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Abstract—Sea Surface Temperature (SST) is a key factor in
ocean-atmosphere interactions, which exerts significant influence
on climate, ecology and maritime activities. Existing methods
are limited to the modeling and optimization of long-term
temporal dependence, and fail to adequately capture the complex
temporal patterns in SST sequences, which are formed by the
combined effects of long-term periodic trends and short-term
non-stationary variations, resulting in suboptimal performance for
long-term SST prediction tasks. To address this issue, we propose a
temporal periodic feature mining and reconstruction transformer
(TPRformer). In TPRformer, the encoder employs a temporal
decomposition block to separate the historical sequence into
periodic and non-stationary components, with a focus on mining
long-term temporal dependencies within the periodic component to
construct periodic features. The decoder performs the temporal
decomposition on the SST sequence, employs temporal cross-
attention to dynamically align historical periodic features, and
ultimately achieves SST prediction by reconstructing the two
decomposed components. Experimental results on multiple SST
datasets demonstrate that TPRformer is superior to state-of-
the-art baseline methods across multiple forecasting horizons.

Index Terms—SST Prediction, Transformer Networks, Tempo-
ral Decomposition, Long-Term Time Series Forecasting, Physics-
Inspired Neural Networks

I. INTRODUCTION

The variations of Sea Surface Temperature (SST) can
significantly drive adjustments in atmospheric circulation and
weather patterns [1], playing an irreplaceable and central role
in the accurate prediction of key climate phenomena such as
El Niño and La Niña [2]. However, SST prediction is regulated
by multiple factors including solar radiation, land-sea thermal
contrast, and ocean currents [3]–[5]. The complex coupling
and feedback mechanisms among these factors pose substantial
challenges to the accurate long-term forecasting of SST.

Existing SST prediction methods can be categorized into
physically-driven and data-driven models. Physically-driven
models are primarily based on principles of fluid dynamics and
thermodynamics [6], achieving SST prediction by simulating
ocean physical processes. For example, the Regional Ocean
Modeling System (ROMS) [7] employs finite difference or
finite volume methods for spatial discretization, combined with
explicit time integration, to simulate coastal dynamics and
SST variations. Although physically-driven models offer strong
interpretability in simulating ocean physics, they suffer from
limitations such as high computational complexity, strong pa-
rameter sensitivity, and a reliance on extensive prior knowledge
[8], [9].

In contrast, data-driven models do not require explicit
modeling of complex physical processes; instead, they learn
the spatio-temporal patterns of SST directly from observational
data, offering advantages such as lower computational cost and
greater flexibility. This category encompasses both traditional
machine learning and deep learning techniques. Traditional
machine learning methods model time series data using statis-
tical models to extract temporal dependencies from historical
data for the prediction of SST. For example, Mahongo et
al. [10] employed linear regression to model the temporal
dependencies of SST, while Lins et al. [11] used Support Vector
Machines (SVM) to capture the temporal relationships of SST.
However, these methods generally lack a direct mechanism
for modeling long-term temporal dependencies, often rely on
manually designed temporal features, and struggle to adapt
to the nonlinearity and long-memory characteristics of long
SST sequences, which consequently limits their accuracy in
long-term forecasting [12].

Deep learning has overcome the limitations of traditional
machine learning through gating mechanisms (e.g., LSTM [13],



GRU [14]) and self-attention mechanisms (e.g., Transformer
[15]). These approaches can directly model long-term temporal
dependencies without manually engineered temporal features,
effectively mitigating the issue of inadequate long-term de-
pendency capture. For example, Zhang et al. [16] employed
fully connected LSTMs to capture temporal dependencies in
SST data, while Yang et al. [17] proposed the CFCC-LSTM
model to extract spatiotemporal features for the prediction of
SST. Gao et al. [18] proposed a Transformer-based correction
method for error correction in the daily SST forecast products
of ocean numerical prediction systems, which significantly
reduced the root mean square error of 2-5-day SST forecasts
in the Northwest Pacific region.

However, existing methods primarily rely on modeling single
long-term temporal dependencies and fail to adequately account
for the complex temporal patterns in SST sequences, which
are formed by the synergistic interaction of periodic and
non-stationary trends. Specifically, the periodic trend refers
to the long-term evolving pattern of SST corresponding to
seasonal changes, typically with a one-year cycle, driven
primarily by seasonal variations in solar radiation distribution
and seasonal adjustments in atmospheric circulation. This trend
exhibits stability and repeatability, manifesting itself as periodic
variations with higher SST in summer and lower SST in winter,
which directly reflects the seasonal interactions within the
ocean-atmosphere system.

The non-stationary trend, in contrast, refers to the short-term
fluctuating characteristics where the statistical properties of
SST change continuously over time, making them impossible
to describe with a fixed statistical model in the long term. It
arises from the combined effects of long-term trends, such as
global warming, and various fluctuating anomalies, including
localized small-scale and large-scale anomalies. This is reflected
not only in the dynamic changes of mean and variance, but also
in the interactive amplification between trends and anomalies.
In summary, we characterize SST as having a complex trend
comprising both periodic and non-stationary components.

Based on the above analysis, we propose a sea surface tem-
perature (SST) forecasting model called the Temporal Periodic
feature mining and Reconstruction Transformer (TPRformer).
Guided by the aforementioned physical mechanisms, this model
decomposes the input sequence into periodic and non-stationary
components, captures long-term temporal dependencies within
the periodic component, and reconstructs the prediction by
fusing both components to obtain accurate SST forecasts.
Specifically, the encoder first processes the SST sequence
through a temporal enhancement block, which supplements
positional information and captures global temporal correlations.
It then employs a temporal decomposition mechanism to
decompose the input historical SST sequence into a periodic
component and a non-stationary component, focusing on
mining the long-term temporal dependencies within the periodic
component to construct a structured periodic feature. The
decoder takes the historical SST sequence and the output
characteristics of the encoder as input, decomposes the non-
stationary components of the sequence, fuses the historical

periodic features output by the encoder with the help of the
cross-attention mechanism, and finally integrates the periodic
features and the non-stationary features to complete the
sequence reconstruction and realize the SST prediction.

The contributions of this paper are as follows.

• We propose a temporal decomposition block which
separates the input SST sequence into periodic and
non-stationary components, corresponding to the long-
term temporal dependency features and short-term non-
stationary dependency features of the sequence, respec-
tively.

• We construct an SST time series prediction model named
TPRformer. The encoder of TPRformer extracts core
periodic features from historical SST sequences, and
the decoder incorporates non-stationary features from
the target sequence while fusing the historical periodic
features output by the encoder, ultimately accomplishing
SST prediction through feature reconstruction.

• Experiments conducted on observed datasets from multiple
sea areas demonstrate that the proposed SST forecasting
method outperforms existing state-of-the-art approaches.

II. RELATED WORK

Deep learning has achieved successes in addressing a series
of spatio-temporal challenges [19]–[22], and its application in
SST prediction can be categorized into two groups: models that
focus on temporal features and models that focus on spatial
features.

The first category of methods primarily emphasizes feature
extraction within the temporal domain. Hao et al. [23] proposed
TransDtSt-Part, a Transformer-based model which incorporates
temporal embedding, attention mechanisms, and stacking
connections to improve SST prediction accuracy. Hou et al.
[24] explored the spatio-temporal properties within SST data
and employed an inter-scale fusion technique to integrate
correlations across the temporal dimension. Agarwal et al.
[25] utilized wavelet-based climate networks to characterize
correlations among SST time series at different scales, thereby
facilitating a deeper understanding of the related patterns.

The second category of methods focuses on intra-spatial
feature extraction. Sun et al. [26] employed Graph Convo-
lutional Networks (GCNs) to identify spatial dependencies
in SST data, combined with LSTMs for time series analysis.
Liang et al. [27] designed a graph-based representation for
SST and integrated it with LSTMs, proposing a graph memory
neural network approach. Yang et al. [28] combined adaptive
node embedding with GCNs to capture local SST patterns and
global spatial dependencies, introducing a novel perspective for
SST prediction. Ren et al. [29] developed a UNet-based model
which leverages parallel convolutional layers with different
kernel sizes for spatial feature extraction and employs LSTMs
for temporal modeling.

Although deep learning models have demonstrated remark-
able capability in modeling underlying patterns and relation-
ships to predict future SST variations, a significant gap remains



in adequately modeling the temporal dependencies of SST
within these models.

III. PRELIMINARIES

We formulate the Sea Surface Temperature (SST) pre-
diction problem as a spatio-temporal sequence forecast-
ing task. Given a historical SST sequence X

(N)
τ :t =

{x(N)
τ+1, x

(N)
τ+2, x

(N)
τ+3, . . . , x

(N)
t }, where X denotes the input

sequence, τ : t represents the input time span t − τ , and N
indicates the number of SST observation stations, the objective
of the model F is to predict the future SST sequence for the
next p time steps, i.e., X̂(N)

t:t+p = {x̂(N)
t+1, x̂

(N)
t+2, x̂

(N)
t+3, . . . , x̂

(N)
t+p},

where X̂ denotes the output sequence and t : t+p represents the
prediction horizon P . This process can be formally expressed
as:

X̂
(N)
t:t+p = f(X

(N)
τ :t ; θ) ∈ RP×N×D (1)

where the output X̂ has a dimension of P × N × D, in
which D corresponds to the feature dimension of the nodes.
In NN models, the time ranges for both X

(N)
τ :t and X̂

(N)
t:t+p are

temporally resolved with ”day” as the unit. For example, the
historical period can be set to the past 30 days, and the forecast
period to the next 7 days. Furthermore, the temporal resolution
of X(N)

τ :t and X̂
(N)
t:t+p remains consistent.

IV. METHOD

A. Overview

To address the challenge of accurately capturing complex
temporal dependencies in SST prediction, we propose a
temporal periodic feature mining and reconstruction transformer
(TPRformer). As illustrated in Fig. 1, TPRformer consists of
encoder and decoder, the primary blocks of which are the
temporal enhancement block (TEB), temporal decomposition
(Temporal Decomp) block and temporal cross-attention block
(TCA).

The encoder takes the historical SST sequence X ∈ R(L×D)

as input, where L denotes the time step length and D denotes
the feature dimension, and adopts a multi-layer architecture.
In the l− 1-th encoder, the TEB first receives X l−1

en , performs
position embedding and temporal autocorrelation computation,
and outputs enhanced features X̂ l−1

en , which are used to
supplement temporal position information and capture global
dependencies. Subsequently, the Temporal Decomp block
performs multi-scale filtering and adaptive fusion on X̂ l−1

en ,
separating it into the non-stationary component and the periodic
component X̂ l−1,1

en , thereby achieving trend decomposition
and focusing on periodic information. Finally, the Temporal
Decomp block refines X̂ l−1,1

en processed by the feedforward
neural network(FFD), generating the high-order periodic feature
X̂ l−1,2

en , which is used to preserve the core periodic patterns.
The decoder takes the historical sequence X ∈ R(L×D) and

the encoder output X l
en as inputs, and adopts a multi-layer

architecture. In the l − 1-th decoder, the TEB and Temporal
Decomp block process the input data X l−1

de , decomposing it into
a periodic component X̂ l−1,1

de and a non-stationary component.
The non-stationary component is retained for the final sequence

reconstruction. The TCA block then takes the periodic compo-
nent X̂ l−1,1

de and the output of the l − 1-th encoder X̂ l
enTEB

as input, performs a cross-attention computation to associate
historical periodic information, and outputs the fused features.
The second Temporal Decomposition block refines the fused
features to further enhance the core periodic characteristics
while retaining the non-stationary component for sequence
reconstruction. Subsequently, the Temporal Decomposition
block processes the FFD-refined output X̂ l−1,2

de , producing the
refined periodic feature X̂ l−1,3

de and continuing to preserve the
non-stationary component. Finally, the output periodic feature
X̂ l−1,3

de is integrated with the aforementioned non-stationary
component to generate the SST prediction.

B. Temporal Enhancement Block

The temporal enhancement block (TEB) adopts a temporal
autocorrelation attention structure, which aims to explicitly en-
code periodic position information and capture global temporal
dependencies for the historical input SST sequence X ∈ RL×D,
ultimately generating enhanced features for subsequent use by
the Temporal Decomp block.

TEB first processes the input sequence X l−1
en using a shared

rotary position encoding ( RoPE) function [30], a process that
is formalized as

Q̃ = RoPE(X l−1
en/de)WQ, K̃ = RoPE(X l−1

en/de)WK (2)

where WQ,WK ∈ Rdmodel×dk are learnable projection matrices.
The operation RoPE is a vector transformation method: for a
given component xt,d of vector x at position t and dimension
d, the transformation is defined as xt,d 7→ xt,d cos(λdt) +
xt,π(d) sin(λdt). Here, λd is a frequency factor related to the
preset period length and π(d) is a predefined dimension index
mapping function used to achieve rotational interaction between
different dimensions. This encoding mechanism ensures that the
inner product of the transformed vectors can simultaneously
reflect the similarity of the original content and the phase
relationships with periodicity.

Subsequently, based on the rotation-encoded sequences Q̃
and K̃, TEB efficiently computes their temporal autocorrelation
sequence using the Fast Fourier Transform(FFT) [31], which
is formalized as:

X̂ l−1
en/de = F−1

(
F (Q̃) · F ∗(K̃)

)
(3)

where the symbol F denotes FFT, F ∗ denotes its complex
conjugate. The computed autocorrelation sequence X̂ l−1

en/de
reflects the similarity between the sequence and its delayed
copies, which is then used to construct attention weights that
highlight key periodic patterns within the sequence.

C. Temporal Decomposition Block

The Temporal Decomp block receives the enhanced feature
output X̂ l−1

en/de by the TEB, aiming to decompose the input
into components with different temporal characteristics through
multi-scale filtering and adaptive fusion, thereby preliminarily
separating non-stationary features and focusing on periodic
patterns. Temporal Decomp builds on the autocorrelation



Fig. 1. TPRformer structure. TPRformer consists of N encoders and M decoders. Temporal enhancement blocks (TEB, green blocks) and temporal cross-attention
(TCA, pink squares) are used for temporal representation learning. The temporal decomposition block (Temporal Decomp, yellow block) is used to extract
seasonal trend patterns from input data.

sequence X̂ l−1
en/dec computed by the preceding TEB, from which

the top k time lags with the highest autocorrelation values are
selected to form the key time lag set Ttopk.

Subsequently, through cyclic shifting and weighted aggre-
gation operations, the block fuses pattern information from
historically similar time periods into the current moment. Its
core computational process is formalized as

X̂ l−1,1
en/de =

∑
τ∈Ttopk

Roll(VT , τ) · Softmax(X̂ l−1,τ
en/de) (4)

where VT denotes the vector sequence of values associated with
the characteristic Fatt, the symbol Roll(VT , τ) represents the
cyclical shift of the sequence VT along the time axis by steps τ ,
X̂ l−1,τ

en/de is the autocorrelation value corresponding to time lag
τ , and the function Softmax normalizes these autocorrelation
values to generate weights aggregation. This operation realizes
information aggregation based on periodic similarity, which
ultimately outputting the initially separated periodic component
X̂ l−1,1

en/de.

D. Temporal Cross-attention Block

The Temporal Cross-Attention (TCA) block takes the tem-
poral features of decoder X̂ l−1,1

de ∈ RL×dmodel and the encoder
output features X l

en ∈ RL×dmodel as input. TCA achieves the
fusion between decoder features and historical encoder features
through a cross-attention mechanism. First, absolute temporal
and periodic phase information are respectively injected into
the decoder and encoder features using ROPE to generate
period-aware query and key representations. Specifically, for
the l−1-th decoder characteristic atX l−1,1

de and encoder features
X l

en, a shared function RoPE is applied, formalized as follows:

Q̃ = RoPE(X̂ l−1,1
de )WQ, K̃ = RoPE(X̂ l

en)WK (5)

where WQ,WK ∈ Rdmodel×dk are learnable projection matrices.
The operation of rotary position encoding RoPE is consistent
with that described in the aforementioned TEB, thus embedding
periodic phase information in the features.

The value sequence is obtained via a linear transforma-
tion: V = X̂ l

enWV , where WV ∈ Rdmodel×dv . Subsequently,

the cross-attention score matrix is calculated and dynamic
alignment is introduced along with a causal mask. The
dynamic alignment layer maps future decoder timesteps to
phase reference points within the historical cycle according
to the known period length T of the sequence, which is
achieved through temporal index offset: for a decoder timestep
i, its corresponding historical phase reference point is defined
as ref(i) = i mod T . The mask matrix M ∈ RL×L is
constructed accordingly, with its elements given by:

Mi,j =

{
0, if encoder timestep j ≤ ref(i)
−∞, otherwise

(6)

This mask ensures that each position in the decoder attends
only to positions in the encoder that are not later than its
historical phase reference point, thereby maintaining prediction
causality. The attention weights are calculated as follows:

Attention(Q̃, K̃, V ) = Softmax

(
Q̃K̃T

√
dk

+M

)
V (7)

where dk is the dimensionality of the key vectors used for
scaling. Finally, the block outputs the fused feature, which
integrates periodic pattern information from the historical
sequence of the encoder, thereby providing an enhanced
contextual representation for subsequent prediction.

V. EXPERIMENTS
A. Datasets

To evaluate the predictive performance of the TPRformer
model for sea surface temperature (SST), we employs the
Operational Sea Surface Temperature and Sea Ice Analysis
(OSTIA) [32] dataset released by the UK Met Office. The
OSTIA dataset generates a daily SST product at a spatial
resolution of 0.05° by assimilating in situ observations with
satellite infrared and microwave radiometer measurements. This
work focuses on two representative oceanic regions: the Yellow
and Bohai Sea (30°N–40°N, 120°E–130°E) and the South
China Sea (12°N–20°N, 112°E–120°E), as illustrated in Fig.
2, and the original spatial resolution of 0.05° is maintained



Fig. 2. The two images represent the Bohai Sea and the Yellow Sea and the South China Sea, respectively.

within the study areas. The data spans the period from January
1, 1992, to December 31, 2020, comprising a total of 10,585
daily sea surface temperature sequences.

B. Experimental Setup

All experiments were performed on a single NVIDIA
GeForce RTX 4090 GPU using the PyTorch framework. A
learning rate of 0.001, a batch size of 4, and 200 training epochs
were used, with early stopping implemented with patience
of 20. To capture the short-period non-stationary fluctuation
characteristics of the SST series, we define a single time step
as 1-day observed SST data, generate multiple training samples
for model training via the sliding window approach, and set
the sliding window length to 10 time steps. And the dataset
was partitioned into 80% for training, 10% for testing and 10%
for validation in chronological order. The Adam optimizer was
used to minimize the mean squared error (MSE) loss function,
which is defined as:

Loss =
1

n

n∑
i=1

(yi − ŷi)
2 (8)

where yi denotes the true value, ŷi represents the predicted
value, and n is the number of samples.

The performance of the model was evaluated using the mean
absolute error (MAE) and the root mean squared error (RMSE),
which are defined as follows.

MAE =
1

n

n∑
i=1

|yi − ŷi| (9)

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (10)

To validate the performance advantages of the TPRformer in
SST forecasting, we selects two categories of classical baseline
models for comparative experiments. The category for multi-
scale temporal feature modeling includes CFCC-LSTM [17],
Scaleformer [33], and MIMO [24], while the category for

multi-scale spatial feature modeling and extraction includes
MGCN [34], OVPGCN [35], HIGRN [28], and ST-Unet [29].

To evaluate predictive performance of the model across
different time scales, this study establishes three typical
forecasting scenarios:

• Daily: 7-day history → 1-day prediction
• Weekly: 30-day history → 7-day prediction
• Monthly: 120-day history → 30-day prediction

C. Experimental Results

As shown in Tables I and II, the proposed TPRformer
achieves state-of-the-art performance on both datasets, sur-
passing all baseline methods.

On the Yellow and Bohai Sea dataset, TPRformer demon-
strates superior results across all baselines. Compared to multi-
scale temporal feature modeling methods, it improves MAE
by 5.5% and RMSE by 6.25% over ScaleFormer, by 17.0% in
MAE and 22.4% in RMSE over MIMO, and by 26.0% in MAE
and 17.9% in RMSE over CFCC-LSTM. Against multi-scale
spatial feature modeling methods, it achieves MAE and RMSE
improvements of 8.1% and 10.0% over OVPGCN, 12.8% and
13.4% over ST-Unet, 12.8% and 16.7% over HIGRN, and
19.5% and 25.0% over MGCN.

Similarly, on the South China Sea dataset, TPRformer
consistently outperforms all benchmarks. It reduces MAE by
10.3% and RMSE by 5.4% compared to ScaleFormer, by 13.8%
in MAE and 25.5% in RMSE compared to MIMO, and by
28.3% in MAE and 31.3% in RMSE compared to CFCC-
LSTM. Relative to spatial modeling baselines, it attains MAE
and RMSE improvements of 16.1% and 10.2% over OVPGCN,
16.1% and 14.6% over ST-Unet, 21.2% and 20.4% over HIGRN,
and 25.7% and 25.5% over MGCN.

The prediction results are visualized to facilitate model
performance comparison. Fig. 3 shows the comparison between
the predicted value and the measured value of the monthly
prediction task in the typical area of the Yellow Sea and the
Bohai Sea from January 10 to February 9, 2020. Data for the



TABLE I
PREDICTION RESULT OF SST IN THE YELLOW AND BOHAI SEA

Typical area of Yellow and Bohai Sea

Model Daily Weekly Monthly

MAE(°C) RMSE(°C) MAE(°C) RMSE(°C) MAE(°C) RMSE(°C)

CFCC-LSTM 0.46 0.67 0.60 0.87 0.81 1.18

MGCN 0.42 0.60 0.58 0.83 0.79 1.07

MIMO 0.41 0.58 0.55 0.81 0.72 1.01

HiGRN 0.39 0. 54 0.52 0.76 0.67 0.91

ST-UNet 0.39 0.52 0.48 0.74 0.64 0.86

OVPGCN 0.37 0.50 0.47 0.69 0.59 0.82

Scaleformer 0.36 0.48 0.45 0.63 0.56 0.80

TPRformer(ours) 0.34 0.45 0.43 0.62 0.52 0.70

TABLE II
PREDICTION RESULT OF SST IN SOUTH CHINA SEA

South China Sea

Model Daily Weekly Monthly

MAE(°C) RMSE(°C) MAE(°C) RMSE(°C) MAE(°C) RMSE(°C)

CFCC-LSTM 0.38 0.51 0.53 0.72 0.74 1.01

MGCN 0.35 0.47 0.48 0.69 0.71 0.94

MIMO 0.35 0.46 0.47 0.70 0.69 0.86

HiGRN 0.33 0.44 0.45 0.66 0.63 0.90

ST-UNet 0.31 0.41 0.44 0.64 0.60 0.84

OVPGCN 0.31 0.39 0.43 0.65 0.55 0.78

Scaleformer 0.29 0.37 0.43 0.64 0.52 0.73

TPRformer(ours) 0.26 0.35 0.38 0.57 0.48 0.70

GT TPRformerDay 1 OVPGCNScaleformer ST-UNet HiGRN MGCNMIMO CFCC-LSTM

Diff figure 
Pred-GT

Pred 
figure

Colorbar

Pred 
figure

Colorbar

Diff figure 
Pred-GT

Day 30

Fig. 3. Visualization of results of different models in monthly prediction



TABLE III
ABLATION EXPERIMENT OF TEB AND TEMPORAL DECOMP BLOCK IN THE
DAILY,WEEKLY AND MONTHLY PREDICTION OF THE YELLOW AND BOHAI

SEA

Model MAE

Daily Weekly Monthly

TPRformer w/o TEB 0.39 0.56 0.66

TPRformer w/o Temporal Decomp 0.37 0.52 0.64

TPRformer w/o secondary Temporal Decomp 0.35 0.47 0.57

TPRformer 0.34 0.43 0.52

first day, the 15th day and the 30th day of the period were
selected for comparative analysis. It can be clearly seen that
the prediction effect of TPRformer at each time point is better
than all baseline methods.

D. Ablation Study

To validate the necessity of each core innovative block in
the model, we designed ablation studies by constructing and
evaluating multiple model variants in which specific blocks
were either removed or replaced.

1) TPRformer w/o the temporal enhancement block (TEB):
This variant completely replaces the temporal enhancement
block described in the paper—which includes rotary posi-
tion encoding (RoPE) and temporal autocorrelation computa-
tion—with standard sinusoidal position encoding. This aims
to verify the necessity of the explicit periodic encoding and
global dependency capturing mechanism.

2) 2) TPRformer w/o temporal decomposition (Temporal
Decomp): In this variant, the multi-scale filtering and adaptive
fusion mechanism in the temporal decomposition block is
replaced with a simple moving average. This is designed
to validate the effectiveness of the adaptive trend separation
method.

3) TPRformer w/o secondary Temporal Decomp: This variant
removes the second temporal decomposition and refinement
step in the decoder to verify the contribution of this design in
eliminating redundant noise from the prediction features.

As shown in Table III, on the Yellow and Bohai Sea dataset,
TPRformer achieves the best MAE performance across multiple
forecasting time scales.

E. Predictive stability analysis

To further illustrate the performance of the proposed model,
a comparison of the daily average MAE between TPRformer
and seven baseline models for SST prediction in the typical
regions of the Yellow-Bohai Sea and the South China Sea
during October 2020 is presented in Fig. 4. A general decline
in prediction accuracy is observed as the forecast horizon in-
creases. Although long-term predictions exhibit higher absolute
errors, the error distribution of TPRformer is tighter, indicating
greater stability in long-term forecasting when the proposed
model is employed.

VI. CONCLUSION

We propose TPRformer, which is the SST prediction model
based on temporal decomposition and reconstruction. The
encoder of TPRformer incorporates the temporal enhancement
block to supplement positional information and capture global
temporal dependencies, while the temporal decomposition block
extracts long-term periodic dependencies and constructs a
structured periodic feature library. The decoder first applies
temporal enhancement and decomposition to the target SST
sequence to obtain initial features, then utilizes a temporal
cross-attention module to perform cross-computation between
the historical periodic features and the current prediction state
for feature fusion. Finally, feature reconstruction is performed
to accomplish SST prediction, addressing the challenges
faced by existing methods in capturing the complex temporal
dependencies of SST. Experimental results demonstrate that the
TPRformer model outperforms current state-of-the-art baseline
methods. This research is expected to provide robust support
for more accurate SST forecasting, with significant implications
for various application domains reliant on SST data, such as
disaster prevention and marine ecosystem conservation.
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