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Abstract: Typhoon objective strength determination is an important supporting technique to improve the
modernization level of typhoon forecasting operation. Deep learning can implicitly extract the deep complex
features in the images through the learning of a large number of samples, and it has been increasingly ap-
plied to the meteorological field nowadays. In this paper., a ResNet deep learning model is used to study
the satellite cloud images as samples by pre-training and transfer-learning. After studying the 2005—2018
typhoon images of the Northwest Pacific and South China Sea, we consturct an automatic and objective ty-
phoon intensity estimation technique. By using the deep learning technique to analyze the typhoon satellite
images in 2019, we find that this technique can be used to estimate the objective intensity of typhoon in dif-
ferent intensity and different developing stages, and the mean absolute error (MAE) and root mean square
error (RMSE) of independent samples in 2019 are 4.3 m * s~ and 5.5 m « s~' respectively. The accuracy
is better than that of the traditional objective intensity estimation method, so it has certain application val-
ues.
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Fig. 1 Residual learning module of ResNet
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Fig.2 ResNet50 model diagram
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Fig. 4 Accuracy curves of training

set and test set
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Table 1 Cumulative probability of ResNet model outputs from
TOP, to TOP; and the comparison of MAE and RMSE

fEZE % B R/ % MAE/(m+s ') RMSE/(m+s )
TOP, 75.3 2. 402 3. 946
TOP, 88. 8 2.427 3.614
TOP; 94. 2 2.385 3.523
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Table 2 Analysis of typhoon intensity estimation of cloud images in 2019

ARG /C moe s™ 1)

A KR/ Cme-s™h  BEARE/A

fe/MA LAEDAE SN MAE RMSE
7 13.9~17.1 68 15.2 18.5 26. 1 4.2 4.8
8 17.2~20.7 132 15.2 19.9 37.9 2.8 4.1
9 20.8~24.4 74 16.2 22.2 33.9 3.3 4.1
10 24.5~28.4 84 18.2 28.0 42.1 4.6 5.6
11 28.5~32.6 43 18.3 31.1 38.8 4.4 5.1
12 32.7~36.9 50 21.0 31.8 43.6 4.5 5.7
13 37.0~41.4 38 23.0 35.1 46. 8 6.3 7.9
14 41.5~46.1 28 27.9 39.6 49.1 5.6 7.0
15 46.2~50.9 32 29.2 44,2 52.9 6.2 8.0
16 51.0~56.0 20 41.6 50. 0 58.8 5.0 6.4
17 56.1~61.2 10 50. 9 55.1 59. 6 3.6 4.4
>17 > 61.2 9 54.2 58.9 60.0 6.5 7.2
ait 588 4.3 5.5
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Fig. 5 Estimated intensity of ResNet model for
Typhoon Lekima (green dotted line) and intensity of
best track (colorful typhoon symbols) in August 2019
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IR B th 245 H T S5 0 38 TR AS #h 11) TOPs Al 3138 B2 B AH 7 06 B 56

Fig. 6

Estimated intensity of ResNet model for Typhoon Lekima at (a) 1200 UTC 8,

(b) 1200 UTC 9, (c¢) 0000 UTC 11 August 2019

(intensity of best track and TOP; intensity estimation of the model as well as corresponding probability)
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