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Traffic situation prediction method based on improved BERT model

HU Liwei®, YU Xianlin, ZHAO Xueting, YANG Zhiying, WANG Xingzhong, HU Feiyu, WU Jiabao

(Faculty of Transportation Engineering, Kunming University of Science and Technology, Kunming, Yunnan 650500, China)

Abstract; [ Objective] To address the complex dynamic spatio-temporal features of transportation networks ,
improve the traffic congestion caused by network uncertainty, and upgrade the accuracy and efficiency of
feature extraction, this study proposed TCPBERT model for traffic situation prediction based on BERT
model. [ Method] First, the standard BERT model based on Transformer encoder framework was introduced
in traffic prediction by using its powerful contextual learning capability and time series modeling ability.
Subsequently, the model parameters and embedding modes were improved based on the standard BERT
model. The TCPBERT model for traffic situation prediction was proposed. The model employed a pure
attention mechanism within stacked Transformer encoders to capture time series correlations. The normalized
time series dataset was used to train the model, followed by performance evaluation. Comparing prediction

errors with baseline model, the feasibility and effectiveness of TCPBERT model in traffic situation prediction
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were verified. Finally, to further assess the stability and robustness of model, a sensitivity analysis was
[ Result] TCPBERT model outperforms
baseline models in terms of multiple evaluation indicators. Compared with LSTM, STGCN and ST-ANet
models, the MAPEs with TCPBERT model are 8.08%, 6.59%, 4.40% lower respectively. During the

long-term 6-hour prediction, the prediction result with TCPBERT model is closest to the original traffic data

conducted to verify the optimality of model parameters setting.

trend, demonstrating strong temporal modeling capability and prediction stability. [ Conclusion] By
incorporating BERT model, Transformer bidirectional encoder framework and multi-head self-attention
mechanism, the TCPBERT model enhances the capability of capturing temporal sequence information,
significantly improving the accuracy and efficiency of traffic situation prediction.
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Transformer X[ 4 i 4%, 7 S50 A J7 6 3¢l i
PSR AR B AR R 500 B A5 B o g i ik A
PR, Bl A TEZ Sk AEE LR AE T
H BRI 8] 7 9045 B S8ty 2 >, il
SURAT LA LV 458

(1) ¥ BERT A& #Y5| A 3 5 38 25 H Ft i) v ] LA
B RO = RS FE | OBF Transformer XX 0] Z i #% 22
M. 23k BRI HLE S R SS E AHiE AH 45 G AE
A AC A A A I T S AR ROR

(2) BT HETETA CNN FI RNN F H AR fAfs
B 2RI T RS B 2 1 SRR

(3) FHTAR HAE B ARESE IR AL 1] 5]

G BRIMHAREE ST, BE— PRSI TS R

AT 1 AR B 3 TE Sl R GE P sh SRk
R, 0SS ORI S K N 0 A5 X S A5 3 M AT
PIMERERTRZM, Sk MIERRE R N — P RIFE N A,
Sk
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