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Accuracy evaluation of nowcasting in South China based
on deep learning and radar observation
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Abstract: The latest deep learning algorithm, namely convolution long—term short —term memory neural

network , is used to construct an artificial intelligence short—time prediction forecast system. The radar observation

data from March to May 2019 in Guangzhou is used as input for training, and then the short—time precipitation

forecast within 1 hour is carried out. The commonly used statistical scoring indicators (POD, FAR, CSI, CC)

were used to test the model. The results show that: 1) the CC between the prediction results and the actual
observation are kept above 0.6; 2) All the POD are above 80%; 3) the CSI are basically kept at 60% when the
precipitation intensity is 10mm/h; 4) All FAR are less than 40%.

Key Words: deep learning; neural network ; short—time precipitation forecast; accuracy assessment



