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Traffic Prediction Model Based on Dual Path Information Spatial-Temporal Graph Convolutional
Network

KANG Yan, XIE Si-yu, WANG Fei, KOU Yong-qi, XU Yu-long, WU Zhi-wei and LI Hao

School of Software, Yunnan University, Kunming 650504, China

Abstract With the development of deep learning,neural network has a large number of applications in various fields,and intelli-
gent transportation system is no exception. Traffic flow forecast is the cornerstone of intelligent traffic system and the core of the
whole traffic forecast. In recent years,the use of the graph convolutional neural network has effectively improved the performance
of traffic prediction. How to further improve the ability to capture the spatial and temporal characteristics of the graph will be-
come a hot topic. In order to improve the accuracy of traffic prediction. this paper proposes a traffic prediction model based on the
convolution network of dual path information spatial-temporal map. First of all, the traffic prediction model based on the graph
convolution network has some shortcomings in long-distance dependence modeling,and has not fully mined the hidden relation-
ship between the spatial-temporal diagram information and the missing information in the spatial-temporal diagram structure, so
we propose a triple pooling attention mechanism to model the global context information. Based on the figure of each increase in
parallel convolution layer and the time convolution triple pooling attention path,we construct a dual path information spatial-tem-
poral convolution layer,enhance the generalization ability of convolution layer,improve the model’s ability to capture long dis-
tance dependence,and spatial-temporal convolution layer can capture figure characteristics of space and time structure of space-
time, effectively improve the traffic prediction performance. Experimental results on two public transport data sets (METR-LA
and PEMS-BAY) show that the proposed model has good performance.

Keywords Traffic forecast,Graph convolutional neural network,Global context modeling,Long distance dependence
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Fig. 1 Traffic spatial-temporal graph
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LR E S LR B AN I B LB A A I A T 2 Y 523
H. METR-LA B4R 8%E5 T H 1515 FRE HEEW 207 4
Fas A 20124 3 H 1 HE 201246 A 30 HE9 4 A
PR ) 2 S R A A ORI (BB O 34272,

(2)PEMS-BAY : Il JH 22 38 iz % 144 1) PEMS-BAY %4l
A AL IV IXC 0 G B b AR Y S A . PEMS-
BAY $HR4E 4 Tt 2369 4538 B 8 10 325 MEIRAR . 10
F 2017 4E 1 A 1 H B 2017 48 5 H 31 H Y 24 22 5 B,
A5 LA B R 52116 4~

2 A ) B B R 5 43 B i T 1T i RO DB
XA EAR A 70 %6 IR L 10 % £ Sy 5 UE 2 L 20 % £
R, WMAFIKEE R 12, AFRFEKE R 12, X TR
TEREY XS LE T 1 o A1 ] 8% (8 00 B B A Sy i e SC Y RIS
IR TIEABIRENSEIE L.

# 1 METR-LA fl PEMS-BAY #3415 iH5 B

Table 1 Statistics for METR-LA and PEMS-BAY datasets
HEE -4 vk ¢ Bt A
METR-LA 207 1515 34272
PEMS-BAY 325 2369 52116

4.2 ZXBSHRE

FERSE 3 Adam A6 #8 3F 47 U1 25, 2% 3 R 0. 001,
batch_size & 64, AN [R5 FUZ 9% . 0. 3 A9 Drop-
ut, FEEEAE B B H 2 J5 B Layernorm. R A Bk B 1%

BRI EREN 2, BWARKEHEZHRERREN
0.05, %> s BRI 23y 3, 5 S m A B 2
40, SLETE Intel(R) Xeon(R) Gold 6130 CPU Fl NVIDIA
1080T1 GPU | #47,

4.3 bk A%

WA SO E S LU 6 LA 1y sl ik e 8] )5 3 15000 J 95 ik
T,

(1) ARIMAM , (ICLR2018) & F R /8 2 g P ny | 7 5 1
53R Bl VB A

(2)FC-LSTM™J ; (ICLR2018) LSTM [ i £ ot 4 7% 45
P16 B 1 22 T 246

(3) DCRNNMT . (ICLR2018) — F 3 # 4
26U N B A AR 33 A A 2 R AR 2
(4)STGCNE, (TJCAT 2018) —Fifr bif 25 [&] 35 B W % , & 44,

15 U0 Fh 2

T EBRM 45

(5) GraphWaveNet'?2) . (IJCAT 2019) — Ffr i 25 [&] 25 F K
% Z ML T YRR SR — Y R B

(6) MTGNNE! ; (KDD2020) — b i [ #if 28 9] 4% k47 4 A48
7 B [B] 5 T A AT
4.4 ZRWHERSFH

B SO Y G — b B T i 23 4 SRy B R SC AR 1) 33 N
BB e SR SE METR-LA #il PEMS-BAY L5 ik 6 i 3% #fi:
FEHAT TR % 2 B T S g

F 2 AR EELESE METR-LA il PEMS-BAY I i1 6 1L 4%

Table 2 Performance comparison of different approaches on the METR-LA and PEMS-BAY dataset
Data Method 15 min 30 min 60 min ’
MAE RMSE MAPE/Y% 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
FC-LSTM 3.44 6.30 9. 60 3.77 7.23 10. 90 4,37 8.69 13.20
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
MTGNN 2.69 5.18 6.86 3.05 6.17 8.19 3.49 7.23 9.87
Ours 2.66 5.12 6.87 3.02 6.13 8.14 3.45 7.15 9.65
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 4.74 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
MTGNN 1.32 2.79 2.77 1.65 3.74 3.69 1.94 4. 49 4.53
Ours 1.32 2.76 2.78 1.63 3.68 3.64 1.92 4.42 4.49
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Experimental results comparison of different channel methods are compared

# 3 AREERNVHESIEE METR-LA EAYHERE LK

Table 3 Performance comparison of different attention mechanisms in data set METR-LA

Attention 15 min 30 min 60 min Computation Time/
MAE RMSE MAE RMSE MAE RMSE (s/epoch)
GCNet 2.71 5.21 3.12 6.34 3.59 7.44 40
Triplet attention 2.68 5.16 3.03 6.09 3.46 7.12 56
T-Pool attention 2.66 5.12 3.02 6.13 3.45 7.15 40
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