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[ Abstract |

method was proposed. Firstly, the ensemble empirical mode decomposition (EEMD) method was used to decompose the traffic time se-

In order to forecast air traffic flow in short term, a combined forecasting model based on decomposition and integration

ries data into several components. Secondly, the permutation entropy was used to calculate the complexity of each component. The
high-frequency component was classified as high-frequency component and the rest was classified as low-frequency component. Then,
BP(back propagation) neural network algorithm was used to predict the high-frequency component, and the least square method was
used to predict the low-frequency component, and the prediction results of the components were added. Finally, the final prediction
value was obtained, and the actual operation data were collected for example analysis. By comparing the prediction results of 0 ~6 h
and 6 ~ 12 h, the equal coefficient (EC) value of the model in 0 ~6 h is 0. 905, and the accuracy is higher. Compared with EMD-BP-
OLS model and BP model, the evaluation index of this model is better than other models. By comparing the prediction results of
60 min, 30 min and 15 min time scale data, the EC value of 60 min time scale is 0. 924 | with the highest accuracy. The results show
that the proposed model is feasible and effective, and more suitable for short-term flow forecasting.
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Fig. 1  The structure of BP neural network
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Fig. 2 Original traffic flow time series
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Fig. 3 The component value after EEMD decomposition
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Fig. 5 Predicted values of each model
F4 BEBEHTNIERE
Table 4 Evaluation index values of each model
Y RMSE MAE EC
BP 3.2432 2.5873 0.853 2
EEMD-BP-OLS 1.391 9 1.080 9 0.864 7
EMD-BP-OLS 3.2479 2.4913 0.807 3

¥ s M HE . www. stae. com. cn



2021,21(35)

T KA ST AR BTV ) 25 v A I B A T 15275

2.5 AERBERERMNLE R

SR T L i AR 5 AN () s ] R S A S ) A
HIBYSEE R BT 15 min F160 min B[] EE AOBCHE
PEATEE, anlE 6 Fra

RT3 AT S R R XS RS ) R
B TAFERE T BN AR, Ik 5 Fis .,

—x— EPrE
10L @ EEMD-BP-OLS

08 40 412 414 4l 48 40
iNE
(a) 15 minJLJE

—x— PR E
@ EEMD-BP-OLS

WR/AK

8 . M Yl L L

408 410 412 414 416 418 420
i [8)/h

(b) 60 min R E

FL6  AN[R] S T] REE T 25 5%t He

Fig. 6 Predicted values comparison of different time scale
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