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Feature—Enhanced Dynamic Graph Convolutional Neural Model with
Attention Fusion for Traffic Flow Prediction

DAI Qingpeng, YANG Hao, WEN Wu
(School of Computer Science, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: Real-time and accurate traffic flow prediction holds significant practical application value for urban management and governance.
Existing methods have limitations in modeling dynamic spatio—temporal dependencies and feature extraction. To further improve prediction ac-
curacy, this study proposes a Feature—Enhanced Dynamic Graph Convolutional Neural Model with Attention Fusion for Traffic Flow Prediction
(AFEDGCN). The model integrates spatial attention with dynamic graph convolution to enhance the modeling of node spatial correlations.
Meanwhile, interactive convolution is utilized to strengthen the features of individual nodes, and the Gated Recurrent Unit (GRU) is incorpo-
rated to model synchronous spatio—temporal dependencies. Multi—head temporal attention is employed to capture temporal correlations, while
global graph convolution is used to model the global spatial correlations over the entire time period. Finally, spatio—temporal features are adap-
tively fused to predict future traffic flow conditions. Experiments conducted on multiple real-world traffic datasets show that, compared with
the advanced GDGCN and DGCRN models, the proposed model reduces the MAE (Mean Absolute Error) by 1.65% and 4.80% respectively,
and the MAPE (Mean Absolute Percentage Error) by 2.36% and 3.93% respectively. These results indicate that the proposed model has better
performance compared with the current state—of—the—art models.

Key Words: traffic prediction; spatial attention; multi-head temporal attention; feature enhancement; dynamic graph convolution
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Fig. 1 Model structure
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Table 2 The average prediction results of the next 12 time steps

F2 RRRAFESHFHTNER

Module PEMS04 PEMSO07 PEMSO08 NE-BJ
MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/%

VAR 23.75 36.66 18.09 101.20 155.14 39.69 22.32 33.83 14.47 6.14 9.65 23.33
SVR 28.66 44.59 19.15 32.97 50.15 15.43 23.25 36.15 14.71 6.04 9.61 23.30
STGCN 21.76 34.77 13.87 22.90 35.44 11.98 17.84 27.12 11.21 5.39 9.09 22.14
GWNET 19.35 31.72 13.30 21.22 33.11 9.07 15.06 24.85 9.51 4.99 9.20 19.45
GMAN 19.14 31.60 13.19 20.97 34.10 9.05 15.31 24.92 10.13 4.80 9.18 18.36
ASTGNN 18.60 31.02 12.63 20.61 34.01 8.86 14.97 24.71 9.49 4.92 9.41 18.51
DGCRN 18.82 30.57 13.03 21.45 34.53 9.21 14.95 23.77 9.69 4.79 9.23 17.98
GDGCN 18.57 29.99 12.57 20.22 33.38 8.55 14.58 23.98 9.87 4.72 9.09 18.12
AFEDGCN 18.28 30.39 12.18 20.12 33.32 8.52 14.15 23.86 9.41 4.59 8.68 17.84
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Table 3 Ablation experiment result

®3 HEMIBER

Module PEMS04 PEMSO07 NE-BJ
MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/%
AFEDGCN 18.28 30.39 12.18 20.12 33.32 8.52 4.59 8.68 17.84
w/o GGCN 18.46 30.45 12.47 20.27 33.55 8.77 4.61 8.69 17.92
w/o IFEM 18.50 30.52 12.36 20.47 34.52 8.71 4.61 8.73 18.09
w/o ADGCN 18.57 30.45 12.74 20.60 33.95 9.24 4.77 9.28 19.98
w/o EDGCN 19.89 32.71 13.50 22.04 36.32 9.81 5.06 9.67 20.86
w/o MHTA 19.69 33.04 13.09 22.87 38.19 10.44 5.09 9.65 19.60
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