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Research on Time Step of Traffic Flow Prediction Based on
Autocorrelation Analysis
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(College of Civil and Transportation Engineering, Hohai University , Nanjing 210024 , China)

Abstract: In the current research of traffic flow prediction, the time step mainly depends on the artificial selec-
tion which is easy to be disturbed, and there is a lack of methods to select the time step from the theoretical as-
pect. In order to adaptively select the time step, three typical algorithms of least squares support vector machine
(LSSVM), random forest(RF) and long short—term memory(LSTM) in machine learning are used to predict traf-
fic flow with multiple time step based on the autocorrelation analysis of historical time series for traffic flow and
explore the feasibility of selecting the best time step by the value of autocorrelation coefficient. The experimental
results show that when the autocorrelation coefficient of the time step is 0.83~0.91, LSSVM can obtain better
prediction accuracy while the autocorrelation coefficient is 0.47~0.51, LSTM can have better prediction accuracy.
However, due to the low autocorrelation degree of the time step corresponding to the lowest error of traffic flow
prediction, the autocorrelation analysis method may not be applicable to RF.
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Fig.1 Flow chart of traffic flow prediction
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Tab.1 Optimal time step and autocorrelation coefficient
of each model

Model Number  Input step RMSE ACF
1 6 51.57 0.80
2 5 44.03 0.85
3 4 47.10 0.88

LSSVM
4 5 40.29 0.85
5 5 33.50 0.83
6 3 35.56 091
1 - - _
2 - - _
3 25 41.44 0.18
RF

4 13 38.00 0.46
5 12 30.61 0.42
6 - - -
1 12 53.72 0.47
2 13 43.24 0.51
3 11 46.95 0.50

LSTM
4 12 42.50 0.51
5 11 32.47 0.47
6 11 31.96 0.47
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