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Abstract

Medium and long-term subway passenger flow prediction in a single model is difficult to simulta-
neously satisfy the stability of data, periodicity and other characteristics leading to its poor pre-
diction results. In response to the issue of low accuracy in medium and long-term subway passen-
ger flow prediction, a grey Markov model with integrated equi-dimensional information is pro-
posed for prediction. Firstly, the original data sequence is preprocessed; then, followed by the es-
tablishment of a grey GM(1,1) model which is improved using the equi-dimensional information
concept; next, the Markov chain is incorporated into the grey model with integrated equidimen-
sional information to correct the residual. The proposed method is experimented using daily pas-
senger flow data from Shanghai subway between 2013 and 2019. The results show that the im-
plementability and advantages of the grey Markov model incorporate equi-dimensional new in-
formation in the application of metro passenger flow prediction in the medium and long term.
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Figure 1. Forecasting flowchart
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Table 1. Accuracy test grade reference table
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Table 2. Average daily passenger traffic of Shanghai Metro from 2013 to 2019
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Table 3. Comparison of the predicted values of the gray GM(1,1) model and the equal-dimensional neo-interest gray
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M B Kt GM (1,1) TRIME 774.00 853.92 908.90 967.42 1029.70 1095.99
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Table 4. Comparison of the prediction accuracy of the 2 models
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Table 6. Markov correction results
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2015 840.55 839.77 0.09
2016 930.68 913.47 1.85
2017 969.32 967.42 0.20
2018 1015.51 1024.58 —-0.89
2019 1062.73 1095.99 0.51
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Figure 2. Gray Markov model prediction results for equidimensional new information
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