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Fig. 1 Second-level data filtering results
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Tab. 1  Error analysis results of a single network model
N N - . . - e AL(E I
HELE s ) /min I ] S E N PIE I HEERIBO(ER//S3) 4 S T B/ N AR
R a7
R 0.970 9 0.960 7 0.973 8 0.950 5
2 MAE/m 0.014 1 0.0170 0.0123 0.017 5
RMSE/m 0.017 1 0.0198 0.0162 0.020 8
R 0.974 4 0.967 1 0.954 8 0.9755
BP 120 3 MAE/m 0.0126 0.015 1 0.019 1 0.0113
RMSE/m 0.016 0 0.018 1 0.0213 0.014 7
R 0.9250 0.767 5 0.975 4 0.779 0
4 MAE/m 0.022 4 0.0379 0.0128 0.0379
RMSE/m 0.027 4 0.048 2 0.0157 0.044 0
R 0.602 7 0.9379 0.988 2 0.954 7
2 MAE/m 0.024 9 0.009 2 0.003 6 0.007 5
RMSE/m 0.026 7 0.0106 0.004 6 0.009 0
R 0.808 5 0.549 7 0.738 3 0.578 7
15 3 MAE/m 0.016 2 0.027 5 0.0213 0.026 7
RMSE/m 0.0186 0.028 5 0.0217 0.027 5
R 0.9259 0.962 1 0.789 9 0.7459
LSTM 4 MAE/m 0.009 5 0.007 1 0.017 1 0.020 6
RMSE/m 0.0115 0.008 3 0.019 4 0.021 4
R 0.228 5 0.2822 0.4348 0.1809
2 MAE/m 0.040 6 0.0333 0.030 5 0.0422
RMSE/m 0.041 4 0.0335 0.0312 0.042 6
30
R 0.961 4 0.878 8 0.779 7 0.770 7
3 MAE/m 0.007 2 0.0129 0.0175 0.021 4
RMSE/m 0.009 3 0.0138 0.019°5 0.022 6
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Tab. 1 (Continued)
N N - i B - B o
HiAY F 7] /min LTINS i3 Ei=ta S IER)-3/)3 HEEIES]IER ) IRV Bl N
SRR P
R 0.267 4 0.905 7 0.850 8 0.507 4
30 4 MAE 0.0379 0.008 7 0.0109 0.0313
RMSE 0.0403 0.0122 0.016 0 0.033 1
R 0.957 1 0.961 6 0.968 0 0.954 1
2 MAE/m 0.0156 0.014 7 0.0133 0.0157
RMSE/m 0.020 6 0.0197 0.0179 0.020 7
R 0.985 1 0.9793 0.9855 0.964 0
60 3 MAE/m 0.010 4 0.0118 0.0103 0.0154
RMSE/m 0.012 1 0.014 5 0.0120 0.018 4
R 0.976 6 0.9512 0.9743 0.959 6
LSTM 4 MAE/m 0.012 4 0.0175 0.0119 0.0155
RMSE/m 0.0152 0.0222 0.016 0 0.0195
R 0.968 9 0.966 0 0.963 6 0.956 6
2 MAE/m 0.0137 0.0152 0.0152 0.0157
RMSE/m 0.017 6 0.0185 0.019 1 0.0195
R 09182 0.965 1 0.9856 0.974 7
120 3 MAE/m 0.023 7 0.0159 0.009 5 0.011 6
RMSE/m 0.028 6 0.0187 0.0120 0.0149
R 0.864 6 0.976 5 0.948 9 0.894 4
4 MAE/m 0.033 1 0.0112 0.018 4 0.027 4
RMSE/m 0.036 8 0.0153 0.022 6 0.030 4
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Schematic diagram of the prediction results of the LSTM neural network
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for the Middle Route of South-to-North Water Transfers Project
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Abstract: The Middle Route of South-to-North Water Transfers Project has made a significant contribution to
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mitigating the water scarcity challenges prevalent in the central and northern regions of China, and in the process of
the project scheduling and operation, it usually operates in accordance with the normal water level before the gate.
Under the influence of gate regulation, the water level before and after the gate is in a non-stationary process most of
the time, so exploring its regular changes has certain limitations and requirements on the monitoring data and
research methods. To enhance the precision of water level forecasting within the ambit of the South-to-North Water
Transfers Project, the monitoring data and research methodology are improved respectively, with a view to
obtaining better prediction results.

For a large amount of high-frequency monitoring data, mean filter, sliding mean filter, recursive median mean
filter, and sliding wavelet transform are selected for data preprocessing to improve the data quality and enhance the
feasibility of data prediction. The data prediction framework leverages two primary neural network models, namely
the BP neural network model and LSTM neural network model, and the hydrodynamic model simulation data as the
auxiliary support, and selects the pre-gate, and post-gate water level, openness, and flow rate data of the upstream
gate itself as the model input factor for prediction. The predictive output factor pertains to the upstream water level
of the gate within the subsequent 2 h. The assessment of predictive performance is predicated upon key indicators,
namely the coefficient of determination, root-mean-square error, and average absolute error. Indicators compare the
single neural network prediction results and network-hydrodynamic combination prediction results and analyze the
accuracy and stability of the prediction results.

The accuracy of data prediction can be improved after data filtering preprocessing of high-frequency data, and
the selection of appropriate water-level data filtering methods can significantly improve the prediction effect. After
filtering the data can more clearly show the water level before and after the gate, flow change rule, and the minimum
frequency of training data can be selected for 15 minutes of data for filtering and data processing. Constructing BP
and LSTM neural networks based on the monitoring data, a comparative analysis is conducted encompassing the
number of gate inputs, temporal scales, and data filtering methodologies. The investigation reveals the following
insights: The prediction results under the hourly data can already reach the optimal state; The number of gates can
be 2 or 3 gates to reach the optimal state, which is related to the frequency of the data; Comparing the prediction
results after a variety of filtered data, the recursive median-mean filtering algorithm is the best, and the mean
filtering is the worst. The sliding wavelet transform has the worst effect, so it is suggested that the filtering methods
are mean filtering and recursive median-mean filtering. The combined hydrodynamic-neural network prediction
results are better than the single network prediction results.

The computational outcomes prove that high-frequency data preprocessing is a necessary part of data analysis,
and the suggested filtering methods mean filter and recursive median-mean filter can be applied in the water
condition data processing of the water transfer project. These two filtering methods yield commendable outcomes in
data processing. The neural network model necessitates tailoring to the specific parameters corresponding to distinct
objects and varying temporal cycles, and after adjusting the parameters, it can better reflect the data change process
in a period of time, and the prediction effect is better. Different neural network models have different prediction
characteristics, but the prediction accuracy is higher under the condition of sufficient high correlation data.
Moreover, the data mechanism dual-drive model can play the advantages of the hydrodynamic model and neural

network model at the same time, and the prediction accuracy is higher.

Key words: Middle Route of South-to-North Water Transfers Project; data filtering; neural network; water level

prediction
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