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Abstract: With the deployment of China’s transportation power strategy, the high—speed railway network is con-
tinuing to expand. The demand for railway passenger travel is steadily increasing. Facing the huge high—speed
railway passenger transport market, how to use intelligent and efficient deep learning technology to build a com-
bined prediction model is a challenge. This paper integrates a variety of factors affecting ticket purchases and is
committed to explore the changes in passenger ticket purchase demand on each day of the pre—sale period in re-
al time. This shows that it's becoming an urgent problem to provide an efficient and reliable prediction model for
passenger ticket pre—sale period for the railway department. This paper takes the historical ticket purchase data
of high-speed railway passengers between OD (origin—destination) on the Shanghai—Kunming high—speed railway
line as an example. The combined prediction model considers the number of tickets purchased on each day of
the pre—sale period of the historical continuous departure date, the date of the departure date, statutory holiday,
and seasonal characteristics. The research shows that the combined prediction model based on deep learning

CNN-LSTM has better predictive power than the parameter model and machine learning model, which provides a
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theoretical reference for the dynamic adjustment of fares in the railway passenger transport market.
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Fig.1 Schematic diagram of the structure of the long and short term memory neural network
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Tab.1 High-speed railway departure date attribute

Serial Departure date attributes Tag value
number tag names range
1 Month 1,2,--+,12
2 Day of the month 1,2,-,31
3 Week of the year 0,1,-,52
4 Day of the week 1,2,--,7
5 Weekend 0,1
6 Holiday 0,1
7 Working day 0,1
8 Season 1,2,3,4
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Fig.2 Total sample of high—speed railway tickets
purchased during the pre—sale period of example 1
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purchased during the pre—sale period of example 2
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Tab.2 Comparison of error accuracy effects of pre—sale
ticket quantity prediction models for high—speed railway of
example 1

RMSE/sheet MAE/sheet MAPE/%

Prediction model

ARIMA 37.9 11.8 8.7

BP 339 20.9 3.1

CNN 224 9.5 1.4

LSTM 28.3 12.6 7.0
CNN-LSTM combination 24.0 11.9 1.1
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Tab.3 Comparison of error accuracy effects of pre—sale
ticket quantity prediction models for high—speed railway of
example 2

RMSE/sheet MAE/sheet MAPE/%

Prediction model

ARIMA 48.5 13.0 19.2
BP 18.9 13.3 22.0
CNN 13.2 7.3 34
LST™M 14.3 7.1 23

CNN-LSTM combination 13.8 8.1 1.1
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