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Traffic Flow Prediction Based on Multiple Spatio-Témporal Graph Fusion
and Dynamic Attention
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[ Abstract] Accurate traffic flow prediction is a key prerequisite for.realizing intelligent transportation systems, and
is of great significance for strengthening system simulation ‘and control and improving the decision-making of
managers. To address the problem of most existing,Gtaph Convolutional Network (GCN) models ignoring the
dynamic spatial and temporal variations in traffic data’and insufficiently employing node information, which leads to
insufficient extraction of spatial and temporalfcorrelations, a traffic flow prediction model based on multiple spatio-
temporal graph fusion and dynamic attention.is proposed. First, the temporal characteristics of traffic flow data in
multi-temporal states are extracted by«different ‘convolutional cells. The next step involves constructing a multiple
spatio-temporal graph to capture the dynamie trend and heterogeneity of nodes in spatial distribution, followed by
extracting spatial characteristics through the integration of GCN. Finally, the spatial and temporal characteristics
are analyzed and fused using the multi-head self-attention mechanism to output prediction results. Experimental
analyses are performed on ‘two, public datasets, PeMS04 and PeMS08, and compared with the Attention Based
Spatial-Temporal Graph Cenvolutional Network (ASTGCN), Multiview Spatial-Temporal Transformer Network
(MVSTT), Dynamic Spatial-Temporal Aware Graph Neural Network (DSTAGNN) and other benchmark models
that utilize spatio-temporal graph convolution. The results show that the Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), and Root Mean Square Error (RMSE) of the proposed model are reduced by
7.10%, 7.22%, and 6. 47%, respectively, demonstrating the proposed model’ s strong adaptability and
robustness.

[Key words] intelligent transportation system; traffic flow prediction; spatio-temporal characteristics; Graph
Convolution Network (GCN); multi-head self-attention mechanism
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Table 3 Comparison of model results on different datasets
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Fig.4 Performance comparison of different models on PeMS04



146

ES515 FIH/2025F9 A/ATENTRE

A TE) A (60 min) S EE 113 Fil ., ABE 7 (%) 131 000 4 B2 45 A
(MAE il RMSE) i % i [8] 25 4 38 K 0 28 1k 34

Pl SRR AR SCRE Y 18 TN RS B2 A AN (] e [ 2
T T HA S LAY, FRS A BT E

35
ASTGCN
-« = AGCRN Ve
- = —= DSTAGNN e
- <+ - MVSTT v e
30 F —+— Ours - o
=
172}
=
2
25 |
20 !
0 2 4 6 8 10 12
Epoch
(b)RMSE

B 5 AR PeMS0S b ayIEAE LI

Fig.5 Performance comparison of different models on PeMS08

25
ASTGCN
< = AGCRN
- - = DSTAGNN .
=+ - MVSTT »
0l Ours -~
3
15
10 -
0 2 4 6 8 10 12
Epoch
(a)MAE
3.4.2  IHRRSEERT
SRy B EARE AL v A5 20 A () A AR o ) AR AR A A
Xf LA AR BT O -
D-MG: % B sl 25 Rl G BT A 285 48 2
w8

2)-SR: B BRAE I [ T AT s

3)-LR: BRI &I,

SERESRANR 4 P, ATLUE AR R R R 2
AR R+ 2 ST F AR O 2 A1F 14 3 i R 38 5 8D 2%
il TET RE R A B 7 25 8] 45 4 b Bt B 22 1 7
A (5 B s BRI A 1] 4% 4 AL DG E SR UK 211
I )PP 9 R AL 5 22 S 0 0 B oIS B 2 408 #Y
2 RRHE AT .

WA 3B 25 T AR SRS BB 2 B0 A ) S 3
or —a— PeMS04

—&— PeMS08
14

13F .\-\ /
-

12

MAPE/%

11}

10

2>.<1 3>I<l 4;<1 5>.<1 6>I<1
BB LA
@I 145 2 BURTE KNS MAPER R

SER AR ] 45 45 BREAO T Y /NI B 03k 1Y
o, SCEG AN 60T . T LU Y ] 4
A BT ERY R NI 45 S R W oK T 2k
AR ZE PR WA X/ . AR LR SR e e
S HE By - SN 1145 B AR TT /Ny 40X
BT 4

R4 HBMIEER

Table 4 Results of ablation experiment

A PeMS04 PeMS08
GIZEN
MAE MAPE/% RMSE MAE MAPE/% RMSE
-MG 19.43  12.85 31.04 15.76 10.24 25.15
-SR 18.98 12.79 30.49 15.53 10.20 24.95
-LR 19.10  12.97 30.71 15.54 11.13  24.64
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Fig.6 Comparison of prediction effects on datasets with different hyperparameters
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Table 5 Comparison of model performance

4% Epoch - 4% Epoch V¥ BAEHH/

ot IR /s R s MB
MVSTT 221 19 4 021
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Ours 252 26 4 232
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Fig.7 Model prediction data fitting comparison chart
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