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Abstract

Most short-term traffic volume forecasting studies only focus on single-step forecasting, and the
forecasting time is insufficient. In order to make traffic management and control measures play a
better role, improve the accuracy of multi-step forecasting of short-term traffic volume, and
maximize the rationality of traffic management decision-making and travel decision-making, this
paper proposes a multi-step forecasting of short-term traffic volume based on Bi-LSTM model.
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Firstly, Bi-LSTM model is used for single step prediction, the predicted value is replaced with the
original value, and the five-step multi-step prediction is carried out by recursive iteration. Ac-
cording to the results of this study, Bi-LSTM model has certain advantages in multi-step prediction.
Compared with ARIMA model and BP neural network model, The average multi-step RMSE, MAE,
MAPE and RMSRE decreased by 11.1085 and 9.4134, 9.7884 and 7.2474, 26.52% and 14.91%,
25.01% and 14.95%, respectively. Finally, it is concluded that Bi-LSTM has a great advantage in
multi-step traffic volume prediction.
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Figure 1. Flow chart of Bi-LSTM algorithm
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Figure 2. LSTM model structure diagram
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Figure 3. Bi-LSTM model structure diagram
3. BI-LSTM #&EBI45#E

Y

A

DOI: 10.12677/0jtt.2024.133018 145 BB EEFW/ N


https://doi.org/10.12677/ojtt.2024.133018

e 5

HH 70 R iR
h? = LSTM(x,h) ®)
h® =LSTM(x,h?) ©)

Arb: b . h® FoR I ZIIE R LSTM M% B2k A, x Fom tifZIpsn, hY . h® &m -1
ZIRASIE 1] LSTM 128 [ B 2R 25 o

F T BAsUERAS WY R LA, AT R B 25 B AR B SBOIR A5 A 1y Bi-LSTM FEASE 1 1% 5
B, THPA LSTM M2 M4 AR, BARETRES LSTM BRI —8, - b8aE, SUaTil
SR PR RT3 B IR AT 45 5.
3. REIKADHH
3.1. $IEAA

RELIF A 30 B A R T F RS T BRI 1, R ST EIRR oy 5 mine 38 1 HdfE AR B 5 VR S
BEATSRAG T e, ARAEMLACBL)S, X ER et TR ), BRIy, —F IR, —
RIS, G DL KL 2/3~4/5 BIREARI TN Z%, P LAASCEL 8:2 B L) 0 U 2R K 4R A0
Mg . RIrrg Rk 4 s,

250

VeSS :Wiﬁ%
i i
sl Lk |
IR
) 5: i | "w( W w ¥ 4( %u:) ‘“m

IS 1] 2 51

Figure 4. Time series of short-term traffic volume at
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Figure 5. Multi-step prediction results of Bi-LSTM model
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Figure 7. Multi-step prediction results of BP neural network model
[ 7. BP MAFLERI B STNLE R
Table 2. Multi-step prediction index of Bi-LSTM model
% 2. Bi-LSTM R& % £ TN4E#R
T % RMSE MAE MAPE RMSRE
k=1 1.8537 1.6013 6.11% 16.95%
k=2 1.9169 1.6251 6.46% 18.03%
k=3 2.0202 1.6575 6.86% 19.39%
k=4 2.0985 1.6857 7.32% 21.05%
k=5 2.1067 1.6930 7.46% 21.13%
Table 3. Multi-step prediction index of ARIMA model
= 3. ARIMA 1E B Z B TUME R
T £ RMSE MAE MAPE RMSRE
k=1 11.1997 8.3418 17.32% 25.03%
k=2 12.1807 8.9165 18.29% 25.00%
k=3 13.7003 10.7656 33.88% 49.39%
k=4 13.9909 10.9440 46.98% 51.05%
k=5 14.4669 9.9739 50.33% 71.13%
Table 4. Multi-step prediction index of BP neural network model
7= 4. BP I WEARE % L TUNEHR
TR 5 RMSE MAE MAPE RMSRE
k=1 11.4453 8.9349 21.56% 33.97%
k=2 11.4260 8.9101 21.57% 33.93%
k=3 11.4080 8.8908 21.61% 33.94%
k=4 11.4009 8.8916 21.99% 34.73%
k=5 11.3830 8.8722 22.02% 34.72%
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