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The application of NARX neural network model based on wavelet analysis for water level prediction
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(1. College of Hydrology and Water Resources , Hohai University , Nanjing 210098 ,China;

2. Soil and Water Conservation Monitoring Center of Haihe Basin, Tianjin 300170 ,China)
Abstract; Reliable water level forecasting is essential for flood prevention decision-making and water resources management,
which can effectively reduce the loss of flood and droughts disasters. In order to improve the accuracy of forecasting,a nonlinear
autoregressive with exogenous inputs neural network (NARX) model based on wavelet analysis (DWT-NARX) was proposed
and compared with BP neural network, and NARX neural network model. The daily inflow, outflow, water utilization and the
previous daily water level of Hongze Lake were considered to forecast the water level of Hongze Lake. The results indicated that
three models achieved good simulation results with higher accuracy when the leading time was short, such as 1 or 2 days. The
results exhibited that Nash-Sutcliffe coefficient was higher than 0.9, and the qualified rates surpass was not less than 85%.
When the prediction period was further increased to 3 days. the NARX model showed poor prediction and the water level
changed greatly, while BP model suggest severe oscillations. In overall performance, the NARX and DWT-NARX models
showed superiority in comparison of BP neural network, while DWT-NARX yields the best performance among all other
models. The research results can provide a certain reference value for the water level forecast of Hongze Lake.
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Fig. 1 Architecture of NARX neural network
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Fig. 2 The autocorrelation of water level and its cross-correlation

with the inflow and outflow of the lake
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Fig. 3 Flow chart of DWT-NARX neural network model
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Tab. 1 Simulation results of three kinds of models at different leading times

HE W (2005—2013 4F)

KU (20142016 4F)

R T3
Qar/ % Nnse Rrvse Myire/ % Qar/ % Nnse Rrvse Mure/ %

1 96. 9 0.991 0. 04 0. 24 92.0 0.971 0. 08 0. 39

2 96. 2 0. 987 0. 05 0. 29 86. 9 0.935 0.12 0.53

3 94. 3 0.978 0. 07 0. 36 85.3 0. 930 0.12 0. 57

o 4 92. 3 0. 966 0. 08 0. 44 83.9 0.913 0. 14 0. 66
5 90. 1 0. 944 0.11 0. 55 82.8 0.903 0.14 0. 74

6 87.6 0.933 0.12 0.61 81.9 0. 863 0. 17 0. 82

1 99. 7 0.995 0.03 0. 14 98. 8 0. 995 0. 03 0. 15

2 96. 0 0. 986 0. 05 0. 26 96. 4 0. 987 0. 05 0. 27

3 93.6 0.975 0. 07 0. 41 92.8 0.973 0. 08 0. 39

NARX

4 92. 3 0. 952 0. 10 0.51 90. 4 0. 962 0. 09 0. 46

5 91.0 0. 946 0.11 0. 57 88.0 0. 948 0.11 0. 54

6 86. 4 0. 941 0.11 0. 64 87.9 0.941 0.11 0. 60

1 99. 3 0.992 0. 04 0.19 99.4 0.993 0. 04 0.19

2 97.2 0. 983 0. 06 0.31 97. 4 0. 983 0. 06 0. 30

93.3 0.977 0. 07 0. 37 93.5 0. 981 0. 06 0. 36

DWT-NARX

92.2 0. 969 0. 08 0. 44 90. 1 0.963 0. 09 0. 45

5 90. 4 0. 964 0. 09 0. 47 89. 8 0. 965 0. 09 0. 46

6 90. 2 0. 960 0. 09 0.52 88.1 0. 961 0. 09 0.52
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Fig. 4 Daily water level hydrograph for three kinds of models with different leading times in 2016 (test set)
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