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Typhoons are common natural phenomena that often have disastrous aftermaths, particularly in coastal areas. Consequently,
typhoon track prediction has always been an important research topic. It chiefly involves predicting the movement of a typhoon
according to its history. However, the formation and movement of typhoons is a complex process, which in turn makes accurate
prediction more complicated; the potential location of typhoons is related to both historical and future factors. Existing works do
not fully consider these factors; thus, there is significant room for improving the accuracy of predictions. To this end, we presented
a novel typhoon track prediction framework comprising complex historical features—climatic, geographical, and physical
features—as well as a deep-learning network based onmultitask learning.We implemented the framework in a distributed system,
thereby improving the training efficiency of the network. We verified the efficiency of the proposed framework on real datasets.

1. Introduction

Typhoons are tropical cyclones that occur in the Western
Pacific and adjacent waters and are common climate phe-
nomena. Given that typhoons have significant destructive
power and often imperil the coastal areas where they make
landfall, the nature of these typhoons has long been an
important research topic [1–3].

Typhoon track prediction is a typical problem in ty-
phoon research. Traditionally, typhoon paths are often
predicted through such methods as force analysis and
mathematical statistics [4–7]. In recent years, however, with
the development of artificial intelligence, more researchers
are using deep-learning technology to predict the movement
of typhoons. For example, some studies have utilized cloud
maps to locate typhoons and predict their movement via
convolutional neural networks (CNNs) and generative
adversarial networks (GANs) [8,9]. Given that typhoon track
is a continuous process, many studies also use recurrent
neural networks (RNNs) and long short-term memory
(LSTMs) to process the track sequence [10]. ,e formation
and movement of typhoons is a very complex process that is

affected by historical as well as future factors. Although this
problem has been widely studied, some limitations remain
and hinder the accurate prediction of the paths typhoons
take.

Typhoons have complex historical features. Existing
studies have evaluated the history of typhoons with re-
spect to geopotential height, wind field, and atmospheric
pressure; however, these studies did not comprehensively
analyse the features of previous typhoons. ,erefore, by
analysing historical data, we identified additional perti-
nent features and categorized them into climatic, geo-
graphical, and physical features. Further, we considered
some new features—such as geostrophic force—for the
purposes of this study. ,e factors that affect typhoon
movement from many aspects were categorized under
multimodal features.

Although existing works apply deep learning to evaluate
typhoons, most only consider the track of a typhoon as an
isolated target and ignore the multiple factors that influence
this track. Likewise, although a few studies have predicted
typhoon tracks via a multifaceted approach, their analyses of
typhoon features are too simplistic. ,erefore, we combined

Hindawi
Complexity
Volume 2021, Article ID 5661292, 12 pages
https://doi.org/10.1155/2021/5661292

mailto:1901780@stu.neu.edu.cn
https://orcid.org/0000-0001-9301-0133
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2021/5661292


the complex features of typhoons, processed the features
through different learning frameworks, and incorporated
multitask learning to further improve the accuracy of ty-
phoon track prediction.

However, the expansion of data and model parameters is
accompanied by an increase in computational power and
duration of model training. In this regard, using distributed
and parallel training methods such as SparkMLlib (http://
spark.apache.org/mllib/) can significantly improve the effi-
ciency of model training. ,erefore, to improve the training
efficiency of the framework proposed in this paper, we
implemented it based on Ray (https://ray.io/), which is an
emerging distributed AI platform.

,e contributions of this paper are as follows:

(1) We propose a typhoon track prediction framework
that considers both historical features and the in-
teraction of multiple factors.

(2) We extracted the complex features—climatic, geo-
graphical, and physical—that affect the movement of
typhoons.We employed deep-learning networks and
a multitask learning method to improve the accuracy
of typhoon track prediction.

(3) We utilized distributed implementation to improve
the training efficiency of the network.

(4) We used real-life datasets to conduct the experi-
ments and verify the effectiveness of the proposed
framework.

,e remainder of this paper is organized as follows:
Section 2 introduces related works on typhoon track pre-
diction. Section 3 covers the problem definition and related
technologies. Section 4 introduces the proposed track pre-
diction framework, including feature selection and network
structure. We then verify the efficiency of the proposed
framework through experiments in Section 5 and finally
summarize this paper in Section 6.

2. Related Works

2.1. Traditional Methods. Traditional methods of typhoon
track prediction include numerical, statistical, regression,
and integrated models. Weber [7] proposed a numerical
model (STEPS) to analyse the annual performance of the
numerical orbit-prediction model; the model involves a very
complex atmospheric-dynamics formula and requires
strong computational power to successfully predict a ty-
phoon’s path. Demaria et al. [4] proposed a statistical model
(SHIPS) that modifies the predictor according to the new
prediction factors of every new year to make the model more
suitable for observing typhoon movement. Compared with
STEPS, SHIPS has a lower computational complexity;
nonetheless, its accuracy is also relatively low. Goerss and
Krishnamurti et al. [5,6] demonstrated that the integrated
model comprising multiple models was more accurate as
opposed to individual models. Although traditional models
play a crucial role in forecasting typhoon tracks, they still
have many shortcomings. With the increase in meteoro-
logical detection instruments, more meteorological

spatiotemporal data (big data) will be produced. However,
traditional models are inevitably becoming outmoded. It is
difficult for them to capture nonlinear typhoon models from
these huge datasets, which significantly reduce the accuracy
of prediction.

2.2. Deep-Learning Methods. In recent years, deep learning
and parameter optimization [11] have rapidly developed and
provided more powerful methods for typhoon track pre-
diction. Neural networks have the advantages of nonline-
arity and nonlocality. ,ey can utilize big data to train the
network and hence determine the mapping relationships
between input and output; this essentially makes the pre-
dictions more accurate.

CNN-based methods: Wang et al. [9] used 2250 in-
frared satellite images to train the CNN network. ,e
average angular error of typhoon track prediction was
thus reduced to 27.8 degrees, indicating the great
potential of CNN in typhoon path prediction. Giffard-
Roisin et al. [12] proposed a fusion neural network
comprising a neural network using past trajectory data
and a CNN involving the reanalysis of atmospheric
wind-field images.
GAN-based methods: Rüttgers et al. [8] used GAN in
conjunction with satellite images and meteorological
data to forecast the central location of typhoons. It has
been proven that GAN utilizes many features that
otherwise cannot be used by traditional models, thus
preventing the otherwise inevitable errors associated
with some traditional models.
RNN- and LSTM-based methods: Moradi Kordma-
halleh et al. [13] used sparse RNNs with flexible to-
pology in which a genetic algorithm (GA) was used to
optimize the weight connection. Alemany et al. [14]
proposed a fully connected RNN in the grid system; the
proposed approach can be used to model the complex
and nonlinear temporal behavior of typhoons. Further,
it can accumulate the historical information of the
nonlinear dynamics of the atmospheric system by
updating the weight matrix, hence improving the ac-
curacy of typhoon track prediction. Chandra and Dayal
and Chandra et al. [15,16] also proved that RNNs are
suitable for typhoon track prediction. Lian et al. [17]
proposed a novel data-driven deep-learning model
composed of a multidimensional feature-selection
layer, a convolution layer, and a gating-cycle unit layer.
It uses spatial locations and a variety of meteorological
features to predict typhoon trajectories. Compared with
CNNs and RNNs without a feature-selection layer, the
novel model has higher accuracy. Using records from
1949 to 2012 as the training data, Gao et al. [10]
proposed a typhoon track prediction method based on
LSTM; the research shows that the model can predict
the typhoon track 6–24 hours in advance with better
accuracy. Kim et al. [18] proposed a large number of
temporal and spatial prediction models based on the
ConvLSTM model.
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Multitask learning-based methods: Chandra [19]
proposed a coevolutionary multitask learning algo-
rithm that combines the functions of modularization
and multitask learning. ,is approach coordinates
multitask learning, dynamic programming, and co-
evolution algorithms. Furthermore, it can train
neural networks via feature sharing and modular
knowledge representation. It can also be used to
predict typhoon intensity, with limited input [20].
,is shows that, compared with traditional models,
the algorithm not only solves the problem of dynamic
time series but also improves the prediction accuracy.
Mukherjee and Mitra [21] proposed a joint learning
model that can learn the distance and direction of
typhoons simultaneously via two different structures
with multiple LSTMs and multiple fully connected
layers; initial layer parameters are shared according
to past typhoon track data. ,e research results show
that the model can predict direction and distance
(i.e., displacement) simultaneously.

3. Preliminaries

In this section, we first introduce the relevant technologies
utilized in our framework and then proceed to define our
problem.

3.1.CNN andResNet. CNN is a type of deep-learning model
that has been successfully implemented in image recognition
[22]. ,e convolution layer is one of the core structures of
CNNs. ,e input of the convolution layer includes one or
more matrices of the same size, each of which is called a
channel. Each convolution layer uses common parameters
known as convolution kernels. For 2D input, the function of
the convolution layer is to weigh the corresponding sub-
matrices according to the size of kernels; thus, the convo-
lution layer output is generated.

Another important structure is the pooling layer, which
aims to reduce the parameters of the model and strengthen
the network while improving the computing speed. ,e
strategies of the pooling layer include the maximum and
average pooling.

ResNet is a CNN model widely used for feature ex-
traction [23]. To solve the migration problem in deep
networks, ResNet proposes residual learning. ResNet re-
places the feature H(x) obtained by convolution layers with
the residual H(x) − x of feature and input. In contrast with
ordinary CNN, ResNet adds a shortcut mechanism between
every two layers to realize residual learning.

3.2. LSTM. LSTM is a special type of RNN that is delib-
erately designed to avoid long-term dependence. It intro-
duces a gate to solve gradient disappearance or explosion
[24]. LSTM contains four important structures, namely, the
forget gate, the input gate, the update stage, and the output
gate. As shown in Figure 1, this framework operates as
follows:

(1) ,e function of the forget gate is implemented by
sigmoid to determine which information needs to be
forgotten according to the input xt and the output
ht−1 of the previous cell.

(2) ,e input gate determines the information that will
be stored in the current cell.

(3) ,e update stage updates Ct of the current cell.
(4) ,e output gate outputs the final information to the

next cell.

3.3. Multitask Learning. In single-task learning (involved in
the previous models), the model learns only one task at a
time. For complex problems, single-task learning decom-
poses the problems into multiple independent subproblems
for separate training and then combines them. However, in
practical applications, these subproblems frequently contain
correlation information that is often ignored by the single-
task learning method.

In this regard, the goal of multitask learning is to in-
tegrate multiple related tasks through shared representations
[25]. It entails hard and soft parameter sharing. Hard pa-
rameter sharing shares some parameters among all tasks and
only uses the tasks’ unique parameters at a specific layer. In
soft parameter sharing, each task has unique parameters.
Finally, the similarity is expressed by adding constraints to
the differences between parameters of different tasks.

3.4. Problem Definition. ,e problem of typhoon track
prediction can be expressed in terms of the features of a
given typhoon at several past instances or moments; the goal
is to predict the locations at certain times or instances in the
future. ,e past-feature sequence of the typhoon is denoted
as S (s1, s2, . . . , st), where si represents the features of the
typhoon at time i and t is the length of the sequence. ,e
track of the typhoon at the future moment is
T[(xt+1, yt+1), (xt+2, yt+2), . . . , (xt+n, yt+n)], where (xj, yj) is
the geographical coordinate (latitude and longitude) at time
tj. ,e goal of this study is to establish the mapping model
M: T⟶ S and hence calculate the future trajectory se-
quence T through the historical sequence S.

4. Framework

Figure 2 illustrates the structure of our proposed framework.
It entails feature selection, weighted fusion, and multitask
prediction. In this section, we will introduce all the parts
individually.

4.1. Features. ,ere are three types of features in our
framework, namely, climatic, geographical, and character-
istic features. ,e climatic features include sea surface
temperature, geopotential height, and specific humidity.
Geographical features include geostrophic forces. ,e
characteristic features are the speed and position of the
typhoon.
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4.1.1. Climatic Features. By studying the influence of climate
on typhoons, we selected three main factors as climatic
features in this study.

Sea surface temperature (SST): SST is one of the most
important factors in meteorological research. In gen-
eral, SST decreases when latitude increases. SST plays a
pivotal role in the formation and movement of ty-
phoons; typhoons are formed above the sea surface
where SST is higher than 26.5°C and the intensity of the
typhoon increases through continuous absorption of
energy. SST is also one of the main factors influencing
the direction of motion and landing location of ty-
phoons. In this study, we mainly considered the region
within 0°N and 60°N latitudes and 100°E and 180°E
longitudes. ,e SST in this area was regularly collected
by the sensor. As shown in Figure 3, we used a matrix of
121 rows and 161 columns to represent SST, in which
the SST near the equator is above 30°C, whereas the
SST at higher latitudes is approximately 0°C. We also
distinguished land from sea; the darkest shades in
Figure 3 are land.
Geopotential height (GH): GH is an imaginary height
in meteorology, expressed in terms of the work done
against gravity by an object of unit mass rising from sea

level to a certain height. GH also plays an important
role in maintaining the intensity and motion of ty-
phoons. For example, the large geopotential height
gradient between the Western Pacific subtropical high
and typhoon determines the direction of movement of
typhoon Ambi to a certain extent [13]. We studied GH
in the same region described previously. In contrast to
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SST, we choose three different GHs under different hPa.
Figures 4(a)–4(c) show examples of GH, which is also
represented by matrices with 121 rows and 161 col-
umns. It is evident from these charts that GH increases
with latitude.
Specific humidity (SH): SH refers to the ratio of the mass
of water vapor in the atmosphere to the total mass of air.
,ere is a strong relationship between typhoons and
vertical air motion, and SH is usually used when dis-
cussing the vertical motion. ,erefore, we introduced SH
as a distinct climatic feature. Figures 4(d)–4(f) show 3 SH
data charts under different hPa. We can observe that SH
in the south is higher than that in the north.

4.1.2. Geographical Feature. (1) Geostrophic force (GF): GF,
also known as the Coriolis force, was derived to describe the
force exerted on moving objects on the surface of the Earth
as a result of the Earth’s rotation. Owing to the existence of
GF, a rotating flow of air is formed, and eventually, a ty-
phoon is formed under the combined action of various
factors. ,e typhoon is also affected by GF during its
movement. In the northern hemisphere, the GF of the ty-
phoon is to the right, which determines the typhoon’s di-
rection of movement to a certain extent. GF can be expressed
as

F � 2mvω sin θ, (1)

where m is the mass of the object, v is the velocity of the
object, ω is the angular velocity of the Earth’s rotation, and θ
is the latitude of the object before it begins to move. Given
that the mass of typhoons is difficult to estimate, we use the
geostrophic force gradient to represent the influence of GF
on typhoons, denoted as

zF

zm
� 2vω sin θ. (2)

4.1.3. Physical Features. We use physical characteristics to
describe the time series and tracks of typhoons.

Location and direction: Given that the track of a ty-
phoon is a series of coordinates, we used the latitudes
and longitudes (lat, lon) or offsets (Δlat,Δlon) to de-
scribe the location and direction of motion of typhoons.
Since typhoon data were collected every 6 hours, we
calculated the movement and direction of the typhoon
every 6 hours.
Speed: ,e typhoon data are coarse. ,erefore, we used
the average of the velocities of the typhoon at two
consecutive moments to describe the moving velocity
of the typhoon.
Intensity: ,e intensity of a typhoon is determined by
its wind speed. Existing studies have validated the
relationship between the central pressure of a typhoon
and the maximum wind speed [26]. ,erefore, we used
the maximum central pressure to express the intensity
characteristics of a typhoon.

4.2. Network. Owing to the different modes of features, we
used different networks to process the features and then used
feature fusion for learning. ,e entire network architecture
is illustrated in Figure 2.

4.2.1. Feature Extraction. We used climatic, geographical,
and physical features. Some of these were two-dimensional
matrices, whereas some were one-dimensional vectors.
Consequently, we used different networks for different
features.

For climatic features, all inputs were two-dimensional
images. We therefore used three ResNets to process the
images. ,e ResNets employed in our framework have 18
hidden layers [23] as shown in Figure 5. GH and SH have
trichannel inputs, whereas SST has single-channel input.,e
first layer is a convolution layer. ,e size of the convolution
kernel is 7 × 7 and the stride is (2, 2). Based on the size of the
input, we set padding as (3, 3). Batch normalization (BN)
and rectified linear units (ReLU) were also used in the
convolution layer. After the convolution operation, the
network performs a maximum-pooling operation. ,ere are
four residual blocks after the first layer. Each residual block
is repeated twice. To simplify the representation, the re-
peated parts have been replaced by ellipses. Each residual
block contains two convolution layers. Each layer contains a
convolution kernel, batch normalization, and ReLU.,e size
of the convolution kernel is 3 × 3, the stride is (1, 1), and the
padding is (1, 1). ,e output dimensions of each residual
block are 64, 128, 256, and 512. After the last residual block,
the network performs an average-pooling operation.,e last
layer of the network is a fully connected network with 5-
dimensional output.

As for the geographical and physical features, we used a
fully connected network and obtained a 5-dimensional
vector as the output. For feature fusion, we adopted a weight
module. ,e weight of each feature can be regarded as the
correlation between the feature and track of the typhoon.
,rough weighted feature fusion, for each moment, we
obtained a 20-dimensional feature vector, which then be-
came the input of the predictor.

4.2.2. Multitask Prediction. Because LSTM has a consider-
able advantage in the processing of sequence data, we used
the classic LSTM as the predictor. ,e dimension of the
input was t × 20, where t is the length of the sequence, as
introduced in Section 2. ,e training process is shown in
Figure 6. First, we used zero-state initialization to calibrate
the weight, h0, and C0. For each cell of the LSTM, the input is
the i-th 20-dimensional feature vector. It should be noted
that all LSTM cells share these parameters.

,e LSTM output is divided into two tasks. ,e main
task involves locating the typhoon at the next moment, and
the auxiliary task involves determining the central pressure
of the typhoon (i.e., the intensity of the typhoon). We used
the L2 norm as the loss function of the two tasks.

For the main task, the loss is the difference in distance
between the real location and the predicted location of the
typhoon, as follows:

Complexity 5



Lmain �

����������������

(x − x)
2

+(y − y)
2



, (3)

where (x, y) is the location of the typhoon at the next
moment and (x, y) is the output of the predictor. ,e
longitude and latitude offset can also be used as input, and
the corresponding loss will become the difference in the
offset. For the auxiliary task, the loss function is denoted as

Lauxiliary �

�������

(p − p)
2



, (4)

where p is the central pressure of the typhoon and p is the
prediction result.

,erefore, the total loss of our framework is as follows:

Ltotal � αLmain +(1 − α)Lauxiliary. (5)

In this loss function, α is a hyperparameter.

4.3. Distributed Implementation. To ensure that the pro-
posed framework can handle big data and consequently
improve the efficiency of training, we implemented a dis-
tributed framework based on Ray. Ray is a very popular
distributed AI platform implemented via Python. ,is fa-
cilitates the rapidly distributed computing of the Python
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code. In the implementation, each network structure (such
as convolution layer, pooling layer, and FC layer) is
implemented as a class, also known as an actor in Ray.
Multiple actors construct the entire network through the
data flow. In the calculation process, each calculation node
starts multiple workers as the basis of calculation. Each actor
is assigned to the corresponding worker for execution. In the
training process, the data flows through gRPC and shared
memory to the corresponding worker for calculation. For
example, in each ResNet, after the calculation of the current
layer is completed, the data will flow to the worker of the
next layer. ,ere is no data dependence between multiple
ResNets; therefore, parallel training can be realized.

5. Experiments

5.1. Setup. We use a real dataset to verify the effectiveness of
our framework. ,e dataset is the Western Pacific Typhoon
track data from the JTWC (be TyphoonWarning Center, the
Joint Typhoon Warning Center). ,e dataset contains ty-
phoon tracks from January 1, 2001, to December 31, 2005.
,e attitude is from 0°N to 60°N and the longitude is from
100°E to 180°E. Statistics of the experimental setup are
shown in Table 1.

We use the metric of distance error (same as Lmain) to
verify the effectiveness of our framework. We first verify the
benefits of multitask learning technology to this framework.
Next, we use different weights to discuss the relationship
between features and results.,e framework is implemented
by Python 3, and the experiments are conducted on a cluster
in which each node has Intel Purley 4110 CPUs and Tesla
P100 GPUs.

5.2. Results. In this section, we will introduce the experi-
mental results in the real-life dataset. We report and analyse
the results by changing the parameters. ,en, we choose
some real typhoon tracks to show our prediction results.

Distance error with respect to multitask and single-task
learning: firstly, we compare the results of multitask
learning (MTL) and single-task learning (STL), as
shown in Figure 7. We can obverse that MTL can get
better results than STL in most cases. In the 6 h pre-
diction results, MTL is similar to STL. However, in
other cases, MTL can achieve about 20% performance
improvement. It proves that it is feasible to improve the

effect of track prediction by auxiliary tasks. What is
more, the best results in 6 h, 24 h, 48 h, and 72 h are
about 40 km, 70 km, 220 km and 380 km which are
better than most existing models. It also proves the
effectiveness of our framework.
Distance error with respect to |T||T|: secondly, we
report the distance error with different size of input |T|.
,e results are also shown in Figure 7. We find that |T|

has a great influence on our framework in different
cases. ,e optimal value is 3, 7, 4, and 5 in 6 h, 24 h,
48 h, and 72 h. As |T| becomes larger or smaller, the
distance error gradually increases. In the later experi-
ments, we selected the best value of |T| in each case to
verify the effect of feature weight on the distance error.

,en, we study the relationship between features and
prediction results.

Distance error with respect to wSSTwSST: to study the
effect of SST, we keep wGH and wSH unchanged and
then adjust the value of wSST from 0.1 to 1.0. ,e results
are shown in Figure 8. We can obverse that SST will
greatly affect the results. ,e best choice is to reduce
wSST as small as possible.
Distance error with respect to wGHwGH: to study the
relationship between GH and prediction results, we
keep wSST and wSH unchanged and then adjust the
value of wGH from 0.1 to 1.0. As shown in Figure 9, we
can get the best results when wGH is set as 0.8. ,e
difference between the best result and the worst result
in 6 h, 24 h, and 48 h is about 30 km to 100 km. In 72 h,
the difference could be more than 300 km. An ap-
propriate wGH can improve the results by 30% to 40%.
,e experimental results show that there is a strong
correlation between GH and prediction results.
Distance error with respect to wSHwSH: to study the
relationship between SH and prediction results, we
keep wSST and wGH unchanged and then adjust the
value of wSH from 0.1 to 1.0. ,e results are shown in
Figure 10. To get better results,wSH is smaller thanwGH.
In 6 h and 24 h cases, we can get the best results when
wSH is set as 0.1. In 48 h and 72 h cases, it is better to set
wSH as 0.3. An appropriate wSH can improve the result
by 40% to 50%. ,e experimental results show that SH
is also related to the prediction results, but the cor-
relation is less than GH.
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Table 1: Statistics of the experimental setup.

Region Date range Dimension of features
Attitude Longitude January 1, 2001, to December 31, 2005 SST GH/SH Others
0°N to 60°N 100°E to 180°E 121 × 161 3 × 121 × 161 20 × 1
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Figure 7: Results of varying |T|. (a) Results of 6 h and 24 h. (b) Results of 48 and 72 h.
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Figure 8: Results of varying weight of wSST. (a) Results of 6 h and 24 h. (b) Results of 48 and 72 h.
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Case study: We use some real typhoons to compare the
real tracks and the prediction results. We select Saola,
Damrey, and Longwang that are formed in 2005; the
real tracks and 6 h prediction results are shown in
Figures 11–13. Typhoon Saola was formed on Sep-
tember 20th; the average distance error of 6 h

prediction results is 40.33 km. Typhoon Damrey was
formed on September 21, the average distance error is
40.59 km, the minimum error is 8.9 km, and the
maximum error is 60.33 km. Typhoon Longwang was
formed on September 26; the average distance error is
46.51 km.
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Figure 9: Results of varying weight of wGH. (a) Results of 6 h and 24 h. (b) Results of 48 and 72 h.
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Comparison with existing works: Finally, we compare
our framework with several existing works [8,10,12,27].
According to the previous introduction, Rüttgers et al.
[8] introduced a GAN-based model, used satellite
images as the input, and predicted locations after 6
hours. Gao et al. [10] introduced an LSTM-based
model. ,e work by Giffard-Roisin et al. [12] was based

on CNN and feature fusion. Lv et al. [27] used the least
square method and FC network to predict the locations.
We still use distance error to verify the effectiveness and
the results are shown in Table 2. Compared with these
works, our framework can achieve high prediction
results, especially in 48 h and 72 h cases. In 72 h results,
our framework improves the accuracy by 60%.
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5.3. Summary. In this section, we verify the effect of different
parameters on the performance of our framework in the real
dataset. In general, our framework can achieve good results
based on multitask and feature weighting. We find that GH
has a strong correlation with the movement of typhoons,
followed by SH, and SST has the weakest correlation.
,rough the training results, the optimal prediction results
can be obtained by selecting the appropriate parameters for
different scenes.

6. Conclusion

In this paper, we proposed a typhoon track prediction
framework based on multitask learning and feature
weighting.We analysed the correlation between the climatic,
geographical, and physical features and typhoon movement
through the method of feature weighting. We designed a
network based on ResNet and LSTM and used a multitask
learning method to improve the prediction accuracy. We
implemented the network in a distributed platform. Finally,
we conducted experiments on real datasets to prove the
effectiveness of the framework. In future works, we will
analyse more features and use the attention mechanism to
automatically process the weight of features.
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Rüttgers et al. [8] 95.6 — — —
Lv et al. [27] — 158.34 361.76 —

Complexity 11



IEEE Congress on Evolutionary Computation (CEC),
pp. 1784–1791, Sendai, Japan, May 2015.

[16] R. Chandra, K. Dayal, and N. Rollings, “Application of co-
operative neuro-evolution of Elman recurrent networks for a
two-dimensional cyclone track prediction for the South Pa-
cific region,” in Proceedings of the International Joint Con-
ference on Neural Networks (IJCNN), pp. 1–8, Killarney,
Ireland, July 2015.

[17] J. Lian, P. Dong, Y. Zhang, J. Pan, and K. Liu, “A novel data-
driven tropical cyclone track prediction model based on CNN
and GRU with multi-dimensional feature selection,” IEEE
Access, vol. 8, pp. 97114–97128, 2020.

[18] S. Kim, H. Kim, J. Lee et al., “Deep-hurricane-tracker: tracking
and forecasting extreme climate events,” in Proceedings of the
Winter Conference on Applications of Computer Vision
(WACV), pp. 1761–1769, Waikoloa, HI, USA, January 2019.

[19] R. Chandra, “Dynamic cyclone wind-intensity prediction
using co-evolutionary multi-task learning,” in Proceedings of
the International Conference on Neural Information Process-
ing, pp. 618–627, Guangzhou, China, November 2017.

[20] R. Chandra, Y.-S. Ong, and C.-K. Goh, “Co-evolutionary
multi-task learning for dynamic time series prediction,”
Applied Soft Computing, vol. 70, pp. 576–589, 2018.

[21] A. Mukherjee and P. Mitra, “Joint learning for cyclone track
nowcasting,” in Proceedings of the ECML/PKDD, CEUR
Workshop, Ghent, Belgium, September 2020.

[22] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet
classification with deep convolutional neural networks,”
Advances in Neural Information Processing Systems, vol. 25,
pp. 1097–1105, 2012.

[23] K. He, X. Zhang, S. Ren et al., “Deep residual learning for
image recognition,” in Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), pp. 770–
778, Las Vegas, NV, USA, June 2016.

[24] S. Hochreiter and J. Schmidhuber, “Long short-term mem-
ory,” Neural Computation, vol. 9, no. 8, pp. 1735–1780, 1997.

[25] K.-H. ,ung and C.-Y. Wee, “A brief review on multi-task
learning,” Multimedia Tools and Applications, vol. 77, no. 22,
pp. 29705–29725, 2018.

[26] K. Chen, “Calculation of the maximum wind speed of ty-
phoon in the western pacific,” Marine Science Bulletin, 1985.

[27] Q. P. Lv, J. Luo, K. Zhu et al., “Experiments on predicting
tracks of tropical cyclones based on artificial neural network,”
Guangdong Meteorology, pp. 19–22, 2009.

12 Complexity


