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Abstract

Taiwan is located in the Northwest Pacific Ocean where typhoons occur most frequently
in the world. The immediately estimation of typhoon intensity is a very important issue, due to
the strong winds and heavy rainfalls accompanying typhoons cause the disasters. Deep learning
can implicitly extract the deep complex features in the images through the learning of a large
amount of samples, and this technique has been increasing applied to the meteorological studies
recently. In this study, we collected infrared band images from Himawari 8 captured during
severe typhoon events in the Northwestern Pacific Ocean spanning 2017 to 2021. We employed
image edge detection techniques to preprocess the collected images, and Convolutional Neural
Networks (CNNs) were utilized to construct a typhoon intensity estimation model. Model
training involved data from 2017 to 2020, while the model's performance was validated against
observed intensities from the Joint Typhoon Warning Center (JTWC) for the year 2021. The
root mean square error (RMSE) for independent samples in 2021, at various typhoon
development stages (mild, moderate, and severe), were 7.3 kts, 13 kts, and 16.7 kts, respectively.
Furthermore, the root mean square error percentage (RMSPE) for validation results was found
to be less than 20%. These results underscore the viability of this technique for accurate typhoon
intensity estimation.
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% 2. MTSAT-2 &2 HIMAWARI-8/AHI #7 i 71 % (Y%L 5 AHIHE:E %5 ~ VIS 57 4
EAFE S NIR Z Tz oh g ~ IR 5 o HEsE ~WV Sk g HpE ) o

Wavelength (um)

Channels Himawari-8

MTSAT-2 AHI
1 (VIS)-blue - 0.47
2 (VIS)-green - 0.51
3 (VIS)-red 0.55-0.80 0.64
4 (NIR) - 0.86
5 (NIR) - 1.61
6 (NIR) - 2.26
7 (IR) 3.5-4.0 3.89
8 (WV) 6.5-7.0 6.24
9 (WV) - 6.94
10 (WV) - 7.35
11 (IR) - 8.59
12 (IR) - 9.64
13 (IR) 10.3-11.3 10.41
14 (IR) - 11.24
15 (IR) 11.5-12.5 12.38
16 (IR) - 13.28
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