Integrated Al—Physics based End-to-End

Framework for Coastal Prediction
i-GCOAST

Joanna Staneva, Wei Chen, Bing Yuan, Irem Yildiz, Nour Dammak and E. Stanev

Helmholtz-Zentrum Hereon, Institute of Coastal Systems — Analysis and
Modeling, Geesthacht, Germany

E-mail: joanna.staneva@hereon.de




Why Coastal Prediction is Challenging

climate variability air-seainteraction

e Strong nonlinearity & multi-scale
dynamics

e Sparse and heterogeneous
observations P ediméht dynamlcs

A
/s;tuarlneand coastal dynamics \ /

/\ impacts of offshore windfarms

* Uncertainty in forcing and
boundary conditions

* Need for improved, integrated
prediction systems




I - GCOAS.T Al—Physics Coastal Prediction Framework
Al-Physics based Coastal

Prediction Framework
I
* Observations - Al Reconstruction -

Data Assimilation i
* - Physics-based Models - MRty

(Al + Physics)

Forecasting / Scenarios Ly
. |
* - Al enhancement (downscaling, PHYSICS-BASED MODEL
optimization) SCH'SMWl”'“,‘"
. ’ !
* - Coastal Prediction = —

Bathymetry Sea Level NbS, Erosion

Al ENHANCEMENT

Downscaling | Surrogates | Optimization

COASTAL PREDICTION




i-GCOAST — Overal workflow prototype
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Bathymetric reconstruction and forecasting using
deep learning

* Coastal models lack high-resolution time-series bathymetry.

30 bathymetric CNN reconstructs ConvLSTM learns seabed

Maps spatial evolution and forecasts future
(1983-2012) bathymetry bathymetry.

Yildiz, I., Stanev, E.V. & Staneva, J. Advancing
bathymetric reconstruction and forecasting
using deep learning. Ocean Dynamics 75, 36
22025). https://doi.org/10.1007/s10236-025-01679-
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Bathymetric reconstruction and forecasting using
deep qu rning Actual N Prediction Norm. Diff.
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e The forecasting model perfo‘m‘ a l\

consistently well over the analyzed period,
— with an average RMSE of 0.139 m
- * Index of agreement between observations
and forecasts higher than 0.994.
=
= hereon
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Yildiz, I., Stanev, E.V. & Staneva, J. Advancing bathymetric
reconstruction and forecasting using deep learning. Ocean
D¥namics 75, 36 (2025). https://doi.org/10.1007/s10236-025-
01679-2
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Introduction: Statistical downscaling
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 Randomness (initialization & shuffling etc.) -> Instability in model prediction:
* Trained model from which epoch/run to use for prediction?

* Ensemble method: combine predictions from epochs/runs/NN models

Unclear 1n the selection of trained model in studies using NN; and
how to reduce instability in NN model prediction?
What about traditional deterministic model like linear regression? @ hereon



Aim of the research

We propose an ensemble CNN-based model and a linear regression model for
spatial SWH downscaling from publicly available global ERA5 dataset to regional
model output.

Both and (using wind) SWH downscaling are
explored.
Questions:

* (i) How effectively can an ensemble method reduce the prediction
instability of CNN-based models for spatial SWH downscaling?

* (ii) Does the nonlinear CNN-based model outperform the linear regression
model in spatial wave downscaling with both self-variable and cross-

variable approaches?



Material and methods

* Super-resolution residual network (SRResNet), based on Ledig et al. (2017)

* Ensemble method: combine multiple predictions from different
NNs/runs/epochs etc.

What we use:

* average epoch predictions after training loss is approximately stabilized, e.g.,
average predictions from the last few epochs.
* No need to train multiple NNs
* Directly applicable to other NNs



Material and methods

* Default setting for the experiment:
* Loss function: f-prediction, y-target (ground truth)

* Le = |lf —yll;
* Input:
* self-variable: low-resolution SWH data; cross-variable: low-resolution wind components
U&V

* normalized using a range cover the maximum & minimum values of the variables
* NaN value setto O

* Output: high resolution data (e.g. SWH)
* Scale factor: self-variable: 20 (12*12->240*240 grid points); cross-variable 10.



Results: ensemble vs original SRResNet
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» Ensemble method reduces instability of NN model predictions and
improves performance in terms of global RMSE.
(select the last 20 epochs from run0 as ensemble to present the results )
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Comparison of error metrics between SRResNet and the ensemble SRResNet for multiple runs
in self-variable SWH downscaling. For the ensemble model, the error value at an epoch
number is obtained by using the averaged prediction from that epoch to the last epo SFESH



Al coastal downscaling from global reanalysis, projections

forecast

 Ensemble SRResNet and
MLR have similar
performance in self-variable
SWH downscaling in the
Black Sea;

* |n cross-variable
downscaling, the former still
works, while the latter fails.

Yuan et al., Ocean Eng. (2025)

Self-variable downscaled SWH at four times (a storm period)
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Interoperatabiloty: Al downscaling

Coastal fields
downscaling

Al modeli

Inputs:
P = Time, variables .
Low-resolution data  (e.g., velocity) High-resolution

from CMEMS, ECMWF regional coastal
CMIPs fields
Regional-coastal

(& 7o Copernicus
—— Marine Service

Yuan et al., Appl. Ocean Res. (2024);
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Al: reconstruction and forecasting of coastal sea

level

Coastal
observations
in German Bight
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CNN Encoder—Decoder (spatial reconstruction)
LSTM (temporal forecasting)

Yildiz, I., Stanev, E.V. & Staneva, J. From monochromatic waves to realistic tides: deep learning for short-term forecasting of
coastal ocean. Sci Rep 15, 44229 (2025). https://doi.org/10.1038/s41598-025-31670-2
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Al: reconstruction and forecasting of coastal sea

level

Coastal
observations
in German Bight

54°N

CNN - LSTM
hybrid archltecture

reconstruct basin-
wide sea level from 2 b

limited INOPUT TARGET
observatlons

FRT: Realistic sea level scenario

FRT-A: Realistic sea level scenario with coastal
observation

Predictive performance in FRT (first

row) and FRT-A (second row)

forecast short term
tidal variability in
sea level

Yildiz, |., Stanev, E.\V. & Staneva, J. From monochromatic waves to realistic

tides: deep learning for short-term forecasting of coastal ocean. Sci
Rep 15, 44229 (2025). https://doi.org/10.1038/s41598-025-31670-2
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End-to-end Al reconstruction [prediction of SPM
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Compare to DINEOF, 4DVarNet improved

two-phase transfer learning

AR strategy: (1) pre-training on

OSSEs and (2) fine-tuning on
' N OSEs.

 The approach employs a novel

Chen et al., Appl. Ocean Res., (2025)
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performance with a 70% reduction in RMSE
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Algorithm
and 50% increase in SSIM.
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Chen, W., Nguyen, T.T.N,, Pein, J., Jourdin, F., Fablet, R., Staneva, J. (2025):
Physics-informed neural data assimilation for high-resolution coastal SPM UNet
reconstruction from model and satellite data. Applied Ocean Research, Vol 4DVarNet

165, 104871. https://doi.org/10.1016/j.apor.2025.104871
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Al for Scenario Optimization

* Main Challenge

A transferable modeling and framework for coastal risk analysis
(erosion) that simulates the complex multi-compartment system.

$

 How can the optimal seagrass meadow ( What-if different
location, size) be determined regarding the model management
strategies?



Model and methods

Hydro-model
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[ Numerical model block ]

Hydro-model
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[ Numerical model block ]

[ Experiments block]
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Dammak et al., Appl. Ocean
Res., (2025, 2026)
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* A high level of precision in the

Al model’s prediction

 We can reduce experiment
size by 70% while keep a

sufficient accuracy!
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Conclusions & Outlook
IGCOAST Framework

* Al enhances reconstruction,
forecasting, and downscaling

* Hybrid Al-Physics systems improve
accuracy and efficiency

* Integration of observations and models
is essential

* Towards operational Coastal Al systems
i-GCOAST

Integrated Al-Physics Approaches for Coastal
Prediction

2
DIGITAL TWINS a8
NATURE BASED SOLUTIONS DIGITAL INFRASTRUCTURES

COMPANIES

RESEARCHERS

ADDRESSING
SOCIETAL NEEDS




Main references

* Chen, W., Nguyen, T. T. N., Pein, J., Jourdin, F., Fablet, R., & Staneva, J. (2025). Physics-informed neural data assimilation for
high-resolution coastal SPM reconstruction from model and satellite data. Applied Ocean Research, 165, 104871. DOI:
10.1016/j.apor.2025.104871

e 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, Vol 154, 104326, doi:10.1016/j.apor.2024.104326

 Irrgang, C., Boers, N., Sonnewald, M., Barnes, E. A., Kadow, C., Staneva, J., & Saynisch-Wagner, J. (2021). Towards neural Earth
%stl%rglg?%%%lgg 5 blbtg aat31ng artificial intelligence in Earth system science. Nature Machine Intelligence, 3, 667—674. DOI:
: S -021- -

» Staney, E. V., Wahle, K., & Staneva, J. (2022). The synergy of data from profiling floats, machine learning and numerical
%0?81213 :Ogeisjec (())f1 tSIbel]ZBIaCk Sea euphotic zone. Journal of Geophysical Research: Oceans, 127, €¢2021JC018012. DOI:

* Wahle, K., Stanev, E. V., & Staneva, J. (2023). Detecting anomalous sea-level states in North Sea tide gauge data using an
autoassociative neural network. Natural Hazards and Earth System Sciences, 23, 415-428. DOI: 10.5194/nhess-23-415-2023

* Yildiz, L., Stanev, E. V., & Staneva, J. (2025a). Advancing bathymetric reconstruction and forecasting using deep learning. Ocean
Dynamics, 75, 36. DOI: 10.1007/s10236-025-01679-2

* Yildiz, L., Stanev, E. V., & Staneva, J. (2025b). From monochromatic waves to realistic tides: Deep learning for short-term
forecasting of the coastal ocean. Nature, Scientific Reports, 15, 44229. DOI: 10.1038/s41598-025-31670-2

* Yuan, B., Jacob, B., Chen, N., Dammak, N., Chen, W., & Staneva, J. (2025). Toward an Al-enhanced hydro—morphodgnamic model
for nature-based solutions in coastal erosion mitigation. Applied Ocean Research, 154, 104326. DOLI: 10. 1016/j.apor.2024.104326

* Yuan, B., Ricker, M., Chen, W., Jacob, B., Pham, N. T., & Staneva, J. (2025). Statistical sBatial downscaling of significant wave
height in a regional sea from the global ERAS dataset. Ocean Engineering, 329, 121100. DOI: 10.1016/j.oceaneng.2025.121100



Thank you!
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