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Abstract

Accurate significant wave height (SWH) prediction is essential for the development and utilization of wave energy.
Deep learning methods such as recurrent and convolutional neural networks have achieved good results in SWH
forecasting. However, these methods do not adapt well to dynamic seasonal variations in wave data. In this study,
we propose a novel method—the spatiotemporal dynamic graph (STDG) neural network. This method predicts
the SWH of multiple nodes based on dynamic graph modeling and multi-characteristic fusion. First, considering
the dynamic seasonal variations in the wave direction over time, the network models wave dynamic spatial
dependencies from long- and short-term pattern perspectives. Second, to correlate multiple characteristics with
SWH, the network introduces a cross-characteristic transformer to effectively fuse multiple characteristics.
Finally, we conducted experiments on two datasets from the South China Sea and East China Sea to validate the
proposed method and compared it with five prediction methods in the three categories. The experimental results
show that the proposed method achieves the best performance at all predictive scales and has greater advantages
for extreme value prediction. Furthermore, an analysis of the dynamic graph shows that the proposed method
captures the seasonal variation mechanism of the waves.
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1  Introduction
Consumption of nonrenewable energy sources is a major

factor leading to global climate change and rising carbon dioxide
levels. To mitigate the impact of climate change on human soci-
ety, it is essential to develop renewable energy sources, such as
solar (Ma et al., 2022), wind (Ren et al., 2023), and ocean energy
(Gao and Xiao, 2021). Among them, wind and solar energy have
been widely adopted because of their technological maturity and
economic feasibility, whereas wave energy has better security,
consistency, and certainty than wind energy (Reikard et al.,
2011). However, the dynamic characteristics of waves affect their
reliability, which in turn affects energy absorption and conver-
sion by wave-energy converters (WECs).

Significant wave height (SWH) is an important indicator for
describing wave qualities and is also one of the key parameters
for wave energy generation (Ali and Prasad, 2019). Therefore, ef-
fective SWH prediction can assist decision-makers and provide
references for engineers, project developers, and grid operators.
Currently, there are two mainstream forecasting strategies: one is
data-driven forecasting based on time series, and the other is
wave forecasting based on wind field-driven wave fields. This
study combines these two forecasting methods on a data-driven
basis. It considers the driving influence of historical wind and
wave information on waves.

One of the most direct and reliable methods of obtaining
wave height is in situ measurement. However, in situ measure-
ments are not always available in most locations. This is due to

the high cost of specialized equipment such as buoys and collec-
tion vessels and the spatial sparsity of collection sites. Tradition-
al wave prediction methods based on numerical models (Umair
et al., 2019) are becoming alternatives for wave prediction and
forecasting. This method achieves relatively satisfactory predic-
tion results by establishing an energy balance equation (Xu et al.,
2020). The wave simulation of the numerical model is driven by
the spatial-temporal wind field and the wave field with boundary
conditions to describe the basic mechanisms of wave generation
and propagation. However, because numerical models use math-
ematical and physical models to simulate wave evolution, they
consume considerable computational resources and time (Mah-
joobi and Mosabbeb, 2009).

Considering the problems existing in numerical models,
many researchers have begun to study data-driven methods for
SWH prediction. These methods do not rely on explicit relation-
ships between input and output variables but use historical data
to learn wave patterns and features. Classical time-series meth-
ods, such as autoregressive (Soares and Cunha, 2000) and
autoregressive and moving average models (Ge and Kerrigan,
2016), have been used for wave height prediction. However, these
methods have a common limitation in that they are based on lin-
earity and stationarity assumptions (Duan et al., 2016). This
makes it difficult to capture nonstationary and nonlinear fea-
tures in waves.

In recent decades, machine learning has achieved great suc-
cess in fields such as solar radiation (Zhang et al., 2022) and wind  
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speed (WSD) prediction (Khosravi et al., 2018), because it can
perform nonlinear modeling without these assumptions. Wave
height prediction has been studied and verified using traditional
machine learning algorithms, such as artificial neural networks
(Feng et al., 2020), support vector machines (Mahjoobi and
Mosabbeb, 2009) and decision trees (Mahjoobi and Etemad-
Shahidi, 2008), which can provide acceptable wave height pre-
diction results. However, these methods are easily affected by
noise, which limits wave height prediction reliability (Chen et al.,
2021).

Deep learning is a machine learning subclass that has been
successfully applied to wave height prediction (Song et al., 2021;
Ti et al., 2022) owing to its powerful feature extraction ability.
Considering wave height data are represented as a time series,
early studies have primarily focused on exploring temporal de-
pendencies in the data. Mandal and Prabaharan (2006) estab-
lished a recurrent neural network with a resilient backpropaga-
tion algorithm that outperformed artificial neural networks using
short-term memory of early input wave-height data. However, re-
current neural networks (RNNs) suffer from gradient vanishing
and explosions; therefore, they are rarely applied to practical en-
gineering tasks. To address these problems, Pirhooshyaran and
Snyder (2020) used a long short-term memory (LSTM) network
(Hochreiter and Schmidhuber, 1997) to predict wave height,
which effectively alleviated these problems and showed excel-
lent prediction performance. The gated recurrent unit (GRU)
(Cho et al., 2014) simplifies the LSTM network structure (Xiang
et al., 2022), with fewer parameters and ease of training, and
many application studies have also proved that the GRU is super-
ior to LSTM in terms of accuracy and reliability (Tuttle et al.,
2021). In wave height forecasting, Li et al. (2022) used a GRU to
predict the wave height of six different coastal stations in China,
and they also found that a GRU showed higher robustness than
LSTM in long-term forecasting.

Wave height data from multiple nodes in the same sea area
exhibit temporal and spatial dependencies. These are multiple
time-series data points collected from different locations (longit-
ude and latitude coordinates). However, most studies only used
data from a single node to predict the future nodal wave height,
ignoring the influence of data from other nodes on the predic-
tion results.

Some studies have used data from multiple nodes; however,
the potential for multi-node wave height prediction has not been
fully explored. For example, Tsai et al. (2002) proposed a method
that used data from two adjacent nodes within Taichung Harbor,
Taiwan, to forecast the wave height at a third node, which im-
proved the prediction accuracy compared with single-node
methods. However, their method did not consider the spatial de-
pendencies among nodes, which may have affected prediction
performance. Wang et al. (2018) developed a method to use data
from multiple nodes in two different geographical regions
(China’s Bohai Sea and Yellow Sea) to predict wave height, which
captured regional wave energy characteristics. However, their
method treated six nodes in the same sea area as one node to
predict the wave height in that sea area, which may have resulted
in some spatial information loss.

In the process of developing and using wave energy, it is not
only necessary to predict the wave height of a single node but
also the wave height of multiple nodes in the sea area simultan-
eously to understand the distribution of wave energy in that sea
area and adjust the layout of WECs. It is especially important that
WECs must be arranged in arrays on or below the sea surface,
which can not only reduce the cost of fixing WEC nodes but also

take advantage of the constructive interference between WEC
nodes to generate more electricity (De Andrés et al., 2014; Yang
et al., 2022). Therefore, multi-node wave height prediction is es-
sential for WEC array layout design and optimization.

There are two primary types of multi-node SWH prediction
methods: one based on ocean images and video data and the
other based on transforming multi-node data into two-dimen-
sional data. Quach et al. (2021) used synthetic aperture radar and
satellite data to predict wave height. Song et al. (2021) used wave-
monitoring video data near the coast to predict wave height.
Zhou et al. (2021) used interpolated two-dimensional reanalysis
data to establish a convolutional LSTM network that achieved
high-precision and high-efficiency wave forecasting in the
coastal waters of China. However, these methods lack inter-
pretability because they ignore multi-node data spatial depend-
ence.

Graph neural networks (GNNs) have received considerable
attention from researchers in recent years, as they can represent
data as graph structures and effectively model the dependency
relationships in non-Euclidean spaces. Zhang et al. (2023) pro-
posed a multi-characteristic, multi-node (MCMN) graph neural
network that can predict SWH of multiple nodes in the South
China Sea and East China Sea. This method integrates the influ-
ence of multiple characteristics and uses multiple characteristic
fusion to improve prediction accuracy. However, this method
also has some limitations in predicting SWH, as it does not fully
account for the formation mechanism and propagation pattern of
waves, which may result in some discrepancy between the pre-
dicted and observed values.

Wave data not only need to consider temporal and spatial de-
pendence but also need to consider the driving influence of wind
and wave information on waves. However, the traditional third-
generation wave model [such as WAVEWATCH Ⅲ (Tolman,
2009)] uses wave action conservation theory to describe the driv-
ing process of wind and waves to predict the wave height in
space. This method suffers from the same limitations as numeric-
al models, which are very time-consuming and computationally
expensive. Therefore, an efficient and accurate alternative to tra-
ditional wave models can be provided by using deep learning
technology to study the driving influence of wind and wave in-
formation on waves.

The formation and propagation of waves in space is a com-
plex process, and wave height is influenced by both long- and
short-term patterns, resulting in dynamic seasonal wave vari-
ation. Figure 1 shows the monthly average of the mean wave dir-
ections of multiple nodes in the South China Sea in 2020; the data
comes from the ERA5 monthly averaged data on single levels
(Hersbach et al., 2023b). As shown in Figs 1a–d, the multi-node
mean wave direction was from northeast to southwest, whereas
in Figs 1f–h, the multi-node mean wave direction was south to
north, and in Figs 1j–l, the multi-node mean wave direction was
primarily northeast to southwest. This indicates that multi-node
mean wave directions in the South China Sea vary dynamically in
space, and this variation can be divided into two patterns: short-
and long-term (Kitagawa and Gersch, 1984; Oreshkin et al.,
2020). The short-term pattern refers to waves that are primarily
driven by wind; therefore, wave height is affected by WSD and
duration in the short term. The long-term pattern refers to the ex-
istence of stable or periodic fluctuations in the ocean, such as
tides and internal waves, which are affected by celestial gravity,
uneven seawater density distribution, and other long-term char-
acteristics. Therefore, when modeling dynamic seasonal vari-
ations in waves, it is important to consider not only the effects of
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long-term patterns but also the effects of short-term patterns of
dynamic wave drivers (historical wind and wave effects).

To achieve the above objectives, this study proposes a new
method, namely spatiotemporal dynamic graph (STDG) neural
networks, which can predict multiple node SWH in a long-term
and robust manner. The primary contributions of this study are
as follows.

(1) A GNN based on dynamic graph modeling is proposed,
which considers seasonal wave direction variations over time
and models the spatial dependence of waves from long- and
short-term pattern perspectives. In addition, a cross-characterist-
ic transformer was introduced to effectively combine multiple
characteristics that influence SWH.

(2) A spatial dependency graph construction (SDGC) module
was designed that comprehensively considers the long-term pat-
tern and dynamic wind and wave driving characteristics [wind
direction (DWI), mean wave direction, and WSD]. By introdu-
cing GRUs and a self-attention mechanism (Vaswani et al., 2017),
a dynamic graph consistent with the seasonal wave variation
mechanism was constructed.

(3) The practicability and robustness of the proposed method
were verified on the South China Sea and East China Sea data-
sets and compared with five prediction methods in three categor-
ies. The results show that the proposed method achieved the best
performance at all prediction scales and has greater advantages
for extreme-value prediction.

The remainder of this study is organized as follows: Section 2
introduces the proposed SWH prediction method. Section 3 in-

troduces the South China Sea and East China Sea datasets used
in this study, as well as the data preprocessing and key paramet-
er settings. Section 4 presents the experimental analysis, evalu-
ation, and discussion. Finally, Section 5 summarizes the conclu-
sions and possible directions for future research.

2  Method

2.1  Problem formulation

X ∈ RT×N×M T
N

M
t ∈ {, . . . , T}

i ∈ {, . . . , N} M

F(t)i ∈ RM t Xt = {F(t) , . . . , F(t)N }
M

The multi-node and multi-characteristic ocean data can be
represented as , where  is the number of time
steps,  is the number of nodes, each of which is defined by a co-
ordinate point of longitude and latitude, and  is the number of
ocean characteristics. For each time step , each
node  is associated with a feature vector of  ocean
characteristics . For time step , let 
be the snapshot record of  characteristics for all nodes.

G = (V, E) V = {v, v, . . . , vN}
N E

Aadj ∈ RN×N

Ai,j
adj

vi, vj ∈ V Ai,j
adj > 

vi vj Ai,j
adj = 

In this study, the spatial dependency is represented by a
graph , where  is the node set con-
sisting of  nodes and  is the edge set. As wave propagation has
a certain spatial directionality, the spatial dependence is repres-
ented by the adjacency matrix of a directed graph. Specifically,
the graph adjacency matrix  of the directed graph in-
dicates the spatial dependency between nodes, and the value of

 indicates the strength of the connection. For any two points

,  indicates that there is a directed connection

from point  to , and  indicates that there is no con-

nection between the two points.
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Fig. 1.   Mean wave direction in the South China Sea for the 2020 monthly average; the data comes from the ERA5 monthly averaged
data on single levels. The color bar represents monthly average significant wave heights (SWHs), and each arrow represents the mean
wave direction at the longitude and latitude coordinates in the data.
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G

This study aims to train a model  with parameters  to pre-
dict the future  steps of SWH , given  historical
steps of SWH data , auxiliary characteristics ,

driving characteristics  and spatial dependency graph

. The multi-node SWH prediction problem can be formulated
as follows:

X̂swh
(t+):(t+Q) = fθ

(
Xswh
(t−P+):t, X

aux
(t−P+):t, X

drive
(t−P+):t, G

)
, (1)

where SWH is the target variable to be predicted; auxiliary char-
acteristics include the mean wave period (MWP), sea surface
temperature (SST), and mean sea level pressure (MSL), which af-
fect wave characteristics and changes; and the driving character-
istics include WSD, DWI, and mean wave direction (MWD),
which determine wave formation and propagation.

2.2  Model structure
The proposed model overall framework is shown in Fig. 2.

The STDG model comprises four primary components: SDGC,
temporal convolution, graph convolution, and cross-character-
istic transformer fusion (CCTF) modules.

Xswh Xaux Xdrive

L

The STDG model must control three types of characteristics:
SWH data , auxiliary  and driving  characteristics.
The SWH data and three auxiliary characteristics were fed into
the primary module and each auxiliary module, respectively,
where they passed through  layers of temporal and graph con-
volutions to extract spatiotemporal features. In each auxiliary
module layer, multiple cross-characteristic transformers were
concatenated to fuse the information from the three auxiliary
modules, thereby enhancing SWH representation by using the
relevant information from the auxiliary modules. In addition, the
SDGC module generates spatial dependencies for long-term pat-
terns without relying on any priori graph structure and then fuses
them with the driving characteristics to construct short-term pat-
terns to capture the dynamic associations between different
nodes. Subsequently, the graph convolution module integrated
the constructed short- and long-term pattern spatial dependen-
cies to further refine the SWH spatiotemporal features and auxili-
ary characteristics. Finally, the hidden feature channel and time
dimensions were projected onto the desired output dimension to
produce the prediction outcome.

2.3  SDGC module
Considering the original multi-node wave time-series data do

not provide any spatial information, such as the adjacency mat-
rix, the spatial dependencies must be learned by the neural net-
work itself. To this end, this study employed node embedding to
train long-term patterns adaptively (Gao et al., 2022).

(1) Long-term pattern learning:
E, E ∈ RN×dim

N
dim

Ãlong

Two node embeddings  with trainable para-
meters were randomly initialized, where  is the number of
nodes and  is the embedding dimension. The long-term pat-
tern  are then computed by Eq. (2). Among them, the ReLU
activation function is used to eliminate weak connections in the
weights, and the softmax activation function is used to normalize
the weights.

Ãlong = softmax
(
ReLU

(
EE

T


))
. (2)

Considering the wave short-term pattern fluctuates around
the long-term pattern, this fluctuation is primarily related to the
dynamic changes in the wave (Zhang et al., 2023), and the short-

term pattern spatial dependencies must consider both the long-
term pattern and dynamic changes in the wave. Previous studies
have demonstrated that the GRU can effectively fuse the current
input data and retain long-term memory information through a
gating mechanism, thus exhibiting advantages in capturing
short-term patterns, and multi-head self-attention (Vaswani
et al., 2017) can effectively capture the internal data correlations,
making the model more attentive to useful information (Niu
et al., 2022). Therefore, this study uses a method combining GRU
and multi-head self-attention to fuse information on the dynam-
ic potential correlation between wind and waves based on the
long-term pattern, thereby constructing a short-term pattern.

(2) Dynamic information fusion of wind and waves

MLP(·)
LN(·)

The key to constructing short-term patterns is to consider the
impact of wind and wave driving characteristics on future SWH in
space and time. This is because waves in offshore areas are a
combination of locally generated wind waves and waves
propagating from a distance (Goda, 2010). Therefore, the driving
characteristics (wind direction, mean wave direction, and wind
speed) are first dimensioned using Eq. (3). Among them, 
represents a linear layer, and  is layer normalization (Ba
et al., 2016).

Xd = LN
(
MLP

(
Xdrive

))
. (3)

where d represents the time dimension of the characteristic.

Ei (i = 1, 2)
In this study, GRU is used to perform information fusion on

the two node embeddings  of the long-term pattern,
respectively. The driving characteristics of the processed winds
and waves are fused with the node embedding of the long-term
pattern to form new information using Eq. (4). And a certain per-
centage of new information is saved as new node embedding us-
ing Eqs (5) and (7). The information fusion method is similar to
the wave numerical model (WAVEWATCH Ⅲ), and the model-
ing also considers the driving influence of locally generated wind
and wave information.

ri = σ
(
WriEi +UriX

d + bri

)
, (4)

zi = σ
(
WziEi +UziX

d + bzi

)
, (5)

ĥi = tanh
(
WhiX

d + ri ⊙ (UhiEi + bhi)
)
, (6)

H̃i = (− zi)⊙ ĥi + zi ⊙ ĥi, (7)

zi ri ĥi

σ (·)
⊙

W(·), U(·), b(·)

where  and  are the update and reset gates, respectively;  is
the hidden state calculated based on the reset gate.  is a sig-
moid activation function,  denotes the element-wise multiplic-
ation operator, and  are learnable parameters.

However, considering only the long-term pattern and the fact
that the dynamic input cannot fully utilize the information of the
nodes, the internal correlation of the nodes is equally important
(Zhang et al., 2023). Therefore, multi-head attention was intro-
duced in this study to capture the correlations within nodes to
compute short-term patterns.

(3) Short-term pattern learning
H̃i ∈ RB×N×dim(i = 1, 2)

Hi headj
k

Node Embedding  first performs lay-

er normalizing to obtain . The result  of the j-th data of
the k-th self-attention head is then computed using Eq. (8), fol-
lowed by splicing of the results of the s self-attentions using Eq.
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OEi (i = 1, 2)(9), which results in two embeddings .

headj
k = softmax

Hj
iW

Q
k

(
Hj

iW
K
k

)T
√
d

Hj
iW

V
k , k = , . . . , s, (8)

OEi [j, :, :] = concat
(
headj

, . . . , head
j
s

)
WO, j = , . . . , B, (9)

s WQ
s ,WK

s ,W
V
s ∈ Rd×d

WO

where  is the number of self-attention heads, 

and the output matrix  is the learnable parameter matrix.
Then, to prevent vanishing gradients, the two dynamic node em-
bedding matrices are computed using Eq. (10), while the scaling
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fuses the dynamic input  and the node embeddings of long-term patterns , to obtain the final dynamic node embeddings

.
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dot product operation is performed using Eq. (11). Among them,
the ReLU activation function is used to eliminate weak connec-
tions in the weights, and the softmax activation function is used
to normalize the weights.

DEi = LN (Hi + OEi) , (10)

Ãshort = softmax

(
ReLU

(
DE(DE)

T

√
dim

))
. (11)

2.4  Temporal convolution module
Future significant wave heights have a certain correlation

with historical data. To capture the temporal dependencies of
nodes, this section introduces a method for processing wave data
from a temporal perspective.

h ∈ RT f×k ∈ Rk

f×k

Considering training speed and computing resources, this
study adopted a dilated causal convolution to extract high-level
temporal features (Yu and Koltun, 2016), which can process long-
distance sequences in parallel computing, thereby improving
computing efficiency and alleviating the gradient explosion prob-
lem. Mathematically, given a node historical sequence input

 and a filter  of size k, the dilated causal convolu-
tion operation of h and  at the t-th step as follows:

h ⋆ f×k (t) =
K−∑
s=

h (t− a× s) f×k (s) , (12)

a
⋆

where  is the dilation factor used to control the jumping dis-
tance, and  is the dilated convolution operator.

To capture multiple temporal cycles in the historical data,
such as 24 hours, 1 week, 12 months. This study uses dilated tem-
poral convolution (Wu et al., 2020) to capture multi-scale tem-
poral features in historical data. Different temporal patterns are
discovered simultaneously by applying convolution different
convolution filter sizes (that is, 1 × 2, 1 × 3, 1 × 6, 1 × 7) on the data
using Eq. (13).

Fl
′ = concat

(
hl, ⋆ f×, hl,⋆f×, hl, ⋆ f×, hl, ⋆ f×

)
. (13)

Simultaneously, the gating mechanism has been proven to ef-
fectively control information flow through the temporal convolu-
tion network layers (Dauphin et al., 2017). Therefore, the capa-

city of the model is improved by using Eq. (14) for temporal con-
volution.

Ht
l = σ (Fl

′)⊙ tanh (Fl
′) . (14)

2.5  Graph convolution module

Ãshort Ãlong

To deal with spatial dependencies, this study used a graph
convolution module to fuse the information of the nodes in the
spatial dependencies with the information of their neighboring
sites. The graph convolution module consists of two graph con-
volution layers that process the spatial dependencies of the
short-term pattern  and the long-term pattern , as
shown in Fig. 2b.

The spatial dependencies in this study are represented by the
adjacency matrix of the directed graph. For the i-th node of the
adjacency matrix, the row and column represent the information
inflow and outflow, respectively. Therefore, two mix-hop
propagation layers (Abu-El-Haija et al., 2019) were used as the
graph convolution layer, which processed information inflow
and outflow through each node. The structure of the mix-hop
propagation layer is shown in Fig. 3a. It mainly performs deeper
multi-node information fusion on the adjacency matrix. The mix-
hop propagation layer is defined as follows:

Hk = βHin + (− β)AadjHk−, (15)

H = concat(H, H, . . . , HK)W. (16)

As shown in Fig. 3b, two mix-hop propagation layers process
inflow and outflow information, respectively, and are finally ad-
ded to obtain the output of the graph convolution layer. In addi-
tion, since the spatial dependence contains long-term and short-
term patterns, two graph convolution layers are used in this study
to perform information fusion respectively. As shown in Fig. 2c,
the input features are calculated with the long-term pattern and
the short-term pattern to obtain two outputs. As a result, the out-
put of the graph convolution module is finally obtained by Eq. (17).

Hf = Hlong
out + Hshort

out . (17)

2.6  CCTF module
Significant wave height is affected by multiple characteristics
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Fig. 3.   Detailed graph convolution layer structure.
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such as SST, air pressure, and wind speed. Considering multiple
characteristics is crucial to improving the prediction accuracy of
SWH. For example, some characteristics contain early indica-
tions of SWH, which can help improve the prediction accuracy of
extreme sea conditions (Zhang et al., 2023). In some sea condi-
tions, when the data quality of a single characteristic is low, mul-
tiple characteristics complement each other to improve the over-
all data quality and maintain a robust prediction effect (Luo et al.,
2022). Therefore, this study proposes a CCTF module, as shown
in Fig. 4, in which each CCTF learns the attention between the
characteristics, thus updating the SWH sequence using auxiliary
characteristics.

Xa, Xb ∈ RB×N×d B
N

XaW
Q
a XbWK

b XbWV
b

WQ
a ,WK

b ,W
V
b ∈ Rd×d

CAb→a (Xa, Xb) ∈ RB×N×d

As shown in Fig. 4a, assume there are two characteristics a
and b, represented as , respectively, where  is
the batch size of the data, and  represents the number of nodes.
Inspired by a multi-modal transformer (Tsai et al., 2019), this
study assumes that a good way to fuse multiple characteristics is
to provide cross-characteristic latent adaptation, that is, b to a.
The query is defined as , key as , and values as ,

where  are learnable parameters, the latent

adaptation from b to a is expressed as cross-characteristic atten-
tion :

CAb→a (Xa, Xb) = softmax

(
XaW

Q
a
(
XbWK

b

)T
√
d

)
XbW

V
b . (18)

SST → SWH
K

Subsequently, based on cross-characteristic attention, this
study designed a cross-characteristic transformer to enable the
SWH to receive information from other characteristics, the struc-
ture of which is shown in Fig. 4b. Using SST transference to SWH
as an example, denoted as “ ”, each cross-character-
istic transformer consists of  cross-characteristic attention
blocks. The i-th cross-characteristic attention is

X̂i
SST→SWH =CAi

SST→SWH

(
LN
(
Xi−
SST→SWH

)
, LN

(
X
SST→SWH

))
+

LN
(
Xi−
SST→SWH

)
.

(19)

Xi
SST→SWH

Then, a feed-forward layer was applied, resulting in the out-
put of the i-th cross-characteristic attention block , as

shown in Eq. (20):

Xi
SST→SWH =

{
FF
(
LN
(
Xi−
SST→SWH

))
+ LN

(
Xi−
SST→SWH

)
, i ̸= 

X
SWH, i = 

,

(20)

FF (·) CAi
SST→SWH (·)where  denotes the feed-forward layer, and 

represents the multi-head self-attention of the i-th layer. As
shown in Fig. 2c, the STDG model fuses multiple characteristics
by concatenating multiple cross-characteristic transformers.
During the multi-characteristic fusion process, the SWH continu-
ously updates its own sequence with other characteristics from
the multi-head cross-characteristic attention module. In each
layer of the cross-characteristic attention module, low-level sig-
nals from the auxiliary characteristics are transformed into differ-
ent key-value pairs to fuse with the SWH signals.

3  Experiment

3.1  Study area and data
The dataset used in this study was obtained from the ERA5

hourly data on single levels (Hersbach et al., 2023a) of the
European Center for Medium-Range Weather Forecasts, which
has provided hourly snapshots of atmospheric, land surface, and
wave variables since 1940.

Although in situ data collected by buoys is also a source of
SWH data, it has higher accuracy and better data quality.
However, due to the high cost of equipment and the sparse distri-
bution of collection buoys, data are not always available in most
areas. Although the accuracy of the ERA5 reanalysis data is inac-
curate, some studies (Wang et al., 2021; Wang and Wang, 2022)
show that SWH in ERA5 data correlate well with in-situ data from
multiple sites. In addition, the ERA5 data have the advantages of
wide spatial-temporal coverage, multiple spatial-temporal resol-
ution options, and rich characteristic types. This dataset has been
widely used in ocean research in recent years (Ding et al., 2023;
Zhang et al., 2023; Wang et al., 2018, 2022).

Considering the computational resources and running time,
this study selected multiple nodes and characteristics from differ-
ent geographical regions (the South China Sea and East China
Sea) for research. The time resolution was six hours, and the time
range was from 0:00 on January 1, 2003, to 0:00 on August 14,
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Fig. 4.   Cross-characteristic attention and transformer.
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2023. The dataset is described in detail as follows. It should be
noted that the timestamps of the South China Sea and East China
Sea datasets are consistent, and both datasets contain 30 120
timestamps.

The sea area ranges for the two datasets are shown in Fig. 5.
In the SCS observation area, 91 points were selected from 11°–
17°N and 111°–117°E, with a spatial resolution of 1° × 0.5°. In
the East China Sea observation area, 90 nodes were selected
from 25°–33°N and 123°–127.5°E, with a spatial resolution of
1° × 0.5°.

According to previous studies (Hashim et al., 2016; Li et al.,
2022; Luo et al., 2022), wave height, wave period, WSD, DWI,
pressure, and SST play dominant roles in SWH prediction. There-
fore, the following seven characteristics were selected from the
ERA5 reanalysis data: SWH, MWP, SST, MSL, 10-m wind U com-
ponent, 10-m wind V component, and MWD.

U V

The 10-m wind U component is the component along the lat-
itudinal direction, and the 10-m wind V component is the com-
ponent along the longitudinal direction, which cannot directly
reflect DWI and WSD (Wang et al., 2018). Therefore, according to
Eqs (21) and (22), we recalculated two new characteristics, DWI
and WSD, replacing them with  and :

DWI = mod

(
+


π

arctan (U, V) , 

)
, (21)

WSD =
√

U
 + V

, (22)

mod (·) arctan (·)where  represents the modulo operation, and 
is the function to calculate the azimuth angle.

Finally, this study classified the above seven characteristics
into the following three categories according to the STDG model
input: (1) the main characteristic, SWH, which is the target vari-
able to be predicted; (2) auxiliary characteristics, including MWP,
SST, and MSL, which affect wave characteristics and changes;
and (3) driving characteristics, including WSD, DWI, and MWD,

which determine wave formation and propagation.

3.2  Data preprocessing
Different characteristics have different standards and mag-

nitudes; to transform multiple characteristics into a unified scale
and eliminate the influence of units and scale differences, this
study adopted the Z-score standardization method to preprocess
the data, which was defined as follows:

x′ =
x− μ
σ

, (23)

x′

μ σ

where  is the standardized characteristic, x is the original char-
acteristic, and  and  are the mean and standard deviation of
the original characteristic, respectively.

X ∈ RT×N×M T
N M

Q

P w ∈ RP×N×M

w ∈ RQ×N×

Xin ∈ RT
′
×P×N×M

Yout ∈ RT
′
×Q×N× T

′

To achieve multistep prediction, this study used a sliding win-
dow to select the data. Specifically, given the multi-node multi-
characteristic ocean data , where  is the total num-
ber of time steps,  is the number of nodes, and  is the num-
ber of characteristics, assuming that the SWH in the next  hours
is predicted based on the multi-characteristic wave data in the
previous  hours, the input  and output windows

 were used to determine model input and output
data, and these two windows were cut along the time dimension
step by step, thus obtaining the STDG model input 

and actual output sets , where  is the num-
ber of samples after cutting.

T
′

This study divided the dataset into three categories according
to the number of samples : the first 70% of the dataset was used
as training data, the next 20% was used for validation, and the re-
maining 10% was used as test data. In particular, the original
datasets of the South China Sea and the East China Sea encom-
pass 30 120 timestamps, respectively. Subsequently, the original
dataset was partitioned by the sliding window, resulting in a divi-
sion into 30 081 samples. Each sample comprises input data with
a window size of 28 and output data with a window size of 12. The
data samples were classified into three categories: a training set
with 21 057 samples, a validation set with 6 016 samples, and a
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Fig. 5.   The sea area range of the two datasets.
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test set with 3 008 samples.

3.3  Model hyperparameter setting and statistical metrics
The proposed method was implemented using Python 3.8

and Pytorch 1.10.0 and successfully executed and tested on a
Windows 10 platform equipped with a 12th Gen Intel(R) Core
(TM) i5-12400F CPU@2.50 GHz, an NVIDIA Geforce RTX 3080
(PCI-E) 10 GB GPU card, and 16 GB DDR4 memory.

This study used mean absolute error (MAE) as the loss func-
tion and trained the STDG model using the Adam optimizer
(Kingma and Ba, 2015). The hyperparameters and best model
were determined based on the performance of the validation set.
In the SDGC module, we set the node embedding dimension dim
to 40, the dropout to 0.1, and the number of heads of the multi-
head self-attention to 4. For the temporal convolution module,
we set the dilation factor to 1. For the graph convolution module,
we set the dropout to 0.3, the depth D of the graph convolution to
2, and the retention coefficient of the initial information in each
graph convolution operation to 0.05. For the CCTF module, we
set the number of cross-characteristic attention blocks K to 4,
batch size to 64, learning rate to 0.000 5, and training epochs to
500, and stopped training when the validation loss did not de-
crease for 30 consecutive epochs to prevent model overfitting.
This study used 28 historical time steps to predict SWH for the
following 12-time steps.

As no single evaluation indicator can reflect all aspects of
model prediction (Luo et al., 2022), this study used three differ-
ent indicators to evaluate the model. These are the root mean
square error (RMSE), MAE, and coefficient of determination (R-
square, R2). Their definitions are

RMSE =

√√√√ 
n

n∑
i=

(yi − ŷi)
, (24)

MAE =

n

n∑
i=

|yi − ŷi| , (25)

R = −

n∑
i=

(yi − ŷi)


n∑
i=

(yi − yi)

, (26)

n yi ŷi
yi

R

R

where  is the data length,  is the i-th sample actual value,  is
the i-th sample predicted value, and  is the mean of the ob-
served values, the RMSE is very sensitive to outliers in the data
and can be used to comprehensively evaluate the prediction
process. The MAE is the average of the absolute errors between
the actual and predicted values, which can reflect the overall
prediction performance. The smaller the RMSE and MAE values,
the higher is the model prediction accuracy (Geng et al., 2021),
the  describes the proportion of the variance of the dependent
variable to the total variance explained by the model. The
larger the , the stronger is the correlation between the inde-
pendent and dependent variables, and the better the model per-

formance.

4  Results and discussion

4.1  Experimental results and analysis
Considering that the use of numerical models for wave pre-

diction is time-consuming and computationally expensive,
this study compared the performance of STDG with mainstream
deep learning methods (LSTM, GRU, convolutional long-term
time series network (CLTS-Net), multivariate time series fore-
casting with graph neural network (MTGNN), and MCMN) in
multi-node SWH prediction under different prediction scales.
These methods are centered on RNN, convolutional neural net-
work (CNN), and GNN, covering three dimensions of deep learn-
ing technology, as listed in Table 1. This study will further com-
pare and analyze these deep learning methods through the com-
parison of these three dimensions. The objective is to illustrate
the importance of considering temporal dependencies, spatial
dependencies, and explicit modeling in the task of SWH predic-
tion.

The specific descriptions of these methods are as follows:
LSTM (Pirhooshyaran and Snyder, 2020): This method is

based on an LSTM network and a sequence-to-sequence frame-
work and performs well in SWH prediction.

GRU (Li et al., 2022): This method is based on a GRU that
learns the long-term pattern between multivariate sequence data
and achieves robust short- and long-term wave height forecasts.

CLTS-Net (Li et al., 2021): This method uses a CNN to discov-
er the local dependency patterns between multidimensional in-
put variables and uses an LSTM layer and skip connections to
capture complex long-term patterns. Finally, it uses a parallel
combination of a traditional autoregressive linear model and a
nonlinear layer to obtain more robust prediction results.

MTGNN (Wu et al., 2020): This method adapts to learn the
spatial dependency relationship of multiple nodes by construct-
ing a static graph of long-term patterns, and then aggregates fea-
tures using temporal and graph convolutions.

MCMN (Zhang et al., 2023): This method proposes a spati-
otemporal GNN, that performs multi-characteristic fusion ac-
cording to the lag effect between ocean characteristics. In addi-
tion, the model learns the spatial dependency of wave data by
fusing the long- and short-term patterns between nodes.

In this study, experiments were conducted using STDG and
five comparative methods. First, to verify the generalization
and robustness of the STDG method, this study uses different
sea area datasets (South China Sea and East China Sea) to train,
verify, and test the method. Secondly, this study continuously
predicts the SWH for 6 h, 12 h, 24 h (1 d), 48 h (2 d), and 72 h
(3 d) on the test datasets of these two sea areas. The results are
shown in Tables 2 and 3. The boldface in the table indicates the
best prediction and the underline indicates the second-best
prediction.

R
The comparison of Table 2 and Table 3 shows that, firstly,

these six methods have lower MAE and RMSE and higher  on
the South China Sea dataset than on the East China Sea dataset,
indicating that all the methods have better performance on the
South China Sea dataset. This may be due to differences in

 

Table 1.   Comparison method classification
Classification Method Specific description

RNN LSTM, GRU These methods model temporal dependencies.

CNN CLTS-Net This method models temporal and spatial dependencies.

GNN MTGNN, MCMN These methods explicitly model multiple node spatial dependencies.
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oceanography, climate, and geographical conditions between the
two datasets. It can also be seen from Fig. 5 that, in addition to
the different longitude and latitude of the two selected sea areas,
the South China Sea is deeper than the East China Sea in most
areas. These different factors may make the ocean dynamic pro-
cess of the South China Sea more complicated. For the model, a
good data distribution is easier for the model to learn, and a data
set with more noise is more likely to affect the prediction accur-
acy of the model, which leads to the results of the South China
Sea being better than those of the East China Sea.

Secondly, these six methods have achieved high prediction
accuracy in the short-term prediction of both data sets, and as
the prediction step size increases, the change trend of the predic-
tion results is consistent. However, the difference is that STDG
has lower MAE and RMSE and higher R-square compared to oth-
er methods. Therefore, in terms of capturing the spatial-tempor-
al characteristics of short-term waves and making long-term pre-
dictions, the prediction performance and generalization of STDG
are better than those of other methods.

Figure 6 intuitively compares the prediction performances of
different methods, where the horizontal axis is the prediction
duration and the vertical axis is the error value. Different curve
colors represent different methods. It can be seen from Fig. 6 that
STDG performs well over different time ranges.

The STDG builds a spatial dependency graph to fuse dynam-
ically changing input data, which can effectively capture the spa-

tial dependency between multiple nodes. CLTS-Net, LSTM, and
GRU do not consider the spatial dependency between multiple
nodes; therefore, their prediction performances are inferior to
those of the MTGNN, MCMN, and STDG. The MCMN and MT-
GNN employ graphs to describe the information propagation dir-
ection between multiple nodes over time. Compared with other
methods, they achieved better results. However, the spatial de-
pendence modeled by the MTGNN is fixed and cannot flexibly
handle dynamically changing spatial dependencies. The MCMN
improves performance significantly by fusing multiple character-
istics using the time lag between them and by constructing a dy-
namic graph using a self-attention mechanism. However, com-
pared with the STDG, it still has some limitations because it does
not construct a dynamic graph from the wind-wave relationship
but directly uses the fused characteristics to construct a dynamic
graph, which reduces model interpretability. In addition, al-
though the accuracy of ERA5 data is not very high as reanalysis
data, the STDG model still shows good prediction performance
on this dataset by considering multi-characteristic fusion and dy-
namic graph modeling.

4.2  Visual comparison of prediction results
To visually compare the prediction results, this study selected

GRU and MCMN, two excellent comparative methods, as repres-
entatives and visualized the prediction results on the test set of
the South China Sea and East China Sea data together with

 

Table 2.   The average prediction results of forecasting methods
for 91 nodes in the South China Sea
Time
step

Metrics LSTM GRU CLTS-Net MTGNN MCMN STDG

6 h

MAE 0.096 3 0.094 3 0.157 3 0.094 0 0.093 5 0.090 4

RMSE 0.159 9 0.152 4 0.221 7 0.150 2 0.149 8 0.143 1

R 0.972 8 0.975 3 0.947 7 0.976 0 0.976 9 0.978 2

12 h

MAE 0.173 1 0.171 8 0.207 5 0.145 8 0.143 0 0.139 3

RMSE 0.279 0 0.272 9 0.306 3 0.233 5 0.230 2 0.221 9

R 0.917 2 0.920 8 0.900 2 0.942 0 0.945 3 0.947 6

18 h

MAE 0.239 4 0.238 2 0.265 0 0.193 6 0.190 9 0.182 5

RMSE 0.381 9 0.375 8 0.398 0 0.312 8 0.312 6 0.291 5

R 0.844 9 0.849 7 0.831 5 0.895 9 0.896 1 0.909 6

1 d

MAE 0.295 4 0.294 8 0.315 4 0.239 1 0.231 7 0.220 1

RMSE 0.465 6 0.461 1 0.478 7 0.385 7 0.364 2 0.352 5

R 0.769 3 0.773 8 0.756 2 0.841 7 0.855 6 0.867 8

2 d

MAE 0.472 5 0.471 6 0.478 1 0.422 3 0.417 3 0.381 3

RMSE 0.708 8 0.704 5 0.712 3 0.646 2 0.632 3 0.583 3

R 0.465 4 0.471 8 0.460 1 0.555 7 0.577 4 0.637 9

3 d

MAE 0.561 9 0.559 0 0.562 4 0.537 9 0.526 1 0.502 4

RMSE 0.809 2 0.802 8 0.804 3 0.783 1 0.776 9 0.731 0

R 0.302 9 0.313 8 0.311 2 0.347 1 0.350 7 0.431 0

 

Table 3.   The average prediction results of forecasting methods
for 90 nodes in the East China Sea
Time
step

Metrics LSTM GRU CLTS-Net MTGNN MCMN STDG

6 h

MAE 0.153 8 0.154 5 0.173 1 0.142 5 0.142 2 0.141 8

RMSE 0.266 6 0.268 6 0.295 9 0.231 0 0.229 7 0.226 8

R 0.915 0 0.913 7 0.895 3 0.936 2 0.937 3 0.938 5

12 h

MAE 0.272 0 0.271 2 0.284 8 0.228 8 0.228 5 0.228 0

RMSE 0.457 8 0.459 4 0.473 5 0.375 3 0.373 2 0.363 4

R 0.749 3 0.747 5 0.731 8 0.831 5 0.836 1 0.842 0

18 h

MAE 0.368 4 0.367 2 0.378 4 0.308 8 0.307 6 0.299 3

RMSE 0.602 7 0.605 4 0.617 6 0.507 5 0.505 6 0.480 9

R 0.565 5 0.561 6 0.543 6 0.691 8 0.694 2 0.723 4

1 d

MAE 0.436 4 0.435 1 0.446 1 0.373 5 0.369 5 0.350 5

RMSE 0.702 5 0.703 3 0.720 2 0.610 1 0.605 9 0.573 1

R 0.409 7 0.408 3 0.379 4 0.554 7 0.560 8 0.607 1

2 d

MAE 0.562 6 0.562 7 0.573 2 0.517 8 0.516 8 0.498 9

RMSE 0.874 0 0.869 3 0.886 0 0.806 7 0.794 1 0.763 9

R 0.086 0 0.095 9 0.060 8 0.221 4 0.245 5 0.318 6

3 d

MAE 0.587 8 0.587 5 0.597 9 0.559 7 0.559 7 0.551 9

RMSE 0.917 3 0.908 2 0.910 0 0.866 8 0.866 3 0.845 6

R 0.006 9 0.013 0 0.009 1 0.101 0 0.102 0 0.144 5
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Fig. 6.   The average MAE, RMSE, and R-square of the prediction methods in the South China Sea.
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STDG.

4.2.1  Prediction effect of SWH in the sea area

This study conducted 6-hour multi-node predictions on three

methods on test data sets in different sea areas. The prediction
results are shown in Figs 7 and 8.

It can be seen from Figs 7 and 8 that (1) as time changes, the
SWH distribution in the same area is different, and the three
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Fig. 7.   Predicted values, true values, and RMSE for three methods.
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Fig. 8.   Coefficient of determination of three methods.
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methods can effectively capture the dynamic changes in the SWH
distribution. (2) Compared with GRU, the RMSE of MCMN and
STDG is lower, which illustrates the effectiveness of considering
spatial dependencies. (3) For large-value areas of SWH, the
RMSE of GRU and MCMN is higher than that of STDG, which
shows that the prediction capabilities of GRU and MCMN are
limited for large-value areas of SWH. (4) In different sea areas,
the coefficient of determination of STDG is higher than that of

MCMN and GRU, indicating that the correlation between the
predicted value of STDG and the true value is higher. In sum-
mary, the predictive performance of STDG is better than other
methods.

4.2.2  Prediction results of SWH at a single node
This study compared the prediction effects of the three meth-

ods on a single node with the actual values. Figure 9 shows the
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Fig. 9.   Significant wave height prediction effect of single node.
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prediction results for 6 h, 12 h, 18 h, and 1 d, where the horizont-
al axis is the time of the test sample, the vertical axis is the corres-
ponding SWH, the blue curve represents the actual SWH, and the
yellow, red, and green curves represent the SWH prediction val-
ues obtained by GRU, MCMN, and STDG, respectively.

It can be seen from Fig. 9: (1) In different sea areas, the SWH
oscillation amplitude of Node 59 in the South China Sea is high,
while the SWH of node 84 in the East China Sea is relatively
stable. All methods tend to give more robust predictions in the
stationary series. In the 6 to 18 h forecast, MCMN and STDG pre-
dict extreme values better than GRU, showing that the considera-
tion of spatial dependency positively affects the prediction of ex-
treme values. In the 1 d forecast, the forecast results of all meth-
ods deviate from the actual results due to the increase of the fore-
cast time and the uncertainty of the wave motion, but when deal-
ing with the decreasing phase of the curve, the forecast results of
STDG are more accurate. (2) In the same sea area, the longer the
forecast lead time, the lower the forecast accuracy of each model.
Although all methods showed varying degrees of offset, the per-
formance of GRU and MCMN was most affected, while STDG was
able to maintain relatively accurate forecasts within 18 h and re-
mained more robust over longer forecast periods. (3) In short,
STDG can provide more robust forecasts within the 12 h forecast
range, is more effective at predicting extreme values, and can also
show some advantages at longer forecast times.

4.3  Ablation experiment
To evaluate the effectiveness of each component module of

STDG, an ablation study was conducted on the two test datasets,
and three variants were designed: STDG w/o SDGC, STDG w/o
dynamic graph convolution (DGC), and STDG w/o CCTF.

(1) STDG w/o SDGC: This variant removed the SDGC mod-
ule and retained only the temporal convolution module to verify
the importance of considering spatial dependencies.

(2) STDG w/o DGC: This variant removed the DGC of the
short-term pattern and retained only the graph convolution of
the long-term pattern to verify the importance of considering the
short-term pattern.

(3) STDG w/o CCTF: This variant removed the CCTF and pro-
cessed only the SWH to verify the importance of fusing auxiliary
characteristics.

The results of the ablation experiment are listed in Table 4,

which shows that prediction accuracy decreased when each
STDG module was removed. The STDG results in the East China
Sea also verify the effectiveness of the proposed module, as the
experimental results of the ablation experiments in the East
China Sea dataset are similar to those in the South China Sea.
Limited by the length of the article, this study shows only the
South China Sea experimental results.

4.4  Discussion

4.4.1  Predicted results for different wave levels and seasons
To evaluate the prediction effect of STDG, this study visual-

ized the STDG 6 h future forecast results for different wave levels
and different seasons, as shown in Figs 10 and 11. It is worth not-
ing that this study divides waves into three levels based on the
maximum SWH that occurs in the sea area and refers to the
Douglas wave classification scale (Owens, 1982): small waves
(below 2 m), medium waves (2–4 m), and large waves (above
4 m). In addition, this study also analyzes the prediction perform-
ance of STDG from a seasonal perspective based on the seasonal
variations of the ocean (Ti et al., 2022). Among them, the seasons
corresponding to each row of subplots in Figs 10 and 11 are
“winter” “spring” “summer” and “autumn” respectively.

It can be seen from the different seasonal perspectives in
Fig. 10 that (1) in the South China Sea, the SWH maximum from
spring to early summer (Figs 10c–e) is relatively small throughout
the season, and STDG has a low RMSE; therefore, STDG has the
best prediction performance at this time. (2) In summer and au-
tumn (Figs 10f and g), due to the influence of monsoon changes,
the wind and wave directions in the central part of the South
China Sea are relatively disordered. The RMSE of the STDG in the
large value range is less than 0.4 m and remains low in most
areas. (3) In early winter (Fig. 10a) and late autumn (Fig. 10h),
large waves are common in the South China Sea due to the influ-
ence of typhoons. The RMSE of STDG in the large value range is
between 0.4–0.7 m, but STDG still has a low RMSE in most areas.
In short, STDG can make reasonable predictions with seasonal
variations, has high accuracy and stability, and can effectively
predict SWH in different seasons.

In the wave predictions of different levels in Fig. 10, the pre-
diction results of STDG have achieved high accuracy. The RMSE
of the medium and small waves (Figs 10b–f) is less than 0.3 m,
while in the large wave areas (Fig. 10a and Figs 10g–h), the RMSE
is less than 0.3 m in most areas, but there are also obvious overes-
timations or underestimations in individual locations, with the
RMSE reaching more than 0.4 m, which may be caused by un-
stable noise in the predictions. Since STDG uses past wind direc-
tions and wave characteristics to make predictions, a reasonable
explanation is that the basic wind-wave relationship at these loc-
ations is weak, and waves are affected not only by wind and sea-
son, but also by local water depth and typhoons. Despite this,
STDG can still provide robust and good predictions of SWH for
most of the South China Sea.

In Fig. 11, similar conclusions can be obtained from the ana-
lysis of different seasons and different levels: (1) In the East China
Sea, the maximum value of SWH from winter to early summer
(Figs 11a–e) is lower than that at other times, with SWH below
3 m. The wave levels are medium and small waves, and the RMSE
of STDG remains below 0.5 m, indicating that STDG has the best
prediction performance at this time. (2) From mid-summer to the
entire autumn (Figs 11f–h), with the appearance of large waves,
the prediction performance of STDG decreases slightly, but it can
stay below 0.8 m. Therefore, STDG can provide robust and good

 

Table 4.   The prediction results of the ablation study on the
South China Sea dataset

Time step Metrics STDG
STDG

w/o CCTF
STDG

w/o DGC
STDG

w/o SDGC

6 h

MAE 0.090 4 0.096 2 0.093 0 0.093 3

RMSE 0.143 1 0.147 6 0.146 9 0.146 1

R 0.978 2 0.976 8 0.977 0 0.977 3

12 h

MAE 0.139 3 0.146 9 0.141 9 0.146 4

RMSE 0.221 9 0.222 7 0.222 2 0.228 2

R 0.947 6 0.947 2 0.947 0 0.944 6

1 d

MAE 0.220 1 0.229 7 0.229 4 0.237 8
RMSE 0.352 5 0.352 5 0.357 3 0.369 3

R 0.867 8 0.867 8 0.864 2 0.854 9

2 d

MAE 0.381 3 0.391 5 0.392 3 0.417 1

RMSE 0.583 3 0.588 1 0.594 1 0.620 6

R 0.637 9 0.632 0 0.624 4 0.590 2

3 d

MAE 0.502 4 0.509 0 0.511 1 0.534 0

RMSE 0.731 0 0.736 0 0.746 5 0.759 7

R 0.431 0 0.423 2 0.406 6 0.385 5
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predictions of SWH in most areas of the East China Sea.

Considering that large waves are more harmful, this study fur-

ther analyzed the prediction results of large waves. Since large

waves appear randomly in different locations and at different

times, this study first screened out the prediction results of large

waves from the test data of the two sea areas (the time range was

from June 2019 to August 2023) and counted the true value and

predicted value of large waves at each node. On this basis, this
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Fig. 10.   Predicted value, true value, and RMSE of STDG in different seasons and levels in the South China Sea.
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Fig. 11.   Predicted value, true value, and RMSE of STDG in different seasons and levels in the East China Sea.
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study calculated the frequency of large waves at each node, as
shown in Fig. 12, and calculated the MAE, RMSE, and R-square of
large waves in the test data of STDG, as shown in Fig. 13. Each
square represents a node in the sea area, and the coordinate axis
represents the longitude and latitude of each node. The lower the
MAE and RMSE, the more accurate the model. It is important to
note that the R-square can take on negative values, ranging from
negative infinity to zero. Negative values indicate that the model
under consideration is less effective than a simple average,
whereas positive values indicate that the model under considera-
tion is more effective than a simple average. It is important to
note that due to the inconsistency in the number and timestamps
of the large waves recorded at each node, the figures (Figs 12 and
13) only reflect the geographical relationship between the nodes
and are unable to provide any information regarding node asso-
ciations.

As shown in Fig. 12, the frequency of large waves in the test

data set is relatively low in the northwest corner and southeast
part of the South China Sea, the northwest of the East China Sea,
and its northern boundary. In contrast, the frequency of large
waves is high in other areas. Concomitantly, the frequency of
large waves is reflected in the evaluation indicators. As shown in
Fig. 13, in regions with a relatively high frequency of large waves,
the MAE and RMSE of the nodes are lower, and the R-square is
higher, indicating that the STDG model can predict the occur-
rence of large waves with greater reliability for the majority of
nodes. Nevertheless, for certain nodes with a low frequency of
large waves, the predictive performance of the STDG model was
suboptimal.

Many factors affect the prediction performance of nodes.
First, as shown in Fig. 5, nodes with poor prediction effects are
usually situated in the boundaries of the sea area and are relat-
ively close to the land. The STDG model is based on graph struc-
ture modeling, which is insufficient for capturing the spatiotem-
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Fig. 12.   Distribution of the number of large wave classes at different nodes in the test data.
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Fig. 13.   The MAE, RMSE, and R-square of STDG model for large wave prediction in the South China Sea (SCS) and East China Sea
(ECS) test data.
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poral features of these boundary nodes. Secondly, the uncer-
tainty and low frequency of large waves make the STDG model
insensitive to the occurrence of large waves, thereby limiting its
prediction capabilities. Consequently, in future studies, it is re-
commended to introduce more spatiotemporal features and en-
vironmental factors to enhance the sensitivity of the model to
large waves, thereby improving the prediction performance of
boundary nodes.

4.4.2  The dynamic information propagation mechanism of waves
To analyze the dynamic information propagation mechan-

ism of waves in multiple nodes in STDG, this study selected
multi-characteristic data in each month of 2022 from the test
dataset of East China Sea and South China Sea, input it into the
trained model, and thus constructed the graph adjacency matrix.
Since the adjacency matrix is not easy to observe, this study con-
verts the adjacency matrix into an actual sea area map for analys-
is. Limited by the length of the article, only the adjacency matrix
visualization of the SCS is given here, as shown in Fig. 14.

It can be observed from Fig. 14 that the wave propagation in
different months changed dynamically and could be divided into
two different modes. Among them, the heat maps from January-
May (Figs 14a–e) and October-December (Figs 14j–l) have simil-
ar propagation patterns, whereas the heat maps from June-Au-
gust (Figs 14f–h) show a different pattern. Specifically, in the two
periods of May-June (Figs 14e and f) and September-October

(Figs 14i and j), the wave direction will change significantly. This
phenomenon is more intuitive, as shown in Fig. 15.

Since the adjacency matrix is not easy to observe, for better
analysis, this study converts the adjacency matrix into node in-
formation propagation direction and intensity and plots it on the
latitude-longitude grid as shown in Figs 15 and 16.

As shown in Fig. 15, wave information propagation is a dy-
namic process. Specifically, from January to May (Figs 15a–e) and
October to December (Figs 15j–l), the information propagation
from the northeast dominated, whereas from June to August
(Figs 15f–h), the information propagation primarily originated
from the southwest. This seasonal variation in wave propagation
can be explained by the direction of wind patterns in the South
China Sea.

As the DWI in the South China Sea is primarily affected by the
Australian (Asian monsoon) in this area (Mirzaei et al., 2015), the
monsoon system comprises alternating summer (southwesterly)
and winter (northeasterly) monsoons. During the summer mon-
soon (June-August), the prevailing southwesterly wind over the
South China Sea (Zhai et al., 2021) causes waves to follow a
southwestward direction. During the transition period of the
summer monsoon (September-November), as the Siberian high-
latitude airflow influence gradually increases (Dando, 2005), the
wave direction of the South China Sea gradually turns southwest-
ward and southward along the Malay Peninsula. From approxim-
ately November, the Siberian high-latitude airflow drives the air
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Fig. 14.   Presents a visual representation of the adjacency matrix, which was derived from the data collected in each month of 2022 on
the South China Sea test set. The adjacency matrix is employed to describe the direction and intensity of information propagation
among the 91 nodes in the South China Sea. Each value in the adjacency matrix represents the propagation of a specific piece of in-
formation from a node on the horizontal axis to a node on the vertical axis. The color of the value indicates the extent of wave informa-
tion propagation between the two nodes. The darker the color, the greater the intensity of information spread.
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around the anticyclone, which carries the air from Siberia across
China and blows out from the South China Sea over the Nansha
Islands. Thus, during the winter monsoon (December-May of the
following year), the prevailing northeasterly wind over the South
China Sea causes the wave direction to follow the northeastward
direction.

The results for the East China Sea in Fig. 16 also show the dy-
namic seasonal variation mechanism. From January to March
(Figs 16a–c) and October to December (Figs 16j–l), the informa-
tion propagation in the north dominates; from April to Septem-
ber (Figs 16d–i), the information propagation originates from the
southeast direction, which is also consistent with the results of
related studies (Hisaki, 2023; Wang et al., 2016).

Furthermore, this study employed the test data from 2020 to
investigate the dynamic seasonal variation mechanism across
different years. Specifically, this study employed the test data to
generate the 2020 adjacency matrix, which was then compared
and analyzed with the 2022 adjacency matrix. The results are
shown in Fig. 17. Each year is comprised of 12-month adjacency
matrices. These adjacency matrices reflect the mode of informa-
tion propagation of the nodes under consideration during a spe-
cified month. To ascertain the degree of similarity between the
adjacency matrices of any two months in different years, this
study employs the use of cosine similarity, which is a measure of
the similarity of the two matrices in terms of their information
propagation mode. The cosine similarity calculation results
range between –1 and 1. When the result is closer to 1, the in-
formation propagation mode of the two matrices is more similar.
To illustrate, in Fig. 17a, the cosine similarity between December

2020 and December 2022 exceeds 0.8, indicating a high degree of
similarity between the two. Through the visualization of the adja-
cency matrix, it can be seen in Fig. 17a that the information
propagation mode of the two adjacency matrices is from the
northeast.

It can be seen in Fig. 17: (1) The diagonal of the matrix exhib-
its a high degree of similarity, indicating that the corresponding
months of 2020 and 2022 have similar adjacency matrices. This
similarity is reflected in the information propagation direction of
the node. In the South China Sea (Fig. 17a), the information
propagation in December 2020 and 2022 is primarily from the
northeast direction. In April in the East China Sea (Fig. 17b), the
information propagation in 2020 and 2022 is primarily sourced
from the east. (2) In the South China Sea (Fig. 17a), the months
with a cosine similarity greater than 0.5 in the matrix appear in a
cyclical pattern across different regions. From the perspective of
the months in question, this can be divided into two distinct
modes. One mode tends to emerge from January to April and
from October to December, while the other mode emerges from
May to September. This is consistent with the dynamic seasonal
variation mechanism of the South China Sea. (3) The matrix of
the East China Sea (Fig. 17b) also exhibits two similar patterns.
The adjacency matrix structure similarity is higher from January
to March and from October to December, while the similarity is
higher from April to September. This is consistent with the con-
clusion of dynamic seasonal variations in the East China Sea.

Therefore, the dynamic graph constructed by the STDG
shows that the waves have a dynamic seasonal variation mechan-
ism in space. This finding indicates that it is reasonable and ef-
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Fig. 15.   Geographic visualization of the adjacency matrix for each month of 2022 on the South China Sea test set. The arrows repres-
ent the direction of wave propagation between nodes. The darker the color of the curve, the more information is transmitted between
nodes.
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Fig. 16.   Geographic visualization of the adjacency matrix for each month of 2022 on the East China Sea test set. The arrows represent the
direction of wave propagation between nodes. The darker the color of the curve, the more information is transmitted between nodes.
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Fig. 17.   Comparison of cosine similarity matrix results for each month in different years.
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fective to fuse the dynamic driving characteristics of waves in the
construction of dynamic graphs, which not only improves the
predictive ability of the SWH of multiple nodes but also ensures
that the constructed dynamic graph is consistent with the sea-
sonal variation mechanism of waves. Furthermore, the dynamic
graph constructed by the STDG can provide a reference for the
design and use of WEC arrays to improve the power generation
efficiency of wave energy.

5  Conclusions and future work
This study proposes a multi-node SWH prediction method

based on dynamic graph modeling and multi-characteristic fu-
sion, namely STDG. This method employs a unified graph struc-
ture comprising the coordinate points of different latitudes and
longitudes in the sea area, with dynamic graphs used to capture
the evolving graph structure over time. In consideration of the
seasonal variations in the wave direction over time, which are the
joint effects of long-term and short-term patterns, this study em-
ploys node embedding to adaptively learn fixed and static long-
term patterns in data. Based on the long-term patterns, this study
designed an SDGC module that can generate short-term pat-
terns based on long-term patterns and dynamic inputs. These
two patterns are then input into their respective graph convolu-
tion modules for further calculations. In addition, for the correla-
tion of multiple characteristics with the SWH, this study de-
signed a CCTF module that can effectively fuse multiple charac-
teristics and enhance the accuracy of SWH prediction.

To verify the performance of the STDG, seven ocean charac-
teristics were selected as input at multiple nodes in two different
sea areas of the South China Sea and East China Sea. These char-
acteristics were significant wave height, mean wave period, sea
surface temperature, mean sea level pressure, 10 m wind U com-
ponent, 10 m wind V component, and mean wave direction. This
study compared the STDG with five methods, namely LSTM,
GRU, CLTS-Net, MTGNN, and MCMN, and employed MAE,
RMSE, and R-square as the evaluation indicators for the predic-
tion of SWH over the next 72 h.

In the South China Sea and East China Sea datasets, STDG
demonstrated the best performance in the prediction results over
different time steps. Especially when predicting SWH in the next
24 h, the STDG showed a higher prediction accuracy in dealing
with extreme values and curve decline stages. In addition, the dy-
namic graph analysis results showed that when predicting multi-
nodal SWH for different months, the dynamic graph constructed
by STDG showed seasonal variations; this is consistent with the
conclusions of the existing research.

However, this study has some limitations. For example, it is
unable to predict multiple ocean characteristics simultaneously
and requires further verification with in situ data. Additionally,
consideration of the differences between different locations is ne-
cessary. Therefore, in future research, we plan to combine exist-
ing observational data and bathymetry information and con-
struct a multi-characteristic ocean prediction model to simultan-
eously predict multiple ocean characteristics and further explora-
tion of model interpretability.
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