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Abstract

To explore new operational forecasting methods of waves, a forecasting model for wave heights at three stations in
the Bohai Sea has been developed. This model is based on long short-term memory (LSTM) neural network with
sea surface wind and wave heights as training samples. The prediction performance of the model is evaluated,
and the error analysis shows that when using the same set of numerically predicted sea surface wind as input, the
prediction  error  produced  by  the  proposed  LSTM  model  at  Sta.  N01  is  20%,  18%  and  23%  lower  than  the
conventional numerical wave models in terms of the total root mean square error (RMSE), scatter index (SI) and
mean absolute error (MAE), respectively. Particularly, for significant wave height in the range of 3–5 m, the
prediction accuracy of the LSTM model is improved the most remarkably, with RMSE, SI and MAE all decreasing
by 24%. It is also evident that the numbers of hidden neurons, the numbers of buoys used and the time length of
training samples all have impact on the prediction accuracy. However, the prediction does not necessary improve
with the increase of number of hidden neurons or number of buoys used. The experiment trained by data with the
longest time length is found to perform the best overall compared to other experiments with a shorter time length
for training. Overall, long short-term memory neural network was proved to be a very promising method for
future development and applications in wave forecasting.
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1  Introduction
Wave disasters are the most frequent marine disasters in the

world. Accurate predictions of ocean waves can effectively im-
prove the safety of marine activities and the efficiency of ocean
operations, as well as reducing marine accidents. Wave forecast-
ing is therefore regarded as important and fundamental by most
marine forecasting institutions across the world. At present, the
most widely adopted forecasting method in the field of opera-
tional wave prediction is the conventional numerical models
based on energy balance equation (EBE) theory (Duan et al.,
2016). However, as the complex nonlinear physical processes of
waves and their mechanisms are not clear, the ability of numeric-
al models to resolve ocean waves with a higher accuracy is still
largely limited.

Artificial neural networks are one of the nonlinear fitting
methods in statistical methods. This method is a theoretical
mathematical model of human brains and their activities, and it
is a large-scale nonlinear adaptive system (Jiang, 2001). Research
on the application of artificial neural networks in the field of met-
eorology and ocean forecasting has been carried out in the past
decades (Tissot et al., 2001; Zhang et al., 2006; Liu and Wang,
2008; Chaudhari et al., 2008; Kuang et al., 2016; Deshmukh et al.,
2016). However, due to its limited forecasting ability, it has not
been widely applied in operational forecasting institutions. In re-

cent years, machine learning, especially deep learning technolo-
gies based on big data have been developed very rapidly (Hinton
and Salakhutdinov, 2006), especially those based on the recurs-
ive neural networks (RNN) (Lipton, 2015), long short-term
memory (LSTM) neural networks (Hochreiter and Schmidhuber,
1997) and other algorithms, which provide an effective solution
for prediction and regression problems. LeCun et al. (2015) sys-
tematically expounded the connotation, principles, methods and
future development of deep learning. At present, deep learning is
widely used in speech recognition, visual recognition, target de-
tection, finance, transportation and other industries, which has
significantly promoted the technical development in the afore-
mentioned fields. Deep learning methods have been applied pre-
liminarily in meteorological and marine forecasting (Filippo et
al., 2012; Gao et al., 2018). Shi et al. (2015) used the convolution-
al LSTM method to better capture the spatial and temporal cor-
relation of precipitation in short-term precipitation predictions,
the results of which are better than the operational nowcasting
results by ROVER. Using self-organizing map networks, Vilibić et
al. (2016) built a real-time current forecast system based on
ground wave radar and meteorological numerical forecasts. By
comparing with the regional ocean model ROMS, they found the
accuracy of their method was comparable or even slightly better  
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than the model results based on the ocean dynamic equations,
which opened up new ideas on the quantitative prediction of
coastal marine forecasting factors based on artificial intelligence.
Gao et al. (2018) predicted typhoon paths using LSTM methods,
and believed that the model established had certain ability to
predict the short-term path of typhoons. Other recent works us-
ing neural networks include hybrid deep learning and empirical
models developed for time series applications (Yang and Chen,
2019), machine learning models for wave forecast (James et al.,
2018), sequential learning neural networks for ocean wave pre-
dictions (Kumar et al., 2017), hybrid extreme learning machine
models for wind speed forecast (Zhang et al.,  2019), etc.
However, to the best knowledge of the authors, applying the
LSTM neural network algorithm for the purpose of operational
wave height forecasts is still rarely reported. In this paper, a
LSTM neural network model is trained by the sea surface wind
and significant wave height data continuously observed by three
anchored buoys in the Bohai Sea. Forced by numerically pre-
dicted sea surface wind, the prediction results of significant wave
heights by the LSTM model and the wave model SWAN are com-
pared to measurements, respectively, to evaluate the perform-
ance of the LSMT model over the conventional numerical model.

2  Data

2.1  Observations
The observation data of three ocean buoys in the Bohai Sea

are used for the training and analysis of the prediction model.
The synchronous observation elements are hourly-recorded sig-
nificant wave height, and the wind speed and direction at 10 m
above the sea surface. The data duration is from January 1, 2017
to March 31, 2018. Station N01 is located off the Laizhou Bay, Sta.
N02 is approximately in the middle of the Bohai Sea, and Sta. N03
is to the northeast of Sta. N02. The locations of the buoys are
snown in Fig. 1.

2.2  Numerical forecast data of sea surface wind

The sea surface wind data are the results of the operational

meteorological forecast model NMFC-WRF of the North China

Sea Marine Forecasting Center of the State Oceanic Administra-

tion (Wu et al., 2015). The model is established using the weather

and research forecasting (WRF) model (Skamarock et al., 2005),

and the calculation domain covers the Bohai Sea and the Yellow

Sea (30°–41°N, 117°–130°E), and the mesh resolution is 10 km×
10 km. The global forecasting system (GFS) data are used as the
initial and external forcing fields. The model forecasts the next
120 h every day. In this paper, the 24-h forecast of wind speed
and wind directions from January 1, 2018 to March 31, 2018 are
used as the sample data.

2.3  Construction of sample data
The data in this study uses different units, which has a great

impact on the modeling performance of LSTM algorithms.
Therefore, before the sample sequences of predictors are input
into the network, the ensemble samples need to be non-dimen-
sionalized and standardized. The non-dimensionalized and nor-
malized calculation method used in this paper is

x =
X− Xmean

σX
,

X Xmean

σX x
Xmean σX

where  is the sample,  is the averaged value of the sample,
 is the sample variance,  is the dimensionless and standard-

ized series. The calculation of  and  is performed over the
training period.

The duration of the training sample is from January 1, 2017 to
December 31, 2017, and that of the forecast sample is from Janu-
ary 1, 2018 to March 31, 2018. After the LSTM network calcula-
tion, the dimension and magnitude of the sample are retrieved
by the corresponding reversed calculation.

3  Prediction model

3.1  SWAN
The operational wave forecast model NMFC-SWAN of the

North China Sea Marine Forecasting Center is based on the
third-generation wave model SWAN (Booij et al., 1999). Details
regarding the evolution equation of the wave spectrum used in
the model can be found in Hasselmann et al. (1973).

In cases of shallow water, the wave energy density changes
due to the wind input, the triad wave-wave interaction, the quad-
ruplet wave-wave interaction, the whitecapping, bottom friction,
and depth-induced wave breaking are considered.

In the NMFC-SWAN model adopted here, the calculation do-
main covers the Bohai Sea and the Yellow Sea (30°– 41°N, 117°–
130°E), and the mesh resolution is 2 km×2 km. Results by NMFC-
WRF are used as the meteorological forcing field in the model.

3.2  LSTM model
Feedforward neural networks (FNNs) assumes that each

sample is independent of each other, i.e., it is irrelevant in time.
LSTM is a cyclic neural network, which processes each element
of the input sequence one by one, and transmits the information
between the sequences selectively through the network structure
to maintain the correlation between the sequence elements. The
LSTM algorithm is developed based on the widely used al-
gorithm RNN. Traditional RNN network can only directly affect
its adjacent elements. The recurrent and error back propagation
processes are retained in LSTM, with long and short-term
memory cells used to replace the hidden neurons in a conven-
tional RNN. With this introduction, it can save information in any
length of time, and the vanishing gradient problem of RNN is
solved.

Waves are generated by the wind above the ocean, including
wind waves, swells, and nearshore waves. Sea surface wind plays
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Fig. 1.   Locations of the buoys.
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a leading role in the formation of waves. Therefore, sea surface
wind speed and direction are considered as the predictors of the
model, and the significant wave height is the dependent variable.

([
x() , x()

]T
,
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]T) x(t) x(t)

y(t)

t
Δt

For predictors and dependent variables which last for con-
tinuous t time steps, they can be represented by sequences

 a n d  

, respectively, where  is sea surface wind speed, 

is sea surface wind direction, and  is the significant wave
height. The superscript  represents its index in the series, and
each two neighboring elements have a time difference of . One
input sequence (predictors) and the corresponding output series
(dependent variables) form a training sample.
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An LSTM neural network for the prediction of significant
wave heights is designed in this way with three layers, i.e., an in-
put layer, a hidden layer, and an output layer. There are  neur-
ons on the input layer, i.e., the dimension of each element in the
input sequence is . The hidden layer consists of long short -
term memory cells, the number of which can be adjusted accord-
ing to the training performance. An illustration of a memory cell
in LSTM is shown in Fig. 2. Here  represents the sigmoid func-
tion,  represents multiplication, the subscript c means that it is
a single structure and all the solid arrows mean that the connec-
tion weight is one.  is a memory cell, which is a linear element
used to store information to guarantee that information can be
stored for a long time to retain the correlation among elements in
a sequence.  is the input node, which denotes the comprehens-
ive interaction of the input at time step t and the information of
previous network status. Its value can be passed on to a memory
cell through the control of an input gate . If  is the weight,  is
the threshold, then .  is the in-
put gate, which receive the input at time step t and the network
status information at previous time steps, and pass the input
value of node  into a memory cell  after the control of the sig-
moid function.  is the forget gate, which determines whether
the value of  is stored or not: if the weight is one, it is stored as it
was, and if it is zero, it is cleared.  is the output gate, which re-
ceives the input at the time step t and the network status inform-
ation at previous time step. It controls the output of  after the

vc t

t x
h

sigmoid function.  is the output value. There are  neurons on
the output layer, i.e., the dimension of each element in the out-
put series is . To denote the values of each layer using vectors 
and , then

g(t) = tanh
(
Wgxx(t) +Wghh

(t−) + bg

)
,

i(t) = σ
(
Wixx(t) +Wihh

(t−) + bi

)
,

f(t) = σ
(
Wfxx(t) +Wfhh

(t−) + bf

)
,

o(t) = σ
(
Woxx(t) +Wohh

(t−) + bo

)
,

s(t) = g(t) · i(t) + s(t−) · f(t),

h(t) = tanh(s(t))⊙ o(t),

⊙where  is dot product (Gao et al., 2018).
All the network parameters are initialized as random num-

bers between 0 and 1 to train the network, and they are optim-
ized using the training samples. For each training sample, each
element in the series is read one by one by the LSTM neural net-
work. An output vector is derived after the hidden layer and the
output layer, which is then compared to labels and the errors are
propagated backward by the BPTT algorithm. The forecast pro-
cess follows the same way as the training process. In this paper, a
one-direction network is employed in the LSTM model, with
Adam (adaptive moment estimation) optimizer. The maximum
number of epochs is 250, the gradient threshold is 1, the L2 regu-
larization (weight decay) factor is 0.000 1. The initial learning rate
is 0.005 and the learning rate schedule is piecewise. The learning
rate drop period is 125, and learning rate drop factor is 0.2. The
model is realized with MATLAB 2017b.

In order to evaluate the prediction capability of the model for
different wave heights (hs), the error analysis of wave heights are
carried out in the following four ranges respectively: 0.3 m<hs≤
1 m, 1 m<hs≤2 m, 2 m<hs≤3 m, 3 m<hs≤5 m.

In this paper, data at the three buoy stations in the Bohai Sea
are used as examples for the LSTM model construction, and also
in the feasibility experiment and sensitivity experiments. Firstly,
the surface wind speed and significant wave height data at Sta-
tion N01 is used in the feasibility experiment (Exp. 1-1) for model
training, validating the feasibility of the LSTM model in predict-
ing significant wave heights. The FNN model (Exp. 1-2) and Sup-
port vector machine regression (SVR) model (Exp. 1-3) are
chosen to compare with LSTM. Then sensitivity experiments are
carried out, including: Exp. 2, which examines the predictors’ im-
pact on prediction accuracy, and Exp. 3, which tests the model
performance of prediction at Sta. N01 with varying numbers of
stations being used. Additional experiments to Exp. 3 are also
performed, where the significant wave height at Stas N02 and
N03 are predicted respectively using the data from all the three
buoys. After determining the input factors into the LSTM model,
the model parameter tuning experiments are carried out, includ-
ing Exp. 4 where the implicit neuron number for optimal out-
come is tested and Exp. 5 where a proper time length of samples
is examined to determine the optimal network structure of the
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Fig. 2.   A memory cell of LSTM.
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LSTM model (Table 1). Please note that for all the experiments
listed in Table 1, the dependent variable is significant wave
height, the training data used are from 2017, and the prediction
period is January 1, 2018 to March 31, 2018.

4  Results and discussion

4.1  Feasibility analysis
Figure 3 is the comparison between the model results and the

measured values of the significant wave height in Exp. 1. It can be
seen from the figure that the trending of the modeled results
match well with the observed significant wave heights, and the
correlation coefficient of the two series is 0.94, which is highly
correlated. The total root mean square error (RMSE) is 0.34 m
and total scatter index (SI) is 0.29 (Table 2). It can be seen that
the prediction results can reflect the variation trending and amp-
litude of the observed significant wave height at Sta. N01, and the
model performance shows desirable forecasting capability. In ad-
dition, the results of LSTM are significantly better than those of
FNN and SVR models. The RMSE of FNN and SVR are approxim-
ately 130%–160% and 140%–400% times that of LSTM, respect-
ively.

4.2  Analysis of the effects of wind direction
In Exp. 1, only wind speed is used as the input predictor, and

in Exp. 2 both wind speed and wind direction is used as the pre-
dictors to conduct the LSTM model training, and the rest condi-
tions of the model remain the same. As shown in Table 2, the sig-

nificant wave height prediction results in Exp. 2 have evident im-
provement regarding the evaluation indicators RMSE, SI, mean
absolute error (MAE) and the correlation coefficient (r). The total
RMSE decreases by 15% and the total MAE decreases by 20% (Ta-
ble 2). Therefore, it is evident that wind direction plays a positive
role in improving the forecasting results of the LSTM model. It is
also a rational inference from the physical point of view that both
the wind speed and direction are important to the development
of waves.

4.3  Analysis of the influence of station number
Observation data at Sta. N01 are used as training sample data

in Exp. 2 to train the LSTM model. On the basis of Exp. 2, the ob-
servation data at Stas N02 and N03 are added in Exp. 3 to train
the LSTM model, and the other training conditions stay the same.
Thus, the training sample data in Exp. 3 are wind speed, wind
direction and significant wave height data at Stas N01, N02 and
N03. As shown in Table 2, compared with the results in Exp. 2,
the model performance indicated by the evaluation indicators
RMSE, SI, MAE and the correlation coefficient r in Exp. 3 have
been significantly improved. Compared with Exp. 2 (Exp. 1), the
total RMSE in Exp. 3 decreases by 31% (41%), total SI decreases
by 29% (41%), and the total MAE decreases by 25% (40%) (Table 2).
In addition, the significant wave heights at Stas N02 and N03 are
predicted respectively using the same methods and settings. The
prediction result with wind speed and direction from the three
buoys as the input is slightly better than using data from only one
station as the input (Table 3), and the total RMSE of Sta. N02 (Sta.

Table 1.   Key parameters in the training experiments
Experiment Predictor Station Training data duration Model Number of hidden neurons

Exp. 1-1 w_spd N01 Jan. 1 to Dec. 31 LSTM 200

Exp. 1-2 w_spd N01 Jan. 1 to Dec. 31 FNN   10

Exp. 1-3 w_spd N01 Jan. 1 to Dec. 31 SVR not-applicable

Exp. 2 w_spd+w_dir N01 Jan. 1 to Dec. 31 LSTM 200

Exp. 3 w_spd+w_dir N01, N02, N03 Jan. 1 to Dec. 31 LSTM 200

Exp. 4-1 w_spd+w_dir N01, N02, N03 Jan. 1 to Dec. 31 LSTM 300

Exp. 4-2 w_spd+w_dir N01, N02, N03 Jan. 1 to Dec. 31 LSTM 250

Exp. 4-3 w_spd+w_dir N01, N02, N03 Jan. 1 to Dec. 31 LSTM 150

Exp. 4-4 w_spd+w_dir N01, N02, N03 Jan. 1 to Dec. 31 LSTM 100

Exp. 5-1 w_spd+w_dir N01, N02, N03 Apr. 1 to Dec. 31 LSTM 200

Exp. 5-2 w_spd+w_dir N01, N02, N03 Jul. 1 to Dec. 31 LSTM 200

Exp. 5-3 w_spd+w_dir N01, N02, N03 Oct. 1 to Dec. 31 LSTM 200

          Note: w_spd means wind speed, and w_dir means wind direction.
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Fig. 3.   Comparison between predicted and measured significant wave heights at Sta. N01 in Exp. 1 (blue line: measurements; red line:
LSTM model; grey line: the difference between measurement and LSTM model result).
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N03) prediction is reduced by approximately 4% (12%). For the

RMSE, the improvement in RMSE for significant wave height in

the range of 0.3–1 m is more evident, which is reduced by ap-

proximately 17% to 29%; the prediction accuracy for significant

wave height in the range of 2–3 m and 3–5 m is decreased, with

the RMSE for waves in the range of 2–3 m at Sta. N02 (Sta. N03)

increasing from 26 cm (29 cm) to about 30 cm (38 cm),

and the RMSE for waves in the range of 3–5 m at Sta. N02 (Sta.

N03) increasing from 25 cm (38 cm) to about 44 cm (47 cm). It

can be seen that an increase in the number of observation sta-

tions used as input data has a positive effect on the improvement

of the prediction accuracy of the LSTM model. Increasing the

number of stations as input, the prediction accuracy of signific-

ant wave height between 0.3 m and 2 m is improved at all the

three stations. When the significant wave height is between 2 m

and 5 m, the prediction accuracy of Sta. N01 is improved, while

those of Stas N02 and N03 are worsened. In addition to the num-

ber of data input, it is also related to the locations of the buoys.

Table 2.   Evaluation index of the prediction error in each experiment (Sta. N01)

Wave height Indicator
Exp.
1-1

Exp.
1-2

Exp.
1-3

Exp.
2

Exp.
3

Exp.
4-1

Exp.
4-2

Exp.
4-3

Exp.
4-4

Exp.
5-1

Exp.
5-2

Exp.
5-3

0.3 m≤hs≤5 m
(SN: 1 372)

RMSE/m 0.34 0.50 0.76 0.29 0.20 0.21 0.22 0.21 0.21 0.23 0.23 0.23
SI 0.29 0.43 0.65 0.24 0.17 0.18 0.19 0.18 0.18 0.21 0.21 0.21

MAE/m 0.25 0.39 0.55 0.20 0.15 0.16 0.16 0.16 0.16 0.18 0.17 0.17

r 0.94 0.86 0.82 0.95 0.98 0.97 0.97 0.97 0.97 0.97 0.97 0.97

0.3 m≤hs≤1 m
(SN: 817)

RMSE/m 0.23 0.34 0.32 0.17 0.14 0.14 0.14 0.14 0.17 0.17 0.17 0.18
SI 0.36 0.52 0.50 0.27 0.22 0.22 0.23 0.22 0.26 0.26 0.27 0.29

MAE/m 0.18 0.27 0.25 0.13 0.11 0.11 0.11 0.11 0.12 0.12 0.12 0.13

r 0.72 0.42 0.42 0.81 0.86 0.88 0.86 0.87 0.87 0.85 0.84 0.84

1 m<hs≤2 m
(SN: 353)

RMSE/m 0.45 0.67 0.73 0.38 0.24 0.27 0.27 0.26 0.24 0.27 0.31 0.29
SI 0.31 0.47 0.51 0.27 0.17 0.19 0.19 0.19 0.17 0.19 0.22 0.20

MAE/m 0.38 0.59 0.68 0.31 0.19 0.22 0.21 0.21 0.18 0.22 0.24 0.23

r 0.51 0.41 0.45 0.55 0.74 0.68 0.66 0.75 0.69 0.67 0.66 0.60

2 m<hs≤3 m
(SN: 133)

RMSE/m 0.47 0.62 1.37 0.46 0.27 0.31 0.28 0.26 0.24 0.33 0.32 0.30
SI 0.19 0.25 0.54 0.18 0.11 0.12 0.11 0.10 0.10 0.13 0.13 0.12

MAE/m 0.38 0.50 1.34 0.36 0.20 0.22 0.22 0.19 0.19 0.24 0.25 0.22

r 0.44 0.38 0.38 0.64 0.75 0.67 0.70 0.71 0.75 0.73 0.67 0.67

3 m<hs≤5 m
(SN: 69)

RMSE/m 0.49 0.80 1.99 0.56 0.33 0.25 0.35 0.36 0.32 0.40 0.23 0.27
SI 0.14 0.24 0.59 0.17 0.10 0.07 0.10 0.11 0.09 0.12 0.07 0.08

MAE/m 0.35 0.66 1.97 0.45 0.27 0.20 0.30 0.30 0.27 0.32 0.19 0.22

r 0.55 -0.02 0.47 0.41 0.76 0.80 0.76 0.73 0.73 0.74 0.64 0.77

          Note: SN is the number of the samples.

Table 3.   Evaluation index of the prediction error using input data from one station and three stations, respectively

Wave height Indicator

Model

Input data from one station Input data from three stations

Sta. N01 (Exp. 2) Sta. N02 Sta. N03 Sta. N01 (Exp. 3) Sta. N02 Sta. N03

0.3 m≤hs≤5 m
(SN: N01: 1 372; N02: 1 732; N03: 1 732)

RMSE/m 0.29 0.24 0.25 0.20 0.23 0.22
SI 0.24 0.21 0.23 0.17 0.20 0.21

MAE/m 0.20 0.19 0.19 0.15 0.18 0.16

r 0.95 0.95 0.95 0.98 0.95 0.95

0.3 m≤hs≤1 m
(SN: N01: 817; N02: 1 066; N03: 1 096)

RMSE/m 0.17 0.24 0.24 0.14 0.20 0.17
SI 0.27 0.35 0.37 0.22 0.29 0.27

MAE/m 0.13 0.18 0.18 0.11 0.15 0.14

r 0.81 0.73 0.74 0.86 0.78 0.76

1 m<hs≤2 m
(SN: N01: 353; N02: 503; N03: 449)

RMSE/m 0.38 0.24 0.27 0.24 0.24 0.23
SI 0.27 0.16 0.18 0.17 0.16 0.15

MAE/m 0.31 0.18 0.20 0.19 0.19 0.17

r 0.55 0.72 0.69 0.74 0.69 0.71

2 m<hs≤3 m
(SN: N01: 133; N02: 150; N03: 137)

RMSE/m 0.46 0.26 0.29 0.27 0.30 0.38
SI 0.18 0.10 0.11 0.11 0.12 0.15

MAE/m 0.36 0.20 0.22 0.20 0.25 0.30

r 0.64 0.68 0.75 0.75 0.73 0.51

3 m<hs≤5 m
(SN: N01: 69; N02: 55; N03: 50)

RMSE/m 0.56 0.25 0.38 0.33 0.44 0.47
SI 0.17 0.07 0.29 0.10 0.13 0.14

MAE/m 0.45 0.22 0.08 0.27 0.34 0.38

r 0.41 0.60 0.26 0.76 0.37 0.33
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Since the prediction period is in winter when northerly wind pre-
vails, wind information at Stas N02 and N03 impacts on the
waves at Sta. N01. However, the wind information at Sta. N01 in
the south is less relevant to the wave conditions at Stas N02 and
N03. Therefore, for wave height greater than 2 m which is more
sensitive to wind, the addition of less relevant or irrelevant wind
information at other locations decreases the prediction accuracy.
Thus, in addition to the number of buoys used as input data, the
relative location of wind information to be fed into the model
needs careful consideration for the improvement of prediction
accuracy.

4.4  Analysis of the influence of hidden neuron number and
sample time length
On the basis of Exp. 3, an experiment on the number of hid-

den neurons and an experiment on the time length of samples
are designed and called Exp. 4 and Exp. 5 respectively. Under the
condition of Exp. 3, experiments with 100 hidden neurons (Exp.
4-4), 150 neurons (Exp. 4-3), 250 neurons (Exp. 4-2) and 300
neurons (Exp. 4-1) respectively are carried out. As shown in Table 2,
when there are 200 hidden neurons (Exp. 3), the overall perform-
ance is the best, outperforming other experiments with either
more or fewer hidden neurons. This is also true for wave heights
under 2 m. However, for the wave heights in the range of 2–3 m,
Exp. 4-4 performs the best with 100 hidden neurons; for the wave
heights in the range of 3–5 m, Exp. 4-1 with 300 hidden neurons is
the most accurate whilst Exp. 4-4 is also better than Exp. 3. It is
also worth mentioning that the percentage of large waves greater
than 2 m only accounts for 15% in the whole dataset. Therefore,
from the overall point of view, a larger number of hidden neur-
ons does not necessarily guarantee a better prediction; and for
different wave height ranges, the number of hidden neurons re-
quired for an accurate prediction may vary, not necessarily con-
sistent with the optimal hidden neuron numbers for the same
particular location under any wave conditions. This finding sug-
gests the necessity and feasibility to predict different wave condi-
tions using various model setting, depending on the study purpose.
The underlying mechanism would also require future studies.

Under the same condition as Exp. 3, experiments with train-
ing sample time length being 3-month (Exp. 5-3), 6-month (Exp.
5-2) and 9-month (Exp. 5-1) long are conducted. The prediction
results show that the model performance peaks when the train-
ing sample length is 12-month, however, the prediction error of
this configuration is not the lowest in all levels of the significant
wave height ranges (Table 2). For example, for the wave height in
the range of 3–5 m, Exp. 5-2 with the training data from July to
December 2017 outperforms other experiments. It is understand-
able that for large waves which relies more on the wind field, the
percentage of relevant or similar wind information involved in
the training sample is accountable for the prediction accuracy.
Whereas for the overall wave prediction, training the model with
a full year cycle (Exp. 3) has its advantages.

4.5  Model predictions
The network structure and parameter setting of Exp. 3, which

has the best performance in all the experiments, are adopted in
the prediction model LSTM-WAVE, and the wind speed and wind
direction at the three buoy stations predicted by NMFC-WRF are
taken as input to predict the significant wave height at Sta. N01.
The results are then compared with the predicted significant
wave height by NMFC-SWAN. The prediction period is from
January 1, 2018 to March 31, 2018 with hourly output. As shown
in Fig. 4, the results of LSTM-WAVE and NMFC-SWAN agree with

the development of significant wave height observed by the buoy
at Sta. N01. The errors are shown in Table 4. For Sta. N01, it can
be seen that the prediction error of the LSTM-WAVE model is su-
perior to that of NMFC-SWAN in terms of both the overall beha-
vior and the performance of the four evaluation indicators. The
prediction error of the LSTM-WAVE model is 20%, 18% and 23%
lower than the total RMSE, SI and MAE of the NMFC-SWAN pre-
diction, respectively. Particularly, when the significant wave
height is within the range of 3–5 m, the prediction accuracy of the
LSTM-WAVE model is improved the most remarkably, with
RMSE, SI and MAE all decreasing by 24%. The LSTM-WAVE res-
ults at Stas N02 and N03 are slightly better than those of NMFC-
SWAN, with the total RMSE of the Sta. N02 (Sta. N03) reduced by
approximately 7% (3%). However, the RMSE for significant wave
height between 1 m and 3 m at Sta. N02 is reduced by approxim-
ately 26%, the RMSE for 0.3–1 m and 3–5 m is increased by ap-
proximately 7% and 30% respectively. For Sta. N03, the RMSE for
significant wave height in the range of 1–5 m, and 0.3–1 m is in-
creased by 15% to 23%, and 24%, respectively.

5  Conclusions
A LSTM model WAVE-LSTM is established for the significant

wave height prediction, and the work shows conclusions as fol-
lows.

(1) The overall prediction accuracy of significant wave height
by the WAVE-LSTM model is better than the conventional nu-
merical model NMFC-SWAN, especially for the wave prediction
with significant wave height in the range of 1–3 m. For significant
wave height between 0.3 m and 1 m, the WAVE-LSTM prediction
at Sta. N01 is better than the NMFC-SWAN prediction, while the
contrary is true for Stas N02 and N03. For significant wave height
in the range of 3–5 m, the WAVE-LSTM prediction at Stas N01
and N03 is better than the NMFC-SWAN prediction, while it is
the opposite at Sta. N02.

(2) The sea surface wind speed and wind direction are the
dominant factors for the prediction of significant wave height.
Wind speed is a major factor for wave height prediction, and the
inclusion of wind direction in the prediction model leads to the
decrease of prediction error by 15%.

(3) It can be seen that a significant increase in the number of
observation stations used as input data has a positive effect on
the improvement of the prediction accuracy of the LSTM model.
The increase of the input station numbers results in an improve-
ment of the prediction accuracy at the three stations when the
significant wave height is in the range of 0.3–2 m. For significant
wave height in the range of 2–5 m, the prediction accuracy at the
Sta. N01 station is improved, while those at Stas N02 and N03 sta-
tions are declined.

(4) In the training process of the LSTM network, the number
of hidden neurons and the time length of training samples have
influences on the prediction accuracy. It is necessary to determ-
ine the optimal network structure by testing various experiment-
al settings.

(5) The results of LSTM model are significantly better than
those of FNN and SVR models.

It can be seen that the significant wave height prediction
technology based on LSTM network can sufficiently exploit the
important information of sea surface wind and significant wave
height, based on which prediction models can be established,
and operational applications can be realized. This method has
opened up a new field for marine forecasting with a wide devel-
opment and application prospects. Meanwhile, it is essential to
carry out the selection of the observation stations, and the inde-
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pendent/dependent variables based on the principles of the

ocean studies and the physical background for further improve-

ment, as well as the extension of single-station forecast to region-

al forecasts.
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