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Abstract: Most existing methods ignored the impact of spatio-temporal coupling correlation, spatio-temporal variability, and
external features on the accuracy of prediction results. In response to the above problems, this paper proposed a spatio-temporal
attention graph convolution network model ( attention-based spatio-temporal graph convolutional network, ATST-GCN) for dynamic
traffic flow prediction. An attention-based bidirectional GRU structure was proposed to extract temporal correlation from dynamic
spatial sequences. A multi-layer GAT ( graph attention network, GAT) convolution module with residual connection was constructed
to deeply extract the dynamic spatial correlation. Time-varying features and constant features were integrated to make full use of the
joint effect of external static and dynamic features. The PeMS dataset was used for verification of the accuracy of traffic flow
prediction using PeMs dataset. The experiment results showed that the method proposed in this paper could effectively improve the
accuracy of traffic flow prediction and was better than most existing advanced methods. On the PeMS08 and PeMSO03 datasets, the
method of this sdudy improved 13.44% and 10.96% relative to the STSGCN model,21.41% and 21.32% relative to the T-GCN
model, 8.04% and 6.55% relative to the STGCN model, 3.23% and 2.80% relative to the DMSTGCN model,2.29% and 2.00%
respectively relative to the Trendformer model.
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AR TR, HA AR 5 S48 T80 A A R
B, BTy B {292 5 vk HRE X i AR 22 il
DLEL AT TN, Z0WE T2 A A X R Ak Y R
T HLIE AN REAR G i 480 G B TR ARRAAE 38 5 P00 0HS 5 48
/., SCHR[ 18 1 il ARIMA A5 & 3 47 A2 38 i 12 i
DU 15 S vt s P A - A A2 I o 5080 e 72 Sl
R ACE it B, SR J5 AT AR S B0 B e
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TP 0 45 1) 2 (6] A DG () s g st e i) 25
I T B 14 B ) A ] ) S 5 e 50 o 2 A
DAL | S A S TR R U 5 SRR 45 ] 7
T 2 R Y A2 3 A e T A R Y B A 5T
sk N G TR N - SE R E TR T

(stacked autoencoder, SAE) HL i [/ A% AU i) & 2
I SCHR[ 46 ] St —Fh 4 & T B4 T
WREATT | AT 555 2 RN 43 1 T S AL 9 3 22 5
TN T
12 DERBLE

1 MR 2 Jr s 1 Sl JUAR ol i BE X

SO0 PP S0 S T I TR R ) £ R

F 1 JEISE BRI 3R
Table 1 Introduction of short-term traffic flow prediction models
XTSRRI APEIAHSCHE WSz RIAHSCH: A8z RIAHSCH:  SRERERIEAR] A iEiEES
[28] KNN-BILSTM X[i LSTM  KNN Ti T B ]
[29] CNN-BILSTM M1 LSTM  CNN Td & Tl e
[30] Bi-GRU X5 GRU J JG J H v
[31] GC-STTFPM  GRU GCN I T AL B
[33] STLGRU FIEBLEH GCN e =waLINil G T IR AL B
AST-MTL- - e e
[46]  NN.GRU GRU CNN RSB T SRMIKIE i e
[47] GLSNN LTSM.GRU  GCN I " AR A2y 4
TAEH 5 H ISR
[48] LSTM LSTM ¥ ¥ B T B JE 9k K5
F 2 hRIWISE BRI AR
Table 2 Introduction of medium and long-term traffic flow prediction models
SCERY S BRI B AT TR AH DG P B EMOCE A A ANEERER FYEIIES
. , . , % W B A ¢ % ) A Bl P YA/

- i H EIfi : H . N
[10] STG-CRNN I RMRER SUmiEE N E ST AR R i BEACE B A e
[25] LSTM NN.GRU NN LSTM .GRU o G ¥ T e
[44] STAGCN YIS REER Encoder-Decoder ey wALyINi i Tl vk
[49] STGCA GCN GCN tey=wap; kil ¥ I e

Encoder-Decoder , Encoder-Decoder , - BRA

[50]  STANN #BLGRU %BGRU EEAHLH £ it

FEET X 0 2 30 T A A AR ep ) SR [ 28-
297 K H T XA LSTM, SCHk[30] SR FH T XL IA]
GRU, 5 ffi Jf #o.[7] LSTM F1 GRU (% SC Ak [ 31,
46-48 T HH EL, 3% 26 J7 % B8 T 4 b 4l H12 15F 8] 7 371 K
P Z BRI IS & &, 8K, BT R4 % &
AU SRS A, SCHR[ 33,46 ] BEH &
TR OGO T B A a8 A A O, A
T A 2 A 2 R A O BT B T RE
T PE A3 U P 3l A AR b By 23 RO 6 R SR,
BATARTE BN R AFE IR RAE A F ]

FEBT X K 31 22 3 3 0 A A AR v SR [ 25 ]
FARZ RS2 A, SCER] 10,44,49-50] [F]
B 2% 58 T ShAS A AL AH &M 1R $ 5, {H A 25 jE AR 4
fERINIF, SCHR [ 10,50] % 58 T B2 # O a3
23 (A AH SRR AN AR AE 14 5 (B AR R AE 25 AR
T

A IR B AN JE Z AL A B 5 42 S 1 I 23
1 K 3 BN 4% (attention-based spatio-temporal
graph convolutional network, ATST-GCN ) % #! 5] Fisf
T I AS DG | 2l A A AR DG R AP ERRRAE 1Y
JOE T, TR XoF v K 30 A i v T v 2 BB AR g
AN TR UK BE 7] I 2% JE I 25 AR OCHE | R s
[ AR SCPE RIS R AR 25 B I 25 1

2 2 TN A AR L

R T HE b RS A BONAT 55, A S E
ST LU A&
21 EEEMH

BRI 2 A~ T8 B%AH 0GR P, 43 )& POI 3)
FEAFBLEE F1 2)) 25 Bf (8] B %% ( dynamic time warping,
DTW) LA,
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(6] 7 S0 BT 55, BT 25 M AN 2B R 15 R
TSR] 2EAC r+P I 2% B0 A2 i i, A 03K
NN

F,+P=argmaxpl+pPr(F,+p V., V_u,
F, - F _, W, W_, ,R,A"), (3)
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)
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; = RIS
= :] /’ ‘ GAT 1 ‘ Softmax  Softmax Softmax
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(c) ZIZGATHBUHLA

K1 ATST-GCN BRI AR 5K

Fig.1
31 HREHENZEBREEMLZ (graph attention
network, GAT) &R EHR
PITTFE T GCN AR R A 15 2 () 408 P 2 AN AR
(), T8 AR M ) 23 T RO Pk T3 — kO — E
i, I 20 T ah BB s EA X, b T X
AT, A 5T R GAT, B 15 40 B v Be i)
TTHRAS SR TUEHA E 17, GAT 38 1 >R i B AL 2% >
GCN TEA[R] % BERFAE 19 0 4 5 B A XA, 7
GAT ", WERAE A} BT & 2 HRAE A7 A0 55
S WP

e, =LeakyReLU(aj(h/Ih})), (4)
exp(e})
a= (5)
Z exp(eﬁk)
k=1
N
0i= Y, ayh, (6)
k=1
h'=c(Woi+b)), (7)

S LeakyReLU( - ) AR WS B4, e, 245 1
B RVBFIE B 0202 61 6 28 ok 2 Sk 8 1 BT 43

Schematic diagram of ATST-GCN model

JE BB R @l S A RRAE by FVRRAE Ry (204 1)
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o (+) & Sigmoid ¥IH REL, W, Fl bl ZXT o) FEATAR
6 (1) 2 BRI i 5 00

A5 R 2 S 0 B AL, (A Ge g 24
FOR T2 ) i L[] 2 5] B A, R 1 (e) PR,
ZA ST T EALE R P T GAT BRRAE SR 54
EATRIEE HE R R, DL A i th Rk o, B4
GAT FEFEIUB L 2 4> GAT 4k, *FF A4~
F2 6,55 1 BB AE—AWE F = 1{f,.fu,
ful Sy €RT,BHE—HHEE V,={v,,v,, vyl
v, ER" KA AR A W BB FRAE B = (A, RS, -,
B, 1, K. eR"IHI AL 1 J2 GAT; %5 1 J2 GAT &
N B ARAE B = {hy, k), o b | R ERT
W FUAS[R) B0 Sk A s R T B R VM 2
2 2 GAT W5 A 55 2 J2 GAT Az i — 4 19 & By
FRAE R = | B2 R2, - k3, ), B € R™ Bk E R
B 73k 0 Y RRAE A 1R R R S [ A A I o
TERFRIE ¢ R 1923 A RHERR A7,
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Fig.2 Schematic diagram of feature fusion module
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Table 3 Introduction of PeMS dataset
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Table 4 Experimental results on PeMS08 dataset
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Table 5 Experimental results on PeMS03 dataset

BEbRA &
HiEOE GATJZ DTW  POI R M

PREL BRI MIRE  FR

vV vV V' 268321 184524
vV vV V. 262113 181155
vV VvV V. 256016 17.718 0
VvV Vv vV 25.8123 17.901 4
\ Vv 2 V. 252854 17.4999

HiZE 4.5 al LI, fE i i JE ) tanh 3500 B8
B TOMELHEAT b BR S VAR BE A 2 T4 TR
PABEHRAGE AT A T o KA A T A SR R AR R, A
1117 55 5 0L PO F) S {EL ; 75 GAT R AIE 41 A
Berpoin A B 22 i F I, 15 R TR0 A M RE B, D]
AR 22 18 12 I REA RG220 J2 HE & 19 145 LI 4%
BHRETH 2R B TR AL, A AR B BRI A DTW A
RURE A B, B TR T30 ) 3 22 B IR, L 1] DTW AH
DA 5L BE AT 2800 $1 0 I 5 1 T 1) 5 3 3t 2 (1)
FHIAE , TR AR Hf5 408 422 A5 [ 4 IO B 3 o
A 6] 14 5 30 9 4 ) AH DG B AS A2 5 POT R B X T 48



58 TR VNI S

»e
£

»y,

i (T %% i) %54 %

T4 T8 T B8 s %) T 00 o 1 oA — & VR, D
HHAS [) P 28 B R Rl 2 0 0 I 285 2 7= A 1 25
4.52 XL

FET G R ER 2% 2] 1 J5 vk RO 338
iSO A R TRIREAE | T 36 T IR B 2% 20 i ik TR G
TR )R 2 [BRRAE , oA T B0k 5 o A LG BT AR A8
I T A R I E T HA L ARIMA B!
1 STSGCN . T-GCN ,STGCN ,DMSTGCN 74 #1 (%) %
Pk, 7E5E TR 0y idkrh R T E L
] 18 7 VAT P S8 38 It A5CHIE ) P s A S SR AT

X R B T ATST-GCN A AH % T-4% 55 8 i)
RNN ., Bi-RNN fi§ [l i} % p& i 2 F ok ke iy B R SCfs
B BA SRR P S @A RE ), GRU A% LSTM
PR &5+ B a7 S LR AR 4, b T UL B Bi-
RNN F1 GRU [PLF, 73 5l i B ) B w] LSTM Al
GRU £ 4 445 B2, 53 5 T ATST-GCN # A& rh
XoF A 38 Yt S0 P B[] A DG MR B, AW SR R A
[ 1% & 15 min, T R >E 15,3045 min DL K
60 min ) 5Z 3 i &, X} PeMS08 . PeMS03 5 #i& 4 1%
BTN 6.7 PR ry X R

# 6 PeMS08 Kudla 4R Xt XK 45 R
Table 6 Experimental results on PeMS08 dataset
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