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Abstract

The underlying surface conditions have changed greatly in the Ankang river basin due to human activi-
ties, and the error of the flood forecasting system is relatively large. Considering that hydrological data is
a complex time series, it is difficult for ordinary hydrological models to capture its changing laws. LSTM
(Long-short term memory), as a learning network with memory ability, can learn the complex and chan-
geable time of hydrological data well by continuously inputting new data and learning the main features
and changes of time series sequence. The LSTM network model is used to simulate the flood process of
Ankang reservoir and compare with the Xinanjiang model. The adaptability of LSTM model in reservoir
flood prediction is also discussed.
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Figure 1. Location map of the meteorological and hydrological stations in the Ankang River basin
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Hochreiter 1 Schmidhuber 5] N KL IZ(LSTM)FRZE L%, A& —FhREER MG 310 25 X 4% (Recurrent Neural
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Figure 2. Recurrent neural network structure
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Figure 3. Complete RNN unit diagram
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Figure 4. Complete LSTM unit diagram
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Figure 5. LSTM calculation flow chart
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Figure 6. Flood seasonal runoff hydrograph simulated by LSTM model
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Table 1. Calibrated parameters of Xinanjiang model
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Figure 7. Flood seasonal runoff hydrograph simulated by Xinanjiang model
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Table 2. Comparison of annual and flood seasonal Nash efficiency coefficients simulated by LSTM model and Xinanjiang model
= 2. LSTM FFIRITHEE 3 BRI RO SR FOAHA Nash SR REELR

LSTM # 7Y AR B
FEhy
A4F NS UM NS AAFE NS T NS

1996 0.908 0.895 0.492 0.283
1997 0.851 0.845 0.255 0.279
1998 0.934 0.926 0.382 0.327
1999 0.948 0.95 0.527 0.555
2000 0.936 0.921 0.659 0.634
2001 0.931 0.924 0.565 0.52
2002 0.915 0.914 0.219 0.18
2003 0.943 0.939 0.612 0.582
2004 0.909 0.909 0.546 0.542
2005 0.953 0.937 0.656 0.632
2006 0.92 0.912 0.568 0.561
2007 0.946 0.938 0.559 0.507
2008 0.907 0.886 0.426 0.337
2009 0.933 0.918 0.666 0.622
2010 0.948 0.938 0.631 0.581
2011 0.93 0.919 0.659 0.626
2012 0.924 0.913 0.568 0.553
2013 0.927 0.911 0.638 0.621
2014 0.953 0.954 0.742 0.748
2015 0.918 0.918 0.418 0.383
2016 0.901 0.869 0.355 0.619
2017 0.932 0.901 0.747 0.732
T 0.926 0.915 0.540 0.519
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