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Abstract

Based on the grey prediction, and Markov model, the Grey-Markov prediction model is proposed
in the paper. Then PSO is used to optimize the parameters and improve the prediction accuracy.
Combining grey model and Markov model, the trend of time series data is obtained by grey model.
Markov model makes the data show volatility, to obtain the time series trend prediction. By veri-
fying the data on the foreign exchange expenditure business volume, the results show that the
combined prediction model of PSO can not only get the general trend of time series, but also make
the data show the volatility with time, and improve the prediction accuracy. The accuracy of the
optimized combined forecasting model is higher than that of the single forecasting model.
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Figure 1. PSO algorithm flow chart
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Figure 2. Comparison between GM(1,1) and GM(1,1)—Markov model
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Figure 3. Grey-Markov prediction and PSO Grey-Markov prediction model
E 3. R EDRBMRFUNRBAR FER U R E D REFUNEER

DOI: 10.12677/csa.2019.911236 2113

RGXIRE =SS


https://doi.org/10.12677/csa.2019.911236

BIKIE 45

Table 5. Comparison of prediction model error
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