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Abstract

Storm surges pose significant danger and havoc to the coastal residents’ safety, property, and lives, particularly at
offshore locations with shallow water levels. Predictions of storm surges with hours of warning time are important
for evacuation measures in low-lying regions and coastal management plans. In addition to experienced
predictions and numerical models, artificial intelligence (AI) techniques are also being used widely for short-term
storm surge prediction owing to their merits in good level of prediction accuracy and rapid computations.
Convolutional neural network (CNN) and long short-term memory (LSTM) are two of the most important models
among Al techniques. However, they have been scarcely utilised for surge level (SL) forecasting, and
combinations of the two models are even rarer. This study applied CNN and LSTM both individually and in
combination towards multi-step ahead short-term storm surge level prediction using observed SL and wind
information. The architectures of the CNN, LSTM, and two sequential techniques of combining the models
(LSTM-CNN and CNN-LSTM) were constructed via a trial-and-error approach and knowledge obtained from
previous studies. As a case study, 11 a of hourly observed SL and wind data of the Xiuying Station, Hainan
Province, China, were organised as inputs for training to verify the feasibility and superiority of the proposed
models. The results show that CNN and LSTM had evident advantages over support vector regression (SVR) and
multilayer perceptron (MLP), and the combined models outperformed the individual models (CNN and LSTM),
mostly by 4%-6%. However, on comparing the model computed predictions during two severe typhoons that
resulted in extreme storm surges, the accuracy was found to improve by over 10% at all forecasting steps.
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1 Introduction

Storm surge is a phenomenon of abnormal sea level rise
caused by strong atmospheric disturbances, such as tropical cyc-
lones (also called typhoons and hurricanes) and extratropical
cyclones. It is one of the most dangerous marine disasters and
notoriously threatens human lives and properties. Surge level
(SL) forecasting plays a pivotal role in reducing flooding risk in
low-lying regions and protecting human lives and maritime
activities in coastal regions. Storm surges are mainly driven by
meteorological forcings (i.e., pressure gradients and wind velo-
cities) and are characterised by high variability and uncertainty
(Mel et al., 2014). Currently, the main methods of SL forecasting
consist of experienced predictions and numerical models. Exper-

ienced predictions, based on similarity analysis and data statist-
ics, may have overreliance on personal experiences. Numerical
models, which physically simulate tidal processes using large
amounts of initial data, can successfully capture sea level vari-
ations, but their utilisation is computationally expensive and
time consuming.

Given their rapid development and wide application, artifi-
cial intelligence (AI) techniques have been gradually employed
in research on SL prediction because of their high performances
in realising the nonlinear mechanism of sea level variations
caused by hydro-meteorological factors.

The following is a summary of related literature in this area.
Cox et al. (2002) refined a linear model using an artificial neural
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network (ANN) with forecasted wind information to improve
short-term water level predictions. Sztobryn (2003) constructed
and verified a model using a multilayer perceptron (MLP) with
wind data for sea level changes during storms. Then, back-
propagation neural network (BPNN) models were applied to tide
and storm surge predictions, considering not only short-term
multi-variable measuring data (Chang and Lin, 2006; Liang et al.,
2008) but also typhoon factors (Lee, 2006, 2009; Kim et al., 2016)
as model inputs. Rajasekaran (2008) employed support vector re-
gression (SVR) to forecast typhoon-induced storm surges and
demonstrated that it is an efficient method compared to numer-
ical models and neural networks.

To improve prediction accuracy, many hybrid models have
been proposed. You and Seo (2009) developed a cluster neural
network using a cluster analysis methodology. Harmonic analys-
is, component analysis, Kalman filter, and other methods have
also been used to supplement neural networks to improve fore-
casting accuracy (Lee, 2008; Balas et al., 2010; Mok et al., 2016).
Neural-fuzzy, an integration of neural network and harmonic
analysis, was certificated as an effective and feasible technique to
forecast sea level (Karimi et al., 2013; Zhang et al., 2017; Wang et
al., 2020). Kim (2015) developed a time-dependent surrogate
model of storm surges based on an ANN with synthetic simula-
tions of hurricanes. Yin and Wang (2016) proposed a novel on-
line sequential extreme learning machine (ELM) based on an im-
proved Gath-Geva fuzzy segmentation algorithm. Imani (2018)
examined the applicability and capability of ELM and relevance
vector machine models for predicting sea level variations. El-Dia-
sty et al. (2018) combined a neural network with wavelet decom-
position to improve prediction accuracy. Kim et al. (2019) de-
scribed a novel systematic and objective selection procedure for
the development of an ANN-based storm surge forecasting model.

In recent years, convolutional neural network (CNN) and
long short-term memory (LSTM) models have proved their su-
periority and reliability in time series forecasting (Li et al., 2019;
Sagheer and Kotb, 2019; Wang et al., 2019; Song et al., 2020), but
they have scarcely been used in storm surge or sea level predic-
tions. Ishida et al. (2020) developed a coastal sea level estimation
model at an hourly temporal scale based on LSTM using wind
speed and direction, mean sea level pressure, and air temperat-
ure as input data. Further, the two methods are mainly applied in
other fields. For example, in wind speed forecasts, Zhao et al.
(2020) innovatively applied a one-dimensional CNN to excavate
the timing coupled information in data, while Araya et al. (2020)
used sub-sequences of different timescales as input for multiple
LSTM models to model complex temporal dynamics. Xiao et al.
(2019) predicted short- and mid-term sea surface temperature by
an LSTM-AdaBoost ensemble learning method. Other applica-
tions include day-ahead solar irradiance prediction, short-term
load forecasting, and multi-step ahead flood forecasting (Qing
and Niu, 2018; Sadaei et al., 2019; Dong et al., 2020; Kao et al.,
2020).

As mentioned previously, a CNN is good at collecting salient
features from an original signal, while LSTM is better at learning
temporal features. However, each model has its advantages and
disadvantages, and the combination of the two methods may
yield stronger prediction ability (Shi et al., 2015). Many studies
have integrated CNN with LSTM for time series predictions. Oh
et al. (2018) realised high-performance automated diagnosis of
arrhythmia by merging CNN and LSTM models with irregular
time series data. Liu et al. (2018) and Chen et al. (2019) built a
multifactor spatiotemporal correlation model based on a com-
bination of CNN and LSTM models for wind speed forecasting

and compared it with SVR, MLP, CNN, LSTM, and other models.
Pak et al. (2020) achieved better prediction results than MLP and
LSTM based on an effective CNN-LSTM in predicting PM2.5 con-
centration of Beijing City by constructing a spatiotemporal fea-
ture vector that reflects both linear and nonlinear correlations
between parameters. Utilizing time series data, Petersen et al.
(2019) proposed a deep neural network model consisting of con-
volutional and LSTM layers that could capture the non-static
spatiotemporal correlations of variability in urban bus travel
times with a better accuracy than LSTM in stand-alone mode.

From the summarisation of the literature above, two features
can be highlighted. (1) Short-term multi-step SL forecasting and
the applications of Al techniques in this field have been attract-
ing attention from researchers recently. (2) CNN and LSTM have
significant potential in predicting SL. In the present study, we ap-
plied CNN and LSTM models and their two sequential combina-
tions, LSTM-CNN and CNN-LSTM, to make reliable and accur-
ate multi-step-ahead short-term SL forecasts for the first time
with lead times of 1 h, 2 h, 4 h and 6 h. It was assumed in this
study that in addition its own inertia, SL is primarily influenced
by local wind, and other hydro-meteorological factors (such as
air pressure) were considered to be implicitly related to local
wind (Nitsure et al., 2014). Firstly, sample data were generated
according to the time-sharing SL distribution of differently sized
regions of interest (ROIs) around the research site. Secondly,
multiple models, including SVR, MLP, CNN, LSTM, LSTM-CNN,
and CNN-LSTM, were constructed and trained for multi-step
ahead SL forecasting. Finally, different measurement indexes and
statistical analyses were used to measure the superiority of the
proposed models. To demonstrate the applicability of the CNN
and LSTM models in multi-step-ahead surge forecasting, this
study utilised SL and wind series data of the Xiuying Station in
Hainan Province, China, as a case study.

The remainder of this paper is organised as follows. Section 2
presents the methodology and framework of the proposed mod-
els. Section 3 introduces the case study and materials. Section 4
presents the results and discussion of the methods applied to
multi-step ahead storm surge forecasting. Finally, Section 5
presents the conclusions and future research.

2 Methodology

2.1 Statistics-based sample generation

The distribution of training samples in neural network mod-
els should evenly cover various situations that may occur in prac-
tical applications. Typhoon induced storm surges play an import-
ant role in the vulnerability assessment of coastal regions. In the
absence of typhoon processes, the SL is relatively low, especially
in Southeast China, where it is less affected by extratropical cyc-
lones. If all time series data within valid time are organised as
model inputs, the proportion of tidal variations caused by
typhoons is very small, and the training dataset will have high bi-
as (as high-value data accounts for a relatively small amount),
which may cause low model performance in predicting storm
surge levels in typhoon processes. However, if we only use data
from a period of time before and after typhoons passing in model
training, then we cannot make accurate predictions under the
premise that we cannot determine whether the typhoon will
transit. A compromise method is to delineate an ROI around the
site and select a certain period after the typhoon enters the re-
gion as the sample, regardless of whether the typhoon will pass
across the site. For example, if the total number of typhoons en-
tering the ROI is n and the selected period length is ¢, then the
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length of the generated sample is nxt. In this way, sample genera-
tion translates into the following two issues: (1) the size and loca-
tion of the ROI and (2) the length of time period (LTP) after
typhoons entering the ROL

In view of this, the following solutions are proposed on the
basis of data statistics:

(1) With the site as the centre, demarcating r rectangular ROIs
of different sizes at regular intervals, determine and count the
number of typhoons crossing the it (i=1, 2, 3, ..., r) ROI, recor-
ded as ;.

(2) Calculate the time period of jth (j=1, 2, 3, ..., t) typhoon
crosses the it ROI (the time from when a typhoon is generated in
the region or enters the region from outside until it leaves the re-
gion or decays in the region). For each hour in the period, the
time sequence is recorded as k (k=1, 2, 3, ..., t,); the SL at the time
corresponding to each sequence number is recorded as Sy.

(3) For the ith ROI, calculate the mean absolute surge level
(MASL) at allt corresponding hours of the k™ sequence number

al
> ISl

j=1
MASLj = No
the kth hour after all passing typhoons enter the ith ROJ, and the
time-sharing MASL curves are plotted.

(4) Determine the LTP under the condition of covering 95% of
the number of records, i.e., accumulate the number of typhoon
track nodes every 3 h from the first hour. When the accumulated
number of nodes exceeds 95% of the total number of nodes at
hour T, select T as the value of LTP.

(5) Select the appropriate ROI according to the MASL curves;
the MASL curve of appropriate size ROI should slowly rise after
passing through a low value area and then maintain a high level
of oscillation before time T. Observing the time-sharing MASL
curve, if the curve immediately rises from the first hour or there is
a clear peak between hour 1 and 7, it indicates that the ROl is too
small; thus, select the qualified ROI with the smallest area as the
desired region.

The use of entire hourly time series data as inputs to the mod-
el is difficult owing to the required computational resources. This
method can exclude part of the data according to the unified
standard and also can incorporate most of the data affected by
typhoons into the sample. It reduces the sample size, saves com-
putational resources, and improves data quality. It should be
noted that this method is a rough method for screening sample
data, and its purpose is not to accurately exclude all samples that
are not affected by typhoons. This study aims to explore the ap-
plication of CNN and LSTM in storm surge forecasting; sample
generation is only the basic data processing work, not the main
research direction here. After sample generation, as long as the
typhoon enters the selected region, regardless of whether it will
cross the vicinity of the site, the trained models based on the gen-
erated sample will have a certain prediction ability to a period of
time from that moment.

, where Ny is the total number of records at

2.2 CNN and LSTM

CNNss are a class of deep, feed-forward artificial neural net-
works that employ a variety of multilayer perceptrons trained ac-
cording to the error back propagation algorithm. CNNs contain
one-dimensional convolution or multi-dimensional convolution.
For time series modelling, a one-dimensional CNN (conv1D)
seems more suitable. The inputs of convlD are 1D series contain-
ing a few observations in a certain channel. When the data frag-
ment is not highly location correlated, this method has the abil-
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ity to identify simple patterns in data and then generate more
complex patterns at a more advanced level. Therefore, convlD
can successfully obtain effective features from the shorter seg-
ments of the overall dataset, which can be used for the analysis
and processing of observed data.

The key for the application of a CNN to time series data is its
convolutional layer, where a filter is applied to the data across all
time stamps. ConvlD can be performed as a filter dedicated to
processing sequence data. For a single-layer conv1D, the output

vector O : Oy,--+,0j,- -+, O[H,H} is obtained as follows:
b
Zlﬁ—i—l - ki, ji=1
0,=1{" (1)

b
Zlf+i+t—2 ki, 1<j< [f
i=1

where I: [, ,L;y- -
stride, and b is the size of the convolution kernel k, i ={1, 2, 3, ...,
b}. Figure 1 illustrates the conv1D strategy. After O; is obtained
according Eq. (1), the calculation window slides back to I to
calculate Oz. The next output is obtained by this rule until the
highest f value is reached.

,Iz]is an input vector with size a, t is

H X,
is obtained after the first layer of convolution for the intercepted
signal S;:

Figure 1 shows a two-layer convlD network. [Xf‘l Xl

X4 = bl + convlD(S;, Wh), )

where W and b are the weight matrix and bias respectively, N, is
the number of the first convolution kernels, k={1, 2, 3, ..., Ni}, 1
indicates the first CNN layer, X is the output vector after convolu-
tion. Features generated by a filter usually go through an activa-
tion function. In the model, the most widely used “Relu” is ap-
plied as the activation function to increase the nonlinear charac-
teristics. Therefore, the output of the single CNN layer group is

X, = Relu (X, ), j=1,2. 3)

After the computation of the second CNN layer, the head and
tail ofxf-zl,xf‘é, e ,xf-fvg are connected to obtain the fully connec-
ted layer. Then, the fully connected layer, middle layer, and out-
put layer constitute a traditional neural network. Regression ac-
tivation is adopted to obtain a quantitative forecast value.

Meanwhile, LSTM, an elegant variant of the recurrent neural
network (RNN), was proposed to solve the vanishing gradient
problem by adding input gates, output gates, and forget gates to
the RNN (Hochreiter and Schmidhuber, 1997). It has been used
in many applications to analyse time series data. The connec-
tions between LSTM units allow information to cycle through a
loop across adjacent time steps. The key to LSTM is a cell that can
remember or forget information selectively by maintaining a
memory state. Information of high significance is retained and
back propagated, while irrelevant information forgotten and was
discarded.

The structure of LSTM is illustrated in Fig. 2. The memory cell
of LSTM looks like a conveyor belt, where the data streaming
through are carefully regulated by structures called gates, includ-
ing a forget gate, input gate, and output gate. The gates are ways
for optional inlet of information. They are composed of a sig-
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Fig. 1. Structural illustration of conv1D.
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Fig. 2. Structural illustration of LSTM.

moid neural net layer and a pointwise multiplication operation.
The working mechanism of the gates and information flow can
be expressed using the following equations:

o (XU + 81 W +by),

o (XtUi + S W+ bi) ,

C; = tanh (X,U° + S;_,W° + b,),
C=C108i0C,

0y =0 (XU’ + S 1W° + b)),

S; = o; - tanh (C;),

fi

iy

“

where f;, i, and o, are the forget gate, input gate, and output gate
of sigmoid functions o, respectively. Their values are between 0
and 1 and control the information that is forgotten in the old cell

state C;—1, the information that is stored (ét) in the new cell state
C;, and the information that is output from the cell, respectively.
® denotes Hardamard product, and © is the concatenation oper-
ator. X; is an input at time step ¢, and S; is hidden state at time
step I. U, U U, and U° are input weights of new input X;; W/,
Wi, WF, and WP are recurrent weights of output S;—; from the pre-
vious cell; and by, bi, b: and b, are corresponding biases.

2.3 Combinations of CNN and LSTM

There are two ways to combine CNN and LSTM sequentially
by using a different model as the upper layers: LSTM-CNN and
CNN-LSTM. This study applied both combinations to predict
short-term SL. In the LSTM-CNN model, temporal features are
first trained by several LSTMs, and the obtained result is utilised
as the input of CNNs. In the CNN-LSTM model, CNNs compose
an input layer that accepts observed variables as inputs and an
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Fig. 3. Frameworks of LSTM-CNN and CNN-LSTM.

output layer that extract features to LSTMs.

A graphical illustration of the integrated models is shown in
Fig. 3. Both models contain an input layer, two CNNs, two
LSTMs, and an output layer. Compared with CNN-LSTM,
LSTM-CNN has an extra fully connected layer and hidden layer.
As the input data consists of multivariate time series, we define
two time series datasets as tensors of shape (N, M, Q) and (N, Q,
M) for LSTM-CNN and CNN-LSTM, respectively, where N is the
number of samples in the dataset, Q is the maximum number of
time steps amongst all variables, and M is the number of vari-
ables processed per time step. M1 and M2 are the numbers of fil-
ters in the CNN layers, and Q1 and Q2 are output dimensions of
the LSTM layers. Because LSTM is capable of learning long-term
dependency and CNN can extract time-invariant features, the
last two dimensions of the tensors are permuted after the compu-
tation of upper layers in both models. The details of model con-
struction in this study, including the organisation of input data
and parameter optimisation, are discussed in Section 3.3.

If the combined networks use too many weights and are
trained too strictly, training results will be of high accuracy, but
they might involve a large number of less meaningful computa-
tions for non-trained data. Otherwise, if they use too few weights,
they will not be able to learn features of inputs efficiently. Here,
we use the regularisation method of dropout and early stopping
before the performance function reaches a pre-defined threshold
(for example 104 cm) of the mean absolute error between the ob-
served and predicted SL.

2.4 Evaluation of model performance

Three indexes were used to evaluate the performance of dif-
ferent methods for multi-step short-time SL prediction, namely,
mean absolute error (MAE), root mean square error (RMSE), and
correlation coefficient (CC), which are defined as follows:

1 n
==Y Y ®)
n< !

(6)

-Ni-Y)
cC = ! , (7

Z (y/ —/

where d; is the error vector calculated by the difference between
the observed SL value y; and the predicted SL value y}. ¥ and y
are the mean values of observed SL values and predicted SL val-
ues, respectively. 72 is the number of test samples. The respective
indexes are calculated for the predictions on each horizon (1 h, 2 h,
4 h, and 6 h) separately.

3 Case study

3.1 Observation data

Xiuying Station was selected as a case study to verify the feas-
ibility and superiority of CNN and LSTM applications for SL pre-
diction. Xiuying Station (20°6'N, 110°10’E) is located in the north
of Hainan Island, China, on the south coast of Qiongzhou Strait,
facing Leizhou Peninsula of Guangdong Province across the
straits. Affected by typhoons, the coast along Qiongzhou Strait to
Beibu Gulf is one of the areas with the most severe storm surge
disasters. Since 2008, Xiuying Station has encountered 4-5
typhoons per year on average within a range of 200 km. Haikou
Port, where Xiuying Station is located, is the busiest port in Hain-
an Province, so storm surge disasters cause serious economic
losses. In 2014, Typhoon Rammasun (#1410) passed Qiongzhou
Strait at a maximum wind speed of 55 m/s from the southeast dir-
ection, causing the maximum storm surge of Xiuying Station to
increase by 215 cm at 10:00 am on July 18, 2014, and the highest
SL rose to 343 cm (the top-level warning tidal line is 286 cm). Ac-
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cording to statistics from Hainan provincial government, Ram-
masun caused a direct economic loss of 11.95 billion yuan.

We collected hourly observed sea water level and astronomic-
al tide of Xiuying Station from years 2008 to 2018, the monitoring
of which is unified based on the 1985 National Elevation Bench-
mark of China. The hourly SL values were obtained by subtract-
ing astronomical tide from sea water level. Owing to the lack of
wind speed and wind direction observations at Xiuying Station,
we downloaded the reanalysis data of hourly 10 m wind in a
(1/4)° resolution grid during these 11 years from the European
Centre for the Medium-Range Weather Forecasts (ECMWF) web-
site (https://apps.ecmwf.int/datasets/). The hourly 10 m U and V
wind component time series data were extracted from the grid
where Xiuying Station is located and served as observation val-
ues. All observation datasets were thoroughly checked for con-
tinuity, and any missing or default values over an interval of up to
4 h were filled in using values obtained via linear regression,
whereas missing or default data values over interval durations ex-
ceeding 4 h were omitted. In addition, all track information of
north-western Pacific typhoons during these 11 years was also
downloaded from Shanghai Typhoon Institute of China Meteoro-
logical Administration website (http://tcdata.typhoon.org.cn/).
By statistically analysing the times when typhoons entered and
stayed away from the sea areas near Xiuying Station (as de-
scribed in Section 2.1), the sample data were screened to appro-
priate time periods to reduce the data quantity and optimise data
composition.

Figure 4 shows two typhoons: the 23rd typhoon Khanum
(1723) in 2017 and 26th typhoon Mangkhut (1826) in 2018. In
Section 4.2, these two typhoons are selected as two typical cases
for evaluating the predictions of CNN and LSTM models. The
years for the test dataset of this study are 2017 and 2018. Khan-
um and Mangkhut are the two typhoons that caused the highest

112°

16°

109

storm surge at Xiuying Station in these 2 years, causing the
highest 76 cm and 72 cm SLs, respectively. The figure shows the
transit time, path trajectory, and intensity of the two typhoons.
When the intensity is typhoon (TY), severe typhoon (STY), or su-
per typhoon (SuperTY), each path node is 3 h apart from the pre-
vious node; at other intensities, it is 6 h apart.

3.2 Sample data selection

The sample data selection for model training is based on the
method and rules described in Section 2.1.

Firstly, 6 ROIs of different sizes were delineated every 2 latit-
udes and longitudes, as shown in Table 1. Because typhoons
mostly entered the regions from the east and south, inland deep
west of 102°E and north of 26°N had few typhoons arrive and
were far away from Xiuying Station, so no more regional division
was made. Secondly, based on the typhoon tracks from 2008 to
2018, the time-sharing node information of each typhoon enter-
ing the ROI and SL values at the corresponding times was de-
termined and recorded. Then, the time-sharing number of nodes
and MASLs was computed and counted, and the cumulative per-
centage of time-sharing typhoon track nodes and MASL curves is
plotted in Fig. 5.

Finally, the LTP was calculated and the appropriate ROI was
selected. Covering 95% of typhoon track nodes, the values of T
were 61, 102, 117, 135, 155, and 161 for regions #1 to #6, respect-
ively. Observing the time-sharing MASL curves, from the 1st hour
to the Tth, there were obvious peaks in ROI#1 at the 12th hour,
ROI#2 at the 20th, and ROI#3 at the 30th and 66th. In ROI#4,
ROI#5, and ROI#6, after a period of low values, the curves then
basically maintained high oscillation. According to the principle
of minimum area, ROI#4 was selected as the case area. That is,
when a typhoon entered ROI#4, 135 hours after that moment was
selected as the initial forecast hours of training models.

120° 128°E

W

L |
=
I SuperTY

% Xiuying Station

Fig. 4. Location of the Xiuying Station and tracks of typhoons Khanum and Mangkhut. TD is tropical depression, TS is tropical storm,
STS is severe tropical storm, TY is typhoon, STY is severe typhoon, and Super TY is super typhoon.
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Table 1. Delineation of 6 ROIs around Xiuying Station and corresponding information about typhoons crossing each region from

2008 to 2018
Count of crossing Total track Maximum crossing Mean absolute
ID ROI .
typhoon nodes time/h surge level/cm
1 18°-22°N, 108°-112°E 48 1135 113 31.9953
2 16°-24°N, 106°-114°E 76 3471 188 26.297 2
3 14°-26°N, 104°-116°E 88 5392 197 25.181 2
4 12°-26°N, 102°-118°E 112 7801 205 24.065 6
5 10°-26°N, 102°-120°E 133 10 022 259 23.055 5
6 8°-26°N, 102°-122°E 137 12 015 296 22.2679
100 p—— 50 100 T 50 100 p— 50
————— o [ + —— 1—_=» -+ — —— 1
< ~7 | (61,95) o | (102, 9%) ST T 9s)
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Fig. 5. Time-sharing mean absolute surge level (MASL) curves and cumulative percentages of typhoon track nodes.

A total of 112 typhoons crossed ROI#4 (as shown in Table 1).
Considering the fact that no data gaps exist, the dataset should
have a total of 15 120 records. According to this principle, the
above selected hours were used as the initial forecasting time to
sample the dataset. The data between 2008 and 2016 were di-
vided into a training dataset and validation dataset at a ratio of
8:2, and data from 2017 to 2018 were organised as the testing
dataset. The training dataset was used to adjust model paramet-
ers, such as the weights and bias of the neural network. The val-
idation dataset was used to verify whether a model is under-
trained or overfitting. The test dataset was used to evaluate mod-
el performance.

After sampling, the training and validation dataset had 11 489
samples, and the testing dataset had 3 191 samples. The details of
the sample dataset and its comparison with the original dataset
are given in Table 2.

As presented in Table 2, the amount of generated dataset after
sampling has been significantly reduced, while the extreme value
characteristics of the original data are basically retained. Com-
pared with the original dataset, it has higher mean absolute val-
ues of SL, U10, and V10, indicating that the sample data have a
higher proportion of positive high values and negative low val-
ues. The higher kurtosis indicates that the "hot tails" feature is
more noticeable in the probability density distribution, and the

Table 2. Details of sample data and its comparison with original data

Sample data Original data
Index Training and validation Testing 2008-2016 2017-2018
SL u1o0 V10 SL u10 V10 SL u10 V10 SL u1o0 V10
/cm /(m-s!)  /(m-s!) /em  /(ms!)  /(ms)) /em  /(ms!)  /(ms) /em  /(ms!)  /(m-s)

Samples 11 489 3191 75588 17 166

Max 215 16.0 18.4 76 11.3 7.9 215 16.0 18.4 76 11.3 7.9

Min -67 -17.3 -17.8 -27 -12.9 -10.8 -67 -17.3 -17.8 -39 -12.9 -10.8

MAV 21.02 3.73 2.78 23.25 3.66 2.46 17.84 3.25 2.53 19.68 3.40 2.41
Kurtosis 11.98 0.43 1.16 1.12 0.18 -0.41 5.88 1.07 -0.05 0.48 1.77 -0.59

Note: U10, 10 m U wind component; V10, 10 m V wind component; MAV, mean absolute value; SL, surge level.
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probability of an extreme value distribution at both ends is great-
er. Comparing the training dataset and testing dataset, the former
has a larger threshold and higher kurtosis, indicating that Xiuy-
ing Station has a low frequency of strong storm surges during
2017 and 2018, and more SL values are distributed around the
mean value. The differences between the training dataset and
testing dataset pose a certain challenge to the applicability of pre-
diction models.

3.3 Model construction

One problem with the construction of time series prediction
models is the determination of the number of feature inputs.
After data pre-processing and sample data generation, the initial
forecasting hours were extracted, and input features were
defined as sequences of previous observations before these
hours. Deeper neural networks with longer input sequences in-
tend to obtain more accurate prediction results. In multi-step
time series forecasting, some sequence-to-sequence models have
utilised long-term sequence data to predict multiple values at
once. In this study, we did not adopt this concept because the
missing of observation data are frequent, especially when a
typhoon occurs. If the length of the input sequence is L, the ob-
servation missing of 1 h will cause L hours to be unpredictable.

Table 3. Hyper-parameter details of the six models

Based on the trial-and-error approach as well as extant studies
performed by Nitsure et al. (2014) and El-Diasty et al. (2018), this
study intended to use 24 as the number of feature inputs. The in-
put sequence is organised as follows:

Sti = f(St, St—i St—2i, St—3i, - -+ , St—23i) » (®

where f is neural network model; S is the predicted value at
time ¢+ i; S; is the observed value at time ¢, including SL, U10,
and V10; f is the initial forecasting hour; and  is the forecasting
horizon.

Another problem of model construction is model selections
and parameter settings. The aim of this study was the application
of CNN and LSTM in SL prediction, so CNN, LSTM, LSTM-CNN,
and CNN-LSTM models were constructed. To analyse and com-
pare the model results, SVR and MLP models were selected as
references. The SVR model, a regression application of the sup-
port vector machine (SVM) by introducing an alternative loss
function that is modified to include a distance measure, is a su-
perior model that has been verified by numerous practical imple-
mentations. MLP is a core method in the deep leaning frame-
work. By adding multiple hidden layers, MLP can deeply tap the
potential connections between the input layer and output layer

Model Hyper-parameter Value Reason
SVR shape input layer nodes (None, 72) shape of feature inputs
kernel function RBF a competitive kernel function
parameters adjustment method GridSearchCV an exhaustive search method in
“sklearn”
MLP shape of input layer (None, 72) for MLP, (None, 24, 3) for CNN, (None, 3, 24) for shape of feature inputs
CNN LSTM
LSTM number of 1st hidden layer 128 common value [16, 32, 64, 128, 256]
nodes
number of 2nd hidden layer 32 common value [8, 16, 32, 64, 128]
nodes
size of batch 256 common value [64, 128, 256]
early stopping patience 5 a common value
early stopping minimum delta 1x10-4 minimum gap of loss in "Keras"
early stopping loop count 7 for 1 h model, 5 for others common value [1, 3, 5, 7]
LSTM-CNN shape of input layer (None, 3, 24) shape of feature inputs
number of 1st LSTM layer 128 same as LSTM
nodes
number of 2nd LSTM layer 32 same as LSTM
nodes
number of 1st CNN layer nodes 128 same as CNN
number of 2nd CNN layer 32 same as CNN
nodes
size of batch 256 same as CNN
early stopping patience 5 same as CNN
early stopping minimum delta 1x10-4 same as CNN
early stopping loop count 7 for 1 h model, common value [1, 3, 5, 7]
5 for others
CNN-LSTM shape of input layer (None, 24, 3) shape of feature inputs
number of 1st CNN layer nodes 128 same as CNN
number of 2nd CNN layer 32 same as CNN
nodes
number of 1st LSTM layer 128 same as LSTM
nodes
number of 2nd LSTM layer 32 same as LSTM
nodes
size of batch 256 same as LSTM
early stopping patience 5 same as LSTM
early stopping minimum delta 1x104 same as LSTM

early stopping loop count

7 for 1 h model, 1 for 6 h model, 5 for others

common value [1, 3, 5, 7]




112

to make better predictions. The hyper-parameters of all models
are listed in Table 3.

The settings of all model parameters were predominantly de-
termined by trial-and-error among common values. Table 3 lists
the values of hyper-parameters for different models and the reas-
ons why they have been selected. For hyper-parameters having
multiple available common values, the prediction errors were
calculated for all possible combinations using training data, and
the hyper-parameters leading to the lowest prediction errors
were selected to build models. The same parameters are equal in
these models to ensure fairness of comparison, for example, the
number of CNN layer nodes in CNN model equals to those in
LSTM-CNN and CNN-LSTM models. In addition to the paramet-
ers listed in Table 3, there are still others that must be illustrated
in the training stage. For example, the epoch number for training
is 200; all optimizers in neural networks are “Adam”, and activa-
tions are “Relu”. No CNN layers, including those in the
LSTM-CNN and CNN-LSTM models, have max-pooling or dro-
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Inputs (None, 24, 3)

B R R XX

[ MLP and LSTM ]
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pout layer behind them, kernel size is (2, 1), and stride is 1. All
LSTM layers, including the layers in LSTM-CNN and CNN-LSTM
models, are followed by a recurrent dropout layer. In LSTM-CNN
and CNN-LSTM, the input dimensions were permuted before the
concatenation of the two models. To avoid over-fitting, the early
stopping method was adopted at the minimum delta of 1x10-.
Based on the solution of the above two problems, the input
data were organized to meet the needs of multi-step forecasting,
and the six prediction models were constructed for comparison.
Figure 6 shows the data organization and network structures of
models. The original inputs of all six models are sorted out to
three-dimensional tensors of shape (None, 24, 3), where the first
dimension is the number of samples, the second dimension is
the length of time sequences, and the third dimension is the
number of variables (SL, U10, V10). For each step (i=1, 2, 4, 6) of
forecasting, different sample datasets are generated, and differ-
ent prediction models are trained, respectively. In addition, the
network structures of SVR, MLP, CNN, LSTM, LSTM-CNN and
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Fig. 6. Data organization for multi-step predictions and architectures of selected models.
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CNN-LSTM are depicted in detail in Fig. 6, among which MLP
and LSTM are presented together.

All models are implemented in Python, utilizing the Python
libraries sklearn and Keras. As the results of each run of SVR are
the same, the model runs were performed only once. MLP, CNN,
LSTM, LSTM-CNN, and CNN-LSTM were iterated to optimize
weights, and there are random numbers in the models. The res-
ults of each run are different, so these five models ran 10 times
and the averages were regarded as the final results.

4 Results and discussion

Table 4 summarises the results of the six competitive al-
gorithms. As can be observed from the 1- 6 h ahead forecasts,
CNN and LSTM performed better than SVR and MLP, and com-
binations of the CNN and LSTM networks achieved more accur-
ate results than the individual CNN and LSTM. The best MAE
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results in the six models are indicated by the grey-filled cells.
CNN-LSTM maintained the best performance at all four forecast
horizons, but SVR, the MAE of which increased from 5.90 cm t0 9.51 cm,
achieved the worst results. The MAE values at the four steps us-
ing CNN decreased by 15.98%, 6.62%, 6.20%, and 7.41% against
MLP, respectively; using CNN-LSTM, they decreased by 18.01%,
11.48%, 10.82%, and 12.35%. Comparing the individual CNN and
LSTM models with their combined models, the average MAE val-
ues of LSTM-CNN and CNN-LSTM were 2.65 cm, 4.33 cm, 6.14 cm,
and 6.83 cm at four respective steps, all of which are approxim-
ately 3% below those of CNN and LSTM.

To display the prediction results of different models more
clearly, the SL prediction performances of 1 hour-ahead SVR,
MLP, LSTM, and CNN-LSTM on testing data are plotted in the
form of scatter charts (Fig. 7). The scatter plots have observed
values on the x-axis and predicted values on the y-axis. The data

Table 4. Experimental results of six algorithms on testing data at multi-hour steps

Steps Index SVR MLP CNN LSTM LSTM-CNN CNN-LSTM
1h CC 0.850 5 0.954 3 0.965 5 0.962 9 0.965 8 0.966 1
MAE/cm 5.895 8 3.208 3 2.695 6 2.7957 2.668 2 2.630 3
RMSE/cm 7.544 2 4.212 4 3.5311 3.622 0 3.478 4 3.463 1
2h CC 0.771 6 0.883 0 0.900 2 0.902 9 0.904 6 0.908 6
MAE/cm 6.869 2 4.8211 4.502 1 4.455 6 4.383 2 4.267 6
RMSE/cm 8.868 5 6.2919 5.832 4 5.767 6 5.722 3 5.612 5
4h CC 0.671 5 0.733 4 0.780 7 0.789 2 0.794 2 0.7991
MAE/cm 7.6449 6.8310 6.407 1 6.368 3 6.1919 6.091 8
RMSE/cm 10.047 3 9.0219 8.3351 8.196 2 8.063 4 7.9821
6h CC 0.460 8 0.658 8 0.705 6 0.718 3 0.720 4 0.736 1
MAE/cm 9.507 3 7.687 7 7.118 4 6.935 3 6.9211 6.738 0
RMSE/cm 12.060 8 9.813 2 9.1327 8.945 3 8.9147 8.709 5
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Fig. 7. Scatter plots of observed SLs and 1 h ahead predicted SLs of SVR, MLP, LSTM, and CNN-LSTM.
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pairs are colour coded by data density, which was calculated by
kernel density estimation using Gaussian functions, and all res-
ults are normalised in the range [0, 1] using unified extremum.
The standard lines (y = x) are represented by dashed lines for bet-
ter observation of the distribution of scatters.

Comparing the scatter plots of the four models, the CNN-
LSTM model showed the best agreement with the observed SL
with a slope of 0.94, intercept of 1.48, and R? of 0.97. The distribu-
tion of the SVR scatter is the most dispersed. For MLP, the scatter
distribution is relatively concentrated, but the fitted line deviates
too much from the standard line (slope of 0.88). In particular, the
predicted values are lower in the high-value area and higher in
the low-value area. The slopes of the LSTM and CNN-LSTM fit-
ted lines are closer to 1, and the R? values are higher. Comparing
LSTM with CNN-LSTM, CNN-LSTM achieved a slimmer distri-
bution form, higher data density, and the scatter is closer to the
standard line in the high-value area; therefore, its prediction is
more reasonable.

As shown in Table 3 and Fig. 7, CNN, LSTM, and their com-
bined models have evident advantages in prediction accuracy
over SVR and MLP, and the combined models are superior to in-
dividual CNN and LSTM, but these advantages are not signific-
ant. To effectively understand the forecast details of the models,
line graphs of error distributions were drawn. Firstly, the obser-
vation values were arranged in ascending order, and the number
of testing samples was equally divided into 10 blocks. Then, the
MAE of each model for each block was calculated to obtain 1 h, 2 h,
4 h, and 6 h forecasting error distributions of MLP, CNN, LSTM,
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Fig. 8.

LSTM-CNN, and CNN-LSTM in ascending SL interval ranges, as
shown in Fig. 8. Figure 8 shows that from 1 h to 6 h time steps, the
forecasting errors for ascending data blocks roughly present U-
shaped distributions, indicating that all models have higher fore-
casting errors on negative low and positive high SLs but have low
errors near the mean. Secondly, the higher the forecasting hori-
zons, the more obvious the U-shaped characteristics. With larger
forecasting steps, the error growth at the U-shaped bottom is not
large, but the errors increase obviously at both ends, demonstrat-
ing that the increases of model errors mainly occur in the predic-
tion of data at both ends. For example, in the prediction of CNN,
the errors of 4th-6th blocks at 2 h and 6 h ahead steps are approx-
imately 4 cm and 5 cm, respectively, while the error increases
from 6 cm to 13 cm for the 10th block. Finally, compared with the
CNN and LSTM models, although the global MAEs of LSTM-
CNN and CNN-LSTM are lower, the errors at the U-shaped bot-
tom are higher in the 1 h, 4 h, and 6 h ahead predictions. There-
fore, the main advantages of the combined models are mainly
concentrated in the prediction of high and low SLs, which is
largely affected by severe meteorological activities, such as
typhoons.

Typhoon Khanum and Mangkhut were selected as cases to
study the prediction accuracy of these models when typhoons
occur. The tracks of Khanum and Mangkhut area shown in Fig. 4.
Figures 9 and 10 are the results of different models predicting the
1h and 2 h ahead SL hourly variations during these two typhoon
periods, which were chosen as 12:00 on October 12th to 12:00 on
October 17th, 2017 and 00:00 on September 15th to 00:00 on
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Error distributions with ascending data blocks at 1 h, 2 h, 4 h, and 6 h ahead steps.
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September 20th, 2018. To express the differences among these
models clearly, representative results from only 5 models’ experi-
ments are selected for display, including SVR, MLP, CNN, LSTM
and CNN-LSTM. LSTM-CNN was not chosen in the two figures,
for the reason that LSTM-CNN had smaller MAEs when com-
pared with CNN or LSTM, but its prediction errors were similar
(only a little bit larger) to CNN-LSTM (as shown in Table 4).

As shown in Figs 9 and 10, CNN-LSTM achieved the best res-
ults, followed by CNN and LSTM, while SVR was the worst. In Fig. 9,
except for SVR, the SL predictions of the other three models can
fit the observations under 50 cm well, but MLP, CNN and LSTM
tend to underestimate at peaks and overestimate at troughs. The
MAE histogram in the figure clearly shows the differences
between the forecast errors of the four models. To intuitively ob-

serve the difference between the predictions of CNN and
CNN-LSTM, a grey bar chart at the top of the figure is used to dis-
play the hourly gap between the absolute errors (AEs) of CNN
and CNN-LSTM (AEcnny — AEcnn-1stm). Evidently, most of the
gaps are greater than 0, and the positive values are higher, which
indicates that CNN-LSTM is definitely superior to CNN. More
importantly, CNN-LSTM enhances the forecast quality near the
peaks, where the prediction task is most challenging and mean-
ingful. A similar conclusion can be drawn from Fig. 10, except
that the prediction errors of all models are larger.

Figures 9 and 10 show the 1 h and 2 h ahead hourly predic-
tions of the four models, but they do not explain their compre-
hensive performances for all forecasting horizons. Therefore, the
MAEs predicted by the five models (except SVR) at 1 h, 2h, 4 h,
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Fig. 11. Radar charts of different modes for multi-step ahead SL predictions for the period of typhoons Khanum and Mangkhut and

the year from 2017 to 2018.

and 6 h ahead are plotted as a radar chart, as shown in Fig. 10.
The entire forecast results from 2017 to 2018 are also drawn for
comparison.

Figure 11 illustrates that the prediction errors of all models
during typhoons at different steps are greater than the overall er-
rors from 2017 to 2018, but CNN and LSTM, and especially their
combinations, show greater superiority. During the period of
typhoons Khanum and Mangkhut, the average MAEs of CNN and
LSTM were 29.72%, 23.80%, 14.81%, and 3.29% smaller than
those of MLP at the four respective forecasting horizons, while
the corresponding reductions of the combined models were
37.21%, 28.54%, 21.20%, and 11.71%. Meanwhile, the forecasting
advantages of the combined models during typhoons are more
obvious than usual. For example, in the period of 2017 and 2018,
the MAEs of CNN at the four steps were 2.80 cm, 4.46 cm, 6.41
cm, and 7.69 cm, respectively, and the errors were reduced by
2.42%, 5.21%, 4.92%, and 5.34% in CNN-LSTM. In the period of
the two typhoons, the MAEs of CNN were 3.27 cm, 5.93 cm, 8.88 cm,
and 10.24 cm, and CNN-LSTM outperformed CNN by 11.39%,
10.13%, 12.29%, and 10.54%, all of which are significant improve-
ments.

In addition, some limitations of our study should be men-
tioned. As the forecasting step number grows, the errors during
typhoon periods increase more than usual. The MAEs of CNN
and LSTM in Fig. 11a at the 6 h ahead step are close to that of
MLP, which are both above 10 cm, but the average observed SL
during the period was only 33.08 cm. Meanwhile, in Fig. 11b, the
errors of all models at 6 h ahead are similar to those at 4 h. This
does not mean that the 6 h ahead predictions are accurate, but it
may reflect a problem that the prediction errors are close to a
reasonable upper limit. If the forecasting horizon were extended
to 12 h or 24 h, the prediction results would be even less credible.
Therefore, the methods proposed in this paper may not achieve
satisfactory accuracy in mid- to long-term SL forecasting. There
could be two reasons for this. (1) The input features are organ-
ised as [Sr, St—i, St—2i5 St—3is - -+, St—23i] (S is observed time series, ¢
is initial forecasting hour, and i is forecast horizon), and the big-
ger is i, the greater the difference among the input features,
which may no longer effectively reflect the variation laws of storm
surges. (2) The sample data only include the time series ob-

served SL and wind data of the predicted site and cannot repres-
ent the impact of the surrounding environment on the changes of
tidal level on a spatial scale. Nevertheless, the combinations of
CNN and LSTM could still show their advantages in predictions.

5 Conclusions

In this study, we applied CNN, LSTM, and their sequential
combinations in short-term multi-step ahead storm surge level
predictions using observed SL and wind time series data as input.
The major objectives of this study included the development and
evaluation of methods for improving SL forecasting accuracy via
comparison against SVR and MLP methods. The Xiuying Station
data were used to implement and validate the proposed models.
Firstly, a method of sample generation was proposed based on
data statistics to improve the quality of sample data and reduce
the amount of training data. Secondly, the sample data were or-
ganised as model inputs by using sliding time windows with dif-
ferent step sizes, and all data were standardised and divided into
training, validation, and testing datasets before model training.
Finally, the architecture of each model was determined based on
a trial-and-error approach and experiences gained from previ-
ous studies.

Experimental results demonstrate that the CNN and LSTM
models evidently outperform the SVR and MLP models in terms
of forecasting accuracy. Moreover, the combinations of CNN and
LSTM enhance the performances of single CNN and LSTM
mostly by 4%-6%. The error distribution analysis found that the
forecasting quality improvement of combined models mainly
concentrates on positive high and negative low SLs, where the
prediction task is most challenging and meaningful. From a case
study of two typhoons that caused the most severe storm surges
in the testing period, the combined models outperform individu-
al models by over 10% at all four forecasting steps.

The models proposed in this paper can be implemented in
real time and can be applied to forecasting SLs for other tide-
gauge stations with tide and wind observations in situations that
do not require physical and dynamical modelling. However,
there are still some limitations of our study, as mentioned at the
end of Section 4. Future works will mainly be conducted from the
following two aspects: (1) applying more hybrid models, such as
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bidirectional LSTM, self-attention-based LSTM, and their com-
binations with CNN, to achieve higher prediction accuracy, and
(2) introducing the observed data of adjacent stations or grid data
into the models considering that sea water level, wind, and other
observable elements have continuity in geographic space.
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