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Abstract. In recent years, deep learning-based ocean forecasting has become a prominent research focus. However, recent

studies often rely on operational ocean forecast systems to provide initial conditions. Operational ocean forecast systems typi-

cally use Ensemble Data Assimilation (EDA) to generate these initial conditions. Nonetheless, the high computational cost of

numerical models limits the ensemble sizes in EDA, resulting in rank deficiencies in the background error covariance matrix

and introducing spurious correlations. To address these challenges and advance the operationalization of deep learning-based5

ocean forecasting, we propose Deepcov-EnKF, a deep learning-enhanced background error covariance method for massive

Ensemble Kalman Filter (EnKF) applications in Sea Surface Temperature (SST) forecasting. The proposed method incor-

porates a deep learning-based SST forecasting model to generate approximately 5,000 ensemble members. It then directly

maps this high-dimensional perturbation set into a background error covariance matrix using a deep neural network. This ap-

proach reduces the computational cost of covariance estimation by more than 200-fold compared to conventional techniques.10

Experimental results demonstrate that the forecasting model can initialize reliable 60-day SST predictions with a Root Mean

Square Error (RMSE) of approximately 0.6°C. Furthermore, assimilation diagnostics reveal that Deepcov-EnKF effectively re-

solves the spurious correlations in the covariance matrix. The method also exhibits robust stability and outperforms advanced

numerical assimilation methods during a 360-day cycling forecasting experiment. This study confirms that Deepcov-EnKF

overcomes key limitations of traditional EDA frameworks, significantly enhances the accuracy of SST assimilation, and lays15

the foundation for high-precision marine forecasting systems.

1 Introduction

Ocean forecasting is of great significance in modern scientific research and application. High-resolution ocean forecasting

models can provide accurate predictions of the state of the oceans, which is crucial for weather forecasting and climate re-

search (Hewitt et al., 2017). The differential equation framework underlying traditional ocean numerical model predictions is20

difficult to comprehensively characterize the multi-scale nonlinear processes of the ocean, and there are empirical biases in pa-

rameterization schemes (such as turbulence mixing coefficients, air-sea fluxes, etc.) (Krasnopolsky et al., 2002; Köllisch et al.,
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2018; Kim et al., 2022). The model errors show a non-linear cumulative effect in the integration process, which is prone to

systematic biases in the long-term forecast (Danforth et al., 2007). At the same time, improving spatial and temporal resolution

and increasing model complexity are often mutually constrained by computational costs, which limits the prediction accuracy25

of small and medium-scale phenomena (Xu et al., 2021; Vlachas et al., 2020).

In recent years, deep learning-based ocean forecasting models have made remarkable progress in technological break-

throughs and application practices, gradually overcoming the limitations of traditional numerical models in terms of complex

nonlinear process inscription and computational efficiency (Bento et al., 2021; Abbas et al., 2024; Lu et al., 2025; Immas et al.,

2021). Deep learning-based models such as Convolutional Neural Networks (CNN) (LeCun et al., 1998), Long Short-Term30

Memory (LSTM) (Hochreiter and Schmidhuber, 1997), 3D U-Net (Çiçek et al., 2016) have significantly improved prediction

accuracy by automatically extracting spatiotemporal features from massive data. For example, compared to numerical models,

the coupled CNN-LSTM model achieves more than 70% error reduction and 60% improvement in computational efficiency

to predict the effective wave height (Zhang et al., 2024). In addition, large-scale deep learning-based ocean forecasting mod-

els are developing rapidly. Ocean prediction models such as XiHe (Wang et al., 2024), AI-GOMS (Xiong et al., 2023) and35

OceanNet (Chattopadhyay et al., 2024) can make full use of large amounts of data and establish an accurate mapping between

model inputs and outputs, showing great potential in terms of prediction accuracy, timeliness and computational efficiency. In

terms of accuracy, deep learning-based ocean forecasting models have been able to match or even surpass traditional numerical

prediction models in terms of statistical indicators (Ali et al., 2021; Shao et al., 2022; Fei et al., 2022). Thanks to the rapid

inference capability of AI models, the speed of AI ocean prediction models has been improved by orders of magnitude (Ling40

et al., 2024; Shao et al., 2021), breaking the time-consuming limitation of traditional numerical forecasting.

The accuracy of the initial field, as the core input to the ocean prediction system, is critical for both traditional ocean

models and AI prediction models (Mu et al., 2015; Bai et al., 2022). Small initial errors can be exponentially amplified in

non-linear dynamical processes, leading to prediction failures. For AI prediction models, the quality of the initial field affects

the generalization ability of the data-driven model, and the difference in the distribution between the training data and the45

real initial state can induce model bias. Therefore, both the acquisition and optimization of high-precision initial fields are

key prerequisites to improve the forecasting capability of the marine environment (Blondel et al., 2010; Mu et al., 2015).

In traditional numerical models, the initial field is combined with observational data through data assimilation techniques

(Dong et al., 2022; Howard et al., 2024), and its accuracy directly determines the reliability of the numerical solution of

physical equations (Moore et al., 2019; Smit et al., 2021; Martin et al., 2007). The core lies in the use of mathematical50

optimization methods such as Ensemble Kalman Filter(EnKF) (Evensen, 1994) and variational assimilation (Courtier et al.,

1994) to dynamically adjust the initial state, effectively inhibit the exponential growth of the error. Unlike traditional variational

assimilation or static error statistics methods, ensemble data assimilation significantly improves the fusion of background

field and observations by dynamically generating multiple ensemble members and estimating the forecast error covariance

in real time (Tandeo et al., 2020; Houtekamer and Mitchell, 1998). It is widely used in meteorological and oceanographic55

forecasting, climate research and environmental monitoring, and is one of the main data assimilation methods in modern

numerical prediction systems (Whitaker et al., 2008; Gustafsson et al., 2018). Data assimilation is the core technology for
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improving the predictive power of traditional models and also provides more physically constrained initial conditions for AI

prediction models, which is particularly important for the refined prediction of marine environments (Cummings, 2005; Smit

et al., 2021; Beiser et al., 2025).60

The construction of background error covariance matrices in ocean ensemble data assimilation relies on the statistical prop-

erties of the ensemble members, and the limited ensemble size can lead to biased covariance estimates (Zhang et al., 2020; Sun

et al., 2024). Therefore, it is difficult to accurately represent the complex correlations of multiscale ocean dynamical processes.

The uneven spatial and temporal distribution and sparseness of the observed data (e.g. currents, temperature and salinity pro-

files) also limit the assimilation effect (Wang et al., 2022; Alonso-González et al., 2023), especially the current data, which65

are much more difficult to assimilate due to their fast dynamic changes and high observation cost (Kerry et al., 2024; Toste

et al., 2024). In addition, traditional ensemble assimilation methods (e.g., the EnKF) are limited in handling strongly nonlinear

dynamical processes such as high-frequency turbulence or extreme events, because the underlying linear analysis step cannot

fully capture the nonlinear evolution simulated by the forecast model. Moreover, these methods rely on the physical framework

of the model itself, which may not be able to effectively correct forecast errors (Labahn et al., 2020; Chattopadhyay et al.,70

2023; Evensen et al., 2024). These limitations highlight the need for further optimization of ensemble sampling strategies,

development of dynamic background error estimation methods, and integration of artificial intelligence techniques.

In recent years, there have been several studies integrating artificial intelligence into ensemble data assimilation to improve

assimilation effect. Chattopadhyay et al. (2023) proposed H-EnKF, which uses pretrained deep learning data to drive a model

to generate and evolve large-scale state ensembles in order to accurately compute background error covariance matrices and75

to reduce sampling errors. The method does not require any localization strategy and is able to significantly improve the

estimation of the initial field. Hammoud et al. (2024) combined deep reinforcement learning with EnKF to propose a new

assimilation strategy that uses observations of global or partial state variables for state correction. The method performs well in

the Lorenz 63 and 96 systems, which is able to handle non-Gaussian observations, and overcomes the limitations of traditional

EnKF. Kang et al. (2021) propose an EnKF framework based on the Convolutional Variational Auto-Encoder (CVAE), which80

significantly improves the accuracy of the estimation and reduces the estimation error. Chen et al. (2022) present a new method

based on the gradient-free profile assimilation training framework to optimize neural network parameters using EnKF and

ESMDA algorithms. The method performs well on regression problems and provides an alternative to existing neural networks

for online/offline training. Mücke et al. (2024) proposed Deep Latent Space Particle Filters (D-LSPF) for real-time profile

assimilation and uncertainty quantification.D-LSPF significantly speeds up complex profile assimilation tasks by combining85

deep learning and particle filtering without sacrificing accuracy and is capable of fusing increasingly complex models and

data in real time. The above studies show that deep learning methods have demonstrated significant advantages in the field of

ensemble data assimilation, with their efficiency in generating particles or ensembles and their accuracy in characterizing the

background error covariance matrix exceeding that of traditional methods. However, there are still limitations to the current

research results. First, the experiments are based on idealized numerical models that simplify the physical processes and have90

not been validated in real atmospheric or oceanic model systems. In addition, the spatial and temporal dimensions of existing
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studies are orders of magnitude different from operational forecasting needs, and the ensemble sizes generated are far from

meeting the computational requirements of global numerical prediction systems.

To facilitate the operational application of deep learning in ocean forecasting, this study proposes Deepcov-EnKF, a deep

learning-enhanced background error covariance method for massive EnKF applications in Sea Surface Temperature (SST)95

forecasting. The proposed method leverages a deep learning-based SST prediction model to efficiently generate around 5,000

ensemble members. A deep neural network is then employed to directly map these high-dimensional perturbations into an

accurate background error covariance matrix. This approach reduces computational cost by more than 200 times compared

to conventional covariance estimation methods. Experimental results indicate that Deepcov-EnKF enables reliable 60-day

SST forecasts. Assimilation diagnostics confirm that the method effectively suppresses spurious correlations and demonstrates100

strong stability throughout a 360-day cycling experiment without error accumulation. This work breaks through key bottlenecks

of traditional EDA, significantly enhances SST assimilation quality. And it provides an efficient data assimilation approach that

can be extended to multiple variables for the development of a new generation of high-precision marine forecasting systems.

The remainder of the paper is organized as follows. Section 2 describes the EnKF algorithm and modeling framework in

detail. The data used and data processing are described in Section 3. Section 4 presents the results and Section 5 summarizes105

the conclusions.

2 Methods

2.1 EnKF

The basic idea of EnKF is to use points in a probability space to represent one possibility of a state variable and to use

the ensemble to estimate the forecast error covariance matrix (Evensen, 1994). First, N samples are generated in the initial110

distribution x0 ∼N (x̄0,P0) and used to construct the initial ensemble:

x
(i)
0 = x̄0 + ϵ

(i)
0 , ϵ

(i)
0 ∼N (0,P0), i= 1, . . . ,N (1)

where x
(i)
0 denotes the initial ensemble members. Then each ensemble member is integrated using the nonlinear model M:

x
(i)
k|k−1 =Mk−1(x

(i)
k−1|k−1)+w

(i)
k−1, w

(i)
k−1 ∼N (0,Qk−1) (2)

w denotes the mode integration error with covariance Q. The prediction mean x̄k|k−1 and the prediction perturbation matrix115

X ′
k|k−1 are calculated from the predicted values of each ensemble member:

x̄k|k−1 =
1

N

N∑

i=1

x
(i)
k|k−1 (3)

X ′
k|k−1 =

[
x
(1)
k|k−1 − x̄k|k−1, . . . ,x

(N)
k|k−1 − x̄k|k−1

]
(4)
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Perturbations need to be added to the observations in the ensemble Kalman filter to avoid underestimating the posterior120

covariance matrix. Compute the ensemble mean model equivalent of the observations ȳk and the observation perturbation

matrix Y ′
k accordingly:

y
(i)
k = yk + v

(i)
k , v

(i)
k ∼N (0,Rk), i= 1, . . . ,N (5)

ȳk =
1

N

N∑

i=1

H
(
x
(i)
k|k−1

)
(6)125

Y ′
k =

[
H
(
x
(1)
k|k−1

)
− ȳk, . . . ,H

(
x
(N)
k|k−1

)
− ȳk

]
(7)

where H stands for the nonlinear observation operator, yk represents the input observation data, y(i)k represents the ith obser-

vation data point with observation error, and Rk represents the covariance matrix of observation errors. The state-observation

covariance matrix Pxy as well as the observation-observation covariance matrix Pyy can be calculated based on the prediction130

perturbation matrix and the observation perturbation matrix:

Pxy =
1

N − 1
X ′

k|k−1Y
′⊤
k (8)

Pyy =
1

N − 1
Y ′
kY

′⊤
k +Rk (9)

The Kalman gain matrix corresponding to the ensemble Kalman filtering can be expressed as:135

Kk = PxyP
−1
yy (10)

Finally, each ensemble member is updated and the posterior statistic is calculated. The updated mean barxk|k and covariance

Pk|k are calculated:

x
(i)
k|k = x

(i)
k|k−1 +Kk

(
y
(i)
k −H

(
x
(i)
k|k−1

))
, i= 1, . . . ,N (11)

140

x̄k|k =
1

N

N∑

i=1

x
(i)
k|k (12)

Pk|k ≈ 1

N − 1
X ′

k|kX
′⊤
k|k, X ′

k|k =
[
x
(1)
k|k − x̄k|k, . . . ,x

(N)
k|k − x̄k|k

]
(13)
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2.2 Architecture of Forecasting Model

The SST prediction model constructed in this study adopts a hierarchical network architecture (shown in Fig. 1), with a Swin145

Transformer network as the feature extraction backbone at its core. The model input adopts a multi-source heterogeneous

data fusion strategy, which mainly contains two types of key data sources: atmospheric forcing field data and SST data. The

architecture adopts an encoder-decoder design, where the encoder part contains a 5-stage Swin Transformer module with 2×2

spatial downsampling at each stage, and the decoder gradually recovers the spatial resolution through transpose convolution.

This design achieves full fusion of multiscale features while maintaining computational efficiency.150

This study integrates sea surface temperature (SST) and forcing field data using a three-dimensional tensor structure C ×
H ×W , where C represents the number of channels, and H and W denote the two-dimensional grid. In this case, the single

channel SST 2D field, the atmospheric boundary forcing and the high-altitude dynamical field are stacked through the channel

dimensions to form a 7× 120× 240 composite input tensorX ∈RCin×H×W . The data preprocessing core of the model uses

Patchify technique to transform the raw grid data into serialized embedding vectors suitable for processing by the Transformer155

architecture. Each of the input data fields performs nonoverlapping local block partitioning, cutting the raw grid into 60 × 120

(i.e., 120/2 × 240/2) spatial blocks, each covering 2 × 2 neighbouring grid points. The grid point values within each block are

mapped into fixed-dimension Patch Embedding through a linear projection layer to achieve the conversion from spatial grids

to feature sequences. Different meteorological variables are independently blocked and embedded to preserve their physical

characteristics, and then spliced into a unified multimodal input sequence in the embedding space. This process not only160

compresses the high-dimensional mesh data into a sequence structure, which reduces the computational complexity of the

subsequent attention, but also retains the spatial correlation of the neighbouring meshes through the design of local blocks,

which lays the foundation for Swin Transformer to capture the multi-modal weather patterns.

The Swin Transformer architecture implements a hierarchical feature mapping through five levels of cascade processing

modules. The Swin Attention module accurately models the multi-scale spatial dependencies of meteorological fields through165

a hierarchical sliding-window mechanism, while significantly reducing computational complexity. The high-resolution grid is

divided into local windows to focus on capturing the short-range interactions of forecast elements, avoiding the computational

bottleneck of the traditional global attention at high resolution, and reducing the computational volume from O(n2) to O(n).

Remote spatial correlations are gradually established through a hierarchical design of merging windows layer by layer, and

local boundaries are broken using window offset techniques. The attention weights of heterogeneous data such as SST, wind170

field and potential field are jointly calculated within the same window to implicitly learn the physical mechanism of sea-air

interaction. At the same time, the relative position encoding enhances the robustness of the model in predicting ocean phenom-

ena, and ultimately realizes efficient and high-precision spatial and temporal evolution prediction of complex ocean processes.

Adaptive LayerNorm significantly improves the robustness and accuracy of the forecast by dynamically generating the Scale

and Shift terms. Adaptive LayerNorm dynamically adjusts the normalization parameters based on temporal embedding and175

spatial context to adapt to the strong non-stationarity of the data. Time Embedding enhances the forecast accuracy in this

model through a two-way encoding mechanism (initial moment and forecast time ∆t). It enables the model to satisfy the time
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Figure 1. Overall architecture of the SST prediction model. The backbone of the prediction model is included, and the input variables include

one fundamental ocean variable (sea surface temperature (SST)) and six atmospheric forcing variables (2m Temperature (t2m), Mean Sea

Level (MSL), 10m Latitudinal Velocity (U), 10m Longitudinal Velocity (V), and 850hPa/500hPa Upper-air Geopotential). The detailed

modelling framework of the Swin Transformer Block is shown in the upper right corner.

symmetry of physical laws, and adaptively regulate the prediction paths within a unified architecture, ultimately achieving

accurate predictions across scales.
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Figure 2. Overall framework of DL-BEC and network structure.

2.3 B Matrix Computing Acceleration Model180

In the above prediction model, the horizontal grid is set to 120× 240, in which case the computation of the background error

covariance matrix B in the EnKF algorithm becomes extremely complex and time-consuming. The univariate state vector has

a dimension of N = 28,800, and explicit storage of B requires about 108 elements, and the cumulative computational cost

for each element leads to a very slow assimilation process. Traversing the spatial relations among all grid points to calculate

the combinations of grid point pairs alone has nearly 800 million combinations, and each step of the operation consumes a185

large amount of computational resources. Therefore, the construction and optimization of B in the whole EnKF process is

the bottleneck of real-time data assimilation. Especially when the model resolution or the number of variables continues to

increase, the problem becomes more difficult.

We innovatively propose a deep learning-based generation model for background error covariance matrix (DL-BEC), aiming

to break through the high-dimensional bottleneck of B matrix computation. The model takes the ensemble perturbation matrix190

as input, implicitly models the high-dimensional covariance structure via deep neural networks, and directly outputs B matrix

estimates. The end-to-end architecture avoids the operation of explicitly constructing N ×N matrices and greatly reduces

computational complexity. The model inference process is fully parallelisable and real-time covariance update can be achieved

under GPU acceleration. The specific model framework is shown in Fig. 2.

The core of the model lies in implicit modelling. Instead of computing or storing the complete B matrix directly, it learns195

a mapping from the input data to an efficient representation of the B matrix. The model learns how to extract features from

the input perturbations through a neural network and gradually builds the low-rank part (L) and diagonally corrected part (D),
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which together approximate the B matrix as

B ≈ LL⊤ +D. (14)

Bannister (2008) points out that combining a low-rank flow-dependent set covariance with a diagonal variance term (to com-200

pensate for underestimation of set variance and errors arising from unresolved scales) is an effective and commonly used

method for constructing a reliable background error covariance matrix. Our method is a direct application of this principle.

Here, L ∈ Rn×r (with r≪ n) captures the dominant multivariate error correlations. Its columns can be interpreted as the lead-

ing error modes. D = diag(d1,d2, . . . ,dn) is a diagonal correction that accounts for the grid-point variances and small-scale

error variance not represented by the low-rank part LL⊤. The final target B matrix is then assembled from L and D. The model205

receives an ensemble perturbation matrix as input. Each column of this matrix represents the perturbation of the state vector

of an ensemble member with respect to the ensemble average. The DataLoader module is responsible for efficiently loading

the input data from storage and performing the necessary preprocessing. The Online Standardised Layer acts on each input

sample to compute the mean and standard deviation of the input data for the current batch. The data is standardised using these

statistics. This allows the data to be scaled consistently across batches and variables, accelerating network convergence and210

improving stability. The standardisation process implicitly includes first-order statistical information about the variance of the

variables themselves, which is itself an important part of the diagonal elements of the B matrix.

The Feature Extraction and Matrix Construction Block (Block 1 to Block k) is the core part of the model and consists of

a cascade of k structurally similar modules. Each Block is responsible for extracting deeper features from the input and pro-

gressively constructing and refining the representation of the matrix structure of B. L matrix Decoding / D matrix Generation215

is at the heart of each Block and receives high-level features from the output of FG2 and decodes / maps them into matrices

of a particular form. The L matrix decoding generates a lower triangular matrix that captures the main, structured covariance

information. The D matrix is responsible for capturing local variances not adequately represented by the low-rank component

and small-scale, rapidly changing error components. L decoding and D generation are alternated to progressively refine the

representation of the covariance structure.Matrix Construction Laye combines the final L and D matrices after k Block pro-220

cessing to form the core representation P of the model’s predicted covariance matrix. P is a compact, efficient representation

of the model’s complete, high-dimensional background error covariance matrix B. Block Diagonal Matrix Assembly converts

or interprets the single, large matrix P output by the model into the final desired B matrix.

The model is compressed from traditional O(m2) to O(b2) memory consumption by chunked low-rank decomposition

technique (block size = 600, rank = 10), and achieves 28,800 dimensional real-time processing capability on a single GPU.225

The combination of Cholesky decomposition parameterization and eigenvalue regularization ensures that the output matrix is

strictly symmetric and positive definite, with the smallest eigenvalue stabilized above 1e-6. At the same time, online normaliza-

tion and mixed-accuracy training are used to achieve dynamic data adaptation. Compared with traditional sample covariance

calculation methods, the entire forecast assimilation cycle experiment achieved a 7.2% acceleration on the A100 GPU. Its

implicit matrix interface is seamlessly compatible with existing EnKF systems and is particularly suitable for large-scale data230
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assimilation scenarios such as meteorology and oceanography. At the same time, it compresses the single covariance modelling

time to seconds, providing a solution for real-time forecasting and assimilation systems.

The training data are generated through two complementary strategies that together ensure both generic representativeness

and physical relevance.First, we draw random samples over a wide range of idealized error patterns which allows the network

to learn the intrinsic mapping from state perturbations to covariance matrices, without being overly tied to any particular235

flow realization.To guarantee that the learned mapping captures physically meaningful, flow-dependent error covariances, we

augment the training dataset with perturbations extracted from ensemble forecasts. These real perturbations expose the model

to the authentic variability and complex correlation structures present in operational forecasting systems.The network is trained

for 100 epochs on this mixed dataset, which combines random and real perturbations.

2.4 Experimental Setup240

In this study, a complete SST forecasting and assimilation cycle experimental system is constructed (the architecture is shown

in Fig. 3). Its core process integrates the overall architecture of ensemble forecasting and data assimilation. In the initial

field construction stage, the Breeding of Growing Modes (BGM) (Toth and Kalnay, 1993) method is used to perturb the

initial field. Three time steps (t0 − 3∆t to t0) before the initial moment are selected as the perturbation incubation period for

specific implementation. The reason for selecting this incubation period is that our assimilation window is 24 hours, and the245

background field is derived from a 24-hour forecast. The growth cycle of BGM perturbations requires the capture of rapidly

growing error modes that match this forecast duration. For 24-hour forecast errors, the timescale of growth is typically on the

order of 1–3 days. Therefore, a 72-hour incubation period is sufficient to allow the dominant instability modes in the forecast

to develop fully.The initial perturbation field is ensured to have statistical significance through successive mode integration and

perturbation scale normalization.250

During the forecast assimilation cycle, a pre-trained deep learning-based forecast model performs 24-hour scale forecasts

for ensemble members. The generated forecast ensemble is then fused with the observations within the assimilation window.

The trained DL-BEC is used to replace the explicit B matrix computation module of the traditional EnKF algorithm. The

updated analytical ensemble is fed into the forecast model by serving as the initial field for the next assimilation cycle. To fully

validate the system performance, the experiment is continuously executed for 360 full assimilation cycles. In this way, it is255

shown that the ensemble data assimilation system, which is a deep fusion of machine learning methods, significantly improves

the accuracy of marine environment forecasts while maintaining long-term numerical stability.

3 Data Preprocess

The data used to train the SST daily prediction model integrate two authoritative global reanalysis datasets: Global Ocean

Physics Reanalysis (GLORYS) (Jean-Michel et al., 2021) led by The Copernicus Marine Environment Monitoring Service260

(CMEMS), and ERA5 atmospheric reanalysis data (Hersbach et al., 2020) released by the European Center for Medium-Range

Weather Forecasts (ECMWF). GLORYS is constructed based on the NEMO model, which integrates satellite observations with
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Figure 3. Overall framework of the experimental process.

in situ data such as Argo buoys, and reconstructs the high-resolution ocean dynamics through Singular Evolutive Extended

Kalman (SEEK) filter (Pham et al., 1998). ERA5 relies on the IFS Cy41r2 model and 4D variational assimilation to integrate

multisource observations. To keep the model training computationally feasible under our available resources, we screened and265

preprocessed the raw data and aggregated all fields to a uniform 1.5° × 1.5° grid. This resolution is specifically chosen to retain

the large-scale thermal features that constitute the primary drivers of SST evolution on the daily timescale. At the same time, the

moderate grid size substantially reduces computational complexity and memory demands, enabling thorough hyperparameter

optimization and rapid model iteratio. That strikes a practical balance between accuracy and efficiency.

For observational data, we used the OISST (Optimum Interpolation Sea Surface Temperature) dataset (Reynolds, 1993;270

Huang et al., 2021). This is a global SST product released by the National Oceanic and Atmospheric Administration (NOAA)

of the United States. It combines multisource satellite remote sensing infrared observations and actual measurement data from

field buoys, ships, etc., covering a time span from 1981 to the present. We interpolated the raw OISST data onto a global 1.5°

grid with a temporal resolution of one day. The OISST accounts for different uncertainties and provides an internal analysis

error estimate. Therefore we construct R as a diagonal matrix, with the diagonal entries set to the square of the corresponding275

OISST error standard deviation.

To effectively capture and learn the complex dynamic interactions between the ocean and the atmosphere, we carefully

selected key boundary conditions as model input, including sea-land masks and six key atmospheric variables. The input data

covers SST and six atmospheric forcing variables (2m Temperature (t2m), Mean Sea Level (MSL), 10m Latitudinal Velocity

(U), 10m Longitudinal Velocity (V), and 850hPa/500hPa Upper-air Geopotential). Their spatial dimensions are uniformly280

represented as a grid of C × 120× 240. Two-dimensional variables are regarded as a single layer in the C dimension (C = 1),

while three-dimensional variables contain multiple layers (C > 1, representing different vertical heights). We integrate all the
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variables along their respective C dimensions to form a unified tensor structure and input it simultaneously. We divide the

dataset into training, validation and test datasets. The training dataset includes data from 1993 to 2021, the validation dataset

includes data from 2022, and the test dataset includes data from 2023.285

4 Results

4.1 Prediction Results of Forecast Model

We conducted a single deterministic prediction and a ensemble prediction with a ensemble quantity of 5,000 using the same

initial field. The global SST forecast biases distribution is shown in Figure 4. To quantitatively evaluate the performance

and error level of the prediction model, this study uses RMSE (Root Mean Square Error) and ACC (Anomaly Correlation290

Coefficient) as evaluation indicators. The calculation formulas are as follows:

RMSE =

√√√√ 1

N

N∑

i=1

(ŷi − yi)
2 (15)

ACC=

∑N
i=1 âiai√∑N

i=1 â
2
i ·

√∑N
i=1 a

2
i

(16)

Where ai = yi − ȳ, âi = ŷi − ȳ. N represents the total number of samples (number of spatial grid points or time steps), ŷi295

represents the predicted SST value for the i sample, yi represents the reanalysis SST value for the i sample, and ȳ represents

historical daily climatological SST.

From the comparison of SST distribution maps, it can be seen that the AI prediction model trained in this study maintains

good spatial consistency with actual reanalysis data within a 30-day forecast period. The model successfully captures the main

distribution characteristics and trends of global SST. In terms of characterizing SST anomalies (such as significant warm/cold300

anomaly zones), the model’s predictive performance remains at a high level overall. Although, there is still room for improve-

ment in some details. A typical example is the cold water mass in the Antarctic Ocean: the model’s predictions of its spatial

extent and intensity extremes show some deviation compared to reanalysis data. It is worth noting that ensemble forecasts and

deterministic forecasts exhibit complementary performance. Ensemble forecasts exhibit superior spatial continuity (smoother

representation), with their predicted global SST distribution patterns more closely aligning with reality . On the other hand,305

deterministic forecasts perform better in depicting fine-scale structural details. For example, in capturing the intricate features

of SST fluctuations in the equatorial Pacific region, deterministic forecasts demonstrate relatively superior capability.

By analyzing the trends in RMSE and ACC as forecast lead time changes, we can conduct a more precise quantitative

assessment of the error evolution in both deterministic and ensemble forecasts. During the experiment, we defined periods of

15 days or less as short-term, 15 to 45 days as medium-term, and periods exceeding 45 days as long-term. The results show310

that the RMSE of deterministic forecasts remains stable at approximately 0.6°C even in forecasts as long as 60 days, which
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Figure 4. Forecast results of the prediction model. a. Comparison of global SST distribution maps for deterministic forecasts and ensemble

forecasts error within 30 days. b. Comparison of RMSE for global SST for deterministic forecasts and ensemble forecasts within 60 days

without spin-up period. Pred means deterministc forecast and En means ensemble mean. c. Comparison of ACC for global SST for deter-

ministic forecasts and ensemble forecasts within 60 days without spin-up period.

fully demonstrates the model’s exceptional long-term forecast performance. Ensemble forecasts exhibit relatively high RMSE

in short-term forecasts, primarily due to disturbances introduced by initial conditions. As the forecast lead time increases,

the average RMSE of ensemble forecasts gradually decreases below that of deterministic forecasts. This highlights the core

advantage of ensemble averaging methods in suppressing error growth and enhancing the accuracy of medium- to long-term315

forecasts. Whether deterministic or ensemble forecasts, the ACC values remain above 0.9 at the 60-day ultra-long forecast

lead time. This indicates that the model effectively captures the primary spatio-temporal evolution characteristics of the SST

anomaly field. Within the long-term forecast range, the ensemble forecast’s ACC values not only significantly exceed those of

deterministic forecasts but also exhibit much smaller temporal fluctuations, demonstrating higher stability. This indicates that

the long-term forecast results generated by ensemble forecasting possess stronger robustness and reference value.320
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Figure 5. RMSE and ACC of SST in the 360-day forecast assimilation cycle experiment as a function of forecast days.

4.2 Results of Data Assimilation

This study conducted a 360-day forecast-assimilation cycle experiment to assess the stability and assimilation effectiveness of

the system during long-term continuous operation. Figure 5 shows the changes in RMSE and ACC of SST predictions during

the cycle experiment. Throughout the 360-day cycle experiment, the RMSE of SST predictions was stably maintained at a low

level (approximately 0.2°C). This strongly demonstrates that the effective assimilation of real observational data continuously325

provides high-precision initial fields, laying a solid foundation for subsequent forecasts. More importantly, during the long-term

continuous cycle process, neither the forecast model nor the assimilation system exhibited significant performance degradation,

and the forecast results maintained a high degree of stability. This fully validates the robustness of the model and its potential

reliability in operational environments. The SST forecast ACC value in the cycle experiment remained consistently stable at

a high level above 0.95, significantly outperforming single independent forecasts. This indicates that the assimilation process,330

which continuously incorporates real observational data, not only optimizes initial conditions but also significantly enhances

the model’s effective forecast lead time.

To accurately assess the contribution of the assimilation process to forecast performance, this study systematically compared

the results of single-day forecasts driven directly by observational data with those obtained after a 360-day forecast-assimilation

cycle. The results are shown in Figure 6. The RMSE of forecasts generated after a 360-day continuous assimilation cycle335

showed a significant decrease compared to those of direct observational forecasts. It is worth noting that fluctuations occurred

during the middle and latter stages of the 360-day cycle experiment. These quantitative results strongly demonstrate that the

assimilation algorithm successfully integrates prior dynamical information from the background field with constraints from

real-time observational data. Assimilation generates significantly optimized initial fields, which are the fundamental guarantee

for subsequent high-precision forecasts. Continuous cycle assimilation not only optimizes the initial field in a single step but340

also effectively suppresses error accumulation by continuously utilizing new observations to correct the system state. The
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Figure 6. Comparison of RMSE and ACC for forecast assimilation cycles and RMSE and ACC for one-day forecasts using direct observa-

tions.

introduction and continuous operation of a data assimilation system can significantly improve SST prediction accuracy, extend

the effective forecast lead time, and enhance the robustness of the forecast system.

In addition, to thoroughly evaluate the effectiveness of the data assimilation framework, we conducted two separate 60-day

forecast experiments. One using raw observational data directly input into the forecast model, and the other using initial fields345

generated through data assimilation as input into the forecast model. OISST data covers the entire globe and can be used to

initialise forecasts. We then calculated and compared the RMSE and ACC of the two forecast results, with detailed results

shown in Figure 7. As clearly shown in Figure 7, using the initial fields generated through data assimilation as model inputs

significantly reduced the forecast RMSE compared to directly using raw observational data. On average, the RMSE for the

60-day forecast decreased by 10.4%. In particular, the reduction in RMSE was particularly pronounced in the first 15 days350

of the forecast. Meanwhile, the forecast ACC also showed a significant improvement trend. These results collectively and

strongly indicate that the assimilation process effectively integrates background field information with observational data, not

only making the initial field more reasonable but also significantly reducing forecast errors. The direct benefit is a notable

extension of the forecast lead time. Even within the 60-day forecast period, the improvement in forecast performance remains

evident. In summary, this comparative experiment fully demonstrates that the data assimilation framework we propose can355

significantly enhance the performance of the SST forecast model. The integration of this framework with the forecast model

forms a stable forecast assimilation system, providing a reliable technical foundation for maintaining long-term high-stability

SST forecasts.

4.3 DL-BEC Effectiveness Verification

The core objective of designing the DL-BEC is to efficiently complete the calculation of the B matrix, significantly reducing360

its generation time. At the same time, it strictly ensures that the generated B matrix complies with physical constraints and
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Figure 7. Comparison of RMSE and ACC for 60-day forecasts using observation data and assimilated background fields as inputs.

maintains its mathematical positive definiteness. To quantitatively evaluate the operational efficiency of the DL-BEC in prac-

tical applications, we have designed a rigorous comparative experimental plan. In the experiment, the initial ensemble size is

set to 5,000 members. We conducted 360 complete forecast-assimilation cycle experiments using both the traditional EnKF

assimilation scheme and the assimilation scheme integrated with the DL-BEC. Under the strict condition that computational365

resource configurations (CPU/GPU type, quantity, etc.) were held entirely consistent, precise measurements were taken of the

time required for both approaches to generate the B matrix, the duration of a single assimilation run, and the total cumulative

runtime. The comparison results of the runtime between the two experiments are detailed in Figure 8.

As shown in Figure 8, the introduction of the DL-BEC significantly reduces the computational time required for the entire

assimilation process. Specifically, the computation time for B matrix was reduced by 99.6%, the time required for a single370

assimilation decreased by 14.2%, and the total time to complete all cyclic experiments was reduced by 7.2%. The assimilation

process also involves other computational steps, such as the calculation of the Kalman gain matrix. These steps also incur

a corresponding computational cost, which reduces the overall acceleration ratio. This result strongly demonstrates that the

DL-BEC can significantly improve the computational efficiency of assimilation. The improved efficiency makes it possible

to obtain high-precision initial field information in a shorter computational time. This not only ensures the timeliness of375

assimilation results but also directly enhances the real-time forecasting capability of the forecast model.

To validate the physical plausibility of the B matrix generated by the DL-BEC, we plotted its spatial distribution map for

visual analysis. The B matrix directly calculated from 5,000 ensemble members was used as a high-precision benchmark. Based

on this, we plotted and compared the distribution maps of the B matrix generated by the DL-BEC and the traditional direct

calculation method for different set sizes (see Figure 9). By visually comparing the morphological and structural characteristics380

of these distribution maps, we aim to assess the DL-BEC’s ability to maintain the physical properties of the B matrix under

different ensemble sizes.
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Figure 8. Comparison of experimental times before and after using the DL-BEC. Figure (a) compares the computational time for the two

schemes’ B matrix calculations; Figure (b) compares the computational time for the two schemes’ assimilation processes; Figure (c) compares

the total experimental time for the two schemes.

Under 28,800-dimensional data conditions, as the ensemble size continues to increase, the B matrix obtained using tradi-

tional computational methods gradually approaches the true state. When the ensemble size is small, the B matrix obtained

using traditional computational methods contains significant spurious cross-correlations. As the ensemble size continues to385

increase, these spurious correlations gradually weaken, and the rank of the matrix also approaches the full-rank state. This phe-

nomenon is fully consistent with the expectations of traditional EnKF theory. Therefore, when computational cost constraints

typically only allow for smaller ensemble sizes, techniques such as covariance expansion and localization must be employed to

enforce reasonable physical constraints on the B matrix. In contrast, the DL-BEC demonstrates significant advantages. When

the ensemble size reaches 1,000, the B matrix simulated by the DL-BEC is already very close to the true state. As the ensemble390

members increases, the B matrix computed by DL-BEC increasingly approximates the true situation, thereby enhancing its
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Figure 9. Comparison of B matrices generated by the normal direct calculation method and DL-BEC under different ensemble sizes. The

left side shows the B matrix under ideal real condition, the top shows the B matrix obtained by traditional calculation, and the bottom shows

the B matrix generated by DL-BEC, along with its similarity to the actual condition. From left to right, the ensemble sizes are 100, 1000, and

5000, respectively.

accuracy. This result indicates that under smaller ensemble size, the DL-BEC can more accurately characterize the background

error covariance structure. This has important application value for improving the efficiency and accuracy of traditional numer-

ical weather prediction systems. It provides new possibilities for more effectively assimilating high-dimensional observational

data under computationally constrained scenarios.395

Additionally, to validate the actual performance of DL-BEC, we designed a comparative experiment: we input the initial

fields obtained through traditional computational methods and those generated by DL-BEC into the forecast model and con-

ducted a 60-day forecast. In the experiment, the ensemble size for both methods was set to 5,000. The experimental results (see

Figure 10) clearly show that, under the same ensemble size, the initial fields obtained using DL-BEC exhibit superior forecast

performance. Specifically, since DL-BEC can effectively suppress the spurious correlations introduced by traditional methods,400

its forecast results have a significantly lower RMSE than the traditional EnKF during the initial stage of the forecast. In addi-

tion, ACC has also been significantly improved. After adopting DL-BEC, the RMSE was significantly reduced by 13.9% within

the 15-day short-term forecast period, while the ACC was also improved by 1%. The experimental results strongly confirm

that the DL-BEC significantly enhances the effectiveness of data assimilation by more accurately characterizing the covariance

structure of background field errors. This improvement is directly reflected in subsequent forecast stages, particularly in the405
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Figure 10. Comparison of RMSE and ACC for 60-day forecasts using the assimilation background fields obtained using DL-BEC and those

calculated using traditional methods as inputs.

short-term forecast period, where it effectively reduces forecast errors. The DL-BEC plays a crucial role in optimizing the

overall performance of the entire assimilation-forecasting system.

4.4 Comparison with Common Numerical Model Assimilation Methods

To validate the accuracy of our proposed assimilation methodology, this study conducted a series of comparative experiments

by integrating our forecasting model with assimilation schemes. Critically, adopting the same forecast model ensures that any410

difference in performance can be attributed to the assimilation method itself, rather than to discrepancies in model physics, res-

olution, or surface forcing. We don’t use freely available operational SST forecasts (e.g., from CMEMS), where the underlying

forecasting systems differ substantially and would confound the assessment of the assimilation technique.

Specifically, we implemented a three-dimensional variational (3DVar) scheme akin to that employed by the NCEP oper-

ational Global Real-Time Ocean Forecasting System (RTOFS v2.0) (Mehra and Rivin, 2010) and the U.S. Navy’s Global415

Ocean Forecasting System (GOFS 3.1) (Metzger et al., 2017). Following Parrish and Derber (1992), the 3DVar uses a static

background-error covariance matrix B. In parallel, we implemented the SEEK filter, which serves as the assimilation engine

for the GLORYS. Both assimilation schemes were coupled with the identical SST forecasting model proposed herein, and a

360-day assimilation cycle experiment was conducted. The relevant results are displayed in Figure 11.

Experimental results demonstrate that our proposed Deepcov-EnKF assimilation framework exhibits superior performance420

compared to current advanced numerical assimilation methods. During a 360-day cyclical forecasting experiment, this frame-

work achieved significantly lower RMSE and markedly higher ACC. This advantage is primarily attributed to our use of a large

number of ensemble members and a rapid yet accurate B-matrix estimation method. Further experiments demonstrate that DL-

BEC possesses strong operational application potential, with prospects for effectively enhancing the assimilation efficiency

and simulation performance of existing ocean numerical forecast models in the future.425
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Figure 11. Comparison of DL-BEC with Current Operational Ocean Assimilation Methods

5 Conclusions

The integration of deep learning models into ocean variable forecasting, combined with data assimilation techniques, repre-

sents a prominent research frontier in marine science. In this study, we explore the potential of combining deep learning-based

SST forecasting with the EnKF assimilation algorithm. To this end, we developed Deepcov-EnKF method that couples a

rapid SST prediction model with an efficient assimilation system. At the core of this method are two main components: an430

advanced SST forecasting model and DL-BEC. The forecasting model employs an encoder-decoder structure to effectively

learn complex features and achieve accurate SST estimation through mult-isource heterogeneous data fusion. On the assim-

ilation side, the method integrates the traditional EnKF with DL-BEC, which uses block low-rank decomposition to handle

ultra-high-dimensional data efficiently. Through Cholesky decomposition parameterization and eigenvalue regularization, the

DL-BEC ensures that the resulting covariance matrix remains symmetric and positive definite, thus preserving physical validity.435

Using a 360-day of observational data, we comprehensively evaluated the model’s forecasting skill and assimilation perfor-

mance. Results indicate that Deepcov-EnKF maintains a low RMSE throughout a 60-day prediction horizon, demonstrating

robust long-term stability. The forecast-assimilation cycle operates reliably, confirming the method’s practicality. Moreover,

Deepcov-EnKF performs consistently well across different ensemble sizes and marine regions, highlighting its strong gener-

alization capability and robustness. Compared to current advanced numerical assimilation methods, Deepcov-EnKF demon-440

strates superior performance. This study provides a valuable theoretical and practical foundation for deeper integration of deep

learning into marine forecasting and data assimilation, demonstrating significant potential to enhance both prediction accuracy

and computational efficiency.

Our core approach involves generating ensemble forecasts from perturbed initial conditions and incorporating data assimi-

lation to enhance predictive accuracy. The forecasting model was trained using high-quality reanalysis data to better represent445

ocean-atmosphere dynamics. During evaluation, daily model forecasts were systematically validated against corresponding
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reanalysis fields. Results demonstrate that the forecasting model maintains robust performance over a 60-day forecast horizon,

with the RMSE remaining as low as approximately 0.6°C and the ACC sustaining a high value above 0.9 even at day 60. To

assess the assimilation contribution, forecast comparisons were conducted using initial conditions derived from both assimi-

lated and non-assimilated data. The findings reveal that the assimilated initial fields substantially enhance forecast performance450

across both short and long time scales, reducing the overall RMSE by 10.4%. A key innovation introduced in this study is the

DL-BEC, which enables efficient real-time computation of the error covariance matrix in massive ensemble members. The DL-

BEC achieved a 99.6% reduction in computation time compared to conventional methods. Moreover, under identical ensemble

sizes, it effectively suppresses spurious correlations, thereby significantly improving assimilation stability and accuracy. The

results not only offer a practical tool for advancing ocean phenomenon studies but also strengthen the foundation for developing455

higher-resolution ocean prediction systems.

Under real-time observational conditions, the method proposed in this study is capable of providing long-term and stable

predictions of SST distribution. This capability offers substantial scientific and practical value for applications such as maritime

navigation safety planning, marine ecosystem monitoring and conservation, as well as climate change research. Furthermore,

the global SST outputs generated by the method can serve as a key for predicting and analyzing major marine phenomena(such460

as global marine heatwaves), thereby offering reliable data support for oceanographic studies. The developed DL-BEC also

exhibits strong transfer potential and can be adapted to EDA systems in other domains, such as meteorology. Additionally, this

model establishes an important technical foundation for accelerating B matrix calculations and maintaining B matrix stability

under conditions of limited ensemble members.

The proposed method holds considerable promise for broad application. The present spatial resolution of 1.5°×1.5° was465

adopted as a pragmatic choice under current computational resources. As computing capacity grows, the resolution can be

raised within the same model framework to better identify and accurately depict mesoscale and small-scale ocean phenomena

such as eddies and fronts, particularly in critical sea areas. Likewise, the current focus on a single variable (SST) serves to

validate the feasibility of the approach. In principle, the model is inherently parallelizable and can be extended to assimilate

multiple variables simultaneously. And its scale can be expanded to realize multivariate coupled assimilation, thereby enabling470

a full description of the three-dimensional, multi-variable ocean state. The memory consumption challenges posed by the

block-storage strategy of the B matrix can be addressed through optimized storage schemes. The systematic overestimation

of diagonal elements by the DL-BEC, which may unduly amplify correlations between adjacent grid points, can be corrected

by further investigation into network architecture design and training strategies, leading to enhanced data assimilation quality.

With these developments, the method will advance toward a more mature and practical stage, offering extensive application475

prospects.

The top priority is to significantly enhance the spatial resolution of the model and incorporate key ocean variables to achieve

a more comprehensive and detailed characterization of ocean conditions. It’s necessary to deeply optimize the core architec-

ture of the forecast model and fine-tune the training hyperparameters to maximize model performance improvements. And a

variable resolution strategy can be adopted, maintaining a global coarse-resolution grid while implementing high-resolution480

grid refinement only in key sea areas, forming a nested grid system. This approach can effectively capture mesoscale ocean
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phenomena in key regions while significantly controlling overall computational complexity and training costs. Additionally,

the training strategy of the DL-BEC can be optimized, exploring more effective loss functions to suppress issues such as

overestimation of diagonal elements. A more reasonable network architecture and training hyperparameters can be carefully

designed. A more optimal block strategy can be adopted for the storage and computation of the B matrix, balancing memory us-485

age and computational efficiency. Through model architecture and training optimization, innovative variable-resolution nested

grid technology, and DL-BEC algorithm improvements, we will strive to overcome current limitations, driving the model to-

ward higher resolution, multi-variable, efficient, and stable directions, ultimately building a more powerful and practical ocean

forecasting and assimilation system.

Code and data availability. The atmospheric reanalysis data set is available at https://doi.org/10.24381/cds.adbb2d47 (Hersbach et al., 2020)490
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