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Ocean Forecasting Systems
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Objectives

Design, evaluation and benchmarking
of end-to-end neural architectures for short-term ocean forecasting.

Can end-to-end approaches outperform state-of-the-art forecasting systems?




Overall approach
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Proposed training workflow

e Target: from reference SLA dataset [t, ..., t + 6]
e Input: SLAL3 [t-14, ..., t-1]
e Globally, 1/4°, daily
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Evaluation procedure
Input: Nadirs / SWOT KaRIn ,' )/ 1\\
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Output: gap-free future SLA
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Evaluation procedure

Input: Nadirs / SWOT KaRIn \- /f\' H v‘k /
\, 5 “fm \l/ \

Output: gap-free future SLA

Reference: SARAL / AltiKa

Metrics + Visualization tools per variable (SLA , SSC, SST)




Evaluation procedure

I
—_
I

nRMSE score

,where ¥ corresponds to predicted SLA values, y corresponds to real SLA values (from altimeters) and N is
the number of samples.

Output: gap-free future SLA

Reference: SARAL / AltiKa

* and SSC-based scores, with drifters reference dataset
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2023, Baseline operational forecast & Neural emulators
vs End-to-end neural forecasts

Average effective resolution, km

nRMSE score, SLA related % Vel. Magnitude, SLA related % Vel. Angles, SLA related SLA related
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2023, Baseline operational forecast & Neural emulators
vs End-to-end neural forecasts
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GLO12 Leadtime 0 GLO12 Leadtime 5
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2024, Nadir VS Nadir+tSWOT input

nRMSE score, SLA related % Vel. Magnitude, SLA related % Vel. Angles, SLA related
2023
reference GLO12 09119 0.9059 0.9016 72.0600 71.2900 70.8600 60.6300 56.9500 54.6200
WenHai 0.9084 54.3700
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Unet-17M OSSE (Nadir)
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Unet-17M OSSE (Nadir & SWOT)
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End-to-end SST forecasting
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End-to-end SST forecasting

RMSE, °C U score
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End-to-end SST forecasting
Gulf Stream, 2023
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Towards end-to-end multivariate forecasting
Case-study: multivariate input globally (SLA + SST) & SST output.
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Towards end-to-end multivariate forecasting
Case-study: multivariate input globally (SLA + SST) & SST output.
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Towards end-to-end multivariate forecasting
Case-study: multivariate input globally (SLA + SST) & SST output.

A 1
Predicted SST from SLA + SST inputs at leadtime O
vs ODYSSEA L4,
on 15 January 2023 in the Gulf Stream
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Towards end-to-end multivariate forecasting
Case-study: multivariate input globally (SLA + SST) & SST output.

ODYSSEA L4 vs predicted SST from SLA + SST inputs at leadtime O,

on 15 January 2023 in the Gulf Stream 22




More details, Botvynko et al. 2025: https://arxiv.org/abs/2512.22152

(submitted at Env. Data Sciences)
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Neural ocean forecasting from sparse satellite-derived observations: a case-study for SSH
dynamics and altimetry data

Daria Botvynko (Lab-STICC\ OSE, IMT Atlantique - MEE, IMT Atlantique), Pierre Haslée (Lab-STICC\_OSE, IMT Atlantique - MEE, IMT Atlantique
Lucile Gaultier (ODL), Bertrand Chapron (LOPS), Clement de Boyer Montégut (LOPS), Anass El Aouni (MOi), Julien Le Sommer (IGE), Ronan F
(IMT Atlantique - MEE, Lab-STICC\_OSE, ODYSSEY)

We present an end-to-end deep learning framework for short-term forecasting of global sea surface dynamics based on sparse satellite altimetry data. Building on
two state-of-the-art architectures: U-Net and 4DVarNet, originally developed for image segmentation and spatiotemporal interpolation respectively, we adapt the
models to forecast the sea level anomaly and sea surface currents over a 7-day horizon using sequences of sparse nadir altimeters observations. The model is
trained on data from the GLORYS12 operational ocean reanalysis, with synthetic nadir sampling patterns applied to simulate realistic observational coverage. The
forecasting task is formulated as a sequence-to-sequence mapping, with the input comprising partial sea level anomaly (SLA) snapshots and the target being the
corresponding future full-field SLA maps. We evaluate model performance using (i) normalized root mean squared error (nRMSE), (ii) averaged effective resolution,
(iii) percentage of correctly predicted velocities magnitudes and angles, and benchmark results against the operational Mercator Ocean forecast product. Results
show that end-to-end neural forecasts outperform the baseline across all lead times, with particularly notable improvements in high variability regions. Our
framework is developed within the OceanBench benchmarking initiative, promoting reproducibility and standardized evaluation in ocean machine learning. These
results demonstrate the feasibility and potential of end-to-end neural forecasting models for operational oceanography, even in data-sparse conditions.
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The field of jonal hy is undergoing a significant evolu-
tion with the i i jon of art! 1li (AI) meth-

ods, which are complementing and, in some cases, redefining tradi-
tional numerical modeling approaches. This review explores how Al

methods—particularly model-based pres 1 hybrid
modeling, and end-to-end model-free approaches—are reshaping the
representation of ocean and sea-ice dynamics in operational systems.

We focus on three key objects: sea-ice parameters, near-surface ocean

properties, and the 3D ocean state, each characterized by distinct ob-

fer new opportunities for improved monitoring, forecasting, and uncer-
tainty quantification, their long-term impact on operational systems
remains uncertain, especially given the sparsity of subsurface observa-

tions and the complexity of ocean dynamics. ynthesizing recent

ving open questions, this paper aims to guide the

advances and ident
ocean modeling community toward a future where Al and physics-based

approaches coexist synergistically.
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ML emulators for ocean & sea-ice modeling and prediction. (Living Review)
Durand and Le Sommer, 2026

Machine-Learning-Based Emulators for Ocean and
Sea Ice Modelling and Prediction : a living review

Scope & Context

This repository hosts a living review of machine-learning-based emulators for ocean and sea ice
systems. The goal is to provide a curated, up-to-date list of peer-reviewed and preprint
publications that advance the use of machine learning in emulating oceanic and sea ice dynamics
from operational forecasts to climate modelling.

The review is a priori restricted to machine learning based emulators that can be run
autoregressively, whether trained from observations, reanalyses or physics-based numerical
models.

The review, which was initiated during the preparation of review article for ARMS in 2026, is
community-driven and open to contributions.

How to Cite

If you use this review in your work, please cite it as:

Durand and Le Sommer. (2026). Living Review: Machine-Learning-Based Emulators for
Ocean and Sea Ice Modelling and Prediction (Version 1.0). Zenodo. Itk
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