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Traffic Speed Prediction Based on Improved STGCN Deep
Learning Framework

SUN Da-meng,OUYANG An-jie, HE Li-ming
(School of Information Engineering,Chang’ an University,Xi’ an 710064 ,China)

Abstract; Real—time and accurate traffic speed prediction is crucial for accelerating smart transportation development and advancing
intelligent traffic systems. However,the complex spatial structure and dynamic stochastic temporal characteristics of traffic networks make
it challenging for existing prediction methods to accurately capture their hidden spatiotemporal correlations. To fully exploit the dynamic
spatiotemporal features hidden in data and enhance prediction accuracy,we propose an improved traffic speed prediction algorithm based
on the STGCN framework, namely the Spatiotemporal Attention Graph Neural Network ( STA-GNN). This algorithm employs a
learnable position attention mechanism to effectively aggregate information from neighboring nodes, thereby capturing spatial correlations
within road networks. Simultaneously, it introduces a one—dimensional causal convolutional network with gate mechanisms as the kernel
of the temporal convolutional network to capture time correlations in time series data. This is further enhanced through residual block
connections to improve model generalization capability. The proposed approach was evaluated on the PeMSD7 dataset for traffic speed
prediction experiments at 15 —minute 30 —minute, and 45 —minute intervals. Experimental results demonstrate that the proposed model
achieves approximately 10.2% reduction in root mean square error compared to the STGCN model in the 45 -minute prediction task, indi-
cating superior performance of the STA-GNN model in mid- to long—term traffic speed prediction tasks.
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temporal correlation
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