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Abstract
Data assimilation is a fundamental technique in geosciences that combines observations with numerical models to provide an improved estimate of the current state of the ocean. In oceanography, this process is crucial for improving forecasts, understanding physical processes, and initializing predictive models. However, the sparse and irregular nature of in-situ ocean observations, combined with the limitations of physical models, poses significant challenges to accurate state estimation.
In recent years, machine learning has emerged as a promising alternative or complement to traditional approaches. Generative models, and especially diffusion-based architectures, offer new possibilities for learning complex distributions of ocean states and can be used to both assimilate and reconstruct data with high flexibility. An alternative way to address the data assimilation with ML approaches, is to act on the background and observation error covariance matrices (B and R) used to weight the misfit of analysis vs forecast and the misfit of analysis vs observation.
We present a deep learning-based approach for ocean data assimilation in the Mediterranean Sea that emphasizes two key tasks: assimilating observations where data are available and reconstructing oceanographic fields where observations are missing. We follow two strategies the first one is based on end-to-end learning using the Conditional Denoising Diffusion Probabilistic Model (CDDPM). The model has been trained with ocean reanalysis dataset MEDREA as target and the simulation dataset produced by MedFS as conditional input; we consider only surface variables. The observations are assimilated during the inference providing the model with the flexibility and capability to assimilate different observations both in-situ and from satellite without re-training. The results show good performance demonstrating that the model is able to accurately generate the ocean state close to the reanalysis. The second strategy we use the deep unfolding technic to enhance the 3DVAR algorithm making B and R learnable across different optimization loops. 
