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Research on water level and flow prediction of Beiguan sluice of
Beijing North Canal based on hydrological mapping and machine
learning
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Abstract:This paper studies the prediction method of river water level and flow based on UAV measurement, and focuses on
the application of machine learning models, especially ARMA, ARIMA, SARIMA and VAR models in water level and flow
prediction. Through the collaborative work of high-precision sensors, the water level and flow rate of the river are obtained,
and the data processing and prediction are carried out in combination with the machine learning model. In this study, UAV
technology was used to collect actual water level and flow data, and ARMA, ARIMA, SARIMA and VAR models were used
for prediction modeling. RMSE, R?, MAE and other error evaluation indicators were used to quantitatively analyze the
performance of the model. The results show that the SARIMA model performs best in capturing the change trend of water
level and flow, and its error is controlled within a reasonable range, which is suitable for the prediction task of this data set.
The ARMA model performs well when dealing with stationary data, while the ARIMA and VAR models perform poorly
when the data fluctuates greatly or there are complex dependencies. This study provides an effective technical means for the
prediction of river water level and flow, and provides a reference for water resources management.
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Fig. 1 Schematic diagram of river water level-flow integrated monitoring based on UAV multi-sensor

collaboration
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Fig.2 Machine learning principle of water level and flow prediction method based on different time series models
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Fig.3 The prediction results of each model in different forecast periods
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Fig.4 The prediction effect of ARMA model is compared with the actual data.
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