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Abstract

Traffic flow forecasting plays a crucial role in the construction of intelligent transportation. In or-
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der to fully exploit the spatial correlation between nodes in a traffic network, this paper proposes
a deep spatio-temporal model STREGCN based on heterogeneous graphs. Firstly, this paper pro-
poses to abstract the traffic network as a heterogeneous graph to enhance the graph’s expressive-
ness, and then fully capture the spatial correlation of the traffic network. Secondly, this paper uses
one-dimensional causal convolution based on linear gating units to fully extract the temporal cor-
relation of traffic flows. Finally, this paper designs the output of the spatio-temporal convolution
module to obtain the final traffic flow prediction results after a fully connected layer. In this paper,
traffic flow prediction experiments with prediction intervals of 5 and 30 minutes are conducted on
the open-source traffic dataset PEMSD8. The experimental results show that the STREGCN model
performs better than most baseline models for both short- and long-term future traffic flow fore-
casting tasks.
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Figure 1. Model framework diagram
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Figure 2. Definition of heterogeneous graph

E 2. RREMEX

3.2. BRI 4FERBUEIRNT 4
3.2.1. ETLRREERBEME NS B FHER

FEBLSEIIR T 2@ A, AFE RN CURUE B, B AT S0 @ 4% 1 2 (R RRAE SR A, 15 20 B Xt B s o
(IR T AT AR 5 o BT A 5 0 S Wl P (0 A, K 0 o B 11 1) 2 3 B T 35) ZE T SRR A
RN SN, ST 15 R AR 112 18] FA T8 B4 5 0 S P P B AN I

REGECN ¥ 55K 154 S A0 1% BEER AS R3EAT 0 4L, SR AN S AR UCR F GON [ 532
BT ER, HAFE AT URIRA:

oz

reR jen! Ciy

1

1

W HY + wg”H@J )

ot 1 FoR TR IR R, R BT ERR I, B R N AAE RIS, o MRk
B R N RMES, N RARNES, N FRSY M6 r LRI EES, C HIEMLRESE, w!

DOI: 10.12677/csa.2023.133038 403 THEAURF 5 R


https://doi.org/10.12677/csa.2023.133038

BN

TFARER) | BN KR r OBERER, W) RRERE 20, WA A SR ES . AR
BT H AR SO AT AR 11 s AT RFE AR BN EATHRHEE B, 285K KRS 2 RS B AT
LR, B NSRRI RIS B 5 B S MR T RS .
3.2.2. BT E)EFRM AR EHFEHR B
P T 5 368 X 28 34 3 s R A %, R Ahb Ak FER A S 9 o P B 5 N o AR B ACR A R m R . RN
PRSI R B R ER D SH, v LLRIRIR TR A (I ZRId R, BT DAA SCAd F — 4R R A RN 2 1)
P B TR AT @ R W TR AR DG, HRE N0 R fiow:
D(x)=R[T(x)+ £ (x)] ©)
T(x)=fi(x)+S[ £, (x)] ©)
Horb x IS, R(x) A ReLu dRZetEBumms, HEERER WA (6)FR, f(x) WERERIE, H
HepFh R ()R, S(x) v Sigmoid IELMFIE AL, HAFEREAMXG) iR R(7)_—4EH
REMBCERIE, HARREE n M ou TAFE, kR jEARRAE T H ) R bR
1

S(x) = = (%)
-1
f,.(k):h(k)eu(k)=2h(k—j)xu(j) )

3.3. HitHEX

BN R HE S P A 25 STREGCNBlock #EHE, HIEMRN X e RZM ) Horp B it &
KN, NIRRT S5, PN ONFHERCR:, A AFHMEREEECRE, REENGEHES, Fit)2
L BF 1] 44 J22 P A5 FUKs 2 i ) R O () TRV B2 AT 6 9, B R 5 PRI — AN R H e 44 1) T 4
i, BARAR®) R, Fodr P AT BIE [ KN, C Ay EPRAS @I 5L 64, NTI BTG E] K/,
T 203 1 2 (R B 2 A J B 1) K/ o

Y=w,[f(X)]+b, ®)

XeRBxNxTXC’YGRBXNXP’T:(NTI—zxs)XC

4. LI
4.1. RS

ASCAE DI RIAR B M B s A BR AS 1B B 45 PeMSD8 FI&IF T STRGCN 58!, %45 4E i Caltrans P
FE R G5 30 ML EE—IR. 1ZRGEMNFAEE WIN ) m A B EERE T 39,000 MRS, Hdk
LR S AL R I M PR B, DB A A R Y . PeMSD8 Hi3tA 170 MRS, ASlEEEE 5 /04
MR, AR B AR 2 288 AN A .

4.2. SCIGIFER
ASCAEH Adam /£ STRGCN R Ak 2% » BRI SR BRI B FUZ KN A 1 % 3, Y ZR24 2158 0.001,

DOI: 10.12677/csa.2023.133038 404 THEAURF 5 R


https://doi.org/10.12677/csa.2023.133038

BN

FRSHOLE N 0.9, HUCKNEN 50, IR EN 500 ASCR BN B n NPy, —if
I RN A LE 60%, 53 —3B5r RIASE T LE 40%. iZARA [ SL B AT Python 1G5, i DGL [38]H!
Pytorch SRARIE A . HRAE N B S A FEEDN 0 HO7 2208 | IR A R AL EE S5, 28
JEAE I 2 SRR AT AT A6 3%, B S5 Y Adam B2 T FESLORIEAT I a6 5, DURICILE S 4.

4.3. EE O

AR T 7 a0 iR 2 (MAE) A4 75 AR 2 25 (RMSE )X AR AL I 2R 25 SR EAT VE A

o IEIEMHIGGRU): — AN EMBIEMIEH LN L, 0T DR G (3R IR 7 2008 A i 1 5%
R, HFHEMSHET D, EHTHERBR ML,

o KEIBHMEAML(GCN): & Al LIXTE S5 2505 BRI R RS BRI 22 ), SLRIAR B R A
T RURFIE 7 R T R (] 45 K D AR 2 FE B

o B ML (STDN): HoIi i it & [ 4L R PR IR DX I 8] (1) sh 2 2 (Rl AR UL, i o J A e vk
L1 K SR B2 T 1) ) B AH BA

o BRI LML(T-GCN): iZMRALES T GON A58 4 ¥ 50 GRU. GCN H 2231 8 2140
FNEERARA IR ARG OC R, GRU T 21 A8 I8 U8 (1 3 25 A0 KA SR BT (R ARRAIE o

o IEEBRNL LG (STGCN): B AT LA A2 8 It i B 18] 30 245 A 25 Rk A7 B . R SCEIS g
TP LR GRS, AN K A I R R B I A (L P A )

Table 1. Error performance of each model on PeMSD8
% 1. PeMSD8 L& RBIHIRERI

5 5 30 44

(R e
MAE RMSE MAE RMSE
GRU 5243 81.56 61.56 95.63
GCN 53.52 83.23 60.73 93.12
STDN 46.49 76.21 51.25 80.23
T-GCN 43.23 63.36 44.59 68.43
STGCN 40.68 58.22 40.80 59.56
OURS 38.26 56.43 39.23 57.92

TEARSZIG H,  FRAT B B BE AT IR e A e . FRAT T STREGCN #EAY [ Film 45 S 5 5 A
FELRRITY (R 25 AT T e, A 1 ATLLE Y, GRU A1 GCN £ TR 5 68 25 Bl i) 22 38 37t B2 i e S80S e
ZE o AE S A ERAT 30 b R TP K, GRU ) MAE {H 43 3 =& 52.43 #1 61.56, RMSE 1545l /1% 81.56
A1 95.63. H4h, GCN ) MAE 15 51k 53.52 1 60.73, RMSE {843 =ik 83.23 1 93.12. GRU #l
GCN 43551 F T BF 18 F B0 R0 23 8] 3 90 A . EE, G SR AR 2% 1) A S It A 250 AT A, (AR S N
() AF DG P AR 25 () A DG M VR AR U L & B5df - TR, S 7 MBS 28 (0 T 00 &4 SR B A 2 rh B 22 11

5 GRU BiBUAHEL, STDN BLEUFERS 25 5 0 h Al 30 0PI MAE 205l BEAK T 11.3%H1 16.7%,
RMSE 73 AIBEAI T 6.55%H1 16.1%. JL4 STDN I TRINIRS LA Fri s, AH i T H R B8 s i) 2 TRl AH 56
PRI A AR S RS, A5 T 45 AL B AR . T-GON A& 7F GCN H LI GRU 4 e (il 45
¥, DAL [A] 7 HFE . 5 STDN AL, T-GCN BEEIZERTAI2E K 5 2380 F0 30 738 iS 1) MAE 43 FA%
T 7.01%F1 12.99%, RMSE 7 HIFFE T 16.86%F1 14.70%. STGCN #i%t1— 2 GCN AW JZ 41 W 2% 41

DOI: 10.12677/csa.2023.133038 405 MR 5 R


https://doi.org/10.12677/csa.2023.133038

R 2 B AR R . HLTZE B 5 TCN AHEL, ZERFEZE N 5 2080 A1 30 2040 A5 T, MAE 29 51 BRI
T 5.89%7K0 8.49%, RMSE 43 BIFEAE T 8.11%F0 12.96%. STREGCN A FH Sty B sk py i A8 3@ BRI, 3X

5 L A8 % B L 1t P 2 K B P R I AR S

R REGON RFRIUE FUHIFAE, TCN AR

AR ePE. M 1 ATRAE H, STREGCN HEHYZENT b () S 4o i A ch B I 47« ZEINH RIS R 5 2040 F0 30 43
BGOSR, B STGCN 7E MAE fa 5 4> B2 5 1 5.94%F1 3.84%, RMSE 43 Al 17 3.07%F1 2.75%.

4.4. EMSEW ST

N T RESE BV AR LA SCHR H AR A OISR, FESEER IRER YT, A SRS T AN SRR, A
5’8 GRU. GCN. STDN. T-GCN Al STGCN, k5 STREGCN #ATX . FATTEEHLE PeMS FRaML
T — KBRS, IR BB IR A RIS, SRS IR — B B A I U B U AT AT AL, AT
Bl AN AL B T AR 5 LS AB 2 RN 220, &) 3 e

Flow —Ti Ours e GRU ° Ours * GRU
600 600
500 RS AANDLIPR, 500 -
//" v \ i
\ 400 #oc” oo
400 8! 3‘\:‘. -
\, g
Ay e e s i\ £ .."'“".'."—' o saf!
. e | 2300 x .
300 erteeents 2 . © e 3
{ % = I MN’.'
’j 200 B e T
00 | i )\ 258 .
k i b |
. ) i \\ 100 .."4:‘
00 % e coo®®
e i . L
. T 100 200 300 400 500 600
1 101 201 301 Time True
(a) (b)
Flow ——True Ours e GCN * Qurs ¢ GCN
600 600
500 P AOADNIPR, 500 3
P rpt 0N "
g \ - o
400 5 Q F ot
X ; \ i e »
;i 2300 S o o
300 : \ g TR S
3 RN A~ 3 3 w00 ogled &
-, H o A PR T °
e H 200 oo g ol .
200 A £ ,‘t.:'!?' ld
; \. ¢
. [ w
100 “\, / s \ pro © °
. 100 200 300 400 500 600
1 101 201 301 Time True
(© (d)
Flow —Tru Ours e STDN * Ours ° STDN
600 600
500 500 J
S|y
400 S e
400 o .
£ AP -'.-’:.‘ ]
M 2300 T
300 T ¥ all g :3' .
S o .
° RPPD
- 2 gt
200 G
100 grds®
100
0
) 100 200 300 400 500 600
1 101 201 301 Time True
(e ®
DOI: 10.12677/csa.2023.133038 406 THENUR 5 R H]


https://doi.org/10.12677/csa.2023.133038

BN

600

600

T-GCN ° Ours ° T-GCN

Flow

101

201

(h)

STGCN © Ours ¢ STGCN

600
il
- Pl
S

R

PN

L vJ

© .l.“..ﬂ..

| °e

300 400 500 600

(M)

True

0

Figure 3. Comparison of the baseline model and the fitted real data of STREGCN
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