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Abstract; The simulation accuracy of SWMM model is greatly affected by its calibrated parameter
settings, while mathematical programming techniques such as linear and nonlinear programming are
difficult to arrive at the overall optimum. In order to improve the accuracy of parameter calibration, the
call functions of the SWMM calculation engine were coupled with the MATLAB software. The Latin
hypercube sampling method was used to sample calibrated parameters to form the parameter groups, and
then imported to the SWMM model. Finally, back propagation ( BP) neural network training was
conducted to complete the automatic calibration process of model parameters. The results of case study
showed that the BP neural network algorithm could effectively complete the automatic parameter
calibration process, and the mapping relationship between variables could be obtained after only 5
iterations. The Nash-Sutcliffe efficiency coefficient (NS) of the SWMM were all greater than 0. 85 under
four rainfalls with different intensity. Results indicated that this method could obtain the parameter

settings that closed to the observed, with good simulation accuracy and stability, and could be used in the
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parameter calibration process of actual engineering project.
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Fig. 1 Generalized map of study area
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Tab.2  Uncalibrated parameters and recommended values
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Fig.2 Framework for automatic parameter calibration of
SWMM using BP neural network
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Fig.3 Errors of BP neural network model
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Tab.3 SWMM parameter calibration results
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