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Abstract

In order to predict expressway short-term traffic flow efficiently and accurately, this paper estab-
lishes the combination model of EMD-KNN-BP to forecast expressway short-term traffic flow, and
makes an empirical analysis with the data of a expressway toll station in Shandong Province. The
results show that: 1) The combined model based on EMD decomposition can improve the accuracy
of short-term traffic flow prediction. Compared with MSE and RMSE of single model, EMD-BP and
EMD-KNN decrease by 24.4%, 13.4%, 9.6% and 4.9%, respectively. 2) The EMD-KNN-BP model es-
tablished according to the different characteristics of IMF components effectively reduced the
prediction error and achieved the optimal prediction effect. The errors of MSE and RMSE were
reduced by 61.8% and 38.2%, respectively.
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Figure 1. Architecture diagram of BP neural network
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Figure 2. Combined model structure diagram
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Figure 3. Trend chart of expressway inlet flow change
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Figure 4. EMD breakdown of expressway flow
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Figure 5. BP neural network, EMD-BP algorithm prediction graph
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Figure 6. KNN algorithm, EMD-KNN prediction graph
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Figure 7. EMD-KNN-BP algorithm prediction graph
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Table 1. Prediction model evaluation index
= 1. FUMRELTEN 1B R

e BP KNN EMD-BP EMD-KNN EMD-KNN-BP
MSE 6.1641 3.0341 4.6578 2.7421 2.3552
RMSE 2.4828 1.7419 2.1582 1.6559 1.5346

MEFELIE H, BP MMM RZ &K, FIH EMD 2T 30 b #1J5 1) EMD-BP #
EMD-KNN ZH & 15 R AR A T B — R X TIOAR B2 35 A B2 i, X Ui B EMD 43 fiff il DU Rb 3 s 808 1 i
P v B — R () TORG 5 AR 2 B AEAS [ 1T 208 20 4 () EMD-KNN-BP #5284 (1) 7t % 2% MSE. RMSE
AR, HA RAF R TR .

4, B

B toF 1 TR A B R N O R T 0 8, ARSCHRH T 51 EMD Al SR AT AR, R A A A A A
ARG, SCHRIE ] T BP A M2 AN K I AR VAT R R, JE45A EMD AR - B G
f43 T EMD-KNN-BP ZH & RUEAT TN o A ST DA i 2 B 0SB sl N 1 500 o 42 7 P 4 A B 28 A T SIIE
I3, AL A A A EMD-KNN-BP [ Tl i 72 i 351K T~ BP #2210 45 AT KNN 503 P Pl A e Y
T TR 2 AT AT AT AR 23 EMD A B R B S A 1R, REE R MY () T
MAEFE , EMD-BP. EMD-KNN #H# T 5. — #5284 () MSE. RMSE 437 P& 1K T 24.4%- 13.4%F1 9.6%- 4.9%:;
A8 EMD-KNN-BP 1] DU 2 &5 6 B — B8 )AL i, ISR AL T EMD-KNN #1 EMD-BP 2H 4 15
B, AR T EE AR AR R TS, MSE. RMSE FRZEDHIFEICT 61.8% 38.2%.
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