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[ Abstract] Existing traffic congestion prediction methodologies-are based on simplistic definitions of congestion
indices and fail to effectively integrate static-adaptive graph 'information. To address these issues, this paper
proposes an innovative Traffic Congestion Index (TCI), and a novel traffic congestion prediction model based on
static-adaptive graph fusion called SA-GFSTCN. The TCI is defined based on three metrics, namely average speed,
traffic flow, and occupancy rate, which collectively reflect road usage and traffic conditions. The model employs a
parallel architecture to process the input data using spatiotemporal convolution and spatiotemporal attention
modules to model the static road network structure and extract fixed structural information along with the
spatiotemporal characteristics. Concurrently, “adaptive graph convolution and gated temporal convolution are used
to process adaptive graph data and extract dynamic spatiotemporal associative features. Finally, a cross-attention
mechanism effectively fuses the outputs of the adaptive graph convolution and gated temporal convolution.
Experiments conducted on two real-world traffic datasets demonstrate that the SA-GFSTCN model outperforms the
optimal baseline model in terms of Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and
Root Mean Square Error (RMSE). Specifically, it achieves improvements of 0.27 and 0. 20 in MAE, 0.22 and
0.23 percentage points in MAPE, and 0. 38 and 0. 36 in RMSE, respectively, across the datasets when compared to
the baseline model. These results validate the effectiveness of the proposed model.

[Key words] traffic congestion prediction; Traffic Congestion Index (TCI); static-adaptive graph fusion; adaptive
graph convolution; cross attention
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Fig.1 Overall architecture of the SA-GFSTCN model
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Table 3 Performance of various models on PeMS08 dataset

Model MAE MAPE/ % RMSE
HA 4.10 9.41 7.31
SVR 4. 30 5. 26 5.98
TCN 2. 64 3.32 5. 26
DCRNN 2.12 2. 85 4.21
STGCN 1. 89 2. 44 3.97
Graph WaveNet 1.56 1.79 3.24
SA-GFSTCN 1.29 1.57 2. 86
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Table 4 Performance of various models on PeMS04 dataset

i

Model MAE MAPE/ % RMSE
HA 5. 07 14. 03 9. 36
SVR 3.77 4. 62 5.56
TCN 3.12 3.47 6.11

DCRNN 2.37 2.90 4.19
STGECN 2.54 3.23 4. 81
Graph WaveNet 1.73 1. 95 3.47
SA-GFSTCN 1.53 1.72 3.11
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