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Fig. 1 Location of Liulin experimental watershed and radar monitoring range
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Fig.2 Comparison of unprocessed and preprocessed echoes of 20180521 case
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Table 1 Information of typical rainfall and flood processes
/mm /mm /h /mm /(m? e s7h)
20120726 75.9 58.4 5 5.1 47.0
20160719 251.9 42.7 18 129.2 368.0
20210721 149.4 26.9 29 29.9 93.3
20211006 25.5 8.2 5 / /
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3 U-Net. Att-Unet. TransAtt-Unet  TSA. GSA
Fig.3 Structure of U-Net Attention—Unet TransAtt-Unet TSA and GSA modules
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Table 2 Evaluation index value of 1 h echo extrapolation results
DPO RF,\ [CS
20 dBZ 30 dBZ 20 dBZ 30 dBZ 20 dBZ 30 dBZ 20 dBZ 30 dBZ
U-Net 0.83 0.37 0.07 0.19 0.78 0.33 0.82 0.56
20120726 Att—Unet 0.82 0.52 0.12 0.17 0.76 0.44 0.80 0.65
TransAtt—Unet 0.75 0.35 0.06 0.17 0.72 0.34 0.77 0.58
U-Net 0.71 0.37 0.14 0.44 0.61 0.21 0.61 0.31
20160719 Att—Unet 0.79 0.46 0.15 0.45 0.68 0.24 0.69 0.33
TransAtt—Unet 0.87 0.47 0.14 0.49 0.75 0.24 0.75 0.31
U-Net 0.74 0.42 0.14 0.21 0.67 0.36 0.81 0.71
20210721 Att—Unet 0.70 0.49 0.26 0.44 0.54 0.28 0.64 0.51
TransAtt—Unet 0.72 0.52 0.26 0.46 0.55 0.29 0.65 0.53
U-Net 0.45 0.24 0.56 0.76 0.19 0.09 0.74 0.64
20211006 Att-Unet 0.44 0.21 0.55 0.79 0.24 0.08 0.75 0.61
TransAtt—Unet 0.43 0.28 0.56 0.72 0.21 0.09 0.69 0.63
3 2h
Table 3 Evaluation index value of 2 h echo extrapolation results
Dypg Ry Ies
20 dBZ 30 dBZ 20 dBZ 30 dBZ 20 dBZ 30 dBZ 20 dBZ 30 dBZ
U—Net 0.66 0.37 0.14 0.16 0.60 0.35 0.64 0.63
20120726 Att—Unet 0.62 0.18 0.14 0.17 0.59 0.18 0.65 0.48
TransAtt—Unet 0.66 0.20 0.11 0.13 0.59 0.20 0.63 0.51
U-Net 0.59 0.20 0.42 0.63 0.38 0.12 0.43 0.47
20160719 Att—Unet 0.48 0.12 0.44 0.64 0.31 0.07 0.37 0.47
TransAtt—Unet 0.57 0.15 0.36 0.60 0.41 0.10 0.42 0.48
U—Net 0.69 0.48 0.14 0.33 0.62 0.33 0.77 0.62
20210721 Att—Unet 0.60 0.36 0.25 0.39 0.46 0.22 0.59 0.51
TransAtt—Unet 0.65 0.38 0.29 0.46 0.48 0.22 0.57 0.48
U-Net 0.50 0.17 0.48 0.77 0.32 0.08 0.67 0.58
20211006 Att—Unet 0.42 0.18 0.67 0.81 0.21 0.02 0.60 0.54
TransAtt—Unet 0.41 0.17 0.61 0.80 0.20 0.04 0.64 0.52
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Table 4 Rainfall correlation evaluation index value
Eyy /mm C. By /mm
1h 2 h 1h 2 h 1h 2 h
U-Net 22.57 22.49 -0.28 -0.41 -1.96 -2.32
Att—Unet 23.99 21.28 -0.22 -0.32 -0.66 -3.08
20120726
TransAtt—Unet 24.20 22.66 -0.28 -0.32 -1.76 -2.66
14.78 0.31 2.93
U—Net 8.86 8.84 0.48 0.42 0.22 -6.21
Att—Unet 8.70 10.71 0.59 0.17 0.25 -7.05
20160719
TransAtt—Unet 7.88 10.52 0.58 0.13 -0.74 -6.77
6.02 0.77 -0.06
U—Net 4.57 4.78 0.52 0.38 0.31 -1.90
Att—Unet 4.85 5.58 0.32 0.19 -0.93 -1.31
20210721
TransAtt—Unet 4.40 5.65 0.47 0.21 -0.22 -1.29
3.09 0.67 -0.41
U—Net 2.81 2.65 0.84 0.61 -2.81 -2.39
Att—Unet 2.61 2.79 0.79 0.63 -2.61 -2.79
20211006
TransAtt—Unet 2.48 2.62 0.82 0.65 -2.48 -2.62
1.67 0.88 -1.67
5 o 3 1h 20120726
1h ; 20160719 20210721
;20211006
/—R o 2h
- Heuvelink 40 km’
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Fig.5 Forecasted hourly rainfall process
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Table 5 Accuracy evaluation of forecasted floods
Qs/(m? + 571y Ewp 1% Vg/mm Egy 1% AT/h Exs
1h 31.3 -33.4 4.4 -13.6 1 0.23
U—Net
2 h 19.2 -59.2 4.7 -8.0 1 0.16
1 h 40.3 -24.5 5.6 8.8 1 0.06
Att—Unet
20120726 2 h 17.8 -62.1 3.9 -43.6 3 0.08
1h 38.0 -19.2 5.3 2.2 1 0.23
TransAtt—Unet
2 h 19.0 -59.6 4.3 -17.1 1 0.15
36.7 -21.9 7.05 37.2 0 0.72
1h 372.4 1.2 162.5 25.8 1 0.76
U-Net
2 h 198.4 -46.1 89.3 -30.9 3 0.52
1h 407.3 10.7 165.9 28.4 1 0.77
Att—=Unet
20160719 2 h 185.3 -49.7 79.3 -38.6 4 0.34
1 h 354.9 -3.6 154.8 19.9 1 0.78
TransAtt—Unet
2 h 191.3 -48.1 83.9 -35.0 3 0.37
343.3 -6.7 167.7 29.8 1 0.83
1h 123.2 32.0 33.0 10.4 0 0.25
U-Net
2 h 32.3 -65.4 7.7 -74.3 0 0.14
1h 92.5 -0.9 17.9 -40.1 1 0.04
Att—-Unet
20210721 2 h 41.6 -55.4 11.6 -61.3 1 -0.09
1h 101.0 8.3 25.7 -14.0 0 0.19
TransAtt—Unet
2 h 57.0 -38.9 12.8 -57.2 1 0.02
76.2 -18.3 27.17 -7.3 0 0.79
6 o 3 1h 20120726
1 h; 20160719
1h ; 20210721 U-Net
Att—Unet 1 h TransAtt—Unet
3 o 1h
Exs
Eys N o 2h
956 km?) 1h .
Eys 1h
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6
Fig. 6 Simulated and forecasted flood hydrographs
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Radar rainfall nowcasting and flood forecasting based on deep learning”
LI Jianzhu LI Leijing FENG Ping TANG Ruoyi

( State Key Laboratory of Hydraulic Engineering Simulation and Safety  Tianjin University — Tianjin 300350  China)

Abstract: To explore the applicability of deep learning methods to radar rainfall nowcasting and flood forecasting U-
Net Attention-Unet and TransAtt—Unet are used to carry out rainfall nowcasting. The nowcasted rainfall results are
used as inputs to the HEC-HMS hydrological model for flood forecasting. The results show that with a 1-hour lead
time Attention—Unet has the best performance in nowcasting heavy rainfall with a short duration and the relative
errors in the simulated flood peak and runoff volume by the nowcasted rainfall of TransAtt—Unet are less than 20%.

Each deep learning model has a good forecasting accuracy for rainfall and flood events with large magnitudes. The
rainfall intensity rainfall totals flood peaks and runoff volumes are significantly underestimated with a 2-hour lead
time with U-Net achieving relatively good rainfall nowcasting. The 1-hour lead time radar rainfall nowcasting and

flood forecasting based on deep learning can provide a scientific reference for watershed flood prevention and mitigation.

Key words: radar rainfall nowcasting;, quantitative rainfall estimation; deep learning; flood forecasting; Liulin

experimental watershed
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