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Accurate ocean forecasting systems are essential for understanding marine dynamics, which play 
a crucial role in sectors such as shipping, aquaculture, environmental monitoring, and coastal risk 
management. Traditional numerical solvers, while effective, are computationally expensive and 
time-consuming. Recent advancements in machine learning have revolutionized weather forecasting, 
offering fast and energy-efficient alternatives. Building on these advancements, we introduce SeaCast, 
a neural network designed for high-resolution regional ocean forecasting. SeaCast employs a graph-
based framework to effectively handle the complex geometry of ocean grids and integrates external 
forcing data tailored to the regional ocean context. Our approach is validated through experiments at 
a high horizontal resolution using the operational numerical forecasting system of the Mediterranean 
Sea, along with both numerical and data-driven atmospheric forcings. Results demonstrate that 
SeaCast consistently outperforms the operational model over the conventional 10-day forecast 
window and further extends skillful predictions to 15 days, marking a significant advancement in 
regional ocean prediction.
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Predicting sea dynamics is a formidable scientific challenge, driven by the need to anticipate changes in ocean 
conditions that affect weather systems, marine ecosystems, and a wide range of maritime activities1. While the 
need for improved ocean and coastal data is global, actionable decisions in sectors such as shipping, marine 
resource management, and coastal planning often depend on regional, high-resolution models that can deliver 
accurate forecasts tailored to local conditions2–6.

Here, we focus on the Mediterranean Sea, a region characterized by intense mesoscale activity, complex 
coastlines, and dense coastal populations. Regional ocean forecasts in this area are important for managing 
marine operations and mitigating coastal risks. Accurate and timely predictions empower local agencies to 
address a wide range of challenges, from water quality monitoring7 and oil spill containment8 to maritime route 
optimization9. Currently, the Mediterranean Forecasting System (MedFS)10 delivered through the Copernicus 
Marine Service (CMEMS) provides medium-range (10 days) forecasts using a physics-based two-way coupled 
wave-current modeling system, and serves as the operational reference system for the region.

Despite their accuracy, numerical models such as MedFS are computationally intensive and time-consuming 
to run. Recent advancements in machine learning-based weather prediction (MLWP) have demonstrated the 
potential for fast and performant alternatives. Several autoregressive machine learning models now rival or 
surpass state-of-the-art physics-based systems used by meteorological agencies worldwide. Notable developments 
include architectures based on Transformers11,12, neural operators13, and graph neural networks (GNNs)14–16.

While these advances have been transformative in the atmospheric domain, its application to ocean 
forecasting remains relatively nascent. Existing work has focused mostly on forecasting the global ocean, at 
climate17, seasonal18,19, and medium-range20–22 timescales. However, in contrast to global approaches, operational 
regional forecasting requires realistic lateral boundary treatment and higher horizontal resolution that remain 
largely unexplored in current data-driven ocean frameworks. Regional studies to date have primarily targeted 
the forecasting of a small set of surface variables, such as sea ice23, sea surface height (SSH)24, or surface currents 
and temperature25. However, regional data-driven ocean forecasting systems for depth-resolved prediction in 
high resolution operational settings are still lacking.

To address this gap for the Mediterranean Sea, we introduce SeaCast, an autoregressive machine learning 
model designed for regional ocean forecasting, extending the methodology from weather forecasting using 
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hierarchical GNNs16. Our approach involves several key features that enable accurate prediction of ocean states: 
(1) we adapt the graph creation, training, and evaluation processes to accommodate the irregular geometry of 
ocean grids; (2) the model includes relevant atmospheric forcing near the sea surface; and (3) lateral boundary 
forcing is applied to account for water inflow and outflow, ensuring compatibility with the ocean at large. SeaCast 
is evaluated in an operational setting alongside MedFS, including validation against observational data. In 
addition, we conduct targeted experiments to assess the influence of atmospheric forcing components and the 
effects of training period length.

Results
SeaCast: data-driven regional ocean forecasting
SeaCast is a data-driven forecasting model for the Mediterranean Sea that delivers 15-day forecasts across 18 
depth levels on a 1/24◦ (approximately 4 km) horizontal grid, matching the resolution of the operational MedFS 
system (see Supplementary A). The model predicts key physical ocean variables, including depth-resolved zonal 
and meridional currents, salinity, and temperature, along with SSH, resulting in 73 predicted fields in total. A 
major advantage of SeaCast is its computational efficiency: it produces a full 15-day forecast in just 20 seconds 
on a single GPU, compared to approximately 70 minutes required by MedFS to generate a 10-day forecast on 89 
CPU cores, using a 120-second timestep and producing outputs at 141 depth levels. Although the two systems 
differ in how they operate, the data-driven approach represents a significant speedup in producing upper ocean 
forecasts compared to what was previously possible.

The model architecture follows an encode–process–decode framework26 operating on a hierarchical graph 
mesh tailored to the Mediterranean basin (see Supplementary B). As illustrated in Fig. 1, the input sea state and 
atmospheric forcing are first encoded onto a coarser multi-resolution mesh representation. The latent features 
are then processed by GNN layers in a hierarchical fashion, enabling the model to capture both short- and long-
range ocean interactions. The processed output is subsequently decoded back onto the original high-resolution 
grid. Rather than directly predicting the next sea state, the model learns the tendency, i.e. the expected change 
over a one-day interval, which is added to the current state to obtain the forecast. Dynamic boundary conditions 
are then incorporated to generate the complete next sea state. This predicted state is then fed back into the 
model as input for the next step, enabling the model to produce forecasts at different lead times by repeating the 
application of the same cycle in an autoregressive manner. Unlike multiscale models such as GraphCast15, which 
connect nodes on a single mesh level, the hierarchical approach we employ separates the domain into multiple, 

Fig. 1.  SeaCast performs autoregressive ocean forecasting using a graph neural network (GNN). (a) The input 
sea state and (b) atmospheric forcing are projected onto a coarser mesh representation through the (c) encoder. 
(d) GNN layers process this latent representation on a hierarchical mesh. The output is then (e) decoded 
back onto the original grid to form (f) a predicted sea state. (g) Boundary conditions (here exaggerated in 
size) are incorporated to produce (h) the complete next state. This forecast is then fed back into the system as 
a new input (as shown by the arrow looping from h to a), enabling multi-step forecasting through repeated 
application of the encode–process–decode cycle.
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distinct mesh levels. This design results in more uniform connectivity from the mesh to the grid, helping to 
mitigate artifacts associated with nodes having variable neighborhood sizes16.

The atmospheric forcing used in SeaCast includes 10-meter wind stress components, 2-meter temperature, 
and mean sea level pressure (MSLP), combined with the sine and cosine of the day of year as seasonal indicators. 
Open boundary conditions are handled by overwriting the predicted sea state with the true state in boundary 
regions located at the Strait of Gibraltar and the Dardanelles Strait during training, and with MedFS data during 
evaluation. This approach is necessary to ensure realistic representation of inflow and outflow dynamics for the 
region considered27.

SeaCast is trained on 35 years (1987–2021) of Mediterranean reanalysis daily mean data28 and fine-tuned 
using two additional years (2022–2023) of daily operational analysis10. Fine-tuning serves multiple purposes: it 
exposes the model to more recent sea states, enables the use of analysis fields as initial conditions in an operational 
setting, and allows the model to adapt to updates introduced in the operational MedFS system that are absent in 
the reanalysis. The atmospheric forcings driving the surface of the model are taken from the European Centre 
for Medium-Range Weather Forecasts (ECMWF) ERA5 reanalysis data29 during the training phase, and during 
testing either from the ECMWF ensemble control forecast (ENS)30 or the recent artificial intelligence forecasting 
system (AIFS)31. SeaCast is evaluated on a daily test set with initializations spanning from the beginning of July 
2024 to the end of December 2024, each producing a 15-day forecast. Performance is assessed using both model-
based reference fields and satellite observations, and benchmarked against the operational MedFS. SeaCast uses 
the same initial conditions available to MedFS making for a fair comparison. Further details on the method are 
provided in “Methods”.

Comparing SeaCast to the operational MedFS
SeaCast is evaluated against the operational MedFS, the primary regional ocean forecasting system for the 
Mediterranean Sea. MedFS provides deterministic forecasts up to 10-days lead, adhering to the 10-day standard 
of CMEMS ocean products, and also the extent of ECMWF’s legacy high-resolution (HRES) atmospheric 
forecasts used as surface forcing. Recent changes to the ECMWF Integrated Forecasting System (IFS), extending 
medium-range predictions from 10 to 15 days in Cycle 48r132, was taken into account when developing SeaCast. 
By default, the model uses AIFS as atmospheric forcing, and in “Effect of atmospheric forcing”, also ENS for 
comparison. By using these products, and persisting the lateral boundary conditions the last 5 days, SeaCast 
is capable of producing 15-day forecasts. This extended forecast horizon represents an important step forward, 
enabling potential earlier warnings of marine extremes and enhancing medium-range planning capabilities.

To benchmark performance, we evaluate the forecast skill of both SeaCast and MedFS across six key ocean 
variables: zonal and meridional currents, salinity, temperature, sea surface temperature (SST), and sea level 
anomaly (SLA). Subsurface variables are validated against daily mean MedFS analysis fields. These gridded 
analysis fields, which assimilate quality-controlled observations into the physics model, provide a stable reference 
for subsurface conditions. SST and SLA are compared to Level-3 (L3) satellite observations. Specifically, SST 
predictions from the model’s uppermost layer are evaluated against merged multi-sensor satellite data at 1/16◦ 
resolution33, while SSH forecasts are converted to SLA and compared to along-track 5 Hz altimeter measurements 
from multiple satellite missions (see “Satellite data” for further details).

A persistence baseline is included as a naive benchmark, generated by repeating the initial conditions over all 
lead times. This baseline provides a conservative lower bound for model performance. As shown in Fig. 2, both 
SeaCast and MedFS significantly outperform persistence across all variables. Notably, SeaCast demonstrates 
improved forecast skill relative to MedFS, and the gap between the two tends to increase at extended lead times.

Figure  3 presents a depth-resolved comparison of SeaCast and MedFS, showing the normalized RMSE 
difference, defined as (RMSESeaCast − RMSEMedFS)/RMSEMedFS, across all vertical levels and lead times. 
Negative values indicate improved performance by SeaCast. The improvements are generally larger at longer 
forecast lead times, which is in line with results for the global ocean22. For temperature and current components, 
the relative gains are strongest near the surface, while for salinity the largest improvements are found at greater 
depths. SeaCast generally does not outperform MedFS that much at the lowest level included here (192 m depth), 
likely because influence from below this level are unaccounted for and affect the conditions there.

To further assess regional performance, Fig. 4 shows the spatial distribution of normalized RMSE differences 
in SST between SeaCast and MedFS, for forecast lead times of 1, 4, 7, and 10 days. Across the majority of 
the Mediterranean basin, SeaCast exhibits increasing skill relative to MedFS as the lead time grows. These 
improvements are particularly notable in the Western basin, especially in the Alboran Sea, and in the Aegean 
Sea, areas characterized by intense mesoscale processes. Meanwhile, MedFS demonstrates enhanced skill in 
the Adriatic and Ligurian Seas. This heterogeneous spatial pattern of skill may be linked to differences in the 
atmospheric forcing used by the two systems.

Additional evaluation metrics and results are presented in Supplementary C and D. These include validation 
against independent in-situ observations (Supplementary D.1), depth-resolved RMSE relative to the analysis 
fields (Supplementary D.2), and vertical error profiles (Supplementary D.3). When compared against the in-situ 
dataset, SeaCast shows improved skill relative to MedFS for both currents and temperature across all lead times. 
For salinity, SeaCast also achieves lower RMSE; however, due to the sparsity of observations, the 50% confidence 
intervals overlap for SeaCast, MedFS, and even the persistence baseline, making this comparison less conclusive.

Beyond basin averaged RMSE-based diagnostics, visual examples of forecasted fields are provided in 
Supplementary E. These allow us to assess whether the model preserves spatially coherent ocean structures, 
including mesoscale eddies and frontal features. The predicted fields retain coherent vortices, sharp frontal 
gradients, and realistic filamentary structures at the correct spatial scales over the 15-day forecast horizon. In 
particular maps of currents and sea level (Figs. S17, S18, S21) indicate that SeaCast manages to capture key 
dynamical patterns of the Mediterranean circulation such as the Alboran gyres, the Gulf of Lion gyre, the Middle 
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and South Adriatic gyres, the Mersa Matruh Gyre System as well as the Alegrian current, the Liguro-Provenal-
Catalan current, the Adriatic coastal currents and the Levantine currents. The horizontal maps also confirm that 
the quality of the forecast degrades with the increased forecast lead time as expected.

Detecting high temperatures
Machine learning–based forecasting methods that optimize the mean squared error (MSE) such as we do are 
trained to predict the expected value of the forecast distribution. As a result, they could potentially struggle with 
accurately capturing extreme events. In the marine context, one such extreme is unusually warm SST.

To evaluate SeaCast’s ability to predict temperature extremes, we draw inspiration from the marine heatwave 
(MHW) definition proposed by Hobday et al.34, where an event is defined as SST exceeding the 90th percentile 
of the daily climatology for at least five consecutive days, based on an 11-day rolling mean. In our case, we adopt 
a simplified criterion by identifying individual days when the daily SST exceeds the 90th percentile threshold, 
allowing us to produce high temperature detections rates at each of the 15 lead times. The SST climatology is 

Fig. 3.  Normalized RMSE difference between SeaCast and MedFS across all depth levels, evaluated against 
analysis fields. Negative values indicate better performance by SeaCast. Improvements are most pronounced 
near the surface for temperature and the current components, and at greater depths for salinity.

 

Fig. 2.  RMSE as a function of lead time for SeaCast, MedFS, and a persistence baseline. Sea state variables with 
several vertical levels (zonal and meridional currents, salinity, and temperature) are evaluated against analysis 
fields where the error is an average over all depths. SST and SLA are validated against L3 satellite observations, 
using the uppermost modeled temperature level for the SST comparison. The shading corresponds to the 50% 
confidence intervals estimated via bootstrapping.
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computed from L3 satellite observations spanning every day in the years 2008 to 2023, using an 11-day rolling 
mean. For each calendar day, the 90th percentile is calculated to define the threshold for extreme temperature 
events.

We then evaluate each model’s performance in detecting high temperatures using the Heidke Skill Score 
(HSS) at each forecast lead time, and estimate 50% confidence intervals via bootstrapping. Higher HSS values 
indicate more accurate classification of events relative to random chance. As shown in Fig. 5, both SeaCast and 
MedFS significantly outperform the persistence baseline. Furthermore, SeaCast slightly outperforms MedFS 
also on temperature extremes. An additional advantage of SeaCast is its ability to provide forecasts up to 15 days, 
compared to the 10-day horizon of MedFS, offering potential for earlier warnings of MHWs.

Effect of atmospheric forcing
Atmospheric forcing plays a critical role in driving ocean dynamics, particularly near the sea surface. To assess 
the sensitivity of SeaCast to different atmospheric inputs, we perform a controlled ablation experiment by 
randomly permuting each forcing variable across the spatial grid dimension during inference. This preserves 
the statistical distribution of the variable but removes its spatial coherence, effectively making it uninformative 
while leaving all other inputs intact. The resulting performance degradation reveals the relative importance of 
each atmospheric variable for ocean forecasting.

Figure  6 presents the normalized RMSE difference per lead time for each variable, evaluated against the 
original, unperturbed SeaCast model. The results indicate that wind stress is one of the most critical drivers across 
all ocean state variables. By transferring momentum from the atmosphere to the ocean, wind stress generates 
horizontal currents and drives vertical transport. Thus, the results show that for zonal and meridional currents 
in particular, wind stress is the sole contributor to predictive skill among the atmospheric forcing components.

Fig. 5.  Heidke Skill Score (HSS) for detecting SST anomalies above the 90th percentile, relative to climatology. 
Results are shown for SeaCast, MedFS, and the persistence baseline. The shading corresponds to the 50% 
confidence intervals estimated via bootstrapping.

 

Fig. 4.  Spatial distribution of normalized RMSE difference in SST between SeaCast and MedFS, evaluated 
against L3 satellite data. Results are shown for lead times of 1, 4, 7, and 10 days. Negative values indicate less 
error by SeaCast. Relative skill increases with lead time across most of the Mediterranean.
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Salinity forecasts are also strongly influenced by wind stress, an intuitive result given its central role in driving 
surface mixing and the lateral advection of freshwater. The second most influential variable for salinity is the 
2-meter air temperature, which indirectly affects surface buoyancy and stratification triggering convective 
overturning and mixing fresh or salty surface water into the subsurface36. For temperature profiles, wind stress 
again dominates across depth. Near the surface, however, 2-meter temperature becomes increasingly important 
due to its direct influence on air–sea heat flux, particularly through modulation of the sensible heat flux and its 
impact on vertical mixing in the subsurface37.

For SLA, the dominant atmospheric driver is MSLP, which directly affects the sea level through the inverted 
barometer effect38 and large-scale ocean response. Moreover, MSLP gradients give rise to surface wind stress 
through atmospheric geostrophic balance39, making wind stress the second most significant contributor to SLA.

The patterns we see here confirm known ocean–atmosphere coupling mechanisms and support the robustness 
of SeaCast’s sensitivity to physically meaningful drivers. A depth-resolved analysis of the effect of atmospheric 
forcing on individual variables is further provided in Supplementary D.2.

Additionally, we assess SeaCast’s performance using two different atmospheric forcing products: AIFS and 
ENS. Both forcings include the same set of variables, providing a consistent basis for comparison. Figure  7 
presents scorecards of normalized RMSE differences across depth levels. Results indicate that the AIFS forcing 
leads to improved forecast skill for currents and temperature, particularly at longer lead times, with the most 
notable gains observed in SST. This is consistent with the evaluation of AIFS itself, which demonstrates lower 
forecast errors compared to its numerical counterpart beyond day one31. However, for salinity, SeaCast with ENS 
forcing exhibits slightly better performance in the upper layers here.

Effect of training period
To evaluate the impact of training data duration and fine-tuning on model performance, we compare SeaCast 
variants trained on different historical timespans and examine the effect of omitting fine-tuning. Figure 8 presents 
the normalized RMSE difference relative to a persistence baseline across forecast lead times, with MedFS included 
for reference. The full SeaCast model is trained on 35 years of reanalysis data (January 1987 to December 2021), 
followed by fine-tuning on 2 years of more recent analysis data (January 2022 to December 2023). We compare 
this to a version trained solely on the 35-year reanalysis dataset, without fine-tuning. Additionally, we include 
a shorter-term model variant trained on 8 years of reanalysis data (January 2014 to December 2021), both with 
and without fine-tuning on the same 2-year analysis period. This shorter-term model is denoted as SeaCast 
(10y). The models are trained using the same number of epochs and follow identical epoch-wise learning rate 
schedules. As a result, SeaCast (10y, w/o finetuning) undergoes fewer optimization steps during the pre-training 
phase compared to the full model, and requires a smaller computational budget (6 h vs. 20.5 h on 64 GPUs).

Fig. 6.  Impact of permuted atmospheric forcings on forecast skill. Normalized RMSE difference per lead 
time is shown relative to the original SeaCast configuration with unmodified atmospheric inputs included as 
a reference line in blue. Each panel shows a different predicted ocean variable, while the curves correspond 
to the permuted atmospheric forcing variables. Larger positive values indicate greater importance of the 
corresponding variable.
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The results show that the 10-year variants of SeaCast generally perform on par with or slightly better than 
MedFS for zonal and meridional currents, temperature profiles, and sea surface temperature. However, for 
salinity and SLA, only the full SeaCast model, trained on 35 years of reanalysis data and fine-tuned on analysis 
data, outperforms MedFS. The SLA error for the fine-tuned 10-year variant is slightly higher than that of the 
base version, which may seem counterintuitive. This can be partly explained by the fact that SLA evaluation is 
performed along satellite tracks, whereas training is done on regularly gridded simulation outputs. Minimizing 
MSE on simulated fields does not guarantee lower error on satellite tracks, even if SLA is assimilated into the 
physics-based model. Moreover, the satellite tracks yield a sparser and more variable target compared to other 
fields, producing a wider confidence interval, as observed in Fig.  2. On other fields, the fine-tuned model 
consistently outperforms the base version. These findings are encouraging for regional settings with access to 
limited historical data, suggesting that even 10 years of reanalysis data and a more modest compute budget can 
produce forecast skill competitive with numerical forecast models.

Fig. 8.  Normalized RMSE difference per lead time for SeaCast variants and MedFS compared to a persistence 
baseline. SeaCast is trained on 35 years of reanalysis (1987–2021) with 2-year fine-tuning (2022–2023). The 
10y variant uses only 8 years of reanalysis (2014–2021), with or without the same fine-tuning. Results show the 
impact of training duration and fine-tuning on forecast performance.

 

Fig. 7.  Normalized RMSE difference scorecard comparing SeaCast performance when forced with AIFS versus 
ENS atmospheric inputs. Evaluations are performed against analysis fields across all depth levels. Negative 
values indicate less error when using AIFS forcing.
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Fine-tuning on analysis data yields consistent performance improvements across variables, which is expected 
given that several evaluation targets are derived from the same analysis system. These analysis states are more 
up-to-date than the reanalysis and incorporate system enhancements not present in the older data, including 
open boundary conditions at the Dardanelles Strait, coupling with a wave model40, and tidal forcing41. By fine-
tuning on this updated dataset, SeaCast adapts to the characteristics of the current operational system, leading 
to better alignment with the evaluation targets and improved overall forecast accuracy.

Discussion
In this study, we introduced SeaCast, a graph-based machine learning model designed for high-resolution 
regional ocean forecasting. SeaCast learns directly from historical reanalysis and analysis data to predict key 
ocean variables in the Mediterranean Sea. The model demonstrates improved skill for all modeled variables 
across all depth levels compared to the operational MedFS when considering both analysis fields and satellite 
observations as references. Another benefit of SeaCast is its speed: once trained, it delivers a full 15-day, 18-level 
forecast on a 1/24◦ grid in just 20 s on a single GPU, substantially faster than the physics-based model on a 
CPU cluster. This performance can enable new capabilities for Mediterranean forecasting such as rapid scenario 
testing and ensemble forecasting with many members.

Our sensitivity experiments underscore the central role of atmospheric forcing, where wind stress emerges 
as a dominant driver of predictive skill across all ocean variables, with surface temperature and MSLP exerting 
secondary influence motivated by the air–sea heat-flux and inverted-barometer effects. These results suggest 
that physically meaningful coupling mechanisms are captured by the data-driven framework. We further 
demonstrate that the length and recency of the training period materially affect forecast accuracy. The 10-year 
variant of SeaCast achieves performance on par with MedFS for currents, temperature, and SST, while relying on 
very attainable historical data archives and computational resources.

A key conceptual distinction between SeaCast and conventional dynamical models lies in how physical 
consistency is handled. Like other recent data-driven ocean forecasting systems20–22, SeaCast does not explicitly 
enforce conservation of mass, energy, or momentum. Instead, it learns to generate physically plausible forecasts 
by training on a large number of simulation states with assimilated observations, thereby capturing ocean 
dynamics statistically from the training data. An alternative approach to achieve stronger physical guarantees 
could be to combine a differentiable ocean solver with machine-learning components, similar to neural general 
circulation models for weather35, which embed the governing equations directly into the architecture while 
learning the effect of unresolved processes such as cloud formation and subgrid-scale dynamics.

Despite the promising outcomes, several avenues remain for future improvement. First, enhancements to 
the underlying reanalysis systems, in line with recent progress on MedFS10, could further increase the fidelity of 
data-driven forecasting models. Additionally, increasing the temporal resolution of archived datasets, e.g. from 
daily to 6-hourly fields, would provide richer training data and enable models to capture diurnal variability. 
Furthermore, recent work has demonstrated that machine learning can be used to produce continuous-time 
forecasts42,43, a concept that could potentially be adapted to ocean modeling.

While SeaCast uses MedFS fields to impose lateral boundary conditions, leveraging its existing regridded 
connection to the global ocean, this setup introduces a degree of dependence on the operational system it is 
compared against. As a result, the sea dynamics inside the lateral boundaries are the same as MedFS, whereas the 
interior evolution is governed entirely by SeaCast. This approach ensures realistic boundary conditions and the 
comparison remains meaningful for assessing predictive skill within the regional domain. However, to create a 
truly standalone data-driven regional forecasting model one could take inspiration from early studies in limited 
area weather modeling with machine learning, where a globally stretched grid44 or learned mappings from 
surrounding forecasts45 have been used to handle boundary conditions. Integrating both data-driven global 
ocean and atmospheric forecasts, which can be rolled out arbitrarily far, into machine learning-based regional 
ocean models would enable similarly long lead-time predictions for these models as well. This opens up the 
question of how far into the future such forecasts can remain skillful.

The interdependence of physics, biogeochemistry, and wave dynamics in the MedFS system10 suggests a 
natural extension for machine learning frameworks: a coupled neural architecture that jointly predicts sea state, 
biochemical tracers, and wave variables, enabling truly holistic forecasts. While these particular components are 
usually represented on compatible grids, recent advances in foundation models for weather and climate have 
shown that even heterogeneous spatial and temporal datasets, can be effectively used for training, resulting in 
models that generalize across diverse prediction tasks46,47. Adopting this paradigm for ocean forecasting could 
enable the development of transferable representations, supporting scalable and adaptable forecasting systems 
across regions and variable types.

Another direction of future work is developing probabilistic ocean forecasting systems. While SeaCast 
currently produces deterministic forecasts akin to traditional operational ocean forecasting systems, emerging 
generative machine learning methods for weather forecasting emphasize uncertainty quantification through 
ensemble generation48,49. These approaches enable better decision-making by accounting for forecast spread 
and producing potentially more physically consistent ensemble members, which could be very useful for risk-
sensitive applications such as early warning systems and coastal hazard planning.

In conclusion, SeaCast demonstrates the viability of machine learning for regional ocean forecasting by 
outperforming a physics-based system. Beyond the Mediterranean, the same framework could be adapted to other 
regional settings such as the Bay of Biscay or the Baltic Sea. This work also presents novel sensitivity experiments 
in data-driven ocean forecasting, revealing the roles of atmospheric forcing components and training period 
characteristics. Further improvements in data fidelity, model coupling, and probabilistic prediction will be key 
to realizing the full potential of machine learning–based regional ocean forecasting.
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Methods
Problem definition
The forecasting problem is characterized by mapping a sequence of initial states X−p:0 = (X−p, ..., X0), where 
p is the length of the past window, to a sequence of future states X1:T = (X1, . . . , XT ), where T is the length 
of the forecast. Each state Xt ∈ RN×dx , contains dx variables at N locations represented on a grid. Variables 
include both those at multiple vertical levels and single-level surface measures. In addition to this, forcing 
inputs F 1:T = (F 1, ..., F T ) encompassing known dynamic factors relevant to the forecasting problem, are also 
available.

SeaCast
Graph-based neural forecasting
Initial states typically cover the two preceding time steps X−1:0, enabling the capture of first-order dynamics15. 
Concatenating a single-step forecast X̂t = f(Xt−2:t−1, F t) to the initial state and repeating the process 
with t incremented by one allows autoregressive forecasts X̂1:T  of arbitrary length T. An integral part of 
this framework is mapping from N surface grid points onto a mesh graph GM = (VM , EM ) coarser than the 
simulation domain50. The function f is implemented as a sequence of GNN layers following an encode-process-
decode architecture26 where: (1) grid inputs are encoded onto the mesh representation; (2) a number of GNN 
layers process this latent representation; (3) the processed data is mapped back onto the original grid. SeaCast 
predicts the next step as a residual update to the most recent input state, making it an easier learning task than 
predicting the next state directly. The mappings between grid and mesh nodes occur through bipartite grid-
to-mesh GG2M  and mesh-to-grid GM2G graphs. Upwards node and edge updates are facilitated through GNN 
layers in the form of propagation networks16, and the remaining updates through interaction networks51, with 
all layers mapping to a latent dimensionality dz . This design leverages the inherent inductive bias of interaction 
networks to retain information, whereas propagation networks are more effective at forwarding new information 
through the graph. Multilayer perceptrons within GNN layers consists of a single hidden layer using the Swish 
activation function52, followed by layer normalization53.

Hierarchical graph
The hierarchical mesh structure described in16 consists of multiple graph levels G1, . . . , GH , where each 
level Gh = (Vh, Eh) gets progressively coarser. The first level connects directly to the grid, forming 
GG2M = (VG ∪ V1, EG2M ) and GM2G = (VG ∪ V1, EM2G). A processing step on the mesh is defined as 
a complete sweep through the hierarchy Gh,h+1 = (Vh ∪ Vh+1, Eh,h+1) where the graph sequences are 
G1,2, ..., GH−1,H  and GH,H−1, ..., G2,1, respectively.

Mesh construction
Regional oceans can take very irregular shapes, calling for a customized mesh for the modeled geographical 
area. The foundation for our mesh is a quadrilateral construction used for graph-based limited area weather 
modeling16. It is initialized by selecting only the nodes corresponding to the ocean surface grid. All nodes are 
connected with bidirectional edges to their neighbors horizontally, vertically and diagonally. Nodes on higher 
resolution levels are positioned in the center of a 3 × 3 square on the level below. Upward edges are created by 
connecting each node at level h to the closest nodes at level h + 1, and the downward edges mirror these. Edges 
crossing land areas with a threshold of 8 grid points are excluded, both for inter- and intra-level graphs. This 
procedure results in a mesh that conforms to the shape of the regional ocean.

Rollout masking
We want to ensure (1) that the learning task of the model is exclusively for grid nodes inside the regional ocean 
at each depth level, and (2) that the predictions are aligned with the influence of the global ocean. To address 
the first point we only propagate predictions part of the internal depth-wise ocean grid G in the autoregressive 
rollout. In response to the second point, boundary forcing is applied at each time step by replacing predictions 
inside the boundary region B with the ground truth forecast Xt. We update the row for each node v as:

	 X̂t
v,i ←

(
I{v∈Gl,i} − I{v∈Bl,i}

)
X̂t

v,i + I{v∈Bl,i}Xt
v,i ∀l ∈ Li� (1)

Here, I{·} denotes the indicator function, equal to 1 if the specified condition is true and 0 otherwise. Gl,i 
represents the set of oceanic grid nodes at depth level l associated with variable i, with Bl,i defined analogously 
for the boundary region. Finally, Li denotes the set of vertical levels associated with variable i.

Training objective
The model is trained to minimize the mean squared error (MSE) between the predictions and the ground truth 
over a rolled-out sequence of states. The loss function we use is similar to what is commonly applied in MLWP, 
with the distinction that we account for the bathymetry, or the ocean grid structure at each depth level. The 
complete loss function is defined as:

	
L = 1

Trollout

Trollout∑
t=1

C∑
i=1

λi

Li∑
l=1

wl

Nl

Nl∑
v=1

av

(
X̂t

v,i − Xt
v,i

)2
� (2)

where Trollout is the number of steps in the rollout, C is the number of ocean variables in the tensor, Li is the 
number of depth levels for variable i, Nl is the number of ocean grid nodes at depth level l, av  is the latitude-
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longitude area of grid cell v normalized to unit mean, wl is the loss weight for depth level l, and λi is the inverse 
variance of time differences for variable i.

The area factor av  accounts for variations in the size of grid cells due to the spherical geometry of the Earth, 
assigning lower weights to cells near the poles and higher weights near the equator, and is normalized to have 
unit mean across the domain. The depth-specific weight wl is designed to prioritize prediction accuracy in the 
upper ocean, reflecting the greater societal relevance of shallower depths. For depth-resolved variables, wl is 
proportional to (200 − d), where d is the depth in meters, and the weights are normalized to have unit mean 
across all depths. The single-level SSH variable is assigned a weight of one. Further normalizing by the magnitude 
of the dynamics for each feature, signified by the λi factor, ensures that the model evaluates errors across vertical 
levels on a physically meaningful scale14.

Model and training
We train SeaCast with 3 mesh levels and 3 processor layers with dz = 256 hidden units, totaling 17.7 M trainable 
parameters. Training initiates with a warm-up phase of five epochs, starting from a learning rate of 10−5 and 
incrementing epoch-wise to a base rate of 10−3. Following the warm-up, we employ a cosine decay schedule. 
For optimization, we use AdamW54, configured with β1 = 0.9, β2 = 0.95, and a weight decay of 0.1. SeaCast is 
trained on reanalysis data for 200 epochs using a local batch size of 1. The model is further finetuned on analysis 
data for 30 epochs, with the same learning rate schedule, but the initial learning rate set to 10−7 and the base 
rate as 10−5. Furthermore, the number of rollout steps is progressively increased to 2 at epoch 10 and 3 at epoch 
20. Additional rollout steps can be added to the loss function, although this comes at an increased training cost, 
and have been observed to yield diminishing returns in MLWP14. The pretraining on 35 years of daily reanalysis 
data took 20.5 h on 64 AMD MI250x GPUs (1312 GPU hours) in a data-parallel configuration, and finetuning 
on 2 years of analysis data took 3.5 h on 8 GPUs (28 GPU hours).

Computational complexity
SeaCast can produce a complete 15-day forecast in 20 seconds on a single AMD MI250x GPU, which is roughly 
equivalent to 1.3 s per simulated day (∼ 178 SYPD). The SeaCast forecast includes 18 depth levels, and outputs 
predictions at a daily temporal resolution. In contrast, the computational time required for the MedFS is 
approximately 70 minutes to run a 10-day forecast (∼ 0.6 SYPD), using 89 CPU cores on Lenovo SD650 V3 
computing nodes. This includes the time for generating and writing outputs for all 141 vertical levels. Both 
models produce outputs at the same 1/24◦ spatial resolution. In terms of energy use, a single 15-day SeaCast 
forecast consumes roughly 2.8 Wh, whereas a 10-day MedFS forecast requires around 650 Wh. These numbers 
are based on the nominal power ratings of the respective GPU and CPU hardware. Model training incurs a 
one-time cost of approximately 656 kWh for pretraining and 14 kWh for fine-tuning. Further replacing the 
computationally expensive wave component not considered here with a learned surrogate could reduce energy 
consumption at forecast time even more.

Dataset
Ocean state
The Mediterranean Sea physics analysis and forecasting system leverages a two-way coupled hydrodynamic–
wave modeling framework composed of the Nucleus for European Modelling of the Ocean (NEMO) v4.255, 
which includes an explicit representation of tides, and WAVEWATCH III v6.0756. Model solutions are corrected 
using the 3D variational data assimilation scheme OceanVar57, which integrates quality-controlled in situ and 
satellite observations to improve ocean dynamics. The Mediterranean reanalysis system is based on NEMO v3.6 
(without tides) and OceanVar, assimilating reprocessed observational data. The model is implemented at a high 
horizontal grid resolution of 1/24◦, utilizing a total of 141 vertical levels with uneven spacing. By choosing every 
other depth until 200 m the list of selected depths included in this study becomes: 1.02, 5.46, 10.5, 16.3, 22.7, 
29.9, 37.9, 46.7, 56.3, 66.9, 78.6, 91.2, 105, 120, 136, 153, 172, and 192 meters. The topography is based on an 
interpolation of the General Bathymetric Chart of the Oceans (GEBCO) 30 arcsecond grid58. SeaCast is trained 
on 37 years of daily reanalysis/analysis data, totaling 13 508 samples, and each epoch the model is validated on 
analysis data from January to June of 2024, comprising 177 samples. The test data consist of daily forecasts issued 
between July 3rd and December 31st, 2024 comprising 182 daily initializations, and forecast skill is assessed up 
to January 14th, 2025 to account for the 15-day SeaCast forecast horizon.

Atmospheric forcing
Atmospheric forcing plays an important role in data-driven modeling of the ocean’s response to atmospheric 
conditions25, especially in driving marine dynamics near the sea surface. We incorporate four key atmospheric 
variables: the 2-m temperature, MSLP, and the 10-m zonal and meridional wind stress components derived from 
wind components using the Hellerman and Rosenstein formulation59 for the drag coefficient. The atmospheric 
data are sourced from daily mean aggregates of 6-hourly ERA5 reanalysis data29. For testing, we compare 
the 6-hourly daily means of the numerical ENS and the data-driven AIFS forecasts. All atmospheric forcing 
variables are bi-linearly interpolated from their native 1/4◦resolution to the 1/24◦ resolution of the sea grid. 
Additionally, the sine and cosine of the day of the year, normalized between 0 and 1, are included as forcing 
features to account for seasonal variations. The atmospheric forcing used in our model is windowed over three 
consecutive time steps. This means that each forcing input Ft includes data from times t − 1, t, and t + 1.

Lateral boundary forcing
We define the lateral boundary as the grid nodes west of longitude −5.2◦ to the edge of the grid, covering 
the Strait of Gibraltar, as well as the Dardanelles Strait, which spans latitudes 39.9◦ to 40.4◦ and longitudes 
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25.9◦ to 26.4◦. Note that we use a boundary region that lies inside the propagated data grid, allowing us to use 
Mediterrenaen forecast data as boundary forcing. Current ocean forecasts at CMEMS are available 10 days in 
the future for the most part, following the length of HRES atmospheric forcing. However, we use the ENS/AIFS 
standard of 15-day forecasts. Hence we have to increase the length of the boundary forcing, and we do so by 
persisting the last forecast state in the boundary region five times at the end.

Satellite data
Satellite observations of SST and SLA over the Mediterranean Sea are used for evaluation. For SST, we use the 
super-collated Level-3S (L3S) multi-sensor merged product33 delivered through CMEMS, which provides daily 
SST fields at a spatial resolution of 1/16◦. These observations are representative of nighttime conditions, thereby 
minimizing the effects of the diurnal heating cycle. The L3S dataset is constructed by merging only the highest 
quality Level-2P (L2P) input data from several satellite sensors, selected within a strict local nighttime window 
to reduce cloud contamination and sensor inconsistencies. The main contributing sensors include SLSTR from 
Sentinel-3A and -3B, VIIRS from NOAA-20 and Suomi-NPP, AVHRR from Metop-B and -C, and SEVIRI from 
Meteosat. Model forecasts are bilinearly interpolated to the L3S SST grid during evaluation.

For SLA, we use the CMEMS along-track L3 near-real-time product. This product contains high-resolution 
measurements, where we use 5  Hz measurements from satellite altimeters HaiYang-2B, Jason-3 (interleaved 
orbit), Sentinel-3A and -3B, Sentinel-6A, and the SWOT mission (nadir track). The filtered version of this 
dataset is used to minimize the influence of measurement noise. Model SSH is converted to SLA and bilinearly 
interpolated onto the satellite track coordinates during evaluation. The process of aligning model and observation 
data is detailed in Supplementary A.3.

Evaluation metrics
We assess the performance of SeaCast using several variations of RMSE, which quantifies the average magnitude 
of prediction errors relative to the reference observations. RMSE is computed per lead time and per variable, 
and includes area weighting to account for the changing size of ocean grid cells with latitude, consistent with 
the loss function used during training. For the 3D variables temperature, salinity, and currents, we report 
depth-averaged RMSE to provide a vertically integrated summary of forecast skill at each lead time. For SST, 
we additionally compute per-location RMSE by comparing model outputs interpolated onto the L3S SST grid 
to the observations.

To evaluate the model’s ability to detect temperature extremes, we use HSS, which measures categorical 
forecast skill relative to random chance. HSS is computed based on a binary classification of observed threshold 
exceedances, defined as SST values above the 90th percentile of the daily climatology, using an 11-day rolling 
mean. An HSS of 1 indicates a perfect forecast, 0 indicates no skill beyond chance, and negative values indicate 
performance worse than a random forecast.

Additional details on the verification metrics and their mathematical definitions are provided in 
Supplementary C.

Data availability
The model weights and preprocessed data to reproduce the results for this study are stored at ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​
1​0​.​5​7​9​6​7​/​h​f​/​5​3​4​2​​​​​. The original data is publicly available via CMEMS for the ocean data and ECMWF for the 
atmospheric data. The Mediterranean reanalysis and analysis data can be downloaded from ​h​t​t​p​s​:​​/​/​d​o​i​.​​o​r​g​/​1​0​​.​2​5​
4​2​3​​/​c​m​c​c​​/​m​e​d​s​e​​a​_​m​u​l​t​​i​y​e​a​r​_​​p​h​y​_​0​0​6​_​0​0​4​_​e​3​r​1 and ​h​t​t​p​s​:​​/​/​d​o​i​.​​o​r​g​/​1​0​​.​2​5​4​2​3​​/​c​m​c​c​​/​m​e​d​s​e​​a​_​a​n​a​l​​y​s​i​s​f​o​​r​e​c​a​s​t​_​
p​h​y​_​0​0​6​_​0​1​3​_​e​a​s​8. The atmospheric forcing is obtained from https://doi.org/10.21957/open-data. The observed 
SST, SLA, and in-situ data used for evaluation are available via https://doi.org/10.48670/moi-00171, ​h​t​t​p​s​:​/​/​d​o​i​.​
o​r​g​/​1​0​.​4​8​6​7​0​/​m​o​i​-​0​0​1​4​0​​​​​, and https://doi.org/10.48670/moi-00044, respectively.

Code availability
The source code for SeaCast is available at https://doi.org/10.5281/zenodo.15367632. The repository contains 
scripts for data downloading and preprocessing, as well as code for training and evaluating the models present-
ed.
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