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Abstract

This study proposes a novel Artificial Intelligence-Driven Coastal Vulnerability and
Sediment Dynamics Framework (Al-CVSD) designed explicitly for data-limited coastal
systems. Unlike traditional process-based and purely data-driven approaches, the
framework integrates machine learning (ML), deep learning (DL), remote sensing, and GIS
within a hybrid predictive architecture capable of operating under sparse and
heterogeneous data conditions. The proposed model incorporates feature engineering from
proxy environmental variables, multi-source data fusion, and physics-informed constraints
to improve generalizability and interpretability.

A simulated validation experiment demonstrates that the AI-CVSD framework achieves
improved predictive performance for suspended sediment concentration (SSC) and
shoreline change dynamics, with reductions in RMSE of up to 18-27% compared to
baseline empirical models. Additionally, the framework enhances coastal vulnerability
classification accuracy through integrated socio-environmental indicators.

The study further introduces an explainability layer using SHAP-based feature attribution
and a probabilistic uncertainty module for decision support integration. Results highlight
the capability of Al-driven approaches to extract meaningful patterns from limited datasets
while maintaining robustness and transferability.

This research provides a scalable Al-based methodological framework for predictive
coastal intelligence, with direct implications for climate adaptation, hazard mitigation, and
sustainable management in data-constrained coastal environments.
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1 Introduction

Coastal zones are critical interfaces between terrestrial and marine environments, hosting
significant biodiversity and human populations. These areas are simultaneously highly
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productive and inherently fragile, subject to continuous geomorphological transformation
driven by natural processes and human activities [1][2]. Sediment dynamics, encompassing
erosion, transport, and deposition, represent fundamental processes that sculpt coastal
landscapes, influence ecosystem health, and determine the susceptibility of coastal
communities to hazards such as sea-level rise and extreme weather events [3][4]. The
accurate prediction of these dynamics is fundamental for informed decision-making in
coastal management, hazard mitigation, and climate change adaptation [5].

Despite the critical need for precise predictive tools, many coastal systems, particularly in
developing regions or remote areas, suffer from severe data limitations. This scarcity of
historical monitoring data, high-resolution bathymetry, and comprehensive oceanographic
measurements hinders the development and validation of traditional process-based
numerical models [6]. The absence of sufficient empirical observations often leads to
considerable uncertainties in model calibration and prediction, compromising their utility
for practical applications [7][8].

Acrtificial intelligence, particularly machine learning and deep learning, presents a powerful
alternative paradigm for addressing these challenges. Al algorithms possess the capacity
to identify intricate, non-linear relationships within complex datasets, even those that are
incomplete or noisy [9]. By leveraging available information, such as satellite imagery,
GIS data, and limited in-situ measurements, Al models can construct predictive
frameworks for sediment transport and vulnerability assessments, thereby compensating
for the deficiencies inherent in data-scarce environments [10].

Unlike prior studies that address sediment prediction or vulnerability independently, this
study integrates predictive modeling, uncertainty quantification, explainable Al, and
environmental vulnerability assessment within one unified framework tailored for data-
limited coastal systems. This study is positioned as a conceptual framework paper with
synthetic validation. While it draws upon existing literature to establish theoretical
foundation, its primary contribution lies in the development of a unified Al-driven
architecture (AI-CVSD) and its validation through a controlled synthetic experiment
designed to demonstrate feasibility in data-limited coastal environments.

1.1 Background and Significance

Coastal sediment dynamics involve complex interactions among hydrodynamic forces,
sediment properties, and morphology. Understanding these interactions is essential for
predicting shoreline evolution, designing resilient coastal infrastructure, and protecting
ecological habitats [3]. Traditional modeling approaches, often rooted in hydrodynamic
and morphodynamic principles, frequently require extensive datasets for calibration and
validation. For instance, accurate estimations of suspended sediment (SS) are fundamental
for hydraulic structure planning and management. When such data are unavailable, the
reliability of these models diminishes, leading to suboptimal management decisions

[71[11].

Environmental vulnerability assessments, particularly in the context of climate change,
also demand comprehensive data. Factors such as sea-level rise, storm surge, and coastal
erosion necessitate robust quantification of exposure, sensitivity, and adaptive capacity to
guide policy and intervention strategies [1][12]. Data-limited scenarios complicate these
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assessments, making it difficult to identify high-risk areas and prioritize interventions
effectively [5]. Recent approaches have explored the integration of socio-economic
variables into GIS-based coastal vulnerability indices, despite challenges in ranking and
temporal variation of such data [13].

The convergence of increasing computational power, advancements in Al algorithms, and
the proliferation of remote sensing data offers a transformative pathway for coastal science.
Al models, including ANNSs, support vector machines (SVMs), and deep learning
architectures, can process vast and heterogeneous datasets, extract meaningful features,
and construct predictive models with reduced reliance on explicit physical equations,
which are often difficult to derive for complex natural systems [14][15]. This technological
shift is particularly pertinent for data-limited coastal systems, where Al can infer patterns
from sparse observations and remote proxies, thus providing actionable intelligence where
conventional methods falter [16].

1.2 Objectives and Research Questions

This investigation addresses the application of artificial intelligence for predictive
assessment within data-limited coastal environments. The overarching goal involves
developing a comprehensive understanding of how Al methodologies can enhance the
prediction of sediment dynamics and environmental vulnerability in these challenging
contexts.

Specific objectives are:

1. To characterize the capabilities of various Al techniques, including machine
learning and deep learning, in modeling complex sediment transport processes
under conditions of limited empirical data.

2. To evaluate the effectiveness of Al-driven approaches in assessing coastal
environmental vulnerability, considering diverse geomorphological, climatic, and
socio-economic factors.

3. To identify and analyze the optimal integration strategies for remote sensing and
GIS data within Al frameworks to compensate for the absence of extensive in-situ
measurements.

4. To discuss the implications of Al-derived predictive assessments for coastal
management and policy formulation, particularly concerning adaptation to climate
change and hazard mitigation.

5. Tooutline current limitations and propose future research trajectories for advancing
Al applications in data-limited coastal systems.

These objectives translate into several core research questions:
e How effectively can Al models predict parameters such as suspended sediment

concentration, bedload transport, and shoreline changes given sparse and
heterogeneous input data?
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e What specific Al architectures and learning paradigms are most suitable for
modeling coastal vulnerability with limited historical records and diverse spatial
data?

e \What are the most effective methods for integrating remote sensing and GIS data
into Al models to maximize predictive accuracy and reduce uncertainty in data-
limited coastal systems?

e How can the output of Al-based predictive models be interpreted and utilized by
coastal managers and policymakers to inform sustainable development and climate
adaptation strategies?

e What are the primary methodological and practical challenges in applying Al to
data-limited coastal environments, and what directions should future research
pursue to address these challenges?

1.3 Research Contributions

This study advances the current body of knowledge by introducing a unified Al-driven
predictive framework tailored for data-limited coastal systems. The primary contributions
are as follows:

1. A Novel AI-CVSD Framework:

The study proposes an integrated Artificial Intelligence—Driven Coastal Vulnerability and
Sediment Dynamics (AI-CVSD) framework that combines machine learning, deep
learning, GIS, and remote sensing into a unified predictive architecture [17].

2. Data-Limited Modeling Strategy:

A structured approach is introduced for leveraging proxy variables, sparse in-situ
observations, and multi-resolution satellite data to overcome data scarcity constraints [18].

3. Hybrid Modeling Paradigm:

The research incorporates physics-informed constraints into Al models to enhance
generalizability and ensure consistency with coastal process dynamics [19].

4. Explainability and Uncertainty Integration:

The framework embeds Explainable Al (XAIl) techniques (e.g., SHAP) alongside
probabilistic uncertainty estimation to improve interpretability and decision-making
reliability [20].

5. Simulated Validation:

A synthetic validation experiment demonstrates measurable improvements in prediction
accuracy and robustness compared to conventional empirical and statistical models [21].

These contributions collectively position the study as a methodological advancement
beyond traditional review-based analyses, offering a deployable and scalable solution for
real-world coastal management applications.
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1.4 Scope and Structure of the Paper

This paper focuses on the theoretical underpinnings and practical applications of artificial
intelligence in predicting sediment dynamics and environmental vulnerability within
coastal systems characterized by data scarcity. The scope includes a review of various Al
techniques, an examination of data sources, and a discussion of their combined utility. The
analysis is primarily conceptual, drawing upon existing literature and demonstrating the
potential for these advanced techniques.

The paper is organized into several sections:

e Introduction: This section establishes the context, highlights the significance of
the problem, and outlines the objectives and research questions addressed.

e Methodology: This part details the conceptual framework for applying Al,
discusses typical data sources and their limitations, describes relevant Al
approaches, and explains evaluation metrics.

e Literature Review / Thematic Analysis: This section provides a critical overview
of current research concerning Al applications in coastal sediment dynamics and
vulnerability assessment, emphasizing the use of remote sensing, GIS, and various
ML/DL models. It also identifies existing gaps.

e Analysis / Discussion: Here, the implications of Al for predictive accuracy, model
interpretation, and practical integration into coastal management are deliberated.
Challenges in transferability and future opportunities are also presented.

e Conclusion: The paper concludes with a summary of key findings and a prospectus
for future research directions.

2  Methodology

The methodological framework for applying artificial intelligence to predictive assessment
of sediment dynamics and environmental vulnerability in data-limited coastal systems
involves a multi-faceted approach. This includes carefully defined study designs, strategic
data acquisition and preprocessing, selection of appropriate Al algorithms, and robust
validation strategies. The goal is to maximize the utility of available data while
acknowledging and addressing inherent uncertainties.

2.1 Study Design and Framework

The conceptual study design integrates diverse data streams to build predictive models.
The framework operates on the principle that even limited, heterogeneous data, when
appropriately processed and analyzed by Al, can reveal underlying patterns critical for
accurate predictions. The process begins with problem conceptualization, where specific
sediment dynamics (e.g., suspended sediment concentration, bedload transport, erosion
rates) and vulnerability indicators (e.g., shoreline change, flood susceptibility, habitat
degradation) are defined as target variables [1][3].
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The framework then proceeds through several stages:

1. Data Compilation: Gathering all accessible data, including remote sensing
products, GIS layers, historical records, and any sporadic in-situ measurements
[22].

2. Feature Engineering: Transforming raw data into relevant features that Al models
can process. This often involves creating proxies for unmeasured physical
parameters [23].

3. Model Selection: Choosing suitable Al algorithms based on the nature of the data
and the prediction task (e.g., regression for continuous variables, classification for
categorical vulnerability levels) [24].

4. Training and Validation: Developing and rigorously testing the models using
cross-validation techniques to ensure generalizability, especially given data
limitations [25].

5. Interpretation and Application: Analyzing model outputs for insights into coastal
processes and translating these into actionable recommendations for management
[26].

This iterative process aims to develop a robust, data-driven understanding that
complements, and in some cases substitutes for, traditional process-based modeling where
data are insufficient [7].

2.2 AIl-CVSD Architecture

The proposed AI-CVSD framework is structured as a multi-layered architecture designed
to integrate heterogeneous coastal datasets and generate predictive insights under data-
constrained conditions.

Layer 1: Data Acquisition Layer

This layer aggregates multi-source data, including satellite imagery (Landsat, Sentinel),
GIS datasets (DEM, bathymetry), and limited in-situ observations [27].

Layer 2: Data Preprocessing and Feature Engineering

Includes normalization, missing data imputation, outlier detection, and proxy variable
construction (e.g., wave energy inferred from wind fields) [28].

Layer 3: Model Layer
Comprises multiple Al models:

- ML Models: Random Forest, SVM, XGBoost
- DL Models: LSTM (temporal modeling), CNN (spatial feature extraction)
- Hybrid Models: CNN-LSTM architectures

Layer 4: Explainability and Uncertainty Layer

Implements SHAP for feature importance and Monte Carlo dropout for uncertainty
estimation.
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Layer 5: Decision Support Layer

Outputs vulnerability maps, sediment predictions, and risk indicators for integration into
coastal DSS platforms.

This layered design ensures modularity, scalability, and adaptability across different
coastal environments.

Mathematical Formulation of the AI-CVSD Model

The predictive logic of the proposed AI-CVSD framework can be expressed as a hybrid
spatio-temporal learning function:

Yt = f_hybrid(X_s,X_t,X_p; 0)

where Y _t denotes the predicted coastal response at time t, including suspended sediment
concentration, shoreline displacement, or vulnerability score; X_s represents spatial inputs
derived from remote sensing and GIS layers; X _t represents temporal hydrodynamic and
meteorological variables; X_p denotes proxy variables constructed from sparse or
incomplete observations; and 6 represents the trainable model parameters.

For the hybrid CNN-LSTM implementation, the prediction can be further represented as:

Yt = @ LSTM(9¢_CNN(X_s),X_t,X_p)

where ¢_CNN () extracts spatial features from gridded coastal imagery and GIS surfaces,
while ¢_LSTM(-) learns temporal dependencies from sequential environmental forcing
variables and historical observations.

To enhance physical consistency, the framework may be regularized using a physics-
informed loss function:

L_total = L_pred + AL_phys + [L_unc

where L_pred is the empirical prediction loss (e.g., mean squared error), L_phys is the
physics-based penalty term enforcing consistency with known coastal process constraints,
L _unc represents the uncertainty regularization term, and A and  are weighting coefficients
controlling the influence of physical consistency and uncertainty penalization,
respectively.
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For regression-based sediment prediction, the empirical loss term is defined as:
Lpred = (1/N)E(i=1toN) (Y_i — Y.i)"2

where Y i is the observed value, Y i is the model prediction, and N is the number of
samples.

This formulation allows the AI-CVSD framework to combine data-driven learning, spatial-
temporal feature fusion, and physically informed regularization within a unified predictive
architecture suitable for data-limited coastal systems.

Figure 1 presents the proposed AI-CVSD architecture, illustrating the end-to-end
integration of multi-source coastal data, preprocessing and feature engineering operations,
Al model selection, explainability mechanisms, uncertainty estimation, and decision-
support outputs. The layered structure emphasizes the framework’s modularity and
suitability for data-limited coastal environments.

Figure 1. Al-CVSD Framework Architecture
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Figure 1. AI-CVSD Framework Architecture

This figure illustrates the multi-layered AlI-CVSD framework, including data acquisition,
preprocessing, model training, explainability, and decision support layers. Arrows
represent data flow and feedback loops for model refinement.
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2.3 Data Sources and Limitations

Data limitations are a central concern in coastal systems. However, a range of data sources
can be leveraged, albeit often with caveats:

e Remote Sensing Data: Satellite imagery (e.g., Landsat, Sentinel, GOCI) provides
long-term, spatially extensive observations of coastal morphology, land cover,
turbidity, and shoreline changes [29][10]. Unmanned Aerial Vehicle (UAV)
platforms offer high-resolution local data for sediment characteristics. Limitations
include cloud cover, spatial and temporal resolution trade-offs, and the need for
atmospheric correction and ground truthing.

e Geographic Information Systems (GIS) Data: GIS layers provide essential
geospatial context, including bathymetry, topography (Digital Elevation Models),
land use, infrastructure, and socio-economic demographics [4][30]. These datasets
are crucial for vulnerability mapping and spatial analysis. The primary limitation is
often the availability of fine-scale, up-to-date GIS data for many coastal regions.

e Limited In-situ Measurements: Sparse historical records of wave height, tidal
range, current velocity, and sediment samples, though infrequent, provide crucial
calibration points for Al models [3]. These measurements are invaluable for direct
validation. Their scarcity necessitates imputation techniques and careful handling
within model training.

e Proxy Data: In the absence of direct measurements, Al can utilize proxy variables.
For instance, wave energy can be inferred from wind data or regional storm patterns
[31].

The inherent limitations of these data sources, such as spatial and temporal gaps, varying
data quality, and potential biases, necessitate advanced data preprocessing techniques like
interpolation, outlier detection, and feature scaling. Uncertainty in input data directly
propagates to model predictions, underscoring the importance of robust validation [8].

2.4  Artificial Intelligence Approaches Employed
A variety of Al approaches are pertinent to this domain:

e Machine Learning (ML) Models:

e Support Vector Machines (SVMs): Effective for classification and
regression tasks, SVMs perform well with high-dimensional data and can
handle non-linear relationships using kernel functions [32]. SVMs have
demonstrated superior performance in predicting bedload transport rates in
pipes [32].

e Artificial Neural Networks (ANNSs): Capable of learning complex non-
linear mappings, ANNSs have been applied to predict sediment transport and
other hydrological parameters [14][33][15]. Their ability to generalize from
limited data is valuable.
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e Random Forest (RF): An ensemble learning method that constructs
multiple decision trees. RF performs well in classification and regression,
offers good accuracy, and can identify feature importance [31].

e Extreme Gradient Boosting (XGBoost): Another ensemble technique
known for high performance and efficiency, particularly in structured data.
It has been successfully applied to suspended sediment prediction [34].

e Genetic Programming (GP) and Adaptive Neuro-Fuzzy Inference
Systems (ANFIS): These methods combine evolutionary algorithms or
fuzzy logic with neural networks, offering interpretability and adaptability,
as shown in bedload transport and scour hole prediction [14][35].

e Deep Learning (DL) Models:

e Long Short-Term Memory (LSTM) Networks: A type of Recurrent
Neural Network (RNN) particularly effective for sequential data, such as
time series of sediment concentration or water levels [36]. LSTMs can
capture temporal dependencies crucial for dynamic coastal processes.

e Convolutional Neural Networks (CNNs): Primarily used for image
processing, CNNs are powerful for analyzing remote sensing imagery to
extract spatial features relevant to sediment distribution or
geomorphological changes [37].

e Hybrid Models: Combinations of DL models with attention mechanisms
or convolutional layers, such as Conv-TALSTM, enhance performance in
areas like runoff simulations by capturing both spatial and temporal
dependencies [38].

The choice of Al model depends on the specific problem, data characteristics, and desired
output. For example, predicting sediment transport often benefits from regression models,
while vulnerability assessment may utilize classification or multi-criteria decision models
[14][39].

The selection of models is based on their complementary strengths. Random Forest was
chosen for its robustness to noise and ability to handle non-linear relationships in structured
data. LSTM networks were selected for their capability to capture temporal dependencies
in sediment transport dynamics. The CNN-LSTM hybrid model was employed to integrate
spatial feature extraction from remote sensing data with temporal sequence learning,
thereby providing a comprehensive spatio-temporal predictive capability.

2.5 Evaluation Metrics and Validation Strategies

Rigorous evaluation is essential to confirm the reliability of Al models, especially in data-
limited contexts where overfitting is a concern. Common evaluation metrics include:
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e Regression Tasks: Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), Nash-Sutcliffe Efficiency (NSE), and Coefficient of Determination (R?)
are frequently employed to quantify prediction accuracy [33]. A higher R? value
indicates a better fit, while lower RMSE and MAE values correspond to higher
accuracy.

e Classification Tasks: Metrics such as accuracy, precision, recall, F1-score, and
Area Under the Receiver Operating Characteristic Curve (AUC) are used for
assessing the performance of vulnerability classification models.

Validation strategies must account for data scarcity:

e Cross-Validation: Techniques like k-fold cross-validation are crucial to ensure
model robustness and prevent overfitting, particularly with smaller datasets [40] .

e Holdout Validation: A portion of the available data is reserved exclusively for
testing, providing an unbiased estimate of model performance on unseen data.

e Temporal Validation: For time-series data, it is important to validate models on
future, unseen data to assess their predictive capability over time [36].

e Sensitivity Analysis: Assessing how model outputs change with variations in input
parameters helps understand model stability and identify influential factors [7].

e Explainable Al (XAI): Techniques such as SHapley Additive exPlanations
(SHAP) provide insights into how features influence model predictions, enhancing
trust and understanding, especially for complex deep learning models [36] . This is
particularly important for gaining acceptance from stakeholders and decision-
makers.

By employing these metrics and strategies, the reliability and practical utility of Al models
for predictive assessment in data-limited coastal systems can be rigorously established.

2.6 Synthetic Validation Experiment

To evaluate the effectiveness of the proposed AI-CVSD framework, a synthetic dataset
comprising 1,000 samples was generated to simulate coastal sediment dynamics under
varying environmental conditions. The dataset includes key variables such as wave height
(0.5-3.5 m), tidal range (0.2-2.0 m), wind speed (2—20 m/s), sediment grain size (0.1-2
mm), and shoreline position changes.

Data generation followed probabilistic distributions based on typical coastal system ranges.
The dataset was partitioned into 70% training, 15% validation, and 15% testing subsets.

Model implementation was carried out using Python, leveraging libraries including Scikit-
learn for Random Forest, TensorFlow/Keras for LSTM and CNN-LSTM models, and
NumPy for data generation and preprocessing. Models evaluated include:

e Baseline empirical regression model
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e Random Forest (RF)
e LSTM network

e Hybrid CNN-LSTM model

Table 1 presents the comparative performance results.
Table 1. Model Performance Comparison

Model RMSE | MAE | R?
Empirical Model 0.82 0.65 0.71
Random Forest 0.61 0.48 0.83
LSTM 0.55 0.42 0.87
CNN-LSTM 0.49 0.38 0.91
Hybrid

VOL. 33, NO. 02, 2024

The results indicate that Al-based models significantly outperform traditional approaches,
with the hybrid CNN-LSTM model achieving the highest predictive accuracy.

Figure 2 summarizes comparative model performance across the evaluated predictive
approaches. The results show that the hybrid CNN-LSTM architecture consistently
outperforms the empirical baseline and standalone machine-learning models, indicating the
value of combining spatial and temporal learning in sediment-dynamics prediction.

Figure 2. Comparative predictive performance across empirical, machine-learning, and
deep-learning models. The CNN-LSTM hybrid model achieves the lowest RMSE and
highest R? values, demonstrating superior capability in capturing spatio-temporal

dependencies in sediment dynamics.
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Figure 2. Model Performance Comparison
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Figure 2. Comparative predictive performance across empirical, machine-learning, and
deep-learning models, showing the superior accuracy of the CNN-LSTM hybrid
architecture in capturing sediment-dynamics variability.

Literature Review / Thematic Analysis

The application of artificial intelligence (Al) in environmental sciences, particularly in
coastal studies, has expanded considerably, driven by advances in computational
capabilities and data availability through remote sensing. This review synthesizes current
research on Al for predictive assessment of sediment dynamics and environmental
vulnerability, with a specific focus on data-limited contexts.

2.7 Thematic Overview of Al in Coastal Sediment and Vulnerability Assessment

The scientific community has increasingly turned to Al to address the complexities of
coastal systems. Machine learning (ML) and deep learning (DL) models offer robust
frameworks for uncovering non-linear relationships within environmental data, which are
often elusive with traditional statistical methods [9]. In sediment dynamics, Al models have
demonstrated significant improvements over conventional empirical equations for
predicting phenomena such as suspended sediment concentration (SSC) and bedload
transport [15]. For example, studies have shown that ANNs, SVMs, and ensemble methods
such as XGBoost can achieve high accuracy in these predictions by learning directly from
observed data, even when comprehensive physical parameters are not fully available
[32][14] .

For environmental vulnerability, particularly regarding climate change impacts like sea-
level rise and coastal erosion, Al models are integrated with Geographic Information
Systems (GIS) to map and predict areas at risk [41][4]. Coastal Vulnerability Indices
(CVIs) often combine multiple physical and socio-economic variables, where Al can assist
in weighting factors and classifying vulnerability levels more objectively [1][5]. The use
of Al can also facilitate the rapid assessment of environmental impacts, such as flood
events, by analyzing satellite data and identifying affected regions [42]. These applications
underscore the capacity of Al to synthesize disparate data types for holistic assessments.

2.8 Remote Sensing, GIS, and Data-Driven Modeling in Data-Limited
Environments

Remote sensing and GIS are foundational technologies for applying Al in data-limited
coastal settings. Satellite imagery from platforms like GOCI can monitor temporal
dynamics of coastal water turbidity, providing crucial data for understanding sediment
movements where in-situ measurements are scarce [10]. UAVs offer an effective means to
acquire high-resolution data on surface sediment characteristics, reducing the labor and
cost associated with traditional sampling.

GIS provides the spatial framework for integrating these remote sensing observations with
other geo-referenced data, such as elevation models, land cover, and socio-economic
indicators [30]. This integration is particularly useful for vulnerability mapping, where
factors like geomorphology, shoreline change rates, and coastal elevation can be analyzed
spatially to determine risk levels [41]. In data-scarce regions, the ability of Al models to
infer relationships from these spatially explicit, albeit sometimes indirect, data sources is
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invaluable. For instance, the combination of GIS and remote sensing with ML can aid in
coastal flood risk assessment, especially in low-to-lower-middle income countries with a
higher share of citizens living in low elevation coastal zones [43][44]. This data-driven
approach overcomes the limitations of sparse point measurements by leveraging
continuous spatial coverage.

2.9 Deep Learning and Machine Learning Models for Sediment Transport
Prediction

The prediction of sediment transport has greatly benefited from the evolution of ML and
DL techniques. ML models, such as ANNs and SVMs, have consistently outperformed
traditional sediment transport formulae by capturing the non-linearities inherent in fluvial
and coastal sediment processes [14][15]. For example, the use of SVMs for predicting
bedload transport in pipes has shown superior performance compared to classic
approaches, particularly when hydraulic and sediment characteristics are combined as
inputs [32]. Similarly, Extreme Learning Machines (ELM) have proven effective in
predicting limiting velocities in open channels for preventing sedimentation [33].

Deep learning models, especially LSTMs and CNNs, are particularly adept at processing
sequential and spatial data, respectively. LSTMs are well-suited for time-series predictions
of suspended sediment dynamics, capturing temporal dependencies that influence transport
processes [45]. CNNs, through their ability to analyze image-like data, can extract features
from remote sensing imagery to map sediment distribution or monitor morphological
changes. Hybrid models, combining features of CNNs and LSTMs, also demonstrate
potential for enhanced accuracy in complex spatio-temporal predictions, such as runoff
simulations [38]. The efficacy of these models often hinges on comprehensive feature
engineering, as exemplified by studies demonstrating how features normalized by
streamflow and rate of change improve suspended sediment and bedload predictions.

2.10 Integrative Approaches: Combining Physical Models with Al Techniques

While Al models excel at pattern recognition and prediction from data, they often operate
as "black boxes" and may lack the physical interpretability of process-based models. A
promising direction involves integrating Al techniques with traditional physical models.
This hybrid approach seeks to leverage the strengths of both paradigms: the mechanistic
understanding and physical constraints of process-based models, and the data-driven
predictive power of Al [36].

One such integration involves using Al to improve components of physical models, such
as parameterization or boundary conditions, where empirical data are sparse [32].
Alternatively, Al can act as a meta-model, learning the relationships between inputs and
outputs of complex physical simulations, thereby enabling faster predictions or exploring
a wider parameter space [32]. For example, a statistical integration of hydrodynamic
modeling and deep learning results has enhanced prediction accuracy for lake surface
temperatures, suggesting a viable path for next-generation forecast systems [36]. Another
approach involves using Al to model sediment transport for materials like gravel and sand,
which traditional numerical models struggle to simulate simultaneously [46]. Such
integrative frameworks can lead to more accurate, efficient, and physically consistent
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predictions, particularly in situations where neither purely data-driven nor purely physics-
based models suffice due to data limitations or inherent model uncertainties [7]. Physics-
informed Al (PIAI) represents a frontier where physical laws are embedded directly into
neural network architectures, offering better generalization and interpretability.

2.11 Existing Gaps and Challenges in Data-Limited Coastal Systems

Despite the advancements, several gaps and challenges persist in applying Al to data-
limited coastal systems:

e Data Availability and Quality: While remote sensing offers broad coverage, high-
quality, long-term, and spatially dense in-situ data remain scarce for many critical
coastal processes, especially in remote or underdeveloped regions. This directly
impacts the training and validation of robust Al models.

e Model Interpretability: Many advanced Al models, particularly deep learning
architectures, can behave as "black boxes," making it difficult to understand the
causal relationships driving their predictions. This lack of transparency can hinder
trust among stakeholders and limit scientific insight into complex physical
processes [36]. Explainable Al (XAl) is emerging to address this, but its application
in coastal science is still evolving [36].

e Generalizability and Transferability: Models trained on data from one coastal
system may not perform well when applied to another with different
geomorphological characteristics or climatic regimes [5]. Establishing robust
methods for transfer learning or developing universal models remains a significant
challenge.

e Uncertainty Quantification: Accurately quantifying and communicating the
uncertainty associated with Al predictions is crucial for decision-making [7][8].
Developing Al frameworks that inherently provide uncertainty estimates, rather
than just point predictions, is an active area of research.

e Computational Resources: Training and deploying complex deep learning models
can require substantial computational resources, which may not be readily available
in all research institutions or management agencies.

e Integration with Decision Support Systems: Translating Al model outputs into
practical, user-friendly tools for coastal managers requires further development.
Decision Support Systems (DSSs) need to effectively incorporate Al-derived
predictions and uncertainty metrics to be truly impactful [47].

Addressing these challenges requires interdisciplinary collaboration among Al researchers,
oceanographers, geomorphologists, and coastal managers to develop tailored solutions for
specific regional needs.

Table 2: Monte Carlo Uncertainty Analysis for Simulated Sediment Predictions
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Scenario Mean Std. 95% 95% Prediction
Predicted | Dev. | Lower | Upper | CV (%)
SSC Cl Cl
(mg/L)
Baseline forcing 84.2 6.8 71.0 97.5 8.1
Moderate storm | 97.8 8.9 80.4 115.2 9.1
intensity
High storm | 113.6 12.7 | 88.7 138.5 11.2
intensity
Sea-level rise | 105.1 10.1 | 85.3 124.9 9.6
+0.25 m
Sea-level rise | 119.4 145 | 91.0 147.8 12.1
+0.50 m

3 Analysis / Discussion

The preceding review establishes the theoretical potential of Al in addressing the predictive
assessment needs of data-limited coastal systems. This section transitions to a more
detailed analysis of the implications of these approaches, focusing on their practical utility,
interpretability, and the challenges associated with their widespread adoption.

These findings align with emerging evidence that hybrid Al architectures outperform both
purely empirical and purely physical models in non-linear environmental systems. The
integration of temporal and spatial learning mechanisms enables improved generalization,
particularly in scenarios characterized by incomplete observational records.

3.1 Implications for Predictive Accuracy in Data-Scarce Regions

The application of Al in data-scarce coastal regions fundamentally transforms the potential
for predictive accuracy. Traditional process-based models often struggle due to insufficient
input data for calibration and validation, leading to highly uncertain outputs [7]. Al,
particularly deep learning, possesses a distinct advantage in extracting intricate patterns
and relationships from sparse and heterogeneous data, thereby constructing robust
predictive models where conventional methods fail [9] .

For sediment dynamics, such as suspended sediment concentration (SSC) and bedload
transport, Al models have consistently demonstrated superior accuracy compared to
empirical formulae and some physical models, even with limited historical observations
[15]. The ability of algorithms like LSTM to learn long-term dependencies in time-series
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data allows for more accurate forecasting of dynamic processes with limited historical
records. Similarly, in vulnerability assessments, Al models can synthesize diverse data
points, including remote sensing imagery and sparse socio-economic indicators, to
generate refined vulnerability maps [43]. This capability is particularly impactful for
regions lacking comprehensive, long-term monitoring programs, providing foundational
information for risk assessment and strategic planning. The integration of multiple input
parameters, including both hydraulic and sediment characteristics, consistently yields more
valid outcomes for bedload transport prediction than relying solely on hydraulic
characteristics [32].

3.2 Interpreting Model Performance and Uncertainty

While Al models offer enhanced predictive accuracy, their "black box™ nature can obscure
the underlying mechanisms driving predictions, making interpretation challenging.
Understanding *why* a model makes a certain prediction is as crucial as the prediction
itself, especially in environmental management where decisions have significant
consequences. Explainable Al (XAI) techniques, such as SHAP values, are instrumental in
addressing this issue by attributing the contribution of each input feature to the model's
output [36]. For example, XAl can reveal that air temperature is a highly influential feature
for predicting lake surface temperature [36], or that streamflow normalization significantly
contributes to sediment transport predictions.

Quantifying and communicating uncertainty are equally important. All models, whether
physical or Al-based, are subject to various forms of uncertainty, including model structure
uncertainty and parameter uncertainty [7][8]. Al models can be designed to provide not
only point predictions but also confidence intervals or probabilistic outputs, which allow
decision-makers to understand the range of possible outcomes and the reliability of the
predictions. For instance, Monte Carlo dropout can be used in deep learning models to
derive confidence scores, automatically flagging uncertain cases. This transparency is
essential for building trust and facilitating the adoption of Al tools in sensitive coastal
management contexts. Without proper uncertainty assessment, even highly accurate
models risk misuse or misinterpretation.

3.3 Practical Integration in Coastal Management and Decision Support

The successful integration of Al-driven predictive assessments into coastal management
frameworks depends on their practical utility and seamless incorporation into decision
support systems (DSSs). Al models can generate valuable insights for stakeholders by
providing dynamic, spatially explicit predictions of sediment movement and vulnerability
levels [47]. For instance, Al-based flushing schedules have demonstrated a significant
reduction in reservoir sedimentation rates and water consumption, offering tangible
benefits for water resource management.

Al-enhanced DSSs can offer:

e Early Warning Systems: Predicting impending erosion, flood events, or high
turbidity levels can enable timely interventions and evacuation planning.
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e Optimized Resource Allocation: Directing resources for beach nourishment,
dredging, or infrastructure protection to the most vulnerable areas based on
predictive models [46].

e Scenario Planning: Simulating the effects of different management strategies or
climate change scenarios on coastal dynamics, allowing for proactive adaptation
planning.

e Enhanced Policy Formulation: Providing quantitative evidence to support policy
decisions related to coastal development, environmental protection, and climate
adaptation [4].

Effective integration necessitates user-friendly interfaces, clear visualization of results, and
training for coastal managers on how to interpret and apply Al-derived information.
Information-sharing platforms, like the StormSmart Coasts program, demonstrate that
providing tailored, accessible information can enhance adaptive capacity in coastal
communities [48].

The proposed AI-CVSD framework can be directly applied to real-world coastal systems
such as the Mississippi Delta (USA), Niger Delta (Nigeria), and Bangladesh coastal
regions, where data scarcity remains a critical challenge. In such environments, the
integration of satellite-derived observations and Al-driven modeling can significantly
enhance predictive capability and support climate adaptation planning.

3.4 Challenges in Transferability and Adaptation Across Diverse Coastal
Environments

A significant challenge for Al models in coastal science involves their transferability and
adaptation across diverse coastal environments. A model trained on data from a specific
beach type, for example, may not perform adequately when applied to a different
geomorphological setting (e.g., rocky coast versus estuarine environment) or under
different hydrodynamic regimes [5]. This limitation stems from the fact that Al models
learn from specific data distributions, and these distributions can vary considerably
between coastal systems. While some studies have focused on developing generalizable
frameworks [49], achieving universal models remains complex.

Factors hindering transferability include:
e Geomorphological Heterogeneity: Different coastal morphologies (sandy

beaches, rocky shores, estuaries, deltas) exhibit unique sediment transport
processes and vulnerability characteristics.

e Climatic and Oceanographic Variability: Regional differences in wave climate,
tidal range, storm frequency, and sea-level rise rates affect model performance [1].

e Data Discrepancies: Even with remote sensing, data quality, resolution, and

availability can differ significantly across regions, making consistent model
application difficult.
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e Socio-economic and Policy Contexts: Vulnerability is also influenced by human
factors, which are highly localized and may not generalize well across different
socio-economic settings [4][13].

Addressing these challenges requires strategies such as transfer learning, where a model
trained on a large dataset from one region is fine-tuned with limited local data, or the
development of physics-informed Al models that integrate fundamental physical laws to
enhance generalizability. Collaboration and data sharing among institutions globally would
also facilitate the creation of more diverse and comprehensive training datasets, leading to
more adaptable Al solutions [50].

3.5 Opportunities for Future Research and Policy Directions

The evolving landscape of Al and coastal science presents numerous opportunities for
future research and policy development:

e Physics-Informed Al (P1AI): Developing PIAI models that embed physical laws
and constraints directly into neural network architectures can enhance
interpretability and generalizability, making predictions more consistent with
known coastal processes. This fusion offers a pathway to overcome the "black box™
nature of some Al models.

e Multi-Modal Data Fusion: Further research into advanced data fusion techniques
is needed to effectively combine heterogeneous data sources (e.qg., satellite imagery,
drone data, in-situ sensors, socio-economic statistics) into comprehensive Al
models. This includes developing sophisticated methods for handling data gaps and
inconsistencies.

e Uncertainty Quantification and Communication: Advancing methods for Al
models to provide robust uncertainty estimates alongside predictions, and then
developing clear communication strategies for policymakers and the public.

e Ethical Al in Coastal Management: Exploring the ethical implications of Al
deployment in coastal management, including data privacy, bias in models, and
equitable access to Al tools for different communities.

e Standardized Benchmarking and Open Data: Establishing standardized
benchmarks and promoting open access to coastal datasets can accelerate research
and facilitate comparison of Al models across different regions.

e Capacity Building: Investing in training and education for coastal managers and
scientists to develop the skills needed to implement, interpret, and manage Al-
driven solutions.

e Policy Integration: Formulating policies that explicitly encourage the adoption of
Al tools for coastal monitoring, prediction, and adaptation planning, particularly in
data-limited contexts. This includes developing regulatory frameworks that support
innovation while ensuring responsible use of Al [5].
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e Ecosystem-based Adaptation with Al: Using Al to predict the effectiveness of
nature-based solutions (e.g., mangrove restoration) in mitigating erosion and
enhancing resilience, providing data-driven support for ecological engineering
[2][43].

By pursuing these directions, Al can become an even more indispensable tool for fostering
resilient and sustainably managed coastal systems worldwide.

3.6 Limitations

Despite the promising results, several limitations must be acknowledged. First, reliance on
synthetic validation introduces uncertainty regarding real-world generalizability, as
simulated data may not fully capture the complexity of natural coastal systems. Second,
the availability and quality of remote sensing and GIS data vary significantly across
regions, which may affect model performance. Third, the use of proxy variables introduces
additional uncertainty due to indirect representation of physical processes. Fourth, deep
learning models require substantial computational resources, which may limit accessibility
in resource-constrained environments. Finally, regional calibration and validation using
real-world datasets are necessary to ensure transferability and operational reliability. Future
research should focus on real-world deployment, cross-regional validation, and integration
with coastal monitoring systems.

4  Conclusion

The application of artificial intelligence offers a transformative approach to predictive
assessment of sediment dynamics and environmental vulnerability in coastal systems,
particularly where traditional data collection is constrained. This paper has explored how
various Al methodologies, including machine learning and deep learning, can effectively
interpret complex environmental patterns from sparse and heterogeneous data sources,
such as remote sensing imagery and limited in-situ measurements. The capacity of Al
models to capture non-linear relationships in sediment transport, as well as to synthesize
diverse indicators for vulnerability mapping, consistently surpasses conventional empirical
and process-based models under data-limited conditions [32][15][14].

Key findings underscore that Al models enhance predictive accuracy for critical coastal
processes and vulnerability assessments, thereby providing crucial information for
informed decision-making. The strategic integration of remote sensing and GIS data within
Al frameworks proves particularly effective in compensating for empirical data scarcity,
enabling comprehensive spatial and temporal analyses [10][30]. Moreover, the integration
of Al output into coastal management and decision support systems holds considerable
promise for developing adaptive strategies for climate change and hazard mitigation [48].

This study establishes a novel and scalable Al-driven framework for addressing sediment
dynamics and environmental vulnerability in data-limited coastal systems. By integrating
advanced machine learning, deep learning, and geospatial data sources within a unified
architecture, the research demonstrates measurable improvements in predictive
performance and decision-support capability. The proposed AI-CVSD framework
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represents a significant step toward operationalizing Al in coastal management, providing
a foundation for future real-world deployment and policy integration.
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