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Deep Learning Parallel Model for Improving Short-term
Precipitation Prediction using Meteorological Element Data
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Abstract

In precipitation forecasting, the degree of damage varies according to the amount of precipitation per hour, which
tells how much rain has fallen intensively in a short period of time, rather than the cumulative amount of
precipitation. In this study, short-term precipitation prediction was performed using deep learning basic models such as
DNN, LSTM, BIiLSTM, and 1D-CNN models and a parallel structure merging the basic models to improve
performance. Parallel models include DCNN, which combines DNN and 1D-CNN, and DLSTM, which combines
DNN and LSTM. As for the data set, three data sets were used: a data set built with only rainy days, a data set
from June to September, and a data set from May to October. Each data set was divided into seven data sets in
detail. The precipitation was predicted and compared for a total of 21 data sets. As a result of the experiment, the
third data set had the best prediction results. In particular, the RMSE of the 5th detailed data set, the DLSTM
parallel model, was 0.25, which was about 10 times better than other models.
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Table 1. Correlation between 1-hour later precipitation and
meteorological factors
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Fig. 1. Summer month precipitation over 10 years
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Table 7. Detailed data set

Dataset Input Label
1 Weather elements(9) Current time precipitation
2 Weather elements(9), present time precipitation 1-hr later precipitation
3 Weather elements(9), 1-hr before precipitation, present time precipitation 1-hr later precipitation
4 Weather elements(9), 2-hr, 1-hr before precipitation, present time precipitation 1-hr later precipitation
5 Weather elements(9), 3- hr 2-hr, 1-hr before precipitation, present time precipitation | 1-hr later precipitation
6 Weather elements(9), 3-hr, 2-hr, 1-hr before precipitation, present time precipitation | 2-hr later precipitation
7 Weather elements(9), 3-hr, 2-hr, 1-hr before precipitation, present time precipitation | 3-hr later precipitation
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Table 8. Hyper parameter

Hyper parameter Value
Learning algorithm Adam
Learning rate 0.001
Batch size 10
Epoch 100
Hidden activation function Relu
Output activation function Limear
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Table 9. First data set result

model 1 2 3 4 5

DNN STDEV | 0.066 | 0.093 | 0202 | 0.148 | 0.222

RMSE | 5310 | 3.750 | 3.770 | 3.930 | 5600

STDEV| 0.090 | 0.093 | 0.018 | 0.063 | 0.152

ONN' "RMSE [ 5.440 | 3780 | 3930 | 3860 | 5290

MCNN STDEV | 1.117 | 0.277 | 0.543 | 0.039 | 0.397

RMSE | 4.770 | 4.020 | 4130 | 3.980 | 5530

STDEV | 0269 | 0.037 | 0.047 | 0.209 | 0.187

DMCNNFRVSE 15610 | 3810 | 3920 | 4.060 | 5,640
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Fig. 10. First detailed dataset DNN model results
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Table 11. Third data set basin model result

model 1 2 3 4 5 6 7
DNN 0.102 | 0.055 | 0.049 | 0.024 | 0.097 | 0.046 | 0.024

2.190 | 2.220 | 2.390 | 2.170 | 2.370 | 2.200 | 2.130
0.042 10.010|0.1110.164 | 0.057 | 0.009 | 0.029
2.240 | 2.250 | 2.350 | 2.370 | 2.300 | 2.130 | 2.090
0.081 | 0.091 | 0.027 | 0.057 | 0.216 | 0.132 | 0.130
2250 | 2.370 | 2.230 | 2.350 | 2.460 | 2.230 | 2.180
0.029 | 0.058 | 0.059 | 0.068 | 0.049 | 0.003 | 0.010
1.800 | 1.810 | 1.730 | 1.750 | 1.810| 1.850 | 1.900
0.145 | 0.055]0.118 | 0.017 | 0.070 | 0.014 | 0.059
1.940 | 1.820 | 1.840 | 1.920| 1.890 | 1.850 | 1.960
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Table 12. Parallel model dataset result

model 1 2 3 4 5 6 7
DMCNN 0.112 {0.130 ] 0.053 ] 0.220 | 0.245] 0.106 | 0.013
2.630 [ 2.900 | 2.760 | 2.980 | 3.020 | 2.700 | 2.530
0.14910.279 | 1.289 | 0.103 | 0.259 | 0.093
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