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Fig. 1 Schematic diagram of the Jiangsu section of the Eastern Route of
South-to-North Water Transfers Project
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Fig. 5 Scatter plots of measured and predicted values for two neural networks of different forecast periods (The data input interval is 1 h)
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Tab.4 Mean square errors , mean absolute errors and root mean square errors for two models of different forecast periods (The data input interval is 2 h)

GRA-NARX GRA-BP
9L /h
Eys Eya/m Egys/m Eys Eyx/m Exys/m
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Fig. 6 Scatter plots of measured and predicted values for two neural Networks of different forecast periods (The data input interval is 2 h)
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Water level prediction for pumping stations with different forecast periods
based on improved GRA-NARX model

LIU Xiaowei'?, HA Minghu', LEI Xiaohui"’, ZHANG Zhao’, WANG Chao’
(1. School of Water Conservancy and Hydroelectric Power, Hebei University of Engineering, Handan 056038, China; 2. Hebei Key Laboratory of
Intelligent Water Conservancy, Handan 056038, China; 3. China Institute of Water Resources and Hydropower Research, Beijing 100038, China;
4. School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, China )

Abstract: Large-scale water transfer projects make a considerable contribution to reducing a country's uneven
distribution of water resources. The water level between two neighboring pumping stations should be kept as
consistent as feasible in an open-channel water transfer project that includes a wide range of hydraulic structures for
various purposes to prevent potential channel overflow or drying-up of the pumping station forebay. A sharp change
in water level may impair water supply and generate significant hydraulic oscillation. As a result, precise prediction
of water levels in front of pumping stations is critical to the normal operation of these pumping stations.

The GRA-NARX (grey relationship analysis-nonlinear autoregressive model with exogenous inputs) model is a
recurrent dynamic network composed of input delay and feedback memory nodes, with advantageous properties
such as more rapid calculation, high generalization performance and high accuracy. The GRA-NARX model based
on hyper-parameter automatic calibration is an effective improvement of the GRA-NARX model, which
significantly improves the accuracy of water level prediction in front of the Tundian pumping station of the Miyun
project in the 2 h short forecast period. However, this model did not consider the water level prediction for different
short forecast periods (4 h, 6 h) and long forecast period (12 h). Taking the Hongze pumping station of the Eastern
Route of South-to-North Water Transfers Project as an example, the model is used to predict the water level in front
of the pumping station for three short forecast periods (2 h, 4 h, 6 h) and one long forecast period (12 h) based on
input data at 1 hour and 2 hours intervals, and the prediction results are compared with the GRA-BP (grey
relationship analysis backpropagation) model.

The results show that the prediction accuracy of the GRA-NARX model with automatic calibration of hyper-
parameters is better than that of the GRA-BP model under different forecast periods. The coefficient of
association (R), root mean square error (Eyys), and mean absolute error (E,,,) of the GRA-NARX model with
automatic calibration of hyper-parameters are not significantly different under different forecast periods. When the
time interval for inputting data is 1 hour, with a long forecast period of 12 hours, the optimal R is 0.990 03, Eyys is
0.018 m, and E,;, is 0.013 m. When the time interval for inputting data is 2 hours, with a forecast period of 12 hours,
the optimal R is 0.969 85, E rys 18 0.033 m, and E};, is 0.02 m.

Since the hyper-parameters of the GRA-NARX neural network are automatically calibrated and the optimal
combination of time delay and the number of hidden layer neurons is selected, the GRA-NARX neural network
based on the automatic calibration of hyper-parameters under different forecast periods has a good prediction effect
on the water level prediction in front of the pumping station, which can meet the water level prediction demand of
the pumping station in different forecast periods. Under the same forecast period, when the time interval of inputting
data is 1 hour, the prediction results of the GRA-NARX model with hyper-parameter automatic calibration are better
than those of the model with inputting data time interval of 2 hours, and the prediction accuracy is high. The
findings of the study can be used as the groundwork for estimating the water level in front of pumping stations

across different forecast periods.

Key words: hyper-parameter automatic calibration; GRA-NARX neural network; GRA-BP neural network; water

level prediction; different forecast period
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