5591 S F o Vol. 52 No.9
2024 4E9 H ACTA ELECTRONICA SINICA Sept. 2024

A Ja M S R 1) S 10 S JE N A A

wEM L R S
(1. BT TR ENLS AT RE B, WALt 43007052, i385, H14b I 430030)

WOE: O H £ IR SIS FE N, R REASIE R GRS KR RNz N L A S R TR R A R T
TR A8 32 G . T SBAFfe TR BE 2 S ) V2 B 3838 3 B 100 A 5% T A, 3 ELWFS 7 1o A, DA B — ) A s (1) A G
P FL ) 5 2% B A 25 AR DG, Pl 28 TN 285 1h 1 245 2 9% D) 1 TR 455 R 000 3 — A B i e, e oy A A 25 T G 1 B 9
Jrik . BET, REBWFIE TAEC S0 2 2 )2 1Y 23 [R]AH M 38 38 5 B T AT 45 (9 SR 2e bk . SR, L FaxX — R 3T
P2 A AT B 2 BT SO B ok B S N AR R JE T AR R FES I LA X2 (A DG 1 52 22 RN Bl AR e . R B
T g T L S AT A A 0 AT L A SR IS Y A R ) SR S AH L A8 3 I TR ) 4 SR ) EL A B R ) B A
P, 3 B 2 [RIAH S T LA 4 oy AR 1 £ 82 0 A%, DR A SO R 7 — o Bty 4 JRy LR SR A 1 sl A R s
DR 2B AS AU A AT S 3 S B TN . e, A e R A A = o i A A A i N B A Ay B S A IR AR ST R Bl
A0 ST B S AS R LAVC LB A v . 3R T 1 00 3h 245 R R A B9 TIUE SCIET , AR SCAE I P 3 B A Sk 2 20 X
7S [AIAH R PE R R B 263k . BRI AN, AR SCTE R [RI AR B 05 2 1) DR] SR 4 AU 20 38 T8 A5l Hh s TR AL S vk . )i, k22 38
FEATE oK SR B 223 AR DG - 326 265 i 11 J2 58 P 2 A S B TN . 7 TP e T RS 5 s 8 AR — 3 T R 5 4 L h 5
2% SR A AR SCHRE H AR TR A b 3 R IR A S 34 o X4 2 A4 7 MR AR 22 A U A _E 30 T = s

KIS B U 5 B 2 AE DG 5 Sl AR TR RR 2R I 4% 5 I AE

HEWH: EHEHRRFAES (No.62276196) ; 110 A H S A & 7151590 H (No.2021BAA030)

FE4ES: TP391.1 XEkFRIRED: A XEHS: 0372-2112(2024)09-3195-11

F F 23R URL:http://www.ejournal.org.cn DOI1:10.12263/DZXB.20221274

Global and Local Information Aware Traffic Speed Prediction

SHEN Yan-song', LI Lin", HUANG Chuan-ming"*
(1. School of Computer Science and Artificial Intelligence, Wuhan University of Technology, Wuhan, Hubet 430070, China;
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Abstract: Facing the increasingly severe traffic congestion problem, the intelligent transportation system has been
rapidly developed and widely used, and the traffic speed prediction, a cornerstone task, has attracted much attention. In re-
cent years, deep learning has been widely used in the research of traffic speed prediction, and the research direction has also
shifted from modeling time correlation to considering complex spatiotemporal correlation. The graph neural network fits the
graph structure data of the traffic network and has become the mainstream method for modeling spatial correlation. To date,
most research works have noted the importance of modeling dynamic spatial correlations in the task of traffic speed predic-
tion. However, predefined or adaptive matrices for spatial feature learning are essentially static, and are not sufficient to
match the complex and dynamic characteristics of spatial correlations. Moreover, through the analysis of multiple real traf-
fic speed datasets, we find that the local fluctuations of inter-node dependencies are more dynamic than the global influence
of the traffic network, which indicates that the spatial correlation can be derived from the global and local angles. Therefore,
we propose an end-to-end global and local aware dynamic graph neural network model for traffic speed prediction. The traf-
fic speed flow is first decomposed into static components and dynamic components by the self-decomposition layer, and
then the dynamic graph generation module constructs a real-time dynamic graph for the dynamic components to match their
dynamics. With the constructed dynamic graph and the input predefined graph, we model higher-order representations of
these two classes of spatial correlations through graph convolution operations. Besides, we use causal convolution in the

temporal module to capture temporal correlations in traffic data. Finally, residual connections are used to aggregate spatio-
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temporal correlations and feed to the output layer for final speed prediction. Experimental results on two highway datasets

and one urban road dataset show that our proposed model outperforms state-of-the art models in terms of MAE and RMSE.
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LAY AR SRR ] LAREAIR 15.2% 19 MAE F14.5% 1)
RMSE.

PRk B AR IR L 2R AR 11 28 1 K] 43 4 e 5
et

(DGR B GEHARY ARIMA T A 5
775 B R, PR ok G2 b B A A 2 1 s T R 64
[F] A e 22 X623 [RD A G A R A8E . TR, % e A AR (1) )
RERK.

(2) {1 FH A AR MR O TR S 2 I B IR 2 2]
515 PR G B 2 e 1 4 2K BB 0 1Bk R R A B TR A
WA B 2 SRR AF L ARIMA 24945 5 25 1) Tmoks 22 . AR
B e R DCRNN, Graph WaveNet £ 75
T AR, 2P R T B XA ) A O
B AR HE 7 IR AS: T 5 e ) T A5 SR

(3) ¥4 15 sh 25 IR B 27 ST AR . M8 T Graph
WaveNet, MTGNN HI DMSTGCN {ii FH 44 3 5 25 18 () 5 =
A AR B T A AU OG M . TAS SCAY GL-STGCN 4k 7K
T AR A B 5 IRt — 253 T A0 A
235 A AH DM 10 B A5 AR Ak, 43 301 2 20 77 s MM 1 42 Jry 52
W) LRI 8 2, PR e ARAS T o I ) F00 5 2%

A A 7 SR A i 23 B GL-STGCN A TN , AR S
M SZ-taxi 454 1 BURE A 47 5 A8 49 A5, S H T
K 60 min 19 22 38 # B, H T L GL-STGCN #l1
MTGNN i) Fim 4%

WA 7 Fr7s , GL-STGCN Al MTGNN X - 3¢ i 3 J&
B o B P AT R A R AR (LT B TR ), i R
T SCIEN AT LA AR 25 (8] AH DG Y 42 JRy s il [ s, AR S
T T B T 5 (A4 5 3 ek B N (SR PR TR ), BT
GL-STGCN i 1 T H 43 i )2 0% 2h 45 o i ATl s B rh
o35 Ok A o 1) B0 285 R T BB IS IV A8 3 M BE 1 B A
Ak, PRI 1) T B AR P 15 2 B G b T A5
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h T A bR TE S HO LR RE ) RS2 R, AR SCHE
PETH i KA SZ-taxi B4 5 AT T 2K S 5050 1 52
5. BEBERUN S TS AL IE 2R M 0.1.,0.3.0.5.0.7
PUAME H R B i 2 R AR RHAE (T 4 rp i I 2
TE)BI4ERE N 4.6.8.10,12 TLAME RN, 528045 F 30
SRR 8 s .

Rl 8 (a) 7 , BEHIAE FAL IS 16 R 4 0.3 F10.5 (93K
AL T HABAE O, 77 19 RMSE IR 48 T/ %, 5 3
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®1 CLSTGCN EELEBAE=MHEE LWIHERIT L GRESN, NN ERENES)

Graph
T Metrics ARIMA DCRNN ! MTGNN DMSTGCN | GL-STGCN | #&FF%
WaveNet
s MAE 3.99 2.77 2.69 2.69 2.65 251 5.2%
min
RMSE 8.21 5.38 5.15 5.18 4.94 4.63 7.4%
MAE 5.15 3.15 3.07 3.05 2.94 2.77 5.7%
METR-LA 30 min
RMSE 10.45 6.45 6.22 6.17 5.66 5.30 6.3%
MAE 6.90 3.60 3.53 3.49 3.32 3.12 6.0%
60 min
RMSE 13.23 7.60 7.37 7.23 6.52 6.11 6.2%
MAE 1.62 1.38 1.30 1.32 1.15 1.09 5.2%
15 min
RMSE 3.30 2.95 274 2.79 231 2.18 5.6%
MAE 233 1.74 1.63 1.62 1.40 1.31 6.4%
PEMS-BAY 30 min
RMSE 4.76 3.97 3.70 3.74 2.99 2.81 6.0%
MAE 3.38 2.07 1.95 1.94 1.72 1.60 6.9%
60 min
RMSE 6.50 474 452 4.49 3.78 3.58 5.2%
. MAE 498 3.92 3.32 3.04 3.17 2.55 16.1%
min
RMSE 7.24 5.39 4.70 431 4.49 4.07 5.5%
MAE 4.67 4.03 3.36 3.05 3.20 2.57 15.7%
SZ-taxi 30 min
RMSE 6.78 5.50 4.47 32 4.53 4.1 5.0%
MAE 4.66 429 3.42 3.08 3.24 2.61 15.2%
60 min
RMSE 6.77 5.77 4.83 435 457 4.15 4.5%
70 70 —Ground Truth
60 — Ground Truth 60 GLSTGCN
MTGNN
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1 .
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5.5 XtEbikse

AR T e 8 RO 2 AR SR GL-STGCN fEdk T
TE BRI AR B RO T G, MAE 15 22 B AIK
T T 16.1%. HERFTREE R T ERSZ 3 H L
AMERIA R 52 e , FBORE O SN A A 28, s (Al AH G
SEOAMMELAEA . PRIk, AR SC3d 3 X b S g, i — PR R
WA — Ao} AR 2 [ A DG s i Je . it T T
DL AR (10 AR Fofr

(1) Variant I :f# ] S-GCN Z B D-GCN i H | L)
6 30 2y 285 PRI RN T3 S A Sy 0 8 R R

(2) Variant I : BOH$2 T B 730 f# )2 , AU A D-GCN
P B ok A a5 A A I R 50 R AT B A T A
RO

T A 7S R A = AR AR B R L e 25 R ke 2 i
A Gl R ) IR VN e R NS Tt £9 B b 151 6]
T 2 B, FRATX = AN LE L 60 min Y I 45 AL 1
TR BATHE, e 9 i .

18.00%
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14.00%
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10.00%

8.00%
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4.00%
2.00%
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Variant] VariantII Variant] VariantIl VariantI VariantII

METR-LA PEMS-BAY SZ-taxi

u MAE = RMSE
€19 ASfRAH 53 GL-STGCN By T 15 25 19 /i 1t

M MAE Fl1 RMSE W A~ B & br 1 b, #H% T GL-
STGCN [ 75 1 43 B 1000 24 L, Variant 1 B 1% 22 7
METR-LA (4 45 & Tt T 5.40% F17.00% , £ PEMS-
BAY 3t 4E I T+ T 6.80% F15.02% , 7638, 117 18 P& 54
£ ETFT 6.89%.6.50%; Variant I 1) 1% 2% 7E METR-
LA $¥E4E B BT T 9.60% Fil 12.11%, 1 PEMS-BAY %
P BT T 11.87% F110.89% , 76 3 T 18 i 4 ¥ 4 |-
FF T 16.47% .10.84%.

XFF Variant I, 76 =504 46 1357 B 9 35 0 2%
IR W R0 SR P U B AT S A M i s A K]
AT DL AT B SR AS B A b A A3 . [ X
F Variant IT , H: M AY 1R 22 2578 K F Variant T, X 3B
AU FH 2 75 IR N I DUBE T sl 285 i 28 I 25 (1) g
MR A )2 0 B A A sh 248 o i JFAR B

%2 GL-STGCN R ETRELHIEE LT L LI R

T Metrics | GL-STGCN |Variant I |Variant I
MAE 2.51 2.64 2.70
15 min
RMSE 4.63 4.98 4.93
MAE 2.77 3.01 3.05
META-LA 30 min
RMSE 5.30 5.68 6.11
MAE 3.12 3.29 3.42
60 min
RMSE 6.11 6.54 6.85
MAE 1.09 1.10 1.29
15 min
RMSE 2.18 2.16 2.60
MAE 1.31 1.37 1.62
PEMS-BAY| 30 min
RMSE 2.81 2.80 3.44
MAE 1.60 1.71 1.79
60 min
RMSE 3.58 3.76 3.97
MAE 2.55 2.70 291
15 min
RMSE 4.07 4.31 4.37
MAE 2.57 2.74 2.96
SZ-taxi | 30 min
RMSE 4.1 4.35 4.46
MAE 2.61 2.79 3.04
60 min
RMSE 4.15 442 4.60
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