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Abstract: In the multi-step traffic flow prediction task, the spatial-temporal feature extraction effect is not good and the
prediction accuracy of future traffic flow is low. In order to solve these problems, a fusion model combining Long-Short Term
Memory (LSTM) network, convolutional residual network and attention mechanism was proposed. Firstly, an encoder-
decoder-based architecture was used to mine the temporal domain features of different scales by adding LSTM network into
the encoder-decoder. Secondly, a convolutional residual network based on the Squeeze-and-Excitation (SE) block of
attention mechanism was constructed and embedded into the LSTM network structure to mine the spatial domain features of
traffic flow data. Finally, the implicit state information obtained from the encoder was input into the decoder to realize the
prediction of high-precision multi-step traffic flow. The real traffic data was used for the experimental testing and analysis.
The results show that, compared with the original graph convolution-based model, the proposed model achieves the decrease
of 1.622 and 0.08 on the Root Mean Square Error (RMSE) for Beijing and New York traffic flow public datasets,
respectively. The proposed model can predict the traffic flow efficiently and accurately.

Key words: spatial-temporal data mining; encoder-decoder; Long Short-Term Memory (LSTM); Squeeze-and-
Excitation (SE) block; spatial attention

0 = B 1 B A M 5 | A5 2 ISR 2 RS
PR B LRI T S g PRI SEBLK IR 0 32 e R U LA AR

P AR AT R O G B T s e .

HR R AT Sy, A W MO LA HUR K 4% T 53 W B T 70 K 2o PR A 15 2077

s B #5:2020-11-04; & B B #7:2021-04-02; X FA H#H:2021-04-12,

EEWE : FHK A RIS R I H (61872046 ; It 5l sy K232 TR A5 68 147 32155 H (2019XD-A06) .

YEE T X (1988—) , I AL AT A1, FEBEWFFE 7 1] : KB AZ I R BHE (1991—) £, IG5 A,
CCF 23 by, FEMFFT 7 1) AT 5 AR BR A (1997—), B bk L - AFgE 28, 2 2E0F 5805 ) 3k o5 S A=) |
P ;- FRHE(2000—) , %, KEEA,CCF 23 b, FEEBFT 5 1] T T H S A A (1997—) , 53 LSRN WL w58 Az
TS ) IR sm R B (1967—) , B AL , BB SE B L 4, CCF 2 By, R BERSE 7 1 B Bh A BE B TR
INZ(1988—) , B, INARTATE N, i B A0, At , R o 0y 1) Bl oo br N T B B AE s T4 (1973—), B TLIRNEE A B9
T RRU A5, BRI 1) TR



% 6

X HE SR TR AR £ KT e M & S A S TR B ok 1567

3R 22 Y O [ 7 9 BN AR AR, NGt Ay B4l
i AF 2 REA 2% Ay B G B Bl O 3 1 ] (Autoregressive
Integrated Moving Average, ARIMA AR I i)t AL [A] )4 74 12
FIE IR AT RBEHL 5 ik 2675 PSR B P AR ELRr sl OF A
REAR A F000 52 e s A B AL 2SI i . AL Gebl g% 2] Jr ik
FEAE ST T RRIE TR BRI Je 00 g A5 [l B, %148 i
ik 25 AR DG S 24 1) 3 3 i k00 A A1 M LA 4 ot B T
PR

TR 2] 7] DUAEJC TR R AL S S R A I 0 3R fil
H 32 2 285 i AR R AE . B B 2 N 4% (CNND) 7 Fi
940 25 M 2% (Recurrent Neural Network, RNN) ™05 i 23 %l 4
BRI PIRE T o SCRRL 11-12 135 T B 2 M 45 48 1
T —F it a3 k% 25 W 2% (Spatio-Temporal Residual Network, ST-
ResNet) 88, T2 X 5230 I B8 (1) = FfoRe e —— I [ 48
PE 23 TR RR P RO R PR AT R, R 2% I 45 R A Rl 22
PR 28 FH 25 G LA 2 2 23 [V RRAE, I3 2o 6] i caie 4 JEOR ] Sl
S EA T RAE AL AR o AR o 5 P A0 3 Uik ek 1 2
PRI, SCRR13 10, AR R S S8 B Hr
F T PERE , (AL, B4 5 i B2 ), 5 BRI 1 )
PRSI

IRAG A3 it 12t TN R 22 2 PR AL T, AH A S i FH
A 38 i i 2 TN AEAE — i A BRI SRR, BT g
SR AT () VR B 27 ] 7 VR AE B ARTE 5 B AT 55 S T8¢
A AR I A SR FH i ) o 14 38 I ARE L, S A 2
BUREH AT 51 GBS S 18] 5 4 H0 00 1) e, e A e P T sk R
I 5% 12 7R MR ] B AR)7 81

R T RO AR (Al AR SO EETTAENR

DT — 7 G A 15 338 U S TS . A
K S B TR AT 2 P 246 R 2 A 28 0 4% D 286 ) L i 2 , 2% >
2 3 Y et A5 %) B[R] AF DG 1 0 23 [R]AH DG , 4 B 25 B 1
FRAE K S HRUAY R AR WA ST Ay [ 7 B O A, i A\ B et
I T 25 32 07 2 2 R ) b e v, SRR 38 I e 1) 2 25
T,

2) FESmAG AR e A SCfd F 2220 TR , ) LUK I 48
FE L2 2 50 FRARET R B2 A% BE . AR Sl I X L 22 26 I 25
R AR LA T I AR B AT R0, T LU S 3 AR T 55. 5% )
65. 5% , PRI T Z A UM R f) pL B o

3 AL BT LS A A R A SR A 2 5L A AT 4
IR RN PR AE T T RS, SCR g 1R W], A
o T 4R 19 32 38 I B TS AL O TR R B 25 Y 4
(Diffusion Convolutional RNN, DCRNN) il i 5% Eﬂ%fﬂ(Spatio-
Temporal Graph Convolutional Network , STGCN ) 552 1 i 1 il
K=R7

1 AxTHE

UTARR , B ST ALY R, N I8 KRS sl 5 HRTE
S PR IS R AT AR P . B R ST R A%
Giblgwsr IR 220 B RSP 2 [ [ AR | e g AL el 15
BTN B 7 1] K B AL 0 VA A K Ak B TRIAT A AN e ) &
2% 1A 2 R A S 1) S K P I s R A SR O 5 0
TE R A S ST BU R, 11 A0 3 i b, 77 7 0 S8 i
2220 BN A v RO [ 8

AL A B A G 05 ik, AL AR O 2 ML e B R B AL S

BLAS 2= I BEAY . Okutani %205 TR AERIH AR KRR E
T AR B ok ol A TR i M — R g 25 A W e O A
van der Voort 557 4 i1 T 22 /- B S R 8 P4 | A REAL, 3
Aok, Kim 55228 FH = 4 T /R 7T K B #L 3% (Markov Random
Field, MRF) 3 # $ Hy 4= 59 # I 5 (Vehicle Detector Station,
VDS ) A% B X 46 JIT il A5 (14 3 38 i 2 1 o ] Bl

Bl N T B AR A SRR H £ U, TR B2 ) )
I TSl . Yao 52 R T — AR EE Z L
75 M 2% (Deep Multi-View Spatial-Temporal Network, DMVST-
Net ) HE AR XS I 23 56 R AT AR, S T 4% 48 5 T 32 1 Ui
TIOR8 13 2 20 D R AN ST 7% 1 s T G AR sl ) ¢ &R 19 )
B, A T =AW D < o TR R T AR DR 5 2R B I TR AR SEAE R A ) |
23 )AL P (g 8 2 D) A DG A AT ) AR SCAL P Ol S S AR B
T R 14y DX [R] PR AR DG A T A5 o

2 SECLI % 3 Jit & T 4 A
ASCHET A BT R 3 B B E4Z (Squeeze-and-

Excitation Convolution Long-short term memory Integrated,
SECLI) P2 HEZR QP 1 f 7 . AN 1 Hml DU L % M 2% 52
B 2 A R A . R S A A% T2 B AR 2E il 22 )
2% F1— 1K 45 B2 42 (Long Short-Term Memory, LSTM) fifi 22
O 2 4 X, , it e 2 T2 S PR STV ot 28 19X 45 1 4 34 42 oft 22 T 4%
F4 . SECLIAALA (LA FH LSTM At 25 90 46 36f A [w] i i) B 52
3 AL e 5B 194 IV S P R S P A T T LA R 2
222 O 2% 0 A i i e R Y 4 )OS O R A T2~
N2
JCRE SN 2] vp SRR BN 2 RN 2 B e 2 o
L[ [ [TTTTTTT 5 i B %)

0™ 0 OoD W

(1,2 x 32 x 32)
hHL

(5,2,32,32)
(5% 2,32,32)

(5.2 % 32 x 32)
Encoder Decoder |
ResNet LSTM LSTM
Convl

| SE-ResUnit_1 |

| SE-ResUnit_2 |

Y - : i
[ wawez | @
| Ev‘ I,_ mj (n,1,2x32x32)

[E11 SECLI A 38 Uit Tl A5 78 4 i i b HE 42
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traffic flow prediction
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R T VRS AR R 43 XL (4 5 1R, 2R 303 T BikeNYC 4L
PEEEIEAT T H U FLSEG , FLAR T 2 1) BB ] CNIN 5 2) Bl fif
FH ResNet; 3) Bl fifi FH LSTM; 4) 4 i % WLl FH CNN, figt 5 1
{81 11 LSTM 5 5) 4t B % H {8 JH] ResNet, fift i 2 15 FHl LSTM 5 6) 2h
F AR A 35 (T LSTM 3 7) AR SCARHY 2B 28 i i SE J2 5 8) A%
SR 2D-CNN #e i 1D-CNN ., 47438 SR Al Se b 45 SR dn 5 2
fim o IR 2PAFE] TSR EE R . 158, WA K gm i
i AR AR BROD TSR Ly AR N R AR A R T
TOUINORE B, SR WT TR R A o 0 EE M AR SRR A
Bk

®2 AEEEEBikeNYCHIRE LM ZBIRETNERITLE

Tab. 2 Traffic flow prediction result comparison of different algorithms on BikeNYC dataset
BikeNYC
TBETR RMSE MAE
T 1 h(1) T2 h(24) T 1 h(14) 2 h(24)
CNN 12.219 / 5.505 /
ResNet 11. 640 / 5.419 /
LSTM 5.043 / 2.391 /
CNN-LSTM 2 ff i 4% 4.730 18.241 2.315 17. 966
ResNet-LSTM i fift i 2% 4.719 17. 734 2.293 17.326
LSTM i fif ith 2% 4.706 17.925 2.280 17. 962
AR SCHE I F: B SE 4.677 18. 425 2.295 17.731
AR SCRERLE ] 1D-CNN 12.219 17.921 2.283 16. 325
AR SR AL 11. 640 17. 854 2.253 16.102
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TN A SRR 5 DU BB AT LA s = AN HAT AR
AL 5 FE 2R A 45 7 S0 2 {H (Historical Average, HA) i 4k
P4 [ I3 (Ordinary Linear Regression) A1 &% & % A (Extreme
Gradient Boosting, XGBoost) ;4 T~ B 1l 28 ) 45 %) s} 25 0 P
43 #1 #% B (DNN-based prediction model for Spatio-Temporal
data, DeepST) ; ST-ResNet; DMVST-Net; % 14 4 i id 12
(Convolutional Long-Short Term Memory, ConvL.STM) ;iR & %4
ALK G AT id 12 W 2% (Fusion Convolutional Long-Short Term
Memory Network , FCL-Net) ; & XA EGE IR+ R G 1
X 3% % 73 (Integrates Regional Crowd Flow and Applies to
Flexible Region Partition, FlowFlexDP); DCRNN;STGCN,

RGN T RS WKW LIA DR E ]
D7 BT HA LOLR R XGBoost Al IR B2 2] Jr ik, iX 3%
T R o 2] 7 AR P AR SR R 2 A S D i A DG R
2) A SO 4 M AR T IR B 5 22 KBTI AZ R 4% (SECLD) A AU fi ¢
PRI AV RE , TP BR A rh AR T oAb 7 i o 2R
W, BT SRS B 478 12 20 S VA Y R 2 AR G o

®3 AREREFIFERETME R
Tab. 3 Traffic flow prediction result comparison of

different deep learning methods

R BikeNYC TaxiB)

i ik RMSE  MAE  RMSE  MAE
1 HA 8.541  3.695  40.439  20.696
2 OLR 8.502  4.652  23.921  14.937
3 XGBoost 6.914  3.423 22,927  13.687
4 DeepST 6.603  2.549  18.305  11.264
5 ResST-Net  6.159 2,432 17.649  10.599
6  DMVST-Net  4.766  2.318  18.206  11.085
7 ConvLSTM  4.745  2.435  18.788  11.461
8  FCL-Net 4.959  2.362  18.176  10.756
9 FlowFLexDP  6.003  2.801  19.538  11.945

10 DCRNN 5215 2,776 20.569  12.517

11 STGCN 4.759  2.438  19.101  11.573

12 SECLI 4677 2.276  17.479  10.590
3) 2L H.

I T 2 38 e T ASE A8 K 2 M T R B Bl , B
SRR TR B 10 R 38 22— {H 2% > (Bl S B K, TG
R o DR B TR B, TR A Y AR AL, 78R
BAYCRE 2 2] R AT 20 T 40 A B X R P LA
TP TR Al X S o AT R B A8 Y B B0 . BikeNYC AN
TaxiBJ b J T A SCRORIHEAT 22 20 $5000 S 96 1) o 52 8320 S i
BAYR 2205 (I [R] T4 52 g T Lh 25 R ANk 4 g 5. 5B T
AR L, SR 2 0 Nk R BRI A A T B R 2% 2, Il A
IR R/ s 7 2 25 1 3 A5 T o, Bk 22 5 U AR I L i A
HEAT L T 43 5 e 242 85 T 55. 5% F165. 5%, (AL T 225
TR B o FESEBR I v, AT DATE AR X A5 4 I ] 1
AT 2220 0 (4 28 38 ik £ T

%4 BikeNYC EEE 25T & 45T & A i8] FF 55 bL 3%

Tab. 4 Time consumption comparison of repeated single-step and

multi-step prediction on BikeNYC

HEWL BHENL PREZL IRZEM

A

BHC FE YIEatEs BUMETEs YIRS RIS s
1 GPU 540 0.14 540 0.14
2 GPU 1290 0.30 574 2.25
3 GPU 1632 0. 46 588 3.73

R5 TaxiB] LEE BSTNF S 5N A 8 FF 41 L5
Tab. 5 Time consumption comparison of repeated single-step and

multi-step on TaxiBJ

waw s EERLU ERERL RZL RRZL

PR PR GEls TN s ISR Es SR /s
GPU 7242 1.94 7242 1.94
GPU 14 623 3.85 7520 10. 65
3 GPU 22145 5.21 7 646 20.15
4 HiE

AR ST R Rl B 25 i 26 I 4 LSTM A2 [ 2 1 38
3 I e T 4SS ) SECLL, REAT R4 > I 24 38 KA ahs ) 4% 2
2 PR NN 25 R, 42 o TSI B 2 D B e . FE P
AR ZS TF B 4 B p K85 R E 1T, AR SCRT R Y
SECLIASE AT B0 F 2240 F rp R B A0 T AL e pL s o > 4t
TUREL R 2 TR . ARG BT THEA SO RN RE I H
T ARG R AL I 23 B 42 -5 A B
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