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ABSTRACT

Short-term predictions of regional wind waves are crucial for coastal and ocean engineering. In this study, we introduce a novel Swin-
Transformer-based model, named ST-RWP (Swin Transformer for Regional Wave Prediction), designed to leverage the spatiotemporal rela-
tionships of wind velocities and significant wave heights. The model considers inductive bias to capture both local and global dependencies
via Convolution and Swin Transformer layers, enabling accurate short-term wave field predictions on unseen data. A rolled-out prediction
scheme is employed to extend the forecast horizon efficiently. Trained on the reanalysis dataset offered by European Center for Medium-
Range Weather Forecasts, ST-RWP demonstrates excellent performance in predicting wave fields with lead times of 6 and 12 h. However, the
model’s accuracy degrades when the lead time exceeds 24 h, primarily due to the limited spatial information available at boundary nodes and
the low autocorrelation value for such large time span. The dataset exhibits strong spatial and temporal correlations, which are key to the
model’s success. Our findings indicate that ST-RWP offers an efficient tool for real-time wave field nowcasting, representing a significant
advancement in the application of Transformer-based deep neural networks to wave prediction.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0256654

I. INTRODUCTION

Prediction of short-term wave fields has garnered significant
attention within both coastal and offshore research communities.
Accurate forecasts of nearshore wave fields are indispensable in early-
warning system for storm surge (Naeini and Snaiki, 2024a; Luo et al.,
2022), tsunami (Wang et al., 2023), wave runup, and coastal inunda-
tion (Naeini and Snaiki, 2024b). They also play a vital role in coastal
wetland restoration (Liu et al., 2021a), harbor (Zanuttigh et al., 2013),
and port (Zheng et al., 2020) structure health management. In offshore
engineering, reliable wave field prediction favors ship autopilot (Lou
et al., 2021), wave energy forecasting (Bento et al., 2021; Yang et al.,
2021), remotely operated-vehicle (Law et al., 2020), among other appli-
cations. Notably, accurate short-term wave field predictions, such as
those with a 12-h lead time, are crucial for simulating marine pollution
processes (Daliri et al., 2025). Thus, there is a need for wave prediction
models that are both accurate and computationally efficient.

Over the past several decades, extensive research has been
devoted to simulating wave fields through numerical models. These
models can generally be categorized into two types, i.e., phase-

resolving and phase-averaged models. A phase-resolving model (e.g.,
Peregrine, 1967; Liu, 1995; and Liu et al., 2018) solves for intra-wave
details using two-dimension horizontal frameworks. However, these
models are constrained by high computational costs when simulating
large-scale wave fields. On the other hand, phase-averaged models,
solving the spectral action balance equation, are widely utilized for
simulating wave fields at oceanic scales, e.g., the WAM (WAve Model)
developed by Hasselmann et al. (1988). Follow them, the SWAN
(SimulatingWaves Nearshore, Booij et al., 1999) model, by incorporat-
ing implicit schemes and additional physical processes relevant to shal-
low water, is particularly suited for calculating nearshore wave fields.
Similarly, the WW3 (WAVEWATCH III) model (e.g., Mentaschi
et al., 2015) is designed with a broader applicability, enabling its use
across a wider coastal or oceanic range.

Despite the success in numerical models for wave field simula-
tion, challenges remain in achieving real-time forecasting (e.g., James
et al., 2018). For example, both pre- and post-processing often require
professional intervention, and their high computational costs constrain
their applicability in hindcasting. To this end, Machine Learning
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(called ML hereafter) models gain popularity in wave field forecasting
(e.g., Roome et al., 2024).

In most data-driven studies, the data used to train ML-based
wave models may be classified into three types: (i) measured wave con-
ditions from buoys, (ii) simulated wave data using the aforementioned
numerical models, and (iii) regional-scale reanalysis datasets (e.g.,
ERA5). Various strategies have been proposed to fully exploit these
datasets.

To forecast wave conditions at buoy stations, Ellenson et al.
(2020), followed by Wang et al. (2022), integrated bagged regression
trees with physics-based wave models (WW3 and SWAN, respec-
tively) to predict waves conditions. James et al. (2018) successfully
applied a multi-layer perceptron for estimating significant wave height
(Hs), and a support vector machine to classify characteristic wave peri-
ods (T). Yet, these approaches do not account for temporal dynamics,
which are typically modeled using Recurrent Neural Networks
(RNNs). For instance, Minuzzi and Farina (2023) and Fan et al. (2020)
adopted a Long Short-Term Memory (LSTM) model to predict Hs

across various lead times with impressive accuracy, while Luo et al.
(2022) successfully implemented a bidirectional LSTM with attention
mechanism to predict Hs in hurricane area of the Atlantic Ocean. Li
et al. (2022) applied a Gate Recurrent Unit (GRU) model to simulate
Hs and incorporated multivariate time series to enhance predictive
accuracy. Hao et al. (2022) integrated the empirical mode decomposi-
tion method with LSTM to favor the prediction of non-stationary time
series of waves.

ML-based models excel at predicting wave conditions at single or
a limited number of buoy stations, whereas their efficiency diminishes
when applied to multiple locations. To solve this issue, more advanced
deep-learning models have been studied, leveraging spatiotemporal
information to enhance predictive performance. Naeini and Snaiki
(2024a) proposed a hybrid neural network to predict storm surge and
waves by combining a deep autoencoder, designed to handle high-
dimensional spatial systems, and a deep neural network for encoding
storm parameters, wherein a good model performance was achieved.
As the number of spatial points further increases, Convolutional
Neural Networks (CNNs), using a few trainable kernels to quantify
relationship among adjacent nodes, become more efficient.
Consequently, Guan (2020), Huang et al. (2022), and Bai et al. (2022)
successfully integrated CNN for capturing spatial relationships with
LSTM for modeling temporal dynamics. Noticeably, the applicability
of CNNs is limited to structured data. Therefore, Feng and Xu (2024)
also combined graph convolution neural network and GRU to simu-
lateHs at unevenly distributed stations.

Beyond the CNN-RNN framework, Transformer-based models
(e.g., Vaswani et al., 2017) have gained unprecedented attention due to
their remarkable success in nature language processing. Recently, Bi
et al. (2023) successfully applied a three-dimensional transformer for
medium-range global weather forecasting, highlighting its potential in
metocean area. Liu et al. (2023) pioneered the application of a Vision
Transformer (ViT) model in wave forecasting, which extracts spatio-
temporal information from wind fields over preceding 6 h to recon-
struct the wave field for the subsequent hour. ViT shows its superiority
over CNN-based Regional Wave Prediction (RWP) models, which is
not surprising as the multi-head self-attention (MSA) mechanism in
transformer models efficiently captures global features across the entire
input field. Moreover, the MSA addresses temporal dynamics in a

parallel mode, which is more efficient than RNN. It is noteworthy that
the prediction horizon in Liu et al. (2023) is relatively short, being lim-
ited to 1-h lead time. Moreover, their wave field prediction exhibits
mesh-like error, which is a common issue encountered by vision trans-
formers (due to the up-sampling layer) in image-to-image learning
tasks. These relatively high errors may be exacerbated in long-term
wave field forecasting.

To address the above-mentioned issues and advance the
transformer-based RWP further, we implement a novel ST-RWP
model, which combines Swin Transformer and CNN to fully extract
spatiotemporal information of wind wave fields at different scales. It is
shown to be a promising tool for real-time wave field nowcasting. The
rest of the paper is arranged as follows: Sec. II provides an overview of
the dataset and study area. Details on data preparation for training,
validating, and testing of the ST-RWP model are also given. Section III
presents the details of the ST-RWPmodel and its training process. The
model’s performance is then evaluated in Sec. IV. Section V offers
some discussions on the inductive bias and hyperparameters, and
finally, Sec. VI draws the conclusions.

II. DATA DESCRIPTION

The ST-RWP model requires high-quality, sufficient data for
training. Therefore, we select the fifth generation European Center for
Medium-Range Weather Forecasts (ECMWFs) reanalysis (abbreviated
as ERA5) (Hersbach et al., 2020) dataset for training, validating, and
testing. The following section provides details on the dataset and data
preparation.

A. ERA5 dataset and study area

As the data-driven ST-RWP model presented in this study
requires a large dataset to learn potential spatiotemporal relationship
within wave fields, the ERA5 reanalysis dataset is adopted herein. It
integrates diverse observations with numerical simulations through
data assimilation to develop a high-quality, long-term metocean
dataset.

To validate the performance of the ST-RWP model, we utilize the
wave field data at the North Atlantic Ocean as a pilot site, which is
extracted from the ERA5 dataset. Figure 1 delineates the study area,

FIG. 1. A sketch of the study area at the North Atlantic Ocean. The spatial data
nodes (40� 40) are marked, and the node ID is assigned row-by-row.
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with the shaded blue region representing the 40� 40 spatial nodes of
interest. It ranges from 68� W to 58� W longitude and from 32� N to
42� N latitude, with a spatial resolution of 0:25�. The data nodes are
numbered for identification, with Node 1 located at the top-left corner.
At each data node, we consider the significant wave height (Hs) and two
wind velocity components (Uw, Vw) at 10m above the sea surface. For
the present analysis, we extracted the hourly data from 2017 to 2021.

B. Data preparation

The original 5-year dataset consists of sequential data of wave
and wind velocity fields, with each time step representing the two-
dimensional spatial distributions of variables across the target region.

When forecasting wave fields with neural network models, the goal
is to design an efficient architecture that robustly captures spatiotempo-
ral dynamics of the key variables for reliable predictions. To fully utilize
the dataset, these features should be seamlessly integrated and fused into
the model inputs. To this end, we posit that the last K time steps of the
two-dimensional Hs, Uw, and Vw fields are crucial for forecasting their
futureM time steps. The values of K andM should be carefully selected
based on autocorrelation analysis and model performance.

Consequently, a sliding window sampling strategy is imple-
mented on the original data, see the data preparation module in Fig. 2.
Starting from the first time step, the window extracts K consecutive
steps as input and M subsequent steps as output and then moves for-
ward with a stride of 1. Subsequently, the sampled data are partitioned
into training, validating, and testing datasets, wherein the initial four
years are used for training (80%) and validating (20%) the model,
while the final year is reserved for testing. This division ensures a
robust evaluation of the model’s performance on unseen data. For
instance, with K ¼ 6 andM ¼ 1, similar to Liu et al. (2023), we obtain
28 046 samples for training, 7012 samples for validating, and 8754
samples for testing.

III. METHODOLOGY

The proposed ST-RWP model exploits the strengths of convolu-
tional and Swin Transformer layers to predict short-term wave fields.
To better introduce the ST-RWP model, this section first highlights
the advantages of transformer-based neural networks, followed by a
detailed description of the ST-RWPmodel.

A. Extract spatiotemporal relationships of wave fields
using Transformer-based model

The Transformer architecture was initially introduced to capture
temporal dependencies in sequential data through a parallel-
processing mode (Vaswani et al., 2017). This is achieved via Multi-
head Self-Attention (MSA) mechanisms, where each head learns a
distinct set of attention weights, allowing the model to flexibly encode
various aspects of the sequence, e.g., local and long-range dependencies
or recurring patterns. Consequently, the Transformer has demon-
strated superior performance in handling sequential data, enabling effi-
cient and effective extraction of temporal dynamics in wave fields.

On the other hand, the spatial relationships within wave fields
can also be effectively extracted using the Vision Transformer (ViT)
architecture (Dosovitskiy, 2020). ViT segments input two-dimensional
fields into patches, encoding each as a vector. MSA then learns spatial
relationships among these patches according to those encoded vectors.
Yet, ViT is less effective for high-resolution two-dimensional fields. To

address this, the Swin Transformer (Liu et al., 2021b) introduced a
hierarchical shifted-window mechanism, capturing both local and
global features, making it particularly suited for high-resolution image
processing.

In this study, we integrate Swin Transformer with CNN modules
to effectively exploit spatiotemporal information from wind waves for
forecasting future wave fields. Details of the model will be provided in
the following section. Notably, a similar model architecture was suc-
cessfully applied to image restoration (see Liang et al., 2021), and our
model is inspired by it.

B. ST-RWPmodel for wave field prediction

The structure of the ST-RWP model is illustrated in Fig. 2. The
model takes K steps of wind and wave fields as inputs, which first pass
through a convolution layer designed to extract low-frequency infor-
mation, such as general contours and large-scale structures of wind
and wave fields,

I0 ¼ FConv1 UwðtK ; x; yÞ;VwðtK ; x; yÞ;HsðtK ; x; yÞ½ �; (1)

where I0 denotes low-frequency information and FConv1 indicates the
early convolution layer (see Fig. 2). Uw and Vw, andHs are wind veloc-
ities and significant wave height, respectively. tK denotes K-step inputs.
Such design follows the findings by Zeiler (2014) and Olah et al.
(2018), who demonstrated that early layers in convolution neural net-
works primarily capture low-frequency features. Subsequently, the
low-frequency features are directly passed to the last layer of the ST-
RWP model via residual connection (e.g., He et al., 2016), ensuring
that the large-scale structure in wind and wave fields is preserved.

Then, the processed data are passed through k2 layers of Residual
Swin Transformer (RST, shaded in blue) block, wherein k2 is selected
to be 4 through testing, i.e.,

Ii ¼ FRSTiðIi�1Þ; i ¼ 1;…; k2; (2)

where Ii represents the output from the i RST block. At the end of the
RST blocks, a convolution layer is added, i.e., ID ¼ FConv3ðI4Þ, with ID
being the features extracted by the RST blocks.

More specifically, each RST block consists of 2k1 ST blocks
(shaded in yellow in Fig. 2), which reads

Ii�1;j ¼ FSTi;jðIi�1;j�1Þ; j ¼ 1;…; 2k1; (3)

where Ii�1;j represents the extracted information by the ði� 1Þ RST
block and j ST block. In this study, we choose k1 ¼ 1 for simplicity.
Notably, a Swin Transformer block must be performed twice for win-
dow partition and shifted-window partition, with the later for resolving
cross-window relationships. Hence, the number of ST blocks is even,
i.e., 2k1. Next, a convolutional layer (Conv2) is added, and a residual
connection is utilized to generate results from the i RST block, i.e.,

Ii ¼ FConv2ðIi�1;2Þ þ Ii�1;0: (4)

It should be noted that Ii�1;0 is equivalent to Ii�1, which represents the
output from the ði� 1Þ RST block. As clarified by Liang et al. (2021),
a stack of ST blocks excels at extracting both global relationship and
high-frequency information, whereas the convolution layer can effec-
tively capture local relationship (i.e., taking advantage of the inductive
bias). This combination harnesses the strengths of both neural network
structures, which is believed to be beneficial for wave field forecasting.
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Additionally, the residual connections facilitate the aggregation of fea-
tures extracted across different layers.

Within each ST block, a Layer Normalization (LN) is applied to
enhance training stability. Afterward, MSA mechanisms are used to
extract spatiotemporal information from the input fields.

Finally, a residual connection and a convolution layer (Conv4)
are adopted to outputM-step wave fields, viz.,

Û wðtM ; x; yÞ; V̂ wðtM ; x; yÞ; Ĥ sðtM ; x; yÞ
� �

¼ FConv4 I0 þ IDð Þ; (5)

where tM denotes M-step wave fields, and Û w and V̂ w, and Ĥ s indi-
cate the predicted wind velocity and significant wave height by the ST-
RWP model, respectively. The key target is Ĥ s, while Û w and V̂ w are

indispensable for a “rolled-out” prediction, i.e., feeding the predicted
results as inputs to further forecast the future wave field, following
Lam et al. (2023).

C. Model training and evaluation

Given the above-mentioned model setup, the ST-RWP contains
416, 103 trainable parameters in total. We adopt a mean square-error
(MSE) loss function to train the model, i.e.,

L ¼ 1
MHW

XM

t¼1

XH

h¼1

XW

w¼1

X̂ðt; h;wÞ � Xðt; h;wÞ
� �2

; (6)

FIG. 2. An overview of data preparation, model structure, model training, and evaluation.
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where L denotes the loss function, H and W are the number of
nodes in x and y directions, respectively, which are both 40 in this
work. X̂ ¼ ½Û w; V̂ w; Ĥ s� and X are integrated tensors.

The training dataset is iterated for 500 times (i.e., epoch¼ 500),
which is sufficient for model convergence. The learning rate is chosen
to be 0.001, and the batch size is 128. A workstation with NVIDIA
GeForce RTX 4080 SUPER (16 GB of video memory) is employed to
conduct the training. For instance, given K ¼ 6 and M ¼ 1, it takes
around 10.8 h to finish the training process.

Afterward, the performance of the trained ST-RWP model is rig-
orously validated from multiple perspectives. For instance, the evalua-
tion encompasses key metrics such as the Mean-Absolute Percentage
Error (MAPE) and Root Mean Square Error (RMSE), which are com-
puted across all testing data samples. Furthermore, a careful analysis of
the error distributions at selected nodes is conducted to provide
insights into localized model behavior. Through these comprehensive
assessments, the overall performance and reliability of the ST-RWP
model are discussed.

Once trained, the model requires a limited amount of computa-
tional resources for inference and can be efficiently deployed on a stan-
dard laptop. The currently trained architecture occupies just 2.28 MB
of disk space. On a laptop equipped with an NVIDIA RTX 4060 GPU,
the model achieves a per-time step computation time of 0.09 s, while a
laptop without a GPU requires 0.63 s per time step. Consequently, a
full 12-h forecast can be completed in under 10 s using consumer-
grade hardware, demonstrating the model’s efficiency.

IV. RESULTS

Currently, the ST-RWP is a data-driven model that requires thor-
ough validation. Therefore, this section presents a detailed comparison
between model predictions and ground truth data, evaluating the mod-
el’s performance across different input steps (K) and output steps (M).

A. Rolled-out prediction of wave fields with 6-h
leading time

To flexibly utilize the ST-RWP model, a 1-hour rolled-out predic-
tion scheme is implemented. Initially, the model receives the past 6h of
wind wave field data (K ¼ 6) to forecast the subsequent 1-h wind wave
conditions (M ¼ 1). The predicted 1-h results are then concatenated
with the preceding 5h of the data to perform the next 1-h forecast. This
iterative process continues until a 6-h lead time is reached.

Notably, the key advantage of the rolled-out prediction approach is
that it requires only a single training procedure (with K ¼ 6, M ¼ 1),
which significantly reduces computational costs and enhances flexibility
in forecasting for any lead time (Lam et al., 2023). Figure 3 shows the
convergence of the training and validation loss functions as the number
of epoch increases. Before the 100th epoch, the MSE loss function for
both the training and validation datasets decreases rapidly and then
gradually diminishes to below 0.1. Although the loss function of the vali-
dation dataset exhibits some oscillations up to the 300th epoch, the over-
all trends of the training and validation losses converge closely. After the
320th epoch, the ST-RWPmodel is well-trained, as evidenced by the sta-
ble and converged loss functions for both train and validation dataset.
Finally, we selected the model trained at the 500th epoch.

To better visualize the model’s performance, Fig. 4 shows the root
mean square-error (RMSE) of significant wave height (Hs) for each
data sample in the test dataset across 1- to 6-h lead times (Wang et al.,

2012). As expected, the RMSE for most test samples increases with
lead time, indicating the typical accumulation of error in rolled-out
predictions. Such accumulated errors occur both in numerical and
deep-learning wave models, which may be mitigated through data
assimilation. In Fig. 4, the samples at the 95th and 5th percentiles of
RMSE errors are highlighted red and blue, respectively. The associated
wave field predictions are shown in Figs. 5 and 6.

In Fig. 5, the three columns depict the ground truth, ST-RWP
predictions, and percentage error defined as ðĤ s � HsÞ=Hs, respec-
tively. The significant wave height (Hs) peaks at approximately 11m in
the bottom-left region, possibly due to a storm event. The ST-RWP
model accurately captures the local maxima of Hs across all six time
steps. For lead times (abbreviated as LT hereafter) up to 4 h, the per-
centage error remains consistently below 10% across the entire
domain, suggesting an excellent model performance in predicting
wave distribution over the study area. For LT � 4h, 10% error of Hs

appears along the right boundary, which is expected given the absence
of Dirichlet boundary conditions in the current model. Future work

FIG. 3. Loss function for the training and validation datasets with varying epoch for
K ¼ 6 and M ¼ 1.

FIG. 4. RMSE of Hs predictions for samples in the testing dataset with 1–6 h lead
times (rolled-out prediction with K ¼ 6 and M ¼ 1). The red line and blue line rep-
resent the samples at the 95th and 5th percentiles of prediction errors, respectively.
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may incorporate boundary conditions into the ST-RWP model to
improve its predictive accuracy. In the present study, a 10% error in
Hs is considered acceptable. Meanwhile, it should be noted that this
particular sample exhibits a relatively high RMSE, as indicated in
Fig. 4. To further illustrate the model’s performance, we also present a
sample with a relatively low RMSE in Fig. 6.

In contrast to the high Hs in Fig. 5, Fig. 6 shows mild Hs, with a
maximum value of approximately 2:3m, which is typical for normal

daily conditions at the North Atlantic Ocean (Woolf et al., 2002). In
this case, the ST-RWP model exhibits high accuracy, with the percent-
age error consistently below 10% throughout the computational
domain and across all the six lead times. The predicted wave fields
closely align with the ground truth, particularly in capturing local
extremes of Hs at the left-bottom corner of the study area. Moreover,
the ST-RWPmodel accurately captures the evolution of wave fields over
6h, demonstrating its ability to learn temporal dynamics effectively.

FIG. 5. Ground truth, predictions, and per-
centage errors of Hs for sample 1462
(from 3:00 to 8:00 on March 3, 2021) in
the test set, referring to the red line in
Fig. 4, with lead times of 1–6 h.
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Consequently, the ST-RWP model is robust in predicting short-
term wave fields (up to a 6-h lead time) under both strong-wave and
mild-wave conditions.

B. Rolled-out prediction of wave fields for 12-h lead
times

In this section, we extend the rolled-out prediction to 12-h lead
times. Notably, no re-training of the ST-RWP model is required for
such extension.

As an overview of the model performance at the 12-h lead time,
Fig. 7 presents the Mean-Absolute-Percentage Error (MAPE) for all
samples in the test dataset, which reads

MAPEðh;wÞ ¼ 1
N

XN

i¼1

����
Ĥ iðh;wÞ � Hiðh;wÞ

Hiðh;wÞ
����; (7)

where N denotes 8749 samples in the test dataset. As shown in this fig-
ure, the right half of the computational domain exhibits a MAPE of

FIG. 6. Ground truth, predictions, and per-
centage errors of Hs for sample 7321
(from 6:00 to 11:00 on November 2, 2021)
in the test dataset, referring to the blue
line in Fig. 4, with lead times of 1–6 h.
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approximately 0.10, while the left section has a relatively higher MAPE
(< 0:2). Indeed, for the 12-h lead time prediction, the preceding 6h
inputs are all calculated values by the ST-RWP model. Such MAPE in
our 12-h lead time prediction is comparable to the MAPE reported in
Liu et al. (2023) for their 1-h lead time wave field prediction (cf. their
Fig. 10), suggesting the superiority of the ST-RWP model. Noticeably,
the percentage error in our 1-h lead time wave field prediction is
around 0.01, which is much smaller than that in Liu et al. (2023).

More interestingly, Fig. 7 does not exhibit significant mesh-like
errors, which were observed in Liu et al. (2023) due to the up-
sampling of latent feature maps in their deconvolution layer. In con-
trast, our ST-RWP model avoids compressing the feature fields into a
latent space, maintaining constant spatial dimensions (H and W)
throughout the CNN and Swin Transformer blocks. This approach is
crucial for the rolled-out wave field predictions, as the mesh-like errors
may be drastically developed and transported within the computa-
tional domain, leading to contaminated forecasting results.

Although the wind speeds (Uw and Vw) are not the primary focus
of this study, their predictive accuracy still influences the rolled-out
prediction strategy. Therefore, Fig. 8 illustrates the predicted Uw, Vw,
and Hs over a 12-h lead time for sample 1462 at node 821. Notably, a
relatively high Hs is observed during the initial 6 h. Both the errors in
the significant wave height and wind velocities increase gradually with
lead time. The relative errors in wind velocities are similar to those in
significant wave height (slightly higher), suggesting that the model per-
forms reasonably well in predicting both wind velocities and wave
height.

The model has demonstrated superior performance in predicting
short-term wave fields, specifically for 6-h and 12-h lead times. Several
recent studies using deep-learning models have also achieved signifi-
cant success in wave field prediction. This prompts an important ques-
tion: what makes such data-driven model effective? In the next section,
we will delve into the underlying mechanisms and discuss potential
reasons for its success.

C. The primary error sources in rolled-out prediction of
long-term wave fields

The long-term performance of the ST-RWP model is also of
interest. Predicting long-term wave fields presents substantial chal-
lenges even for numerical wave models, where data assimilation tech-
niques are usually adopted to reduce error accumulation (e.g., Long
and Thacker, 1989; Yoon et al., 2015; and Wang and Pan, 2021). A
thorough understanding of the ST-RWP model’s limitations not only
facilitates its practical application but also offers valuable guidance for
future enhancements.

For instance, Fig. 9 presents a model-data comparison of signifi-
cant wave height (Hs) at four selected lead times for each sample in the
testing dataset at Node 821. The Correlation Coefficients (CC) between
the predicted and observed Hs values, along with the associated Root
Mean Square Error (RMSE), are provided. The model demonstrates
excellent performance for the lead times of 6 and 12 h, with the major-
ity of the samples clustered around the line of perfect match, i.e., the
solid line in Figs. 10(a) and 10(b). For mild waves (Hs � 5m), the
model remains reasonably accurate at 18-h lead times, though it per-
forms less well for higher Hs values. This is expected, given that
extreme wave events (e.g., during storms) represent only a small frac-
tion of the training data. Afterward, the associated model inaccuracy
further increases for LT ¼ 24 h as shown in Fig. 10(d), suggesting that
the model becomes invalid for such long-term prediction. These results
highlight the need for event recognition methods in future works. For
instance, historical data for extreme events can be extracted from long
time-series datasets and resampled multiple times to ensure a balanced
representation between normal and extreme Hs conditions. Such strat-
egy may enhance the model’s ability to improve its accuracy in predict-
ing largeHs (e.g., Naeini and Snaiki, 2024a).

To further visualize the spatial distribution of errors across the
entire computational domain, Fig. 10 presents a typical example (sam-
ple 1411 from the testing dataset) of the percentage error in the pre-
dicted significant wave height (Hs). Some marginal errors in Hs

FIG. 7. MAPE of Hs predictions for samples in the testing dataset with 12-h lead
time.

FIG. 8. True and predicted Hs, Uw , and Vw values for sample 1462 (from 21:00 on
March 2, 2021, to 14:00 on March 3, 2021) at Node 821 (37� N, 63� W). The first
6 h of data are used as model input for the subsequent 12 h through rolled-out
prediction.
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(around 10%) originate from the top and right boundaries of the
domain at a lead time of 6 h, which are then enlarged to be 20% �
30% at LT ¼ 12 h. As the lead time further increases to 18 and 24h,
the prediction errors exceed 50% and propagate into the central region
of the domain. Therefore, it is plausible that the major source of error
is from the boundaries of the computational domain. To confirm it,
we select two nodes: one situated at the top boundary (Node 42) and
the other located at the center of the domain (Node 821, cf. Fig. 1).
The error distributions for the two nodes, based on all testing samples
at a 12-h lead time, are depicted in Figs. 11(a) and 11(b), respectively.
To quantify the errors, we fit a Gaussian distribution to the data. As
shown in the figure, the Node 42 has an absolute mean error 0.103,
more than twice that of Node 821 (0.047). Similarly, the standard devi-
ation (SD) of the errors is notably higher for Node 42. Hence, the
errors in the boundary Node 42 are, indeed, higher than in the central
Node 821.

An overview of the prediction error distribution at each node, for
all testing samples at a 1-h lead time, is presented in Fig. 12, wherein
both error percentiles and Mean-Absolute Error (MAE) are provided.
Given that node IDs are assigned row-by-row from the upper bound-
ary to the lower one (as shown in Fig. 1), a periodic pattern in the
prediction errors becomes rather evident. A zoom-in view of Nodes

761–840 reveals this periodicity more clearly. Node 761 is located at
the left boundary, while node 800 is at the right boundary. The predic-
tion error decreases from Node 761 to Node 790 but then increases
sharply as it approaches Node 800. This pattern repeats approximately
every 40 nodes, indicating a consistent cyclical behavior in the error
distribution.

In effect, the boundary nodes inherently have fewer neighboring
nodes compared to central nodes, which restricts the ability of CNNs
and Swin Transformer blocks to effectively leverage spatial informa-
tion when predicting Hs at these locations. This limitation underscores
the importance of incorporating boundary conditions in the design of
deep-learning-based RWP models. Future work should focus on
addressing this challenge to improve prediction accuracy at boundary
nodes.

V. DISCUSSION
A. Why does ST-RWP perform well in wave field
prediction: Inductive bias

A deep-learning model should not be viewed merely as a tool for
data fitting. A well-designed neural network structure takes advantage
of the so-called inductive bias to guide the learning process, enabling

FIG. 9. Comparison of the predicted and true Hs for the samples in the testing dataset at Node 821 (37
� N, 63� W) with four different lead times: (a) LT ¼ 6 h, (b) LT ¼ 12 h,

(c) LT ¼ 18 h, and (d) LT ¼ 24 h. Probability density values are marked.
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FIG. 10. Percentage errors of the predicted Hs for sample 1411 (March 1, 2021, at 05:00, 11:00, 17:00, and 23:00) in the testing dataset at 4 selected lead times.

FIG. 11. Prediction errors for Hs at lead time of 12 h in the test set samples at Node 42 (41:75
� N, 67:75� W) and Node 821 (37� N, 63� W). The red lines represent the fitted

Gaussian distributions.

Physics of Fluids ARTICLE pubs.aip.org/aip/pof

Phys. Fluids 37, 036625 (2025); doi: 10.1063/5.0256654 37, 036625-10

Published under an exclusive license by AIP Publishing

 29 M
ay 2025 03:17:09

pubs.aip.org/aip/phf


the model to generalize effectively from training data to unseen data
(e.g., Wang andWu, 2023).

As a black-box model, the ST-RWP integrates both CNNs and
Swin Transformer modules to learn the historical data. The effective-
ness of this architecture can be attributed to its carefully designed
inductive biases, which align with the spatiotemporal characteristics of
wind wave data.

When designing a deep neural network, inductive bias assumes
that the data contain hidden relationships, which should be extracted
through a well-structured model. For example, a CNN layer employs
small, localized receptive fields (e.g., 3� 3 filters used in this study) to
capture local connectivity among neighboring nodes. Meanwhile, a
Swin Transformer block excels at modeling long-range dependencies,
making it particularly effective for long sequential wind wave fields.
Correspondingly, the dataset should encompass both local and global
relationships in spatial and temporal dimensions, respectively.

In this context, we calculate the autocorrelation function (ACF)
at a selected central node (Node 821) to measure the temporal correla-
tion of data at different time lags. The ACF quantifies the correlation
between pairs of data points separated by a specified time interval.
Following Tan et al. (2024), we employ a sliding window approach,
where the window width is equal to the given time lag, to extract
paired samples. The correlation coefficient is then computed for these
sampled pairs over the period from 2017 to 2021. The time lags con-
sidered herein range from 1h to 72 h. The resulting ACF values for
Uw, Vw, andHs are presented in Fig. 13.

As shown in Fig. 13, the ACF values are very high (>0:9) for the
three variables at 1-h time lag, indicating strong temporal correlation
between consecutive wind wave fields. At a 6-h lag, the ACF remains

high, with values of approximately 0.82 for Uw and Vw, and around
0.9 for Hs. Such high correlation may explain the good prediction
accuracy observed at a 6-h lead time, e.g., Fig. 9(a). Notably, the ACF
values for Uw and Vw drop more rapidly than that for Hs, which may
account for the superior performance of Hs predictions, as illustrated
in Fig. 8. For a 12-h time lag, the ACF for Hs remains relatively high at
0.81, whereas it decreases to around 0.6 for both Uw and Vw. At longer
lags of 24 and 36 h, the ACF values for all three variables drop signifi-
cantly below 0.6, which may be the reason to the deteriorated model
performance at LT � 24 h observed in Fig. 10. After a 36-h time lag,
the ACF value for Vw turns negative, suggesting that its temporal cor-
relation almost vanishes at such large time lag. Notably, while Uw

seems to have a slightly higher ACF (around 0.2) compared to Vw at
70-h time lag, it may not be meaningful since we only consider one
location (Node 821). The ACF for Hs exhibits a more gradual decline,
only approaching 0 (marked as the horizontal line in Fig. 13) until the
time lag reaches 700 h (not shown in this figure).

Therefore, it is plausible that using an autoregressive strategy for
predicting long-term wave fields (e.g., LT � 24 h) is not feasible due to
the rapid decline in temporal correlations. For short-term wave predic-
tions, the ST-RWP model, by incorporating Swin Transformer blocks,
effectively captures temporal dependencies and favors the predictions.

In addition to the temporal dynamics, the spatial correlation is
also investigated among the 1600 nodes. The correlation coefficients
for each pair of nodes are calculated and visualized in Fig. 14. Figure
14(a) clearly demonstrates high spatial correlation along the diagonal
regions, indicating strong relationships between neighboring nodes.
Notably, a patch-type pattern emerges, with each patch spanning a
40� 40 area (bearing in mind that the node IDs are assigned row-by-
row, and each row has 40 nodes). To better visualize this, a zoomed-in
view of the correlation between Nodes 801–840 is provided in
Fig. 14(b). This figure reveals that the spatial correlation decreases
gradually from the diagonal areas toward the corners, confirming the
high correlation between nearby nodes. Additionally, the maximum
correlation values within these patches diminish as they move away
from the diagonal regions, as seen in Fig. 14(a). Consequently, the high

FIG. 12. Distribution of prediction errors for Hs at a lead time of 1 h (with K ¼ 6
and M ¼ 1) in the testing dataset samples across all nodes. The error percentiles
are presented from top to bottom, corresponding to the 90th, 80th, and down to the
10th percentile. The blue line represents the Mean-Absolute Error (MAE) for each
node.

FIG. 13. Autocorrelation functions of Hs, Uw , and Vw at node 821 (37� N, 63� W)
from 2017 to 2021.
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spatial correlation among neighboring nodes motivates the incorpora-
tion of CNN blocks in the ST-RWPmodel.

B. Optimization of ST-RWP model structure

The CNN blocks in the ST-RWP model are designed to extract
local connectivity among neighboring, while the Swin Transformer
block captures both local and global relationships. To investigate the
importance of the CNN blocks, we conducted ablation studies by
removing the Conv2 and Conv3 layers from the ST-RWP model. The
same training dataset and setups are utilized to ensure a fair compari-
son. Model performance is evaluated using the RMSE. The results are
summarized in Table I.

As shown in the table, the model achieves the best performance
across all lead times when both Conv2 and Conv3 are included.
Removing Conv3 results in a modest increase in RMSE, while the
removal Conv2 leads to a higher rise in RMSE. We conjecture that this
difference arises from the distinct roles of these layers: Conv3, placed at
the end of the RST blocks, primarily refines local relationships through

residual connections, while Conv2 is integrated multiple times within
each RST block, playing a more critical role in capturing fine-grained
local features. Notably, removing both Conv2 and Conv3 simulta-
neously does not further deteriorate the model too much, indicating
that the Swin Transformer blocks can still capture some local relation-
ships, though with reduced effectiveness. This suggests that the Swin
Transformer blocks compensate for the absence of CNN layers to
some extent, highlighting their robustness in modeling both local and
global relationships.

Then, we investigate several hyperparameters to optimize the
model performance. Specifically, we focus on the number of RST blocks,
the number of heads in the multi-head self-attention (MSA) mecha-
nism, and the embedded feature dimensions due to Conv1. To evaluate
the impact of these hyperparameters, we use the RMSE as the perfor-
mance metric. We re-train the model 11 times, each with different com-
binations of hyperparameters, to identify the locally optimal values. The
optimal settings are found to be 4 RST blocks, 10 attention heads, and
60 embedding dimensions, which are used in this study (see Fig. 15).

C. Comparison with existing models

Recent advances in deep learning have inspired diverse models
for wave field prediction. To rigorously evaluate ST-RWP’s perfor-
mance, we benchmark it against two recent approaches, i.e., the Vision
Transformer (ViT, Liu et al., 2023) and the CNN-LSTM model
(Zhang et al., 2024). We faithfully replicate the ViT architecture fol-
lowing the implementation by Liu et al. (2023), while adopting compa-
rable hyperparameters and training protocols for the CNN-LSTM
reported by Zhang et al. (2024), to ensure fair comparison. We utilize
the RMSE of Hs predictions averaged across all testing samples for
comparison. The results (see Table II) for ViT and CNN-LSTM are
consistent with those reported in their respective papers.

As evidenced by Table II, ST-RWP demonstrates superior accu-
racy across all six lead times, achieving more than 30% and 54% reduc-
tions in RMSE compared to ViT and CNN-LSTM, respectively. This
performance gain underscores the efficacy of our hybrid CNN-Swin
Transformer architecture in capturing spatiotemporal features for
short-term wave forecasting.

VI. CONCLUSIONS

The present study introduces a novel Swin Transformer-based
model for regional wave predictions (ST-RWPs), which demonstrates
exceptional performance in short-term wave field forecasting while

FIG. 14. Correlation coefficients of Hs from 2017 to 2021 between different nodes.
(a) The correlation coefficients between all points. (b) The correlation coefficients
between all Node 801 to Node 840, as highlighted by the blue box in (a).

TABLE I. The RMSE of Hs predictions averaged across all testing samples with dif-
ferent lead times. ST-RWP is the base model, while other models have omitted
Conv2 and/or Conv3.

Lead time ST-RWP No Conv2 No Conv3
No Conv2
and Conv3

1 h 0.0231 0.0246 0.0234 0.0247
2 h 0.0469 0.0503 0.0472 0.0502
3 h 0.0723 0.0779 0.0736 0.0784
4 h 0.0985 0.1061 0.1017 0.1079
5 h 0.1257 0.1347 0.1320 0.1387
6 h 0.1543 0.1641 0.1648 0.1713
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proving less effective for long-term predictions. A systematic evalua-
tion of the ST-RWPmodel for wave field prediction is conducted.

The model architecture is specifically designed for spatiotemporal
wind-wave data, incorporating convolutional layers to capture local
spatial relationships and Swin Transformer layers to extract global spa-
tial and temporal features. Residual connections are extensively
employed to integrate features extracted across different layers. To
minimize the mesh-like predictive errors, the size of the latent feature
maps remains invariant throughout the model, eliminating the need
for up-sampling at the final layer of the model.

To train the model, we adopt a 5-year ERA5 reanalysis dataset of
significant wave heights and wind velocities over the North Atlantic
Ocean. A sliding window approach is applied to sample the
dataset, using the first 4 years for training and validation, and the final
year for testing. Model training employs mean square-error as the loss

function. The training process achieves stabilization and convergence
after 500 iterations. It should be noted that the currently selected data
serve to demonstrate the ST-RWP model’s performance in wave field
forecasting. Future studies may consider larger regions and longer
durations to fully take advantage of the ST-RWPmodel.

The well-trained ST-RWP model is rigorously tested using a
rolled-out prediction scheme for ease of practical application. The model
takes the preceding 6-h wind velocities and significant wave heights as
inputs to forecast the subsequent hour. While the model excels in short-
term predictions, its accuracy diminishes for long-term forecasts.

An analysis of prediction errors reveals that extreme wave heights
are not well predicted at long lead times. This is attributed to the scar-
city of storm surge events in the training dataset, limiting the model’s
ability to learn such patterns. Additionally, prediction errors are more
pronounced at boundary nodes due to their limited spatial information
compared to central nodes.

The model’s inductive bias, a key factor for its success, is explored
through the spatiotemporal correlation of the data. Autocorrelation
analysis shows high temporal correlation for short lags in both wave
height and wind velocities, which decreases significantly over longer
lags (e.g., 24 h). Strong spatial correlations among neighboring nodes
further enhance the model’s performance, enabling efficient predic-
tions for unseen data.

A systematic ablation study highlights the role of convolutional
layers in improving the model performance, while the Swin
Transformer block is able to capture both local and global relation-
ships. Hyperparameters are carefully tuned for optimal results.

This study provides valuable insights into the application of
Transformer-based deep learning approaches for wave field prediction,
offering a foundation for future research in this area.
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APPENDIX: MODEL PERFORMANCE WITH VARYING
INTRODUCTION PERIODS

The impact of introduction periods (i.e., the number of time
steps input to the model) on model performance is investigated. To
assess this effect, numerical experiments are conducted using eight
different introduction periods (3, 6, 9, 12, 15, 18, 21, and 24 h) for
predicting three lead times (1, 6, and 12 h). Model performance is
evaluated using spatially averaged RMSE. As shown in Fig. 16,
extending the introduction period has only marginal effects on per-
formance for 1-h and 6-h lead times. For the 12-h lead time,
increasing the introduction period does not consistently improve
performance. While the model performs best with an 18-h intro-
duction period (RMSE¼ 0.33), this improvement is limited com-
pared to a 6-h introduction period (RMSE¼ 0.36). Notably,
incorporating longer introduction periods beyond 6 h can even
degrade performance in some cases.

This result is unsurprising, as the ACF values indicate that
temporal correlation decreases significantly after 12 h. Including

excessively long introduction periods may introduce irrelevant
inputs, which could hinder rather than improve model perfor-
mance. Additionally, incorporating more time steps increases the
requirements of memory and computational costs during both
model training and inference, potentially reducing model efficiency.
Therefore, we opt for a 6-h introduction period in this study.
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