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Prediction model of urban waterlogging water depth based on deep learning//LIN Kairong'>®, OUYANG Jiana',
MA Xumin', XIAO Mingzhong', FENG Xingyu' ( 1. School of Civil Engineering, Sun Yai-Sen University, Guangzhou
510275, China; 2. Guangdong Key Laboratory of Marine Civil Engineering, Guangzhou 510275, China; 3. Guangdong
Engineering Technology Research Center of Water Security Regulation and Control for Southern China, Guangzhou 510275,
China)

Abstract: In order to improve the computational efficiency of urban waterlogging simulation and meet the requirement of
timeliness of urban flooding warning, the advantage of deep learning method and simulation results of the traditional
hydrological-hydrodynamic model were utilized, and the key driving factors for the development of urban rainstorm
waterlogging disaster chain, including slope, elevation, and precipitation, were used as inputs. In combination with the
convolutional neural network (CNN) and the long short-term memory network (LSTM), a CNN-LSTM-ATT model for
urban waterlogging water depth prediction was constructed through introducing the attention mechanism ( ATT) and by using
the sparrow search algorithm for optimal selection of hyper-parameters. The model was used to predict the waterlogging
water depth in Dakonggang new urban area of Shenzhen City, and the results show that the CNN-LSTM-ATT model can
effectively predict the water depth of urban waterlogging caused by heavy rain. The predicted water depth with the CNN-
LSTM-ATT model in the next 30 min is close to the simulation results of the hydrological-hydrodynamic model, and the
accuracy of the model decreases slightly after the prediction period is extended. Compared to the hydrological-hydrodynamic
model, the CNN-LSTM-ATT model exhibits a simulation efficiency that is approximately 200 times higher.

Key words: urban waterlogging; hydrological-hydrodynamic model; deep learning method; water depth prediction;
Shenzhen City
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Fig.1 Flow chart of CNN-LSTM-ATT model training
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Table 1 Parameter values for different rainfall

return periods

I/ a A/mm b/min n

2 14.768 12. 688 0. 654

3 14. 839 12. 544 0.629

5 14.914 12.388 0. 602

10 14. 004 11.305 0.557

20 13.568 10. 178 0.529
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100 12.587 8.298 0.470
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Table 2 Comparison of water level simulation and

measurement results
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Table 3 Characteristic information of rainfall

FE Y T LI/ a R RN ¥/ mm SR AL/ mm

2 2.7 159.6

3 2.9 178.1

5 3.1 200. 6

8 3.5 230.1

10 3.8 253.7

20 3.9 266. 6

50 4.1 283.5

100 4.4 306.7
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Table 4 Results of hyper-parameter optimization

E 2 B RS
Convl FFE KN 1.3.5 3
R & RMSProp ,Adam ,SGD SGD
2EI R 0.0001.0.0005.0. 001 0.0001
ik 0.5.0.7.0.9 0.9
Fel #2504 192
Fe2 #a It 41 64.128 192 64
Fe3 #2044 64
JH Ak BRI A 10,2030 .40 20
O R relu ,sigmoid relu
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simulation results for selected control points
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Table 5 Accuracy evaluation results of
CNN-LSTM-ATT model

o A3 30 min N KK 60 min N
Zﬁ% MRE/ MAE/ RMSE/ MRE/ MAE/ RMSE/
% m m % m m

0.51 0.01 0.01 0.90 0.48 0.01 0.01 0.83

1
2 4.54 0.03 0.03 0.82 3.77 0.03 0.03 0.80
3 3.21 0.01 0.02 0.44 5.76 0.03 0.03 0.37
4 4.26 0.03 0.03 0.8 2.8 0.02 0.02 0.76
5 3.39 0.01 0.01 0.89 4.22 0.02 0.02 0.84
6 6.03 0.03 0.03 0.88 5.5 0.03 0.03 0.83
7 6.12 0.01 0.01 0.87 5.03 0.01 0.01 0.83
8 9.92 0.09 0.09 0.88 11.46 0.11 0.12 0.84
9 0.85 0.01 0.01 0.89 2.28 0.02 0.02 0.24
10 7.97 0.01 0.02 0.80 14.52 0.03 0.03 0.76
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