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Conclusions

Comparison of three forecast methods can be the understand clearly in the following Table 1:

Table 1 Comparison of three forecast methods.

Moving Average Model

Forecast

Model BP-NNM Simple Moving  Weighted Moving Double Moving ARIMA
Average Model  Average Model Average Model
Forecast error 8.0701% 7.8346% 7.9075% 7.8185% 11.2173%
Calculating time Relatively Short Short Short Long
short
Single Forecast 17 17 17 17 5

Data Size

From the table we can draw the conclusion: in the use of BP neural network, moving average
method, ARIMA prediction model of three kinds of methods, the error rate, the best is the two moving
average, the worst is the ARIMA model, the computation time from the model (the model complexity),
the most convenient is the moving average method, ARIMA model is the most complex, from single
prediction data, BP neural network and moving average method can be predicted on a daily basis, but
the ARIMA model of each intelligent prediction of 5 monitoring time data, more than 10 will seriously
affect the accuracy of prediction.

From the data perspective, each passenger flow characteristics of subway stations on weekdays anc
weekends are relatively fixed, unless there are holidays, days off and other external factors will not
change in a short period of time. Under the guidance of such characteristics, it is obvious that the
working days and weekends should be separated from each other, and the moving average method car
take this factor into account.

As a mature neural network prediction model of BP neural network is also doing well, good
debugging if the parameters are most likely in the accuracy and great progress in space, also consider
using other model to optimize the traditional BP model, seeking a better prediction effect.

While the performance of the ARIMA model in the forecast of passenger flow in no obvious BP
neural network and moving average method, it is the prediction step very limited. The superiority of
dynamic data input is not well reflected.
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