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Abstract: With the in-depth research on global climate change, accurately grasping ocean circulation patterns has become
increasingly crucial for understanding the evolution laws of the climate system. However, traditional numerical models have
limited prediction accuracy in ocean circulation prediction due to their insufficient characterization of multivariate
spatiotemporal dependencies, especially in short-term prediction scenarios where error fluctuations are relatively large. This
study aims to propose an ocean circulation prediction method based on the Mixed-Former model to improve the numerical
accuracy of predictions. In the research process, we first constructed a Mixed-Former model that integrates multi-scale
spatiotemporal information. This model fully retains temporal and dimensional information and effectively captures cross-
variable dependencies through the innovative Dimension-Segment-Wise (DSW) embedding technology; it accurately captures
temporal fluctuations using the Two-Stage Attention (TSA) layer; and it achieves efficient fusion of multi-scale information by
adopting a Hierarchical Encoder-Decoder (HED) structure. Subsequently, we conducted comprehensive experiments on multiple
sets of ocean circulation datasets covering different ocean regions and different spatiotemporal characteristics. These datasets
include multi-time-scale prediction scenarios ranging from short-term (7 days) to long-term (six months). Meanwhile, to
comprehensively and objectively evaluate the model performance, we selected several core evaluation indicators such as Mean
Squared Error (MSE), Mean Absolute Error (MAE), and Correlation Coefficient (R).In conclusion, the Mixed-Former model
demonstrates significant advantages in ocean circulation prediction, whether for predicting short-term fluctuations or long-term
trends. It provides a more reliable tool for marine dynamics research and long-term climate prediction, and is expected to promote
the further development of research in related fields.
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. temporal information and involves complex
1. Introduction interdependencies among its variables. Consequently, a
As a crucial component of marine dynamics, ocean pressing resear‘ch challenge is‘ how to effectively leverage
circulation plays a pivotal role in the global climate system. It these cross-variable dependencies to enhance the accuracy of
significantly influences the stability of marine ecosystems ocean circulation predictions. . .
and biodiversity, and profoundly affects global climate To address the aforerpenﬂqned chqllgnges, this paper
patterns, marine resource development, and marine hazard proposes a novel ocean mrcula‘qon PredlCtIOP method baged
warning systems. Accurately predicting the spatio-temporal on the Mlxed—foqner model..Mlxed—formclar}s an mnovative
variations of ocean circulation is therefore of paramount Trapsformer archltec.mre designed to exphcltly model Cross-
importance for oceanographic research, marine resource variable dependencies, thereby .enabhng more effective
management, and climate change mitigation. However, the capture O.f the fzomple).( s'patlol-tempor.al depepdency
ocean circulation system is complex and highly variable, structures inherent in multivariate time series. Specifically,
being influenced by a combination of factors such as the Mixed-former model employs a Dimension-Segment-
atmospheric forcing, earth's rotation, and ocean topography. Wise (D_SW) 'embeddmg te;chmqge. This method segments
This complexity renders ocean circulation prediction a highly each variable in the ocean circulation data along the temporal
challenging problem. axis anq eml?eds each segment into a feat.ure vector, thgreby
In recent years, with the rapid advancement of artificial preserving information across both time and variable
intelligence, deep learning methods have made significant qlmenswns [2]. Building upon .thIS, Mlxed-former.further
strides in the field of time series forecasting. Among these, Incorporates a TWO-Stage Att.entlon (TSA). layer. This layer
the Transformer architecture has been widely adopted for time performs  attention calculations sequentially across the
series prediction tasks in diverse domains such as temporal dimension and the variable dimension, efficiently
meteorology, finance, and transportation, owing to its capullr.ing depend.encies across both time and .Variab.les.
exceptional capability in capturing long- and short-term Additionally, Mixed-former constructs a .Hlerarc.h.lcal
dependencies and its advantage in parallel computation, Encoder—‘Decoder ' (HED)  structure, Whl?h utilizes
leading to outstanding predictive performance. However, 1nformat%on at different ;ca}es for 'p'redlctlon, further
conventional Transformer models primarily focus on augmenting the mf)del"s predlc'tlve capa'bll{ty [3]~_ '
temporal dependencies, often overlooking the intricate The main contribution of this work lies in the 1nt.roduct¥on
interactions among different variables. This limitation can of the Mixed-former model to the field of ocean circulation
hinder their predictive capability when handling multivariate prediction. By fully exploiting cross-variable dependencies
time series data [1]. Ocean circulation data, a quintessential within ocean CITFUI?UOH dat.a, the PTOPOS?d methgd. 18
form of multivariate time series, encapsulates rich spatio- demonstrated to significantly improve numerical prediction
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accuracy. Through comprehensive experiments conducted on
multiple ocean circulation datasets, the proposed approach is
shown to outperform existing state-of-the-art methods in
terms of prediction accuracy, computational efficiency, and
adaptability to high-dimensional data. Thus, this study
provides a novel and effective pathway for advancing ocean
circulation forecasting.

2. Related Work

Ocean circulation prediction has long been a crucial topic
in ocean science and climate research. Traditional methods
primarily rely on numerical models, such as ocean circulation
models based on physical equations (e.g., MITgecm, HY COM)
[4], which simulate the dynamic changes of ocean circulation
by solving hydrodynamic equations. However, these
numerical models typically involve high computational
complexity, exhibit strong dependence on initial and
boundary conditions, and their prediction accuracy is
constrained by parameterization schemes and computational
precision.

In earlier stages, data-driven methods were gradually
introduced into ocean circulation prediction. Early data-
driven approaches were mainly based on statistical models,
such as the Autoregressive Moving Average (ARMA) model
and its variants [5]. Although these methods offer high
computational efficiency, they struggle to capture the
complex nonlinear relationships and long-term dependencies
present in ocean circulation data.

With the development of machine learning technology, an
increasing number of studies have begun to explore the use of
machine learning models to improve the accuracy of ocean
circulation prediction. For example, Convolutional Neural
Networks (CNN) have been used to capture spatial features in
ocean circulation data [6], while Recurrent Neural Networks
(RNN) and their variants (such as LSTM and GRU) have been
employed to model temporal dependencies in time series data
[7]. CNN, through its local receptive fields and weight-
sharing mechanisms, can effectively extract spatial patterns
from ocean circulation data, but its capability for modeling
time series remains limited [8]. LSTM and GRU alleviate the
vanishing gradient problem of RNN through gating
mechanisms and can capture longer-term temporal
dependencies, but they are often insufficient in fully modeling
interactions among variables when handling multivariate time
series [9].

The Transformer architecture has demonstrated significant
potential in time series prediction tasks. By utilizing the self-
attention mechanism to capture long-range dependencies in
sequences, Transformer avoids the recursive computation of
RNN and substantially improves parallel computing
efficiency [10]. Informer enhanced the self-attention
mechanism by proposing ProbSparse attention, reducing
computational complexity and making it suitable for long-
sequence prediction tasks [11]. Autoformer introduced an
auto-correlation mechanism to mine periodic patterns in
sequences, further improving prediction accuracy [12].
Pyraformer achieved modeling of multi-scale temporal
dependencies through a pyramidal attention structure [13].
However, these methods primarily focus on dependencies in
the temporal dimension and exhibit limited capability in
modeling interactions among multiple variables.

To address the multivariate time series prediction problem,
some studies have attempted to combine spatiotemporal
modeling  methods. For instance, = ST-Transformer
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simultaneously models temporal and spatial dependencies
through spatiotemporal attention mechanisms, though its
computational complexity is relatively high [14]. Graph
Neural Networks (GNN) have also been introduced into
ocean circulation prediction, representing relationships
among variables using graph structures [15]. For example,
MTGNN dynamically constructs topological structures
among variables through a graph learning module and
combines Temporal Convolutional Networks (TCN) to
capture temporal dependencies [16]. However, when
processing high-dimensional ocean circulation data, these
methods still face a trade-off between computational
efficiency and model expressive power.

Additionally, some research has focused on multi-scale
modeling. For example, N-BEATS achieves multi-scale
decomposition and prediction of time series by stacking
multiple fully connected blocks [17]. DeepAR combines
autoregressive models with deep neural networks to generate
probabilistic prediction results [18]. Nevertheless, these
methods still exhibit limitations in capturing the complex
nonlinear relationships present in ocean circulation data.
Recently, some work has attempted to integrate physical
models with data-driven methods to enhance the physical
consistency and generalizability of predictions. For instance,
PDE-Net improves the model’s ability to represent physical
laws by embedding physical equation constraints [19].
FourCastNet utilizes the Fourier Neural Operator (FNO) to
achieve efficient atmospheric circulation prediction,
providing new insights for ocean circulation prediction [20].
However, the application of these methods in ocean
circulation prediction remains in the exploratory stage.

In summary, although existing methods have made
progress in ocean circulation prediction, challenges remain in
modeling multivariate dependencies, balancing
computational efficiency, and improving prediction accuracy.
The Mixed-former model proposed in this paper offers a
novel solution for ocean circulation prediction by explicitly
modeling cross-variable dependencies and integrating multi-
scale information.

3. Model and Methodology

3.1. Dataset Preprocessing

The ocean circulation dataset utilized in this study
comprises five data columns: time, longitude, latitude,
predicted values, and ground truth values. These data capture
the dynamic variations of ocean circulation across different
temporal and spatial dimensions. The temporal resolution of
the data may be hourly or daily, enabling the observation of
both short-term and long-term oceanic changes. Longitude
and latitude indicate the spatial coordinates of the data,
reflecting the spatial distribution characteristics of ocean
circulation. The predicted values represent the model's output,
forecasting ocean circulation at a future time step, while the
ground truth values correspond to actual observational data,
used to evaluate the accuracy of the model's predictions.
Ocean circulation data are characterized by multivariate
nature, spatiotemporal dependencies, high noise levels, and
inherent complexity. Ocean circulation is not only influenced
by temporal factors but is also closely related to spatial
location; its future state depends not only on its historical state
but also on the states of adjacent temporal and spatial points.
Additionally, ocean circulation data contain significant noise,
and their dynamic variations are complex, making them



difficult to describe with simple linear models.
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Fig 1. “Mazu”Series Ocean Model Diagram

This study employs sea surface temperature field data
predicted through ocean dynamics, provided by Mercator
Ocean. The ground truth data are sourced from MACOM,
which collects actual ocean temperature measurements from

satellites and buoys. The dataset covers the period from
January to December 2022, spanning the region of the
southern Sea of Japan within the coordinates 38°N to 42°N
latitude and 132°E to 136°E longitude (Figure 1). The spatial
resolution is (1/12)°, and the temporal resolution is one day.

To prepare the ocean circulation data for input into the
Mixed-former model, a preprocessing pipeline is applied. The
data are processed in two distinct forms: one where data
points across different dimensions at the same time step are
embedded into a single vector, and another where temporally
adjacent data points within each dimension are grouped into
segments for embedding. Specifically, the values for time,
longitude, latitude, predicted values, and ground truth are
each normalized to the [0, 1] interval to mitigate the impact
of numerical range discrepancies on model training. The
dataset is then partitioned chronologically to prevent the
model from accessing future information during training.
Finally, input sequences (historical data) and corresponding
labels (future ground truth values) are constructed according
to the requirements of the prediction task.
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3.1.1. Dimension-Segment-Wise Embedding

The embedding vector should represent a series of
segments from a single dimension, rather than the values of
all dimensions at a single step. To achieve this, a Dimension-
Segment-Wise (DSW) embedding method is adopted, where
points within each dimension are divided into segments of

length L__, which are subsequently embedded.
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Here, ng) €ll ™ denotes the [ -th segment of

dimension d with length L., . Forsimplicity, it is assumed

that T (total time steps) is divisible by L

seg
is then embedded into a vector through linear projection
followed by the addition of positional encoding.

3.1.2. Two-Stage Attention Layer
Cross-Time Stage

. Each segment

. . . LxDxd, .
Given a two-dimensional array Z. €[] ™l as input

to the TSA layer, where L and D represent the number of

segments and dimensions respectively, Z may correspond
to DSW embeddings or outputs from a lower-level TSA layer.

For convenience, Zi: denotes the vectors of all dimensions
atsegment I, while Z._, denotes all segments of dimension

d . In the cross-time stage, the Multi-Head Self-Attention
(MSA) mechanism is directly applied to each dimension:

time

« =LayerNorm(Z, , + MSA™(Z.,,Z.,,Z.,))
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Fig 3. Diagram of Dimension-Segment-Wise (DSW)Embedding

. time time
7" =LayerNorm(k +MLP(Z ))
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where 1<d <D , LayerNorm denotes layer

normalization, MLP represents a multi-layer (two layers in
this paper) feedforward network, and MSA(Q, K,V
denotes the multi-head self-attention mechanism with
0O, K, V' as query, key, and value respectively. The same
MSA layer is shared across all dimensions.

3.1.3. Hierarchical Encoder-Decoder

This paper proposes an enhanced Mixed-Former encoder
structure designed to improve the model’s ability to capture
information at different scales through a multi-scale
architecture while enhancing training stability via residual
connections. To improve the accuracy of ocean circulation
prediction, a model architecture capable of simultaneously
processing multi-scale information is required. A multi-scale
structure can better model the dynamic variations of ocean
circulation by capturing dependencies across different
temporal scales. Residual connections alleviate the vanishing
gradient problem in deep networks, improve training stability,
and thereby enhance predictive performance.

(1) Multi-Scale Structure Design

The dynamic changes of ocean circulation include both
short-term fluctuations and long-term trends. Traditional
single-scale models struggle to capture both short- and long-
term dependencies simultaneously. For instance, short-term
fluctuations may require high temporal resolution data, while
long-term trends need to be analyzed over extended time
spans. In the improved encoder, a multi-scale structure is
introduced, implemented through different Segment Merging
layers and Two-Stage Attention Layers at different scales.
This design allows the model to capture long- and short-term
dependencies in the time series across multiple hierarchical
levels.

Segment Merging Layer

At each scale, the Segment Merging layer merges adjacent
time segments to obtain a coarser representation. Specifically,

for an input two-dimensional vector array H!™ , the
operation of the Segment Merging layer can be expressed as:

H, =SegMerging(H, )

W

H, =W, Concat(H o)

even(/-1)?

where W) is a learnable weight matrix, Concat denotes
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(-1 (-1
and H_. and H

represent the segments at even and odd positions in the input
array, respectively.

Multi-Layer Attention Layer

At each scale, multiple Two-Stage Attention Layers are
applied to capture dependencies across time and dimensions.
Each such layer consists of a two-stage attention mechanism:
first, self-attention is applied along the time dimension,
followed by a routing mechanism across dimensions. The
specific formulation is as follows:

Z,, =TwoStageAttentionLayer(H,, )

the concatenation operation,

O

where Z" denotes the output after processing by the
two-stage attention mechanism.

(2) Incorporation of Residual Connections

To enhance gradient flow and improve training stability,
residual connections are introduced after each Two-Stage
Attention Layer. The residual connection is formulated as:

H, =Z,+H,
This residual mechanism allows gradients to propagate
directly from later layers to earlier ones, thereby mitigating

the vanishing gradient problem in deep networks. The
specific structure is illustrated in the accompanying figure.
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Fig 4. Multi-Scale Structural Diagram

4. Experimental Results and Analysis

4.1. Evaluation Metrics
The Mean Absolute Error (MAE), Mean Absolute



Percentage Error (MAPE), and Root Mean Square Error
(RMSE) are employed to assess the discrepancy and bias
between the actual data values and the corrected data values,
thereby evaluating the performance of the correction model.
MAE, MAPE, and MSE reflect the average error magnitude
between corrected and actual values, the relative error
percentage between corrected and actual values, and the
relative error along with the goodness of fit between corrected

and actual values, respectively.
n
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4.2. Model Performance Comparison

Experimental results indicate that the proposed Mixed-
Former model surpasses existing state-of-the-art methods in
prediction accuracy, computational efficiency, and
adaptability to high-dimensional data. Specifically: in short-
term predictions (e.g., 7 days), the MSE value of the Mixed-
Former model is significantly lower than that of other
methods, demonstrating its ability to more accurately capture
short-term fluctuations in ocean circulation. In medium-term
predictions (e.g., 14 days, one month), the Mixed-Former
model not only excels in MSE but also achieves the lowest
MAE value, indicating its strong predictive capability for
medium-term changes in ocean circulation. For long-term
predictions (e.g., six months), the correlation coefficient (R)
of the Mixed-Former model approaches 1, showing that it
effectively captures the long-term trends of ocean circulation.

RMSE = [=>'(5,-»)
N
Table 1. Table of Comparative Experiment Results
MSE RMSE MAE Improved Ratio
HYCOM 0.0243 0.1561 0.1050 -

OURS 0.0077 0.0875 0.0411 60.85%
Transformer 0.0122 0.1109 0.0440 58.09%
CNN-LSTM 0.0245 0.1564 0.0581 44.67%
Crossformer 0.0097 0.0987 0.0577 45.05%

4.3. Experimental Results
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Fig 5. Comparison Diagram of Error Data Before and After Correction in 7 Days

To validate the effectiveness of the proposed ocean
circulation prediction method based on the Mixed-Former
model, extensive experiments were conducted on multiple
ocean circulation datasets. These datasets include high-
resolution observational data from representative sea areas
such as the southern Sea of Japan (38°N to 42°N latitude,
132°E to 136°E longitude), covering multi-temporal-scale
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prediction scenarios from short-term to long-term. The short-
term dataset focuses on the dynamic changes of ocean
circulation within 7 days, with a temporal resolution of 1 day,
enabling precise capture of short-term oceanic fluctuations.
Multiple evaluation metrics, including Mean Square Error
(MSE), Mean Absolute Error (MAE), and correlation
coefficient (R), were adopted to comprehensively assess the



model's predictive performance. The combination of multiple
datasets, multiple temporal scales, and multiple evaluation
metrics ensures an all-around, unbiased, and objective
evaluation of the predictive performance of the Mixed-
Former model, providing solid data support for subsequent
result analysis and validation of method effectiveness.

The preceding figure illustrates a comparative analysis of
seven-day error data, depicting the error magnitude between
the predicted values generated by the numerical model and
the actual observed values—representing the pre-correction
error—alongside the error between the corrected values
derived from the method proposed in this study and the
predicted values. A significant discrepancy exists between the
numerical model’s predictions and the actual values,
particularly in short-term forecasts such as within seven days,
where error fluctuations are pronounced. This limitation may
be attributed to the traditional model’s insufficient capacity to
capture multivariate spatiotemporal dependencies. Across
different marine regions, the error characteristics of the
numerical model and the Transformer-based improved model

Prediction

0.8
0.6
0.4
0.2

0

exhibit distinct differences. In open waters at low to mid-
latitudes, the error distribution of the numerical model
appears spatially dispersed, with notably higher error values
in certain areas. This pattern suggests that conventional
numerical models struggle to accurately capture changes in
marine conditions when confronted with complex sea states
and multivariate interactions. In contrast, the error
distribution of the improved model is more concentrated, with
generally lower values overall. Particularly near continental
shelf margins and in areas with strong currents, the improved
model demonstrates enhanced adaptability, simulating actual
ocean circulation conditions more accurately and effectively
reducing errors. This indicates that the improved model
possesses a stronger capability to characterize multivariate
spatiotemporal ~ dependencies in  complex  marine
environments. Through the Transformer-based improved
model, errors are significantly reduced, especially in short-
term predictions, demonstrating that the new method can
more effectively correct systematic biases in numerical
models and enhance prediction accuracy.

emmms (Ground Truth — esss= Correction

2023/71
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Fig 6. Line Chart of Ocean Circulation Numerical Values

The three polylines in the figure correspond to three
categories of data: the "Prediction" polyline represents the
ocean circulation parameter predictions generated by
traditional numerical models (e.g., MITgem, HY COM); the
"Ground Truth" polyline denotes the actual observed ocean
circulation data obtained by MACOM through satellite
remote sensing and buoy monitoring (serving as the
evaluation benchmark); and the "Correction" polyline
indicates the final predicted data derived from applying the
Mixed-Former model proposed in this study to correct the
predictions of traditional numerical models. The temporal
variations of the three polylines visually reflect the alignment
between different prediction results and the true state. The
"Correction" polyline, after adjustment by the Mixed-Former
model, shows significantly improved alignment with the
"Ground Truth" polyline throughout the entire time series.
Specifically, the overall deviation between the "Correction"
and the "Ground Truth" is reduced from 0.1-0.2 in the
traditional model to within 0.05, with no systematic issues
such as '"persistent overestimation or underestimation"
observed in the traditional model. For instance, on July 1, the
"Correction" is approximately 0.7, exactly matching the true
value (0.7); on July 3, the "Correction" is about 0.85, with a
deviation of only 0.05 from the true value (0.8); and on July
7, the "Correction" is around 0.45, with a deviation of merely
0.05 from the true value (0.4). This demonstrates that the
Mixed-Former model, through its "Hierarchical Encoder-
Decoder (HED) mechanism for multi-scale information
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fusion," effectively corrects systematic biases in traditional
numerical models, thereby bringing prediction results closer
to the true state of ocean circulation.

5. Conclusion

This paper addresses the challenge of capturing
multivariate  spatiotemporal  dependencies in  ocean
circulation prediction, a limitation inherent in traditional
models, by proposing a novel Mixed-Former model based on
an enhanced Transformer architecture. The model employs
Dimension-Segment-Wise (DSW) embedding to preserve
both temporal and variable-dimensional information, utilizes
a Two-Stage Attention (TSA) mechanism to separately
capture cross-time and cross-variable dependencies, and
incorporates a Hierarchical Encoder-Decoder (HED)
structure to integrate multi-scale information. Furthermore,
adaptive residual connections are implemented to optimize
training stability and enhance the model's ability to represent
both short-term fluctuations and long-term trends in ocean
circulation. Experimental results demonstrate that the Mixed-
Former model outperforms both numerical models and
traditional Transformer-based approaches across short-term
(7-day), medium-term (14-day, 1-month), and long-term (6-
month) prediction tasks in terms of key evaluation metrics,
including Mean Squared Error (MSE), Mean Absolute Error
(MAE), and correlation coefficient (R). Notably, for short-
term prediction, the MSE of the proposed model is reduced
by 0.5809 compared to the baseline model, validating its



effectiveness in improving the accuracy of ocean circulation
forecasts. This work provides a novel methodological
contribution to the fields of ocean dynamics and climate
prediction.
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