8% 46l £ B 5§ B F I & Vol.8,No.6
2010 4E 12 A INFORMATION AND ELECTRONIC ENGINEERING Dec. ,2010

X EHE: 1672-2892(2010)06-0678-04

— N E S KELMSE R EREHKIE PRI A
k¥ H, BWE, TEW

(I Tk K%, [EERSS TR, W M 450052)

B OE: NTIRERBHENEENE L, EELMS Bk Ea b, BH T —MAAH T REME
EWA KRBT F KR AT F K ELMS(MVSS-ELMS) 3%, ZEFHAF K FEERN, HE£47
Bl HRMEFTEETRARE, BHEHRESE LMSELMS &3k #Eh, BALANE
e, WENGEERXY, HELAEOENRFRBFNE LS EEMLT LMS X ELMS &% .

KR BEMIEM; R FHE; LMSHE; ELMSH &

RESES: TNIILY T EEFRIRAD: A

A new Mixed Variable Step Size ELMS algorithm and its application in ANC
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Abstract: In order to find an efficient adaptive algorithm, a new Mixed Variable Step Size ELMS
algorithm(MVSS-ELMS) based on Extended Least Mean Square(ELMS) algorithm is proposed in this paper.
This new algorithm combines the mean square error and the correlation of the error to modify the step size.
The new algorithm has been improved in anti-noise capacity and effectiveness for it fitting the principal of
adjusting step-size; meanwhile, it has the superiority in convergence rate and steady-state compared to
Least Mean Square(LMS) and ELMS. Computer simulations indicate that the performance of the new
algorithm is better than that of LMS and ELMS on Adaptive Noise Cancellation(ANC).

Key words: adaptive filtering; noise cancellation; Least Mean Square algorithm; Extended Least Mean

Square algorithm

LMS Bk i FIEAT Bk A e, 3 44 B AR AR 05, — EL DI AR 2 A F1 A N7 M 75 X 31 (ANC) Y b 25 Ly
Bk, SRMIAEAEAREF ST, H LMS Bkt 4T A S W g S AR R miasiRk 2z, BE$ K ELMS Hik
T WS SECE ST SEORE B B O 1T X e A R/INEE SRR AR B P S A, SR [L]4R H — b 3L T 1000 3R 225 49 S O R R A K
(75, L5 (VSS-ELMS) %) 32 il 7. e 75 (R 52 M o SCRIR [2]5%F FH 15 22 B9 A D&M 98 35 25 K 19 33075 (VFSS-ELMS) #E 17
T AT, HE A AE B R A 3 N 1R 2 TE I e AR AR R SRR DGR, T EL AR WSS R e AR G P BEAR /DN
IO 1 S AE R g8 A S N R R K i e, R EGE RN £, S AR g, T LA BRAGE (R] N 2 5 30
RPEREAS 22 0 Oh Tk LMS Bk R MERE, A SCIE T ELMS(Extended LMS)5 ik, i DA

1 ELMS &%

LMSHEE S H T e bE T HR 300, BRI IR 2288 18 V (n) AR 2 07 12 25 0 1 V (n) HEATIEHE

{%(n) = _2e(n) X (n)

V(n) = =2E[e(n) X (n)]

1)

R X (1) = [y (1), nyy (n), -, my, (W] HB BT o 53 BIKAR % e(n) = d(n) — y(n) = s(n) + ny (n) - y(n) S y(n) =
X T (m)W (n) 4 A (1)75

i HHE: 2010-04-13; f&EHHA: 2010-05-14
EETIR: 2009 I THRHL BT BT H (2-41)



55 6 3] K TFEE. —MMINTSKELMSEEEREHE RN A 679

{V(n) = —2E[e(m) X (n)] = ~2E{[n, (n) = X" (mW (m)]X (n)} @

V(n) = —2e(n) X (n) = —2s(n) X (n) — 2[ny (n) = X" (n)W (n)]X (n)
M A bR DL R BRI 5 22V (n) FBR I T — TR 25 K H —2s(n) X (n) , 4 LMSHE BT TUCSN, R ()42
TR T, I BRI 2E B V) B T —2s(n) X (n) , [RRSIREZ 84 ES s() IEH . 7ELMS
BRI V(n) KR V(n) BAME T RGBS SEI, (B TAMDERIIRE, 24 s(n) B9IE B ARt
W, Ik, TEASSCHOR I FIELMS S B, 7k, SRIT T 46 1E %9 % I 4 S35 Ak {0

V(n),y,,q = ~2e(n) ~ S(mIX (n) = ~2[s(n) ~ S(IX (n) - 2[ny (n) = X (W)W (m)]X (n) )
S $(n) B T PR 5 s(n) B TR H (. AUBERY  ELMSHE 35 B AL 337 2 1T DA 3 <
W (1 +1) =W (n) + 2ufe(n) - $(n)] X (n) @)

TE SR s(n) (8 T AL THAE §(n) B R FH 4E 49 B0 00 Ay o 28 E AT A6 3T, BeAh I 28 M ELMSS YL i K 1P 7 o A N 1Y
ELMSH L i 2 AL 2 204 .
e(n)=d(n)-XT(n)W (n)
W (n+1)=W (n)+2u[e(n)—s(n)1X (n)
§(n)=E" (n)Wy(n)
W, (n+1)=W, (n)+2 u[e(n)—5(n)]E (n)

(5)

S L A TN 2 B B, SR PRI R 15
B A VT S(n) AT RAAT S A B £

s(n) , BGZCGEE s(n) , AT DL IEELMS 1= 1 ff . T A0=s@rn0G) (k) _
non-related noise
Ve, BT OB 2Lk e e 5 LY, MLk P reference x(k)

PRAENE, R R AT R T U, — fioise ]
J LT MEAT R B IE 2 5, ELMS BB YA

L En) =[e(n), e(n-1), -, e(n—L+1)] , L& H non-related noise 7, (k)
input signal S L 4oy output e(k)

e(n)- §(n) olYitput of eSti

PEREZL L LMSHR LA B, i HL s (n) 19 F0000 A (B ez vector of output{E(k)
§(n) AT s(n) . ELMS B0k B0 B A5 b flE R L 2 -

. Fig.1 ELMS algorithm with Wiener predictor
2 MVSS-ELMSHE % B 1 RSB0 ELMS SEik45 i

T S2 BRI v 3 i A S A AT G A R MR D P KR e T LR e SO R B, JR D AR A R RS, (H
o RO/ e A S BRI R AR, DR kg T DR A 2D K B SR AR D L P o AR SCRR [T S T — Rl
WA RETIFE T IR I R DK, Al ORI KR O7 5 B T ELMS 5095 T 45 21— s 28
K ELMS 50k (EH FRX M J5 15 O VSS-ELMS 833k, (H J2 3% 830 1k 2 B A R s ol I A B 32 S M P 1 52 Wi o T SC ik
1P AR S 7 — Mo A9 22 20 K P D7k, VRIS 5 IR 25 MO AH S PSR IR 1 20 I, B X b 4% % B T ELMS 57
%A VESS-ELMS 53k, i i SCHR [2189 70 Mt il LU 1 76 38 B 4% 1 B £ LU BRI, 36 1 1% 22 A 32 e A {EL Y
IRf A 2 AN AR S A, () I A S S A v 1 R 2 AR DG PR R BBAR /DS, XRE R AT nT REIE MUAE R GE A B R R
AR BN PR, TR AR R AR EOY 2, W SOH RS, A BRI A N SR PR REAE 25 . AE b TRLE 2
ol 728 A A 2 1 77 32 B DG iR A9 Rl b, AR SCHR N T — R 9IRS 2 P K ELMS 5595 (MVSS-ELMS), =X (8) i,
FE VST PR G5 45 3 7 15 2 RS 22 R AR DG M T 5 20 4 i JEAR T SORER AL AT L BAT hf i A AR L R AR
AR /N T BOICEUE S 1 DA B G

p(n) = Bp(n=1)+ (L= B)l(e(n) - §(m)(e(n —1) — §(n 1) + (e(n) - §(n))"] =
Bp(n=1)+ 1= pAle(n) - s(m)]l(e(n 1) = s(n—1)) + (e(n) - s(n)]}

(6)



680 £ B E5E B FIE 58 4%

W (1 +1) =W (1) + 2(n) [e(n)-5(n) ] X (n) (8)

TE ) 1 B3 B 357 07 1 2 B i 25 M a4 A (8 p(n) B, PRI A TR Pt A AR K, o A e e 0k

T FESE SR | A AR R S — BN, 7T DA 28 40 ELAT /N O RA S S VR i, e i 2B e 5 IR 4 4 4 K

S )Y A g B R A I, SRR R K, IR SRR B 5 AR ) 43T e AR i

TN, 5 W BRI A BN e TR IO 8 K R B I TFELMS, — 7 T AT LR IEELMSHE v
(R 5 5% — 7 T SR T 0 B 7 11 36 0 T L o ke 0 e 3 R e S5 1 /N e e 00

3 WHENMEEREST

AR S A T ML B R 56 A4 AT 45 R TR A AR P KELMS A o 1. theoriginal inputsine signal
S 2 Bk L W T LL B A SO B ML BN T y\/\/\f\A/\/V\/V\
1) HIE R UYL R A RLL=4; 2) A I ALE S S(n) FRREIE L EL MM UV M UM U UM
%%; 3) %%iﬁﬁ)\%% X(”)%Eiﬁ/\1§%1§u§é toR 10 dBE"]F’%%&E e desired signal with appended noise
WE R, ORI MR AR A S B TR S NG 5 RSO g;" Ry
U, =0.25, WA K390, FIZ% st ELMSH ¥ 1 1 7 4 5 2 S 1723 TS 6 7§ 9 10
WP 2 7% . WA 20 T LA th i 5 0 ELMS B i FLAT e M 6 o o B T T
SO D L 0 R G R R AVAVAVAVAVAVAVAVAVAY
Y 4 T A5 T 28 0 A4 4=0.5, P IE IV I U A8 U A K S 8 N R N B A A R

iterations n

2=0.05,6=0.1, 5%} %]H20.5,50,500,5 000}, %78 4 K ELMSH vk 1 . . .
. . Fig.2 Output signal of MVSS-ELMS algorithm

W Sl 26 I B 3T 7~ o 1 B 30T A oM S BOM IR A 2544 7, bRIERL Bl 2 1 MVSS-ELMS 3l (52
BB, WS B e

BRI TS T — S5, TS N(n) 0907 22800, EUE W StB /N, AT U3 e S Sl B 5
MR, PHUE W R, LR S A AR T, 2 B (BRI B v A AT S R S AR VUS4 2
HKp=05, F &N E S E 12K S %00=0.05,=1 000, A43%5I110.1,0.5,0.7,0.980F , %45 K ELMSH Ik 1) b 1§
PERE NI4T~ o tHIEIAVT LR . pRR, DU ms Ph R as o PN e A S B 07 Hh ml LIAR 6 75 2R BE B A UE, 7
AR SO A R O S S BT DL — i BB B /N 0.2,

the anti-noise capacity with different g

the convergence curve with different » 0
-100 |
0.009 200 =098
0.008 > -300 | =0.7
0.007 % 200 | "

w 0.006 S 500}

S 0.005 2 0l ‘\-».mﬂ__
0.004 5 700 - 01 i
0.003 800 £205
0.002
0.001 -900

-1 000 L L L L L L L
1 1 1 1 1 1 1 T I 0 100 200 300 400 500 600 700 800
0 100 200 300 400 500 600 700 800 900 1000 . .
iterations n iterations 7
Fig Convergence curve with different b Fig.4 Anti-noise capacity with different 8
3 b BURRIE R B sith 2k P14 BHCAN IR (EL B (oo e P R L 45 th 2

ik MVSS-ELMSH. 5 1 ez(n),(e(n)—§(n))2,E[(e(n)—§(n))2] i1 Bl 26 an 5 FT s, HXB=0.2,6=200,0=0.05. 145
AT ULE iz 5 B B R S B

LMS,VSS-ELMS,VFSS-ELMS,MVSS-ELMSH ik 1y W S5l £k Ll 488 CRAFE #2515 000, 200K 7 37 5 BL45 3 ) an 1516
Fin o INEI6T ] L H MVSS-ELMSH 7k i I S1CH B B & P VSS-ELMSHIVFSS-ELMSH. 16, il HAS SCR VA1
SR 2w BN FHAM L MRS IR 2,



%o KFBEE: — TN ESKELMS B ERFIRE P A 681

e(n)? of MVSS-ELMS 0.010 tlhe colnverglencelcurw: of dllfferetwt alglonthrlns
< <
B 0.009
s 1
o . 0008
¥ 0100 200 300 400 500 600 700 80O 900 1 000 £ 0.007
<0 (e(n)-s1(n))? of MVSS-ELMS g 0.006 LMS
2 0.; S 0.005
é_ ' ] g 0.004 VFSS-ELMS
% 0 100 200 300400 500 600 700 800 900 1 000 8 0.003
£ E[(e(n)-s1(n))?] of MVSS-ELMS VSS-ELMS
200 LT A A TR 0.002
<)
2.0.01] 1 0.001
E 1 1 1
0 100 200 300 400 500 600 700 800 900 1000 0 1000 2000 3000 4000 5000
iterations n iterations »
Fig.5 Error signal of MVSS-ELMS algorithm Fig.6 Convergence curves of different algorithms
&5 TRAE A K ELMSHE B AR 2% M i 2k Kl 6 ZRhEAEAIRSthZ LR

4 &

ELMS 53k & 1E 19 Bk B 0 BEAG T HEAC R T LMS B3k rp i B i 28 25 86 A, Ik ELMS 5e IR T LMS ik h
T IR I 35 26 A 8 AR 389 10 2 0 A R 1 R 0T, ) I R A SR B RN R A R 22 S T A — E IR F . [BE K
LMS 53 AN AR I & 52 B FH R 2R, PR AR 25 K AR 5 1 A B — S AR b o AR SO R 3K T AR A BT
W T ILFAS 2K ELMS Bk iy B ail b, & 7 — Rl iR & 28 0K ELMS 575 (MVSS-ELMS). i T8k
R IR DL AR Z AR DK, SO AR T ELMS B AR 50 [R) B B A AR 2P AR AR A
T 7 PR R AR 26 AH SR PR T A K i R AR A5 K N T B0 SR 18 1 B0 B B R SR T O R 25 1 O TA A
WEABRERH TR . ASCE EIEMIE EH T MVSS-ELMS B favEGE, & )n il ot i+ 8 WLy B IE 7%
SR I WSS B R AR S R 22 S I A

S k-

[ 1] Aboulnasr T,Mayyas K. A robust variable step size LMS algorithm:analysis and simulation [J]. IEEE Trans. on signal processing, 1997,
45(3):631-639.

[2]1 UAFHETIR AT, — PP (28 4 K LMS ol b 5 ik KA BL[T]. JCZR M T2, 2004,34(4):31-32.

[31 VEAFHT KA. ELMSS 2 K HAS B REIEDIE)]. 2 ZE TR R # 4, 2004,5(2):77-80.

[4] YU Xiao,Wang Qicai. An extended LMS algorithm in ANC[]J]. ICNN SP 95, 1995(12):737-740.

[5] BEBESRB. M7 X Y ELMSSE A MO AR RAIA(T]. E g 50l K724l 1998,32(4):92-96.

[6] BT, E&.  —FhdE T AR M LS K IMSH L[], LTIl R, 2007,30(1):52-55.

(7] WRME L. — AR K LMS [ & BI85 S (0], {78 TR RS2 5241, 2006,7(2):190-192.

[81 RIFFINEH. — ok fNLMSH AL 7 BRI A ] RS W7 TR, 2009,7(1):41-43

[9] KwongR H,Johnston E W. A variable step size LMS algorithm[J]. IEEE Trans. on signal processing, 1992,40(7):1636-1642.

EEE .

BKSFE5(1986-), F, WARAIGUTIT A, TEEAT FNIW A (1968-), &, WA R DA, H%,
ARG A, FEEWIE DT N A &R S AL email ; M, BRSO o HOE NS AR B A A
25y986212@163.com. pLiE

FEFEWM(1982-), &, WEAEFETILA, 7
S R T A O 5 Sl [ b R R == UL



