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ABSTRACT

Resilient coastal communities and sustainable marine economies require actionable knowledge to plan for and
adapt to emerging and potential future climate change, particularly in relation to ecosystem services and coastal
hazards. Such knowledge necessarily draws heavily on coastal ocean modelling of future climate impacts, using a
great diversity of both global and regional approaches to explore multiple societal challenges in coastal and shelf
seas around the world. In this paper, we explore the challenges, solutions and benefits of developing a better
coordinated and global approach to future climate impacts modelling of the coastal ocean, in the context of the
UN Decade of Ocean Science for Sustainable Development project Future Coastal Ocean Climates (FLAME; part of
the CoastPredict programme). Particularly, we address the need for diverse modelling approaches to meet
different societal challenges, how regions can be harmonised through clustering and typology approaches, and
how coordination of experimental designs can promote a better understanding of uncertainties and regional
responses. Improved harmonisation of future climate impact projections in the global coastal ocean would allow
sectoral and cross-sectoral global scale risk assessments, improve process understanding and help build capacity
in under-represented areas such as the global south and small island developing states. We conclude with a
proposed framework for a Global Coastal Ocean Model Intercomparison Project.

1. Introduction
1.1. Motivation

The impact of climate change on the marine environment is one of
the greatest societal challenges of our time, described in detail by Cooley
et al. (2023). Climatic effects on coastal hazards (such as flooding and
erosion) brought about by sea level rise, storm surges and extreme waves
put lives, livelihoods and infrastructure in coastal regions in danger.
Climate change threatens the preservation of resilient and ecologically
diverse marine ecosystems, and the sustainable harvesting of living
marine resources. Accurate future projections are needed to better un-
derstand the impact of climate change on the coastal ocean and to
strengthen the capacity of coastal communities to live with such im-
pacts, by minimising the threats presented by climate change and
maximising the opportunities.

The coastal ocean spans the marine environment from the conti-
nental shelf-slope to the landward limit of saline water and is a region of
immense societal importance. The world’s largest urban settlements
boarder the coastal ocean, particularly beside estuaries. Currently, one
billion people occupy land less than 10 m above current high tide limits,
including 230 M below 1 m (Kulp and Strauss, 2019). For a moderate
future greenhouse gas emissions scenario (RCP4.5) a total of 360
(310-420) million people will be threatened by annual flood events by
2100 (Kulp and Strauss, 2019). Coastal zones are threatened by sea level
rise and an increasing frequency of extreme water levels, during which
most damage occurs (e.g. Fox-Kemper et al., 2023; Vousdoukas et al.,
2018). Global climate models consistently project a long term mean
global sea level rise (Hamlington et al., 2020), which increases the fre-
quency of storm surges and extreme waves (Fox-Kemper et al., 2023;
Jevrejeva et al., 2023), and so low-lying populated coastlines are ex-
pected to be increasingly exposed to coastal hazards. Sea level rise
induced risks include permanent submersion of coastal zones, coastal
flooding, coastal erosion, salt intrusion in surface and ground water
(with adverse impacts on drinking water and agriculture), drainage
difficulties, and coastal ecosystems degradation or loss, e.g., of coastal
wetlands and mangroves. Projected changes in the tracks, intensity and
frequency of extreme storms are much less certain and highly regionally
specific, but potentially compound these risks (Seneviratne et al., 2023).
Similarly changes to riverine inputs to coastal seas, for example
following extreme rainfall events, potentially enhances coastal
pollution.

Coastal oceans provide a diverse range of ecosystem services, e.g.
food production, coastal protection, carbon sequestration and cultural
amenity, among many others. These are all, to varying degrees,
vulnerable to climate change. Fisheries and aquaculture play an
increasingly important role in providing food to growing populations.
With changes in diets, aquatic food consumption is expected to increase

by 15 % by 2030, with continued expansion expected primarily in
aquaculture production (FAO, 2022). There are many projected impacts
of climate change on marine life at a species, ecosystem and habitat level
(Cooley et al., 2023), which are potentially confounded by trends in
overfishing and land-sourced pollution. Increasing water temperature,
reduced surface nutrients, ocean acidification and hypoxia are consid-
ered the most critical climate-induced ecosystem stressors in the open-
ocean (Bopp et al., 2013), affecting species distributions and commu-
nity structures throughout the food-web.

All sectors of the marine economy are potentially impacted by
climate change, including shipping and maritime operations (e.g. due to
changes in storm conditions and sea ice cover; Aksenov et al., 2017),
tourism (e.g. due to harmful and nuisance algae), marine renewable
energy (e.g. due to changes to wind and wave conditions), and energy
and information cables (e.g. due to shifts in seabed morphology and
wave climate; Bricheno et al., 2024).

Actions that will increase the resilience of the coastal ocean and its
communities to future climate change require knowledge of:

1. The environmental hazards, their frequency, drivers and severity

2. The exposure of people, ecosystems, infrastructure and other assets
to these hazards

3. The vulnerability of these exposed elements

4. Their ability to adapt to climate impacts

(IPCC, 2014)

While global climate models (GCMs) and earth system models
(ESMsl) are our primary tools for understanding future changes in the
climate system, they are not primarily designed as climate impact
models. The models of the sixth (and most recent) phase of the Coupled
Model Intercomparison Project (CMIP6) represent a significant
improvement over previous phases of CMIP, for example, including
more complex representation of biogeochemical interactions, improved
cycling of alkalinity (Planchat et al., 2023), better cloud and precipita-
tion schemes, and often higher spatial resolution. However, they are not
designed as coastal ocean climate impact models and so are not well
suited to this task, nor are they expected to be. Specifically, ESMs have
comparatively low spatial resolution, exclude coastal ocean processes
(see below and Holt et al., 2017; Ward et al., 2020) and have poor
representation of complex bathymetry and coastlines. In CMIP6, com-
plex ESMs typically have 100 km ocean resolution (but range from 50-
100 km), whereas some ESMs have ocean resolutions as fine as 10-40
km (Hewitt et al., 2020). The higher resolution ESMs largely participate

1 For simplicity the term ESM is used throughout this paper to refer to both
coupled models of the physical climate (GCMs), and those with more complex
biological and chemical components.
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in HighResMIP (Haarsma et al., 2016), with a more limited protocol
with fewer/different scenarios and reduced forecast horizon, e.g. only to
2050. The average resolution for ocean component models in CMIP6
was 58 km, compared with 87 km in CMIP5. While this is an improve-
ment, it remains a long way from the minimum acceptable resolution in
the coastal ocean (Holt et al., 2017). Moreover, ESMs generally neglect
key coastal ocean processes such as tides, surface waves, benthic pro-
cesses, and riverine inputs of carbon and nutrients. A similar situation is
found in the resolution of the atmospheric component of these ESMs
(50-250 km) with HighResMIP reaching 20-50 km. In the coastal ocean
context, sufficient atmospheric resolution is crucial for providing
geographic detail, coastal orographic effects and accurate extreme
conditions (Iles et al., 2020).

Approaches using limited area and/or targeted sectoral (e.g. ocean-
sea ice only) modelling (known as dynamical downscaling) provide
the most commonly employed solution to address issues of resolution in
both the ocean and atmosphere. For regional climate projections, this is
organised through the Coordinated Regional Climate Downscaling
Experiment (CORDEX; Giorgi, 2019; https://cordex.org/). While COR-
DEX does include ocean-atmosphere coupled protocols (e.g. Med-
CORDEX; Somot et al., 2024) it is not focused on the coastal ocean,
nor on coastal hazards or marine ecosystems, and many CORDEX re-
gions only downscale the atmosphere. The Coordinated Ocean Wave
Climate Project (COWCLIP; Hemer et al., 2012) provides a coordinated
assessment of global wave climate models, aiming to provide guidelines
for the analysis of wave models and standardize the analysis, particu-
larly as related to future climate projections at global and regional scales
(Morim et al., 2019). The Surge Model Intercomparison Project (Sur-
geMIP) aims to improve storm surge projections (Bernier et al., 2024),
bringing together different global storm surge modelling systems to
produce future projections and help coastal communities prepare for the
impacts of climate change. Exploring the impacts of climate change on
marine higher trophic levels and fisheries is the subject of FishMIP
(Tittensor et al., 2018). FishMIP is one of many impacts modelling
projects contributing to the Inter-sectoral Model Intercomparison Proj-
ect (https://www.isimip.org/). There is not presently an analogous
effort to coordinate studies focusing on the impacts of climate change in
coastal and shelf seas.

The UN Decade of Ocean Science for Sustainable Development
(UND) is focused on promoting sustainable development and addressing
global challenges related to the ocean. It aims to strengthen scientific
knowledge and partnerships and enhance the capacity of countries and
communities to address ocean related issues. Endorsed by the UND, the
Future Coastal Ocean Climates (FLAME) project aims to bridge the
identified gap between the available state-of-the-art regional and global
climate models and the need to provide more accurate climate pro-
jections of the entire earth system in coastal ocean environments.
Working alongside the UND Collaborative Centre for Coastal Resilience
and the CoastPredict Programme, and by developing a better under-
standing of the interactions between coastal ocean ecosystems, climate
change, and human activities, FLAME aims to help ensure that all
communities have the knowledge and resources necessary to increase
their resilience to climate change in the coastal ocean. Capacity building
in underrepresented areas, such as the global south and small island
developing states, is a particular priority (Evans et al., 2024). The
project will allow for sectoral and cross-sectoral global scale risk as-
sessments by promoting collaboration and coordination across regions
and modelling approaches.

Complimentary to FLAME, a joint Task Force on Regional Ocean
Modelling and Climate Projections was convened in 2024 under the
World Climate Research Programme (WCRP) CLIVAR-Ocean Model
Development Pannel and CORDEX (https://cordex.org/strategic-activit
ies/taskforces/task-force-on-regional-ocean-climate-projections/;
CLIVAR-CORDEX-Ocean-TF). This Tasks Force aims to develop a stra-
tegic plan over 2025, notably to coordinate regional ocean climate
projections (physics, biogeochemistry, sea-ice) worldwide by
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developing coordinated simulation protocols and by delivering stan-
dardized datasets, one of the goals being to improve regional ocean
contribution to expert assessment reports (notably IPCC-AR7). The
aspiration being that this plan evolves into a long-term CLIVAR-COR-
DEX initiative.

1.2. Overview of the paper

There is a diverse value chain involved in implementing a future
climate downscaling study, particularly involving the interaction be-
tween multiple communities of practice (Fig. 1). No single modelling
approach can represent the myriads of interacting earth system com-
ponents in coastal ocean environments across all necessary spatiotem-
poral scales to adequately project coastal hazards and ecosystem
response to climate change. Hence, we are faced with complex model-
ling choices and trade-offs, which we aim to explore here. In this paper
we consider these choices from the perspective of how to deliver a more
coordinated approach, particularly regarding the wide diversity of mo-
tivations for this activity and of resources to deliver it. Drenkard et al.
(2021) propose a downscaling protocol for Living Marine Resource
studies and this is readily generalised to wider applications. This paper
addresses each of these aspects as follows:

e Problem analysis (Section 1 and 2):
o Essential processes
o Spatiotemporal scales
o Region selection
Model selection (Section 3):
o Global and regional model choices
o Coupling and Earth System components
o Alternative approaches, including Machine Learning
Uncertainty and simulation strategy (Section 4):
o Large scale regional climate change analysis
o Scenario selection
o Forcing selection:
= Ocean (if not global),
m Atmosphere (if not coupled),
= Land (if not coupled)
m All consistent and for particular future scenario(s)
o Forcing protocol (e.g. bias correction), initialisation and spin-up
o Transient versus time-slice versus climate-delta approach
o Validation and confidence
e Actionable knowledge (Section 5)
o Sharing code and data for end users and capacity development
o Co-design of expected outcomes with end users

The paper ends with a proposed outline framework for a future
Global Coastal Ocean Model Intercomparison Project (GCO-MIP; Section
6). This would be organised in four inter-related Strands:

. Common meta-data, assessment, diagnostics and best practice
. Standard model experiments

. Standard model regions and case studies

. Data dissemination and end user communication

A WN R

How the aspects of downscaling experiment design inform these
strands is highlighted throughout the paper.

1.3. Background

The impacts of climate change in the coastal ocean arise from com-
binations of large-scale drivers via atmospheric, oceanic and terrestrial
vectors. These drivers span the processes described in various chapters
of IPCC WG I, and so will not be described in detail here. But to sum-
marise, they include changes in:
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Fig. 1. The steps involved in developing actionable knowledge of climate impacts in the global coastal ocean. The different coloured regions loosely represent

different communities of practice.

e Surface heat, water and momentum fluxes

e Large scale oceanic water masses and sea ice characteristics and
distribution

e Large scale atmospheric and oceanic circulation

e Frequency, position and intensity of storms

e Extremes in air temperature and precipitation

e Atmospheric seasonality (e.g. monsoon cycles)

e Atmospheric chemical composition (e.g. increase in CO3)

e Large-scale modes of climate variability (NAO, PDO, ENSO etc)

e Hydrological flows and riverine biogeochemical input

These large-scale drivers are modulated by regional and local
—9
—_

e

\\\\ Atr:os;r‘\e:re

surface warming

Shelf circulation

Acidification
Productivity. -~

processes, and the complexity of this interaction often implies that the
coastal ocean climate change impacts differ qualitatively and quantita-
tively from their open-ocean counterparts, and the local response cannot
be robustly determined from the large-scale drivers alone: some form of
regionalisation is required. Here we briefly summarise, in general terms,
the relevant coastal ocean processes (Fig. 2) that such downscaling
studies might aim to understand and so add value to the wider scale
view. Understanding these driver-response relationships sets the scales
that need to be resolved, and processes included in any model experi-
ment design.

Processes related to coastal ocean response to climate change

Surface warming is a ubiquitous effect of climate change. It

Sea levelrise Storm surge Extreme waves

Fig. 2. Processes related to coastal ocean response to climate change.
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increases coastal ocean permanent and seasonal stratification (Holt
et al., 2022), which in turn reduces vertical turbulent fluxes, shoals
mixed layers, decouples currents from topography, enhances fine scale
processes (e.g. jets, eddies and internal waves) and modifies the density
driven circulation patterns. The reduced vertical turbulent fluxes
particularly decrease the re-supply of nutrients to depleted surface wa-
ters and inhibit the re-oxygenation of deeper waters. Increased tem-
perature reduces the solubility of dissolved gases (e.g., O2 and CO2) and
increases biogeochemical rates (e.g. remineralisation). Wider ecosystem
effects include shifts, generally poleward, in species range boundaries.
Warmer sea surface temperature (SST) also leads to rapid intensification
and poleward movement of tropical cyclones, and thus storm surges and
intense waves.

Marine heatwaves are prolonged periods of anomalously warm
water that can extend over thousands of kilometres and can persist for
several days or months (Hobday et al., 2016). They can be driven by
changes in the advection and mixing of heat in the ocean or by atmo-
spheric forcing (Berthou et al., 2024). These events have caused wide-
spread impacts and disruption to marine ecosystems at surface and
depth (e.g. Smale et al., 2019); coral bleaching being a notable example.
Depending on their definition, they have generally increased in fre-
quency, duration and intensity globally and are projected to increase
further under climate change (Frolicher et al., 2018). A key open
question is whether or not to change the baseline for marine heatwave
identification with secular warming trends.

Increased open-ocean stratification is a robust response of the
ocean to increased atmospheric temperatures and surface freshwater
input (Fox-Kemper et al., 2023), which affects ocean-shelf transport, e.g.
through accelerating slope currents by increased along-slope density
gradients and reduces upper ocean nutrients and the concentration of
these advected on-shelf, e.g. by reducing their resupply by open-ocean
deep winter convection (Mathis et al., 2019).

Shelf sea circulation and ocean-shelf exchange control the ma-
terial property distribution in shelf seas across a range of scales and a
variety of processes (Huthnance, 1995). They are driven by wind and
buoyancy forcing and include tidal residuals. Each of these is impacted
by climate change and in some cases dramatic modifications in circu-
lation are projected (Holt et al., 2018). This potentially leads to sub-
stantial changes in biogeochemistry (Galli et al., 2024; Wakelin et al.,
2020).

Shifting ocean boundary currents provide a dynamic link between
the open and coastal ocean, mediating property exchange between the
two. In all ocean basins, the intensification and/or shift of western
boundary currents (Yang et al., 2016) can result in a rapid “tropicali-
zation” of temperate regions (Wu et al., 2012). For example, the accel-
eration of the East Australian Current leads to one of the strongest
warming hotspots, reaching 0.4 °C per decade from 1982 to 2016 in the
Tasman Sea (Shears and Bowen, 2017). This in turn impacts marine
ecosystems, e.g. with many fish species extending their southern range,
and with the arrival of invasive species and the loss of endemic eco-
systems (Robinson et al., 2015).

Upwelling is generally expected to intensify under future climate
heating as the land is expected to warm faster than the ocean, which will
strengthen atmospheric pressure gradients and intensify alongshore
winds (Bakun, 1990). ESMs generally project changes in wind patterns
that drive an increase in upwelling in the eastern boundary upwelling
systems’ poleward regions and a weakening in equatorward regions
(Bograd et al., 2023). Such changes will affect the transport of deep
ocean water into the coastal ocean. This water is high in nutrients, low
oxygen and pH, and so influences primary production and the wider
ecosystems in the coastal ocean. Competing processes lead to extensive
uncertainty on the effects of climate change in upwelling systems (Pozo
Buil et al., 2021), e.g. due to changing source water composition
(Rykaczewski and Dunne, 2010) and the depth of upwelling.

Global sea level rise results from the thermal expansion of the
ocean, land ice mass loss from mountain glaciers and ice sheets, and
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changes in land water storage (Fox-Kemper et al., 2023). Regional sea
level rise (relative to land movement) deviates substantially from this
global mean (e.g. Palmer et al., 2020) due to the redistribution of heat,
salt and mass in the ocean by circulation and the redistribution of land-
based ice and water, among other effects (Woodworth et al., 2019).
Moreover, the frequency of coastal flooding events (e.g. from storm
surges) is substantially increased by large-scale sea level rise (Jevrejeva
et al., 2023). Regional Sea Level Rise Assessment Reports highlight the
need for climate coastal downscaling to interface with policy makers for
adaptation planning (van den Hurk et al., 2024).

Storm surges and extreme waves are significant causes of coastal
flooding. They are driven by the winds and, to a lesser extent, pressure
associated with storm systems. On open shelf seas storm surges largely
follow long-wave rotational dynamics (i.e. Kelvin waves) with frictional
effects increasingly important in shoaling water. As the coast is
approached, resonance, tide-surge interaction and other non-linear ef-
fects can become important (Olbert et al., 2013) and restricted flow
through narrow channels into isolated basins may also have local-to-
regional effects (Olbert and Hartnett, 2010).

Reduced sea ice cover will increase the exposure of high latitude
coastal oceans to wind forcing, increase light availability through the
water column, increase air-sea gas exchange and increase exposure of
coasts to wave effects. Consequent ocean spin up (Muilwijk et al., 2024)
leads to increased mixing, potentially mixing up of warmer water to the
base of the ice, further accelerating sea ice loss (Rippeth and Fine, 2022).

Ocean acidification results from the continuous increase of atmo-
spheric CO,, increased oceanic uptake of CO, and consequent decrease
in oceanic pH and carbonate ions. Ocean acidification has been observed
to impact at both an organism and ecosystem level (Doney et al., 2020);
the magnitude of the impact strongly depends on the ecosystem, its
resilience and the intensity of the other stressors (e.g. warming and
eutrophication). Important interactions have emerged with other
stressors including, most notably, harmful algal blooms (HABs) and
temperature, with studies suggesting acidification and warming may
promote growth and toxin production in HABs (Brandenburg et al.,
2019).

Deoxygenation is manifest in the global coastal ocean (0-30 km
from the coast) as the oxygen inventory here has been declining on
average by —0.28 umolLlyr! over 1976-2000 (Gilbert et al., 2010).
This change is driven by warming decreasing oxygen solubility, by
changes in ecosystem productivity and phenology, altering oxygen
production and consumption, and by changes to vertical and lateral
transport. In the coastal ocean, the oxygen state is also modified by
interaction with terrestrial nutrient input and consequent eutrophica-
tion, benthic processes, and circulation (e.g. upwelling of low oxygen
water) and mixing (e.g. whole water column ventilation) patterns
(Breitburg et al., 2018).

Biological productivity is central to marine ecosystem health.
Globally, net primary production is generally projected to decline due to
reduced vertical nutrient fluxes resulting from increased stratification.
However, there is a high degree of variability across regions and models,
with both positive and negative trends being projected. This variability
arises from the delicate balance of processes controlling primary pro-
duction (light and nutrient limitation, temperature dependent recycling,
zooplankton grazing etc), and the variability is seen to increase from
CMIP5 to CMIP6 (Kwiatkowski et al., 2020). This uncertainty is ampli-
fied in the coastal ocean as further processes are introduced, e.g. ocean-
shelf transport, riverine nutrient inputs and benthic exchange (Holt
et al.,, 2012; Holt et al., 2016). Hence, the sign of change in primary
production is highly context dependent. This in turn leads to highly
variable changes in zooplankton productivity; there is evidence of tro-
phic amplification, i.e. both positive and negative relative changes in
secondary production are greater than the corresponding change in
primary production (e.g. Chust et al., 2014). Changes in productivity at
higher trophic levels are subject to bottom-up climatic controls as well
as changes at a species level and at a food web/ecosystem level. For wild
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capture fisheries, fishing pressure and hence, fisheries management
practices, also impact productivity.

Coastal habitats such as seagrass, macroalgae, salt marshes, man-
groves and corals are economically and ecologically valuable; they
contribute to primary production, are the foundation for complex food
chains and serve as habitats for many invertebrates and juvenile fish
(Fulton et al., 2019). In many cases they also offer natural protection
from coastal hazards and sequester significant amounts of carbon,
among many other ecosystem services. They are threatened by stressors
such as declining water quality (Baird et al., 2016), rising temperatures
and shifts in species competition (e.g. invasive species following changes
in ocean circulation and temperature). In many coastal systems, sea
level rise is manifest as an inland encroachment of the sea. This often
shrinks the space available for near-coastal habitats in a process known
as coastal-squeeze. In reef environments, the competition between coral,
seagrasses and macroalgae is driven by complex interactions between
water quality, cyclone season, and large scale weather drivers, such as
ENSO (Holbrook et al., 2020). Climate change leads to an increase in
frequency and intensity of stressor events, and so to multiple stressor
impacts and the recovery times between disturbances becomes too short
for the coral reef to survive (Miller, 2015).

Riverine runoff can change dramatically as a result of both climate-
driven changes in catchment precipitation (from the accelerated hy-
drological cycle) and human water extraction (especially for agricultural
purposes). Reduced river flow can lead to increased saltwater intrusion
and aquifer salinization (Ferguson and Gleeson, 2012; van de Wal et al.,
2024), and also reduced coastal stratification and decreases in local sea
level (Verri et al., 2024). Moreover, extreme precipitation events, with
accompanying biogeochemical and sediment input, can lead to degra-
dation of coastal ocean water quality and shifts in coastal morphology
and erosion patterns.

Upscaling coastal ocean processes to the wider earth system

Climate change impact studies of the coastal ocean also provide in-
sights into the role of ocean margins in global scale change, which is also
often poorly represented in ESMs. While they do not necessarily describe
the complete interaction with the earth system, regional studies can
identify the contribution of different processes and their response to
change, and also inform the development of more comprehensive ESMs.
Some key processes involved in this upscaling are:

Biogeochemical cycling processes that result in a net transport of
carbon from the surface to the deep ocean (the biological carbon pump)
have been estimated to contribute to the sequestration of 5-13 PgC yr!
(e.g. Siegel et al., 2014). The coastal ocean is estimated to contribute
0.37-0.59 PgC yr ! of this (Resplandy et al., 2024). While this is a small
component (5-7 %) of the global value, it is highly uncertain, highly
vulnerable to future change, and generally poorly represented in ESMs.
Furthermore, the ocean is a net source of two potent greenhouse gases:
nitrous oxide and methane (Resplandy et al., 2024), which offset the
carbon uptake via the CO; sink (by 30-60 %). Resplandy et al. (2024)
compared observed and modelled products and attributed the apparent
systematic seasonal offset to the winters in high latitudes, highlighting
the contribution of riverine carbon inputs, which are often poorly
resolved in ESMs.

Ecological connectivity between different communities can be
impacted by climatic changes in shelf-ocean transport, shelf sea circu-
lation and boundary currents noted above, changing the transport of
larvae, mixing or isolating genetically different communities and
introducing non-native species. This, in combination with shifting
ranges of habitability, can have ecological impacts at ocean basin scales
(e.g. Kelly et al., 2020).

Ocean-ice sheet interactions play a crucial role in determining mass
loss from continental ice sheets, and therefore future sea level rise.
Enhanced penetration of warm sub-tropical waters to higher latitudes
enhances the likelihood of these warm waters being exchanged onto the
continental shelf and then into fjords or other coastal areas where they
can enhance the melting of tidewater glaciers (Straneo and Heimbach,
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2013).

Dense water formation is a climatically important process in
several coastal ocean regions, such as in the Arctic, Southern Ocean and
Mediterranean. Dense water cascading in coastal and shelf seas e.g. in
the Arctic (Luneva et al., 2020), contribute to the formation of deep
water masses. These can modify open-ocean convection and contribute
the lower limbs of the meridional overturning circulation (Dey et al.,
2024). This helps control the distribution of excess (anthropogenic) heat
and carbon across the global ocean, and also delivers oxygen to deep
waters.

Climate interventions, in the form of net removal of carbon dioxide
from the atmosphere, are now required alongside significant decar-
bonisation of human activity to limit global warming to 2 °C above pre-
industrial levels (IPCC, 2023). Accelerating the uptake of carbon dioxide
by the ocean (marine Carbon Dioxide Removal; mCDR) is gaining
prominence as an option for net negative emissions. Examples include
Ocean Alkalinity Enhancement (OAE), which restores the oceans’ pH to
pre-industrial concentrations and so increases the capacity of oceans to
absorb atmospheric CO, (Lenton et al., 2018) and carbon sequestration
by growing and/or sinking macroalgae (OceanVisions and MBARI,
2022). The practicality and efficacy of the approaches and their wider
consequences for the marine environment are highly uncertain.

2. Regions

The regional nature of coastal ocean modelling provides a key
challenge to coordination and cross-comparison of downscaling studies.
Different organisations and practitioners naturally have different re-
gions of focus driven by end user demand, scientific expertise and
resource availability. A global scheme to organise regional downscaling
simulations is an important element of a coordinated simulation
approach, both for intercomparison and to systematise the assessment of
climate change impacts, informing GCO-MIP Strands 1 for cataloguing
and assessing existing simulations and 3 for defining standard simula-
tion regions. IPCC-AR6 provides a set of regions for its assessment
(Iturbide et al., 2020) including open-ocean and coastal ocean regions.
However, these do not provide an attractive scheme for either organis-
ing an assessment or defining regional models in the coastal ocean, e.g.
the Gulf of Mexico is divided between five regions and two of these
include both Atlantic and Pacific coastal seas. Large Marine Ecosystems
(LMEs; Fig. 3) provides a scheme for dividing the coastal ocean that is
commonly used in ecosystem-based management activities (Kelley and
Sherman, 2018) and can form the basis of simulation domains, indi-
vidually or combined; (Barange et al., 2014; Holt et al., 2009), but the
scheme was not designed for this purpose, e.g. there is great disparity
between the size of LMEs and many oceanic island states are not
included. CORDEX identifies 14 continental scale domains (https://co
rdex.org/) to be modelled by downscaled regional climate models, and
an objective of the CLIVAR-CORDEX-Ocean TF (Section 1.1) is to pro-
pose a new set of reference ocean domains suitable for regional ocean
climate modelling and assessment.

2.1. Coverage of regional downscaling

As can be seen in Fig. 3, most coastal ocean climate downscaling
studies have been carried out for European, North American and East
Asian seas, while some regions, such Africa’s, South America’s, and
South and South East Asia’s coastal ocean regions have seen no or very
few downscaling studies. This also reflects the distribution of the FLAME
community. While global models, basin scale models and coordinated
multiple regional models (Barange et al., 2014; Holt et al., 2009) can
provide more comprehensive coverage and address this patchy nature, it
is important that they incorporate local knowledge and regional prac-
titioner participation into the process. This is vital to inform the
experiment design and avoid ‘parachute science’. While climate science
generally relates to the global commons, climate impact studies relate to
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Fig. 3. Indicative number of climate downscaling studies mapped by Large Marine Ecosystem, showing that downscaling studies have a highly patchy distribution.
Building a global picture that draws fully on local knowledge requires international partnerships, capacity building and knowledge sharing. The map is based on the
list of studies given by Drenkard et al (2021) and Holt et al (2022) and recent updates. Studies are listed in Supplementary Material. With the exception of Liu et al’s
(2013) study of the Galapagos Archipelago, no 3D dynamical downscaling for oceanic islands outside of LME’s was found in this literature review. Circles show the
location of the GlobalCoast Experiment Pilot Sites identified in a survey in 2023 that identify climate change as a priority challenge (https://www.coastpredict.

org/globalcoast/).

diverse regional and local interests, value systems and cultures, all of
which need to be taken into account.

A scheme of regional models for global coastal ocean coverage might
be expected to have 20-50 regions, e.g. Holt et al (2009) used 42 regions
based on LMEs, and it is realistic that such a scheme could (and should)
include an element of end-users co-design and local practitioner
engagement. However, a scheme for global coverage at sub-regional and
local scales (defined below) would require 100 s-1000 s of regions and
this local engagement becomes generally impractical. An alternative for
these finer scales is to use a combination of an end-user/local practi-
tioner led approach and a case study approach. To initiate this, Coast-
Predict conducted a survey in 2023 of coastal pilot sites for a
GlobalCoast Experiment, receiving 130 responses from 66 countries (htt
ps://www.coastpredict.org/globalcoast/; the survey is due to be re-
opened in 2025). Of these 90 pilot sites, shown on Fig. 3, identified
“Support adaptation to, and mitigation of, impacts of climate change on
coasts...” and/or “Minimise climate and shorter term impacts on mor-
phodynamics..” as a priority in the survey. To facility the development
of regional and local capacity to meet these needs requires well defined
case studies to provide ‘worked examples’, and this in turn requires an
approach to regional classification to systematically build a set of
exemplar case studies (GCO-MIP Strand 3).

2.2. Regional classification

An ability to systematically classify coastal ocean regions based upon
their hydrodynamic, biogeochemical, ecological and morphodynamical
processes, and also geographic setting, is an important step towards
achieving global coastal resilience. A particular motivation is to identify
groups of regions that adequately cover contrasting responses in each
context, and so build a representative set of case studies (for GCO-MIP
Strand 3). Moreover, classification schemes facilitate the transfer of
knowledge and methodologies from well-studied regions to less studied
regions, e.g. sharing modelling best practice between regions where
similar approaches are applicable. Classification can be based on
dominant processes, geography and/or societal drivers.

Process-based and geographic classification

This identifies regions with a common internal balance of forces and/
or common large scale climatic drivers, alongside geographic charac-
teristics such as basin size, shelf-width, and inter-basin connectivity.
This is context dependent as it potentially spans hydrodynamics,
biogeochemistry and ecosystems. Robinson and Brink (2006) provide a
classification scheme based upon geographic location (polar, subpolar,
tropical), eastern versus western boundary settings and a region’s
connection to land (e.g. semi-enclosed seas, wide versus narrow shelf).
This could be usefully extended to include processes and drivers. For
barotropic processes, it might consider areas impacted by storm surges
versus extreme waves, and the driving meteorology (e.g. hurricanes,
extratropical cyclones, etc). For example, Rueda et al (2017) build a
global coastal flooding classification based on tides, storm surges, waves
and mean sea level. For baroclinic processes and circulation, a scheme
could be based on temperature versus salinity stratification, mixing
regime (permanently versus seasonally stratified or well mixed), ocean-
shelf exchange characteristics (upwelling versus downwelling), resi-
dence times (Liu et al., 2019) and shelf-connectivity (Popova et al.,
2019). Much progress has been made in classifying global marine
ecological provinces, underpinned by satellite remote sensing
(Kavanaugh et al., 2016; Longhurst, 1998; Oliver and Irwin, 2008) and
increasingly drawing on 3D hydrodynamic-ecosystem models
(Sonnewald et al., 2020). This could be tailored to the coastal ocean,
focusing on the estuarine to shelf-break transition zone and taking into
consideration coastal habitat classifications and small-scale
hydrodynamics.

Near-shore, coastal and urban classification

A nearshore coastal classification might include: deltas, tidal sys-
tems, lagoons, fjords, large rivers, karstic coasts and arheic coasts (Diirr
etal., 2011). Sayre et al. (2021) propose a global classification of about 4
million 1 km coastal segments, using 10 variables that represent key
characteristics of the coast, encompassing adjacent sea, land and
coastlines attributes. Urban settlements profoundly modify coastal dy-
namics, through the built environment, and climate change increases
the exposure and the vulnerability of the population of these
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settlements. They are major sources of pollution and other direct
anthropogenic impacts acting along-side climate change. Hence,
directly accounting for the Urban Ocean in any classification approach is
crucial. Coastal and urban classification needs to be coupled to the
process-based, geographic and/or societal classification approaches for
wider coastal ocean areas.

Societal classification

This is based on issues of greatest societal concern, and subdivisions
therein. For example, coastal flooding and erosion from sea level rise,
surges and/or extreme waves; sustainable use of living marine resources;
water quality and health hazards; and risks to other ecosystem services
(e.g. cultural amenity) and intrinsic ecosystem value, etc. This identifies
collections of regions where a particular challenge is most pressing and
also areas of compound risk, and naturally builds on the hazard-
exposure-vulnerability IPCC risk framework (IPCC, 2014). It should go
beyond macroeconomic and demographic factors to include impact on
culture and ways of life, e.g. indigenous coastal communities. These can
then be studied collectively to aid cross fertilisation of ideas and
solutions.

3. Model choices

Future climate information in the coastal ocean can be derived from
several classes of dynamical models (illustrated in Fig. 4), particularly
characterised by how the ocean models are forced by ESM data and the
degree of interactive coupling:

e Direct use of ESMs (Fig. 4a)

e Global ocean models forced by an ESM (Fig. 4b)

e Regional ocean models forced by an ESM (Fig. 4c)

e Regional ocean models forced by an ESM with oceanic downscaling
(Fig. 4d)

(c) regional downscaled (coastal ocean)

atmosphere

(e) regional downscaled (atmos & coastal ocean)

regional
atmothereQ atmosphere
CORDEX

regional ¢
atmosphere

b) forced global ocean

atmosphere

atmosphere

atmosphere
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Regional ocean models forced by an ESM with atmospheric down-
scaling (Fig. 4e)

Regional ocean models forced by an ESM with oceanic and atmo-
spheric downscaling (Fig. 4f)

Regional ocean-atmosphere coupled models (Fig. 4g)

Global ocean models forced by an ESM and regional atmospheric
downscaling (Fig. 4h)

The diversity of approaches employed reflects both the complexity of
the problem and the wide range of societal challenges that need to be
addressed. In navigating the multitude of model choices, there is a well-
known tri-axis of modelling resource allocation: resolution versus
complexity versus simulation length or ensemble size. This tension is
usually considered in terms of computational resource, but is mirrored
in the practitioner and data storage resource required, often more costly
factors. Another consideration is the balance between general simula-
tions with a wide range of applications versus highly specific ones tar-
geted at a single challenge. Finally, there is sometimes a balance is
between explanatory and predictive power (see particularly Section
3.6). Crossing these considerations are issues of scale. It is helpful to
group the represented scales in four classes (Fig. 5): Global (10-100 km;
current state-of-the-art horizontal resolution); Regional (5-10 km); Sub-
regional (1-5 km); and Local (50 m-1 km). These form guideline scales
for GCO-MIP Strand 3. Beyond this is the ‘urban’ scale (1 m-50 m)
required to directly represent individual built structures, which has
received little attention as it is extremely computationally challenging,
but is critical for understanding direct impacts in many contexts. Urban
oceanography has begun to establish the foundational principles for
modelling these critical environments (Blumberg and Bruno, 2018), but
despite the critical relevance of this scale for societal impacts, no climate
downscaling has yet been conducted.

Adopting a model (or suite of models) requires substantial
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Fig. 4. Schematic of the various downscaling modelling approaches.
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Local

Fig. 5. A cascade of scales: stepping through scales allows locally relevant
climate information to be provided, but modelling constraints (e.g. timesteps)
make the highest resolutions very expensive for multi-decadal simulations.

institutional and individual investment, often with multiple contrasting
applications to consider; for a large research or operational centre this
can be a once in a decade (or longer) decision. So, while we lay out many
options below, it is rarely the case that they can be freely selected
without wider restrictions. On that basis, a diversity of approaches
beyond what might be considered “ideal” must be embraced. In Section
6 (Table 1 and 2) we summarise these options in terms of how they relate
to the current state-of-the-art.

3.1. Global models

While much attention has been given to regional downscaling (see
below) for investigations of climate impacts in the coastal ocean, global
models retain an important role. Dynamical downscaling is expensive
and time consuming, and there is a wealth of ESM data available from
CMIP repositories. So in many contexts direct use of global models is the
most practical (or only) option. For example, investigations of climate
change impacts on the hydrodynamics of seas around small oceanic
islands have almost exclusively used ESMs.

As global models develop, with improved resolution and process
representation, their fidelity in the coastal ocean is expected to improve
and they are set to become an increasingly important tool for this
challenge, particularly at the regional scale. They overcome the issues of
dynamical consistency and lateral boundary conditions that hamper
regional models, and naturally encompass the upscaling processes
identified in Section 2. Global forced ocean models used for research and
operational oceanography at multidecadal timescales have typical res-
olutions of 1/4°-1/10° (25 km-10 km), as do the coupled models of
HighResMIP. For example, Kelly et al (2025) consider future climate
change in North Atlantic ecosystems in a forced global model at 1/12°.
This passes a minimal acceptable resolution for many coastal ocean
applications (Holt et al., 2017), and so can be used for some in-
vestigations of coastal ocean climate impacts, although not yet at the
sub-regional or local scales (Fig. 5). In addition to refined resolution,
global ocean models forced by the output of ESMs (Fig. 4b) have the
advantage (over direct use of ESMs; Fig. 4a) of potentially improved
process representation (e.g. coupling to more sophisticated marine
ecosystem models or addition of shelf sea physics). They also allow a
reduction in the biases often apparent in ESMs after multi-centennial
spin-up (Yool et al., 2020). These benefits are offset by the lack of
ocean-ice-atmosphere dynamical consistency; the forcing atmosphere
has experienced different underlying ocean-ice conditions. This
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inconsistency is manifest in centennial scale adjustment (or drift), which
needs to be carefully accounted for in the analysis of climate trends, e.g.
by using a control run. While kilometre scale global models are
emerging (Uchida et al., 2022), resolutions finer than ~1/10° are not
currently practical for global climate timescale integrations (particularly
coupled to marine ecosystems and/or ensembles), and require ap-
proaches for multiscale global modelling and regional downscaling.
Global structured quadrilateral mesh models can achieve resolution
refinement by rotating the grid pole over a region of interest (Mayer
et al., 2022; Sein et al., 2024). Unstructured grid models and adaptive
refinement, based on triangular (e.g. FESOM; Semmler et al., 2020) or
hexagonal (e.g. MPAS; Hoch et al., 2020) meshes, enable a seamless
integration of the coastal ocean into Earth Systems Modelling (Mathis
etal., 2022). While this provides a consistent two-way coupling of cross-
shelf exchange, the approach introduces some methodological chal-
lenges: parameterisations need to be scale-dependent and can no longer
be tailored to the characteristics of individual regions.

Alongside full-physics global ocean models, depth-averaged (2D)
models focus on the water levels and currents that arise from tides and
meteorological forcing, but exclude a representation of the 3D currents
and hydrography. Such models are forced with winds and atmospheric
pressure from climate models to estimate how storm surges might
change in future climates (Muis et al., 2020; Vousdoukas et al., 2018),
and are a particular example of challenge-specific models (as distinct
from generic models). Mean sea level changes (from ESMs) can be
incorporated to consider their effects on both extreme sea levels and
tides (Pickering et al., 2017). Such investigations are highly suited to
multiscale approaches, e.g. with triangular unstructured meshes, to
refine resolution as the coast is approached.

Including global models in GCO-MIP will improve prediction
robustness and constrain uncertainties in both global and regional ap-
proaches, and also form important connections between these disparate
communities. For example, high-resolution regional models can help
identify biases and the most relevant missing processes in global models,
whereas global simulations allow quantification of regional model er-
rors that relate to missing connectivity and large-scale embedding, and
can also provide improved boundary conditions over the direct use of
ESMs (GCO-MIP Strands 2 and 3).

3.2. Regional modelling

Forcing regional models with output from ESMs (regional down-
scaling) is the common approach to providing improved climate impact
information in the coastal ocean. The regional models can be ocean-only
(Fig. 4c, d, e, —f) or ocean-atmosphere coupled (Fig. 4g), including sea
ice and waves as needed, and draw heavily on the models used widely in
operational and research oceanography (Polton et al., 2023). Regional
modelling decouples downscaling from the global climate modelling
effort adding a high degree of efficiency and flexibility to the model
choices, enabling freedom to make choices that would otherwise sub-
stantially degrade the simulation globally. Moreover, a single ESM can
support many regional models that were not conceived before the ESM
was run.

There are many readily available coastal ocean models that can be
applied to climate downscaling, for example ROMS (e.g. Pozo Buil et al.,
2021), NEMO (e.g. Wakelin et al., 2020) and MOMSG6 (e.g. Ross et al.,
2023) among several others. Objectively testing one model’s skill
against another is difficult and costly, and the selection is usually based
on pragmatic grounds and the model’s track record in a specific context.
That said, model structural uncertainty (see below) is a key aspect in
future climate downscaling studies that is often overlooked. Hence as
much as in CMIP, model diversity is a crucial aspect of regional marine
climate downscaling.

The scale of regional models is a pivotal factor that governs the level
of detail and accuracy they can provide in understanding and projecting
climate dynamics in specific areas. It determines the model’s ability to
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capture fine-scale features, such as coastal geography and local
dynamical processes. Fine-scale regional models, with a resolution of
hundreds of metres to a few kilometres (local, sub-regional), can capture
local coastal features, such as bays, estuaries, and small islands, and
better resolve dynamic processes, e.g. river plumes. Coarser-scale
regional models, (typically 5-25 km) allow for longer simulations and
are often acceptable for open shelf sea cases but have limited applica-
bility in near coastal regions. See Holt et al (2017) for a discussion on the
scales of coastal ocean processes and how they are represented by
different ocean model resolution. Nesting and/or unstructured grid
models can cross these scales.

Model horizontal and vertical resolution is a key determinant of the
computational requirement of a set of experiments. Alongside resolution
is area covered, determined by the application and some guiding prin-
ciples noted by Polton et al. (2023). However, model timestep becomes a
critical issue at fine resolution (km and less), in models with an explicit
time-stepping scheme. Since, with current MPI parallel computing ap-
proaches, refining resolution cannot be offset by simply increasing the
computer core count to maintain a constant turn-around time (Simu-
lated Years Per Day; SYPD), as can be done with expanding the area
covered. For example, the 1.5 km NW European shelf model (Lewis
et al., 2019) has approximately the same number of 3D ocean grid cells
as a %° global ocean model (e.g as in the ESM HadGEM-GC3.1-MM;
Storkey et al., 2018) (108 versus 1.3 x 108), but requires a ~ 17 times
smaller time step (80 s versus 1350 s), so will generally achieve roughly
x 13 fewer SYPD on the same core count. This is off-set by the required
spin-up time being much less (Section 4.2), and compounded by the
disparity of computer resources often available for regional versus
global studies. The computational challenge leads to the hierarchy of
scales and areas covered noted above (Fig. 5); it is currently not practical
to model large regions at kilometre and sub-kilometre resolution, for
climate time scale and spanning aspects of uncertainty (see below), and
so a trade-off is generally needed. Hence, a large majority of down-
scaling studies are carried out at the regional (5-25 km) scale; of the
~250 studies listed the Supplementary Material (as used in Fig. 3), only
17 are at the sub-regional scale (1-5 km) and 8 at sub-km scale.

Regional climate models: air-sea coupling

A key question on the model complexity resource-axis is whether to
use a forced ocean or a coupled Regional Climate Model (RCM). RCM’s
are limited area coupled ocean-atmosphere (—sea ice) models, forced by
output from ESMs, and can include all the processes commonly included
in ESMs (Giorgi, 2019). The choice of domain is crucial in determining
what processes will be forced by the parent model or evolve freely
within the higher-resolution regional domain. Questions of scale, in both
ocean and atmosphere, noted above apply equally to the RCM case. As a
specific example, the Mediterranean Coordinated Regional Downscaling
Experiment (Med-CORDEX) pioneered regional coupled climate
modelling, extending to biogeochemical processes (Ruti et al., 2016),
developing standard output that can be easily used by different impacts-
modelling communities (https://www.medcordex.eu/references.php).
All the models include interactive rivers (covering the whole Mediter-
ranean catchment). In an adaptation to the rotated-pole forced global
ocean case described above, a global ocean model is dynamically O-A
coupled only over the region of interest and ESM forced otherwise
(Fig. 4h), e.g. downscaling atmospheric conditions in Northern Indian
Ocean (Sein et al., 2024), NW Europe (Mayer et al., 2022) and East
China Sea (Hao et al., 2024). Each of these cases include a continental
scale atmospheric downscaling domain and regional to basin scale ocean
grid refinement.

The advantages of regional O-A coupling have been known for many
years (e.g. Schrum et al., 2003) but none-the-less the vast majority of
coastal ocean modelling studies use a prescribed atmospheric forcing. O-
A coupled models are complex and expensive, multiplying the required
computational and practitioner resource, and they also require cross-
sectoral expertise. Together this provides a substantial barrier-to-entry
for regional coupled simulations. The implicit scientific justification
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for not using O-A coupling is that atmospheric spatial scales are much
larger and temporal scale much faster than for the ocean, so weather
propagates into the region of interest from elsewhere. The validity of
this scientific justification can only be definitively established using
experiments with a fully O-A coupled system; an expensive test that is
rarely conducted (e.g. Lewis et al., 2019).

A natural advantage of O-A coupling is the provision of consistent
high resolution atmospheric forcing, alleviating the need to otherwise
source or generate this. O-A coupling instead gives freedom to choose an
appropriate atmospheric resolution for the ocean region in question.
Local climate, weather patterns and extreme events can be significantly
impacted by O-A coupling. The coupling between sea surface tempera-
tures and atmospheric circulation can lead to the improvement in the
representation of monsoon systems and seasonal storms, tropical cy-
clones and hurricanes, and storm surges and coastal flooding during
severe weather events (e.g. Somot et al., 2008). Moreover, O-A coupling
can improve the temporal and spatial distributions of SST, stratification
and density driven currents (Groger et al., 2021), significantly affect
atmospheric processes relating to high-impact events (Meredith et al.,
2015; Senatore et al., 2020) and also the stability of the atmospheric
boundary layer, the thermodynamics and dynamics feedbacks, and in-
teractions involving oceanic mesoscale features (e.g. Renault et al.,
2017). Similarly marine heatwaves can be sustained through positive O-
A feedback, where the warm sea surface temperatures reduce cloud
cover (Berthou et al., 2024). These in turns can influence land-
temperatures with direct societal impacts. Close to the coast O-A
coupling becomes important when considering, for example, the phase
lag between diurnal SST and related turbulent heat fluxes (Zhao and
Nasuno, 2020) and changes in currents linked to tidal cycles and wind
speed (Renault and Marchesiello, 2022).

The importance of including surface waves in an O-A coupled
simulation depends on the context. When modelling fast moving systems
such as tropical cyclones, including surface waves in O-A coupling al-
lows the interactive exchange of energy and momentum between the
systems as the cyclone passes over the ocean and has been shown to
improve performance compared to uncoupled models (Castillo et al.,
2022; Lok et al., 2022). Care is needed as the influence of O-A coupling is
not always beneficial, e.g. when component biases reinforce each other.
This highlights the need to bring together balanced sectoral expertise in
developing any coupled system.

Land-Sea coupling

Terrestrial input is a key aspect of coastal ocean modelling, in terms
of fluxes of freshwater, heat and biogeochemical constituents, and the
variability of these fluxes on timescales from extreme events to long-
term secular change. Land-based pollutants are also a critical issue,
but not considered further here. The focus is usually on rivers, via es-
tuaries and deltas, but groundwater (Luijendijk et al., 2020) and ice
sheet melt provide more diffuse sources, important in some cases.

Riverine inputs to coastal ocean models can be based either on
observational climatologies or hydrological/land surface models. While
some countries comprehensively monitor riverine discharge, most of the
world’s rivers are not gauged, and where they are, discharge measure-
ments are often far up-stream from the river mouth and sampled at low
frequently. Measurements of riverine biogeochemical properties (e.g.
macronutrients) are even more scarce. To generate observation based
forcing, future change has to be estimated, e.g. by relation to local
precipitation changes. Riverine inputs based on hydrological model
outputs are more comprehensive but include their own uncertainties
and biases (e.g. Coxon et al., 2019). Hence, there is significant uncer-
tainty in simulating both present day runoff impacts and future sce-
narios. This points to the need for a much-improved dialogue between
hydrological/land surface modellers and coastal ocean modellers.
Several studies have shown realistic temporal variation of river dis-
charges (as distinct from the seasonal climatologies often used) in-
fluences the hydrodynamics (e.g. salinity and sea level) and
biochemistry across different time scales (e.g. Dandapat et al., 2020;
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Piecuch et al., 2018; Verri et al., 2024).

River-sea interactions are often seen as a one-way connection from
land to sea. However, there are several significant interactions in the
other direction. A notable example is coastal flooding, and particularly
compound flooding in estuaries where storm surge water levels and
wave setup can exacerbate fluvial and pluvial flooding (Lyddon et al.,
2024). Salinization of coastal aquifers is an urgent issue that necessitates
new modelling approaches in climate downscaling (Ferguson and
Gleeson, 2012; van de Wal et al., 2024). Moreover, there are impacts of
the coastal ocean on local atmospheric processes, and then on the land.
These direct us to interactive coupling with land surface and/or hy-
drological systems in some contexts (e.g. Feng et al., 2024).

The integration of hydrological models into RCMs provides a self-
consistent local water cycle. For example, limited area climate down-
scaling in the AdriaClim project, has modelled about 145 catchments
discharging into the Adriatic Sea, finding that the projected decrease in
runoff acts in the opposite direction to the global warming in the
Northern Adriatic sub-basin by weakening the density stratification,
increasing the dense water formation and reducing the total sea level
rise (Verri et al., 2024).

Future runoff will depend on complex interactions between rainfall,
land use and demographic scenarios, dependent on both societal and
climatic factors. For example, in the Baltic Sea, biogeochemical pro-
jections of a range of nutrient load scenarios based on present use and
the regional convention on marine environmental protection (HELCOM)
showed a large spread in future bottom oxygen conditions depending on
the combination of climate change and land use/nutrient abatement
scenario (Saraiva et al., 2019a). For CMIP6 scenarios, it is possible to
generate regional nutrient loads that are consistent with the global so-
cioeconomic pathways of the various scenarios, but this is highly chal-
lenging. Global and regional land nutrient flux models (e.g. IMAGE-
GNM; Beusen et al., 2022) provide a solution, but again a much-
improved dialogue between the communities is required to provide
the necessary fluxes and appropriate spatiotemporal resolution.

3.3. Biogeochemistry and ecosystem modelling

Models of marine biogeochemistry and lower trophic level ecosys-
tems are a central element to many coastal ocean climate impact in-
vestigations. The biogeochemical models are forced (offline or online)
with ocean circulation models, which provide the advective and diffu-
sive transport and physical environmental conditions (e.g. temperature
and salinity).

At the core of each biogeochemical ecosystem model is the cycling of
key elements (usually carbon and one or more nutrients, N, P, Si, Fe),
functional lower trophic groups (i.e. plankton), non-living organic
matter, dissolved gasses, and the inorganic carbon system. The lower
trophic levels of the ecosystem are usually represented by a small
number of functional groups (e.g. autotrophs vs heterotrophs). Different
regions often require different components of the ecosystem to be pri-
oritised, but this must be tensioned against both computation expense
and any added uncertainty of including poorly understood processes.
For example, at high latitudes they may also consider sympagic (within
the sea ice) components, whereas in some seas nitrogen fixers are
important. The flexibility to regionally tailor the model is a key
distinction between biogeochemical models in the coastal ocean and
those used in ESMs, although there is much cross-over between the two.

Biogeochemical modelling

Coastal ocean processes alter fluxes of greenhouse gases and the
cycling of carbon, modifying the coastal ocean climate signal for these
(Mathis et al., 2024; Pilcher et al., 2022; Resplandy et al., 2024; Sied-
lecki et al., 2021). The potential influence of the coastal ocean on global
climate through the modification of these fluxes has long been sug-
gested, but we are only now developing the capability to explore this
quantitatively through improved global and regional models.

Regional simulations dynamically downscaled from ESMs have
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identified that the inclusion of coastal ocean processes modify global
rates of change of carbon variables, particularly subsurface trends
(Pilcher et al., 2022; Siedlecki et al., 2021). Downscaled projections that
resolve shelf seas simulate trends in variables such as aragonite satu-
ration state and pH that are consistent with those in ESMs, but often
differ in magnitude.

Recently, a global model integrated the coastal ocean carbon cycle
into the global ocean through regional grid refinement and enhanced
process representation (ICON-coast; Mathis et al., 2022). This was able
to simulate the observed increase in coastal ocean CO2 uptake over
1900-2010 (Mathis et al., 2024). By decomposing the drivers of this
increased carbon sink, they found that biological process responses to
climate-induced changes in circulation in combination with increased
riverine nutrient loads together exceeded the solubility pump. Notably,
ICON-Coast includes tidal currents, explicitly accounts for sediment
resuspension, temperature-dependent remineralization and dissolution
in the water column and sediment, riverine matter fluxes from land
including terrestrial organic carbon, and variable sinking speed of
aggregated particulate matter.

The land-sea interface is also critical for other aspects of the carbon
cycle. Analyses of global alkalinity budgets suggest an imbalance may
exist, and several hypotheses have been suggested to address this
(Middelburg et al., 2020), largely concerning the coastal ocean. Spe-
cifically, the riverine fluxes of Particulate Inorganic Carbon could bal-
ance the global budget, or the estimates of calcium carbonate burial on
shelves could be overestimated. This burial, as well as the coastal ocean
cycling of alkalinity from remineralization, is currently missing from
global simulations. The cycling of alkalinity has been improved between
CMIP5 and CMIP6 in ESMs, but the reason for this improvement is less
clear. Without a constrained alkalinity cycle, future projections of the
impact of ocean acidification on the carbonate pump, and in turn on
ocean carbon uptake, is potentially underestimated (Planchat et al.,
2023). Progress requires additional observations in coastal regions, and
also consensus on how key processes (e.g. calcium carbonate cycling and
sedimentary fluxes) are parameterized.

Lower trophic level ecosystem models

The number of functional types included in an ecosystem model and
their ability to respond to external drivers vary from model to model but
is in any case very limited compared to the diversity in the real ocean
(Fennel et al., 2022). Computational constraints on the number of
modelled tracers have led to quite draconian choices on the number of
functional types. While significant changes have been made in various
ESMs between CMIP5 and CMIP6 (Séférian et al., 2020), their structure
is still limited. For example, the representation of key aspects of
plankton physiology (e.g. variable multi-nutrient stoichiometry and
variable assimilation efficiency for zooplankton) are limited and some
key functional groups (e.g. calcifying plankton and diazotrophs) are
only occasionally explicitly included, and other processes are absent or
overly simplified (e.g. benthic processes, and transformation of terrig-
enous Dissolved Organic Carbon; tDOC). Kwiatkowski et al. (2018)
showed that while the inclusion of variable stoichiometry in phyto-
plankton did not significantly change the estimates of ocean carbon
uptake (between 0.5 % and 3.5 %), much more significant changes were
projected in the phytoplankton community composition (with pico-
phytoplankton being less affected) and a strong decrease in food quality
in the oligotrophic gyres. Furthermore, variable stoichiometry is crucial
to assess the impact of ocean acidification on phytoplankton produc-
tivity; Artioli et al. (2014) showed how the extra productivity associated
with the increase in carbon uptake compared to nutrient could signifi-
cantly mitigate the projected reduction in primary production due to
increased stratification and the consequent reduction in nutrient avail-
ability. Powley et al. (2024) included a detailed model simulating the
fate of tDOC of different lability and estimated that modelling the pro-
cessing of tDOC leads to a reduced uptake of atmospheric CO».

Current ecosystem models tend to be quite “rigid” (e.g. fixed struc-
ture and parameter set) and this might limit their ability to properly
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represent key aspects of future climate impacts. For instance, several
studies have shown how going beyond a clear separation between
autotrophic phytoplankton and heterotrophic zooplankton by explicitly
including mixotrophy has important consequences on the cycling of
carbon and the transfer of energy across the food web (e.g. Mitra et al.,
2014; Ward and Follows, 2016). Despite their relevance, implementa-
tion of mixotrophy in a 3D context has been very limited. Besides the
computational challenges these models imply, is a lack of comprehen-
sive data on mixotroph characteristics.

A key area of future research in lower trophic level climate pro-
jections involves new ways of calibrating biogeochemical model pa-
rameters using historical observational data. Kern et al. (2024) employs
an advanced machine learning approach to estimate parameters within
a pelagic biochemical model containing 17 state-variables and 51 pa-
rameters, demonstrating improved alignment with data through local
parameter calibration. Including aspects of structural uncertainty in
regional and local downscaling model configuration and calibration (i.e.
exploring both state-variable choice and parameter sets) is crucial for
building comprehensive uncertainty assessments and for cross-regional
transferability of biogeochemical models.

Similarly, while there is clear evidence of the ability of phyto-
plankton to adapt in an evolutionary sense to changing environmental
conditions (Irwin et al., 2015) and the importance of adaptation in
determining the impact of climate change has been demonstrated in
some modelling studies (e.g. Flynn and Skibinski, 2020), these devel-
opment have yet to be widely adopted.

Benthic habitats house many important ecosystems and support a
large portion of living marine resources and other ecosystem services.
Despite their importance to a wide range societal challenges, their
representation in downscaled models is often highly simplified or absent
altogether. The inclusion of a benthic component in ecosystem models is
also important for accurate predictions of water column processes, such
as nutrient recycling.

Regionally downscaled hydrodynamic-ecosystem models typically
have more flexibility on model components than global models and so
are used to test these developments, being computationally cheap
compared to ESMs. However, the need to explore finer spatial scales on
decadal timescales in coastal ocean models, notably at the sub-regional
and local scales, imposes new constraints along the “complexity” axis of
resource allocation.

3.4. Near coastal modelling

The near coastal zone (a few kilometres from shore) requires special
consideration for marine climate impact studies. On one hand, it is
highly dynamically complex and computationally demanding (due to
fine process and geographic scales) and, on the other, it is arguably the
most important, being where society most directly interacts with the
marine environment. The substantial change in scales from the current
generation of ESMs to near coastal models (from >25 km to <1 km)
implies that either a multiple nested or unstructured mesh modelling
approach is required. The choice between these depends on the specific
modelling objectives, region of interest, model code expertise of in-
stitutes and computational resources. Unstructured mesh models allow a
seamless transition across scales and grid flexibility to better represent
complex coastlines, but are generally more computationally expensive
and often have more difficult numerical properties than quadrilateral
meshes (Danilov, 2013). Nested models allow different physical schemes
and numerical parameterizations to be employed. Structured grid
models benefit from a substantially larger development community.
However, they only give a limited representation of complex coastlines.
Related to these issues are those of upscaling, where near coastal pro-
cesses influence the larger-scale coastal ocean and beyond, e.g. river
plumes influencing coastal currents. Unstructured mesh models natu-
rally capture this, whilst structured grid models can employ two-way
nesting approaches (e.g. AGRIF; Petton et al.,, 2023) to upscale
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information and maintain dynamical consistency between nests.

Storm surge modelling

Storm surges can be very well described by two-dimensional verti-
cally integrated models, with appropriate parameterisation of wind
stress and bottom friction. Future climate projections with storm surge
models are heavily dependent on atmospheric forcing able to capture
extreme storms. In coastal regions, coupling between ocean and wave
models is needed to account for compound effect of surges, tides and
waves on total water levels and complex interactions between the three.
Several studies have shown the importance of baroclinic effects for
depth-averaged modelling of extreme water level (e.g. Muis et al., 2018;
Wang et al., 2022). Moreover, climate change induced sea-level rise can
result in changes to coastal slopes, bathymetry and cross-sectional area
within straits, which adds to the non-linearity of storm surge dynamics,
e.g. resulting in higher water levels at coast (Arns et al., 2017). The
change in depth due to sea level rise can also changes the tides (Haigh
et al., 2020). In high-latitude regions, it is important to include sea ice
coupling as seasonal variability and the long-term decline in sea ice
cover will change the surface stress and the water level response to wind
forcing (Joyce et al., 2019).

Surface wave modelling

At a regional scale, wave projections are produced from spectral
wave models either forced by ESMs (e.g. Lira-Loarca and Besio, 2022) or
incorporated as an interactively coupled component of an RCM (Groger
et al., 2021). Wave-current interaction is addressed by coupling with a
coastal ocean circulation model. In wave dominated shorelines, their
contribution to the total sea level extreme can account for more than
half of the maximum total water levels (Serafin et al., 2017); noting an
empirical approach is required to estimate this total.

Wave projections often do not account for changes in sea level,
whether from tides, storm surges, or long-term sea level rise. Non-linear
interactions of sea level with waves can be substantial on macro-tidal
and wide continental shelves where shallow-water dynamics prevail.
For instance, using regional ocean and wave models covering the
northeast Atlantic and European shelf, Chaigneau et al. (2023) reported
an increase of up to 40 % in extreme significant wave height by the end
of the 21st century mainly due to the combined effect of very large tides
and mean sea level rise. It is also crucial to consider the modifications in
wave setup when making regional projections and to acknowledge their
role in local fluctuations of coastal sea levels, particularly in the context
of extreme events (Melet et al., 2020). Wind waves can also impact the
surface ocean through sea-state dependent air-sea transfer of mo-
mentum and energy (and resulting ocean mixing) and through Stokes
drift (Lewis et al., 2019; Staneva et al., 2017).

Sea-level rise and extremes

Extreme sea levels are due to the combination of mean sea level,
tides, storm surges and waves (Woodworth et al., 2019). Regional ocean
models can refine the patterns of sea level change resulting from the
transmission to the coast of open-ocean sea level rise and also land
sourced mass addition, in response to climate change and variability (e.
g. Chaigneau et al., 2022; Jin et al., 2021; Liu et al., 2016). Projected
changes in extreme sea levels are usually studied by adding a projected
mean regional relative sea level rise to historical distributions of tides,
surges and waves, supposing a stationary wave and surge climate (e.g.
Fox-Kemper et al., 2023; Kirezci et al., 2020). However, in the coastal
ocean there are complex interactions between mean sea level, surges,
tides and waves in determining the total water levels (e.g. Haigh et al.,
2020; Jevrejeva et al., 2023; Melet et al., 2020; Vousdoukas et al., 2018).
Regional ocean models dynamically downscaling ESMs can project
extreme sea levels in which changes in mean sea-level, tides, storm
surges, waves, and their non-linear interactions are simulated.

Event-based metre-scale downscaling

Exploring atmospherically driven coastal hazards can require the use
of metre-scale atmosphere-ocean-wave models to fully understand po-
tential impacts at the “urban” scale. These are far too costly models to
run long simulations and multiple climate scenarios. However, this can
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be envisioned using modelling suites composed of multiple nested grids
in the atmosphere and the ocean (e.g. AdriSC in the Adriatic basin;
Denamiel et al., 2019). The selection of extreme events from the driving
ESMs is key and can be based on the generation of indices linking the
synoptic conditions in the atmosphere to the local extreme events at
coastal stations, e.g. as used for detecting convective storms (Gomez-
Navarro et al., 2022). For the selected extreme events (including false
positives), the ESMs are first downscaled with days- to a week- long
kilometre-scale simulations relying on a cascade of nested grids, e.g.15
km to 1 km resolution. Finally, the kilometre-scale simulations showing
extreme events (i.e., excluding false positives) are further downscaled
with 1 to 3 day-long metre-scale simulations and the targeted coastal
hazard assessments for future projections can be derived (Denamiel
et al., 2023).

Coastal erosion and sediment transport

Modelling approaches used to project shoreline evolution under a
changing climate have significantly improved from deterministic ap-
plications of the Bruun rule (see Toimil et al., 2020 for a recent review).
Coastal management requires projections that span temporal scales up
to multidecadal, centennial, and sometimes multi-centennial horizons.
Shoreline change results from the combination of oceanic, terrestrial
and atmospheric drivers for which event-scale responses convolve with
long-term variability (e.g. climate-ocean oscillations) and long-term
trends (e.g. sea level rise). The resulting coastal processes are strongly
site and context specific with strong influences of the local geomorphic
setting, biological-physical interactions (e.g. Solan et al., 2023), and
human interventions.

Shoreline projections need to combine information from different
products, often across environmental domains. For example, Vitousek
et al. (2017) drive a transect based shoreline model of the southern
Californian coast with regional estimates of sea level rise from IPCC AR5
and locally downscaled wave models and Gopikrishna and Deo (2019)
drive a sediment transport and shoreline evolution model of Chilika lake
on the northeast Indian coast with a spectra wave model forced by a
South Asia CORDEX RCM. In contrast Antolinez et al. (2018) uses a
combination of statistical and dynamical models to downscale wave
climate and drive a Coastal Evolution Model of the Carolinas’ coast.
Complex coasts with multiple coastal land-forms (e.g. cliffs, dunes,
beaches etc) require integrating specific component models in a com-
mon framework (Payo et al., 2017). The spatial and temporal scales
involved make downscaling approaches particularly challenging, espe-
cially for long-term shoreline projections that require transient simula-
tions (Section 4.2). Given the complexity of assessing shoreline change,
simplifying assumptions are commonplace, but must be carefully eval-
uated and communicated clearly to end-users. For example, an un-
changed bathymetry would only be valid if short term dynamics are
unchanged and in the absence of human intervention. Finally, shoreline
projections typically operate downstream of a cascade of increasing
uncertainty. The consequence is that the treatment of uncertainty in
shoreline projection and coastal erosion models requires careful atten-
tion both regarding the methods employed and the communication with
end-users.

Sediment transport modelling is critical for understanding and
managing water quality and ecological function of coastal environments
(e.g. Baird et al., 2021), and informing decision-making to design and
maintain infrastructure, restore ecosystems (e.g., salt marshes and
mangroves), manage pollution, and to protect valuable coastal regions
(e.g., blue carbon, fishing and tourism), but is often omitted from future
climate projections. Sediment transport is driven by hydrodynamics (e.
g. tides, river runoff, waves and storms), sediment properties (e.g.
cohesiveness and particle sizes, and composition), and their interactions
with biology (e.g., extracellular polymeric substances and vegetation)
(Solan et al., 2023). Most sediment models are sub-regional or local (e.g.
Kondolf et al., 2018). Insufficient data of sediment distributions on the
seabed and fluxes through open boundaries, as well as our limited
knowledge of biophysical interactions between cohesive, non-cohesive
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sediments and biology, hampers their performance.

Sediment transport in the coastal ocean is also a key process in
driving the nutrient, carbon and oxygen exchange between the ocean
floor and water column (e.g. Moriarty et al., 2021). The resuspension of
nutrient rich sediment can be a major source of plankton productivity
and also impact light availability (e.g. Maggiorano et al., 2025). For
example, a major impact of cyclones in shallow tropical regions, such as
the Great Barrier Reef, starts with the blocking out of the water column
light by wave resuspension of sediment, followed by an increase in
plankton productivity (due to nutrients being released from the sedi-
ment) and settling of the organic matter, enhancing benthic productivity
of fast growing species. This example shows a tight coupling between
sediment transport, sediment biogeochemistry, benthic ecology and
ocean circulation.

Estuaries and fjords

As semi-enclosed waters at the interface between sea, air and
terrestrial fluxes, estuaries and fjords are highly dynamic coastal sys-
tems and vulnerable to the impacts of dynamic shifts and extreme
events, and mediate the exchange of material (e.g., chemicals, micro-
plastics, carbon, nutrients, sediment, salt, and freshwater) between land
and sea. Estuarine dynamics are controlled by both terrestrial and ma-
rine processes spanning a wide range of spatial and temporal scales. To
accurately predict and better understand the impact of climate change
on these marine ecosystems requires models that fully resolve, and
ideally dynamically couple, estuarine dynamics with shelf sea and
terrestrial dynamics. For example, the coastal retention of nutrients in
the Stockholm archipelago has been projected to increase in the future
(Wahlstrom et al., 2024), while is also influenced by input of nutrients
from the Baltic Sea, which in turn is influenced by nutrient input from
multiple rivers and coastal retention.

Future climate impacts on developed, interconnected floodplains are
particularly critical in heavily populated and industrialised estuaries,
where low-lying floodplains are widely used for critical infrastructure.
Industrialised estuaries and deltas support transport and energy infra-
structure, water supply and access (i.e. ports and harbours), and 21 of
the world’s 30 largest cities are located next to estuaries. It is of critical
importance to fully capture and understand marine and fluvial drivers of
flood hazard on the shores of estuaries for accurate climate hazard as-
sessments (e.g. De Dominicis et al., 2020).

The impact of climate change on estuarine water quality is poised to
disrupt various ecosystem functions and services. Alongside accelerating
estuarine salt intrusion and turbidity, issues driven by intensified
droughts and storms, and human activities have introduced significant
concerns for estuarine water quality, notably due to excess nutrients,
microbial contamination, and hazardous chemicals in many estuaries
worldwide (Cloern et al., 2016). Estuarine water quality is controlled by
multiple physical, biogeochemical, and ecological processes, including,
for example, the detailed response of bacteria and viruses to environ-
mental conditions. Human activities such as aquaculture, agriculture,
sewage discharge and dredging further compound this complexity.

Estuarine climate impacts modelling present challenges in terms of
spatiotemporal scales, requiring local or urban scale (010 m) resolution
and sub-daily-scale atmospheric, riverine and tidal forcing. Whereas,
predicting morphological changes can require decadal simulation times.
Extreme events impacting estuaries have been shown to be co-
dependent, e.g., high surges and river flows following storm events
(Bevacqua et al., 2021; Couasnon et al., 2020), and so require joint-
probability analyses. Sitting between oceanographic and hydrological
science disciplines, estuaries tend to ‘fall between the cracks’ and so are
underrepresented areas with respect to current knowledge of climate
change impacts at local scales. The vast range of differing conditions
among estuaries impedes generalisation of theories and modelling and a
lack of fine-scale monitoring often hinders model configuration (e.g.
unknown estuarine depth), calibration and validation.

Addressing the need to comprehensively treat the impact of climate
change in multiple estuaries requires a combination of modelling
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approaches from low complexity, e.g. 1D box models (Verri et al., 2020;
Wahlstrom et al., 2024) to high complexity, e.g. 3D unstructured mesh
modelling of the river-sea continuum (e.g. De Dominicis et al., 2020),
alongside various observational-data and model-data driven machine
learning based approaches (e.g. Saccotelli et al., 2024). Modelling
estuarine dynamics is also crucial to provide an accurate representation
of riverine fluxes in global ocean models (e.g. Sun et al., 2017).

3.5. Polar coastal ocean modelling

The threat of climate change to polar coastal ocean regions and the
local communities and ecosystems that depend on them is well estab-
lished, e.g. through loss of summer and multiyear sea ice, and increased
exposure to wind and waves with consequent enhanced erosion. Polar
seas also play a significant role in the global climate system. Under-
standing climate change in the polar ocean, along with feedback from
ocean-ice-atmosphere interactions, is crucial to understanding future
climate scenarios. For example, sea ice plays a key role in determining
surface heat fluxes, changes in nutrient supply and productivity in polar
oceans, as well as interactions between the polar and sub polar waters.
Moreover, the interaction between the coastal ocean and icesheets and
glaciers in both northern and southern hemispheres is crucial for un-
derstanding the mass-addition component of sea level rise and how this
might change into the future.

The Arctic Ocean has been modelled for several decades now, driven
by major collaborative initiatives such as AOMIP (e.g. Popova et al.,
2012) and FAMOS (Proshutinsky et al., 2016). Many of these efforts
have focused on the open ocean and issues such as sea ice loss, storage of
freshwater in the Beaufort Gyre and the ‘Atlantification’ of the Arctic
Ocean through enhanced Atlantic water penetration. These efforts have
led to several inter-comparison projects, which reported on the state of
the art of this modelling at the time (Ilicak et al., 2016; Wang et al.,
2016a; Wang et al., 2016b). Recent work has included models reaching
1 km resolution to consider the role of eddies and other mesoscale
processes (Wang et al., 2020).

However, there has been much less modelling of the coastal regions
and shelves. This is unfortunate given that it is in these regions where
communities interact with the sea, and where river water (freshwater,
nutrients and carbon) enters the Arctic Ocean. In a series of papers,
Carmack et al. (2015) introduced the concept of the Arctic shelves as a
contiguous pan-Arctic riverine domain, with processes depending on
whether a given shelf is interior or linked to an Arctic gateway.
Modelling of Siberian shelves such as Laptev and Kara seas has focused
on freshwater, sea-ice and ecosystem processes (e.g. Wassmann et al.,
2015), while modelling studies of the Chukchi and Alaskan coastal
shelves have explored routes for Pacific Water, inflowing through Bering
Strait, to reach the Arctic Ocean interior. Modelling of the Canadian
Arctic Archipelago, which is effectively one shallow shelf, initially
focused on understanding what drives the exchange between the Arctic
Ocean and the Atlantic, including through Baffin Bay. Recent studies are
now looking at more regional scales, relevant to communities and
especially considering ecosystem processes (Bhatia et al., 2021). Some
initial ocean-climate downscaling studies have been carried out (e.g.
Buchart et al., 2022) to look at the evolution out to 2070 of the North
Water Polynya, a biologically important region. A recent major project
has developed modelling tools (Myers et al., 2024), and is using
downscaled CMIP model output (Braun et al., 2021) coupled with hy-
drological modelling to examine processes in the Hudson Bay Complex,
and explore the relative role of climate change and river regulation on
the bay system (Lukovich et al., 2021). An important topic to progress is
finding ways to integrate and co-produce knowledge with local indige-
nous communities (e.g. Bishop et al., 2022).

3.6. Alternative modelling approaches

Data-driven approaches provide an alternative to dynamical
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downscaling. While these have not yet been widely used for future
climate projections in the coastal ocean, they offer an important
emerging capability with the potential to overcome many of the issues
associated with dynamical approaches. Data-driven models generally
involve models based on empirical relations described by statistical and/
or machine learning approaches (e.g. artificial neural networks) to link
larger scale drivers with the local and regional response to climate
change, in contrast to dynamical models based on numerical solutions of
differential equations. The training data can involve observational time-
series and/or reanalyses, but for the climate change context it needs to
cover multidecadal timescales. Data-driven approaches are highly
computationally efficient allowing a much wider range of simulations
than dynamical models. For example, van Hooidonk et al (2016) sta-
tistically downscale SST from CMIP5 ESMs to all coral reef systems
globally based on NOAA Pathfinder v5.0. Data-driven approaches are
generally steady state and often lack constraints of underlying physical
principles (e.g. equations of motion and conservation laws), although
Differentiable Machine Learning (Shen et al., 2023) aims to close these
gaps. Their ability to help identify underlying physical mechanisms re-
lies on the approaches of Interpretable Machine Learning (Jiang et al.,
2024), either through inherent interpretability of the data-driven model
(multiple linear regression being a very simple example) or through
various analysis tools to extract relationships a posteriori from the ‘black
box’ machine learning model. However, whether a significant rela-
tionship between the large-scale climate and local data exists is highly
location and application dependent, e.g. it may be absent due to strong
internal dynamics. Moreover, changes beyond historically observed
bounds or involving qualitative shifts are difficult to capture. Hence,
while a single regional dynamical model can be applied universally to
different regions with only minor modifications, data-driven models
generally need to be trained to locally specific conditions. A potential
application of the classification approaches discussed above relates to
machine learning based model training. If two regions are identified as
having similar dynamical characteristics, an open question is whether a
machine learning model trained on one region can be effectively used in
another?

Hybrid dynamical-data-driven modelling methods aim to address
these short comings while preserving the computational efficiency of
purely data-driven approaches. Emulators or surrogate models typically
operate by simulating a representative subset of scenarios using a nu-
merical model. These simulations are used to calibrate a statistical
model or train a machine learning algorithm, and the prediction
ensemble can then be expanded beyond the initial dynamical model
realisations. Hybrid dynamical-data-driven methods have been used to
downscale present-day wave conditions (Camus et al., 2011; Ricondo
et al., 2023), to investigate waves induced by tropical cyclones (van
Vloten et al., 2022) and conduct future climate projections of surface
waves coupled with storm surges (Anderson et al., 2021). Hermann et al
(2019) use a statistical approach to expand their ensemble of dynami-
cally downscaled simulations of biophysical conditions in the Bering sea.
Another category of hybrid methods, known as additive models, are
based on classical Green’s functions and enable the segmentation of
surface wave downscaling process into several subprocesses (Cagigal
et al., 2024). Consequently, the reconstruction of an event involves the
linear combination of responses from individual subprocesses, thereby
eliminating the necessity of selecting a limited number of cases and
broadening the applicability of the method to future wave climates and
conditions never historically observed.

A new class of models is emerging that directly combines dynamical,
machine learning and/or theoretical approaches. A coarse scale
dynamical model provides large scale constraints and a machine
learning model (Kochkov et al., 2024; Zanna and Bolton, 2020) or
dynamical systems theory (Shevchenko and Berloff, 2023) provide fine
scale detail; essentially a coarse resolution model is developed to behave
like a fine resolution one, with a substantial reduction in computational
cost. While not explored in the coastal ocean yet, such approaches are
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conceptually highly attractive for the challenges of local scale climate
downscaling.

In addition to data-driven approaches, simplified (semi-) analytical
models (i.e. theory-driven approaches) are valuable tools for compre-
hending uncertainties related to the impacts of natural and human-
induced changes (Schuttelaars et al., 2013; Wei et al., 2022), as well
as uncertain climate projections. These models are highly cost-effective
and can effectively isolate the contributions of various processes. As a
result, they can be employed to gain insight into the complex spatio-
temporal variabilities in model variables, identify the reasons behind
any disparities between simulated and observed data, and explore the
sensitivities of biophysical variables to different environmental condi-
tions and system settings (e.g. by running thousands of simulations).
This capacity can be extremely beneficial in identifying parameter
spaces that could lead to potential regime shifts in future climates and
understanding the consequences of different future projections and
human mitigation measures for marine environments and coastal
communities.

4. Uncertainty and simulation strategy
4.1. Uncertainty

In climate impacts studies model experiment design and uncertainty
are intrinsically linked; there is no ‘right’ answer in future climate
projections. Hawkins and Sutton (2009) provide an important frame-
work for the analysis of uncertainty, dividing it between scenario un-
certainty, model uncertainty, and natural variability. In this context, the
first two relate to the choice of driving ESM experiments: the range of
emissions scenarios and the choice of ESM run under that scenario. In
downscaling studies, there are extra layers of model uncertainty arising
from the downscaling model choices: its structural and parameter un-
certainty, and the specifics of how the ESM forcing is implemented
(including atmospheric downscaling, land surface processes and bias
correction). A single pathway into the future can be very useful in
exploring the system’s response to forcing, often outside of the current
observational base. Compounding uncertainties from multiple sources,
and the comparative shortness of the observational record (on climatic
timescales) have led to the emergence of non-probabilistic approaches
that develop “storylines”: physically self-consistent and plausible future
events or pathways (Palmer et al., 2024; Shepherd et al., 2018). How-
ever, even a semi-quantitative estimate of the likelihood of such futures
is immensely useful for guiding policy response options. Ensembles of
simulations are then the primary method of capturing uncertainty in this
context. While generating large ensembles can be prohibitively expen-
sive, it is possible to use statistical models or machine learning emula-
tors trained on a comparatively small ensemble, to help span the
uncertainty space within the ensemble (e.g. Hermann et al., 2019). The
different uncertainty elements can provide an uncertainty budget for the
marine projections, and it is possible to bring them together into a single
uncertainty estimate.

Scenario uncertainty

Scenario uncertainty, from a marine downscaling perspective, is
dictated by the Representative Concentration Pathway (RCP) and the
Shared Socio-economic Pathway (SSP) used to drive the forcing ESM,
established by the CMIP protocol. There are no explicit likelihoods
associated with these scenarios, and the impact of human activities and
policies made to reduce emissions may not be evident for several years
through technology and economic inertia to policy. Moreover, there are
many potential human changes, not related to greenhouse gas emissions,
that may have as big an effect as climate change, particularly in the near
coastal zone, e.g. land-use changes, demographic shifts and urbanisa-
tion. Among the most severe disturbances in the coastal ocean are im-
pacts due to fisheries, aquaculture, renewable energy production,
sediment dredging, mining and dumping, and, potentially in the future,
mCDR activities. These can be incorporated into the scenarios, but often
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require additional modelling activities, such as land surface modelling
(e.g. Beusen et al., 2022) and add significant levels of modelling un-
certainty. The choice of emissions scenario depends on the application:
first order investigations of climate response often consider a high
emissions scenario, e.g. RCP8.5; although the likelihood of this future
scenario is contested (e.g. Hausfather and Peters, 2020; Schwalm et al.,
2020). Adding a mitigation scenario provides additional information on
avoided damage, i.e. it quantifies the benefit, in the marine context, of a
particular emissions reduction pathway. The timescales of the simula-
tions are also an important consideration as many SSP scenarios (and the
climate system response to these) only diverge later in the century and
so mid-century simulations may see little benefit from more than two
scenarios.

Climate model uncertainty

Regarding ESM forcing, two main types of ensembles can be
employed: an ad hoc ensemble of opportunity or a systematically
designed approach. The first uses existing ESM simulations, e.g. from
CMIP, to build an ensemble. This approach is comparatively straight-
forward to implement but does not necessarily span the full range of
uncertainty. The CMIP Multi-Model Ensemble (MME) is made up of
simulations from different modelling centres and is confounded by each
modelling centre developing the “best” model they can, according to
their own criteria, rather than attempting to span the uncertainty across
the ensemble. Hence, the MME is likely to under-sample the full range of
model structural uncertainty. Systematically designed ensembles
require a type of uncertainty to be selected, and model simulations
tailored to span the range of the uncertainty associated with it. For
example, the UKCP18 Perturbed Parameter Ensemble (Sexton et al.,
2021) spans the range of uncertainty associated with 25 members based
on the choice of atmospheric parameters within a single ESM
(HADGEM3), and a selection of these are used to explore uncertainty in a
downscaled regional ocean model (Tinker et al., 2024).

Addressing which ESM to include in a multi-model downscaling
framework remains an active research area. A common approach is to
select those ESMs that perform better during the historical period in the
target region (e.g. Hermann et al., 2019). However, models that best
match the observed historical climate are not necessarily ones that will
most accurately represent future climate sensitivity. A potential avenue
is to use process-based model selection methods, e.g., with emerging
constraints (Eyring et al., 2019; Hall et al., 2019). Other approaches
include selecting the ESMs that capture the range of projected future
mean changes of key oceanic (physical and/or biogeochemical) prop-
erties (e.g. Pozo Buil et al., 2021), prioritizing ESM spread over scenario
uncertainty. The CORDEX project provides the opportunity to explore
the uncertainty associated with downscaled atmospheric forcing.

All the model choices related to coastal ocean downscaling discussed
above add a layer of uncertainty related to the future projections (if a
different choice were made, the projections would give a different
answer). While there is sometimes scope to explore the parameter and
internal model choices (e.g. mixing schemes), exploring model resolu-
tion and/or coastal ocean model selection (e.g. ROMS versus NEMO
versus MOMBS6) is often beyond the scope of a single downscaling study.
Hence this uncertainty is often neglected and is an aspect that GCO-MIP
Strands 3 aims to make progress with.

Propagation of uncertainties also occurs “downstream* of linked
models. For example, in an end-to-end modelling framework to produce
future regional projections of Pacific sardine using three different
ecological models forced by three downscaled climate projections for
the California Current, Smith et al (2023) found that the relative
contribution of uncertainty associated with ecological model type
increased as the projection period increased, while the relative ESM
uncertainty decreased. On the other hand, Hinson et al (2023) used
ESMs to force regional watershed models and found that the majority of
the total uncertainty in watershed runoff and the greatest fraction of
total uncertainty for future hypoxia levels in the Chesapeake Bay
resulted from ESM selection. Hence, attempting to account for every
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source of uncertainty, is not only exceptionally challenging, but also
increases the potential to overestimate joint uncertainty, mask or
obscure important signals, and hinder the ability to provide climate and
management advice. A potential solution is “to identify the most
important sources of uncertainty that propagate through the regional
projections and ensure the interpretation of results acknowledges the
variation and uncertainty that remains unmodeled” (Smith et al., 2023).

Natural variability

Because ESMs are run for many 100 s years unconstrained by ob-
servations, the simulated phase of natural climate variability (e.g. ENSO,
NAO, PDO, etc.) is essentially random, and bears no relation to that in
the real world. This is in contrast to historical re-analyses in which this
phase is constrained by data assimilation, and to seasonal and decadal
forecast systems that initialize a forecast from a data assimilating
simulation. The natural variability provides a lower limit on the aver-
aging period needed to separate a significant climate change signal. The
World Meteorological Organisation prescribes a canonical averaging
period of 30 years, and so comparisons of averages shorter than this are
likely to be contaminated with differences in phase of natural vari-
ability. Hawkins and Sutton (2009) show this aspect of uncertainty is
highly regionally variable and its relative importance decreases with
projection lead time; natural variability uncertainty remains largely
constant while scenario uncertainty grows. Ensembles can ameliorate
natural variability uncertainty, allowing shorter periods to be consid-
ered. These can either be multi-model ensembles, which then mix the
natural variability and model uncertainty, or initial condition ensem-
bles, which provide a ‘clean’ assessment of natural variability, and form
the basis for decadal climate projections.

How these modes of natural climate variability translate into the
regional downscaled simulation remains an area of active research. For
example, Pozo Buil et al. (2021) showed that the regional response of
upwelling-favourable wind stress in dynamical downscaled projections
is correlated with basin-scale climate oscillations (the PDO).

4.2. Simulation strategy

Forcing and bias correction

Full physics coastal ocean simulations require forcing from atmo-
spheric, oceanic and terrestrial variables and/or fluxes. Atmospheric
forcing can be taken directly from ESMs (Fig. 4c), utilise downscaled
regional atmosphere models (such as from CORDEX; Fig. 4e), or are
included in the coupled configuration (Fig. 4g). Ocean forcing can also
be taken from the ESM or alternatively from a global forced ocean model
(Fig. 4d) or larger area (e.g. ocean basin scale) forced or coupled model.
The general principle is to initialise the coastal ocean model with the
same data as the oceanic boundary conditions, to prevent spurious
baroclinic boundary currents that can persist throughout the whole
simulation; geostrophy preventing an interior adjustment to the
boundary conditions.

Terrestrial forcing (from rivers and land-ice melt, including water,
heat carbon and nutrients) is a particular challenge for coastal ocean
downscaling. The information can be taken from the ESM land surface
component with an additional treatment for ice sheets if required (not
commonly included in ESMs), by perturbing present-day river discharge
observations with climate information (e.g. catchment precipitation), or
from the output of a hydrological model forced by consistent atmo-
spheric information (Saraiva et al., 2019b; Stadnyk et al., 2021). There is
generally a considerable mismatch in spatial scales between the land
surface component of ESMs and coastal ocean models (particularly at
sub-regional and local scales), so some form of terrestrial downscaling is
usually required to accurately model the riverine input.

Errors in large scale (atmospheric and oceanic) forcing tend to
propagate into the regional model. Although, from the ocean side, this
can be ameliorated to some extent by choosing a sufficiently large area
so internal dynamics can compensate for errors at the boundaries. The
forcing datasets for the downscaling ensemble can be selected based on
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the realism of the large-scale patterns during the historical period
(important to prevent error-propagation), and the divergence of their
response to climate change, so key elements of uncertainty and bounds
of likely response are captured. When error propagation is expected (or
tested) to excessively degrade the simulation and counter the benefits of
downscaling, a pre-processing stage is required to correct these biases.
ESM biases in mean state and/or variability are quantified over a his-
torical reference period and removed from the forcing used for down-
scaling. Many ESM bias correction methods have been developed (e.g.
Pozo Buil et al., 2023; Xu et al., 2021), mainly focused on climate and
atmospheric applications. For coastal ocean applications, there is no
consensus on whether to use bias correction and which method is best
(Drenkard et al., 2021). However, studies without any bias correction
can lead to extremely large biases at local and regional scales (e.g. Holt
et al., 2022); and bias correction has been demonstrated to reduce this in
both hydroclimate (Rahimi et al., 2024) and ocean (Pozo Buil et al.,
2023) variables. For downscaled ocean projections, the “delta method”,
usually following the time slice simulation strategy (see below) is most
common. In its simplest form, the time-mean differences (deltas) in the
ESMs between historical and future periods are derived and added to
reanalysis based on historical conditions. In the “seasonally-varying”
delta approach (Alexander et al., 2020) the seasonal cycle of the long-
term deltas is retained and added to the control simulation forcing. In
the “time-varying” delta method (Pozo Buil et al., 2021), the deltas are
first computed from a period of interest relative to a historical period
and then added to a historical climatology and high-frequency vari-
ability (Echevin et al., 2020; Pozo Buil et al., 2021). It is important to
apply consistent bias correction approaches to both atmospheric and
ocean forcing, and also to the initial conditions.

A particular issue for regional models with a biogeochemical
component is the need to provide accurate boundary conditions for
these state variables that include their wider climate change signal. This
often limits the choice of forcing to coarser resolution ESMs, which have
a marine biogeochemical component and even then, approaches for
specifying missing variables are often needed (e.g. through Redfield
ratios). This potentially restricts the choice of ensemble members and
the ability to span uncertainty in this context. Temporal resolution of
depth resolved data is a particular issue, with at least monthly forcing
being required. While data availability has significantly increased in
CMIP6 compared to CMIP5, biases in this data remain an issue. Clima-
tological values for the main biogeochemical boundary conditions (e.g.
from WOA or GLODAP) perturbed by a climate change single is a viable
solution (essentially a bias correction approach), e.g. Siedlecki et al
(2021). However, care is needed to maintain consistency with the
climate change signal in the hydrography. This highlights the utility of
the forced global approach (Fig. 4d) for providing consistent biogeo-
chemical boundary conditions for finer scale models (e.g. Wakelin et al.,
2020).

In contrast, reduced complexity models require correspondingly
simpler forcing, although may come with other requirements, e.g. a 2D
storm surge model might only need wind and pressure atmospheric
forcing but requires these at high frequency and is highly dependent on
the forcing model’s ability to simulate atmospheric extremes.

Transient simulations

In the transient simulation approach models run continuously,
starting from the recent past and proceed into the future with time
varying forcing. This is the typical approach used for scenario simula-
tions in CMIP, in which, following a long pre-industrial spin-up, the ESM
runs for the historical period followed by a future scenario (e.g.
1850-2100). A shorter period is usually used for downscaling; for
example Echevin et al (2020) run 1997-2100 with 1997-2005 treated as
spin-up. In this approach, the transient impacts of climate change can be
determined for plausible future conditions and warming targets without
requiring a predefined plan for the time horizon that these conditions
and warming targets will be reached. Most importantly, the transient
approach generally ensures that the regional model has sufficient time to
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adjust to the forcing (although see comments on spin-up below), and the
simulations explicitly include the regional model’s natural long-term
variability. Hence, the climate change induced trends can be inferred
without contamination from natural variability (Drenkard et al., 2021).
Transient simulations of sufficient duration enable the isolating climate
change signals from natural variability and are particularly crucial for
detecting and attributing signals in the coastal ocean.

Some period of spin-up needs to be accounted for as the model ad-
justs from its initial conditions and reaches a dynamic equilibrium with
its forcing. In most regional seas this is comparatively fast (less than a
few years); the oceanic flushing time of the region is a good guide.
However, care is needed in deep basins where the deep-water exchange
time can be very long, such as the Black Sea (~400 years; Murray et al.,
1991) and Baltic Sea (~30 years), or for biogeochemical tracers that
require similarly long equilibration time (e.g. semi-refractory DOC or
benthic pools). In these cases, as with the deep ocean in general, a
disequilibrium between the forcing and the internal model state can lead
to an erroneous trend signal or ‘drift’. This can be established using a
control run, e.g. one with repeating climatological mean seasonal forc-
ing for the historical period. It is common practice to subtract any
resulting drift from the climate change signal. For example, Wakelin
et al. (2020) assess drift in their downscaling simulation of the NW
European shelf over a 120 year period and show it to be negligible for
SST, surface salinity, and near bed oxygen in most regions of the model.

Generally, the transient approach is considered best practice for
future climate downscaling. However, in high-resolution (sub-regional
and local scale) and/or O-A coupled simulations other approaches that
reduce the computational cost are required.

Time-slice simulations

The time-slices approach typically involves a pair of relatively short
(10-30 years) model experiments driven by (i) present-day conditions
(e.g., 1996-2015) and (ii) future conditions (e.g., 2081-2100), each
prescribed from the same ESM simulation. The climate change signal is
then estimated by comparing mean properties of these two experiments.
This approach is computationally more efficient than the transient
approach and has been used effectively in many studies (e.g. Holt et al.,
2016; Nishikawa et al., 2021; Oerder et al., 2015). However, spin-up
adjustment from initial conditions (noted above) and natural vari-
ability contamination can lead to uncertainty in the interpretation of the
resulting climate change signal. Longer time-slices or use of an ensemble
can reduce the issue related to the attribution of natural versus climate
change induced variability (Drenkard et al., 2021). However, the ben-
efits over a transient simulation become marginal for longer time-slices.
Time-slices are often the only option for kilometre or sub-kilometre scale
simulations. In the case of shallow coastal seas initial condition adjust-
ment is very fast, and less of an issue. However natural variability
contamination remains an issue for short time-slices. Approaches need
to be developed to ameliorate this, for example by selecting two short
time-slice periods with matching phase of the natural variability in the
forcing data. Alternatively, they can be selected by choosing time-slices
whose mean forcing matches the longer-term mean, for example when
the 5-year mean is closest to the 30-year mean. For example, in their
700 m resolution simulation of Puget Sound, Moore et al (2015) select
individual years to simulate “whose seasonal cycle of wind stress were
closest to decadal means for the 1980 s and the 2040 s (1988 and 2047)”.
For multiple forcing variables, a cost-function minimisation can be
applied to select sorter time slices.

Climate delta simulations

In the climate delta (or pseudo-Global Warming) approach, a control
run is forced with reanalysis products (e.g. for 30-years of the recent
past) while future scenario runs add a climate change signal to the
forcing of the control run (e.g. Alexander et al., 2020; Jin et al., 2021),
using either an additive or fractional-change approach. This readily
incorporates a bias correction and provides a further reduction in
computational cost over the time-slice approach if a reanalysis forced
simulation is already part of the simulation strategy (e.g. for validation,
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see below). It is challenging, however, to maintain dynamical consis-
tency in the forcing data (e.g. changes in wind direction), and as with the
time-slice approach, it is difficult to explore changes in higher frequency
variability, e.g. storm tracks and climatic modes, and questions of initial
condition adjustment persist.

4.3. Building confidence in future projections

Trust in future climate projections is built on a combination of a
regional model’s ability to reproduce present day conditions (including
trends and variability), and confidence in the model formulation itself;
that it is based on sound theoretical and/or empirical understanding (e.
g. governing equations and conservation principles). It is particularly
important that the model formulation is robust to environmental
changes that go beyond those experienced through historical natural
variability, e.g. encompassing state-changes and regime shifts.

In ESMs, climate variability has essentially random phase and this
must be accounted for in any comparison with observations. Compari-
sons can be made to hindcasts, reanalyses and observational climatol-
ogies averaged over long periods (e.g. 30 years) to average out climate
variability. Probability distributions and trend metrics can be used to
assess the statistics of model performance; these need to be calculated
over decadal time scales to control for climatic variability.

There is great variation in the availability of data for model assess-
ment in the coastal ocean, largely following gradients in wealth but also
challenges in regional accessibility (notably in high-latitude, ice-covered
seas). While some regions benefit from extensive sustained coastal ocean
observing, the coastal ocean lacks the systematic international observing
networks available in the open ocean, such as ARGO and GO-SHIP.
Specific care is needed with gridded observational products, since
these can mislead by providing ‘observed’ values where there is insuf-
ficient data to make a sensible interpolation. This requires careful use of
product meta-data or else resorting to raw observations for the assess-
ment (the safest approach). Closing these observational gaps through
high resolution satellite earth observation and novel low-cost sensors (e.
g. GNSS sea level monitoring) is critical for global coastal ocean climate
projections. Comparability of models between regions also helps: vali-
dation of a model configuration in a data rich area lends some confi-
dence to performance in a data poor one, as long as they share common
dynamics, a key motivation for typology approach (Section 2.2).

A standard set of model assessment diagnostics is a key component
for a model intercomparison programme, e.g. ESMvaltool.org for ESMs
and COAsT for regional models; (Byrne et al., 2023). In the global
coastal ocean, some variables are more discerning than others in
assessing the skill of a simulation, but a standard set of diagnostics needs
to be pragmatic in terms of data availability. For example, sea surface
temperature (SST) is fundamental to several physical and biogeochem-
ical processes and can be remotely sensed. However, in forced ocean
simulations, SST is highly constrained and so its utility in assessing
model accuracy is less valuable. In contrast, sea surface salinity is more
strongly controlled by model dynamics in both forced and coupled
simulations, and so is a better guide to model performance. Although it
has fewer and lower resolution observations.

A key approach to evaluate regional downscaled climate models is to
consider current trends and the processes responsible for these. For
example, in the Northwest Atlantic (NWA), Ross et al. (2023) evaluate a
regional MOMS6 configuration against both climatologies and trends in
SST and water masses. The NWA shelf is well known for experiencing
rapid warming (Pershing et al., 2018), and the regional amplification of
SST is thought to be driven by the increased presence of Gulf Stream
water on the shelf, and so a comparison of the position of the Gulf
Stream and on-shelf water masses provides a process-based evaluation.
This builds confidence that the model can simulate future interactions
with the Gulf Stream.

Coastal ocean processes, such as tides and benthic characteristics
require bespoke validation approaches. Adding a reanalysis forced
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simulation to the strategy allows the model to be compared directly with
contemporary observations, including the detailed high spatiotemporal
resolution needed in the coastal ocean (e.g. for sea level extreme events).
This can build on the extensive regional model validation developed for
operational oceanography (Alvarez Fanjul et al., 2022; Sotillo et al., in
review, 2024) and adds confidence in the model configurations that are
then adapted for regional projections. Reanalysis forced simulations can
also identify the implications of changing from reanalysis to ESM forcing
on model skill; the expectation is some degradation in skill even for a
statistical comparison, due to lack of observational constraints in the
ESM (e.g. Holt et al., 2022).

There is an open question of how to build confidence in data-driven
models (e.g. machine learning approaches). In the observation driven
approach, excluding a subset of observations from the training set and
using these for validation is common, but only an option when the
training set is extensive. For model-based approaches, training with
reanalysis and repeating the validation as used for the dynamic model is
an option. In both cases, great care is needed in cases where the future
climate goes beyond the observational base.

5. Actionable knowledge, data and capacity development
5.1. Sharing models

Sharing model code, configurations, and experiments, and the
methodology to create these is a key part of reproducible” model sys-
tems. This is not only at the heart of the scientific method but also
important in developing global capacity in coastal ocean downscaling.
The practical realisation of a coastal ocean model simulation for future
climate is a complex combination of:

e Numerical ocean model code, configuration and forcing

e Practitioner expertise across the model components

e The High Performance Computer (HPC) infrastructure

o A third-party software stack for successful compilation and execution
on the HPC

e Workflows and scripts to complete these stages

Documenting these processes to allow for reproducibility is chal-
lenging but is a key step for both cross-model comparison and globally
expanding the climate downscaling community. Model descriptions in
journal papers provide the traditional method of sharing. Unless done
with great care, they rarely provide a reproducible solution. An over-
view of the fundamentals of building reproducible and relocatable
regional ocean models is given by Polton et al. (2023). The use of code
collaboration platforms (e.g. GitHub) and the ability to publish model
configurations from these with a DOI (e.g. on Zenodo) provides the
beginnings of a genuinely reproducible solution. An example is the
Salish Sea MEOPAR Project (https://salishsea-meopar-docs.readthedo
cs.io/en/latest/code-notes/salishsea-nemo/index.html). This includes
extensive documentation for a regionally specific NEMO configuration
of the Canadian Salish Sea, which is deployed in various research pro-
jects (e.g. Soontiens and Allen, 2017). Similarly, the Canadian NEMO
Ocean Modelling Forum Community of Practice (https://canadian-ne
mo-ocean-modelling-forum-commuity-of-practice.readthedocs.io/en
/latest/) describes regional configurations and experiments, and de-
velopments of such in Canada.

Relocatable modelling systems provide an important tool for
expanding the coverage of future climate downscaling. Often developed
with operational forecasting or short-term process studies in mind, they

2 Here “reproducibility” is taken to accept differences in computational
environment, which can lead to scientifically different results particularly in
areas where stochastic processes (e.g. eddies) are important, but are often
insignificant compared with other uncertainties.
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are readily adapted to future climate applications to provide easily
deployable end-to-end modelling solutions. For example, the NEMO
nowecast framework (https://nemo-nowcast.readthedocs.io/en/latest/)
is a well-documented collection of Python modules that can be used to
build a software system to run the NEMO ocean model in a daily now-
cast/forecast mode. The Structured and Unstructured grid Relocatable
ocean platform for Forecasting (SURF: https://www.surf-platform.org/t
utorial.php; Trotta et al., 2021) uses both NEMO and the SHYFEM un-
structured grid model to rapidly build and deploy configurations for real
time maritime disaster response. The focus is on operational deployment
and reliability, and this necessitates a high level of automation and
reliance on mature code versions.

Containerization is an emerging technology in the field of ocean
modelling and potentially offers promising opportunities for sharing
models and porting to new architectures, by abstracting the challenges
of compatibility between operating systems and library dependencies
from running the models. Essentially, it allows a fully working realisa-
tion of the model system to be shared, and this can be deployed on any
computer resource that supports the chosen containerization system;
Singularity (https://sylabs.io) is a notable example designed for HPC
systems, and so well suited to this task. Containerization is less likely to
be adopted by centres working on a single HPC platform, as there is an
efficiency cost associated with the container layer, but is well suited for
institutions and practitioners that rent cloud-based HPC resources or use
multiple community facilities.

5.2. Sharing data

Data access is an on-going challenge in downscaled future climate
projections; they are very storage intensive, due to the need to explore
high frequency processes at decadal to centennial scales. Regional
modelling communities lack the internationally organized data storage
and distribution infrastructure available to the climate modelling com-
munity (e.g. the Earth System Grid Federation; ESGF). Careful consid-
eration is required as to which parameters to store, at what temporal and
spatial resolution, and the use of standard sets of bespoke metrics/di-
agnostics, which can be calculated on-line to reduce storage cost. These
go beyond the standard set of essential ocean and essential climate
variables. End users have different demands on the downscaled climate
data provided. Some need raw model data to analyse and interpret
independently, others require a synthesised products that provides in-
formation on specific questions. This requires various, web-based, data
access approaches, as well as end user interaction to produce bespoke
products such as maps and diagrams. All this requires a high degree of
organisation and coordination before simulations are started (GCO-MIP
Strand 4). This can be aided by standardisation of formats (e.g. netCDF4,
ZARR), vocabularies (e.g. CF Standard Names) and data access ap-
proaches (e.g. ESGF nodes or cloud-based infrastructure). In addition,
standardisation also promotes confidence and trust in the data. The
collective data-basing of downscaled climate data facilitates cooperation
between neighbouring countries and regions. CoastPredict and the UN
Decade Collaborative Centre for Coastal Resilience aspires to develop a
cloud-based infrastructure framework to support data management and
digital services across the global coastal ocean. This builds on a vision of
Regional Clouds supporting multiple GlobalCoast pilots sites (Section 2,
Fig. 3) and provides a solution for disturbing coastal ocean projection
data (e.g. from GCO-MIP) under FAIR data principles.

5.3. Translating model results to usable solutions

The end users for climate downscaling information in the coastal
ocean span the breadth of the marine economy, environmental protec-
tion and management, and coastal resilience sectors, both directly and
via intermediate users across a diverse range of disciplines. Each end user
community has their own set of perceptions, beliefs and values, which
can act as a barrier and/or opportunity to the provision of the
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projections. These diverse end users act in international (global and
regional), national and local contexts, spanning public, private and
“third sector” (e.g. NGO’s) organisations. Engagement via coordination
frameworks is highly beneficial when a broad level of end-user
engagement is desired. Examples include, UN Decade programmes,
WCRP activities and regional cooperation bodies, e.g. Partnership for
the East Asian Seas (https://www.pemsea.org/).

A balanced view and clear explanation of uncertainty is crucial for
end-user engagement. For example, being clear on the distinction be-
tween lack of knowledge of the system’s response to climate change and
large uncertainty in that response; we may know the process response of
the system very well, but still have a broad range of possible futures, e.g.
due to chaotic interactions. Moreover, understanding the endusers’
objectives is critical, e.g. do they need to design to a worst-case scenario
or a most likely scenario? Typically, this balances the cost of over-
estimating the hazard against the risk of underestimating it.

The results from downscaling simulations need to be co-designed and
co-produced into usable solutions with the end users, in the form of
readily accessible data, information and advice. This delivers GCO-MIP
Strand 4. This increasingly includes opportunities for end users them-
selves to participate in the research so that outputs are useful, useable,
and trusted, with the help of coordinated frameworks and boundary
spanning institutions. Given the complexity of delivering usable solu-
tions across this diverse end-user community, it is helpful to identify a
community of practice sitting between the downscaling practitioners
and the ultimate end-users of the information, termed intermediate users
in the Copernicus Marine Service (Le Traon et al., 2019). These develop
bespoke information products and services for specific end-users and
also feedback design requirements to the downscaling practitioners. In
this context, local knowledge is extremely valuable in designing exper-
iments, understanding results and building confidence in modelling re-
sults, but noting the epistemology (or “ways of knowing™) underlying
this maybe unfamiliar to the modelling practitioners. Moreover, the

Table 1
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natural science information provided by these projections needs to be
combined with social, cultural and economic indicators to develop
detailed environmental exposure and vulnerability assessments and so
inform effective coastal ocean resilience strategies. This co-design often
requires transdisciplinary collaborations, i.e. collaborations that reach
across scientific disciplines (e.g., environmental sciences, engineering,
economics and social sciences) and sectors (e.g., academia, industry,
NGO’s and policy). A significant challenge of such work is effective
communication between disciplines and sectors, and in particular
communicating how we account for new scientific evidence, while
minimising any loss of confidence due to a perception of “moving the
goal posts”. Particularly, new scientific insights often increase, rather
than reduce, uncertainty, as new process responses are identified.
Moreover, developing projections for multiple, diverse end users may
lead to conflicting priorities, complicating the co-design ideal.

6. A proposed framework for a Global Coastal Ocean Model
Intercomparison Programme

The great diversity of challenges and approaches outlined here,
alongside the disparity of resources available to meet these across the
global coastal ocean, implies that a coordinated coastal ocean model
intercomparison programme requires a highly flexible and inclusive
approach. Tables 1 and 2 summarise our analysis of the state-of-the-art
for coastal ocean downscaling simulations targeted at ecosystem ser-
vices and coastal hazards respectively (see Section 1.1). This forms the
basis of the simulation strategy and protocols. Simulations targeted at
aspects of the blue economy would be covered by one of these schemes,
maybe with the addition of sector-specific parameterisations or models
(not prescribed here). We propose a tiered approach to allow the widest
participation in GCO-MIP. This approach consists of four inter-related
strands, which can be participated in together or independently.
Organising and facilitating the GCO-MIP itself requires some resource,

Options for experiment design in GCO-MIP, for simulations targeting ecosystem services (see Section 1.1). Optimal options identify the current state-of-the-art,
Acceptable are solutions matching earlier studies and Advanced is pushing the boundaries of current capability. These choices are only indicative and a real-world
solution might cross these boundaries in some aspects, e.g. an Acceptable simulation run with more than one ESM forcing. Sim refers to simulations approach: T is
transient simulations (Section 4.2); TS are time slice or climate-delta simulations (Section 4.2). Hydo: hydrodynamic model; BGC: biogeochemistry/lower tropic level
ecosystem model; Waves: spectral wave model; Hydrol: hydrological model. Applications indicate example uses of these simulations, noting more advanced models
usually cover those of less advanced ones. SLR: sea level rise; LMR: living marine resources; LBC lateral boundary conditions of nested models. HTL: Higher Trophic

Levels.

Targeting Ecosystem Services

Regional Model Scale Atmos Ocean Forcing Land Forcing Sim  Ensemble Application
(km) Forcing
Acceptable 3D-hydro 5-12 ESM ESM Perturbed T 1 ESM Circulation, Hydrography, Connectivity,
Fig. 4c climatology 1SSp Inferred ecosystem, SLR
Optimal 3D-hydro- 3-7 Downscaled Global forced Hydrol-land Model T 2 ESM BGC multi-stressors,
Fig. 4f BGC 2 SSP Multiple storylines,
Link to LMRs
Advanced RCM-BGC 3-7 O-A coupled Global forced Hydro-land Model T 2 + ESM Dynamically consistent response,
Fig. 4g 3+ Ssp Uncertainty budget
Advanced Global 10-25 ESM - Perturbed T 2 ESM Global view of coastal ocean and feedbacks,
Fig. 4b forced-BGC climatology/ESM 2 SSp Accurate LBCs
Also HTL modelling. Wave effects
Consider
Sub- Model Scale Atmos Ocean Forcing Land Forcing Sim  Ensemble  Application
Regional (km) Forcing
Acceptable 3D-hydro 1-10 ESM Regional/Global Perturbed TS 1 ESM Fine scale circulation, Hydrography,
forced climatology 1 SSP Connectivity, Inferred ecosystem
Optimal 3D-hydro- 1-5 Downscaled Regional Hydrol-land Model T 2 ESM Fine scale BGC multi-stressors,
BGC 2 SSP Multiple storylines,
Link to LMRs
Advanced RCM-BGC 1-5 O-A coupled Regional Hydrol-Land Model T 2 + ESM Dynamically consistent response,
3 + SSp Uncertainty budget
Also HTL modelling

consider
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Options for experiment design in GCO-MIP, for simulations targeting coastal hazards. Optimal options identify the current state-of-the-art, Acceptable are solutions
matching earlier studies and Advanced is pushing the boundaries of current capability. These choices are only indicative and a real-world solution might cross these
boundaries in some aspects. Sim refers to simulations period: T is transient simulations (Section 4.2); TS are time slice or climate-delta simulations (Section 4.2).

Targeting Coastal Hazards

Regional Model Scale (km) Atmos Forcing Ocean Forcing  Land Forcing  Sim Ensemble Application
Acceptable 2D-hydro 5-12 Downscale ESM - T 1 ESM Storm surge, SLR
Fig. 4e 1 SSP
Optimal 3D-hydro- 3-7 Downscale ESM - T 2 ESM SLR, Extreme waves,
Fig. 4e Waves 2 SSp Multiple storylines
Advanced RCM- 3-7 O-A coupled Global forced Hydrol T 2 + ESM Dynamically consistent response,
Fig. 4g Waves 3 + SSP Uncertainty budget
Advanced Global forced- 10-25 ESM - - T 2 ESM Global view of coastal ocean and feedbacks,
Fig. 4b Waves 2 SSp Accurate LBCs
Also Consider  Erosion modelling. Interactive wave coupling
Sub- Model Scale Atmos Ocean Land Sim  Ensemble  Application
Regional (km) Forcing Forcing Forcing
Acceptable 2D-hydro 1-10 ESM Regional/ - TS 1 ESM Fine scale storm surge, SLR
ESM 1 SSP
Optimal 2D-hydro- 1-5 Downscale Regional - T 2 ESM Extreme waves,
Waves 2 SSP Multiple storylines
Optimal 3D-hydro 1-5 Downscale Regional Hydrol T 2 ESM Component interaction,
2 SSp Multiple storylines
Advanced RCM- 1-5 O-A coupled Regional Hydrol T 2 4+ ESM Dynamically consistent response,
Waves 3+ SSP Uncertainty budget
Also consider ~ Unstructured grids. Erosion. Interactive wave coupling
Local Model Scale Atmos Ocean Land Sim  Ensemble  Application
(km) Forcing Forcing Forcing
Acceptable 2D-hydro 0.1-1 Downscale Regional/ - TS 1 ESM Local detail for storm surge, SLR
Sub-regional 1 SSp
Optimal 2D- 0.05-0.1 Downscale Sub-regional — TS 2 ESM Urban scale impacts, Extreme waves
unstructured 2 SSP
Waves
Optimal 3D-hydro 0.5-1 Downscale Sub-regional Hydro- TS 1 ESM Local detail for storm surge, SLR, Component
Model 1 SSP interaction
Advanced RCM- 0.05-0.1 O-A coupled Sub-regional Hydro- TS 2 4 ESM Dynamically consistent response,
Waves Model 3 4 SSP Uncertainty budget

Also consider  Erosion. Interactive wave coupling. Inundation modelling. BGC

and as FLAME is not a directly funded activity, the suggestions here are
aspirational, depending on the resources that can be captured to realise
this. Here we only describe a high-level framework. In practice extensive
technical details of each component are required to produce actionable
protocols. Developing consensus on these will be subject of future
workshops and discussion forums. Specifically, these would be organ-
ised around protocol development themes that cut across the four
strands:

i. Climate-ocean dynamical downscaling

ii. Coastal and estuarine downscaling
iii. Biogeochemistry and ecosystem modelling
iv. User perspectives

Care is needed to align GCO-MIP with other activity in this area,
specifically the CLIVAR-CORDEX-Ocean task force on regional ocean
modelling and climate projections. Given its connection to WCRP and
CORDEZX, it is appropriate that that group defines the regional domain
scheme, specifically targeting IPCC Assessment Reports, and GCO-MIP
builds on that scheme across scales from regional to local, targeting
end-user requirements. On this basis, we would aim to harmonise the
protocol development with the CLIVAR-CORDEX-Ocean TF, e.g. with
joint workshops, particularly on (i) Climate-ocean dynamical
downscaling.

Strand 1: Common meta-data, assessment, diagnostics and best
practice

Any downscaled coastal ocean model experiment with freely
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accessible data and code would be able to participate. A common
simulation meta-data template would be used to fully and accurately
describe the simulations and output. These include either a publication
or a repository (e.g. Zenodo) with a DOI. Ideally, step-by-step in-
structions to reproduce the simulation would be provided (e.g. as in
Polton et al., 2022). A standard set of minimal outputs would be pre-
scribed that includes a set of standard validation metrics against global
observational data sets. Best practice validation approaches with any
available regional data would also be described. Scripts to produce these
would also be provided. Global forced models can participate in this
strand providing data either globally or for selected regions.

An on-line repository would be provided to collate and share the
meta-data and assessment, with a web-map of domains and links to the
repository where the common output is available.

A live on-line, interactive, best practice guide would be provided.
This spans the various applications described in this paper and includes
both the current state-of-the-art (as described here) and opportunities
for up-date and comment based on emerging practitioner experience. It
includes both the rationale behind the strands, and more technical
considerations of best practice, e.g. how to treat riverine inputs, missing
biogeochemical variables, and interactions at the sediment interface.

Strand 2: Standard model experiments

GCO-MIP specifies, and makes available, a standard set of forcing
data, covering a small number of forcing ESMs and SSP scenarios; this
defines the minimal simulation ensemble and covers Acceptable and
Optimal options in Tables 1 and 2. The forcing data include atmosphere,
ocean and hydrological components, and are selected to perform
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acceptably in all ocean basins. They include options with biogeochem-
ical variables and without (generally from higher resolution ESMs).
Downscaled simulations without a biogeochemical model would ideally
run both sets. Global ocean forced models with biogeochemistry would
be encouraged to participate in this strand to allow the regional down-
scaling models with biogeochemistry to include the higher resolution
ESMs without marine ecosystems. Scripts for boundary condition
preparation for commonly used regional ocean models would be pro-
vided. Standard bias correction algorithms would also be provided, but
left to the participant to use or not depending on their requirements and
assessment. The simulation period is specified as both the start and end
date for a transient simulation and as time-slices. For time-slices we
specify present, mid-century, and end of century 30-year periods. For
each forcing dataset and ocean basin we identify shorter 5- and 10-year
periods where the mean for key forcing variables most closely matches
the mean of the 30-year period. This is to facilitate modelling at the sub-
regional and local scale, where transient simulations may not be prac-
tical. These simulations can be run for any region and at any scale (but
guided by Tables 1 and 2), in forced or coupled mode, with or without a
terrestrial input model. Common model meta-data, output and assess-
ment follows Strand 1.

Example machine learning approaches to develop emulators for
these dynamical simulations would be provided. This would allow
participants to readily expand their ensembles and better explore
uncertainty.

Strand 3: Common model regions and local case studies

This strand has two elements: The CLIVAR-CORDEX-Ocean TF will
define a set of regional scale domains, which provide the GCO-MIP
regional-scale domains with global coverage. Alongside this, GCO-MIP
specifies a set of exemplar case studies downscaled from the regional
domains at sub-regional and local scale. These will align with Global-
Coast Pilot sites, with suggested minimal resolution for each (Tables 1
and 2). The three scales are nested within each other to allow incre-
mental refinement from the coarser resolution global forcing data.
Models that include a substantial fraction of a core region can be
included in the strand; see (Golbeck et al., 2015) for an example of how
multiple models with different but overlapping regions can be usefully
compared. The set of case studies aims to span different coastal ocean
types, based on a hydrodynamic-process based typology. Strand 3 do-
mains run Strand 2 experiments, and the harmonisation of protocols
would ideally mean that simulations at the regional scale would be able
to contribute to both GCO-MIP and the CLIVAR-CORDEX-Ocean TF.
Global forced models can participate in this strand providing data for the
selected regions, most likely for the regional scale set. Common model
meta-data, output and assessment follows strand 1. A catalogue of
reproducible ‘worked examples’ for each case study would be devel-
oped. As these develop maturity their number can be expanded through
increased participation, e.g. through the GlobalCoast Pilot sites network.

Strand 4: Data dissemination and end user communication

Best practice approaches for sharing data and communicating the
outputs of coastal ocean downscaling to end users would be developed.
Informative and engaging ways to analyse and disseminate the infor-
mation would be co-developed with end user communities. These would
include communicating the diverse range of regional response to climate
change, the treatment of uncertainty and the use of non-probabilistic
(story-line) approaches. A hierarchical approach to data sharing would
be developed to meet multiple end user needs, from raw model data
through to synthesised information products. Given the diverse range of
end users, removed from the science and technical aspects, it is expected
that this would occur via a community of intermediate users, who would
develop bespoke climate information services for specific end-user
groups. This would be developed through the outcomes of User
Perspective workshops and supported by the GlobalCoast cloud infra-
structure framework. Hence it is expected that this hierarchy of data
sharing become more user-specific as it evolves away from raw model
data. However, coordinating best practice across this data translation

21

Progress in Oceanography 235 (2025) 103497

process would be important and enable the development of more stan-
dard information products in some cases.

Together, these four strands would produce a coherent collection of
accurately and consistently described future climate downscaling sim-
ulations crossing scales from regional to local. Strand 1 alone offers a
substantial step forward from the current, ad hoc and disparate approach
to downscaling model description. Strand 3 provides crucial, and novel,
insight on downscaling model uncertainty across scales, linking with the
CLIVAR-CORDEX-Ocean TF. Strands 1 and 2 would allow cross-regional
comparison and assessment of climate change impacts, in a systematic
way. Except in global cases or coordinated multi-region experiments
(Barange et al., 2014), model differences inevitably contaminate the
comparison [as in Holt et al. 2016]; however, Strand 3 provides some
information on this.

7. Closing remarks

In this paper we have explored the challenges related to developing
future climate impact information in the global coastal ocean across
multiple societal challenges, such as coastal hazards, marine ecosystems
and the marine economy. It is clear from this study that future climate
downscaling in the coastal ocean is extremely challenging, both tech-
nically and conceptually, since there are multiple modelling trade-offs
and choices. The need for cross-sectoral expertise (e.g. in regional at-
mospheric and land surface/hydrological modelling) is seen as a key
challenge and barrier to entry for fully sea-air-land coupled approaches,
which would be considered the ideal. An internationally coordinated
approach, in the context of the UN Decade of Ocean Science for Sus-
tainable Development, is explored and building connections across
diverse community of practices is a particular opportunity of this. The
vision of GCO-MIP is multiple coordinated regional downscaled models
with global coverage, aligned forced global ocean-sea ice models, and a
growing set of coordinated sub-regional to local scale case studies. The
success of such an endeavour would be judged both on the added value
over the Global Climate and Earth System Models of CMIP, in terms of
more accurate process representation and geographic detail, and on the
improved information and advice available to end users. A collective
approach is highly beneficial, particularly with the development of
partnerships between less experienced practitioners and end users and
more established groups to enable capacity building and increase uptake
of information.
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