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Flood risk assessment in Xinxiang City based on meta-heuristic algorithm optimization//LI Hongyan'?, HAO
Jingkai'?, LIU Dawei'?, ZHANG Feng'?, MAO Libo’, WANG Youli*( 1. College of Environment and Ecology, Taiyuan
University of Technology, Jinzhong 030600, China; 2. Shanxi Municipal Engineering Graduate Education Innovation
Center, Jinzhong 030600, China; 3. Science and Technology Management Department, Shanxi Dadi Environment
Investment Holdings Co. , Ltd. , Taiyuan 030032, China; 4. Shanxi Shan’ an Biquan Sponge City Technology Co. , Lid. ,
Taiyuan 030032, China)

Abstract: To improve the evaluation capability of the flood risk assessment model in Xinxiang City, six methods including
analytic hierarchy process (AHP) , logistic regression (LR) model, BP neural network, random forest (RF) model, and
PSO-BP model and PSO-RF model combined with meta-heuristic algorithm particle swarm optimization ( PSO) were used to
conduct flood risk assessment in Xinxiang City, generating a flood inventory map containing 200 flood locations. Nine flood
impact factors were selected, and the correlation between flood impact factors and flood occurrence was analyzed using
variance inflation factor. The evaluation capabilities of six flood risk assessment methods were compared using confusion
matrix and subject working characteristic curve, and finally obtaining the flood risk distribution maps of the six methods.
The results show that the evaluation performance of PSO-RF and PSO-BP models is better than that of single algorithms,
and the area under curve of the receiver operating characteristic curve is 0. 953 and 0. 947, respectively. According to the
obtained flood risk distribution map, at least 36. 5% of the areas in Xinxiang City are classified as highly susceptible to
flood impacts, and the flood risk assessment model coupled with meta-heuristic algorithm has higher accuracy.

Key words: flood risk assessment model; meta-heuristic algorithm; flood risk distribution map; receiver operating

characteristic curve; Xinxiang City
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Fig.1 Overview of study area
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Table 1 Overview of flood impact factor data
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Table 3 Statistical indicators of each model in training set

i Ty Ty Fp Fy o HUEE RS ORMER O ERR FLE FrifEiR 22 95% {5 X 1]
AHP 116 79 61 24 0.829 0.564 0.655 0.696 0.732 0. 027 0.739~0. 846
LR 107 106 34 33 0.764 0.757 0.759 0.761 0.762 0.019 0.854~0.929
BP 122 126 14 18 0.871 0.900 0.897 0.886 0.884 0.013 0.921~0.970
RF 133 133 7 7 0.950 0.950 0.950 0.950 0.950 0. 002 0.990~0. 999
PSO-BP 120 130 10 20 0. 857 0.929 0.923 0.893 0. 889 0.012 0.930~0.977
PSO-RF 140 140 0 0 1 1 1 1 1 0 1
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Table 4 Statistical indicators for each model in test set
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RF 52 54 6 8 0. 867 0.900 0.897 0.883 0. 881 0.022 0.903~0.987
PSO-BP 52 53 7 8 0.867 0.883 0.881 0.875 0.874 0. 020 0.909~0.985
PSO-RF 54 52 8 6 0.900 0.867 0.871 0. 883 0. 885 0.020 0.912~0.993
— AHP LR BP — RF — PSO-BP — RSO-RF
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Fig.4 ROC curves of 6 flood risk assessment models
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Fig.5 Forecast result of 4 models in training and testing sets
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Table 5 Proportion of each flood risk level area in

evaluation results of 6 models

e A A H/ % # _
A i + ] e

AHP 10.00 21.66 31.81 25.81 10.72
LR 16.95 22.75 23.80 19.95 16.55
BP 12.74  20.16 25.42 27.16 14.52
RF 21.09 27.65 21.40 16.55 13.31
PSO-BP 31.20  21.89 19.52 17.43 9.96
PSO-RF 12.99  30.68 21.36  20.65 14.32
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Fig. 6 Flood risk distribution map of 6 models
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