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Short-term traffic flow forecast based on FEEMD-SAPSO-BiLSTM
combined model

Yin Lisheng Wei Shuaikang Sun Shuangchen He Yigang

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

Abstract ; In order to improve the prediction accuracy and speed of short-term traffic flow, based on the instability and randomness of the
traffic flow sequence, fast ensemble empirical mode decomposition (FEEMD) and natural selection adaptive mutation particle swarm
optimization algorithm (SAPSO) are proposed to optimize the two-way Predictive model combined with long and short-term memory
network (BiLSTM). Firstly, using FEEMD to decompose the original unsteady traffic flow sequence into multiple stable intrinsic modal
components (IMF) and residual components (Res) , and filter out the noise part to improve modeling accuracy; secondly, introducing
composite Multi-scale permutation entropy (CMPE) to detect the randomness of traffic flow sub-sequences and regroups them to simplify
model construction and improve prediction accuracy; then, using BiLSTM to predict the reorganized subsequences, and use SAPSO to
optimize the weights and thresholds of BiLSTM to further improve the prediction accuracy and prediction speed of the combined model;
finally, the prediction values of each sub-sequence are superimposed to obtain the final prediction value. The experimental results show
that the root mean square error of the FEEMD-SAPSO-BILSTM combined model is 22.9% and 54.3% lower than the FEEMD-PSO-
BiLSTM combined model and the SAPSO-BiLL.STM combined model, respectively. In terms of convergence speed, the FEEMD-SAPSO-
BiLSTM model is obviously faster than FEEMD-PSO-BiLSTM model. Therefore, in predicting short-term traffic flow, the proposed
combined model improves the prediction accuracy and speed and achieves the desired prediction effect.
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Table 2 Forecast errors of each model

TR MAE RMSE
FEEMD-SAPSO-BiLSTM 2.6857 2.767 1
FEEMD-PSO-BiLSTM 3.300 0 4.196 9
SAPSO-BiLSTM 4.142 8 5.974 9
BiLSTM 6.628 5 7.863 1
SVM 7.336 1 8.373 4
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