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[Abstract]

RainNet, which is an existing U-Net-based prediction model, applies a recursive method that repeatedly uses the prediction
results as input to the model to extend the lead time, the smoothing effect is accumulated. Therefore, the accuracy of high
intensity rainfall prediction was low. In order to solve the problem, this study developed Recursive RainNet, that can predict up
to 1 hour by combining the U-Net model with a recursive strategy. The proposed model was trained using the composited S-band
rain radar rainfall by Ministry of Environment. In order to evaluate the prediction performance, the forecasted rainfall from 10 to
60 minutes was produced with 10 minutes interval for six rainfall events in 2021. Comparison results between RainNet and
Recursive RainNet showed similar accuracy for 10 minutes lead time, but the proposed model maintained relatively high accuracy
even if the leading time was increased. For all cases, the proposed model well predicted the strong rainfall intensity. critical
success index(CSI) increased by 6~21% and mean absolute error(MAE) decreased by 15~26% on average.
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Fig. 1. RainNet architecture [8]
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Table 1. Rain contingency table(Choi et al, 2005)

Forecast rainfall

Verifying analysis

no rain rain

no rain Z (zero) F (false)

Observed
rainfall

rain M (miss) H (hit)
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Table 2. Results of the deep learning model training

Training Subset Validation Subset

Model

Loss | MAE | CSI Loss | MAE | CSI

RainNet 0.0005 | 1.31 | 0.88 | 0.0006 | 1.35| 0.88

Recursive RainNet | 0.0006 | 1.49 | 0.75 | 0.0008 | 1.90 | 0.76

2484

Loss
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Mean Absolute Error
= Train == Validatic afi = velidatio

Critical Success Index

RainNet Recursive Rainnet
a8 4. ofl=3E 2 kg Z3} (ZkRainNet, % Recursive
RainNet)
Fig. 4. Model training result of each epoch (Left:RainNet,
Right: Recursive RainNet)
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Table 3. Characteristics of the evaluated events
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Fig. 6. Forecasted radar rainfall distributions for lead time
from 10 to 60 minutes (predicted at 03:30 29
August 2021)
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Table 4. Evaluation results of forecasted radar rainfall for
each rain events

Model RainNet Recursive RainNet
Event # MAE CSlI MAE CSlI
Event 1 0.31 0.74 0.24 0.88
Event 2 1.1 0.87 0.82 0.93
Event 3 0.57 0.79 0.44 0.88
Event 4 0.35 0.51 0.28 0.62
Event 5 0.20 0.59 0.17 0.71
Event 6 0.40 0.81 0.31 0.90
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