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Abstract

For the purpose of precipitation nowcasting, Shi et al. (2015) introduced a deep learning algorithm named

ConvLSTM (Convolutional LSTM). ConvLSTM is based on LSTM (Long-Short Term Memory), one of the recurrent
methods, additionally, the conception of convolution is considered. As a result, it is able to resolve spatiotemporal
features of data. Following the basic concept of ConvLSTM, sequences of radar CV observation are regarded as model
input and sequences of radar column vector (CV) prediction would be obtained as output data. According to Shi et al.
(2015), ConvLSTM was introduced for radar reflectivity forecasting within 1.5 hours. Meanwhile, QPN (Quantitative
Precipitation Nowcasting) information could be acquired by Z-R relationship conversion.

This study is based on Shi et al. (2015) ConvLSTM algorithm. Besides, some ideas from Shi et al. (2017) are

considered. The main goal of this study is to give a preliminary discussion of whether deep learning method is
practically usable on radar CV nowcasting (Furthermore, on QPN task). Thus, multiple cases were verified. Both CV
predictions from ConvLSTM model and radar extrapolation algorithm are compared and discussed in this study.

Keywords: Radar Reflectivity Nowcasting, Deep learning.
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