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Data-driven models of surface wave dynamics are emerging as the frontier for wave forecasting. They can learn directly from multi-source datasets, including observations, helping to reduce systematic biases found in numerical models, as well as provide potentially more accurate early warnings using detailed information about coastal geometry and bathymetry and exploiting observations not as a correction but as a complementary estimate. Their flexibility makes them well-suited to emulate traditional models while adapting across spatial scales and physical domains. 
In this work, we adapt an encoder-decoder graph-based architecture, originally developed for atmospheric (Lam et al., 2023; Oskarsson et al., 2023) and oceanic (Holmberg et al., 2024) forecasting, to operate on unstructured meshes, enabling coastal-scale resolution at a fraction of the computational cost. The prediction is focused on key wave parameters, including significant wave height, mean wave period, and mean wave direction, using past wave fields, wind forcings, and bathymetry/coastline information. Trained on a multi-year, bias-corrected unstructured-mesh wave dataset (Mentaschi et al., 2023) and ERA5 wind fields, the model shows strong autoregressive stability, including during extreme events.
The initial implementation is done in the Adriatic Sea basin, located in the northern Mediterranean Sea. When validated against buoy observations, the model outperforms or is competitive with the performances of both physics-based models and wave reanalysis products. Early tests also indicate good skill in long-range forecasting. Ongoing developments include validation against satellite altimetry and extended evaluation across regions and forecast horizons.
