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Abstract

Accurate traffic flow forecasting is critical in improving safety, stability, and efficiency of intelli-
gent transportation systems. However, considering the complex spatial and temporal dependence
between traffic flows, modeling the spatial-temporal correlation in traffic is a challenging task. In
this paper, we design a novel spatial-temporal graph attention networks (STGAL) to extract the
dynamic and static spatial-temporal correlation of traffic flow simultaneously, and effectively ad-
dress the problem of traffic flow forecasting. Specifically, there are three main modules: 1) Graph
attention network is used to capture the spatial correlation between nodes and to aggregate the
information of the neighborhood nodes differently; 2) Long short-term memory network to cap-
ture the temporal correlation of traffic flow; 3) Spatial and temporal attention networks to cap-
ture the spatial-temporal correlation of dynamic changes in traffic flow. We consider the charac-
teristics of neighborhood nodes, weights of edges and spatial-temporal pattern of traffic flow dy-
namics. In addition, we integrate the recent, daily, and weekly component feature information of
traffic flow to mine the impact of periodic data on prediction tasks. A large number of experiments
on multi-step traffic forecasting tasks have proved the effectiveness and superiority of STGAL.
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Figure 1. The complex spatial-temporal correlations of traffic flow
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Figure 2. The framework of the spatial-temporal graph attention networks for traffic flow forecasting (STGAL)
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Figure 3. Example of the input time series construction
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Table 1. Description of experimental datasets
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Table 2. Performance of STGAL and baseline models for PeMSD4 and PeMSD8
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PeMSD4 PeMSD8

Model
MAE RMSE MAPE MAE RMSE MAPE
HA 38.03 59.24 27.88% 34.86 52.04 24.07%
VAR 23.75 36.66 18.09% 23.46 36.33 15.42%
LSTM 26.94 41.38 17.80% 22.02 33.74 13.61%
DCRNN 24.48 37.86 16.75% 17.83 27.78 12.42%
STGCN 22.06 34.80 16.20% 17.88 27.63 12.30%
Graph Wave-Net 22.13 33.94 16.05% 17.49 26.15 12.21%
ASTGCN 21.80 32.82 15.80% 16.63 25.27 12.18%
STGAL (ours) 19.89 31.71 14.84% 15.77 24.42 11.54%
Improvements +8.76% +3.38% +6.07% +5.17% +3.36% +5.25%
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Figure 4. Ablation study on PeMSD4
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