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Abstract

Climate change poses significant threats to oceans, leading to ocean acidification, sea
level rise, and sea ice loss and so on. At the same time, oceans play a crucial role in
climate change mitigation and adaptation, offering solutions such as renewable energy and
carbon sequestration. Moreover, the availability of diverse ocean data sources, both remote
sensing observations and in situ measurements, provides unprecedented opportunities
to monitor these processes. Remote sensing data, with its extensive spatial coverage and
accessibility, forms the foundation for accurately capturing changes in ocean conditions
and developing data-driven solutions. This review explores the dual relationship between
climate change and oceans, focusing on the impacts of climate change on oceans and ocean-
based strategies to combat these challenges. From the artificial intelligence perspective,
this study systematically analyzes recent advances in applying deep learning techniques
to understand changes in ocean physical properties and marine ecosystems, as well as
to optimize ocean-based climate solutions. By evaluating existing methodologies and
identifying knowledge gaps, this review highlights the pivotal role of deep learning in
advancing ocean-related climate research, outlines existing current challenges, and provides
insights into potential future directions.

Keywords: climate change; oceans; remote sensing; impacts; solutions; machine learning;
deep learning

1. Introduction
Climate change, primarily driven by the emissions of greenhouse gases (GHGs), has

led to profound impacts across different ecosystems. In the marine environment, these
impacts include ocean warming, acidification, sea-level rise, sea ice loss, and widespread
degradation of marine ecosystems such as coral reefs, kelp forests, and coastal wetlands [1–3].
These changes not only threaten ocean biodiversity but also compromise the sustainability
of coastal communities. On the other hand, ocean-based climate change solutions have
emerged as a vital component of global mitigation and adaptation strategies. These include,
but are not limited to, advancing marine renewable energy to reduce fossil fuel dependence,
optimizing low-carbon maritime transportation, and strengthening coastal ecosystem
resilience through monitoring and forecasting. A brief overview of these impacts and
corresponding ocean-based solutions is presented in Figure 1.
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Understanding the impacts of climate change on oceans and implementing ocean-
based solutions rely on large-scale, high-quality ocean data, which serve as the foundation
for monitoring changes and predicting trends. These data are obtained from various sources
such as satellite remote sensing and in situ measurements. Satellite remote sensing provides
large-scale, continuous observations of the ocean surface, enabling global monitoring and
long-term trend analysis [4,5]. In contrast, in situ measurements, collected from buoys,
vessels, and other instruments, deliver more precise and localized ocean parameters [6].
Extracting meaningful insights from ocean data using advanced analytical models is a cru-
cial step in understanding ocean dynamics and addressing the impacts of climate change.
Traditional methods often struggle to process vast and complex datasets, failing to capture
intricate relationships within the data. In recent years, artificial intelligence (AI), particu-
larly deep learning (DL) technologies, has emerged as a powerful tool to analyze large-scale
datasets, uncover hidden patterns, and produce accurate forecasts [7–9]. With these ad-
vanced techniques, researchers can better understand the impacts of climate change on
oceans and develop more effective solutions to mitigate its effects and enhance resilience.

Figure 1. A brief overview of the impacts of climate change on oceans and ocean-based solutions.

While DL has been increasingly applied to the above-mentioned ocean-related research,
a comprehensive review that integrates DL architectures, data sources, application domains,
and core methodological challenges is still lacking. To fill this gap, this review synthesizes
recent advances in applying DL to both the impacts of climate change on the oceans and
ocean-based climate solutions, aiming to address the following key questions:

• Which DL architectures demonstrate high performance for different types of oceanog-
raphy problems?

• Which physical processes in the ocean are poorly modeled by existing DL approaches
and why?

• How do different types of oceanography data (satellite, in situ, reanalysis) affect the
performance of DL models?

• How is the problem of different spatiotemporal resolutions in multisensory data
(satellite observations) addressed?

The remainder of this review is organized as follows. Section 2 introduces the ma-
jor types of ocean data, including observational data, model data, and reanalysis data.
This section also discusses how these data types differ in terms of spatial and temporal
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resolution, and outlines common strategies to address the challenge of heterogeneous
spatiotemporal resolutions in multisensory data. Section 3 summarizes the deep learn-
ing models commonly adopted in ocean studies. Section 4 explores DL applications in
analyzing the impacts of climate change on oceans and Section 5 discusses DL-based
strategies to support ocean-based climate change solutions, highlighting commonly used
DL architectures and evaluating their performance for different types of oceanography
problems. Finally, Section 6 presents a conclusive synthesis, identifies key challenges like
ocean physical processes that are poorly modeled by existing DL approaches, and outlines
future research directions.

2. Data: Foundations of Ocean Studies
Ocean data are essential for monitoring ocean changes, forecasting future conditions,

and developing effective mitigation strategies [10]. Because they originate from multiple
sources and serve diverse purposes, these data can be classified according to different
criteria, such as data source, application areas, or inherent characteristics. In this review,
ocean data are grouped into three main categories, including observational data, model
data, and reanalysis data. Table 1 offers a comprehensive summary of these categories and
the following subsections provide a more detailed discussion for each type.

Table 1. A summary of various ocean data categories.

Category Subcategory Widely Used Data Source Characteristics Applications

Observation
Data

Remote Sensing Data

Optical

MODIS https://modis.gsfc.nasa.gov/data/ (accessed on
1 July 2025) 36 bands from 0.4 to 1.4 µm Temperature, chl-a, sea ice

VIIRS https://viirsland.gsfc.nasa.gov/ (accessed on
1 July 2025)

22 bands from 0.41 to
12.01 µm Temperature, chl-a, sea ice

Landsat-8 OLI/TIRS https://landsat.gsfc.nasa.gov/satellites/landsat-8/
(accessed on 1 July 2025)

11 bands from 0.4 to
12.5 µm

Coastal wetland,
e.g., mangroves

Sentinel-2 MSI https://browser.dataspace.copernicus.eu/
(accessed on 1 July 2025)

13 bands from 0.44 to
2.19 µm Chl-a, coral reef

Sentinel-3 OLCI https://browser.dataspace.copernicus.eu/
(accessed on 1 July 2025)

21 bands from 0.4 to
1.02 µm Chl-a, temperature

GOCI https://oceancolor.gsfc.nasa.gov/about/
missions/goci/ (accessed on 1 July 2025) 8 bands (6 visible, 2 NIR) Chl-a, sea ice, coastal water

dynamics

PlanetScope https://www.planet.com/industries/education-
and-research/ (accessed on 1 July 2025) 8 bands, 3–5 m per pixel Coastal Wetland

SAR

Sentinel-1 https://browser.dataspace.copernicus.eu/
(accessed on 1 July 2025) C-Band Sea ice, oil spill, ship detection

RADARSAT-2 https://www.asc-csa.gc.ca/eng/satellites/
radarsat2/ (accessed on 1 July 2025) C-Band Sea ice and ship detection

RCM https://www.asc-csa.gc.ca/eng/satellites/
radarsat/ (accessed on 1 July 2025) C-Band Sea ice, oil spill, ship detection

TerraSAR-X https://earth.esa.int/eogateway/missions/
terrasar-x-and-tandem-x (accessed on 1 July 2025) X-Band Wave, sea ice, ship detection

ICEYE https://www.iceye.com/sar-data (accessed on
1 July 2025) X-Band Flood, oil spill monitoring

GNSS-R

TDS-1 https://merrbys.co.uk/ (accessed on 1 July 2025) L-Band, global coverage Sea ice, wind, wave

CYGNSS https://cygnss.engin.umich.edu/data-products/
(accessed on 1 July 2025)

L-Band, cover 38°N
and 38°S Wind, wave, algae bloom

Passive
Microwave AMSR-2 https://www.earthdata.nasa.gov/data/

instruments/amsr2 (accessed on 1 July 2025) Multifrequency radiometer
Temperature, sea ice
concentration, and
wind speed

Lidar ICESat-2 https://icesat-2.gsfc.nasa.gov/ (accessed on
1 July 2025)

Laser pulses at 532 nm,
global coverage Sea ice

X-Band Radar Furuno https://github.com/openradar/open-radar-data
(accessed on 1 July 2025)

X-Band, wavelength at
3 cm Wind, wave, currents
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Table 1. Cont.

Category Subcategory Widely Used Data Source Characteristics Applications

Observation
Data

HF Radar NOAA HF Radar
National Server

https://hfradar.ndbc.noaa.gov/ (accessed on
1 July 2025)

High frequency 3–30 MHz,
cover coastal areas Surface currents, wind, wave

Acoustic Passive Acoustic
Data

https://www.ncei.noaa.gov/products/passive-
acoustic-data (accessed on 1 July 2025) Sound waves Fisheries

In Situ Data

Buoy NDBC https://www.ndbc.noaa.gov/ (accessed on
1 July 2025)

Mooring buoy, global
distribution, real-time data Wind, wave, air pressure

Float

Argo https://www.aoml.noaa.gov/argo/ (accessed on
1 July 2025)

Autonomous profiling
float, global distribution Temperature, salinity, depth

BGC-Argo https://biogeochemical-argo.org/ (accessed on
1 July 2025)

Floats carry biological and
chemical sensors Chl-a, oxygen, nitrate, pH

Research Vessels

GLODAP https://glodap.info/ (accessed on 1 July 2025) Global synthesis of ocean
carbon measurements Alkalinity, oxygen, nitrate

GO-SHIP http://www.go-ship.org/ (accessed on
1 July 2025)

Full-depth hydrographic
sections for
climate monitoring

DIC, pH

Tide Gauges
U of Hawaii Sea
Level Center

https://uhslc.soest.hawaii.edu/ (accessed on
1 July 2025) Global distribution Sea level height, tide

PSMSL https://psmsl.org/ (accessed on 1 July 2025) Global distribution Sea level height, tide

Underwater
Images/Video

NOAA Ocean
Exploration Video
Portal

https://www.ncei.noaa.gov/access/ocean-
exploration/video/ (accessed on 1 July 2025)

Images/videos taken by
AUV or ROV

Coral reefs,
undersea topography

Model Data

Physical Model

CMIP https://pcmdi.llnl.gov/CMIP6/ (accessed on
1 July 2025)

Physical-based
climate model

Temperature, precipitation,
sea level, etc.

WW3 https://polar.ncep.noaa.gov/waves/wavewatch/
(accessed on 1 July 2025)

Physical-based
wave model wave

ML Model GraphCast https://github.com/google-deepmind/graphcast
(accessed on 1 July 2025) ML model based on GNN Weather-related variables

Reanalysis
Data

ECMWF ERA5 https://cds.climate.copernicus.eu/datasets
(accessed on 1 July 2025)

Global coverage, hourly
values Wind, wave, temperature

U of Maryland SODA http://www.soda.umd.edu/ (accessed on
1 July 2025) Global coverage Wind, potential

temperature, salinity

NOAA

GODAS https://psl.noaa.gov/data/gridded/data.
godas.html (accessed on 1 July 2025)

Global coverage,
monthly values Temperature, oxygen, salinity

OISST
https://www.ncei.noaa.gov/products/
optimum-interpolation-sst (accessed on
1 July 2025)

Global coverage,
daily values SST

CMEMS GLORYS https://data.marine.copernicus.eu/products
(accessed on 1 July 2025)

Global coverage, daily and
monthly values

Temperature, salinity,
currents

2.1. Observational Data

Observational data refers to information collected directly through instrument measure-
ment and can be further categorized into remote sensing data and in situ observation data,
depending on whether instruments observe ocean parameters from a distance or directly
within the water column [11]. This section presents an overview of both categories, focusing
on commonly used data sources, resolutions, and their applications in ocean studies.

2.1.1. Remote Sensing Data

Remote sensing captures ocean properties from a distance using sensors mounted on
satellites, aerial platforms, land, or ships, without direct physical contact [12,13]. These
sensors operate across various parts of the electromagnetic spectrum, ranging from optical
frequencies to radio waves.

Optical Remote Sensing

Optical remote sensing measures electromagnetic radiation in the visible (roughly
0.4 µm to 0.7 µm) and infrared (about 0.7 µm to 1 mm) bands. Common instruments for
optical remote sensing include Moderate Resolution Imaging Spectroradiometer (MODIS),
Visible Infrared Imaging Radiometer Suite (VIIRS), Ocean and Land Color Instrument
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(OLCI) [14,15], and Geostationary Ocean Color Imager (GOCI), which is the first geosta-
tionary ocean color sensor and provides observations essential for monitoring coastal water
dynamics, sea ice, and primary productivity [16–18]. These sensors record reflectance char-
acteristics of the ocean surface and produce multispectral images (MSIs), which provide
critical information on ocean properties such as sea ice extent, chlorophyll concentration,
and coastal habitats. Moreover, PlanetScope, a satellite constellation operated by Planet
Labs and comprising over 130 CubeSats, captures imagery in eight spectral bands at a
spatial resolution of 3–5 m per pixel. It has been widely used in coastal applications, such
as wetland monitoring and Sargassum inundation detection [19]. By leveraging these data,
optical remote sensing enables comprehensive monitoring of marine environments and
their dynamics [20,21].

A key limitation of optical remote sensing is its dependence on clear atmospheric
conditions and adequate sunlight for data acquisition [22]. Factors such as cloud cover,
aerosols, and water vapor can obstruct light propagation, reducing data quality and avail-
ability. In addition, the absence of sunlight during nighttime or polar winters further
limits the frequency and consistency of data collection, posing challenges for continuous
ocean observation.

SAR

Microwave remote sensing exploits longer wavelengths (1 mm to 1 m) to penetrate
clouds, rain, and fog, enabling all-weather and day or night observations. Among vari-
ous microwave techniques, Synthetic Aperture Radar (SAR) stands out for its ability to
produce high-resolution images of the ocean surface [23]. Commonly used SAR systems
include Sentinel-1, RADARSAT, and GaoFen-3 (GF-3) [24–26]. Sentinel-1, developed by
the European Space Agency (ESA), is a radar imaging system initially comprising two
satellites, Sentinel-1A and Sentinel-1B, both equipped with C-band SAR sensors. Following
the termination of Sentinel-1B in 2022, Sentinel-1C was launched in December 2024 to
ensure the continuity of the mission. The RADARSAT program, led by the Canadian Space
Agency, includes RADARSAT-2 (launched in 2007) and the RADARSAT Constellation Mis-
sion (RCM, launched in 2019), enabling all-weather imaging for applications such as sea ice
mapping and ship detection. TerraSAR-X is another widely used SAR mission for sea state
monitoring [27]. GF-3, a Chinese satellite launched in 2016, is equipped with C-band SAR
systems, offering high-resolution images [28]. These systems are widely used for various
applications such as monitoring sea ice, detecting oil spills, observing coastal dynamics,
and tracking ocean waves or currents [29]. In addition, the ICEYE satellite constellation
consists of over 25 microsatellites equipped with SAR operating at X-band frequencies,
enabling all-weather, day-and-night Earth observation with high spatial resolution (e.g.,
25 cm–1 m at dwell imaging modes). These data have been used in applications such as
flood monitoring [30] and oil spill detection [31].

GNSS-R

In contrast to Synthetic Aperture Radar (SAR), which actively emits signals, Global
Navigation Satellite System Reflectometry (GNSS-R) has emerged as a novel passive re-
mote sensing technology utilizing signals from existing GNSS constellations like Global
Positioning System [32,33]. These signals are transmitted by GNSS satellites, reflected from
the ocean surface, and then captured by a GNSS-R receiver. By analyzing the reflected
signals and the direct signals, GNSS-R enables the retrieval of ocean parameters such as
wind speed and wave height, achieving sea surface measurement at a lower cost compared
to active radar systems.
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TechDemoSat-1 (TDS-1) was one of the pioneering satellite missions to demonstrate
the feasibility of employing GNSS-R for Earth observation and has been successfully used
for monitoring sea ice coverage, estimating sea ice thickness, and determining sea ice
concentration [34,35]. Building on the success of TDS-1, the Cyclone Global Navigation
Satellite System (CYGNSS) was launched in 2016 by the National Aeronautics and Space
Administration (NASA). CYGNSS, originally designed for sea surface wind and tropical
cyclone monitoring, has been expanded to broader ocean studies such as wave height
estimation and oil spill detection, showcasing the versatility of GNSS-R technology [36,37].

Passive Microwave

Passive microwave remote sensing detects naturally emitted microwave radiation
from the Earth’s surface. Compared to optical sensors, passive microwave radiometers
are much less affected by cloud cover and atmospheric aerosols, making them particularly
valuable for continuous monitoring of ocean surface conditions under all weather and
illumination conditions. Sensors such as the Advanced Microwave Scanning Radiometer
2 (AMSR-2), onboard the Global Change Observation Mission—Water satellite, operate
across a broad range of frequency channels (e.g., 6.9 to 89 GHz) and enable the retrieval of
key oceanographic parameters, including sea surface temperature, sea ice concentration,
and surface wind speed [38,39]. These observations play a critical role in climate monitoring,
numerical weather prediction, and operational oceanography.

LiDAR

Light Detection and Ranging (LiDAR) is an active remote sensing technology that
uses laser pulses to measure ocean targets with exceptional precision. By emitting laser
light and analyzing the return signals, LiDAR generates detailed information about the
ocean surface [40]. A notable example is the ICESat-2 satellite, which utilizes the Advanced
Topographic Laser Altimeter System (ATLAS) to measure ice sheet elevations, track changes
in sea ice, and monitor surface water levels with remarkable accuracy [41].

X-Band Radar

X-band marine radars operate within the frequency range of 8–12 GHz, with a wave-
length of around 3 cm, delivering high spatial resolution in applications like wave monitor-
ing and current measurements [42]. Commonly installed on ships or coastal stations, these
radar systems provide real-time assessments of ocean dynamics, making them valuable for
ocean observation and maritime operations [43].

HF Radar

Moving to even longer wavelengths, high-frequency (HF) radar systems operate at
wavelengths of 10–100 m and are widely used for nearshore currents and wave measure-
ments [44]. For instance, the National Oceanic and Atmospheric Administration (NOAA)
Integrated Ocean Observing System HF Radar network offers real-time monitoring of
coastal currents along the U.S. coastline, providing critical information for coastal manage-
ment. Although HF radar excels in large-scale, continuous observations, its main drawback
is lower spatial resolution compared to optical and X-band marine radar systems.

Acoustic Remote Sensing

In addition to electromagnetic waves, acoustic remote sensing is another vital method
for ocean data acquisition [45]. Acoustic remote sensing utilizes sound waves to investigate
situations below the ocean surface, offering significant advantages over electromagnetic
waves due to their efficient propagation through water. Common instruments in acous-
tic remote sensing include single-beam and multibeam echo sounders, side-scan sonar,
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and acoustic Doppler current profilers. These tools can generate high-resolution ocean floor
maps, detect fisheries, and offer valuable insights into underwater environments [46,47].

2.1.2. In Situ Observation Data

In situ observation data are collected directly from the ocean using a variety of instru-
ments deployed in the water, providing highly accurate and localized measurements. These
instruments include buoys, floats, underwater cameras, tide gauges, and research vessels,
each offering unique capabilities [48]. Specifically, buoys, such as those operated by the
National Data Buoy Center (NDBC), are stationary platforms equipped with sensors to mea-
sure wave height, SST, and atmospheric pressure, providing insights into oceanographic
and meteorological processes [49]. Floats, such as Argo floats, are free-drifting devices
that move vertically through the water column, gathering data on temperature, salinity,
and other ocean parameters at varying depths to support studies on ocean circulation,
ecosystem dynamics, and climate-driven changes. Underwater cameras capture visual
data on marine ecosystems and biodiversity, offering direct observations of subsurface
habitats [50]. Tide gauges, positioned along coastlines, monitor changes in sea level and
tidal patterns, contributing to research on coastal dynamics and sea level rise. Research
vessels play a vital role in in situ ocean observation by offering high-resolution, multipa-
rameter measurements [51]. Equipped with advanced instruments such as Conductivity-
Temperature-Depth profilers and rosette samplers, these ships can collect detailed data on
physical (e.g., temperature, salinity), chemical (e.g., dissolved oxygen, pH), and biological
(e.g., chlorophyll concentration, plankton abundance) parameters. Unlike autonomous
platforms such as buoys or floats, research vessels allow adaptive mission planning and
direct human supervision, valuable for validating satellite observations and supporting in-
terdisciplinary research. Notable programs include the Global Ocean Data Analysis Project
(GLODAP), which provides high-quality, ship-based measurements of the ocean carbon sys-
tem, and the Global Ocean Ship-based Hydrographic Investigations Program (GO-SHIP),
which offers physical and biogeochemical ocean data to support global climate research.

While ocean remote sensing provides broader spatial coverage, in situ observation data
complement it by delivering ground-truth measurements that validate remote observations,
improving the accuracy and reliability of oceanographic information.

2.2. Model Data

Observational data, including remote sensing and in situ measurements, capture
real-time or historical ocean conditions, whereas model data simulate or forecast ocean
states under given physical, chemical, and biological processes. These numerical models
use mathematical frameworks such as partial differential equations or machine learning
algorithms, to represent ocean dynamics, including currents, temperature distribution,
and other variables, across various spatial and temporal scales. Common modeling frame-
works in ocean climate change fields include the Coupled Model Intercomparison Project
(CMIP), WaveWatch III (WW3), and GraphCast [52,53]. CMIP orchestrates multimodel
comparisons and standardized simulations to advance the understanding of climate projec-
tions and inter-model variability. WW3 is a third-generation wave model developed by
NOAA to simulate and forecast global ocean waves by solving the spectral action balance
equation and accounting for key physical processes such as wave generation, propagation,
and dissipation. It can also assimilate data from other sources, such as satellite observations
or in situ buoy measurements. GraphCast, on the other hand, is a DL-based forecast frame-
work that leverages large datasets and AI algorithms to predict ocean and atmospheric
conditions, offering an alternative to traditional physics-based models [54].
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Model data fill gaps in observational coverage by providing consistent, high-resolution
information on variables such as sea surface height (SSH), temperature, and pressure over
a specific region and period. However, model outputs may deviate from reality due to
uncertainties in parameterizations, boundary conditions, and initial states. To address these
challenges, continuous advancements in modeling and the incorporation of more sophisti-
cated data assimilation techniques help mitigate these issues by anchoring simulations in
real-world measurements, as described in Section 2.3.

2.3. Reanalysis Data

Reanalysis data combines observational data with numerical model outputs using
advanced data assimilation techniques to produce gridded ocean datasets [55,56]. By reg-
ularly correcting models with newly ingested measurements, reanalysis data minimizes
discrepancies between simulations and reality, ensuring more accurate and reliable results.
These data products are essential resources for studying large-scale ocean dynamics, climate
trends, and long-term variability. Several widely used reanalysis datasets include:

• ERA5: The fifth-generation reanalysis dataset from the European Centre for Medium-
Range Weather Forecasts (ECMWF), known as ERA5, integrates satellite observa-
tions, in situ measurements, and numerical model analyses to produce high-quality
datasets [57]. ERA5 offers data at varying spatial and temporal resolutions, such
as sea surface wind speed at 0.25◦ resolution and wave height at 0.5◦ resolution,
with an hourly time step [58,59]. This comprehensive dataset supports a wide range
of applications in meteorology, oceanography, and climate research.

• SODA: The Simple Ocean Data Assimilation (SODA) dataset, developed by the Uni-
versity of Maryland, combines historical satellite observations, buoy data, ship-based
measurements, and other observations with physical ocean models, providing high-
resolution, three-dimensional representations of ocean states. This dataset is widely
used for studying long-term oceanographic changes and validating global climate
models [60].

• GODAS: Produced by the U.S. National Centers for Environmental Prediction, Global
Ocean Data Assimilation System (GODAS) integrates observational data with nu-
merical models to generate high-resolution gridded datasets of oceanic variables,
such as temperature, salinity, and current [61]. This reanalysis data focus on seasonal
forecasting, especially the prediction of El Niño-Southern Oscillation (ENSO), making
it a crucial tool for climate research and weather prediction [62].

• OISST: The Optimum Interpolation Sea Surface Temperature (OISST) dataset, pro-
vided by the U.S. National Centers for Environmental Information (NCEI), integrates
in situ observations with satellite measurements and applies an interpolation al-
gorithm to create consistent, gap-filled SST fields. These datasets are essential for
analyzing SST trends, monitoring marine heatwaves (MHWs), and supporting climate
predictions [63,64].

• GLORYS: Developed by the European Copernicus Marine Environment Monitoring
Service (CMEMS), Global Ocean Reanalysis and Simulation (GLORYS) reanalysis
products provide global datasets with a high spatial resolution of 1/12◦ (approximately
8 km). These datasets include variables for currents, sea level, temperature, salinity,
mixed layer depth, and ice parameters, making them valuable for oceanographic and
climate studies [65].

Different types of oceanographic datasets, such as satellite remote sensing, in situ
observations, and reanalysis products, are suitable for different DL tasks. For example,
satellite remote sensing data are ideal for tasks that require broad spatial coverage and
frequent observations, such as SST prediction and sea ice classification. In situ observations
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are well suited for ocean surface pH estimation, and reanalysis data are commonly used
in global-scale studies and long-term forecasting tasks, such as global sea surface wind
speed and wave height estimation. Different data sources also bring distinct advantages
and limitations that affect the accuracies and generalizations of DL models. For example,
satellite data offer broad spatial coverage, which enables DL models to capture large-scale
oceanographic patterns. However, sensors like MODIS suffer from missing values due to
cloud cover or atmospheric interference, which can degrade model performance, especially
for fine-resolution classification or detection. In situ data provide high-accuracy point
measurements, but their limited spatial coverage and irregular sampling can lead to data
sparsity, which may lead to overfitting and affect the generalization capabilities of DL
models. Reanalysis data provide full spatial and temporal coverage and are widely used
as labels for DL model training. However, since these datasets are generated through
data assimilation, they may introduce systematic biases and over-smoothing, especially in
extreme conditions. For instance, ERA5, one of the most widely used reanalysis products,
inherently lacks high wind speed measurements. As a result, DL models trained on ERA5
wind speed data may underestimate high wind speeds, limiting their effectiveness in
applications such as storm forecasting.

Ocean data exhibits different data quality issues such as missing values, spatiotem-
poral heterogeneity, and calibration issues. Missing values refer to absent or invalid
observations in oceanographic datasets, resulting from factors such as cloud cover and
sensor malfunction. Properly handling missing values is essential in DL, as most DL frame-
works cannot process NaN values directly, leading to errors during forward or backward
propagation. A common approach to deal with missing data is data imputation, where
missing values are substituted with statistical estimates, such as the mean, median, or in-
terpolated values [66]. In more advanced DL architectures, such as masked autoencoders
(MAEs), masking mechanisms can be employed to selectively ignore missing parts of the
input data and focus on valid observations, as demonstrated in recent applications such as
SST gap filling under cloud-covered conditions [67].

Spatiotemporal heterogeneity refers to the inconsistent spatial and temporal resolu-
tions among different oceanographic datasets, which can come across different sensors or
the same sensor with varying acquisition modes. For example, MODIS provides 250 m,
500 m, and 1 km products, while Sentinel-2 offers 10 m, 20 m, and 60 m data. To ad-
dress spatial inconsistencies, interpolation and resampling techniques are widely used,
where lower-resolution data are upsampled to match higher-resolution data. For example,
MODIS data are upsampled to 30 m to align with Landsat images for fine-scale analysis [68],
and ERA5 wind speeds are interpolated to match the geolocation of CYGNSS observations
for training DL-based wind retrieval models [69]. DL-based super-resolution models can be
employed to enhance the spatial resolution of coarse data, enabling more detailed feature
extraction and improving model performance in tasks such as SST monitoring [70,71].
Moreover, temporal mismatches are typically addressed through temporal interpolation
(e.g., linear, spline) or temporal aggregation (e.g., daily, monthly averages) [72], enabling
alignment across different temporal resolutions.

Calibration issues mean that an instrument’s measurements deviate from the actual
values. These issues can arise from various factors, such as environmental influences,
instrument degradation or replacement, and procedural errors in the calibration process.
For example, a recent study identified a systematic bias in wind speed measurements
from the Tropical Atmosphere Ocean buoy array due to changes in anemometer types [73].
Such biases may lead DL models to learn inaccurate patterns from the data and generate
unreliable results. To mitigate calibration-related challenges, cross-sensor calibration is
often employed. This process involves comparing and adjusting data from multiple sensors
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to ensure consistency and reliability across different instruments. For example, simultane-
ous nadir overpass (SNO) is a commonly used approach for calibrating multiple satellite
sensors. SNO refers to the condition where two satellites observe the same geographic
location at nearly the same time and from similar near-nadir viewing angles. Because the
observation conditions are highly consistent, the measurements from both sensors can be
directly compared to identify and correct systematic biases, improving cross-sensor consis-
tency. In [74], Barnes et al. conducted a cross-calibration of the long near-infrared bands
between MODIS and VIIRS. By identifying matched observations with similar viewing and
illumination geometry, they calculated radiance ratios to quantify sensor differences and
adjust VIIRS measurements, leading to improved consistency in downstream ocean color
products such as chlorophyll-a concentration.

Figure 2 displays several examples of the aforementioned data, and Table 1 provides a
comprehensive summary of ocean data, including their sources, characteristics, and typ-
ical applications in ocean research. It is worth noting that while several remote sensing
datasets, such as Sentinel-1 SAR, are accessible on platforms like Google Earth Engine
(GEE) [75,76], others, like in situ buoy data, are not included. As a result, understanding
the original data sources becomes crucial for fully utilizing these datasets. Ocean data,
encompassing observational, model, and reanalysis data, form the foundation for under-
standing and addressing ocean and climate-related challenges. Observational data provide
real-time measurements while model and reanalysis data offer large-scale, consistent infor-
mation. Together, these datasets support comprehensive analyses of the changes in ocean
and climate.

Figure 2. Examples of ocean data: (a) Sentinel-2 MSI imagery; (b) Sentinel-1 SAR data; (c) Underwater
coral reef photographs; (d) OISST SST data; (e) CYGNSS bistatic radar cross-section DDM data; (f) X-
band radar imagery; (g) NDBC buoy observations; (h) ERA5 reanalysis data.

3. DL Models for Ocean Studies
The expanding volume and complexity of ocean data require advanced analytical

techniques for meaningful insights extraction. ML methods such as random forest (RF)
have been widely used for ocean data analysis [77,78]. RF is an ensemble learning method
that constructs multiple decision trees and combines their outputs to improve robustness
and generalization [79]. While these traditional ML methods are effective, DL, a subset
of machine learning, has emerged as a powerful tool to identify intricate relationships
from high-dimensional ocean data [80]. By automatically learning complex feature rep-
resentations, DL models can effectively process large-scale, multimodal ocean data and
significantly improve the accuracy for both descriptive and predictive tasks. This section
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summarizes six commonly used neural network architectures, as depicted in Figure 3,
illustrating their fundamental structures and typical applications in ocean studies.

Input
Layer

Hidden
Layers

Output
Layer Feature MapsInput Image

Flatten & 
Fully Connected

Layer

Conv 3×3
Max Pool
Up Sampling
Skip Connect

Patch Embedding
Layer Norm

Multi-head
Self-attention

Layer Norm

MLP

Transformer Encoder

MLP Head

Output

R
andom

 

Fake
Sample D

is
cr

im
in

at
or

 

G
enerator 

Real
Sample

Discriminator
Loss

Generator
Loss

MLP CNNs GAN

RNNs ViT

Vanilla CNNs

U-Nets

Figure 3. Commonly used neural network architectures in ocean studies.

3.1. MLP

The Multilayer Perceptron (MLP) represents one of the most foundational neural
network designs. It typically consists of an input layer, one or more hidden layers, and an
output layer, with each neuron in a given layer fully connected to every neuron in the
next. During training, the model adjusts its learnable weights to minimize prediction
errors, while nonlinear activation functions such as Rectified Linear Unit (ReLU) enable the
MLP to capture complex, nonlinear patterns in the input data. In ocean-related research,
MLPs are well suited for analyzing tabular data, modeling relationships among environ-
mental variables (e.g., temperature, salinity, pH), and making predictions based on sensor
inputs [81]. Their relatively simple structure also ensures computational efficiency and ease
of implementation.

3.2. Convolution-Based Architecture
3.2.1. Vanilla CNNs

Vanilla CNNs are a kind of DL model specifically designed for image processing
tasks, making them highly effective for ocean remote sensing applications, such as sea ice
classification, sea surface wind estimation, and chlorophyll concentration estimation [82].
A typical CNN architecture includes convolutional layers, activation functions, pooling
layers, and fully connected layers. Convolutional kernels slide over the input data, such as
satellite or underwater camera images, extracting spatial features like edges and textures,
while activation functions like ReLU and Leaky ReLU introduce nonlinearity. Pooling
layers, including max pooling and average pooling, reduce the spatial dimension of feature
maps to alleviate computational overhead. Batch normalization and dropout further
stabilize the training process and prevent overfitting [83].

3.2.2. U-Net

U-Net is widely used for image segmentation tasks, especially for remote sensing
images [84]. It follows an encoder–decoder structure in which the encoder progressively
downsamples the input image to capture high-level features, while the decoder upsamples
to reconstruct spatial resolution. Another characteristic of U-Net lies in its skip connections,
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which transfer fine-grained features from the encoder to the corresponding decoder layers,
contributing to producing accurate segmentation results. U-Net is well suited for sea ice,
coastal habitats, or coral reef monitoring. By segmenting complex remote sensing imagery
at high accuracy, U-Net provides valuable insights for marine ecosystem monitoring and
climate change assessments [8].

3.3. RNN

Many oceanographic applications involve time-series data and RNNs are specifically
designed for temporal dependencies extraction through recurrent connections. Gated
Recurrent Unit (GRU) and Long Short-Term Memory (LSTM) are two notable variants
that incorporate gating mechanisms to regulate information flows across time steps [85].
These mechanisms allow the model to selectively retain or discard information, making
them effective at capturing long-term dependencies in complex time-series data. In the
context of ocean climate change, RNNs facilitate the analysis of historical trends, valuable
for temperature, wind speed, or wave height prediction [86].

3.4. GAN

Generative Adversarial Networks (GANs) comprise two neural networks: a generator,
which generates synthetic samples resembling real data, and a discriminator, which distin-
guishes between real and synthetic inputs. These two networks are trained simultaneously
through an adversarial strategy, where the generator strives to create increasingly realistic
data, and the discriminator aims to improve its ability to differentiate between real and fake
samples. This dynamic competition prompts both networks to enhance their performance,
generating highly realistic synthetic data. In ocean studies, GANs have been successfully
employed to enhance training sample diversity by data augmentation, generate synthetic
imagery to fill gaps caused by cloud cover or sensor malfunctions [87], and improve the
spatial resolution of satellite data for refined observation [88,89].

3.5. ViT

Originally designed for natural language processing, the Transformer architecture
has been adapted to computer vision tasks in the form of the Vision Transformer (ViT).
A typical ViT follows a structured process involving several key steps. First, the input
image is divided into smaller patches, which are embedded into a sequence through a patch
embedding layer. Next, the embedded patches are processed by a series of Transformer
encoder layers, where self-attention mechanisms are applied to capture global dependencies
across the entire image. Finally, the output from the encoder layers is passed through a
classification head to generate the final prediction. In contrast to CNNs, which focus on
local feature extraction, ViTs can directly model the global context. This global perspective
proves to be advantageous in large-scale ocean remote sensing tasks, such as SST or MHV
predictions, and sea ice classification [90,91].

The aforementioned models exhibit varying strengths across tasks like classification,
segmentation, and time-series forecasting. MLPs are well suited for tasks involving struc-
tured tabular data, such as estimating ocean surface pH from variables like SST, sea surface
salinity (SSS), and dissolved inorganic carbon (DIC). However, they lack the ability to
model spatial or temporal dependencies, and thus, they are not suitable for processing
high-dimensional gridded data (e.g., satellite imagery) or time series data. CNN-based
architectures like Vanilla CNNs and U-Nets are widely used for spatial classification and
segmentation tasks, such as sea ice classification, coral reef or kelp mapping, and coastal
wetland monitoring, due to their ability to capture spatial features from gridded remote
sensing images. However, these models are inherently limited by their local receptive
fields, making it difficult to capture long-range spatial dependencies or global relationships.
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Besides, conventional CNNs cannot capture temporal information and often require inte-
gration with temporal modules such as LSTM. As a result, standalone CNN models are less
suitable for applications involving temporal forecasting (e.g., sea level prediction) or for
processing nongrid structured data (e.g., tabular in situ buoy observations). Tasks involving
temporal forecasting, like SST and ENSO prediction, ship fuel consumption forecasting,
and wind speed estimation, are beneficial from sequence models like GRU, LSTM, and TCN,
which are effective in capturing sequential dependencies. Among them, LSTMs leverage
gating mechanisms to retain long-term memory more effectively than traditional RNNs,
enabling them to predict SST with lead times of up to 18 months. However, these models
are inherently limited in capturing spatial structures and are often integrated with CNNs to
model spatiotemporal patterns. Transformers and their variants, such as Vision Transform-
ers, have demonstrated superior performance in complex spatiotemporal tasks due to their
powerful self-attention mechanism, which allows the model to dynamically focus on rele-
vant features across time and space. Despite these advantages, Transformer-based models
often require high computational resources and large volumes of high-quality data, making
them suitable for tasks involving abundant spatiotemporal datasets and less effective in
applications with limited training samples. Several representative DL architectures applied
to various oceanographic tasks are summarized in Tables 2–4, which report quantitative
performance metrics such as accuracy, RMSE, and correlation coefficients. These analyses
aim to provide some insights for researchers in selecting DL architectures based on the
characteristics of their datasets and specific tasks.

In addition to these commonly used models, other advanced architectures, such as
Graph Neural Networks (GNNs), also play important roles in ocean-related studies [92].
Unlike CNNs, which require regularly gridded input data, GNNs can flexibly represent
observations as graphs, where nodes correspond to observation points and edges incor-
porate spatial proximity or learned relationships [93]. This flexibility makes GNNs well
suited for irregular spatial data processing, and they have been successfully applied to
various ocean-related tasks, such as modeling large-scale ocean circulation and forecasting
SST or MHWs [94,95]. For instance, researchers have modeled SST as spatiotemporal
graphs [96], where each node represents an observation point defined by a specific latitude
and longitude. The node features consist of historical SST time series and other auxiliary
variables, such as wind speed or atmospheric pressure, capturing the temporal evolution
of the local environment. The edges encode spatial relationships between nodes, such as
geographical proximity or physical connectivity. This graph-based network allows the
model to leverage the structural information of a graph, which is beneficial for capturing
spatial dependencies and modeling regional interactions.

In practice, researchers often combine multiple architectures to harness their comple-
mentary capabilities; for example, coupling a CNN with an RNN to extract spatial patterns
and temporal dependencies simultaneously [97] or incorporating Transformers alongside
CNNs for hybrid local-global feature extraction. Such integrated approaches can provide
more robust and accurate models to tackle complex ocean and climate change challenges.

4. Impact of Climate Change on Oceans: Leveraging DL for Monitoring
and Analysis

Climate change has generated profound impacts on oceans, driving shifts in physical
properties and posing threats to marine ecosystems. DL techniques provide transfor-
mative tools to investigate these impacts. This section examines how DL models are
applied to analyze changes in physical ocean parameters and monitor various vulnerable
marine ecosystems.
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4.1. Understanding Impacts on Physical Properties via DL

Physical changes include variations in ocean pH, SST, sea ice extent, and sea level. This
subsection explores the application of DL models in analyzing these changes, highlighting
the commonly used datasets and models for each specific task, as depicted in Figure 4 and
Table 2.

Figure 4. Overview of climate change on ocean physical properties.

4.1.1. Applying DL to Estimate Ocean pH Levels

Ocean acidification refers to the ongoing decrease in ocean pH levels caused by the
absorption of excess anthropogenic CO2 from the atmosphere. Dissolved CO2 in seawater
forms carbonic acid, which dissociates into hydrogen ions, increasing ocean acidity and
lowering pH. A recent study by Ma et al. [98] analyzed four decades of global surface ocean
acidification (1982–2021), revealing a declining rate of −0.0166 ± 0.0010 per decade. This
study also highlighted significant regional variability, with high-latitude regions, such as
the Arctic, experiencing the fastest acidification rates.

Accurate monitoring of ocean pH is crucial for understanding acidification trends and
mitigating their impacts. However, traditional in situ sensors are costly and limited in spa-
tial and temporal coverage. To address this limitation, data-driven approaches have been
increasingly applied to estimate ocean pH levels from different environmental variables.
Recent studies have employed ML and DL techniques, such as RF, feedforward neural net-
works (FFNNs) [99,100], and the Back Propagation neural network (BP-NN) [101], to map
pH distributions with high spatial and temporal resolution by integrating satellite-derived
SST, chlorophyll-a concentration, dissolved oxygen, and other in situ observations [102].
These methods have demonstrated strong agreement with reference data, validating their
effectiveness for large-scale ocean acidification monitoring [103,104]. It should be noted
that direct measurement of ocean surface pH from space is not possible. Instead, all current
approaches rely on indirect estimation, where pH is inferred using models trained on
in situ pH measurements and other associated surface variables such as SST, SSS, pCO2,
and chlorophyll concentrations. Some of these variables, like SST and chlorophyll concen-
tration, are retrievable from satellite observations.

In addition to pH levels, DL has also been leveraged to estimate total alkalinity
(TA) [105], which is a key variable in assessing ocean buffer capability, i.e., its ability to
resist changes in pH when absorbing CO2. Models such as Artificial Neural Network
(ANN) [106] and TabNet [107] have shown promising accuracy in estimating global TA dis-
tributions from remote sensing inputs and in situ measurements [108], further highlighting
the potential of advanced DL techniques in capturing TA variations and enhancing our
understanding of ocean acidification [109,110].
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4.1.2. DL for Predicting Ocean Warming Trends and Associated Extreme Weather Events

As global temperatures rise, oceans absorb excess heat from the atmosphere, leading
to an increase in SST, known as ocean warming [111]. This process has significant con-
sequences, including threatening marine biodiversity, rising sea levels, and intensifying
extreme weather events. Analyzing historical SST patterns and forecasting future trends
require robust analytical methods, with DL proving to be a highly effective approach.

DL models, such as CNNs and RNNs, offer significant advantages in capturing spatial
and temporal features, making them powerful tools for SST prediction [112]. Yu et al. [113]
proposed a GRU-CNN hybrid model to integrate temporal and spatial information for
accurate SST prediction. Using OISST data specific to the East China Sea and the Yellow Sea,
the model demonstrated superior performance, achieving high accuracy across forecasting
horizons ranging from 3 days to 1 month, highlighting its robustness and strong predictive
capabilities. Xie et al. [114] introduced attention mechanisms in GRU models to adaptively
assign weights for key time steps, further improving SST prediction accuracy. In addition
to GRU, models combining LSTM with CNNs, known as ConvLSTM architectures, are also
widely used for SST prediction due to their ability to effectively capture both temporal
dependencies and spatial features. Both Xiao et al. [115] and Hou et al. [116] utilized Con-
vLSTM for SST forecasting, with Xiao et al. further enhancing the model by incorporating
dilation convolutional kernels. This modification enabled the model to capture varying
spatial scales, significantly improving its ability to learn multiscale spatial features.

Beyond CNNs and RNNs, other architectures like U-Net and Transformers have also
been explored for SST prediction, offering exceptional capabilities in capturing spatial
and temporal features. U-Net, a specialized model with an encoder–decoder structure,
is particularly effective for spatial feature extraction in SST forecasting. Qi et al. [117]
introduced a 3D U-Net model that integrates both spatial and temporal information,
outperforming ConvLSTM models with smaller prediction errors across all forecasting
periods. Similarly, Taylor et al. [118] combined U-Net and LSTM architectures to predict
global SSTs up to 24 months in advance. Using ERA5 monthly mean SST data and 2 m air
temperature data from 1950 to 2021, their model demonstrated high accuracy, particularly in
the equatorial and subtropical Pacific regions. Transformers, on the other hand, are effective
for time-series modeling and well suited for long-term SST prediction. Dai et al. [119]
introduced a Transformer-based model specifically designed for fine-grained daily SST
forecasting. The model incorporated temporal embedding, attention distillation, and partial
stacked connections to enhance performance. Using OISST data from September 1981 to
2023, the model achieved accurate forecasts for up to 360 days across five regions in the
China Sea, outperforming existing methods and highlighting the significant potential of
Transformers for reliable, long-term SST prediction.

In addition to SST prediction, deep neural networks have shown significant advantages
in SST super-resolution tasks, which aim to enhance the spatial resolution of SST data [120].
Traditional interpolation methods often struggle to capture the complex spatial patterns
present in SST fields. In contrast, DL models, such as CNNs and GANs, excel at learning
intricate spatial relationships from satellite measurements, making them effective for this
purpose. Lloyd et al. [70] addressed the limitations of moderate spatial resolution in SST
measurements from infrared sensors, which are typically greater than 1 km. Leveraging
high-resolution information from optical bands, they developed a CNN-based super-
resolution neural network to enhance the resolution of Sentinel-3 SLSTR thermal images
by a factor of 5. In [121], GANs are utilized for SST super-resolution, achieving 2.5 times
downscaling for the global ocean and 5 times downscaling for Korean waters, providing
more detailed data for oceanographic studies.
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Increasing ocean temperatures alter atmospheric and oceanic circulations, resulting
in more frequent extreme events such as MHWs and the El Niño-Southern Oscillation
(ENSO). ENSO is a large-scale oceanic phenomenon characterized by periodic changes in
SST across the equatorial Pacific, accompanied by atmospheric shifts (Southern Oscillation).
Under normal conditions, east-to-west trade winds push warm surface waters toward the
western Pacific, maintaining typical climate patterns. When these trade winds weaken or
reverse, SST in the central and eastern Pacific rises abnormally, resulting in heavy rainfall
and flooding in South America, alongside droughts and wildfires in Indonesia. Conversely,
when the trade winds strengthen significantly, SST in the central and eastern Pacific drops
below average, causing opposite climate impacts, including increased rainfall in Asia and
Australia and droughts in South America [122].

The complex interactions between oceanic and atmospheric systems make ENSO
prediction challenging, particularly as climate change intensifies its frequency and impacts.
DL techniques uncover intricate patterns from ocean data, improving the accuracy of ENSO
predictions [123–125]. CNNs are widely used for ENSO prediction due to their ability to
capture spatial features from gridded data [126,127]. Ham et al. [128] employed a CNN to
predict ENSO up to 18 months in advance. To address the challenge of limited observa-
tional data, the model used transfer learning, first training on historical simulations from
CMIP5 and then fine-tuning with reanalysis data from the SODA spanning 1871 to 1973.
Qiao et al. [129] proposed the Tendency-and-Attention-Informed Deep Residual Network,
a residual CNN enhanced with a spatial attention module, to quantify the contributions of
various ocean regions. LSTM networks are another popular choice for ENSO forecasting, ex-
celling at capturing temporal dependencies in time-series data. Huang et al. [130] compared
LSTM networks with traditional linear regression for ENSO predictions with lead times
ranging from 1 to 11 months, and LSTM demonstrated a slight advantage for long-term
prediction. ConvLSTM models, which combine CNNs with LSTM, further enhance predic-
tions by leveraging both spatial patterns and time-series dynamics [131,132]. He et al. [133]
developed a sequence-to-sequence ConvLSTM model for ENSO prediction, incorporating
input features like SST anomalies, sea surface pressure, and ocean currents. The model
demonstrated strong predictive performance, achieving correlation coefficients between
0.87 and 0.61 for lead times of 3 to 12 months. Moreover, other architectures, including
Bayesian Neural Networks (BNNs) [134], GNNs [135,136], and Transformers [137,138],
have also been explored for ENSO prediction. For instance, Song et al. [139] introduced a
spatial-temporal Transformer model with attention mechanisms designed to capture the
dynamic contributions of different ocean regions over time. Leveraging CMIP5 and CMIP6
datasets, the model demonstrated reliable performance in predicting ENSO events up to
18 months in advance.

MHWs are another urgent concern, marked by abnormally high ocean temperatures
lasting days to months [140]. These events significantly disrupt marine ecosystems, im-
pacting biodiversity and altering habitat structures [141–143]. The frequency, intensity,
and duration of MHWs have increased due to climate change, making the need for accurate
predictions more urgent [144,145].

SST is crucial for understanding MHWs, as it directly reflects anomalous ocean sur-
face warming. High-resolution global datasets, such as OISST and ERA5, combined with
localized in situ observations, form the foundation for accurate analysis. DL techniques
leverage these diverse data sources to analyze complex spatiotemporal patterns, with mod-
els such as CNNs, U-Nets, and LSTMs demonstrating strong effectiveness in predicting
MHWs [146–148]. Xie et al. [149] utilized a 3D U-Net model to analyze MHW events in the
South China Sea. The model integrated SST, SSH anomalies, and sea surface wind data
to predict MHW frequency, duration, and intensity. The predictions of the model closely
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matched observed data, demonstrating its accuracy and effectiveness. Sun et al. [150]
improved the U-Net architecture by integrating the Convolutional Block Attention Mod-
ule, which refines feature representations across both channel and spatial dimensions.
This enhancement allowed the model to capture relationships within the data, leading
to a significant boost for MHW prediction. Based on LSTM, He et al. [151] developed
a model to predict MHWs across 13 coastal cities in China. The model utilized input
data, including SST from OISST, as well as sea surface pressure and wind speed from
ERA5, achieving strong performance with RMSE values ranging from 0.2 ◦C to 0.3 ◦C.
To enhance interpretability, they employed the Expected Gradients method to assess the
contributions of each input variable, providing valuable insights into the model’s decision-
making process. LSTM models effectively capture temporal dependencies, and hybrid
architectures, such as CNN-LSTM, further enhance MHW prediction by integrating spatial
and temporal encoders. Sun et al. [152] employed two models to analyze MHWs in the
South China Sea, including a U-Net for predicting MHW intensity and a ConvLSTM for
estimating occurrence probability. Their models demonstrated high performance, achieving
forecast accuracy of 0.92, 0.89, 0.88, and 0.87 for lead times of 1, 3, 5, and 7 days, respec-
tively. Kim et al. [153] proposed a two-branch network combining spatial encoders (2D
CNNs, ViTs, and Transformer variants) with temporal encoders (LSTMs and Transformers).
Through experiments conducted at 16 locations around the Korean Peninsula using multi-
modal SST datasets, they identified self-attention-based encoders as the most effective and
achieved the lowest RMSE of 1.13 ◦C for 7-day predictions.

Table 2. Selected studies on DL applications in ocean physical property analysis.

Area Reference Application Data Model Results

Ocean pH

Li et al. [99] pH Estimation SST, SSS, dissolved oxygen,
nitrate, phosphate, silicate,
spatial coordinates, time
(cruises); SST, SSS, dissolved
oxygen, nitrate, phosphate,
silicate (FVCOM)

ANN pH RMSE = 0.04.

Jiang et al. [100] pH Estimation pCO2, SSS, SST (LDEO);
pCO2, SSS, SST, TA, pH
(GLODAP); Chl, SST, RRS
(MODIS-Aqua) U-wind,
V-wind (CCMP);
MLD (CMEMS)

RF, GRNN,
FFNN

Global pH Product:
High-resolution
(0.25° × 0.25°) monthly
pH maps (2004–2019).
Model Accuracy:
R2 = 0.54, RMSE = 0.029.

Wang et al. [101] pH Estimation SST, SSS, Chl, pCO2, pH
(CMEMS); pH (KEO, CCE1,
Kaneohe stations)

LR, RF, BP-NN R2 = 0.9702,
RMSE = 0.0074.

Osborne et al. [103] pH Estimation DIC, TA, fCO2 (GOMECC);
SST, SSS, Chl, pH, nitrate,
oxygen, pressure (BGC-Argo)

GOM-NNpH pH RMSE = 0.008.

Shaik et al. [107] TA Estimation SST, SSS, nitrate, TA
(GLODAP); SST
(MODIS-Aqua); nitrate
(WOA2018); SSS (MMOI-SSS)

MLP, RF,
TabNet

TA RMSE = 3.08 µmol/kg,
R2 = 0.99.

Galdies et al. [106] pH & TA
Estimation

DIC, TA, pH, SST, SSS
(OCADS); Wind speed,
direction, stress (ASCAT); Chl,
RRS (MODIS-Aqua), PIC,
POC (VIRRS); SSS (SMOS);
SST (OISST); MLD (CMEMS)

ANN Produced high-resolution
(0.04° × 0.04°) daily maps
of DIC, TA, and pH.
Model Accuracy:
TA bias = 4 µmol/kg,
pH bias = −0.025.
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Table 2. Cont.

Area Reference Application Data Model Results

SST, ENSO,
and MHWs

Taylor et al. [118] SST Prediction SST, 2 m air
temperature (ERA5)

U-Net-LSTM RMSE increased slightly
with lead time: from
0.48 °C (1 month) to
0.63 °C (18 months).

Qi et al. [117] SST Prediction SST (OISST); sea surface wind
(CCMP) and height
anomalies (CMEMS)

3D U-Net RMSE increased from
approximately 0.3 °C to
0.7 °C during the 1-day to
30-day prediction period.

Dai et al. [119] SST Prediction SST (OISST) TransDtSt-Part
model, a
Transformer-
based
architecture

The RMSE ranged from
0.754 °C to 0.895 °C for
the South China Sea and
from 0.793 °C to 0.920 °C
for the East China Sea
over prediction horizons
of 30 to 360 days.

Kim et al. [121] Super Resolution SST (OISST, OSTIA, G1SST,
ERA5, buoys from KMA
and NIFS)

GAN RMSE = 1.60 °C for
upscaling 2.5× on global
ocean data.

Song et al. [139] ENSO Forecast SSTA, HCA (CMIP5,
SODA, GODAS)

Spatial-
Temporal
Transformer
Network

Achieved a correlation
greater than 0.5 for
predictions up to
18 months.

Li et al. [154] ENSO Forecast SSTA (ERSST, OISST); HCA
(SODA, GODAS)

SERCNN,
residual CNN
with squeeze-
and-excitation
attention block

Indian and Atlantic HCA
extended ENSO
predictability by
one season.

Xie et al. [149] MHW Prediction SST (OISST); SSHA (CMEMS);
sea surface wind (CCMP)

3D U-Net Achieved RMSE ranging
from 0.31 °C (1-day lead)
to 0.69 °C (30-day lead)
for SST prediction.
Successfully detected
MHW events in 2021.

Sun et al. [152] MHW Prediction SSTA (OISST) U-Net &
ConvLSTM

MHW forecast accuracy
decreased with time from
0.92 (1-day), 0.89 (3-day),
0.88 (5-day), to 0.87
(7-day).

Sea Ice

Zhang et al. [155] Detection Sentinel-1 SAR image MSDA-Net,
ConvNeXt
architecture
embedded with
an attention
mechanism

MIoU = 93.0%,
Precision = 96.3%,
Recall = 98.1%,
F1-score = 97.2%.

Ren et al. [156] Detection Sentinel-1 SAR image, NSIDC
sea ice product

DAU-Net,
attention
mechanism
with U-Net

Accuracy = 94.39%,
IoU = 0.8673,
Precision = 0.9355,
Recall = 0.9225

Rogers et al. [157] Detection Sentinel-1 SAR image,
MODIS-Terra MSI image

ViSual_IceD,
a U-Net-based
model with
dual-encoder

Accuracy = 0.942,
F1-score = 0.972
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Table 2. Cont.

Area Reference Application Data Model Results

Sea Ice

Chen et al. [158] Classification Sentinel-1 SAR image;
brightness temperature data
(AMSR2); 2 m air temperature,
10 m wind speed, total column
water vapor, total column
cloud liquid water (ERA5); sea
ice chart (Canadian and
Greenland Ice Service)

Multitask
U-Net

SIC: R2 = 91.7%;
SOD: F1-score = 88.2%;
FLOE: F1-score = 76.4%.

Hong et al. [159] Classification GFGE dataset (Gaofen optical
image and Google Earth
image); HY dataset (Gaofen
optical image from the 2021
Gaofen Challenge);
SI-STSAR-7 dataset (Sentinel-1
SAR image)

SeaIceNet,
a Global–Local
Transformer-
based model

GFGE: OA = 91.84%,
F1-score = 84.91%;
HY: OA = 99.22%,
F1-score = 97.27%;
SI-stsar-7: OA = 98.75%,
F1-score = 98.88%.

Jiang et al. [160] SIC Prediction SIC (NSIDC) SICFormer,
a model based
on a 3D-Swin
Transformer
architecture

MAE = 1.89%,
RMSE = 5.98%,
MAPE = 4.31%

Sea Level

Yang et al. [161] Tide Level
Forecast

Tide level data (ten ports
including Keelung, Taipei,
Penghu, etc.)

MLP Averaged RMSE across
ten ports achieved 0.07 m.

Shahabi et al. [162] Storm Surge
Prediction

Wind velocity of magnitude
and azimuth direction (CFSR);
astronomical tides (10 NOAA
stations)

CNN-LSTM RMSE = 0.114 m,
CC = 0.94.

Mulia et al. [163] Storm Surge
Prediction

Typhoon best track data
(IBTrACS); wind, sea level
pressure (JODC); storm surge
(JMA); bathymetry data
(GEBCO)

GAN RMSE = 0.12 m (6 h);
RMSE = 0.13 m (12 h).

Nieves et al. [164] Sea Level
Prediction

SLA (CMEMS); Upper-Ocean
Temperature Anomalies for
0–100 m and 0–700 m, OHC
for 0–700 m (NCEI)

LSTM Achieved 1–2 year
forecast.

Raj. et al. [165] Sea Level
Prediction

sea level height, air
temperature, water
temperature, wind speed and
direction, wind gust,
and barometric pressure
(BOM, Australian)

CNN-BiGRU Milner Bay:
RMSE = 0.0248 m,
MAPE = 1.748%; Darwin:
RMSE = 0.1016 m,
MAPE = 2.412%.

Sabililah et al. [166] Sea Level
Prediction

sea level data (IDSL) Transformer 1-Day Prediction:
RMSE = 0.033 m,
CC = 0.997.
7-Day Prediction:
RMSE = 0.037 m,
CC = 0.998.
14-Day Prediction:
RMSE = 0.033 m,
CC = 0.997.

DL has revolutionized the analysis and prediction of SST and associated extreme
events using vast multisource datasets and advanced architectures like CNNs, LSTMs,
Transformers, and GNNs. These models provide critical insights into SST dynamics,



Remote Sens. 2025, 17, 2306 20 of 59

ENSO, and MHWs, essential for the protection of marine ecosystems and the resilience of
coastal communities.

4.1.3. Advancing Sea Ice Monitoring and Prediction with DL

Global warming caused by climate change has accelerated the shrinkage of the
cryosphere, leading to substantial ice loss. According to the IPCC Summary for Poli-
cymakers, from 2006 to 2015, the Greenland Ice Sheet, Antarctic Ice Sheet, and other regions
lost ice mass at annual rates of 278 ± 11 Gt, 155 ± 19 Gt, and 220 ± 30 Gt, respectively, [167].
DL has shown immense potential in advancing our understanding of sea ice dynamics,
with applications ranging from sea ice detection and classification to thickness estimation
and future concentration prediction [168].

Sea ice detection focuses on distinguishing sea ice from open water and other surface
types, playing a crucial role in monitoring ice coverage. Various network architectures have
been developed and applied to ocean remote sensing data, with SAR being one of the most
widely used data sources in existing studies [169]. Zhang et al. [155] designed a sea ice
detection framework based on the ConvNeXt architecture to process Sentinel-1 SAR images.
The framework incorporated a patch dual attention mechanism and a multiscale spatial
attention module for enhanced spatial feature extraction, while additional relative position
and high-pass filtering channels were added to reduce SAR noise. Ren et al. [156] intro-
duced a dual-attention U-Net model that integrated a Position Attention Module (PAM)
and a Channel Attention Module (CAM) for sea ice detection. Using HH and HV polariza-
tions along with incidence angle as input channels, the model exhibited excellent robustness
on Sentinel-1 SAR data from the Bering Sea. Rogers et al. [157] combined Sentinel-1 SAR
data and MODIS multispectral imagery in a U-Net model with dual encoders, achieving
superior performance compared to single-source models. In addition to the widely used
SAR data, GNSS-R data has demonstrated significant potential for sea ice detection. By an-
alyzing the reflection patterns of GNSS signals, researchers can determine sea ice extent
and evaluate properties such as concentration and thickness [170–172]. Yan et al. [173]
developed CNN-based models for sea ice detection and concentration retrieval, using
TDS-1 delay Doppler Map (DDM) variables as input and sea ice concentration derived
from passive microwave sensors as output. Building on this, Hu et al. [174] improved the
CNN-based model by incorporating residual connections to address the vanishing gradient
problem. Using DDM data from TDS-1, their model exhibited high robustness to noise and
strong stability during the sea ice melting period.

Sea ice detection is a binary classification task that identifies sea ice and open water
as two distinct categories. Sea ice classification, on the other hand, categorizes sea ice
into more types such as new ice, first-year ice, and multiyear ice, providing more detailed
information about ice formation and characteristics. Such information is typically obtained
from sea ice charts, which utilize egg codes to represent various ice types and their attributes
within a specific region. With advancements in remote sensing and DL, the accuracy and
efficiency of sea ice classification have improved greatly [175]. Lyu et al. [176] leveraged
SAR data from the RCM, a Canadian satellite system, to classify sea ice into new ice,
first-year ice, and old ice, achieving a classification accuracy of 99% with Normalizer-Free
ResNet (NFNet), a DL model featuring adaptive gradient clipping to address gradient
instability. In 2022, ESA launched the AutoIce Challenge to advance accurate and robust
sea ice parameter retrieval [177]. The competition’s first-place winners, Chen et al. [158],
developed an automated sea ice mapping pipeline using a multitask U-Net architecture.
By combining multisource satellite and auxiliary data, their approach successfully estimates
sea ice concentration, floe size, and stage of development. In the realm of advanced
Transformer architectures, Hong et al. [159] proposed a global–local Transformer network
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for recognizing sea ice types in optical remote sensing imagery. This network combines
a global attention head to capture structural information with fine local details, resulting
in improved classification accuracy. Similarly, Zhang et al. [178] explored multiscale
feature extraction from SAR data by fusing CNN and ViT architectures, enhancing feature
representation and classification performance.

It should be noted that the performance of DL-based sea ice classification algorithms
may vary across different seasons due to changes in sea ice conditions. Specifically, in winter,
ice cover is stable, and DL models often achieve higher classification accuracy. However,
during transitional seasons such as spring and fall, melting and refreezing processes
generate complex surface features in satellite imagery, making it more challenging to
distinguish between sea ice and open water. As a result, classification accuracy tends to
decrease in these periods. Future research could incorporate season-specific training and
validation strategies that account for seasonal variability to improve models’ robustness
and generalization.

Detecting and classifying sea ice, along with retrieving parameters such as concentra-
tion and thickness, are essential for understanding its current state. Beyond these static
analyses, dynamically predicting sea ice changes over time is another important task and
DL methods have proven to be useful for dynamic sea ice analysis [179,180]. For exam-
ple, Chi et al. [181] combined CNN and LSTM architectures for spatiotemporal sea ice
forecasting and introduced a perceptual loss function that leveraged pretrained feature
representations to enhance model performance. Anderson et al. [182] developed IceNet,
a probabilistic prediction model based on the U-Net architecture. Trained on climate simu-
lations from CMIP6 and observational data from satellite sensors, IceNet provides reliable
six-month forecasts of sea ice concentration at a resolution of 25 km. Jiang et al. [160]
proposed SICFormer, utilizing a 3D-Swin Transformer for hierarchical feature extraction
and PixelShuffle for high-resolution image reconstruction. Trained on data spanning from
2006 to 2022, SICFormer obtained great performance in 8-day sea ice concentration fore-
casts. Zheng et al. [183] introduced a Transformer-based model for Arctic sea ice prediction,
providing daily forecasts of concentration and thickness for up to 45 days.

DL has powerful capabilities for sea ice detection, classification, and prediction. Using
diverse data sources and advanced models, researchers have improved the accuracy and
reliability of sea ice monitoring, essential for understanding the ongoing impacts of climate
change on the cryosphere.

4.1.4. Predicting Sea Level Rise with DL

Global sea level rise refers to the ongoing increase in average sea levels, driven
primarily by two factors: ice melting and thermal expansion. As atmospheric temperatures
rise, the melting glaciers and continental ice masses release large amounts of freshwater
into the oceans. Simultaneously, the warming atmosphere causes thermal expansion, where
the expansion of saline seawater molecules increases ocean volume. According to the IPCC,
the global mean sea level rose at a rate of approximately 3.6 mm per year between 2006
and 2015, about 2.5 times faster than the 1.4 mm per year observed during the previous
century. Of this rise, ice sheets and glaciers contributed 1.8 mm per year, while thermal
expansion accounted for 1.4 mm per year [167]. Sea level rise has significant impacts on
both human communities and natural ecosystems. For human communities, many of
the world’s largest cities are located near coastlines, making them highly vulnerable to
disasters such as flooding and shoreline erosion caused by rising seas. Meanwhile, natural
ecosystems face severe threats from rising sea levels, such as the degradation and loss of
coastal habitats.
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Accurate sea level data is essential for addressing these challenges and can be collected
through two primary methods: in situ tide gauges and remote sensing satellite altime-
try [184]. Tide gauges, positioned along coastlines worldwide, measure relative sea level
variations caused by tides, waves, and coastal storms at specific locations. In contrast,
satellite altimetry employs radar to measure the distance between satellites and the ocean
surface, providing a global perspective. Together, these complementary datasets from tide
gauges and satellite altimetry provide accurate measurements of both regional and global
sea level rise.

Building on these rich datasets, DL models have become powerful tools for analyzing
and predicting future sea level rise by capturing intrinsic relationships within the data.
These models are capable of forecasting both short-term and long-term sea level varia-
tions. Short-term variations, which occur daily, are influenced by phenomena such as
tides [185] and storm surges [186,187]. Yang et al. [161] developed an MLP to address
missing tidal observations caused by mechanical failures or storm disturbances. Using data
from Taiwanese ports, the model imputed missing values and predicted future tide levels,
outperforming traditional statistical models and ML methods. Lee et al. [188] introduced
C1PKNet, a CNN-based model combined with principal component analysis and k-means
clustering, demonstrating computational efficiency and accuracy in predicting peak storm
surges during hurricanes. Similarly focusing on storm surge-induced sea level variations,
Adeli et al. [189] proposed a ConvLSTM framework that combines CNNs for capturing
spatial correlations with LSTMs for modeling temporal dynamics, outperforming Gaussian
Process models in storm surge prediction. In addition, GANs have been applied to storm
surge modeling. Mulia et al. [163] developed a GAN-based approach to transform para-
metric model outputs into more realistic atmospheric forcing fields. The model was trained
on 34 historical typhoon-induced storm surge events from 1981 to 2012 and evaluated
using four recent storm surge events. The results showed that storm surge predictions
based on GAN-generated forcing fields significantly outperformed those from the original
parametric models.

Long-term sea level variations, occurring over months to years, provide valuable
insights into gradual sea level trends. DL models, especially CNNs and RNNs, are particu-
larly effective in analyzing these trends by extracting spatial and temporal patterns from
large datasets, enabling more accurate predictions of future sea level changes [190,191].
For instance, Nieves et al. [164] proposed a method combining Gaussian process regression
with RNNs to predict coastal sea level variability and quantify associated uncertainties.
This approach demonstrated global applicability for analyzing sea level patterns and fore-
casting changes over 1–3 years. Raj et al. [165] analyzed hourly tide gauge data from the
Australian Bureau of Meteorology (1990–2022) to predict sea levels in Australia. They
employed a hybrid CNN-Bidirectional GRU model, which processes sequences in both
forward and backward directions to better capture temporal dependencies, revealing an-
nual sea level rises of 6.1 mm in Darwin and 5.6 mm in Milner Bay over the study period.
Shahabi et al. [162] developed a model to predict sea levels in the Chesapeake Bay, U.S.,
with an emphasis on spatiotemporal dynamics. The model combined a CNN for spatial
feature extraction with an LSTM for capturing temporal patterns. By integrating physical
relationships, this data-driven method has proved its effectiveness in improving coastal
management. Exploring alternative approaches, Sabililah et al. [166] applied Transformer-
based DL methods for sea level prediction using four months of data from Indonesia.
Their model successfully forecasted sea levels over two weeks, outperforming widely used
LSTM approaches. Yang et al. [192] developed a deep belief network to create a unified
high-quality sea level model by integrating altimetry and tide gauge data, focusing on the
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Mediterranean Sea as a case study. The model demonstrated robustness against input data
distribution and produced sea level anomalies with a spatial resolution of 0.25◦ × 0.25◦.

In summary, advancements in DL have enhanced the ability to analyze and predict sea
level variations using data from tide gauges and satellite altimetry, and these innovations
are vital for addressing the impacts of rising sea levels on both human communities and
natural ecosystems.

4.2. Unveiling Changes in Different Vulnerable Marine Ecosystems Using AI

Physical changes, such as warming, acidification, and ice melting, also transform
marine ecosystems. This subsection focuses on three representative habitats under threat,
including coral reefs, seaweeds, and coastal wetlands, exploring how DL models are
utilized to monitor the impacts of climate change on these ecosystems, as shown in Figure 5.
Several illustrative examples, including their data, methods, and results, are presented in
Table 3.
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Policy Regulation

Figure 5. Flowchart of DL applications for monitoring climate change impacts on various ma-
rine ecosystems.

4.2.1. DL Applications for Coral Reef Monitoring

Coral Reef ecosystems are essential for oceans, providing habitats for marine organ-
isms and supporting marine biodiversity. However, they face threats from climate change,
highlighting the necessity for effective monitoring to safeguard their health and stability.
Traditional methods often struggle with limitations in scale and efficiency, making DL a
promising alternative. By leveraging multisource data and uncovering complex spatial
and temporal patterns, DL has demonstrated great potential in mapping coral reefs and
detecting coral bleaching [193,194].

DL techniques, such as CNNs and U-Nets, have been widely used for high-resolution
coral reef mapping. Zhong et al. [195] developed a method combining CNNs and RF
to classify coral reef geomorphic zones. The approach integrated ICESat-2 LiDAR data
with multispectral imagery, achieving superior accuracy and robustness while maintaining
low computational costs. Li et al. [196] combined high-resolution Planet Dove satellite
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imagery with regional data from the Millennium Coral Reef Mapping Project (MCRMP)
and employed a Dense U-Net architecture to enhance feature transmission. An RF classifier
was subsequently applied to distinguish coral reefs from noncoral reefs, producing a com-
prehensive global coral reef extent map. Zhang et al. [197] introduced a U-Net architecture
with an attention mechanism and geospatial cognition to reduce misclassification caused by
spatial changes. Experiments on Gaofen-2 satellite images demonstrated notable improve-
ments in classification accuracy. In addition to these models, advanced architectures like
Transformers have been utilized to achieve accurate coral reef segmentation and mapping.
For example, Zhou et al. [198] developed a two-step method for coral reef benthic mapping.
ICESat-2 data were used to extract water depth, which was combined with Sentinel-2
multispectral data and processed using a Transformer model to generate high-accuracy
benthic maps.

Alongside ocean remote sensing data acquired from above the water, underwater imag-
ing offers detailed insights into coral health, biodiversity, and benthic structures, providing
a complementary perspective for coral reef studies [199]. Those DL models mentioned ear-
lier also play a crucial role in analyzing underwater coral reef images [200]. King et al. [201]
evaluated the performance of CNNs and Fully Convolutional Networks (FCNs) for coral
reef underwater image segmentation. Their results showed that patch-based CNN methods
outperformed support vector machine (SVM) classifiers, which relied on texture-based
features. Among the CNN architectures tested, ResNet152 delivered the highest accuracy
on the annotated coral reef dataset. For semantic segmentation using FCNs, Deeplab v2,
with its atrous convolution and spatial pyramid pooling for capturing multiscale con-
textual information, achieved the best results for underwater coral reef segmentation.
Zhang et al. [202] proposed an innovative architecture with a three-branch parallel en-
coder framework. This framework incorporated an RGB encoder based on ResNet blocks,
a Depth encoder utilizing VGG blocks, and a Fusion encoder incorporating ShapeConv
blocks, achieving excellent performance in segmentation tasks. Sauder et al. [203] used
Structure-from-Motion photogrammetry to generate high-resolution, three-dimensional
maps of underwater environments. By integrating these 3D reconstructions with semantic
segmentation using U-Nets, their approach provided detailed and precise classifications of
coral reef structures, greatly enhancing the study and monitoring of coral reef ecosystems.

Coral bleaching, driven by environmental factors such as SST rising and ocean acid-
ification, is an increasingly urgent concern. This phenomenon occurs when corals expel
the symbiotic algae living in their tissues, leading to a loss of color and critical energy
sources. DL has been instrumental in advancing the detection and prediction of bleaching
events. As an illustration, Jamil et al. [204] developed a Bag-of-Features-based method
that combined handcrafted descriptors and CNNs for feature extraction, followed by an
SVM classifier to detect and localize bleached corals. Their approach achieved an accuracy
exceeding 99%. Giles et al. [205] used RGB drone imagery collected over five sessions
between November 2018 and November 2019 around Australia, combined with a DL algo-
rithm to classify bleached and unbleached corals. They implemented a U-Net architecture
with a multiresolution block, enhancing the ability to capture both fine details and broader
contextual information. Their study demonstrated that combining RGB imagery with DL
algorithms offers an effective method for assessing coral health. Shlesinger et al. [206]
investigated the relationship between coral bleaching and various environmental variables
using an MLP neural network and a 40-year global coral reef dataset spanning from 1980
to 2020. The results revealed that increased sea surface temperatures are consistently
linked to coral bleaching across all oceans but the relationship between bleaching and
other environmental factors varies by region. In the Atlantic Ocean, bleaching tends to
increase with depth, while the opposite pattern is observed in the Indian Ocean. Moreover,
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by incorporating temporal information, researchers can accurately forecast future bleaching
events based on historical data, aiding in coral reef protection efforts [207,208]. For instance,
Boonnam et al. [209] used SVM and a five-year dataset from Thailand to model and predict
coral reef bleaching under the influence of climate change. However, studies utilizing
temporal neural networks for coral bleaching prediction remain relatively scarce [210].

Table 3. Illustrative examples of DL applications across different marine ecosystems.

Area Reference Application Data Model Results

Coral Reef

Zhang et al. [197] Classification GF-2 MSI image GCU-Net, a U-Net
model integrating
convolutional
attention and
geospatial cognition

North Reef: OA = 90.46%,
Kappa = 0.88; Zhaoshu
Island: OA = 88.92%,
Kappa = 0.88.

Li et al. [196] Classification Planet Dove Satellite RGB
imagery; reef extent
data (MCRMP)

Dense U-Net Precision = 0.76,
Recall = 0.59, F1-score = 0.66,
Accuracy = 0.93.

Zhong et al. [195] Classification Leica ADS40 MSI; ICESat-2
LiDAR data; NOAA-provided
bathymetry LiDAR data; Puerto
Rico Benthic Habitats and
Geomorphic Zone
Classification Map

CNN and RF Coffin Island: OA = 91.91%,
Kappa = 0.9013; Punta
Vaquero: OA = 89.91%,
Kappa = 0.8735.

Zhou et al. [198] Classification ICESat-2 LiDAR data; MSI
provided by Sentinel-2 and
PlanetScope; ground-truth benthic
images from in situ sampling

CR Transformer Accuracy = 95.71%,
mIoU = 91.25%.

Zhang et al. [202] Classification RGB images (Moorea IDEA
project) with manual annotations

Cnet mIoU = 81.83%,
F1-score = 89.87%.

Sauder et al. [203] 3D Mapping Ego-motion videos U-Net with ResNet34
backbone for depth
and pose estimation;
U-Net with ResNeXt50
backbone for
segmentation

Total pixel accuracy = 84.1%;
Mean class accuracy = 68.8%;
3D reconstruction in
18 frames per second.

Giles et al. [205] Coral Bleaching
Detection

RGB imagery collected by a drone
over 5 time periods; Ground truth
data collected via in situ transects
during three time periods.

mRES-uNet Unbleached coral
classification:
Precision = 0.96,
Recall = 0.92; Bleached coral
classification:
Precision = 0.28,
Recall = 0.58.

Shlesinger et al. [206] Coral Bleaching
Detection

Environmental variables
including coral cover, depth,
latitude, longitude, distance to
shore, temperature, etc. (Global
Coral Bleaching Database)

MLP Coral bleaching was
consistently linked to high
sea-surface temperatures and
temperature anomalies.

Seaweed

Zhu et al. [211] Seaweed
Classification

Sentinel-2 MSI; spectral and
coordinate measurements from
field sampling

U-Net, DeepLabv3,
SegNet

UNet achieved the highest
accuracy for Lvshunkou
Region: OA = 94.56%,
Kappa = 0.905, and for
Jinzhou Region:
OA = 94.68%, Kappa = 0.913.

Gerlo et al. [212] Seaweed
Classification

Underwater stereo camera images DeepLabV3+ Seaweed segmentation
IoU = 0.9.

Marquez et al. [213] Kelp
Monitoring

MSI from Landsat-5 and 8 Mask R-CNN Dice Coefficient = 0.93 ± 0.04.

Bell et al. [214] Kelp
Monitoring

Landsat satellite imagery; sUAS
imagery (color, multispectral,
hyperspectral); underwater
imaging

CNN Kelp detection accuracy
achieved 91%.

Hobley et al. [215] Macroalgae
Classification

MSI from MicaSense RedEdge3
camera; In situ surveys data

U-Net with a VGG-13
encoder

F1-score = 87.79%.
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Table 3. Cont.

Area Reference Application Data Model Results

Seaweed

Liu et al. [216] Sargassum
Mapping

MSI from MODIS-Aqua and
VIIRS

FANet, a DL-based
Feedback Attention
Network

Achieved 96% overall
accuracy and 91.72%
precision in cloud masking.

Hu et al. [217] Sargassum
Mapping

Images from MODIS-Terra and
Aqua, VIIRS (SNPP), and OLCI
(Sentinel-3)

Res-U-Net F1-score = 92.5%.

Guo et al. [218] Green Algae
Detection

Sentinel-1 SAR image; nitrate
concentration and SST (CMEMS)

GA-Net based on
U-Net framework

mIoU = 86.31%,
Accuracy = 98.36%,
Precision = 93.29%,
Recall = 92.03%,
F1-score = 92.65%.

Coastal
Wetland

Luo et al. [219] Classification HSI acquired by OHS-1 sensor,
Zhuhai-1 satellite.

HyperBCS, CNN
with self-attention
module

MongCai Dataset:
OA = 98.29% and
Kappa = 0.976; CamPha
Dataset: OA = 96.82% and
Kappa = 0.958.

Zheng et al. [220] Classification RGB imagery collected by a UAV U-Net, DeepLabv3+,
PSPNet

DeepLabv3+ achieved the
highest performance,
OA = 94.62%,
F1-score = 0.8957,
mIoU = 0.8188.

Jamali et al. [221] Classification Sentinel-1 SAR; Sentinel-2 Optical
Imagery; LiDAR-derived DEM

Multimodel
architecture
integrating swin
Transformer,
VGG-16 CNN,
and 3D CNN

OA = 92.30%, AA = 92.68%,
Kappa = 90.65%.

Moreno et al. [222] Mangrove
Mapping

Sentinel-1 SAR U-Net architecture
using
EfficientNet-B7,
ResNet-101,
and VGG16 as
backbones.

U-Net with EfficientNet-B7
achieved best results of
OA = 97.35%,
F1-score = 85.36%, and
IoU = 74.46%.

Seydi et al. [223] Mangrove
Mapping

Sentinel-2 MSI HSK-CNN, a model
integrating 2D
convolution, 3D
convolution, and SK
attention module

OA = 94%, Kappa = 0.93.

Xie et al. [224] Mangrove
Mapping

GF-3 SAR; GF-6 MSI AttU-Net, U-Net
with SE attention
mechanism

Average Metrics Across Test
Areas: OA = 94.41%,
F1-score = 90.01%,
Kappa = 84.05%.

Li et al. [225] Salt Marsh
Mapping

Sentinel-2 MSI U-Net OA = 90%, Kappa = 0.862.

Liu et al. [226] Salt Marsh
Mapping

Point cloud data from LiDAR
mounted on a drone

ANN AUC = 0.9450.

4.2.2. Leveraging DL for Kelp Forest and Other Seaweed Ecosystems Monitoring

Seaweed, or macroalgae, encompasses numerous marine plant and algae species,
classified into red, brown, and green types. Within the brown algae category, kelp includes
over 100 species that thrive in cold, nutrient-rich waters, forming underwater habitats
resembling forests. Kelp forests are essential to marine ecosystems, providing food and
shelter for marine life, sequestering atmospheric carbon, and producing oxygen [227].
However, similar to coral reefs, kelp forests face increasing threats from climate change [228].
As cold-water species, they are particularly susceptible to ocean warming and climate-
related extreme events. Beyond climate impacts, kelp forests are also affected by water
quality degradation due to nutrient runoff and pollution. According to a 2023 United
Nations Environment Programme report [229], up to 60% of kelp forests have experienced
degradation over the past 50 years.
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Mapping the distribution and abundance of kelp forests is crucial for understand-
ing the impacts of climate change on these vital underwater ecosystems [230]. Conven-
tional techniques, such as object-based image analysis, spectral unmixing, and decision
trees, have been widely used to monitor kelp dynamics [231–234]. While effective, these
methods often struggle to extract discriminative features and classify large datasets ac-
curately. To address these challenges, DL techniques, particularly CNNs and U-Nets,
have been applied, significantly enhancing the precision and efficiency of seaweed ecosys-
tem monitoring [216,235–237]. When leveraging CNNs to kelp research, Bell et al. [214]
analyzed imagery from satellites, aerial systems, and underwater autonomous vehicles, un-
covering insights into the growth of kelp in aquaculture farms. Balado et al. [238] compared
several CNN models, including MobileNetV2, ResNet18, and Xception, for macroalgal
segmentation. ResNet18 achieved the highest accuracy at 91.9% but encountered minor
errors at species boundaries. Marquez et al. [213] utilized Mask R-CNN to automati-
cally detect kelp forest canopy cover along the coastlines of Southern California and the
northeastern Pacific using Landsat imagery. Through cross-validation, data augmentation,
and fine-tuning hyperparameters, the optimized model achieved a Dice index of 0.93± 0.04,
demonstrating its reliability for mapping kelp forest canopies.

U-Net, a specialized architecture for image segmentation, is another commonly used
DL approach for macroalgae mapping [239]. Traditional methods like the Floating Algae
Index often produce false positives in nearshore regions due to their complex optical
characteristics. To address this issue, Hu et al. [217] developed a method based on the U-Net
architecture. Trained and tested on 8518 images from the MODIS sensors, their approach
achieved an F1 score of approximately 92.5%, outperforming the Floating Algae Index’s
86.2%. Hobley et al. [215] applied U-Net and multispectral data to monitor macroalgae
ecosystems and assessed the reliability of crowdsourced labels. Their study revealed that
biases from participants impacted the performance of the U-Net models. However, models
trained using a combination of in situ and crowdsourced labels outperformed those trained
exclusively with in situ labels, demonstrating the value of integrating diverse data sources.
Zhu et al. [211] used Sentinel-2 optical images and DL to map aquaculture areas. They
developed an enhanced deep convolutional generative adversarial network (DCGAN)
with convolutional layers in the discriminator and convolutional-transpose layers in the
generator. The study applied three semantic segmentation methods—U-Net, DeepLabV3,
and SegNet—for seaweed region classification. The improved DCGAN outperformed
standard GANs and U-Net achieved the highest overall classification accuracy of 94.56%.

Leveraging these DL approaches, researchers have achieved dramatic progress in
monitoring kelp and other seaweed ecosystems, offering critical insights into the impacts
of climate change on these vital underwater habitats.

4.2.3. DL for Coastal Wetland Mapping and Analysis

Coastal wetlands, such as mangroves and salt marshes, are vital ecosystems located
at the boundary of land and ocean [240]. They play a key role in supporting marine
biodiversity, sustaining fisheries, protecting coastlines from erosion, and mitigating climate
change by sequestering greenhouse gases. However, these ecosystems are increasingly
threatened by climate change, with rising sea levels, stronger storms, and shifts in salinity
and temperature posing significant challenges. Human activities like pollution and land
reclamation further exacerbate their degradation.

Mapping the spatial distribution of coastal wetlands is essential for observing
their changes over time. The integration of advanced ocean remote sensing techniques
with DL models has greatly improved the accuracy and efficiency of coastal wetland
mapping [241,242]. For example, Zheng et al. [220] used RGB imagery from Unmanned
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Aerial Vehicles (UAVs) to classify coastal wetlands. They compared traditional pixel-based
and object-based methods with three DL models, i.e., U-Net, PSPNet, and DeepLabV3+.
Among these, DeepLabV3+ achieved the highest accuracy at 94.6%, producing the most
precise vegetation distribution map. Their study highlighted the potential of integrating
UAV remote sensing, cloud computing, and DL for effective coastal wetland monitoring.
Convolution-based models, combined with Transformer architectures, have been increas-
ingly applied to coastal wetland classification. Jamali et al. [221] introduced a multimodel
DL framework that utilized Sentinel-1 SAR data, Sentinel-2 optical multispectral data,
and LiDAR point clouds as inputs. By integrating a modified 3D CNN with a Swin Trans-
former, the framework achieved superior classification accuracy compared to traditional
methods such as RF and SVM. Luo et al. [219] developed a method that combines convolu-
tional operations with self-attention mechanisms to capture both local and global features
from hyperspectral images for coastal wetland mapping. The proposed method achieved
state-of-the-art performance, with overall accuracies (OA) of 98.29% at Mong Cai and
96.82% at Cam Pha.

Mangroves are one of the most extensively studied coastal wetlands [243,244], offering
essential habitats for marine life and playing a key role in carbon sequestration. Their de-
tection and mapping mainly rely on optical remote sensing and SAR technologies. Optical
remote sensing data provides detailed information about vegetation cover, facilitating the
identification and classification of mangroves [245–247]. Seydi et al. [223] introduced a se-
lective kernel mechanism into a CNN framework for mapping mangrove ecosystems using
multitemporal Sentinel-2 imagery. Unlike traditional CNNs with fixed convolutional ker-
nels, the selective kernel mechanism dynamically adjusts kernel sizes during the learning
process through three stages, i.e., split, fuse, and select, enhancing feature extraction across
different scales. The model achieved a 94% accuracy, outperforming other algorithms such
as XGBoost (87%) and 3D-DenseNet (90%), demonstrating its effectiveness in mangrove
ecosystem mapping. SAR data is particularly effective for mangrove mapping in challeng-
ing environments, as it can penetrate clouds and fog, operate day and night, and provide
valuable information about surface roughness and dielectric properties. Using Sentinel-1
time series data collected from 2017 to 2020 along the Brazilian coast, Moreno et al. [222]
assessed different polarization methods and evaluated the performance of U-Net with three
distinct backbones: ResNet-101, VGG16, and EfficientNet-B7. Their results revealed that
the combination of VV&VH polarizations and the U-Net utilizing EfficientNet-B7 as the
backbone yielded the best result, achieving an OA of 97.35%. Moreover, combining these
two data types often leverages their complementary strengths, enhancing the accuracy
of mangrove mapping [248,249]. Ghorbanian et al. [250] used multitemporal SAR data
from Sentinel-1 and multispectral data from Sentinel-2, processed on the GEE platform,
to map mangroves. They evaluated various MLP architectures with different configura-
tions to identify the best setup. The multisource approach achieved an F1 score of 97%,
outperforming single multispectral data by 2%, highlighting the benefits of integrating
multitemporal and multisource remote sensing data. Xie et al. [224] developed a pixel-level
weighted image fusion method to combine SAR data from GF-3 and optical imagery from
GF-6 for mangrove monitoring on Hainan Island. They employed a U-Net model with a
Squeeze-and-Excitation attention mechanism to enhance feature extraction, achieving an
OA of 94.41% on the fused SAR and optical images.

Salt marshes, another critical type of coastal wetland, are regularly inundated by
tidal saltwater. DL combined with remote sensing data has proven effective for mapping
and monitoring these ecosystems [251,252]. For instance, Li et al. [253] utilized Sentinel-
1 SAR data and a CNN model to classify salt marsh vegetation in the Yangtze River
estuary, achieving a 97% accuracy. In the context of optical data, Li et al. [225] employed
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the U-Net model with Sentinel-2 multispectral images to map salt marshes along the
South Carolina coast. Their method successfully addressed challenges posed by tidal
effects, achieving an overall accuracy of 90%. For LiDAR data analysis, Liu et al. [226]
introduced an artificial neural network-based filtering method to process dense LiDAR
point clouds in complex salt marsh environments, achieving an AUC of 0.94. These
studies demonstrate the transformative potential of DL and multisource remote sensing for
monitoring coastal wetlands.

To sum up, DL facilitates precise analyses of climate change impacts on ocean physical
properties and vulnerable marine ecosystems. This approach not only enhances our un-
derstanding of ocean changes but also supports the development of effective strategies for
conservation. However, there are some limitations in existing studies, such as insufficient
validation in spatiotemporal contexts and a lack of uncertainty quantification. Model vali-
dation in a spatiotemporal context refers to evaluating a DL model’s performance across
different geographic regions and time periods. This is crucial in developing DL models in
oceanography [80], where environmental variations may cause a model to perform well in
one area or season but poorly in another. However, such validation practices are still limited
in existing studies, and many studies rely on random data splits, which cannot assess a
model’s robustness and generalizability to spatial and temporal shifts. For example, in sea
ice classification, Zhang et al. [155] utilized Sentinel-1 SAR data collected from the polar
region between 10 and 15 August 2021, and randomly divided it into training, validation,
and testing sets at a ratio of 6:1:3. While the experiment results illustrated a good classifica-
tion performance, this setup does not validate how well the model generalizes to different
regions or seasons. Similarly, in SST prediction, Hou et al. [116] focused on temperature
data from the East China Sea without evaluating the model’s performance in other oceans,
limiting its applicability. Besides, uncertainty measures how confident a DL model is in
its output and is essential for evaluating the reliability of DL predictions in oceanographic
tasks. Uncertainty can arise from two primary sources, including aleatoric uncertainty,
which stems from inherent noise in the data (e.g., sensor errors and manual labeling errors),
and epistemic uncertainty, which results from model limitations or insufficient training
data. Confidence intervals are a common method to quantify uncertainty, providing a
statistical range within which the true value of a prediction is expected to fall at a given
confidence level. Although quantifying uncertainty is critical for practical applications of
DL models in decision making, such as in SST forecasting or sea ice extent monitoring,
only a few studies have incorporated uncertainty quantification [254,255]. Most DL studies
only focus on enhancing predictive performance using metrics like accuracy, RMSE, and R2

while neglecting to assess the uncertainty associated with their predictions. As a result,
even DL models with high reported accuracy on the test datasets may not be reliable in
real-world applications. For example, models trained on cloud-free, high-quality imagery
may perform well on curated test data in sea ice classification tasks. However, when
applied to the real world with varying atmospheric conditions or underrepresented ice
types, their performance can degrade significantly, misinforming navigation and other
safety-critical operations in polar areas. In addition, calibrating DL models, i.e., adjusting
the predicted probabilities to align with actual observations, is another critical step in
building reliable models for real-world decision making [256]. However, this step is often
overlooked in existing DL-based oceanographic studies. Moreover, many DL studies in
oceanography rely on multiple input variables to enhance model accuracy. For example,
in the ocean surface pH estimation task, parameters such as SST, SSS, dissolved oxygen,
chlorophyll concentration, and nutrients are commonly integrated. Understanding the rela-
tive importance of these inputs is essential, especially in scenarios where certain variables
may have higher uncertainty. Li et al. [99] developed a neural network model for ocean pH
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estimation and conducted a sensitivity analysis by perturbing each environmental variable
(e.g., temperature, dissolved oxygen, salinity, and nutrients) by 5%. The results indicated
that the model was most sensitive to salinity, followed by dissolved oxygen and tempera-
ture, while showing low sensitivity to nutrient variations, providing insights into which
parameters mainly influence the model’s estimations. Although understanding the relative
importance of these inputs is essential, especially in scenarios where certain variables may
have higher uncertainty, most existing DL-based oceanographic studies do not explicitly
evaluate how individual input parameters affect model performance [118,139], posing risks
for practical applications when DL models rely on some uncertain inputs. Methods such
as permutation importance, feature ablation, and SHapley Additive exPlanations (SHAP)
could be used to highlight critical features, improving model interpretability.

5. Ocean-Based Climate Change Solutions Enhanced by DL
While oceans endure the impacts of climate change, they hold immense potential

to deliver both mitigation and adaptation solutions. Mitigation focuses on lowering at-
mospheric GHGs by reducing emissions and enhancing carbon absorption. For example,
renewable energy, such as offshore wind farms and wave energy systems, provide sus-
tainable alternatives to fossil fuels. Adaptation, in contrast, focuses on preparing for and
minimizing the risks associated with climate change, particularly when its impacts are
inevitable. Integrating modern AI and DL methods into these ocean-based solutions offers
a unique opportunity to improve their efficiency and scalability. This section explores how
DL is applied to promote ocean-based climate change solutions, focusing on two key areas:
mitigation and adaptation, as illustrated in Figure 6. Besides, Table 4 presents an overview
of DL models employed for each area.

5.1. Mitigation Strategies Using DL

Covering over 70% of the Earth’s surface, oceans present vast opportunities for
effective mitigation strategies aligned with the Paris Agreement. A report by Hoegh-
Guldberg et al. [257] estimates that ocean-based solutions could reduce global GHG emis-
sions by nearly 4 gigatons of CO2 equivalent annually by 2030, potentially exceeding
11 gigatons annually by 2050. CO2 equivalent serves as a standardized metric for com-
paring various GHG emissions relative to CO2. Three primary ocean-based mitigation
approaches are examined in this subsection, including harnessing renewable energy, reduc-
ing emissions from maritime transport, and enhancing carbon storage in oceans.

5.1.1. Developing Ocean-Based Renewable Energy with DL

Developing renewable energies such as wind, wave, and tidal energy is a key ocean-
based mitigation strategy. These renewable energies provide a sustainable alternative
to fossil fuels, significantly reducing GHG emissions. However, ensuring a stable and
reliable energy supply remains a challenge, as it requires accurate and timely information
about oceanic conditions. By integrating remote sensing technologies with DL methods,
it is possible to provide high-resolution, real-time insights into ocean parameters like
wind speed, wave height, and tidal patterns. These advancements not only optimize
energy generation but also enhance the efficiency and reliability of ocean-based renewable
energy systems.

Sea surface wind speed is one of the most critical parameters for effective offshore
wind energy system development, as it directly impacts energy generation. Accurate mea-
surements of wind speed and direction are essential for optimizing wind farm efficiency
and reliability. Advanced remote sensing technologies, such as GNSS-R [258], SAR [259],
and X-band radar [260,261], are widely utilized to deliver comprehensive insights into
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sea surface wind patterns. Among these technologies, GNSS-R has gained significant
attention in recent years for its advantages of low cost, high resolution, and the ability to
operate under various weather conditions. Combined with DL models, researchers can
achieve precise wind speed estimation [262–264]. For example, CNNs, one of the most
widely used DL architectures, excel at extracting spatial features from complex GNSS-R
data [265]. Liu et al. [69] utilized a 1D convolutional network to process delay waveforms
extracted from the DDM in GNSS-R data. Their approach incorporated auxiliary features
and employed a fully connected layer to estimate wind speed. To address the high bias
observed in high wind speed ranges, the authors applied a cumulative distribution func-
tion matching technique for bias correction. When evaluated on CYGNSS data collected
between 8 August and 31 December 2019, the method achieved an RMSE of 1.48 m/s and
demonstrated an improvement of 7.19% for high wind speed estimation. Guo et al. [266]
utilized a 2D convolutional network to directly extract features from DDM images, also
achieving accurate wind speed retrieval in low and medium wind speed ranges. Re-
searchers have integrated CNNs with other architectures, such as LSTM and Transformers,
to improve wind speed retrieval performance. Qiao et al. [267] designed a dual-branch
model combining CNN and Transformer architectures for wind speed estimation from
GNSS-R data. The CNN branch captures local spatial features, while the Transformer
branch models long-range dependencies. This integration effectively extracts both local
and global information, enhancing estimation accuracy. Lu et al. [268] developed a hybrid
model combining CNN and LSTM networks for wind speed estimation. The CNN extracts
spatial patterns from input DDM, while the LSTM captures temporal dependencies. Tested
on CYGNSS data from October to December 2021, the model achieved an RMSE of 1.34 m/s
compared to ERA5 wind data, highlighting its effectiveness. In the context of SAR data,
CNNs have proven effective in extracting intricate features for analyzing wind speed and
direction [269,270]. Mu et al. [271] proposed a CNN-based model with residual and dense
connections for retrieving hurricane wind speeds from Sentinel-1 SAR data. The model
integrated texture features from the gray-level co-occurrence matrix, physical parameters
linked to backscattering energy, and morphological features, achieving an RMSD of 1.72
m/s for wind speeds exceeding 75 m/s. For wind direction retrieval, Zanchetta et al. [272]
employed a ResNet architecture with shortcut connections to estimate wind direction from
Sentinel-1 SAR data. Focusing on the Mediterranean Sea and the Persian Gulf, regions
with complex wind patterns shaped by coastal orography, the model demonstrated robust
performance, obtaining biases of −1.1◦ and −4.6◦ compared to ERA5 data and in situ
measurements, respectively.

Ocean waves are another significant source of clean energy, primarily driven by wind
forces on the ocean surface and distance storm-induced swell waves. Since wave energy
is directly proportional to the square of wave height, measuring ocean wave height is
essential for ocean observation and wave energy harvesting. Various ocean remote sensing
techniques, including GNSS-R [273], SAR [274], and X-band radar [275–277], have been
used with DL algorithms to achieve ocean wave height accurate measurements. X-band
radar systems detect changes in the backscatter signal from the ocean’s surface, capturing
fine-scale variations and providing high-resolution measurements related to wave height.
These features make X-band radar an essential tool for ocean wave height monitoring
and DL models further enhance the analysis of X-band radar data. For instance, CNNs,
integrated with temporal information, have proven to be effective in processing X-band
radar images. Chen et al. [278] incorporated GRUs into a CNN model to effectively capture
temporal dependencies and dynamic patterns in sequential radar images. Tested on data
from the East Coast of Canada, the model outperformed the traditional signal-to-noise ratio-
based method. Similarly, Huang et al. [279] employed Temporal Convolutional Networks
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(TCNs) to extract features from X-band radar images. Their study demonstrated that
TCNs outperform traditional methods like SVMs in wave height estimation by capturing
temporal dependencies more effectively. Yang et al. [280] introduced Transformers for
wave height estimation from X-band radar images, treating the input images as sequences.
After denoising, patching, and flattening, the images were processed using a Transformer
encoder module with attention mechanisms to capture long-range dependencies. This
approach achieved an impressive RMSE of 0.14 m, marking a significant advancement in
radar-based wave height estimation. Transformers have also been applied to wave height
retrieval in other contexts. For example, Qiao et al. [281] utilized a Transformer-based
architecture to estimate wave height from GNSS-R data, addressing CNN limitations in
capturing global features from DDMs. Their method achieved a notable RMSE of 0.44 m
compared to ERA5 data, demonstrating the potential of Transformers in wave height
retrieval tasks.
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Figure 6. Different applications of AI for facilitating ocean-based climate change solutions.

In addition to the above-mentioned wind and wave energy, tidal energy, generated
by the gravitational interactions between the Earth, Moon, and Sun, exhibits predictable
tidal cycles and potential for sustainable power generation [282]. Ocean remote sensing
technologies have been utilized to study tides, such as Ref. [283], which mapped tidal spatial
patterns across the Great Bahama Bank using Landsat time series data. The integration of
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DL with ocean remote sensing in tidal energy research presents promising opportunities
for further exploration.

5.1.2. Advancing Low-Carbon Maritime Transportation Through AI

Maritime transport, encompassing international and domestic shipping, plays a vital
role in facilitating global passenger and freight movement. However, it is also a signifi-
cant contributor to GHG emissions, releasing approximately 1 gigaton of CO2 equivalent
annually—around 3% of global anthropogenic CO2 emissions [257]. To address this chal-
lenge, the International Maritime Organization (IMO) established an initial strategy in
2018, aiming to reduce annual GHG emissions by at least 50% by 2050 compared to 2008
levels. In 2023, the IMO introduced an updated and more ambitious strategy targeting
net-zero GHG emissions around 2050. This strategy includes interim milestones to achieve
a minimum reduction of 20% (with an aspiration of 30%) by 2030 and at least 70% (striving
for 80%) by 2040 [284]. Achieving these goals requires innovative solutions focused on
enhancing fuel efficiency, optimizing shipping routes, and transitioning to alternative fuels.
DL technologies have emerged as pivotal tools in these efforts, offering advanced capabili-
ties for fuel consumption prediction and route optimization. These advancements not only
support emission reductions but also improve energy efficiency and promote sustainable
maritime operations.

Fuel consumption forecasting is a critical aspect of maritime transportation, as it
directly influences energy efficiency and operational costs. Traditional physics-based
methods, which rely on resistance and propulsion performance [285], face limitations in
complex or extreme operating conditions due to their limited ability to account for dynamic
environmental factors such as wind speed, wave height, and ocean currents. ML tech-
niques, including Support Vector Regression (SVR), decision trees, RF, and XGBoost, have
demonstrated remarkable improvements utilizing large datasets [286–288]. Compared
to traditional ML models, deep neural networks can more effectively capture complex
relationships, leading to improved predictive performance. Among these, LSTM networks
are widely used for fuel consumption forecasting due to their ability to learn from historical
data, including ship operational conditions, environmental factors, and prior consumption
trends [289,290]. Zhang et al. [291] conducted a comprehensive study by analyzing over
200 variables related to ship operations and environmental conditions, such as heading,
sailing speed, trim, weather, and sea state. They first employed a decision tree model to
identify the most critical factors influencing fuel consumption. Using these factors, they
developed a bi-directional LSTM model enhanced with an attention mechanism to capture
complex temporal dependencies and assign greater importance to key variables. This
method demonstrated R2 values ranging from 0.7 to 0.9 across eight voyages, underscoring
its potential for accurate fuel consumption forecasting. Ilias et al. [292] introduced a multi-
task learning framework to predict the fuel oil consumption of both main and auxiliary
engines simultaneously. The model utilized a shared bi-directional LSTM layer updated
by both tasks, followed by two task-specific branches. Each branch incorporated a Trans-
former module with a multihead self-attention mechanism and dense layers for separate
predictions. Evaluated on data from three vessels, the model achieved R2 values between
0.94 and 0.99 for the main engine, showcasing its effectiveness. Moreover, Liu et al. [293]
proposed a novel energy consumption prediction model that integrated TCN, GRU, and a
multihead self-attention mechanism. To boost performance, they conducted a correlation
analysis to identify key features such as shaft speed and shaft power. Training the model on
these selected features resulted in an accuracy of 96%, outperforming existing approaches
and highlighting the potential of advanced DL models in maritime energy forecasting.
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Optimizing shipping routes is another crucial strategy to reduce fuel consumption and,
consequently, CO2 emissions [294,295]. Building on the accurate prediction of engine load
and corresponding fuel consumption using an artificial neural network, Moradi et al. [296]
applied deep reinforcement learning techniques for route optimization. The study em-
ployed advanced reinforcement learning methods, including Deep Q-Network, Deep
Deterministic Policy Gradient, and Proximal Policy Optimization, to analyze and optimize
ship routes. In scenarios without time constraints, their approach successfully reduced
fuel consumption by 6.64%, highlighting the potential of deep reinforcement learning to
enhance route efficiency and lower emissions.

Table 4. Selective DL models supporting ocean-based climate change solutions.

Area Reference Application Data Model Results

Renewable
Energy

Du et al. [264] Wind Speed
Retrieval

CYGNSS, wind speed (ERA5,
SMAP, SFMR, OSCAR)

RFCN RMSE = 1.031 m/s;
bias = −0.0003 m/s.

Lu et al. [268] Wind Speed
Retrieval

CYGNSS, ERA5 CNN-LSTM RMSE = 1.34 m/s;
CC = 0.82.

Liu et al. [69] Wind Speed
Retrieval

CYGNSS, ERA5 1D-CNN RMSE = 1.486 m/s;
bias = −0.091 m/s;
CC = 0.828.

Mu et al. [271] Wind Speed
Retrieval

Sentinel-1 SAR; SFMR
hurricane measurements;
SMAP wind products

DCCN RMSE = 2.61 m/s;
CC = 0.95.

Zanchetta et al. [272] Wind Direction
Retrieval

Sentinel-1 SAR; ECMWF
TCo1279 HRES global model;
satellite scatterometer
(OSI-SAF); in situ
wind measurements

ResNet SAR vs. ECMWF:
bias = −1.1°; SAR vs.
Scatterometer: bias = 2.4°;
SAR vs. in situ:
bias = −4.6°.

Guo et al. [270] Wind Direction
Retrieval

GF-3 SAR; EAR5 Inception v3 RMSE = 9.12°.

Chen et al. [278] SWH Estimation X-band marine radar images;
buoy-measured SWH

CGRU, a model
integrating CNN
and GRU

Rainless: RMSE = 0.29 m,
CC = 0.93; Rainy:
RMSE = 0.54 m,
CC = 0.87.

Huang et al. [279] SWH Estimation SWH from X-band radar
images; Triaxys directional
wave buoys

TCN RMSE = 0.24 m,
bias = 0.07 m, CC = 0.94.

Maritime
Transportation

Zhang et al. [291] Ship Fuel
Consumption
Prediction

Real-world operational data
from bulk carrier

Bi-LSTM with
attention

R2 ranges from 0.71 to
0.94 across 8 different
voyages.

Liu et al. [293] Ship Fuel
Consumption
Prediction

Operational data from a bulk
carrier; environmental data
from ECMWF

TGMA, a model
combined with
TCN, GRU,
and multihead
attention

Voyage 1:
RMSE = 0.012 g/s,
R2 = 0.96; Voyage 2:
RMSE = 0.014 g/s,
R2 = 0.94.

Ilias et al. [292] Ship Fuel
Consumption
Prediction

Operational data from
three fishing ships

Bi-LSTM with
self-attention

R2 = 99.45%, RMSE = 0.99,
MAE = 0.36.

Moradi et al. [296] Fuel
Consumption
Prediction &
Marine Route
Optimization

Operational data from a
container ship; dynamic
weather data
from Stormglass.io

ANN, DQN,
DQPG, PPO

Fuel consumption
prediction: RMSE = 0.097,
R2 = 0.989; Fuel
consumption reduced by
6.64%, 1.54%, 1.07% after
route optimization.
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Table 4. Cont.

Area Reference Application Data Model Results

Ocean
Carbon Sink

Zemskova et al. [297] DIC estimation B-SOSE, bgc-Argo, GLODAP,
SOCAT, SOCCOM

U-Net Near-surface DIC
increased, reducing ocean
carbon storage potential
in 2010s.

Wang et al. [298] pCO2
Estimation

SOCAT, ECMWF FFNN RMSE = 8.86 µatm,
MAE = 5.01 µatm.

Picard et al. [299] Particle
prediction

POLGYR simulations U-Net Valid predictions = 81%

Coastal
Floods

Muñoz et al. [300] Mapping Landsat ARD imagery;
Sentinel-1 SAR;
LiDAR-derived DEM;
Delft3D-FM simulations;
high water masks
from USGS

CNN OA = 97%.

Liu et al. [301] Mapping Sentinel-1 SAR; land-cover
types from OpenStreetMap;
ground truth from
Copernicus EMS Rapid
Mapping product

SARCFMNet,
U-Net-based
model

Accuracy = 0.98,
F1-score = 0.88.

Sorkhabi et al. [302] Prediction SST (MODIS), sea level data
(satellite altimetry), wind
speed (CMIP5),
precipitation (NOAA)

CNN-LSTM Wind speed:
RMSE = 0.84 m/s;
Precipitation:
RMSE = 48.75 mm;
SST: RMSE = 3.48 °C;
MSL: RMSE = 24 mm.

Park et al. [303] Prediction Tide data (KHOA), rainfall
(KMA), elevation, slope
(ME); coastal flood trace
(Korea Land and Geospatial
Informatrix Corporation)

KNN, RF, SVM KNN ROC = 0.946.

Xu et al. [304] Prediction Rainfall and tide levels from
Water Bureau of Haikou City

LightGBM-CNN MAE = 0.044,
RMSE = 0.101.

Hu et al. [305] Prediction Wave data LSTM-ROM Showed high agreement
with full hydrodynamic
model results.

Fisheries

Lekunberri et al. [306] Classification Images from Electronic
Monitoring

ResNet50V2,
Mask R-CNN

Accuracy = 77.66%,
average mAP = 0.74.

Shedrawi et al. [307] Fisheries
Management

Images, tablets, or webs
collected during fishery
surveys

YOLOv4,
ResNet-101

Length and weight
measurement: R2 = 0.99
with human
measurements; Species
identification:
Recall = 79% for
264 species.

Marques et al. [308] Species
Detection &
Segmentation

PLHS dataset (acoustic
backscatter data)

Mask R-CNN Mask R-CNN with
ResNet-50 for instance
segmentation:
mAP = 92.12%; for object
detection mAP = 89.12%.

Slonimer et al. [309] Classification Echograms from ZAFP U-Net Herring F1-score = 0.93;
Salmon F1-score = 0.87;
Bubble F1-score = 0.86.
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Table 4. Cont.

Area Reference Application Data Model Results

Fisheries

Han et al. [310] Fishing Ground
Prediction

Operational records;
environmental variables
such as SST, Chl-a, SLA, SSS,
dissolved oxygen from CMS

3D CNN Central fishing ground:
Precision = 0.72,
Recall = 0.80,
F1-score = 0.76.

Xie et al. [311] Fishing Ground
Prediction

Commercial catch records;
SST (NOAA OceanWatch)

U-Net OA = 89.90%,
Precision = 0.9125,
Recall = 0.9005,
F1-score = 0.9050.

5.1.3. DL Applications in Ocean Carbon Sink

Carbon sinks are natural or artificial reservoirs that absorb and store carbon from
the atmosphere through physical and biological mechanisms. These sinks play a critical
role in mitigating climate change by reducing the concentration of GHGs. Common
examples of carbon sinks include forests, soils, and oceans. Forests capture carbon through
photosynthesis, while soils store organic carbon from plant debris and biomass. Oceans,
the largest carbon sink on Earth, have absorbed approximately 25 ± 2% of total human-
induced CO2 emissions from the early 1960s to the late 2010s [312,313].

The oceans absorb CO2 mainly through two mechanisms, including the physical and
biological pumps. The physical pump dissolves CO2 into surface waters, which are then
transported to the deep ocean via large-scale circulation patterns. Specifically, when the
partial pressure of CO2 in seawater is lower than that in the atmosphere, CO2 diffuses
into the seawater and reacts with water to form carbonic acid and other derivatives. This
process is more pronounced in cold, high-latitude regions since colder water can hold more
CO2 due to its higher solubility. As surface waters become cooler and denser, they sink,
carrying the dissolved carbon into the deep ocean through thermohaline circulation. Once
sequestered in the deep ocean, this carbon can remain trapped in cold, dense waters for
hundreds to thousands of years, significantly contributing to long-term carbon storage.
The biological pump, on the other hand, sequesters CO2 through marine biological activity.
Phytoplankton, the foundation of the oceanic food chain, use CO2 for photosynthesis,
producing organic carbon. This carbon is then transferred through the food chain to
zooplankton and other marine organisms. When these organisms die, their remains sink to
the ocean floor, depositing carbon in deep-sea sediments where it can be stored for long
periods. In recent years, ocean fertilization has been explored as a geoengineering strategy
to enhance the biological pump and increase the ocean’s carbon storage capacity [314]. This
technique involves adding nutrients, such as iron, nitrogen, or phosphorus, to the ocean’s
upper layers to stimulate phytoplankton growth and photosynthetic activity, thereby
reducing atmospheric CO2 levels. However, potential side effects, including harmful algal
blooms, disruptions to fisheries, and ecological impacts, raise concerns. Further research
and evaluation are necessary to fully understand the effectiveness and environmental risks
of this approach.

Researchers have employed various ML and DL techniques to process complex
oceanic data, advancing our understanding of ocean carbon sinks and predicting their
changes [315–317]. For example, the Southern Ocean, south of 35◦S, is critical for studying
oceanic carbon sinks, accounting for approximately 40% of the ocean’s uptake of anthro-
pogenic CO2 [318]. However, the scarcity of in situ measurements in this region has posed
challenges for accurately assessing changes in ocean carbon storage. To address this issue,
Zemskova et al. [297] applied a U-Net model combined with LSTM to estimate DIC con-
centrations down to 4 km depth in the Southern Ocean. Their model incorporated various
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surface ocean variables, including SST, 10 m wind speeds, total heat flux, chlorophyll-a
concentration, and ocean surface pCO2. The study revealed declining DIC concentrations
in the 1990s and 2000s, followed by increases since the 2010s, especially in the upper ocean.
Seasonal variability was also observed, with the strongest carbon uptake occurring in
summer due to heightened biological activity. Wang et al. [298] investigated carbon flux
dynamics using oceanic data, such as SST and salinity, spanning 1998 to 2018. By combining
correlation analysis with a feed-forward neural network, they reconstructed pCO2 grid
data in the Southern Ocean. Their findings indicated an overall increase in the carbon
sink capacity since 2000, with a temporary decline between 2010 and 2013, followed by a
substantial rise. However, a recent study using a boosting ensemble feed-forward neural
network highlighted that the uneven seasonal distribution of data led to an underestimation
of surface ocean pCO2, which caused an overestimation of the Southern Ocean’s carbon
sink over the past three decades [319].

Particulate organic carbon (POC), a key component of the biological pump, plays a vital
role in the marine carbon cycle, and advanced data-driven methods have proven effective
in tracking changes in these particles [320]. Tree-based approaches like RF and XGBoost
have shown superior performance in estimating POC concentrations. Liu et al. [321]
compared XGBoost, SVM, and MLP models using remote sensing data from the Ocean
Colour Climate Change Initiative (OC-CCI) combined with in situ measurements. Their
findings demonstrated that ML models significantly outperformed the traditional blue-to-
green band ratio algorithm, with XGBoost achieving the best overall performance and MLP
excelling in optically complex waters. Wu et al. [322] utilized geodetector to identify 20 key
factors influencing POC concentrations, including temperature, salinity, and chlorophyll-a
levels. They tested multiple models, including CNNs, attention-based neural networks, RF,
and XGBoost, and found RF delivered the best performance, achieving a mean deviation of
2.73%. In addition, Picard et al. [299] employed a U-Net architecture to predict deep-ocean
particle distributions. By incorporating inputs such as temperature, vorticity, velocity,
and sea surface height, their model effectively captured spatial and temporal variations in
particle distribution from 200 m to 900 m depths at 100 m intervals.

5.2. Adaptation Strategies Supported by DL

Ocean climate change adaptation involves implementing measures to mitigate or min-
imize the impacts of climate change. Rising ocean temperatures, sea level increases, and in-
tensified acidification pose significant threats to marine biodiversity, fisheries, and coastal
infrastructure. This subsection explores adaptation strategies from two perspectives:
strengthening coastal protection and improving fisheries management, both supported by
DL techniques.

5.2.1. Strengthening Coastal Protection with DL

Coastal areas are crucial to both human societies and natural ecosystems. They are
one of the most densely populated regions, with 38% of the world’s population living
within 100 km of the coast and nearly 45% residing within 150 km [323]. Economically,
these areas host major cities, ports, and industries that drive global trade and commerce.
Ecologically, they support invaluable ecosystems like mangroves, salt marshes, and coral
reefs, which play a critical role in biodiversity conservation. However, coastal regions are
highly vulnerable to climate change impacts, including sea level rise, floods, and ocean
acidification, emphasizing the urgent need for effective adaptation strategies [324,325].

Flooding, or inundation, is a major threat to coastal areas, intensified by sea level rise,
storms, and extreme weather. These events can cause extensive damage, destroying homes,
infrastructure, and ecosystems, and leading to substantial economic losses. To address this
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challenge, adaptation strategies include constructing flood defenses such as seawalls, lev-
ees, and storm surge barriers to safeguard urban areas and critical infrastructure. Advanced
drainage systems and managed retreat—relocating vulnerable communities to safer loca-
tions—are also essential to reducing flood-related impacts [326]. Besides, restoring natural
ecosystems like wetlands and mangroves plays a key role, as they act as natural buffers to
absorb wave energy and reduce erosion. Moreover, real-time monitoring and early warning
systems further enhance resilience by enabling timely responses to flooding events.

Combined with remote sensing data, DL is a powerful tool for flood monitoring and
prediction [327]. Remote sensing programs like Landsat, MODIS, and Sentinel provide
real-time, high-resolution data on coastal areas. By applying DL algorithms to these
datasets, researchers can accurately analyze flood impacts and predict their variations,
contributing to the development of more effective adaptation strategies for coastal regions.
In flood inundation mapping, DL models such as CNNs can effectively extract features
from satellite images to identify flood-affected areas. For example, Muñoz et al. [300]
used a CNN integrated with multisource data fusion to generate flood maps at a 30 m
resolution. The model employed three parallel CNN branches to process datasets including
Landsat imagery, dual-polarized SAR data, and LiDAR-derived elevation data. Features
extracted from these datasets were concatenated and fused for classification. Experiments
were conducted on flooding caused by Hurricane Matthew in October 2016 along the
southeast U.S. coast, achieving an OA of 97% and showing strong agreement with flood
maps from the Coastal Emergency Risk Assessment. Liu et al. [301] proposed a DL-based
coastal inundation mapping approach using dual-polarization Sentinel-1 SAR data. Their
model, built on a modified U-Net architecture, incorporated physics-aware inputs and a
spatial dropout layer for regularization. This approach was applied to analyze flooding
caused by Hurricane Harvey in 2017 near Houston, Texas. It achieved an F1 score of 0.88,
identifying approximately 4000 km2 of inundated areas, with 76% affecting agricultural
lands. The study demonstrated the advantages of integrating SAR data with DL techniques
for effective flood monitoring, particularly during extreme weather events.

Flood inundation mapping offers a detailed visualization of areas impacted by flood-
ing, while flood prediction emphasizes forecasting potential flood events before they
occur [303]. By combining historical patterns, real-time environmental data, and advanced
DL models, researchers can predict future flooding events, supporting timely and effective
adaptation strategies. Zhang et al. [328] utilized a CNN model to predict spatiotempo-
ral variations in flood inundation extent and depth in eastern coastal regions of China.
The CNN approach outperformed traditional hydrodynamic models in both computational
efficiency and accuracy, achieving prediction times ranging from 14 to 24 s and an accuracy
of 85%, highlighting the potential of DL techniques for rapid and precise flood forecasting.
Xu et al. [304] further enhanced CNN-based flood prediction by integrating a light gradient
boosting machine for feature selection. From a set of rainfall- and tide-related variables,
they identified the maximum tide level and rainfall peak as the most significant features.
Using these features, a 1D CNN model delivered superior performance compared to a
standard CNN model that included all features, demonstrating the importance of feature se-
lection in improving prediction accuracy. To enhance prediction accuracy, LSTM networks
are incorporated to capture temporal dependencies [305]. Sorkhabi et al. [302] investigated
the relationship between sea level rise and flooding to strengthen the disaster resilience
of coastal cities. Using variables such as SST from MODIS, sea level height from satellite
altimetry, wind speed, and precipitation, they developed a CNN-LSTM network. This
hybrid approach leveraged CNNs for spatial feature extraction and LSTMs for temporal
sequence processing, creating a robust model for improving the understanding of flood
risks in coastal urban areas.



Remote Sens. 2025, 17, 2306 39 of 59

5.2.2. Improving Fisheries Management Leveraging DL

Climate change significantly impacts global fisheries. Rising ocean temperatures cause
fish to migrate to cooler waters, disrupting traditional fishing grounds and threatening
marine biodiversity. Extreme marine events like ENSO and MHWs further exacerbate these
challenges [329], with MHW-induced shifts in fish distribution occurring at rates four times
greater than natural variability [330].

Effective adaptation strategies are needed to ensure the sustainability of fisheries in the
face of climate change. These strategies include adjusting fishing operations to align with
shifting fish populations, diversifying income sources to reduce dependence on fisheries,
updating regulations to accommodate changing environmental conditions, and adopting
advanced technologies to enhance sustainability and resilience [331]. Among these, ad-
vanced data-driven methodologies have emerged as essential tools for enhancing fisheries
management, enabling more effective monitoring and forecasting. For fish monitoring,
DL algorithms can process diverse datasets, including satellite imagery, underwater im-
ages, and acoustic sensor data, to track fish populations, assess their health, and identify
migratory patterns. This allows for real-time stock monitoring, providing critical insights
for resource management. In terms of prediction, DL models can analyze historical and
real-time data to forecast future fish movements, offering early warnings of population
shifts and reducing the risk of overfishing. These capabilities support fisheries in adapting
to climate change, facilitating more efficient resource management.

In fish identification and monitoring, cameras mounted on autonomous underwater
vehicles, remotely operated vehicles, or vessels capture high-resolution optical images of
marine life. These images are then analyzed using deep neural networks, which demon-
strate exceptional capabilities in detecting and identifying fish species with remarkable
accuracy [332,333]. Convolution-based computer vision models, such as Mask R-CNN,
a state-of-the-art segmentation model, are one of the most commonly used models in
this context. Utilizing over 400,000 underwater video clips collected via the SmartBay
facility, Zhang et al. [334] created a comprehensive benchmark dataset for underwater
marine species detection. The videos, recorded under diverse visibility and environmental
conditions, were meticulously filtered to exclude clips lacking objects of interest. The se-
lected samples were then manually annotated frame by frame. With this dataset, Mask
R-CNN was trained and achieved a mean average precision (mAP) of 0.628, showcasing
its effectiveness in detecting and classifying marine species in underwater environments.
Lekunberri et al. [306] employed onboard cameras and deep neural networks to auto-
mate the analysis of images collected from tropical tuna purse-seine fishing vessels. Their
approach involved two key steps: fish segmentation using Mask R-CNN and species
classification paired with size estimation using ResNet. The model achieved classification
accuracies exceeding 70% for all species, and its size distribution estimates closely matched
official port measurements. Shedrawi et al. [307] presented an innovative coastal fisheries
monitoring system to enhance fisheries management across the Pacific region. The system
leveraged DL models, including YOLOv4 and ResNet101, to analyze images of fish and
invertebrates, enabling accurate species identification along with length and weight mea-
surements. In addition, the system incorporated essential fisheries data like catch rates,
locations, and volumes, to support efficient and adaptive fisheries management strategies.

In addition to optical data, acoustic data from sonars or echo sounders provide an
effective and reliable method for estimating fish biomass and abundance in complex deep
waters, where turbidity can impair the performance of optical sensors [335]. Sonar systems
emit sound waves that travel through the water and bounce off fish and other objects.
By analyzing the reflected signals, these systems can accurately identify fish species, mea-
sure their size, and estimate their abundance, providing valuable insights into marine
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ecosystems. DL algorithms enhance the efficiency and accuracy of acoustic data processing,
enabling precise and real-time monitoring of fish distribution [336,337]. For example, Mar-
ques et al. [308] employed Mask R-CNN with ResNet-50 as the backbone to detect pelagic
species, such as herring and juvenile salmon, from acoustic backscatter data, overcoming
the time-consuming and error-prone process of manual analysis. By accurately analyzing
the acoustic properties of the targets, the Mask R-CNN model achieved an mAP of 92.12,
facilitating automated and efficient analysis of pelagic species. Slonimer et al. [309] applied
a modified U-Net model for pixel-level classification of fish species, focusing on herring
and salmon in echogram images. The data, collected over two years along the coast of
British Columbia, Canada, were obtained using an Acoustic Zooplankton and Fish Profiler
operating at four different frequencies. The model achieved F1 scores of 93% for herring
and 87% for salmon, demonstrating its robustness even in noisy echogram data.

DL can also be applied to predict fishing grounds by analyzing various environmen-
tal factors such as temperature, salinity, currents, and historical fisheries statistical data,
enhancing fisheries productivity and reducing overfishing risks [338]. Han et al. [310] inves-
tigated the spatial and temporal variability of chub mackerel fishing grounds using fishery
statistics, including the timing of fishing operations, catch amounts, and compositions,
alongside ocean remote sensing data such as SST, chlorophyll concentration, and oxygen
levels. Employing 3D CNN models, the study assessed changes in fishing grounds and
observed a progressive northeastward shift. Similarly, Xie et al. [311] used a U-Net model
to predict fishing grounds for Ommastrephes bartramii in the Northwest Pacific, with SST
as the input and central fishing ground locations as the output. Based on data from 1998 to
2020, their experiments tested 80 combinations of temporal and spatial scales. The results
identified 15 days as the optimal time scale and 0.25◦×0.25◦ as the ideal spatial scale for
their model.

In summary, DL techniques are transformative tools for ocean climate change adap-
tation strategies, whether in marine renewable energy development, coastal protection,
or fisheries management, and essential for mitigating climate change impacts and improv-
ing the resilience of coastal communities.

6. Conclusions and Future Perspectives
In this section, a concise summary of current DL applications in ocean and climate

research is provided. Then, several key challenges are identified, and finally, future research
directions corresponding to each identified challenge are proposed.

6.1. Summary

This review provides a comprehensive analysis of the impacts of climate change on
oceans and explores potential ocean-based solutions. It identifies key oceanographic tasks
and examines how DL has been applied to each, highlighting commonly used architectures
that demonstrate strong performance across various applications. However, it should
be noted that since different studies utilize diverse evaluation metrics and training and
validation datasets, it is difficult to draw definitive conclusions about which architecture
performs the best. Despite the challenges, specific DL architectures have shown good
performance for certain problems. For example, in SST, MHW, and ENSO prediction
tasks, spatiotemporal forecasting models have demonstrated strong performance. U-
Net-LSTM has achieved RMSE values ranging from 0.48 ◦C to 0.63 ◦C across various
forecast lead times. Transformer-based architectures, such as Spatial-Temporal Transformer
Networks, have also shown promising results in long-range ENSO forecasting, maintaining
reliable predictions up to 18 months. For ocean pH estimation, MLPs are often used due
to the structured, tabular nature of the input data (e.g., SST, SSS, DIC, pCO2). These
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models achieve high accuracy, with RMSEs below 0.01. For sea level prediction, temporal
models such as LSTM, BiGRU, and CNN-LSTM are widely used, showing RMSEs around
0.1 m. For sea ice detection and classification, CNN-based models, including U-Net and
attention-enhanced models (e.g., DAU-Net), demonstrate excellent performance, achieving
accuracies of around 95%. For coral reef, seaweed, and coastal wetland monitoring tasks, DL
architectures for image classification and segmentation have shown strong performance. U-
Net and its variants (e.g., Dense U-Net, AttU-Net, Res-U-Net) are particularly effective due
to their ability to extract spatial features from high-resolution multispectral, hyperspectral,
or RGB imagery. For instance, U-Net-based models have achieved over 90% overall
accuracy in classifying coral reefs, macroalgae, and coastal wetlands. Attention-enhanced
models further improve accuracies by dynamically focusing on discriminative regions.
For ocean-based climate change solutions, CNN-based architectures (e.g., RFCN, ResNet)
are frequently employed and have achieved strong performance in wind speed retrieval
from image-based data sources such as SAR and GNSS-R. For sequential prediction tasks,
such as ship fuel consumption forecasting, temporal models (e.g., CGRU, Bi-LSTM with
attention, and TCN-GRU) have proven effective. For coastal floods, DL models such
as CNN, U-Net, and hybrid models combining CNNs with LSTM have shown notable
success in integrating multisource data (e.g., SAR, tide levels, and rainfall) to support flood
mapping and forecasting. In fisheries management, object detection and segmentation
models like Mask R-CNN, YOLOv4, and U-Net have demonstrated high accuracy in species
classification and fishery monitoring tasks.

This review also summarizes commonly used oceanographic datasets, such as satellite
remote sensing, in situ observations, and reanalysis products. For each data type, represen-
tative sources and their typical applications in ocean research are presented. The review
analyzes how different types of data affect the performance of DL models, highlighting
their respective strengths and limitations. For example, satellite data offers broad spatial
coverage but is prone to contain missing values; in situ observations are accurate but sparse,
leading to overfitting; reanalysis data provide global coverage but may introduce systematic
biases and over-smoothing. The review also discusses how the challenge of heterogeneous
spatiotemporal resolutions in multisensory datasets is addressed through strategies such
as interpolation, resampling, and deep-learning-based super-resolution techniques.

6.2. Challenges
6.2.1. Interpolation-Induced Errors

Interpolations are a commonly used preprocessing operation to prepare oceanographic
data for DL model development. They are widely used to handle missing values, harmonize
data from different sensors with varying spatial and temporal resolutions, generate training
labels, and upsample low-resolution data. While these methods are efficient and effective,
they inevitably introduce human-induced biases that can compromise data fidelity and
degrade model performance. Firstly, interpolation is a mathematical approximation process
that does not necessarily align with physical laws. For instance, in frontal zones where
SST, SSS, and other ocean parameters change rapidly, linear interpolation may excessively
smooth the data, obscuring critical physical transitions and preventing DL models from
capturing essential dynamic processes. Besides, the reliability of interpolation is highly
dependent on the quality, density, and spatial distribution of the original observations.
For quality, if the original data contains systematic biases, sensor noise, or calibration
errors, these issues will propagate through the interpolation process, amplifying errors
in the generated data. Regarding density, in regions with sparse in situ observations
or low satellite revisit frequency, interpolated outputs may generate unrealistic spatial
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patterns that cannot reflect real-world variations and mislead DL models to learn inaccurate
spatial representations.

6.2.2. Insufficient Spatiotemporal Validation

As discussed earlier, most existing studies primarily rely on the random split method
to divide training and test data. While convenient, this experimental setup cannot fully
evaluate the model’s generalization capability across different spatial regions and temporal
periods. Some datasets may contain consecutive samples in spatial and temporal dimen-
sions, leading to data leakage between the training and test sets. Without proper validation
in separate spatiotemporal contexts, this leakage may cause overfitting and overly opti-
mistic assessments of model performance. For example, training and test samples in sea
ice classification tasks often come from the same Arctic region and season, causing the DL
models to perform well in the reported experiments but fail when applied to data from
different areas or seasons with varying ice textures. In addition, some in situ observations,
such as buoy data from NDBC, exhibit strong spatial clustering in coastal regions. This
uneven distribution may cause DL models to overfit to densely observed areas and gener-
alize poorly when applied to sparsely observed regions such as the open ocean. Similarly,
temporal biases may arise when models are trained on relatively stable historical periods
but are deployed in extreme conditions like hurricanes. Moreover, many studies report
only aggregated metrics such as RMSE and R2, without stratified performance analysis
across different regions and times, making it difficult to assess the DL model’s robustness
and reliability in specific application scenarios.

6.2.3. Lack of Uncertainty Quantification

Existing DL studies in ocean and climate research primarily focus on improving per-
formance metrics such as accuracy and RMSE. Only a few studies incorporate uncertainty
quantification, which is essential to evaluate the reliability and robustness of DL models
in real-world applications. Uncertainty in DL models generally comes from two sources,
i.e., aleatoric uncertainty and epistemic uncertainty. Aleatoric uncertainty, also known
as data uncertainty, arises from inherent noise in the input data, such as sensor errors
or cloud cover. In contrast, epistemic or model uncertainty stems from limited network
knowledge, typically caused by the lack of training data. Neglecting uncertainty can lead
to overconfident predictions, posing significant risks in critical decision-making scenarios.
For example, in SST prediction, DL models are often evaluated using RMSE without report-
ing confidence intervals across different regions or seasons. In high-variability areas like
the equatorial Pacific, model outputs may exhibit high epistemic uncertainty due to sparse
observational data. Without uncertainty quantification, users cannot distinguish between
reliable and unreliable predictions, which limits the practical use of such DL models in
climate monitoring or early warning systems.

6.2.4. Limited Explainability

Despite the impressive performance of DL models, complex architectures such as
CNNs and Transformers are often criticized for their lack of interpretability. In ocean and
climate research, understanding why a model makes a specific prediction is as important
as the prediction itself, especially in safety-critical applications where transparency is
required. However, the black-box nature of DL models makes it difficult to determine
which input variables contribute most to the model output. The high dimensionality and
spatiotemporal complexity of remote sensing and oceanographic datasets further amplify
this challenge. For instance, in sea level anomaly prediction, DL models have shown
improved temporal forecasting accuracy. However, it remains unclear whether the anomaly
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is primarily influenced by ocean circulations, thermal expansions, or seasonal trends. This
lack of interpretability hinders the deployment of DL models in real-world ocean systems.

6.2.5. Poorly Modeled Ocean Processes

While DL has demonstrated strong performance in various oceanographic tasks,
several key physical processes remain poorly modeled. Subsurface dynamics, such as ther-
mocline variability, are particularly challenging due to the limited high-resolution in situ
measurements like Argo profiles. Although some studies have attempted to estimate ther-
mocline depth using DL [339], accurate reconstruction of thermocline structures remains a
challenge. Similarly, ocean carbon sequestration processes are difficult to model. While DL
has been applied to estimate related variables such as surface pCO2, these studies capture
only part of the process. Full carbon sequestration involves complex interactions among
physical, chemical, and biological components, which are difficult for purely data-driven
models to learn without incorporating domain knowledge.

6.3. Directions for Future Research
6.3.1. Reducing Interpolation-Induced Errors

Several promising directions can be explored to mitigate the negative impacts of
interpolation-induced errors. First, improving data quality control should be a priority.
Ensuring high-quality and well-distributed input data is essential for accurate interpolation.
Preprocessing steps such as outlier detection and filtering are recommended before inter-
polation to avoid accumulating errors in the interpolated outputs. Second, interpolation
methods should be selected based on the physical characteristics of the region and data.
While simple methods like nearest-neighbor or linear interpolation are computationally
efficient, they may fail to capture the nonlinear dynamics in complex environments such as
oceanic frontal zones. More adaptive methods (e.g., spline or kriging) may perform better
in such cases. Besides, interpolated outputs should be validated against other measure-
ments to assess their accuracy. Finally, exploring alternative approaches beyond traditional
interpolation is encouraged. For instance, DL-based gap-filling methods or hybrid physics-
informed models could provide more accurate and robust solutions. One example is
the MAESSTRO framework [67], which leverages an MAE to reconstruct cloud-covered
SST data. It outperformed cubic radial basis interpolation, highlighting the potential of
DL-based methods to preserve spatial structures and reduce interpolation-induced errors.

6.3.2. Enhancing Validation Across Space and Time

To ensure the generalization capability of DL models in oceanographic applications,
future research could consider enhancing model validation across different space and time
periods. For example, rather than using random splits, DL models can be trained on data
from one region and tested on a geographically distinct region or trained on data from
historical years and validated on subsequent years. Such validations in spatiotemporal
context enable a more realistic assessment of a model’s ability to generalize under varying
environmental conditions. In addition, stratified performance evaluation, i.e., not only
reporting overall performance but also breaking down results by spatial subregions or
seasonal periods, should be implemented. For example, in wind speed estimation tasks
using NDBC buoy data, model performance can be reported separately for different spatial
regions, such as the Pacific Ocean, the U.S. West Coast, and the Gulf of Mexico, or across
different seasonal intervals, such as summer (June to August) and winter (December to
February). These stratified performance validations are beneficial in identifying whether
the DL model is overfitting to certain regions or seasons and revealing other specific
performances in model predictions. Moreover, domain adaptation techniques may be
explored to improve model transferability across regions or time periods with different data
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distributions. Approaches such as transfer learning and domain-invariant representation
learning could help bridge the gap between training and deployment environments.

6.3.3. Quantifying Model Uncertainty

To improve the trustworthiness and reliability of DL models in real-world applications,
future research could incorporate uncertainty quantification in their developed DL mod-
els. Techniques such as Bayesian Neural Networks, Monte Carlo dropout, and ensemble
methods can be employed to estimate epistemic and aleatoric uncertainty. Taking the SST
prediction task as an example, conventional CNN or Transformer-based models can be
extended to output not only a predicted temperature but also an associated uncertainty
estimate. To compute aleatoric uncertainty, the model can be trained using a heteroscedastic
loss function. Monte Carlo dropout can be applied to estimate epistemic uncertainty by
enabling dropout layers during inference and performing multiple forward processes to
calculate prediction variance. In addition, BNNs are able to quantify model uncertainty
by treating network weights as probability distributions rather than fixed values. Integrat-
ing such techniques can provide valuable insights into the reliability of DL predictions,
supporting more informed decision making in ocean and climate research.

6.3.4. Advancing Explainability

To advance explainable AI in ocean and climate applications, future studies could in-
corporate methods such as SHAP, permutation feature importance, and Local Interpretable
Model-agnostic Explanations (LIME) to enhance the interpretability of deep learning mod-
els. These techniques provide insights into the relative contribution of each input variable
to the model’s predictions, improving transparency and supporting interpretability. For ex-
ample, in the context of SST prediction, a DL model can be trained using variables such
as salinity, wind speed, and atmospheric pressure. SHAP can then be applied to compute
Shapley values for each input feature, quantifying their individual contributions to the
model’s predictions. Permutation feature importance, on the other hand, evaluates the
contribution of each input variable by randomly shuffling one feature at a time (e.g., wind
speed) while keeping all other features unchanged. The model’s performance is then re-
evaluated on the perturbed dataset, and the drop in performance (e.g., an increase in RMSE)
indicates the importance of the shuffled feature. Integrating these methods is beneficial for
researchers to better understand model decision-making processes.

6.3.5. Towards Physic-Informed Neural Networks (PINNs)

While conventional data-driven DL models have demonstrated strong predictive per-
formance, they often lack physical consistency and interpretability. PINNs offer a promising
research direction by integrating physical laws into the learning process. Instead of opti-
mizing solely for empirical loss, PINNs incorporate physics-based information, such as
constraints derived from differential equations, into the loss function, thereby guiding the
model to learn representations that are both data-driven and physically consistent. Future
research could apply PINNs in ocean and climate research to enhance robustness and gen-
eralizability in data-sparse regions or under extreme conditions. For example, in modeling
coastal sea level rise, PINNs can incorporate governing equations from fluid dynamics and
tidal forcing, ensuring that predicted sea level variations not only fit observations but also
adhere to physical constraints. In GNSS-R-based sea surface wind speed estimation, PINNs
can integrate geophysical models, such as the relationship between normalized bistatic
radar cross-section and wind speed, into the training process, ensuring the predicted wind
speeds are consistent with electromagnetic scattering physics. These physics-informed
models are beneficial for mitigating overfitting and producing more physically consistent
outputs across space and time, especially valuable for complex scenarios where purely
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data-driven models may capture spurious correlations that violate known physical laws.
By embedding prior knowledge and domain constraints, PINNs enhance the practical
reliability of DL models in oceanography and climate science.

Moreover, new data sources such as NASA-ISRO Synthetic Aperture Radar [340] and
ESA HydroGNSS [341] will offer unprecedented observations of key ocean parameters.
At the same time, emerging technologies such as Large Language Models (LLMs) and
quantum computing present exciting opportunities to further revolutionize ocean climate
research [342,343]. LLMs, trained on vast and diverse datasets, can be fine-tuned to address
a wide range of ocean climate change tasks. Quantum computing, with its exceptional
computational power, presents the ability to tackle complex challenges such as simulating
large-scale ocean circulation. The integration of these innovative technologies with existing
DL frameworks could open new frontiers in ocean climate change research.
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