545530 BB SRR Vol4 No.3
2022 £ 9 A Chinese Journal of Intelligent Science and Technology September 2022

I T A2 1R B X B 725 55 B HETE 5 #5E TN T 51

sudt!, 2HRC, BRI, BRERS, HEEC, T
(1. ZITSRE8 =, WL AUl 3100005 2. ARVTHEAREMAERAF, Wil i 3100305
3. PEBER AT R TR R KRGS S E R E SR, Jbnl 1001905 4. H BB, LR FE 2660000

. SRTTES WSS T AO@E S I R AR 2 R AR R A R . AR, TR T AR SR
BUBG IR P S SR R 7o, 2@ R A S AR 3R R A R 5 FEER URRAE ,  HL X BRI I 38 @ R AE PR AR dh AT )2
Zim, A5 LA AR FAE I R) R s () 4 B B RORRAE, SO B R AL IR TS o AN LB AR . N T
fif g BRI, $RHT AR A R T Al A S A IE UM HE S TP, ZHE UK s A% B A o — Nl
B IR ZR A0 A R L, R — PP AL S T & HR & 2L RGraAN [ HERIAE 2L 3EAT B PP A3, DA HE A0 @ 3%
BB AL R, B BN S HAF A @A O K B BB AT A, FRRMER RS 25 BRI 1 X3, SREHET
VR el £ ) 245 101 5 308 B R ABE B 78 20 ¥ 0 11X 9 OSSR 25 A S, S T X P 451 8 B ) oA SRk P AR AL s
Blo SEUA AL, TP TR A E A3T-GCON BT 1%~2% K427t

KRR PEWIEEM; R BRSSO BF AR E R, B4

PESES: U495

HERARESRD: A

doi: 10.11959/j.issn.2096—6652.202233

Short-term traffic state reasoning and
precise prediction in urban networks

QIN Yuanqil, JI Qingyuanz, GE Jun', DAI Xingyuan3, CHEN Yuanyuan3, WANG Xiao™*
1. Zhejiang Lab, Hangzhou 310000, China
2. Enjoyor Technology Co., Ltd., Hangzhou 310030, China
3. The State Key Laboratory for Management and Control of Complex Systems, Institute of Automation,
Chinese Academy of Sciences, Beijing 100190, China
4. Qingdao Academy of Intelligent Industries, Qingdao 266000, China

Abstract: The structure of urban traffic network has a significant impact on the formation and spatio-temporal pattern
propagation of traffic congestions. However, in studies based on traditional traffic models or deep learning models, the
generation of traffic mode can only be described indirectly by traffic indicators, without considering the traffic network
feature. This makes it very difficult to accurately describe the propagation dynamics both in temporal and spatial dimen-
sions and lacks specificity. To tackle the above-mentioned problems, a novel traffic state prediction approach based on
traffic pattern reasoning (TP?) framework was proposed. The framework modeled congestion propagation as a dynami-
cally evolving temporal knowledge graph (TKG), and applied an inferencing framework (TPP-TKG) that was based on a
novel aggregator called RGraAN. TPP-TKG captured the spatial-temporal propagation pattern of traffic congestion, and
combined related road links to a given link, and constructed correlated sub region of the traffic network. Then a traffic
state predicting based on graph neural network was employed to predict short-term speed evolution of road links in this
sub region. Comparing to the state-of-the-art benchmark models, TP? achieves 1% ~ 2% higher accuracy.
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