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Traffic flow prediction based on trend decomposition and

adaptive graph diffusion attention network
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Abstract: Traffic prediction is crucial in urban traffic management and flow monitoring, but the complex spatial -temporal
relationships in traffic flow bring great challenges to accurate prediction. Spatial-temporal graph neural networks and attention
mechanisms have become effective methods to solve dependencies in traffic roads. However, most GNN-based models rely
on predefined static adjacency matrices to model spatial dependencies, and the extraction of spatial features relies on fixed
graph structure weights. Moreover, the existing attention mechanism ignores the characteristics of traffic flow data, and it is
difficult to capture similar traffic patterns between nodes. To solve the above problems, this paper proposes the TD-ADGAT
model, which uses an adaptive graph diffusion attention network to model spatial relationships. It does not need to explicitly
calculate the weights of predefined graph structures, and can adaptively generate trainable adjacency matrix weights, thereby
significantly reducing the time complexity. In addition, according to the characteristics of traffic flow time series data, the
attention mechanism of time dimension is redesigned , and the traffic flow data is decomposed into trend and seasonal factors.
Multilayer Perceptron (MLP) is used to capture the trend change, and Fourier attention is used to model the seasonal
changes, so as to better model the temporal relationship of traffic flow and the traffic pattern between nodes. Experimental

results on three public datasets demonstrate that TD-ADGAT outperforms existing baseline models in prediction accuracy.
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Fig.1 Time - related analysis of traffic flow: (a) daily
trend component flow analysis, (b) seasonal weekly

trend component flow analysis
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Table 1 Datasets desciption

Datasets  Node Time step Time range

PeMS04 307 16992 2018/01/01—2018/02/28
PeMS07 883 28224 2017/05/01—2017/08/31
PeMS08 170 17856 2016/07/01—2016/08/31
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Table 2 Model comparison experiment and analys

PeMS04 PeMS07 PeMS08
Model MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE
SVR 28.70 19.20% 44.56 32.49 14.26% 50. 22 23.25 14.64% 36.16
ARIMA 28.55 19.55% 40. 36 33.89 17.60% 46.38 31.23 19.25% 33.47
DCRNN 22.74 14.75% 36.58 23.63 12.28% 36.51 18.18 11.23% 28.18
STGCN 21.76 13.87% 34.77 22.89 11.98% 35.44 17.84 11.21% 27.12
GWNET 19. 36 13.30% 31.72 21.22 9.08% 34.12 15.06 9.51% 24.86
AGCRN 19.83 12.97% 32.26 22.37 9.12% 36.55 15.95 10.09% 25.22
STSGCN 21.18 13.88% 33.65 24.26 10.20% 39.03 17.13 10.96% 26.78
GMAN 19.25 13.00% 30. 85 20. 68 9.31% 33.56 14.87 9.77% 24.06
STGODE 20.85 13.78% 32.82 22.97 10.14% 36.19 16.82 10.62% 26.78
STID 19. 58 13.38% 31.79 21.52 9.15% 36.29 15. 58 10.33% 25.89
DSTAGNN 19.28 12.81% 31.30 21.42 9.01% 34.51 15. 81 10.00% 25.01
Bi-STAT 19.01 12.93% 30. 55 20.28 8.55% 33.24 14.08 9.33% 23.58
PDFormer 18.51 12.31% 30.02 19.93 8.68% 32.88 13.66 9.10% 23.56
STFGCN 18. 60 12.27% 30. 34 19.72 8.64% 33.24 13.68 9.03% 23.45
TD-ADGAT 18.31 12.07% 29.81 19. 61 8.50% 32.74 13.03 8.92% 22.83
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Fig.5 Comparison experiments of PeM S04 and PeMS08 datasets at different time steps
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Table 3 Model ablation experiments

PeMS04 PeMS08

Model

MAE MAPE RMSE MAE MAPE RMSE

DEC-TD 18.61 12.43% 30.63 13.38 9.23% 23.41
DEC-ADG  18.75 12.55% 30.68 13.54 9.22% 23.59
DEC-FFT  18.47 12.52% 31.11 13.34 9.13% 23.44
DEC-TSE  19.30 12.78% 31.76 14.23 9.58% 23.65
8

TD-ADGAT 18.31 12.07% 29.81 13.03 8.92% 22.83
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Table 4 Ablation experiments with different graph
structures
PeMS04 PeMSO08
Model

MAE MAPE RMSE MAE MAPE RMSE

PG 18.53 12.41% 31.24 13.30 9.48% 23.25
GAT 18.37 12.66% 30.72 13.33 9.24% 23.11
DGCN 18.45 12.56% 30.47 13.35 9.19% 23.09
AGAT 18.38 12.25% 30.18 13.06 9.11% 23.07
TD-ADGAT 18.31 12.07% 29.81 13.03 8.92% 22.83
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Table 5 Time complexity analysis of the PeM S04 dataset

Model Training time (seepoch ) Inference time (s)
DSTAGNN 350. 37 43.93
Bi-STAT 247.96 25.32
PDFormer 195.55 19.92
STFGCN 143.78 17.57
TD-ADGAT 121.70 13.10
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Fig. 6 Attention head count analysis
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Table 6 Analysis of cluster size parameters

ByndE R IERR 3 4 5 6
MAE 18.45 18.31  18.66  18.87
MAPE  12.31% 12.07% 12.45% 12.50%
PeMS04
RMSE  30.95 29.81 31.39  31.80
MAE 13.09  13.03  13.31  13.46
MAPE  9.28% 8.92% 9.17% 9.29%
PeMS08

RMSE 23.04 22.83 23.20 23.44
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Fig. 7 Node visual analysis: (a) visualization of traffic flow at Node 97 and Node 203,
(b) visualization of traffic flow at Node 21 and Node 127
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Fig. 8 Node visualization analysis: (a) node visualization on working days, (b) node visualization on weekends
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