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Abstract: An urgent problem in the context of real-time control of drainage system is to establish a
predicting model which balances operation time and prediction effect. To solve this problem, a deep long
short term memory (LSTM) neural network model for real-time control of urban drainage system was
constructed, which had strong nonlinear mapping ability and fast operation speed. The prediction
performance and operation efficiency of the model were verified in Fuxing area of Suzhou City. The
Nash-Sutcliffe efficiency coefficient of the prediction results of the water level in front of 18 pumping
stations was above 0.5, and good fitting results were obtained under different rainfall scenarios. Compared
with the mechanism model, the proposed model saved 99.7% of the operation time and significantly

improved the real-time performance of the drainage system prediction model.
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Fig.1 Connection between pumping stations in study area
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Fig.2 Structure of deep LSTM neural network model
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Fig.5 Forecasts of water level in Fuxing pump station by

the deep LSTM neural network model
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