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Traffic flow combination prediction model based on adaptive
VMD-attention-BiLSTM

Yin Lisheng Sun Shuangchen Wei Shuaikang Tian Shuaishuai He Yigang

(School of Electrical Engineering and Automation, Hefei University of Technology , Hefei 230009, China )

Abstract:In view of the non-stationary and random characteristics of the short-term traffic flow sequence, in order to improve the short-
term traffic flow prediction accuracy and model training speed, this paper proposes a combined prediction model based on adaptive
variational modal decomposition (VMD) and bi-directional long-term memory network ( BiILSTM) combined with attention mechanism.
Firstly, the spatial and temporal traffic flow sequence is decomposed by the adaptive VMD method to a series of modal components with
limited bandwidth, which can refine the traffic flow information, reduce non-stationarity, and improve the accuracy of modeling.
Secondly, the spatio-temporal correlation in the short-time traffic flow sequence after decomposition is mined by BiLSTM combined with
attention mechanism to reveal its spatio-temporal variation rules, which further improves the modeling accuracy. In addition, in order to
accelerate the training convergence speed of the prediction network, the network weight optimization is carried out by the improved Adam
algorithm. Finally, the predicted value of each modal component is superimposed as the predicted value of the final traffic flow prediction
value. The experimental results show that the prediction performance of the model using modal decomposition is obviously better than that
of the model without modal decomposition, and the RMSE of the self-adaptive VMD-Attention-BiLSTM prediction model is reduced by
47.1% compared with that of the EEMD-attention-BiLSTM prediction model. The combined prediction model improves the prediction
accuracy and can quickly predict the traffic flow time series.
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e LAy 5 FIHUAL 4250y LSTM H080 BILSTM #0% Ll VAR MAPE/%  RMSE
0 " LST™ 8.69 8.96 11.15

Attention-BiLSTM 4% #! EEMD-Attention-BiLSTM % &Y FI o
CTON Hoh OB TR b 2 B T BiLSTM 7.84 8.08 10.33
ARSI RE, R, AR EH R A, I Attention-BiLSTM 4.27 4.61 5.44
W55 5 P BN 8 19 BT EEMD-Attention-BiLSTM 3.34 3.79 4.25
VMD-Attention-BiLSTM 2.21 2.33 2.89
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Fig. 8 Comparison of prediction results and actual values of each prediction model
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Fig.9 Comparison of prediction relative errors of various prediction models
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Table 3 Comparison of prediction model errors in different data sets

w . BILSTM Attention-BILSTM VMD-Attention-BILSTM

BEn MAE RMSE RMSE MAE RMSE
PEMSD4 8.36 13. 47 6. 10 3.46 4.83
PEMSD8 6.25 12.58 6. 14 3.67 4.76
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