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CHEN Xiaoping, et al.Rainfall modeling and prediction by radar echo data based on machine learning.
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Table 1 MSE comparison of rainfall prediction
1 ¥JiiR%E
BEHLARAR BP i 226 2% BRI 4

2016-08-05 0. 005 0. 001 0. 00
2016-08-06 0.012 0.011 0.02
2016-08-08 0.010 0.237 0.00
2016-08-09 5.599 5.283 1.05
2016-08-12 0.003 0.003 0.01
2016-08-22 0. 265 5.673 0.01
2016-08-23 0. 004 0.023 0.58
2016-08-26 0.112 0. 004 0.11
2016-08-27 0. 007 0.178 0.01
2016-09-04 0.133 0. 066 0.09
2016-09-05 0. 080 0.022 0.07
2016-09-06 0. 067 0. 096 0.08
2016-09-07 0.047 0. 080 0.03
2016-09-10 0.286 0.014 0.41
2016-09-11 0.240 0.543 0.27
2016-09-13 0. 806 0.347 0.51
2016-09-14 1. 824 0.711 L. 15
2016-09-15 2.786 2.316 2.13
2016-09-16 0.752 0.214 0.70
2016-09-19 0.045 0.038 0.02
2016-09-22 0. 044 0. 046 0. 00
2016-09-27 0.039 0.398 0.37
2016-09-28 3.721 6.573 1.87
2016-09-29 0.133 0. 152 0.12
2016-09-30 0.729 0. 192 0.20
2016-10-01 0.018 0.003 0.01
2016-10-02 2.414 0. 145 0.09
2016-10-03 0.039 0.058 0.02
2016-10-06 0.250 0.001 0.03

JENEN 1.277 1. 163 0.79
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Rainfall modeling and prediction by radar
echo data based on machine learning

CHEN Xiaoping' CHEN Yiwang' SHI Jianhua®
1 College of Mathematics and Informatics, Fujian Normal University, Fuzhou 350117
2 School of Mathematics and Statistics , Minnan Normal University ,Zhangzhou 363000

Abstract The rainfall is modeled and predicted based on the radar echo intensity data during January to October
of 2016 in Zhejiang province ,and the prediction results are compared between random forest method , BP neural net-
work model ,and convolutional neural network ( CNN) model.The results show that the random forest model is rela-
tively low in accuracy, and is easy to underestimate large rainfall intensity. The BP neural network and the CNN
method perform better than random forest method , especially the convolutional neural network model. Compared with
the other two machine learning methods,the CNN is better in prediction accuracy and large rainfall intensity fitting.

Key words rainfall ; BP neural network ( BPNN) ;convolutional neural network ( CNN) ;random forest



