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Introduction: Currently, deep-learning-based prediction of Significant Wave
Height (SWH) is mostly performed for a single location in the ocean or simply
relies on a single factor (SF). Such approaches have the disadvantage of lacking
spatial correlations or dynamic complexity, leading to an inevitable growth of the
prediction error with time.

Methods: Here, attempting a solution, we develop a Multi-Factor (MF) data-
driven 2D SWH prediction model for the Bohai, Yellow, and East China Seas
(BYECS). Our model is developed based on a multi-channel PredRNN algorithm
that is an improved deep-learning calculation of the ConvLSTM.

Results: In our model, the MF of historical SWH, 10 m surface winds, ocean
surface currents, bathymetries, and open boundaries are used to predict 2D SWH
in the next 1-72h. Our modeled SWHs show the correlation coefficients as 0.98,
0.90, and 0.87 for the next 6h, 24h, and 72h, respectively.

Discussion: According to the ablation experiments, winds are the dominant
factor in the MF model and the memory-decoupling module is the key
improvement of the PredRNN compared to the ConvLSTM. Furthermore,
when the historical SWH is excluded from the input, the correlation
coefficients remain around 0.95 in the 1-72h prediction due to the elimination
of the error accumulation. It was worse than the MF-PredRNN with the historical
SWH before 10h but better than it after 10h. Overall, for the prediction of SWH in
the BYECS, our MF-PredRNN-based 2D SWH prediction model significantly
improves the accuracy and extends the effective prediction time length.

KEYWORDS

multi factors-PredRNN, significant wave height, spatiotemporal forecast, long time
prediction, memory decouple
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1 Introduction

Ocean waves (hereinafter referred to as waves) are the most
common phenomenon in the ocean. Waves of extreme heights have
been regarded as marine disasters that threaten maritime operations
and navigation (Mahjoobi and Mosabbeb, 2009), and thus wave
forecasting has been an essential and indispensable routine in
maritime institutions worldwide (Gao et al., 2021).

As a most important parameter, the Significant Wave Height
(SWH) is used to characterize the statistical distribution of the wave
heights. Traditionally, based on the wave action balance equation, a
numerical model is able to calculate the SWH, e.g., by the recently
developed 3rd generation numerical wave models including SWAN
(Booij et al., 1999; Liang et al., 2019) and WaveWatch III (Tolman,
2009). These models run discrete calculations rather than
differential equations, at great expense in terms of consumption
of computational resources, and often introduce inevitable
systematic errors (Dong et al., 2022). Furthermore, the
inadequacy of numerical models to integrate data from new
observing systems and the drawbacks of inappropriate application
of large amounts of observing data are gradually becoming apparent
(Gao et al, 2022). In comparison, the recent development of big
data and artificial intelligence technologies provides a new data-
driven approach to the prediction of ocean waves. In particular,
deep learning has been noticed for its potential in wave prediction
(e.g., Portillo Juan and Negro Valdecantos, 2022). However, most
deep-learning approaches have been designed for a single location
without considering the spatial correlation with the surrounding
areas (e.g., Gao et al,, 2021; Jorges et al., 2021; Ning et al., 2021; Tang
et al,, 2021; Minuzzi and Farina, 2022; Song et al.,, 2023). This
inevitably reduces the accuracy in the prediction of the SWH at the
target location, because wave height is a 2D field and spatially
cross-correlated.

Alternatively, the convolutional long short-term memory
(ConvLSTM) (Shi et al, 2015) is a spatiotemporal predictive
learning algorithm that has been widely applied in 2D temporal
SWH prediction (e.g., Zhou et al., 2021; Han et al,, 2022; Song et al.,
2022; Wang et al., 2022a). Zhou et al. (2021) apply ConvLSTM to
single-factor (historical SWH) driven SWH prediction in the China
Sea, but the prediction period is limited to 24h due to the lack of
dynamic factors. In addition, an increasing number of studies have
used 10 m surface winds as the primary dynamic factor in the
spatiotemporal SWH prediction due to the close correlation
between SWH and winds (e.g., Bethel et al, 2021; Laface and
Arena, 2021; Wei and Chang, 2021). Kim et al. (2022) and Han
et al. (2022) improve the prediction accuracy in the calculation of
SWH at a leading time of 1-48h by incorporating both historical
winds and SWH as input to the ConvLSTM algorithm. This study,
however, does not update future winds, leading to rapid
development in the prediction errors over time. Bai et al. (2022)
obtain a 72h SWH prediction model for the South China Sea based
on the CNN algorithm, by introducing the future winds into the
SWH prediction model. In their model, the SWH prediction applies
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a direct multi-step ahead forecasting strategy (Bahrpeyma, 2021)
that prevents the model from making time-continuous predictions.
Considering the spatial and temporal correlation of waves, Ouyang
et al. (2023) use a double-stage ConvLSTM network to incorporate
future winds but neglect historical winds in the Atlantic Ocean
and promote wave prediction in the following three days. In
comparison, Song et al. (2022) used a recursive-based multi-step
ahead forecasting strategy to apply historical and future 10 m
surface wind data from numerical models to the SWH prediction
process based on the ConvLSTM algorithm in the South China Sea.
However, it only considers the effect of wind on SWH but ignores
other dynamical factors.

Although the ConvLSTM algorithm is the most widely used
artificial intelligence algorithm in spatiotemporal SWH prediction,
it still suffers from the drawbacks caused by its layer-independent
memory mechanism (Wang et al., 2017). To solve this problem,
Wang et al. (2017) propose a new spatiotemporal prediction
algorithm, so called Predictive Recurrent Neural Network V1
(PredRNN-V1), which enhances the ConvLSTM with a brand-
new spatiotemporal LSTM (ST-LSTM) unit that simultaneously
stores spatial and temporal representations. In addition, a newer
version named as PredRNN-V2 spatiotemporal prediction
algorithm is then developed to more effectively learn the long-
term and short-term dynamics of frames in spatiotemporal
observation by adding a new convolutional recurrent unit with a
pair of decoupled memory cells and reverse scheduled sampling
(Wang et al,, 2022c). Furthermore, the transformer recently made a
significant breakthrough in artificial intelligence algorithms. For
instance, the attention mechanism has also been applied to
spatiotemporal prediction algorithms (e.g., Lin et al, 2020; Gao
et al,, 2022). Specifically, in the prediction of SWH, the influence
scope of dynamic factors, such as winds and currents, is
limited by its own movement speed, and the architectures of
convolutional and recurrent neural networks can effectively
transfer spatiotemporal features. Therefore, in this study, the
PredRNN-V2 algorithm is used to predict the spatiotemporal
SWH (Wang et al., 2022c¢).

In addition to the choice of a deep learning algorithm, multi-
factor (MF) based calculation is also important to improve the
accuracy of SWH prediction (Minuzzi and Farina, 2022). Most 2D
wave predictions based on deep learning algorithms have used only
a single factor such as historical SWH while ignoring the influence
of other dynamic factors such as 10 m surface winds or ocean
surface currents (e.g., Zhou et al,, 2021; Wang et al., 2022b). In
comparison, Bai et al. (2022) and Song et al. (2022) have improved
the SWH prediction by adding the correlation of winds and waves,
based on the aforementioned works. Furthermore, Villas Boas et al.
(2019) have shown that ocean waves are strongly coupled to the
ocean surface currents and the overlying atmosphere. Karmpadakis
etal. (2020) summarize the statistical distribution of wave heights in
coastal seas and showed a close correlation between SWH and
bathymetries. Therefore, the MF of bathymetries and tides are
important for the calculation of the shelf sea area, e.g., the BYECS
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in this work, should be considered as the input of a spatiotemporal
SWH predictive learning model.

The main contributions of this work are as follows:

(I) We develop a Multi-Factor PredRNN (MF-PredRNN)
model for 1-72h prediction of the SWH in the BYECS, using MF
of 10 m surface winds, ocean surface currents, bathymetries,
historical SWH, and open boundaries (Table 1).

(IT) We perform ablation experiments on MF and the improved
algorithm components of the PredRNN to reveal their roles.

(III) The input sequence length as an important parameter and
the performance of the MF-PredRNN model under the high wave
condition is also investigated.

2 Materials and methods
2.1 Study area and data

In this paper, the study area is 24°N~41°N and 118°E~132°E in
the BYECS. The SWH is considered as the input sequence, the open
boundary, and the target of the prediction. Important for the
exchange of momentum and energy between the atmosphere and
ocean (He et al,, 2018), 10 m surface winds and ocean surface
currents are added to the SWH prediction as upper boundaries. The
SWH, 10 m surface winds and ocean surface current datasets are
selected from a 1 Jan 2011 to 31 Dec 2019. The SWH and 10 m
surface winds data are generated from a subset of ECMWF’s ERA5
reanalysis archive (www.ecmwf.int/en/forecasts/datasets/
reanalysis-datasets/era5, Hersbach et al., 2020). The ocean surface
currents are generated from numerical model ROMS (Yu et al,
2017 and Yu et al,, 2020). The 1-min resolution bathymetry (Choi
etal., 2002) that shows a strong statistical correlation with the SWH
(Karmpadakis et al., 2020) is added to the SWH prediction. All the
datasets are uniformly interpolated to 0.5°x0.5° spatial resolution,
1-hour temporal resolution using cubic spline interpolation. The
processed datasets contain 87,648 hours temporally, 35 x 29 data
matrix spatially, and consist of four different types of data. The
processed dataset is divided into a training set (2011-2017),
validation set (2018), and test set (2019), respectively. A mask
matrix of the same size as the data matrix is set to distinguish land
and sea, with land points set to 0 and sea points set to 1. The result is
dot-multiplied by the mask matrix to eliminate the influence of
land, and the points at the open and sea-land boundaries are

TABLE 1 The introduction of the data source.

10.3389/fmars.2023.1197145

removed in the loss function. Only the data within the open and
sea-land boundaries are trained and tested.

2.2 MF-PredRNN algorithm

In this study, the PredRNN algorithm (c.f. Wang et al., 2022¢) is
applied to predict the spatiotemporal SWH, which mainly proposes
these three improvements over the ConvLSTM algorithm:

1) Spatio-Temporal Memory Flow (STMF): The ST-LSTM
recurrent unit and the double flow memory transition mechanism
solve the problem of spatial feature loss from the top layer to the
bottom layer of ConvLSTM. The ST-LSTM replaces the previous
ConvLSTM as the basic recurrent unit of the stack structure, and
the original memory cell C and the new memory cell M are used
together for information transmission between the recurrent units.
The following are the memory state transfer formulas in the
recurrent unit ST-LSTM, where g, i, and f; used to calculate
horizontal propagation memory cell C represent the input
modulation gate, input gate, and forget gate respectively, gi, i
and f{ used to calculate the memory cell M which flows in the
zigzag direction, o, represents the output gate, ¢ represents the time,
I represents the layer of the stack structure, X, represents the input
data at time ¢.

g = tanh (Wygx Xy + Wy HLI)
ie = 6(Wyr X + Wiy % Hip)
o = O(Wiex X, + Whes Hi_y)
Cl=f,0C., +i0g
g = tanh(WigxX, + W +M{™)
i = O(WlixX, + W, +M )
£l = G(WiexX, + WMy )
M =filoM " +iog,

O = G(on"’ Xi + Wik Hi—l + Wt Clt + Wik Mi)

Period Spatial Resolution Temporal Resolution
SWH 2011-2019 0.5°% 0.5° 1 hour
10 m U-V component of wind 2011-2019 0.25°% 0.25° 1 hour
U-V component of ocean surface current 2011-2019 0.056°x 0.056° 1 hour
bathymetry — 0.017°x 0.017° —
— means from one moment to another.
Frontiers in Marine Science 03 frontiersin.org
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H} = 0, ® tanh (W, [C;, My]) )

2) Memory Decoupling (MD): The PredRNN algorithm adds
the decoupling module for memory cells C and M to decouple long-
term and short-term dynamics in transmission. The memory cell C,
which focuses on long-term motion, is used to transmit the
information from the previous moment, and the memory cell M,
which focuses on short-term motion updated across all the layers
and time steps, M is used to transmit the spatiotemporal
information from the previous layer and time step. The MD
module separates the character of C and M to improve the
information transmission. The equations are as follows,

Act Wdecouple X (ltogt)

AMt Wdecouple X (ltogt)
|AC], AMc|
L _— 2
deonple = 2220 AT | am]l @

where Wyecouple represents the convolution shared by all
recurrent units, Lgecouple 1S the memory decoupling regularization. ,
tand c represent the layers, time steps, and channels, (A C!, AM!)
represents the dot product of A C! and AM!, || A C! || represents the
L2 norm of AC.

3) Reverse Scheduled Sampling (RSS): To force the model to
learn long-term dynamics from historical data, the PredRNN
algorithm uses RSS as a new learning strategy that randomly
hides true data as training proceeds.

10.3389/fmars.2023.1197145

Compared with ConvLSTM, the STMF module and MD
module effectively use the long- and short-term dynamics and
spatial correlation to improve prediction accuracy, and the RSS
module promotes prediction accuracy by learning the long-term
characteristics of historical data. Furthermore, the multiple
channels of the PredRNN algorithm are used to combine multiple
factors and historical SWH data to improve the long-term
prediction accuracy of SWH.

2.3 Framework of the SWH
prediction model

The framework of the data-driven SWH prediction model based
on MF-PredRNN is shown in Figure 1. The input includes W, X,
and SWH open boundary data, and its output is represented by Y,
which is the predicted SWH data, where W represents SWH data; X
represents multi factors (MF) including the U and V components of
10 m surface winds, the U and V components of ocean surface
currents, and bathymetries. In the prediction process, the MF-
PredRNN model is modified to a one-step prediction based on the
recursive strategy. Taking the SWH prediction at time ¢ + 1 as an
example: firstly, the historical SWH (W, - - -, W;) from time 1 to
time t and the MF from time 2 to time t+1 (X5, --,X,,;) are
combined as the input to predict the SWH Y}, ; secondly, the SWH
at the open boundaries is imposed to correct the SWH Y;,, at open
boundaries; finally, Y,,; and X,,, are added to the input data
sequence to predict the SWH Y,,,. This process cycles and

Forecast Data

Yt+1 Yﬁz Yt+72
? ‘*I *l SWH
| ststv [ stistm [ ST—LSTM ]
[ ST-LSTM }-»[ ST-LSTM -»[ ST-LSTM ]
PredRNN
( ST-LSTM }-»[ ST-LSTM -»[ ST-LSTM J
[ ST-LSTM }_,[ ST-LSTM ]_.[ ST-LSTM ]
) 1 L)
Hlstorlcal Data Future Data
Wind £ . SWH ¢ %
Current J g "+/’,/,, < :‘g-'l‘/zﬁ,,. 3 1
Bathymetry‘ %% Lo * L £ < '\I,-_!’ PR Wind
h.- } A_ g ; &y - ; f %‘(.:ml:m
7 4 7 y ¥ Bathymetry
x2 W Tk Welyg o W R Xon

FIGURE 1

Framework of the MF-PredRNN-based SWH prediction model. The red lines show the imposed SWH at the open boundaries.
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iteratively predicts the SWH for 1-72h. In this study, we choose 12h
as the input sequence length.

2.4 Evaluation indicators

Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage Error (MAPE) are
chosen to evaluate the error between predicted values and
reanalysis data. MAE and MAPE measure the actual situation and
the proportion of error, while RMSE reflects the dispersion between
the predicted and reanalysis data. The Correlation Coefficient (CC)
is used to measure the linear correlation between predicted values
and reanalysis data.

3 Result
3.1 Results of prediction

As shown in Figure 2, The MAE of the MF-PredRNN predicted
SWH relative to the ERA-5 reanalysis in the first 12 hours is within
a small value (~0.2m) in most regions of the BYECS but increases
with time. After 12 hours, the MAE accumulates and is mainly
distributed in the Bohai Sea and the eastern Korean Peninsula with
the MAE of ~0.4m. The MAE gradually stabilizes after 24 h and

40°NA 4

35°N |-

30°N

25°N

10.3389/fmars.2023.1197145

there is no significant difference between the 24h and 72h.
According to our knowledge, the accumulation of MAE in the
Bohai Sea and the eastern Korean Peninsula is likely caused by the
complexity of the land-sea environment, and the sea area being
surrounded by land. Although the dataset is separated by a land-sea
mask, this also leads to eigenvalues in the offshore region.

In addition, scatter plots and the other evaluation indicators such
as RMSE, MAPE, and CC are used to evaluate the accuracy of the MF-
PredRNN-based SWH prediction at different times (Figure 3). For the
ME-PredRNN-based SWH prediction model, the CC decreases from
0.99 at 1h to 0.95 at 12h, 0.90 at 24h, and 0.87 at 72h, respectively, and
the RMSE increases from 0.04m at 1h to 0.26m at 12h, 0.36m at 24h
and 0.39m at 72h, respectively. The MAE at 24h is close to that at 72h,
but the scatter plot of the 72h forecast is more dispersed compared to
24h, indicating that the error inevitably accumulates gradually. This is
superior to the previous work. Due to the incomplete dynamic factors
and the drawbacks of the ConvLSTM algorithm, the predictive time
length of the ConvLSTM-based historical SWH-driven SWH
prediction model is limited as the CC decreased from 0.99 at 1h to
0.83 at the 24h while the RMSE increased sharply from 0.20m at 1h to
0.60m at 24h (Zhou et al.,, 2021). With the introduction of winds, the
ConvLSTM-based winds and historical SWH-driven SWH prediction
model performs better. The RMSE increased from 0.09m at 1h to
0.49m at 24h (Song et al., 2022). By using a double-stage ConvLSTM
network to incorporate future winds, the CC decreased from 0.95 on
day 1 to 0.82 on day 3 (Ouyang et al., 2023). To our knowledge, the

40°N

35°N

p{

30°N

250N E —e

J

L

L

120°E

125°E

130°E 120°E

125°E

130°E 120°E  125°E  130°E

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
Mean Absolute Error(m)

FIGURE 2

The MAE (A—F) between the MF-PredRNN predicted SWH and the ERA-5 reanalysis SWH for the 1-, 3-, 6-, 12-, 24- and 72-h respectively in the

BYECS in 2019. Images for 24-72 h are omitted due to high similarity.
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FIGURE 3

Two-dimensional scatter density plots (A—E) of the MF-PredRNN predicted SWH versus the ERA5 reanalysis data for the 1-, 6-, 12-, 24-, and 72-h
respectively. The dashed line indicates that the predicted value is equal to the true value. The MAE, MAPE, RMSE, and CC are also calculated.

MAE, RMSE, MAPE, and CC of 1h, 6h, 12h, 24h, and 72h prediction
show that the MF-PredRNN extends the effective prediction time
length of SWH to 72h, and the accuracy of MF-PredRNN performs
better than the existing spatiotemporal predictive learning ConvLSTM
based 2D SWH prediction models (e.g., Zhou et al., 2021; Song et al,,
2022; Ouyang et al., 2023), which take SWH or winds as model input.

3.2 Comparison of the multivariate inputs
and algorithms

To further explain the roles of MF and the PredRNN algorithm,
a group of control experiments based on MF-PredRNN, MF-
ConvLSTM, SF-PredRNN, and SF-ConvLSTM are conducted for
1-72h SWH prediction. SF refers to a single factor such as historical
SWH, while MF refers to multi factors such as historical SWH, 10 m
surface winds, surface currents, and bathymetries. MF-PredRNN,
MF-ConvLSTM, SF-PredRNN, and SF-ConvLSTM have the same
input sequence length. The difference between them is the factors
labeled SF and MF and the algorithm labeled ConvLSTM and
PredRNN. The experiments demonstrate the important role of both
MF and PredRNN algorithm, as well as the error suppression of MF
for long-term SWH prediction.

As shown in Figure 4, the MAE, RMSE, MAPE, and CC of
PredRNN gradually stabilize after 24 hours. The spatially hourly
averaged CC of the MF-PredRNN increased by 0.35, 0.62, and 0.44

Frontiers in Marine Science 06

compared with the MF-ConvLSTM, SFE-PredRNN, and SE-
ConvLSTM, and the spatially hourly averaged MAE decreased by
0.24m, 0.54m, and 1.45m.

It is shown that both the PredRNN algorithm and MF can
significantly improve the accuracy of SWH prediction. Moreover,
the accuracy of PredRNN on the SWH prediction is generally better
than the ConvLSTM, as the MF-PredRNN is superior to the MF-
ConvLSTM in all indicators. Using the MF-PredRNN, the MAE,
RMSE and MAPE reduced by 0.24m, 0.32m, and 35.12%
respectively. At the same time, the CC increases by 0.35
compared to the MF-ConvLSTM in the 1-72h SWH prediction.
Similarly, the SF-PredRNN is superior to the SF-ConvLSTM in
MAE, RMSE, and MAPE indicators except for CC. The MF
effectively prevents the rapid increase of the error in the long-
term SWH prediction, much better compared to the single-factor
calculation. There is no insignificant change between the MF and
single-factor driven SWH during the first 12 hours of prediction,
even for the ConvLSTM algorithm. The model driven by MF tends
to be stable gradually after 18h, however, the error of the single
factor driven SWH model increased rapidly. This leads to a gap in
long-term SWH prediction. Compared to the SF-PredRNN, the
mean MAE decreased by 0.54m, RMSE decreased by 0.89m, MAPE
decreased by 70.39%, and CC increased by 0.62 in the 1-72h MF-
PredRNN SWH prediction. Similarly, MF-ConvLSTM is superior
to SF-ConvLSTM in all indicators. Above all, the MF-PredRNN
algorithm provides the most accurate 1-72h SWH prediction.
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FIGURE 4

Comparison of spatially averaged MAE (A), RMSE (B), MAPE (C), and CC (D) among MF-PredRNN, SF-PredRNN, MF-ConvLSTM and SF-ConvLSTM

over 1-72h hourly SWH prediction.

4 Discussion

4.1 Input ablation experiments

The ablation experiments for MF are carried out to measure the
role of each factor (Table 2). The factors include 10 m surface winds,
ocean surface currents, bathymetries, historical SWH, and SWH as
open boundaries. Our ablation experiments show that winds, as a
dominant factor (Gao et al., 2021; Kim et al., 2022), can decrease the
spatially hourly averaged MAE and RMSE by 0.13m and 0.28m,
while the rest factors such as ocean surface currents, bathymetries
and SWH as open boundaries only decrease the spatially hourly
averaged MAE and RMSE by commonly around 0.02m and 0.04m
(Table 2). In addition, the spatially averaged MAE of all
experiments increases along with time (Figure 5). In the case of
SWH prediction at 72h, relative to the MF-PredRNN control
experiment, the spatially averaged MAE in the experiments of R-
Wind, R-Current, R-Bathymetry, and R-Boundary increased by
0.22m, 0.05m, 0.04m, and 0.04m, respectively. In particular, the

removal of winds induces about 5 times larger spatially averaged
MAE growing with time than the other factors.

The input ablation experiments show that MF has a greater
impact on long-term prediction relative to short-term prediction.
During the first 24 hours, the MAE of the MF-PredRNN
experiment does not show much difference from other
experiments with winds (<0.02m). But after 24 hours, the MAE
of the MF-PredRNN with all factors control experiment is kept
around 0.27m. That is slightly better than the MAE (0.32m) of
experiments with winds and much better than the MAE of the R-
Wind experiment (~0.50m).

The R-SWH experiment indicates that the historical SWH data has
a positive impact on the accuracy of short-term prediction (Figures 5B,
C). Due to the removal of the historical SWH, the error accumulation
with time in the SWH prediction is eliminated (Figures 5A-C). The
MAE value is stable at 0.15 (m) in both short- and long-term
predictions. The RMSE, MAPE, and CC for the R-Historical SWH
experiment are stabilized at 0.23m, 15.13%, and 0.95, respectively
(Figure 5D). This is worse than the prediction with historical SWH
in the first 10h, but better than it after 10h (Figures 3A-C, 5B-D). This

TABLE 2 The ablation experiments of MF-PredRNN-based SWH prediction model on multi factors.

Experiment ID Removed Factors MAE (m) RMSE (m)
MEF-PredRNN Nothing 0.24 0.34
R-Wind Wind 0.37 0.62
R-Current Current 0.26 0.38
R-Bathymetry Bathymetry 0.26 0.39
R-Boundary SWH as open boundaries 0.26 0.38
R-SWH Historical SWH 0.15 0.23

The spatially hourly averaged MAE (m) and RMSE (m) for 1-72h SWH prediction are used to evaluate. R-Historical SWH represents the prediction experiment without considering historical

SWH as a training input.
The bold values represent the more important experimental data.
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Comparison among ablation experiments of MF-PredRNN based SWH prediction model on multi factors. Figures (A-C) show the spatially averaged
MAE (m) of 1-6h, 1-24h and 1-72h predicted SWH; Figure (D) shows the two-dimensional scatter density plots for the SWH prediction without the
historical SWH; The legend shows the Experiment ID in Table 2. The grey solid line indicates the spatially averaged MAE for the R-SWH experiment.

illustrates the importance of historical SWH for short-term SWH
prediction and MF for long-term SWH prediction. It is suggested that if
the SWH in the next 1-10 hours is predicted by the MF-PredRNN
model, while the SWH after 10 hours is predicted by the R-SWH
model, the prediction error can be effectively suppressed.

4.2 Algorithm ablation experiments

In addition to the input ablation experiments, the algorithm
ablation experiments are performed to evaluate the role of the
improved components of the PredRNN including the memory
decoupling (MD), reverse scheduled sampling (RSS), and
spatiotemporal memory flow (STMF) compared to the

ConvLSTM algorithm (Table 3). The roles of the MD and RSS
are estimated by comparing the R-MD and R-RSS experiments with
the MF-PredRNN control experiment. Since the STMF is encoded
as a basic module in the MD module and cannot be removed
separately, the role of STMF is verified by comparing the R-MD-
RSS and MF-ConvLSTM experiments.

The ablation experiments demonstrate the MD module is the key
improved algorithmic component of PredRNN compared to
ConvLSTM. Compared to the MF-PredRNN control experiment, the
spatially hourly averaged MAE and RMSE of the 1-72h SWH
prediction in the R-MD experiment dramatically increased by 0.19m
and 0.29m respectively. In the R-RSS experiment, the MAE and RMSE
increased slightly by 0.05m and 0.08m respectively due to the removal
of the RSS module. Comparing the R-MD-RSS and MF-ConvLSTM

TABLE 3 Ablation experiments on algorithm components of PredRNN. Table legend: The spatially hourly averaged MAE (m) and RMSE (m) for 1-72h

SWH prediction are used to evaluate.

Experiment ID

Removed Components

MEF-PredRNN Nothing 0.24 0.34
R-MD Memory Decoupling (MD) 0.43 0.63
R-RSS Reverse Scheduled Sampling (RSS) 0.29 0.42
R-MD-RSS MD and RSS 0.40 0.56
ME-ConvLSTM Spatio-Temporal Memory Flow (STMF), MD and RSS 0.46 0.66

The bold values represent the more important experimental data.

Frontiers in Marine Science

08

frontiersin.org


https://doi.org/10.3389/fmars.2023.1197145
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Cao et al.

experiments, the MAE and RMSE only increased by 0.06m and 0.10m
respectively, showing the less important role of STMF. All of the three
improved components of PredRNN have a positive impact on the
accuracy of SWH prediction. Among them, the MAE and RMSE
decreased by the MD module reached 0.19m and 0.29m, about 4-times
larger than the MAE and RMSE decreased by the other two
improvements including either STMF or RSS. It can be concluded
that the MD module is the key component among the three improved
components of the PredRNN compared to the ConvLSTM.

4.3 The sequence length of the input

Furthermore, the input sequence length of historical SWH is
investigated as a sensitive parameter (Figure 6). The results show
that the accuracy of the short-term prediction increases with increasing
sequence length while the accuracy of the long-term prediction
decreases and vice versa. When the input sequence length is 1h, ie.,
only the spatial correlation information of SWH is retained while the
temporal information is removed, the MAE of the 72 h prediction
shows the smallest value (0.25m), meanwhile, the 1 h SWH prediction
has the largest one (0.03m) compared to other input sequence length.
This indicates that the spatial correlation information of SWH has a
greater positive influence on the long-term prediction of SWH rather
than on the short-term prediction. As the length of the input SWH
sequence increased, the MAE of the short-term prediction gradually
decreases but the long-term prediction gradually increases. When the
input sequence length increases to 24h, the MAE of the 1-h prediction
is the lowest (0.02m) and the 72-h prediction is the highest (0.45m)
which indicates that the temporal information has a greater positive
effect on the short-term prediction of SWH. Since the input sequence
length is positively correlated with the accuracy of short-term
prediction but negatively correlated with the accuracy of long-term
prediction, we chose 12h as the input sequence length in this study to
balance the accuracy of the short-term and long-term prediction.

10.3389/fmars.2023.1197145

4.4 Spatio-temporal SWH forecast for
high wave

Under the high wave conditions of SWH >= 6 m, the MF-
PredRNN can provide effective 6h spatiotemporal SWH prediction
(Figures 7, 8). Under high wave conditions, the MAE became
dramatically larger than the MAE under normal wave conditions
(Figures 2, 7). The MAE in the first 6h is relatively smaller and well-
distributed without significant error accumulation and is generally
not higher than 1.20m (Figures 7A, B). In comparison, the MAE in
the first 6h is less than 0.15m under normal wave conditions
(Figure 2C). After 12 hours, the error accumulated rapidly and
was mainly distributed in the Yellow Sea (Figure 7C). The MAE
stabilized gradually after 24 hours. And there is no significant
difference between the prediction of 24h and 72h (Figures 7D, E).
In addition, the MAE of the 1h and 6h predictions are 0.10m and
0.73m, the RMSE are 0.14m and 0.89m, the MAPE is 1.50% and
10.24%, and the CC are 0.99 and 0.78 respectively (Figure 8).
Without the historical SWH data as input, the MAE, RMSE,
MAPE, and CC indicators are 0.70m, 0.86m, 9.98%, and 0.69,
respectively, which are close to the prediction of 6h (Figures 8B, C).

A group of control experiments based on MF-PredRNN, MF-
ConvLSTM, SF-PredRNN, and SF-ConvLSTM are also conducted for
a 1-12h SWH prediction to compare their accuracy under high wave
conditions (Figure 9). The MF-PredRNN performs best in the 1-12h
SWH prediction. The spatially hourly averaged CC of the MF-
PredRNN increased by 0.21, 0.31, and 0.31 compared with the MF-
ConvLSTM, SE-PredRNN, and SF-ConvLSTM respectively. The
spatially hourly average MAE decreased by 1.62m, 0.34m, and 0.79m
respectively. Here, the pairwise comparison shows that both the MF
and the PredRNN algorithm also significantly improve the accuracy of
SWH prediction under high wave conditions.

5 Summary

In this study, an intelligent SWH prediction model based on the
spatio-temporal predictive learning algorithm PredRNN and the MF

A B C
0.07 0.35-
0.06- 0.30- 0.4-
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5004 0.20-
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FIGURE 6

Forecast Time(h)

Forecast Time(h)

Time growth of MAE (h1, h3, h6, h12, h18, h24) for 1-3h (A), 1-24h (B), and 1-72h (C) SWH prediction with the input sequence length of historical

SWH as 1, 3, 6, 12, 18 and 24 hours respectively.
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FIGURE 7

The MAE (A-E) between the MF-PredRNN predicted SWH and the ERA-5 reanalysis SWH for the 1-, 3-, 6-, 12-, 24- and 72-h respectively under
high wave scenarios (SWH>=6m) in the BYECS in 2019. Images for 24-72 h are omitted due to high similarity. Figure (F) represents the MAE of

prediction without the initial SWH data.

including historical SWH, 10 m surface winds, ocean surface currents,
bathymetries, and open boundaries is applied in the BYECS. The MF-
PredRNN-based 2D SWH prediction model significantly improves the
accuracy and extends the effective prediction time length, which can be
used as a potential alternative to the numerical wave model. The
correlation coefficients can reach 0.98, 0.90, and 0.87 for 6h, 24h, and
72h SWH prediction respectively. Under the high wave condition

(SWH >= 6m), the MF-PredRNN-based SWH prediction model also
provides effective 6h wave prediction.

The SWH prediction model based on MF-PredRNN performs
much better than the SF-PredRNN, MF-ConvLSTM, and SF-
ConvLSTM. Both the MF and PredRNN algorithms significantly
improve the accuracy of the long-term SWH prediction. The ablation
experiments have shown that winds are the most important factor

A B c
2 MAE=0.10m 7 MAE=0.73m 7 | MAE=0.70m P
S 111 MAPE=1.50% [ MAPE=10.24% pad
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FIGURE 8

SWH_Forecast(m)

SWH_ Forecast(m)

Two-dimensional scatter density plots (A, B) of the MF-PredRNN predicted SWH versus the ERAS reanalysis data for the 1- and 6-h respectively
under high wave scenarios (SWH>=6m); Figure (C) show the SWH prediction without the historical SWH. The dashed line indicates that the predicted
value is equal to the true value. The MAE, MAPE, RMSE and CC were also calculated.
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Comparison of spatially averaged MAE (A), RMSE (B), MAPE (C), and CC (D) among MF-PredRNN, SF-PredRNN, MF-ConvLSTM, and SF-ConvLSTM

over 12h SWH hourly prediction under high wave scenarios (SWH>=6m).

among the MF. In addition, the removal of the historical SWH data
from MF eliminates the accumulation of errors in the prediction
process. The memory decoupling module is the key improved
algorithmic component of PredRNN compared to ConvLSTM. As
an important parameter, the input sequence length is chosen to be
12h to balance the short- and long-term prediction. As a future
perspective to further improve the accuracy of wave prediction, the
complexity of introducing other physical factors and mechanisms
should be considered in the SWH spatiotemporal prediction.
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