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Abstract: Traffic flow prediction is an important part of intelligent transportation. The traffic data to be processed by it
are non-linear, periodic, and random, as a result, the unstable traffic flow data depend on long-term data range during data
prediction. At the same time, due to some external factors, the original data often contain some noise, which may further
lead to the degradation of prediction performance. Aiming at the above problems, a prediction algorithm named EMD-LSTM
that can denoise and process long-term dependence was proposed. Firstly, Empirical Mode Decomposition (EMD) was used
to decompose different scale components in the traffic time series data gradually to generate a series of intrinsic mode
functions with the same feature scale, thereby removing certain noise influence. Then, with the help of Long Short-Term
Memory (LSTM) neural network, the problem of long-term dependence of data was solved, so that the algorithm performed
more outstanding in long-term field prediction. Experimental results of short-term prediction of actual datasets show that
EMD-LSTM has the Mean Absolute Error (MAE) 1. 916 32 lower than LSTM, and the Mean Absolute Percentage Error
(MAPE) 4. 645 45 percentage points lower than LSTM. Tt can be seen that the proposed hybrid model significantly improves
the prediction accuracy and can solve the problem of traffic data effectively.

Key words: traffic time series data; noise; Empirical Mode Decomposition (EMD); Long Short-Term Memory (LSTM)

neural network; traffic flow control strategy

Bl & ACHIEE TAENT

BB FE 2T KR RV AN NI O iy, 2id
%iﬁl‘ﬂﬂﬁﬁﬁ‘m?ﬁﬁ AL A HER ] TR #Eﬁi@ﬁﬁjj,ﬁeﬁﬂﬁ
M RO TT 5 He— |, ATl R T R DU ORI R
A (HM T ESM LM A FIEOR B i R AR 2
HXTFAN AT AT o BT 0, fol PO A o) SR s LA 20 BT
iﬁﬁ%l@%hﬁjﬁ}:ﬁ&*?ﬁx,Iﬁﬁiﬁﬁﬂg%&‘%ﬁ?i@
AIAT, P R S o AR SCHRE 1 — it et 42 1 SR W LA B3
P S B AL, DT 15 489 I ] I g ST 1 3

W #5 B #5:2020-05-30; f& 5] B #5: 2020-07-30; 5% F B #7:2020-08-03
PEF B 0K IGEnS (1995—) , 2, LR M N 05828, FEZRS 7 1) LR

CCF 2 b, ERWFTETT 1] LA ) BRIz S B A R4

DI ICAZ Ao 28 0 28 igp e 7 5 A U A ) et e ok
T K 51212 (Long Short-Term Memory, LSTM) # 25 [ 4%
AR, P H mg A3  J Sal TT Ef 1 5

2) K s A BOHR U 48 2 B AR S 43 % (Empirical Mode
Decomposition, EMD) [ B | [ % 22 38 %545 e 75 % 500 i
S5

I A S R 22 T 50 4 1 S 9 45 R R W42 1 11 EMD-

LSTM 332 T A S e A A TG 13

S BUREEH, BER(1971—), & LI R A, BT,



226 AL A

% 41 %

1 Mx T

IR 25 2 T SR AT B R ) O o S0 A
B, DLOCHEAN [R) R B 2854 1) 5000 1 B L T AT AT AT A . 2
BOrsMAESHOT . SBOT BN R P E" R E T
DASERL R BOF- 1 e R R 2 RN I e A A g S
¥ 3 - W H (AutoRegressive Integrated Moving Average,
ARIMA) W BEAY B3 Pk B B H 25 5 88 3l °F- 2 {H (Seasonal
AutoRegressive Integrated Moving Average, SARIMA) "™ | £ G
I [E1] P S AGE TR0 R A3 BT R 2 g ] AR 4
AR S B R 45 A T 28 M 4% (Artificial Neutral Network ,
ANN)M HES Rl LR RO 8 0 R e 7 i SR I
17 [11 5 (Support Vector Regression, SVR) /™24 | X $058 7
BLLLIEE N R B B PERE , SR NI 4% A AT R FRTE , He a4
SR RS A, T3 S S8 7 B AR N A A Dy TR
A RBEBRIE 5 IR S UEP T2 5y 7 Ak, DT et G T K
BEf . ARSHOE P R B AR B R I T IR A )
R 28 DO 245 54, 38 SCBRIE T T AR S RO (Y T P R, BT
B RS HERE o TR S EUR AR IR i 2 o i S0k B
At 5238 B 0 Gl T T, Hh Tz e R G AN R B A2 R LA
Fo 5258 Z2 e ok 23 8 A R AN R e, DA D0 g WS 5 114 D5 46 5 3
HHE T RE 2 B — SR TSR R T X s T ARz
W7, Sl 2 RO R A A e Ml o) 5 R P, S SE IR P B S5
T T A AT S R 1 R R L S e S e L T AR
SRR TR L 22 1 B R R A ) S

PRI 50 5040 8 o 2 Mol 2 2 vy S0 o T Y 4
JERA BT Br o ASCHE T — i 300 58 T S i PR 2 Ry
EMD-LSTM, 1] FU A 301 P9 (14 53 4, 22 30425 73 fif (EMD) ]
VLS B 5 52 2% B0 A R A R 1) 5 5 B R AE , 445 D 43 1k 1) 7 51
155 73 A 0 ik 4 3 15 A3k 2 e g A, ik 640 7 X
] PL R oy FE B R AR A PR %X (Intrinsic Mode Function, IMF)
FIEE 2 IMF F15% 22 2 0 B LA A5 5 A AR R M fa 34 L) R AT
g PSR e 2l o RIS A A 2 00 2 A K I ] AL S50 O T
B G 3 B L 24 > % A0 ARIMA L ANN 45 3% LT

2 FEKRE

ATE FHA IRy 1k LR B A 65 28 RS 4 ik LA
P& GRUMTRL A EZ T
2.1 AWM (EMD)

LB I3 (EMD ) & — iR IR I 50008 43 S 2 ANME
R (M) F1— A58 22 r (¢) RIS AR A g e A e i =X 0 5 12,
X2 Huang 55 FE 1998 47 £ H (1) — FP 530 43 #7149 1 38 17
o EMD AN T A8 BL I8 o 1) Jay B T EL A i /N D
FE RIS G T /N AR SR Y B ), EMD B R AP
B0 HERAGE R, BEAE 5 S b B E JFUA 5 5, [l LA 28 1
155 v AT 8 2 (R RG A0 S5 K 0 ) o AE NS B ) 7 1D, EMD
AT AR MR 75 B A5 5 0 e B M s R U 5 A B
AN TR) A AR PR A8 2 o BRORN 8% 22, IMIF 32 S5 e 1 Ji 4 s ) P 371
B AS ) V) RUBE A4 92 R L R 2 I e 1 DR s 1) K 0
o ] I i A PR R TMF R M 15 50 1k 2101 BRIt 75 Y
HAY o 405 i IMF 5 S5 85 3838 F0CHR 7 3 A6 LB 538 4 R0

bk, PR T — MR . EMD C T RG> e
S0 A7 o S A MR 2 A AR T B IS T AR 2 R, 28
A )7 1 5t 4 B U 5000 1) T A 15 8 L RS ) 4 L 2
el K /NG AR % AT B A JF i TR
AR D RE S T E RS . EMD J gk al A4k
BT ARZE M PR | 330 T P 3R A8 T FUIAS 7 1) B e
HHE TSI 0GR T R EEMME, %A B TR i 24
MY AELEPERT P B AGHRAE . IMF DL B3R -

Xt T S S P e (o) AR L 1R A 43 BB
H AL uy (1) T ELESER L (1), IR 1 TR o

T

R gk
YA T

1 AR S B TR
Fig. 1 Upper and lower envelopes of original signal
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Tab. 1 Some engenvalues of experimental dataset
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Tab. 2 Traffic prediction MAPE under different network frameworks
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structure with step size of 12
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Tab. 3 Comparison of ARIMA, ANN, LSTM traffic flow prediction

results
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Tab. 4 Comparison of prediction effects of different algorithms
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Tab. 5 Comparison of prediction effects of traffic data with

different time steps
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