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Table 1 The first 20 factors by the three methods
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Table 2 The number of hidden layer neurons for the different input layer neurons
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Characteristics of Tide and Tidal Current in Sea Area near Huangjiao Work Zone
HU Siyou', LI Chunhui?, PAN Xishan®?, WANG Yang*

(1. Downstream Y angtze River Survey Bureau of Hydrology and Water Resources, Nanjing 210011, China; 2. Key Laboratory of Coastal
Disaster and Defence, Ministry of Education, Hohai University, Nanjing 210098, China; 3. Nanjing Hydraulic Research Institute, Nanjing
210098, China; 4. Guangdong Research Institute of Water Resources and Hydropower, Guangzhou 510610, China)

Abstract: With the tidal data from the stations of Langjishan, Diaobang and Xiadachendao, and 7 strips vertical observed data of spring tide
and moderate tide, the characteristics of the tide and tidal current near Huangjiao work zone were analyzed. The results show that the tide is
regular semidiurnal while the tidal current is nonregular semidiurnal. The tidal current at 1-5# vertical tidal observation stations are rectilinear
while 6# and 7# are rotated. The tidal waves in the sea area near the Taizhou Bay are standing waves.

Key words: Huangjiao; tide; tidal current; characteristic
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Medium and Long—term Runoff Forecasting Based on Mutual Information and BP Neural Network
LU Di, ZHOU Huicheng

(School of Hydraulic Engineering, Dalian University of Technology, Dalian 116024, China)

Abstract: As for the medium and long—term runoff forecasting factors selection, this paper introduced mutual information (MI) to se-
lect the subset of factors from numerous meteorological factors into back—propagation neural network (BPN) model. In the model, mean
square error (MSE) and MI were presented as objective functions respectively to measure factors compound correlation for the purpose
of selecting optimal forecasting factors. The study was applied to forecast flood season runoff of the Biliuhe reservoir. The results
show that using MI to select the subset and combining MI with BPN model can identify the correlation between runoff and its affect-
ing factors effectively. The methods of factors selection may provide a good reference for medium and long—term runoff forecasting.

Key words: mutual information; neural network; medium and long—term runoff forecasting



