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Traffic Speed Prediction Based on a Multi-Scale Dynamic
Spatio-Temporal Convolutional Network

Zhao Xing, Chen Xian

(College of Civil and Transportation Engineering, Hohai University, Nanjing 210024, China)

Abstract: Accurate and reliable traffic speed prediction is crucial for enhancing traffic management efficiency
and alleviating traffic congestion. To improve traffic speed prediction accuracy and capture complex dynamic
spatio-temporal dependencies in traffic data, this study proposes a traffic speed prediction model based on a
multi-scale dynamic spatio-temporal convolutional network (MDSTCN). First, an adaptive static spatial adjacen-
cy matrix is constructed based on graph convolutional network (GCN), and an attention mechanism is introduced
to capture the directional dependencies and dynamic interactions of traffic flow, thereby uncovering intricate dy-
namic spatial relationships. Second, a multi-scale dilated convolution structure is adopted to extract local tempo-
ral features and long-term variation trends. Finally, the model is trained and tested on a real-world dataset, and
various comparative experiments are conducted. The results show that, compared with the best baseline model
(Graph WaveNet) the proposed MDSTCN achieves lower Erus, Eva, and Evar. Furthermore, the fluctuation range
of prediction errors across the 15, 30 min, and 60 min horizons are the smallest, highlighting its good adaptabili-
ty and stability in long-term prediction tasks.
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Fig.1 Spatio-temporal lag phenomenon in congestion
propagation between adjacent road segments
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Tab.1 Comparison of prediction performance among different models
K Erus Ey. E /%

15 min 30 min 60 min 15 min 30 min 60 min 15 min 30 min 60 min

LSTM 5.57 5.95 6.94 3.85 4.07 4.65 9.98 10.81 13.12
T-GCN 4.89 5.46 6.53 3.36 3.69 4.36 8.39 9.47 11.79
DCRNN 5.06 5.99 7.34 3.32 3.85 4.65 8.31 10.27 13.45
STGCN 4.95 5.80 7.11 3.38 3.87 4.64 8.48 10.18 13.00
ASTGCN 4.82 5.43 6.60 3.19 3.50 4.18 7.84 9.04 11.28
Graph WaveNet 4.79 5.37 6.38 3.16 3.51 4.19 7.65 8.80 11.01
MDSTCN 4.69 5.11 5.69 3.06 3.28 3.66 7.45 8.20 9.21
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Fig. 2 Trends in the prediction performance of different models with increasing prediction horizons
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Fig. 3 Visualization of one-day traffic speed prediction obtained by ASTGCN, DCRNN, Graph WaveNet and MDSTCN
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Tab.2 Ablation study results of MDSTCN
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MDSTCN 4.69 5.11 5.69 3.06 3.28 3.66 7.45 8.20 9.21
MDSTCN-gcen 4.74 5.21 5.81 3.11 3.39 3.81 7.68 8.63 9.77
MDSTCN-adj 4.69 5.14 5.75 3.07 3.33 3.71 7.52 8.38 9.47
MDSTCN-attn 4.67 5.14 5.89 3.05 3.32 3.82 7.47 8.41 9.90
MDSTCN-gate 4.72 5.19 5.87 3.10 3.39 3.82 7.51 8.38 9.67
MDSTCN-space 5.01 5.74 6.67 3.27 3.71 431 8.03 9.58 11.86
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for road segment C and its adjoining segments
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