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Short-Term Prediction‘of Road Travel Speed Based on Spatio-Temporal

Information Fusion Learning
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[ Abstract] The change'of road travel speed in a certain road is affected by both temporal and spatial factors.Most of the
existing neural network models predict the change of road travel speed by considering only the temporal factors, and
ignore the impact off road network structure and upstream and dewnstream traffic. To address the problem, the spatio-
temporal features of road travel speed are analyzed, and on this basis a deep learning model is constructed by combining
the Graph Convolutional Network (GCN) and the Gated”Recurrent Unit (GRU). The real-time road travel speed is
obtained through the online map platform, and the historical sequence data is continuously updated by using the method
of equal-dimensional recursive compensation, so the real-time performance of prediction is improved. The model is
tested with the data of road networks in some regions of Shenzhen. The experimental results show that the proposed
model exhibits excellent performance in predicting travel speed in a certain road section, and provides an accuracy of
over 90% for multi-step prediction.Its prediction aceuracy is up to 6.9% higher than that of the Auto-Regressive Integral
Moving Average (ARIMA) model, 1.3%_ higher than that of the Support Vector Regression (SVR) model, and 0.4%
higher than that of the GRU model.

[ Key words] short-term prediction; Graph Convolutional Network( GCN) ; Gated Recurrent Unit( GRU ) ; spatio-temporal
correlation ; online map ; equal-dimensional recursive compensation
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Fig.1 The spatio-temporal evolution of the road network
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Table 2 Results of prediction indexes of road travel speed for four models under different prediction times

THU s (6] 24 15 min T s 6] 24 30 min T s 6] 27 45 min THU B 5] 2 60 min

EERy GCN- GCN- GCN- GCN-
ARIMA SVR GRU ARIMA SVR GRU ARIMA SVR GRU ARIMA SVR GRU
GRU GRU GRU GRU

RMSE 5.1777 3.2494 3.1466 3.0827 5.1742 3.5048 3.3260 3.2729 5.1721 3.7140 3.4822 3.3778 5.1645 3.8914 3.5435 3.4667
MAE 4.0014 2.1552 2.1525 2.1148 3.9973 23118 2.2682 2.2266 3.9950 24390 2.4021 2.3249 3.9807 25457 2.4521 2.3941
Acc  0.8583 09138 0.9165 0.9183 0.8583 0.9070 09117 0.9132 0.8584 0.9014 0.9076 0.9104 0.8585 0.8967 0.9059 0.908 1
var  0.0085 0.8514 0.8606 0.8664 0.0095 0.827 1 0.8443 0.8492 0.0103 0.8061 0.8301 0.8399 0.0102 0.7873 0.8237 0.8320
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