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Abstract

Over past decades, typhoons have always caused lots of natural disasters and severely influenced on
not only the society but also the economy in Taiwan. Regardless of the horrible destruction, the abundant
precipitation a typhoon brings is one of the most essential water resources for Taiwan. Thus, water
reservoirs play an important role in controlling flooding and storing flooding, which can be executed
more efficiently with a highly reliable forecast of typhoon-related rainfall. With the advance in technology,
more precise and multiple meteorological observations are available during typhoon period, making it
more accurate to estimate rainfall in real time. Satellite imagery, whose capability of observation and
resolution are also enhanced in recent years, has contributed for disaster preparedness over 40 years,
being used as the initial condition for estimating the intensity and rainfall of a typhoon by many
numerical models. On the other hand, this meteorological study utilizes convolutional neural networks
(CNNs), which is an algorithm based on ANNSs and shows its powerful ability of image identification and
object classification, to learn the characteristics which typhoons dissipate on satellite images and provide
an objective technique to estimate the total rainfall during a typhoon event. For estimating the total
rainfall during a typhoon events, a CNN model called CNN-TR is developed and trained with satellite
infrared brightness temperature (East Asia area coverage) and vectorized typhoon track from 14 typhoon
events during 2007-18, achieving a RMSE of 39.1 mm with the other 4 typhoon events for testing data.
To evaluate the performance of this CNNs model, a cross-validation on the 18 typhoon events is
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implemented. The CNN model achieves a R? of 0.88 and RMSE of 71.3 mm with outliers deleted, while
the climatology model achieves a R? of 0.69 and RMSE of 179.4 mm under the same condition. In the
most case of the 18 typhoon events, the result shows that the CNN model can forecast the total rainfall

with relative error £ 20% two days in advance.
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