55 40 4555 2 1] KoOwEOW B 2024 4E3 A
Vol. 40 No.2 Water Resources Protection Mar. 2024

DOI;10. 3880/j. issn. 1004 -6933.2024.02. 007

LT PSO-SVM 11 %8 5% iR fe 388 111k XURS VE By

EXTEN VTN E TN LN SO s &

(1. RERFKF TR E S 4 EEESSLRE , KE 300350; 2. REFERFEF TSR, KE 300350
3. KA T RAIGEFERE R 5B R IIoT I, K 300384 ; 4. IR AT K SCAE B WV IRM 325000)

T ARG BN T B R R 18 5 A, 24 8 L R B T B R R AR AR
3@ LR R T, SR TEFAERA L GZA(PSO-SVM ) #b-J % 69 .1 3t K e+ 4
A RBERE R BE A7 F-score 15 Kappa % # Ao %X H TAEAFIE W &K 5 6 AN 4647, R A
#3 £ FFA(LVQ) Hk Sl %o B F 25l it R E L AW YAt F3% PSO-SVM A ik
ARG % —H oA R AT, SRAY RS EAA — AT, R T A M B
BE UK 69 = 18] o A9 AF AT 5 B AE 4R % X T AR 45 45 v &% 45 4R . Kappa 7 2 A= /B 48 B 5 %) 4 0.934
0.833.0.912,PSO-SVM 4~ F ik A A 4k R F 3% 3L 3R i B

REIF LR E RSN ) 3t %ol B F ; PSO-SVM ; A8 2 3% 703K,

FESZES . TV877 R ERG A X EHS 1004 - 6933 (2024 )02 - 0046 - 09

Risk assessment of torrential floods in the Heshengxi Watershed based on PSO-SVM//WANG Rukai'*, LIAN
Jijian'*? | YUAN Ximin'?, TIAN Fuchang'?, CHEN Longji*, MA Wenhao'* ( 1. State Key Laboratory of Hydraulic
Engineering Simulation and Safety, Tianjin University, Tianjin 300350, China; 2. School of Civil Engineering, Tianjin
University, Tianjin 300350, China; 3. Ocean Energy and Intelligent Construction Research Institute, Tianjin University of
Technology, Tianjin 300384, China; 4. Wenzhou Hydrological Management Center, Wenzhou 325000, China)

Abstract: To explore the spatial distribution of torrential flood risk in the Heshengxi Watershed of Wenzhou City, a risk
assessment model of torrential flood based on particle swarm optimization-support vector machine ( PSO-SVM ) hybrid
algorithm was established, taking into account the torrential flood causing factors, the disaster-prone environment, and the
hazard bearing bodies. Six evaluation indicators were selected, including accuracy, sensitivity, specificity, F-score value,
Kappa coefficient, and subject working characteristic curve. The learning vector quantization algorithm was used to quantify
the impact of torrential flood impact factors on the occurrence of torrential flood disasters, and the PSO-SVM hybrid
algorithm model was compared with single algorithm models. The results show that the hybrid algorithm has a certain
transfer ability and can more accurately reflect the spatial distribution characteristics of torrential flood risk. The working
characteristic curve indicators, Kappa coefficient, and accuracy of the validation set subjects were 0. 934, 0. 833, and
0.912, respectively. The PSO-SVM hybrid algorithm model can significantly improve the accuracy of torrential flood risk
assessment.

Key words: torrential flood disaster; risk assessment model; torrential flood impact factors; PSO-SVM; Heshengxi
Watershed
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Fig.1 Historical flood distribution and model sample dataset in study area
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Table 1 Historical disaster situation of the Heshengxi Watershed
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Fig.2 Torrential flood conditioning factors
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Fig.4 Distribution of torrential flood risk in the Heshengxi Watershed under different algorithms
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