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Abstract

Accurate and reliable traffic flow prediction has important practical significance for urban planning,
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residents’ travel, public safety, etc. At present, the methods for traffic flow prediction are mainly in-
tegrated in the RNN and other in DL models, but there are still the following problems: first, the dy-
namic spatial dependence of long and short distance is not considered, and second, the spatial in-
formation dissemination is ignored. Based on the above situation, this paper proposes a spatial-
temporal Transformer model based on spatial information delay awareness. First of all, the model
uses the multi-attention mechanism to capture the space-time characteristics of urban traffic flow;
Secondly, in the encoder layer, the spatial-temporal self-attention mechanism is used to focus on the
long and short distance dynamic spatial impact and temporal dynamic characteristics, and the spa-
tial information transmission delay is also simulated; Finally, the spatial-temporal encoder layer can
further improve the performance of the model through jump connection processing. The experi-
ment is carried out on two real traffic flow data sets. Compared with the mainstream traffic flow
prediction algorithms, the results show that the proposed DAST-Transformer model has better per-
formance and prediction accuracy.
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1. 5l

WAk, TN LN 4 B 4 I T R R AN B AT AT SR BRI e, AN 3T 1) 1 % 58 3
R R BRI BRGR, [FIBT A TT & BRI TR ). NGRS B AS @ X IR T R R e, BB E R4
[1E&BH T2 W SeE T E B sSmRA ok, (ENZRGENZ O, SS@ERF R IZ 8 585 M
F, RS B RS0 B8 BAC Il R AR B IS AT o AV T KE Ty 5k A2 388 It A5 SR T R Sk — B ) B N
FIAZ I AR AR DL, HERF 1) A T I T e 05 A R0 22 A a0 B AR 3R 100 LA B 2 FH - s 2 el &5 7 T

R T A R A RS T G 2 i, a0 D B3R T (Historical Average, HA) [2]. H Al
IAFE B T 1B (Auto Regressive Integrated Moving Average, ARIMA) [3]. [a] & [ [B]JT# %! (Vector Auto-
regression, VAR)S5 /7%, IXULT7VEIE H 75 22 R AP IR IY 45 1) DL BOR B IO B AR A RS, —SeA8 it 4k
PP OGS BIFA R BIR 2R, R IER R ERIERE I B - FEE JG RLAR 2 ST IR, SCREm)
= HLIEJH(Support Vector Regression, SVR) [4].K 21T (K-Nearest Neighbor, KNN) [5]. Ul 1% 4% (Bayesian
Networks) [6]55 185 %% 2] J7 V5 Be W% Ab 3 AT it B AR 2R Mk 1) 8, it 2% 21 OB A RIFIPERE, T
— BT VA S H A I AZ e B e B R RE AN AR08 A G BRAFAE 235 T TIIKS B o R AR R I 2%
FoMERAESHN S 2 M2, HAE S BACEE EAIZEH B B %s, RERE SE 4 i AL BRI 8] o 40 8 d , —
P AL FEL S R] 3 1) B o 28 R 488, FE TG A4 28 X 4% (Recurrent Neural Networks, RNN) [7] P4 & HARFR K 5 31
12 4% (Long Short-Term Memory, LSTM). [ 132 ¥ B 645 #(Gated Recurrent Unit, GRU), Smith & A\ fi
FHl BP (Backpropagation) [8]#£5 M2 AbBRAN AT B, MR TG Giit 27 S B DL AE S50 R A B Ay, 3L
TE RIS PG B2 _E AR KR iy o

XA R RN 5 A R A 8 4 ORI Hh 52k 1 B A A 1A] 5 I TR AH O, A AR Rk 42 I 2%
(Convolutional Neural Networks, CNN) [9 14 % FH -4 35 52 188 I 2048 (1) 25 AL 1, RININ 4 8 FH T4 358

ik
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T FREE O Bh A IR A e . BE 3 A 242 X 4% (Graph Neural Networks, GNN)ZE G AT 12 N, 3%
T GNN (177 [ RE R ARSI IR P F o Yu 25 A [10]38 F] GON #i# S it 245 2, (BB BRAEAS @R
fE A g ) . Zhao 55 N[11]75 HE 21 A28 00 25 1) 52 2% $h D 25 10 A2 i S I DR 3R 1) 24, A8 JE s Y
E R REZARN), RS RN A DG, B iR B S A 4% T-GON, A58 5 B2 R 45 F1)
AR TS A Hu S8 N[12048 H 7 —Fhsh 25 EAE RBEL, 2 7l S UACHE 56 145 i 2 18] g Hh B 40 0T
PN 25 B) S 1A

TR IHLH I BFAY Sequence2Sequence [ 13147 M A A @ U, B R 00 F A R
UFRIRCR, 2017 4, H5e 4y = IHLE] FTAd B Transformer AR 1414538 HY, Li 25 A[151F Transformer
RS T A @, e s TNAE R B A @ B O, (AR R IE AR . 22 I B A8 38 TR0 i)

Dk EIR ) — e R, it R iR AT (RS BRI 7 Transformer #52(DAST-Transformer)
FIF P A @7, K Transformer FUFEALER), AT TTERAT »

1) JEHCE AR MBS EEmA BMNZ, TR 2 sl S A

2) Wit Z=wmiG 2, HEEIN SRS, FPX BB R, B BER L, FIH
mask F0 FEAE AT B 25 (8] 55 323 (4RI B 45 6 B F = L0 R 25, SRR 2 mi 1 AT R A AR K X 3 5%
H, FRARE AT S BT R R 2

3) EESLIR AR R AN HRAL, 2 ()5 S AL GO0, F A5 3 1 308 I B G B0 ()45 S E R L
H,

2. B{kigit
2.1. [EIRREN

FE S LASE TR e 3 B A e RS 5 S — BT i, P RS 2 A1 M0 19 LA e 06 R ML
B2, EFE T LR AL E G = (v.e,A) s Hdv={v, vy, vy ERT SIS, N KT
BB, e N ERNES, AeRYY LM G AVEIERE, B 2 G s R FRE

S 2SS X, XX, e RVC FoRAE ¢ I 21 A R N AN AR, H
C FRASBIM AT R RE, I ALEIS LK R T (035BIRAT AF R A
X= (X(t-myX(z-nz)sX(z-m)s'"’X(t)) eRTVC,

ot T A B U, 3 o B 0 R0 4k 0 5 S S0 SR K X TS Sk 7 AN )35 K A i
TR, ALY = (X000 X 1 K sy Xy ) € RV AEE B MBI R () W1k (1),

X6}y (1)
2.2. HREEST

TR B2 AR RN Z . HER LRI 2 s as DS Z4U8G R 1 P, 5T ORE
A PP R BT IR BERIEACR ] Transformer B 45 5, 2 SkIEE JIHLHIH
PEAZ I PEH N ARG, X SR AR B 5 6 P45 S AL HR A 23Tl 1 577 1) [V R AL R T 5 R R AL
i, A AT R ALY T RENE 5 8 BIZh AR 0% A 5 BOm 9 R ARSI ), WA TR]E T T IALER 20 D
oy RIR I I OC R, IEIE SO BVEE IS A B W BRI, 5 AM B S R R L
AR A [ (5 EAL R A R 1 00, SO HE SRR B R 2 HUE R, b2 & B A I
YY) o I BRI AL LS (R ACE T 1A transformer A5 A 1 07 B 4 T 45 9 45 TR AL BT 2K,
(SElE a2 SR THIEEE S

DOI: 10.12677/s€a.2023.122029 295 B TR R


https://doi.org/10.12677/sea.2023.122029

FLCH

——— e e — o

Lz | I
1~ e e e e |
|
— P
ST e I e |
— | | —
A i ;! o0 .
T . — HEEH ! | A
°° o Bl |
L — | : |
i ! — |
177;4ﬁ ! : Lo it;
°° o |  E—
— & wEzE | I R
: 7 A : o R — e
. 1 H . 0% %o
X Pl | | Lo |o° 2e
RSN = i Lo Z :
L— ! Lo '
‘ i P — |
ey || ;o Do
ps3 ; |
Bl i L —
E%]W%‘E — /| :__l

Figure 1. Schematic diagram of model structure
1. RBGEHREE

2.3. BHRHRANE

A I B BRI 4B A\ X e RTVC BEAR R 57 X, e RV, Fooh d s it
NFRIOAERE, 2 J5 504 2 5 ARG 05 S 3,

SR T VR 6 P R R A, B ST R AR B LB T B 2 IS5 K 0, B G
HIH— LR R R A, ISR, o BB R, D AARBAERE A FIRERME, AL AR
TSRS P A R AR, IR, o U JoRM L R AE e, A AR, R &
AN O (RVREAE T 58 7 3R A TR T R R X, e RV

1 1

A=I1-D 2AD? )

A=U"AU 3)

FLUOOT TS [BRFAE T 5, 28 B8 38140011 T % 5 3 SR S P AT AR AR, R R SR 20 A )

WSRO, w(e) B d (o) VR EA RO SR AR T 21 ¢ B4 R R R S AN G B &R 51, 12 it

K E A T RIECE B Bt iR S0 0 & X, e R™ M H AR 0 B X, eR™ . H4b2 3 HAh

Transformer A7 B 4D 57200 fa &, (63X B[R RE R F IS IO B 4t X, € R LU NEH 1 410 1) £ B
HAEAE R .

W R @ FRx R 2 HEERR S AR 2] X, € RTYVY, BB EIN X, FE A 29000 2 %

Ao
Xowped =Xy +X, + X, + X + X “)

space

2.4. FI=4RIBE

LRE IS RIZEFUN R E, A transformer 549 BT 2R T BER MU AN S WS )=, EEEM
TR AL, B e (8 B R B, Tl 520 S () S AR R AR 1, O
L1 VE 595 L PO K £l L BT A o L1 115 O W 75461 R N SSINI S5 2E8 T  P  S TS
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SRR, E— P I A (A = oL [ I ST AR S AR A A )15 S A% 1 (R I () SE IR A L o
TR B 2 g 65 2 (R = e R, AR B R BSR4 A B, #onT AU A R
12, T WMl it AL B AR e B

2.4.1. ZEBEESIHE
T8 AT 38 7 A FH DG AN 52 B 2 BT SR AR BT SRR, B T REAZ B AT AT R, X 4R
WA RS A R () B AR, 7EIX R R 3 R L T SRS IE A ) S M B A A DG, 7R [
Fot R DR HEREANLER T O Ky VR, WEERGIRGE) R, HhwS o wt s w2
SIS, FEAS M YEEE N BER AL, Qe FRi@id THEAR B R 8, B R] 15 3 )
F e T R A A TR A S R 4%
Q[SSA — XZVVISSA
K2 =X )
VISSA — X,VVIESA

AtSSA _ (Q’S i )(K‘SSA ) 6)
Ja'
bR ad R OM L K VIR YERE, BT AR R A RAE TR ¢ oA R A R AR
JE, TRV FEANR] [ A 1 ep o 5 TR0 AR B A R FE AR AN ), Rk s I R e e sh s AR e i, IR
TR 7 8] E R AL RS AP B (M BN, AR B0 (AR RE 47 55 V5 R AR e AR B LR 1
gk, (PR
Head**" = softmax ( 4% )V, 7

AT G A MBS, R I 25 8 B AT i A S I X 4 AT A AR, A A
BB mask FFE M, My, BB SIS IR EIER PR, FrA AR M AR R 2 18]
BEATHE S, AR R M SRR /N BIE, W5E SO 1 N0 00 K1FE M, A DTW S0k THEY 2 1]
MISSEPARAE, RT3 B B AU & AT R BN E SCRET A, K 2T 1Y 518 3
ML R Z A ORCE BB DN 1 BN 0, MIMTHIEEFE M, o 515 BURORERE M, A M, RN BB 23 )
HAGPERE R, HERR — L ST R BN T SRR R, DA IR AT B A8 121 o ST Iz 1T
(A R AR NE, Horh Head ™« Head ™' 43 J3) 9/ B 2 [ AT SC25 18] V3 J0%iH

Head*™ % = softmax (AtSSA oM, ) y 3 ®)

Head®"™ = softmax (AISSA oM, ) y 554 )

242, BEBIER

9T BB 1 S T B 4 6] 2 1 (3 B R AE AL, T 0 4 LBy 25
R FE RO S A B R I BB 2 VR BEl, DA ) A TR
SENBL-

S D S AR R UL AR — L AOBI R, SRR T SRR, S A
9 F IS LR G S A R AT 4 B B ADROR, S0 RS IR k-Shape BAIE, 3
BB GRRIN LB TAR, IR AR HCEROR, Bams RIS P={p lic[LN, | iR,
S N, REFRM AL, SIS P LN — LSO
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FRAL ) A2 380 8 B0 T R 1T R AP AE 3 AR A, K B0t B Hh PR B AN 1 A5 10 17 S 28 il 7 47
TIRMEBINES P TR, SR BIBIEE BRGNS A S@8R AR Rm . R4 ET M
PN (e-F+1) 2] ¢ BRI, 7 LSS X oy, 50K 0 I N R e 13 3 i 48 T X
O = Xy V0 TS ST 55— A 4R N B Hé%/\ PR AN 2838 7 5 e e 12 ) &
m,, = pW" KEEHET R SRS 51 5 C AL I LR A B UM 18 w, = softmax (o] m, , ) . 4L
FAPE & w, 58S P OINBCRAN T IRAF 454 17 SEAS BT A e, , ZW(pl ), M AT
%, il %&E’Jfrﬁyﬁmﬁﬁﬁ\% MUK ZRG T SR A P ﬁJ I BIHR R N AT SR Gk
BRTAE, , B E, b EH G K E, X A0)FTR.

K™ =K™+E, (10)
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Figure 2. Delay awarenesson single node

2. B RIER A

2.4.3. BB BERSIHE
Xof T AN [ R B 8] 7 o P 3 S I AU A7 TR B TR B A AH DG, SR s EAS [F 1 0 2 30 AN R T
3, DRtk B A P B 1) 9 R WL T P2 TR sh A A oG, S s ia) iR 2R, @it (1) (12)
TR FT I A 0 TN SRR 47 . Hhw o oWl Wl ORRIEE S B
0, =X, W’
K =X Wi (1
V=X,
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,_(e)(&T)
=R 12
A N (12)
M E AR BAF HA I 1E) B R L BE A A AN [F) 9 s AN RIS 2SI (AR 5G4, 55 Ahit e) BV E
TN AT AR, K8 BI EEE RE 47 5 V) MR TR BB s, ()R,
Head, =softmax (4] )V, (13)

25 HEMbE

It 23 G 2 Jie J R = FE IR & A 2 Sk FRE R IR, PR TS R R R S AT

Wy FERT ) T BRGSO A) L LB A R BL RN ) R Dk, REIR ST AT B 45 R e 45 21
AN EERERRH, WA HR:

Head = ®(Head ™! ® ,Head ™" * , Head, )W (14)

RADH 2y o~ Zoooy v 2, PNFREMNMEB NGRS, W e R™ VNS HOERE, HAMER
SR B A A F K Transformer 7L AR (07 B AR RTINS 10 Ab 3 7 30, 3RAFHIH X, e RTYV

g2 ZiERE, HPhgAsgmin)ZiEd 1 * 1 KSR s BkRERE: S5t X, s 2IREUIR S
HIFE X, e RV HBRBREBARE X, e RV L g RBRERSERE . AT SCLZ S TN H 9,

K BOR SR M AT R ZE YR, &3 1+ 1 BREH, B2 T PR X eR™C,
X = Conv(Conv(X,”.d )) (15)

3. SRR SLIE
3.1. SLEBES AL EL

S I B 4R A JF 4R 5 PEMS04 5 PEMSO08,  SEIG S04 B i H i s 2 R4, B W Hh )
FRIREHEIE 39000 A, SREEFWIN 5 7080, BN H 12 AAFREE, e 1 PR g ARSI

Table 1. Dataset description
1. RSk

GRS AR I [ 25 12 HelE K
PeMS04 307 2018/1/1~2018/2/28 16,992
PeMS08 170 2016/7/1~2016/8/31 17,856

NG R SO BTG, P RS HAL SVR. VAR FEATRIN 777%, [RIRE 4G —
S A SRR P AR ¢

1) HA: 5 s-F3g8Y, AH [) B B P A 350 (1 S 28 T4

2) SVR: ZRFMIE[EIE, @ i% o B SRR A (], BEAT B AL 2

3) VAR: & H AR, 2R HEEEETE, KiERRRE S % 5k i

4) DCRNN (Li et al. 2018) [16]: ¥ BUEIGME M, 5| Ngmidas - IDEsEii, WL pEm
2R At BRI TR A 5

5) MTGNN (Wu et al. 2020) [17]: 2 s [8]/5 51 B0 A2 4%, g s B GNN R T2 505 71 i s

6) GMAN (Zheng et al. 2019) [18]: KIZ kit iM%, RAMIDES - MIDE5H, B2 A SHA R
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7) Traffic Transformer (Yan et al. 2021) [19]: #& H 4 Jm) w5 25 F1 4% 5y - Jm 30 A A s B BOUR R & 52 3 V7
) 2 (A

3.2. SEWEIT SR

N TR PP R B PERE, SR DL =M R 5 R B 9 vP I ASE AL 4 e R A 4R o
P24 448 %6 #5 (Mean Absolute Error, MAE)

1 &,
MAE =—3 [ - (16)
i=1

Y7 R 1% Z£ (Root Mean Square Error, RMSE)

RMSE = (17)
P48 %F H 43 ELi% ZE (Mean Absolute Percentage Error, MAPE)
1 &P -y,
MAPE =~y |22 (18)
n ; Yi

P, oy, o BUONTE S WIE, B NRRFEASE .

SES (A TE Windows #:/E R4 T, R4iECE Inter(R) Core(TM) i9-10900X @ 3.70GHz GPU:
NVIDIA GeForce RTX 3090, fE Pycharm £ ST K N, 5T Pytorch HESEFN Python3.9 SEILEEAY
ORTMI

33. XBERS S

N T B R A R, ARSE I B LA TR SR A Y (e R, [T e B B e A B 4k 4
XFEE, BRUFAERL AT SEdE . S2Ie P T AR RN . A EMINRET R, HAh & H 60%.
20%- 20%, KM Adam fRALERIIZE, AR5 S 2REE N 0.001, #tERK/AA 16, FIHEZE 12 MEKH
J73 S e PR B T A R 12 AN A5 K (1 /NI B AZ 38 37

S ZE AN % 2 s, 22 BIE PeMS04 A1 PeMS08 PN 4t 82 EIGAIE VAT PERE, St bR
1 = AR E NN FAR, 8IS HA R B L a6 1 R, o AR T LG 3] HA B2
RUFE TN R I A7, BORAAN 5 SR B 8] B AR DGR [ R, Lk SVR. VAR BTG A4 B AR 2t i)

Table 2. Prediction effect under different models on PeMS04
5% 2. PeMS04 # PeMS08 7£ A EHEE! TN HIFUM R

PeMS04 PeMS08
Ll
MAE RMSE MAPE% MAE RMSE MAPE%

HA 38.03 59.24 27.88 38.03 59.24 27.88

SVR 28.66 44.6 19.15 23.23 36.12 14.65

VAR 23.64 36.56 18.06 22.32 33.82 14.47
DCRNN 22.74 36.58 14.75 18.19 28.18 11.24
MTGNN 19.09 31.55 12.95 15.38 24.94 10.17
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Continued
GMAN 19.14 31.62 13.19 15.31 24.92 10.14
Traffic Transformer 18.92 31.35 12.72 15.19 24.88 9.93
DAST-Transformer 18.44 31.30 12.92 14.58 24.90 9.01

WEE: WA EOME A AR .

XT3 T4 WM& AR 3G, Hid MTGNN 4T DCRNN, DCRNN B AR fE 23§ i A2 0
ER XTI 225 B2 MTGNN 5835, 2 1 38T, 54 GMAN 5 MTGNN Z RN,
TR 00 2 L - B 4 X 2% Bl e TE i tH B 6T Traffic Transformer BT 5, BEIRHAE PeMS04 4
] MAPE LA 7E PeMS08 % 4E I [1) RMSE HIE L T DAST-Transformer, {H & K 55 FE 2 2% AL 3E 1
IRRETE B A R Ky R BT s e, HOY AT BB IE S 42 PeMS04 Fil PeMS08 IR ILEL Traffic
Transformer A&7+, R T HALTT 7%,

3.4. JHRASOHT

MY B AT H ALY AN [ 2RGS0 A R, WO LR I — e I 2 B, TR AR Y (1) AR
FAERHEE PeMS04 _FEATIRAE, 1k SEI6 EL45 DL R (A8

1) G mask 5iff: (EARIGEEAE . b, RBRIL A mask HiFES 5 H00E 507 B 23 8] B 3 & 0L,
= PE =L IR

2) JCIRSEEAIE: FEAT A b, R ERIB 2 A (Delay Awareness).

B3 H R T IR LR RS RE, H mask A RECRUEZE SRS 8 TSR R LRI, SO 80T
PR FERAT 5, 3 — D3R T T (RS AN Rt o 53 AN JE SRS HR ST 24 Wi T 14 e R e K, %A%
sl 2 (A5 BAE T S AR RR GO, A & T 1 SR S A e 38, ARS8 (1 TR0 14 e

Temask 4
JoIR FE R R

DAST-Transformer

40 7

1]

30

204

10 A

0 T T T
MAE RMSE MAPE%

Figure 3. Comparison resultson PeMS04
B 3. PeMS04 HHEE I LLLER
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