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Fig. 1 Location of the study area and

the remote-sensing image map
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recurrence periods and rainfall pattern characteristics
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Fig. 5 Scatterplots comparison of the predicted water depth between the MORF model

and the simulated water depth from the rainstorm-flood model
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F1 HWEZEKRFNIEFR MAE(m)
Table 1 The MAE values of spatial water depth prediction index of each model(m)

HIBES 0 A
P
K KNN MORF XGBoost ~ KNN-MORF  KNN-XGBoost MORF-XGBoost KNN-MORF-XGBoost
a 100a_IV 0. 069 0.038 0.033 0.051 0.038 0.026 0.038
b 50a_ | 0.012 0. 032 0. 046 0. 022 0.029 0.037 0.029
c 50a_Vl 0. 022 0. 020 0. 029 0. 020 0. 020 0.020 0.018
d 50a_zhi07 0.014 0.029 0.035 0.022 0.024 0.031 0.026
e 20a_V 0.013 0.035 0.039 0. 024 0.025 0.036 0.028
{ 20a_zhi03 0. 009 0. 026 0.018 0.015 0.011 0.018 0.014
g 10a_lIl 0.017 0.036 0. 040 0.026 0.028 0.037 0. 030
h 10a_zhi48 0.016 0.012 0. 064 0. 009 0.030 0.036 0.023
i Sa_1 0. 028 0. 022 0.028 0. 024 0.026 0.023 0.024
j S5a_1l 0.025 0. 029 0. 037 0.021 0.031 0.026 0.025
k 5a_\Vl 0. 024 0.026 0.051 0. 020 0.031 0.038 0.028
| 2a_lll 0.018 0.038 0.025 0.028 0.021 0.032 0.027
m 2a_zhi03 0. 006 0.016 0.008 0.011 0. 005 0.010 0.008
n la_zhid8 0. 042 0.010 0. 009 0.022 0.018 0.008 0.014
-1 {E 0.023" " 0. 026 0.033 0.023" 0.024 0.027 0.024" "

TE TS % L L xS DL AR DN Z8OCR BT = RO BEAL
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%2 HHEEZEKRBMIER PCC
Table 2 The PCC values of spatial water depth prediction index of each model

HIRES T i 45 Y
75

W% T KNN MORF XGBoost KNN-MORF  KNN-XGBoost MORF-XGBoost KNN-MORF-XGBoost
a 100a_IV 0. 992 0.997 0. 989 0. 996 0.992 0. 994 0. 994
b 50a_ 1 0. 992 0. 992 0.973 0. 992 0. 987 0. 988 0. 990
¢ 50a_VI 0. 987 0. 988 0. 983 0. 988 0. 991 0. 991 0. 991
d 50a_zhi07 0. 986 0. 986 0. 991 0. 986 0.992 0. 990 0. 990
e 20a_V 0.993 0. 987 0. 969 0.991 0.988 0. 983 0. 989
f 20a_zhi03 0.997 0.993 0. 989 0. 996 0.995 0. 995 0. 996
g 10a_1Il 0.991 0.976 0. 966 0. 985 0. 984 0.976 0. 983
h 10a_zhi48 0. 992 0. 995 0. 987 0. 996 0. 994 0.993 0. 995
i S5a_1 0. 888 0.910 0.812 0. 899 0. 866 0. 881 0. 886
j 5a_ll 0. 946 0. 942 0. 904 0. 944 0.938 0. 942 0. 945
k 5a_\l 0. 939 0. 940 0.878 0.941 0.910 0.912 0. 922
1 2a_1I 0. 893 0. 849 0. 920 0. 870 0.916 0. 895 0. 896
m 2a_zhi03 0. 989 0. 967 0. 985 0. 981 0.992 0. 985 0. 988
n la_zhi48 0. 877 0. 964 0. 975 0. 920 0. 935 0.978 0. 946

SE A 0. 962 0.963 0.952 0.963° " 0.963 0.965" " 0.965"

TE AT L oo (DL B AR 3R T000 R AT = A AL

®3 HEB=EKRBMER RMSE
Table 3 The RMSE values of spatial water depth prediction index of each model

sk i 0 A A
b

Wi T KNN MORF XGBoost KNN-MORF  KNN-XGBoost MORF-XGBoost KNN-MORF-XGBoost
a 100a_IV 0.107 0.053 0. 049 0.077 0. 056 0. 039 0. 054
b 50a_ 1 0.038 0.051 0.084 0.042 0. 056 0. 063 0.052
c 50a_VI 0. 051 0. 050 0. 060 0. 050 0. 043 0. 041 0. 042
d 50a_zhi07 0. 052 0. 059 0. 059 0. 055 0. 048 0. 055 0.051
e 20a_V 0. 027 0. 058 0.071 0. 041 0. 045 0. 062 0. 049
f 20a_zhi03 0.017 0. 042 0.036 0.027 0.024 0. 031 0.025
g 10a_Ill 0.032 0. 062 0.072 0. 048 0. 051 0. 065 0. 054
h 10a_zhid8 0.031 0.021 0.116 0.019 0.053 0.063 0. 039
i 5a_1 0.052 0. 039 0.052 0. 044 0. 048 0.043 0. 044
] 5a_ll 0.048 0. 058 0. 068 0. 050 0. 055 0. 049 0. 048
k 5a_\l 0. 044 0. 050 0. 094 0. 043 0. 060 0. 070 0. 056
1 2a_1l 0.038 0. 063 0. 046 0.051 0. 040 0. 053 0.048
m 2a_zhi03 0.014 0.024 0.016 0.018 0.011 0.016 0.014
n la_zhid8 0.073 0.018 0.019 0. 040 0.033 0.016 0.026

A 0. 045 0. 046 0. 060 0.043" " 0.044" "7 0.048 0.043"

TE RS 0w xox s IO AR BT AR B — i 2
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Fast Simulation of Urban Waterlogging Based on
Multi-Objective Machine Learning Models

LAI Chengguang'?,LIAO Yaoxing',
WANG Zhaoli"** ,CHEN Xiaohong”

(1. School of Civil Engineering and Transportation,South China University of Technology.
Guangzhou 510641,China;2. Artificial Intelligence and Digital Economy Laboratory(Guangzhou) ,
Guangzhou 510330, China;3. Center for Water Resources and Environment Research,

Sun Yat-sen University, Guangzhou 510275, China)

Abstract; The frequent occurrence of urban waterlogging disasters induced by rainstorm has recently caused
serious economic losses and casualties in China. Numerical simulation of waterlogging is an important tool
for disaster prewarning and forecasting as well as disaster prevention and control; however,the traditional
numerical physical models have the disadvantage of low computational efficiency,which makes it difficult
to meet the demand for real-time simulation and real-time early warning and forecast. To this end, this
study combines the respective advantages of coupled rainstorm-flood models with physical mechanisms and
machine learning algorithms,and proposes a rapid prediction and simulation method for inundated depth of
urban waterlogging based on multi-objective machine learning algorithms. The forecasting performances of
K-Nearest Neighbors (KNN) , Multi-Objective Random Forest (MORF) , Extreme Gradient Boosting (XG-
Boost)and their integrated models are discussed,respectively. The results show that: (1) The coupled rain-
storm-flood model based on SWMM and LISFLOOD-FP has good applicability in the simulation of urban
waterlogging induced by rainstorm in the study area. On this basis, the database with a total of 70 scenarios
of rainstorm-inundation with different characteristics were generated. (2) The KNN, MORF, XGBoost and
their integrated models all have good results in predicting water depth, with Pearson correlation coefficient
(PCC) values all above 0.812, mean absolute error (MAE) below 6.9 cm, and root-mean-square error
(RMSE)less than 0. 116. The KNN-MORF-XGBoost integrated model has the best overall results, with the
average values of MAE,PCC and RMSE reaching 2. 4cm,0. 965 and 0. 043, respectively. (3)In addition to
the high prediction accuracy,the prediction speed of the constructed multi-objective machine learning pre-
diction model is extremely fast,and the water depth simulation efficiency is more than 20 times higher than
that of the coupled rainstorm-flood model. This study can provide a reference for the application of machine
learning in the rapid simulation of urban waterlogging induced by rainstorm,which is of great value for the
early warning and forecast of urban waterlogging disaster.
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