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Abstract

In order to make the runoff prediction more accurate, this study established the ELM neural network
model for the shortcomings of BP neural network training slow and easy to fall into local minimum.
Taking the runoff data of Lanxi Hydrological station from 1959 to 2014 as an example, the ELM neural
network predicts the runoff depth. The relative error, mean square error and decision coefficient are
used as the verification indicators of the rationality of the model, and compared with the BP neural net-
work prediction results. The prediction results show that the ELM model is better than BP neural net-
work model in terms of relative error, mean square error and decision coefficient. This indicates that the
ELM neural network model has effectively avoided the shortcomings of the BP neural network model and
the prediction accuracy has been further improved. Therefore, the ELM model can improve the predic-
tion effect to a certain extent which has application value in annual runoff prediction.
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Table 1. Input and output parameters of the model

F 1. REPEMA WMHESH

F Ay % 7K 2 (mm) FEHRIRCC) SRS FHATRE (%) ZEHUR (mm) P R (m/s) AP (mm)
2009 575.96 20.91 66.94 61.08 20.68 150.89
2010 465.18 20.42 70.51 58.83 21.06 113.07
2011 430.24 25.93 68.43 59.46 20.13 73.73
2012 585.19 23.40 68.06 57.30 21.26 138.05
2013 661.87 22.74 73.45 54.81 22.48 265.32
2014 634.81 31.00 67.68 58.76 21.51 188.96
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Table 2. Comparison of ELM model and BP neural network model prediction results
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2009 150.89 148.38 1.66 143.91 4.63
2010 113.07 119.67 5.84 108.32 420
2011 73.73 66.54 9.75 72.07 226
2012 138.05 148.03 723 157.23 13.89
2013 265.32 288.56 8.76 313.57 18.19
2014 188.96 199.70 5.68 222.30 17.64
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Figure 1. Results comparison chart
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