazards (Islam and Winkel, 2017). Striking a balance
between addressing the needs and rights of individuals in adaptation strategies, while also
considering technical methods to minimise harm and loss, is essential for people to sustain
and enhance their livelihood opportunities despite environmental, economic, social, and
political disturbances, often referred to as livelihood resilience (Tanner et al., 2014). It is
evident that the discussion of climate change and coastal resilience requires more focus on
sustaining and enhancing livelihood resilience, a concept grounded in situating people within
the political and ecological context, rather than being overshadowed by them (Ayeb-Karlsson

et al., 2016; Sharma and Rao, 2021).

Coastal adaptation typically refers to the process of addressing the impacts of climate change
on coastal areas, particularly hazards such as flooding and erosion (Linham and Nicholls,
2012). Reviews on adaptation guidelines typically agree on three main responses: (1)
Protection, such as hard and soft engineering strategies; (2) Accommodation, such as building
modification and strengthening monitoring strategies; and (3) Managed realignment, where
populations at risk are redistributed to other areas (Bongarts Lebbe et al., 2021). Given the
projections of sea level rise towards the end of the 21% century (DeConto and Pollard, 2016),
it is likely that coastal cities will have to adapt to these changes so that the impacts caused by

SLR can be mitigated.



Coastal adaptation strategies around the world must navigate a complex web of
technological, economic and social barriers, making their implementation highly nuanced and
multi-faceted. One common theme is the disparity in barriers faced by different populations;
wealthier communities often encounter social barriers, such as conflicts over taxpayer money,
livelihood disruptions, and ecological conservation concerns (Hinkel et al., 2018). These
social barriers are particularly pronounced in densely populated urban areas, where the
scarcity of space and the high costs of implementation lead to strong resistance against land-
consuming ecological engineering solutions, often resulting in the adoption of more
expensive, less invasive coastal defences (Cheong et al., 2013; Jonkman et al., 2013).
Contrastingly, poorer and more vulnerable populations tend to face financial and economic
barriers, lacking resources to implement costly yet necessary adaptation measures to mitigate

the impact of sea level rise (Hinkel et al., 2018).

1.1.3. Strategies for enhancing resilience and managing coastal hazards

Understanding coastal hazard impacts over space is integral to an effective coastal
management strategy. Coastal hazards are typically assessed through a combination of
historical data analysis, predictive modelling, and geospatial risk assessments to identify
vulnerable areas and inform planning.The key aspects of community resilience are the ability
to plan for, absorb, recover, and adapt to adverse environmental changes (National Research
Council, 2012). Government and local council efforts in coastal management have
increasingly focused on enhancing the ability of coastal communities to adapt and build
resilience to climate change. Approaches to protect smaller, more localised settings pose
significant challenges in larger-scale environments, such as coastal megacities, where
complex factors such as population growth and densification in combination with sea-level
rise require more comprehensive management strategies (Dolan and Walker, 2006). In
response to these challenges, various large-scale flood resilience strategies emphasise the
importance of using future flood scenarios and cost-benefit analyses to inform decision-
making. This approach aims to ensure that coastal defences are sufficient and sustainable in

the long term (Aerts et al., 2014).

A management strategy that attracts many researchers and coastal stakeholders, including the
Environment Agency in England, is building coastal resilience by working with natural

processes (WWNP). The aim of WWNP is to protect, restore and emulate the natural



functions of catchments, floodplains, rivers, and the coast (Environment Agency, 2020). It is
recognised that in some cases, the construction of hard engineering defence strategies such as
sea walls is not a permanent solution, and the focus should be turned to more sustainable
management strategies (Pontee and Parsons, 2010). This has led to the development of
shoreline management plans (SMPs) within England and Wales, which are a collection of
high-level assessments regarding coastal hazards and the minimisation of risks to people and
the natural environment (DEFRA, 2006). These offer a range of policies, from holding the
existing defence line to managed realignment, each tailored to local conditions and decision-

making processes.

Despite the potential benefits of strategies like managed realignment, public perception of
managed realignment and natural recovery schemes has frequently been dampened due to
negative connotations associated with owned land lost for the benefit of wildlife
conservation. To counteract the associated negativity surrounding these schemes, perhaps a
change is required within the policy, governance and language surrounding the application of
these schemes, as well as additional emphasis on cost/benefit analysis. Studies suggest that
managed realignment, for instance, can be more cost-effective than maintaining existing sea
defences, particularly in erosion-prone areas, and recommend utilising ecosystem service

approaches to evaluate these benefits (Luisetti et al., 2011; Esteves, 2014).

Beach nourishment is a particularly non-invasive, economical, and sustainable method of
coastal flood defence, typically intended to ‘hold the line’. With plenty of use cases from the
Netherlands, such as the Zandmotor coastal maintenance project, nourishment is a process
that maintains and/or strengthens the shoreline by depositing artificial sand in areas
experiencing significant erosion, providing a natural defence against coastal hazards. Several
studies employ modelling capabilities to explore the mid-to-long-term effects of nourishment
schemes, often displaying nourishment to be an effective intervention strategy to mitigate
coastal hazards (Stive et al., 2013; Brown et al., 2016a). Although these nourishment schemes
offer added protection against coastal hazards, they necessitate the availability of large

volumes of sediment.

1.1.4. The importance of monitoring our coastlines

Monitoring changes along coastlines and their morphology is essential for understanding the

evolution of coastal morphodynamics. This understanding provides crucial information that



can help mitigate or prevent coastal hazards resulting from these changes. In recent decades,
the monitoring process has been revolutionised by remote sensing technology, such as
satellite imagery, camera footage and electromagnetic sensors (Radar, LiDAR etc.). These
technologies offer advantages to traditional monitoring strategies by providing high
resolution continuous data collection over wide areas (Luijendijk et al., 2018; Arjasakusuma
et al., 2021; Ding et al., 2021; Lodato et al., 2023). While satellite observations are
advantageous for longitudinal surveys covering multiple decades and for tracking shorelines
and habitats, they often lack the spatial and temporal resolution necessary to capture small-
scale coastal dynamics, such as bar migration and beach lowering/raising. In several coastal
settings, stationary high-frequency radar hubs (Bird et al., 2019) and LiDAR hubs (O’Dea et
al., 2019) have been installed to collect data long-term and cost-effectively, yielding

comprehensive datasets applicable across various temporal scales.

Monitoring these changes is necessary for coastal stakeholders to manage, mitigate and adapt
to coastal hazards such as erosion and flooding. Monitoring of coastal environments includes
the collection of beach surveys at consistent intervals throughout the year, eventually
enabling a long-term picture of coastal evolution (Hamylton, 2017). Understanding how
coasts have evolved over time can provide insights into typical patterns of coastal dynamics,
including seasonal variations, as well as short- and long-term dynamics (Murphy et al.,
2023). By understanding these processes, one can tackle several urgent and significant
challenges in coastal management, such as erosion hotspots, storm response and recovery, the
implications of intervention strategies, and potentially linking physical changes to

anthropogenic forcing (Vitousek et al., 2023).

In coastal regions, decision-making must be grounded in solid scientific evidence while also
considering local knowledge and conditions. Monitoring data plays a fundamental role in this
process, and the increasing availability of data - especially open-source data -makes it easier
than ever to comprehend coastal processes and support evidence-based decisions (Nichols et
al., 2019; Rumson et al., 2020). When combined with technological innovations like cloud
storage for big data and advancements in computing power, such as GPU-accelerated analysis
and parallel computing, stakeholders can utilise powerful tools for large-scale risk assessment

(Rumson et al., 2017).

In 2006, DEFRA defined epochs for decision making on the coast, involving planning for
short-term (present-2030), medium-term (2030-2050), and long-term (2050-2100+) events,



also known as epochs 1, 2, and 3, respectively (DEFRA, 2006). Shoreline management plans
have since adopted an ‘adaptive pathway’ approach, removing the rigidity of a fixed
trajectory of change and instead embracing the uncertainty of change by relying on ‘decision
points’. These decision points identify where actions may need to change depending on how
conditions evolve, enabling responses that can be adjusted over time. Whether for epochs or
adaptive pathways, effective planning relies on a combination of historical data, real-time
monitoring, and model simulations. Historical data provides a baseline understanding of past
coastal changes, enabling the identification of trends such as long-term erosion rates or shifts
in storm patterns. Current monitoring efforts, facilitated by remote sensing and in-situ
measurements, provide crucial insights into ongoing coastal dynamics, such as sediment
transport or morphological changes, including those following storm events (Melet et al.,
2020; Vitousek et al., 2023; Cavanaugh et al., 2024). Together, these data inform the
development and calibration of predictive models, which are essential for simulating flood
and erosion hazards, societal damage, and the performance of coastal defences over time
(Vousdoukas et al., 2018; Masselink and Lazarus, 2019). Predictive modelling plays a crucial
role in understanding the mid-to long-term implications of various coastal management
strategies. For example, understanding how sea-level rise under different RCP climate change
scenarios may influence flood risk (Abadie et al., 2020) or forecasting the socioeconomic
risks of the continuing growth of populations and infrastructure (Floerl et al., 2021), can
inform best practices for damage mitigation. These assessments often incorporate scenario-
based modelling, probabilistic projections, and sensitivity analyses to account for
uncertainties in forecasted trajectories, enabling coastal managers and stakeholders to make

more robust and flexible planning decisions.

Quantifying hazards and conducting adequate and comprehensive vulnerability assessments
is a subject closely studied in relation to coastal communities. Bridging the gap between the
hydrodynamic properties of a coastline and the impact this has on livelihoods and
infrastructure should be timely and relies on the observation of several physical and social
factors relating to the coastal city at hand. Typically, these factors are combined into what is
called a composite or vulnerability index (Adger and Brooks, 2003; Moreno and Becken,
2009). When assessing vulnerability, these indexes typically feature factors such as flood risk,
vulnerable population demographics, and the adaptive capacity of infrastructure (Yoo et al.,
2011). Applying these analyses at regional and global scales becomes increasingly possible as

open-source data becomes more available (Fitton et al., 2016; Rumson and Hallet, 2019). For
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example, the Environment Agency publishes environmental data, such as ecological surveys
and land use, openly available for download, in addition to flood risk assessments and
Coastal Erosion Risk Management reports. Whilst this data is limited due to spatial and
temporal gaps, combining this with open-source demographic data, such as gridded
populations or census data, provides the means for a comprehensive risk assessment

(Rumson et al., 2017).

While short-term impacts may not differ substantially across different scenarios, long-term
outcomes can diverge significantly (Fitton et al., 2016). Brown et al. (2016a) illustrates this
concept by modelling the successes and implications of large-scale beach nourishment
projects over different epochs. Integrating socio-economic data into these physical models, or
integrating morphological models with vulnerability models, allows for a holistic spatial
analysis of coastal hazard exposure and vulnerability, often incorporating the costs of

infrastructural damage (Fitton et al., 2018).

1.1.5. Evolution of monitoring techniques

As the natural and economic values associated with coastal zones have consistently grown
throughout history, so too has the necessity for monitoring the changes taking place in these
dynamic environments. Over recent decades, coastal monitoring has undergone significant
evolution. Traditionally, methods were based on in-situ measurements and manual surveys
(Mills et al., 2005; Harley et al., 2015). Fundamentally, to assess change over time, one
requires a baseline dataset against which changes can be measured. Many baselines are
established using early georeferenced maps and charts. Although these records effectively
provide evidence of coastal change over timelines extending across centuries, validating these
recorded coastlines proves challenging due to the high degree of uncertainty stemming from

inconsistent mapping techniques and human error (Hamylton, 2017).

Nonetheless, geomatics and remote sensing advancements have fundamentally transformed
coastal change detection. The early iterations of modern remote sensing began in the mid-
1800s when cameras mounted on hot air balloons captured the first aerial views of the Earth's
surface (Graham, 1999). Subsequently, technological innovations in the mid-1900s facilitated
the first aerial images to be captured from space. Satellite missions such as the US Navy's

Vanguard 2 and NASA's Explorer 6 provided new opportunities for Earth observation.
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While technology has advanced significantly since the launch of the first remote sensing
satellites, there remain crucial Earth observation data sources with a significant long-term
monitoring history. Notably, long-term and openly available imagery is sourced from NASA's
LANDSAT program, initiated in 1972, and the ESA Copernicus missions, which began in
2014. These advancements have introduced innovative methods for observing, quantifying,
and analysing dynamic Earth processes (Belward et al., 2015; Chaves et al., 2020; Wulder et
al., 2022). A survey by Green et al. (1996) indicated that monitoring coastal change was the
predominant application of remote sensing in coastal areas. Furthermore, the evolution of
research keywords related to ‘Coastal’ and ‘Remote Sensing’ shifted from a focus on SAR
imagery, management, GIS, and erosion in the early to mid-2000s towards long-term series
data and the incorporation of classification and machine learning elements in the late 2010s

(Sun et al., 2023).

Enhancements in remote sensing technologies now offer sources of autonomous high-
resolution imagery, facilitating accurate modelling methodologies across various spatial and
temporal scales (Masria, 2024). Moreover, advanced technologies such as hyperspectral
imagers, LIDAR, and radar systems deliver significantly finer spatial resolutions (0.4—4m)
compared to traditional remote sensing tools, thereby enabling detailed object classification
and detection of smaller-scale phenomena. Unlike earlier techniques, hyperspectral imagers
capture data across hundreds of narrow spectral bands, enabling the precise identification of
vegetation types and subtle differences in material composition. Similarly, LIDAR’s capacity
to penetrate dense vegetation and create high-resolution 3D topographic models provides
unparalleled accuracy in mapping complex coastal features, such as marshes and wetlands,
even under canopy cover (Wang et al., 2023). Radar systems enhance mapping capabilities
further by operating under all weather conditions and at varying times of day, capturing
surface roughness and water dynamics in dynamic environments such as coral reefs and tidal
zones (Klemas, 2014). Collectively, these advancements offer more granular analysis and the
integration of previously unavailable data dimensions, enriching our understanding and
management of coastal systems. For coastal zones, this translates to a deeper understanding
of hydrodynamics on scales ranging from local to international, facilitating precise climate
change scenario modelling and subsequent sea-level rise forecasting — vital for coastline

monitoring and the sustained resilience of coastal cities.

To effectively monitor changes to the coastline over time, beach surveys are a fundamental

requirement for stakeholders to make informed decisions on coastline management.
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Innovations in remote sensing technology have made this process both cost-effective and
autonomous on a continuous temporal scale. Several different forms of remote sensing
methods have been applied to coastal settings, with varying issues and advantages (Holman
and Haller, 2013). A popular form of in-situ coastal monitoring technology is optical camera
and video monitoring technology, which pre-dates many other forms of modern monitoring
strategies (Holman and Stanley, 2007). Meaningful information on the physical dynamics of
the coast, such as wave-breaking motions and shore topography, can be calculated (Holland
et al., 1997; Buscombe et al., 2020). Additionally, continuous monitoring through various
timescales, from sub-second to multiannual, enables the observation of beach and dune
erosion (Palmsten and Holman, 2012). However, cameras for beach observation are limited in
their spatial scale, whereby a single camera typically cannot survey an area beyond
approximately a kilometre. Monitoring coastal environments through stationary radar systems
is a relatively lesser-known method, though with some clear advantages. Like beach camera
systems, radar can collect data continuously over long time periods, with the advantage of
being weather and light-independent while covering large distances. Radar in coastal studies
has been successful at measuring bathymetry (Bell and Osler, 2011), currents (Reichert et al.,
1999) and nearshore processes in the swash and intertidal zones (Ruessink et al., 2002; Bird

et al., 2017; Murphy et al., 2023; Townsend et al., 2025).

Shoreline detection is commonly performed using image processing techniques (Toure et al.,
2019). One popular method of high-resolution change monitoring is the use of LiDAR, either
stationary or obtained from drone flyovers (O’Dea et al., 2019; Pollard et al., 2019).
However, given the high cost and subsequently infrequent collection, LIDAR observations
are currently limited, making them detailed but isolated ‘snapshots’ of the coast (Vitousek et

al., 2023).

While these in-situ technologies assist in providing detailed analyses of local conditions,
state-of-the-art satellite data offers opportunities for large-scale to global monitoring of the
world’s coasts (Luijendijk et al., 2018). While in-situ measurements excel at delivering high-
quality informative data at small scales, satellite data enables continuous observation of
coastlines at a larger scale, albeit generally at lower spatial and temporal resolutions. This
process has been studied in depth, even resulting in open-source toolkits for automatic
coastline extraction (Bishop-Taylor et al., 2019; Vos et al., 2019). As a result, long-term
trends in shoreline positions and insights into erosive and accretive dynamics have become

available for a wide variety of locations. These techniques, however, are limited by factors
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such as cloud cover, a particularly prevalent occurrence in tropical areas (Whitcraft et al.,

2015).

1.1.6. The role of data analysis in coastal monitoring and resilience

Data analysis techniques are crucial for coastal monitoring and resilience, as they facilitate
the interpretation of vast and complex datasets, helping to understand and predict coastal
dynamics (Gorman, 1998; Hamylton, 2017; Girau, 2019). Traditional methods, including
statistical analysis and Geographic Information Systems (GIS), are commonly employed to
analyse spatial patterns of erosion, sediment transport, and land use changes (Shalaby and
Tateishi, 2007; Apostolopoulos and Nikolakopoulos, 2021). Techniques such as regression
analysis and time-series modelling are essential for recognising long-term trends in shoreline
alterations and their correlations with climatic or anthropogenic factors (Langenberg et al.,

1999).

Recent advancements in remote sensing technologies have significantly improved coastal
monitoring by utilising high-resolution satellite imagery, LIDAR, and radar data (Gens, 2010;
Klemas, 2011). These datasets are processed using techniques such as spatial interpolation,
spectral unmixing, and digital elevation modelling. These methodologies allow for precise
mapping of critical coastal features and their changes, including marshes, sandy dunes, and
flood zones (Alesheikh et al., 2007). Such capabilities not only enhance our understanding of
coastal ecosystems but also bolster effective conservation efforts and informed policymaking

(Hamylton, 2017; Wang et al., 2023).

In recent years, as the volume of data available from complex coastal systems has increased,
the quantification of physical processes has opened opportunities for the application of
artificial intelligence (Al) in the context of remote sensing of coastal areas (Tzepkenlis et al,
2022; Agate et al., 2024). Al, which encompasses techniques such as machine learning (ML)
and deep learning (DL), serves as a powerful tool to enhance coastal monitoring strategies
and resilience efforts by automating data analysis, refining predictive models, and providing a
comprehensive understanding of local patterns and dynamics (David and Mathew, 2020;
Tsiakos and Chalkias, 2023). While DL offers powerful pattern recognition abilities, it often
requires excessive computational resources and demands large volumes of training data. This
thesis utilises traditional ML methods, which are better suited for the scale and nature of the

datasets used in the work presented here.
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1.1.7. Applications of machine learning in coastal monitoring

Machine learning algorithms have been successfully applied to various aspects of coastal
monitoring including shoreline change detection, wave forecasting, and identification of
vulnerable areas (Sowmya et al., 2019). The benefit of utilising ML in these contexts is the
ability to process and analyse large volumes of data from different sources, such as satellite
imagery, LIDAR data, oceanographic sensors, and demographic data (David and Mathew,
2020). This data facilitates analytics such as change detection and classification, for purposes
such as land cover, settlement growth and ecosystem changes (Bhatt et al., 2015). Without the
use of ML for analysing patterns within these large datasets, manual analysis can be laborious

and complex (Lary et al., 2016).

Recent advancements in ML underscore the success of convolutional neural networks in
identifying features in images, such as shoreline boundaries (Erdem et al., 2020), vegetation
lines (Fan et al., 2017), and urban infrastructures (Huang et al., 2018). Automating the
observation of these features allows us to utilise long-term satellite imagery to track coastline
transformations. This capability improves our comprehension of natural phenomena and
human activities that affect these areas over time. While most current deep learning
applications primarily depend on imagery inputs, it is expected that future models will
incorporate additional supporting data, such as socio-economic information or accompanying
hydrological data (O’Neil et al., 2020; Sadeghi et al., 2020), evolving them into multimodal
systems (Sleeman et al., 2022). This strategy has the potential to integrate both physical and
socio-economic information into sophisticated models for predicting and classifying
outcomes, thereby enhancing our understanding of how these factors interact and delivering
crucial insights for coastal communities and policymakers. In the near future, ML is expected
to be utilised to extract diverse types of coastal science information, including hydrodynamic

and morphodynamic data (Phillips et al., 2021; Vitousek et al., 2023).

Machine learning models fall into two categories: supervised and unsupervised. Supervised
models need pre-defined user classes. Common examples include image segmentation and
classification, where each pixel in an image receives a specific label like "sand," "water," or
"vegetation" based on its measurable characteristics (Hamylton, 2017; Bishop-Taylor et al.,
2019; Vos et al., 2019; Buscombe et al., 2018). When exposed to new data, the trained

algorithm predicts labels using the pixel values it learned from. In contrast, unsupervised
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models discover hidden structures or patterns in the data without requiring pre-defined labels.
In coastal science, these models are often employed to cluster similar coastal features or
behaviours, such as locating areas with rapid changes, identifying hotspots, or analysing
responses to external forces, such as anthropogenic interference (Burningham and French,

2017; Kuschnerus et al., 2021; Murphy et al., 2023).

Use of machine learning in coastal monitoring is beneficial for developing and implementing
adaptive coastal management strategies, given the capacity for models to continuously learn
from new data inputs. By incorporating a variety of datasets, ML enhances the accuracy of
predictions about coastal processes, such as shoreline erosion, storm effects, and habitat
changes, thus supporting evidence-based management practices (da Silva et al., 2021;
Hendrickx et al., 2023). For example, ML models refine shoreline management initiatives by
automating the integration of complex data and supporting strategies that are adaptive to
changing coastal conditions (Elnabwy et al., 2020; Benhur et al., 2024). This adaptability
arises from the capacity for ML models to learn and update in response to new data, making

them valuable tools for dynamic management practices.

A key advantage of ML in coastal management lies in its ability to incorporate and analyse a
wide array of variables. These include projections of sea-level rise, sediment transport
dynamics, and patterns of human activity, which together provide a comprehensive
framework for decision-making (Nieves et al., 2021; Bhattacharya et al., 2007; Yang et al.,
2019). Such models also enhance resilience by identifying vulnerabilities and testing
potential scenarios, enabling planners to implement targeted interventions. For example, data-
driven insights from ML can guide zoning policies, infrastructure development, and habitat
restoration projects, ensuring robust and adaptive responses to environmental and socio-

economic pressures (Goldstein et al., 2019; Jakariya et al., 2020).

1.2. Problem statement/ Research gaps
We are entering an era with more data available than ever. Coastal research has extensively
utilised this data for specific applications, but there is a lack of research combining observed
physical phenomena with socio-economic implications. Therefore, understanding human-
environment interactions is essential, especially through data analytics, machine learning, and

novel data sources. Limitations persist regarding the consistency of remote sensing data and
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its scalability. Considering this, several specific gaps are identified and outlined below under

the following themes:

Integrated Monitoring of Short- and Long-Term Elevation Changes in Intertidal Zones

Monitoring morphological changes in beach environments is essential for comprehending
coastal dynamics (Davidson et al., 2007). Various remote sensing technologies have been
utilised to observe and track sediment movement (Bird et al., 2017; Pollard et al., 2019; Chu
et al., 2020). However, the physical processes that drive net sediment change in the intertidal
zone remain poorly understood (Aagaard et al., 2005). Temporal resolution is critical when
monitoring small-scale morphological changes in this zone. Although high-resolution
techniques such as LiDAR and drone surveys have effectively captured short-term changes
(Masselink et al., 2007), maintaining long-term, consistent data acquisition presents
significant challenges. The high costs and logistical complexities associated with continuous
high-resolution monitoring, particularly in the absence of autonomous systems, limit its

feasibility.

Existing long-term remote-sensing methods predominantly rely on optical camera and
satellite data, which have limitations in terms of weather dependence, cost, temporal
resolution and coverage consistency. What many current methods lack is the ability to
observe the cumulative effect of short-term dynamics that contribute to longer term
processes. Insights like these can provide an overall indication of ‘beach health’ and has the
potential to assist with early warning of significant changes to the coast (Atkinson et al.,
2021). X-band marine radar data is not only validated at high quality (Atkinson et al., 2018)
but also relatively understudied and underutilised in the field of intertidal monitoring (Bird et
al., 2017). This presents a direct gap in the literature, whereby to the best of my knowledge
there are no studies that have utilised the capabilities of X-band marine radar and machine
learning to characterise and observe the short-term changes in elevation over the intertidal
zone, and their cumulative impact over the longer term (seasons to years). Given the novel
nature of the data, and the opportunity to understand the cumulative effect of short-term
dynamics to long-term change, it is likely to be a case study area of high interest to coastal

managers and stakeholders.
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Monitoring human trajectories using X-band radar

Reliable and continuous monitoring of human presence on beaches has numerous benefits,
the foremost being the enhancement of management strategies — such as crowd control and
resource allocation - and the promotion of public safety through timely responses to
overcrowding or hazardous conditions. Understanding beachgoer activity is crucial not only
for evaluating beach value and recreational use but also for fostering conservation efforts (De

Ruyck et al., 1995).

Existing studies predominantly rely on optical footage for monitoring human presence on
beaches (Kammler and Schernewski, 2004; Guillén et al., 2008). However, these methods
have inherent limitations under certain weather conditions and varying lighting, and they may
also raise privacy concerns that could lead to potential legal implications. Alternatively, in-
situ surveys can provide insights into beach presence and qualitative measures such as user
satisfaction (Halkos and Matsiori, 2012; Alves et al., 2015). Nonetheless, these surveys tend

to be labour-intensive and are often not sustainable for consistent application.

Radar technology has a long-standing application in tracking moving objects, such as
monitoring vessel traffic near ports. Recent examples of radar usage for tracking include
migratory studies of orcas (McCann and Bell, 2017b) and bird tracking (Desholm et al.,

2006; McCann and Bell, 2017a). While there has been some research on tracking humans and
their movements using X-band radar (Kim and Ling, 2009; Li et al., 2019), there is a lack of
literature specifically addressing the consistent monitoring of human trajectories, particularly
over distances spanning multiple kilometres. In addition to enabling continuous monitoring of
the physical shoreline, X-band radar collects data at a resolution capable of detecting subtle

changes in human movement across the beach landscape.

Combining high resolution environmental and social data to observe coastal hazard

exposure

While the risks and vulnerabilities of coastal communities to hazards have been extensively
studied through coastal modelling and impact assessments (Clark et al., 1998; Dolan and
Walker., 2006; Fitton et al., 2018; Hauer et al., 2021) there is a significant gap in
understanding the interplay between anthropogenic and environmental phenomena over time.

Existing research is often of coarse resolution, making it more difficult to understand regional
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interactions between human populations and the coast (Wolff et al., 2020). Finer resolution
population density grids have been beneficial for estimating coastal populations at risk of
natural hazards (Leyk et al., 2019), however there is little focus on how this exposure has
changed over time. With higher resolution data becoming more accessible, opportunities are
growing to uncover localised patterns and to apply machine learning techniques capable of

detecting trends within these vast datasets.

1.3. Thesis aims
This thesis aims to advance data-driven approaches to coastal resilience by integrating
environmental and human monitoring using remote sensors (radar and satellite data) and
machine learning. Using data of a high spatial and temporal resolution, coastal morphology,
human activity patterns and population exposure to hazards is explored. Ultimately, this work
seeks to develop innovative tools and insights that support adaptive, resilient coastal
management in the face of dynamic environmental and societal pressure. Building on the
research gaps identified in the previous section, this overarching objective is divided into

three specific aims:

Aim 1. Use of radar data with a high spatiotemporal resolution to monitor the short-term

intertidal elevation change and its drivers.

This aim focuses primarily on the physical makeup of the coast, seeking to advance the
understanding of intertidal beach morphology and sediment dynamics using high-resolution
radar-derived DEMs. Through spatiotemporal analysis of the macrotidal nearshore of Rossall
Beach, UK, the research seeks to characterise short-term variations in beach elevation and
their contributions to long-term morphological change. The insights gained from this study
aim to enhance autonomous coastal monitoring by providing information on multi-temporal
dynamics over several years, including inter-survey changes and seasonal patterns. The
morphological changes are compared with hydrological conditions over the study period,

providing inference on the forcing potential of these environmental factors.

Aim 2. Develop machine learning techniques to monitor and classify human movement on

beaches from radar data
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This aim provides a social aspect to understanding coastal resilience through human-
environment interactions. It seeks to develop an algorithm for extracting human targets and
subsequently tracking human mobility across an intertidal beach environment using novel X-
band radar imagery. Specific targets in the radar imagery are tracked, following a filtering
method. Following this, the mobility characteristics of these target particles are obtained, and
these tracks are then labelled as human or nonhuman based on known data and target
verification. Several ML classification techniques are compared to test the prediction
accuracy of identifying human targets using these mobility features. The model is then tested

on unseen data as a proof of concept.

The data used to achieve these first two aims are retrieved from similar X-band radar
systems, albeit in differing locations. They demonstrate the versatility of radar in coastal

environments for a wide range of utility purposes that benefit coastal managers.

Aim 3. Integrate social and environmental temporal patterns to assess population exposure

to coastal hazards and build coastal city resilience.

The third aim bridges physical and socio-economic dimensions of resilience by exploring the
relationship between populations and their exposure to coastal hazards, such as erosion and
flooding, by examining the spatial and temporal patterns of population dynamics in relation
to coastal proximity. The analysis focuses on a unique case of the Gold Coast region,
Australia, which has experienced unprecedented and unregulated growth as a result of its
proximity to beautiful coastlines. By leveraging open data sets such as the Digital Earth
Australia (DEA) coastlines and the Global Human Settlement Layer (GHSL) gridded
population data, this research seeks to analyse changes in the population distribution relative
to the coastline over time. Temporal dynamics are analysed and clustered through use of
Dynamic Time Warping (DTW) and K-means, identifying areas of increasing exposure and
vulnerability to coastal hazards, providing valuable insights for enhancing coastal resilience

and informed decision making.

1.4. Methodological approach

The thesis addresses these aims using a quantitative, data-focused method that integrates

various remote sensing data sources with data analytics and modern geospatial modelling
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techniques. This approach facilitates the creation of scalable toolkits and analytics across
spatial and temporal dimensions, while delivering strong statistical evidence that highlights
data patterns and trends. Chapters 2 and 3 draw on marine radar data provided by Marlan
Maritime Ltd. For the first aim, Digital Elevation Models (DEMs) based on this aggregated
data are employed for multi-temporal analysis, while the second aim utilises the radar’s rapid
data collection capabilities, concentrating on sub-minute measurements with a large temporal
scalability. Although chapter 4 could have elaborated on previous methodologies, research
opportunities in Australia allowed me to integrate social and physical elements of coastal
cities while exploring new, scalable methods and data regarding human-environment
interactions for coastal resilience. This chapter employs openly available data derived from
satellites to illustrate how various remote sensing technologies offer a wealth of information
for a thorough understanding of coastal resilience. Throughout these chapters, machine
learning algorithms specialised in classification will be utilised. Algorithms like random
forest, regression models, and K-means clustering are adept at processing large datasets—
both labelled and unlabelled, binary and non-binary—while demonstrating resilience to noise
and outliers, minimising the risk of overfitting (Breiman, 2001). The thesis applies classifiers
in three distinct manners. First, a K-means algorithm identifies patterns and clusters the
standard deviation of elevation changes, categorising beach extents into regions exhibiting
similar behaviours. Secondly, classifiers differentiate mobility characteristics into human and
non-human categories, capitalising on the benefits of binary classifiers. Last, temporal
clustering identifies similarities among various time series (i.e., different spatial extents) and
groups them based on shared temporal patterns. Overall, this thesis aims to highlight the
benefits of a mixed-methodological approach, enhancing the interpretability of complex data

while seeking to deliver a variety of perspectives on the dynamics of coastal environments

The term high-resolution is used frequently in this thesis, referring to data with both a high
spatial and temporal fidelity. However, as individual chapters utilise differing data sources,

the scale and definition of high-resolution will tend to change depending on the context.

For chapter 2, high-resolution refers to data derived from radar systems to obtain topographic
surveys. The spatial resolution of approximately 3x3m, combined with a temporal resolution,
at once per fortnight, enable morphological features, such as intertidal bars, and localised

sediment gain and loss, to be captured in detail.
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The radar system in Chapter 3 rotates once approximately every 2 seconds, providing a high-
frequency temporal resolution well suited to tracking human mobility across the beach
environment. The spatial resolution remains around 3x3m, though it varies with distance to
the radar, covering an area of approximately 0.9x1.5km , with the potential to extend
coverage up to 6 km. For the purpose of monitoring human movement, this scale is

considered a high resolution both spatially and temporally.

In Chapter 4, gridded population density data is used at 5 year intervals at a spatial resolution
of 100x100m. While this scale for granular morphological analysis would be deemed coarse,
within the field of population dynamics this scale of analysis represents a highly detailed
dataset. Traditional population statistics are typically collected through decadal censuses and
aggregated over broad administrative units. By contrast,the use of gridded datasets, achieved
through population disaggregation models (covered in section 4.2.2.2.), enables a more

spatially explicit analysis of social and physical processes.

1.5. Thesis structure
This thesis addresses the three research aims within three analytical chapters, which are
presented in the format of a journal article. The first chapter has been published in a peer-
reviewed journal (Murphy et al., 2023) with the second and third analytical chapters currently

undergoing review.

Each chapter covers its own research aims and objectives, a general review of the literature
on the topic, a methodological approach to the respective analysis, and an introduction to the

relevant study area.

Chapter 2 addresses the first thesis aim. Specifically, the study uses radar-derived DEMs of
difference (DoD) to calculate the differences in elevation between individual surveys at
Rossall Beach, UK. The changes in elevation then undergo several analytical techniques,
including a K-means clustering algorithm, to simplify and segment the intertidal zone into
zones of similar behaviour. The study further explores the various temporal changes in
elevation change, including a survey-by-survey analysis and a seasonal breakdown. Lastly,
this chapter introduces hydrodynamic elements during the study period to provide an insight

on the influence of storm events on morphodynamic change.
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The second study, presented in Chapter 3, uses X-band marine radar data from Crosby Beach,
UK, to investigate social interactions with coastal environments by observing human
movement and inferring beach usage over time. Several machine learning classifiers are
utilised, alongside the synthesis of an extensive image processing and particle tracking
algorithm, to extract human targets from otherwise noisy data. The study details the mobility
characteristics of the particles used to distinguish humans from non-human particles. It then
applies the trained classification models to unseen data to analyse human movement across

the beach at various times of the day, serving as a proof of concept.

Chapter 4 addresses the third aim of the thesis by combining both social and environmental
data to understand the impact and implications of coastal hazard exposure. This chapter was
developed during a placement abroad with the University of Queensland. As such, it employs
various data types and techniques to align with the first two chapters in exploring CEM
dynamics using remote sensing data from earth observation methods. Utilising entirely open-
source data derived from satellite imagery, this study focuses on human-environment
interactions in the unique city of Gold Coast, Australia. The rapid and unplanned
development of this region, coupled with the densification of the population along a
historically dynamic coastal environment, provides an opportunity to explore spatial and
temporal patterns between population growth and coastal dynamics. This study is believed to
be the first of its kind to examine both factors and their interactions at such a granular scale.
The methodology presented in this paper is also applicable to much larger scales, from
observing the entirety of Australia (at 100 m resolution) to any location worldwide with
available data for coastal extraction. The study employs temporal clustering techniques to
classify population growth and coastal dynamics independently, before analysing how these
clusters have interacted over a 30-year period from 1990 to 2020. Through this approach, we
identify areas within the Gold Coast region that are more exposed to coastal hazards, such as

regions of high population density in spatial areas where the coast has continued to erode.
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2. Spatial-Temporal variability — Characterisation of a beach

system using high resolution radar data

This chapter was published in Frontiers in Marine Science

Reference: Murphy, J., Plater, A., Bird, C. and Arribas-Bel, D., 2023. Spatial-temporal
variability: characterisation of a beach system using high resolution radar data. Frontiers in

Marine Science, 10, p.1142077.

The first analytical chapter utilises digital elevation models derived from innovative marine
radar data to monitor multi-temporal changes within a beach environment. This methodology
combines data analytics, machine learning algorithms, and visualisation techniques,
providing a comprehensive overview of morphological changes occurring from survey to
survey and throughout the seasons. The results also take advantage of the high-resolution data
by incorporating observations made during storm periods. A key contribution of this chapter
is its capacity to capture small-scale changes in beach morphology and to understand how
these incremental changes accumulate, gradually transforming the beach over longer
timescales and culminating in significant large-scale changes. By understanding the beach in

this manner, a valuable tool emerges that can assist coastal managers in decision-making.
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Abstract

Intertidal areas experience a series of complex dynamic processes that affect beach
morphology. Many of these processes are difficult to monitor, particularly due to the limited
availability of high-resolution data. This study aims to utilise novel, high resolution radar
imagery to perform a spatio-temporal analysis of beach morphology. Beach elevation changes
over the macrotidal nearshore of Rossall Beach are characterised, providing new insights into
the morphological processes from fortnightly to seasonal time scales. The results of this
analysis display a beach system in a seasonal steady state equilibrium, somewhat dominated
by elevation changes within the spring and summer months. Though the analysis within this
study is mostly explorative, it shows the potential of radar data for autonomous monitoring
and spatio-temporal characterisation of the coast. This enables coastal managers and
stakeholders to build a long-term picture of the coastline, reducing vulnerability to coastal

hazards and building resilience.
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2.1. Introduction

Significant coastal erosion events can have severe implications for coastal ecosystems and
communities. Removal of large volumes of sediment from beaches reduces the defensive
capacity of the coast, leaving beaches and nearby coastal communities vulnerable to coastal
hazards. 24% of sandy beaches around the world are eroding at rates that exceed 0.5m/yr
(Luijendijk et al., 2018), leading to habitat loss and an array of socio-economic implications,
such as damage to infrastructure and services and loss of life (Dunn, et al., 2000). With sea
level expected to rise as a result of climate change, with an estimated one billion people
living within 10m of the high tide line (Kulp and Strauss, 2019), the impacts of coastal
erosion are only going to be exacerbated (Vousdoukas et al., 2020). It is therefore imperative
that coastal zones are managed as effectively as possible. The monitoring of coastal zones is
an important factor in coastal management, allowing stakeholders to understand changes in
the morphology of the beach, and intervene when necessary. Given the increasing availability
of remote sensing technologies, monitoring beaches has become a significantly less laborious
task, whereby sensors are able to obtain high spatial resolution measurements on the beach, at
times almost constantly. The increasing temporal resolution in beach surveys means that
complex hydrodynamic processes can be understood to a greater degree, including the

significant changes that are often concurrent with storm events.

There are many studies that utilize remote sensing technologies for monitoring morphological
variability along a coast (Pucino et al., 2021; Chu et al., 2020; Pollard et al., 2019; Bird et al.,
2017). Typically, remote sensing applications can provide a large area of coverage at high
resolutions, and can enable the identification of hotspots for sediment erosion and accretion
(Pucino et al., 2021; Luijendijk et al., 2018; Mentaschi et al., 2018). This is particularly
important for local beach management, where understanding the morphological response to
environmental stimuli, such as storms and rising sea levels, is paramount to improving
coastal resilience. Video footage has played a particularly prominent role in studying
nearshore bar dynamics from storm-induced changes to seasonal variability (Roman-Rivera
and Ellis, 2019). The ARGUS project, a long term optical coastal monitoring method,
provides hourly images of the coastline and has contributed a great deal to the understanding

of short-term coastal dynamics and bar characteristics (Holman and Stanley, 2007). However,
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systems utilizing video footage are limited during adverse weather conditions or in low

visibility scenarios.

Monitoring shoreline change through the use of optical or SAR satellite imagery as a remote
sensor has vastly improved global understanding of shoreline change and beach width with a
spatial resolution of between 10-30m (Turner et al., 2021; Salameh et al., 2019). While this is
useful for tracking shoreline change over large areas, this data typically does not directly
contain a height element. However, topographic extraction from satellite observations is
becoming increasingly prevalent, typically for long-term time series (Vos et al., 2020; Sagar
et al., 2017). High resolution LiDAR (O’ Dea et al., 2019) and UAV (Amodio et al., 2022;
Pucino et al., 2021, Talavera et al., 2018) imagery is frequently used to capture elevations
across beach environments. Observation of event-level morphological change through these
methods has enabled a greater spatial and temporal understanding of beach response to

storms (Burvingt et al., 2017; Scott et al., 2016; Harley et al., 2022).

High resolution data enables a powerful pixel-by-pixel analysis of elevation change over
time. However, a limitation of many remote sensing methods is a poor temporal resolution
(Peterson et al., 2003). Marine navigation radar for coastal observation has provided an
alternative morphology monitoring method that succeeds in alleviating these limitations. X-
band radar has been utilized for tracking shoreline positions and intertidal beach profiles
(Bell et al., 2016; Takewaka, 2005), as well as tracking dynamic beach morphology over time
(Galal and Takewaka., 2008). Radar-derived digital elevation models (DEMs) achieved using
a temporal waterline radar method (Bell et al., 2016), have mapped intertidal areas over 4km

to consistently monitor morphological change from event to seasonal time scales (Bird et al.,

2017).

The analysis in this paper utilises radar-derived DEMs to examine the spatio-temporal
variability of intertidal beach systems at a high spatial and temporal resolution.
Morphological changes can be monitored from event scale to seasonal using surveys that
repeat at two-week intervals. These high resolution surveys can assist in identifying trends
and patterns that are unseen or not immediately apparent using data with a low temporal
resolution. In this study, we investigate morphological changes across the intertidal zone as a
result of combined tide and wave processes that operate in combination but over contrasting
length and time scales. While the study area is predominantly tide-dominated (macro- to

hypertidal), it is also an open coast. Therefore, the influence of wave action is recognised, as
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evidenced by available wave measurements and their role in sediment transport. By
employing high-resolution data obtained through fortnightly-averaged radar surveys, the
study observes aggregated morphological changes in the intertidal zone during inter-storm

periods and following storm events.

2.2. Materials and Methods

2.2.1. Data collection and study site

The data that was used for this analysis were DEMs of Rossall beach on the Fylde coastline,
in the North-West of England, UK. The Fylde coastline consists of mixed pebble/shingle and
sand sediment and has a macrotidal regime. The mean spring tidal range is 8m with a mean
wave direction of 245° - 270° over the study period. The area is largely sheltered from fetch
by Ireland to the west, the Welsh coastline to the south and the Isle of Man to the northwest
(Miles et al., 2019).

Rossall beach is the location of a radar-based nearshore monitoring system deployed by
Marlan Maritime Technologies Ltd. (Bird et al., 2019). The radar was deployed here (Figure
2.1) to derive topographic, bathymetric and hydrodynamic information following the
construction of a £63.2 million coastal defence scheme, featuring a lower rock revetment, an
artificial berm, and a curved wave wall atop a concrete step revetment. The radar system
deployed at Rossall is located along this sea-wall utilizing a pre-existing 12m CCTV column.
The system is a GEM Elettronica SuperNET 2.2m radar antenna that is mounted onto the top
of this column. One rotation takes approximately 3 seconds, during which the radar captures

an image of the area within 6km of the antenna.
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Figure 2.1. Rossall beach running along the Fylde coastline, overlayed with a radar-derived
DEM of the study site. Radar location is displayed and picture of radar infrastructure
included. (inset) rock groynes positioned orthogonal to the coastline. Basemap:

mapbox.satellite (obtained through QuickMapServices QGIS plugin).

Rossall Beach and the surrounding area of Fleetwood has historically been very susceptible
to coastal flooding (Prime et al., 2015). However, the construction of a seawall following
severe floods in 1977, as well as the coastal defence scheme, has improved the resilience of
the area considerably (Corbridge and Hawley, 2020). Large rock groynes are placed
orthogonal to the shoreline at 100-130m intervals, to further protect these defences. Rossall
Beach has received a large investment in coastal management and is in close proximity to
homes and commercial property. This makes the area an appropriate case study for the

monitoring of morphological change over time.

The pixel-based elevation values are derived from the radar imagery using the temporal
waterline method outlined in Bell et al. (2016). This method estimates the elevation over the

spatial extent by time-matching reliable tidal elevations with pixel-wise transitions between
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wet and dry areas of the beach. This information is collected over a two-week tidal cycle,
capturing the full range of conditions between spring and neap tides within the intertidal
zone. This enables the inclusion of any storm events within the constructed DEMs, which can
then be referenced, and their impacts outlined appropriately. The result of this process is a
time-averaged DEM of the intertidal zone and a corresponding map displaying the correlation
coefficients of each pixel-based elevation, obtained from the temporal waterline approach
described in Bell et al. (2016). A poor correlation coefficient would indicate a low confidence
in the derived elevation value for that pixel. A smoothing algorithm is used to remove
elevations with low correlation coefficients using a threshold (Bird et al., 2017; Garcia,
2010), providing a means to improve the elevation estimates by removing outliers from the

data.

Data validation was undertaken by measuring the differences between the waterline derived
elevations and a LiDAR survey (Bird et al., 2017). Compared to the LiDAR surveys, radar is
likely to overestimate elevation. Though a combination of physical factors likely contributes
to this error, It is believed that the most likely and significant cause of error arises from
differences between the nominal water line and the location of the shore break as captured by
the radar. Previous work from Bell et al. (2016) provided an accuracy assessment of the
radar-derived elevations by observing the determined elevations of multiple fixed rock targets
over several surveys as control points. These fixed points displayed a relatively stable
elevation over a period of 10 months. As a result, it is concluded that the elevation changes
observed in sandy areas can be considered almost certainly genuine and utilization of

elevation changes for intertidal monitoring can be conducted with some confidence.

The study site in Bell et al. (2016) and Bird et al. (2017) is the river Dee estuary, with the
radar located on Hillbre island. Both the study site in these papers and the study site in this
analysis (Rossall Beach) have large tidal ranges at similar scales, revealing a large expanse of
intertidal area at low tide. This provides ample opportunity, in both cases, for high resolution
intertidal monitoring. Both study sites can be referred to as macro-scale (covering multiple
km), with uncertainties in radar-derived elevations likely being similar in scale, given that the
range of the radar is the same and therefore range-related biases will also be similar. In this
case, it is the changes in elevations between surveys that are observed and characterized, with
results showing that zones of the beach displaying similar morphological changes can be

clustered using machine learning methods.
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Whilst effective at imaging macrotidal environments given the extensive span of intertidal
areas and the range of coverage provided by the radar, the temporal waterline method would
be less suited to characterizing intertidal morphological changes in locations where a small

tidal range is expected.

2.2.2. Data preparation

A total of 33 DEMSs represented the study period between radar operational start date 1st
October 2018 and 14th February 2020. Though the radar continued to collect data after this
point, COVID-19 restrictions limited further data processing. This time period was deemed
suitable for a robust multi-temporal case study. By incorporating data collected over this
period, a substantial range of morphological change could be captured, including seasonal
variations, storm events, and long-term trends. Following the removal of outliers and low
correlation coefficients using the smoothing algorithm (Figure 2.2a), missing values in each
of the DEMs were interpolated with a pixel-wise linear interpolation method using the
temporal dimension (Figure 2.2b). Any pixels that were present for less than 50% of the study
period were excluded from the interpolation process (Figure 2.2¢). In order to obtain a more
complete time series with real data, DEMs with more than 25% of missing data were
removed from the dataset. This resulted in the removal of one DEM from the time series

during December 2019.
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Figure 2.2 (a) Smoothed survey example DEM with outliers removed. (b) The gap-filled
survey using linear interpolation over the temporal dimension. (¢) The number of pixels
present in each of the surveys during the study period. 0 indicates no pixels present in any of
the surveys, 33 indicates pixels are present in all surveys. Areas of low elevation (to the west)

represent the lower intertidal area.

The method used to display the changes in elevation was DEMs of difference (DoD)
(Williams, 2012). DoDs are calculated by subtracting one DEM from another in order to
calculate the amount of elevation change per pixel (Hird et al., 2021; Pollard et al., 2019).
These DEMs must be the same horizontal and vertical resolutions, whereby a pixel in one
DEM must represent the same spatial extent as a pixel in the same position in another DEM.
In this instance, the preceding DEM was subtracted from every DEM in the time series.
Negative pixel values within the resulting DoD represent erosion, whereas positive values
represent accretion. This way, short-term morphological changes can be tracked and

visualized over time. Additionally, long term trends can be captured with the advantage of
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also assessing this short-term variability. Gaps within the DoD are present when a pixel-wise

subtraction cannot occur due to missing data.

This paper utilizes a temporal analysis approach that leverages Kernel Density Estimation
(KDE) to plot the distribution of data. Higher points of the KDE curve signify a larger
number of data points in that range, providing a clear understanding of the dominant changes
occurring within the intertidal zone at Rossall. This information is especially relevant when
observing pixel values to calculate elevation change. The shape and statistical features of
these plots are used to reveal the temporal changes that occurred within the intertidal zone

over the study period.

To assist in characterizing the spatial and temporal changes that occur across the intertidal
zone over the study period, a K-means clustering algorithm is applied. K-means clustering is
a type of unsupervised machine learning that takes data points that display similar attributes
and cluster them into ‘k’ groups. The advantage of this for the characterization of
morphological change is that complex spatial and temporal patterns can be classified into

zones of similar behaviour.

While the generation of DEMs requires the collection of tidal elevations over a two-week
neap-spring tidal cycle, pre and post storm comparisons can be difficult to obtain. However,
the storms that occur during the data collection process are reflected within the two-week
average elevation shown in each DEM, which enables the effect of these storms on beach
morphology to be analyzed. To capture the morphological effect of storms, this study utilized
data collected from the UK Met Office and Met Eireann UK Storm Centre. The storms
explored within this paper are named storm events that occurred during the study period. The
duration and hydrodynamic features for each of these storms are analyzed within the results
section. Wave data used is collected by the Cleveleys WaveRider buoy (53° 53.70' N 003°
11.78' W). Tidal elevation and Mean High Water Springs (MHWS) is collected from the
nearest tide Gauge at Liverpool Gladstone Dock and obtained from the British

Oceanographic Data Centre.

2.3. Results

Figure 2.3 displays beach surveys at two-week intervals from October 2018 to February

2020. A zoning diagram featuring 5 distinct sectors of interest is used as a point of reference.
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Firstly, it can be seen that there is clear spatial and temporal heterogeneity in morphological
change across the beach. In sector 1, volumetric change is high over short periods, whereby it
can be seen that concurrent surveys display erosive and accretional behavior for the same
pixel. This can also be seen to some extent at the toe of the groynes in sector 4. Subsequent
switching of sediment loss and sediment gain over a short time period in the same area could
suggest disturbance-recovery phenomena. This high frequency variability in elevation change
over time is predominantly focused seaward, towards the low tide mark. Sector 2 displays an
exception to this, whereby the frequency of elevation change variability is low but the extent

of change remains greater than surrounding regions.
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Figure 2.3. (left) Reference image breaking down the study area into segments of interest.
MLWN and MHWS are also depicted. (Right) DEMs of difference (DoDs) in elevation
between concurrent surveys within the time-series. Pixels with negative values represent
erosion in that area. Pixels with positive values represent accretion. White pixels represent no

change in elevation at that point or missing data.
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Simultaneous erosion and accretion occurs rarely across the lower-intertidal zone over the
study period. The center of the intertidal zone in sectors 3 and 5 see a high degree of
stationarity, whereby the beach elevation changes very little for extended periods. This area
experiences infrequent and spatially sporadic changes in elevation, which typically occurs in
conjunction with greater changes in the upper and lower-intertidal zones. The upper intertidal
zone in sector 4 generally experiences frequent low-magnitude changes. Interestingly, there is
often a contrast between the elevation changes occurring immediately around the rock
groynes and the spaces in-between, suggesting that elevation change within these areas is

under the influence of localized effects.

There is a clear seasonal difference in elevation changes both spatially and in magnitude,
though the intertidal zone closest to the low tide mark to the west displays more consistent
high magnitude change throughout the study period. Notable changes in beach elevation
lessen towards the center and eastern areas of the beach within the summer months (June-
August), whereas larger elevation losses and gains are prominent across the entire beach

across the Winter and Autumn surveys.

Figure 2.4 displays the Kernel Density Estimation (KDE) distributions for elevation change
for each survey period. A left skewed distribution indicates erosion as a dominant process,
whereas a right-skewed distribution indicates accretion. It can be seen that the distribution of
elevation changes is centered closely around 0 between June — August. During this period
most of the elevation changes across the beach are relatively small, indicative of no
significant morphological change. Certain study periods present a KDE curve with a larger
range, indicative of a greater spread of elevation changes for that period and therefore a
greater degree of geomorphic change. This is particularly prevalent within the surveys in
April and December. Generally, it is seen that periods of dominant erosion are followed by
several periods of increased accretion, indicative of a period of beach recovery. The surveys
taken on 11/11/2018 and 18/02/2019 show a clear deviation from surrounding surveys,
whereby the mean value of elevation change is firmly negative. It is with certainty that these
observations in particular display predominant and greater erosive behavior within the
majority of the spatial extent. By observing both Figure 2.3 and Figure 2.4, one can discern

the spatial extent of elevation change for any survey period whilst quantifying the magnitude.
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Figure 2.4. Distribution of the pixel values for elevation changes between concurrent surveys

over the entire study location. Each row represents the entire spatial extent for a given date.

Negative elevation change represents erosion, positive elevation change represents accretion.

Colours are for aesthetic purposes only.
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2.3.1. Segmentation of coastal zones

In order to summarize the spatio-temporal patterns of beach change over time, the standard
deviation of each of the pixel values over time was calculated. Figure 2.5a displays the spatial
and temporal variance of elevation change over the study period. There is a clear spatial
heterogeneity in the variance of elevation changes. To assist in characterizing the beach based
on its variance in a simpler and more meaningful way, a k-means clustering algorithm was
used to segment the image (Figure 2.5b). Conducting this image segmentation enables zones
of the beach that exhibit similar morphological characteristics to be explored in further detail.
Most notably, the variance in elevation change is greatest at the low-tide mark and
immediately surrounding the groynes. Clusters of low-variance are present mostly at the
center of the intertidal zone at the mid-tide mark, suggesting relative morphological stability
in these areas over the study period. Low-variance clusters are also present in between

groynes in the upper intertidal zone.

Figure 2.5¢ displays the frequency of pixels within each cluster and the associated standard
deviations represented by each cluster. It is noted that, the greater the variance represented by
the cluster, the fewer pixels within that cluster, meaning that much of the spatial extent of the

beach does not experience a large variance in elevation changes throughout the study period.
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Figure 2.5. (a) The standard deviation of elevation change values for each pixel for each
survey within the study period ; (b) The result of a k-means clustering algorithm on the
standard deviation of elevation change values for each pixel, featuring 4 clusters; (c) The

frequency of pixels within each cluster.

Figure 2.6 displays the net sediment flux for each cluster during each survey period. Within
this figure, the standard deviation represents the variance in net elevation change for that
period. It is evident that there is significant variation in sediment flux across all clusters on a
fortnightly basis. Notably, cluster 2 is the only cluster that displays net accretion over the

entire study period, while all other clusters exhibit net erosion.
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Cluster 1, in particular, exhibits the greatest amount of erosion despite the pixels within this
cluster displaying the least variation in elevation change. This suggests that although the
pixel-wise fortnightly elevation change within cluster 1 is typically small in magnitude, it is
predominantly erosional in nature. Interestingly, it is found that, for each survey period, as the
pixel-wise variance in elevation change increases, the variance in net elevation decreases. In
other words, areas that experience the greatest variance in elevation changes over the study

period generally experience less extreme sediment loss or gain per survey.
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Figure 2.6. Net elevation change per survey, split by cluster. The cumulative sum of
elevation change is represented by the solid blue line. Total elevation change over the study

period and standard deviation of net elevation change per survey is provided.

Additionally, it is important to note that larger elevation changes within one cluster are not
necessarily associated with greater changes in other clusters. While one cluster may
experience net erosion, another may experience net accretion. This phenomenon may indicate
inter-cluster sediment migration and the influence of multiple factors affecting sediment

transport and deposition patterns within each area.

2.3.2. Seasonal variation

A monthly breakdown of dominant erosion/accretion process can be seen in Figure 2.7. The

monthly elevation changes were calculated by taking the average of all pixel-wise elevation
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changes for every time-step within that month. Though the granularity and smaller-scale

dynamics provided by the fortnightly time-steps is lost, the longer-term dominant erosive and

accretional patterns can be seen. Prominent erosional and accretional behavior can still be

seen in the hotspot areas to the west where the short-term variance is high, however there is

no consistency in the dominant elevation change vector throughout the year. Greater changes

in elevation can be seen within the Spring and Summer months, particularly in April and May

where high-magnitude elevation changes can be seen across the entire beach area.

Interestingly, the pattern of greater elevation changes overall in Spring and Summer appear to

contrast with the short-term results of the fortnightly surveys. However, winter and autumn

months still see substantial changes taking place across the entire spatial extent.
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Figure 2.7. Facetplot displaying the average monthly elevation changes across the study site.
The average pixel value is representative of the mean elevation change value for each of the

pixels form the time series within that month. White areas represent no data/missing data.

An assessment of monthly elevation change collected over multiple years informs coastal
managers and stakeholders of underlying spatial and temporal norms, aligning with
traditional means for acquiring data on beach change. Further analysis of temporal trends
such as seasonal variability can be visualized over the spatial extent of the cross-shore,
providing further context for the magnitude of spatial variation, as shown in Figure 2.8. The
elevation changes according to season are given by the different line types, with the residual
change across these four seasons shown in black. Seasonal analysis of this temporal
resolution displays that the beach elevation is in constant change along the cross-shore, both
temporally and spatially. There are clear characteristic differences in the magnitude of
elevation change between the low-tide mark, mid-tide mark and high tide mark. A greater
degree of elevation change closer to the low water mark throughout the year results in both
net accretion and net erosion in this area. Towards the mid-tide mark, the seasonal erosion
and accretion is evident, however there is little to no net change in elevation in this area. This
area of relative stability can be associated with zones of low variance, displayed in the
standard deviation maps. An increase in the magnitude of elevation change seen towards the
high-water mark is likely due to the large degree of sediment accumulation and erosion
around the coastal groynes. This area experiences net accretion, suggesting that sediment on

the upper beach has built up over the study period.
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Figure 2.8. Average elevation changes across the survey cross section for each season. The
lines for each season represent the alongshore average elevation change. Transparent area
around the lines indicates the confidence intervals. Thick black line represents the elevation

change residual, whereby a value close to 0 indicates little change occurred within this area.

The net sediment accretion for a given pixel across the cross-shore appears to balance out
across seasons. This results in a residual that fluctuates close to 0, indicative of the system
being in a steady state equilibrium. Infrequent snapshot transects are likely to reflect
conditions that are only part of this naturally fluctuating process, thus indicating sediment
loss/gain annually when this is not the case. As the time series becomes extended over the
automated collection of this data, annual seasonal patterns can be revealed with greater

confidence.

2.3.3. Monitoring elevation changes resulting from stormy conditions

Inference from these characteristics to their impact on spatial beach geomorphology can be

made by observing the hotspots of erosion (Figure 2.9a) and accretion (Figure 2.9b) between
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these storm events. It can be seen that erosion is a dominant process at the low-tide mark

during storms, the exception to this is the survey that includes Storm Erik (Survey 2019-02-
18), whereby accretion appears to be the dominant process across the majority of the spatial
extent. There is little similarity between the spatial geomorphic effect of each of the storms,

however elevation change hotspots are most prevalent around the groynes.
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Figure 2.9. The spatial distribution of elevation change values for DoDs containing storm
events. Each DoD corresponds to a Met Office named storm event occurring in the 2 weeks
prior to the date shown. The DoDs highlight erosive (a) and accretive (b) behaviour from
storm events. Storm Atiyah is not included here as the associated survey was removed during

the data processing stage.

Figure 2.10 provides an overview of the hydrodynamic features of Rossall Beach, including
storm events and net erosive/accretive study periods. It can be seen that surveys containing

storm events typically experience net erosion. These events are also characterised by greater
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than-average wave heights and periods, although this does not always result in net erosion

across the intertidal zone.

The results show no obvious discernible seasonal patterns of net erosion or accretion across
the intertidal zone. While periods with greater wave heights often correspond to erosive
behaviour, this is not always the case. Furthermore, the incidence of north and northeasterly

wave directions and greater wave periods tends to be higher during net erosion periods.
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Figure 2.10. Hydrodynamic variability during the study period. Wave heights, wave
direction, wave period and tide elevations over MHWS are shown. The horizontal dashed line
represents the average value over the entire study period. Coloured bands represent named
storm events that occurred within the study period. Grey bands represent surveys that

exhibited net erosion over the intertidal area. White bands represent surveys that exhibited net

accretion.
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The figure only displays tidal elevations exceeding MHWS, which captures instances where
tidal impact is likely to have the greatest effect on beach morphology. Interestingly, the
results demonstrate that tidal elevations exceeding MHWS can result in either net erosion or
net accretion across the intertidal zone. For example, during storm Brendan, although the
tidal elevation exceeded MHWS and greater than average wave heights and periods were

observed, this period resulted in net accretion.

Figure 2.11 displays the spread of elevation change values between surveys with storm events
compared to surveys where no storm events were present within the same month. Generally,
it is seen elevation changes, both accretive and erosive, are extensively seen around storm
events, indicating that a greater degree of morphological change occurs as a result of these
storms. Given that the DEMs are derived from temporally averaged data, it is likely that each
DoD is picking up morphological changes from the storm as well as subsequent recovery.
However, it is clear that storm conditions do have a substantial effect on elevation change, as
opposed to non-storm conditions. Interestingly, the difference between elevation changes
appears to be reversed, whereby storms and non-storms display erosive and accretive
behaviours oppositely within the same month. For example, typically, under non-storm
conditions, February experiences a distribution of elevation changes that skews slightly
towards accretive behavior. In a storm event period within February, the distribution of
elevation change values skews toward erosive behavior. This pattern occurs for every month
containing a storm event. During the study period only one survey was available for March,
which featured a storm event. In this case the distribution of elevation change values could

not be compared between storm and non-storm events.
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Figure 2.11. The frequency distributions of elevation change values from DoDs containing
storm events and DoDs where no storm was present, as recorded by both storm and non-
storm events from surveys within the same month. Confidence intervals display the standard

deviation of mean elevation change.

2.4. Discussion

This study provides empirical evidence that quantitative analysis of elevation change can be
used to infer the spatial and temporal characteristics of a beach profile. A novel combination
of machine learning approaches and radar data is used to explore short- and long-term trends
in coastal morphology for Rossall Beach. Three-dimensional beach surveys with a temporal
resolution of two weeks provide the means to monitor coastal dynamics from small-scale
geomorphological movements to seasonal recovery. Monitoring the beach through these
three-dimensional surveys is beneficial over traditional survey methods because it not only
provides a more granular assessment of beach profile change but also provides context on the
inter-beach movement of large-scale morphology, such as intertidal bars and other
phenomena. Migratory or recovery dynamics like this may be missed or falsely picked up as

significant sediment loss using data of lower temporal resolution or lower dimensionality
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(e.g. a 2 dimensional beach transect). The spatial and temporal variation in elevation has been
classified into distinct clusters, highlighting areas of the beach with a greater magnitude of

change over the study period.

2.4.1. Spatial variation

It is clear that the spatial variation of elevation change is largely heterogenous across the
beach intertidal zone. By clustering the standard deviation of elevation change, distinct areas
exhibiting different geomorphic characteristics have been identified. Generally, areas of the
beach towards the low tide mark experience the greatest magnitude of elevation changes over
the entire study period. Towards the mid-tide location there is generally little elevation
change, particularly during the latter half of 2019. The upper-intertidal zone experiences
substantial spatial heterogeneity, characterized by significant variations in standard
deviations. This heterogeneity is evident in the distinct clusters observed, indicating different
standard deviation patterns between and around the toe of the groynes. Groynes occasionally
suffer from scour at the toe due to localized effects (Rajaratnam and Nwachukwu, 1983;
Corbridge and Hawley, 2020). This localized scour can further contribute to the spatial
heterogeneity observed in the upper-intertidal zone. Notably, the cluster that represents the
lowest standard deviation of elevation changes contains the greatest number of pixels. This is
indicative that, for a large spatial extent of the beach, the elevation changes are relatively
small from survey to survey. This considerable spatial variability can be attributed to the
influence of wave and tide dynamics affecting onshore and offshore sediment transport,
whereby zones at the low tide mark experience near-constant wave forcing conditions (Plater

and Grenville, 2010; Masselink et al., 2006).

There are a number of observations where a substantial degree of elevation change is present
across the entirety of the beach, such as the period between October 2018 — May 2019, as
well as early 2020. Generally, there is no dominant sediment process that affects the whole
beach. Rather, smaller, and more localized patterns of erosion and accretion along the cross-
shore can provide an evidence-base for how the intertidal zone responds to different
environmental conditions. The morphological variability of intertidal landforms, such as bars,
are spatially heterogenous, particularly between the lower and upper sections of the beach

(Montreuil et al., 2020). This is reflected in the findings within this paper, displaying a
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greater variability of morphological change seaward, with lower variability in the upper

intertidal zone.

Through the use of cluster analysis, zones of large-scale elevation change over the study
period were identified. These zones can be referred to as elevation change ‘hotspots’ given
that these areas experience the greatest rate of change relative to other clusters. Elevation
change hotspots are not always cause for concern and may instead provide an insight on the
local conditions contributing to geomorphic processes. For example, what looks like a
significant erosion/accretion event in one area could be indicative of natural onshore
intertidal bar migration or development (Masselink et al., 2006). Alternatively, episodes of
accretion and erosion occurring in spatially contingent areas can represent processes of

natural sediment disturbance and recovery, even during storm events (Zhang et al., 2005).

Miles et al (2019) identified that multiple intertidal bars migrate onshore at different rates
along the Fylde coast. Some of these bars are oriented at an oblique angle to the coast. These
patterns can be seen through the high resolution radar data, represented by the non-uniformity
in elevation changes parallel to the shoreline. The spatial heterogeneity displayed by the
elevation change clusters, particularly from the low tide — mid tide mark, is further evidence
of differing rates of onshore bar migration. Although the changing morphology and migration
of intertidal bars is not the focus of this study, this analysis displays the potential to track
fluctuations in these phenomena in the short-term — a current limitation of LIDAR data in the
UK (Miles et al., 2012; 2019). Furthermore, in a monitoring programme using the Argus
system, De Alegria Arzaburu et al., (2007) saw the rapid onshore movement of ridges and
runnels over a single spring and neap tidal cycle. This can assist in explaining the spatially
contiguous accretive and erosive patterns along the beach within concurrent surveys. Whilst
the temporally averaged DEMs utilized in this methodology are likely unable to capture the
evolution of these short-term processes, a more comprehensive understanding of beach

dynamics can be achieved by harmonizing radar and optical data.

Masselink et al. (2006) highlights that sediment transport direction changes frequently during
a single tidal cycle due to varying exposure to waves. The magnitude of this tide-dominated
sediment transport can be exacerbated with larger tidal ranges and lower wave heights. Waves
at the Fylde coast have a relatively low wave height due to sheltering effects from Ireland,
Wales, and Isle of man to the west, south and northwest respectively (Corbridge and Hawley,

2020). Given its large tidal range, it can be suggested that much of the spatial variation in
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beach morphology seen in this analysis can be attributed to factors associated with tidal
processes. The study also brings focus to areas of complex, short-term hydrodynamics across
the intertidal zone. Obtaining an understanding of areas of the beach that frequently change
and the magnitude of this change is incredibly useful for coastal decision making such as

rapid erosion intervention.

Further improvements to the spatio-temporal characterization of beach zones are possible. It
is recognized that the clusters within this study are not spatially constrained, and zones of
similar variation across the entire intertidal zone have been clustered together for the purpose
of identifying hotspots. It is likely that clusters are impacted by different factors that are
relevant on the spatial scale but are not the focus of this study. Instead, this study displays the
vast potential of radar derived DEMs for exploring previously unseen spatial and temporal

dynamics in the intertidal zone.

2.4.2. Temporal variation

The radar produces a full intertidal beach survey every two weeks. The benefit of this is that
small-scale changes can be captured and reflected across a substantial area within each
survey. These changes are rarely picked up with data of lower resolutions, which often
display changes based on two singular snapshots in time. The benefits of this high spatial and
temporal resolution are supported by the findings of Pucino et al. (2021) whereby one can
quantify the heterogenous nature of the nearshore, displaying that beach elevation changes
can vary substantially both spatially and temporally - particularly in the lower intertidal zone.
A contrast emerges between the magnitude of elevation change over the small-scale
fortnightly period and the seasonal scale at Rossall. It is likely that fortnightly elevation
change surveys are picking up an intrinsic disturbance-recovery system, given that the
general temporal pattern appears to shift between erosive and accretive events. High
magnitude elevation change could be indicative of consistent, uninterrupted seasonal
disturbance and recovery both longshore and cross-shore as part of this dynamic annual

pattern.

Notably, fortnightly changes reflect a shift from relatively low magnitude elevation changes
in the summer months to changes of greater magnitude in the autumn and winter. However,
observation of monthly and seasonal timescales displays elevation changes of greater

magnitude within the spring and summer, with the dominant processes being erosional and
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accretional respectively. In particular, the elevation changes occurring during the spring and
summer often contrast with one another along the entire cross-shore profile, almost to the
degree of a mirror-image effect. This is somewhat true for winter and autumn elevation
change, albeit to a lesser extent. This does not necessarily indicate that a greater degree of
morphological change occurs within summer and spring. Instead, the greater elevation
changes reflected within the monthly/seasonal surveys are likely indicative of slower beach
recovery due to fewer stormy conditions and therefore a lower energy system. This also
provides an insight into the characteristics of the intertidal zone during prolonged periods

without storms.

Understanding seasonal trends for meso to macro-tidal beaches is imperative for effective
coastal management. Seasonal patterns in beach morphology are such that equilibrium
models are able to capture and predict changes in shoreline and sandbar behavior over
multiple years with a good level of accuracy (Splinter et al., 2018). Whilst it is entirely
appropriate to focus on tidal dynamics in driving the geomorphology of a multi-barred,
macrotidal foreshore, it is also necessary to consider wave-driven morphological change
across the upper part of the profile. Here, the observed migration and ‘welding’ of large-scale
morphological features across the lower intertidal platform will give way to mesoscale
change above the mid-tide level (approximately mean sea level) where tidal currents will
likely be waning below their maximum velocities on the flood tide, and wave-dominated
sediment movement will predominate in shallow water (Kroon and Masselink, 2002). Indeed,
the net vector of sediment movement across the upper tidal flat will vary according to the
prevailing tide and wave climate (Masselink and Turner, 1999). The morphological changes
observed across the Rossall intertidal foreshore from the continuous radar survey are

therefore the product of tide and wave interaction that varies in degree in space through time.

Though seasonal conditions from year to year can vary (for example, a more energetic winter
in one year compared with another), annual cross shore dynamics and sediment budgets can
be relatively similar (Biausque and Senechal., 2019). In order to test these phenomena with a
high spatial resolution, further study would seek to compare seasonal morphological
dynamics over several years. The temporal resolution of the data in this study would be
beneficial for observing the small-scale dynamics that contribute to larger, inter-annual

morphological change.
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2.4.3. Storm event behaviour

Monitoring the morphological impact of storms is of vital importance to coastal stakeholders.
Storm events often yield large movements of sediment in a short period of time, often
reducing the defensive capacity of a beach system. Through use of radar derived DEMs, the
spatial and volumetric impacts of storm events and subsequent recovery has been captured
and compared with non-storm periods. There is no overall predominant morphological
process that occurs during the storms recorded at Rossall. No two storms appear to have
similar spatial patterns across the beach, highlighting that the product of sediment movement
is a series of complex and contextual hydrodynamics. In every case, there are substantially
greater magnitude of erosion and accretion occurring across the beach. Interestingly, the
presence of storm events appears to shift the dominant morphological processes that occur
when no storm event is present, often having an opposite effect. This results in conditions
brought about from storm events yielding a greater magnitude of beach accretion in the
fortnightly survey than is seen when no storm is present. Given that the surveys display
average elevations over the two-week period, it is likely that DEMs taken during storm

events are also capturing rapid beach recovery (Dodet et al., 2019; List et al., 2006).

Typically, the morphological effect that storm events have on beach environments is difficult
to capture. Given that the radar is stationary and weather independent, it can capture changes
in elevation over two-week periods, even during storm conditions. This would be particularly
useful for monitoring the morphological movement almost immediately before and after
antecedent storms, a phenomenon that typically contributes to significant coastal erosion
(Callaghan et al., 2008). Given that the waterline method captures the mean tidal elevation
over a two-week tidal cycle, conditions immediately pre and post-storm can be difficult to
obtain. The method instead excels at capturing the spatial influence of storm events, as the
radar is still operational during these events. The ability to pick up the spatial and volumetric
changes that occur under the influence of storm conditions provides an insight into the
underlying drivers of morphological change over time. Further work on the hydrodynamic
forces driving morphology at this site could reveal dominant sediment processes in
combination with analyses such as those presented in this paper. Given the aim of this paper
is to characterise beach behaviour using an exploratory analysis of this data, a dedicated
analysis of morphological storm response is beyond the scope of this paper. Future work

seeks to focus on the capabilities of radar for capturing these phenomena.
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Open-source DEM data is available for the study site via LIDAR surveys provided by the
Environment Agency. However, surveys are taken only once per annum. This means that
longer-term multi-year analysis can be completed on the intertidal zone, but little information
can be inferred on the small-scale processes that occur within the year. Thus, the
morphological effect and subsequent recovery of storms cannot be captured. The radar
system at Rossall captures data autonomously every fortnight. Collection of this data over
several years will enable a longitudinal study that can focus on beach dynamics in both the

short and long term.

2.4.4. Equilibrium profiles

The seasonal variation in elevation change that is displayed within this study provides a
spatio-temporal exploration of intertidal dynamics at Rossall beach. There is often contrasting
geomorphic processes occurring over different seasons, almost to the extent where erosional
change is often met with a mirroring value of accretional change in a different season, and
vice versa. A similar geomorphic beach response was found by List et al. (2006), whereby
erosion hotspots influenced by storm events exhibited a ‘mirror image’ recovery only days or
weeks after the initial erosion event. For Rossall, this phenomenon occurs over seasonal
timescales over the cross-shore. Annually there is little overall elevation change over the
intertidal profile. This suggests that the intertidal zone is in a steady-state equilibrium, where
little sediment is lost or gained over the year (Bruun, 1962; Davidson et al., 2013). Larger
elevation changes in one season are often balanced by another, suggesting that high
frequency spatio-temporal variability is embedded in no substantive overall net change. This
behaviour is somewhat represented by the standard deviation clusters, whereby high
frequency variability in elevation change is not always associated with a greater net loss or
gain in elevation. This dynamic geomorphic movement exacerbates the benefit of high-
resolution data, by being able to capture the small-scale changes that contribute to large scale
processes. This would be an asset for models that predict beach change, providing a

comprehensive test or validation data set.

2.4.5. Value to coastal managers

52



The radar system at Rossall offers wide area coverage with a high temporal and spatial
resolution. This wide coverage, as well as the automated monitoring at fortnightly periods,
make this technique invaluable for monitoring short-term dynamics in beach morphology.
Within the UK at the time of writing there are 5 dedicated operational radar systems
collecting data from coastal sites in the northwest of England. Radar sites are Rossall,
Cleveleys, Blackpool, Lytham, Crosby and New Brighton. The deployment and annual
maintenance of each system is estimated to cost roughly the same as employing a mid-level
full-time staff member at a local authority on an annual basis. While exact costs are
dependent on a variety of factors (including hardware and contract specifications), the system
has been highlighted as cost effective when compared with other sources of data acquisition
(Atkinson et al., 2022). These radar towers are designed to enable coastal managers to make
more cost-effective choices and are envisaged to be a cost-saving mechanism over the

deployment life cycle.

The methodology for spatio-temporal analysis applied in this paper is applicable to DEMs
taken from any beach, providing a versatile tool for understanding and characterizing event to
seasonal changes in local beach topography. Tracking the changes in elevation provides an
opportunity for coastal managers to observe areas of the beach that experience rapid erosion
over short periods of time. This is particularly important around coastal structures, enabling a
quantitative assessment of erosion, scour and bar migration over time. Long-term monitoring
of these changes can assist in coastal management decision-making, such as implementing
intervention strategies. For example, an allowance of over £2.5 million was made for
125,000m? of nourishment over a ten-year period at Rossall beach. The data and methods
used in this paper has the potential to optimize the nourishment process, targeting specific
areas that experience net elevation loss. Furthermore, the observation of short-term
morphological trends through spatio-temporal analysis can also assist in testing and

validating models for beach change.

2.5. Conclusions

Short-term variability in morphological change can be monitored and tracked using radar-
derived digital elevation models. Utilising machine learning techniques and spatio-temporal
analytics, this paper has conducted an exploratory analysis of intertidal morphology over time

scales ranging from event level to seasonal. It was found that over individual spring/neap
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tidal cycles, the lower intertidal zone of Rossall beach experienced substantial variability in
elevation change. Much of this variation occurred in spatially contingent areas, suggesting
continuous disturbance and recovery dynamics of intertidal bars over the tidal cycle. Over the
seasonal to annual time scale, this high frequency variability levelled out to little to no net
change in elevation, indicative of a steady-state equilibrium across much of the intertidal
zone. This pattern was most obvious around the center of the intertidal zone, which
experienced longer periods of stationarity throughout the study period. The upper intertidal
zone, featuring a series of coastal defences including groynes, rock armour and a sea wall,
experienced a general increase in elevation, suggesting that this section of the beach appears
to be building up. Further research can be undertaken to investigate the specific
morphological changes induced by hydrodynamic forces on structures like groynes,
providing valuable insights into their efficacy against coastal hazards and the need for

maintenance.

Through comparing the morphological implications of storm events with non-storm events,
this study found that storms and their subsequent recovery often displayed an opposite
morphological response to normal conditions within the same month. Storm events were
associated with generally higher magnitude elevation changes, both accretional and erosional
in nature. Hotspots for storm activity were typically concentrated around the lower-intertidal
zone, which saw mostly erosion. There appeared to be no clear association between the
spatial extent of storm-induced morphological change and wave heights alone. Further work
would seek to introduce a greater variety of hydrological characteristics to understand

associations between these and their impact on morphology over the spatial extent.
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3. Monitoring beach user movement: Classification of beach user

trajectories with stationary X-Band radar imagery

This chapter, as presented, is currently under review with Coastal Management

Reference: Murphy, J., Arribas-Bel, D., Bird, C., Plater, A. Monitoring beach user behaviour:
Classification of beach user trajectories with stationary X-Band radar imagery. [Currently

under review].

Chapter 3 builds on the same marine radar data source as Chapter 2 but takes a different
approach by utilising raw radar imagery to obtain socio-economic information about beach
use. This imagery captures radar-detected signatures over time, referred to here as ‘particles’.
Many of these particles are human beach users moving across the beach, while some are
likely to be birds, interference, or other forms of noise. The objective of this chapter is to
distinguish these particles so that human beach users can be identified separately from other
particles. To achieve this, the movement of particles is tracked over time, and their trajectory
characteristics are extracted to analyse their motion patterns. Subsequently, several
classification models are trained using labelled data to categorise particles as human, and
their accuracies are assessed. The trained classifier is then tested on new data to identify

hotspots of beach use.

The primary contribution of this chapter is to demonstrate the multifunctionality of the
marine radar system, providing insights into both natural physical processes and social
understanding through beach usage. To the best of the authors’ knowledge, there has been
minimal research that focuses on beach users utilising radar for monitoring human beach use.
This paper highlights the advantages of radar systems for this purpose, including
independence from visibility conditions and the ability to maintain anonymity for beach
users. Additionally, it discusses use cases for coastal managers, covering aspects such as

safety, recreation, and conservation purposes.
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Abstract

Monitoring the coastline with remote sensing technologies has become essential for
supporting coastal management. The availability of large, continuous streams of data is not
only beneficial for tracking geomorphology across various spatiotemporal scales and for
applications such as assessing human and ecological coastal asset use and analysing beach
user behaviour. Monitoring beach use in a spatio-temporal context provides coastal
stakeholders with extensive insights into the areas of the beach that are significant to users —
for example, detecting patterns of crowding or erosion hotspots -which may aid in beach
resilience measures. Using raw images from a shore-based marine radar system, this paper
designs and tests a pipeline that processes the images, tracks movement, and utilises machine
learning to classify these signals into ‘human’ and ‘non-human’ trajectories based on their
movement characteristics. Support Vector Classifier (SVC), Logistic Regression (LR), and
Random Forest (RF) classifiers are compared to assess their accuracies in differentiating
between human and non-human movement statistics. Although all models achieve an
accuracy of over 90%, the RF model has the lowest number of misclassifications, yielding
fewer than half the number of false negatives compared to the other classifiers. This pipeline
is then tested on unseen data in the same location as a proof of concept, illustrating human
beach user density over two one-hour periods on the same day. Despite some current
limitations in distinguishing densely packed groups, this pipeline serves as a tool to provide
coastal managers with consistent, non-invasive, and visibility-independent awareness of
beach user activity, with the potential for implementing these analyses in near real-time. It
offers a spatial context for how beach users utilise beach space, facilitating services for

recreation, user safety, and conservation.
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3.1. Introduction

Coastal monitoring strategies have historically been instrumental in the effective management
of both the physical and economic aspects of beach environments. Monitoring the physical
characteristics of coastlines is essential for the early detection of erosion and the
implementation of appropriate intervention strategies. Equally important, however, is the
understanding of beach users and their behaviour, which is critical for socio-economic and
ecological management. From a managerial perspective, beach environments’ physical and
social attributes are often intrinsically interconnected. For instance, physical factors such as
beach width and stability have direct repercussions on socio-economic elements—including
property values and tourism—while also influencing local biodiversity (Alexandrakis, et al.,

2015).

Moreover, anthropogenic stressors significantly disturb beach ecosystems, adversely affecting
native species (Soto et al., 2021). Consequently, coastal managers must cultivate a
comprehensive understanding of beach utilisation patterns. Ultimately, beaches serve as
valuable assets for diverse users; therefore, the management of critical coastal infrastructure

can fundamentally affect user perceptions and satisfaction (Lucrezi et al., 2016).

Beach users are likely to have reasons for choosing a location, perhaps based on beach
features or nearby infrastructure (De Ruyck et al., 1995). Several studies have applied a
‘willingness to pay’ as a proxy for beach valuation (Halkos and Matsiori, 2012; Alves et al.,
2015). These studies exhibit detailed qualitative information on respondents’ opinions of the
beach in question to gauge a financial valuation. The results of both surveys reported that
beach valuation varied significantly across several demographic factors such as age, income
and level of education. However, there are several aspects of beach valuation that qualitative
information is unable to capture. Firstly, information in the spatial context is important to
assess specific areas of the beach that are popular with users, in addition to gaining a further
understanding of the geomorphic features associated with those areas. Secondly, interviews
and questionnaires capture information in the immediate or short-term timescales. In contrast,
data with a high temporal resolution would enable long-term assessments such as seasonal
changes in beach-user behaviour. This allows beach user information to be observed in
conjunction with morphological changes, which are often difficult to obtain by traditional

means (Wallbridge et al., 2019). For example, it would be difficult to keep track of the exact
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location, trajectory and time spent on the beach for every human observation. Remote sensing
technologies capture both the spatial and temporal context of the beach, which, alongside
qualitative beach valuation, is essential for coastal managers to prioritise resilience,

intervention strategies, and planning services effectively.

Beach monitoring techniques that utilise optical remote sensing are prevalent in the literature
(Kammler and Schernewski, 2004; Davidson et al., 2006; Guillén et al., 2008). Long-term
video footage has the potential to identify trends in beach user seasonality, and this data can
subsequently be used to forecast trends in beach use (Guillén et al., 2008). Kammler and
Schernewski (2004) outline that the use of webcams and video footage is a cost-effective and
efficient method for obtaining a temporal picture of beach visitor density and behaviour,
though its shortcomings include relatively low resolution, light sensitivity and occasional
difficulty in distinguishing between people and objects. Furthermore, the application of video
footage in coastal environments extends beyond observing beach users; it has also been
employed to assist coastal managers with zone management (Davidson et al., 2006) and to

track morphological features in the nearshore (Holland et al., 1997).

Streams of data available through remote sensing technologies have enabled researchers to
automate coastline monitoring with a high spatial and temporal resolution (Bell et al., 2016;
Bird et al., 2017, 2019), also seen in Chapter 2. It is hoped that by showcasing the capabilities
of repurposed radar data, coastal stakeholders will be able to retrieve an abundance of locally
relevant data regarding both the physical and social properties of coastal environments. The
use of radar has yielded several benefits over other remote sensing methods. Rotation of the
antennae is constant, and full rotation occurs every couple of seconds, granting an almost
constant feed of imagery, regardless of weather or time of day. Furthermore, there is no worry
of privacy breaches as radar is non-intrusive and relies only on return signal strength to the
antennae. The functioning range of radar reaches approximately 6 km, though the signal

strength tends to waiver as it travels further.

In its infancy, radar was primarily used in the military for basic tracking of moving objects
such as aircraft and vessels. However, the advances in computational power and data storage
over the last decades enable the use of large radar data sets for increasingly complex analyses
outside of their traditional applications. The accessibility to and application of machine
learning and statistical methods enable the classification of detected objects based on their

backscatter features. Radar systems have been used for a variety of tracking purposes
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including the observation of migratory trajectories of Orcas (McCann and Bell, 2017b), and
avian tracking (Desholm et al., 2006; McCann and Bell, 2017a). These studies aim to
showcase the capability of marine radar and the potential in automated target tracking for
objects over time. These studies also take note of the limitations of radar for use in tracking,
such as the environmental noise generated from sea clutter and precipitation and the
requirement of human input at some point in the process of automating the algorithms. There
is clearly not a ‘one size fits all” approach to tracking objects using radar, and relatively

speaking, the literature in this area is sparse.

Further use-cases of radar for tracking and classification of human behaviour have been
explored previously, though often in scenarios whereby the data collection process was
controlled (Kim and Ling, 2009; Li et al., 2019; Luo et al., 2019). Beyond this, little
academic literature is present on the feature extraction or classification of particle trajectory
tracking from radar imagery over time, particularly for large open environments. As such,
some of the methods covered later in this paper are strongly based on the methodology used
in a commercial feasibility study conducted by Marlan Maritime Technologies Ltd and
CoastSense. The study aimed to assess the viability of tracking seabirds using marine radar.
The ability to ‘repurpose’ imagery in order to track beach users showcases the multi-faceted

nature of radar as a remote sensing beach monitoring strategy.

The present study endeavours to develop a novel methodology for classifying beach users’
trajectories through an intricate spatiotemporal analysis of radar imagery. Within this
framework, trajectories are defined as the pathways taken by beach users who are in motion.
Mobility features derived from labelled trajectories are employed to train supervised
classification models, enabling the prediction of whether a specific trajectory is attributable to
a human or a non-human source. In this context, supervised learning proves beneficial for

distinguishing signals from noise in the dataset.

Utilising this algorithm allows for the consistent and automated monitoring of recreational
beach use. This research serves as a pilot study aimed at evaluating the extent to which radar
data can be repurposed for various applications. The study methodically examines and
distinguishes human movement, represented by linear trajectories, from inadvertent noise.
Furthermore, it extracts mobility features from these trajectories and seeks to classify

previously unseen trajectories based on established machine learning models.
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To demonstrate proof of concept, heatmaps illustrating beach user density over time are
presented. The potential applications of such data are discussed, particularly concerning their
utility for coastal managers and the overall effectiveness of radar technology for this purpose.
The primary aim of this investigation is to observe and classify human trajectories over time;
however, it is important to note that stationary individuals, such as sunbathers, cannot be
classified using this methodology. It is anticipated that this pilot study will inspire further
exploration into the applications of radar technology within social contexts. The paper first
provides the context of the study through a critical review of the surrounding literature and
identifies the research gap. The data and methods section subsequently introduces the data
and preprocessing techniques, while also outlining the models employed in the study. The
results section begins with an overview of the variables used in the classification, followed by
a comparison of the classification models, and concludes with a proof of concept that tests the
trained model. The discussion and conclusion contextualise the findings within the existing

literature and outline limitations as well as suggest areas for further work.

3.2. Data and methods
3.2.1. Study area

The study area is Crosby beach, located along the Sefton coast of North Liverpool in the
northwest of the United Kingdom (Figure 3.1). The beach faces W/SW towards Liverpool
Bay, which connects the nearby river Mersey to the Irish Sea. This macro-tidal beach has a
mean spring tide range of 8.4m (Admiralty, 2005). Multiple Sea defences are on the site,
including a sea wall adjacent to the beach's northern sector and vegetated sand dunes and
groynes placed orthogonal to the beach. At particularly high tides, erosion occurs along the
foot of the dunes, which can increase the risk of habitat loss and flooding (Esteves et al.,
2012). The site is home to a beach-wide art installation known as ‘Another Place’ by artist
Anthony Gormley. This installation features iron statues of men looking outwards towards the
sea. Given the macrotidal nature of this beach, the intertidal zone provides a large spatial
extent. This means there is a larger area for the radar to detect humans whilst also testing the
model's constraints for tracking humans over a greater distance. This study aims to
demonstrate an automated approach that can be deployed readily in zones with an active

marine radar.
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https://commons.wikimedia.org/w/index.php?curid=11604607

Figure 3.1. The temporary radar system facing the beach, held in place using a cherry picker
(left); and the location of the study site represented by the red diamond (right).

On 28 February 2019, between 09:00 and 14:00, Marlan Maritime Technologies employed a
mobile elevated working platform to set up a mobile radar at an approximate height of 18
metres. This data collection was intended to conduct a commercial pilot study to evaluate the
feasibility of shore-based radar for tracking seabirds and disturbance events. The typical
application of these shore-based marine radar systems by Marlan Maritime Technologies Ltd.
is for geomorphological monitoring of shoreline changes. Consequently, this study evaluates

the ability of the data collected by these systems to monitor beach usage in tandem.

The radar system utilised for this study is an X-band GEM SUPERNET radar unit with a
7.5ft horizontally polarised array antenna, rotating approximately every 1.845 seconds. The
radar has a radial instrumented range of 6 km. However, only a subsection of the beach was
surveyed, containing Crosby Beach and the adjoining promenade along the sea wall, covering
approximately 0.9 x 1.5 km. For every rotation, a radar image is collected, stored in polar
coordinates, and converted onto a georeferenced cartesian grid with an approximate spatial
resolution of 3m x 3m. During the complete duration of the radar's deployment, a total of

8458 images were collected.
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3.2.2. Data collection and pre-processing

During the data collection process, a team member conducted a 30-minute walk along the
beach profile, holding a hand-held radar reflector and a GPS device. The walk covered the
entirety of the intertidal zone, beginning from the landward side (Figure 3.2). Throughout this
walk, the team member paused several times to test the effectiveness of the tracking
algorithm. The georeferenced track can serve as a reference point when searching for human
trajectories by identifying high signal returns at the same coordinates as the GPS tracker. This

will establish a foundation for the classification methodology described later in this paper.
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Figure 3.2. A known human path that was tracked using a GPS. The radar location is
represented by the red circle. Note that tracks along the sea wall where the radar is located

can also be tracked.

Noise present in the raw radar imagery makes the meaningful tracking and classification of
detected signals very difficult (Ward et al., 2007). Image processing must first occur to reduce

clutter within the image while ensuring that the desired target particles remain.
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Since the feature tracker can only track moving targets, this study only tracks moving targets.
Because of this, permanent stationary targets, such as the Anthony Gormley statues and the
seawall, were removed from the raw images. This was achieved by calculating the average
pixel intensity over time (Figure 3.3b). In these average images, stationary targets display
consistently high signal returns across all images. By subtracting the average image array
from each raw image array, a mobile image was created that highlighted only moving targets

(Figure 3.3c¢). This process was carried out for each raw image.

All radar images showed high-intensity signal returns, which created a grainy appearance due
to strong backscattering from wet sand ripples (10-30cm in height) on the beach at the time of
data collection. Heavy fog during this period also introduced a low level of noise within the
radar images. To mitigate the effects of this interference, a two-step filtering process was

applied, featuring Gaussian smoothing followed by adaptive thresholding.

Firstly, a Gaussian smoothing filter (Lee, 1983) was used to reduce the high noise level in the
radar image whilst preserving more dominant features. This technique blurs the image,
averaging out the variations in local intensity and suppressing fine-grained noise, improving

the likelihood of target object detection (Figure 3.3d)

Next, a local adaptive filtering method was applied to the Gaussian smoothed image, which
selectively filtered out low-intensity signals while preserving high-intensity regions that are
likely tangible detected objects (Figure 3.3¢). Unlike global thresholding, which applies a
uniform filter across a whole image, adaptive thresholding adjusts the filter threshold
dynamically across the image, accommodating spatial variations in signal strength. This is
particularly important because radar signal intensity naturally diminishes with distance from

the source, meaning a global threshold would risk discarding valid targets at greater ranges.
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Figure 3.3. Each sub-section image processing methodology stage is chronologically

displayed from left to right. Brighter particles indicate greater signal returns.

Establishing binary decisions for imagery based on signal strength is a fundamental aspect of
reducing the noise level within the data, often called clutter reduction. These threshold-based
techniques are widely used in radar-image processing for this purpose (Barrett, 1987,
Hammoudi and Soltani, 2004). Clutter reduction is necessary to track targets over time and
space. This approach does not eliminate all noise present within the image nor ensure that
‘real’ target signals are not filtered out during the thresholding process. For this reason, it is
advisable to err on the safe side by setting a relatively low threshold to capture more signals
and filtering further during the tracking stage. By permitting more noise, the probability of
target detection increases at the expense of the likelihood of false alarms, given their

inversely proportional relationship. This is a principal function of the constant false alarm



rate (CFAR) image processing method (Machado-Fernandez et al., 2017). Since the primary
purpose of this study is to locate, track, and classify the movement of beach users, the
probability of target detection must be high. Consequently, this results in some processed
images containing a high amount of noise, which can be filtered out later during trajectory
analysis. Figure 3.4 displays an example of an image undergoing the Gaussian smoothing and
filtering process. Tracking and classifying beach users from a single image would be

exceedingly difficult due to the level of clutter present and the similarity between clutter and

target particles.
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Figure 3.4. A single image displaying the remaining particles after the filtering process.
Inset: A segment of the original image displaying two circled blobs known as human (upper)

and dog (lower) based on in-situ observation.

3.2.3. Particle Tracking

The pre-processed images underwent particle detection and tracking through Trackpy v0.3.2,
a Python implementation (Allan et al., 2016) that uses a Crocker-Grier particle tracking
algorithm (Crocker and Grier, 1996) to follow the trajectories of blob-like particles within
frames over space and time. Each particle detected by the algorithm is assigned a unique ID,
and its movement is tracked over multiple frames. The algorithm's output provides a
quantitative table of each particle's coordinates and a series of attributes associated with its

features.
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To validate detected trajectories, the processed images were compiled into short videos,
allowing the movement patterns to be visually tracked over time. Several images were
overlayed in chronological order, creating a motion trail which enabled object paths to be
observed. This provided additional means of verifying the trajectories identified by the
Crocker-Grier algorithm and distinguishing human and non-human movement through direct

visual inspection, evidence that is utilised for validation in section 3.2.5..

3.2.4. Labelling the trajectory classes

The particle movement characteristics are extracted using bespoke functions to classify the
moving particles into human or nonhuman classes (Appendix A.1.). Firstly, speed was
calculated based on the distance that the particle had moved in a given time. Speed was
initially calculated based on the distance the particle moved within a given time frame. This
value was then converted into approximate meters per second, with the conversion
accounting for the radar’s spatial resolution, which can vary over space due to radar
parameters. This enabled a comparison with real-world human movement speeds. Total
distance travelled (net displacement) is calculated as the total distance in meters from the start
point to the end point of the trajectory. The degree of straightness (linearity) provided the
deviance from a linear trajectory by utilising the mean squared error of a linear regression
between the start and endpoints. It is assumed that human tracks are likely to be more linear
than tracks acquired from animals and residual noise. These three mobility features were
deemed an acceptable method to discriminate human particles from noise while keeping the

methodology simple and computational requirement low.

The methodology described above was used to process the radar images obtained between
09:26 and 14:00. A trajectory analysis was conducted on the series of images known to
contain the GPS-tracked walk. This will enable a visual evaluation of the tracking algorithm
and supply a table of quantitative values from which true human mobility features can be
extracted. A total of 832 consecutive images were chosen to cross-reference with the GPS

walk, equating to approximately 25 and a half minutes of activity.

Figure 3.5a displays the GPS walk overlaid by trajectory outputs throughout this time. During
this process, particles appearing for only a few frames were discarded to filter out some
noise. Evidently, the tracking algorithm successfully identified several components of the

GPS walk, represented as longer, more linear trajectories that align with the walk. Certain
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phases of the trajectory of the walk may be absent or interpreted as new trajectories due to the
particle movement not meeting the criteria set by the tracking algorithm parameters. For
instance, if certain phases of the GPS walk were spent stationary or if clutter interfered with
the tracking of the target particle, the tracking algorithm would cease to function, and the
trajectory would end. It is noted that the tracking algorithm assumes new tracks whenever
there are interruptions in the walk, as reflected by the varying trajectory colours overlaying
the GPS-tracked path. A notable presence of seemingly random trajectories can be seen in the
imagery, clearly distinguishable from the more linear tracks. It remains unclear from a visual
examination of the trajectories alone whether the noise is caused by environmental factors or

other creatures on the beach, such as seabirds or dogs.
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Figure 3.5. (a) TrackPy trajectory output over 832 frames displaying all of the trajectories
tracked during this time; and (b) the trajectories remaining after the 30-pixel net displacement
cutoff. The blue line represents the GPS-tracked walk. Different particles are represented here
by different colours.
© OpenStreetMap contributors, Tiles style by Humanitarian OpenStreetMap Team hosted by
OpenStreetMap France

It is noted that the known human tracks tend to have large displacements and travel in a linear
fashion, even for shorter walks. Therefore, to further phase out noise, a threshold for the net
displacement of 30 pixels (~90m) over 25.5 minutes was set, and all trajectories below this
threshold were filtered out (Figure 3.5b). The trajectories that run synonymously with the
GPS track have remained, in addition to several long and linear trajectories in the

surrounding area, highly indicating further human movement on the beach at that time.

67



3.2.5. Data validation

A validation study was conducted. 11 study participants were shown an image of the filtered
trajectories with unique trajectory IDs (Figure 3.6a) and asked to manually label them as
human or nonhuman using supplementary evidence. The findings of this validation study
(Figure 3.6b) indicate a general agreement among the participants as to which trajectories
were given the human label. Particle trajectories that achieved over 50% agreement from the

participants were classified as human for the subsequent supervised classification.
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Figure 3.6. (a) Displacement-filtered trajectories with their unique IDs. Output and particle
numbers are obtained using functions included within the TrackPy package (b) Participant
results of the trajectory labelling validation study. A red square indicates that the participant

labelled this trajectory as human. Grey indicates non-human.

Based on the validation study, all trajectories within 25.5 minutes of recorded activity were
assigned a binary label: human and non-human. It is acknowledged that human movement on
the beach will exhibit some variation in their movement speed and direction over time. The
trajectories were segmented into smaller intervals to improve model training and minimise

the risk of misclassification. These shorter trajectory segments allow for more efficient
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classification and are advantageous for real-time applications. Each trajectory was divided
into overlapping 40-frame blocks (approximately 1-minute and 30-seconds of activity) with a
3-frame increment. The average velocity, linearity and net displacement were extracted for
each block. The segmentation resulted in 1005 labelled trajectories: 430 human and 575 non-
human. While it is acknowledged that this training data is specific to the day of the study
period, the use of machine learning models in this study enables further training data to be
utilised for learning, enabling the model to capture factors associated with temporal

variability, such as seasonal patterns.
3.2.6. Models and evaluation

Given that the training data in this case has been manually labelled, the classification
approach used here is supervised. Fitting the training data will allow the classifier to learn
nuances associated with the chosen human and non-human features. Ultimately, this classifier
can then be used to automate and predict unseen particle features into likely human or non-
human classifications. Several classification techniques are tested, and their outputs are
compared in order to assess model success. Three classifiers were chosen for comparison: (1)
Support vector classifier, utilising a hyperplane in n-dimensional space to classify data points
(Platt, 1999). This is typically computationally inexpensive and highly accurate; (2)
logarithmic regression, typically utilised for predicting binary outcomes; and (3) random
forest classification, an ensemble of decision trees that ultimately predict the most likely

outcome (Breiman (2001).

The chosen classifiers for comparison were the support vector classifier, logarithmic
regression model, and random forest classification. All of the compared models were entered
with their default parameters using the sklearn python package (Pedregosa, 2011). K-fold
cross-validation was utilised during the classification process in order to evaluate the efficacy
of each of the chosen classifiers. The chosen models were selected for comparison given their
relative simplicity in working with multi-variate data and suitability given the training data
size. The sklearn package was also utilised for the cross-validation functionality. The chosen
number of cross-validation folds was k£ = 5, meaning that the training dataset was split into 5
consecutive groups or folds. The scoring parameter used for evaluating classifier quality was

precision-recall.

Precision (P) is defined as the number of true positives divided by the number of true

positives plus the number of false positives:
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Therefore, in this analysis, precision equates to the proportion of predicted human trajectories

that were correctly labelled.

Recall (R) is defined as the number of true positives divided by the number of true positives

plus the number of false negatives:

This means that the closer the recall is to 1, the greater the proportion of true human
trajectories that were correctly predicted. False negatives, in this case, would indicate a
particle being labelled as inhuman when they were, in fact, human. False positives and true
negatives are likely linked, given the parameters set in the processing methodology in order
to maximise radar target detection discussed in an earlier section. By creating a more
stringent thresholding system, you reduce the possibility of false alarms at the expense of

losing some capacity to detect all desired targets.

3.3. Results

3.3.1. Feature analysis

Figure 3.7 displays each mobility variable’s Kernel Density Estimation (KDE) for human and
non-human trajectories. KDEs provide a visual representation of each variable's probability
distribution, enabling the identification of distinguishing human and non-human movement
patterns. Initial observation reveals a notable overlap between human and non-human
trajectories for both mean velocity and linearity. However, there are distinguishable nuances

within these distributions.

For mean velocity, human trajectories tend to show a central tendency around 1.5 to 2 m/s,
which aligns with the widely accepted average walking speed of humans. In contrast, non-
human trajectories display a seemingly random distribution of values and a larger spread,
indicative of widely varying movement characteristics. Observing linearity, while there is

significant overlap between the two variables, human movement generally clusters closer to
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the lower end of the scale, suggesting more direct and straighter paths. On the other hand,

non-human trajectories are distributed more broadly, reflecting greater variability and paths
that deviate from a straight line. It is noted that some human trajectories also exhibit higher
values for linearity, likely due to specific movement patterns or natural changes in direction

during their movement path.

Perhaps the most distinguishing mobility feature between human and non-human trajectories
is displacement, given the more seamless separation between trajectories located around the
10-pixel threshold, indicating more consistent movement. Though there is still some overlap
below this threshold, a clear, distinguishable trait separates human and non-human
trajectories — that humans generally tend to travel larger distances over a given time than

nonhuman trajectories.

While there are clear visual distinctions between the mobility features of trajectories, overlap
within some of the distributions highlights the potential for misclassification. The likelihood
of false positives emphasises the importance of selecting a classification method to alleviate

these issues as much as possible.
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Figure 3.7. Kernel Density Estimations (KDEs) of mobility features for human and

nonhuman trajectories. The negative values observed in some distributions result from the

smoothing process applied during KDE computation. These values have been truncated for

clarity.

Table 3.1: Summary table featuring the average output metrics for precision, recall, F1 score

and balanced accuracy of each model for each fold within the cross-validation method.

Classifier | Precision Recall F1 Balanced Accuracy
SVM 0.952 0.867 0.907 0.917
LR 0.954 0.845 0.896 0.908
RF 0.910 0.911 0.910 0.924

72



It can be seen in Table 3.1 that all of the classifiers maintained relatively high precision-recall
scores across all folds. High precision scores (>0.9) for each classification technique indicate
that each method consistently predicted actual human trajectories correctly. However, the
random forest model marginally outperformed other techniques regarding Recall, F1 score
and balanced accuracy and could predict a greater proportion of human trajectories correctly
with fewer misclassifications. This finding suggests that the random forest model more
accurately discriminates trajectories than the other techniques in the table. To assist in
visualising the accuracy of each classification technique, Table 3.2 displays a confusion
matrix of each of the compared classifiers trained on a training/testing split of 75/25% of the
data, respectively. The quadrants represent true negatives on the top left, false positives on the
top right, false negatives on the bottom left and true positives on the bottom right. Most data
points within the trajectory dataset have nonhuman labels, of which the majority were
correctly classified for each method. As expected, the random forest model could predict true
positives and false negatives more than the other methods with fewer misclassifications.
Given these findings, the trained random forest model will be used for the subsequent

analysis.

Table 3.2. Confusion Matrix for the Support Vector Classifier (SVC), Logistic Regression
(LR) and Random Forest (RF) models displaying false positives, false negatives, true

positives and true negatives.

SVC predicted LR predicted RF predicted
True label Non- Human Non- Human Non- Human
human human human
Non- 133 6 135 4 135 4
human
Human 17 96 16 97 7 106

3.3.2. Model testing

The segmented tracking of human activity into short intervals provides a balance between
capturing meaningful spatiotemporal patterns and minimising the high noise level in the data.
These intervals also reduce computation time, enhancing usability for near-real-time analysis.

In this proof-of-concept analysis, the processing, feature extraction, and classification

73



methodology were applied to data collected from Crosby Beach on the same day, with two
hourly intervals being utilised (10:00-11:00 a.m. and 11:00 a.m. — 12:00 p.m.). These
intervals were chosen based on preliminary inspection of data quality, ensuring a sufficient
volume of usable detections while maintaining manageable processing requirements. 3.8
presents the density distribution of human trajectories identified by the trained RF classifier
over these two hours, where the intensity corresponds to the frequency of human trajectory

detections during this time.

A high density of human trajectories is consistently observed along the landward boundary of
the beach, where pedestrian infrastructure, such as a car park and a walkway, facilitates
access. The high intensity of human trajectories near this region aligns with the findings of
Da Silva (2002), indicating that beachgoers typically congregate around access points like car
parks and rarely stray more than 20 metres from the high waterline. There is a notable
increase in the spatial distribution of human trajectories across the beach during the hours of
11:00-12:00, potentially highlighting a tidal influence (low tide at 12:44), given the large tidal
range of the Mersey Estuary, which dynamically alters the accessibility of different areas of
the beach. However, with greater human activity as one travels landward, this suggests a
preference among beach users to stay near to established paths rather than crossing the open
sand. These findings highlight implications for coastal planning and pedestrian infrastructure.
By employing a KDE-based density representation, this effectively highlights the spatial
distribution of trajectories over the study period, providing a visual framework for
understanding patterns of beach use and its implications, such as their interaction with coastal

morphology.

A Kernel Density Estimation (KDE) approach was used instead of the direct count of
humans, as it provides a more continuous representation of the spatial density. Given that the
dataset segments user trajectories into smaller classified parts, direct counts would require
frequent updates (every 1.5 minutes as per the methodology) to maintain accuracy. KDE
instead captures the accumulative classified trajectories, offering a more robust visualisation

of sustained activity patterns.
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Figure 3.8. Kernel Density Estimation illustrating the spatial concentration of classified
human trajectories observed hourly over the study area between 10:00 and 12:00 a.m. Values
closer to 1 indicate a greater presence, and thus greater density, of human trajectories during

this time period.

3.4. Discussion

This study has demonstrated the use of an algorithm that uses data processing and machine
learning models to track, classify, and monitor the spatiotemporal nature of human activity in
a beach setting. Although the results of this analysis display human activity over a few hours,
the continuous data stream enabled by radar systems allows for monitoring beach user
activity across various temporal scales. This presents an opportunity to analyse beach activity
across a range of temporal scales — from long-term seasonal trends to near-real-time
monitoring - thereby assisting coastal managers in understanding key factors such as peak
visitation periods, high-density areas, and the implementation of beach safety measures.

Importantly, this also addresses a factor that is often overlooked in coastal management: the
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quality of visitor experience, playing an important role for beach user satisfaction (da Mota

and Pickering, 2021; Lukoseviciute and Panagopoulos, 2021).

The characteristics of the trajectories that were used for classification yielded a high accuracy
within each of the models tested in this study. Mean velocity, linearity and net displacement
are characteristics of trajectory mobility that can be calculated quickly and efficiently,
facilitating use cases of this method for near-real-time monitoring of beach user movement.
Whilst it is acknowledged that the accuracy metrics of each model display relatively small
differences, the confusion matrices revealed that the random forest model displayed half the
number of false negatives (human trajectories classified as non-human) than the logistic
regression and support vector machine models. This is particularly important for monitoring
applications, as underestimating human presence could potentially lead to misinformed
management decisions regarding factors such as beach safety. The improved recall of the
random forest classifier suggests that it can pick up subtle nuances that distinguish human
mobility from other sources of movement or noise, enhancing the reliability in real-world

implementations.

Segmenting trajectories tracked over an extended period into smaller intervals enhances the
classifiers' performance and real-time monitoring efficacy. This refresh rate also ensures that
integration into live systems would provide a more accurate and up-to-date representation of
beach activity. While this method limits the ability to classify continuous long-distance
movements (e.g., a complete walking path across the study zone) into human and non-human,
it improves human movement detection with irregular or dynamic mobility patterns, which

are more challenging to capture with longer tracking windows.

Monitoring beach user density over time has numerous practical applications. Studies by
Guillen et al. (2008) and Epelde et al. (2021) highlight the significance of real-time beach
occupancy monitoring for safety, hazard assessment, and public services. Data derived from
radar offers a scalable, non-intrusive surveillance method, allowing for continuous
observation of beach user activity without compromising their privacy.For many, the
accessibility and availability of amenities and recreational activities are the primary reasons
for choosing a beach, along with the area's environmental characteristics (De Ruyck et al.,
1995; Halkos and Matsiori, 2012). For coastal managers and policymakers, this means having

a thorough understanding of the recreational beach carrying capacity — a measure that
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determines the quantity and type of visitors the beach can support while ensuring a safer

environment and sustainable resource management (Jiménez et al., 2007).

By analysing this data, local authorities can integrate multi-temporal trends in beach
occupation into urban planning and accessibility strategies. For example, insights into beach
user density can guide infrastructure investments, identify critical areas for emergency
response strategies, and support environmental protection measures. Planners can adjust
amenities and implement zoning regulations accordingly for beaches that frequently
experience overcrowding (Lukoseviciute and Panagopoulos, 2021) or are prone to natural
hazards like surges or riptides in areas unpatrolled by lifeguard services (Uebelhoer et al.,

2022).

Beyond the use cases for the public, beach density data also has advantages for ecological
management. Coastal environments are typically hubs of ecological activity; however, the
detrimental effects of anthropogenic stressors on native flora and fauna have been widely
acknowledged (Defeo et al., 2009; Schlacher et al., 2013; Soto et al., 2021). Identifying high-
traffic areas can assist in the continued protection of conservation measures, such as zoning
or temporary restrictions (Weston et al., 2012). Additionally, these data can be used to
monitor compliance with these measures over time, providing a way to assess the

effectiveness of these strategies.

Compared to other remote sensing technologies, radar has distinct advantages for monitoring
human activity in beach environments. Alongside maintaining the anonymity of beach users,
radar collects data consistently, regardless of visibility, making it suitable for tracking night-
time activity—an aspect of beach use that is often overlooked. Studies employing UAV's
(Provost et al., 2019) or video surveillance (Kammler and Schernewski, 2004; Guillen et al.,
2008) have provided valuable insights and can track stationary targets; however, they require
specific conditions such as manual drone control and clear visibility, raising privacy
concerns. Radar presents a practical alternative, collecting data reliably with minimal
disruption. The primary purpose of the X-band radar antennae used in this study is to obtain
geomorphological information on coastal dynamics for monitoring purposes. This study has
demonstrated a secondary use case, allowing a single radar system to consistently monitor the

physical and socio-economic composition of a beach system.

Despite its strengths, there are limitations to this approach. Environmental factors can cause

noise within the radar imagery, affecting the tracking algorithm and trajectory analysis.
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Additionally, the pulse width of radar limits its ability to distinguish objects that are relatively
close together, meaning groups of people may be misclassified as a single entity. These issues
can be addressed through processes such as a dynamic filtering process that responds to the
noise variability in the imagery or utilising sub-pixel methods for more precise detection

(Hinz, 2005).

While the radar reflector provides a strong signal return for tracking individual particles, this
study also demonstrates that radar can detect and track human movement without such
equipment. Future research would seek to extend this approach by tracking multiple
participants using GPS devices without radar reflectors to test signal integrity and provide

additional insight on pickup and drop-off patterns across space.
3.5. Conclusion

This study has shown that radar-derived data can be used to track and classify human
movement across beach environments. Through a combination of radar imagery, trajectory
analysis, and machine learning, a comprehensive toolkit has been designed to track hotspots
of beach user trajectories, and its suggested implementation is in both near-real-time
monitoring and seasonal beach use . When introduced to the labelled trajectory data, the
random forest model outperformed the logistic regression and support vector machine
classifiers, with half as many false-negative misclassifications and an overall accuracy of

>90%.

Monitoring the density of beach users has a range of applications, from improving public
safety and infrastructure planning to supporting ecological management efforts. The X-band
marine radar that gathered the data for this study has primary use cases for monitoring coastal
morphology (Bird et al., 2017;2019; Murphy et al., 2023). It can also be repurposed to
provide insights into social activity at no extra cost. This can potentially enhance coastal
management by integrating physical and social data into decision-making under one cost-

effective monitoring strategy.

Given that the data capture took place over a short time period, the potential of the human
tracking algorithm over different atmospheric conditions and study sites remains unexplored.
Future work in this field may seek to assess the methodology over seasonal timescales across
various study sites, including high-tourism beaches and protected areas. Further work may
also include multi-class classification of different beach users and their behaviour to supply

coastal stakeholders with a rich source of information. There is a large scope for a
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comprehensive and universal spatio-temporal analysis of behaviour and density across beach

environments using radar as a remote sensor, for which this study is a forerunner.
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4. Navigating Coastal Resilience: Exploring Population Density

and Coastal Proximity Dynamics Along the Gold Coast.

This chapter, in its current form, is currently under review with Global Challenges and

Regional Science.

Reference: Murphy, J., Mahabir, R., Phinn, S., Arribas-Bel, D. Navigating Coastal
Resilience: Exploring Population Density and Coastal Proximity Dynamics Along the Gold

Coast. [Currently under review].

The final analytical chapter aims to highlight the benefits of integrating physical dynamics
with the social composition of a coastal city, using the Gold Coast, Australia, as a case study.
This chapter originated from a research opportunity at the University of Queensland that I
received during my PhD studies. Consequently, I gained context and explored aspects of
coastal resilience and human-environment interactions in a coastal city renowned for its

beaches, attracting global interest.

Here, gridded population data at a 100m spatial resolution was combined with a distance
from the coast, which serves as a general proxy for the social and physical dynamics that can
be analysed over time. We analyse Global Human Settlement Layer (GHSL) gridded
population data collected at five-year intervals over 30 years, from 1990 to 2020, assigning
each grid cell a proximity value from the coastline. This data undergoes time-series clustering
through a dynamic time-warping method, allowing a high-resolution examination of the
natural and anthropogenic dynamics of the Gold Coast. This analysis reveals changes in
population densities and their interplay with coastal dynamics—whether the area has
experienced continuous erosive, accretive, or stable coastal processes. By examining the data
at this detailed level, we can pinpoint hotspots of coastal hazard exposure and gain insights
into how policy implementations and coastal management strategies have affected population
dynamics and coastline stability. More specifically, a finer-grained analysis of social and
physical dynamics facilitates the observation of more nuanced and region-specific policies

and management strategies, allowing us to monitor the effects they have had.
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Abstract

Coastal cities, such as the Gold Coast region in Australia, are experiencing rapid urbanisation,
driven by population growth and the appeal of coastal living. However, this growth poses
significant challenges, including environmental preservation and vulnerability to coastal
hazards like flooding and erosion. Understanding how urban expansion interacts with shifting
coastal boundaries is crucial for sustainable urban planning, particularly in the context of
climate change. This study investigates the dynamics of urban growth and coastal
development in the Gold Coast over the past three decades. Using temporal clustering, it
analyses changes in population density and proximity to the coastline, identifies shifts in risk
exposure to coastal hazards, and explores the relationship between coastal dynamics and

urban development.

The findings reveal that urban growth is concentrated in established centres, such as Surfers
Paradise and Currumbin, while peripheral areas experience slower development. These
patterns are influenced by natural barriers, such as waterways, and socio-economic factors,
including access to economic opportunities and tourism. The study emphasises the need for a
nuanced, region-specific approach to urban planning that balances growth with
environmental sustainability. It also highlights the role of advanced technologies, such as
remote sensing, GIS, and geospatial intelligence, in supporting data-driven planning and
resilience strategies in coastal environments. This research offers valuable insights for

policymakers and urban planners addressing the challenges of coastal urbanisation.
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4.1. Introduction

Australia is a coastal nation where 87% (more than 22 million people) of the population
resides within 50 km of the shoreline (Clark et al., 2021). This proximity not only supports
the country’s thriving tourism and fisheries sectors (Gaylard et al., 2020) but also exposes a
significant portion of the population to coastal hazards. The risk of flooding, erosion, and
extreme weather events is heightened in these areas, exacerbated by both natural factors and
human-induced changes. Such hazards pose substantial threats to infrastructure, ecosystems,
and communities, underscoring the need for more proactive monitoring and protective

measurcs.

The responsibility for managing these coastal risks largely falls on local governments in
Australia, which must navigate increasingly complex challenges (Harvey and Caton, 2010).
These authorities are tasked with implementing proactive strategies aimed at mitigating risks
before they materialise into significant damages. However, the financial strain of sustaining
such strategies continues to mount, as these efforts often require considerable investments in
infrastructure, early warning systems, and community engagement (Australia, 2019).
Consequently, comprehensive assessments of risk and vulnerability across various spatial
scales are essential. As the impacts of climate change intensify, particularly through sea-level
rise (SLR), the significance of these assessments becomes even more critical for ensuring

effective coastal management and resilience (McGranahan et al., 2007).

Coastal cities are at the forefront of these impacts, facing increasing threats from hazards
such as storm surge flooding (Nicholls and Cazenave, 2010; Oppenheimer et al., 2019),
which accounts for the largest share of insured losses globally (Bevere and Mueller, 2014).
Despite the concentration and substantial value of lives and infrastructure concentrated in
these vulnerable areas, there remains a critical gap in protection (Nicholls et al., 2008),
particularly for large coastal cities (Aerts et al., 2014). While some strategies to reduce
vulnerability to coastal hazards have emerged through a ‘learn-by-doing’ approach (Kabat et
al., 2005), fully effective and cost-efficient solutions depend on a thorough understanding of
local conditions. This highlights the urgent need for data-driven, region-specific approaches
to inform and support adaptive, long-term coastal management strategies in the face of

climate change.
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To address these challenges, a multi-faceted approach is required, integrating geospatial data,
advanced modelling techniques, and technological innovations. Geospatial data (e.g., satellite
imagery, population density, infrastructure such as roads, and land use land cover) has
become indispensable for understanding the complex dynamics of coastal environments
(MacManus et al., 2021). When combined with Geographic Information Systems (GIS),
researchers can monitor, predict, and manage coastal phenomena with greater precision.
Additionally, the integration of machine learning (ML) and artificial intelligence (Al) in
coastal studies is revolutionising how we analyse and respond to coastal hazards
(Pourzangbar et al., 2023), enabling the detection of intricate patterns of change, forecasting

potential risks, and developing data-driven strategies for resilience.

Previous research has explored the application of geospatial data and advanced technologies
in coastal management, yielding significant insights into their potential. For instance, da Silva
et al. (2021) developed a simulation tool for coastal dynamics that provides critical
information on sand dispersion along the Gold Coast of Australia, thereby enhancing local
resilience against erosion and flooding. Ranasinghe et al. (2004) demonstrated how multi-
scale modelling can forecast shoreline changes influenced by climate oscillations, providing
essential input for coastal planning. Other work by Kulp and Strauss (2019) further highlights
the often-underestimated vulnerability of global populations in low-lying areas to rising sea
levels, emphasising the importance of accurate geospatial data in vulnerability assessments.
Further, the integration of social vulnerability into coastal flood risk analyses, as
demonstrated by Baum et al. (2009), underscores the necessity of considering both physical
exposure and socio-economic structures that influence community responses to coastal
hazards. The inclusion of this data in risk assessment is reinforced by Cutter et al. (2014),
who developed the Social Vulnerability Index to measure and incorporate social
vulnerabilities, enabling a more comprehensive understanding of risk that extends beyond
physical threats alone and is crucial for developing strategies to protect infrastructure and

human lives.

GIS and spatial analysis techniques are invaluable tools for assessing vulnerability to coastal
hazards. Vulnerability indices and maps have proven effective in aiding decision-making in
risk management by providing clear, visual representations of areas at risk (De Sherbinin et
al., 2019; Bukvic et al., 2020). However, multi-scalar analysis is essential for more accurate
assessments because vulnerability can vary across scales -from local beach levels to broader

regional concerns (Mclaughlin and Cooper, 2010). Furthermore, vulnerability to coastal
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hazards is rarely a result of a single factor; it often arises from the complex interactions
between natural processes, such as erosion and storm surge, and human-induced factors, such
as land use and infrastructure development (Sheik Mujabar and Chandrasekar, 2013). This
highlights the need for multi-factorial risk analyses that integrate both physical and socio-
economic data. However, such integrated approaches remain relatively underutilised in
coastal vulnerability mapping, limiting their potential to fully address the diverse and
interconnected risks faced by coastal populations (Bukvic et al., 2020). Therefore, adopting
comprehensive, data-driven methodologies that consider both natural and human dimensions

of vulnerability is crucial for improving coastal resilience in the context of climate change.

Building on these foundational insights, recent advancements in open-source global
population datasets have further advanced coastal research, making it possible to conduct
even more granular analyses. Datasets like the Global Human Settlement Layer (GHS-POP)
(Freire et al., 2016) and WorldPop (Tatem, 2017) provide gridded population data that allow
for more detailed analyses of human-environment interactions, offering further insights into
population distributions and their exposure to coastal hazards. This enables more precise
planning and risk mitigation. When combined with high spatial and temporal resolution
satellite imagery, these data sources facilitate a more in-depth understanding of coastal
dynamics. Publicly available satellite data, which spans multiple decades and provides near-
global coverage, is particularly valuable for longitudinal studies, especially in areas where in-
situ measurements are limited (Turner et al., 2021). This integrated approach, combining
population and satellite data, provides a comprehensive view of both natural and human
factors influencing coastal change, thereby supporting effective, data-driven management
strategies, especially with the support of ML and Al For example, Luijendijk et al. (2018)
used ML to analyse satellite-derived shoreline data and identified global patterns of coastal
erosion and accretion, while studies by Kuschnerus et al. (2021) and Murphy et al. (2023)
have demonstrated how ML techniques can monitor and predict beach dynamics, providing
valuable insights for coastal managers. Additionally, advancements in open-source software
and data sources have improved the capacity to link coastal changes over time with
anthropogenic activities, enhancing the reliability and replicability of coastal studies (Vos et

al., 2019; Chu et al., 2020).

Despite these advancements, a significant gap remains in understanding how exposure to
coastal hazards has evolved over both spatial and temporal dimensions. While numerous

studies have assessed the vulnerability and exposure of coastal communities (McMichael et
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al., 2020), these analyses are often conducted using data at coarse resolutions, which limits
the feasibility of smaller-scale assessments (Wolff et al., 2020). Openly available gridded
population datasets, such as GHS-POP, with higher spatial resolution, have the potential to
overcome these limitations by enabling more detailed evaluations of population exposure at
finer scales as little as 100mx100m (Neumann et al., 2015). This improved granularity allows
for the identification of local hotspots of risk, supporting more targeted and effective
planning and mitigation strategies (Reimann et al., 2023). Further, many vulnerability
assessments still overlook the shifting positions of coastlines relative to infrastructure and
populations over time. While time-series clustering has been applied to gridded population
data to capture certain temporal dynamics (Liu et al., 2024), its application in examining

coastal proximity remains under-explored.

The goal of this study is to examine the interaction between population growth and coastal
dynamics over time along Australia’s Gold Coast. This is particularly important because the
region has experienced significant urbanisation and population growth in recent decades,
which has intensified the pressure on its coastal resources and infrastructure. Understanding
how these processes (e.g., erosion and sediment redistribution) interact with population
growth and settlement patterns is critical for identifying areas most vulnerable to coastal
hazards, such as flooding and erosion. As population growth leads to greater human
settlement near vulnerable coastal areas, the risk of exposure to these hazards intensifies,
particularly with the added challenge of climate change and rising sea levels. By investigating
the evolving relationship between human settlements and coastal changes, this study aims to

uncover how shifts in population coincide with changes in coastal dynamics.

The study aims to leverage high-resolution geospatial data and time-series clustering,
enhanced by machine learning (ML) techniques, to identify key risk hotspots and track shifts
in coastal boundaries relative to human settlements. This will be achieved through the
following research objectives: (1) an evaluation of how population density and coastal
proximity have changed over time, (2) an identification of local hotspots of coastal hazard
exposure at finer spatial scales, and (3) an assessment of the relationship between coastal
dynamics and human settlement patterns. The findings will provide insights that can inform
more effective and targeted coastal management and adaptation strategies, enhancing
resilience to the impacts of coastal hazards such as flooding and erosion, particularly in the

context of climate change.
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The structure of the chapter is as follows: Section 4.2 outlines the methods employed in the
study, including the application of the temporal clustering algorithm to the data. Section 4.3
presents the results, focusing on the spatial patterns identified through the clustering approach
and subsequent analysis. Finally, Section 4.4 interprets the findings, discussing their

implications and concluding with key insights.

4.2. Methods
4.2.1. Study area

The Gold Coast Local Government Area (LGA) of Australia spans approximately 52km of
sandy coastline, covering 1401 km? (541 square miles) (Gold Coast Australia, n.d.) and
features a distinctive geography, characterised by urban infrastructure on a narrow barrier
sandbar separating the sea from former wetland waterways. The northern tip of the sandbar
separates the mainland Gold Coast from South Stradbroke Island, which sits in front of the
Gold Coast Broadwater, a large estuary that connects through the Gold Coast via an extensive
range of artificial canals (Bosman et al., 2016). This geographical makeup, with its 52 km of
sandy beaches and 400 km of waterways (Zhang et al., 2015, Dupre and Bosman, 2017),
presents an interesting challenge regarding the specific definition of the coastline in this
location in relation to coastal hazards. Figure 4.1 shows the study area in relation to its

location in Australia.

The Gold Coast has rapidly transformed into Australia’s sixth-largest city over the last few
decades, driven by tourism-fuelled urbanisation and evolving from a resort town into a
thriving, diverse urban centre (Dedekorkut-Howes and Bosman, 2015). It has remained the
fastest-growing LGA in Queensland over the past decade and accounted for one-seventh of

Queensland’s total population growth between 2021 and 2022 (QSGO,2023)

The swift evolution of this ‘coastal resort city’ was facilitated by a pro-growth coalition of
developers and state and local governments. However, this has resulted in the Gold Coast
displaying a unique urban form compared to typical Australian cities, as it lacks a distinct
central business district (CBD), featuring instead several function-specific nuclei spread
across the LGA (Dedekorkut-Howes, 2013). This extensive spread of population and business
hubs underscores the importance of understanding the spatial extent of coastal resilience and
vulnerability in the region. A prominent implication for coastal resort cities is that their

appeal is largely aesthetic, meaning that more invasive sea level rise adaptation strategies,
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such as seawalls, are challenging to implement without provoking public dissatisfaction
(Cooper and Lemckert, 2012). While several management strategies within the Gold Coast
have shown notable improvements in resilience, the state of coastal climate adaptation has
faced criticism (Dedekorkut-Howes and Vickers, 2017). If effective coastal adaptation
strategies are not implemented for the Gold Coast, a significant number of low-lying
properties and infrastructure could be at risk of inundation by 2100, according to

Intergovernmental Panel on Climate Change scenarios (Ware et al., 2020).
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Figure 4.1. The study site with listed beaches and significant locations within the Gold Coast

LGA, located in Southeast Queensland, Australia.

The Gold Coast has experienced numerous erosion events over the last century. Notably, a

series of four tropical cyclones struck the region in 1967, causing significant erosion and
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displacing almost 8 million cubic metres of sand above mean sea level (DHL, 1970; Splinter
et al., 2014). Several coastal management strategies have since been adopted to maintain, and
at times extend, the coastline in a bid to protect the historically growing number of assets
near the shoreline (Boak et al., 2001; Hunt et al., 2008; Jackson and Tomlinson, 2017). These
include methods such as sand nourishment, dune stabilisation and restoration, artificial reefs,
and artificial bypassing systems (Boak et al., 2001). One of these artificial bypassing systems
was implemented in 1986 to capture sand at the Gold Coast Seaway, where the Nerang River
enters the Pacific Ocean, thereby reducing the need for dredging in this area. The captured
sand is redistributed towards South Stradbroke Island, stabilising this important seaway

(Short, 2020).

Despite the actions taken to mitigate erosion in the Gold Coast, a large proportion of the
beaches and infrastructure along the northern Gold Coast remain significantly exposed. For
this reason, the City of Gold Coast Council developed the Gold Coast Shoreline Management
Plan, a series of projects and recommendations aimed at combating the implications of storm
events on Gold Coast beaches over the next 15 years. These projects include a Northern
Beaches Shoreline Project and a Northern Beaches Sand Nourishment Pipeline, both
investigating and responding to coastal erosion through re-nourishment, with the latter project

seeking to use the Gold Coast Seaway Bypass system (Queensland Government, 2021).

4.2.2. Data and processing
4.2.2.1. Coastline data

The coastline data were obtained from Digital Earth Australia (DEA) (Bishop-Taylor et al.,
2021a) via their application programming interface (API). The DEA coastlines dataset
includes annual shorelines and rates of coastal change along the entire Australian coastline
from 1988 to the present. This dataset maps the most representative location of the coastline
at mean sea level for each year. The coastlines are extracted using a sub-pixel shoreline
extraction technique from publicly available satellite imagery, as described in (Bishop-Taylor
et al., 2021b). The resulting waterlines provide a tidally corrected representation of the mean
shoreline position for each year. Given that the gridded population density data (Section
4.2.2.2) is available at five-year intervals, the coastline data was selected at five-year
intervals where both datasets overlapped for the period 1990 to 2020. This approach ensures
consistency in the analysis and allows for reliable comparisons between population density
and shoreline positions over the same time periods. The boundary limits for selecting the

coastlines were determined using the minimum and maximum coordinates of the Gold Coast
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LGA, with the northernmost limit at Jacobs Well and the southernmost limit at Greenmount

Beach, Coolangatta.

4.2.2.2.  Population data
Population data were retrieved from the Global Human Settlement Layer (GHSL) provided

by the European Commission, specifically the GHS-POP (R2023) layer (Schiavina et al.,
2022). This layer provides population density estimates for 100 m x 100 m gridded cells,
covering five-year intervals from 1990 to 2030, with the final two estimates being population
forecasts. However, this paper only uses data from 1990 to 2020, allowing for a robust
analysis of historical trends while avoiding potential biases linked to future projections. The
GHS-POP layer uses a population disaggregation model that uses the density of built-up areas
through spatial analysis of Landsat imagery, allowing for accurate assessments of population
distribution (Freire et al., 2016). The selected GHSL tile used for this analysis is R13_C33,
which covers Southern Queensland and part of Northern New South Wales. Following data
acquisition, the dataset was spatially clipped using a 750-meter threshold from the coastline
data from section 4.2.2.1 to focus on populations most at risk from coastal hazards. Both
population and coastline datasets were converted to the EPSG:3577 geographic coordinate

system to ensure consistency in analysis.
4.2.2.3. Distance to coastline per population area

The centre of each population grid cell was used as a reference point, as these were assumed
to remain consistent over time in the dataset. The distance from each grid cell to the nearest
point on the coastline was then computed. Following this, each population grid cell was
assigned an additional variable representing its distance from the coast, in addition to its
population density. This method provided a consistent approach to tracking proximity to the
coastline, allowing for comparisons across different time periods and facilitating analysis of

coastal population exposure.
4.2.24. Temporal clustering

A key aspect of this study is understanding how population densities and coastal proximity
have evolved over time, with the aim of simplifying and characterising the complex social
and environmental dynamics along the coast. To achieve this, a two-step approach was
implemented, beginning with the use of Dynamic Time Warping (DTW, see Muller, 2007) to
identify similarities between these two sets of time series. DTW measures similarity between

temporal sequences by aligning them through stretching or compressing sections of data,
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enabling the identification of clusters that exhibit similar trends regardless of timing or
magnitude differences (Muller, 2007). For this analysis, one set of time series represents
temporal changes in population density for each grid cell, while the other captures changes in

the distance of each cell to the coastline across the various epochs.

The second step involved the application of K-means clustering, which grouped each set of
time series based on the similarity of their temporal patterns identified by DTW. K-means
clustering is a partitioning method that divides data into a pre-specified number of clusters by
minimising the variance within each cluster (Sinaga and Yang, 2020). The optimum number
of clusters, six in this study, was determined using the elbow heuristic method, which has
been applied in various studies for similar purposes (Hu et al., 2021; Jochem et al., 2021;

Jeong et al., 2022; Vidya et al., 2022; Trento Oliveira et al., 2023).

In this analysis, emphasis is placed on clustering temporal variations in density per gridded
cell and their coastal proximities, prioritising the shape of these trajectories over absolute
values. Using z-normalisation, each set of time series is standardised to a mean of zero and a
standard deviation of one, ensuring consistency across different scales. This process
facilitates direct comparison across cells and minimises the influence of outliers.
Consequently, observed changes in coastal proximity reflect patterns indicative of either
erosion or accretion, allowing for the identification of regions along the Gold Coast that

experience similar coastal dynamics.

4.2.3. Empirical strategy

Building upon the data and processing steps outlined in Section 4.2.2, this study employs a
temporal clustering approach to independently analyse population density and proximity to
the shoreline at five-year intervals between 1990 and 2020. The primary objective is to
identify distinct patterns within these variables and integrate the resulting clusters to assess
how different population densities have been exposed to coastal hazards over time, such as
whether high-density populations are in areas experiencing shoreline retreat. By integrating
spatial analysis, we aim to uncover how these temporal patterns align with spatial
distributions at both local and regional scales. The findings are presented using charts that
visualise individual clusters, tables defining the cluster nomenclature, and maps illustrating
the spatial extent and patterns of these clusters. This integrated approach provides a

comprehensive understanding of the interactions between population dynamics and shoreline
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changes on the Gold Coast over the past three decades, offering insights into the effectiveness

of policy interventions and coastal management during this period.

4.3. Results
4.3.1. Population dynamics

The results of the population density clustering are shown in Figure 4.2. The left figure (a)
shows the population time series before normalisation, while the right figure (b) shows these
time series after normalisation. Pre-normalisation, all clusters show an overall increase in
population density from 1990 to 2020. This indicates a consistent growth trend across the
Gold Coast, with varying rates and magnitudes among clusters. Cluster 2 stands out due to its
significantly higher population densities compared to other clusters. This likely represents
high-density residential or urban hubs within the Gold Coast area. Cluster 1 shows a high
degree of variability and noise, suggesting a wide range of population densities within this
cluster. The presence of lower population values, likely due to the inclusion of less urbanised
or undeveloped areas, contributes to this noise. This cluster contains about 50% of all
population values. Finally, clusters with moderate population values (e.g., Clusters 4 and 5)
suggest gradual population increases, potentially indicative of recent urban expansion or
suburban developments. It’s important to note that using the same axis range for all figures in
Figure 4.2a was not possible as it would have obscured the subtle variations in population
trends across clusters due to the differences in the range of population densities being

represented.
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Figure 4.2. Temporal clustering of population density trends for different clusters across the
Gold Coast area 1990-2020 (a) before and (b) after z-normalisation. The time series for each

cell is displayed in the relevant cluster. The dotted black line indicates the mean value.

Post-normalisation, the focus shifts from absolute population values to the relative shapes of
population growth trends. This standardisation makes it easier to compare growth patterns
without the influence of extreme values. The time series reveals smoother trends and
highlights distinct patterns. For instance, Cluster 2 retains a clear, linear growth pattern,
reinforcing its role as a high-growth area, while Cluster 1, as previously discussed in Figure
4.2a, continues to show large variation due to its diverse range of low-density and emerging
growth areas. Areas with consistently rising trends are likely to reflect population growth,
while those with flatter or declining trends may suggest a stable or even declining population.
All other clusters show similar patterns of growth to their pre-normalised counterparts as

discussed before.

To further examine the variation in population time series in Figure 4.2a, cluster 1, which

contains over 50% of the data, was further decomposed into four distinct clusters: 1a, 1b, Ic,
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and 1d, respectively. The decision to further analyse Cluster 1 was motivated by its high
degree of heterogeneity, reflecting a diverse range of population densities and growth patterns
across the Gold Coast. By identifying sub-patterns within this large cluster, the analysis
provides a more nuanced understanding of how lower-density areas contribute to the overall
population dynamics from 1990 to 2020. Cluster 1a displays the lowest population values,
remaining close to zero for much of the time frame, with a slight increase toward the end of
the study period. This pattern suggests areas with very low population density and minimal
development or residential activity over the decades. Cluster 1b represents a slight but
consistent upward trend, indicating gradual population growth. This may reflect areas
experiencing steady but low-level development over time. In Cluster lc, there is a moderate
increase in population, with a relatively stable trajectory. This could indicate areas with
slightly higher population growth rates than 1b, potentially small residential areas or
communities on the periphery of more densely populated regions. Finally, Cluster 1d exhibits
the most noticeable growth among the four, although still with lower population values
overall. This suggests recent or ongoing urban development, likely in newly expanding

suburban areas.

Delving deeper into the spatial distribution of population changes, Figure 4.4 illustrates the
distribution of population clusters from Figure 4.2b. In this analysis, Cluster 1 has been
replaced with the normalised versions of Clusters 1b, Ic, and 1d, as the original Cluster 1
exhibited too much variance to draw conclusive insights, while Cluster 1a showed minimal
change over the study period. This refinement allows for a more nuanced understanding of
population growth and spatial dynamics across different regions of the Gold Coast.
Additionally, Table 4.1 presents the nomenclature and detailed descriptions of each cluster

within the LGA, providing further context for interpreting these patterns.
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Figure 4.3. The results of a sub clustering process on cluster 1. The time series for every cell

is displayed for its relevant cluster. The dotted line indicates the average value for that year

across the cluster.

Notably, the coastline is predominantly composed of Clusters 0 and 4, both of which exhibit

steady growth. Cluster 0, with 335 population cells, demonstrates a near-linear increase in

population until stabilising around 2005, with a gradual decline observed thereafter. This

cluster is concentrated in areas such as Broadbeach, Runaway Bay, and North Kirra Beach,

where moderately dense population growth has remained stable since 2015. Cluster 4, the

largest with 549 cells, initially displayed low populations but experienced significant growth

between 2015 and 2020. It covers the northern end of the Split and the east coast of South

Stradbroke Island, representing relatively sparse but rapidly growing regions.
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Figure 4.4. The spatial distribution of each population (sub)cluster across the Gold Coast.

Each point is representative of a given population cell.

Around Surfers Paradise, the spatial heterogeneity becomes more apparent. Cluster 2, though
small in cell count (8 cells), represents the areas with the highest population density and
steady growth, including key areas like Biggera Waters, Southport, and Mermaid Beach. This
pattern of population growth contrasts with the surrounding lower-density clusters such as 1b,
Ic, and 1d. Cluster 1b, for instance, consists of sparsely populated areas along the coast,
particularly south of Palm Beach, with population levels that peaked between 1990 and 2005,
indicative of urban sprawl that continues to expand. Clusters 1c¢ and 1d also reflect low-
density urban sprawl but differ slightly in their growth trajectories and spatial distribution,
with 1c concentrated in regions such as Paradise Point and Tugun Beach, while 1d is more
prominent in areas like Jacobs Well and Main Beach. Cluster 3 highlights a unique pattern of
substantial population growth between 2000 and 2015, followed by a decline between 2015
and 2020, particularly in areas like Currumbin, Bilinga, and Coolangatta. Lastly, Cluster 5,
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with 145 cells, is concentrated in the eastern part of the Spit and Runaway Bay, where rapid
population growth between 1990 and 2005 was followed by a sharp decline in the subsequent

decade.

The overall spatial pattern, characterised by clusters of low-density areas adjacent to high-
density regions, underscores the presence of urban sprawl across the Gold Coast. This is
further exacerbated by geographical constraints, such as the proximity to water bodies and
parks, which limit infrastructure development and influence population distribution. The
juxtaposition of these clusters highlights the Gold Coast’s complex urban development and is
critical for understanding the spatial and temporal dynamics of population growth within the

area.

Table 4.1. Summary of population clusters including a short description of their respective
nomenclature, and location. The cell count refers to the total number of grid cells within each

population cluster.

Cluster | Cell Description of Population Nomenclature Location

count changes

(% of

total)

0 335 Consistent near-linear increase | Moderately dense, | Coverage consistent
(22.62%) | until stabilising around 2005. 2015 stability along the whole
Slowly starting to fall. coastline from
Biggera Waters to

Coolangatta. Large
clusters in Palm
Beach, Burleigh
Beach, Mermaid

Beach and Biggera
Waters.
1b 109 Pixels with population between | Urban Sprawl, Sparsely present all
(7.36%) | 0-10. Greatest increasing slope | continuing along the coast, most
roughly between 1990-2005. incidences further

inland. Greater

presence in Paradise
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Point, Jacobs Well
and Southport.

Ic 117 Populations generally peak at | Urban Sprawl, low | Distribution
(7.90%) | around 5. Population steadily level predominantly
increases over the study period, further inland
though remains low. following main road
(Gold Coast
Highway) with
clusters in Paradise
Point, Mermaid
Beach, and Tugun
Beach.
1d 156 Relatively noisy cluster with Urban Spawl, Greater presence in
(10.53%) | low populations generally development Northern Gold
reaching ~3. Coast, particularly
between Main Beach
and The Spit,
Paradise Point, and
Jacobs Well
2 8 Steady rise in population until | Significantly Incidences only
(0.54 %) | 2010, population then dense, continuing | between Broadbeach
stabilises. growth and Southport.
3 62 Substantial population growth | Highly Dense, Predominantly
(4.19%) | between 2000-2015, followed | continuing growth | between Broadbeach
by a decrease between 2015- and Southport, with a
2020. greater concentration
around Surfers
Paradise.
4 549 Unchanging low population, Relatively sparse, | Heavy presence
(37.07%) | population boom between 2010 stability along the entire

2015-2020.

coast, particularly to
the West of the
Broadwater,
Burleigh Beach and

Coolangatta.
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5 145 Rapid population increase Dense, 2010 Predominant
(9.79%) | between 1990-2005, followed | stability presence in northern
by a rapid fall in population Southport, Main
between 2010-2020. Beach, and between
Broadbeach and
Miami Beach.

4.3.2. Coastal proximity

Coastal resilience is a multi-faceted challenge that extends beyond population dynamics. In
this case, we explored how the distance to the coast has changed for each population cell.
Shoreline movement is a critical indicator in this context, as it directly impacts susceptibility
to erosion and flooding (Sekar et al., 2024). An increase in coastal distance reflects seaward
shoreline movement, typically indicative of accretion, while a decrease signals landward

movement, suggesting a higher likelihood of erosion events.

The results of the coastal proximity analysis are shown in Figure 4.5, while Table 4.2
provides a summary of cluster characteristics and nomenclature. For all clusters except
Cluster 6, a marked event between 1995 and 2000 has led to significant erosion. This erosive
change is particularly mild in Cluster 6. The spatial distribution of clusters, shown in Figure
4.6, reveals that cells in Cluster 6 are predominantly located in the northern Gold Coast and
to the west of the Broadwater, where natural protection from the Broadwater and its islands
may have mitigated the impact of erosive forces during this period. Most clusters show

gradual recovery in the years following this erosion event.

Another significant period of change occurs between 2005 and 2010. During this time,
Clusters 0 and 5 experience notable erosion, while Clusters 3 and 4 exhibit continued
accretion. This pattern, as seen in Figure 4.6, indicates that extensive sections of shoreline
between Surfers Paradise Beach and Burleigh Beach were subject to erosion, whereas areas
near Southport and Biggera Waters to the north, along with small sections near Kirra Beach
and Palm Beach to the south, experienced accretion or relative stability. In the final 5 to 10
years of the study period, most clusters demonstrate trends of stabilisation or gradual
accretion, except for Clusters 2 and 6. These clusters have experienced steady erosion over

the last decade, with cells primarily located in the northern region between Surfers Paradise
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Beach and The Spit, and in smaller areas near Biggera Waters and Paradise Point. This long-
term trend highlights the vulnerability of these northern sections to sustained erosive

processes, contrasting with the more resilient or accreting sections elsewhere along the coast.
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Figure 4.5. Temporal trends in normalised proximity to the coastline for individual pixels
within each cluster. The proximity values, indicating the distance to the coastline, are z-
normalised by subtracting the mean and dividing by the standard deviation for each pixel.
Increasing values indicate coastal accretion (the cell is further from the coastline), while
decreasing values reflect coastal erosion (the cell is closer to the coastline). Grey lines
represent individual pixel trajectories, while the black line shows the median trend for each

cluster, illustrating dominant patterns in coastal change over time.
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Table 4.2. Summary of coastal proximity clusters including a short description of their

respective nomenclature, and location. The cell count refers to the total number of grid cells

within each population cluster.

erosion in 2010.

Recovery since.

Cluster | Cell count (% | Description of coastal Nomenclature Locations
of total) dynamics
0 304 Consecutive erosion and | Erosion-accretion | Highly prevalent
(20.53%) accretion between 1990- | dynamics between Broadbeach
2010. Continued and Burleigh Beach.
accretion since. Further clusters at
Pacific Beach.
1 146 Erosion until 2000, Early erosion, High prevalence in
(9.86%) stable since. stable coast northern Southport,
Runaway Bay and
Paradise Point.
2 194 Accretion in 1995, Mixed dynamics, Clusters at Jacobs
(13.1%) erosion in 2000, low erosion Well, Paradise Point,
generally low and from Main Beach
continuing erosion since to Surfers Paradise.
2005
3 148 Erosion until 2000, Early erosion, Clusters at Southport,
(9.99%) accretion since recent accretion south Burleigh beach
and Bilinga beach.
4 191 General accretion since | General accretion | Greater presence at
(12.9%) 1990 with erosion in with interruption Coolangatta, Palm
2000. beach and Biggera
Waters.
5 226 Large accretion event in | Accretion, erosion | High prevalence
(15.26%) 2005, followed by and recovery between Surfers

Paradise and
Broadbeach Beach,
Palm beach, and Tugun

Beach
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107
(7.22%)

Relative stability and
continuing erosion since

2010

Historic stability,

ongoing erosion

Small localised clusters
surrounding the
Broadwater at Paradise
Point, Biggera Waters,
Main Beach and the
Spit. Only one recorded

cell below Main Beach.

165
(11.14%)

Large erosion event in
2000, recovery in 2005.

Relative stability since.

Erosion, recovery

and stability.

Greater presence West
of the Broadwater
between Paradise point
and Runaway Bay,
Main Beach, Burleigh

Beach, and Currumbin.
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Figure 4.6. The Spatial distribution of the proximity clusters across the extent of the study
area within the Gold Coast LGA.

4.3.3. Interplay between population and coastal proximity dynamics

Further delving into the interaction between both population and coastal proximity, Figure 4.7
shows notable spatial patterns for different events along the Gold Coast. Each map displays
specific coastal proximity clusters, labelled 0 through 7, representing a range of shoreline
dynamics, from high early flux (Cluster 0) to a mix of erosion, recovery, and stability (Cluster
7). Population clusters, distinguished by colour, range from moderately dense areas with
stability (in red) to regions of sparse populations (pink) and urban sprawl (in various colours).
Population Clusters 0 and 4 are prevalent across all proximity clusters, suggesting that
population change in these areas has been relatively unaffected by coastal changes during the

study period.
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High-risk areas, characterised by morphologically dynamic coastlines and ongoing erosion,
are represented by proximity Cluster 6. Concentrated around the Broadwater in the northern
Gold Coast, this cluster shows a significant presence of population Clusters 1 and 4, which
are associated with low-density populations and urban sprawl. This trend may indicate that
sparse populations and slower growth in these areas are linked to the persistent coastal
instability nearby. In contrast, high-density population clusters, primarily around Surfers
Paradise in the northern Gold Coast, are located within proximity Cluster 2, which also
exhibits continuous erosion. The combination of high population density with ongoing
erosion underscores an increased risk of coastal hazards to both people and infrastructure in
these areas. Proximity Cluster 3 shows a trend of ongoing accretion, with areas concentrated
around the Broadwater and the southern Gold Coast near Southport and Bilinga. In these
regions, interactions with population Clusters 0 and 4 dominate, particularly around
Southport, where significant population density heterogeneity is observed. This cluster also
contains the highest proportion of dense population cells that are becoming increasingly
distant from the shoreline. Population Clusters 2, 3, and, to some extent, 0, are largely found
in areas that are either stable or accreting, in contrast to the erosion seen in clusters with high
instability, such as proximity Clusters 2 and 6. Within these erosion-prone clusters, cells are

more likely to be sparsely populated or characterised by urban sprawl.

Figure 4.8 further shows patterns with respect to the percentage of population cells involved
in various coastal processes, revealing the significant relationship between urban growth
patterns and coastal conditions. Cluster 0 (Moderately Dense, 2015 Stability), with
percentages ranging from 10% to 33% across various coastal dynamics, suggests that
moderately dense areas are widespread, particularly in stable coastal zones. This stability
likely supports steady urban growth, attracting residential development in these areas. Cluster
1b (Urban Sprawl, Continuing), which spans from 3% to 13% across coastal dynamics such
as erosion, recovery, and stability, indicates that urban sprawl continues in areas where
coastal conditions are more variable. These regions might be adapting to coastal change,
which suggests ongoing urban development despite dynamic coastal processes. Similarly,
cluster 1c (Urban Sprawl, Low Level), with percentages ranging from 5% to 12%, highlights
urban growth in lower-density areas, particularly in zones with relatively stable coastal

dynamics, which could provide opportunities for gradual expansion in the future.
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Figure 4.7. Spatial distribution of population density clusters within each coastal proximity
cluster. Each subplot represents a single coastal proximity cluster, with grid cells coloured

according to their population density cluster.

Cluster 1d (Urban Sprawl, Development), with percentages between 4% and 21%, reflects
urban development in areas that are undergoing shifting coastal conditions, including erosion
and recovery, which may drive redevelopment and adaptation strategies. Cluster 2
(Significantly Dense, Continued Growth), with a notably low percentage of cells (between
0% and 2%), shows that although these areas are highly dense, their potential for future
growth may be constrained by the more dynamic coastal conditions such as erosion, which
limits further urban expansion. In contrast, Cluster 3 (Highly Dense, Continuing Growth),
with percentages ranging from 0% to 11%, is concentrated in areas with coastal accretion,
indicating that regions experiencing land build-up are seeing ongoing growth and

densification, likely due to favourable conditions for development.

Cluster 4 (Relatively Sparse, 2010 Stability), with high percentages of 30% to 45%, suggests
that stable coastal zones, which are less prone to erosion or other dynamics, are fostering
steady growth, even though they are less dense compared to other areas. These regions are
likely seen as more desirable for long-term residential development. Finally, Cluster 5
(Dense, 2010 Stability), with percentages between 4% and 14%, is associated with dense,
stable coastal zones, indicating that high-density development tends to occur in areas where
the coast is stable or experiencing accretion. Overall, the data reveals that coastal stability and
accretion tend to support higher population densities and more sustained growth, while areas
affected by erosion or other dynamic processes may see lower-density development or

limited growth due to the challenges posed by these coastal changes.
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Interaction between Population Clusters and Coastal Proximity Clusters
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Figure 4.8. Crosstabulation of coastal proximity and population density clusters showing the
percentage of grid cells within each proximity cluster that belong to each population density
cluster. Each cell in the table represents the proportion of grid cells in a specific coastal
proximity cluster (columns) that fall into a given population density cluster (rows).
Percentages are calculated relative to the total number of grid cells in each proximity cluster,

highlighting the spatial distribution of population density relative to coastal proximity.

4.4. Discussion and conclusions

Urban growth and coastal dynamics are deeply interconnected processes, often shaped by
geographic constraints, environmental factors, and socio-economic drivers. In the case of the
Gold Coast, these interactions are particularly prominent due to its rapid urbanisation,
thriving tourism industry (Burton, 2014), and position as a coastal city with limited spatial
capacity for outward expansion. Over the period 1990-2020, the analysis revealed that
population density across the LGA displayed notable increases, aligning with global trends in
urban densification, especially in desirable coastal locations (Dedekorkut-Howes, 2013;

Neumann et al., 2015). Population density changes were, however, not uniformly distributed,
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revealing distinct clusters that highlight spatial variations in growth and settlement patterns.
Two primary clusters, representing relatively sparse and moderately dense population
densities, were prevalent in the study area, indicative of the Gold Coast’s mixed urban fabric.
This spatial heterogeneity underscores the LGA’s evolution as a mosaic of dense urban hubs
interspersed with lower-density suburban and peri-urban zones. Such trends are consistent
with studies emphasising the emergence of polycentric urban forms in rapidly developing

regions (Yu et al., 2022).

The observed growth dynamics are further shaped by the interplay of natural and
anthropogenic factors. Areas of high-density population growth, such as Surfers Paradise and
Currumbin, emerge as focal points for the residential population; this is expected to be in part
driven by their proximity to economic opportunities, recreational amenities, and established
infrastructure. Conversely, areas of slower growth or stability, often on the periphery, reflect
constraints imposed by geography, including waterways and green spaces. These patterns
mirror global findings that urban expansion often adapts to natural barriers, leading to
densification in established urban centres and slower growth in geographically constrained

areas (Angel et al., 2021).

Coastal erosion and accretion have also significantly shaped urban settlement patterns and
development opportunities in the Gold Coast. The region’s coastline, subject to dynamic
processes driven by wave action, sediment transport, and storm events, has experienced
variable rates of erosion and accretion over time. Notably, proximity clusters reveal the long-
term effects of both natural processes and human interventions. For instance, areas to the
north, such as Main Beach and Paradise Point, which have shown persistent erosion into
2020, were impacted by extreme weather events such as Tropical cyclone Oma in 2019, while
nourished areas like Miami Beach have exhibited consistent accretion, reflecting the success
of, and necessity for, significant investment in coastal protection infrastructure, such as the
2017 Gold Coast Beach Nourishment Project (GCBNP) (Boak et al., 2001). Historical efforts,
such as the construction of Narrowneck Reef in 1999 and the Tweed River sand bypassing
system in 2001, further illustrate how large-scale management strategies have mitigated
erosion and promoted shoreline recovery, creating new opportunities for development, albeit
with the need for careful management to prevent overexploitation of these newly formed

coastal lands.
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These patterns demonstrate the impact of the Gold Coast’s natural events and proactive
management strategies on coastal morphology, reflecting a wider trend among coastal cities
that encounter spatial constraints influencing their population distribution and density. The
density clusters in the Gold Coast LGA not only align with the city’s physical geography but
also reflect the socio-economic priorities that guide urban development. For example, areas
such as Surfers Paradise, with its established infrastructure, tourism, and residential appeal,
have experienced significant densification. In contrast, regions further inland or near natural
reserves show more stable or slower growth, a dynamic frequently observed in coastal cities
with constrained land availability (Neumann et al., 2015). This spatial distribution of growth
further highlights the pressure on land use, particularly the competition between residential

expansion and the preservation of natural ecosystems.

Furthermore, proximity to the coastline remains a key factor influencing population trends, as
observed in the clustering of high-density areas near the coast. The Gold Coast’s appeal as a
coastal urban destination, combined with its economic reliance on tourism, makes it
susceptible to the dynamics of coastal gentrification. These areas, often experiencing the
highest rates of urban growth, face increasing pressure from property developers and higher-
income residents, resulting in significant changes in land use patterns. However, the impact
of these forces is not uniform across the Gold Coast LGA. Coastal areas with more protected
green spaces or constrained development opportunities may see slower or more controlled
growth, while those with greater development potential undergo rapid transformations

(Burton, 2014).

From a policy perspective, understanding the nuanced patterns of urban growth in relation to
coastal dynamics is critical. The identified clustering of population density highlights the
need for region-specific planning approaches that consider both urban development and
environmental preservation. This spatially differentiated growth necessitates a comprehensive
urban planning framework that integrates socio-economic, environmental, and infrastructure
considerations (Dupre and Bosman, 2017). Policymakers and planners must account for
natural boundaries, such as waterways and environmental reserves, which act as both

opportunities and constraints in managing urban expansion in coastal areas.

The findings also point to the importance of leveraging advanced technologies, such as
remote sensing and GIS, to understand better and predict urban growth patterns. These tools

provide valuable insights into how natural and human-induced factors interact over time,
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enabling more precise forecasting of future urban trends. In the case of the Gold Coast, this
approach could facilitate the identification of emerging growth areas, offering a strategic
advantage in terms of infrastructure investment, zoning regulations, and sustainable

development practices.

In terms of climate change and coastal resilience, the study’s findings highlight the need for
urban growth to be aligned with environmental sustainability. Coastal regions like the Gold
Coast are increasingly vulnerable to climate change-induced risks, including sea-level rise
and extreme weather events. Urban development in these areas must, therefore, be managed
in a way that prioritises climate resilience. This includes implementing adaptive strategies
such as green infrastructure, elevated building designs and strengthened coastal defences to
mitigate the risks posed by climate change. Additionally, the densification of coastal areas,
while economically beneficial, should be accompanied by robust environmental protection

policies to safeguard the region’s unique coastal ecosystems and biodiversity.

The study recognises limitations in focusing solely on spatial growth patterns, excluding key
socio-economic factors such as housing affordability, income levels, migration trends, and
infrastructure investments, which significantly influence urban development. Additionally,
the absence of detailed demographic data and temporal variations, such as economic shifts or
climate-related events, restricts a comprehensive understanding of growth drivers. Future
research could integrate socio-economic datasets, such as census data and housing market
trends, with spatial analyses to offer a more holistic view of urbanisation. Predictive
modelling incorporating both spatial and socio-economic variables could also provide deeper
insights into future growth scenarios. Furthermore, the reliance on aggregated data may
obscure neighbourhood-level dynamics; using higher-resolution datasets could address this

limitation and enhance the relevance of findings for urban planning.

Overall, the findings of this study underscore the complex and multi-faceted nature of urban
growth in coastal cities like the Gold Coast. The interaction between natural constraints,
socio-economic drivers, and urban policies will continue to shape the region’s spatial
evolution. Understanding these dynamics is essential for promoting sustainable and equitable

urban development in the face of ongoing population growth and climate change challenges.
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5. Discussion and Conclusion

The key findings and contributions of the research presented in this thesis are synthesised
within this final chapter, collating the understanding gained and how the research has met the
thesis aims. As such, the implications of the study and how they add to existing research will
be discussed. This chapter proceeds by outlining the key findings of the research about each
specific aim; the contributions and implications of the research, specifically observing the
methods used, information gain and insights and policymaking; outlining some of the
limitations of the analysis undertaken; and finally, a discussion on the opportunities for future

research.

5.1. Assessing research outcomes

This thesis aims to establish methodological and theoretical knowledge in coastal resilience
by applying established machine learning techniques to emerging data sources with strong
but underexplored potential in this context. By combining physical and social perspectives, it
emphasises the value of high-resolution and autonomously collected data and highlights the
role of advanced remote sensing in safeguarding and revealing patterns in vulnerable coastal

communities.

To advance resilience in coastal cities, this thesis addresses several critical gaps in
understanding both physical and social dynamics along coastlines. Firstly, it enhances
understanding of the short-term fluctuations in beach morphology and their cumulative
impact on long-term coastal change by employing X-band marine radar to capture high-
frequency variations in elevation change. This provides a vital link between more immediate

environmental disturbances and broader coastal evolution.

Secondly, it illustrates the potential of radar for tracking human activity on beaches across
large spatial and temporal scales. This approach overcomes the limitations of traditional
monitoring methods and complements other remote sensing techniques (King and McGregor,
2012; Sunger et al., 2012; Murray, 2015). By classifying beach users and analysing their
movement patterns, this research supports sustainable coastal management and policymaking,

addressing beach safety, conservation, and recreation.

Finally, it integrates high-resolution population density data with coastal dynamics using a

time series clustering model, providing a scalable and adaptable framework for evaluating
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population exposure to coastal hazards. By employing this approach to Australia's Gold
Coast, this thesis presents a case study that highlights the potential of this framework,
enabling an evaluation of coastal vulnerability and adaptation strategies concurrently, with

the capacity to evaluate these on a global scale.
5.2. Summary of key research findings

This thesis identified and addressed three specific aims. This section outlines the key findings

from each of these aims:

Use of radar data with a high spatiotemporal resolution to monitor the short-term intertidal

elevation change and its drivers.

Chapter 2 focused on identifying and characterising the spatial and temporal patterns of

elevation changes in a macro-tidal beach environment.

One key finding of this paper was the complex spatial and temporal variability in elevation
change across the intertidal zone at Rossall Beach, highlighting that morphological patterns
are largely heterogeneous across both cross-shore and longshore directions. Spatial clustering
analysis identified specific “hotspot” zones of elevation change, particularly at the low-tide
mark and upper intertidal areas near groynes, where wave and tide dynamics and localised
scour significantly reduce sediment transport (Rajaratnam and Nwachukwu, 1983; Corbridge
and Hawley, 2020). These hotspots indicate that while localised erosion and accretion
patterns dominate beach processes, low-tide areas are especially impacted by near-constant
wave forcing (Plater and Grenville, 2010; Masselink, 2004). Temporal analysis using the bi-
weekly surveys captures short-term disturbance-recovery cycles that are rarely visible with
data of lower temporal resolutions, a current limitation of the LiDAR surveys collected as
part of the UK coastal monitoring scheme (Miles et al., 2019). Seasonal trends are marked by
distinct patterns, with higher energy conditions in autumn and winter causing greater
magnitude elevation changes compared to the calmer recovery phases in spring and summer
(Biausque and Senechal, 2019). Monthly and seasonal data also display a mirrored effect
along the cross-shore profile, with spring erosion often counterbalanced by summer
accretion. Whilst the findings reveal that short-term localised inter-survey erosion-recovery
cycles (2-week intervals) likely reflect intertidal bar migration (see De Alegria Arzaburu et
al., 2007), the accumulation of these cycles over longer time scales reveals seasonal and

annual trends that provide insights into the morphological evolution of a large intertidal area

112



over several years, a timescale that coastal engineers and scientists are generally concerned

with.

In addition to revealing the long-term morphological changes across the intertidal zone,
another key highlight of the paper was the ability to assess rapid changes associated with
high-energy events such as storms. A key advantage of the stationary radar system lies in its
ability to monitor beach environments continuously, regardless of visibility, where other
methods might fail. Whilst the DEMs and subsequent DEMs of difference (DoDs) used for
monitoring elevation changes do provide an average elevation over the entire spring/neap
tidal cycle, these surveys will capture the spatial influence of these storm events. By
analysing elevation changes during Met Office-named storms and comparing them to periods
without storms, the research revealed a consistent pattern of significantly higher erosion and
accretion rates across the beach during these storm events. Notably, some surveys captured
during storm-influenced periods exhibited greater accretion than those during calmer periods,
likely reflecting both storm-driven sediment redistribution and early phases of post-storm
recovery (List et al., 2006; Dodet et al., 2019). These findings underline the utility of radar
systems for tracking storm impacts, offering critical insights into the immediate and spatially

extensive morphological responses of intertidal zones to extreme weather.

Finally, the paper emphasised the seasonal differences in geomorphic processes, often
creating complementary patterns throughout the intertidal zone. For instance, erosion in the
lower intertidal zone during summer was often countered by accretion in the same region
during spring and vice versa. This observation is consistent with findings by List et al.
(2006), who reported swift recovery after storm-induced erosion, occasionally within days or
weeks. At Rossall, the interplay of these seasonal variations indicates a steady-state
equilibrium for sediment movement, reflecting minimal net change in the long run. This
seasonal counterbalance underscores the dynamic interplay between erosion and recovery,
offering essential insights into how short-term processes achieve larger-scale, long-term
equilibrium in intertidal environments. Such comprehension is vital for enhancing predictive
models of beach morphology and provides a comprehensive dataset for validating these

models, thereby supporting improved coastal management practices.

Develop machine learning techniques to monitor and classify human movement on

beaches from radar data
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Chapter 3 showcases how remote sensing technology, especially X-band radar systems, can
tackle coastal resilience challenges by observing human activities in changing beach settings.
The methodology involves analysing high-resolution radar data to monitor features over time
and distinguish them as human or non-human based on their movement patterns. Various
binary machine learning models were assessed to determine their classification effectiveness.
The chapter concluded with a proof-of-concept analysis, pinpointing human activity hotspots

at various times throughout the day.

A key highlight of this paper is the use of radar to extract the features of mobile particles
detected by the radar, such as velocity, linearity and net displacement, which enables the
identification of anthropogenic activity across beaches, even under varying environmental
conditions. This capability is crucial for quantifying beach user density and identifying
activity hotspots, which serve as proxies for the recreational and economic value of different
beach areas (Guillen et al., 2008). Such data-driven insights would benefit coastal managers
by informing them where to allocate resources, enhance infrastructure, and manage tourism
sustainably (De Ruyck et al., 1995; Alexandrakis et al., 2015). Furthermore, integrating these
analytics with geomorphological features, such as beach elevation (such as those utilised in
Chapter 2, obtained from the same data source as this chapter), enables a comprehensive
understanding of anthropogenic impacts on coastal morphology. This is further explored in

section 5.3.4.2.

Another key highlight of the paper is its evaluation of classifier performance in distinguishing
human mobility patterns from noise. The study demonstrates how each classifier interprets
trajectories and identifies human activity by comparing models based on false positives, false
negatives, true positives and true negatives. The paper outlines that, though all models
performed the binary classification with high accuracy, the random forest model
outperformed the other models, particularly in minimising the misclassification of real human
trajectories as nonhuman. This finding underscores the importance of evaluating
classification accuracy through overall metrics and examining the nature and implications of
errors, as Murphy (2007) outlined. Rather than relying on a fixed threshold, machine learning
models inherently adjust their decision boundaries based on the training data they receive,
effectively establishing a dynamic threshold for classification. This approach alleviates the
rigidity of user-defined thresholds, which may lead to additional misclassifications. By
incorporating model comparisons, this study effectively highlights the trade-offs inherent in

classifier performance and the nuanced decisions required for an optimal threshold selection.
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The radar system's ability to operate independently of lighting or weather conditions renders
it an invaluable tool for continuous monitoring. Near real-time insights into beach occupancy
have direct applications for public safety, especially in scenarios requiring crowd
management (Morgan, 2018) or adherence to social zoning protocols, such as seasonal dog
restrictions, and social distancing prevalent during the COVID-19 pandemic (Kane et al.,
2021). Furthermore, this methodology aids in developing risk maps that merge human density
with physical hazards, thereby enhancing beach safety assessments and emergency
preparedness (Jiminez et al., 2007). The spatial resolution of the imagery collected by the
radar is 3 x 3m. While this currently limits the classification of individual targets within
densely packed groups (resulting in their representation as a single particle/trajectory), it
remains effective for broader spatial analysis. This level of detail allows for tracking beach

user trajectories in relation to coastal paths, sea defences, and conservation areas.

Integrate social and environmental temporal patterns to assess population exposure to

coastal hazards and build coastal city resilience.

Chapter 4 focused on the third aim. In this chapter, the gridded population density and the
distance of each grid cell from the coast for a specific year were analysed through
independent temporal clustering. The resulting clusters were compared to reveal how these
two factors interact. This analysis offered insights into coastal hazard exposure and indicated
the influence of policy interventions on the coastline over a 30-year period. Three key

findings were obtained from the analysis.

First, factors such as waterways and green spaces, which act as development constraints,
influence the temporal clustering of high- and low-density population growth. The focal
points of high-density population growth tend to be distributed in areas closer to economic
opportunities, recreational amenities, and established infrastructure. Conversely, areas of
slower growth or stability and lower population densities tend to be placed in the periphery

and often reflect constraints imposed by geography, such as the many waterways.

High-value properties are notably found on ‘finger islands,’ secluded islands in the Gold
Coast canals shielded from coastal hazards. These locations, safeguarded by Broadwater
islands and distanced from the main coastline, illustrate how geography and land value
influence urban growth. The restricted potential for urban densification, like high-rise
residential developments, emphasises the need to integrate land-use limitations into urban

planning.
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A second key finding within this study, pertaining to the focal areas of urban densification, is
that these very densely populated areas are located on land adjacent to an erosive shoreline,
where distance to the coast continues to decrease. Despite nourishment schemes and other
soft engineering strategies to mitigate coastal erosion (Short, 2020) these densely populated

areas remain vulnerable, particularly during storm events.

The study enables the accurate identification of areas with high population density and risk of
erosion at a resolution of 100 meters. This level of detail is deemed high resolution in
population studies. However, it's important to note that a decrease in the resolution of the
coastal data was necessary for coastal dynamics to align with the population dataset. To the
authors’ knowledge, this level of detail is novel and offers valuable insights for coastal
managers and policymakers. This information supports the most appropriate and timely

policy options to address erosion risks in urbanised coastal zones.

A key insight from the study highlights the benefits of advanced GIS techniques, remote
sensing, and machine learning in coastal management. While enhancing social dimensions
could deepen the understanding of growth patterns through richer demographic data, this
research uniquely integrates physical and social datasets to explore their interactions over
time. Armed with this information, decision-makers can grasp coastal hazards and urban
growth dynamics, facilitating data-driven decisions for strategic infrastructure investments,
zoning regulations, and sustainable development strategies. Insights drawn from the analysis
of historical human-environment interactions and relevant policies can enhance research

centred on population and sea level rise forecasts (Merkens et al. 2018).

As the Gold Coast encounters heightened threats from climate change, such as intense storms
and rising sea levels, urban planning must adhere to climate resilience principles. This entails
adopting adaptive strategies, incorporating green infrastructure, designing elevated buildings,
and reinforcing soft engineering coastal measures such as nourishment to address these

hazards. All while maintaining the city’s natural aesthetics, which contribute to urban growth,
the advanced analytical methods illustrated in this study present a strong, scalable framework

for tackling these challenges and promoting sustainable development.

5.3. Contributions and implications
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By addressing three key research aims, this thesis advances the development of building
resilience along the coastline, including coastal cities by integrating remote sensing and

spatial data analytics. The contributions are organised into several themes, as outlined below.

5.3.1. Machine Learning Classification and Clustering Models

This thesis employs various machine learning models to address the research aims. Broadly,
each analytical chapter utilises classification and clustering techniques to simplify complex
and often noisy data, facilitating clearer interpretations of its patterns and phenomena. The
research demonstrates how these algorithms can enhance our understanding of physical and
social coastal processes, employing supervised and unsupervised learning methods. Both
model types produce outputs that explore how complex data can be understood through
implicit similarities within the dataset. Chapter 3, for example, describes several models pre-
trained on mobility characteristics to identify trajectories when introduced to new data.
Similarly, Chapters 2 and 3 detail the application of a classification model to many unlabelled
pixels with discrete properties, revealing patterns and commonalities across the spatial and

temporal dimensions of coastal environments.

In Chapter 2, this classification was among various analytical tools used to analyse elevation
changes through DEMs. For Chapter 4, this clustering model provides a scalable method for
observing coastal evolution and population dynamics globally, as long as coastline data can
be extracted (see Vos et al., 2019; Bishop-Taylor et al., 2021b for global coastline extraction
techniques). In every case, the simplification of the data meant that outputs could be more
easily and effectively interpreted. We obtain meaningful patterns from complex data through
an automated process which would otherwise require meticulous and time-consuming effort.
One of the most significant benefits of the spatial data analytics machine learning
applications in this thesis is the high resolution of both spatial and temporal elements in the
datasets used. Having a finer data resolution combined with regular updates allows for more
precise analysis and the identification of an increasing number of patterns and processes
(Klemas, 2011). Each chapter of this thesis leverages data with notable strengths in temporal
resolution. For example, the marine radar's ~3-second update rate facilitates the detection of
subtle changes in the tracking and classification algorithm discussed in Chapter 3. This

illustrates the advantage of combining high-resolution spatiotemporal data with machine
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learning models to reveal previously uncharted insights into local human-environment

interactions.

Beyond the insights directly offered by this analysis, the models developed within this thesis
have potential applications for improving operational efficiency and optimising resource
allocation in coastal management. By automating detection, classification and trend
identification, these techniques reduce the need for frequent manual site visits, while
streamlining coastal monitoring workflows to support more adaptive and targeted planning.
This has practical implications for the deployment of personnel and the strategic allocation of
resources for interventions. For example, by automatically detecting hotspots enabled through
machine learning models, one can identify optimal locations and timings for beach
nourishment. These implementations are aimed at optimising coastal resources by providing
additional flexibility within current coastal strategies, such as SMPs within the UK, perhaps
through the incorporation of dynamic thresholds for critical sediment loss/movement at
specific locations. In doing so, the work aligns with broader environmental goals, including
reducing carbon footprints in coastal observation. It contributes to net-zero objectives by

advancing approaches to green resilience.

5.3.2. Patterns and Trends in the Human Use of Beaches.

The spatial and temporal patterns of human activity on beaches are crucial for understanding
the resilience of coastal environments. Human activities both contribute to and are impacted
by natural hazards along the coast, especially in areas already undergoing dynamic
morphological changes (Mentaschi et al., 2018; Oppenheimer et al., 2019). This thesis
presents valuable case studies that can be utilised in policy evaluation to enhance resilience
and management strategies. Chapter 4, for example, demonstrates the interdependence
between the physical and socioeconomic spheres, facilitating better-informed decision-
making and, if necessary, timely and appropriate intervention. It has been documented that,
despite the inherent connections between humans and their environments, there still remains

a lack of integration between marine science and social sciences (Popova et al., 2023).

Analysing physical and socio-economic phenomena over two timeframes - short-term (real-
time) and long-term (multi-decadal) - highlights coastal resilience from a multitemporal view.
This analysis reveals how long-term trends in human-environment interactions can pinpoint

risk hotspots, especially in areas experiencing significant erosion in heavily populated areas.
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Although prior research has identified global patterns and hotspots in beach erosion
(Luijendijk et al., 2018), there's still a gap regarding trends impacting nearby coastal
communities. The multitemporal analysis also examines the natural and human-altered
evolution of coastal regions, including extended patterns of urbanisation in these

environments (Alphan, 2021).

While the long-term focuses on geomorphic timescale evolution, short-term, near-real-time
monitoring supports more immediate decision-making, such as resource allocation for
lifeguard deployment, erosion control, or facility management. This approach could be
particularly useful for resource allocation, such as lifeguard deployment, erosion control
measures, or facility management (Morgan, 2018). It can be applied in various environments,
including those where safety issues may arise, such as extreme tides. Building on this,
Chapter 3 identifies that the observation of human mobility over beach environments can be
aggregated multi-temporally, such as seasonal and annual trends, given the availability of

data.

This way, patterns in human beach use can be combined with factors such as urban density
and long-term coastal dynamics to observe human-environment interactions holistically and
comprehensively. Integrating near real-time and long-term data through advanced machine
learning techniques offers a powerful framework for addressing the complex challenges of

balancing human activity and environmental sustainability.

5.3.3. Characterising Spatially Heterogenous Coastal Change.

Shorelines undergo constant change due to environmental factors and human influences
(Brock et al., 2013). In this context, spatially heterogeneous change refers to the uneven
patterns of transformation observed across coastal environments caused by variations in
shoreline retreat, sediment dynamics, and human activity. Various images or surveys over
time are utilised to observe changes within coastal environments, resulting in a time series.
This thesis focuses on using novel techniques to analyse these time series, find meaningful
patterns in the changes that occur over time, and represent these changes in visualisations that
enable readers to interpret the complex data being analysed. Much of the methodology within
the thesis chapters is defined as exploratory spatial data analysis (ESDA; see Tukey, 1977 and
Anselin, 1996). Through ESDA, the chapters of this thesis explore spatial patterns in coastal

phenomena, from changes in human dynamics to the multi-temporal analysis of physical
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beach processes. This study leverages high-resolution X-band radar and satellite-derived
shoreline and population dynamics to identify the spatial variability in both natural
morphological changes and human use patterns. Classification algorithms categorise regions
of the coast based on rates of change, clustering areas that exhibit similar trends while

highlighting outliers and hotspots of activity.

This research advances our understanding of how local natural processes shape intertidal
beach morphology by capturing spatial variations at high spatial and temporal resolutions.
Regarding the local natural processes observed at a single beach, Rossall Beach exhibited
significant spatial variation along the cross-shore, with more pronounced changes at the
lower and upper tide lines. This understanding enables us to represent the spatial effects of
wave dynamics throughout the entire intertidal zone. The influence of scour and the rapid
recovery observed near the beach groynes revealed considerable differences between surveys.
This highlights insights from high-resolution data that traditional data collection methods
might overlook, as List et al. (2006) demonstrated. In contrast, broad regions with little to no
elevation changes, particularly in the central part of the beach cross-section, show significant
and measurable differences in the hydrodynamic forces influencing sediment transport along
the beach, providing insights into how sediment transport varies across the beach cross-
section. These findings emphasise the importance of high-frequency, spatially detailed
datasets for the production and refinement of coastal morphology models and predictive

models.

Furthermore, Chapter 4 illustrated the spatial heterogeneity of beach dynamics along a 70 km
stretch of coastline. While the nature of the 100 m resolution grid cells does not yield
considerable sediment transport dynamics, which might benefit from consistent high-
resolution monitoring equipment such as the X-band radar, the satellite data indicates that
extensive coastline sections tend to exhibit similarities to neighbouring cells, consistent with
Tobler (1970). However, heterogeneity is apparent along the exposed coastline, indicating, in
some instances, significant erosive behaviour variations from beach to beach. Although
Chapter 4 focused on the temporal trends in human-environment interactions, the variation in
alongshore shoreline movement was only inferred regarding anthropogenic actions, such as
local nourishment schemes and soft engineering strategies. Multiple factors are likely
involved — phenomena highlighting the importance of observing the spatial heterogeneity of
coastal environments at scale. Understanding short-term fluctuations contributing to long-

term changes would provide invaluable evidence for targeted management strategies.
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Moreover, comprehending heterogeneity in these phenomena enables nuanced policy-making
that balances human activity with environmental sustainability, enhancing long-term

resilience.

5.3.4. Advancing Coastal Monitoring with Remote Sensing and Human Activity
Analysis
5.3.4.1. Marine Radar for Coastal Morphodynamics and Human Activity

Monitoring

Monitoring coastal resilience consistently and frequently has proven challenging (Duarte and
Cebrian, 1992; Vitousek et al., 2023). Conventional techniques, like in-situ surveys, require
considerable effort, pose risks in large tidal ranges, and may suffer from inconsistencies due
to human error. On the other hand, remote sensing technologies, such as marine radar,
provide robust alternatives that can quickly capture the entire spatial extent of coastlines with
high temporal resolution (Vos et al., 2019; Murphy et al., 2023). Marine radar is particularly
effective for monitoring regions that traditional methods find difficult to assess, especially at

the spatial and temporal resolutions discussed in this thesis.

Radar data can capture both short- and long-term processes, making it an invaluable tool for
tracking shoreline dynamics, sediment transport, and wave-driven processes with high
precision. Radar’s capacity to monitor morphological changes over extended periods
provides crucial data that can inform long-term coastal management strategies necessary for
adapting to climate-induced challenges (Holman and Haller, 2013). This capability is
especially beneficial in urban coastal systems, where natural forces like storms and tides
interact with human pressures such as urban development and recreational use (Valdemoro
and Jiminez, 2006). Beyond physical monitoring, Chapter 3 has shown that marine radar also
offers the unique potential to detect patterns of human activity on beaches. This provides a
novel perspective for studying how communities interact with the coastline, perhaps as a

proxy for ‘beach value’ (Lucrezi et al., 2016).

Chapter 2 focuses on long-term morphological monitoring by generating radar-derived
Digital Elevation Models (DEMs) of the intertidal zone every two weeks. Using a temporal
waterline method (Bell et al., 2016), this technique applies a time series of images to
determine the shoreline position over time. This method has also been validated in satellite

imagery studies (Zhao et al., 2008; Kumar and Takewaka., 2019). This analysis provides
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critical insights into shoreline dynamics and intertidal morphology, enabling coastal

managers to track erosion and sediment transport trends.

Chapter 3 shifts to near-real-time monitoring, utilising data captured with each radar antenna
rotation (approximately every 3 seconds) to observe human activity on beaches. Coastal
zones, recognised as biodiversity hotspots, face mounting anthropogenic pressures (Defeo et
al., 2009; Soto et al., 2021). By monitoring and identifying human activity hotspots, this
methodology provides critical data for ecological management, facilitating ecological
management practices such as enforcing restricted zones or temporary closures to protect
sensitive habitats (Schlacher et al., 2013; Weston et al., 2012). The nature of continuous
monitoring also allows for assessing compliance with conservation initiatives, supporting

evidence-based policymaking.

5.3.4.2. Integrating Remote Sensing for Coastal Resilience and Management

Combining these datasets presents a significant opportunity to improve coastal management.
This integrated approach provides a powerful tool for coastal managers to enhance coastal
resilience by linking human activities with physical beach changes, enabling more effective,
data-driven management strategies. As a single radar system collects the necessary data for
both analyses, it allows for synchronising these outputs, leading to a comprehensive
assessment of the relationship between beach users and the physical alterations occurring in
these environments. For example, it is possible to correlate high-density human activity with
areas that experience rapid changes in elevation. Relationships may exist between
fluctuations in beach elevation over time and how people interact with or depend on these
changes, offering the potential for improved planning interventions, reducing the risk of
rapid-onset erosion and facilitating long-term stability for coastal environments. Short-term
observations facilitate immediate interventions, such as beach zoning to manage foot traffic
or addressing areas of rapid erosion. Conversely, long-term monitoring of beach user activity
and physical beach dynamics provides the foundation for adaptive management strategies,
revealing seasonal and annual trends critical to enhancing coastal resilience. This could
include tactics such as providing alternative walking routes for variable and vulnerable
sections of the coast or adjusting intervention strategies to maximise beach resilience while
maintaining user satisfaction. Additionally, understanding areas of relative beach stability or

stationarity alongside high beach user activity can potentially identify ideal locations for
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recreational activities. By embedding these insights into policy frameworks, coastal managers
can reduce vulnerabilities while ensuring that beach ecosystems remain accessible and

sustainable for users.

While Chapter 4 does not utilise marine radar, the analysis combines elements of human
behaviour patterns with coastal dynamics through long-term remote sensing data. Integrating
these methods with the radar data from Chapters 2 and 3 demonstrates that these remote
sensing technologies are not replacements for one another but rather supplementary. For
instance, employing non-invasive marine radar on the Gold Coast would reveal the
underlying short-term morphological patterns that contribute to the long-term changes in the
coastline observed by the satellites. Pinpointing vulnerable sections of the beach with highly
variable elevation changes can provide local context, facilitating cost-effective and nuanced
decision-making while offering extensive scope for analysing local beach conditions for
coastal stakeholders. Moreover, the visual appeal of the Gold Coast beaches draws
recreational visitors. However, it is important to note that the coastline can also be hazardous,
as riptides are relatively common. This highlights the necessity for real-time insights into
beach user activity across a large spatial extent, enhancing situational awareness and
identifying priority areas for lifeguards and emergency services should they be required. In
contrast, the regions of increasing coastal risk identified by the methodology in Chapter 4
may influence the optimal locations for radar placement. The methodology highlights
sections of the coast that may require more consistent and long-term monitoring than the

radar system can provide.

5.3.5. Engagement with coastal stakeholders and further application
The research presented in this thesis was developed with consideration for real-world
applicability, and effort was made to engage with coastal stakeholders to ensure relevance

and utility of the outputs.

In the development of Chapter 2, I engaged directly with a representative from the Sefton
Council, presenting early outputs and gaining valuable feedback. This engagement informed
several key aspects of the chapter, such as drawing focus onto elevation change during storm
events, integration of hydrological conditions, and clarity of visual outputs for decision-

making contexts.

While there was formal stakeholder collaboration for chapter 3, there were informal

discussions into the use-case of understanding beach user movement with the Environment
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Agency and Natural England. These interactions highlighted broader applications of the
movement data beyond human activity, such as monitoring wildlife — particularly birds —

which provides additional use cases for the research methods in the future.

Chapter 4 was shaped through a series of discussions with coastal researchers based at
Universities in New South Wales and Queensland, Australia. These meetings focused on the
integration of socio-economic data and environmental monitoring data, and helped refine the

chapter into what it is today.

Collectively, these engagements contributed to aligning the thesis with the priorities of
practitioners and researchers working at the intersection of coastal science and management,

strengthening its potential for future application.

5.4. Limitations

The methodologies in this thesis are designed to be comprehensive; however, some possess
inherent limitations. Where appropriate, these limitations have been outlined in the previous

chapters; here, they are synthesised into key themes: data, methods, and scope.

5.4.1. Data

Chapters 1 and 2 in this thesis relied heavily on data from marine radar systems. While
marine radar provides broad spatial coverage when installed in strategic locations, such as
elevated vantage points overlooking beach environments, its utility diminishes with distance.
Data resolution decreases as the distance from the radar antenna increases, making
distinguishing between closely positioned objects challenging. This limitation is further
compounded by increased noise and interference in the data, leading to lower accuracy and
reduced detail at greater ranges. Chapter 2 mitigated this issue by focusing on relative
changes between surveys, ensuring that the analysis retained validity despite reduced
resolution. However, for human movement analysis in Chapter 3, data interference affected
the mobility features extracted using the particle tracker, necessitating future improvements,

such as incorporating a fixed weighted calculation for distant pixels.

Chapter 4 used secondary data from trusted sources, including Digital Earth Australia (DEA)
Shoreline data and Global Human Settlement Layer (GHSL) population grids. These datasets,
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derived and validated using optical satellite imagery, are recognised as reliable tools for
analysing coastal and population dynamics. However, they have inherent limitations. Both
datasets represent the best estimates rather than absolute values, and gridded population
datasets can exhibit varying levels of accuracy depending on the disaggregation methodology
used (Leyk et al., 2019). This underscores the need to evaluate their applicability to specific

use cases carefully.

High-resolution data was consistent throughout the thesis, providing valuable insights into
coastal dynamics. Nonetheless, there is always potential for finer resolution to enable more
granular analysis. For instance, DEMs generated from radar data were more comprehensive
in coverage (i.e. contained the least data gaps) when derived from waterlines measured over a
spring-neap tidal cycle. While effective, this approach yields an average elevation rather than
a single temporal snapshot, representing a trade-off compared to other DEM generation

methods.

Finally, the lack of long-term time series data available posed a limitation in Chapters 2 and
3. In Chapter 2, the radar data available at the time of writing—and publication—was limited,
restricting the ability to analyse broader temporal trends. Similarly, in Chapter 3, labelled
GPS tracks used for analysis covered only a single working day. Despite these constraints, the
thesis successfully provided novel and robust analyses of both beach user behaviour and
intertidal coastal dynamics, demonstrating the value of the employed methodologies even

with these data limitations.

5.4.2. Methods

In this thesis, each analytical chapter employs machine learning models for the classification
and clustering of data. When addressing clustering, determining the optimal number of
clusters is left to the discretion of the researcher, who utilises heuristic models such as elbow
curves and silhouette scores to inform this decision. When a clear optimal solution is not
evident, choices are made to balance the model's interpretability and the need to capture as
much data as possible. Consequently, it is not uncommon for some clusters or classifications
to exhibit noise. This is especially pertinent in Chapter 4, where nomenclature is assigned to
each cluster based on the temporal processes they represent. The researcher has strived to
select names that concisely summarise each cluster while ensuring they are interpretable.

However, alternative cluster names could also be reasonably defended.
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In Chapter 3, a comparative analysis of various machine learning classifiers was conducted to
determine the most accurate predictions of human trajectories. While this comparative
approach is deemed best practice in data science, it does possess certain limitations,
particularly concerning the selection of the models utilised. It is acknowledged that had
alternative models been chosen, this might have yielded different results. This is particularly
pertinent when considering the limited availability of labelled data for training the model in
Chapter 3. This represents both a data limitation (given the scarcity of available data) and a
methodological limitation, as classification models require substantial training data to achieve
high accuracy and generalisable results. Further efforts to address these limitations in future

work are discussed in section 5.5.
5.4.3. Scope

The limitations of the data employed in the initial chapters of this thesis stem from the
innovative nature of marine radar infrastructure at beach locations. The equipment used for
data collection was specifically installed at these sites by the data partner company Marlan
Maritime Technologies Ltd. and CoastSense Ltd. As a result, while the methodology
presented in these chapters is designed to be replicable, the current coverage of marine radar
in the UK and beyond is still quite limited. Furthermore, it is essential to acknowledge that
not all coastal locations are suitable for the application of coastal monitoring using marine
radar. Factors such as accessibility and a lack of local knowledge may impede the ability to
carry out comprehensive monitoring. Nevertheless, this thesis positions marine radar as an
outstanding supplementary tool that can significantly enhance other monitoring strategies,

including satellite observations and various in-situ methods.

Logistically, the infrastructure required for radar systems over long periods of time limits
their placement. For example, a steel scaffold tower, access to power infrastructure, and a
facility to collect the data and store it are required for most systems. However, some of these
cost limitations are reduced by the ‘Rapidar’ infrastructure developed by CoastSense, the
company responsible for collecting the data in this thesis. The Rapidar system is self-
contained and powered by solar panels, which house internal storage devices. The tower the
radar sits upon is extendable and can withstand wind stress. The cost of implementing these
systems is discussed in some detail in Chapter 2, Section 2.4.5. While studies have found
radar to be a cost-effective option for long-term assessment of intertidal zones (Bird et al.,

2017; Atkinson et al., 2022), there are inherent cost limitations associated with radar
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implementation. In a study by Wallbridge et al. (2019), the cost of the radar hardware is
between £10 and £ 15,000, with software potentially doubling this cost if bespoke
modifications are required for the user. Nevertheless, the system is developed to collect data
consistently to assess morphological variability and assess the effectiveness of various
management schemes, such as renourishment, in addition to collecting data in inaccessible

areas, adding to cost savings.

The methodology presented in Chapter 4 is designed to be applicable at various scales,
including global analysis. While global implementation is feasible, certain limitations in
coastline extraction techniques should be considered, as highlighted by Vos et al. (2019),
Bishop-Taylor et al. (2021b), and Konstantinou et al. (2023). Specifically, the classification of
‘usable’ versus ‘non-usable’ data from coastline extraction algorithms relies on subjective
researcher judgment. Although this thesis uses validated data (Bishop-Taylor et al., 2021a),

applying the methodology beyond this dataset requires careful evaluation of these constraints.

5.5. Opportunities for future research

This thesis presents a methodology with considerable potential for global application, along
with the adaptability of the developed toolset for different cities and coastal managers to
utilise, adapt, and implement independently. The analysis in Chapter 4 relies on two critical
datasets that underpin this research: coastline positions, detailed by Bishop-Taylor et al.
(2021b), and gridded population data, which is freely and globally accessible. Future work
could build upon this foundation to establish a global time series of local exposure, providing
unprecedented insights into coastal vulnerability on a planetary scale. However, such an
ambitious analysis would require access to substantial computational resources and the
development of efficient data pipelines to process and integrate large, heterogeneous datasets.
Ultimately, the tools developed through the methodology in this thesis aim to provide
meaningful analytics on both social and physical coastal phenomena. These tools offer
insights into the dynamic interplay between human activity and environmental processes
while enabling a deeper understanding of how policy interventions have shaped and continue
to shape coastal cities in response to these phenomena. This framework supports evidence-
based decision-making to guide sustainable coastal management and urban planning

strategies by bridging social and environmental data.
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Future work would seek to explore the possibilities of integrating the demonstrated
capabilities of radar data, initially focusing on enhancing insights from coastal monitoring
techniques, potentially in conjunction with additional sensors, including LiDAR, drone
imagery, and satellite data. In this context, the current use of machine learning — a subset of
artificial intelligence (AI) focused on continual learning from data inputs — will be expanded
into a broader Al framework. This framework would take advantage of not only ML models
for classification but also advanced techniques such as deep learning to automatically detect
and classify phenomena like physical changes and human activities. The benefit of this
method lies in Al's ability to adapt to and learn from new data, making it a tool that will

prove invaluable in an environment that experiences constant change.

While the simplification of coastal hazard exposure in Chapter 4 allows for general insights
into the relationships between humans and their coasts, further work can be completed
regarding the inter-relationships between the social and physical processes highlighted in
Chapter 4. This might include the incorporation of vulnerability indices that account for
physical characteristics such as geology and shoreline type, as well as socio-economic factors
like demographic trends and local infrastructure (Mclaughlin and Cooper, 2010). Although
this approach adds complexity, it affords a more nuanced understanding of risk and
emphasises key areas for targeted policy and intervention, thus providing additional resources

for effective coastal management.

Integrating machine learning techniques in this thesis highlights a promising approach for
identifying and classifying changes within beach environments. Expanding the temporal
range of input data could enable the recognition of critical patterns, such as cyclical events
(e.g., storm seasons), seasonal beach fluctuations, and long-term trends related to climate
change and human activity. Establishing dynamic baselines, such as adaptive thresholds for
detecting erosion hotspots, could provide valuable tools for proactive coastal management.
Additionally, long-term data would allow for a more nuanced understanding of deviations
from these baselines, such as anomalous sediment transport or shifts in human activity

patterns, further enriching the utility of the dataset.

Another promising extension of this research involves the development of early warning
systems, or supplementary data for exploring tipping points for coastal infrastructure (see
Brown et al., 2016b). By leveraging longitudinal data and predictive analytics, it could be

possible to create real-time alerts for beach erosion or sudden surges in human activity that
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may threaten coastal ecosystems. The provision of this suite of analytics can assist coastal
stakeholders by providing actionable insights to inform decision-making processes and
bolster coastal resilience. For instance, integrating predictive algorithms with local radar
networks could yield customised alerts for vulnerable areas, facilitating targeted

interventions.

Beyond its capacity for practical applications, much of the work accomplished here, and
indeed the scope of future work, seeks to enhance our understanding of key coastal processes,
particularly regarding sediment transport, shoreline evolution, and the impact of human
activity. The integration of remote sensing and machine learning presents opportunities to
refine predictive models of coastal morphodynamics and identify spatial and temporal
patterns in beach system responses that remain underexplored. Expanding these approaches
can help address gaps in how beaches function as dynamic systems, especially in response to
climate-driven changes and increasing anthropogenic pressures. Further exploration may also
assist in developing data-driven and adaptive strategies for achieving long-term coastal

resilience with the aid of open-source and accessible resources.

The reliance on in-situ marine radar data presents both a limitation and an opportunity. As
radar infrastructure expands - exemplified by the six new systems installed along the east
coast of England in 2023 - there is increasing potential for a more comprehensive analysis of
beach environments. Future research could examine regional comparisons of beach dynamics
using data from multiple radar stations, thus creating a broader dataset to assess spatial
variability in erosion and human usage patterns. Furthermore, integrating radar-derived data
with other remote sensing methods, such as satellite-based, LIDAR, or hyperspectral imagery,

could enhance the accuracy and applicability of the methodology.

Finally, this research presents opportunities for interdisciplinary collaboration. For instance,
coupling physical coastal monitoring with socio-economic analyses could provide more
comprehensive insights into coastal resilience. Likewise, gridded population data could be
enriched with socio-demographic variables to better understand how various population
groups interact with and rely on coastal environments. The methodology could also be
adapted to monitor other dynamic landscapes, such as river deltas or urbanised shorelines,

further showcasing its versatility.

In summary, this thesis establishes a foundation for enhancing the monitoring and

management of coastal systems and provides several scalable tools designed to promote
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effective strategies for building coastal resilience. Future efforts should focus on exploring
the scalability of these methods, refining their predictive capabilities, and integrating
interdisciplinary insights to tackle the increasing challenges posed by climate change and
human pressures on coastal environments. These extensions could potentially deepen our
understanding of coastal dynamics and inform sustainable management practices that

harmonise ecological health with human needs.
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Appendices

A: Chapter 3 Appendix

A1: Bespoke functions and mobility variable description used for data analysis and

classification.

Function

calcdist

extract_features

classify_features

Variable

net_displacement

mean_velocity

linearity

Description

Use of pythagorus theorem to calculate distance between two given points.

Calculates the net displacement, mean velocity and linearity of each particle
within a TrackPy dataframe, given the rotation speed of the radar antennae.

Returns a dataframe of one row per particle.

Classifies the particle features into human or non-human particles using a

random forest classifier.

The net displacement (straight line distance) between the start and end

position of a given trajectory.
The mean of all of the velocities of a particle between each frame.

The degree to which all of the points of a given trajectory fall onto a straight
line. This is calculated using the mean squared error of a linear regression

given all of the points.

131



Bibliography

Aagaard, T., Kroon, A., Andersen, S., Serensen, R.M., Quartel, S. and Vinther, N., 2005.
Intertidal beach change during storm conditions; Egmond, The Netherlands. Marine geology,

218(1-4), pp.65-80.

Abadie, L.M., Jackson, L.P., de Murieta, E.S., Jevrejeva, S. and Galarraga, 1., 2020.
Comparing urban coastal flood risk in 136 cities under two alternative sea-level projections:
RCP 8.5 and an expert opinion-based high-end scenario. Ocean & Coastal Management, 193,
p-105249.

Adger, W.N. and Brooks, N., 2003. Does global environmental change cause vulnerability to
disaster?. In Natural disaster and development in a globalizing world (pp. 19-42). Routledge.

Admiralty, 2005. Admiralty Tide Tables. Volume 1. 2006. Taunton: UK Hydrographic Office.

Aerts, J.C., Botzen, W.W., Emanuel, K., Lin, N., De Moel, H. and Michel-Kerjan, E.O., 2014.
Evaluating flood resilience strategies for coastal megacities. Science, 344(6183), pp.473-475.

Agate, J., Ballinger, R. and Ward, R.D., 2024. Satellite remote sensing can provide semi-
automated monitoring to aid coastal decision-making. Estuarine, Coastal and Shelf

Science, 298, p.108639.

Alesheikh, A.A., Ghorbanali, A. and Nouri, N., 2007. Coastline change detection using

remote sensing. International Journal of Environmental Science & Technology, 4, pp.61-66.

Alexandrakis, G., Manasakis, C. and Kampanis, N.A., 2015. Valuating the effects of beach
erosion to tourism revenue. A management perspective. Ocean and Coastal Management.

111, pp. 1-11. doi:10.1016/j.ocecoaman.2015.04.001.

Allan, D., Caswell, T., Keim, N. and van der Wel, C., 2016. trackpy: Trackpy v0.3.2 [Data
set]. Zenodo. Available at: https://doi.org/10.5281/zenodo.60550

Alphan, H., 2021. Multi-temporal analysis of urbanisation patterns as coastal development

indicators: Eastern Mediterranean coast of Turkey. Ecological Indicators, 121, p.106994.

Alves, B., Rigall-I-Torrent, R., Ballester, R., Benavente, J. and Ferreira, 0., 2015. Coastal
erosion perception and willingness to pay for beach management (Cadiz, Spain). Journal of

Coastal Conservation, 19, pp.269-280.

132



Amodio, A. M., Di Paola, G. and Rosskopf, C. M., 2022. Monitoring Coastal Vulnerability
by Using DEMs Based on UAV Spatial Data. ISPRS International Journal of Geo-
Information, 11(3). doi: 10.3390/1jgi11030155.

Angel, S., Lamson-Hall, P., Blei, A., Shingade, S. and Kumar, S., 2021. Densify and expand:
A global analysis of recent urban growth. Sustainability, 13(7), p.3835.

Anselin, L., 1996. Interactive techniques and exploratory spatial data analysis

Apostolopoulos, D. and Nikolakopoulos, K., 2021. A review and meta-analysis of remote
sensing data, GIS methods, materials and indices used for monitoring the coastline evolution

over the last twenty years. European Journal of Remote Sensing, 54(1), pp.240-265.

Arjasakusuma, S., Kusuma, S.S., Saringatin, S., Wicaksono, P., Mutaqin, B.W. and Rafif, R.,
2021. Shoreline dynamics in East Java Province, Indonesia, from 2000 to 2019 using multi-

sensor remote sensing data. Land, 10(2), p.100.

Atkinson, J., Esteves, L.S., Williams, J.J., Bell, P.S. and McCann, D.L., 2021. Nearshore
monitoring with X-Band Radar: maximizing utility in dynamic and complex environments.

Journal of Geophysical Research: Oceans, 126(4), p.e2020JC016841.

Atkinson, J., Esteves, L.S., Williams, J.W., McCann, D.L. and Bell, P.S., 2018. The
application of X-band radar for characterization of nearshore dynamics on a mixed sand and

gravel beach. Journal of Coastal Research, (85), pp.281-285.

Atkinson, J., Esteves, L.S., Williams, J., Bell, P. and McCann, D.L., 2022. Nearshore
Monitoring with X-Band Radar: Maximising Utility in Dynamic and Complex Environments.

Authorea Preprints.
Australia, 1., 2019. An assessment of Australia’s future infrastructure needs.

Ayeb-Karlsson, S., Van der Geest, K., Ahmed, 1., Huq, S. and Warner, K., 2016. A people-
centred perspective on climate change, environmental stress, and livelihood resilience in

Bangladesh. Sustainability Science, 11, pp.679-694.

Barbier, E.B., Hacker, S.D., Kennedy, C., Koch, E.-W., Stier, A.C. and Silliman, B.R., 2011.
The value of estuarine and coastal ecosystem services. Ecological monographs, 81(2),

pp.169-193.

133



Barrett C.R., 1987. Adaptive Thresholding and Automatic Detection. In: Eaves J.L., Reedy

E.K. (eds) Principles of Modern Radar. Springer, Boston, MA. https://doi.org/10.1007/978-1-
4613-1971-9 12

Baum, S., Horton, S., Low Choy, D. and Gleeson, B., 2009. Climate change, health impacts
and urban adaptability: case study of Gold Coast City. Research Monograph, 11, p.68

Bell, P.S and Osler, J., 2011. Mapping bathymetry using X-band marine radar data recorded

from a moving vessel. Ocean Dynamics, 61 (12)

Bell, P.S., Bird, C.O. and Plater, A.J., 2016. A temporal waterline approach to mapping
intertidal areas using X-band marine radar. Coastal Engineering, 107, pp.84-101.

Belward, A.S. and Skeien, J.O., 2015. Who launched what, when and why; trends in global
land-cover observation capacity from civilian earth observation satellites. ISPRS Journal of

Photogrammetry and Remote Sensing, 103, pp.115-128.

Benhur, J., Vendhan, M., Kumar, P. and Janagiraman, R., 2024. Coastal resilience and
shoreline dynamics: assessing the impact of a hybrid beach restoration strategy in

Puducherry, India. Frontiers in Marine Science, 11, p.1426627.

Bevere, L. and Mueller, L., 2014. Natural catastrophes and man-made disasters in 2013:
Large losses from floods and hail; Haiyan hits the Philippines. Swiss Re, Economic Research

& Consulting.

Bhatt, A., Ghosh, S.K. and Kumar, A., 2015, July. Automated change detection in satellite
images using machine learning algorithms for Delhi, India. In 2015 IEEE international

geoscience and remote sensing symposium (IGARSS) (pp. 1678-1681). IEEE.

Bhattacharya, B., Price, R.K. and Solomatine, D.P., 2007. Machine learning approach to
modeling sediment transport. Journal of Hydraulic Engineering, 133(4), pp.440-450.

Biausque, M. and Senechal, N. (2019) ‘Seasonal morphological response of an open sandy
beach to winter wave conditions: The example of Biscarrosse beach, SW France’,

Geomorphology, 332, pp. 157-169. doi: 10.1016/j.geomorph.2019.02.009.

Bird, C. O., Bell, P. S. and Plater, A. J., 2017. Application of marine radar to monitoring
seasonal and event-based changes in intertidal morphology. Geomorphology, 285, pp. 1-15.
doi: 10.1016/j.geomorph.2017.02.002.

134


https://doi.org/10.1007/978-1-4613-1971-9_12
https://doi.org/10.1007/978-1-4613-1971-9_12

Bird, C. O., Sinclair, A. J., Bell, P. S. and Phillips, M., 2019. Autonomous monitoring of
nearshore geomorphology and hydrodynamics to assist decision making in coastal

management, using shore-based radar systems: A case study on the Fylde peninsula, UK.

Bishop-Taylor, R., Nanson, R., Sagar, S., Lymburner, L., 2021a. Digital Earth Australia
Coastlines. Geoscience Australia, Canberra. https://doi.org/10.26186/116268 [Accessed 11
December 2024]

Bishop-Taylor, R., Nanson, R., Sagar, S., Lymburner, L., 2021b. Mapping Australia's
dynamic coastline at mean sea level using three decades of Landsat imagery. Remote Sensing

of Environment, 267, 112734. https://doi.org/10.1016/j.rse.2021.112734

Bishop-Taylor, R., Sagar, S., Lymburner, L., Alam, I. and Sixsmith, J., 2019. Sub-pixel

waterline extraction: Characterising accuracy and sensitivity to indices and spectra. Remote

Sensing, 11(24), p.2984.

Boak, E.H., Jackson, L.A., McGrath, J.E. and Brosnan, M.P., 2001, January. An overview of
Gold Coast coastal management 1960-2001. In Coasts & Ports 2001: Proceedings of the 15th
Australasian Coastal and Ocean Engineering Conference, the 8th Australasian Port and

Harbour Conference (pp. 561-566). Barton, ACT: Institution of Engineers, Australia.

Bongarts Lebbe, T., Rey-Valette, H., Chaumillon, E., Camus, G., Almar, R., Cazenave, A.,
Claudet, J., Rocle, N., Meur-Ferec, C., Viard, F. and Mercier, D., 2021. Designing coastal

adaptation strategies to tackle sea level rise. Frontiers in Marine Science, 8, p.740602.

Bosman, C., Dedekorkut-Howes, A. and Leach, A. eds., 2016. Off the Plan: the urbanisation
of the Gold Coast. Csiro Publishing.

Breiman, L., 2001. Random Forests. Machine Learning, 45, 5-32.

Brock, J.C., Danielson, J.J. and Purkis, S., 2013. Emerging methods for the study of coastal
ecosystem landscape structure and change. International Journal of Remote Sensing, 34(18),

pp.6283-6285.

Brown, J.M., Phelps, J.J., Barkwith, A., Hurst, M.D., Ellis, M.A. and Plater, A.J., 2016a. The
effectiveness of beach mega-nourishment, assessed over three management epochs. Journal

of environmental management, 184, pp.400-408.

135


https://doi.org/10.1016/j.rse.2021.112734

Brown, J.M., Prime, T., Phelps, J.J., Barkwith, A., Hurst, M.D., Ellis, M.A., Masselink, G.
and Plater, A.J., 2016b. Spatio-temporal variability in the tipping points of a coastal defense.
Journal of Coastal Research, (75), pp.1042-1046.

Bruun, P., 1962. Sea-level rise as a cause of shore erosion. Journal of the Waterways and

Harbors Division, 88(1), pp. 117-130. Available at: https://doi.org/10.1061/jwheau.0000252.

Bukvic, A., Rohat, G., Apotsos, A. and de Sherbinin, A., 2020. A systematic review of coastal
vulnerability mapping. Sustainability, 12(7), p.2822.

Burningham, H. and French, J., 2017. Understanding coastal change using shoreline trend

analysis supported by cluster-based segmentation. Geomorphology, 282, pp.131-149.

Burton, P., 2014. From white shoes to bold future: The neoliberalisation of local government

in an Australian city?. Urban Studies, 51(15), pp.3233-3249.

Burvingt, O., Masselink, G., Russell, P. and Scott, T., 2017. Classification of beach response
to extreme storms. Geomorphology, 295, pp. 722-737. doi: 10.1016/j.geomorph.2017.07.022.

Buscombe, D. and Ritchie, A.C., 2018. Landscape classification with deep neural networks.

Geosciences, 8(7), p.244.

Buscombe, D., Carini, R.J., Harrison, S.R., Chickadel, C.C. and Warrick, J.A., 2020. Optical

wave gauging using deep neural networks. Coastal Engineering, 155, p.103593.

Cabana, D., Rolfer, L., Evadzi, P. and Celliers, L., 2023. Enabling climate change adaptation
in coastal systems: A systematic literature review. Earth's Future, 11(8), p.e2023EF003713.

Callaghan, D. P.,, Nielsen, P., Short, A. and Ranasinghe, R., 2008. Statistical simulation of
wave climate and extreme beach erosion. Coastal Engineering, 55(5), pp. 375-390. doi:

10.1016/j.coastaleng.2007.12.003.

Cavanaugh, K.C., Bell, T.W., Aerni, K.E., Byrnes, J.E., McCammon, S. and Smith, M.M.,
2024. New Technologies for Monitoring Coastal Ecosystem Dynamics. Annual Review of

Marine Science, 17.

Chaves, M., CA Picoli, M. and D. Sanches, 1., 2020. Recent applications of Landsat 8/OLI
and Sentinel-2/MSI for land use and land cover mapping: A systematic review. Remote

Sensing, 12(18), p.3062.

136



Cheong, S.M., Silliman, B., Wong, P.P., Van Wesenbeeck, B., Kim, C.K. and Guannel, G.,
2013. Coastal adaptation with ecological engineering. Nature climate change, 3(9), pp.787-
791.

Chu, L., Oloo, F., Sudmanns, M., Tiede, D., Holbling, D., Blaschke, T. and Teleoaca, 1., 2020.
Monitoring long-term shoreline dynamics and human activities in the Hangzhou Bay, China,
combining daytime and nighttime EO data. Big Earth Data, 4(3), pp. 242-264. doi:
10.1080/20964471.2020.1740491.

Clark G, Fischer M, Hunter C., 2021. Australie state of the environment 2021: coasts,
independent report to the Australian Government Minister for the Environment,

Commonwealth of Australia, Canberra, DOI: 10.26194/AANZ-RF46

Clark, G.E., Moser, S.C., Ratick, S.J., Dow, K., Meyer, W.B., Emani, S., Jin, W., Kasperson,
J.X., Kasperson, R.E. and Schwarz, H.E., 1998. Assessing the vulnerability of coastal
communities to extreme storms: the case of Revere, MA., USA. Mitigation and adaptation

strategies for global change, 3, pp.59-82.

Cooper, J.A.G. and Lemckert, C., 2012. Extreme sea-level rise and adaptation options for
coastal resort cities: A qualitative assessment from the Gold Coast, Australia. Ocean &

coastal management, 64, pp.1-14.

Corbridge, A. and Hawley, D., 2020. ‘Holding the line": a case study of the physical
geography and coastal management of the Fylde coast. Teaching Geography, vol. 45, no. 2,
pp. 56-58.

Crocker, J. C., and Grier, D. G., 1996. Methods of Digital Video Microscopy for Colloidal
Studies. J. Colloid Interf. Sci., 179(1), 298-310. http://doi.org/10.1006/jcis.1996.0217

Cutter, S.L., Ash, K.D. and Emrich, C.T., 2014. The geographies of community disaster

resilience. Global environmental change, 29, pp.65-77.

da Mota, V.T. and Pickering, C., 2021. Assessing the popularity of urban beaches using
metadata from social media images as a rapid tool for coastal management. Ocean & Coastal

Management, 203, p.105519.

Da Silva, C.P., 2002. Beach carrying capacity assessment: how important is it?. Journal of

Coastal Research, (36), pp.190-197.

137



da Silva, G.V., Strauss, D., Murray, T., Tomlinson, R., Taylor, J. and Prenzler, P., 2021.
Building coastal resilience via sand backpassing-A framework for developing a decision

support tool for sand management. Ocean & Coastal Management, 213, p.105887.

David, N. and Mathew, R., 2020. Review of machine learning in geosciences and remote
sensing. In Proceeding of the International Conference on Computer Networks, Big Data and

[oT (ICCBI-2019) (pp. 195-204). Springer International Publishing.

Davidson, M. A., Splinter, K. D., & Turner, 1. L., 2013. A simple equilibrium model for
predicting shoreline change. Coastal Engineering, 73, 191-202.
https://doi.org/10.1016/j.coastaleng.2012.11.002

Davidson, M., Van Koningsveld, M., de Kruif, A., Rawson, J., Holman, R., Lamberti, A.,
Medina, R., Kroon, A. and Aarninkhof, S., 2007. The CoastView project: Developing video-
derived Coastal State Indicators in support of coastal zone management. Coastal Engineering,

54(6-7), pp.463-475.

Davidson, M.A., Aarninkhof, S.G.J., Van Koningsveld, M. and Holman, R.A., 2006.
Developing coastal video monitoring systems in support of coastal zone management. Journal

of Coastal research, pp.49-56.

De Alegria Arzaburu, A. R., Ilic, S. and Gunawardena, Y., 2007. A study of intertidal bar
dynamics using the argus video system. Coastal Sediments *07 - Proceedings of 6th
International Symposium on Coastal Engineering and Science of Coastal Sediment Processes.

doi: 10.1061/40926(239)146.

De Ruyck, A.M.C., Soares, A.G. and McLachlan, A., 1995. Factors influencing human beach
choice on three South African beaches: A multivariate analysis. GeoJournal, 36(4), pp. 345—

352. doi:10.1007/BF00807949.

De Sherbinin, A., Bukvic, A., Rohat, G., Gall, M., McCusker, B., Preston, B., Apotsos, A.,
Fish, C., Kienberger, S., Muhonda, P. and Wilhelmi, O., 2019. Climate vulnerability mapping:
A systematic review and future prospects. Wiley Interdisciplinary Reviews: Climate Change,

10(5), p.e600.

DeConto, R.M. and Pollard, D., 2016. Contribution of Antarctica to past and future sea-level
rise. Nature, 531(7596), pp.591-597.

138


https://doi.org/10.1016/j.coastaleng.2012.11.002

Dedekorkut-Howes, A. and Bosman, C., 2015. The gold coast: Australia’s playground?.
Cities, 42, pp.70-84.

Dedekorkut-Howes, A. and Vickers, J., 2017. Coastal climate adaptation at the local level: A
policy analysis of the Gold Coast. Climate change adaptation in Pacific countries: Fostering

resilience and improving the quality of life, pp.401-415.

Dedekorkut-Howes, A., 2013, November. City without a plan: How the Gold Coast was

shaped. In State of Australian cities conference proceedings.

Defeo, O. et al., 2009. Threats to sandy beach ecosystems: A review. Estuarine, Coastal and

Shelf Science, 81(1), pp. 1-12. doi:10.1016/j.ecss.2008.09.022.

DEFRA (UK Department for Environment, Food and Rural Affairs), 2006. Shoreline
Management Plan Guidance, Volume 1. Available

at: https://assets.publishing.service.gov.uk/media/5a79626be5274a2acd18c67a/pb11726-
smpg-vol1-060308.pdf [Accessed 02 December 2024].

Desholm, M., Fox, A.D., Beasley, P.D.L. and Kahlert, J., 2006. Remote techniques for
counting and estimating the number of bird—wind turbine collisions at sea: a review. Ibis,

148, pp.76-89.

DHL (Delft Hydraulics Laboratory) (1970). Coastal Erosion and Related Problems. Vol. 1.
Gold Coast, Queensland, Australia. Delft, The Netherlands.

Ding, Y., Yang, X., Jin, H., Wang, Z., Liu, Y., Liu, B., Zhang, J., Liu, X., Gao, K. and Meng,
D., 2021. Monitoring coastline changes of the malay islands based on google earth engine

and dense time-series remote sensing images. Remote Sensing, 13(19), p.3842.

Dodet, G., Castelle, B., Masselink, G., Scott, T., Davidson, M., Floc'h, F., Jackson, D. and
Suanez, S., 2019. Beach recovery from extreme storm activity during the 2013—14 winter

along the Atlantic coast of Europe. Earth Surface Processes and Landforms, 44(1), pp.393-
401.

Dolan, A.H. and Walker, L.J., 2006. Understanding vulnerability of coastal communities to

climate change related risks. Journal of Coastal research, pp.1316-1323.

Doody, J.P., 2013: Coastal squeeze and managed realignment in southeast England, does it

tell us anything about the future? Ocean Coast. Manage, 79, 34—41.

139


https://assets.publishing.service.gov.uk/media/5a79626be5274a2acd18c67a/pb11726-smpg-vol1-060308.pdf
https://assets.publishing.service.gov.uk/media/5a79626be5274a2acd18c67a/pb11726-smpg-vol1-060308.pdf

Duarte, C.M. and Cebridan, J., 1992. Uncertainty of detecting sea change. Nature, 356(6366).

Duarte, C.M., Losada, 1.J., Hendriks, I.E., Mazarrasa, 1. and Marba, N., 2013. The role of
coastal plant communities for climate change mitigation and adaptation. Nature climate

change, 3(11), pp.961-968.

Dunn,S., Friedman, R. & Baish,S. (2000) Coastal Erosion: Evaluating the Risk, Environment:
Science and Policy for Sustainable Development, 42:7, 36-45, DOI:
10.1080/00139150009605749

Dupre, K. and Bosman, C., 2017. Development Versus Coastal Protection: The Gold Coast
Case Study (Australia). Etudes caribéennes, (36).

Elnabwy, M.T., Elbeltagi, E., El Banna, M.M., Elshikh, M.M., Motawa, I. and Kaloop, M.R.,
2020. An approach based on Landsat images for shoreline monitoring to support integrated
coastal management—a case study, Ezbet Elborg, Nile Delta, Egypt. ISPRS International
Journal of Geo-Information, 9(4), p.199.

Environment Agency., 2020. National Flood And Coastal Erosion Risk Management Strategy

For England. Environment Agency.

Epelde, 1., Liria, P., de Santiago, 1., Garnier, R., Uriarte, A., Picon, A., Galdran, A., Arteche,
J.A., Lago, A., Corera, Z. and Puga, 1., 2021. Beach carrying capacity management under
Covid-19 era on the Basque Coast by means of automated coastal videometry. Ocean &

Coastal Management, 208, p.105588.

Erdem, F., Bayram, B., Bakirman, T., Bayrak, O.C. and Akpinar, B., 2021. An ensemble deep
learning based shoreline segmentation approach (WaterNet) from Landsat 8 OLI

images. Advances in Space Research, 67(3), pp.964-974

Esteves, L.S. and Esteves, L.S., 2014. The need for adaptation in coastal protection: Shifting
from hard engineering to managed realignment. Managed Realignment: A Viable Long-Term

Coastal Management Strategy?, pp.1-18.

Esteves, L.S., Brown, J.M., Williams, J.J. and Lymbery, G., 2012. Quantifying thresholds for
significant dune erosion along the Sefton Coast, Northwest England. Geomorphology, 143,
pp.52-61.

140



European Commission, 2014. A European strategy for more Growth and Jobs in Coastal and
Maritime Tourism. COM(2014) 86 final. Available at: https://eur-lex.europa.eu/legal-
content/EN/TXT/?uri=CELEX:52014DC0086 (Accessed: [12/02/2025]).

Fan, S., Li, Y., Yan, Z., Guo, L. and Wang, X., 2017, August. Vegetation recognition based on
deep learning with feature fusion. In Proceedings of the International Conference on

Advances in Image Processing (pp. 19-23).

Fitton, J.M., Hansom, J.D. and Rennie, A.F., 2016. A national coastal erosion susceptibility
model for Scotland. Ocean & Coastal Management, 132, pp.80-89.

Fitton, J.M., Hansom, J.D. and Rennie, A.F., 2018. A method for modelling coastal erosion
risk: the example of Scotland. Natural Hazards, 91, pp.931-961.

Floerl, O., Atalah, J., Bugnot, A.B., Chandler, M., Dafforn, K.A., Floerl, L., Zaiko, A. and
Major, R., 2021. A global model to forecast coastal hardening and mitigate associated

socioecological risks. Nature Sustainability, 4(12), pp.1060-1067.

Folke, C., Carpenter, S.R., Walker, B., Scheffer, M., Chapin, T. and Rockstrom, J., 2010.
Resilience thinking: integrating resilience, adaptability and transformability. Ecology and

society, 15(4).

Fox-Kemper, B., H.T. Hewitt, C. Xiao, G. Adalgeirsdottir, S.S. Drijfthout, T.L. Edwards, N.R.
Golledge, M. Hemer, R.E. Kopp, G. Krinner, A. Mix, D. Notz, S. Nowicki, I.S. Nurhati, L.
Ruiz, J.-B. Sallée, A.B.A. Slangen, and Y. Yu, 2021: Ocean, Cryosphere and Sea Level
Change. In Climate Change 2021: The Physical Science Basis. Contribution of Working
Group I to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change
[Masson-Delmotte, V., P. Zhai, A. Pirani, S.L. Connors, C. Péan, S. Berger, N. Caud, Y. Chen,
L. Goldfarb, M.I. Gomis, M. Huang, K. Leitzell, E. Lonnoy, J.B.R. Matthews, T.K. Maycock,
T. Waterfield, O. Yelekei, R. Yu, and B. Zhou (eds.)]. Cambridge University Press,
Cambridge, United Kingdom and New York, NY, USA, pp. 1211-1362, doi:
10.1017/9781009157896.011.

Freire, S., MacManus, K., Pesaresi, M., Doxsey-Whitfield, E. and Mills, J., 2016.
Development of new open and free multi-temporal global population grids at 250 m

resolution. Population, 250, p.33.

141



Galal, E. M. and Takewaka, S., 2008. Longshore migration of shoreline mega-cusps observed
with x-band radar. Coastal Engineering Journal, 50(3), pp. 247-276. doi:
10.1142/S0578563408001818.

Garcia, D., 2010. Robust smoothing of gridded data in one and higher dimensions with
missing values. Computational statistics & data analysis, 54(4), pp.1167-1178

Gaylard, S., Waycott, M. and Lavery, P., 2020. Review of coast and marine ecosystems in
temperate Australia demonstrates a wealth of ecosystem services. Frontiers in Marine

Science, 7, p.453.

Gens, R., 2010. Remote sensing of coastlines: detection, extraction and

monitoring. International Journal of Remote Sensing, 31(7), pp.1819-1836.

Girau, R., Anedda, M., Fadda, M., Farina, M., Floris, A., Sole, M. and Giusto, D., 2019.
Coastal monitoring system based on social Internet of Things platform. IEEE Internet of

Things Journal, 7(2), pp.1260-1272.

Glavovic, B.C., R. Dawson, W. Chow, M. Garschagen, M. Haasnoot, C. Singh, and A.
Thomas, 2022: Cross-Chapter Paper 2: Cities and Settlements by the Sea. In: Climate Change
2022: Impacts, Adaptation and Vulnerability. Contribution of Working Group II to the Sixth
Assessment Report of the Intergovernmental Panel on Climate Change [H.-O. Portner,
D.C.Roberts, M.Tignor, E.S.Poloczanska, K.Mintenbeck, A.Alegria, M.Craig, S.Langsdorf,
S.Loschke, V.Moller, A. Okem, B. Rama (eds.)]. Cambridge University Press, Cambridge,
UK and New York, NY, USA, pp. 2163-2194, doi:10.1017/9781009325844.019.

Gold Coast Australia n.d., Gold Coast facts and figures, viewed 10 December 2024,

https://www.goldcoastaustralia.com/gold-coast-facts-figures.html.

Goldstein, E.B., Coco, G. and Plant, N.G., 2019. A review of machine learning applications

to coastal sediment transport and morphodynamics. Earth-science reviews, 194, pp.97-108.

Gorman, L., Morang, A. and Larson, R., 1998. Monitoring the coastal environment; Part I'V:
Mapping, shoreline changes, and bathymetric analysis. Journal of Coastal Research, pp.61-
92.

Green, E., Mumby, P., Edwards, A. & Clark, C. 1996. A review of remote sensing for the

assessment and management of tropical coastal resources. Coastal Management, 24, 1-40.

142



Guillén, J., Garcia-Olivares, A., Ojeda, E., Osorio, A., Chic, O. and Gonzélez, R., 2008.
Long-term quantification of beach users using video monitoring. Journal of Coastal

Research, 24(6), pp.1612-1619.

Halkos, G. and Matsiori, S., 2012. Determinants of willingness to pay for coastal zone quality
improvement. Journal of Socio-Economics, 41(4), pp. 391-399.

doi:10.1016/j.s0cec.2012.04.010.

Hammoudi, Z. and Soltani, F., 2004. Distributed CA-CFAR and OS-CFAR detection using
fuzzy spaces and fuzzy fusion rules. IEE Proceedings: Radar, Sonar and Navigation

[Preprint]. doi:10.1049/ip-rsn:20040560.
Hamylton, S.M., 2017. Spatial analysis of coastal environments. Cambridge University Press.

Harley, M. D., Masselink, G., Ruiz de Alegria-Arzaburu, A., Valiente, N. G. and Scott, T.,
2022. Single extreme storm sequence can offset decades of shoreline retreat projected to

result from sea-level rise. Communications Earth and Environment, 3(1), pp. 1-11. doi:

10.1038/s43247-022-00437-2.

Harley, M.D., Turner, I.L., Short, A.D., Bracs, M.A., Phillips, M.S., Simmons, J.A. and
Splinter, K.D., 2015, January. Four decades of coastal monitoring at Narrabeen-Collaroy
Beach: the past, present and future of this unique dataset. In Australasian Coasts & Ports
Conference 2015: 22nd Australasian Coastal and Ocean Engineering Conference and the 15th
Australasian Port and Harbour Conference: 22nd Australasian Coastal and Ocean
Engineering Conference and the 15th Australasian Port and Harbour Conference (pp. 378-
383). Auckland, New Zealand: Engineers Australia and IPENZ.

Harvey, N. and Caton, B., 2010. Coastal management in Australia (p. 342). University of
Adelaide Press.

Hauer, M.E., Hardy, D., Kulp, S.A., Mueller, V., Wrathall, D.J. and Clark, P.U., 2021.
Assessing population exposure to coastal flooding due to sea level rise. Nature

communications, 12(1), p.6900.

Hendrickx, G.G., Antolinez, J.A. and Herman, P.M., 2023. Predicting the response of

complex systems for coastal management. Coastal Engineering, 182, p.104289.

143



Hinkel, J., Aerts, J.C., Brown, S., Jiménez, J.A., Lincke, D., Nicholls, R.J., Scussolini, P.,
Sanchez-Arcilla, A., Vafeidis, A. and Addo, K.A., 2018. The ability of societies to adapt to
twenty-first-century sea-level rise. Nature Climate Change, 8(7), pp.570-578.

Hinz, S., 2005, September. Fast and subpixel precise blob detection and attribution. In IEEE
International Conference on Image Processing 2005 (Vol. 3, pp. [11-457). IEEE.

Hird, S., Stokes, C. and Masselink, G., 2021. Emergent coastal behaviour results in extreme
dune erosion decoupled from hydrodynamic forcing. Marine Geology, 442(September), p.
106667. doi: 10.1016/j.margeo.2021.106667.

Holland, K.T. et al., 1997. Practical use of video imagery in nearshore oceanographic field

studies. IEEE Journal of Oceanic Engineering, 22(1), pp. 81-91. doi:10.1109/48.557542.

Holman, R. A. and Stanley, J., 2007. The history and technical capabilities of Argus. Coastal
Engineering, 54(6-7), pp. 477-491. doi: 10.1016/j.coastaleng.2007.01.003.

Holman, R., & Haller, M. C., 2013. Remote sensing of the nearshore. Annual review of

marine science, 5, 95-113

Hu, J., Wang, Y., Taubenbock, H. and Zhu, X.X., 2021. Land consumption in cities: A
comparative study across the globe. Cities, 113, p.103163.

Huang, B., Zhao, B. and Song, Y., 2018. Urban land-use mapping using a deep convolutional
neural network with high spatial resolution multispectral remote sensing imagery. Remote

Sensing of Environment, 214, pp.73-86.

Hunt, S., Stuart, G., Reed, R., Mirfanderesk, H. and Tomlinson, R., 2008. Managing Coastal
Disasters on Australia's Gold Coast. In Solutions to Coastal Disasters 2008(pp. 699-712).

Imbrenda, V., Coluzzi, R., Lanfredi, M., Loperte, A., Satriani, A. and Simoniello, T., 2018.
Analysis of landscape evolution in a vulnerable coastal area under natural and human

pressure. Geomatics, Natural Hazards and Risk, 9(1), pp.1249-1279.

IPCC, 2014: Climate Change 2014: Impacts, Adaptation, and Vulnerability. Part A: Global
and Sectoral Aspects. Contribution of Working Group 11 to the Fifth Assessment Report of the
Intergovernmental Panel on Climate Change [Field, C.B., V.R. Barros, D.J. Dokken, K.J.
Mach, M.D. Mastrandrea, T.E. Bilir, M. Chatterjee, K.L. Ebi, Y.O. Estrada, R.C. Genova, B.
Girma, E.S. Kissel, A.N. Levy, S. MacCracken, P.R. Mastrandrea, and L.L. White (eds.)].

144



Cambridge University Press, Cambridge, United Kingdom and New York, NY, USA, 1132
pp-
IPCC, 2021. Climate Change 2021: The Physical Science Basis. Contribution of Working

Group I to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change.

[online] Available at: https://www.ipcc.ch/report/ar6/wgl/ [Accessed 18 November 2024].
IPCC, 2022. Sixth Assessment Report. Geneva: Intergovernmental Panel on Climate Change.

Islam, N. and Winkel, J., 2017. Climate change and social inequality. United Nations
Department of Economic and Social Affairs. Available at:
https://www.un.org/sites/un2.un.org/files/2020/08/1597341819.1157.pdf (Accessed:
[12/02/2025])

Jackson, L.A. and Tomlinson, R., 2017. 50 years of seawall and nourishment strategy
evolution on the gold coast. Australasian Coasts & Ports 2017: Working with Nature:
Working with Nature, pp.640-645.

Jakariya, M., Alam, M.S., Rahman, M.A., Ahmed, S., Elahi, M.L., Khan, A.M.S., Saad, S.,
Tamim, H.M., Ishtiak, T., Sayem, S.M. and Ali, M.S., 2020. Assessing climate-induced
agricultural vulnerable coastal communities of Bangladesh using machine learning

techniques. Science of the Total Environment, 742, p.140255.

Jeong, S., Hong, M. and Song, J., 2022. Soil depth estimation in mountainous areas by using

GIS and satellite images. Landslides, 19(11), pp.2711-2726.

Jiménez, J.A., Osorio, A., Marino-Tapia, I., Davidson, M., Medina, R., Kroon, A., Archetti,
R.E.N.A.T.A., Ciavola, P. and Aarnikhof, S.G.J., 2007. Beach recreation planning using
video-derived coastal state indicators. Coastal Engineering, 54(6-7), pp.507-521.

Jin, X., Luan, W., Yang, J., Yue, W., Wan, S., Yang, D., Xiao, X., Xue, B., Dou, Y., Lyu, F.
and Wang, S., 2023. From the coast to the interior: global economic evolution patterns and

mechanisms. Humanities and Social Sciences Communications, 10(1), pp.1-13.

Jochem, W.C., Leasure, D.R., Pannell, O., Chamberlain, H.R., Jones, P. and Tatem, A.J.,
2021. Classifying settlement types from multi-scale spatial patterns of building footprints.
Environment and Planning B: Urban Analytics and City Science, 48(5), pp.1161-1179.

145


https://www.un.org/sites/un2.un.org/files/2020/08/1597341819.1157.pdf

Jonkman, S.N., Hillen, M.M., Nicholls, R.J., Kanning, W. and Van Ledden, M., 2013. Costs
of adapting coastal defences to sea-level rise—new estimates and their implications. Journal

of Coastal Research, 29(5), pp.1212-1226.

Kabat, P., Van Vierssen, W., Veraart, J., Vellinga, P. and Aerts, J., 2005. Climate proofing the
Netherlands. Nature, 438(7066), pp.283-284.

Kammler, M. and Schernewski, G.,2004. Spatial and temporal analysis of beach tourism

using webcam and aerial photographs. Coastline Reports, 2(January 2004), pp. 121-128.

Kane, B., Zajchowski, C.A., Allen, T.R., McLeod, G. and Allen, N.H., 2021. Is it safer at the
beach? Spatial and temporal analyses of beachgoer behaviors during the COVID-19
pandemic. Ocean & coastal management, 205, p.105533.

Kim, Y. and Ling, H., 2009. Human activity classification based on micro-doppler signatures
using a support vector machine. IEEE Transactions on Geoscience and Remote Sensing,

47(5), pp. 1328-1337. doi:10.1109/TGRS.2009.2012849.

King, P. and McGregor, A., 2012. Who's counting: an analysis of beach attendance estimates

and methodologies in southern California. Ocean & coastal management, 58, pp.17-25.

Kirezci, E., Young, [.LR., Ranasinghe, R., Muis, S., Nicholls, R.J., Lincke, D. and Hinkel, J.,
2020. Projections of global-scale extreme sea levels and resulting episodic coastal flooding

over the 21st Century. Scientific reports, 10(1), pp.1-12.

Klemas, V., 2011. Remote sensing techniques for studying coastal ecosystems: An

overview. Journal of Coastal Research, 27(1), pp.2-17.

Klemas, V.V,, 2014. Remote sensing of coastal ecosystems and environments. In Remote
Sensing and Modeling: Advances in Coastal and Marine Resources (pp. 3-30). Cham:

Springer International Publishing.

Konstantinou, A., Scott, T., Masselink, G., Stokes, K., Conley, D. and Castelle, B., 2023.
Satellite-based shoreline detection along high-energy macrotidal coasts and influence of

beach state. Marine Geology, 462, p.107082.

Kroon, A. and Masselink, G., 2002. Morphodynamics of intertidal bar morphology on a
macrotidal beach under low-energy wave conditions. North Lincolnshire, England. Marine

Geology 190, 591-608

146



Kulp, S.A. and Strauss, B.H., 2019. New elevation data triple estimates of global

vulnerability to sea-level rise and coastal flooding. Nature communications, 10(1), pp.1-12.

Kumar, D. and Takewaka, S., 2019. Automatic shoreline position and intertidal foreshore
slope detection from X-Band radar images using modified Temporal Waterline Method with

corrected wave run-up. Journal of Marine Science and Engineering, 7(2), p.45.

Kuschnerus, M., Lindenbergh, R. and Vos, S., 2021. Coastal change patterns from time series

clustering of permanent laser scan data. Earth Surface Dynamics, 9(1), pp.89-103.

Langenberg, H., Pfizenmayer, A., Von Storch, H. and Stindermann, J., 1999. Storm-related
sea level variations along the North Sea coast: natural variability and anthropogenic change.

Continental shelf research, 19(6), pp.821-842.

Lary, D.J., Alavi, A.H., Gandomi, A.H. and Walker, A.L., 2016. Machine learning in

geosciences and remote sensing. Geoscience Frontiers, 7(1), pp.3-10.

Lee, J.S., 1983. A simple speckle smoothing algorithm for synthetic aperture radar
images. IEEE Transactions on Systems, Man, and Cybernetics, (1), pp.85-89.

Leyk, S., Gaughan, A.E., Adamo, S.B., De Sherbinin, A., Balk, D., Freire, S., Rose, A.,
Stevens, F.R., Blankespoor, B., Frye, C. and Comenetz, J., 2019. The spatial allocation of
population: a review of large-scale gridded population data products and their fitness for

use. Earth System Science Data, 11(3), pp.1385-1409.

Li, X., He, Y. and Jing, X., 2019. A Survey of Deep Learning-Based Human Activity
Recognition in Radar. Remote Sensing, 11(9), p. 1068. do1:10.3390/rs11091068.

Linham, M.M. and Nicholls, R.J., 2012, September. Adaptation technologies for coastal

erosion and flooding: a review. In Proceedings of the Institution of Civil Engineers-Maritime

Engineering (Vol. 165, No. 3, pp. 95-112). Thomas Telford Ltd.

List, J. H., Farris, A. S. and Sullivan, C., 2006. Reversing storm hotspots on sandy beaches:
Spatial and temporal characteristics. Marine Geology, 226(3—4), pp. 261-279. doi:
10.1016/j.margeo.2005.10.003.

Liu, L., Cao, X., Li, S. and Jie, N., 2024. A 31-year (1990-2020) global gridded population

dataset generated by cluster analysis and statistical learning. Scientific Data, 11(1), p.124.

147



Lodato, F., Colonna, N., Pennazza, G., Pratico, S., Santonico, M., Vollero, L. and Pollino, M.,
2023. Analysis of the spatiotemporal urban expansion of the Rome coastline through GEE
and RF algorithm, using Landsat imagery. ISPRS International Journal of Geo-Information,

12(4), p.141.

Lucrezi, S., Saayman, M. and Van der Merwe, P., 2016. An assessment tool for sandy
beaches: A case study for integrating beach description, human dimension, and economic
factors to identify priority management issues. Ocean and Coastal Management, 121, pp. 1-

22. doi:10.1016/j.ocecoaman.2015.12.003.

Luijjendijk, A., Hagenaars, G., Ranasinghe, R., Baart, F., Donchyts, G. and Aarninkhof, S.,
2018. The state of the world’s beaches. Scientific reports, 8(1), pp.1-11.

Luisetti, T., Turner, R.K., Bateman, 1.J., Morse-Jones, S., Adams, C. and Fonseca, L., 2011.
Coastal and marine ecosystem services valuation for policy and management: Managed

realignment case studies in England. Ocean & Coastal Management, 54(3), pp.212-224.

Lukoseviciute, G. and Panagopoulos, T., 2021. Management priorities from tourists’
perspectives and beach quality assessment as tools to support sustainable coastal

tourism. Ocean & Coastal Management, 208, p.105646.

Luo, F., Poslad, S. and Bodanese, E., 2019. Human Activity Detection and Coarse
Localization Outdoors Using Micro-Doppler Signatures. IEEE Sensors Journal, 19(18), pp.
8079-8094. doi:10.1109/JSEN.2019.2917375.

Machado-Fernandez, J.R., Mojena-Hernandez, N. and Bacallao-Vidal, J. de la C., 2017.
Evaluation of CFAR detectors performance. 14, pp. 170-178.

MacManus, K., Balk, D., Engin, H., McGranahan, G. and Inman, R., 2021. Estimating
population and urban areas at risk of coastal hazards, 1990-2015: how data choices

matter. Earth System Science Data, 13(12), pp.5747-5801.

Martinez, M.L., Taramelli, A. and Silva, R., 2017. Resistance and resilience: Facing the

multidimensional challenges in coastal areas. Journal of Coastal Research, (77), pp.1-6.

Masria, A., 2024. Bridging Coastal Challenges: The Role of Remote Sensing and Future
Research. Regional Studies in Marine Science, p.103502.

Masselink, G. and Lazarus, E.D., 2019. Defining coastal resilience. Water, 11(12), p.2587.

148



Masselink, G. and Turner, I.L., 1999. The effect of tides on beach morphodynamics. In:
Short, A.D. (ed.), Handbook of Beach and Shoreface Morphodynamics, Wiley, Chichester,
pp-204-229.

Masselink, G., 2004. Formation and evolution of multiple intertidal bars on macrotidal

beaches: application of a morphodynamic model. Coastal Engineering, 51(8-9), pp.713-730.

Masselink, G., Auger, N., Russell, P. and O'HARE, T.I.M., 2007. Short-term morphological
change and sediment dynamics in the intertidal zone of a macrotidal beach. Sedimentology,

54(1), pp.39-53.

Masselink, G., Kroon, A. and Davidson-Arnott, R. G. D., 2006. Morphodynamics of
intertidal bars in wave-dominated coastal settings - A review. Geomorphology, 73(1-2), pp.

33-49. doi: 10.1016/j.geomorph.2005.06.007.

McCann, D. L. and Bell, P.S., 2017a. Visualising the aspect-dependent radar cross section of
seabirds over a tidal energy test site using a commercial marine radar system. International

Journal of Marine Energy [Preprint]. doi:10.1016/j.ijjome.2017.01.002.

McCann, David L. and Bell, P.S., 2017b. Observations and tracking of killer whales (Orcinus
orca) with shore-based X-band marine radar at a marine energy test site. Marine Mammal

Science [Preprint]. doi:10.1111/mms.12395.

McDougall, C., 2017: Erosion and the beaches of Negril. Ocean Coast. Manage, 148, 204—
213.

McGranahan, G., Balk, D. and Anderson, B., 2007. The rising tide: assessing the risks of
climate change and human settlements in low elevation coastal zones. Environment and

urbanization, 19(1), pp.17-37.

Mclaughlin, S. and Cooper, J.A.G., 2010. A multi-scale coastal vulnerability index: A tool for

coastal managers?. Environmental Hazards, 9(3), pp.233-248.

McMichael, C., Dasgupta, S., Ayeb-Karlsson, S. and Kelman, I., 2020. A review of estimating
population exposure to sea-level rise and the relevance for migration. Environmental

Research Letters, 15(12), p.123005.

Melet, A., Teatini, P., Le Cozannet, G., Jamet, C., Conversi, A., Benveniste, J. and Almar, R.,
2020. Earth observations for monitoring marine coastal hazards and their drivers. Surveys in

Geophysics, 41, pp.1489-1534.

149



Mentaschi, L., Vousdoukas, M.I., Pekel, J.F., Voukouvalas, E. and Feyen, L., 2018. Global

long-term observations of coastal erosion and accretion. Scientific reports, 8(1), p.12876.

Merkens, J.-L., L. Reimann, J. Hinkel and A.T. Vafeidis, 2016: Gridded population
projections for the coastal zone under the Shared Socioeconomic Pathways. Global Planet.

Change, 145, 57-66.

Merkens, J.L., Lincke, D., Hinkel, J., Brown, S. and Vafeidis, A.T., 2018. Regionalisation of
population growth projections in coastal exposure analysis. Climatic Change, 151, pp.413-

426.

Miles, A., Ilic, S., James, M. and Whyatt, D., 2012. Morphological Variability of Cleveleys
Beach, UK at Multiannual Timescales Based on Airborne LiDAR Data.

Miles, A., Ilic, S., Whyatt, D., James, M.R., 2019. Characterising beach intertidal bar systems
using multi annual LiDAR data. Earth Surface Processes and Landforms. doi:

10.1002/esp.4594.

Mills, J.P., Buckley, S.J., Mitchell, H.L., Clarke, P.J. and Edwards, S.J., 2005. A geomatics
data integration technique for coastal change monitoring. Earth Surface Processes and

Landforms: The Journal of the British Geomorphological Research Group, 30(6), pp.651-
664.

Montreuil, A. L., Moelans, R., Houthuys, R., Bogaert, P. and Chen, M., 2020.
Characterization of intertidal bar morphodynamics using a bi-annual lidar dataset. Remote

Sensing, 12(22), pp. 1-14. doi: 10.3390/rs12223841.

Moreno, A. and Becken, S., 2009. A climate change vulnerability assessment methodology

for coastal tourism. Journal of sustainable tourism, 17(4), pp.473-488.

Morgan, D., 2018. Counting beach visitors: tools, methods and management
applications. Beach Management Tools-Concepts, Methodologies and Case Studies, pp.561-
577.

Muller, M., 2007. Dynamic time warping in information retrieval for music and

motion. Dynamic time warping Information retrieval for music and motion, pp.69-84.

Murphy, J., Plater, A., Bird, C. and Arribas-Bel, D., 2023. Spatial-temporal variability:
characterisation of a beach system using high resolution radar data. Frontiers in Marine

Science, 10, p.1142077.

150



Murphy, K.P., 2007. Performance evaluation of binary classifiers. Technical report: Technical

Report.

Murray, T.S., 2015. Aerial surveys conducted along the Garden Route coastline, South Africa,
to determine patterns in shore fishing effort. Koedoe: African Protected Area Conservation

and Science, 57(1), pp.1-9.

National Research Council, 2012. Disaster Resilience: A National Imperative (2012).
National Academies Press, Washington D.C. (2012)

Naylor, L.A., Spencer, T., Lane, S.N., Darby, S.E., Magilligan, F.J., Macklin, M.G. and
Moller, 1., 2017. Stormy geomorphology: geomorphic contributions in an age of climate

extremes. Earth Surface Processes and Landforms, 42(1), pp.166-190.

Neumann, B., Vafeidis, A.T., Zimmermann, J. and Nicholls, R.J., 2015. Future coastal
population growth and exposure to sea-level rise and coastal flooding-a global

assessment. PloS one, 10(3), p.e0118571.

Newton, A., Icely, J., Cristina, S., Perillo, G.M., Turner, R.E., Ashan, D., Cragg, S., Luo, Y.,
Tu, C., Li, Y. and Zhang, H., 2020. Anthropogenic, direct pressures on coastal

wetlands. Frontiers in Ecology and Evolution, 8, p.144.

Nicholls, R.J. and Cazenave, A., 2010. Sea-level rise and its impact on coastal

zones. science, 328(5985), pp.1517-1520.

Nicholls, R.J., Hanson, S., Herweijer, C., Patmore, N., Hallegatte, S., Corfee-Morlot, J.,
Chateau, J. and Muir-Wood, R., 2008. Ranking port cities with high exposure and

vulnerability to climate extremes: exposure estimates.

Nicholls, R.J., P.P. Wong, V.R. Burkett, J.O. Codignotto, J.E. Hay, R.F. McLean, S.
Ragoonaden and C.D. Woodrofte, 2007: Coastal systems and low-lying areas. Climate
Change 2007: Impacts, Adaptation and Vulnerability. Contribution of Working Group II to
the Fourth Assessment Report of the Intergovernmental Panel on Climate Change, M.L.
Parry, O.F. Canziani, J.P. Palutikof, P.J. van der Linden and C.E. Hanson, Eds., Cambridge
University Press, Cambridge, UK, 315-356.

Nichols, C.R., Wright, L.D., Bainbridge, S.J., Cosby, A., Hénaff, A., Loftis, J.D.,
Cocquempot, L., Katragadda, S., Mendez, G.R., Letortu, P. and Le Dantec, N., 2019.

151



Collaborative science to enhance coastal resilience and adaptation. Frontiers in Marine

Science, 6, p.404.

Nieves, V., Radin, C. and Camps-Valls, G., 2021. Predicting regional coastal sea level
changes with machine learning. Scientific reports, 11(1), p.7650.

O’Dea, A., Brodie, K. L. and Hartzell, P., 2019. Continuous coastal monitoring with an
automated terrestrial lidar scanner. Journal of Marine Science and Engineering, 7(2). doi:

10.3390/jmse7020037.

O'Neil, G.L., Goodall, J.L., Behl, M. and Saby, L., 2020. Deep learning using physically-
informed input data for wetland identification. Environmental modelling & software, 126,

p.104665.

Oppenheimer, M., B.C. Glavovic, J. Hinkel, R. van de Wal, A.K. Magnan, A. Abd-Elgawad,
R. Cai, M. Cifuentes-Jara, R.M. DeConto, T. Ghosh, J. Hay, F. Isla, B. Marzeion, B.
Meyssignac, and Z. Sebesvari, 2019: Sea Level Rise and Implications for Low-Lying Islands,
Coasts and Communities Supplementary Material. In: IPCC Special Report on the Ocean and
Cryosphere in a Changing Climate [H.-O. Portner, D.C. Roberts, V. Masson-Delmotte, P.
Zhai, M. Tignor, E. Poloczanska, K. Mintenbeck, A. Alegria, M. Nicolai, A. Okem, J.
Petzold, B. Rama, N.M. Weyer (eds.)]. In press.

Ouillon, S., 2018: Why and How Do We Study Sediment Transport? Focus on Coastal Zones
and Ongoing Methods. Water, 10(4), 1-34.

Palmsten, M.L. and Holman, R.A., 2012. Laboratory investigation of dune erosion using

stereo video. Coastal engineering, 60, pp.123-135.
Pedregosa et al., 2011. Scikit-learn: Machine Learning in Python. JIMLR 12, pp. 2825-2830.

Peterson, D. L., Brass, J. A., Smith, W. H., Langford, G., Wegener, S., Dunagan, S., Hammer,
P. and Snook, K., 2003. Platform options of free-flying satellites, UAVs or the International
Space Station for remote sensing assessment of the littoral zone. International Journal of

Remote Sensing, 24(13), pp. 2785-2804. doi: 10.1080/0143116031000066963.

Phillips, B., Higham, J., Plater, A., Leonardi, N., Arribas-Bel, D., Bird, C. and Sinclair, A.,
2021, April. Assuring safe port navigation by assimilating from data sources with different
spatial and temporal scales. In EGU General Assembly Conference Abstracts (pp. EGU21-
15491).

152



Plater, A. J., & Grenville, J., 2010. Liverpool Bay: Linking the eastern Irish Sea to the Sefton
Coast. In A. T. Worsley, G. Lymbery, V. J. C. Holden, & M. Newton (Eds.), Sefton's Dynamic
Coast (pp. 28-54). Ainsdale-on-Sea, Southport: Coastal Defence: Sefton MBC Technical

Services Department

Platt, J., 1999. Probabilistic outputs for support vector machines and comparisons to

regularized likelihood methods. Advances in large margin classifiers, 10(3), pp.61-74.

Pollard, J. A., Brooks, S. M. and Spencer, T., 2019. Harmonising topographic & remotely
sensed datasets, a reference dataset for shoreline and beach change analysis. Scientific Data.

doi: 10.1038/s41597-019-0044-3.
Pontee, N., 2013: Defining coastal squeeze: A discussion. Ocean Coast. Manage, 84, 204-207

Pontee, N.I. and Parsons, A., 2010, March. A review of coastal risk management in the UK.
In Proceedings of the Institution of Civil Engineers-Maritime Engineering (Vol. 163, No. 1,

pp. 31-42). Thomas Telford Ltd.

Popova, E., Aksenov, Y., Amoudry, L.O., Becker, A., Bricheno, L., Brown, J.M., Clare, M.A.,
Evans, A., Evans, C., Fowell, S.E. and Jevrejeva, S., 2023. Socio-oceanography: an

opportunity to integrate marine social and natural sciences. Frontiers in Marine Science, 10,

p.1209356.

Portner, H.O., Karl, D.M., Boyd, P.W., Cheung, W., Lluch-Cota, S.E., Nojiri, Y., Schmidt,
D.N., Zavialov, P.O., Alheit, J., Aristegui, J. and Armstrong, C., 2014. Ocean systems. In
Climate change 2014: impacts, adaptation, and vulnerability. Part A: global and sectoral
aspects. contribution of working group II to the fifth assessment report of the

intergovernmental panel on climate change (pp. 411-484). Cambridge University Press.

Pourzangbar, A., Jalali, M. and Brocchini, M., 2023. Machine learning application in
modelling marine and coastal phenomena: a critical review. Frontiers in Environmental

Engineering, 2, p.1235557.

Prime, T., Brown, J. M. and Plater, A. J., 2015. Physical and economic impacts of sea-level
rise and low probability flooding events on coastal communities. PLoS ONE, 10(2), pp. 1-28.
doi: 10.1371/journal.pone.0117030.

153



Provost, E.J., Butcher, P.A., Colefax, A.P., Coleman, M.A., Curley, B.G. and Kelaher, B.P.,
2019. Using drones to quantify beach users across a range of environmental conditions.

Journal of Coastal Conservation, 23, pp.633-642.

Pucino, N., Kennedy, D. M., Carvalho, R. C., Allan, B. and Ierodiaconou, D., 2021. Citizen
science for monitoring seasonal-scale beach erosion and behaviour with aerial drones.

Scientific Reports, 11(1), pp. 1-17. doi: 10.1038/s41598-021-83477-6.

Queensland Government 2021, City of Gold Coast Coastal Adaptation Plan, Queensland
Government, viewed 10 December 2024,
https://www.goldcoast.qld.gov.au/files/sharedassets/public/v/2/pdfs/policies-plans-amp-

strategies/coastal-adaptation-plan-final-version.pdf.

Queensland Government Statistician's Office (QGSO), 2023. Population growth highlights
and trends, Queensland regions, 2023 edition. Brisbane: Queensland Treasury. Available at:

https://www.qgso.qld.gov.au/issues/3061/population-growth-highlights-trends-qld-regions-
2023-edn.pdf [Accessed 18 Dec. 2024].

Rajaratnam, N. and Nwachukwu, B.A., 1983. Erosion near groyne-like structures, Journal of

Hydraulic Research, 21:4, 277-287, DOI: 10.1080/00221688309499434

Ranasinghe, R., McLoughlin, R., Short, A. and Symonds, G., 2004. The Southern Oscillation
Index, wave climate, and beach rotation. Marine Geology, 204(3-4), pp.273-287.

Rangel-Buitrago, N. and Anfuso, G., 2011. Coastal storm characterization and morphological

impacts on sandy coasts. Earth Surface Processes and Landforms, 36(15), pp.1997-2010.

Reichert, K., Hessner, K., Borge, J.N., & Dittmer, J., 1999. WaMoS II: A radar based wave

and current monitoring system. Proceedings 9th ISOPE, Brest, France, 3.

Reimann, L., Vafeidis, A.T. and Honsel, L.E., 2023. Population development as a driver of
coastal risk: Current trends and future pathways. Cambridge Prisms: Coastal Futures, 1,

p.el4.

Renaud, F.G., Sudmeier-Rieux, K. and Estrella, M. eds., 2013. The role of ecosystems in

disaster risk reduction. United Nations University Press.

Roman-Rivera, M. A. and Ellis, J. T., 2019. A synthetic review of remote sensing applications
to detect nearshore bars. Marine Geology, 408(April 2018), pp. 144—153. doi:
10.1016/j.margeo0.2018.12.003.

154



Rosenzweig, C., W. Solecki, C. Braneon, P. Racco, G. Mollod, D. Bader, M. Phillips, C.
Lang, D. Manley, S. Ali Ibrahim, P. Marcotullio, D. Reckien, A. Ruane, M. De Los Rios
White, U. Khalid, A. Ho, T. Gyeong Hamm, A. Jogesh, W. Bugler, E. Jimenez Alonso, G.
Wade, A. Rycerz, T. Bailey, M. Berensson, S. Garg, N. Farhad, S. McDaniel, and K. Yilmaz,
2018: The Future We Don’t Want: How Climate Change Could Impact the World's Greatest
Cities. UCCRN Technical Report. Urban Climate Change Research Network.

Ruessink, B. G., Bell, P. S., Van Enckevort, I. M. J., & Aarninkhof, S. G. J., 2002. Nearshore
bar crest location quantified from time-averaged X-band radar images. Coastal engineering,

45(1), 19-32.

Rumson, A.G. and Hallett, S.H., 2019. Innovations in the use of data facilitating insurance as
a resilience mechanism for coastal flood risk. Science of The Total Environment, 661,

pp-598-612.

Rumson, A.G., Garcia, A.P. and Hallett, S.H., 2020. The role of data within coastal resilience
assessments: an East Anglia, UK, case study. Ocean & Coastal Management, 185, p.105004.

Rumson, A.G., Hallett, S.H. and Brewer, T.R., 2017. Coastal risk adaptation: the potential
role of accessible geospatial Big Data. Marine Policy, 83, pp.100-110.

Ryabinin, V., Barbiere, J., Haugan, P., Kullenberg, G., Smith, N., McLean, C., Troisi, A.,
Fischer, A., Arico, S., Aarup, T. and Pissierssens, P., 2019. The UN decade of ocean science

for sustainable development. Frontiers in Marine Science, 6, p.470.

Sadeghi, M., Nguyen, P., Hsu, K. and Sorooshian, S., 2020. Improving near real-time
precipitation estimation using a U-Net convolutional neural network and geographical

information. Environmental Modelling & Software, 134, p.104856.

Sagar, S., Roberts, D., Bala, B. and Lymburner, L., 2017. Extracting the intertidal extent and
topography of the Australian coastline from a 28 year time series of Landsat observations.

Remote Sensing of Environment, 195, pp. 153—169. doi: 10.1016/j.rse.2017.04.009.

Salameh, E., Frappart, F., Almar, R., Baptista, P., Heygster, G., Lubac, B., Raucoules, D.,
Almeida, L.P., Bergsma, E.W., Capo, S. and De Michele, M., 2019. Monitoring beach
topography and nearshore bathymetry using spaceborne remote sensing: A review. Remote

Sensing, 11(19), p.2212.

155



Schiavina, M., Freire, S. and MacManus, K., 2022. GHS-POP R2023A-GHS population grid
multitemporal (1975-2030). Joint Research Centre Data Catalogue.

Schlacher, T.A., Nielsen, T. and Weston, M.A., 2013. Human recreation alters behaviour
profiles of non-breeding birds on open-coast sandy shores. Estuarine, Coastal and Shelf

Science, 118, pp. 31-42. doi:10.1016/j.ecss.2012.12.016.

Scott, T., Masselink, G., O’Hare, T., Saulter, A., Poate, T., Russell, P., Davidson, M. and
Conley, D., 2016. The extreme 2013/2014 winter storms: Beach recovery along the southwest
coast of England. Marine Geology, 382, pp. 224-241. doi: 10.1016/j.margeo.2016.10.011.

Sekar, L.G., Androws, X., Annaidasan, K., Kumar, A., Kannan, R., Muthusankar, G. and
Balasubramani, K., 2024. Assessment of shoreline changes and associated erosion and

accretion pattern in coastal watersheds of Tamil Nadu, India. Natural Hazards Research, 4(2),

pp-231-238.

Shalaby, A. and Tateishi, R., 2007. Remote sensing and GIS for mapping and monitoring land
cover and land-use changes in the Northwestern coastal zone of Egypt. Applied

geography, 27(1), pp.28-41.

Sharma, R. and Rao, P., 2021. Climate vulnerability assessment and livelihood resilience of
coastal communities: A Review of trends and Linkages. Ecol Environ Conserv, 27, pp.S452-

S458.

Sheik Mujabar, P. and Chandrasekar, N., 2013. Coastal erosion hazard and vulnerability
assessment for southern coastal Tamil Nadu of India by using remote sensing and GIS.

Natural Hazards, 69, pp.1295-1314.

Short, A.D., 2020. Australian coastal systems: beaches, barriers and sediment

compartments (Vol. 1). Switzerland: Springer.

Sinaga, K.P. and Yang, M.S., 2020. Unsupervised K-means clustering algorithm. IEEE
access, 8, pp.80716-80727.

Sleeman IV, W.C., Kapoor, R. and Ghosh, P., 2022. Multimodal classification: Current
landscape, taxonomy and future directions. ACM Computing Surveys, 55(7), pp.1-31.

Soto, E.H., Botero, C.M., Milané¢s, C.B., Rodriguez-Santiago, A., Palacios-Moreno, M., Diaz-
Ferguson, E., Velazquez, Y.R., Abbehusen, A., Guerra-Castro, E., Simoes, N. and Mucifio-

156



Reyes, M., 2021. How does the beach ecosystem change without tourists during COVID-19
lockdown?. Biological Conservation, 255, p.108972.

Sowmya, K., Sri, M.D., Bhaskar, A.S. and Jayappa, K.S., 2019. Long-term coastal erosion
assessment along the coast of Karnataka, west coast of India. International Journal of

Sediment Research, 34(4), pp.335-344.

Spalding, M.D., Ruffo, S., Lacambra, C., Meliane, 1., Hale, L.Z., Shepard, C.C. and Beck,
M.W., 2014. The role of ecosystems in coastal protection: Adapting to climate change and

coastal hazards. Ocean & Coastal Management, 90, pp.50-57.

Splinter, K. D., Gonzalez, M. V. G., Oltman-Shay, J., Rutten, J. and Holman, R., 2018.
Observations and modelling of shoreline and multiple sandbar behaviour on a high-energy
meso-tidal beach. Continental Shelf Research, 159(March), pp. 33—45. doi:
10.1016/j.csr.2018.03.010.

Splinter, K.D., Carley, J.T., Golshani, A. and Tomlinson, R., 2014. A relationship to describe

the cumulative impact of storm clusters on beach erosion. Coastal engineering, 83, pp.49-55.

Stive, M.J., De Schipper, M.A., Luijendijk, A.P., Aarninkhof, S.G., van Gelder-Maas, C., Van
Thiel de Vries, J.S., De Vries, S., Henriquez, M., Marx, S. and Ranasinghe, R., 2013. A new

alternative to saving our beaches from sea-level rise: The sand engine. Journal of Coastal

Research, 29(5), pp.1001-1008.

Sun, W., Chen, C., Liu, W., Yang, G., Meng, X., Wang, L. and Ren, K., 2023. Coastline

extraction using remote sensing: A review. GIScience & Remote Sensing, 60(1), p.2243671.

Sunger, N., Teske, S.S., Nappier, S. and Haas, C.N., 2012. Recreational use assessment of
water-based activities, using time-lapse construction cameras. Journal of exposure science &

environmental epidemiology, 22(3), pp.281-290.

Sweet, W.W.V,, Dusek, G., Obeysekera, J.T.B. and Marra, J.J., 2018. Patterns and projections

of high tide flooding along the US coastline using a common impact threshold.

Takewaka, S., 2005. Measurements of shoreline positions and intertidal foreshore slopes with
X-band marine radar system. Coastal Engineering Journal, 47(2-3), pp. 91-107. doi:
10.1142/S0578563405001203.

Talavera, L., Del Rio, L., Benavente, J., Barbero, L. and Lopez-Ramirez, J. A., 2018. UAS as

tools for rapid detection of storm-induced morphodynamic changes at Camposoto beach, SW

157



Spain. International Journal of Remote Sensing, 39(15-16), pp. 5550-5567. doi:
10.1080/01431161.2018.1471549.

Tanner, T., Lewis, D., Wrathall, D., Bronen, R., Cradock-Henry, N., Huq, S., Lawless, C.,
Nawrotzki, R., Prasad, V., Rahman, M.A. and Alaniz, R., 2015. Livelihood resilience in the
face of climate change. Nature Climate Change, 5(1), pp.23-26.

Tatem, A.J., 2017. WorldPop, open data for spatial demography. Scientific data, 4(1), pp.1-4.

Tessler, Z.D., C.J. Vorosmarty, I. Overeem and J.P. Syvitski, 2018: A model of water and
sediment balance as determinants of relative sea level rise in contemporary and future deltas.

Geomorphology, 305, 209-220.

Tobler, W.R., 1970. A computer movie simulating urban growth in the Detroit

region. Economic geography, 46(supl), pp.234-240.

Toure, S., Diop, O., Kpalma, K. and Maiga, A.S., 2019. Shoreline detection using optical

remote sensing: A review. ISPRS International Journal of Geo-Information, 8(2), p.75

Townsend, D., Leyland, J., Kassem, H., Thompson, C.E., Townend, I.H., Bell, P.S. and Bird,
C.0., 2025. Seasonal mobility of transverse finger bars within a mixed sand-gravel bay

measured using X-band Radar. Geomorphology, 469, p.109517.

Trento Oliveira, L., Kuffer, M., Schwarz, N. and Pedrassoli, J.C., 2023. Capturing deprived
areas using unsupervised machine learning and open data: a case study in Sao Paulo, Brazil.

European Journal of Remote Sensing, 56(1), p.2214690.

Tsiakos, C.A.D. and Chalkias, C., 2023. Use of machine learning and remote sensing
techniques for shoreline monitoring: A review of recent literature. Applied Sciences, 13(5),

p-3268.
Tukey, J. W. 1977. Exploratory data analysis. Addison-Wesley.

Turner, I.L., Harley, M.D., Almar, R. and Bergsma, E.W., 2021. Satellite optical imagery in
Coastal Engineering. Coastal Engineering, 167, p.103919.

Tzepkenlis, A., Grammalidis, N., Kontopoulos, C., Charalampopoulou, V., Kitsiou, D.,
Pataki, Z., Patera, A. and Nitis, T., 2022. An integrated monitoring system for coastal and
Riparian areas based on remote sensing and machine learning. Journal of Marine Science and

Engineering, 10(9), p.1322.

158



Uebelhoer, L., Koon, W., Harley, M.D., Lawes, J.C. and Brander, R.W., 2022. Characteristics
and beach safety knowledge of beachgoers on unpatrolled surf beaches in Australia. Natural

hazards and earth system sciences, 22(3), pp.909-926.

UNFCCC (2019) Enhancing Resilience of Coastal Zones. Bonn: United Nations Framework

Convention on Climate Change.

United Nations (UN), n.d., Global bathymetry and topography, The Ocean Atlas. Available at:
https://www.oceansatlas.org/subtopic/en/c/114/ (Accessed: 24 January 2025).

United Nations Environment Programme (UNEP), no date. Ocean, Seas and Coasts.

Available at: https://www.unep.org/topics/ocean-seas-and-coasts [Accessed 18 November

2024].

Valdemoro, H.I. and Jiménez, J.A., 2006. The influence of shoreline dynamics on the use and

exploitation of Mediterranean tourist beaches. Coastal Management, 34(4), pp.405-423.

Vidya, K.N., Parvathaneni, S.S., Haritha, Y. and Phaneendra Kumar, B.L., 2022, November.
Change Detection in Multispectral Remote Sensing Images. In Conference of Innovative
Product Design and Intelligent Manufacturing System (pp. 405-414). Singapore: Springer
Nature Singapore.

Vinh, V.D., S. Ouillon, T.D. Thanh and L. Chu, 2014: Impact of the Hoa Binh dam (Vietnam)
on water and sediment budgets in the Red River basin and delta. Hydrol. Earth Syst. Sci.,
18(10), 3987-4005.

Vitousek, S., Buscombe, D., Vos, K., Barnard, P.L., Ritchie, A.C. and Warrick, J.A., 2023.
The future of coastal monitoring through satellite remote sensing. Cambridge Prisms: Coastal

Futures, 1, p.el0.

Vos, K., Harley, M. D., Splinter, K. D., Walker, A. and Turner, I. L., 2020. Beach Slopes
From Satellite-Derived Shorelines. Geophysical Research Letters, 47(14). doi:
10.1029/2020GL088365.

Vos, K., Splinter, K.D., Harley, M.D., Simmons, J.A. and Turner, I.L., 2019. CoastSat: A
Google Earth Engine-enabled Python toolkit to extract shorelines from publicly available
satellite imagery. Environmental Modelling & Software, 122, p.104528.

159


https://www.unep.org/topics/ocean-seas-and-coasts

Vousdoukas, M. 1., Ranasinghe, R., Mentaschi, L., Plomaritis, T. A., Athanasiou, P.,
Luijjendijk, A. and Feyen, L., 2020. Sandy coastlines under threat of erosion. Nature Climate
Change, 10(3), pp. 260-263. doi: 10.1038/s41558-020-0697-0.

Vousdoukas, M.I., Mentaschi, L., Voukouvalas, E., Verlaan, M., Jevrejeva, S., Jackson, L.P.
and Feyen, L., 2018. Global probabilistic projections of extreme sea levels show

intensification of coastal flood hazard. Nature communications, 9(1), p.2360.

Wallbridge, S., Dolphin, T. and Taylor, C.J.L., 2019. X-band radar as a tool for monitoring
natural coastal behaviour and potential development impacts. Journal of Operational

Oceanography, 12(sup2), pp. S199-S211. doi:10.1080/1755876X.2018.1526462.

Walsh, K.J., McInnes, K.L. and McBride, J.L., 2012. Climate change impacts on tropical
cyclones and extreme sea levels in the South Pacific—A regional assessment. Global and

Planetary Change, 80, pp.149-164.

Wang, C., Morgan, G.R. and Morris, J.T., 2023. Drone Lidar deep learning for fine-scale bare
earth surface and 3D marsh mapping in intertidal estuaries. Sustainability, 15(22), p.15823.

Ward, K. D., Tough, R. J. A. and Watts, S., 2007. Sea clutter: Scattering, the K distribution
and radar performance, Waves in Random and Complex Media, 17:2, 233-234, doi:
10.1080/17455030601097927

Ware, D., Buckwell, A., Tomlinson, R., Foxwell-Norton, K. and Lazarow, N., 2020. Using
historical responses to shoreline change on Australia’s Gold Coast to estimate costs of coastal

adaptation to sea level rise. Journal of Marine Science and Engineering, 8(6), p.380.

Weston, M.A., Dodge, F., Bunce, A., Nimmo, D.G. and Miller, K.K., 2012. Do temporary
beach closures assist in the conservation of breeding shorebirds on recreational beaches?.

Pacific conservation biology, 18(1), pp.47-55.

Whitcraft, A. K., Vermote, E. F., Becker-Reshef, 1., & Justice, C. O., 2015. Cloud cover
throughout the agricultural growing season: Impacts on passive optical earth observations.

Remote Sensing of Environment, 156, 438—447. https://doi.org/10.1016/j.rse.2014.10.009

Williams, R. 2012. DEMs of difference. Geomorphological Techniques, 2(3.2),

Wolft, C., Nikoletopoulos, T., Hinkel, J. and Vafeidis, A.T., 2020. Future urban development

exacerbates coastal exposure in the Mediterranean. Scientific reports, 10(1), p.14420.

160


https://doi.org/10.1016/j.rse.2014.10.009

World Bank. 2010. World Development Report 2010: Development and Climate Change. ©
Washington, DC. http://hdl.handle.net/10986/4387 License: CC BY 3.0 IGO

Wulder, M.A., Roy, D.P., Radeloff, V.C., Loveland, T.R., Anderson, M.C., Johnson, D.M.,
Healey, S., Zhu, Z., Scambos, T.A., Pahlevan, N. and Hansen, M., 2022. Fifty years of

Landsat science and impacts. Remote Sensing of Environment, 280, p.113195.

Yang, X., Yao, C., Chen, Q., Ye, T. and Jin, C., 2019. Improved estimates of population
exposure in low-elevation coastal zones of China. International Journal of Environmental

Research and Public Health, 16(20), p.4012.

Yoo, G., Hwang, J.H. and Choi, C., 2011. Development and application of a methodology for
vulnerability assessment of climate change in coastal cities. Ocean & Coastal Management,

54(7), pp.524-534.

Yu, H., Yang, J., Li, T., Jin, Y. and Sun, D., 2022. Morphological and functional polycentric
structure assessment of megacity: An integrated approach with spatial distribution and

interaction. Sustainable Cities and Society, 80, p.103800.

Zhang, F., Wang, X.H., Nunes, P.A. and Ma, C., 2015. The recreational value of gold coast
beaches, Australia: An application of the travel cost method. Ecosystem Services, 11, pp.106-

114.

Zhang, K., Whitman, D., Leatherman, S. and Robertson, W., 2005. Quantification of beach
changes caused by Hurricane Floyd along Florida’s Atlantic coast using airborne laser

surveys. Journal of Coastal Research, 21(1), pp. 123—134. doi: 10.2112/02057.1.

Zhao, B., Guo, H., Yan, Y., Wang, Q. and L1, B., 2008. A simple waterline approach for
tidelands using multi-temporal satellite images: A case study in the Yangtze Delta. Estuarine,

Coastal and Shelf Science, 77(1), pp.134-142.

161



	Acknowledgements
	Abstract
	Publications
	Table of Contents
	List of Figures
	List of Tables
	1. Introduction
	1.1. Background
	1.1.1. Resilience for coastal environments
	1.1.2. Socio-economic implications of coastal hazards
	1.1.3. Strategies for enhancing resilience and managing coastal hazards
	1.1.4. The importance of monitoring our coastlines
	1.1.5. Evolution of monitoring techniques
	1.1.6. The role of data analysis in coastal monitoring and resilience
	1.1.7. Applications of machine learning in coastal monitoring

	1.2. Problem statement/ Research gaps
	1.3. Thesis aims
	1.4. Methodological approach
	1.5. Thesis structure

	2. Spatial-Temporal variability – Characterisation of a beach system using high resolution radar data
	2.1. Introduction
	2.2. Materials and Methods
	2.2.1. Data collection and study site
	2.2.2. Data preparation

	2.3. Results
	2.3.1. Segmentation of coastal zones
	2.3.2. Seasonal variation
	2.3.3. Monitoring elevation changes resulting from stormy conditions

	2.4. Discussion
	2.4.1. Spatial variation
	2.4.2. Temporal variation
	2.4.3. Storm event behaviour
	2.4.4. Equilibrium profiles
	2.4.5. Value to coastal managers

	2.5. Conclusions

	3. Monitoring beach user movement: Classification of beach user trajectories with stationary X-Band radar imagery
	3.1. Introduction
	3.2. Data and methods
	3.2.1. Study area
	3.2.2. Data collection and pre-processing
	3.2.3. Particle Tracking
	3.2.4. Labelling the trajectory classes
	3.2.5. Data validation
	3.2.6. Models and evaluation

	3.3. Results
	3.3.1. Feature analysis
	3.3.2. Model testing

	3.4. Discussion
	3.5. Conclusion

	4. Navigating Coastal Resilience: Exploring Population Density and Coastal Proximity Dynamics Along the Gold Coast.
	4.1. Introduction
	4.2. Methods
	4.2.1. Study area
	4.2.2. Data and processing
	4.2.2.1. Coastline data
	4.2.2.2. Population data
	4.2.2.3. Distance to coastline per population area
	4.2.2.4. Temporal clustering

	4.2.3. Empirical strategy

	4.3. Results
	4.3.1. Population dynamics
	4.3.2. Coastal proximity
	4.3.3. Interplay between population and coastal proximity dynamics

	4.4. Discussion and conclusions

	5. Discussion and Conclusion
	5.1. Assessing research outcomes
	5.2. Summary of key research findings
	5.3. Contributions and implications
	5.3.1. Machine Learning Classification and Clustering Models
	5.3.2. Patterns and Trends in the Human Use of Beaches.
	5.3.3. Characterising Spatially Heterogenous Coastal Change.
	5.3.4. Advancing Coastal Monitoring with Remote Sensing and Human Activity Analysis
	5.3.4.1. Marine Radar for Coastal Morphodynamics and Human Activity Monitoring
	5.3.4.2. Integrating Remote Sensing for Coastal Resilience and Management
	5.3.5. Engagement with coastal stakeholders and further application

	5.4. Limitations
	5.4.1. Data
	5.4.2. Methods
	5.4.3. Scope

	5.5. Opportunities for future research

	Appendices
	A: Chapter 3 Appendix

	Bibliography

