TR E5EIRF 50
Engineer ing and Management Science 56 % @0 08 W @MLK 1.0462024 4
EHER. W FIS USSN): 2705-0637(P) / 2705-0645(0)

BT 0P 4 0 2% AR B A kK X B 7 O A BF T

FREAE"  FTEA BRELE
R EED SR RAZ X
DOT: 10.12238/ems. v6i8. 8824

(3 F] WKEAERARKE, MG T NRATTE S™ E0 . ARG IS B E B R TR AKX
FAF TAFAERG R RLIAS R B IR R . A AR T A MG AL, 455 RAKSCEIE, W T stk
KIS THEE R 58, K BP 4% . BRI LG (CNND FIEIRAP 4% (RNN), FRil T FEHLES Z T F% (SGD)
Hk. BIENAE ) RMATTE (W0 Adam) . L2 IEWMEAT Dropout HAREATIRAL . SRIGLE KW, £ 2 KA
# (MLP) HEAI/EMASE RSN 0. 92, A HIZEN 0.90, F1{HN0.91, ROC HiZk FiEIFL (AUC) A 0.95.
I 35 PR T 1K P R AN S 1, AR — PR, R AR AN [ X s Ak S A
FRIEH o

[RSER)] BLKTE; MAMBEEIAY, BP MM, SBRMAMLE; IHHME L%

Research on Early Warning Evaluation of Flood Risk Based on Neural Network Modelling
Yixuan Guo*, Junlin He, Guona Chen
China University of Petroleum (Beijing), Karamay Campusl

[Abstract] Floods, as major natural disasters, have a serious impact on socio—economic and hum
an life. Traditional warning methods suffer from insufficient accuracy and response under co
mplex meteorological and hydrological conditions. In this study, an efficient flood risk earl
y warning system is constructed based on neural network models, combined with meteorological
and hydrological data. BP neural network, convolutional neural network (CNN) and recurrent ne
ural network (RNN) are used and optimised by stochastic gradient descent (SGD) algorithm, ada
ptive learning rate optimisation methods (e.g., Adam), L2 regularisation and Dropout techniqu
e. The experimental results show that the multilayer perceptron (MLP) model has an accuracy o
f 0.92 on the test set, a recall of 0.90, an F1 value of 0.91, and an area under the ROC curv
e (AUC) of 0.95.This study significantly improves the accuracy and timeliness of flood warnin
gs, and further optimisation of the model will be carried out in the future to extend its app
lication to different regions and flood types.

[Keywords] flood warning; neural network model; BP neural network; convolutional neural netw

ork; recurrent neural network
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