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Network Traffic Data Forecast of Railway Passenger Ticket Service
System Based on Gated Recurrent Unit
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Abstract; The traffic data of railway passenger ticket service is important record to reflect the operation status of the system. In order to
strengthen the early warning of abnormal traffic data,according to the characteristics of historical regularity and mutation of traffic data,
the gated recurrent unit neural network model ( GRU) which is suitable for analyzing data with high dependence on time series is selected
to realize time series fitting and trend prediction. The results of GRU fitting the flow data with different time steps have the local
minimum feature in the whole point or half point cycle time, which is consistent with the time series dependence rule formed by the
railway ticketing time rule. Under the same data conditions, GRU algorithm and auto regression model and other mainstream prediction
algorithms are used to compare the fitting accuracy. The results show that GRU has high accuracy in analyzing the traffic data dependence
of railway passenger ticket service. After the trend prediction and fitting analysis of abnormal traffic data, the difference between the
predicted results and the real data is obvious in the data abnormal interval, which verifies that GRU algorithm can provide feasible
strategies for the early warning of abnormal traffic data of railway passenger ticket service.
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