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Abstract: Flood is one of the world’s major natural disasters. Optimizing flood forecasting solutions is crucial for flood management
decisions. However, traditional hydrological models suffer from issues such as a high number of parameters, susceptibility to human
interference during parameter calibration, and weak generalization ability. To address these challenges, this study proposes a WOA-
LSTM model that integrates an improved whale optimization algorithm and long short-term memory network to automatically optimize
model parameters. Furthermore, the stability and accuracy of the model are further enhanced through the optimization of the neural
network structure. Additionally, flood forecasting models with different lead times are established to analyze and discuss the rela-
tionship between the neural network structure and the forecast period. By selecting the Hengjin Reservoir basin as a case study, the
rainfall data of seven stations and the hydrological data of Hengjin Station during 1986—1997 were collected as model inputs. The
flood process under different forecast periods was model output with the calibration and validation periods of 1986-1993 and 1994~
1997, respectively. The modeling results showed that: (1) Compared with the LSTM model and the XAJ model, the WOA-LSTM
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model achieved a better performance evaluated by the peak-present time difference, deterministic coefficient, relative error in runoff
depth and peak flow error. (2) By displacing the eigenvalues, the SHAP method analyzed the importance of the model eigenval-
ues, and thus enhanced the interpretability of the neural network model. (3) By appropriately designing the neural network struc-
ture, the problem of model prediction accuracy deteriorating due to the decrease of data correlation caused by the increase of the
forecast period can be avoided to a certain extent. The case study demonstrated that the model can meet the requirements of flood
forecasting for Hengjin Reservoir during the forecast period of 1-6 h, and can support managers to achieve best management prac-
tices in controlling flood.

Keywords; Flood forecasting; long-short term memory ( LSTM) ; whale optimization algorithms; deep learning
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Fig.1 The geographical location of Hengjin Reservoir and the distribution of rain stations and flow stations
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Fig.2 Division of regular and test period in sub-flood data rate
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Fig.3 The structure of memory cell unit in the hidden layer of LSTM
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Fig.4 The flow of the improved algorithm
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Fig.5 Comparison of simulation results with

different numbers of Bi-LSTM layers
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Tab.2 The final parameters of the Xin’an River
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Fig.9 The model fitting loss curve
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Tab.5 Eigenvalue weights of different methods
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Fig.10 Importance evaluation of the station area weight and characteristic value
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