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Prediction of urban subway passenger volume based on ARIMA-BP

combined model
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[ Abstract] At present, with the rapid development of social economy, the contradiction between supply and demand of daily

public transport trips of urban residents has become increasingly prominent, which is a severe problem faced by the development

planning of public transport in China’s big cities. The prediction of passenger volume demand of urban public transport has become

an important research topic in its development planning. Therefore, it is of great significance to accurately forecast the passenger

volume of urban public transportation. Based on the combined model of ARIMA and BP, this paper takes Nanjing metro passenger

volume as an example to predict the change of urban public transport passenger volume. The results show that the ARIMA -BP

combined model used in this paper has better prediction accuracy than the two single models effectively.
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Fig. 2 ARIMA model prediction results
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Fig. 3 BP neural network
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Fig. 4 BP neural network prediction results
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Fig. 5 Combined model
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Fig. 6 Combined model prediction results
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Fig. 7 Comparison of prediction results
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Tab. 2 Annual average error rate of forecast results
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2015 71 700 78 253 62 354 65 057
2016 83 069 92 814 86 934 87 934
2017 97 711 113 005 91 785 95 392
2018 111 250 133 105 101 095 106 537
AEIR2E 0.14 0.08 0.05
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