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Table 2 Performance comparison of different models

15 min 30 min 60 min
YGRS ALY
MAE RMSE  MAPE/%  MAE RMSE MAPE/%  MAE RMSE ~ MAPE/%
HA 31.58 52.39 33.78 31.58 52.39 33.78 31.58 52.39 33.78
STGCN 18.78 29.93 13.33 19.70 31.38 13. 94 21.55 33.88 13.92
DCRNN 18.79 29. 65 13. 16 20. 05 31.51 14.08 20. 19 31. 64 14. 24
PEMS-04  GWNET 18.17 28.98 13. 14 19.18 30. 54 13.72 21.04 33. 14 15.12
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ENy @ 17. 69 28.45 12. 69 18. 34 29. 88 13. 46 19.99 31.42 13.98
HA 34. 86 59.24 27. 88 34. 86 59.24 27. 88 34. 86 59.24 27. 88
STGCN 14. 55 22.72 9.38 15.62 24.55 9.84 17.86 27.56 11.14
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AGCRN 14.78 23.27 9.49 15.77 25.01 10. 17 17.52 27.69 11.25
AR SCAR T 12. 81 21.03 8. 44 13. 54 22. 60 9.13 14. 62 24. 56 10. 30
HA 4.15 7.71 12.90 4.15 7.71 12.90 4.15 7.77 12.90
STGCN 2.88 5.74 7. 62 3.47 7.24 9.57 4.59 9.40 12.70
DCRNN 2.70 5.25 6. 94 3.10 6.36 8. 48 3.58 7. 60 10. 39
METR-LA  GWNET et 2.69 5.15 6.90 3.07 6.22 8.37 3.53 7.37 10. 01
PGCN 2.69 5.14 6. 86 3.08 6.19 8.29 3.54 7.35 9.89
AGCRN 2.85 5.52 7.59 3.23 6.51 9.02 3.61 7.47 10. 51
AR SR T 2.63 4.97 6. 69 3.02 6.12 8. 09 3.38 7.10 9.77
HA 2.88 5.59 6. 80 2.88 5.59 6. 80 2.88 5.59 6. 80
STGCN 1.36 2.96 2.90 1. 81 4.27 4.17 2.49 5.69 5.79
DCRNN 1.31 2.78 2.74 1.65 3.78 3.70 1.96 4.61 4. 64
PEMS-BAY GWNET et 1.39 3.00 2.91 1.83 4.22 4. 14 2.35 5.42 5.80
PGCN 1.31 2.74 2.73 1.63 3.68 3.66 1.93 4.43 4. 62
AGCRN 1.37 2.89 2.95 1.70 3.88 3.90 1.97 4.61 4.70
AR LR 1.30 2.74 2.71 1. 64 3.67 3.65 1.91 4.38 4.49
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Table 3 Ablation experimental results of the model on the METR-LA and PEMS-BAY datasets

i " 30 min 60 min
B4 4 (gl
MAE RMSE MAPE/ % MAE RMSE MAPE/ %
w/o fift il )2 1.68 3.74 3.76 1.98 4.47 4. 60
w/o FEDformer 1.92 4.42 4.25 2.32 4.99 5.23
w/0 MSDC-Conv 1.83 3.91 4.07 2.26 4.72 4.95
PEMS-BAY
w/0 MODG-Conv 1.76 3.75 3.81 2.11 4.66 4.70
w/0 MHGAT 1.82 3.99 3.89 2.15 4.74 4.76
AL A A 1.63 3.67 3. 66 1.91 4.38 4.49
w/o fEFHE )2 3. 14 6.31 8.25 3.22 7.39 10. 10
w/0 FEDformer 3.46 7.12 8.95 3.96 8.27 11.09
w/0 MSDC-Conv 3.20 6.18 8.45 3.59 7.19 10.28
METR-LA
w/0 MODG-Conv 3.21 6.20 8.41 3.62 7.21 10.25
w/0 MH-GAT 3.15 6.17 8.28 3.51 7.17 9.99
A SR 3.02 6.12 8.09 3.38 7.10 9.77
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Figure 3 Impact of attention head number on prediction

performance for METR-LA
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Traffic Flow Prediction Based on a Dual-channel Spatio-temporal Graph Neural Network

ZHANG Zhen', LI Zhuo', LIU Bo®, MA Jj*, KONG Lt', WANG Za®

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. School of Henan Institute of
Advanced Technology, Zhengzhou University, Zhengzhou 450001, China; 3. Henan Provincial Department of transportation, Zheng-
zhou 450016, China)

Abstract: To overcome the limitations of existing traffic flow forecasting methods, which often fail to adequately
capture heterogeneous temporal patterns and struggle to accurately model the time-varying characteristics of dynamic
spatial dependencies, this study proposes a Dual-Channel Spatio-Temporal Graph Neural Network ( DC-STGNN).
In the temporal dimension, a decoupling layer based on discrete wavelet transform is designed to decompose traffic
sequences into low-frequency and high-frequency components. The low-frequency components are modeled using a
frequency-enhanced module, while the high-frequency components were captured through multi-scale dilated causal
convolution, enabling precise modeling of heterogeneous temporal patterns. In addition, a temporal gating mecha-
nism is introduced to dynamically balance the contributions of long-term trends and short-term fluctuations according
to traffic variations, thereby achieving more targeted temporal feature extraction and improving adaptability across
different time scales. In the spatial dimension, multi-order diffusion graph convolution and multi-head graph atten-
tion are integrated to separately extract static structural features and dynamic spatial dependencies of the traffic net-
work , effectively capturing the evolving spatial interaction patterns in complex traffic systems. Furthermore, a spa-
tial gating mechanism was developed to adaptively fuse static and dynamic graph information, enhancing the model’
s capability in representing complex spatial structures. Extensive experiments on real-world traffic datasets--PEMS-
04, PEMS-08, PEMS-BAY, and METR-LA--for 15-, 30-, and 60-minute traffic flow prediction tasks show that
DC-STGNN achieves higher prediction accuracy and better long-term stability compared to the best-performing base-
line models.

Keywords: traffic flow forecasting; frequency-enhanced mechanism; discrete wavelet transform; multi-order graph

convolution ; spatio-temporal graph neural network



