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Figure 1 AdpSTGCN model framework
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Figure 2 Adaptive graph structure learning framework
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B 4 F A FE LA AY

G 55 11 B (HA L ARIMA ) 5 3 18 45 ¥ 3 )3
2 2] B (FC-LSTM ) 100 14 R A B . I R 4 1
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2 R VE TR Oy R S A) OC &R K Rl G PR A TS A
Hit® 5 24 5, DMSTGCN 1 B 3h 4% &l A= i 5
1 BTN M) IS S i S L o IR < 2 /W
GMAN , {H HAR 1 A1 350 45 AiE 2 1l 1 45 4, i 5 3 4
FREMEA R, PGCN Wi K59 kB, 7
PEMS-Bay B8 4 15 min i tf MAE 435 AdpST-
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Table 2 Prediction performance of different models on the METR-La and PEMS-Bay datasets

15 min 30 min 60 min
PIETE S i -
MAE RMSE MAPE/%  MAE RMSE MAPE/%  MAE RMSE ~ MAPE/%
HA 4.16 7. 80 13. 00 4.16 7.80 13. 00 4.16 7. 80 13. 00
ARIMA 3.99 8.21 9. 60 5.15 10. 45 12.70 6.90 13.23 17.40
FC-LSTM 3.44 6.30 9.60 3.77 7.23 10. 90 4.37 8.69 14. 00
DCRNN 2.77 5.38 7.30 3.15 6.45 8. 80 3.60 7. 60 10. 50
METR La STGCN 2. 88 5.74 7.62 3.47 7.24 9.57 4.59 9.40 12.70
Graph WaveNet 2.69 5.15 6.90 3.07 6.22 8.37 3.53 7.37 10. 01
GMAN 2.77 5.48 7.25 3.08 6.34 8.43 3.44 7.35 9.87
DMSTGCN 2.85 5.54 7.54 3.26 6.56 9.19 3.72 7.55 10. 96
PGCN 2.70 5.16 6.98 3.08 6.22 8.38 3.54 7.36 9.9%4
AdpSTGCN 2. 64 5.04 6.76 3.01 6.01 8.17 3.42 7.08 9.83
HA 2.88 5.59 6. 80 2.88 5.59 6. 80 2.88 5.59 6. 80
ARIMA 1.62 3.30 3.50 2.33 4.76 5.40 3.38 6.50 8.30
FC-LSTM 2.05 4.19 4.80 2.20 4.55 5.20 2.37 4.96 5.70
DCRNN 1.38 2.95 2.90 1.74 3.97 3.90 2.07 4.47 4.90
PEMS-Bay STGCN 1.36 2.96 2.90 1.81 4.27 4.17 2.49 5.69 5.79
Graph WaveNet 1.30 2.74 2.73 1.63 3.70 3.67 1.95 4.52 4.63
GMAN 1.34 2.91 2.86 1.63 3.76 3.68 1. 86 4.46 4.37
DMSTGCN 1.33 2.83 2. 80 1.67 3.79 3.81 1.99 4.54 4.78
PGCN 1.30 2.73 2.72 1.62 3.67 3.63 1.92 4.45 4.55
AdpSTGCN 1.29 2.71 2.69 1. 60 3.60 3.59 1.85 4.32 4.48
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Table 3 RMSE comparison of the model on different
time period and sub-datasets

i o ] RMSE

g Graph WaveNet AdpSTGCN
1 2012-03-01—2012-03-31 9.47 7.34

2 2012-04-01—2012-04-30 7.53 6.51

3 2012-05-01—2012-05-31 8.72 6.92

4 2012-06-01—2012-06-30 6.32 5.34

18 1 528 KOs & P, AdpSTGCN Ay % Bk T
Graph WaveNet, \Tfii & B AdpSTGCN HE A HA7 %z 5
(&

2.5 HELSIS

T BIE AdpSTGCN AN 6] F B He iy 47 55 vk, A
CFE METR-La Hll PEMS-Bay ¥4 % F #E47 7 1 fl
SCHG . AdpSTGCN B AR RALEE LR LA T

(1)w/o AL 2B A 3 N (&1 45 4 2 2] 44, 1
e SCRA A DR VIR B R 4R 5 [ 38 I R 24 2] 4
PEXE i K s 25 22 B X 1

(2)w/0 GDCRU ; 2 [k £ 5 22 38 1 41 14 H 1)
B 50U BUE PR oo B ORI 489 GON B ok
YIZRAE R DL 1 GDCRU A5 B 78 4l 3K ief 25 56 &
Ry

(3)w/o GTCN . % B Z 45 2 i il il 241 {4 H i)
GTCN ASEH 4151 12 45 e o 2 455 4 JRy i i) 4 56 P 9
AL

4 JRIR T Rl S I b % B R AR IR AE 15,30,
60 min [ X5 LG TN 285 5L | i A A R 1 BLAR 52 BRI
W#E SIS AdpSTGCN ¥ B A4 FF — 2, 7 ab s
B gk B R, AdpSTGCN By M fig 2 25 10 T HoAth 48 {&
B 7843 95 0E R 25 20 4 1 A 0P

&4 AdpSTGCN EFREHEE L HMIEER
Table 4 Experimental results of AdpSTGCN ablation on different datasets

Wl A Hm 15 min 30 min 60 min
MAE RMSE ~ MAPE/%  MAE RMSE ~ MAPE/%  MAE RMSE ~ MAPE/%
w/o AL 2.79 5.31 7.30 3.25 6.43 8.72 3.72 7.48 10. 33
METRLa w/0 GDCRU 2.68 5.08 6.82 3.05 6.12 8.27 3.50 7.20 9.87
w/0 GTCN 2.70 5.10 6. 86 3.08 6.15 8.30 3.52 7.18 9. 84
AdpSTGCN 2. 64 5.04 6.76 3.01 6.01 8.17 3.42 7.08 9.83
w/o AL 1.34 2.80 2.85 1.70 3.83 3.89 1.97 4.56 4.96
PEMS-Bay w/0 GDCRU 1.30 2.72 2.71 1. 62 3.65 3.62 1.88 4.34 4.49
w/0 GTCN 1.31 2.74 2.73 1.63 3.66 3.68 1. 90 4.38 4.48
AdpSTGCN 1.29 2.71 2.69 1. 60 3.60 3.59 1.85 4.32 4.48
R T 2 R A N P 6 ) 2 A e At M &5 KT T XL HLZE R gk 6 FR
(A B | A SCHE METR-La 20484 P2 T — 417 ®o6 AEIGFREEAOERE LR
ﬁmig@\o T Tk sz i ,%*#*ﬁﬂﬁfﬁ*ﬁﬁ%éﬁ A , Table 6 Performance comparison of different
A G 57 1954 1 9 4 5 S0 B (raining strategles
ELE R R AR R Y AN gE 5 R UV RS MAE RMSE MAPE/ %
F5 R E LR MM B b SRR 3 1 6. 04 542
1o 3 = I 2R 2.96 5.89 8.05

Table 5 Performance comparison of different graph

structure modules

K MAE RMSE MAPE/ %
ol aE S48 I 3.21 6.22 8.58
T8 N 14 4 3.06 6.01 8.29
EREIVALERE ) 2.96 5.89 8.05

26 5 AT, (o A AT 2 I A A 5
LB B AR R AR 3 T A I R 5 A A AR 5% 25
T X DR Ok A LA SR B Y 1A Y
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An Adaptive Spatial-Temporal Graph Convolutional Network for Traffic Flow Forecasting

ZHANG Zhen"?, LIU Bo', LI Zhuo®, ZHANG Xuezhong’

(1. School of Henan Institute of Advanced Technology, Zhengzhou University, Zhengzhou 450001, China; 2. School of Electrical and
Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 3. State Grid Zhoukou Power Supply Company, Zhoukou
466000, China)

Abstract; To address the limitations of existing traffic flow prediction methods in fully utilizing node attributes to
guide graph structure learning and capturing complex spatio-temporal dependencies, in this study an Adaptive Spa-
tio-Temporal Graph Convolutional Network ( AdpSTGCN) integrating adaptive graph structure learning with spatio-
temporal convolutional architecture was proposes . Firstly, an adaptive graph structure learning method based on
node attributes was designed to dynamically capture spatial relationships in road networks from both global and local
perspectives. Secondly, a dedicated spatio-temporal convolutional architecture was developed to effectively model
spatio-temporal correlations in traffic flow patterns, further enhancing the model’s capability to handle complex spa-
tio-temporal relationships. A progressive training strategy was introduced to address challenges of excessive learna-
ble parameters and data sparsity during model training. Finally, experimental evaluations on highway traffic datasets
(METR-La and PEMS-Bay) demonstrated the model’s performance in 15, 30, and 60 minutes traffic flow predic-
tion tasks. Experimental results showed that the AdpSTGCN model achieved the best performance among multiple
baseline models in terms of three prediction error metrics; MAE, RMSE, and MAPE. These findings indicate the
model’s superior modeling capabilities for both short-term and long-term traffic flow prediction tasks, providing a
theoretical foundation for urban traffic management strategies.

Keywords: traffic flow prediction; adaptive graph structure; node attributes; graph convolutional network ; spatio-

temporal correlation





