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Received: May 30, 2026 Biogeochemical cycles occur naturally in coastal regions. Estuaries, wetlands, and
Revision: July 28, 2026 tidal creeks assist these cycles. Since increased anthropogenic activities and
Accepted: September 13, 2026 naturally occurring events act as stressors, they impact physical, chemical, and
biological processes in maritime spaces and hence these cycles. This makes
Keywords existing ecosystems susceptible to trophic imbalance. Resultantly, researchers
Artificial intelligence; began monitoring and mapping coastal environments to understand how different
Coastal management; stressors impact these biogeochemical processes using numerical and empirical
Deep learning; models. With advances in computation infrastructure, use of data-driven
Machine learning techniques such as Artificial Intelligence, Machine Learning, and Deep Learning in

different hydrological systems have become commonplace. This has invigorated
the use of predictive and decision-making frameworks in coastal management,
making habitat conservation more scientific. Such frameworks balance ecological
health and human activities through hard and soft engineering, nature-based
solutions, and managed retreat. Though substantial literature on the use of
Artificial Intelligence and Machine Learning in the coastal environment exists,
they focus on independent domains, with limited discussion of their combined
impact on coastal management. Accordingly, this desk-based qualitative review
discusses recent developments in Artificial Intelligence, Machine Learning, Deep
Learning, and other data-driven techniques used for coastal management. In
addition, it will identify future directions for such studies, especially with
combined stressors.

1. Introduction

Estuaries, wetlands, and tidal creeks are a few highly active biogeochemical ecosystems
(Trettin et al., 2024). They occupy less than 1 % of the global surface (Arora & Mishra, 2024), but
function as carbon sinks and nutrient processing factories to provide high baseline ecological value
(Liu et al., 2024; Bouchoucha et al., 2025; Spoljari¢ et al., 2021). Studies show that the
contribution of coastal wetlands in sequestering carbon is nearly 10 times more than that of mature
terrestrial forests (Mustafa et al., 2024). Dense vegetation in these wetlands allows fixing of
massive amounts of atmospheric carbon dioxide (Serrano et al., 2019). However, waterlogged and
oxygen-depleted soil drastically slows organic decomposition, while rising sea levels deposit
sediment that bury carbon continuously over millennia. Similarly, due to high salinity, methane-
producing microbes that maximize net cooling effects are suppressed, while organic matter washed
in from adjacent terrestrial systems is trapped by tidal creeks (Adams et al., 2025). Likewise, in the
coastal environment, nutrient cycling occurs naturally due to the filtering and transforming of
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pollutants and nutrients before they reach the ocean (Kache et al., 2025). Harmful agricultural
runoff is converted into harmless nitrogen gas by the action of microbes (Asmala et al., 2017). Tidal
sediments store phosphorus by means of adsorption and organic burial (Lenborg et al., 2021).
Marsh plants and algae absorb dissolved inorganic nutrients to assist in nutrient cycling (Godfrey et
al., 2015). Tidal creeks help move dissolved organic matter to feed offshore marine food webs
(Schutte et al., 2019). When these ecosystems are degraded, their ecological value reduces rapidly.
Drained wetlands expose buried carbon to oxygen, releasing centuries of stored carbon dioxide
(Khan et al., 2025). Loss of ability to filter nutrients triggers toxic algal blooms that destabilize
nutrient profiles to compromise fish nurseries and coastal storm buffers (Hayes et al., 2017).

Unfortunately, with human development, anthropogenic activities and climate-driven events
that cause coastal degradation have increased. Destabilization of shoreline ecosystems, acceleration
of habitat loss, and reduction of biodiversity (Agarwala & Seangsupavanich, 2023; Ghaedi et al.,
2026) are some outcomes. This amplifies the high vulnerability of coastal zones to combined
stressors, as they interact non-linearly and create disruptions with a potential to dismantle coastal
food webs. Unfortunately, traditional linear observation and prediction techniques fail to capture the
compound and cascading impacts of such combined stressors, as the dynamic land-sea interface is
treated as static and predictable. These linear systems measure (a) pollutants from land, without
accounting for their convergence with the marine environment; (b) consider gradual and predictable
changes over time, while the actual event occurs differently; (c) do not consider the impact of one
stressor on the other; (d) schedule sampling at fixed intervals, even when the marine environment is
dynamic, and (e) do not consider coastal species as dynamic, wherein the impact of stressors on
their behavioral and physiological change is disregarded.

Such limitations have allowed use of data-driven computational frameworks such as
Artificial Intelligence (AI), Machine Learning (ML), and Deep Learning (DL) in place of traditional
and simple single-variable linear system. Al is the simulation of human intelligence by machines.
These processes include a range of activities, including learning, reasoning, problem-solving,
perception, and language understanding. It began as a rule-based system but has evolved to data-
driven methods that help automate complex tasks across industries. To train the machine in
identifying patterns, and make decisions with minimal human intervention, ML is used. For this,
statistical models are used to improve performance with increased exposure to data. To improve
learning by mimicking the human brain, artificial neural networks are used. This learning is referred
to as DL. Such advances have been possible due to the increasing availability of data, increased
computational power, advances in cloud computing, advanced satellite observation, advances in
algorithm design, and the urgent need to predict the impact multiple stressors working concurrently.
Accordingly, from the late 1980s to the early 1990s, numerous Al algorithms and methods have
been developed for a wide range of coastal engineering problems (addressing the physical design of
coastal infrastructure) and coastal management issues (addressing the environmental, economic,
political strategies required to build resilient coastal communities). These fast-paced developments
have been discussed in numerous review papers over the years. Most review papers, however, focus
narrowly on standalone fields (e.g., only predicting wave heights, only mapping mangrove loss, or
only processing hydrodynamic telemetry) without providing holistic syntheses tying these disparate
AI/ML nodes back to integrated coastal management frameworks where decisions between hard
and soft engineering is required.

This desk-based qualitative study aims to address these shortcomings. To identify the
relevant literature, in the form of peer-reviewed academic papers, a systematic literature mapping
using Scopus and Web of Science databases, targeting peer-reviewed studies published between
2006 and 2026, was executed. The search strings used included (‘Coast®* Manag*’ OR ‘Shoreline
Management’ OR ‘Coastal Planning’ OR ‘Coastal Zone Management’) AND (‘Artificial
Intelligence” OR ‘Machine Learning” OR ‘Predictive Models’ OR ‘Deep Learning” OR ‘Neural
Networks’). The period ranging from 2006 to 2026 was selected owing to the time period, when
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classical statistical models transitioned to modern deep learning frameworks (2006) till the current
year of study (2026). In addition, gray literature, available in the form of books, related documents,
and websites, were studied to complement the indexed academic databases. This provided
foundational methodologies and industry insights. In doing so, the study will highlight advances in
Al, ML, and other data-driven techniques used for coastal management by identifying recent
developments and future directions. The study will begin with a literature review of the available
statistical frameworks, classical ML, and development of Al and DL techniques. Discussion of how
these techniques are used in the efforts of coastal management will follow, afterwards analyzing
their use in coastal engineering. The impact of these modern frameworks, their limitations, and the
way ahead will be discussed next, before discussing the future of AI/ML for coastal environment
issues, and then drawing conclusions.

2. Review of available methods

To address the combined impact of multiple stressors, single-variable linear systems have
migrated to highly integrated, data-driven, and multi-physics computational frameworks, duly
encouraged by increasing computational power. To understand this migration let us examine the
transition from statistical modeling frameworks to classical ML, and then to DL and Al.

2.1 Statistical modeling

Statistical models are used extensively in coastal management as they are considered as
fundamental methods for making evidence-based forecast. These models help decision makers
make informed decisions by providing them requisite information for creating mitigation strategies.
The resulting decisions are grounded on forecasts that consider heterogeneous data from various
sensors and platforms and related uncertainties of this data (Vanem et al., 2022; Vanem et al.,
2026). Statistical frameworks used for coastal management are summarized in Table 1. An analysis
of these models shows that these frameworks have gaps and challenges. Most of them are weighted
toward physical variables, such as geomorphology and wave regimes, while disregarding
geographical boundaries and socioeconomic dependencies. These models fail to update their
statistical baseline for shifting climate realities as they assume long-term environmental stability. In
addition, statistical modeling suffers from low accuracy of prediction when available field
measurements are limited (Vanem et al., 2022). It is to address these limitations that the
development of other data-driven methods such as AI/ML/DL models is being encouraged.

2.2 Classical machine learning

Classical machine learning framework is deployed to undertake non-linear regression
analysis, spatial clustering, and classification of hazards (Pourzangbar et al., 2023). This framework
is a computationally efficient alternative to traditional numerical models in coastal management
(Abouhalima et al., 2024; Babati et al., 2025), summarized in Table 2. Classical ML algorithms,
such as Support Vector Machines (SVM), Random Forests (RF), and Gaussian Process Regression
(GPR), are the backbone of coastal engineering due to ease of interpretation, minimum requirement
of data, and robust performance with metocean data. These algorithms may either be supervised, an
ensemble, or unsupervised (Pourzangbar et al., 2023; Li et al., 2025; Kim & Lee, 2022; Goldstein et
al., 2019; Masria & Abouelsaad, 2025).

2.3 Deep learning (DL)

The use of advanced AI techniques such as DL has shifted coastal modeling to
spatiotemporal analysis, wherein advanced Al frameworks such as Convolutional Neural Networks
(CNNs), Long Short-Term Memory (LSTM) networks, Transformers, and Physics-Informed Neural
Networks (PINNs) are used. These frameworks use unstructured data that is made available
continuously from satellites, drones, radars, and sensors in the environment. These methods are
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used to handle the dynamic nature of coastal environment at a multi-scale level. The use of
advanced Al frameworks is possible across three operational domains. These include: (a) computer-
vision-driven forecasting, (b) spatiotemporal hydrodynamic forecasting, and (c) physics-informed
structural forecasting, and these are discussed in Table 3.

Table 1 Summary of statistical frameworks used for coastal management.

Frameworks Approach Use Benefits
Vulnerability and Risk  Coastal Vulnerability Aggregates physical Flags risk hot spots.
Indexing Frameworks  Index (CVI) variables using geometric

mean ranking systems.

Social and Household

Vulnerability Frameworks

(SVI/HSVI)

Applies principal
component analysis
(PCA) or factor analysis
to weight census data.

Assesses a community’s
capacity to withstand
flooding or climate
hazards.

Circles of Coastal
Sustainability (CCS)

Standardizes qualitative
and quantitative variables
across economic,
ecological, political, and
cultural scales.

Provides
standardization.

Shoreline Change and
Morphodynamic
Analysis Frameworks

Digital Shoreline Analysis

System (DSAS)

Casts perpendicular
measurement transects
along coastlines.

Calculates rate-of-
change statistics.

Probabilistic and
Predictive Frameworks

Metocean Clustering and
Scenario Frameworks

Implements time-varying
clustering algorithms
(e.g., K-means, PCA) on
historical wave, wind,
and tide datasets.

Extracts discrete
‘climatic scenarios’ to
feed into real-time
hazard forecasts.

Extreme Value Theory Applies Generalized Calculates return periods

(EVT) Extreme Value (GEV) for structural hard
distributions. engineering thresholds

Bayesian Belief Networks Mathematically map Used for ecosystem and

(BBN) and Structural
Equation Modeling
(SEM)

cause-and-effect
relationships under deep
epistemic uncertainty.

water quality
management.

Predicts outcomes like
algal blooms or
pollution.

Decision Support and
Policy Evaluation
Frameworks

Multi-Criteria Decision
Analysis (MCDA)
Integration

Incorporates Analytical
Hierarchy Process (AHP)
to mathematically weight
stakeholder preferences
alongside geographic risk
layers.

Provides optimized
Decision Support
Indices (DSIs).

Ecosystem Services
Valuation Frameworks

Quantifies monetary or
statistical benefits of soft
engineering methods
versus hard engineering
infrastructure.

Explicitly calculates the
risk-reduction margins.

Source: Author’s compilation
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Table 2 Classical machine learning methods, their use areas, and advantages.

Primary Applications

Key Benefits and

Mathematical and

ML Type Algorithm and Tasks Technical Strengths Environmental Inputs
Supervised  Support Vector * Establishes structural ~ « Uses kernel tricks ¢ High-dimensional
Learning Machines (SVM)  boundaries for high-dimensional feature spaces

and Support Vector e« Forecasts wave heights features * Buoy data
Regression (SVR) and wave parameters * Prevents over- * Wave parameters
* Maps non-linear coastal fitting when datais e« Existing structural
variables sparse features (of rubble
* Automated shoreline * Reduces error by  mound breakwaters)
mapping with nearly 74 %
Normalized Difference ~ compared to
Water Index (NDWI) empirical equations
Shallow Artificial + Emulates tidal * Maps multi-variant « Multi-variant inputs
Neural Networks  predictions inputs for direct, * Buoy data
(ANN) * Models water quality  localized outputs * Tidal parameters
indices * Serves as a fast » Water quality indices
* Calculates significant ~ surrogate model to
wave heights and peak  replace slow, heavy
periods calculations
* Calculates structural
overtopping discharge
Gaussian Process  * Simulates sandbar * Acts as an emulator * Multi-variant inputs
Regression (GPR) migration to substitute * Empirical sediment
* Models cross-shore intensive and morphodynamic
sediment transport rates  hydrodynamic data
equations
* Provides explicit
uncertainty bounds
alongside predictions
Ensemble Random Forest * Classifies dominant * Uses decision trees ¢ Ocean parameters
Methods (RF) and Gradient environmental drivers resilient to (Wind vectors, waves,
Boosting Method  « Predicts shoreline interdependent ocean atmospheric/ barometric
(GBM) position changes parameters pressure)
* Forecasts storm surge ¢ Effectively handles < Interdependent
and coastal flooding barometric pressure, environmental variables
* Predicts damage levels wind vectors, and * Normalized Difference
of rubble mound satellite indices Water Index (NDWI)
breakwaters * Historical satellite
indices
* Existing structural
features
Un- Principal * Regionalizes tasks * Facilitates spatial ~ « Multi-spectral remote
supervised ~ Component * Identifies spatial clustering and sensing datasets
Learning Analysis (PCA) sustainability patterns hazard classification < Spatial/ regional
and K-means » Dimensional reduction * Simplifies high- sustainability datasets
Clustering of multi-spectral datasets dimensional remote

sensing data

Source: Author’s compilation from various sources

Maritime Technology and Research 2027; 9(1): 289835

Page 5 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala
https://so04.tci-thaijo.org/index.php/MTR
Table 3 DL methods, their use areas, and advantages.

Operational Al Framework Forecasting Mechanics and Speclfic I.Jse and

. . . Adaptation in Coastal
Domain / Architecture Technical Features .
Environments

Computer- Convolutional * Classifies every single pixel inan  * Considered the gold
Vision-Driven Neural image. standard for pixel
Forecasting Networks * Requires stacked layers to capture classification.

(CNNs) long-range dependencies. * Used for mapping
* Operates via sequential, pixel-by-  shorelines, intertidal
pixel shift of convolutional wetlands, and classifying
windows, making it slower over coastal land cover.
large areas.

U-Net » Utilizes a symmetric encoder- * Extracts features, such as

Architecture decoder framework. vegetation, and
* Contracts spatial dimensions via distinguishes them from
successive 3 X 3 convolutions and ~ water.

2 X 2 max-pooling layers to extract < Preserves fine spatial
features. gradients when data is

* Expands back to original down sampled.
dimensions using transposed * Maps accurately to
convolution after decoding. highly dynamic coastal

* Copies high-resolution feature boundaries, such as high-
maps directly from the encoder to water lines.

the decoder using skip connections.

Vision * Replaces CNNs when the * Captures large-scale

Transformers monitored area is large. sediment plumes.

(ViTs) * Processes global contextual * Maps long-shore drift
relationships within satellite tiles patterns across expanded
simultaneously. coastal spaces.

* Uses a Self-Attention mechanism

that allows all relations to be

calculated at the same time, making

it much faster.
Spatiotemporal Long Short- * Models long-term temporal * Ideal for multistep tidal
Hydrodynamic Term Memory dependencies in metocean and storm surge
Forecasting (LSTM) and parameters. forecasting.

Gated Recurrent  * Overcomes problems of vanishing ¢ Processes multi-step

Units (GRU) gradient in shallow networks. time-series inputs.

* LSTMs resolve standard RNN * Retains a memory of
gradient degradation using a hidden cumulative offshore wave
state controlled by a continuous cell energy over several days.
state and three mathematical gating  « Effectively models beach
mechanisms. recovery cycles and multi-
hazard storm tracking.

Transformers * Adopts natural language * Models large-scale, non-

and Self- processing transformers for spatial-  local basin interactions.

Attention temporal forecasting.

Mechanisms * Captures non-local interactions

across large ocean basins.
* Outperforms standard recurrent
architectures.
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Table 3 (continued) DL methods, their use areas, and advantages.

Al Framework
/ Architecture

Operational
Domain

Forecasting Mechanics and
Technical Features

Specific Use and
Adaptation in Coastal
Environments

Physics-Informed Physics-
Structural Informed Neural

* Merges laws of physics (e.g.,
Navier-Stokes, shallow water

* Modeled for propagation
of shallow-water waves

Forecasting Networks equations, wave action) with governed by partial
(PINNs) AI/ML/DL. differential equations.
* Ensures mathematical consistency < Delivers high accuracy
with sparse training data. and speed in Al
* Splits objective functions into predictions.
data-driven error and a physical * Key for coastlines of
residual penalty. developing nations with
» Computes partial differential limited data infrastructure.
equation derivatives exactly using * Ensures high predictive
Automatic Differentiation instead stability and reliable
of numerical finite-difference extrapolation for climate-
approximations. driven scenarios.
Generative * Integrates physical laws to » Downscales global
Adversarial synthesize missing environmental climate models to highly
Networks data. localized coastal grids.
(GANs) and
Diffusion
Models
Spatial Generative * Operates as a minimizing- * Bridges the scale
Downscaling Adversarial maximizing game between two mismatch between global
Networks players. climate models (10 - 50
(GANs) * Generator: Ingests coarse, low- km grids) and near-shore
optimized for resolution bathymetric or wind- erosion models (sub-meter
Super- field arrays to synthesize highly resolution).
Resolution detailed, downscaled spatial * Uses continuous training
(SRCNNS) profiles. to synthesize missing local

* Discriminator: Evaluates
generated output against real-world
data to calculate a validation
probability score.

bathymetric
configurations and fine
topographic features.

* Provides a
computationally efficient
alternative to traditional
interpolation methods.

Source: Author’s compilation from various sources

2.4 Comparison of modeling frameworks
Each framework discussed in the preceding sub-sections has its own advantages and
disadvantages. The development of modeling techniques has evolved over the years, as seen in
Figure 1. Subsequent frameworks have addressed limitations of previous frameworks. This has led
to the availability of numerous frameworks, which make understanding and their utility difficult.
Accordingly, these frameworks have been compared in Table 4 for better appreciation. This effort
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is not intended to provide the best framework, but to provide an idea of the bounds over which each
framework is effective.

Traditional Linear Systems Assumes long-term stability; low accuracy with sparse data
Treats land-sea interfaces as static
(1980s) ) .
Captures single variables only

A 4

Statistical Modelling

Frameworks Disregards socioeconomics and climate shifts
(CvI, DSAS, BBN, EVT)

N

\ 4

Classical Machine Learning Enables non-linear regression and spatial
(SVM, RF, GPR, ANN) clustering

A 4

[Deep Learning Frameworks ’ Processes massive unstructured/ spatiotemporal

(CNN, U-Net, LSTM, ViTs) data

v

Physics—lnformed Neural Combines fluid/ wave physics with data speed
Net ks (PINN Embeds Navier-Stokes and wave equations into loss function
etwor 5( 5) Guarantees physical consistency in data-sparse zones

Figure 1 Development of numerical methods for coastal management over the years.
Source: Author

{Coastal Management Framework]

v ‘ }

Hydrodynamic Forecasting Morphological Evaluation Biogeochemical and Ecological
(SVR, ANN, LSTM) (CNN, U-Net, XGBoost) Tracking

(Deep Networks)

SVR: Wave height/current — U-Net/CNN: Automated ANN: Predicting dead zones
predictions shoreline lines and intertidal and acidification
LSTM: Tidal variants mapping Object Detection: Marine
RF: Storm surge peaks — DNN: Satellite-derived plastic tracking
CNN: Inundation mapping bathymetry Blue carbon asset
— XGBoost: Marine flooding monitoring
risks

— RNN/ MLP: Cross-shore
sediment transport rates

— ANN: Risk and cliff recession
profiling

Figure 2 Focus areas of AI/ML in coastal management.
Source: Author
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Table 4 Comparative assessment of numerical models for coastal management.

Traditional Classical Deep Learning
Metric Numerical Machine Frameworks (e.g. Physics-Informed
Models (e.g., Learning (e.g., LSTM, CNN) > Al (e.g., PINNs)
Delft3D) RF, SVM) ’

Computational Low: High High: Execution = Medium-High: Very high: Intense

Efficiency CPU-hours happens in Intense training training time
needed for real-  milliseconds required; quick (complex loss
time operations.  post-training. inference. functions); fast

inference.

Data Deterministic: =~ Medium: Relies  Very High: Moderate: Physical

Requirements Needs precise on a modest set of Demands massive constraints guide the
bathymetry, high-quality unstructured/spatio model with less data.
boundary historical logs. temporal data.
conditions.

Interpretability  High: Grounded Medium: Low: Black-box  Good: In theory but
directly in Features can be nature makes limited in practice
physical ranked via Gini validation
conservation importance / challenging.
laws. SHAP.

Handling Non- Moderate: High: Superb at  Extremely High: Excellent: At

linearity Constrained by  resolving Excels at complex representing highly
idealized complex, structural/temporal complex, non-linear
mathematical multivariate non-  patterns. functions, but
simplifications.  linear trends. struggle to accurately

train, converge, and
resolve sharp non-
linear features due to
multi-objective loss
landscape.

Physical Strictly Completely Completely Strictly enforced

Constraints enforced absent. absent. (mass/momentum
(mass/momentu conservation).

m conservation).

Out-of- Poor; Do not Poor; fails Very poor; easily Excellent; physical

Distribution learn from outside the suffers from laws guide

Generalization historical data bounds of hallucinations or ~ predictions in

historical data.

unphysical outputs.

uncharted scenarios.

Primary Input
Modality

Quantitative
numerical data

Station-based
tables (buoys,

gauges).

Gridded fields,
satellite arrays,
continuous videos.

Spatial-temporal
coordinate grids

Source: Author’s compilation
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3. Application of AI/ML in coastal management

Since coastal data is extremely messy, developing unified multimodal coastal foundation
models that can be self-trained on the diverse oceanographic data is the primary objective for
current Al research. The present focus is on three themes, viz. hazard mitigation and
hydrodynamics; morphological and geomorphological evolution; and biogeochemical cycles and
ecological health, as seen in Figure 2. To understand the importance of each, each of them are
discussed individually.

3.1 Hazard mitigation and hydrodynamics

Using data-driven predictions, there is higher understanding of coastal flooding, storm surge
inundation levels, and wave hydrodynamics that allow early warning and, hence, real-time decision-
making for disaster response and long-term climate adaptation (Masria & Abouelsaad, 2025; Duiker
et al., 2025). This notwithstanding, the process has limitations due to data scarcity of high-quality
historical data for extreme and rare hazard events, making predictions for such events difficult and
unreliable. Sometimes, due to lack of physical constraints, the results obtained are illogical, such as
negative wave heights. Such limitations and more are pushing the industry to use Physics-Informed
Neural Networks (PINNs) that account for laws of physics in Al training (Eddamiri et al., 2025;
Issakov et al., 2025; Qin et al., 2023).

3.1.1 Hydrodynamic and wave modeling

To address the immense computational power requirement of traditional numerical models
like SWAN or ADCIRC, AI/ML use data synthesis (Jorges et al., 2023). With AI/ML, the following
are feasible.

(a) Wave heights and ocean current predictions. For this surrogate, modeling that uses
neural networks acting as emulators for physics-based models is employed. By using a CNN based
surrogate model in the real-world for Automated Regional Wind-Wave Forecasting and Typhoon
Warning Systems for Hurricane Lorenzo in the Azores Archipelago (Campos et al., 2022) a relative
error of less than 5 %, compared to actual SWAN outputs, was possible. It also increased execution
speeds by over 300,000 times, enabling real-time marine safety warnings (Jorges et al., 2023).

(b) Tidal prediction can be made. For this, Long Short-Term Memory (LSTM) networks
that analyze historical gauge data to forecast tidal variations and harmonic patterns are employed.
When a LSTM/ GRU framework is used in the real-world for multi-step ahead sea-level and tidal
prediction in High-Risk waterways (e.g., the Gulf of Finland / US Territorial Seas) (Immas et al.,
2021), deep recurrent networks achieve high mathematical precision (R? correlation score of 0.93
and Root Mean Square Error limited to +/-5 c¢cm) for real-time Automated Underwater Vehicle
(AUV) navigation and port flood warnings (Rajabi-Kiasari et al., 2025).

(¢) Run-up and overtopping predictions can be made. For this, Random Forests (RF) and
Support Vector Machines (SVM) are employed (Liu & Yuen, 2025). When costal run-up and
overtopping predictions are undertaken using RF and SVM in the real-world, such as for Flash
Inundation mapping and Seawall Structural Risk assessment, an architectural accuracy of 96 % and
a processing latency of just 1.9 seconds are achieved. The ML system undertakes flood-depth
overtopping calculations using 1.5 to 4 % of the operational runtime demanded by standard 2D
hydrodynamic codes. This provides disaster management teams with additional hours to execute
emergency evacuations (Sasanapuri et al., 2025; Zarbipour et al., 2026).

3.1.2 Coastal hazard mitigation

Using AI/ML and processing multi-modal environmental data, early warnings can be made.
These warnings can help protect vulnerable coastal communities (Gao et al., 2026). Some other
costal hazards that can be mitigated using AI/ML are discussed here for completeness.
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3.1.3 Data assimilation and processing

Since coastal environments suffer from sparse, noisy data, ML is used to optimize the
integration of disparate data streams and hence improve data availability (Drakopoulou et al., 2026;
Masria, 2024).

(a) Using DL, the extraction of shorelines, bathymetry, and benthic habitats from optical
and radar satellite imagery can be automated (Christofi et al., 2025). This method can be applied to
Automated Continuous Shoreline Delineation and Benthic Habitat Classification in the real-world.
The method successfully delineates changing shoreline boundaries and extracts Satellite-Derived
Bathymetry (SDB) till the coastal shelves. It classifies localized seafloor signatures, mapping
vulnerable coral-reef systems and benthic marine habitats without requiring intensive field
campaigns (Erasmus et al., 2026).

(b) ML algorithms can be used to clean data received from live oceanographic buoys and
radar systems and help improve quality of data for processing. When using for High-Fidelity
Coastal Water Quality and Hydrodynamic Feature Calibration in the real-world, these networks
enhance data quality, lowering the Mean Absolute Percentage Error (MAPE) of complex coastal
metrics such as chlorophyll-a concentration and wave parameters by 12.4 to 19.8 %, ensuring clean
inputs for downstream warning models (Zeng et al., 2025).

(c¢) Generative Adversarial Networks (GANs) reconstruct missing spatial or temporal data
gaps in historical climate records, making the data complete and providing improved analysis
(Mabula et al., 2023). Climate data reconstruction in the real-world has been tried for sequence-to-
sequence gap filling and reconstruction of sparse marine records to provide high perceptual
alignment with real physical observations and to provide a reliable baseline for long-term climate
trend analysis (Gonzalez-Calabuig et al., 2025; Wang et al., 2023).

3.2 Morphological and geomorphological evaluation

Traditional modeling techniques are computationally expensive while finding it difficult to
handle non-linear, multi-scale, dynamic problems. AI/ML overcome these limitations by identifying
complex patterns in datasets and optimizing coastal protection to permit real-time decision-making
(Dammak et al., 2025). Such studies are critical for shoreline monitoring, bathymetric studies, and
vulnerability assessment of coastal hazards. Though Table 5 provides a summary of morphological
and geomorphological evaluation of the coastal environment using AI/ML, each one of them are
discussed for greater understanding and clarity.

3.2.1 Change in shorelines

The mapping of shorelines is essential for current and future coastal projects. Accordingly,
AI/ML models extract and analyze shorelines from massive remote sensing datasets to help make
decisions (Tsiakos and Chalkias, 2023).

(a) Automated shoreline extraction: By using Convolutional Neural Networks (CNNs),
sub-meter satellite imagery, and UAV data, high-water lines, vegetation lines, and intertidal zones
can be mapped (Christofi et al., 2025; Palanikkumar et al., 2025). When used on the Mediterranean
and European coastlines, the benefits of resource reduction, sub-pixel extraction, and standardized
inter-sector data allow multi-spectral bands to isolate high-water lines, vegetation lines, and
dynamic intertidal zones (Christofi et al., 2025).

(b) Long-term trend analysis: Using SVM and Random Forests, decades of historical
satellite data from satellites such as Landsat and Sentinel is analyzed. The resulting analysis helps
establish erosion or accretion patterns across large spatial scales, allowing changes in shoreline to
be predicted. The method has been used on the Campeche coastal region and the Indian Ocean
infrastructure to identify cyclical erosion and accretion patterns to forecast exact coastal retreat
profiles many years before they occur (Palanikkumar et al., 2025).
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(c) Post-storm impact assessment. Through DL, rapid pixel-level changes can be detected
immediately after extreme weather events. Such studies allow sediment volume loss and dune
breaching to be quantified. In the real-world the method has been used for safeguarding coastal
dunes and megacusp tracking to evaluate multi-temporal imagery. This has allowed the study of
highly dynamic environments, the tracking of megacusp undulations, and the safeguarding of
coastal dunes from structural collapse (Binetti et al., 2024). The process delivers rapid response,
volumetric dune loss metrics, and an objective insurance appraisal for insurance agencies.

3.2.2 Bathymetric and beach modeling

Knowing the changes in beach profile and bathymetry is essential for coastal infrastructure
safety and the creation of new structures. For this, AI/ML is used in various ways, as discussed here
(Asborno et al., 2023).

(a) Satellite-derived bathymetry: For shallow water bathymetry, Multi-Layer Perceptron
(MLPs) and deep neural network are used. Using the existing relationship between reflectance and
depth of the water column allows AI/ML to predict depth in shallow waters. SDB has been used in
the turbid and dynamic environment of El Burullus Lake and its coastal zones. The model achieved
high correlation of R? of approximately 0.97 and root mean square error of under 0.85 m. This
allowed the elimination of field hazards and achieved cost saving (Hany et al., 2022).

(b) Cross-shore sediment transport. Recurrent Neural Networks (RNNs) and LSTM
networks can help predict profile changes, sand-bar mitigation, and beach recovery cycles. For this,
they use time-series data of wave height, period, angle, and tidal stages. This method has been used
for DL shoreline and sandbar evolution on the Tuvaluan Coast in the real-world. The advantages
achieved are the capture of non-linearity, optimized beach nourishment, and mitigation of
infrastructure risks (Kim and Aoki., 2021).

(c) Estuarine and deltaic morphodynamics: Al models can be used to predict shift in deltas.
These predictions allow the impact of discharge of rivers, increasing sea-level, and anthropogenic
activities that impact the coastal environment to be understood better. The method has been used in
the Minho River Estuary and high-frequency tidal systems. The benefits achieved include proactive
flooding, seiche mitigation, the safeguarding of navigational channels, and wetland conservation
(Weber et al., 2022).

(d) Surrogate modeling: Neural networks replace slow Computational Fluid Dynamics
(CFD) simulations, predicting wave-structure interactions in milliseconds for predictive action to be
initiated and to avoid the erosion of coastline. Surrogate modeling has been used in Macao to
predict real-time flooding. The process allowed achieving millisecond level predictive velocity,
early failure intervention, and the possibility of running numerous virtual iterations for structures
and varying significant wave height with minimum expenses (Xu & Gao, 2024).

3.2.3 Coastal hazard assessment

The need for vulnerability assessment for coastal infrastructure cannot be overlooked. With
numerous variables making assessment difficult, ML is used to map risk and vulnerability profiles
by synthesizing heterogeneous geographic and hydrodynamic datasets (Olivatto & Di Lollo, 2026).

(a) Overwash and inundation mapping: Using Gradient Boosting Machines (XGBoost,
LightGBM), susceptibility of the coast to wave overtopping and marine flooding is evaluated. The
digital elevation models (DEMs) are fused with hydrodynamic forcing data when undertaking such
analysis. A real-world case study of this method is the Mid-Adriatic Sea Coast and Urban Flood
Management to model severe storm surge vulnerabilities. The study showed near real-time hazard
zoning, micro-scale elevation accuracy, and data-driven defense adaptations (Baldoni et al., 2025).

(b) Erosion risk: Artificial Neural Networks (ANNSs) can assess the rate at which cliffs are
receding. This is undertaken by accessing geology features, wave energy, rainfall data, and toe-
erosion history. Such an assessment allows flagging imminent failure zones. The method has been
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used in the real-world on soft rock and clay stiff systems between Portonovo and the Trave Cliffs
(Ancona, Italy). Early failure intervention was achieved by using this method (Fullin et al., 2024).

(c) Vulnerability indices: To protect coastlines, they need to be provided with vulnerability
indices. Such indices will allow focused attention for their protection and allow government funding
to be sought. These indices can be predicted by using unsupervised ML techniques such as K-means
clustering and Self-Organizing Maps. Using vulnerability indices in Latin America, the Caribbean,
and Global Coastal risk indices, comprehensive multidisciplinary risk indices were constructed. The
approach has allowed researchers to reduce highly disparate variables into a unified local marine
hazard (Theocharidis et al., 2024).

Table 5 Summary of using AI/ML for morphological and geomorphological evaluation.

Area of Use AUML Input Data Benefits Achieved
Framework used
Shoreline CNNs, U-Net, Data from satellites, Replaces digitization to
Mapping Random Forest drones, LiDAR, and photos track shoreline for present

is used for analysis

and future coastal projects.

Evolution of LSTM, RNNs, Data made available from Allows understand changes
coast profile GRUs wave gauges, tide metrics,  in structural beach volume
and historical profiles ahead of storm seasons.
Bathymetry Deep Neural Data made available from  Provides a cost-effective
Retrieval Networks (DNN), multispectral imagery, depth mapping for
RF echo-sounder calibration navigation and sediment
points budgets.
Mapping of risks XGBoost, SVM,  Data made available from  Helps to identify high-risk
K-means DEMs, tidal ranges, storm  erosion zones for creating
surge history, and geology  setback zoning policies.
Surrogate PINNS, Data made available from  Scales up real-time
Modeling Autoencoders output of numerical model  forecasting capacities for

such as Delft3D and
XBeach

emergency responsces.

Source: Author’s compilation

3.3 Biogeochemical cycles and ecological health

Biogeochemical cycles are active in coastal environments and, hence, tracking nutrient flow
becomes critical to ensure the protection of marine life and the maintenance of these
biogeochemical cycles. Since traditional monitoring is slow and expensive, AI/ML is used to
overcome these limitations by monitoring biogeochemical cycles, ecological health, and water
quality.

3.3.1 Biogeochemical cycles

To ensure that biogeochemical cycles are preserved in the coastal environment, AI/ML
models are used to predict dead zones with low oxygen. Such predictions can be made by analyzing
the water temperature, condition of runoff, and existing nutrient load in the water. Using data from
satellites, drones, and ocean buoys, AI/ML can help access blue carbon storage in mangroves and
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salt marshes while neural networks can simulate runoff of agricultural nutrient into coastal
estuaries. Similarly, by tracking pH and measurement of dissolved inorganic carbon, ocean
acidification can be predicted (Pruseth et al., 2026). Study of carbon fluxes, nitrogen loading, and
eutrophication has been undertaken in the Sundarbans, India (Mondal et al., 2025).

3.3.2 Ecological health

Today, using AI/ML techniques, toxic algae bloom can be detected far before they actually
becomes visible; seagrass beds, coral reefs, and kelp forests can be classified; fish species can be
tracked for migration using data from underwater sensors; plastic debris and chemical spill can be
identified to be likely entry points, while pollutants can be cleaned from the ocean (Agarwala,
2021). Such predictions allow the ecological health of ocean systems to be monitored and for
corrective actions to be initiated to improve them. This method has been used in various
applications to map mangroves and wetland in South Asia and Australia. Mapping the coastal
lagoon of Chilka is one such example (Lemenkova, 2024).

4. Use of Al in coastal engineering

As for coastal management, Al can be used for coastal engineering by refining the design,
lifespan, and risk modeling of gray infrastructure and by the deployment of soft engineering
structures such as Nature Based Solutions (NBS) as seen in Figure 3.

[Coastal Engineering Framework]

Hard Engineering Soft Engineering

(Grey Infrastructure) (Green/Nature-Based Solutions)

— Design Loop Acceleration (Shape — Predictive Modelling (PINNs
optimization via Genetic emulating root wave
Algorithms) attenuation)

— Material Efficiency (Topology — Remote Sensing (Continuous
optimization for foundation land cover & dune migration
placement) tracking)

— Structural Health (Fatigue & — Generative Design (Optimizing
micro-crack prediction using artificial reef geometry & cost)
RNNs/Drones)

Figure 3 Use of Al in coastal engineering.

4.1 Hard engineering

Hard engineering, in the form of seawalls, breakwater, groins, and revetments, has been
used to minimize the impact of waves and, hence, protect coastlines from erosion. To optimize
these hard engineered structures, Al is used. Optimization of these structures will help move away
from traditional designs that are based on empirical formulae to designs that are driven by dynamic
data from the environment. This is critical, as these coastal structures demand very high capital
investment, where structural failure needs to be minimized.
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4.1.1 Optimized design

By using Al, the design loop can be accelerated as CAD tools can be coupled with
hydrodynamic solvers to obtain an optimized design. This coupling may use one of the following
methods.

(a) Surrogate modeling: In this, neural networks predict wave-structure interaction and
allow faster design decisions. In the real-world, this method has been used in regional studies for
New York City, Tyndall Air Force Base in Florida, Ho Chi Minh City in Vietnam (Dang et al.,
2024), and Tianjin in China (Bian et al., 2025). These data-driven emulators replace or accelerate
expensive hydrodynamic simulations.

(b) Shape optimization: Genetic algorithms and reinforced learning modify the shape of
breakwater armor units to ensure maximization of wave energy dissipation. The method has been
applied in the Port of Valencia in Spain, in which adaptation measures for the head and trunk
section of the breaker water were evaluated. This helped to optimize and change the size of the
breakwater specific to Valencia for improved effectiveness (Portillo et al., 2026) and to optimize
hybrid floating breakwaters for Port Said in Egypt (Hamed et al., 2026).

(c) Overtopping reduction: By using Al, seawall crest height and its curved profile can be
optimized for minimum wave overtopping while reducing the material used, thereby achieving an
optimum and cheaper product. Some projects and applications for this method include the CLASH
and EurOTop Project of Europe (Habib et al., 2022), the SLASH project of UK (McGlade et al.,
2025), and Eco-Engineered Seawalls for lab to field testing (Habib et al., 2025).

4.1.2 Higher material efficiency

By using Al for such designs, human bias can be removed for certain structural layouts. This
allows more efficient use of construction material, thereby optimizing their cost. The optimization
can be done for mass, scouring, or foundation placement.

(a) Optimizing mass: Using Al, the lightest structural topology that can withstand
maximum wave and tidal pressure can be identified. A real-world use of this methodology is in the
Port of Valencia in Spain, wherein the breakwater was optimized in shape, size, and material used
(Portillo et al., 2026). Additionally, precast elements for marine infrastructure and cast-in-place
elements were optimized using this technique (Gindy et al., 2025).

(b) Minimize scouring: Scouring and erosion of built structures can be minimized if their
position with regard to the waves and the coastline can be optimized. Since empirical methods
cannot cater for dynamic ocean conditions, to prevent scouring and erosion AI/ML methods, such
as reinforced learning models, need to be used. This method has been used in Italy, Tunisia, and
Egypt, with success, and by various engineering hubs in the UK and Europe (Habib et al., 2024).

(¢c) Foundation placement: ML helps classify seabed soil that helps to optimize the pile
depth and spacing required for offshore barriers, thereby optimizing their use. This has allowed
optimization and predictive analysis for structural asset placement in the Monaco and Ibiza marinas
(Toras et al., 2025) and Tolo harbor in Hong Kong (Deng et al., 2021).

4.1.3 Structural health

To move from reactive repairs to predictive repairs, loT data can be used to monitor
structural health of coastal infrastructure.

(a) Anomaly detection: Computer vision algorithms use aerial footage from drones and
LiDAR to identify breakwater armor blocks that may have shifted and to identify micro-cracks in
concrete. Timely repairs can help ensure the health of the coastline. In the real-world, this has been
used in South Korean ports (Lee et al., 2025) and North Sea marine and offshore infrastructure
(Mahajan et al., 2026), to name a few.

(b) Fatigue prediction: Seawalls can undergo structural fatigue due to the cyclic nature of
waves impacting them. To predict their structural integrity, and to allow timely maintenance,
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Recurrent Neural Networks (RNNs) can be used. This is done by analyzing sensor data from
seawalls to predict likely structural fatigue. This has been used to predict metal fatigue in bridges of
Sydney (Nott, 2018) and to predict structural instability under tides and weather events along the
coastlines of Nigeria and Germany (Hake et al., 2022).

(c) Failure forecasting: By using Al models alongside tidal gauges and storm surge data,
the risk of structural breaching during extreme weather events can be forecast, allowing preventive
measures to be taken in a timely manner. The key deployment of this method has been at the Hong
Kong-Zhuhai-Macau Bridge (Sharma et al., 2025), along the coast of China’s Pearl River Delta
(Wang et al., 2025), and in the Gulf of Guinea (Babati et al., 2025).

4.2 Soft engineering

Traditional defense mechanisms for coastlines rely on hard structures like seawalls and
breakwaters. However, soft engineering, such as nature-based solutions, can also be employed to
encourage environmental sustainability. Natural processes that dissipate wave energy and climate
change adaptation are encouraged. For this, the growth of roots, mangroves, and oyster reefs is
recommended to bind sediments and to make the shoreline active, while beaches and dunes can be
protected by planting native vegetation. For bridging the gap between the high complexity of
natural systems and the precision required for engineering design through soft engineering, Al can
be used (Alenezi & Akour, 2025). Some AI/ML methods used are discussed.

4.2.1 Predictive modeling

By using predictive models, one can access where natural fauna can be planted and how
they can act as wave attenuation barriers (Figueroa-Alfaro et al., 2022). This, when run alongside
erosion forecasting, will help encourage sediment transport and avoid loss of coastline.

(a) Physics-Informed Neural Networks (PINNs): Traditional numerical models such as
SWAN and Delft3D are computationally heavy. Al emulates these physics models, predicting how
complex mangrove roots or kelp forests attenuate wave energy in milliseconds instead of hours. The
methodology has been successfully used in Bohai Bay of China to evaluate coastal vulnerability and
decipher management options (Zhu et al., 2025), in Northern Oman coastal aquifers to understand
saltwater intrusion (Al Jabri et al.,, 2026), and in Syrdarya river and Shardara River basin in
Kazakhstan to study the sediment deposit dynamics (Baydaulet et al., 2025).

(b) Erosion forecasting: By using RNNs and LSTM, erosion forecasting can be done.
Using historical wave data, tidal shifts, and sediment transportation, likely changes to the shoreline
can be predicted. This process has been used in Norderney Coast, Germany (Khan et al., 2024),
Ogu/ Bolo, Nigeria (Osondu et al., 2025), and Valencia Coast, Spain (Kumar & Leonardi, 2023).

4.2.2 Remote sensing

By maintaining a continuous monitoring and predictive analysis using data from remote
sensors, coastlines and coastal bottoms can be preserved.

(a) Image analysis: AI/ML can monitor coastal geometry, land cover, migration of dunes,
and health of salt marshes. This is possible by analyzing images from satellites and drones using
AI/ML tools such as CNNs. Erosion hot spots have been measured at La Paz, Mexico (Arasi et al.,
2025), Central Vietnam (Kinh, 2024), and the Greek coastline (Drakopoulou et al., 2026) using this
method.

(b) Bathymetry mapping: Near-shore water depth can be derived by Al from optical
satellite imagery and wave kinematics, thereby eliminating the requirement of expensive boat
surveys (O’Dea et al., 2025). Using this method, fast-changing seabed topographies have been
mapped in Hasaki Coast, Japan (Hao et al., 2025), California (Kalkan et al., 2021), and Natuna Sea
(Napitupulu et al., 2026), to name a few.
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4.2.3 Generative design

Generative designs created with the help of Al can help optimize placement, density, and
geometry of artificial reefs and where vegetation is to be developed to ensure maximization of flood
mitigation and minimization of associated cost. The method has been used successfully in Norfolk,
Virginia, for urban coastal zones facing rising groundwater and severe storm surges (Zhang &
Bowes, 2019), and in the Mediterranean, to optimize and upgrade coastal protection structures
(Portillo et al., 2026).

5. Impact on AI/ML frameworks

Over the years, studies in coastal management have seen the use of data driven AI/ML
methods as against traditional methods that were used extensively earlier. This has allowed
forecasting to become proactive, with reliance on data, rather than being reactive as earlier. As a
result, it is possible to implement economic, preservation, and mitigation activities, such as spatial
planning hazard mitigation, and marine operations simultaneously in coastal regions with greater
ease. Despite this, data bias and the high cost of infrastructure are some challenges that disallow the
full utilization of AI/ML in coastal management. This notwithstanding, it is important to appreciate
how ML models allow managers and policymakers to make decisions through a dashboard. Hence,
the use of decision support systems (DSS) and trade-offs by planners to preserve vulnerable
ecosystems and to sustain vital maritime economic activities based on the outcomes provided by
AI/ML needs to be understood.

5.1 Decision support systems (DSS)

In most cases, the data available to AI/ML is fragmented, not continuous, the latter of which
is desired for a sound decision. To overcome this limitation, decision support systems (DSS) are
required to transform humungous heterogeneous data into predictive and actionable strategies. Such
a system requires specialized algorithms. These include LSTM Networks, RF, SVM, and CNNs. To
translate these predictions into actionable decisions, the framework needs to integrate ML models
with Geographical Information Systems (GIS) and Multi-Criteria Decision Analysis (MCDA)
techniques (Barzehkar et al., 2021; Sebastian et al., 2025). This integration yields localized
Decision Support Indices (DSIs). An explainability layer is added to the framework using SHAP
(SHapley Additive exPlanations) along with a probabilistic uncertainty module. This transparency
ensures that policy recommendations remain accountable, interpretable, and scientifically sound for
coastal engineers. Additionally, incorporating multi-agent systems allows planners to model diverse
stakeholder interactions to evaluate long-term socioeconomic trade-offs of natural versus hard
infrastructure. By embedding continuous feedback loops, these adaptive systems continuously
refine their algorithms based on actual ecological outcomes. Ultimately, an AI/ML-driven DSS
shifts coastal defense from a reactive posture to a proactive, resilient management model. However,
since the presented results must translate data into actionable insights, and not merely provide raw
probabilities or complex outputs, economic impact maps, safety margins for specific areas, and
what-if simulation models need to be provided on the dashboard (Kumar & Leonardi, 2025).

5.2 Trade-offs

Data-driven predictions balance ecological preservation with maritime economics by using
spatial-temporal optimization algorithms to identify ‘dynamic zoning windows’. However, to make
such a balanced decision that meets economic requirements without compromising on
environmental conservation, an understanding of how planners make decisions and strike a balance
is considered essential. Hence, based on historical and live data, the algorithm divides the ocean
space for human use and protection, while Al models help identify regions where habitat restoration
can help achieve commercial fishing and coastal protection simultaneously. To explain the required
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trade-off, let us consider the need to dredge shipping channels for the safe movement of deep-draft
cargo ships (Wang et al., 2024). When dredging is undertaken, the channel water becomes turbid.
This turbid water blocks sunlight, killing living organisms, such as seagrass meadows, in the
channel. Since this seagrass is considered critical for coastline protection and local fishes, their
destruction is detrimental to the health of the channel. To achieve the economic goal of an
accessible shipping channel, without compromising on the ecological health of the channel, requires
a trade-off. Hence, using ML driven information using data from fixed sensors, satellite, seagrass
growth pattern, and waves, a dynamic window can be established to define when dredging should
be undertaken without harming the health of the channel. Thus, an informed trade-off that allows
both sustainability and economic growth is feasible. Some other competing priorities between
ecological risks and quantifiable economic variables that can be handled in the maritime domain
using AI/ML are summarized in Table 6, while the entire process of data analysis using AI/ML is
seen in Figure 4.

6. Known limitations

Use of AI/ML faces some basic concerns. These arise from data scarcity, sensor drift,
missing historical baselines, trust barrier of results presented, and Al models being non-stationary.
These concerns are more relevant to developing nations, where limited infrastructure and human
resources disallow algorithms to generalize, thereby producing highly skewed risk predictions.
Planners overcome these structural challenges by substituting missing local data with global
satellite constellations, using ML to self-calibrate drifting sensors, and establishing synthetic
baselines via physics-informed neural networks (Gizachew, 2026). Owing to their importance, these
limitations need to be examined individually.

6.1 Data scarcity

Training of Al models in the developing nations is usually done using manually collected
sparse data due to lack of ground infrastructure for data collection (Ames, 2026; Katende, 2026).
This forces them to use the available network of ocean buoys, tidal gauges, and regular LiDAR to
train DL models. Though DL models in the developed nations are comprehensively trained with
better data, they cannot be used in the developing world due to different climate patterns, ecological
dynamics, different coastlines, and different geomorphology (Li et al., 2026). This demands the
learning of developed nations to be transferred to developing nations by using pre-training models
on data-rich regions and then fine-tuning them on small, localized datasets of developing nations
(Yadav et al., 2024). To address the lack of infrastructure, data from Earth observation satellites
such as Sentiel-1 and 2 or Landsat can be made available (Mai, 2025). In addition, citizens can be
encouraged to use mobile apps to upload geotagged photos of erosion or flooding to provide the
missing dataset (Tareke et al., 2026).

6.2 Sensor drift

Corrosive environment in coastal regions can degrade hardware, introducing silent errors
and, hence, sensor drifting into ML (Terrados-Cristos et al., 2025). Since corrosion causes minor
changes, such errors are considered as environmental changes by ML to either provide incorrect
results or by missing out critical ecological tipping points. Hence, unsupervised neural networks
that continuously monitor sensor cross-relations need to be used (Wang et al., 2025). If one sensor
reports rising temperatures, which are not validated by adjacent sensors, the system flags the
anomalous sensor for drift, thereby avoiding an error. Similarly, using Al to dynamically re-
calibrate drifting sensors by predicting what the true values should be based on surrounding
environmental variables and satellite readings can help correct the drift in the data pipeline (Wang
et al., 2023).
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Table 6 Summary of ecological risks and economic gains for trade-off decisions.

Concern Area Ecological Goal Economic Goal Trade-off
Complete Closure of Recovery of habitat. Causes loss of Create predictive
Offshore Wind revenue and corridors: Al identified
Farms disruption of supply  closure zones by

chain. identifying high-risk
zones.
Speed Cap on Ships  Reduction of marine Causes loss of Selective speed
in Shipping Channels mammal mortality = revenue due to reduction: Reduces ship
by ship collision. increased fuel speeds during migration
consumption and period only.
delays in delivery.
Defining Fish Catch  Stabilization of Reduces fish catch;  Define fish quota: Al
Quotas productivity of reduces profitability  based predictive
fishes. for fishermen. modeling can define fish
quotas.

Source: Author’s compilation

[ Raw Data Ingestion ]—» Live Buoys, Gauges, Satellite Arrays, UAVs, Beach Cams

l’ Unsupervised ML checks sensor relations to flag sensor

[ Data Processing ]—»drift
GANs fill spatial/temporal chronological missing gaps

v

) . SRCNNs downscale global grids (10km) to near-shore
[ Spatial Scaling ]_bprofiles(lm) g g ( )

A 4

Fragmented models aggregated via event streams
[ Model Orchestration ]_’(Apgache Kafka) geree

v

[ Explainable Al

SHAP, LIME, & Grad-CAM convert black-box math to
physics metrics

[ DSS Dashboard ] Translates probabilitiesinto actionable geospatial

risk maps
v Spatial-temporal optimization fixes "dynamic zoning
[ Dynamic Trade-Offs windows" Example: Maximizes channel dredging vs.

Seagrass protection

Figure 4 Process of data analysis.
Source: Author
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6.3 Missing historical baselines

ML models need high-resolution historical data to make long-term predictions of natural
events. Unfortunately, since the interest and focus on environmental monitoring is a recent
development, sufficient historical data for such predictions is not available. As a result, the learning
of such ML models is limited, so that it disallows long-term predictive forecasting speculative
(Hsieh, 2022). To ensure that Al predictions remain bound by the laws of physics, use of Physics-
Informed Neural Networks (PINNs) that embed laws of physics (such as fluid dynamics or
sediment transport equations) directly into the loss function of the ML model is a possible way
ahead (Kashinath et al., 2021). Such methods disallow statistical guesses, ensuring that the
predictions are more reliable (Tipu et al., 2025). Another method to address this concern is
hindcasting, wherein numerical climate models are used to simulate past environmental conditions
(hindcasting) (Pais et al., 2023). This creates synthetic historical training sets that fill the
chronological gaps for the Al to analyze.

6.4 Trust issues

The trust barrier in coastal engineering stems from a fundamental shift from physics-bound
numerical models like Delft3D or SWAN, that are highly interpretable, to a deep neural network
(DNN) that offers higher predictive accuracy but lacks physical guarantees (as it acts as a black-box
without explaining the physics behind the decisions made). To bridge this gap, explainable Al
(XAI) is used, which converts complex neural activations into human-readable visual attributions
and sensitivity metrics (Mukonza et al., 2023; Mihailov et al., 2025). This allows engineers to verify
that predictions made by Al are actually grounded in fluid mechanics and not statistical noise
(Minuzzi & Farina, 2024). Other techniques used are Integrated Gradients, SHAP (SHapley
Additive exPlanations), Grad-CAM, and Local Surrogate Models such as Local Interpretable
Model-agnostic Explanations (LIME) that provide engineers a local ‘physics-like’ formula
explaining the decision of the Al.

6.5 Non-stationary climate

Al models are trained to existing sea-level (Zanotti, 2025). In a climate-driven accelerated
sea-level rise, these models would need to be re-trained to achieve correct predictions (Martin &
White, 2024). Since re-training of AI models is expensive and time consuming, this is a challenge,
especially in a future IPCC climate projection scenario (Vaghefi et al., 2023).

7. Discussion and way ahead

Coastal zones are biogeochemically active zones that have displayed high vulnerability to
stressors, both individual and combined. So far, due to limitations of traditional numerical
computational methods, most studies have been undertaken for individual stressors. With time,
studies showed that, when anthropogenic and climate-change stressors act together, the interaction
is usually non-linear, and the resulting disruptions have the potential to dismantle coastal food
webs. To study such non-linear conditions, coastal modeling has evolved from a linear system that
considers only a single-variable to a framework that undertakes multi-physics computations and is
driven by data. This evolution, which began in the late 1980s and early 1990s, has been feasible due
to the increase in computational power, advances made in satellite observation, and the need to
predict the impact of multiple stressors working at the same time on the coastal environment. As a
result, the use of Al algorithms for the coastal environment has become common to address a wide
range of coastal engineering problems and coastal management issues. The ability to handle non-
linear problems with ease, process terabytes of images and data near instantaneously, and accurately
estimate missing data points for an informed decision makes Al a versatile tool for predictions in
the coastal environment. Though numerous review papers have been written on the use of AI/ML
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on issues of coastal environment, they have mostly focused on standalone fields without providing a
holistic synthesis of tying AI/ML nodes back to integrated coastal management frameworks (hard
vs. soft engineering decisions) which has been addressed here.

One may note that AI/ML have been experimented with successfully in various coastal
environment problems and have been found to be faster and much more reliable than traditional
numerical methods of predictions. However, these methods face numerous challenges that disallow
extensive use of classical ML by coastal agencies. Challenges such as data scarcity for model
training, especially for extreme events caused by climate change, and non-adherence of
conservation laws result in physical anomalies in the results by making unrealistic and physically
impossible predictions. Though hybrid frameworks are being encouraged to address these
shortcomings, they remain a work-in-progress. On the acceptance side, even though Al models are
considered the state-of-the-art techniques, their deployment is met with resistance, especially in life-
safety applications and high-liability civil engineering problems, due to a lack of interpretability.
This demands integration of Explainable Al (XAI) frameworks, such as the Integrated Gradients
and attention maps, to show how deep networks address meteorological inputs. It is presumed that,
with changing sea levels due to climate change, Al models would need to be re-trained, as the
present training is for existing sea levels. With such unpredictable requirements for the future, the
use of generative Al for simulations with PINNs to address missing data is possibly the best
available mechanism for resilient coastal planning.

Though some concern areas exist, the use of AI/ML is here to stay, as it provides a tool that
is flexible and versatile with an ability to provide predictions that were not possible previously
using traditional methods of analysis. If Al is to be developed for effective use for coastal
environment issues, there is a need for the coastal authorities and engineering firms to adopt a
structured deployment methodology. Such a deployment requires the use of IoT sensors in wave
level gauges, wave buoys, and other ocean sensors, along with automated satellites, such that real-
time data is available continuously for Al models. Building digital twins would help simulate what-
if scenarios to improve understanding and decision making in a dynamic coastal environment. To
ensure that AI/ML predictions are reliable, automated triggers, to retrain AI models whenever new
bathymetric data or extreme weather patterns are logged, are considered essential. In doing so, one
needs to ensure that AI/ML predictions do not violate conservation laws of mass and momentum.
To achieve this compliance, one possible means is the use of hybrid frameworks, such as Physics-
Informed Neural Networks (PINNs) and surrogate modeling using Computational Acceleration.

Hybrid modeling and the use of digital twins can assist in bridging the gap between physics
and speed by embedding ML inside traditional numerical solvers. This allows planners to run high-
resolution, yet physically consistent, coastal simulations in milliseconds instead of days. This shift
can help move coastal management from a reactive to a predictive process, where preventive
decisions can be made as extreme weather events unfold. Such techniques are already helping shape
resilience in low-lying coastlines of the Netherlands, Singapore, and vulnerable delta regions
globally. Tools such as digital twins are able to predict the erosion of beaches by seasonal currents,
thereby allowing engineers to place dredged sand that can be distributed optimally by the natural
wave energy. Similarly, hybrid models can assist ports in forecasting drafts available, such that
cargo vessel throughput can be maximized without risking grounding incidents. Other possible
applications of these techniques are discussed here.

7.1 Hybrid modeling

Traditional numerical models such as Delft3D and SWAN are highly accurate but
computationally expensive, as against ML models that are quick but prone to errors. By using
hybrid modeling, individual weaknesses of the two methods can be eliminated. Such modeling may
be undertaken in any of the following ways.
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7.1.1 Accelerate parameterization

In some cases where the problem is complex, such as the calculation of bottom friction over
complex surfaces or wave breaking at the micro scale, numerical calculations can become
expensive. Such calculations can be undertaken using deep neural networks that are trained on high-
fidelity simulation data to reduce cost of computation.

7.1.2 Physics-informed surrogates

For problems such as predicting wave run-up at the coast, where the laws of physics have to
be adhered to, neural networks are used as ‘surrogate models’, while open-ocean propagation is left
to the numerical model, cutting down total computation time by several orders of magnitude.

7.1.3 Error correction twinning

A numerical model runs a coarse, low-resolution simulation to guarantee physical
consistency, while a coupled ML model scales down the output to 1-meter resolution and corrects
systemic model biases in real-time.

7.2 Real-time digital twins

Digital twins are mathematical models prepared to create a virtual mirror of the target to be
studied. These mathematical models for coastline are continuously updated and can be used by Al
to simulate possible scenarios for informed decision-making. Though the use of such digital twins is
recommended, one should not underestimate the infrastructure required, associated computation
costs, and edge-computing latencies required to process multi-modal satellite images and live buoy
networks simultaneously in a real-world scenario that allow such digital twins to be created. It is
hence essential to understand that such options though possible, must be exercised with extreme
care and caution.

7.2.1 Continuous data assimilation
Digital twins leverage edge-computing, IoT ocean buoys, X-band marine radars, and
automated satellite feeds to constantly update the initial boundary conditions of the coastal state.

7.2.2 Providing what-if projections
Al can simulate permutations of storm-tracks on a digital twin to predict possible areas at
risk to flooding.

7.2.3 Closed-loop automation
Digital twins can be used analyze possible dangers during a storm to autonomously trigger
closure of storm surge barriers or send out evacuation messages based on the set thresholds.

8. Conclusions

This study demonstrates that data-driven technologies like Artificial Intelligence (AI) and
Machine Learning (ML) provide a powerful predictive tool to overcome the existing limitations of
traditional coastal observation models. Such methods and models help in making real-time
decisions in coastal engineering by capturing non-linear interactions of various stressors. The study
underscores the importance of hybrid computational frameworks and how, by using fundamental
laws of physics along with deep learning, such hybrid frameworks eliminate anomalies such as
negative wave heights and provide physically consistent simulations in real-time rather than in days.
Resultantly, issues of data scarcity can be overcome while improving the model generalization for
unknown climate scenarios. Such generalized models are considered beneficial for developing
nations.

Quality of data for training and explainable artificial intelligence (XAI) is yet another area
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discussed and considered critical for improved trust. By using unsupervised anomaly detection,
black-box predictions can be verified against laws of physics and converted into actionable insights.
Since climate change alters the sea-level, thereby changing the coastal baselines, model validation
and automated re-training on a near continuous basis is considered essential. Such limitations can
be overcome by using digital twins and integrating it with automated data collection to ensure that
the model remains updated and relevant for changing environmental conditions. Deploying data-
driven technologies will assist authorities to achieve an optimal and sustainable balance between
economic exploitation and sustainable preservation leading to improved coastal management.

Disclaimer
The views expressed in the paper are that of the author. They do not reflect the views or
policies of the Government of India or the Indian Navy.

Acknowledgments
The author would like to acknowledge the anonymous reviewers who have helped improve
the manuscript.

Declaration of generative Al in scientific writing

The author used Gemini (OpenAl) for refinement of the manuscript. With or without Al
applications, the authors are fully accountable for every process of the work and manuscript writing.
All final edits, interpretations, and conclusions are the sole responsibility of the authors. The
authors academically and ethically confirm that the stated Al statements are true, and the authors
are ultimately responsible and accountable for the contents of the published work, including the
correctness of the references in the reference list.

CRediT contribution statement
Nitin Agarwala: Conceptualization, Methodology, Formal analysis, Investigation, Writing
— original draft, Visualization.

References

Abouhalima, M., das Neves, L., Taveira-Pinto, F., & Rosa-Santos, P. (2024). Machine learning in
coastal engineering: Applications, challenges, and perspectives. Journal of Marine Science
and Engineering, 12(4), 638. https://doi.org/10.3390/jmse12040638

Adams, J. B., Buttner, D., Hawkes, S., Human, L. R. D., Machite, A., Mfikili, A. N., Ndhlovu, A.,
Smit, L. A., Rajkaran, A., Riddin, T., Rishworth, G. M., Deventer, H. V., Niekerk, L. V.,
Heyden, S. V. D., Whitfield, E. C., & Raw, J. L. (2025). Blue carbon at the southern tip of
Africa: Current knowledge and future perspectives for dynamic estuarine environments.
Estuarine, Coastal and Shelf Science, 322, 109360.
https://doi.org/10.1016/j.ecss.2025.109360

Agarwala, N., & Saengsupavanich, C. (2023). Oceanic environmental impact in seaports. Oceans,
4, 360-380. https://doi.org/10.3390/oceans4040025

Agarwala, N. (2021). Managing marine environmental pollution using Artificial Intelligence.
Maritime Technology and Research, 3(2), 120-136.
https://doi.org/10.33175/mtr.2021.248053

Al Jabri, S., Faal, F., Nikoo, M. R., & Al-Wardy, M. (2026). Physics-informed neural networks for
modelling groundwater flow and solute transport in stressed coastal aquifers. Hydrological
Sciences Journal, 71(8), 1564-1580. https://doi.org/10.1080/02626667.2026.2653056

Alenezi, M., & Akour, M. (2025). Al-driven innovations in software engineering: A review of
current practices and future directions. Applied Sciences, 15(3), 1344.
https://doi.org/10.3390/app15031344

Maritime Technology and Research 2027; 9(1): 289835 Page 23 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala

https://so04.tci-thaijo.org/index.php/MTR

Ames, D. P. (2026). Mapping water: A brief history of GIS in hydrology and a path toward Al-
native modeling. Water, 18(7), 796. https://doi.org/10.3390/w18070796

Arasi, M. A., Baihan, M., Begum, S. S., Marzouk, R., Albalawneh, D., & Mohanarathinam, A.
(2025). Automated detection of coastal erosion hotspots using deep learning algorithms and
remote sensing techniques for improved coastal management. Journal of South American
Earth Sciences, 162, 105605. https://doi.org/10.1016/j.jsames.2025.105605

Arora, N. K., & Mishra, 1. (2024). Life on land: Progress, outcomes and future directions to achieve
the targets of SDG 15. Environmental Sustainability, 7, 369-375.
https://doi.org/10.1007/s42398-024-00330-y

Asborno, M., Broders, J., Mitchell, K. N., Hartman, M. A., & Dunkin, L. D. (2023). Forecasting
sediment accumulation in the Southwest pass with machine-learning models. Journal of
Waterway, Port, Coastal, and Ocean Engineering, 150(2), 2009.
https://doi.org/10.1061/JWPED5.WWENG-2009

Asmala, E., Carstensen, J., Conley, D. J., Slomp, C. P., Stadmark, J., & Voss, M. (2017). Efficiency
of the coastal filter: Nitrogen and phosphorus removal in the Baltic Sea. Limnology and
Oceanography, 62(S1), S222-S238. https://doi.org/10.1002/Ino.10644

Babati, A., Isa, Z., Abdussalam, A. F., Baba, S. U., & Baba, B. (2025). Application of machine
learning for coastal flooding. Discover Cities, 2, 80. https://doi.org/10.1007/s44327-025-
00125-8

Baldoni, A., Marini, F., Filomena, G., Parlani, S., & Brocchini, M. (2026). Climate change-driven
coastal flooding in the Mid Adriatic Sea and adaptation of coastal defense structures.
Estuarine, Coastal and Shelf Science, 326, 109535.
https://doi.org/10.1016/j.ecss.2025.109535

Barzehkar, M., Parnell, K. E., Soomere, T., Dragovich, D., & Engstrém, J. (2021). Decision support
tools, systems and indices for sustainable coastal planning and management: A review,
Ocean and Coastal Management, 212, 105813.
https://doi.org/10.1016/j.ocecoaman.2021.105813

Baydaulet, U., Omarova, P., Merembayev, T., & Yedilkhan, A. (2025). Modeling siltation of river
channels using the physics-informed neural networks method and numerical simulation.
Engineered Science, 33, 1296. https://dx.doi.org/10.30919/es1296

Bian, W., Jiayi, F., Pin, W, Qinke, S., Jian, F., Feng, K., & Tangao, H. (2025). Deep learning
surrogate models for spatiotemporal prediction of coastal flooding inundations in Tianjin,
China. Journal of Hydrology: Regional Studies, 60, 102593.
https://doi.org/10.1016/j.ejrh.2025.102593

Binetti, M. S., Massarelli, C., & Uricchio, V. F. (2024). Machine learning in geosciences: A review
of complex environmental monitoring applications. Machine Learning and Knowledge
Extraction, 6(2), 1263-1280. https://doi.org/10.3390/make6020059

Bouchoucha, M., Carlier, A., & Curd, A. (2025). The promises of ecological rehabilitation in port
areas. Encyclopedia of the Environment. Retrieved from https://www.encyclopedie-
environnement.org/en/life/promises-ecological-rehabilitation-port-areas

Campos, R. M., Bernardino, M., Gongalves, M., & Soares, C. G. (2022). Assessment of metocean
forecasts for Hurricane Lorenzo in the Azores Archipelago. Ocean Engineering, 243,
110292. https://doi.org/10.1016/j.oceaneng.2021.110292

Chawalit, C., Boonpook, W., Sitthi, A., Torsri, K., Kamthonkiat, D., Tan, Y., Suwansaard, A., &
Nardkulpat, A. (2025). Geoinformatics and machine learning for shoreline change
monitoring: A 35-year analysis of coastal erosion in the upper gulf of Thailand. ISPRS
International Journal of Geo-Information, 14(2), 94. https://doi.org/10.3390/1jg114020094

Christofi, D., Mettas, C., Evagorou, E., Stylianou, N., Eliades, M., Theocharidis, C., Chatzipavlis,
A., Hasiotis, T., & Hadjimitsis, D. (2025). A review of open remote sensing data with GIS,

Maritime Technology and Research 2027; 9(1): 289835 Page 24 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala

https://so04.tci-thaijo.org/index.php/MTR

Al, and UAV support for shoreline detection and coastal erosion monitoring. Applied
Sciences, 15(9), 4771. https://doi.org/10.3390/app15094771

Dammak, N., Chen, W., & Staneva, J. (2025). Toward an Al-enhanced hydro-morphodynamic
model for nature-based solutions in coastal erosion mitigation. Applied Ocean Research,
154, 104326. https://doi.org/10.1016/j.apor.2024.104326

Dang, T. Q., Tran, B. H., Le, Q. N., Dang, T. D., Tanim, A. H., Pham, Q. B., Bui, V. H., Mai, S. T,
Thanh, P. N., & Anh, D. T. (2024). Application of machine learning-based surrogate models
for urban flood depth modeling in Ho Chi Minh City, Vietnam. Applied Soft Computing,
150, 11031. https://doi.org/10.1016/j.as0c.2023.111031

Deng, T., Chau, K. W, & Duan, H. F. (2021). Machine learning based marine water quality
prediction for coastal hydro-environment management. Journal of Environmental
Management, 284, 112051. https://doi.org/10.1016/j.jenvman.2021.112051

Drakopoulou, P., Tzouveli, P., Karditsa, A., & Poulos, S. (2026). Integrating Al for in-depth
segmentation of coastal environments in remote sensing imagery. Remote Sensing, 18(2),
325. https://doi.org/10.3390/rs18020325

Duiker, M. L., Ramos, V., Taveira-Pinto, F., & Rosa-Santos, P. (2025). Predicting coastal flooding
and overtopping with machine learning: Review and future prospects. Journal of Marine
Science and Engineering, 13(12), 2384. https://doi.org/10.3390/jmse13122384

Eddamiri, S., Bassine, F. Z., Hakam, O., Kambiet, P. L. K., & Chehbouni, A. (2025). Chapter 5 -
Applications of artificial intelligence for forecasting and managing extremes (pp. 91-113).
Ongoma, V. (Ed.). Climate Change and Rainfall Extremes in Africa, Elsevier.
https://doi.org/10.1016/B978-0-443-28867-8.00005-8

Erasmus, C., Haupt, S., & Sibolla, B. (2026). Shoreline extraction and coastal change detection
from satellite SAR using thresholding-based methods. ISPRS Annals of the Photogrammetry,
Remote Sensing and Spatial Information Sciences, XI-3-2026, 871-878.
https://doi.org/10.5194/isprs-annals-X1-3-2026-871-2026

Goldstein, E. B., Coco, G., & Plant, N. G. (2019). A review of machine learning applications to
coastal sediment transport and morphodynamics. Earth-Science Reviews, 194, 97-108.
https://doi.org/10.1016/j.earscirev.2019.04.022

Figueroa-Alfaro, R. W., Rooijen, A. V., Garzon, J. L., Evans, M., & Harris, A. (2022). Modelling
wave attenuation by saltmarsh using satellite-derived vegetation properties. Ecological
Engineering, 176, 106528. https://doi.org/10.1016/j.ecoleng.2021.106528

Fullin, N., Fraccaroli, M., Francioni, M., Fabbri, S., Ballaera, A., Ciavola, P., & Ghirotti, M. (2024).
Detection of cliff top erosion drivers through machine learning algorithms between
Portonovo and Trave Cliffs (Ancona, Italy). Remote Sensing, 16(14), 2604.
https://doi.org/10.3390/rs16142604

Gao, Q., Chen, L., & Huang, Z. (2026). Opportunities and challenges of artificial intelligence in
public health: A systematic review on technological efficacy, ethical dilemmas, and
governance pathways. Front Public Health, 13, 1748797.
https://doi.org/10.3389/fpubh.2025.1748797

Ghaedi, Z., Santos, C., & Monteiro, C. (2026). Nature-based solutions, climate change, and
biodiversity: A systematic review of opportunities and risks. Nature-Based Solutions, 9,
100302. https://doi.org/10.1016/j.nbsj.2026.100302

Gindy, M., Abbas, M. M., Muntean, R., & Butnariu, S. (2025). Hybrid topology optimization of a
concrete structure via finite element analysis and deep learning surrogates. CivilEng, 6(4),
68. https://doi.org/10.3390/civileng6040068

Gizachew, B. (2026). Artificial intelligence and machine learning in remote sensing for tropical
forest monitoring: Applications, challenges, and emerging solutions. Remote Sensing, 18(8),
1193. https://doi.org/10.3390/rs18081193

Maritime Technology and Research 2027; 9(1): 289835 Page 25 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala

https://so04.tci-thaijo.org/index.php/MTR

Godfrey, L. V., Omta, A. W., Tziperman, E., Li, X., Hu, Y., & Falkowski, P. G. (2015), Stability of
the marine nitrogen cycle over the past 165 million years. Nature Communications, 16(1),
8982. https://doi.org/10.1038/s41467-025-63604-x

Gonzalez-Calabuig, M., Fernandez-Torres, M. A, & Camps-Valls, G. (2025). Generative networks
for spatio-temporal gap filling of Sentinel-2 reflectances. ISPRS Journal of Photogrammetry
and Remote Sensing, 220, 637-648. https://doi.org/10.1016/].isprsjprs.2025.01.016

Habib, M. A., O’Sullivan, J. J., & Salauddin, M. (2022). Prediction of wave overtopping
characteristics at coastal flood defences using machine learning algorithms: A systematic
review. IOP Conference Series: Earth and Environmental Science, 1072, 012003,
https://doi.org/10.1088/1755-1315/1072/1/012003

Habib, M. A., Abolfathi, S., O’Sullivan, J. J., & Salauddin, M. (2024). Efficient data-driven
machine learning models for scour depth predictions at sloping sea defences. Frontiers in
Built Environment, 10, 1343398. https://doi.org/10.3389/fbuil.2024.1343398

Habib, M. A., Abolfathi, S., O'Sullivan, J. J., Brooks, P. R., & Salauddin, M. (2025). Advancing
wave overtopping prediction at eco-engineered Seawalls: Integrating laboratory experiments
and machine learning. Ocean Engineering, 340(1), 122284.
https://doi.org/10.1016/j.oceaneng.2025.122284

Hake, F., Géttert, L., Neumann, 1., & Alkhatib, H. (2022). Using machine-learning for the damage
detection of harbour structures. Remote Sensing, 14(11), 2518.
https://doi.org/10.3390/rs14112518

Hao, Q. N., Banno, M., & Ha, N. T. (2025). Satellite derived bathymetry using empirical and
machine learning approaches: A case study in the highly dynamic coastal water. Coastal
Engineering Journal, 67(2), 232-251. https://doi.org/10.1080/21664250.2024.2445418

Harley, M., Drummond, C., & Kinsela, M. (2023). COASTSNAP: A global citizen science program
to monitor changing coastlines using Smartphones. Coastal Engineering Proceedings, 37,
69. https://doi.org/10.9753/icce.v37.management.69

Hamed, B., Elkiki, M., Abdellah, S., Rabie, A. H., & Diab, R. (2026). Integrating artificial
intelligence techniques to enhance the performance of hybrid floating breakwater: Wave
energy converter analysis. Journal of Ocean Engineering and Marine Energy, 12, 1069-
1087. https://doi.org/10.1007/s40722-026-00475-4

Hany, A., Akl, F., Hagras, M., & Balah, A. (2022). Assessment of recent rehabilitation projects’
impact on water quality improvement in Lake Burullus, Egypt. Ain Shams Engineering
Journal, 13(1), 101492, https://doi.org/10.1016/j.asej.2021.05.006

Hayes, M. A., Jesse, A., Tabet, B., Reef, R., Keuskamp, J. A., & Lovelock, C. E. (2017). The
contrasting effects of nutrient enrichment on growth, biomass allocation and decomposition
of plant tissue in coastal wetlands. Plant and Soil, 416, 193-204.
https://doi.org/10.1007/s11104-017-3206-0

Hsieh, W. W. (2022). Evolution of machine learning in environmental science: A
perspective. Environmental Data Science, 1, €3. https://doi.org/10.1017/eds.2022.2

Hou, J., Akbar, M. K., Samad, M. D., & Ouyang, L. (2025). Spatiotemporal deep learning to
forecast storm surge water levels and storm trajectory: Case study hurricane
Harvey. Journal of Marine Science and Engineering, 13(9), 1780.
https://doi.org/10.3390/jmse13091780

Immas, A., Do, N., & Alam, M. R. (2021). Real-time in situ prediction of ocean currents. Ocean
Engineering, 228, 108922. https://doi.org/10.1016/j.oceaneng.2021.108922

loras, F., & Bandara, 1. (2025). Artificial intelligence and sustainable practices in coastal marinas: A
comparative study of Monaco and Ibiza. Sustainability, 17(16), 7404.
https://doi.org/10.3390/sul7167404

Maritime Technology and Research 2027; 9(1): 289835 Page 26 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala

https://so04.tci-thaijo.org/index.php/MTR

Issakov, Y., Shynbergenova, K., Qasenuly, M., Gaji¢, T., & Skakova, A. (2025). A systematic
review of programs and mechanisms for industry engagement in flood water management:
Global challenges and perspectives. Water, 17(8), 1155. https://doi.org/10.3390/w17081155

Jorges, C., Berkenbrink, C., Gottschalk, H., & Stumpe, B. (2023). Spatial ocean wave height
prediction with CNN mixed-data deep neural networks using random field simulated
bathymetry. Ocean Engineering, 271, 113699.
https://doi.org/10.1016/j.oceaneng.2023.113699

Kache, S., Liskow, 1., Pein, J., Zilius, M., & Voss, M. (2025). The role of retention processes in the
coastal filter of the Oder River. Estuarine, Coastal and Shelf Science, 322, 109325.
https://doi.org/10.1016/j.ecss.2025.109325

Kalkan, B., Bakirman, T., & Bayram, B. (2021). Satellite derived bathymetry with Machine
Learning: A case study for California. In Proceedings of the International Symposium on
Applied Geoinformatics 2021. https://doi.org/10.15659/isag2021.12603

Kashinath, K., Mustafa, M., Albert, A., Wu, J. L., Jiang, C., Esmaeilzadeh, S., Azizzadenesheli, K.,
Wang, R., Chattopadhyay, A., Singh, A., Manepalli, A., Chirila, D., Yu, R., Walters, R.,
White, B., Xiao, H., Tchelepi, H. A., Marcus, P., Anandkumar, A., Hassanzadeh, P., &
Prabhat. (2021). Physics-informed machine learning: Case studies for weather and climate
modelling. Philosophical Transactions of the Royal Society A: Mathematical, Physical and
Engineering Sciences, 379(2194), 20200093. https://doi.org/10.1098/rsta.2020.0093

Katende, R. (2026). Rethinking data-efficient artificial intelligence for low-resource settings.
Machine Learning with Applications, 23, 100796.
https://doi.org/10.1016/;.mlwa.2025.100796

Khan, A. R., Razak, M. S. B. A., Yusuf, B. B., Shafri, H. Z. B. M., & Mohamad, N. B. (2024).
Future prediction of coastal recession using convolutional neural network. Estuarine,
Coastal and Shelf Science, 299, 108667. https://doi.org/10.1016/j.ecss.2024.108667

Khan, W. R., Giani, M., Bevilacqua, S., Anees, S. A., Mehmood, K., Nazre, M., Haddy, A. A. B. A,,
Median, A. N. B. A., Bujang, J. B., Mohamad-Ismail, F. N., Mohamed, J., Samdin, Z., Abiri,
R., Tuan-Ibrahim, T. M., Mohammad, L. S., Naji, H. R., Akram, S., Abdul-Hamid, H., &
Dube, T. (2025). Derivation of allometric equations and carbon content estimation in
mangrove forests of Malaysia. Environmental and Sustainability Indicators, 26, 100618.
https://doi.org/10.1016/j.indic.2025.100618

Kim, H. D., & Aoki, S. 1. (2021). Artificial intelligence application on sediment transport. Journal
of Marine Science and Engineering, 9(6), 600. https://doi.org/10.3390/jmse9060600

Kim, T., & Lee, W. D. (2022). Review on applications of machine learning in coastal and ocean
engineering. Journal of Ocean Engineering and Technology, 36(3), 194-210.
https://doi.org/10.26748/KSOE.2022.007

Kinh Bac, D. (2024). Application of artificial intelligence for monitoring shoreline changes in the
central coast of Vietnam. VNU Journal of Science: Earth and Environmental Sciences,
40(1), 82-97. https://doi.org/10.25073/2588-1094/vnuees.5012

Kumar, P., & Leonardi, N. (2023). Coastal forecast through coupling of Artificial Intelligence and
hydro-morphodynamical modelling. Coastal Engineering Journal, 65(3), 450-469.
https://doi.org/10.1080/21664250.2023.2233724

Kumar, P., & Leonardi, N. (2025). Predicting morphological changes along a macrotidal coastline
using a two-stage machine learning model. Water Resources Research, 61(4),
€2024WR037523. https://doi.org/10.1029/2024WR037523

Lee, T., Jin, S. S., Kim, S. T., & Min, J. (2026). Online anomaly detection for long-term structural
health monitoring of caisson quay walls, Engineering Structures Part A, 323, 119197.
https://doi.org/10.1016/j.engstruct.2024.119197

Maritime Technology and Research 2027; 9(1): 289835 Page 27 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala

https://so04.tci-thaijo.org/index.php/MTR

Lemenkova, P. (2024). Artificial neural networks for mapping coastal lagoon of Chilika Lake, India,
using earth observation data. Journal of Marine Science and Engineering, 12(5), 709.
https://doi.org/10.3390/jmse12050709

Li, K., Razavi, S., Maier, H. R., Hrachowitz, M., Nabavi, E., Harvey, N., Akhtar, K., & Unduche, F.
(2026). When are Al models ready for deployment? Reassessing Google’s global Al flood
forecasting system through the lens of responsible modelling. Journal of Hydrology X, 30,
100215. https://doi.org/10.1016/j.hydroa.2026.100215

Li, Y., Zhou, R., Zhou, Y., & Chen, Z. S. (2025). Machine learning techniques in maritime
environmental sustainability: A comprehensive review of the state of the art. Computers and
Electrical Engineering Part A, 124, 110395.
https://doi.org/10.1016/j.compeleceng.2025.110395

Liu, X., & Yuen, K. F. (2025). A systematic review on artificial intelligence applications in
seaports: A network analysis approach. Expert Systems with Applications, 89, 128309.
https://doi.org/10.1016/j.eswa.2025.128309

Liu, D., Zhang, Z., Liu, Z., & Chi, Y. (2024). A three-class carbon pool system for normalizing
carbon mapping and accounting in coastal areas. Ecological Indicators, 158, 111537.
https://doi.org/10.1016/j.ecolind.2023.111537

Lenborg, C., Miiller, M., Butler, E. C. V., Jiang, S., Ooi, S. K., Trinh, D. H., Wong, P. Y., Ali, S.
M., Cui, C., Siong, W. B., Yando, E. S., Friess, D. A., Rosentreter, J. A., Eyre, B. D., &
Martin, P. (2021). Nutrient cycling in tropical and temperate coastal waters: Is latitude
making a difference? Estuarine, Coastal and Shelf Science, 262, 107571.
https://doi.org/10.1016/j.ecss.2021.107571

Mabula, M. J., Kisanga, D., & Pamba, S. (2023). Application of machine learning algorithms and
Sentinel-2 satellite for improved bathymetry retrieval in Lake Victoria, Tanzania. The
Egyptian Journal of Remote Sensing and Space Sciences, 26(3), 619-627.
https://doi.org/10.1016/j.€jrs.2023.07.003

Mahajan, R., Kaur, K., Gupta, V., & Sharma, S. (2026). Integrating artificial intelligence in
structural health monitoring: A path toward climate-resilient infrastructure. International
Journal of Healthcare Education & Medical Informatics, 13(1-2), 240-250.
https://doi.org/10.24321/2455.9199.202602

Mai, J., Feng, Q., Fu, S., Wang, R., Zhang, S., Zhang, R., & Liang, T. (2025). Enhancing crop type
mapping in data-scarce regions through transfer learning: A case study of the Hexi
Corridor. Remote Sensing, 17(9), 1494. https://doi.org/10.3390/rs17091494

Martin, N., & White, J. (2024). Water resources’ AI-ML data uncertainty risk and mitigation using
data assimilation. Water, 16(19), 2758. https://doi.org/10.3390/w16192758

Masria, A., & Abouelsaad, O. (2025). Artificial intelligence applications in coastal engineering and
its challenges: A review. Continental Shelf Research, 286, 105425.
https://doi.org/10.1016/j.csr.2025.105425

Masria, A. (2024). Bridging coastal challenges: The role of remote sensing and future research.
Regional Studies in Marine Science, 73, 103502.
https://doi.org/10.1016/j.rsma.2024.103502

McGlade, M., Valiente, N. G., Brown, J., Stokes, C., & Poate, T. (2025). Investigating appropriate
artificial intelligence approaches to reliably predict coastal wave overtopping and identify
process contributions. Ocean Modelling, 194, 102510.
https://doi.org/10.1016/j.ocemod.2025.102510

Mihailov, M. E., Chirosca, A. V., & Chirosca, G. (2025). Fusion of in-situ and modelled marine
data for enhanced coastal dynamics prediction along the Western Black Sea Coast. Journal
of Marine Science and Engineering, 13(2), 199. https://doi.org/10.3390/jmse13020199

Maritime Technology and Research 2027; 9(1): 289835 Page 28 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala

https://so04.tci-thaijo.org/index.php/MTR

Minuzzi, F. C., & Farina, L. (2024). Artificial neural networks ensemble methodology to predict
significant wave height. Ocean Engineering, 300, 117479.
https://doi.org/10.1016/j.oceaneng.2024.117479

Mondal, I., Alshehri, F., Hossain, S. K. A., Felix, J., Mukhiddin, J., & Mohammad, L. (2025). Al-
driven spatio-temporal prediction of chlorophyll-a dynamics and coastal productivity in the
Northern Bay of Bengal. Journal of Water Process Engineering, 80, 109186.
https://doi.org/10.1016/j.jwpe.2025.109186

Mustafa, G., Hussain, S., Liu, Y., Ali, I, Liu, J., & Bano, H. (2024). Microbiology of wetlands and
the carbon cycle in coastal wetland mediated by microorganisms. Science of The Total
Environment, 954, 175734. https://doi.org/10.1016/j.scitotenv.2024.175734

Mukonza, S. S., & Chiang, J. L. (2023). Meta-analysis of satellite observations for United Nations
sustainable development goals: Exploring the potential of machine learning for water quality
monitoring. Environments, 10(10), 170. https://doi.org/10.3390/environments10100170

Napitupulu, G., Farihah, R. A., Harsono, G., Manik, H. M., Lee, H. S., & Yuliardi, A. Y. (2026).
Integrating machine learning and semiempirical methods for bathymetric estimation and
sediment classification using Sentinel-2 imagery and multibeam backscatter: A case study in
the Natuna Sea. Estuarine, Coastal and Shelf Science, 335, 109816.
https://doi.org/10.1016/j.ecss.2026.109816

Nemni, E., Bullock, J., Belabbes, S., & Bromley, L. (2020). Fully convolutional neural network for
rapid flood segmentation in synthetic aperture radar imagery. Remote Sensing, 12(16), 2532.
https://doi.org/10.3390/rs12162532

Nott, G. (2018). How 2400 sensors and machine learning models keep Sydney Harbour Bridge
spanning the decade. Computer World. Retrieved from
https://www.computerworld.com/article/1658425/how-2400-sensors-and-machine-learning-
models-keep-sydney-harbour-bridge-spanning-the-decades.html

O’Dea, A., Anderson, D., Holman, R., Painter, C., & Brodie, K. (2025). Wave kinematics-based
bathymetry estimates from satellite optical video. Coastal Engineering, 200, 104753.
https://doi.org/10.1016/j.coastaleng.2025.104753

Oliver-Sanso, J., Soriano-Gonzalez, J., Varona, J., Moya-Alcover, G., & Sanchez-Garcia, E. (2026).
Automating shoreline extraction from beach imaging systems for coastal monitoring.
Environmental Modelling and Software, 204, 107078.
https://doi.org/10.1016/j.envsoft.2026.107078

Olivatto, T. F., & Di Lollo, J. A. (2026). Sampling strategies for machine learning-based linear
erosion studies: A review approaching contributing area. Natural Hazards Research, 6(1),
34-49. https://doi.org/10.1016/j.nhres.2025.08.002

Osondu, I., Imoni, O., Chukwuemeka, P., Amos, M. D., Ajibade, D. 1., Mene-Ejegi, O. O., Mogo, C.
F., Eteh, D. R., Nwadoziokwu, E. O., & Akajiaku, C. U. (2025). Machine learning-based
shoreline change prediction and erosion analysis: A case study of Ogu/Bolo,

Nigeria. Discover Civil Engineering, 2, 230. https://doi.org/10.1007/s44290-025-00396-5

Palanikkumar, D, Alabdulkreem, E., Alruwais, N., & Yahya, A. E. (2025). Coastal dynamics:
Assessing erosion and progradation patterns in Campeche coastal region using machine
learning techniques for geological insights. Journal of South American Earth Sciences, 1535,
105406. https://doi.org/10.1016/j.jsames.2025.105406

Pais, N. V., Ravishanker, N., O’Donnell, J., & Shaffer, E. (2023). Ensemble hindcasting of coastal
wave heights. Journal of Marine Science and Engineering, 11(6), 1110.
https://doi.org/10.3390/jmse11061110

Portillo J. N., Olalde Rodriguez, J., Negro Valdecantos, V., Campo, J. M. D., & Troch, P. (2026).
An artificial intelligence approach for coastal structures adaptation to climate change:
Insights from a case study in the Mediterranean Sea. Journal of Marine Science and
Engineering, 14(5), 455. https://doi.org/10.3390/jmse 14050455

Maritime Technology and Research 2027; 9(1): 289835 Page 29 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala

https://so04.tci-thaijo.org/index.php/MTR

Pourzangbar, A., Jalali, M., & Brocchini, M. (2023). Machine learning application in modelling
marine and coastal phenomena: A critical review. Frontiers in Environmental Engineering,
2, 1235557. https://doi.org/10.3389/fenve.2023.1235557

Pruseth, B., Raut, S. S., Panda, S. P., & Das, B. K. (2026). Machine learning application in aquatic
health prediction. In Das, B. K., Kumar, V., & Roy, S. (Eds.). Bioinformatics tools for
predictive ecology and fisheries: Sustainability sciences in Asia and Africa. Springer,
Singapore. https://doi.org/10.1007/978-981-95-2573-7 3

Qin, Y., Su, C., Chu, D., Zhang, J., & Song, J. (2023). A review of application of machine learning
in storm surge problems. Journal of Marine Science and Engineering, 11(9), 1729.
https://doi.org/10.3390/jmse11091729

Rajabi-Kiasari, S., Ellmann, A., & Delpeche-Ellmann, N. (2025). Sea level forecasting using deep
recurrent neural networks with high-resolution hydrodynamic model. Applied Ocean
Research, 157, 104496. https://doi.org/10.1016/j.apor.2025.104496

Sasanapuri, S. K., Dhanya, C. T., & Gosain, A. K. (2025). A surrogate machine learning model
using random forests for real-time flood inundation simulations. Environmental Modelling
and Software, 188, 106439. https://doi.org/10.1016/j.envsoft.2025.106439

Schutte, C. A., Ahmerkamp, S., Wu, C. S., Seidel, M., de Beer, D., Cook, P. L. M., & Joye, S. B.
(2019). Chapter 12 - Biogeochemical dynamics of coastal tidal flats (pp. 407-440). In
Gerardo, M. E., Perillo, E. W., Cahoon, D. R., Hopkinson, C. S. (Eds.). Coastal wetlands
(2" ed.). Elsevier. https://doi.org/10.1016/B978-0-444-63893-9.00012-5

Sebastian, T., Jayamala, C., & Lavaraju, B. (2025). Enhancing marine resource management with
Al-enabled decision-making and policy solutions (pp. 1-16). In Proceedings of the 2025
International Conference on Advanced Computing Technologies. Sivalasi, India.
https://doi.org/10.1109/ICoACT63339.2025.11005287

Serrano, O., Kelleway, J. J., Lovelock, C., & Lavery, P. S. (2019). Chapter 28 - Conservation of
blue carbon ecosystems for climate change mitigation and adaptation (pp. 965-996). In
Gerardo, M. E., Perillo, E. W., Cahoon, D. R., Hopkinson, C. S. (Eds.). Coastal wetlands
(2" ed.). Elsevier. https://doi.org/10.1016/B978-0-444-63893-9.00028-9

Sharma, A., Boora, A., & Kumar, Y. (2025). Artificial intelligence and machine learning for
resilient transportation infrastructure. Cureus Journal of Computer Science, 2, es44389-025-
09490-2. https://doi.org/10.7759/s44389-025-09490-2

gpoljaric’, V. L., Novak, T., GaSparovi¢, B., Snjezana, P., Kazazi¢, M. C., Ljubesi¢, Z., Hrusti¢, E.,
Mlakar, M., Du, J., Zhang, R., & Zhu, Z. (2021). Impact of environmental conditions on
phospholipid fatty acid composition: Implications from two contrasting estuaries. Aquatic
Ecology, 55, 1-20. https://doi.org/10.1007/s10452-020-09805-6

Tareke, B., Filho, P. S., Persello, C., Kuffer, M., Maretto, R. V., Wang, J., Abascal, A., Pillai, P,
Singh, B., D’Attoli, J. M., Kabaria, C., Pedrassoli, J., Brito, P., Elias, P., Atenogenes, E.,
Santiago, A. R., Pratomo, J., Mulyana, W., Paganini, M., Thomson, D. R., Mwaniki, D., &
Ospina, J. P. (2026). User and data-centric artificial intelligence for mapping and
benchmarking urban deprivation for a global sample of cities. Remote Sensing of
Environment, 335, 115272. https://doi.org/10.1016/j.rse.2026.115272

Tavus, B., Can, R., & Kocaman, S. (2022). A CNN-based flood mapping approach using
SENTINEL-1 data. ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial
Information Sciences, V-3-2022, 549-556. https://doi.org/10.5194/isprs-annals-V-3-2022-
549-2022

Terrados-Cristos, M., Diaz-Piloneta, M., Ortega-Fernandez, F., Martinez-Huerta, G. M., & Alvarez-
Cabal, J. V. (2025). Corrosion risk assessment in coastal environments using machine
learning-based predictive models. Sensors, 25(13), 4231. https://doi.org/10.3390/s25134231

Theocharidis, C., Doukanari, M., Kalogirou, E., Christofi, D., Mettas, C., Kontoes, C., Hadjimitsis,
D., Argyriou, A. V., & Eliades, M. (2024). Coastal vulnerability index (CVI) assessment:

Maritime Technology and Research 2027; 9(1): 289835 Page 30 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala

https://so04.tci-thaijo.org/index.php/MTR

Evaluating risks associated with human-made activities along the Limassol Coastline,
Cyprus. Remote Sensing, 16(19), 3688. https://doi.org/10.3390/rs16193688

Ting, W., & Wang, Y. (2025). Utilizing deep learning for intelligent monitoring and early warning
of slope disasters in public space design. Frontiers in Environmental Science, 13, 1536481.
https://doi.org/10.3389/fenvs.2025.1536481

Tipu, R. K., Bhakhar, R., Pandya, K. S., & Panchal, V. R. (2025). Physics-informed neural
networks for predicting sediment transport in pressurized pipe flows. Environ Earth Science,
84, 292. https://doi.org/10.1007/s12665-025-12295-0

Trettin, C. C., Kolka, R. K., Marsh, A. S., Bansal, S., Lilleskov, E. A., Megonigal, P., Stelk, M. J.,
Lockaby, G., D’Amore, D. V., MacKenzie, R. A., Tangen, B., Chimner, R., & Gries,
J. (2020). Wetland and hydric soils. In Pouyat, R., Page-Dumroese, D., Patel-Weynand, T.,
& Geiser, L. (Eds.). Forest and rangeland soils of the United States under changing
conditions. Springer, Cham. https://doi.org/10.1007/978-3-030-45216-2 6

Tsiakos, C. A. D., & Chalkias, C. (2023). Use of machine learning and remote sensing techniques
for shoreline monitoring: A review of recent literature. Applied Sciences, 13(5), 3268.
https://doi.org/10.3390/app 13053268

Vaghefi, S. A., Stammbach, D., Muccione, V., Bingler, J., Ni, J., Kraus, M., Allen, S., Colesanti-
Senni, C., Wekhof, T., Schimanski, T., Gostlow, G., Yu, T., Wang, Q., Webersinke, N.,
Huggel, C., & Leippold, M. (2023). ChatClimate: Grounding conversational Al in climate
science. Communications Earth & Environment, 4, 480. https://doi.org/10.1038/s43247-
023-01084-x

Vanem, E., Zhu, T., & Babanin, A. (2022). Statistical modelling of the ocean environment: A
review of recent developments in theory and applications. Marine Structures, 6, 103297.
https://doi.org/10.1016/j.marstruc.2022.103297

Vanem, E., Dong, S., Hauteclocque, G. D., Johannessen, T. B., Zhu, T., Prpic-Orsic, J., Essen, S.
V., Ewans, K., Mackay, E., & Jonathan, P. (2026). Statistical modeling of the Ocean
Environment. Annual Review Statistics and Its Application, 13, 1-28.
https://doi.org/10.1146/annurev-statistics-042424-115755

Wang, A., Machida, Y., Souza, P. D., Mora, S., Duhl, T., Hudda, N., Durant, J. L., Duarte, F., &
Ratti, C. (2023). Leveraging machine learning algorithms to advance low-cost air sensor
calibration in stationary and mobile settings. Atmospheric Environment, 301, 119692.
https://doi.org/10.1016/j.atmosenv.2023.119692

Wang, P., Wu, X., & Yichen. (2025). Ai-driven approaches to flood risk management: Overcoming
data bias and enhancing decision-making. Climate Risk Management, 50, 100752.
https://doi.org/10.1016/j.crm.2025.100752

Wang, S., Li, W., Hou, S., Guan, J., & Yao, J. (2023). STA-GAN: A spatio-temporal attention
generative adversarial network for missing value imputation in satellite data. Remote
Sensing, 15(1), 88. https://doi.org/10.3390/rs15010088

Wang, X., Adams, M. P., & Shao, D. (2024). Trade-off between light deprivation and desiccation in
intertidal seagrasses due to periodic tidal inundation and exposure: Insights from a data-
calibrated model. Journal of Geophysical Research: Biogeosciences, 129(4),
€2024JG008000. https://doi.org/10.1029/2024JG008000

Wang, Y., Zuo, Y., Tang, Y., Hong, X., Wu, J., & Bian, Z. (2025). Unsupervised optical-sensor
extrinsic calibration via dual-transformer alignment. Sensors (Basel), 25(22), 6944.
https://doi.org/10.3390/s25226944

Weber de Melo, W., Pinho, J. L., Iglesias, 1., Gomes, A., Vieira, J., Bio, A., Bastos, L., Veloso-
Gomes, F., & Avilez-Valente, P. (2022). Estuarine morphodynamics forecast using a
numerical model emulator based on deep learning methods: A first approach. EGU General
Assembly 2022, Vienna, Austria. https://doi.org/10.5194/egusphere-egu22-6277

Maritime Technology and Research 2027; 9(1): 289835 Page 31 of 32



Use of artificial intelligence and other data-driven technologies for coastal management Nitin Agarwala

https://so04.tci-thaijo.org/index.php/MTR

Xu, L., & Gao, L. (2024). A hybrid surrogate model for real-time coastal urban flood prediction: An
application to Macao. Journal of Hydrology, 642, 131863.
https://doi.org/10.1016/j.jhydrol.2024.131863

Yadav, N., Sorek-Hamer, M., Pohle, M. V., Asanjan, A. A., Sahasrabhojanee, A., Suel, E., Arku, R.
E., Lingenfelter, V., Brauer, M., Ezzati, M., Oza, N., & Ganguly, A. R. (2024). Using deep
transfer learning and satellite imagery to estimate urban air quality in data-poor regions.
Environmental Pollution, 342, 122914. https://doi.org/10.1016/j.envpol.2023.122914

Zanotti, M. (2025). On the retraining frequency of global models in retail demand forecasting.
Machine Learning with Applications, 22, 100769.
https://doi.org/10.1016/;.mlwa.2025.100769

Zarbipour, P., Akbari, H., & Nikoo, M. R. (2026). Quantum machine learning for wave overtopping
estimation: Integrating with causal inference and uncertainty quantification. Ocean
Engineering, 343(4), 123482. https://doi.org/10.1016/j.0oceaneng.2025.123482

Zeng, B., Wang, R., & Li, H. (2025). Ocean environment prediction methods based on deep
learning and spatiotemporal feature fusion. Scientific Reports, 15,35618.
https://doi.org/10.1038/s41598-025-19620-4

Zhang, 7., & Bowes, B. (2019). The future of artificial intelligence (AI) and machine learning (ML)
in landscape design: A case study in coastal Virginia, USA. Journal of Digital Landscape
Architecture, 4, 2-9. https://doi.org/10.14627/537663001

Zhu, Z., Wang, Z., Dong, C., Yu, M., Xie, H., Cao, X., Han, L., & Qi, J. (2025). Physics informed
neural network modelling for storm surge forecasting: A case study in the Bohai Sea, China.
Coastal Engineering, 197, 104686. https://doi.org/10.1016/j.coastaleng.2024.104686

Maritime Technology and Research 2027; 9(1): 289835 Page 32 of 32



	2. Review of available methods
	To address the combined impact of multiple stressors, single-variable linear systems have migrated to highly integrated, data-driven, and multi-physics computational frameworks, duly encouraged by increasing computational power. To understand this mig...
	2.1 Statistical modeling
	Statistical models are used extensively in coastal management as they are considered as fundamental methods for making evidence-based forecast. These models help decision makers make informed decisions by providing them requisite information for creat...
	Table 1 Summary of statistical frameworks used for coastal management.
	Table 2 Classical machine learning methods, their use areas, and advantages.
	Table 3 DL methods, their use areas, and advantages.
	Table 3 (continued) DL methods, their use areas, and advantages.
	Source: Author’s compilation from various sources
	2.4 Comparison of modeling frameworks
	Each framework discussed in the preceding sub-sections has its own advantages and disadvantages. The development of modeling techniques has evolved over the years, as seen in Figure 1. Subsequent frameworks have addressed limitations of previous frame...
	Figure 1 Development of numerical methods for coastal management over the years.
	Source: Author
	Figure 2 Focus areas of AI/ML in coastal management.
	Source: Author
	Table 4 Comparative assessment of numerical models for coastal management.
	3. Application of AI/ML in coastal management
	Since coastal data is extremely messy, developing unified multimodal coastal foundation models that can be self-trained on the diverse oceanographic data is the primary objective for current AI research. The present focus is on three themes, viz. haza...
	3.1.1 Hydrodynamic and wave modeling
	To address the immense computational power requirement of traditional numerical models like SWAN or ADCIRC, AI/ML use data synthesis (Jörges et al., 2023). With AI/ML, the following are feasible.
	Since coastal environments suffer from sparse, noisy data, ML is used to optimize the integration of disparate data streams and hence improve data availability (Drakopoulou et al., 2026; Masria, 2024).
	3.2.1 Change in shorelines
	The mapping of shorelines is essential for current and future coastal projects. Accordingly, AI/ML models extract and analyze shorelines from massive remote sensing datasets to help make decisions (Tsiakos and Chalkias, 2023).
	3.2.2 Bathymetric and beach modeling
	Knowing the changes in beach profile and bathymetry is essential for coastal infrastructure safety and the creation of new structures. For this, AI/ML is used in various ways, as discussed here (Asborno et al., 2023).
	3.2.3 Coastal hazard assessment
	The need for vulnerability assessment for coastal infrastructure cannot be overlooked. With numerous variables making assessment difficult, ML is used to map risk and vulnerability profiles by synthesizing heterogeneous geographic and hydrodynamic dat...
	Table 5 Summary of using AI/ML for morphological and geomorphological evaluation.
	3.3.2 Ecological health
	Today, using AI/ML techniques, toxic algae bloom can be detected far before they actually becomes visible; seagrass beds, coral reefs, and kelp forests can be classified; fish species can be tracked for migration using data from underwater sensors; pl...
	4. Use of AI in coastal engineering
	As for coastal management, AI can be used for coastal engineering by refining the design, lifespan, and risk modeling of gray infrastructure and by the deployment of soft engineering structures such as Nature Based Solutions (NBS) as seen in Figure 3.
	Figure 3 Use of AI in coastal engineering.
	4.1.1 Optimized design
	By using AI, the design loop can be accelerated as CAD tools can be coupled with hydrodynamic solvers to obtain an optimized design. This coupling may use one of the following methods.
	4.1.2 Higher material efficiency
	By using AI for such designs, human bias can be removed for certain structural layouts. This allows more efficient use of construction material, thereby optimizing their cost. The optimization can be done for mass, scouring, or foundation placement.
	4.1.3 Structural health
	To move from reactive repairs to predictive repairs, IoT data can be used to monitor structural health of coastal infrastructure.
	4.2.1 Predictive modeling
	By using predictive models, one can access where natural fauna can be planted and how they can act as wave attenuation barriers (Figueroa-Alfaro et al., 2022). This, when run alongside erosion forecasting, will help encourage sediment transport and av...
	4.2.2 Remote sensing
	By maintaining a continuous monitoring and predictive analysis using data from remote sensors, coastlines and coastal bottoms can be preserved.
	4.2.3 Generative design
	Generative designs created with the help of AI can help optimize placement, density, and geometry of artificial reefs and where vegetation is to be developed to ensure maximization of flood mitigation and minimization of associated cost. The method ha...
	5. Impact on AI/ML frameworks
	6. Known limitations
	Source: Author’s compilation
	6.3 Missing historical baselines
	ML models need high-resolution historical data to make long-term predictions of natural events. Unfortunately, since the interest and focus on environmental monitoring is a recent development, sufficient historical data for such predictions is not ava...
	Digital twins are mathematical models prepared to create a virtual mirror of the target to be studied. These mathematical models for coastline are continuously updated and can be used by AI to simulate possible scenarios for informed decision-making. ...
	8. Conclusions

