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Context
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Ocean Forecasting Systems
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End-to-end neural forecasts
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Objectives

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

Design, evaluation and benchmarking
of end-to-end neural architectures for short-term ocean forecasting.
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Overall approach
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Proposed training workflow

● Target: from reference SLA dataset [t, …, t + 6]
● Input: SLA L3 [t-14, … , t-1]
● Globally, 1/4°, daily

7

Simulated / real SLA 
observations

Reference SLA 
(from a model or an 

observations-based product)

(a)

(b)



Evaluation procedure

Input: Nadirs / SWOT KaRIn

Output: gap-free future SLA

Reference: SARAL / AltiKa
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Trained neural forecast model



Evaluation procedure

Input: Nadirs / SWOT KaRIn

Output: gap-free future SLA

Reference: SARAL / AltiKa
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Trained neural forecast model

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



Evaluation procedure

Input: Nadirs / SWOT KaRIn

Output: gap-free future SLA

Reference: SARAL / AltiKa

10*  and SSC-based scores, with drifters reference dataset
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2023, Baseline operational forecast & Neural emulators 
vs End-to-end neural forecasts
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2023, Baseline operational forecast & Neural emulators 
vs End-to-end neural forecasts
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2024, Nadir VS Nadir+SWOT input
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2023 
reference
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End-to-end SST forecasting
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Leadtime Leadtime

End-to-end SST forecasting



18

End-to-end SST forecasting
Gulf Stream, 2023



Towards end-to-end multivariate forecasting
Case-study: multivariate input globally (SLA + SST) & SST output.
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Predicted SST from SLA + SST inputs at leadtime 0,
on 15 January 2023 in the Gulf Stream

PSD of multivariate SST forecast across 
leadtimes, Gulf Stream, 2023.



Towards end-to-end multivariate forecasting
Case-study: multivariate input globally (SLA + SST) & SST output.
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Predicted SST from SLA + SST inputs at leadtime 0 vs predicted 
SST at the same leadtime using univariate SST as input, 

on 15 January 2023 in the Gulf Stream

PSD of univariate SST forecast across 
leadtimes, Gulf Stream, 2023.



Towards end-to-end multivariate forecasting
Case-study: multivariate input globally (SLA + SST) & SST output.
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Predicted SST from SLA + SST inputs at leadtime 0 
vs ODYSSEA L4, 

on 15 January 2023 in the Gulf Stream

PSD of ODYSSEA L4 ‘forecast’ across 
leadtimes, Gulf Stream, 2023.



Towards end-to-end multivariate forecasting
Case-study: multivariate input globally (SLA + SST) & SST output.
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ODYSSEA L4 vs predicted SST from SLA + SST inputs at leadtime 0,

on 15 January 2023 in the Gulf Stream



More details, Botvynko et al. 2025: https://arxiv.org/abs/2512.22152 
(submitted at Env. Data Sciences)
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https://arxiv.org/abs/2512.22152
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Learning-based methods for ocean modeling and prediction. (Review)
Durand et al., 2026 (submitted at ARMS)

Access the review:
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ML emulators for ocean & sea-ice modeling and prediction. (Living Review)
Durand and Le Sommer, 2026


