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Short-term traffic flow prediction based on VMD-WOA-LSTM
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Abstract: In order to improve the accuracy of highway short—term traffic flow forecast, it provides scientific basis for real-time
traffic management. In this paper, a short—term traffic flow prediction method is proposed by using variational mode decomposition
to process the data and combining with the long short —term memory neural network model optimized by whale optimization
algorithm. Firstly, VMD is used to reduce the influence of the nonlinear and non-stationarity of the original traffic flow data on the
prediction results. Secondly, whale optimization algorithm is used to optimize the parameters of the LSTM model, then a prediction
model based on VMD-WOA-LSTM is constructed. Finally, the performance of the proposed method was evaluated by using the
traffic flow data collected by highway sensors in the Bay Area of California, USA. Compared with LSTM, EMD-LSTM, EEMD-
LSTM, VMD-LSTM and other models, the experiment shows that; VMD-WOA-LSTM model can better fit the changing trend of
traffic flow sequence, has higher prediction accuracy, and can effectively forecast short—term traffic flow.
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Table 1 Prediction parameters of each sequence component

Fe3l 1 FF51 2

Grit BROEUZ T REC IR ERES gy RREUZEA R UIZRREL ERE S

IMF1 91 174 0.001 9 IMF1 71 200 0.003 8

IMF2 188 141 0.003 7 IMF2 78 137 0.004 4

IMF3 134 91 0.002 8 IMF3 190 168 0.008 0

IMF4 116 192 0.001 4 IMF4 18 182 0.006 7

IMF5 46 98 0.004 9 IMF5 168 163 0.007 3

IMF6 161 132 0.003 9 IMF6 52 146 0.006 2

F2 HETMWER
Table 2 Model prediction results
J¥51 1
5 min 15 min 30 min
MAE RMSE MAPE/% R? MAE RMSE MAPE/% R? MAE RMSE MAPE/% R?
1.825 3.736  3.485 0.925 2.989 5.761 5.980 0.823 4.258 7.648 9.089 0.688
1.751 2.815 3.109 0.957 2.472  3.652 4.565 0.927 2.805 4.012 5.129  0.909
0.902 1.795 1.423 0.983 1.466  2.493  2.350  0.966 2.187  3.499 3.610 0.932
0.641 0.797 1.240 0.996 0.904 1.162 1.755 0.992 1.519  1.938 3.051 0.978
0.362 0.512 0.761  0.999 0.629 0.852 1.205 0.996 1.105 1.431 2.132  0.988
J¥ 51 2
5 min 15 min 30 min

MAE  RMSE MAPE/% R? MAE  RMSE MAPE/% R? MAE  RMSE MAPE/% R?
1.641 2.330 3.579 0.968 3.281  5.493  7.935 0.824 4.861 9.425 12.304 0.483
1.078 1.578 2.099 0.986 1.719  2.437  3.247  0.966 2.635 3.757 5.031 0.919
0.782 1.024 1.578 0.9% 1.337  1.823 2.622 0.981 2.006 2.884 4.093 0.952
0.655 0.787 1.290  0.996 0.798 1.029 1.679 0.99% 1.216 1.741 2.726  0.981
0.473  0.578 0.882  0.998 0.717 0.902 1.366  0.995 1.060 1.439 2.269 0.987

M2 2 AT, XF T 5 min 38 FAE 55, VMD -
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WA T 2 35. 76% ,MAPE F&{% T 2 38. 63% , fEffi %
BT TL0.3%, XFF 30 min 3 ML S, VMD-
WOA-LSTM %1 iy RMSE [t LSTM #5558 F& % T 24
81.29% ,MAPE [&1% T 2 76. 54% , fEM R4 T T4
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LSTM 5 %I ({1 24 58. 43%, MAPE [& 1% T £
58.43% , fERRIETH T 29 8. 7% ; 5 EEMD-LSTM #5
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Fig. 6 Visualization results of each sequence prediction
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