% 48% 58 Computer Engineering i+ & #l T2 202245 A

AT EgSENXIRA- T EH S 1000-3428(2022)05-0112-06 AR ERD A HE 42 TP18

BT £ 50 = 1% B 4t B% M 32 18 2 T A A

BEE ek g Ml
(130 K2 (5 B R = oR 0% V070 Bl 226019; 2. Bl K2 30l 5 4+ K TR % F% , 1175 Bl 226019)

O W I 0 5 T R T R BE S AR 4 P A B A S 4y, e nT oA AT A SR S A SS E AE B X 4R T
WATRE ) B R X AT JE T 16 B R0 4% (1% T A 78— 5 AR b i 1 S — o AR 410 St B 1) 4 ) G B RR A 42
i, (7R AE — B AH 4B 1% B S B B R — B AH 48 % BE S IR B B 00 T, T SR A7 i A DL B9 2 422 0 B, 4 38k 2k — BB A X EE
B B B s (A 8, TOTE A BT i T 45 R o Ay o R 4 I T B D A s s R R — R T A R R B LT
P 2 B T0 0 3ok T B 0 32 3 T T ARS8 G-GCGRU . 25 [ 4= JR) I (-1 A — [ A0 208 16 B 1] 19 25 [l 532 ) 2 5, 1) R AH
SRS M TSRS B I B I A S R B, IR S 0 2 AR e — A IR o 2 (R R AE A 45 08 , 6 IE 3Rl L R
I A A PRG3R I P R TR R A0E o ol R I T 28 0 X Tl Do e A e A7 S, 45 SR e W 2R R T 0 4 i
P87 1 45 B 48 (GCN) L [958 BF 24T (GRU) A GCN-GRU IR A 82 50  LI R AR 22 S PEAN 45 b , T0OM0RS 5 43 4% 2
25.3%.4.7% F1 2.1%.,

KRR Y REAC I ARG 5 AC I L T 5 R4 RN 4% 5 T ) 5 4 e B S SRR AE

e

F R ZE (FRRS)RER(OSID):

GRS S
A5 AR RS R e, P T A ) I A R M S T S o0 S e R TSR [T ] TR TR L 2022,48(5)
112-117.
F 5| A : FENG SY,SHI Z Q,CAOQOY. Urban road network traffic speed prediction model based on global spatio-temporal
characteristics[ J].Computer Engineering’,2022,48(5):112-117.

Urban Road Network Traffic Speed Prediction Model Based on
Global Spatio-Temporal Characteristics

FENG Siyun', SHI Zhenquan'?,CAQ Yang'?
(1.School of Information Science and Technology , Nantong University ,Nantong, Jiangsu 226019, China;
2.School of Transportation and Civil Engineering ,Nantong University ,Nantong,Jiangsu 226019, China)

[ Abstract] Urban road network traffic speed prediction is an important aspect of Intelligent Transportation System (ITS)
and is of great significance in improving road capacity by providing.real-time traffic information for travelers.The existing
prediction model based on the Graph Convolution Network(GCN) strengthens the mining of the spatial correlation degree
between first-order adjacent sections to a certain extent. However, if the correlation degree of some non-first-order adjacent
sections is greater than that of some first-order adjacent sections,, when the original adjacency matrix is input, some relatively
important section spatial information may be lost, precluding the realization of better prediction results.To accurately mine
the temporal and spatial characteristics of urbanroad networks, a traffic speed prediction model of an urban road network
based on global GCN and Gated Recurrent Unit(GRU) , G-GCGRU, is proposed.Considering the degree of spatial influence
between non-first-order adjacent road sections under the global road network, the correlation degree matrix between road
sections is calculated using the correlation analysis method, which is a new convolution method to further deepen the mining
of spatial features.Based on this, the gated cycle unit method is used to extract the time features of the road network.The results
show that the performance of the model is better than those of the GCN, Gated Recurrent Unit (GRU ) ,and GCN-GRU hybrid
models.Using the root mean square error as the evaluation index, the prediction accuracy is improved by 25.3%,4.7% , and
2.1% ,respectively.

[Key words] Intelligent Transportation System (ITS) ; traffic speed prediction; Graph Convolutional Network (GCN) ;
urban road network; global spatio-temporal characteristics
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Table 2 Model performance comparison
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% RMSE MAE R?

GCN 5.347 3.929 0.627

GRU 4.193 2.783 0.841
GCN-GRU 4.079 2.736 0.849
G-GCGRU 3.996 2.663 0.853
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