
FuXi-Ocean: A Global Ocean Forecasting System with
Sub-Daily Resolution

Qiusheng Huang1,2†, Yuan Niu3†, Xiaohui Zhong1, Anboyu Guo1, Lei Chen1,
Dianjun Zhang3, Xuefeng Zhang3∗, Hao Li1,2∗

1Artificial Intelligence Innovation and Incubation Institute, Fudan University
2Shanghai Innovation Institute

3School of Marine Science and Technology,Tianjin University

Abstract

Accurate, high-resolution ocean forecasting is crucial for maritime operations and
environmental monitoring. While traditional numerical models are capable of
producing sub-daily, eddy-resolving forecasts, they are computationally intensive
and face challenges in maintaining accuracy at fine spatial and temporal scales. In
contrast, recent data-driven approaches offer improved computational efficiency
and emerging potential, yet typically operate at daily resolution and struggle with
sub-daily predictions due to error accumulation over time. We introduce FuXi-
Ocean, the first data-driven global ocean forecasting model achieving six-hourly
predictions at eddy-resolving 1/12◦ spatial resolution, reaching depths of up to
1500 meters. The model architecture integrates a context-aware feature extraction
module with a predictive network employing stacked attention blocks. The core
innovation is the Mixture-of-Time (MoT) module, which adaptively integrates
predictions from multiple temporal contexts by learning variable-specific reliability
, mitigating cumulative errors in sequential forecasting. Through comprehensive
experimental evaluation, FuXi-Ocean demonstrates superior skill in predicting key
variables, including temperature, salinity, and currents, across multiple depths.

1 Introduction

Ocean forecasting systems play a vital role in maritime operations, providing critical information
for navigation, search and rescue, fisheries management, and offshore energy production. These
applications require increasingly accurate predictions at finer temporal and spatial resolution to
capture rapidly evolving oceanic phenomena. For instance, high-resolution forecasts of ocean
currents are indispensable for maritime search and rescue and oil spill tracking, where accurate
backtracking and source identification are critical [41]. Despite notable advances in numerical
modeling and computational capacity, achieving both high temporal resolution and global coverage
remains challenging [16, 13].

Operational ocean forecasting traditionally relies on physics-based numerical models that solve the
governing equations of ocean dynamics [15]. While based on well-established physical laws, these
models are computationally expensive, particularly when resolving mesoscale eddies, which require
grid resolutions of 1/12◦ or finer. Even after decades of development, ocean general circulation
models (OGCMs) still exhibit substantial uncertainties, due to numerical discretization errors [1] and
uncertainties in parameterizing unresolved subgrid processes [34].
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Recently, deep learning approaches emerge as promising alternatives to traditional OGCMs. Studies
[45, 43, 46, 2, 11] demonstrate that such models can achieve comparable or even superior accuracy at
daily temporal resolution compared to operational numerical systems, and their operational efficiency
can be improved by a thousand times. However, extending these models to sub-daily resolutions
presents unique challenges. Ocean variables exhibit diverse temporal dynamics that vary significantly
across depths and spatial regions. Surface variables, such as sea surface temperature, often follow
pronounced diurnal cycles similar to atmospheric variables, whereas deeper ocean currents evolve
on considerably slower timescales. Unlike atmospheric forecasting, which is dominated by high-
frequency variability, ocean prediction must accommodate a broad spectrum of temporal behaviors,
from fast-changing surface processes to slowly evolving deep-ocean processes. A key limitation
of existing deep learning-based ocean forecasting models lies in their predominant focus on daily
forecasts, which restricts their ability to adaptively model variable-specific temporal dynamics at
sub-daily intervals. Lacking mechanisms to adaptively process temporal information across multiple
timescales, these models often struggle with the complexity of high-frequency sub-daily predictions.
Moreover, designing effective sub-daily models requires architectures capable of learning efficiently
from limited historical data while avoiding overfitting to spurious correlations.

In this work, we present FuXi-Ocean, the first deep learning-based global ocean forecasting model
to achieve six-hour temporal resolution at eddy-resolving 1/12◦ spatial resolution. Our approach
explicitly addresses the challenges of sub-daily ocean prediction through three key innovations:
First, we design an autoregressive architecture specifically tailored to capture multi-scale temporal
dependencies of different oceanic variables across an unprecedented depth range (0-1500 m). Unlike
previous models that treat all variables uniformly, our model adaptively learns temporal context
appropriate for each variable and region, effectively distinguishing between fast-evolving surface
processes (e.g., diurnal warming) and slowly varying deep-ocean dynamics. Second, we introduce
the Mixture-of-Time (MoT) module that adaptively integrates predictions from multiple temporal
windows based on their empirical reliability for each variable. This mechanism enables the model
to select the most informative temporal context, thereby mitigating the accumulation of forecast
errors typically encountered in sequential prediction tasks. Third, we demonstrate remarkable data
efficiency, achieving state-of-the-art performance with only 9 years of training datasignificantly
less than required by comparable models. This efficiency stems from our architecture’s ability to
effectively leverage physical constraints and spatial coherence in the learning process. Our key
contributions are as follows:

• We propose FuXi-Ocean, the first data-driven global ocean forecasting model to achieve
six-hour temporal resolution, 1/12◦ spatial resolution, and 0-1500 m depth coverage.

• We introduce the Mixture-of-Time (MoT) module, which adaptively integrates variable-
specific temporal dependencies to reduce cumulative errors in sequential prediction.

• We validate FuXi-Ocean with reanalysis and observational datasets, demonstrating superior
performance over traditional numerical forecasting models at sub-daily intervals.

2 Related Work

2.1 Numerical Models

Ocean forecasting traditionally relies on OGCMs that solve fundamental physical equations governing
ocean dynamics. State-of-the-art operational systems, such as the HYbrid Coordinate Ocean Model
(HYCOM) [8, 3], Ocean Physical System (PSY4) [27], Global Ice Ocean Prediction System (GIOPS)
[42], Forecast Ocean Assimilation Model (FOAM) [5], BLUElinK OceanMAPS (BLK) [40], Nucleus
for European Modelling of the Ocean (NEMO) [19], Modular Ocean Model (MOM) [17], Real-Time
Ocean Forecast System (RTOFS) [14] and GLORY12 [22], make significant advances in global ocean
prediction capabilities.

Despite their solid theoretical foundations, these models face persistent challenges. The computational
cost increases dramatically with resolution, making global simulations at eddy-resolving scales
particularly expensive [36]. Additionally, uncertainties in parameterizing unresolved processes, such
as vertical mixing and air-sea interactions, introduce systematic model biases [44, 21]. The inherent
chaotic nature of ocean systems further complicates forecasting, as small errors in initial conditions
can rapidly amplify through nonlinear interactions. These limitations become particularly acute for
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high-frequency predictions, where sub-daily forecasts reveal the full spectrum of model de�ciencies
that might otherwise be obscured in daily averages.

2.2 Data-Driven Deep Learning Models

Recent advances in deep learning introduce promising new approaches for ocean forecasting and
successfully applied to the global medium-range forecasts [24, 9, 26, 4, 33, 6, 37].At present, deep
learning based ocean forecasting technology is developing rapidly and can predict ocean variables
such as satellite sea surface temperature, sea surface height, wave height, temperature, salinity, U and
V [47, 38], as well as seasonal or interannual ocean phenomena such as Indian Ocean Dipole (IOD)
and ElNiño Southern Oscillation (ENSO) [20, 48, 49]. Wang et al. [43] developed "XiHe", a global
forecasting model based on the Swin-Transformer architecture, incorporating specialized ocean-land
mask mechanisms. Yang et al. [46] introduced "Langya", which mitigates cumulative forecast errors
by employing a Time Embedding module, enabling forecasts for up to 7 days without iterative
steps. Both models achieve state-of-the-art performance for daily predictions at 1/12� resolution.
In addition, Cui et al. [11] and Xiong et al. [45] also experimented with autoregressive forecasting
architectures and achieved good performance.

Despite these advances, existing data-driven ocean forecasting approaches face three key limitations
that constrain their practical utility. First, temporal resolution remains limited to daily intervals.
Ocean parameters evolve on markedly different timescales, with surface temperatures exhibiting
pronounced diurnal cycles while deep currents evolving more slowly over extended time periods.
Without mechanisms to adaptively learn these multiscale temporal dependencies, current models are
fundamentally limited in their ability to capture the full spectrum of ocean dynamics at sub-daily
resolutions. Second, vertical coverage in existing models remains severely constrained, typically not
extending beyond 700 m depth. The thermocline structure and deep water mass properties below this
depth play crucial roles in energy transfer and climate dynamics, yet remain largely unaddressed in
current data-driven frameworks. Third, most current approaches rely heavily on atmospheric forcing
as input variables, creating additional computational overhead and external data dependencies.

3 Method

This section details our methodology for high-frequency ocean forecasting. We �rst describe our data
preparation approach, then present the architecture of FuXi-Ocean, including our novel Mixture-of-
Time module for adaptive temporal modeling, and �nally outline our training strategy.

3.1 Problem Formulation

Ocean forecasting requires processing high-dimensional spatiotemporal data that captures the
complex dynamics of global marine systems. FuXi-Ocean addresses the task of predicting fu-
ture oceanic states from sequential historical observations with high spatial and temporal preci-
sion. Formally, given a sequence of historical observations spanningN consecutive time points
f Xt � N +1 ; Xt � N +2 ; : : : ; Xt g 2 RN � C � H � W , we aim to predict the state at the subsequent time step
Xt +1 2 RC � H � W . Here,H = 2160 andW = 4320 represent the spatial dimensions of our global
grid at 1/12� resolution, providing eddy-resolving capability essential for capturing mesoscale ocean
dynamics.

We focus on �ve fundamental ocean state variables that collectively characterize the physical state of
the global ocean: temperature (T), salinity (S), zonal and meridional components of ocean currents
(U andV), and sea surface height (SSH). While SSH is inherently a surface variable, the remaining
four variables exhibit substantial vertical variability that necessitates prediction across multiple depth
levels. We discretize the water column into 20 strategically selected depth levels from the surface
(0m) to the deeper ocean (1500 m): 0, 2, 4, 6, 10, 20, 30, 40, 50, 60, 70, 80, 100, 125, 150, 200, 300,
500, 1000, and 1500 m. This vertical resolution is particularly dense near the surface to accurately
capture upper-ocean dynamics that strongly in�uence air-sea interactions. Consequently, our input
and output tensors compriseC = 81 channels (4 variables� 20 depth levels + SSH).

The temporal resolution of our data is set at 6-hour intervals, aligning with operational oceanic
forecasting standards and balancing computational feasibility with information density. We empiri-
cally determine thatN = 4 consecutive time steps (spanning 24 hours) provides suf�cient historical
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