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Abstract
Ensuring precise forecasting of road traffic flux holds utmost importance in the advancement of
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intelligent transportation systems. Nonetheless, the presence of disturbances in the original traffic
flux data may impede the accuracy of predictions. In this investigation, we propose an Empirical
Independent Mode Decomposition (EIMD) technique to effectively diminish disturbances. Our si-
mulated outcomes showcase the superiority of the EIMD approach when compared to alternative
techniques for reducing disturbances. Building upon this, we present a combined forecasting model
that integrates EIMD and Support Vector Machine (SVM) to further enhance prediction accuracy.
Through the utilization of traffic data from Guiyang City, we assess the performance of diverse
combined models, which include Wavelet Neural Networks (SVM), Convolutional Neural Networks
(WNN), and Convolutional Neural Networks (CNN), while employing various methods for reducing
disturbances. The outcomes unveil that the model incorporating EIMD outperforms the model
without disturbance reduction, and the combined model with SVM yields the most favorable pre-
diction performance. These discoveries underline the efficacy of our proposed approach in miti-
gating the impact of disturbances and accurately forecasting road traffic flux, thereby making a
significant contribution to the advancement of intelligent transportation systems.

Keywords

Traffic Flow Prediction, Noise Reduction Method, Empirical Mode Decomposition, Independent
Component Analysis, Support Vector Machine

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

ik

1. 5l

BEE IR AR RN EE T, SR AR A8 a4 B A AR b oy 48 i e o 62 T 0o P B KR A o ) 3 50 3 1
RESCIE PN R 4, A& — T S RO it o ER R 2SI B PO e W6 A B A SGER T AT DLSR, SR AT R
AERTUE i, (et A RFNE BERE IUARAL . PRI, BfF 0 e < e Ol B A AR B i S B 3 X [1]

AT, ASCHRE 7 RER TN, DU I OCEA B AL S5 g A H R ARG sm Pt v g, 91,
SHAERI[2] [3] [4] [5], S IAMEHE#Z: /2% (Back Propagation Neural Network, BP) [6], 3¢5 [ & 4/L(Support
Vector Machine, SVM) [7]H1 A T #2225 (Artificial Neural Network, ANN) [8]%% . iX S8BT yk7E — Lkl E 1
N R R R = I PERE . SR, H T 2018 RGN A B AN 8 R AR i, A I A A
RIS AR T 2 B9 ZL A AP0, P ECSER N AT SEE AL TR ik, PFRA R AR
DI s Ml R, I FE TR0 7925 2 R B HEAT A B, DA v A 30 I SR ) AR P A AT SE 1R [9]
[10] [11] [12] [13]-

Horr, /B (Wavelet, WL) 77272 — M2 R R BERARRL . Xie S5 [915R FH /NI R IR B B AR AL T
I R T 5 308 2 P ) P e, R M B BB ) N AR R A R R S B AP PERE . Jiang SF[10]42 H
TRl B N AR, R SR B SR BRI BCRIE £ N ITIEE T R R R R, R AL PR R A6 KR U
S BIME RS . BAL, Lu SE[LLIR /N AR Bl A @ AR o i v 2 RO o & . TAERT F2 [12)F08F 52[13]
0 A v S F /0N i B M T v v AR RS B, AR R T R T B A SR 42 o0 5 R 22 /N B T LA 5k
FIFIOMARAL o Z% b RTIR, BRI N R B8 e 28 3E VAL Tl s PR 28T B o

A2 FRRBE T, NBAS R RS2 B P R I /NI R AR 52 o AN [ 18 /NI R B AN [ R I AR
P, EEAEIE RN EE T e R B RCRAE . RN, N R i i R — N EER . &
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KR, REWH

TR AR I B T DA S AL AT ) R OR, ARG AT B A BB A — AN s I, 7 AR B Ak
[0 RN N P EAT PR o BT AE SR TGO 7 e, A SO B T2 tH—Fh B IE R e vk, AN B i Rk o
ORI BRAE R, 1% 07145 6 T A5 1545 23 it (Empirical Mode Decomposition, EMD) A1 37 43 & 43 #7 (Inde-
pendent Component Analysis, ICA), FlT 2 ExMe A 40 o JF i8I AA0M07 FCSEIGAIE I 1 % el 7 vk A Rk,
FEMLHEA b, 80 FCSE A T BEAT VA, 45 RS B2 P U7 ik 5 TN Y (4 ] DL R4
ETINRERE, o EIMD 5 SVM 20 & TS R4 A S5 v () 00N G B o

2. FiERE
2.1. 1NE(WL)

X TV R A SR P S T, PTRLR WL J79[14]. BRI AL ) A i/ gt 75 25 A
FOM B TRIAE FLAOREMR, SO HGRAE R AR AR Al B A b o — M A R T DA DA R T R -

R(t)=Q(t)+<&(t), t=12,--,n (6]

Fob, R()BEAMENERES: Q) RICAWMBIMIFEE: £(t) MR i AMZ: %l n
RS, /N I FHLR ) R (1) 10 Q(8) B4y, WAL R(E) 1 Q(t) #54r. /NI MR Y RN (Y
WIS (A (S SRR AE, /NI VR TR 3 5y W= BB,

Step 1. ¥t — /N, WM AMRIOEEN, SRS B0 N R AR

Step 2. X TMJE 1 FIE N Hf— R0 REHIE T, B T M.

Step 3. MR R HURME I /N R A, LTINS $ 28 04 R i £ A 4

2.2. BIRESSHME(EMD)

EMD fEEIR M i RIsRi2 Wi s 2 N, IR TR T EMD [ 2R SR
P8 BIE N, XA ERSE RN A FRRIES, HPIT R A EACR(15] [16]. EMD @R A =R
FEARSEAE 7V, A5 5 1 & R 23 i 22 S B W HE R S A RS 2R 2 (Intrinsic Mode Function, IMF).
IMF B4 LUR PR 1) ARSI, (55 MR R % G i AR B 22 15 2) B
ARORAEL RORTRR /M LB E B % o 6 EMD AR A BEVRANARRE G T T i -

Step 1. AEUEFFI R(t) ik VS ZE MR AR, 383 R = YO SR AR L R e AR R R KA A
TR s U () AL L(t) -

Step 2. tH5 LALU (1) MR L(t) I0TE(E, LSS THEZM(t) (ZRAK(QD).

Step 3. TSR (1) 1M (t) ZIMHIZ AR | (1) (S HA(3)) 2R | (1) WAL IMFs (2645, 1 (t)
RIMF Z—, BUREEL ER=ATH8%, B (1) 9L IMF %,

Step 4. JEILTFSR(t) 55 1 (t) IZE(EARR RS r(t), EE ER=AFLBGEH IMF, BERI5
ZERHE S A R B — MR RO I

Bei, BURIRTE S R(t) TR AW A — 25 IMFs | (t) FIERZEHE4) r(t) . nBUR A sUFR:

M (t)=w @
I(t)=R(t)-M(t) @
R()=1,(t)+r(t) @
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2.3. W EFH(ICA)

ICA Z—FhgtitTiik, EEMT :%UE%M&%E/%E e ERR AR LS 5 70 R AR EARS 75

T XEETAESPRNMAL . ICA BBOIIIE 52 i — 2SI BRI AT, i SR T
REARAT A3 B MR S R 17] o

X (t)=AS(t) ®)

Hodr, tONBHIT AR X (1) A M ARG 55EA: AAMxN Bﬁ*%ﬂ?ﬁ%’a\%ﬁ[@ S(t) Hy HARMR LI
FAEG N TAEARIS (t) RGN, SUR IS H45 5 X (1), R TR sty 55 VRS 5 S (1)
] A B B (VR AERE) W, A8 X (t) &0 4y BIAERE W B #) {%@J n 4 SR, JXFE, ICA
[ SR AR T R -

Y (t)=WX (t) =WAS(t)=S(t) (6)

Hodr, Y (t) M S(t) M ES . B TRIRIBR T % S;(t) BARMSLA, X S(t) 5 A BHARGIEIR, #
A “CEHEESME” o LR TMERSERERY (t) h &0 B HAMAL, SR L8007 .

ORISR W MRS L, D WS R R X (1) S RS0 B AR g Z(t)
FRONERAL: OB PR Z(t) AR Y (t) o R Z(t) &4 i IE A VA — (B0 AR IEAS i B 2 85T 1).

Fast ICA (Fast Independent Component Analysis) & —# H 1) ICA J77£[18], 1% 7 iER T HEm it i
KACJEHE, SR Ak AR VE TR AR S It s AR, 0 W IR & P K SR RUBEAT HEAL B, BRI OB
{55 B — NS . 4 FastICA 5 [ 58 VRN iR o B ik

Step 1. ¥ X (t) 21, REMUERIAF Z (1) -

Step 2. BUTEAIER R U, (0), EREHLHK N 1.

Step3. Ku;(k+1)=E (Zf( T(k)Z)) ( ( (k)Z)) ((K) s Hort kK RIEART S, AR TS, E()
AT LIRS Z (5 R 2RISR T, f () R (y)=y- eXp( y /2) .

Step 4. K u, (k+1) 1H—1k.

Step 5. ﬁD%|ui(k+l)uiT(k) <
EHRU;

Step 6. WM g, (k)=uz(k).

2.4. GMIESSBE(EIMD)

EMD J7iEm IS IMF A T JRAGME 5 AN R A RS B sk, &7 mT TR
TR EAUE S FHEEZ R, ICA J7 2l $E O Y5 ) F BEATL R 7 11 55 3 e 301 o SR VR S B AL g 7
R, ASHF 7T T 406 S0 ST A S 20 (Empirical Independent Mode Decomposition, EIMD) R4 5, 44
4 7 EMD FICA B, FEH T bl MBENLEE S . LR 2 BRI iR

Step 1. {1/ EMD J7i4 J54R 155 R(t) A Z A IMFs, 129D ={1;, 15, 1,1}«

Step 2. IEAA IMF 25 FMAES R(t) ZRHIDCRE. ISR RECH BA SR M
=4 IMF A 1, . WJU%K@J MI Faf, JE8E IMFs 5500155 R(t) FARGEEFF G380, "l |1,
R IMFs 5405 IMFs (153 B 5t . tH AR KRB A XU AT R .

(R 1(0) =) "(”)
\/Var )var[1;(t)]

Step 3. XTELHE 1 A1, Z AT IMFs, 347 ICA JE B R &, T E— 22 8 s A AL s

JE L M4 k1, 15 Step 2, FIARG . HHHRA U (k+1)

Y]
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Step 4. IEFEHF A MM > EAF N RENLR S, TR LBR . ZJa, R AT ) B R ]

IMFs.
Step 5. HHEHIEHY IMFs, 120y 1/ (t) I 25 M4 IMFs 21, A EIHMIR 1062 Q(t) -
K m
Q(t): 4 Ii,(t)+Z|i(t) 8)

2.5. INEHZ L (WNN)

WNN 2 EAL G5 I 144 7% 1l 22 9 2% (Back Propagation Neural Network, BP) [19] [20]45#) ()34,
BEINEE BB R 4 PR AR 8 BP K719 sU1Y Sigmoid B, /NERELRA ZFENE, 5T Morlet /MR E
LF IR G AN SR 3B 1, A SR H Morlet /Mg ik of 2085 AR5 )21 Sigmoid eRi%, RIEAA:

w(x)= cos(1.75x)exp(—x2/2) 9)

TE/NEAR A BN Zrid FE b, K& NI %45 3 77725 (Adaptive Moment Estimation, Adam)## 5 T [
X WNN 9 28 BB RT /N 8 IR AU 4 PR R - IEATAB IE, @R S50 e, seaid B E D@ i 1
.

2.6. EFRHMEZRLL(CNN)

BARMLEMZE CNN Q2R G0 2R, 1 F IR, B IR S AR BESE LR USRS 2 25 B [21] - /£ CNN
gk, UEMAMRIRIMEMER: —RERR, BNERREE S Z NI, S RFEMUS &
— AT RN P, AR AR IR SRR 1 ARHE . —RMLR, AR
BT R AR A SR B AT MR, TR Bt B R R B A A B A5, 72— 4EEN
TE B B A I TR A B 1 98 R A B REAT I B, s SRR AN i 0y s AT B L. 4R
RRERAE, T LA $2 28 I 1 P 2710 K v 14 Je) B A A B4R, AT AT A R R T AN 73 # o

2.7. XFEEHL(SVM)

SVM [a1H ) B bR 4R 3] —A B i 18] 5 R B (2R 1),  DUS AT REHBAU SR8, JRAE IR T
BUNEITRIN A ZE (A [, e KA (B SCRe ) 2) SR REA Z I B TRI R . SVML [B1E S54% e i 2R P a1
ANTE], B A FH A R HORE 5 WS B S R AR S R, AT REAS AL B AR 2R M R o TE 4 RFIE =S (R o,
SVM [a 585 T4 — A e e IR~ TR S B R AR 5% o 07V O 2 R T4k 0, R0, 4>
2, [ElHEENUR[22] [23].

3. RS SFEEELE RiTie
3.1. PEMEMERETRMN

T EETSLET, FESEES S, AR RZE(RMSE)FE K LE (SNRMWE A BFEEE AN Fa 4R,
HHEAXWT:

RMSE:\/Ei(q(t)—R(t))2 (10)

N

()

SNR =10*Ig =

3 (@()-RO)

(11)
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Forir, t o) n RS EKE Q) AMMRIEREE: R(t) NESEE. SNR K. RMSE i/ Mm%
W RCRRAT, 2. R O 2],

3.2. (AE3ZER | BIPERRE S H

N T VS TR ) EIMD J5VEIAE 2, A LB T IS s A @i G 5, BIRRA bR
(1) 77925 AT AR AR TG M 7 ) A2 30 i 500 K s B AL B e U7 v, it DU I 0 S8 il R R AE [ 2 b, T AR
th S I A L v IR R AR SR B SAVE AN B . PR, RS I A B A I(12) R AN RIS K
G A, BN 5 R, & 5 bl sk — s, L 1440 ANEUE A EREUEUE I FE
Nk LU PR v 0 R 7S, FAE N BOINN SEBRAS @ B . AR S, (A EMD % S A8 il i 2 ik 47
Gy, 432 IMFL AT IMF2, SR 55 A B e v, DUFH TR0 s e i B 8l o AT 5 £ FH 1 S B
AR R H o BHT, L 4.1 15,
y, =a,*sin(b, *x+¢,)
y, =a,*sin(b, *x+c,

a;*sin(b, *x+c,

_aG*sm by *x+¢4

(b,

(b,
_a4*sm(b *X+c,
(

(b, (12)
(

)
)
)
as *sin(by * X+, )
)
)

y; =a, *sin(b, *x+c,
& =noise
&, =real noise
Y=Yt Yot st YatYs +Ys + Yy
y=y+a+s

Hrh, a =3785, b =0.002183, ¢, =-0.008533, a,=140.3, b, =0.02183, c,=-2.222, a,=384.1,
b, =0.003959 , c,=1.87, a,=49.37 , b, =0.04362, c,=3.166, a, =478, b, =0.06548, c,=0.6803,

a, =30.07, b, =0.1093, ¢, =2.926, a, =191.7, b, =0.004817 , c, =4.413 DL} & SRR (75,
& RN NI LA s I e 7,y FORAN SRR ARG 5, y oA A K Al
WfEY. Ho%, A 30dB AMEE, HAARD BAZERE S WK 1 PR,

Table 1. Calculation results of correlation coefficients between each IMF and R(t) (30 db white noise added)

#1 &IMF5R(t) (n30db BEFE)EXRBGTHELER

IMFs IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 Residual

R REL 0.1294 0.1055 0.1175 0.3454 0.8339 0.8266 0.3835

e FR, NIGUE EIMD FEME VAN bk, TEXT FLHAR BEME iy, WL J5vk b B s ORI 1 AN )
NERM, t4E dbd, coif2, haar, sym2, LR EGT N 3. ERIELE A L, RARERE, X
A DA AF EE S T L BOGHE . ETHEBRME R T b, R el AR Al T U (Rigrsure) . EIMD 1 IMF
SHRRECR BN 6, % IMF FUSIRF A R(t) HOC REOT S AL 1 R, 1 2.4 WARTED, ROEHUET
34 IMFs £ 2.4 71 Step 3 [FHIN .
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Figure 1. Simulation signal | and its components
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Figure 2. The denoising results of simulation signal | with noise by different denoising methods
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Table 2. Denoising results (30 db white noise added)
2. MERREER(A 30 db AMEES)

RMSE SNR
J5aaME 5 17.47 50.35
WL (db4) 10.52 60.46

WL (coif2) 10.75 60.03
WL (haar) 11.99 57.83

WL (sym2) 10.85 59.83

EIMD 8.97 63.62

Table 3. Denoising results (35 db white noise added)
7= 3. FEMREER(MA 35 db BIEF)

RMSE SNR
JFinfE 5 17.07 50.81
WL (db4) 11.84 58.08

WL (coif2) 11.00 59.55
WL (haar) 12.40 57.16

WL (sym2) 11.16 59.29

EIMD 7.89 66.14

Table 4. Denoising results (40 db white noise added)
% 4. BIBEER(A 40 db FIEFE)

RMSE SNR
RIS 16.49 51.49
WL (db4) 11.54 58.60

WL (coif2) 11.50 58.66
WL (haar) 12.62 56.80

WL (sym2) 12.00 57.82

EIMD 8.35 65.08

Table 5. Denoising results (45 db white noise added)
5. PEIRLER(MNA 45 db BIRFS)

RMSE SNR

JafES 16.53 51.44

WL (db4) 11.52 58.63

WL (coif2) 11.47 58.73
WL (haar) 12.00 57.81
WL (sym2) 12.16 57.55
EIMD 8.21 65.41

|
>
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KR, REWH

A WL A1 EIMD X7 EAR 5 | BEAT RN, FEMRaf SR 1A 2 P o [ 2 38 R AR W], A SCE (1 EIMD
BT 5 HAM PN T IR B, P AR TR RV T3, A RO B 1 R e A . BT AR ZE AN
EMELE DTN 2 Fron. EIMD 5k iR ZRUN, [EMELLEOR, FEMEIEREIL T HAh k. Oy 1t
—IRIAESE R, FEESSERAE T I E R LE 270y 35 dB. 40 dB Al 45 dB s RS, THEILSTT
MRARZRMERELL, W19 3~5 Jrm. XTI — SUbIEN] 1 AR 107575 HoAh B 7 2 R
A R A R RE o

4. MMERLB ST
4.1. BHEKR

N VAT R 7 VE S SVM LA TS B (1A 2801, o Bt M1 48 5% BH T KU B % -5 BH DR K 58 X
1A 6 G 0 25 R B 1Y) L S At B AT 1 2 A BR USSR IR (]9 2021 4F 3 H 1 HE 2021 4F 3 H 5 H,
5 PR — IR, RERETT 288 AN A, BT 4 R IIEHE (SR 80%) E N IIZREE, FH TR
W, 3 TR M (5 B 1 20%) 1E R MHRAE , T P1fil e 2 A5 20 (0 Fo0 14 R

4.2. REITMMERETEM

LU EE R B 3 MRZETERR, AN TR ZE RMSE. ~FHZ4aniR 2 MAE FI4a%} [ 45 Hie
7 MAPE, 5 AR N:

RMSE = \/%Z(Y, ()Y (1)) (13)
MAE = %tzl (Yiea (1) =Y (t))‘ (14)

n

Ypred (t)_Yreal (t)|
t:1| Yreal (t) |

Horfr, Y (6) FRTE t W ZIRASE IR EBRE; Y e (1) TR, n RARFEAAEL
4.3. FiAGER

ABFFRA T WL il EIMD J7 508 AR BB AT PR AL B . XL IE RIS HUAE 3.2 15 A TR A
KW HE, A, EIMD i IMF IR (t) M6 REGHE 45 R 04 6 Bis.

(15)

0
MAPE = 102 %

Table 6. Calculation results of correlation coefficients between each IMF and raw traffic flow
2 6. & IMF 5RERBRVEXRBUITEER

IMFs IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 Residual
IR REL 0.1182 0.1101 0.1614 0.5509 0.6900 0.3390 —0.0074

S fd I WL A1 EIMD T30 R B AT B AL B s, 1) 3 B 1T 1152 N Ede BRI 45 R . 394k
FORFENE A 8, AFROR IR . BRI ARy, REREE 288 MR AL, BRI g
AURA o EmER B Bl AW VE B e A e i Beo X5 PR ONIE % o FH - 38 0 DA i Ve i BRI AL
AT ORI T R B . PRIUE,  E eI B M 7 L AR W BOE O R . (AR R, FE RS
B, WEAETHEBUN, MRS FEEEEE L8 7 R T RAANE R S 1Al 5 R A
ERATEAIXT L. RAEFR PSR, FTLINERS] EIMD J7ik Bon i 5 R i8R R B 1wz, RETA
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R pERR TORE R o KRR SR EAE, S SYM BB TASIE LT . A i T Uy A
SVM. SVM + WL(db4). SVM + WL(coifZ) SVM + WL (haar). SVM + WL(sym2)#1 SVM + EIMD. SVM
T, RAPKN 6, KN 4.0, FRZERESECH 0.8, WSS RWE 4 s, BEFEEERR
HHE, WO SRR TINEE. %8 EPﬁIJ&T?MJ &L RMSE. MAE. MAPE. EL#{# 1] SVM #it
RIHEAT TR , RMSE &y 20.43, MAE iy 14.44, MAPE i 11.99% . 7E 34T AN [6] P& M AL T 5 , T K] RMSE
MAE. MAPE #8133 T A FIFEEE ERED . 1Ak, 5 EIMD f2H -G S B 5 S i (R TOORS 52, Fuil
Wi, T RMSE. MAE. MAPE 43 5lJ8/> 7 33%. 30%#1 31.5%. 2§ LATid, Fm s it £ 7l gk
% T B MR AR AR A A, TR S TR FE . S5 A PR TS SVM AL -G8 L, EIMD
HTSVM 2 & AR 70 2% B0t B0 e ) 1k RE AR 34

500 Raw data
A 1 Denoise data
N I Lol I
o L A N
© 300 - (I TR | | ,‘h.“ I/ INTL i “ My T
g f \‘L‘M ‘!/W"‘U.le ” F “:lhn‘ ‘y’ ‘I:‘A\ \‘i”"- r liri"\;l"",”w;(’w Vi\ !w ”J"".‘UW\
o w A [ 7 V'\"‘ %q 'V‘h/ | } il 4
S L | | { \ i ) |
o L'*,k‘ | W, ‘-r’vyf, | “JV\\
| \ A | | “
100 [ \ / \y | 4 L
\'\‘\L / '\‘.‘"‘A‘\ F| / \“-'.‘l n«' w\\‘-\ A ”
0 el | i | | Wy | Filgd” |
0 200 400 600 800 1000 1200
Time(5min)
(a) WL(db4)
500
[ Raw data
Denoise data
) | Ly |
i \‘I f y | ﬂ“‘ |
/’\ i i\ \ /‘\\ m ‘W ) ]
© 300 - ’ g W N'l l ’hh H 'A‘l w\ ‘ fl l‘ "‘,\”‘J‘H
S [ ¥ MA JW\;/' [ “»M ,'\‘#1 “e lﬁ/"\'! ; ‘f"l 'l\ﬁ J} ’\ \:"rm J;“J&VM' '\‘\
o | ! | | [ Ll \
> 200 ‘ I»\ ; ha . Wk (i
L} W '™ Wl
J JW; ‘ y b\ | \i \
100 | \ | \ " \ \
" | \‘%‘ | “h.\ | i'\t'\ )
“\‘\k ,~" \#'"‘\1...» /I"I &‘"'-'i* »--’“‘ \\“M 1 J
0 i A | okl | WY Filey |
0 200 400 600 800 1000 1200
Time(5min)
(b) WL(coif2)
500
l Raw data
400 - Denoise data
| W ﬂ ! M ,&
} | H
o 300 H\J il ‘ g i f T nl'““ﬁ M J‘
B (R TR i ol N ‘ B
5 |y TR | P | e
= 200 f » i ’ \ [ ] T, / W'& |
‘ "“VM ‘ 'li‘ltwvﬂu [ i | ’ HH' y
100 - ; \ | 'LM u ' < o -
.i'i_ ] “1“;_ JJ W, W‘.‘\-_ vl
0 Mol | Mueed | I|"“' A | e |
0 200 400 600 800 1000 1200
Time(5min)
(c) WL(haar)
3605 185 S

DOI: 10.12677/0rf.2023.134362


https://doi.org/10.12677/orf.2023.134362

KRR, R=EH

500
Raw data
Denoise data
400 - l ‘ l
1 ] f ) 'L\ | (J \ ’\P
! il M N I " '\ If
© 300 - i \l» U I it AP fh Wl 7
5 Wl ' ‘*5ﬁ\“{r”ﬁ‘4r \ Iy .~\ | \ﬂ‘;‘i‘m,‘.’a‘{‘]“" *"-‘\
o | ! | i | |
> 200 | i ‘ Wi, J g | i -
| W | ) ‘m 8
| 'v\ ‘5\‘\ .‘ ' “‘\
100 - C \\,“ ’um [ \,{ J L\
whh / ‘\\#" / \F Il w\\- |
o L | Sgid. | Mol ‘ Ml
0 200 400 600 800 1000 1200
Time(5min)
(d) WL(sym2)
500 T
Raw data
Denoise data
400 - | I |
. Lo Vol & !
Al Aol el o
© 300 - i | AT f g, A I{ I
E { \W'\ ™ Lh | \M’vlw | ! | I"M\“q'k MP \ w,,m\”"\" “
© I |
> 200 ‘ ] o & g |
I ) 1P¥ | 'Nf
] { \ I i\
} W \ | Yﬁb\!‘ | {F\Ex I\ W
L | \ L [ h _
100 | \ / (% ‘ \l 1 "\
h, { .\"“l" / Y, ‘ m‘\\ /
0 Vg oot | Yt | ™ \v‘vﬂ'/ | \;}:“"*‘v“;‘“ 1
0 200 400 600 800 1000 1200
Time(5min)
(e) EIMD

Figure 3. Denoising effects of different methods on traffic flow
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Table 7. Comparison of traffic flow and original traffic flow with different de-

noising algorithms
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RMSE MAE MAPE

WL (db4) 7.02 5.92 7.48
WL (coif2) 8.00 7.88 10.24
WL (haar) 7.85 6.81 8.62
WL (sym2) 8.03 7.78 10.04
EIMD 8.87 10.25 13.82
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Figure 4. Prediction results of different denoising methods combined with SVM
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Table 8. Prediction results of different denoising algorithms combined with SVM
< 8. PEIMFREALES SVM BTSSR

RMSE MAE MAPE

SVM 20.43 14.44 11.99

SVM + WL (db4) 18.61 12.99 10.20
SVM + WL (coif2) 17.85 12.01 9.86
SVM + WL (haar) 19.28 13.23 10.86
SVM + WL (sym2) 18.21 12.28 9.87
SVM + EIMD 13.61 10.05 8.21

Table 9. Prediction results of different denoising algorithms combined with WNN
9. TREIFFIEERLE S WNN HIFUNIZER

RMSE MAE MAPE

WNN 22.66 17.15 16.22

WNN + WL (dbd) 19.36 14.27 13.59
WNN + WL (coif2) 21.10 15.70 14.10
WNN + WL (haar) 20.41 14.83 13.06
WNN + WL (sym2) 21.35 1453 13.89
WNN + EIMD 14.74 11.69 12.25

Table 10. Prediction results of different denoising algorithms combined with CNN
= 10. NEFEEE AL S CNN BIFUNIZE R

RMSE MAE MAPE

CNN 20.76 14.73 12.91

CNN + WL (db4) 18.22 12.73 10.42
CNN + WL (coif2) 17.94 12.21 10.63
CNN + WL (haar) 18.68 12.94 10.48
CNN + WL (sym2) 18.27 12.34 9.64
CNN + EIMD 13.66 10.01 8.34
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