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Abstract:

posed by combining the principal component analysis(PCA) and empirical mode decomposition(EMD) . The method removes noise

In order to solve the problem of nonlinear and nonstationary signal de-noising, a novel de-noising method is pro-

of intrinsic mode functions(IMFs) using PCA, after the noisy signal is decomposed by EMD. Firstly, the signal details of the first
IMF are extracted by using 3¢ criterion, and the noise energy of each level IMF is estimated. Secondly, the PCA is implemented on
each IMF, and the part of principle components are selected to reconstruct the IMF according to noise energy of IMFs, then the noise
of IMF is removed efficiently . Numerical simulation and real data test were carried out to evaluate the performance of the proposed

method. The experimental results showed that the proposed method outperformed the Bayesian wavelet threshold de-noising algo-

rithm and mode cell EMD de-noising algorithm. So it is an effective signal de-noising method.
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AU T EMD 5 S A E g e Tz
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B ML 20 E R EMD MR T AR 4T
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P TS L BRBE T RG-S 4 1 R EFRE ) LA ES
BATT A (B0 A A M A 5 T L AR R A RS T
LA RS BT B4 L B AR K T BE AR S SOt B
R, FEUNREA S B ITT P E S E RS E R, R
(RS AT R e P AN e B
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SIS TR S AT R 5 o0 il — R RAE
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el

Stepl  #fiE x (1) B BT A R AR /IME S, 5351
XL HEAT ZRFE A, M3 x (o) 19 B P AL 4k
x, (OF x,, (2), 75 ETFEELRWIMHE m (1) =
(x,,(0) + x5, (1)) /25

Step2 HHE x () F m (1) Z B2, g, (1) =
x(1)-m(1);

Step3  FIWr g, (¢) &7 E—1 IMF,

(a) W g, (O)FFH IMF B E L&A, J—1 IMF,
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P& —E RIS S M5 B2 X imf, P47 Y
FARER , SRECEL T 5 055 A 5 B R M LAGR B, &3k
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%uﬁéﬁﬁ/ﬂ{ggxk,.jﬂ Xk = lmfk — E(imf; ) Jr LA imf,,
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Stepl XI55 x (¢)#4T EMD 53fif , ¥ o3 % I
IMF 2 imf,,- ,imf, , &N ry;

Step2 X} imf, KF“30 N7 IRIUE S B,
BRI A1 A5 BN imf

Step3 MR (3)K imf, T35 S A RE L, I T
K ()bt imfk<k>2)ti3@fﬁﬂ§é%ﬂ’1ﬁﬁi,

Stepd X imf, (k=2)#E4T PCA 7, AR5 X (10)
VRGN 2 AT E A LM K imf, MRS
WK imfi ;

Step5  ZMMATE imf! (1< k< K) MR ry, 135
EMEES x(1).

6 TLWHEREHHT
T AT IR A 1 S W R 43 X B

FIELSAE 5 04T 2 M S . 05 FL5 5 A T Matlab H i)
wnoise PR X A %, 4 Sl 4B B ¢ Blocks” “Bumps”, “Heavy
sine” F1“ Doppler” 45 U 28 H A7 L RVREAE A4 0 AR AR 5 L5
BTEEE A Bell EmMEN BN RGEGET . TX
bl FMRAGRE , X W 7 {5 55 43 1l SR I BE T Bayesian B 1)
/N 22125 ( Bayesian-Wavelet) 3 T RS HLI0H) EMD [
(B (Mode-EMD ) FIAS SCHE H LT PCA 19 EMD 25 Mk
(PCA-EMD) #:47 2 W% £ F| F Bayesian-Wavelet 72: £ 17 2=
WRERE, /1N 5 6 FH “ db8” /N, 43 i 2 Bl 105 7E
Bayesian-Wavelet Fl1 Mode-EMD [1) 25 M rfr | 335 3R FH A 59 {E
2 ARSCR Y 1525 MSE FE M H SNR SR PFAG H %1
VERE : 51 LUBROK , S5 iR 2580/, 3R] L MR
6.1 WHEESHERE

TEX 5 AR 5 1y 925, B SR ] wnoise A2 {5 4R
L4351 SNR = 0,5dB, 10dB, 15dB,20dB Bl (5 5 , 15
SREE L Wl 4096. 8 1 /& SNR = 5dB B, Pl A A
“Doppler” M ANF J5 ik LM G S g 25 51 7E B 1(ce) ~
(N LA RIS S, B LM S (55 . 3 Fhy
MRS A2 450 MSE RN SNR(ILEE 1) . ] LU
H L, 7E24 SNR = 5dB B, “Doppler” {5 5 4 PCA-EMD J5
THME J5 5 SR A X 45 1F , 5 Bayesian-Wavelet 55 325 4 L,
SNR 2 1 2.509, MSE 2438/ T 0.053; 5 Mode-EMD
ARG, SNR 20415 T 1.529, MSE ZYF#{IK 1 0.017.

ANEE MR LG B0 BLAG 5 48 = s 258 5 1 MSE
HUSNR 4155 1 fr 7, a5 He Bl 0, A SCHR HE Y PCA-
EMD J7 1 A LI RCR 2L T Bayesian-Wavelet J7 15 il
Mode-EMD J5 5, 1H B8 J5 B A 5 3046 3 IR 46 45 55 1H Y
{7 M HL 334 K Pt , PCA-EMD 45 Mode-EMD 22 7] f) 24 B 78 1%
WE /N, 2505 MR L i 3 20dB B, AR SC 7 A5 Mode-
DIIVEERFNEIPSESAE MR B £ 3

x1 FEESHERER

Methods SNR/Variance

0dB 5dB 10dB 15dB 20dB
PCA-EMD 14.529/0.2138 16.820/0.1352 20.761/0.0545 22.959/0.0274 23.905/0.0257
Blocks Mode-EMD 14.149/0.2333 16.571/0.1336 20.390/0.0554 22.833/0.0316 23.225/0.0289
Bayesian Wavelet 13.895/0.2474 16.232/0.1444 19.822/0.0632 22.232/0.0329 23.537/0.0285
PCA-EMD 14.061/0.0204 17.044/0.0102 19.619/0.0057 19.794/0.0051 17.291/0.0097
Bumps Mode-EMD 13.366/0.0224 16.643/0.0113 19.316/0.0061 19.152/0.0058 17.220/0.0099
Bayesian Wavelet 12.001/0.0328 15.943/0.0132 18.857/0.0068 18.939/0.0063 17.197/0.0097
PCA-EMD 19.735/0.1013 22.124/0.0584 27.544/0.0168 31.206/0.0085 34.194/0.0036
Heavy Sine Mode-EMD 18.612/0.1311 21.946/0.0609 27.197/0.0182 30.337/0.0088 34.142/0.0037
Bayesian Wavelet 18.414/0.1373 21.358/0.0697 26.863/0.0196 30.479/0.0092 33.072/0.0047
PCA-EMD 18.612/0.0124 21.549/0.0061 26.823/0.0224 29.918/0.0139 31.513/0.0024
Doppler Mode-EMD 16.426/0.0207 20.020/0.0078 25.419/0.0256 27.355/0.0158 30.932/0.0022
Bayesian Wavelet 15.819/0.0225 19.040/0.0114 24.684/0.0291 26.539/0.0150 28.212/0.0041

6.2 XIELFRENIESHIERE
F 2(a) EAEA W TR T RERN I — Bl

TNRGUE T KZAE T 70 R = Fp07 3k AT L,
WIS IR AN 2(b) ~ (d) Fron . W 2 AT DL
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32.5142; PCA-EMD 2 M 5, MSE = 70.9869, SNR =
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Ja G5 A0 1 OR B AR B RIS 5 10 A D A R R T A —
86l UL, X 52 bR A 2 AT & BRI, PCA-EMD U7 % 5
Bayesian-Wavelet Fll Mode-EMD 77 ik A0 L, 22 g T A
—EREE P, R — P OB AL £ T

S99 fE matlab7.8.0 35T T HEAT, HHHE LA A
2G, CPU F 4 &y 3.06GHz, EMD >R A flandrin $2 41& 9
pack_ EMD ( http://perso. ens-lyon. fr/patrick. flandrin/
emd. html) . 52 11 Doppler, Heavy Sine, Bumps, Blocks A &
SEPR AL A S 1 25 MR I ) T - AR ST 1% 1 SF- 42 1 )
HHHHZ12 0.0329435; Mode-EMD 535 (19 F- 24 I [0 45 29
4 0.029326s . A% 37 5 W [R] 46 2% L Mode-EMD Hi4% 2y
1 129% B W R

7 ZEFRIE

0T ¥R EMD R MR AR SR T R T
PCA ) EMD W53 54k B SR “30 3507 X5 — )2
IMF JEA7 155 4075 5 B4R, PR T2 IMF H B 5 1
FERYRE I 5 X5 FI ] PCA XF 4% IMF AT M, 2 AR
B2 IMF v iy 2 P 114 B S 19 335 7 1) B 52 L P B 1Y)
TR N T ERE T R O PERE , B TR T
Bayesian (5L 1) /0N I8 T i A3k T RS 5T 1% EMD B E
i AT OB . 1 SR & AN [l ik 2 W 75 1) 0 LA
HEAT S, SERRAE SRR W], P $ 050125 1) 25 M R B AR
TN T AR TR BT A Y EMD 7 125 0
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