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Lane-level traffic flow prediction based on spatiotemporal correlation
and heterogeneous graph convolution

LUO Yikai, XU Jinhua, LI Yuran, LIU Chenghao, LI Yan

(School of Transportation Engineering, Chang’an University, Xi’an 710064, China)

Abstract: A lane-level traffic flow prediction method was proposed to refine the spatial granularity of traffic flow
prediction and address the limitations in traditional prediction methods which overlooked the interaction mechanisms
brought by the lane differences. The soft-dynamic time warping was chosen as the measurement method to consider
the variations in traffic flow time series caused by the lane positions. Then, the k-means algorithm was aggregated
in the proposed algorithm to classify the lane cross-sections, which was utilized to analyze the temporal
characteristics of flow at the selected lane cross-section type. The sequential variational mode decomposition was
introduced to reduce the volatility of time series flow data and remove its noise, whose results can serve as inputs for
the prediction model. Based on the previous results, the lane correlations can be determined by incorporating the
Spearman correlation analysis in the proposed method. The heterogeneous spatiotemporal graph convolutional
recurrent neural network model for predicting the flow of various lane types can be established by embedding the
multi-head attention mechanism into the bidirectional gated recurrent unit and combining the lane correlations and
their distance. The traffic count data from several freeways in Shanxi, China was selected to assess the effectiveness
of the proposed method. The results indicate that the freeway’s lanes within the selected area can be classified to
four categories; dense type, sparse type, morning peak type, and evening peak type, respectively. Compared to
the autoregressive integrated moving average model, long-short term memory network model, and spatio-temporal
graph convolutional network models, the proposed model reduces the mean absolute error and root mean square
error by 11.21% -24.05% and 8.89% —-24.43% , with the r-squared coefficient as 0. 962 at the 5-minute
granularity flow prediction for all the lanes. This result indicates the accuracy of the flow prediction can be further
improved by considering the lane classification. When the prediction was accomplished at the 5-minute granularity
with the step size within 12, the mean absolute error and root mean square error of the proposed model increased by

15.82% and 11.99% at most. The findings provide a basis for road planning and the development of intelligent
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Fig.1  Impacts of spatiotemporal characteristics on lane-level
flow prediction
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Fig.2  Node information update in the R-GCN with considerations
of lane distance and lane correlation
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5 min 15 min 30 min 60 min 5 min 15 min 30 min 60 min 5 min 15 min 30 min 60 min
ARIMA 6.894 16.759 31.976 47.896 10.568 26.356 51.245 73.114 0.921 0.92 0.912  0.918
SVR 6.682 15. 865 29.623 45.652 10. 236 25.683 48.682 69.365 0.924 0.925 0.917 0.920
RF 6.724 15.453 29.12 44.321 10.322 25.231 47.236 68.321 0.922 0.928 0.919 0.922
LSTM 6.325 14.345 27.589 41.35 9.765 24.356 45.356 63.255 0.937 0.938 0.927 0.934
Bi-GRU  6.224 14.128 27.256 40.289 9.542 23.453 44.368 62.147 0.939 0.94 0.93 0.937
STGCN 5.897 13.234 25.365 37.695 8.765 21.348 40.296 57.482 0.946 0.951 0.944  0.945
RSTGCN  5.236 12.174 23.105 34.259 7.986 19.823 37.657 52.466 0.962 0.969 0.956 0.955
%3 5 min HERETSXHEEFERNER
Tab.3  Prediction results for each category of lanes at the 5-minute time granularity
- MAE RMSE R

v 22 Zei3 24 e 2 I3 2l G ez 2R3 e 4

ARIMA 7.102 5.462 6. 896 6.725 10. 887 8.025 10.469  10.562 0.923 0.782 0.907 0.920

SVR 6.823 5.237 6.693 6.511 10. 498 7.812 10.148  10.237 0.927 0.799 0.914 0.923

RF 6.852 5.335 6.748 6.548 10.574 7.868 10.267  10.315 0.925 0.792 0.912 0.921

LSTM 6.587 5.014 6.331 6.129 9.925 7.456 9.674 9.763 0.938 0.811 0.925 0.936

Bi-GRU 6.554 4.989 6.287 6.073 9.784 7.271 9.523 9.539 0.94 0.819 0.928 0.938

STGCN 6.179 4.526 5.993 5.741 9.015 6.856 8.696 8.76 0.946 0.832 0.937 0.945

RSTGCN 5.249 4.023 5.286 4.968 8.072 5.967 7.649 7.623 0.965 0.857 0.949 0.963
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Fig.9 Traffic flow prediction resluts for four lane types with the
30-minute time granularity
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Fig. 10 Multistep traffic flow prediction performance
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