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Abstract .

Using the storm sewer data of a residential district in Zhenjiang, the input and output of

BP neural network were set based on the hydrodynamic mechanism model, and the program design and

neural network training and verification were conducted under Google’ s TensorFlow platform to predict

the next moment capacity of the storm sewer. The results indicated that the BP neural network could com-

plete the learning and training satisfactorily under certain boundary conditions. The forecast error was

small, which could meet the requirement of practical application.
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Fig.2  BP neural network structure
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Fig.3  Curves of rainfall and outlet capacity
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