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Abstract With the technological development of intelligent transportation system and the surging spatio-temporal data in urban,
the demand for public services is increasingly emphasized. As a vital part of urban transportation, public transportation also faces
enormous challenges,and the spatio-temporal prediction task in transportation network is the core of the solutions for various
traffic problems. Mobility pattern in traffic can reflect the travel behaviors of people and their rules. In most studies on traffic pre-
diction task.the importance of mobility pattern is neglected. In view of the problem of existing work,a multi-pattern traffic pre-
diction framework, MPGNNFormer,is proposed,in which based-graph neural network deep clustering method is used to extract
mobility patterns of stations,and a Transformer-based spatio-temporal prediction model is designed to learn temporal dependence
and spatial dependence of stations and to improve the computational efficiency. Then.a series of experiments are conducted on real
bus dataset for evaluation and testing,including analysis of mobility patterns and comparison of prediction results. Finally, experi-
mental results prove the efficacy of proposed method in the short and long-term traffic prediction of traffic networks,and its sca-
lability is discussed.
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21 STGNNFormer M 4250407y

Table I STGNNFormer network parameter details
%% iR W
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factor B XA top k M5 e 2
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node_embed B E BLEY ¥ 3 W R AE, 10

TE 2 25 T 55 1) Tl o e T 08 3 Ak 48 07 o 7 39 46
X% 2% (Mean Absolute Error, MAE) | #) J7 R % 22 (Root
Mean Square Error. RMSE) 13 ) 48 %t & 43t & 22 ( Mean
Absolute Percentage Error, MAPE) ., £ i85 Fr00 & X £k
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FELSAE .

&2 ST WAL S5 0 R AR AR AR RO R A

Table 2 Evaluation index of traffic prediction task and its expression
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Fig. 6 Example of feature distribution for a randomly

selected site
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Table 3 Prediction results for different number of movement modes
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Table 4 Comparison of short-term forecast evaluation results

T, =3(15min)

T, =6(30 min) T,=12(60 min)

ik RMSE MSE MAPE RMSE MSE MAPE RMSE MSE MAPE

STGCN 1. 460 2.131 3.010 1.486 2.207 3.122 1.526 2.330 3.357
ASTGCN 1.370 1.878 2.950 1. 395 1. 945 3.602 1.432 2.051 3.795
STSGCN 1.411 1. 990 2.930 1.426 2.032 3.007 1.454 2.115 3.092
Graph WaveNet 1.439 2.069 3.379 1. 444 2.084 3. 442 1.458 2.125 3.505
AGCRN 1.438 2.066 3.036 1.447 2.093 3.324 1.486 . 209 4,081
STGNNFormer 1.394 1. 960 3.080 1.388 1. 946 3.771 1.395 1.963 3.501
MPGNNFormer(K =3) 1.361 1.853 2.853 1.372 1.883 2.594 1.375 1.892 2.379
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Table 5 Comparison of long-term forecast evaluation results
RS
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12 MSE 1.916 1.938 1.925 1.859 1.862
(1h MAPE 1.662 2.176 1. 965 2,062 1. 261
it 5 B Al /ms 83 59 78 118 57
RMSE 1. 390 1. 406 1. 389 1. 366 1.355
36 MSE 1.932 1.977 1.928 1.865 1.835
3h) MAPE 1.604 1.916 1.722 1. 852 1. 660
i 5 B /ms 96 65 86 139 73
RMSE 1.394 1.414 1. 442 1. 388 1. 365
72 MSE 1.943 1. 999 2.079 1.925 1.864
(6h) MAPE 2. 206 2.301 3.023 2.349 2.110
it 5 /ms 121 75 97 177 76
RMSE 1. 390 1.413 1. 404 1.356 1.350
108 MSE 1.933 1.997 1.971 1. 840 1. 824
(9h) MAPE 2.942 3.211 3.083 2.453 2.302
it 5 B Al /ms 140 84 104 209 89
RMSE 1.387 1.433 1.416 1.362 1.387
156 MSE 1.924 2.052 2.004 1.855 1.923
(13h) MAPE 3.075 3.261 2. 868 2.353 2.670
i+ 4 B E /ms 178 110 121 306 106

BERIE KL FBEOR TR B 2 A 5 E R s T
o) J L PR 4R T — A 2 A5 S K 300 38 5 T AE
2 (MPGNNFormer) , i 75 3 25 % 3l 45 20 19 $2 A £ 46 =0
BB s I A L R SO T — T A I A A
# (STGNNFormer) . #/J& » A8 C7E B 52t 5 A 58 4 B s
B LT T S0 T T B S AU A R O IR T #R
I A RO ST 50 45 BEAE U T T A 2 E R T b 2 A
BHY .

T3 A et A 2 0 52 3 T ] A5, B s X A 40 T A B 2

ZAEM . IR BE NS 1T B A R A8 S A 50, OF HO R A B
fige A L G A (B AT LAAE B 22 28 T AF: 45 TP A4S UM B L £ & ]
LA Bl il i — e PR i e 55

£ % 3 W

[1] WANG Y,.CHEN Q X,ZHANG N, et al. Convergence of 5G
Communications and Ubiquitous Power Internet of Things: Ap-
plication Analysis and Research prospects [ J]. Power System

Technology,2019,43(5):1575-1585.



TR L 45 IR ARl m I 2 B8 S A 5« R I 5 T T 0 2

105

[2]

[3]

[4]

[5]

[6]

[7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[16]

[17]

KONG X, TONG S,GAO H,et al. Mobile edge cooperation op-
timization for wearable internet of things:a network representa-
tion-based framework[ ] ]. IEEE Transactions on Industrial In-
formatics,2020,17(7) :5050-5058.

RUAN S,BAO J,LIANG Y,et al. Dynamic public resource allo-
cation based on human mobility prediction[ J]. Proceedings of
the ACM on Interactive, Mobile, Wearable and Ubiquitous
Technologies,2020,4(1) :1-22.

KONG X, LI M, TANG T, et al. Shared subway shuttle bus
route planning based on transport data analytics [ ]J]. IEEE
Transactions on Automation Science and Engineering, 2018,
15(4) :1507-1520.

WANG S,CAO J,YU P. Deep learning for spatio-temporal data
mining: A survey [ J ]. IEEE Transactions on Knowledge and
Data Engineering,2020:34(8) :3681-3700.

WANG Z W,CHEN T,SONG M Q. At the same time, the coor-
dination and optimization of responsive feeder bus routing and
scheduling in pickup mode[J]. Journal of Traffic and Transpor-
tation Engineering,2019,19(5):139-149.

MOURAD A,PUCHINGER J,CHU C. A survey of models and
algorithms for optimizing shared mobility [ J]. Transportation
Research Part B: Methodological ,2019,123:323-346.

GAN M,CHENG Y. LIU K,et al. Seasonal and trend time se-
ries forecasting based on a quasi-linear autoregressive model[ ] ].
Applied Soft Computing,2014,24.:13-18.

BAT Y,SUN Z,ZENG B,et al. A multi-pattern deep fusion mo-
del for short-term bus passenger flow forecasting[ J]. Applied
Soft Computing,2017,58:669-680.

DU B.PENG H,WANG S, et al. Deep irregular convolutional
residual LSTM for urban traffic passenger flows prediction[]].
IEEE Transactions on Intelligent Transportation Systems,
2019,21(3).:972-985.

XIA F.SUN K, YU S, et al. Graph learning: A survey[J]. IEEE
Transactions on Artificial Intelligence,2021,2(2):109-127.

XU K, HU W, LESKOVEC ], et al. How powerful are graph
neural networks? [CJ// International Conference on Learning
Representations(ICLR). 2019.

WU Z,PAN S,CHEN F,et al. A comprehensive survey on
graph neural networks[J]. IEEE Transactions on Neural Net-
works and Learning Systems,2020,32(1) :4-24.

BRUNA J,ZAREMBA W,SZLAM A, et al. Spectral networks
and locally connected networks on graphs[ C] // International
Conference on Learning Representations(ICLR). 2014.

KIPF T N,WELLING M. Semi-supervised classification with
graph convolutional networks[ C] // International Conference on
Learning Representations(ICLR). 2017.

BO D, WANG X, SHI C, et al. Structural deep clustering net-
work[ C] // Proceedings of the Web Conference. 2020 1400-
1410.

ZHANG M, CHEN Y. Link prediction based on graph neural
networks[ C]// Advances in Neural Information Processing Sys-

tems. 2018:5165-5175.

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

KONG X,CHEN Q.HOU M, et al. RMGen: A Tri-Layer Ve-
hicular Trajectory Data Generation Model Exploring Urban Re-
gion Division and Mobility Pattern[]J]. IEEE Transactions on
Vehicular Technology,2022,71(9):9225-9238.

CHEN R, LIANG C Y,HONG W C,et al. Forecasting holiday
daily tourist flow based on seasonal support vector regression
with adaptive genetic algorithm[]J]. Applied Soft Computing.,
2015,26:435-443.

DELL’ACQUA P.BELLOTTI F,BERTA R.et al. Time-aware
multivariate nearest neighbor regression methods for traffic flow
prediction[ ] ]. IEEE Transactions on Intelligent Transportation
Systems,2015,16(6) :3393-3402.

LIU L,CHEN R C. A novel passenger flow prediction model
using deep learning methods[J]. Transportation Research Part
C:Emerging Technologies,2017,84:74-91.

HOCHREITER S,SCHMIDHUBER J. Long short-term memo-
ry[J]. Neural computation,1997,9(8) :1735-1780.

SHI X, CHEN Z, WANG H, et al. Convolutional LSTM net-
work: A machine learning approach for precipitation nowcasting
[C]//Proceedings of the 28th International Conference on Neu-
ral Information Processing Systems. 2015:802-810.

KONG X,ZHU B,SHEN G,et al. Spatial-Temporal-Cost Com-
bination based Taxi Driving Fraud Detection for Collaborative
Internet of Vehicles[J]. IEEE Transactions on Industrial Infor-
matics,2021,18(5) :3426-3436.

SEO Y.DEFFERRARD M,VANDERGHEYNST P,et al.
Structured sequence modeling with graph convolutional recur-
rent networks[ C] // International Conference on Neural Infor-
mation Processing. Cham: Springer,2018:362-373.

LI Y,YU R,SHAHABI C,et al. Diffusion convolutional recur-
rent neural network: Data-driven traffic forecasting[ C] // Inter-
national Conference on Learning Representations(ICLR). 2018.
YU B,YIN H,ZHU Z. Spatio-temporal graph convolutional net-
works: A deep learning framework for traffic forecasting[ C]J//
International Joint Conference on Artificial Intelligence. 2018
3634-3640.

GUO S,LIN Y,FENG N,et al. Attention based spatial-temporal
graph convolutional networks for traffic flow forecasting[CJ //
Proceedings of the AAAI Conference on Artificial Intelligence.
2019:922-929.

SONG C, LIN Y.,GUO S, et al. Spatial-temporal synchronous
graph convolutional networks: A new framework for spatial-
temporal network data forecasting [ C] // Proceedings of the
AAAI Conference on Artificial Intelligence. 2020:914-921.

WU Z.PAN S,LONG G,et al. Graph wavenet for deep spatial-
temporal graph modeling[ C]// International Joint Conference on
Artificial Intelligence. 2019:1907-1913.

BAT L,YAO L,LI C,et al. Adaptive graph convolutional recur-
rent network for traffic forecasting[J]. Advances in Neural In-
formation Processing Systems,2020,33:17804-17815.

SHEN G,HAN X,CHIN K,et al. An Attention-Based Digraph

Convolution Network Enabled Framework for Congestion Re-



106

Computer Science FHEHLFI2:  Vol. 50,No. 7, July 2023

[33]

[34]

[35]

[36]

[37]

[38]

cognition in Three-Dimensional Road Networks[]J]. IEEE Tran-
sactions on Intelligent Transportation Systems, 2021, 23 (9):
14413-14426.

LI S,JIN X,XUAN Y,et al. Enhancing the locality and breaking
the memory bottleneck of transformer on time series forecasting
[J7. arXiv:1907. 00235,2019.

KITAEV N, KAISER L, LEVSKAYA A. Reformer: The effi-
cient transformer[ C] // International Conference on Learning
Representations(ICLLR) ,2020.

ZHOU H,ZHANG S,PENG J,et al. Informer: Beyond efficient
transformer for long sequence time-series forecasting[ C] // Pro-
ceedings of AAAL 2021.

XU J, WANG J, LONG M. Autoformer: Decomposition trans-
formers with auto-correlation for long-term series forecasting
[J]. Advances in Neural Information Processing Systems, 2021,
34:22419-22430.

LAICG,LIL,ZHOU Y T.et al. Air duct improvement and oc-
cupant thermal comfort optimization of an automobile air condi-
tioner with intelligent algorithm [ J ]. Journal of Chongqing
University of Technology(Natural Science) ,2022,36(4) :19-27.
WEI S J, WANG X, DAI J,et al. A location prediction frame-

work based on trust circle and mobility pattern [J]. Journal of

Chongqing University of Technology ( Natural Science), 2022,
36(8):182-192.

[39] KONG X,WANG K,HOU M,et al. Exploring Human Mobility

for Multi-Pattern Passenger Prediction: A Graph Learning
Framework[ ] ]. IEEE Transactions on Intelligent Transporta-

tion Systems,2022,23(9):16148-16160.

SHEN Zhehui, born in 1999, postgra-
duate. His main research interests in-
clude urban science, social computing

and so on.

KONG Xiangjie, born in 1981, Ph. D,
professor, Ph.D supervisor,is a distin-
guished member of China Computer

Federation. His main research interests

include network science, mobile compu-

ting and computational social science.

(SEAE S48 - T 47D



