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Urban Traffic Flow Prediction Based on Global Spatiotemporal Graph Convolutional Neural
Network

WANG Jiahao, LI Wenbin,GUQO Shiyao and XIANG Ping

School of Information and Software Engineering, University of Electronic Science and Technology,Chengdu 610051, China

Abstract Traffic flow prediction plays an important role in intelligent transportation systems(ITS). The key challenge in traffic
flow prediction is to efficiently and comprehensively extract the complex spatiotemporal correlations in cities. Traffic speed has
not only short-term and long-term periodic dependencies in the temporal dimension, but also local and global dependencies in the
spatial dimension. Existing methods have certain limitations in capturing the spatiotemporal dependencies of traffic data. To this
end, this paper proposes a deep learning model based on the global spatialtemporal graph convolutional network(GSTGCN) to ad-
dress the limitations of urban traffic speed prediction. There are three spatiotemporal components in the model.which can model
the three different spatiotemporal correlations in traffic data,namely,recent,daily,and weekly cycles. Each spatiotemporal compo-
nent consists of a time module and a spatial module. In order to better obtain the temporal dimension information of traffic data,
the time module introduces the Informer mechanism to adaptively assign feature weights. In order to better obtain the spatial rela-
tionship of traffic data,the spatial model introduces a graph convolutional neural network to extract local and global spatial infor-
mation of traffic data. In the experiments, the proposed model is tested on two different real-world datasets. The results show that
the proposed GSTGCN outperforms the most advanced baseline models.

Keywords Traffic flow prediction,Global spatiotemporal graph convolutional neural network, spatiotemporal dependence
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Fig. 7 Schematic diagram of convolution for spatiotemporal correlation
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4.1 ZBHIBEE

A PEMS F & 1 /Y i 3 4 B 38 38 5005 4 PEMS-
BAY #l METR-LA 5 53 §iF A SCAE B /) 4 84 . METR-LA
B4 45 A PEMS-BAY 098 45 43 040 & 7 38 [ % A2 AL ok
AW LS EE R MEEBE I LEEAK EHZERER.
PEMS-BAY Ml METR-LA B 4~ % 4% 48 1) & & 250 4l 2 w4
A AE R A A 28 BB 30 s A0 S A, FEAR S
WKl T METR-LA H % 204 A4 0 2% 19 %% 3% . PEMS-
BAY W& T 325 A K I 25 09 B0 dE . 2k BUS 68 A 9 S0

BB B B b I Bl A R TR BCHE R A B O RN R
5 min i & 15 . BEJF B0V 29 (B AE o S0 i A B A A T
RIE— RZ A 288 A Hdli . Zad ab LS, 8o 4R 1%
HRO7: 102 00 L 051 58 9% I R B8 30 E Al A K B . 7R
B T AL 2R B, 7R S8 5 B B AR SCOKE I AR 1Y R R AR R AT
A e 2L — 1, 1] . 7R AR 5 B0 T5000 25 537 Al i, 0
23 5 — b e S b B 0 R EERT B S B OE R R AL LA
AR W e S I I 45 2R

4.2 TEfEIEAR

PERE VAL R F 32 {8 71 091 2 26 X % 22 (Mean Absolute
Error, MAE) .77 #i% 2% (Root Mean Square Error, RMSE)
I35 28 %) 5 43 H i 22 (Mean Absolute Percentage Error,
MAPE) S I Al 45 10 f) BO 25 3¢
4.3 ZWEAEFZE

XL S8 22 T AU N B AR 8 R T k.

D E B F 1 3 F 44 B ( AutoRegressive Integrated
Moving Average, ARIMA) : & Fl T VA2 B [8] )7 5 ) gL, B
WS A A BEAR) (245 (D 8- 3 (MA) #4750,
T FH T e i) 3 £ A TR

2) 3 #1479 8§ (Support Vector Regression, SVR) :
TUVHFRVAESS . b gl — A7 18 58— 418 T 10 Rk
T i L6, SVR 78 W ] )3 31 Bl I o B A 280 Ak 3R e

3)HEE [ 4085 2% (Stacked Autoencoder, SAE) ; Jit — Fh I
B2 SRR A 2 A F S 88 2k % ) w2 IR IE R R
T T R4 R AR 4 HORN B ) 0 g R e M 0

DIEREHEZ B X ] LSTM 3 )3 # 28 N 2% (Subsequence-
based LSTM,SUB-LSTM) : j&& LSTM (K45 1212 M %) i) —
P AS A S B XK IR i) e 87 i R 47 7 B ik B SUB-LSTM
] 15 370 43 WG T 3 370 943 o) S A5, DT B 5 4% G LSTM 1K
JPHl AR R .

SYP 1S AL I3 A 28 B 45 (Diffusion Convolutional Re-
current Neural Network, DCRNN) :DCRNN & —#fzt & 7 &
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6) I 25 18] 452 FH W 2% (Spatio-Temporal Graph Convolutional
Networks, STGCN) - fi % [7] i &b B i 25 20478 r (1 225 5] 25 4 A
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7) B} 25 JCHH W 2% (Spatio-Temporal Meta-Network, ST-
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# 2 GSTGCN FIHEHER B 7E 50 4 METR-LA b 6 19000 2R % e
Table 2 Comparison of prediction performance between GSTGCN and baselines on dataset METR-LA
15 min 30 min 60 min
A -
MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE  MAPE/%
ARIMA 3.99 8.21 9. 60 5.15 10. 45 12.70 6.90 13.23 17. 40
SVR 3.87 8.19 9.34 5.05 10. 22 12.19 6.67 12.97 16.77
SAE 3.74 8.02 9.06 4.97 10. 04 11.94 6.53 12.76 15. 43
SUB-LSTM 3.62 7.95 8.71 4.55 9.42 10.52 6.38 11.93 14. 87
DCRNN 2.77 5.38 7.30 3.15 6. 45 8.80 3.60 7.60 10. 50
STGCN 2.88 5.74 7.62 3.47 7.24 9.57 4.59 9. 40 12.70
ST-MetaNet 2.74 5.35 7.29 3.12 6.36 8.63 3.59 7.54 10.52
Graph WaveNet 2.69 5.15 6.90 3.07 6.22 8.37 3.53 7.37 10. 01
GSTGCN 2.61 5.1 6.35 3.01 6.19 8.13 3.48 7.28 9.94

4.4 KWHRBERIEE

TESLE W, 3 T PyTorch #E 48 #F 47 45 &I 2%, {7
PEECE 45 11 A2 Intel i7-11700K 4b FH #8 (3. 60GHz)
NVIDIA GeForce RTX 3060 GPU, 3 1 ¥ # 38 22 v 1 o I
FERR S5,

GSTGCN # B f) fit B 40 F < i 8] % AR He % A Informer
iR B RUZEUR R 8 RIZ R IEAEE R 8. S B o« KB N
2 M AR R B b wi swy WREE R 0.5, B
Y123 30 4~ epoch, batch K/N K 256, 1% £ Adam 1E R {1k
BKA WIURE ST F R 0. 001, FEMIK BB, a2 12
T 2 500 42 oK 1 h A RSB H B

TEARTESE T, R T HAS R B R A MR e, T B T 2 A AL 2%
2SR BRI,

ARIMA BRI 225> RBCBEE Sy 0L A WA A & R
ST HIARE N 1. X E M ARIMA BEI54G 2
ot 42 B 10 3 20 45000 ) AR S A AR Ak

SVR AR TAESI S 80k 0. 1L, T 5 A J7 s 0
B, I PR ) B R B (RBEOAE S 2% s 4. RBF 4% 26 2 4 1]
A Bl TR R b A AR G R AT 4R TR AT 1 T

TE SAE BRI T 3 R A M. 2EE A 100 4
MZTT, H s iY )2 EOM 2 1 2T B B 7E 1 TR s 1Y
X i N BCHE B RRAE 2% S BB I, DT el 3 T AR 22
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AMMGTT, BT HE— BRI R AR, 5 — B s — 2 W
M LSTM 43 B4 40 A4 28 50, 3% Fh i B A B T 4 42 S04
RO C R .

%3 GSTGON Mt M7E £ 4 PEMS-BAY 1 (9 ISR X Lo
Table 3 Comparison of prediction performance between GSTGCN and baselines on dataset PEMS-BAY
. 15 min 30 min 60 min
MAE RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/ %
ARIMA 1.62 3. 30 3.51 2.36 4.79 5.55 3.38 6.58 8.32
SVR 1. 85 3. 60 3.81 2.48 5.18 5.66 3.27 7.13 8. 30
SAE 1.79 3.47 3.56 2.38 5.02 5.54 3.21 7.02 8.09
SUB-LSTM 1.63 3.36 3.27 2.35 4.88 5.37 3.11 6. 85 7.88
DCRNN 1.38 2.95 2.91 1.74 3.96 3.94 2.07 4.78 4.97
STGCN 1. 36 2.94 2.88 1.81 4.27 4.17 2.49 5.69 5.79
ST-MetaNet 1.35 2.91 2.87 1.71 3.92 3.87 2.01 4.72 4.91
Graph WaveNet 1. 30 2.74 2.73 1.63 3.71 3.69 1.94 4.52 4.63
GSTGCN 1.27 2.66 2.69 1.61 3.69 3.62 1.88 4.42 4.53

STGCN A (i frf 28 5 UL A 45 3 28 BUZ , B B 1Y
Bkl 64,16, 64, BB KR/N A 3. XHER R EMHS
STGCN Re W A0 AL T 43 Bds v 1) 52 2 B
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NERZ . HEA 64 Digon, i a il E LK K b 3,
TRIC B AT B T 4 4 5 ()R 1) () e, 38 i 0k Bl 25 Ak
B3 L BE T .

ST-MetaNet BRI ) JO24 2 s G360 2 @ 2 . B2 A
32 APETT, IF H A a%- AR i a5 ROt 4% 1 64 DB T .
XA T B A B R (2 A R T R T RO
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PR EF 7 R AT 0 25 T A4 6
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MR 2 FIER 3 ] LLIE M7 R B, 2% P s 80 e A [m] S50
0 N 1ET DN N Ve 7 = G s e s O T 1 o

ARIMA , B T 50T B0 CUn =& 2k 15 min) o 742 7 58 48 J 3
AR R A A PERE . SR, I 2 0 I0 A I S R A A 3 48 R
B T S54SR T By T8 98 T o o 3 T R SRy e ) ) ) A A =
O B[] 0 A B ) AR Ak B L T 2208 T A ) BB Y R, R
AR T PR 22 2l BB, SO L IR S R T 7S )
[ S5 40 BT, 4n STGCN ., 76 T I0 e A Pk R B 7 0 A
Podhe. X SLBIRYH 5] A 58 ) B 450 L6 5 a5 22 18 16 2 ) 06
RYNA T FETU B, DA B 4 i b AR B HOHE Y e s R L Xl
58 VA A 30 00 v B 4% T g b R X 5 2 BROBLAY ) A R B
AR AR E Y T Pk BE . AE BT B R S ) TR 45 A A B AL
GSTGCN WRBLIL AW . B WO AT 55 1) i) 18] 25 3 48 K
AR T A AR 1) T % 25 #RAE B Wi N . A GSTGCN Wi 2
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Fig. 8 Mean RMSE of 12 steps versus the number of training
epochs on METR-LA dataset
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Fig. 9 Ablation study of GSTGCN model in term of MAE
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