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Abstract 

Meteorological sensors deployed on ocean buoys frequently suffer from data loss or 

outliers due to electromagnetic interference and component failures caused by harsh 

weather and environmental conditions. Accurate reconstruction of corrupted buoy 

data remains a significant challenge, as conventional interpolation and imputation 

methods often fail to capture the inherent spatio-temporal dependencies in marine 

meteorological variables. To address this issue, this paper proposes a novel deep 

learning model that integrates Transformer and Graph Attention Network (GAT) archi-

tectures—termed the Spatio-Temporal Dual-Attention Network (ST-DAN). The model 

uses parallel computing to capture two aspects of the data: on one hand, it captures 

temporal dependencies through a Transformer enhanced by position encoding; on 

the other, it models inter-variable spatial correlations with a Graph Attention Network 

(GAT) based on a physically informed adjacency matrix, which dynamically adjusts 

the influence weights between variables to significantly enhance reconstruction 

accuracy. To evaluate the ST-DAN model, extensive experiments were conducted 

leveraging the ERA5 reanalysis dataset and in-situ observations from a Qingdao 

buoy, focusing on the reconstruction of temperature and wind speed data. The exper-

iment result shows that ST-DAN outperformed baseline models (e.g., ARIMA, RNN, 

Bi-LSTM, and Transformer) across metrics including MAE, MSE, RMSE, and R². 

It indicates that the proposed model (ST-DAN) is off high robustness and achieves 

high-precision interpolation and anomaly correction for meteorological data.

1.  Introduction

Meteorological research relies on long-term observational data to analyze regional 
climate characteristic. As crucial platform for acquiring meteorological and hydro-
logical data, ocean buoys offer the advantages of long-term, continuous, and stable 
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monitoring. They can consistently observe various parameters such as sea surface 
temperature, wind speed, wind direction, and atmospheric pressure. Real-time buoy 
data are widely used to test and refine Numerical Weather Prediction (NWP) models 
[1,2], which is of great significance for studying air sea interactions [3]. Multiple mete-
orological agencies, including the China Meteorological Administration and the Euro-
pean Centre for Medium-Range Weather Forecasts, utilize buoy data to enhance 
forecast accuracy; For instance, the TRITON buoy network monitors variation in the 
Pacific and Indian Oceans to study El Niño-Southern Oscillation (ENSO), monsoon, 
and interdecadal climate variability [4]. The Hong Kong Observatory has been exper-
imenting with integrating buoy data into the machine learning models (UWIN-CM) to 
achieve real-time forecasting of tropical cyclones since 2024, thereby strengthening 
capabilities for predicting and preventing extreme weather events [5]. Furthermore, 
buoy data constitute a key component of climate change research, by providing reli-
able sea surface temperature observations [6], they contribute to improve the credi-
bility of climate projections [7,8]. Consequently, the multi parameter data provided by 
buoys hold substantial value for enhancing weather prediction accuracy, understand-
ing climate change, and monitoring the marine environment, the quality of these data 
directly impacts the reliability of scientific research results [9].

The marine meteorological environment is highly dynamic and variable. Buoy-
based meteorological sensors are frequently susceptible to data gaps and anomalies 
due to a combination of external and internal factors. External challenges include 
long-term exposure to sunlight leading to component aging, sensor damage caused 
by strong winds or extreme cold, while internal issues encompass accuracy deg-
radation from a lack of regular calibration and power insufficiency due to battery 
performance decay. Missing values and outliers can distort data characteristics, 
alter statistical properties of datasets—such as expected values and higher-order 
moments—and consequently increase the difficulty of data analysis. Therefore, it is 
essential to accurately identify and reconstruct anomalous data to provide reliable 
observational data for marine scientific research.

Conventional approaches to handling anomalous meteorological data often rely on 
statistical imputation methods [10]. These range from simple univariate techniques, 
such as mean, median, or mode filling, to more sophisticated models like K-Nearest 
Neighbors (KNN) and ARIMA. While straightforward to implement, simple statistical 
methods often fail to capture the variability and correlations in meteorological data, 
and they generally adapt poorly to the characteristics of time series. Yozgatligil et al. 
[11] compared various time series imputation methods, noting that although simpler 
algorithms (e.g., SAA, NR, NRWC) and computationally intensive approaches (e.g., 
EM-MCMC) are effective to some extent, they often come with high computational 
costs. The ARIMA model is more suitable for non-stationary series with trends or 
seasonal components and has been applied to tasks such as missing data estimation 
in water quality monitoring and multi-scale change point detection [12]. However, 
its reliance on specific distributional assumptions limits its performance on data that 
lacks significant trends.
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With advancements in artificial intelligence, deep learning has demonstrated considerable effectiveness in data impu-
tation tasks [13]. Classic sequential models such as RNN, GRU, and LSTM have demonstrated promising performance 
across various applications [14–18]. Nonetheless, they are often plagued by issues including vanishing or exploding 
gradients, difficulty in capturing long-range dependencies, high computational complexity, and a tendency to overfit 
[19–21]. Studies indicate that LSTM, while mitigating the problem to some extent, may still experience gradient vanishing 
[22], and its gating mechanisms can induce gradient anomalies when saturated [23]. In contrast, the Transformer archi-
tecture, by leveraging a global self-attention mechanism, demonstrates a enhanced capability in capturing long-term 
dependencies and complex temporal patterns, thereby offering a more effective solution for imputation in long sequence 
data [24,25].

With the widespread application of Transformer in temporal prediction, various optimization variants such as Informer 
[26] and Auto-former [27] have been proposed to improve the computational efficiency and expressive power of the 
original model. These models have been proven effective in multiple experiments through sparse attention or sequence 
decomposition mechanisms [27–32]. However, meteorological data has both spatiotemporal dependencies, and modeling 
only temporal features can easily ignore spatial correlations, and vice versa [13].

Unlike structured data such as images, spatial dependencies in meteorological data often exists as irregular graph 
structure (non-Euclidean data), which necessitate processing with Graph Nural Network (GNN). Representative GNN 
architectures include Graph Convolutional Networks (GCN) [33,34], Graph Attention Network (GAT) [35] and Graph Auto-
encoders encoder (GAE) [36]. These models effectively capture complex spatial dependencies through graph convolution 
operations, attention weighted aggregation and autoencoding mechanisms, respectively, making them suitable for tasks 
such as node classification and link prediction.

To enhance the physical consistency and accuracy of meteorological data repair, this paper constructs an advanced 
spatio-temporal joint modeling framework, termed the Spatio-Temporal Dual Attention Network(ST-DAN), The ST-DAN 
model effectively integrates Transformer encoder, physical constrained matrix and a Graph Attention Network(GAT) to 
form a dual link reasoning architecture. This design enables the separate extraction and subsequent fusion of tempo-
ral and spatial features for predictive repair. In the temporal encoding link, the Transformer encoder structure is used to 
capture the long-distance features of time series; In the spatial encoding link, the GAT model extracts inter-variable spatial 
dependence. Crucially, the native attention mechanism in GAT is replaced by a physically constrained adjacency matrix, 
which effectively suppresses connections between irrelevant features while strengthening correlations between related 
ones. This matrix dynamically adjusts influence weight during training, thereby enhancing prediction accuracy while reduc-
ing computational overhead. In general, the ST-DAN model successfully leverages both temporal and spatial constraints 
to achieve effective restoration of meteorological data.

The remainder of this paper is organized into five sections. The first section presents the research background and 
the motivation behind the proposed model; The second section focuses on the algorithm, structure, working principle and 
function of each part of the model; The third section includes the processing of the experimental data set and the arrange-
ment of the experimental environment; The fourth section is consisted of experiments and analysis of the experimental 
results; The fifth section contains the conclusion and future prospects.

2.  Methodologies

2.1.  Modeling of buoy meteorological data restoration

In the modeling process of buoy meteorological data restoration, the input data 
X = [DateTime, feature1, feature2, feature3 . . .] is first divided into meteorological features 

Xweathert = [feature1, feature2, feature3, . . .] and temporal features Xtemporalt = [featuretarget, day, hour, . . .] including target 
features. These features are then fed into the spatial encoding link and the temporal encoding link respectively. In the spa-
tial encoding link, we introduce a unique physical constraint matrix Mij  to replace the GAT neural network with the attention 
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mechanism, which can avoid irrelevant features connections and output the spatial feature Sfeature = GAT(xweathert ,Mij) 
after training and learning; in the temporal encoding link, the data is first encoded by position, then entered into the multi-
layer transformer encoder, and output the temporal feature Tfeature = Transformer(PE

(
xtemporalt

)
, and PE is the positional 

encoding. The features output from the two links are fused through the feature fusion layer to obtain the fusion feature 
Ffused .

In the prediction output stage, the sliding window technique is used to convert the original sequence into input–out-
put sample pairs to effectively model temporal dependencies and feature interactions.. Given the temporal series 
X = {x1, x2, ..., xN} ∈ RT×d  with length N, where T is the length of the temporal series and d is the feature dimension, 
training sample 

(
Xi, ŷi

)
 are generated via the sliding window. Here the input sequence Xi =

{
xi, xi+1, ..., xi+L–1

}
 contains L 

time step features, and the target value ŷi = xi+L corresponds to the target variable at the next time step. This approach 
enables the model to learn the mapping from the past L time steps to the next P time steps. For example, n the data-
set used in this experiment, where the temporal resolution of the data is 1 hour, we set L = 24 and P = 1. That is, when a 
data point is identified as an anomaly or a missing value, the 24 hours of data preceding that point are used to predict 
and replace its value, thereby achieving data repair. Additionally, to handle consecutive missing values and avoid error 
accumulation, a bidirectional prediction strategy is adopted at the prediction stage. This means that the input sequence 
is first predicted in the forward temporal direction and then in the reverse temporal direction. The final predicted output is 
obtained as follows:

	
ŷi =

(1 – α)Fforwardfused + αFbackwardfused

2 	 (1)

Where ŷi represents the final predicted value, Fforwardfused  denotes the forward fusion feature, and Fbackwardfused  denotes the 
backward fusion feature. To ensure the reasonable prediction output, dynamic weights is applied based on the rela-
tive position of the predicted point within the gap of missing data. A higher weight is assigned to positions closer to the 
prediction direction, with the weight constrained to the range [0.1, 0.9]. The weighting function is defined as follows: 

α = 0.1+ 0.8× position
length–1.

2.2.  Constructing spatio-temporal dual attention network model

The dual-path architecture, owing to its capability to collaboratively process features of different natures within data, has 
demonstrated significant technical advantages across numerous fields. Addressing the characteristics of meteorological 
data, which inherently encompass both their own temporal patterns and spatial correlations among elements, this study 
adopts a dual-path structure and proposes a Spatio-temporal Dual Attention Network (ST-DAN) that integrates Trans-
former and Graph Attention Networks (GAT), aiming to achieve high-precision time-series data imputation. The temporal 
path of this model employs Transformer encoder layers, specifically designed to capture the dynamic temporal features 
of individual meteorological elements [37]. The spatial path utilizes GAT to model the complex interrelationships among 
different meteorological elements [38]. Furthermore, this study introduces a key optimization to the attention mechanism 
by incorporating a novel physical adjacency matrix to replace the traditional attention weight generation mechanism. This 
enables the dynamic and appropriate adjustment of influence weights among different elements, allowing the model to 
capture dependency relationships that more closely align with real physical processes, thereby yielding more accurate 
prediction results.

The overall architecture of ST-DAN is shown in Fig 1, which is composed of a temporal encoding link, a spatial encod-
ing link, and a features fusion layer. The temporal encoding link and the spatial encoding link process the original input 
data is in parallel, and the features fusion layer is performed to finally output the prediction data. Prior to data input, the 
Z-score method is used to standardize the data, transforming the input features into a distribution with a mean of 0 and a 
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standard deviation of 1, so as to improve the stability of model training. The input data grid contains m dimensional tem-
poral elements, such as year, month, day, hour, minute, etc.; It also includes n dimensional meteorological elements, such 
as temperature, pressure, wind speed, wave period, etc. The data are then split into m-dimensional temporal features 
plus 1-dimensional target meteorological elements, which enter the temporal encoding link as xtemporalt ; All n-dimensional 
meteorological elements enter the spatial encoding link as xweathert . The temporal encoder first encodes the observation 
time using a position encoding function, and then employs a multi-layer Transformer encoder, which uses its attention 
mechanism to capture the temporal dependence in the data and output temporal features; The spatial encoding link uses 
a graph attention network to learn the relationship among multiple variables and output spatial features. The temporal 
and spatial features are then fed into the feature fusion module. A decoupling fusion strategy is applied, in which a gating 
mechanism—generated via linear transformation and a sigmoid function—dynamically adjusts the weights of the tempo-
ral and spatial features. The module finally produces a fused representation, based on which the final prediction result is 
generated. The detailed algorithms and working principles of each module in the ST-DAN model are described as follows.

2.2.1.  Temporal encoding link.  In the temporal encoding link, a temporal encoder is constructed to fuse time 
information and target features. The temporal encoder adopts a multi-layer Transformer encoder structure, as illustrated 
in Fig 2. A four-layer Transformer encoder is adopted in this architecture. The self-attention mechanism contained in the 
Transformer encoder enables the model to capture long-range temporal dependencies in the data, thereby effectively 
fitting the evolving trends over time and obtaining representative temporal features.

After the input sequence Xtemporalt  enters the temporal encoding link, it will be projected the original L* (m + 1) dimension 
to L ∗ dmodel, dmodel is the Transformer encoder model dimension, which is set to 256 here. Then the position encoder is 
used to encode the temporal information and combined it with the target feature. Because the Transformer model only 
focuses on the content similarity between elements and lacks the ability to perceive the order of elements, positional 
encoding is essential. The positional encoder uses the sine/cosine function (as shown in formulas (2) and (3)) to generate 
a fixed position encoding vector [39].

Fig 1.  Network architecture of the ST-DAN model.

https://doi.org/10.1371/journal.pone.0343310.g001

https://doi.org/10.1371/journal.pone.0343310.g001
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PE(pos,2i) = sin(

pos

100002i/dmodel
)
	 (2)

	
PE(pos,2i+1) = cos(

pos

100002i/dmodel
)
	 (3)

Where pos is the time step position, i is the dimension index, PE(pos,2i) is the positional encoding of the even dimension 
index, and PE(pos,2i+1) is the positional coding of the odd dimension index. The position encoder generates a position 
matrix PEi = {pei, pei+1, ..., pei+L–1} based on the input data

The input sequence XtemporalPE  after positional encoding fusion will be input into the attention mechanism layer, and its 
calculation logic is shown in Fig 3. First, XtemporalPE  will be multiplied by the attention weight matrices WQ,WK,WV  respec-
tively to obtain Q, K, and V, which correspond to the query, key, and value matrices respectively. Then, the attention score 
will be calculated. The calculation method of the attention score is shown in formula (4).

	
Attention(Q,K,V) = softmax

(
QKT√
Dout

)
V

	 (4)

Where Attention(Q,K,V) represents the attention score, Din denotes the dimension of the input dataXtemporalPE , and Dout rep-
resents the dimensions of WQ,WK,WV .

Fig 2.  Structure of the Transformer-Encoder-based Temporal reasoning component.

https://doi.org/10.1371/journal.pone.0343310.g002

https://doi.org/10.1371/journal.pone.0343310.g002
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The multi-head attention mechanism performs multiple attention operations on the same input. Each attention module, 
or “head,” has the same structure but uses independently learned weight matrices, allowing the model to jointly attend to 
information from different representation subspaces at different positions. This enables the model to capture more exten-
sive and diverse contextual features and enhances its expressive power [39].

After the attention score Attention(Q,K,V) is computed, it is combined with the original input sequence XtemporalPE . The 
calculation process is as follows:

	 x = LayerNorm(XtemporalPE + Attention(Q,K,V))	 (5)

x represents the layer normalization result, and Layer Norm is the layer normalization function.
Subsequently, the representation x enters the Feed-Forward Network (FFN). The FFN acts independently on 

the representation vectors at each position in the sequence output by the self-attention layer. Its main function is 
to perform nonlinear transformation and deep feature abstraction on each position vector that already contains 
global context information. Its structure follows an expansion-nonlinearity-contraction design. First, the input vector 
x is linearly projected to a higher dimension dff  through a weight matrix W1 ∈ Rdmodel×dff  and a bias b1 ∈ Rdff , where 
dff = 4× dmodel  and we set dmodel  to 256. Then, a nonlinear activation function, specifically the ReLU function, is 
applied to the projected result. Afterwards, the activated high-dimensional vector is linearly projected back to the 
original dmodel  dimension through a weight matrix W2 ∈ Rdmodel×dff  and a bias b2 ∈ Rdff , according to the mathematical 
formula:

	 FFN(x) = ReLU (xW1 + b1)W2 + b2	 (6)

Among them, The function FFN(x) represents the abstraction of features after nonlinear transformation and computation 
through the feedforward fully connected layer. The parameters (W₁, W₂, b₁, b₂) of FFN are shared across all sequence 
positions within the same layer, but the computation is position-independent.

FFN complements the self-attention mechanism, which focuses on learning inter-position dependencies, and together 
they form the powerful feature learning capability of the Transformer encoder layer. By introducing nonlinear transfor-
mations and high-dimensional mappings, the FFN layer significantly enhances the model’s representational capacity 

Fig 3.  Schematic diagram of the self-attention mechanism.

https://doi.org/10.1371/journal.pone.0343310.g003

https://doi.org/10.1371/journal.pone.0343310.g003
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and serves as a key component for the model to learn complex features while contributing a substantial number of 
parameters.

Subsequently, FFN(x) performs another residual connection and layer normalization with x, ultimately obtaining and 
outputting the temporal feature matrix Tfeature ∈ RB×L×dh of the target element. Here, B represents the batch size, and dh 
denotes the size of the hidden layer. The calculation process is as follows:

	 Tfeature = LayerNorm(x+ FFN(x))	 (7)

2.2.2.  Spatial encoding link.  In the application of graph neural networks, modeling based on graph structures 
can effectively capture the complex relationships between variables. The introduction of attention mechanisms 
further enhances the model’s ability to capture dynamic spatial dependencies [40]. Additionally, architectures that 
integrate graph convolution with temporal convolution have been shown to significantly improve the modeling 
performance of spatiotemporal sequence data, achieving superior results in prediction tasks involving multi-source 
heterogeneous data [41].

Inspired by this, the present study treats the sequences of various meteorological elements as nodes in a graph  
structure and designs a Physics-aware Spatial Encoder (PhysicsAwareGAT), whose core is an improved Graph Atten-
tion Network (Fig 4). This encoder uses the correlation coefficient graph between meteorological elements (Fig 5) as its 
underlying structure. Through the graph attention mechanism, it adaptively learns the strength of associations between 
elements, thereby achieving effective modeling of spatial correlations.

After the input sequenceXweathert  enters the spatial encoding link, an adaptive physical constraint matrix is gener-
ated in the Spatial Encoding Link. The attention mechanism in traditional graph attention networks relies on data-driven 
implicit learning relationships, which can automatically capture the relationships between features and dynamically adjust 
weights. This is extremely convenient and effective for some data where the correlation between features cannot be 
directly known. However, during the learning process, there may be cases where false correlations are captured and lack 
physical interpretability. For meteorological data, we can directly know the relationships between features, such as tem-
perature being related to wind speed and pressure, but not to precipitation. The adaptive physical mask matrix mechanism 
proposed in this invention replaces the traditional attention mechanism. Through a predefined physical constraint matrix, it 
can forcefully prohibit connections that violate domain knowledge, ensuring that elements with existing correlations can be 
correctly connected. This enhances the interpretability of the model while avoiding unnecessary calculations and improv-
ing model accuracy and training efficiency.

First, a physical prior matrix Aij (an n*n Boolean matrix, as shown in Fig 6) is preset,. Its rows and columns correspond 
to the set of meteorological features 

{
α1,α2, ...,αn

}
, where n is determined by the number of meteorological features in 

the collected data. In this matrix, the row index represents the target feature (i.e., the affected feature), while the column 
index represents the source feature (i.e., the influencing feature). For each row corresponding to a target feature, the 
entries in the columns associated with the source features are set to either 0 or 1: 0 indicates that the source feature is 
irrelevant to the target feature, and 1 indicates that the source feature is relevant. The values of this matrix must be manu-
ally defined based on expert knowledge.

Using the example of Xweathert  in this experiment, the five meteorological features 
{
α1,α2, ...,α5

}
 correspond to tem-

perature, wind speed, pressure, wave period, and humidity, respectively. If the goal is to predict temperature, the first row 
can be set to[1, 1, 1, 0, 1]; if predicting wind speed, the second row can be set to [1, 1, 1, 0, 1], This approach effectively 
eliminates correlations between irrelevant features.

However, the Boolean matrix Aij can only express the irrelevant or relevant relationships between meteorological fea-
tures (i.e., values of 0 or 1), but it cannot quantify the influence weights between the elements. To address this, we intro-
duce an adaptive physical constraint matrix module. This module remaps Aij into a physical learning matrix Mij, whose 
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Fig 4.  Structure of the Physics Aware GAT.

https://doi.org/10.1371/journal.pone.0343310.g004

Fig 5.  Graph structure of meteorological element correlation.

https://doi.org/10.1371/journal.pone.0343310.g005

https://doi.org/10.1371/journal.pone.0343310.g004
https://doi.org/10.1371/journal.pone.0343310.g005
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initial values are consistent with Aij, but the type is converted from a Boolean matrix to a floating-point matrix, serving as 
a learnable parameter matrix. To broaden the value range, increase the optimization gradient, and make weight changes 
smoother, the weight range of Mij is constrained to [0, 2]. This setting uses 1 as the center point: values greater than 1 
enhance correlation, while values less than 1 weaken correlation. This interval amplification helps avoid the issue of uni-
versally small weights and enhances distinguishability.

In each training round, Mij functions similarly to a convolution kernel, sliding along the temporal dimension with a spec-
ified stride over the data, and performs feature extraction via matrix multiplication. After the training round, the parameters 
of Mij are updated using gradient descent. During this process, Aij remains fixed. Through the Hadamard product of Mij 
and Aij, the weights corresponding to originally irrelevant elements are guaranteed to remain zero, thereby forcibly mask-
ing irrelevant connections.

The updated weight matrix is normalized to the [0, 1] interval using the Sigmoid function, then multiplied by 2 to restore 
it to the [0, 2] range, generating a new matrix M‘

ij  for the next training round. This mechanism effectively prevents weights 
from exceeding bounds due to cumulative effects during iterations. Finally, M‘

ij  is output as the adaptive physical constraint 
matrix for subsequent prediction tasks. Its calculation formula is as follows:

	 M‘
ij = σ (Mij ⊙ Aij)× 2	 (8)

Where σ denotes the Sigmoid function and ⊙ denotes the Hadamard product. This process achieves an effective integra-
tion of physical priors and data-driven learning, retaining the physical constraints of feature relationships while allowing 
the model to adaptively adjust the influence weights. In the actual computation process, the weight range is constrained 
to [0,2], where 0 indicates irrelevance and 2 indicates strong correlation. After obtaining the adaptive physical constraint 
matrix M‘

ij , M
‘
ij is used as a mask to perform graph convolution operations with the input sequence Xweathert . The graph con-

volution calculation is defined as follows:

	
α‘i =

∑
j∈N(i)

M‘
ijαj

	 (9)

Fig 6.  Schematic diagram of adaptive physical constraint matrix.

https://doi.org/10.1371/journal.pone.0343310.g006

https://doi.org/10.1371/journal.pone.0343310.g006
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Where α‘i represents the meteorological features obtained after calculation, αj represents the original value of node j, and 
N(i) represents the set of all values that are 1 in the i-th row of Aij. At this stage, the meteorological features are not yet the 
final spatial features and require be further transformation through the feature processing layer.

In the feature processing layer, the obtained meteorological features α‘i undergo a nonlinear transformation via 
the ReLU activation function and are projected into a high-dimensional space, ultimately yielding the spatial features 
Sfeature ∈ RB×L×dh of the target element as output. The calculation process is as follows:

	
Sfeature = W4

(
ReLU

(
α‘iW3 + b3

))
+ b4	 (10)

Where W3 and W4 are the weight matrices of spatial encoding link, and b3 and b4 are the bias vectors of spatial encoding 
link.

2.2.3.  Features fusion.  The application of gating mechanisms in deep learning models for feature fusion 
has become a key technology for enhancing the efficiency of multi-modal and multi-level information integration. 
This mechanism dynamically regulates the contribution of features from different sources or levels, enabling the 
selective retention of critical information and the suppression of noise, thereby significantly improving the model’s 
representational capacity and generalization performance. It has been widely applied and proven effective in time 
series forecasting [42–44].

In this experiment, after the spatial and temporal pathways output spatial and temporal features respectively, 
a gating mechanism is similarly adopted for feature integration. The feature fusion module in this study achieves 
the organic integration of multi-modal information through a decoupling-fusion strategy. Its design adheres to the 
following principles: Physical Consistency, ensuring spatial features carry explicit meteorological physical relation-
ships; Temporal Dynamics, capturing periodic and trend patterns within temporal features; and Adaptive Interaction, 
dynamically adjusting the contribution of spatio-temporal features via the gating mechanism. The structure diagram 
is shown below (Fig 7).

Among them, W5 ∈ R2dh×dh and W6 ∈ Rdh×dh are the learnable weight matrices of the linear fusion layer. Spatial Fea-
tures represents the feature matrix Sfeature ∈ RB×L×dh output by the improved graph attention network in the spatial link; 
Temporal features denotes the temporal feature matrix Tfeature ∈ RB×L×dh generated by the Transformer encoder after 
concatenating the target meteorological features and temporal features in the temporal link. Weight_T and Weight_S rep-
resent the weights assigned to temporal features and spatial features, respectively. After concatenating them in the hidden 
layer dimension, adaptive weight allocation is achieved through a gated fusion network: first, a gated vector is generated 
via linear transformation and Sigmoid activation

	 g = σ (W6 · σ (W5 · Concat (Sfeature,Tfeature)))	 (11)

Fig 7.  Architecture of the features fusion layer.

https://doi.org/10.1371/journal.pone.0343310.g007

https://doi.org/10.1371/journal.pone.0343310.g007
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Then through:

	 Ffused = g⊙ Sfeature + (1 – g)⊙ Tfeature	 (12)

To achieve feature fusion, this design ensures the physical consistency of spatial features through a physical mask matrix, 
while utilizing a dynamic weight matrix to adjust the contribution of spatio-temporal features.

After the model training is completed, during the application phase, the data is fed into the trained model, and the last 
time step of the output is taken as the predicted value to replace the outliers, thereby accomplishing data repair.

2.2.4.  Loss and evaluation metric.  The loss function adopts Mean Absolute Error (MAE) as the training objective, 
which is calculated as shown in formula (13). Here, M represents the number of samples, yi denotes the true value, and 
ŷi represents the predicted value. MAE exhibits robustness against physical outliers. When faced with extreme values in 
meteorological data, MAE is less affected, meeting the fault tolerance requirements of meteorological prediction regarding 
outliers. Additionally, MAE has the advantage of interpretability, with its physical units consistent with the prediction 
target, facilitating direct evaluation of model performance. During the training process, a gradient clipping mechanism 
is introduced to prevent gradient explosion. The calculation of gradient clipping is shown in formula (14). Here, θ is the 
gradient threshold, preset to 1, g is the current gradient, and ∥g∥2 is the L2 norm of g.

	
LOSS = MAE =

1
M

M∑
i=1

∣∣yi – ŷi
∣∣
	 (13)

	
g‘ = g ·min(1, θ

∥g∥2
)
	 (14)

In addition to using MAE as the loss function, we also employed MSE, RMSE, R², and AR² as evaluation metrics. The cal-
culation formulas are as shown in Formulas 15–17. MSE stands for Mean Squared Error, RMSE for Root Mean Squared 
Error, R² for the Coefficient of Determination, and AR² for the Adjusted Coefficient of Determination. All five metrics can 
reflect the discrepancy between the predicted data and the true values. The four metrics generally range between 0 and 1, 
with MAE, MSE, and RMSE being more effective when closer to 0, while R² and AR² are more effective when closer to 1. 
Here, n represents the sample size, and k denotes the number of explanatory variables.

	
MSE =

1

m

m∑
i=1

(yi – ŷi)
2

	 (15)

	

RMSE =

√√√√ 1

m

m∑
i=1

(yi – ŷi)
2

	 (16)

	
R2 = 1 –

∑
i

(
ŷi – yi

)2
∑

i (yi – yi)
2

	 (17)

	
AR2 = 1 – [

(1 – R2)(n – 1)

n – k – 1
]
	 (18)
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3.  Experimental data processing and hyperparameter setting

3.1.  Experimental data

In the experiment, the ERA5 dataset was first used for experimental verification. The selected area was Qingdao, China, 
with latitude 36.00−36.25N and longitude 120.25−120.50E. The time span was three years from January 1, 2022, to 
December 31, 2024, with a temporal resolution of one hour and a total of 26,304 records. The observed elements 
included temperature, pressure, wave period, wind speed, and rainfall. Training and prediction were conducted with 
temperature as the target feature. Then, buoy data measured in the Xiaomai Island sea area of Qingdao was used for 
testing. A total of 42,646 data records with a temporal resolution of ten minutes from June 1, 2024, to June 1, 2025, were 
selected. The measured data includes five elements: temperature, wind speed, pressure, wave period, and humidity. 
Training and prediction were conducted for wind speed. During the experiment, the data was divided into a training set 
X = {x1, x2, . . . , xn} and a test set – true value Y = {y1, y2, . . . , yn} at a ratio of 8:2. Then, 20% of the data in the test set – 
true value was modified as outliers for model prediction. Missing values and outliers were randomly added to the test set. 
First, 15% of the temperature data in the test set – true value was randomly modified as missing values. Considering that 
missing values may occur consecutively in actual situations, the maximum consecutive number of missing values was 
limited to 4 to mimic missing values in actual collected data. These data were then marked to obtainYNan. Subsequently, 
5% of the data was modified as Gaussian noise values.

3.2.  Data noise injection

We have designed an adaptive Gaussian noise injection method based on stratified sampling. The noise injection process 
comprises the following three steps.

The first step involves randomly sorting the candidate set V, where V represents the non-null values in the data YNan. 
Subsequently, V is divided into D layers, denoted asV = {V1,V2, . . . ,VD}. The number of outliers m to be allocated to each 
layer is calculated using the following formula.

	
m =

Q
D 	 (19)

Where Q represents the total number of noise points to be inserted. For the remainder R = Q mod D, allocate one addi-
tional sample to each of the first R layers to ensure as balanced a sample distribution as possible. Once the number of 
outliers for each layer is determined, independently draw m original data points xi from each layer.

The second step involves generating adaptive Gaussian noise. The intensity of noise is crucial to the model’s prediction 
performance. In this study, Gaussian noise is adaptively generated based on the standard deviation of the original data. 
The noise generation function is ∈∼ N (0, (µ · 0.5)2), where µrepresents the standard deviation of the original data. By 
scaling the standard deviation by 0.5, the noise intensity is controlled within a reasonable range, ensuring that the noise 
can introduce data variations without excessively distorting the original data characteristics.

The third step injects the generated noise ∈i into yi to obtain the data point y′iafter noise injection. The calculation for-
mula is:

	 y′i = yi+ ∈i 	 (20)

Through index matching, this process precisely adds noise to selected data points, injecting a specific proportion of noise 
uniformly across the time dimension. This approach enables better simulation of real-world scenarios while preserving 
the distribution characteristics of the original data. After following the aforementioned steps, a test set Y` containing 15% 
missing values and 5% outliers is obtained.
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3.3.  Experimental environment hyperparameter settings

The hardware configuration of the experimental environment used in this study includes an NVIDIA GTX 1050ti GPU, an 
Intel Core i5-11400F CPU, and 32GB DDR4 memory. The software configuration includes the deep learning framework 
Pytorch 2.7, the deep learning computing component CUDA 12.4, the data processing libraries pandas 2.2.3 and scikit-
learn 1.6.1, and the visualization component Matplotlib 3.9.2.

For the ERA5 dataset, the adopted training hyperparameters are shown in Table 1, where the input length and 
prediction length are represented as 24 data points, i.e., predicting one data point for 24 consecutive hours. To 
ensure that the model can correctly capture the dependencies in the data while also considering computational 
efficiency, after multiple experiments, it was found that using 256 hidden layers yielded the best results. Based on 
regularization theory [45] and experimental tuning, it was discovered that selecting 4 layers for the Transformer 
encoder can effectively prevent overfitting or underfitting, and achieve good convergence when the learning rate is 
set to 1e-4.

For the buoy’s actual measurement dataset, due to the increase in time resolution from 1 hour to 10 minutes, 
the training strategy was adjusted accordingly: to ensure consistency in time span, the input sequence length was 
extended from 24 to 144; at the same time, as the time dimension included minute information, minute features were 
added to the input dimension; other parameters were also adjusted synchronously. The corresponding training strat-
egy is detailed in Table 2.

Table 1.  Hyperparameter configuration of the ST-DAN for ERA5 dataset.

Model parameters Value

Input sequence length 24

Step size 1

Predicted length 1

Input dimension 7

Hidden size 256

Attention heads 8

Transformer encoder layers 4

Learning rate 1e-4

Epochs 100

https://doi.org/10.1371/journal.pone.0343310.t001

Table 2.  Hyperparameter configuration of the ST-DAN for buoy observed data.

Model parameters Value

Input sequence length 144

Step size 1

Predicted length 1

Input dimension 8

Hidden size 128

Attention heads 4

Transformer encoder layers 3

Learning rate 5e-4

Epochs 150

https://doi.org/10.1371/journal.pone.0343310.t002

https://doi.org/10.1371/journal.pone.0343310.t001
https://doi.org/10.1371/journal.pone.0343310.t002
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4.  Experiment and result analysis

This section focuses on the experiments and result analysis. Firstly, ablation experiments are designed to replace or 
remove various components of the model in order to verify the effectiveness of the temporal and spatial links in the pro-
posed model. Secondly, comparative experiments are conducted by comparing the target elements (air temperature and 
wind speed) of two different datasets with mainstream temporal interpolation models, in order to verify the effectiveness 
of the ST-DAN model proposed in this paper. Finally, the ST-DAN model is trained using experimental datasets with good 
data quality and real-world datasets containing outliers, respectively, and the robustness of the model is verified through 
prediction results.

4.1.  Ablation experiments

First, ablation studies were conducted based on the ERA5 dataset to validate the effectiveness of the proposed model’s 
components from three dimensions: the temporal pathway, the spatial pathway, and the spatio-temporal dual pathway. 
For the temporal pathway, a comparison was made with a standalone Transformer model; for the spatial pathway, a 
comparison was made with the traditional Graph Attention Network (GAT). The experimental results are shown in Table 3, 
presenting evaluations for both the training and testing phases. The MAE, MSE, and RMSE values for the single temporal 
pathway and single spatial pathway network models were consistently worse than those of the spatio-temporal dual- 
pathway network model (ST-DAN).

Specifically, ST-DAN achieved an MAE of 0.0386, which is 37.6% and 18.2% lower than ST-GAT and the standalone 
Transformer model, respectively. Its MSE was 0.0262, representing reductions of 23.8% and 1.3% compared to ST-GAT 
and Transformer, respectively. The RMSE was 0.1617, showing reductions of 12% and 0.6% compared to ST-GAT and 
Transformer, respectively. These results validate the effectiveness of the individual model components and fully demon-
strate the necessity of spatio-temporal dual-pathway fusion and its performance advantages.

4.2.  Comparative experiments

To validate the effectiveness and superiority of the proposed ST-DAN model in outlier correction tasks, comparative exper-
iments were conducted with the statistical model ARIMA, sequential models from the RNN family, models from the Trans-
former family, and the spatio-temporal dual-branch model ST-LSTM.

As a classical time series analysis tool, ARIMA achieves data stationarity through differencing and combines autore-
gressive and moving average processes to capture long-term trends and short-term fluctuations in the data. The RNN 
family includes RNN, Bi-GRU, and Bi-LSTM. These models leverage the inherent structure of hidden layer neurons to 
endow the model with memory capacity for sequential data, enabling them to learn temporal dependencies within the 
data. Bi-GRU and Bi-LSTM are bidirectional variants of GRU and LSTM, respectively, capable of learning contextual 
information from both past and future, effectively handling long sequence problems. The Transformer family includes 
Transformer, Informer, and Autoformer. These models utilize the attention mechanism to capture long-range temporal 

Table 3.  Comparison of the performance of GAT, Transformer and ST-DAN in ablation experiments.

Model MAE MSE RMSE R2

GAT-train 0.0578 0.0495 0.2225 0.9943

GAT-test 0.0674 0.0586 0.2421 0.9850

Transformer-train 0.0462 0.0328 0.1811 0.9959

Transformer-test 0.0517 0.0458 0.2139 0.9832

ST-DAN-train 0.0243 0.0247 0.1571 0.9973

ST-DAN-test 0.0386 0.0262 0.1619 0.9996

https://doi.org/10.1371/journal.pone.0343310.t003

https://doi.org/10.1371/journal.pone.0343310.t003
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dependencies for higher prediction reliability. Additionally, the ST-LSTM model was constructed by replacing the Trans-
former encoder in ST-DAN with an LSTM model, serving as a spatio-temporal dual-branch comparison model.

To ensure the fairness of the comparative experiments, the RNN family models (RNN, Bi-GRU, Bi-LSTM) used identical 
training parameter settings during training. Similarly, the Transformer family models (Transformer, Informer, Autoformer) 
maintained consistent internal parameters. To address the architectural differences between the two families, hyperpa-
rameter adjustments were made based on the proposed ST-DAN model’s hyperparameters for key parameters such as 
learning rate, hidden layer dimension, and number of network layers. This aimed to make models from different families 
comparable in terms of architectural depth and overall capacity. Meanwhile, the number of training epochs and batch size 
remained consistent for all models to ensure uniform training conditions. Furthermore, the same early stopping threshold 
mechanism was applied across all experiments, effectively suppressing overfitting while fully exploring the performance 
potential of each model, thereby enabling a comparative evaluation of optimal performance under fair training conditions.

In the experiments, the eight models—ARIMA, RNN, Bi-GRU, Bi-LSTM, ST-LSTM, Informer, Autoformer, and 
ST-DAN—were used to perform missing value imputation and outlier correction on the temperature data from the ERA5 
dataset. The performance metrics of the eight models are shown in Table 4, including both training and test set evalu-
ations. The table shows that, except for the ARIMA model which does not involve a training/prediction split, all models 
experienced a performance drop in the testing phase compared to the training phase. Since the actual number of input 
and output variables for all models was 1, the values for AR² and R² are identical.

The proposed ST-DAN model demonstrated significant advantages across all four metrics: MAE, MSE, RMSE, and R². 
Its MAE was 0.0386, representing a 29.3% reduction compared to the relatively well-performing ST-LSTM model; MSE 
was 0.0262, a reduction of 54.9%; RMSE was 0.1619, a reduction of 32.9%; and R² was 0.9996, an improvement of 0.4%. 
These results indicate that the ST-DAN model better captures the underlying trends of the real data, and the corrected 
data possesses higher reference value.

Figs 8 and 9 provide a visual comparison using bar charts of the training evaluation, from which it is evident that the 
proposed ST-DAN model demonstrated the best performance across all metrics during the training phase.

Table 4.  Comparison of the performance of eight models in comparative experiments on the ERA5 dataset.

Model MAE MSE RMSE R2 AR2

ARIMA 0.0683 0.1185 0.3442 0.9893 0.9893

RNN-train 0.0312 0.0668 0.2585 0.9878 0.9878

RNN-test 0.0581 0.1011 0.3176 0.8936 0.8936

Bi-GRU-train 0.0398 0.0726 0.2694 0.9911 0.9911

Bi-GRU-test 0.0576 0.0987 0.3142 0.9579 0.9579

Bi-LSTM-train 0.0431 0.0712 0.2668 0.9915 0.9915

Bi-LSTM-test 0.0564 0.0947 0.3077 0.9436 0.9436

ST-LSTM-train 0.0938 0.0703 0.2651 0.9928 0.9928

ST-LSTM-test 0.0538 0.0581 0.2410 0.9947 0.9947

Informer-train 0.0257 0.1093 0.3306 0.9785 0.9785

Informer-test 0.0514 0.1506 0.3881 0.9217 0.9217

Autoformer-train 0.0395 0.0597 0.2443 0.9926 0.9926

Autoformer-test 0.0543 0.1174 0.3426 0.9763 0.9763

ST-DAN-train 0.0243 0.0247 0.1571 0.9973 0.9973

ST-DAN-test 0.0386 0.0262 0.1619 0.9996 0.9996

https://doi.org/10.1371/journal.pone.0343310.t004

https://doi.org/10.1371/journal.pone.0343310.t004
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Figs 10 and 11 present intuitive comparative bar charts for the testing evaluation across various metrics. Compared to 
the training phase, all models exhibited a decline in their metrics to varying degrees; however, the ST-DAN model pro-
posed in this paper still demonstrated the best performance during the testing process.

In the wind speed prediction experiment using buoy-measured data, a comparative analysis was conducted involving 
Bi-GRU, Bi-LSTM, Transformer, Informer, Autoformer, and the ST-DAN model. The experimental results for both the train-
ing and testing phases are presented in Table 5.

Compared to the experimental results on the ERA5 dataset (Table 4), in the context of buoy-measured data, the 
actual data exhibit stronger nonlinear fluctuation characteristics due to the complex and variable marine observation 

Fig 8.  Comparison of MAE, MSE, and RMASE during the Temperature Prediction Training Stage of Eight Models.

https://doi.org/10.1371/journal.pone.0343310.g008

Fig 9.  Comparison of R2 and AR2 during the Temperature Prediction Training Stage of Eight Models.

https://doi.org/10.1371/journal.pone.0343310.g009

https://doi.org/10.1371/journal.pone.0343310.g008
https://doi.org/10.1371/journal.pone.0343310.g009
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environment. The inclusion of such fluctuating data in the training set led to a certain degree of decline in the over-
all prediction accuracy of all models. Nevertheless, the proposed ST-DAN model still maintained a high level of 
performance.

Among the compared models in the testing phase, the Transformer model demonstrated relatively good performance, 
with MAE, MSE, RMSE, R², and AR² values of 0.1543, 0.1697, 0.4119, 0.9028, and 0.9028, respectively. However, com-
pared to Transformer, the ST-DAN model showed significant advantages across all metrics: an MAE of 0.0833, a reduc-
tion of 46.0%; an MSE of 0.1036, a reduction of 38.9%; an RMSE of 0.3218, a reduction of 21.9%; and an R² of 0.9732, 
an improvement of 7.2%.

Fig 10.  Comparison of MAE, MSE, and RMASE during the Temperature Prediction Testing Stage of Eight Models.

https://doi.org/10.1371/journal.pone.0343310.g010

Fig 11.  Comparison of R2 and AR2 during the Temperature Prediction Testing Stage of Eight Models.

https://doi.org/10.1371/journal.pone.0343310.g011

https://doi.org/10.1371/journal.pone.0343310.g010
https://doi.org/10.1371/journal.pone.0343310.g011
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It is noteworthy that, since the number of input and output variables was one for all models, the values of the adjusted 
coefficient of determination (AR²) and the coefficient of determination (R²) are identical. The experimental results vali-
date the significant advantages of the ST-DAN model in wind speed prediction tasks under complex real-world marine 
environments.

Figs 12 and 13 present intuitive comparative bar charts of the evaluation data for each model during the training phase. 
Due to the presence of some latent outliers in the training set, the performance of all models declined to some extent; 
however, the proposed ST-DAN still remained optimal.

As shown in Figs 14 and 15, during the testing phase of wind speed prediction, the ST-DAN model exhibited only a 
minor performance difference compared to its training phase, indicating excellent generalization capability. Meanwhile, the 

Table 5.  Comparison of the performance of six models in comparative experiments on the buoy data.

Model MAE MSE RMSE R2 AR2

Bi-GRU-train 0.1635 0.1051 0.3242 0.8995 0.8995

Bi-GRU-test 0.1791 0.1968 0.4436 0.8646 0.8646

Bi-LSTM-train 0.1313 0.1053 0.3246 0.8854 0.8854

Bi-LSTM-test 0.1695 0.1711 0.4136 0.8994 0.8994

Transformer-train 0.0829 0.1044 0.3231 0.9355 0.9355

Transformer-test 0.1543 0.1697 0.4119 0.9028 0.9028

Informer-train 0.0549 0.1655 0.4068 0.9035 0.9035

Informer-test 0.1895 0.2143 0.4629 0.8745 0.8745

Autoformer-train 0.0769 0.0873 0.2954 0.9247 0.9247

Autoformer-test 0.1879 0.1881 0.4337 0.8987 0.8987

ST-DAN-train 0.0542 0.0813 0.2851 0.9987 0.9987

ST-DAN-test 0.0833 0.1036 0.3218 0.9732 0.9732

https://doi.org/10.1371/journal.pone.0343310.t005

Fig 12.  Comparison of MAE, MSE, and RMASE during the Wind Speed Prediction Training Stage of Six Models.

https://doi.org/10.1371/journal.pone.0343310.g012

https://doi.org/10.1371/journal.pone.0343310.t005
https://doi.org/10.1371/journal.pone.0343310.g012
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model maintained its superior performance over all other compared models. These results collectively demonstrate that 
ST-DAN possesses reliable data restoration capability and strong robustness when handling complex meteorological data.

4.3.  Visual analysis of data repair results

This study selects the relatively well-performing Transformer model and the ST-DAN model for comparative analysis of 
their effectiveness in temperature data restoration. The results before and after temperature data restoration are shown in 
Figs 16 and 17, where the solid blue line represents the true values, the red dashed line represents the predicted values, 
red circles indicate missing values, and black dots mark anomalies.

Fig 13.  Comparison of R2 and AR2 during the Temperature Prediction Training Stage of Six Models.

https://doi.org/10.1371/journal.pone.0343310.g013

Fig 14.  Comparison of MAE, MSE, and RMASE during the Wind Speed Prediction Testing Stage of Six Models.

https://doi.org/10.1371/journal.pone.0343310.g014

https://doi.org/10.1371/journal.pone.0343310.g013
https://doi.org/10.1371/journal.pone.0343310.g014
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In Figs 16 and 17, the red and green boxes mark two regions with significant differences, whose enlarged local details 
are shown in Figs 18 and 19, respectively, covering a total of seven data points requiring restoration. Based on the dis-
crepancy between the restored data (represented by the red dashed line) and the true data (represented by the solid blue 

Fig 15.  Comparison of R2 and AR2 during the Temperature Prediction Testing Stage of Six Models.

https://doi.org/10.1371/journal.pone.0343310.g015

Fig 16.  The effect of temperature data repair based on Transformer.

https://doi.org/10.1371/journal.pone.0343310.g016

https://doi.org/10.1371/journal.pone.0343310.g015
https://doi.org/10.1371/journal.pone.0343310.g016
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line), it can be concluded that the data restored by ST-DAN almost perfectly align with the true values, with no predicted 
values deviating from the underlying trend.

In Figs 16 and 17, the red and green boxes mark two regions with significant differences, whose enlarged local details 
are shown in Figs 18 and 19, respectively, covering a total of seven data points requiring restoration. Based on the dis-
crepancy between the restored data (represented by the red dashed line) and the true data (represented by the solid blue 
line), it can be concluded that the data restored by ST-DAN almost perfectly align with the true values, with no predicted 
values deviating from the underlying trend (Table 6).

The results of the wind speed data before and after restoration are shown in Figs 20 and 21. Similarly, the solid blue 
line represents the ground truth values, the red dashed line denotes the predicted values, and the red hollow circles 
indicate missing values. Due to the presence of genuine anomalies in the measured data, the training set contained some 
anomalous samples, leading to a certain decline in overall prediction quality.

The results of the wind speed data before and after restoration are shown in Figs 20 and 21. Similarly, the solid blue 
line represents the ground truth values, the red dashed line denotes the predicted values, and the red hollow circles 
indicate missing values. Due to the presence of genuine anomalies in the measured data, the training set contained some 
anomalous samples, leading to a certain decline in overall prediction quality (Figs 22 and 23).

The ground truth values at these locations, along with the restoration results from the Transformer model and the 
ST-DAN model, are detailed in Table 7. The results demonstrate that despite interference from anomalous data, ST-DAN 
effectively captures the underlying variation trends of the data, exhibiting a favorable goodness of fit. This further validates 
the strong robustness of the proposed model.

4.4.  Analysis of computational complexity

The variables in the computational complexity analysis are defined as follows: B represents the batch size, L denotes 
the length of the input sequence, H signifies the dimension of the hidden layer, n stands for the number of Transformer 

Fig 17.  The effect of temperature data repair based on ST-DAN.

https://doi.org/10.1371/journal.pone.0343310.g017

https://doi.org/10.1371/journal.pone.0343310.g017
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layers, and C indicates the number of meteorological features. For time complexity, in the data preprocessing stage, time 
features are added to n pieces of data and standardized, with a time complexity of O (n). In the model computation part, 
the spatial encoding link involves processing the physical relationships and mask matrix calculations of 5-dimensional 
meteorological symbols, with a time complexity of c; in the temporal encoding link, the time complexity of the multi-layer 
Transformer encoder and its included multi-head attention mechanism is O

(
n× B× L2

)
, while the feature fusion layer 

involves two linear transformation operations, with a time complexity of O
(
B× L×H2

)
. Therefore, the total time complex-

ity is O
(
n × B × L2 +B× L×H2

)
.

Regarding spatial complexity, in the temporal encoding link, it is primarily related to the number of Transformer 
layers, denoted as n, and is expressed as O

(
n× H2

)
. In the spatial encoding link, the spatial complexity is mainly 

determined by the physical relationship matrix and is expressed as O
(
H2

)
. The remaining part involves the feature 

fusion layer, with spatial complexities of O (C× H) respectively. Therefore, the total spatial complexity is expressed as 

O
(
n × H2 + B× L× H

)
.

4.5.  Robustness analysis

The ST-DAN model described in this paper leverages advanced concepts of spatio-temporal feature fusion and multi-
head self-attention algorithms. It capitalizes on the technical advantages of its dual link architecture to establish a physical 
constraint mechanism suitable for complex anomaly scenarios in meteorological data repair, demonstrating strong robust-
ness. The spatial link models the physical relationships between meteorological variables, while the temporal link captures 
the evolutionary patterns of target variables. This decoupled design prevents the cross-contamination of spatio-temporal 
features, ensuring that when one feature link is compromised by anomalies, the other can maintain baseline predictive 

Fig 18.  Comparison of temperature data repair effects in the green area of Figs 16 and 17 (left: Transformer, right: ST-DAN).

https://doi.org/10.1371/journal.pone.0343310.g018

https://doi.org/10.1371/journal.pone.0343310.g018
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capability. Furthermore, by utilizing a physical constraint matrix based on learnable relationships derived from meteorolog-
ical priors, the model is compelled to adhere to fundamental physical laws, thereby avoiding repaired results that contra-
dict physical principles.

On the other hand, this paper adopts an unsupervised learning training scheme, using the training set of the EAR5 
numerical model for training and prediction. ST-DAN achieved high performance metrics, with MAE of 0.038, MSE of 
0.0262, and RMSE of 0.1617. When subsequently trained using buoy observation data containing outliers, the ST-DAN 
model maintains high performance indicators, with MAE increasing by 30% to 0.0622, MSE increasing by 7.1% to 0.0487, 
and RMSE increasing by 3.7% to 0.2280. Although R2 slightly decreases, it remains above 99% (see Table 7 for details). 

Fig 19.  Comparison of temperature data repair effects in the red area of Figs 16 and 17 (left: Transformer, right: ST-DAN).

https://doi.org/10.1371/journal.pone.0343310.g019

Table 6.  Comparison of specific temperature repaired values and truth (°C).

Index Time ST-DAN
repaired values (°C)

Transformer
repaired values (°C)

Outlier (°C) Ground Truth (°C)

1 2024.12.22 6:00 3.9 4.1 4.2 3.9

2 2024.12.22 8:00 3.5 4.2 Nan 3.5

3 2024.12.22 9:00 2.6 4.1 Nan 2.4

4 2024.12.22 10:00 1.6 4.1 Nan 1.4

5 2024.12.28 8:00 4.3 4.7 Nan 4.3

6 2024.12.28 9:00 3.5 4.6 Nan 3.5

7 2024.12.28 10:00 2.6 4.7 Nan 2.7

https://doi.org/10.1371/journal.pone.0343310.t006

https://doi.org/10.1371/journal.pone.0343310.g019
https://doi.org/10.1371/journal.pone.0343310.t006
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Fig 20.  The effect of wind speed data repair based on the Transformer model.

https://doi.org/10.1371/journal.pone.0343310.g020

Fig 21.  The effect of wind speed data repair based on the ST-DAN model.

https://doi.org/10.1371/journal.pone.0343310.g021

https://doi.org/10.1371/journal.pone.0343310.g020
https://doi.org/10.1371/journal.pone.0343310.g021
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Additionally, the data repair results for both EAR5 numerical model data and buoy observation data do not violate the data 
variation trend. these experimental results collectively demonstrate the model’s strong robustness.

5.  Conclusion

The Spatio-Temporal Dual Attention Network (ST-DAN) proposed in this study integrates a Transformer encoder with 
an improved Graph Attention Network (GAT) to construct a dual-link reasoning architecture, effectively addressing the 
task of missing value imputation and outlier correction in buoy meteorological data. The temporal link employs the global 
self-attention mechanism of the Transformer encoder to accurately capture long-term temporal dependencies of individ-
ual elements, while the spatial link enhances the physical correlation between meteorological elements and dynamically 
optimizes weights by introducing a GAT model with a physically constrained adjacency matrix. The synergistic combi-
nation of the two significantly improves the accuracy and physical consistency of data repair. Experimental results show 
that ST-DAN performs excellently on both the ERA5 dataset and actual buoy data from Xiaomai Island in Qingdao, and 
demonstrates good robustness in continuous missing scenarios and noisy data, validating its effectiveness in meteorolog-
ical data repair tasks.

Nevertheless, the proposed model has certain limitations. The construction of the physical adjacency matrix relies on 
domain expertise, which limit its scalability; and the parallel computation of dual links results in slower training speed. 
Future research can be advanced in three aspects: first, exploring automated for generating constraint matrices by 
integrating data-driven approaches with physical rules to reduce dependence on expert knowledge; second, introducing 
sparse attention mechanisms and lightweight model design to optimize computational efficiency; third, extending the 
model to application such as multi-buoy collaborative data repair and high-frequency data imputation during extreme 

Fig 22.  Comparison of repaired wind speed data in the green area of Figs 20 and 21 (left: Transformer, right: ST-DAN).

https://doi.org/10.1371/journal.pone.0343310.g022

https://doi.org/10.1371/journal.pone.0343310.g022
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weather events. Incorporating additional meteorological physical equations could further enhance the model’s interpret-
ability and generalization capability, thereby providing more comprehensive technical support for the high-quality applica-
tion of marine meteorological observation data.
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Table 7.  Comparison of specific wind speed repaired values and truth.

Index Time ST-DAN repaired values (m/s) Transformer
repaired values (m/s)

Ground Truth (m/s)
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https://doi.org/10.1371/journal.pone.0343310.t007

https://doi.org/10.1371/journal.pone.0343310.g023
https://doi.org/10.1371/journal.pone.0343310.t007


PLOS One | https://doi.org/10.1371/journal.pone.0343310  February 18, 2026 28 / 30

Author contributions

Conceptualization: Miaomiao Song, Shizhe Chen, Xiao Fu, Shixuan Liu.

Data curation: Jiuzhang Huang, Xiao Fu, Wenqing Li, Keke Zhang, Wei Hu.

Formal analysis: Miaomiao Song, Shizhe Chen, Wenqing Li.

Funding acquisition: Miaomiao Song, Xiao Fu, Shixuan Liu.

Investigation: Jiuzhang Huang, Shizhe Chen, Shixuan Liu, Keke Zhang.

Methodology: Miaomiao Song, Jiuzhang Huang, Shizhe Chen, Shixuan Liu, Keke Zhang.

Project administration: Shixuan Liu.

Resources: Xiao Fu, Shixuan Liu, Keke Zhang, Xingkui Yan.

Software: Jiuzhang Huang, Wenqing Li, Xingkui Yan.

Supervision: Miaomiao Song.

Validation: Jiuzhang Huang, Wei Hu, Xingkui Yan.

Visualization: Jiuzhang Huang, Wenqing Li, Wei Hu, Xingkui Yan.

Writing – original draft: Jiuzhang Huang.

Writing – review & editing: Miaomiao Song, Jiuzhang Huang.

References
	 1.	 Ma Z, Han W, Zhao C, Zhang X, Yang Y, Wang H, et al. A case study of evaluating the GRAPES_Meso V5.0 forecasting performance utilizing 

observations from South China Sea Experiment 2020 of the “Petrel Project”. Atmospheric Research. 2022;280:106437. https://doi.org/10.1016/j.
atmosres.2022.106437

	 2.	 Zheng S, Chen Y, Huang X-Y, Chen M, Chen X, Huang J. Ensemble-based diurnally varying background error covariances and their impact on 
short-term weather forecasting. Atmospheric and Oceanic Science Letters. 2022;15(6):100225. https://doi.org/10.1016/j.aosl.2022.100225

	 3.	 Zheng L, Li T, Liu D. Evaluation of sub-seasonal prediction skill for an extreme precipitation event in Henan province, China. Front Earth Sci. 
2023;11. https://doi.org/10.3389/feart.2023.1241202

	 4.	 Lai SK, Chan PW, He Y, Chen SS, Kerns BW, Su H, et al. Real-Time Operational Trial of Atmosphere–Ocean–Wave Coupled Model for Selected 
Tropical Cyclones in 2024. Atmosphere. 2024;15(12):1509. https://doi.org/10.3390/atmos15121509

	 5.	 Yu Y-H, Gang Y-S, Lee W-B. Development of a Floating Buoy for Monitoring Ocean Environments. Journal of the Korean Society of Marine Engi-
neering. 2009;33(5):705–12. https://doi.org/10.5916/jkosme.2009.33.5.705

	 6.	 Kent EC, Kennedy JJ, Smith TM, Hirahara S, Huang B, Kaplan A, et al. A Call for New Approaches to Quantifying Biases in Observations of Sea 
Surface Temperature. Bulletin of the American Meteorological Society. 2017;98(8):1601–16. https://doi.org/10.1175/bams-d-15-00251.1

	 7.	 Okafor N, Ingle R, Saunders M, Delaney D. Assessing and Improving the Quality of IoT Sensor Data in Environmental Monitoring Networks: A 
Focus on Peatlands. In: Authorea Preprints, 2024.

	 8.	 Huang J-X, Li Q-S, Han X-L, He J-Y. Recovery of Long-Term Missing Wind Velocity Data for Structural Health Monitoring Based on Deep Learning 
and Meteorological Databases. J Struct Eng. 2025;151(6). https://doi.org/10.1061/jsendh.steng-14219

	 9.	 Topaloğlu F. Machine Learning-Based Approaches and Comparisons for Estimating Missing Meteorological Data and Determining the Optimum 
Data Set in Nuclear Energy Applications. IEEE Access. 2025;13:37019–34. https://doi.org/10.1109/access.2025.3545361

	10.	 Ramos‐Calzado P, Gómez‐Camacho J, Pérez‐Bernal F, Pita‐López MF. A novel approach to precipitation series completion in climatological data-
sets: application to Andalusia. Intl Journal of Climatology. 2008;28(11):1525–34. https://doi.org/10.1002/joc.1657

	11.	 Yozgatligil C, Aslan S, Iyigun C, Batmaz I. Comparison of missing value imputation methods in time series: the case of Turkish meteorological data. 
Theor Appl Climatol. 2012;112(1–2):143–67. https://doi.org/10.1007/s00704-012-0723-x

	12.	 Haile TT, Tian F, AlNemer G, Tian B. Multiscale Change Point Detection for Univariate Time Series Data with Missing Value. Mathematics. 
2024;12(20):3189. https://doi.org/10.3390/math12203189

	13.	 Lalic B, Stapleton A, Vergauwen T, Caluwaerts S, Eichelmann E, Roantree M. A comparative analysis of machine learning approaches to gap filling 
meteorological datasets. Environ Earth Sci. 2024;83(24). https://doi.org/10.1007/s12665-024-11982-8

	14.	 Shaikh ZM, Ramadass S. Unveiling deep learning powers: LSTM, BiLSTM, GRU, BiGRU, RNN comparison. IJEECS. 2024;35(1):263. https://doi.
org/10.11591/ijeecs.v35.i1.pp263-273

https://doi.org/10.1016/j.atmosres.2022.106437
https://doi.org/10.1016/j.atmosres.2022.106437
https://doi.org/10.1016/j.aosl.2022.100225
https://doi.org/10.3389/feart.2023.1241202
https://doi.org/10.3390/atmos15121509
https://doi.org/10.5916/jkosme.2009.33.5.705
https://doi.org/10.1175/bams-d-15-00251.1
https://doi.org/10.1061/jsendh.steng-14219
https://doi.org/10.1109/access.2025.3545361
https://doi.org/10.1002/joc.1657
https://doi.org/10.1007/s00704-012-0723-x
https://doi.org/10.3390/math12203189
https://doi.org/10.1007/s12665-024-11982-8
https://doi.org/10.11591/ijeecs.v35.i1.pp263-273
https://doi.org/10.11591/ijeecs.v35.i1.pp263-273


PLOS One | https://doi.org/10.1371/journal.pone.0343310  February 18, 2026 29 / 30

	15.	 Subha J, Saudia S. Precipitation forecast using RNN variants by analyzing Optimizers and Hyperparameters for Time-series based Climatological 
Data. Int j electr comput eng syst (Online). 2024;15(3):261–74. https://doi.org/10.32985/ijeces.15.3.5

	16.	 Ng YN, Lim HY, Cham YC, Abu Bakar MA, Mohd Ariff N. Comparison Between LSTM, GRU and VARIMA in Forecasting of Air Quality Time Series 
Data. Mal J Fund Appl Sci. 2024;20(6):1248–60. https://doi.org/10.11113/mjfas.v20n6.3411

	17.	 Gao S, Huang Y, Zhang S, Han J, Wang G, Zhang M, et al. Short-term runoff prediction with GRU and LSTM networks without requiring time step 
optimization during sample generation. Journal of Hydrology. 2020;589:125188. https://doi.org/10.1016/j.jhydrol.2020.125188

	18.	 Wang J, Li X, Li J, Sun Q, Wang H. NGCU: A New RNN Model for Time-Series Data Prediction. Big Data Research. 2022;27:100296. https://doi.
org/10.1016/j.bdr.2021.100296

	19.	 Bengio Y, Simard P, Frasconi P. Learning long-term dependencies with gradient descent is difficult. IEEE Trans Neural Netw. 1994;5(2):157–66. 
https://doi.org/10.1109/72.279181 PMID: 18267787

	20.	 Niu Z, Zhong G, Yue G, Wang L-N, Yu H, Ling X, et al. Recurrent attention unit: A new gated recurrent unit for long-term memory of important parts 
in sequential data. Neurocomputing. 2023;517:1–9. https://doi.org/10.1016/j.neucom.2022.10.050

	21.	 Safwan Mahmood Al-Selwi, Mohd Fadzil Hassan, Said Jadid Abdulkadir, Amgad Muneer. LSTM Inefficiency in Long-Term Dependencies Regres-
sion Problems. ARASET. 2023;30(3):16–31. https://doi.org/10.37934/araset.30.3.1631

	22.	 Pei W, Feng X, Fu C, Cao Q, Lu G, Tai Y-W. Learning Sequence Representations by Non-local Recurrent Neural Memory (Version 1). In: arXiv, 
2022. https://doi.org/10.48550/ARXIV.2207.09710

	23.	 Chandar S, Sankar C, Vorontsov E, Kahou SE, Bengio Y. Towards non-saturating recurrent units for modelling long-term dependencies. In: 2019. 
https://doi.org/10.48550/ARXIV.1902.06704

	24.	 Wu N, Green B, Ben X, O’Banion S. Deep Transformer Models for Time Series Forecasting: The Influenza Prevalence Case. In: arXiv, 2020. 
https://doi.org/10.48550/ARXIV.2001.08317

	25.	 Li S, Jin X, Xuan Y, Zhou X, Chen W, Wang YX, et al. Enhancing the Locality and Breaking the Memory Bottleneck of Transformer on Time Series 
Forecasting. arXiv. 2019. https://doi.org/10.48550/ARXIV.1907.00235

	26.	 Zhou H, Li J, Zhang S, Zhang S, Yan M, Xiong H. Expanding the prediction capacity in long sequence time-series forecasting. Artificial Intelligence. 
2023;318:103886. https://doi.org/10.1016/j.artint.2023.103886

	27.	 Wu H, Xu J, Wang J, Long M. Autoformer: Decomposition Transformers with Auto-Correlation for Long-Term Series Forecasting. arXiv. 2021. 
https://doi.org/10.48550/ARXIV.2106.13008

	28.	 Cui Y, Li Z, Wang Y, Dong D, Gu C, Lou X, et al. Informer model with season-aware block for efficient long-term power time series forecasting. 
Computers and Electrical Engineering. 2024;119:109492. https://doi.org/10.1016/j.compeleceng.2024.109492

	29.	 Yang C, Shu Z. Long-term rolling prediction of transformer power load capacity based on the informer model. J Phys: Conf Ser. 
2024;2782(1):012023. https://doi.org/10.1088/1742-6596/2782/1/012023

	30.	 Yu Y, Zhao S, Han L, Peng L, Xu Y, Tian Q, et al. Cycleift: A deep transfer learning model based on informer with cycle fine-tuning for water quality 
prediction. Stoch Environ Res Risk Assess. 2025;39(7):2873–85. https://doi.org/10.1007/s00477-025-02997-z

	31.	 Cao D, Zhang S. AD-autoformer: decomposition transformers with attention distilling for long sequence time-series forecasting. J Supercomput. 
2024;80(14):21128–48. https://doi.org/10.1007/s11227-024-06266-8

	32.	 Ahn JY, Kim Y, Park H, Park SH, Suh HK. Evaluating Time-Series Prediction of Temperature, Relative Humidity, and CO2 in the Greenhouse with 
Transformer-Based and RNN-Based Models. Agronomy. 2024;14(3):417. https://doi.org/10.3390/agronomy14030417

	33.	 Yu D, Yang B, Liu D, Wang H, Pan S. A survey on neural-symbolic learning systems. Neural Networks. 2023;166:105–26. https://doi.org/10.1016/j.
neunet.2023.06.028

	34.	 Li K, Lu G, Luo G, Cai Z. Seed-free Graph De-anonymiztiation with Adversarial Learning. In: Proceedings of the 29th ACM International Confer-
ence on Information & Knowledge Management, 2020. 745–54. https://doi.org/10.1145/3340531.3411970

	35.	 Lu B, Gan X, Jin H, Fu L, Wang X, Zhang H. Make More Connections: Urban Traffic Flow Forecasting with Spatiotemporal Adaptive Gated Graph 
Convolution Network. ACM Trans Intell Syst Technol. 2022;13(2):1–25. https://doi.org/10.1145/3488902

	36.	 Ward IR, Joyner J, Lickfold C, Guo Y, Bennamoun M. A Practical Tutorial on Graph Neural Networks. ACM Comput Surv. 2022;54(10s):1–35. 
https://doi.org/10.1145/3503043

	37.	 Ahmed A, Sun G, Bilal A, Li Y, Ebad SA. Precision and efficiency in skin cancer segmentation through a dual encoder deep learning model. Sci 
Rep. 2025;15(1):4815. https://doi.org/10.1038/s41598-025-88753-3 PMID: 39924555

	38.	 Ji A, Xie Y, Fan H, Xue X, Zhang M. Dual-attention deep learning model for real-time advance rate prediction in TBM operations. Automation in 
Construction. 2025;175:106210. https://doi.org/10.1016/j.autcon.2025.106210

	39.	 Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, et al. Attention Is All You Need. arXiv. 2017. https://doi.org/10.48550/
ARXIV.1706.03762

	40.	 Peng D, Zhang Y. MA-GCN: A Memory Augmented Graph Convolutional Network for traffic prediction. Engineering Applications of Artificial Intelli-
gence. 2023;121:106046. https://doi.org/10.1016/j.engappai.2023.106046

https://doi.org/10.32985/ijeces.15.3.5
https://doi.org/10.11113/mjfas.v20n6.3411
https://doi.org/10.1016/j.jhydrol.2020.125188
https://doi.org/10.1016/j.bdr.2021.100296
https://doi.org/10.1016/j.bdr.2021.100296
https://doi.org/10.1109/72.279181
http://www.ncbi.nlm.nih.gov/pubmed/18267787
https://doi.org/10.1016/j.neucom.2022.10.050
https://doi.org/10.37934/araset.30.3.1631
https://doi.org/10.48550/ARXIV.2207.09710
https://doi.org/10.48550/ARXIV.1902.06704
https://doi.org/10.48550/ARXIV.2001.08317
https://doi.org/10.48550/ARXIV.1907.00235
https://doi.org/10.1016/j.artint.2023.103886
https://doi.org/10.48550/ARXIV.2106.13008
https://doi.org/10.1016/j.compeleceng.2024.109492
https://doi.org/10.1088/1742-6596/2782/1/012023
https://doi.org/10.1007/s00477-025-02997-z
https://doi.org/10.1007/s11227-024-06266-8
https://doi.org/10.3390/agronomy14030417
https://doi.org/10.1016/j.neunet.2023.06.028
https://doi.org/10.1016/j.neunet.2023.06.028
https://doi.org/10.1145/3340531.3411970
https://doi.org/10.1145/3488902
https://doi.org/10.1145/3503043
https://doi.org/10.1038/s41598-025-88753-3
http://www.ncbi.nlm.nih.gov/pubmed/39924555
https://doi.org/10.1016/j.autcon.2025.106210
https://doi.org/10.48550/ARXIV.1706.03762
https://doi.org/10.48550/ARXIV.1706.03762
https://doi.org/10.1016/j.engappai.2023.106046


PLOS One | https://doi.org/10.1371/journal.pone.0343310  February 18, 2026 30 / 30

	41.	 Xia H, Chen X, Wang Z, Chen X, Dong F. A Multi-Modal Deep-Learning Air Quality Prediction Method Based on Multi-Station Time-Series Data and 
Remote-Sensing Images: Case Study of Beijing and Tianjin. Entropy (Basel). 2024;26(1):0. https://doi.org/10.3390/e26010091 PMID: 38275499

	42.	 Feng Z, Shen J, Zhou Q, Hu X, Yong B. Hierarchical gated pooling and progressive feature fusion for short-term PV power forecasting. Renewable 
Energy. 2025;247:122929. https://doi.org/10.1016/j.renene.2025.122929

	43.	 Shen N, Wang J, Wang X, Ma J, Wu S. PLSTM-MTGF: A deep learning fusion model enabling real-time multi-target monitoring of penicillin fer-
mentation via near-infrared spectroscopy. Spectrochim Acta A Mol Biomol Spectrosc. 2026;349:127358. https://doi.org/10.1016/j.saa.2025.127358 
PMID: 41406794

	44.	 Chen H. Deep Transfer Recommendation Model with Spatio-Temporal Enhancement and Adaptive Gating Fusion. In: 2025 8th International Con-
ference on Advanced Algorithms and Control Engineering (ICAACE), 2025. 2014–7. https://doi.org/10.1109/icaace65325.2025.11019110

	45.	 Moradi R, Berangi R, Minaei B. A survey of regularization strategies for deep models. Artif Intell Rev. 2019;53(6):3947–86. https://doi.org/10.1007/
s10462-019-09784-7

https://doi.org/10.3390/e26010091
http://www.ncbi.nlm.nih.gov/pubmed/38275499
https://doi.org/10.1016/j.renene.2025.122929
https://doi.org/10.1016/j.saa.2025.127358
http://www.ncbi.nlm.nih.gov/pubmed/41406794
https://doi.org/10.1109/icaace65325.2025.11019110
https://doi.org/10.1007/s10462-019-09784-7
https://doi.org/10.1007/s10462-019-09784-7

