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Abstract

The forebay water level is an important basis for the scheduling and operation of hydropower plants. How-
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ever, due to the influence of unsteady flow generated by peak shaving, the forebay water level calculated by
the traditional interpolation method has a large error with the actual value, which is not conducive to the
precise control of the water level and actual scheduling of hydropower plants. The maximum mutual infor-
mation coefficient was used to explore the relevant factors of the forebay water level, and a deep neural
network was designed to accurately calculate the forebay water level affected by peak shaving unsteady flow.
To verify the effectiveness of the designed model, it was compared with traditional methods in three evalua-
tion metrics. The results show that the proposed CNN-LSTM model outperforms traditional methods during
flood and dry seasons, and the forebay water level obtained by CNN-LSTM is closer to the actual water level
than the traditional method. The model proposed in this paper can effectively avoid the control risk caused
by inaccurate calculation of the forebay water level and reduce the operation risk of the hydropower plant.
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Figure 1. The forebay water level of the giant hydropower plant on the main stream of the Yangtze River
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Figure 2. The framework of CNN-LSTM
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Table 1. The MIC values between candidate features and the intraday variation of the forebay water level
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HERE 0257 0.208 0.146 0.105 0.120 0.241 0.117 0.223 0.213
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Figure 3. The process of power output and forebay water level on the dry and flood season of the test set
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