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[ Abstract] Real-time traffic prediction plays an important role in traffic management and planning. Traffic data is typical spatial—
temporal data. However, most forecasting methods do not fully consider the dynamic spatial-temporal correlation, periodicity and
stable forecasting performance of traffic data. In this paper, an spatial-temporal attention graph convolutional network( STAGCN) is
proposed, which adopts the Encoder—Decoder framework. The k& — order Chebyshev graph convolution network ( ChebNet) is used to
extract the spatial correlation of the traffic network. The weekly traffic data stack with the same historical time step as the predicted
time interval is used as input to better capture periodicity. The attention mechanism is added to the decoder to adaptively learn the
more important part of the encoder output. Furthermore, the residual network is designed to stabilize prediction performance. A large
number of experiments on two real traffic datasets demonstrate that STAGCN is better than other existing baselines in traffic flow
prediction.
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Fig. 2 The diagram of spatial correlation of traffic nodes
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Tab. 2 Average performance comparison of different algorithms on

the PeMS dataset
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