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Abstract

It is of vital importance to reduce injuries and economic losses by accurate forecasts of typhoon tracks. A huge
amount of typhoon observations have been accumulated by the meteorological department, however, they are yet
to be adequately utilized. It is an effective method to employ machine learning to perform forecasts. A long short
term memory (LSTM) neural network is trained based on the typhoon observations during 1949-2011 in China’s
Mainland, combined with big data and data mining technologies, and a forecast model based on machine
learning for the prediction of typhoon tracks is developed. The results show that the employed algorithm
produces desirable 6-24 h nowcasting of typhoon tracks with an improved precision.
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1 Introduction

Typhoons are typical tropical weather systems, which impose
severe threats to people’s lives, property security and the devel-
opment of the regional economics in the coastal areas. Timely
prediction and warnings of a typhoon can provide effective in-
formation support to disaster prevention departments, and re-
duce injuries and economic losses effectively. Therefore, it is an
important research topic to accurately predict typhoon tracks.
However, typhoon tracks are influenced by the typhoon back-
ground fields, the thermodynamics and kinetics of the typhoon
system, etc. (Huang and Jin, 2013). In addition, after the landing
of a typhoon, its tracks are influenced by the complex bathy-
metry and coastline of the coastal region and the topography of
the inland, etc. (Yu et al., 2012). It is thus a rather complex and
integrated challenge to resolve the typhoon tracks.

The existing forecasting operations mainly rely on the sub-
jective empirical forecasts in the early stage. Chen and Ding
(1979) summarized the track types of the typhoon happened in
the Northwest Pacific, which provided an empirical reference to
the prediction of typhoon tracks. With the development of monit-
oring methods and computer technology, numerical forecasts of
typhoon tracks have been widely developed in recent years. Cur-
rently, the forecasting of typhoon tracks has formed a compre-
hensive system utilizing a wide range of data and methods, which

is based on numerical forecasting and combined with human
machine interface (Qian et al., 2012). Wang et al. (1996) pro-
posed a scheme for the initial field for the numerical forecasting
of typhoon based on artificial data and observations, and applied
it to the forecast of typhoon tracks in the South China Sea. Qian et
al. (2012) discussed the influence of different initial field and lat-
eral boundary conditions on the accuracy of typhoon numerical
forecasts. Li and Chen (2002) reviewed the operating application
of the ensemble numerical forecast system in China. Xu et al.
(2014) proposed a typhoon forecasting strategy based on
GRAPES with an improved convective parameterization.
However, although numerical forecasts have been widely ap-
plied, the accuracy is still lower than that of empirical forecasting
methods (Chen et al., 2015). According to the published data by
Shanghai Typhoon Institute of China Meteorological Administra-
tion, the current forecasting status of 24 h, 48 h and 72 h typhoon
track errors based on subjective empirical methods are 84.2 km,
145.6 km and 205.4 km, respectively, and those based on region-
al numerical models are 97.4 km, 188.2 km and 302.7 km, re-
spectively (Xu et al., 2010). It is still challenging to further im-
prove the accuracy of the numerical forecasting models.
Currently, a three-dimensional typhoon observation system
has been established preliminarily, including meteorological
satellites, oceanic observation stations, and ground observation
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posts, which provides numerous data to operating departments
and research institutes (Hochreiter and Schmidhuber, 1997). In
addition, an enormous number of typhoon observations have
been accumulated by typhoon forecasting institutes since 1949.
In the era of big data, it is an urgent task to improve the numeric-
al forecasting accuracy by utilizing these data. With the develop-
ment of machine learning algorithms, especially recurrent neur-
al networks (RNNs), long and short term memory neural net-
works (LSTM), etc., new ways to solve prediction and regression
issues have become available. Inspired by the outstanding per-
formance of LSTM models in image recognition and visual de-
scriptions (Xu et al., 2015), a forecasting model for typhoon tracks
is developed based on a deep learning algorithm in this paper,
with a large number of observation samples to train the model.

The essence of deep learning algorithms is using a large num-
ber of samples to train an end-to-end network and then perform-
ing forecasts using test data by this trained network. As there are
many parameters involved in the network, sufficient training
data are needed to train the model. Research shows that deep
learning algorithms can improve the accuracy remarkably with
sufficient samples to train the network. A reasonable employ-
ment of a deep neural network to deal with the large number of
big data can improve the forecast precision of typhoon tracks.
RNN s are one of the most widely used regression prediction
neural network algorithms. However, the gradient in RNN may
disappear, i.e., errors cannot propagate backward to a far-away
previous neuron (Donahue et al., 2015). The LSTM is a classic
solution to this issue. In LSTM model, the normal neurons con-
taining activation functions are replaced by a memory cell to re-
solve the disappearance of the gradient. Meanwhile, values of in-
formation can be stored in the network within any length of time
due to this scheme. Ranzato et al. (2014) proposed a video inter-
pretation algorithm based on the LSTM. Sutskever et al. (2014)
employed the LSTM algorithm to predict a time series, and ob-
tained reasonable results. Studies show that deep learning al-
gorithms, especially LSTM, can be employed in weather forecast-
ing and ocean remote sensing areas. Yin et al. (2015) predicted
the atmosphere pollution levels using a deep belief network. You
et al. (2016) adopted a traditional error back-propagation neural
network based on phase space reconstruction to predict storm
surges. Shi et al. (2015) proposed a prediction model for precipit-
ation based on a convolutional LSTM algorithm. The aforemen-
tioned studies indicate that deep learning algorithms are effect-
ive tools to establish models and perform predictions using big
data.

A prediction model for typhoon tracks is proposed in this pa-
per based on a deep learning algorithm. The observations of
typhoon tracks from 1949 to 2012 provided by the North China
Sea Marine Forecasting Center of State Oceanic Administration
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of China are used to train the LSTM neural network. Six to
twenty-four hours typhoon tracks are predicted and compared to
observations. The contributions of this paper are threefold.

(1) The typhoon observations during 1949 and 2012 are ana-
lyzed comprehensively and a typhoon data set is established.

(2) A deep learning model based on the LSTM is established
to predict typhoon tracks using typhoon big data. The applicabil-
ity of the deep learning algorithm to typhoon tracks prediction is
validated.

(3) Six to twenty-four hours typhoon tracks are predicted to
provide information support to relevant personnel.

2 Prediction model for typhoon tracks based on LSTM al-
gorithm

The LSTM algorithm is developed based on the RNNs. The re-
current and error back propagation processes are retained in
LSTM, with long and short-term memory cells used to replace
the hidden neurons in a traditional RNN. An introduction of the
RNN is presented firstly in this section, which leads to the intro-
duction to the LSTM algorithm for clarity. Then the LSTM algori-
thm is applied to establish a prediction model of typhoon tracks.

2.1 A briefintroduction to RNN

Traditional feedforward neural networks (FNNs) have prom-
ising performance in many fields. However, their performance is
poor in dealing with time series such as videos. This is mainly
due to the following two aspects. First, the input format of an
FNN is a vector of a fixed length. Second, samples in an FNN are
assumed to be independent, i.e., they are not related to either
temporally or spatially. RNNs have fixed this problem and
achieved satisfying performance in speech recognition, machine
translation, image interpretation, etc., because an RNN can pro-
cess each element in the input series one by one, and pass the
filtered information in a series in the neural network to retain the
correlation among elements in a series.

Compared with an FNN, an RNN allows a series format for
the input and output, and breaks the limit to only allow data
propagate to a forward level one by one. The input and output of
an FNN are normally a vector of a fixed length, while those of an
RNN can be a time series like (x1, 2, ..., x) and (3!, 3?3, ..., ), the
length of which can be finite or infinite, where x and y are vectors,
and the superscripts are index number which can be taken as
time for a time series. Every sample in an RNN is a couple of an
input series and an output series.

The output of a hidden neuron only can be directed to neur-
ons on the next layer in an FNN, while in an RNN, that can be
passed on to neurons on the same layer and also itself, therefore,
information can be passed without a “time” limit. As shown in
Fig. 1, the solid lines denote the information flow in an RNN, and

Fig. 1. Unfolding an RNN by the BPTT.
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the dashed lines represent the information flow without a “time”
limit. With this scheme, it is hard to train an RNN using error
back propagation (BP), and thus the back propagation through
time (BPTT) method is used to unfold the network by time. The
left column in Fig. 1 is an illustration of an RNN and the right
column is its unfolded structure by the BPTT. The hidden neur-
ons at time step ¢ can get information of the input at the current
time step x/, as well as the information of the hidden layer at the
previous time step h*l, i.e., h* = o(W,,, x'+ Wy, h*1+b,). Unfolding
an RNN by time makes it much easier to train the network as the
temporally overlapped parts in an RNN is unfolded as a tradition-
al FNN, which makes the RNN method widely applied.

2.2 LSTM models

Although time is introduced in an RNN, and the output of a
current time step can be passed to the next time step, the inform-
ation will be lost unless the value at the next time step is the same
as the current one, i.e., the information in a series can only im-
pact the neighboring elements, not any farther. Therefore, the
impact is very short in time, the information cannot be stored in
the network for a longer time during training, and disappearance
or explosion of gradient can happen during error back propaga-
tion. Therefore, long and short term memory cells are intro-
duced to store information for any time length to mitigate the
disappearance or explosion of gradient remarkably, which is a
temporally recurrent neural network called long-short term
memory (LSTM).

A special cell structure is used to replace the original hidden
neurons in the LSTM. An illustration of the LSTM is shown in Fig.
2, where o represents the sigmoid function, [] represents multi-
plication, the subscript ¢ means that it is a single structure, and
all the solid arrows mean that the connection weightis 1. s_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 re-
tain the correlation among elements in a sequence. g, is the in-
put node, which denotes the comprehensive interaction of the
input at time step ¢ and the information of previous network
status. Its value can be passed on to a memory cell through the
control of an input gate i_. If Wis the weight, b is the threshold,
then gl = o (W' + Wysh' ™" + b). i, is the input gate, which re-
ceives the input at time step ¢ and the network status information
at previous time steps, and pass the input value of node g_into a
memory cell s after the control of the sigmoid function. f, is the
forget gate, which determines whether the value of s is stored or
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Fig. 2. A memory cell of the LSTM.

not: if the weight is 1, it is stored as it was, and if it is 0, it is
cleared.

O, is the output gate, which receives the input at the time step
t and the network status information at previous time step. It
controls the output of s, after the sigmoid function. v, is the out-
put value.

Use x and h vectors to denote the values of each layer, then

g =tanh (Wgx' + Weh' ' + by)
i' = o (Wix' + Wyh'™' +b),

ft =0 (foxt + thhFl + bf) )
=0 (Woxxt + Wothl + ho) )

sl=g ot +s1fL

h' = tanh(s") ® o,

where © is dot product.

2.3 Prediction model for typhoon tracks based on LSTM
Considering a two-dimensional coordinate representation of
the typhoon location, for a typhoon which lasts for continuous ¢
time steps (At), its track can be represented by a sequence
T T T T,
([x}., x3) 3, x3] L. [, X ) , where [x],x}] is the
coordinates of a two-dimensional vector, the subscript of x] rep-
resents its dimension, the superscript of x} represents its index in
the series, and each two neighboring elements have a time differ-
ence of At. Considering that when performing predictions of the
typhoon position after m-At, the typhoon positions at the previ-
ous n time steps are necessary to show the typhoon track and
subsequently obtain a more accurate prediction, the input series
T
of the LSTM should be [x],x3,x7,x3, ..., x},x5] , [x},x3,x},x3,

ntl _n+1NT t—n—m+1 t—n-m+1 _t—n-m+2 _l(—n—m+2
a7 RN P , x5 , x4 , x5 ey

_ —mT . .
x5 xh ”’] and the corresponding output sequence is

[xiwm

quence and the corresponding output series form a sample.

An LSTM neural network for the prediction of typhoon tracks
is designed in this way with three layers, i.e., an input layer, a hid-
den layer, and an output layer. There are 2n neurons on the in-
put layer, i.e., the dimension of each element in the input se-
quence is 2n. The hidden layer consists of 20 long-short term
memory cells. There are 2 neurons on the output layer, i.e., the
dimension of each element in the output series is 2.

When training the network, all the network parameters are
initialized as random numbers between 0 and 1, and then 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 with labels and the errors
are back propagated backward by the BPTT algorithm. The test
process follows the same way as the training process.

n+m}T [ nm+1

n+m+11T
7x2 ) xl ]

¢ T .
x} ,-.., [x},x3] .Oneinput se-

3 Experiments

Two experiments were designed in this section. The first one
was used to verify the feasibility of a typhoon-track-prediction
LSTM network. In the second experiment, training data sets with
different amount of samples were used to train the LSTM net-
work, so as to discuss the effectiveness of big data. All the experi-
mental data in this section were from CMA-STI optimal tracks
data set of tropical cyclones, which recorded the tracks of the
tropical cyclones happened in the Northwest Pacific during 1949
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and 2011, where the typhoon tracks were recorded using longit-
ude-latitude coordinates with an average precision of 0.1° at
every 6 h. The test results were measured by the mean distance
erTors.

3.1 Feasibility experiment

To prove the feasibility of the LSTM neural network to predict
typhoon tracks, typhoon positionsin 6 h, 12 h, 18 h, 24 h, 48 h,
and 72 h were predicted in this experiment, and six data set
couples were generated with training set to test set ratio being
8:1. Test results are shown in Fig. 3. The results demonstrate that
with the prediction time goes on, the prediction error increases.
The prediction results are compared with subjective empirical
methods and regional numerical modeling in Table 1. The LSTM
network obtained relatively accurate results in 6, 12, and 18 pre-
diction. The prediction error of the LSTM network is comparable
to those of the subjective empirical methods and the regional nu-
merical modeling for 24 h predictions, while it soars and be-
comes much higher than the latter two for 48 h and 72 h predic-
tions. Therefore, it is only meaningful to perform predictions
within 24 h using the LSTM network, which also contributes a
new method for the prediction of typhoon tracks.

3.2 Experiment with data sets of various samples

To examine whether the prediction accuracy can be im-
proved with a larger training dataset, 6 h, 12 h, 18 h, and 24 h pre-
dictions were performed with the same dataset correspondingly,
yet with the number ratio of samples in the training data set to
test the data set being 2:1, 3:1, 4:1, 5:1, 6:1, 7:1 and 8:1, respect-
ively. The experiment results are shown in Fig. 4 and Table 2. It
can be seen that the prediction error decreases with a larger
training data set, i.e., the prediction accuracy of a LSTM neural
network will increase with a larger amount of typhoon tracks ob-
servations.

4 Conclusions

A prediction method for typhoon tracks based on a LSTM
neural network is proposed in this paper. The CMA-STI optimal
tracks data set of tropical cyclones are used for training and test-
ing. The results show that the 24 h prediction errors are reason-
able and comparable to those of the traditional subjective empir-

Table 1. Prediction errors (km) of different methods
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Fig. 3. Prediction errors of the LSTM neural network with time.
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Fig. 4. Results of the experiment with various number of
samples in the training data set.

ical method and the regional numerical modeling. Therefore, it
provides a new and feasible method for the prediction of typhoon
tracks. It also indicates that the typhoon tracks prediction error of
the LSTM neural network can be reduced by using a larger train-
ing data set. Therefore, with increasingly larger amount of
typhoon observations, the prediction accuracy of the LSTM neur-
al network will increase.

In this paper, only the typhoon tracks observations are used
as the input for the prediction. More information can be in-
cluded in future studies, such as the central pressure, topo-

Prediction time/h LSTM Subjective empirical methods Regional numerical modeling
6 45.954 0 - -
12 63.3670 - -
18 101.624 3 - -
24 105.676 8 84.2 97.4
48 332.540 7 145.6 188.2
72 974.498 5 205.4 302.7
Table 2. Results of the experiment with various number of samples in the training data set
Ratio ofiz?izﬁgtl}?; tt’:gts ér;tt::;:ammg 6 h errors/km 12 h errors/km 18 h errors/km 24 h errors/km
2 124.538 2 133.687 2 153.748 2 165.683 2
3 103.423 8 93.8955 142.489 5 162.895 3
4 71.380 6 82.986 8 138.851 0 157.741 7
5 72.0321 75.3128 136.997 9 142.976 1
6 719181 70.068 3 134.2442 136.910 6
7 47.2124 67.4215 113.758 2 115.4255
8 45.9540 63.3670 101.624 3 105.676 8
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graphy, etc., to improve the structure and accuracy of the model.
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