47 % £33 oA Xk F F R Vol. 47 No.3
2025 4E 6 A JOURNAL OF NATIONAL UNIVERSITY OF DEFENSE TECHNOLOGY Jun. 2025

doi:10. 11887/j. en. 202503018 http : //journal. nudt. edu. cn

T [6]) 32 38 i U Y B = 4R A B - AR AD RS AR B

G R PR (S - L T

(L #dIFii ks A3 TSR, #d K 4100815 2. KPR IRF HFNFE, #d K 410114)

N T RRE L A TN AT S T AN RE A T 3 A7 S 58 B 4 8 2 B URE OGP Y R L, WF Y
T BN ARACRHE B T — I T — MR A S B AR o FEAE T v 2 A 45 R it AR 0
H1 203k I s T R AL ZE B, ZE P FP DI T 4 T T T LR, L3 A B I I 2 A S o TR 3 (ol 2
TRAZIS-5 A 18R VS 544 B 3 S HRABEHOR I 47 S I sh S MRS E R e S Bda g 1Y
S, U 1IN 23 BRSPS AT B O B RCR AT AR O i o PR, I 23 G i % — fﬁﬁ’:ﬁ%%ﬁ%mﬁﬂﬁaﬁ&
HRAZ IR 28 8, B T3 i T e e 1 ACIENY

SR SREA) « S U TIN5 VAT AR 22 I 2% 5 T T LA s S — R

& 43S TP391 XHRFRER A NEHHS 1001 —2486(2025)03 - 173 - 10

Spatial-temporal encoder-decoder model for traffic flow prediction

ZHANG Jin'?*, PI Yu', SUN Cheng® , WEI Yehua'* , YU Fei®, YAO Wei’
(1. College of Information Science and Engineering, Hunan Normal University, Changsha 410081, China;
2. School of Computer Science, Changsha University of Science and Technology, Changsha 410114, China)

Abstract: In order to solve the problem that many traffic flow prediction research methods are unable to comprehensively explore the dynamic
hidden correlations in traffic data, the dynamic spatio-temporal variation characteristics were studied and an encoder-decoder-based traffic prediction
model was proposed. In the model, both encoder and decoder mainly consisted of multi-head spatio-temporal attention mechanism modules, and a
connection attention mechanism was added in between to analyze the spatio-temporal correlations of the road network. The model also used a
dynamic embedding module consisting of a combination of both spatio-temporal embedding coding and adaptive graph convolution to analyze the
dynamic and static information of nodes. Experiments on two real datasets demonstrate that the spatio-temporal model outperform other models for
long- and short-term traffic prediction. Thus, the spatio-temporal encoder-decoder model can effectively handle complex spatio-temporal sequences
and improve the traffic flow prediction accuracy.

Keywords: traffic flow prediction; graph convolutional neural network ; attention mechanism; encoder-decoder
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ASTGCN 2.75  5.62 7.51 3.31  6.98 9.32 452 9.24 12.62
Graph WaveNet 2,60  5.15 6.90 3.07  6.22 8.37 3.53  1.37 10.01
GMAN 2.69  5.55 7.42 3.15  6.78 9.02 4.03  8.11 11.72
2SS as — ADeE  2.58  4.89 6.68 2.85  5.88 8.13 3.26  7.02 9.45

K2 MO - RDIRAE PEMS-BAY MK S RELHEREXT LER

Tab.2 Performance comparison results on PEMS-BAY dataset of spatial-temporal encoder-decoder model and baselines

o 15 min 30 min 60 min
MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE  MAPE/%
ARIMA 1.62  3.30 3.50 2,33 4.76 5.40 3.38  6.50 8.30
SVR 1.85  3.59 3.80 2.48  5.18 5.50 3.28  7.08 8.12
DCRNN 1.38  2.95 2.90 1.74  3.97 3.90 2.07 4.74 4.90
STGCN 1.36  2.96 2.90 1.81  4.27 4.17 2.49  5.69 5.79
ASTGCN .32 2.78 2.75 1.75  3.98 3.95 2,32 5.41 5.51
Graph WaveNet 1.30  2.74 2.73 1.63  3.70 3.67 1.95  4.52 4.63
GMAN 1.34 2.8 2.81 .62 3.72 3.63 1.86  4.32 4.31
oS wisds - fEfsds  1.27 0 2.43 2.67 1.56¢ 3.22 3.36 1.78 3.95 3.89
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Fig.4 Results of ablation experiments
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Tab.3  Comparison of the prediction performance different combinations of spatio-temporal attention

15 min 30 min 60 min
PAETTES e =
MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/%

i 2.73 525 712 313 612 8.62  3.47 7.66  10.01
METR-LA A 262 516 6.95  3.07 606 826  3.31 7.8 9.78
MRS 258 4.89  6.68 2.8 588 813 326 7.02  9.45
i 130 2.71 2,75 1.63  3.66  3.67  1.89 4.0l 4.02
PEMS-BAY i 1,29 2.69 278 1.59 3.48  3.63 1.8 3.9 3.97
FIEEAALE 127 243 2,67 1.56  3.22  3.36  1.78  3.95  3.89
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