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SUMMARY:

In the existing typhoon simulation methods, the number and location of typhoons are mostly simulated based on the
statistical characteristics of historical data. The annual frequency of typhoons is mostly defined by negative binomial
or Poisson distribution, but there is no conclusive evidence that the annual frequency of typhoon perfectly conforms
to a particular statistical distribution model. This paper explores to use support vector machine (SVM) to simulate
typhoons. The classification results are achieved by performing high-dimensional mapping between the
meteorological parameters and the recorded generated results. This paper also studies the optimal proportion of
positive and negative examples during training, as well as the optimal ratio of training sets and test sets. Compared
with the traditional method, SVM method improve the calculation efficiency greatly. In addition, the real
meteorological data is more fully utilized, taking into account real physical mechanisms. In the case of considering
the impact of climate change in the future, the predicted meteorological data can be directly input into this model,
and the typhoon generation pattern considering the impact of climate change can be obtained.
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1. MOTIVATIONS

The Northwest Pacific region (WNP) is one of the areas that suffer the most typhoon disasters
every year, and typhoons (tropical cyclones, TC) are also the top ten natural disasters in the
world (Cao et al., 2022; Chen et al., 2022). Existing methods for simulating the number and
location of typhoon rely mostly on parametric and non-parametric estimation methods based on
statistical dynamics. The parameter estimation method needs to assume a certain distribution in
advance, but there is no conclusive evidence that the typhoon spawn rate perfectly conforms to a
definite distribution. The spawn position usually uses a non-parametric estimation method, and
the Gaussian kernel density estimation (KDE) method is widely used. Traditional statistical
methods do not take into account the influence of meteorological parameters, making it difficult
to predict typhoon disasters under climate change conditions. However, with the improvement of
historical reanalysis data of meteorological parameters recently, it has become possible to
simulate typhoon considering the actual physical mechanism, which provides a new idea for
typhoon simulation. At the same time, traditional statistical methods are difficult to
comprehensively consider many meteorological parameters related to typhoon genesis, so it is
necessary to find a new method that can directly link meteorological parameters and typhoon
genesis.
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Machine learning (ML) is a method that is faithful to all measured data, as well as a mapping
method that minimizes errors by training massive data. Support vector machine, one of ML
methods, can take into account a variety of meteorological parameters. Its simple classification
of high-dimensional mapping can well solve the mapping problem between meteorological
parameters and typhoon generation results. And in the context of considering future climate
change, as long as the meteorological parameters under future conditions are input into the
model, the genesis of typhoons in the future can be predicted, including the starting position and
number of typhoons.

2. METHODS

This study proposes the method of using SVM (Piccialli and Sciandrone, 2022; Ribeiro Mendes
Junior et al., 2022) combined with AdaBoost (Li et al., 2022) to directly establish the mapping
between the typhoon generation result (1 if generated, -1 if not generated) and meteorological
data. Meteorological parameters used herein include absolute vorticity (AV) at 850hpa, relative
humidity (RH) at 600hpa, vertical velocity (VV), relative sea surface temperature (SST), and
vertical wind shear (WS) at 850-200hpa (Tippett et al., 2011).

2.1. Data Division and Evaluation Index

In order to consider the uncertainty caused by the different meteorological agencies, the
historical typhoon data are compared using the observations of IMA, CMA, and JTWC. As can
be seen in Table 1, whether it is Accuracy and F1_score, Tra,ym: TeSpum=7:3 can always
make these two indicators reach the maximum at the same time. When 0,,,,;m: Npum=~1, the two
planes in Fig. 1 of Accuracy and F1_score intersect, and both indicators have a large value at
this ratio. Therefore, under the condition that Tra, m: TeSpum=7:3 and Onym: Npum = 1, the
classification results of ten working conditions considering the combination of five
meteorological parameters are obtained, as shown in Fig. 2.

Table 1. The impact of dataset ratio on Accuracy and F1_score(%).

T T€Snum 71 6:1 5:1 4:1 31 7:3 2:1 11
O Nouum A F A F A F A F A F A F A F A F
1.5 9189 9189 9155 9155 91.80 9180 9191 9191 9220 9220 9264 9264 9248 9248 9239  92.39
1:4 9157 9157 9106 9106 9131 9131 9146 9146 9209 9209 9255 9255 9230 9230 9226  92.26
1:3 9087 9087 9071 9071 9091 9091 9092 9092 9167 9167 9202 9202 9177 9177 9143 9143
1:2 8955 8955 8949 8949 8955 8955 8960 8960 9052 9052 9079 9079 9058 9058 9029  90.29
11 8926 8926 8935 8935 8925 8925 8943 8943 8986 8986 8975 8975 8964 8964 8910 89.10
2:1 9029 9029 9045 9045 9046 9046 9027 9027 9068 9068 9044 9044 9022 9022 9011  90.11

Tips: Tra_num refers to Train Number; Tes_num refers to Test Number; O_num refers to Occurrence Number; N_num refers to
Nonoccurrence Number, A refers to Accuracy, F means F1_score.
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Figure 1. Optimized three-dimensional schematic Figure 2. Classification results of test set
diagram of Accuracy and F1_score. (Tranum:Tes_num = 7:3, O_num:N_num = 1).

2.2. Parameter Selection and Optimization
Fig. 2 shows that the result of classification accuracy varies with the combination of parameters,
and some of these parameter combinations must have positive or negative effects on the accuracy.



In detail, the row and column where AV and RH are located have the lowest accuracy, so it is
only necessary to eliminate these two parameters and recombine the remaining parameters. Table
2 presents the results of only using the Voting method and using AdaBoost and Voting at the
same time respectively. It can be found that the improvement of the results is the most obvious
after removing AV and RH at the same time under both situations. It can be found using
AdaBoost and Voting at the same time increases the Accuracy and F1_score by 3.5%~5%
compared to Voting alone.

Table 2. Influence of meteorological parameter on Accuracy and F1_score(%).

Meteorological All 5 parameter Remove AV Remove RH Remove AV
Parameter and RH
Evaluation . AdaBoost . AdaBoost . AdaBoost . AdaBoost
Index Voting +Voting Voting +Voting Voting +Voting Voting +Voting
Accuracy 88.76 92.71 88.39 92.19 89.51 94.58 90.64 95.41
F1_score 89.36 92.88 89.05 92.30 89.06 94.39 90.57 95.26
3. RESULTS

The historical reanalysis data of ERAS5 from 1979 to 2020 and the typhoon generation data of
JMA, JTWC and CMA are used for training respectively. Fig. 3 only shows the simulation
results of historical typhoon generation from 2018 to 2020 of JMA. The prediction results of
other years are in the same form with a grid resolution of 0.25< The black circles are the
historical typhoon generation positions of JMA, and the heat map represents typhoon-prone areas,
which shows a good agreement between forecasts and historical typhoon locations. Fig. 4 shows
the results of the interannual distribution regularity obtained by using typhoon records from
different meteorological agencies. Fig. 4(a), (b), and (c) respectively represent the comparison of
the sliding averages of the annual generation frequency using the typhoon generation data of
JMA, JTWC and CMA, and these values have been normalized. Fig. 5 shows the KDE
comparison between the historical data and the records from 1979 to 2020.
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Figure 4. Moving average (MA) comparison of yearly typhoons spawns (normalized) using historical data
of different agencies (1979-2020).
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Figure 5. KDE comparison between historical records of different agencies and forecasting results (1979-2020).

4. CONCLUSIONS

In summary, this paper uses machine learning methods to build a typhoon generation model in
the WNP region, and the following conclusions are obtained: (1) The distribution of KDE in a
single year of different meteorological agencies is obviously different, but with the increase of
the number of statistical years, the distribution of KDE gradually converges which shows only
partial inconsistencies in special sea areas (12 N-25N, 110E-120E). (2) The data of different
meteorological agencies show different pattern in the time course, but the SVM method can
always accurately represent this changing pattern. (3) It is found that for the problem of typhoon
generation, Tra,um: TeSnum=7:3> Onum: Nnum=1:1 will obtain the best training results. (4)
When only the three meteorological parameters of SST, WS and VV are used to generate
predictions, the Accuracy is 2% higher than that of all five meteorological parameters, and
the F1_score is 1% higher. (5) The method of using AdaBoost will increase Accuracy and
F1_score by 3.5%~5%.
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