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Abstract: Lake Dongting, located in the middle reaches of the Yangtze River, is a crucial body of water. Accurately modelling the 

relationships between the runoff and the various input and output stations is essential for regional ecological protection, flood control, and 

drought defense. In order to address the complex relationships between runoff and the various input and output stations in the Lake Dongting 

basin, this study proposes a multiple-input and multiple-output runoff response model based on graph neural networks. Firstly, the model 

utilises the topological spatial structure of the Yangtze River, Lake Dongting and Sishui basins to transform the original observation 

sequences at each station into graph-structured data, thereby characterizing the spatial features of the basins. Secondly, the mutual 

correlation analysis method is used to identify the time lag relationship between the observed variables at each station, determining the 

input feature step of the model. Finally, graph neural networks are employed to aggregate and update the features, capturing the complex 

spatial and temporal dependencies among the control stations and enabling runoff simulation at multiple stations. The results show that, 

compared with backpropagation neural networks (BP) and long short-term memory (LSTM) neural networks, the graph neural network 

(GNN) model can achieve improvement rates of over 5% for the NashïSutcliffe efficiency coefficient (NSE) and mean absolute error (MAE) 

indicators. The correlation coefficient (RĮ) is also greater than 0.97. In dry water cutoff events, the true positive rate (TPR) and precision 

are generally greater than 0.96. GNNs have significant advantages in simulating hydrological events such as floods and droughts and can 

provide scientific support for the ecological protection of Lake Dongting and its flood control and drought resistance measures. 

                                                   
*2024-11-28 2025-02-06 ɺ 

2021YFC3200303ɺ 

* E-mail: yanlai.zhou@whu.edu.cn 



2 

 

Keywords: Lake Dongting; Graph neural network (GNN); Runoff response modelling; Multiple-input and multiple-output; Spatio-

temporal correlation 

 

Ҭ ̆ № ᴋⱵ[1]̆ ΐ Ῑ ȁ

ȁ‪ ⱳ [2]Ȃ Ṝ ץ ῏ [2-3]̆

ȁ ῃ ҳҤ [4]Ȃ ̆ ₮ ñ ᵝȁ ᵝȁҬ

ᵝ ò [5]̆ ֓ ԅ ̕ ȁ ̂

҈ ̃ҹ ῏ ̆ ̆҈ Ԋᴆ ̆ғ ̆[6]ל

Ԋᴆ Ҥ Ȃ ԍ Ҍֽ ҈ ̆ ȁ

ȁ ȁ ̆ ῏ ҹ [7]Ȃ ̆ ̆ ֜ ̆ └

ⱬ Ҋ ԑ ̆ ҹѿ ΐ ῏ ῀ȁ ₮ Ȃ

῏ Ҋ̆ל ᵥ‰ └ ῏ ҹ̆҉ ≠ ȁ

ᶫ ᶭ ̆ ΐ ӈȂ 

Һ ң ȂῒҬ̆ Һ ѿȁԋ

ꜚⱬ[5] [8] ̆p Ȃ ԍ ҈

└ ̆ № ̆ ᵬҙ Ҭ

̆ ҍ Ȃ Ҍᶭ ԍ └ ᾢ ̆ ԍ

῏ ̆Ҍֽΐ ̆ ғ ᵞ

╠ Ҋ Ȃ ̆ ӟḆ ԅ ꜚ Ҭ ̆

῀ ₮ ̆ᶭ ⱬ̆ Ȃ ӟ ȁ

ӟ ȁ ӟ ̆ ȁ ᵀ ԅ ᵬ Ȃ ╠

̂Back propagation neural networks, BP̃[9]ȁ ̂Long short-term memory neural networks, 

LSTM̃[10] ӟ ⱳ ԍ Ȃ ̆BP LSTM ҉ ԍ

↓ ₃ ᴋⱵ[11]̆ ᾟ№ ῀ȁ ₮ ῏ ̆

₮ ᴰ ̆ ᵞԅ [12]Ȃҍ ԍ ↓ ӟ

Ҍ ̆ ̂Graph neural networks, GNÑ ѿ ԍ ₃ ӟ
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Fig.1 Generalization of Lake Dongtingwater system 
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Fig.2 Architectures of the multi-input and output runoff simulation models.  
a. GNN-based model. b. LSTM-based model. c. BP-based model 
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