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ABSTRACT

The short-term quantitative precipitation prediction (QPF) system is important socially and economically to prevent
damage from severe weather. Recently, many studies for short-term QPF model applying the Deep Neural Network
(DNN) has been conducted. These studies require the sophisticated pre-processing because the mistreatment of various
and vast meteorological data sets leads to lower performance of QPF. Especially, for more accurate prediction of the
non-linear trends in precipitation, the dataset needs to be carefully handled based on the physical and dynamical
understands the data. Thereby, this paper proposes the following approaches: i) refining and combining major factors
(weather radar, terrain, air temperature, and so on) related to precipitation development in order to construct training
data for pattern analysis of precipitation; ii) producing predicted precipitation fields based on Convolutional with
ConvLSTM. The proposed algorithm was evaluated by rainfall events in 2020. It is outperformed in the magnitude and
strength of precipitation, and clearly predicted non-linear pattern of precipitation. The algorithm can be useful as a
forecasting tool for preventing severe weather.
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else
Down-sampling X via Conv
w,; = sin(w,, ° ¢,_,+b,)
Compute hidden state via ConvLSTM
for step:n—1 do
Generate output hidden state via ConvLSTM
if step=1 then
Compute parameters via Conv
Compute parameters via 1x1 Conv
else
Up-sampling X via Deconv
w,; = sin(w, ° ¢,_, +b;)
Update parameter Vw
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