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Abstract: In order to alleviate the influence of highway maintenance work on expressway vehicle traffic,
taking Jiuquan expressway in Gansu province as the study object, a time series prediction model of
expressway traffic flow based on multivariate spatio-temporal relations is proposed. First, one-dimensional
time series data is modeled as two-dimensional feature data by using data structure definition module, which
is convenient to exiract the spatial relationship of sequence data. Then, the feature is fed into the self-
attention feature extraction module, which makes the model learn the spatiotemporal dependence of the data
samples and assign more weight to the features that are beneficial to the prediction task according to the data
distribution. Finally, two open traffic flow datasets (PEMS4 and PEMSS) are compared with the real traffic
flow datasets of semi-closed maintenance road sections in Gansu province, and the data prediction errors of
PEMS4 and PEMS8 between time series prediction model and other models are calculated. The result shows

that (1) the time series prediction model has excellent performance on two traffic flow data sets;
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(2) compared with STFGNN, the MAE and RMSE decreased 0. 53 and 0.45 respectively on PEMS4 and
0. 83 and 0. 96 respectively on PEMS8; (3) on the real traffic flow data of the semi-closed maintenance

section of Jiuquan expressway in Gansu province, the time series prediction model has a lower prediction error
in the real traffic flow prediction task, which is 1. 19 less than MAE of STFGNN, the RMSE decreases by

2.26 and reaches 0. 83 and 2. 14 respectively, indicating that the time series prediction model has better

prediction precision in traffic flow prediction. The study result can provide accurate traffic flow forecast for

expressway maintenance construction in Gansu province.
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