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(School of Computer Science and Engineering, East China University of Science and Technology, Shanghai 200237, China)

Abstract:  Since the traffic flow is affected by multiple factors such as periodic characteristics and unexpected condi-
tions, the prediction accuracy of existing models cannot satisfy the practical requirements. Under this background, this pa-
per proposes a multimodal collaborative traffic flow prediction model based on error compensation (MCEC). To address the
problem that traditional prediction models cannot take account of time series and covariates, this paper proposes a feature
expansion method based on wavelet analysis, which introduces a clustering algorithm to obtain holiday labeling features,
and uses congestion index, traffic accident map, and weather information as expanded features, and decomposes them on
multiple scales. In the training phase, a multimodal collaborative model training was designed by adopting ARIMA (Autore-
gRessive Integrated Moving Average) model, LSTM (Long-Short-Term Memory network), a restricted dynamic time regu-
larization technique, and a self-attentive mechanism to achieve the effect of fully learning each part of the data and optimal-
ly matching the model. In the error compensation stage, the obtained corresponding process values are input into the error
compensation module based on SVR (Support Vector Regression) to learn and compensate the errors of each component,
and reconstruct the prediction results. The MCEC is validated using a publicly available real highway data set. The results
of a large number of comparison experiments at multiple time intervals show that the MAPE (Mean Absolute Percentage Er-

ror) of MCEC in traffic flow prediction reaches 17.02%,which has a higher prediction accuracy than other prediction mod-
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els such as LSTM-SVR, ConvLSTM (Convolutional Long Short-Term Memory network), ST-GCN (Spatial Temporal
Graph Convolutional Networks), MFFB (Multi-stream Feature Fusion Block), Transformer, indicating the validity and rea-

sonableness of the MCEC model.
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traffic flow prediction; error compensation; multimodal cooperation; long-short-term memory neural net-

works; differential integrated moving average autoregressive models
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é'dj:%BzJAJ.
SCARE 1) AR AL I 0 ) A SRR R AR 25 T K R A4
B PR 2R 2 1) IR B A, DL/ M IE B 7328 O X
W , A4 A B A KA 10 5 P 0 B R S R R S T
T 5 3 de /M [T A 1 22 H Y, R R AR O RMFEAS 4
FAHE 1A AR . f(x) =w'+b, i f(2) 5y AT RE 32
VT, Hor o SRR T TR A ) i, b ARSI . AR S A

3.3

U ) AN A f () =y B, RS ARU 4 2 4724 0, {H SVR 55 A2l
FVEf(x) 5 p FFAE— 2R 2 e, Y AACS| f(x) -y Pe BT,
AR BNHBRVEFE R A0 T LU f (o) + e FlLf(x)—¢
A B SRR X3, anE 8 s .

J’;A O » rd ’f(“‘) +£ f(‘r)
Slx)—e
Rage)
@)
0 P
X

B8 S FIH(SVR)/R = &

A A 5 | A R HCRE R R S ) e 2 2 [, TR
SVR B FH AR 2 [l U PRt 5 51 A A -5~ , 368 3 3o 4
JE AR B H 3fe 71215 81 SVR AR A% 0o #3820, B

F00)= S @,- a, (x, x)+ b

XoT fe A S B P A O R RS A S M R AR Y 158 22 4R 4 7
=2 B I ZREETT 65% A Ul 25 ARIMA L
AU E LSTM A5 AU | AR 48 A Il 25 8 B8 20 ) 445
Fe BUREAE 55 AR AR I 1 T 45 L . AR s Tl 45 R 5
S o 00 A 0 A AR A 3 15 25 0 L I R LI 25 SVR
TR ZEAMERIRY | T, I PLER 5 2T O i R 28 N 4%
R S B g A T AR A AR S R AT | v R 2
FMEZREAE LA B AR 15 22 AME AR IR A TR Y 1 0 iR
B 1 D5 3k (Projection Head) , ‘& fE #5454 i A %5

528 1 4E A S ) SRR A5 ) LGl B X R S
B AT — 25 R 2 M AR 4 R B Ak A L A5 B A
B HEA B X R R 5 5 A e
7% )2 (Fully Connected Layer) , & Fl| FH £ 4 1E 2 7]
MR 2R F I TR G 85% K AR IEROR .
i Projection Head 5 42 3% 1 2 () 41 & A8 fe , SC LX) =
AT AR AE AV TN R AIE R 5 2 A RRAE A
1R 22 MR AR A A A, 15 3 A 2 A2 38 i
5L

4 KBS

R T BAIEAS SCHR H TR i PR RE L, EHE 44
FRAR AT VAL, 0 0 2 « 46 X {E F- 44152 22 (Mean Abso-
lute Percentage Error, MAPE) (A%} 15 J5 #R 1% 22 (relative
Root Mean Square Error, rRMSE) | #H Xt - ¥4 48 % 5% 2
(relative Mean Absolute Error, rtMAE) DL M 34 J7 #R % 2%

(12)



% 8 RTHEET

DRIEAMEE ) 22525 DI I S5 I T30 A 2885

(Root Mean Square Error, RMSE). iX 4~ 8 #5 B8 4 1 [

MRS A F TN 1 B A 0 VR 3 . 30 e Xk L i i

ﬁiﬂﬁ ARSC B TIUMAS B SRAT A WA, B PR BIE ST 45
WY ATREPEARL 4 %?aﬁﬂ’]frﬁ NV

(13)

(14)

MAE = =1——— x 100% (15)
>

i=1

[1 & .
RMSE = ;;(f,.—f[) (16)

4.1 ZWHIESE

ARSI LI 2013451 H 1 H—20134F8 A 31 H 1Y%
53100 1A [ Y 2838 Yt ik I o Bt 2SaE S R
B (Traffic Performance Index, TPT) 2048 UL A A2 8 ZH- 1A
PEEUE B SR , LS. 10,15 min Sy Asf 18] 1] BE X AH G
FEAESEAT G011, 15 8] K/ K 69 684 x 33 [k s e S [
3100 FIEFEA T 290 BV TR}, 8 Al i i 4 [ An ]
9 7, AT L DA ] P U5 28] A 3 i e LA SR P I

400

frabiib o]
(] {7
3 3

2

b i) /o T
E9 3100518 Hc i i e Prek &

4.2 FIETALIE

TR BTG AU& N R sF BE A 5] 38 146 14 A2 38 i &, LA
Ko RAHFAE TPT S A0 il B 55 B, R, 75 200 4
P 45 FE AT WAL B 0 R RRAE L TN 4 BT B 4 A
Prf .

(1) % R s 4 1 5 2 bk i e IR BRI B, 4%
A TECE IS Ve LA 2 BRI (E AN S (A

(2) AR 4l SRS A 110 o o A i o, T H Al i

I RS R H AR

(3) A4k D A5 4 4 SR A [B) B S miin 119 38 38 9 2, Ak
PHAS R R AL B 43 324 10 min F115 min A9 .

(4)FETF /NI A0 R0 B R R AE R AT 2259 5 4 %
19 BRI $ oyt 5 ) 1A i

(5) A B AR YN 25 B0 AS | XoF 38 40 ¢ 41E i
Rb3

(6)30]53-HI 80% B AR 1E M UIZREE | 5 20% ML
T (S Al

AR 5N 43 1 AL T ARIMA LAY, D) 2% 53
A B RS SR SR i A XS e 51 B — 9 22
JFFH LI 10, ] LAREE 3 280k 22 00 I i i e B 1 A7
S R R SR R AR Al A R e

AT —1k

1 000}=

wirpbl-hig
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4.3 ZEHER

AR SCfdE ] Pytorch HE AL HEA T 1 28 [ 28 L RLIIN 25 . Ry

—DARGTRE T 18 22 M 1 22 RS P[] T A A 4o B

BF P PP 5 B LR B 5 1 1 77 55 LSTM i 28 [ 2 AL
B LSTM-SVR #2825 #5578 RNN i 22 [ 28 B30 . GRU
(Gated Recurrent Unit) #f1 28 5] 25 #5570 ConvL.STM %5 F
K W90 12 o 28 W 4617 ST-GCN (Spatial Temporal
Graph Convolution Networks ) I 25 8] ¥ FH W 458 MFFB
(Multi-stream Feature Fusion Block) 2 i 45 fiF. fil & 15
I T Transformer B8O AT X L, 43901 % FH 3 44
HEHAE5 min, 10 min . 15 min T B9 3838 Ji A . DORFE
[E] B A 15 min AR 42 S0 9], TN 25 2R AN &1 11 s

M 1T B R Hen] DL 21, e i B 4 1
MCEC #5 5 % 7 ) 28 5 [t LSTM-SVR , ConvLSTM , ST-
GCN . MFFB . Transformer 45 5% % fi%) 7500 &% 5 50K5 1 .
1 45 O 6] A B AR 3 B O [6] B4 43 B %2 5 min |
10 min .15 min | S5 R AR ZESE bR, ol LLA AL T
TR 25 M2 1 Z2 B2 25 B [W] 70000 (Multimodal Collaborative
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150 =

E 00|

50

——

—&— MECE

4= LSTM

= %= RNN

===¢-- GRU

== LSTM-SVR

=+ ConvLSTM
ST-GCN
Transformer

—a=— MFFB

R ]/ 1] ek

P TT EIR  30 FU 45 2

traffic flow prediction model based on Error Compensa-
tion, MCEC) B YT Ay 25 SR i
W 1R i T RNN.GRU \LSTM ,LSTM-SVR ,

ST-GCN .MFFB . ConvL.STM . Transformer Il MCEC iX 9 f
ST Sk I AN [v] SR A (1) B8 17%) 22 38 9 i, I J8 7 HLAE
WP bR Ty TH A FE IR, EDULXT EE an Pl 12 Fr s .

F1 EEZEREBRNE RITNIERR

_— MAPE/% rRMSE/% rMAE/% RMSE
5 min 10 min 15 min 5 min 10 min I5min | 5min 10 min 15min | 5 min 10 min 15 min
RNN 19.11 19.07 19.23 10.79 10.68 11.03 9.32 9.31 9.46 1.049 1.041 1.093
GRU 18.89 18.75 19.01 10.63 10.62 10.92 9.19 9.07 9.41 1.034 1.029 1.071
LSTM 18.78 18.76 18.96 10.61 10.59 10.78 9.18 9.11 9.37 1.032 1.028 1.057
LSTM-SVR"" 18.07 17.79 18.31 10.21 10.07 10.46 8.83 8.81 9.04 0.995 0.993 1.021
ST-GCN'® 18.13 17.78 18.26 10.26 9.97 10.43 8.87 8.74 8.97 1.003 0.988 1.019
MFFB® 17.07 17.03 17.16 9.67 9.59 9.91 8.29 8.26 8.74 0.929 0.915 1.012
ConvL.STMF” 17.17 17.11 17.27 9.71 9.62 10.08 8.35 8.27 8.81 0.934 0.919 1.015
Transformer™” 17.98 17.54 18.05 9.84 9.78 10.29 8.74 8.59 8.92 0.967 0.936 1.018
MCEC 17.02 16.96 17.24 9.56 9.54 9.92 8.28 8.23 8.73 0.929 0.913 1.014

12 (a) J& MAPE 9 45 £ AL AR A, B 12(b) 52
RMSE #5504 £& /. Horp, RMSE 2 F e i £ 7500 {5 A
SR 22 D) B A 22 , S /N 0 B 00 152 2 /N . 3 ok
X} HE S AR RMSE (B, AT DL & BLE TR 22 42l &2
A D[] 000 A 75 ) 9 0 e, SRV 485 SR 1 D 4
A /N T At 25 HUASEARY | 35 38 92 A5 750 ) 3 f 5 30
o T EL A S A P o e e A A

Sk 1 — 25 B UEASE A B A RO 4 B RRAE 0 S A
He(Bide A) RS UM R ZEE (BLER B) A S i 25 b

AR H (L C) FEATIH Al 52 55 . 152 B ARIMA-LSTM #%
TR0y LAY ARSI IR AR E B0 SR A (8] B
5 min BRI TIH LSS, 25 R 2 R .

T8 A FER AT AR T, 43 AT T Al S 5 45 T
TR 25 S B B, AP 13 s . R AE G R A B | A
AU RV ABE B DL R 15 2 M AR e 1 of 35 o A5 0 A
Jr T, B B S B gl & R E— 20 $ T3 B s
T PO A HER T L 28 b AR SO IR R RS 3
UERA .
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LST™,

( Ls ™ Transformer

RNN
ST-GON
LSTM-SVR

|

20+

MAPE/%
]
T

10
H5eHE I [ 18] B /min
(a) MAPEJ8X0HARIA

1.10

rrrrrrrrrr

\

S

0 1
eIt 4] 1] i/min
(b) RMSEF8UTLK

12 SRR EON LR IR

®2 BEHHBIEITMRIERR

LY MAPE/% | rRMSE/% | tMAE/% | RMSE
ARIMA-LSTM 18.48 10.57 9.07 1.014
ARIMA-LSTM-A 18.42 10.52 8.97 9.89
ARIMA-LSTM-B 18.46 10.55 9.01 1.006
ARIMA-LSTM-C 18.39 10.47 8.84 9.85
ARIMA-LSTM-AB 17.89 10.13 8.67 0.961
ARIMA-LSTM-AC 17.34 9.72 8.34 0.937
ARIMA-LSTM-BC 17.67 9.84 8.41 0.953
MCEC 17.02 9.56 8.28 0.929

13 AR Al s I8 PE HE A AT HERR A
5 Zhig

SR AT S SFR R S  TLASE R A2 ] S A | 5
J AR AZ A 1 45 22 T DR 352 ) S BOR J5E G 1 1 2
it R IRJRE, AR SCHR T 3 T iR 22 AME Y RS B[]
S B T (MCEC) A, S 1038 f% S8 Uit B 1)
AR . AN ARHIE S A S IR 22 MR fift
P 1AL G TN A 2R AN B eI (7] 51 0 5 A2 A Y TR
A, P e B ] SR S R L i i B 2 RS T R
SRR, IR B T8 0p 27 > [ S s MR BRI D BC SR,

— R R R 2 A S e
WA 1A E S A i 2l 2Ok
T 2SR S S G BN & R B g WA — X

P AR SO ] T4 B0 4t | 58 B8 B ek
JEARXH B AR A 15 5, BTN RAEZ J5 1l 5| A M3 4h A

F oA AR SR A SR A A S AN AR ST AR
T4 e TR TOUIMAGE TR X o SO 4 R 2 555 PR 2R 1Y
72T RE T MK IH 2 B A 32 1 A Al A B ki, s
gt — BT S B S 2 RS R RAE .

5% 30k

(1] S8 3, 2Kk [ 00 3L 58 5 1) B i SR F 5 43
A LT A SUBR AR X A 58 1 AL i R AL A D). B
TR, 2014(7): 26-31.

GUO Y K, LI 'Y Z. Research review on foreign TOD urban
development: Based on the perspective of influences on
transit ridership by built environment[J]. Urban Problems,
2014(7): 26-31. (in Chinese)

MILLER I, CAMPBELL M. Sensitivity analysis of a tight-

ly-coupled GPS/INS system for autonomous navigation[J].

(2]

IEEE Transactions on Aerospace and Electronic Systems,
2012, 48(2): 1115-1135.

P, EAR, B, % 2SSl i R
Pl TRE, 2003, 10(6): 484-487, 517.
GAO H J, WANG J, CHEN L, et al. Review on the re-
search of air traffic flow management[J]. Control Engineer-
ing of China, 2003, 10(6): 484-487, 517. (in Chinese)
FIET, BN, PREEE . BT RE AR (R RE Sl R K RS
WO RIEEAEE, 2022, 2: 91-95, 167-168.

WANG X Y, ZHAO P, CHEN Y F. Development of ITS
under new infrastructure[J]. Shanghai Highways, 2022, 2:
91-95, 167-168. (in Chinese)

FRBFIE LR R[],

(4]



2888 A R S 2024 4F:

[5] BXHR, =50k, 7RG . R REACH R AL LA T]. A MR, City Traffic Forecast[D]. Xiangtan: Xiangtan University,
2014, 41(11): 7-11, 45. 2020. (in Chinese)

ZHAO N, YUAN J B, XU H. Survey on intelligent trans- [14] SRIE . 31 8l ) F B0 5 i 0], 2 B2
portation system[J]. Computer Science, 2014, 41(11): 7- (HARBL£/), 1991, 30(1): 111-117.
11, 45. (in Chinese) WU Z. Traffic flow dynamic modeling[J]. Journal of Fu-

(6] HFpE, sk, XUMEAS, &6 . ST sc M iR Ak 1T A0 38 2 dan University, 1991, 30(1): 111-117. (in Chinese)
L) 1B, 2023, 27(2): 27-48. (15 XUSSBL, SRR, P S0 B S s 5 9 o o
SHAO H, ZHUO Y, LIU P J, et al. Operational research THAL YRI5 [J]. 3k 1T B S AF 5%, 2015, 18(11): 13-
methods for urban traffic flow estimation[J]. Operations 17, 29.

Research Transactions, 2023, 27(2): 27-48. (in Chinese) LIU M Q, JIAO P P, SUN T. On short-term forecasting

(7] BAVKAE . FETF0F 23 B4 10 A2 38 T o T 4 28 o 28 23 v F model of passenger flow in urban rail transit[J]. Urban
FREE [T, TP 5 S5 A, 2023(3): 95-97. Mass Transit, 2015, 18(11): 13-17, 29. (in Chinese)

HU B H. A review of neural network algorithms for traffic [16] TERESA PAMUL A. Road traffic parameters prediction
flow prediction based on spatio-temporal data[J]. Comput- in urban traffic management systems using neural net-
er Products and Circulation, 2023(3): 95-97. (in Chinese) works[J]. Transport Problems, 2011, 6(3): 123-128.

(8] Bliflty, FMVEIE, Ji R . R B A 3l iy 8 i S0id & (17 ] FRAbk, M0, X5 . ST IR B2 2% > B0 S I 58 3 g 1k

e IZER D). SOl IS R TR S5 R, 2015, 15(5): PO (3] FF By K27 22 4l (A SR BESE R, 2017, 30(4):
45-52. 65-69.
LUHP,SUNZ Y, QU W C. Big data and its applications QIAO S L, SUN R C, LIU J. Short-term traffic flow fore-
in urban intelligent transportation system[J]. Journal of cast based on deep learning[J]. Journal of Qingdao Uni-
Transportation Systems Engineering and Information Tech- versity (Natural Science Edition), 2017, 30(4): 65-69. (in
nology, 2015, 15(5): 45-52. (in Chinese) Chinese)

[9] DAIG W, MA C X, XU X C. Short-term traffic flow pre- (18] F 4%, PMEDL, TR, 4 . JT K-LSTM-ecm £ B 14 3%
diction method for urban road sections based on space- T BIUIE 52 38 R B 2 S 1. 3k | 3l ik, 2022, 44
time analysis and GRU[J]. IEEE Access, 2019, 7: 143025- (5): 103-107, 133.

143035. WANG J F, SUN L Y, ZHANG T, et al. Short-term pas-

[10] MACKENZIE J, RODDICK J F, ZITO R. An evaluation senger flow prediction of urban rail transit based on K-

of HTM and LSTM for short-term arterial traffic flow pre- LSTM-ecm model[J]. Manufacturing Automation, 2022,

diction[J]. IEEE Transactions on Intelligent Transporta- 44(5): 103-107, 133. (in Chinese)

tion Systems, 2019, 20(5): 1847-1857. [19] ZHANG L Z, ALHARBE N R, LUO G C, et al. A hybrid
[11] WAGNER-MUNS 1 M, GUARDIOLA I G, SAMA- forecasting framework based on support vector regression

RANAYKE V A, et al. A functional data analysis ap- with a modified genetic algorithm and a random forest for

proach to traffic volume forecasting[J]. IEEE Transac- traffic flow prediction[J]. Tsinghua Science and Technol-

tions on Intelligent Transportation Systems, 2018, 19(3): ogy, 2018, 23(4): 479-492.

878-888. [20] JAl 2%, i, R KA. 2T WA-LSTM-ARIMA (1R

(12] BoALME, B, 25k, 2 JE TR G R 3 -2 A [l A B 1 WA I A BN B [0]. AR B, 2022, 44(1):

AL R R UG A /)N A 28 I 24 215 A5 7 114 S 3 g T 124-128.

D1, 7 515 8244k, 2019, 41(9): 2273-2279. ZHOU L T, LIU Z K, XU C H. Concrete dam deforma-
YIN L S, TANG S Q, LI S, et al. Traffic flow prediction tion combination prediction based on WA-LSTM-ARI-
based on hybrid model of auto-regressive integrated mov- MAL[J]. Yellow River, 2022, 44(1): 124-128. (in Chinese)
ing average and genetic particle swarm optimization [21] #0 . ZNE BRIE AE S 3 AS W I B 4 45 B vp 1% 17 F

[13]

wavelet neural network[J]. Journal of Electronics & Infor-
mation Technology, 2019, 41(9): 2273-2279. (in Chinese)
F . JEF SARIMA F1 LSTM A58 5 f 8 5 ik 17 42 3 1k
THU D). T WP R, 2020.

WANG Y. Based on SARIMA and LSTM Model Smart

[22]

FEID]. VU4 P2 BT R, 2010.
YANG L. Applied Research of Wavelet Theory in Dam
Deformation Monitoring Data Analysis[D]. Xi’an: Xi’an

University of Technology, 2010. (in Chinese)
FHUN, JET, VFRAL, 55 . BT/ INp AR 3 R0 S g ) AL



% 08 M S THF L TR 22 AMEE ) 22 RS T[] S5 it T A A 2889

IR SR TE F0M [7]. s RS2 R (5 B ARFE R, 2008, B, 2022, 22(3): 147-157, 178.
33(5): 469-471, 507. LIUY C, LI Z P, LV C P, et al. Network-wide traffic
WANG X Z, FAN Q, XU C Q, et al. Dam deformation flow prediction research based on DTW algorithm spatial-
prediction based on wavelet transform and support vector temporal graph convolution[J]. Journal of Transportation
machine[J]. Geomatics and Information Science of Wu- Systems Engineering and Information Technology, 2022,
han University, 2008, 33(5): 469-471, 507. (in Chinese) 22(3): 147-157, 178. (in Chinese)

(23] WRigrims, Faf e, o1 F), 55 . 288 SORME B R A [30] LU H P, YANG F. A network traffic prediction model
(A2 30 T RS B ] T 0. A 24tk PR R EOR, based on wavelet transformation and LSTM network[C]//
2023, 19(6): 180-186. 2018 IEEE 9th International Conference on Software En-
CHEN J N, TAO W J, JIN Y L, et al. Prediction of traffic gineering and Service Science (ICSESS). Piscataway:
incident duration on expressway based on multimodal IEEE, 2018: 1-4.
text information[J]. Journal of Safety Science and Tech- [31] TIAN Y X, PAN L. Predicting short-term traffic flow
nology, 2023, 19(6): 180-186. (in Chinese) by long short-term memory recurrent neural network

[24] sk#k, FRRAE, PRIRFLT . T L] 31 (R TR T 15 3] 5 7 [C]//2015 IEEE International Conference on Smart City/
M. HF274K, 2023, 51(2): 365-371. SocialCom/SustainCom (SmartCity). Piscataway: IEEE,
ZHANG Y, ZHAI S H, TAO H H. Chaos identification 2015: 153-158.
and prediction for rain attenuation time series[J]. Acta [32] KiIRIZ, %EXX 4, P8 T RAE AT N F RS AT
Electronica Sinica, 2023, 51(2): 365-371. (in Chinese) A LER ). s RS T RSE A, 2022, 22(2):

[25] skEm, ESCH, 3R R . BT 2B RHIE RG24 1Y 1-16, 63.

25 I 4 4H RS R ) B B (0] T 2R 3R, 2023, 51(2): ZHANG T Y, LI S J, MA S. Overview of life-oriented
489-498. travel behavior research[J]. Journal of Transportation Sys-
ZHANG Y Y, YAN W J, ZHANG L M. Space-time tems Engineering and Information Technology, 2022,
block code recognition algorithm based on multi-modali- 22(2): 1-16, 63. (in Chinese)

ty features fusion network[J]. Acta Electronica Sinica, [33] LI T, ZHANG J B, BAO K N, et al. AutoST: Efficient
2023, 51(2): 489-498. (in Chinese) neural architecture search for spatio-temporal prediction

[26] Sk, Lz . BT 2RISR R AR A K 55 1 A [Cl//Proceedings of the 26th ACM SIGKDD International
ST A5 S AL, 2023, 39(1): 51-60. Conference on Knowledge Discovery & Data Mining.
ZHANG R N, AN G Y. Multimodal feature translating New York: ACM, 2020: 794-802.
embedding based scene graph generation[J]. Journal of [34] Z=3CHe, FONUIN . 2L TR 1LY LSTM i 28 X 2% [ 1 7] )
Signal Processing, 2023, 39(1): 51-60. (in Chinese) F FI Ty (3], 3 5 Tl R AE AE 4, 2021, 47(5):

(27] BEI, OVE, #RES, 45 . 2T 2 RUEMBERITEE T U- 480-488.

Net f¥ & 22 % 43 E 0], 15 5 4b BEE, 2022, 38(9): 1912- LI W J, WANG X X. Time series prediction method
1921. based on simplified LSTM neural network[J]. Journal of
YANG Z Z, SUN X, SHAO ], et al. Medical image seg- Beijing University of Technology, 2021, 47(5): 480-488.
mentation based on multiscale even convolution attention (in Chinese)

U-Net[J]. Journal of Signal Processing, 2022, 38(9): [35] F3eff, DR A . BT ARIMA F1 LSTM TR & 45 &1 i) if
1912-1921. (in Chinese) [a] 7y %) i (90, 3 A5 LN 5 R, 2021, 38(2):

[28] JHAEZS, f-1 4 F1 . 3L F Attention-LSTM-Kalman #2451 291-298.

IR Bl 25 i F S 2 (7). Bl R A S A B, 2022, 37(2): WANG Y W, MA S C. Time series forecasting based on
463-470. ARIMA_DLSTM hybrid model[J]. Computer Applica-
ZHOU J J, FU D X. Soft measurement of wind tunnel tions and Software, 2021, 38(2): 291-298. (in Chinese)
dynamic flow based on Attention-LSTM-Kalman model- [36] SONG X, LIW J, MA DF, et al. A match-then-predict
ing[J]. Journal of Data Acquisition and Processing, 2022, method for daily traffic flow forecasting based on group
37(2): 463-470. (in Chinese) method of data handling[J]. Computer-Aided Civil and In-

[29] XUELAL, 4575 MY, B AR, 5. ﬁt?zjﬁ&ﬂﬂtﬂﬂﬂ B A 55 frastructure Engineering, 2018, 33(11): 982-998.

P46 B I A g i WO (0], sSlag i R 5 LR S E

[37]

SHI X J, CHEN Z R, WANG H, et al. Convolutional



2890 H, ¥

¥R

2024 4F

[38]

[39]

[40]

LSTM network: A machine learning approach for precipi-
tation nowcasting[C]//Proceedings of the 28th Internation-
al Conference on Neural Information Processing Systems.
New York: ACM, 2015: 802-810.

BING Y, YIN HT, ZHU Z X. Spatio-temporal graph con-
volutional networks: A deep learning framework for traf-
fic forecasting[EB/OL]. (2017-09-14)[2024-01-03]. http://
arrived.org/abs/1709.04875.

LI Z S, XIONG G, TIAN Y L, et al. A multi-stream fea-
ture fusion approach for traffic prediction[J]. IEEE
Transactions on Intelligent Transportation Systems, 2022,
23(2): 1456-1466.

LI G Y, ZHONG S H, DENG X D, et al. A lightweight
and accurate spatial-temporal transformer for traffic fore-
casting[J]. IEEE Transactions on Knowledge and Data
Engineering, 2023, 35(11): 10967-10980.

EEEN

RFE 51999 48 A WA, WAL it
N BRI R RN RS TR AR
FEFE 7 1) A A O S AR AS B

E-mail: wyuxuan@mail.ecust.edu.cn

BRER 5196742 A AERM TR
A BB BRI LA Sl CCF R i
EoE 3 S Ok ¢ SN N K =57 o A2 A = W
AT
E-mail: yhq@ecust.edu.cn

Susmd B,19804E7 A iR BRI T K
5 BAE B m H% A SR CCF &l &
B BB 0N B A R g g Ak Ty
B RS A S A A

E-mail: gsfan@ecust.edu.cn



