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A precipitation forecast method based on transfer learning and Long Short Term Memory

HUANG Tianwen', JIAO Fei’, WU Zhifang’
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3. Guangdong Meteorological Observatory, Guangzhou 510641)

Abstract: A precipitation forecasting method based on transfer learning and Long Short—=Term Memory (LSTM) is proposed to provide an ob-
jective reference for intelligent grid heavy precipitation forecasting. Transfer learning is a machine learning method that can transfer knowl-
edge learned from the source domain to the target domain for application. LSTM is a deep learning model that can handle long—term depen-
dencies in sequence data and can remember long and short periods. In this study, the hourly observation data (rainfall, temperature, air pres-
sure, relative humidity, wind direction, wind speed) from 2009 to 2022 of 6 meteorological observation stations in Zhaoqing City is used. The
Gaoyao National Meteorological Observatory is selected as the target domain and the other 5 national meteorological observatories as the
source domain, and the transfer learning method is used to transfer the source domain and correct missing values in the target domain. Then
the complete training samples are classified in the target domain. Then, the deep learning methods are applied to establish the univariate
LSTM daily rainfall prediction models and the multivariate LSTM hourly rainfall prediction models for the target domain, respectively. The
daily and hourly rainfall forecast in the target domain for the year 2022 is compared with the actual observations. The results are as follows:
(1) For the daily precipitation forecast of clear rain, the univariate LSTM method from January to February, June, and October to December
can achieve an accuracy of over 80%, while for the hourly precipitation forecast of clear rain, the accuracy of the multivariate LSTM precipi-
tation forecast method in March, June, August, and December can be over 80%. (2) The univariate LSTM method can only forecast precipita-
tion with a 24-hour rainfall over 50 mm in June. The multivariate LSTM method can forecast precipitation with a 1-hour rainfall over 20 mm
in March, May, and June to August, with the TS score in March and June being higher than 25%.
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Fig.1 A flow chart of precipitation forecast based on transfer learning and LSTM
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Fig.2 Locations of Zhaoqing national meteorological observation stations
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Fig.3 Structure diagram of LSTM network
(Cell represents an LSTM unit, Celll, Cell2, and Cell3 represent an LSTM
unit at the previous time, current time and next time. C represents the state
of the Cell at different time sequences. X is the input, & is the output. t—1, ¢,
and ¢+1 represent the previous time, current time, and next time. G1, G2,
and G3 represent forget gate, input gate, and output gate. o is the
sigmoid function. tanh is the activation function. X represents the

operation of point by point multiplication, + represents the

operation of point by point addition)
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Fig.4 Loss function curve of univariate LSTM model training in daily

precipitation forecast from 2009 to 2021
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Table 1 Results of daily precipitation(with/without precipitation) forecast

based on univariate LSTM method every month in 2022

Ay FEARR WEWRI1% TSV % S8 1% Tt/ %

1 326 86.5 57.3 19.2 33.7
2 298 88.3 67.0 10.1 27.6
3 315 74.3 56.2 28.3 27.8
4 303 73.3 59.1 28.7 22.5
5 321 67.0 56.7 29.4 25.7
6 318 84.0 78.7 17.2 6.0
7 326 70.6 60.8 31.0 16.3
8 330 64.2 46.1 38.4 35.3
9 316 69.9 37.1 39.1 51.3
10 329 84.8 19.4 50.0 76.0
11 320 84.4 45.7 37.3 37.3
12 324 85.5 43.4 28.0 47.8
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Table 2 Results of daily precipitation (with/without heavy
precipitation) forecast based on univariate LSTM

method every month in 2022

Aty TSVT53/% 2SR % TAR31%

3 0.0 - 100.0
4 0.0 - 100.0
5 0.0 - 100.0
6 40.0 20.0 55.6
7 0.0 - 100.0
8 0.0 - 100.0
9 0.0 - 100.0
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Fig.6 Model training and validation loss of hourly precipitation forecast in December from 2009 to 2021 of (a) before and (b) after reduction of oscillation
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Table 3 Results of hourly precipitation (with/without precipitation) forecast

based on multivariate LSTM method every month in 2022
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Table 4 Results of hourly precipitation (with/without heavy precipitation)

forecast based on multivariate LSTM method every month in 2022

A TSTE53/% % T 1%

3 25.0 75.0 0.0

4 - 100.0 -

5 6.7 929 50.0

6 36.4 60.0 20.0

7 0.1 90.0 50.0

8 8.3 91.7 0.0

9 0.0 100.0 100.0
3-9 14.1 86.2 30.8

Ay WER%  TSWR%  ZEWRE%  WIE%
1 70.0 50.0 50.0 0.0
2 533 39.1 55.0 25.0
3 86.7 55.6 0.0 44.4
4 60.0 455 333 41.2
5 70.0 62.5 28.6 16.7
6 80.0 40.0 55.6 20.0
7 70.0 18.2 71.4 66.7
8 96.7 50.0 0.0 50.0
9 70.0 40.0 143 57.1
10 733 50.0 20.0 42.9
11 60.0 60.0 40.0 0.0
12 93.3 81.8 0.0 18.2
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