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[ Abstract] In recent years, spatial-temporal graph convolutional network (STGCN) has been introduced into traffic flow prediction,
which has good spatial-temporal traffic data modeling ability and has achieved advanced performance, but there are still two problems
(DTraffic flow data have strong temporal and spatial correlation; @Static pre-defined graphs are difficult to capture the spatio-temporal
dependence of dynamic changes in traffic flow over time. To solve the above problems, a new spatial-temporal decomposed framework
(STDF) was proposed, which used residual connection, forgetting gate and update gate to organically connect time module and space
module to decompose and predict input information in multiple dimensions. In addition, by instantiating STDF, a new traffic prediction
model based on input traffic signal decomposition decomposed dynamic spatial-temporal graph convolutional network (DDSTGCN) was
proposed. It captured the spatiotemporal dependencies of traffic and designed a dynamic graph learning module that takes into account
the dynamic nature of spatial dependencies. Finally, two real traffic flow data were used to compare with the existing traffic flow predic-
tion algorithms. The experimental results show that the proposed method has good performance in the accuracy of traffic flow prediction
and can effectively complete the traffic flow prediction in the real scenario.

[ Keywords | traffic flow forecast; spatiotemporal graph convolutional network (STGCN) ; spatiotemporal correlation; space-time fu-

sion; dynamic graph learning
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Fig. 1  The spatial-temporal correlation diagram of traffic flow
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L (11) e, € ROEGHIASRKFTIA  BRRAA]
PIEZ RO

TR SR AT 2R 2 A W WE W e R

Ak tR AR WO 5 R TR R BRI
H"™[.,i,:] = Multihead(H"")

= Concat (head, ,--+,head, ) Wwhere head,

= Attentiong (H"")

Jd

= softmax

(12)

A (12) e H e R™ T SAE R B RHE, 10
Pl 4 FE s B4 SRR RO AT AT

T JZ X H b sE e A R R 7, RS —
ANEGECR S B A2 OIS T 22 A 0 B OECIR 2 R
H™ =[Hy) HY - Hy T R R — 2 1
AR ZS HEATICEL A U A R TN 25 2

SR R IT AT U BRECIR S AT A
iE AR £ 1 2 fig 0 AR 4 b T AL AR 5 0 41
xu" =o (H™ W™ ) DTS 15t 206 3015 5 6 HOIR
ATV TR,
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I
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Fig. 4 The time model
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3.3 EHEEES]

LA A I 23 P 22 [0 2% ( ST-GNN's ) F A6 B 7 52
TE PO [R] R HAS AR R AR 2D, B R AR R B A%
O AR R A R G TE 25 W) 48 B 1 A O e A
H— AP B R, I E AT G R — BB RN
#% ( graph convolution network, GCN) STy — Fof A A
XPHHAT B, AATT 32— 25 R B O AU H A
BRI ZE A (1540 RNN . CNN | Transformer 2§ ) , A
478 B2 A2 0 B8 v 52 % g I 228 G HK

ST-GNN 38 # B¢ 745 8] 5 £ 27 > 1 GNN,
PR P T i) T AR A £ B R RNN B CNN 3 i
GCN $2HC T AR B Y 23 18] ¢ & |, I i 2o PR R
TR T B AR, T DA A e, K2 BIA 1Y
ST-GNN B 5eAe 8 i i SO & i 2 19 11, 8% )5 %)
F R A TAIESE .

SR, T Y AT BEAS JE DAL 75 52 2% 1) 28 38
B s T A A SR . TERZEIEN T, X
FE 0 L E g X6 DX 8 2z ] A RROTL LA R B A e, (H
ST R BT HOC R S SR, 8 iR
e A I IS 2 IR B O AR R 10 45077 A 2 ]
FIPHOC R B AR AT, X B R A SCRT 23
TR AT 0 23 ] A ( B PR 2540 ) AT ) 3%
H 1M, AR SR %) Ak 2 B 5 0 i R A& s 2L ok
Bl A Hb R T SR Hh R 454

BACR UL, B2 10 T —Fh 3 N R g5 R 2 S A
4, 23 WA OUE £ B2 A e AL P 54 . B
M, WAL A AR TR 2 ) 25 8] 56 & O
PR T IR AR S B R, I T —
AN BRI 2% F F I 22 4> s s 1) oK SR 28 i IR
B AT LA AR A 308 0 % 2 8] O 2R FTHS ) 49 14
3.3.1 EMAFEF

(1) NEW &, A 45 A i 28 ] 5C FRAH X AR
JE R T EATNAEASCHE, SR, FilE SCIY <
FERERE A AR S W B o 3ok 2 Pl X UG B 5 A
1, Pk, e SCAREERE FE A AN 2 DL & B A i
HAE B, R Ry 5 22 38 AR B0 AH G 1 — S8 B % R &R
[ 41 POI ( point of interest distribution ) 4347 , X 3 2
RE | W E SO Z2 0% S, it T — AR )R
W I e 2 A DA R B 2 1w A K 15 L

A H AR A R TE A AT AT e e 45 B A L
T HAZR A 2R 2T Y T A 2T ME DU e L
LR B B3R AR5 2 ) B B OC &R T
ABNHUE LA 0E R A, LS ELE B A 7T,
SR B BT AR K B 1 Ry T A A
UG w5 %, 43 0l X R R R MR B P =
A/rowsum(A) Fl J5 1 ¥ % M B P, =

A'/rowsum(A") IR HGEFRONFEBAERE P, P A
R A TRUE SRR
B A SC R TR RS 1Y 2 AR 56 B A, Bt
EH
A, =P +AA (12)
K (12) . AA R s s I ZRBRGEOC &R
LR PSR A AT M2 (R 2 B2 () R A ( E
E' e R ) #ATLAF IR AA 1)
AA = softmax[ relu( E"E" T)} (13)
XFEARR T EEE L% MEEE € R B
UFALAE T AT AT T8 2280, Il I R0%
3.3.1 WULFAES T
MO R R SRR T
A 30 AT A A R B Ak 33 A8 3 AL 4 R
(R RIS B8] G v g B[], SR TR o B A 3 S8
P79 A5 500 SR S AR 0 1Y) T PR A DG R A aE i
U8 SR R B A DGR Bk IR R LKk s, R
PR, AR SO P 4 2K I R] 7 471 — B i ] P4 7 g B
{58 B RI4EEE R RAE( TY e R™ | TV e R™)
Fizs [ 4EBE A RHAIE ( E'E' e R™ ) VERTT R M3)
SHEHE, B erE i embedding S50 55 )5 K&
ATPHE . AR
M = Concat[ FC( ﬁlXL,) . 17" ,E"] (14)

t b t t

Md

A MY M« R SR A TR A R
ARSI RORHE (5 8 | S0t e W1 51 C
R,
ARSI VLTI B3 A 22 I, o S LA D
M SRS MR HIE R 2D 7 L2 25T R
X5 SR BB (-, ) S A 2 Y
Aylij] = QD(ML'Z”,') =M. Z‘le’

c :
Concat[ FC( ”1X6),TD T E'] (15)

[ A

1<ij<N
(16)

A(16) H: Ay [i,j] FRon el i e ZIERY
MRFR,

BT AR SCH R SRR s 5 s IR B
W FE B2 ) eRAC AT DL B e A U

A, = MM" (17)

T DL AN AT A ] A A 3 002 IR A
FISBIEAE RS A, FIROULZ IR B R SRIEAE I Ay o R
T RS 3 i ROAT 55, 7 R R L A5
A W A SR R T relu 807G PRESCR R, I3 1k
A — {075 2] [ ) SR EE AR 2, /D

A" = Norm[relu(A,, +A,;) ] (18)
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1E B IR RlG o R ] DUR) TR AR i1, an
HEREIVLG, FEARSC, SR AR Mz E, AW
B ARSI R B 20T DLBGEEA AT B A PERE
3.4 HWHAINEHE

WA 1 JZ PR v ISR B =
CHY CHY - JHO ) FVHE™ = [HYY HYYS -

HyY | el A2 S B BCR ZS HEA T AR N, 1

L-1 L-1
H _ Hspa + Hlime _ szpa,l + ZHlime,l
- f f - f f
=0 =0
L-1 L-1
spa,l time, [
= [ > (H™ + Y B,
=0 =0

S (Hp o« YHED . (19)
1=0 1=0
SRIGAR SR SR 2 2 P2 A S Tl 12 o
REFAT H A R B 809 s A e T AR
i R K T R s y e RV 2
SEHIHy e RO ASCA i MAE 15 A4
PR, BRI R IR 7 R A R | B
Tr]\;C Z 2 Z | 3A”i,j,k = Vi |

out i=1 j=1 k=1

L(y,y;0) =

(20)
2(20) N A A R T, BT AL TR
C‘oulﬂ‘jgﬁ%":l:ll éﬁg o

4 SEIf

4.1 HUIE&EHR

R G AR IR A A5 | AR SCHE S T 1Y) LS
AT B AT T SR, A SR R A
wr.

PEMSO04 £ 7 [H 4 1L 185 X ( 38 = hn 1) 48 J2
IHA LR X)) 29 F% s AN [ 307 /SR £5%, 2018
1 H1 H—2 H28 Hx 2 MHBEHE.

PEMSO08 2 7 2& U1 4f 3 145 i1 ( 32 = A 4 Je
P R — JEIR T ) 8 Ak 2 % 170 A4 4% ,2016
47 H1 H—8 A 31 Hix 2 M SR,

PEMS04 F1 PEMS08 % #g = #E LA 5 min 14 B 1]
Vi) o I A 2 30 5 i , 3 7R A Bl S i A g
BAEME 1 s,

x1 AXHEENFITER
Table 1 Statistics of Datasets Used in This Paper

FISES AR i FEA
PEMS04 307 680 16 992
PEMS08 170 548 17 856

4.2 EBE&F*®
YeFE—HEEA M RMERY T30 38 3 FUAE 55 1Y

ER7

(1) HA (historical average model )", [jj 13
R,

(2) VAR ( vector auto-regression ) 200, ARG
(RIS TR PP ) 2P AR 1Y, Al i ) e 4] 5 HC o s (8
ZIRIR AR,

(3)SVR ( support vector regression ) 2" . B2k P
SR AL T2 My i R 51 [ 455

(4) FC-LSTM ( fully connected long short-term
memory unit ) 2 AR RO AZ BT B A
AR R0 4 | A AR I Ta) 44

(5) DCRNN"" ( diffusion convolutional recurrent
neural network ) : AR R IR L 4% ARG T
BRI HIT

(6) Graph WaveNet " . ¥4 74 TCN F1 GCN 2
WATIRZWE S, DARI A AR B 28 A ek

(7) ASTGCN'™ , i F i 25 1 28 HL 4 42 22
T B 1Y B A A3 RHAE

(8)STSGCN'™" . & A5 Rl Al 2 Jo i Ak 1 i 2 A
NE I PR 23 B 1) S ok

(9) GMAN*' J&— A EEF IR I BRL, T
2% ) B[] AR 46 1) 3 B T

(10) MTGNN'" 3 3 2 [ B H Y mix-hop £
)2 BB Y dilated inception 2 F1EE 41 Y
EZ 2] 2 T Graph WaveNet,

(11) DGCRN"®' X} A5 b A7 #4813 T —
T3 110 20 285 1 465 R VA S ok 4l 3 A2 3 1% 5 g I
2SI
4.3 ZRIMENSHIZE

Bt £ RTX 3090 iR, ¥ Epoch % K 300, %4
2} PEMS04 F1 PEMS08 , R —A> /N 12 /> 55T
W —A~ /NI 12 A4~ 650, #E3 K /)N batch _size 48—
BCE O 32, WU [ 2 15,30, 60 min, X T
PEMSO04 FlI PEMS08 , A 3Cfill 1129 60% B8 il T
W% ,20% m%HE T, R 20% FITERIE,
H# T 15 min( horizon3) ,30 min( horizon6 ) £ 1 /)N
i (horizon12) 7E MAE .RMSE F1 MAPE #§#5 I ik
i
4.4 KBERSHH

SRR 2 iR B EF .

(1)DDSTGCN £ B A %4 4 1 B 44> horizon
HRORIF A SR AP PR RE , BE TR A Rk

(2) FETURBE % 1Y J5 i I T 5 TR 40
(7745 (HA VAR (SVR) , 15t B X T T 52 3 3t 1)
R BE 22 2] B AR

(3) TEIREES 2T (R 5[] A%k i 23 AR 1
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Table 2 Comparison of model prediction accuracy
SRR Him @ Horizon3 @ Hoﬁ?oné @ Horizonl12
MAE RMSE MAPE/ % MAE RMSE MAPE% MAE RMSE MAPE/ %
HA 28.92 42.69 20.31 33.73 49.37 24.01 46.97 67.43 35.11
VAR 21.94 34.30 16.42 23.72 36.58 18.02 26.76 40.28 20.94
SVR 22.52 35.30 14.71 27.63 42.23 18.29 37.86 56.01 26.72
FC-LSTM 21.42 33.37 15.32 25.83 39.10 20.35 36.41 50.73 29.92
DCRNN 20.34 31.94 13.65 23.21 36.15 15.70 29.24 44.81 20.09
STGCN 19.35 30.76 12.81 21.85 34.43 14.13 26.97 41.11 16.84
PEMS04  Graph WaveNet 18.15 29.24 12.27 19.12 30.62 13.28 20. 69 33.02 14.11
ASTGCN 20. 15 31.43 14.03 22.09 34.34 15.47 26.03 40.02 19.17
STSGCN 19.41 30.69 12.82 21.83 34.33 14.54 26.26 40.11 14.71
MTGNN 18.22 30.13 12.47 19.27 32.21 13.09 20.93 34.49 14.02
GMAN 18.28 29.32 12.35 18.75 30.77 12.96 19.95 30.21 12.97
DGCRN 18.27 28.97 12.36 19.39 30. 86 13.42 21.09 33.59 14.94
DDSTGCN 17.48* 28.76 " 11.77° 18.25*° 30.25 " 12.21° 19.42* 32.16 12.89°
HA 23.52 34.96 14.72 27.67 40.89 17.37 39.28 56.74 25.17
VAR 19.52 29.73 12.54 22.25 33.30 14.23 26.17 38.97 17.32
SVR 17.93 27.69 10.95 22.41 34.53 13.97 32.11 47.03 20.99
FC-LSTM 17.38 26.27 12.63 21.22 31.97 17.32 30.69 43.96 25.72
DCRNN 15.64 25.48 10.04 17.88 27.63 11.38 22.51 34.21 14.17
STGCN 15.30 25.03 9.88 17.69 27.27 11.03 25.46 33.71 13.34
PEMS08  Graph WaveNet 14.02 22.76 8.95 15.24 24.22 9.57 16.67 26.77 10. 86
ASTGCN 16.48 25.09 11.03 18.66 28.17 12.23 22.83 33.68 15.24
STSGCN 15.45 24.39 10.22 16.93 26.53 10. 84 19.50 30.43 12.27
MTGNN 14.24 22.43 9.02 15.30 24.32 9.58 16.85 26.93 10.57
GMAN 13.80 22.88 9.41 14.62 24.02 9.57 15.72 26.00 10.56
DGCRN 13.89 22.07 9.19 14.92 23.99 9.85 16.73 26. 88 10. 84
DDSTGCN 13.39 " 21.72° 8.68" 14.25* 23.67" 9.22" 15.54" 25.99* 10.15°

T FOREALPERE,

P T FOG s ) AR 1447 S ABE 19 J7 7 (FC-LSTM) |
Ul FH X [ RN 25 (] [R] B A 7 s
4.5 HREAZW

SHUE AR RIHE SR STDF S [A] AR Y | 2 (1] A5 Al
MR AR SO 2 DU = A7 T T I Al g

Wt T — AN STDF [BERY 75 RSB 25 e
B R BRPE SR VRV T [] A i B s B [ 452 U R
23 AR AT 145 A 44 0 W/ o dec; #If2s fi e
F14) i (RS2 RN 28 (B ASEHR T 1447 46, DA S Uk e A1)
AR, 544 A switch,,

WAL W/o gate 25 B T B AU 4 35 52 1T,
W/ o res 2R T AR R 22181

Wit W/o apt HTIYEE L FRS K s S E
((ﬁl@%?ﬁ]j&@'—?’g*ﬁﬁ%) ,iﬁﬁ“ W/o0 timeRes 2%
TR R Y 5 22 B T W/o GRU Bk T I
[FIBCAEL Y GRU A8k, 531 W0 MSA Z3BR T B[]
BIRIMR 23k BIERJZ, W/o AR L8817 il [T
FONSREVEE S NTIPEACcR S SRS R ey S € 27
T,

Fix SRR AE PEMSO8 HEAT 5256, 45 SR 5k 3
Bz LA H

TEHEZR 4544 )7 T, DDSTGCN FL e A fifi Ffl STDF
1) W/o dec A 45 2 I PL 5, IXUEH] STDF /94 2%
P, switch 2R B4 B ] A5 HR A 25 () A5 et 2 A ik
FHIWATE, W/o gate Fll W/o res R FIGk 22
HEAENTT STDF B HEE

TEF BT 1, W/ o apt 76 W 5 25 8] 2 ) B
Howh 23 [ B 8 B G B A 8. W o time
Res FRAA ST 114 55 22 Bk 32 38 10 (9 45 3%
P, W/0 GRU F1 W/0 MSA 2 BH % 3 K 30 A0 e
X F I AS I8 i B, Wo AR KB A 1] )7 75
W7 LTI RE A SO R

5 #ig

AT SRR AT LS 2 LR 2518

(1) BRI T —FloBr A2 HESR STDF , 4 i
(IR 2 AR A7 545 B o2 42, AT B
LU Er il R DR EPS

(2) e HER b, B I A0 S0 B3 1 I (] A Bk
S (RS ER , 7 s (] A6 R v g 39 s 8] e 37 iR 47
TR ) RS AR P T B AR R T —
MY EE M4,
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Table 3 Ablation study on PEMS08
pim @ Horizon3 @ Horizon6 @ Horizon12
MAE RMSE MAPE/ % MAE RMSE MAPE/ % MAE RMSE MAPE/ %
DDSTGCN 13.39 21.72 8.68 14.25 23.67 9.22 15.54 25.99 10.15
switch 13.40 21.74 8.68 14.26 23.71 9.27 15.53 26.03 10.20
W/o dec 14.15 22.41 9.51 15.32 25.06 10. 86 16.89 27.36 11.42
W/o gate 13.85 22.21 9.01 14.83 24.06 9.66 16.54 26.79 10.96
W/o res 13.59 22.14 9.05 14.52 24.42 9.74 15.93 26.71 10.62
W/o apt 13.51 22.17 9.31 14.39 24.21 9.76 15.97 26.53 10. 46
W/o timeRes 13.29 21.84 8.85 14.39 24.22 9.54 15.77 26. 60 10.50
W/0o GRU 14.11 22.21 8.96 14.93 24.14 9.82 16.27 26.53 10.53
W/0o MSA 13.80 22.14 8.91 14.51 23.83 9.41 15.64 25.81 10.21
W/o ar 14.31 22.47 8.92 15.39 24.47 9.72 16.44 26.72 10.56
(3) KRR IS/ 36 0 R RN BN S e Bl AT [7) (RS SEFuciny LSTM 4 Sl B [ D], ki Kk

JRIRSAE, OF H B T — A sh a5 Bl 2 I Bk, 52
I ZR G 7 WUV A JEE A7 P 2 T, AT Bl 259
R B IR 2% 1) 2 TR AR

(4)1E PEMS04 1 PEMS08 FHE4E FHEFTH R

SR R W, AR SO R R AR B TR A R P RE
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