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Abstract

The affine projection algorithm (APA) can improve the algorithm convergence speed by repeated using the

data. Aiming at the problem of slow convergence in the existing blind source separation (BSS),based on the nonlinear

principal component analysis (PCA) for BSS, this paper proposed a nonlinear APA-PCA criterion by using the idea of
APA,and the new APA-Kalman, APA-RLS and APA-LMS algorithms for BSS is designed. In these new algorithms,

the prewhitened observation vector data is utilized in a repeated fashion.and the vector data is thus converted into ma-

trix data. The convergence rate of BSS is accelerated. The simulation results show that the nonlinear APA-PCA criterion

is effective and universal.

Keywords

1
(Blind Source Separation, BSS) 20
. , BSS .
(2] . BSS Jut-
ten 1991 “J,Comon 1994 BSS
(Independent Component Analysis, ICA)™,
Karhumen 1994 BSS
(Principal Component Analysis, PCA)!*),
BSS s s
Givens BSS S
BSS , (Least Mean Square,
LMS) N (Recursive Least Squar,RLS)
L (Kalman) B PCA
(RERNY L6171 GHA 08l
(Affine Projection Algorithm, APA) 1984
[19] ,APA
(61210012)
(1956 —),

« 320 -

Blind source separation, Affine projection algorithm, Principal component analysis, Separation criterion

. APA PCA , «
APA-PCA 7, PCA  BSS
s BSS )
s APA-PCA s
2
2.1
BSS .
x(n) =Ms(n) (@Y
D =[x )y, (1) " m ss(n) =
[5G weeens; G0 0 sMe
R"™ (m=j) . j
3
D M 3
2)s(n) s (E=1,+,7)

, E-mail: lixiongjie @ tsinghua. org. cn; (1963 —), s s



3)s(n) s @=1,,7) R
BSS : M s(n)
, x(n) 3 , JX
m B(n), X1
y(n) =B(n)x(n) (2)
s(n) ( Do ( )
y(n) s(n) o
2.2 (PCA)
BSS (ICA)
(PCA) . PCA PCA s
PCA ,
BSSSX, PCA ,
, PCA, PCA
PCA
[@D) x(n)
Un) jXm s vim)=Uw) x(n)
j X1 , . E{v(n)
v =1, U(n) 3 :
U+ 1D =U) + 5 T—v(G)v" )HU () (3)
s B(n)=W"()U(n) .
BSS :
Yy =W')U) x(n) =W () v(n) (€D
,BSS W),
(2) W(n)
PCA
s PCA (ol :
JIW=E{ | v =W g(y() || *} (5
gCe) JECe) I
Wn), PCA 5), BSS
3 APA-PCA
3.1 (APA)
APA LMS . APA
s . APA
L. ps n
X =[x, x(n—1),,xz(n—L+1)]",
di)=[dn) ,dn—1) ., dn—p+1]",
w(n) =[wo (n) swy () s+ swp— ()] pXL
A =X . X(n—1D),, X(n—p+1D]",
w(n) :
e(n)=d(n) —Am)w(n) (6)
wnt+D=wi)+u A" (W[AWA" ) +I] "e(n) (7)
se(n) u
3.2 APA-PCA
i) m
j , m=j, BSS s

PCA %), APA-PCA
JOW=E{ [ Vi) =AW () || 7} (8
% LA p  gly(w) ,
An)  gly(m)) LA(n)
5P . A(n) :
A =[gly(m)),g(y(n—1)) =, g(y(n—p+1))]"
(D
8 Vi) p vin) ., Vim)
v(n) ,Vn) APA ,
Vn)
Vi) =[v(n),v(in—1) >, vin—p+1)]" (10)
(€)) s
(8) “ APA-PCA 7, .
p=1 (8) (5),
4 APA- PCA
PCA BSS :Kalman N
RLS \LMS . APA-PCA
[CI BSS R
4.1 APA-Kalman
APA-PCA (8) BSS  Kalman
) BSS APA-Kalman
W' () s :
Whn+1D=W"() 1D
8, e()=Vn) —AGOWT ()
Vi) =AW (n) +e(n) 12)
an (12) .
s wT(n),
Vin), Aln), APA-
Kalman
D
W) | U(n)
2) x(n)
v(in) =U)x(n) (13)
3) U(n)
[21] Un) ., :
Un+1) =UGn) + 3G T—vG)v" ())HU () 14
() .
4)
yo) =W"'G)v(n) 15
5 y(n)
z2(m)=g(y))=[g(y; (), gy () ]T (16)
g(C) (3] ,g(e)=
tanh(y) g(Ce)=y"; ,g(C+) Fahlman
6) z(n) » A(n)
A =[z(n) ,z(n—1) . z(n—p+1)]" 17
7 v(n) P Vn)
V) =[v(n) ,vn—1),,vin—p+1)]" (18)

« 321 -



8)Kalman

e()=V(i)—AGW" (n) 19
m(n) =KAT (W[ Q) I+AWKGAT (n) ]! (20)
Kn+1)=Kn) —mAWK" (n) 2
Wn+1)=WG) +mn)e(n) (22)
n=n+1, 2), o
Kalman ,K(n) ,m(n)
Q.= et |7, p=1. APA-
Kalman [14] Kalman
4.2 APA-RLS
s APA-PCA (8) [13]
RLS , BSS APA-RLS
x(n) s vin) y(n),
BSS  APA-RLS
KD =P A" [AT+AGOPWA" () ]! (23)
P(n+1):%(P(n)—K(n)A(n)P(n)) 24)
e(n)=Vin) —AmW(n) (25)
Wn+1)=Wn) +Kn)e(n) (26)
A V) s A o
»=1, APA-RLS 137
RLS o
4.3 APA-LMS
, APA-PCA (8 [11]
LMS s BSS APA-LMS o
x(n) s vin)  y(n).
BSS APA-LMS
e(n)=Vn) —Am)Wn) 27
Wn+1D =W +pxA" (n)e(n) (28)
,A(n)  Vin) 7 o
p=1. APA-LMS [11]
LMS
4.4
[22] APA . »
, p : P
’ ’ b
1 Wn) 3
1 3
APA-LMS , ,
e, @ ZptDm Zpm”
</2\§>A;lezs> 6p+1Dm’+2p°m 6pm” +(2p> —4p)m
APA-Kalman ., O(p®) +6pm2 +
o= (g O@HTipmTdpTm 2p' —ipm
s P sm o
1 . . P ’
o R s , p=3
p=1 . APA-LMS . APA-RLS
APA-Kalman 10%.,

. 322 -

APA-Kalman ( s
APA-LMS ) o
(m=j=5), 5

APA-RLS

sl sgn(cos(2x155t)) ;

s2: sin(2x8001) ;

s3: sin(2x901) 5

sd . sin(27300t+6cos(27601) ) 5

s5: [—1.,1] .

s()=1[s1 () seeuss () ]" 5 1

af L [T T T TT

100 150 200 250 300

1 50
2 s\ VWVWWWWWWWWWY
50 1

1 A
00 150 200 250 300
1

-1 . f . .

50 100 150 200 250 300

MATLAB s M
[7 1 b 11 .

W(n)
10kHz
x(n),
g(Ce+)=tanh( ),
4000, APA-Kalman
s 300 y) 5 s
,y(n)
s(n) 5
( ).y s(n)

,y(n) s(n)

2 T T T T T
20 50 150 200 250 300

5.2
[13] “ ” s

P P
sy el g,

j=1 i=1 Mmaxy |C/\‘j ‘

E=88 Lal

=1 =10 maxg e |

- C=BM—=WUM
5 N M,
W(n) \ U(n) N

s Cij

gCe),



., 20 A=0.993, (28) n=
0.01, APA-Kalman, APA-RLS, APA-
LMS s 3
p 10 “ ” s
3— 5 . .p=3
p=1 s APA-Kalman, APA-RLS, APA-LMS
20
18
16
14\
2 \
mﬁ 10
8
6
4
2
%0 500 1000 1500 2000 2500 3000 3500 4000
ES K
3 APA-Kalman
2
20
15
o "\ p=1
2 10 ™
\ Y
5 ”‘”b"'“"”\nm |
ARV R N W
0G50 1000 100 2000 2500 3000 300 4000
EFHK
4  APA-RLS
20
18 W
16
14
12
mﬁ 10
8
6
4
2
% 500 1000 1500 2000 2500 3000 3500 4000
RS
5 APA-LMS
APA s
o BSS
PCA , APA, BSS APA-PCA
s , BSS APA-Kalman,
APA-RLS,APA-LMS . s
BBS , BSS
s APA-PCA
o APA
BSS (ICA) s

[1] Prakash K, Hepzibha R D. Blind Source Separation for Speech

Music and Speech Mixtures[ ]J]. International Journal of Com-

puter Applications,2015,110(12) :40-43
[2] , AIS
2013,40(6A) :217-219

0l .

[3]

[4]

(5]

[6]

L7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

s . EMD
Ll 22016,43(1):149-153
Jutten C, Herault J. Blind separation of sourcesPart 1. An adap-
tive algorithm based on neuromimetic architecture[ J]. Signal
Processing,1991,24(1) :1-10
Comon P. Independent component analysis,a new concept [J].
Signal Processing,1994,36(3) :287-314
Karhunen J, Joutsensalo J. Representation and separation of sig-

nals using nonlinear PCA type learning[ J]. Neural Networks

1994,7(1):113-127

s . Givens
[J]. ,2014,41(12) :78-90
s . Givens
0. ,2015,42(5) ;149-152
L1 ,2013,40(11A) :19-45

ICA
+2014,36(5):1094-1099

[l
Oja E. The nonlinear PCA learning rule in independent compo-
nent analysis[ ] |. Neurocomputing,1997,17(1) ;25-45
Pajunen P, Karhunen J. Least-squares methods for blind source
separation based on nonlinear PCA[ J]. Int. J. of Neural Sys-
tems,1998.8(5/6) :601-612
Zhu X L,Zhang X D. Adaptive RLS algorithm for blind source
separation using a natural gradient[]J]. IEEE Signal Processing
Letters,2002,9(12) :432-435
Lv Q,Zhang X D, Jia Y. Kalman filtering algorithm for blind
source separation[ C] // IEEE International Conference on A-
coustics, Speech,and Signal Processing(ICASSP). 2005:257-260
Karhunen J,Oja E,Wang L,et al. A Class of Neural Networks
for Independent Component Analysis[]]. IEEE Transactions on
Neural Networks,1997,8(3) :486-504
Wang L,Karhunen J. A unified neural bigradient algorithm for
robust PCA and MCA[J]. International Journal of Neural Sys-
tems,1996.,7(1) :53-67
Wang L,Karhunen J,0Oja E. A bigradient optimization approach
for robust PCA,MCA, and source separation C] // IEEE Inter-
national Conference on Neural Networks, 1995. EEE, 1995.
1684-1689
Sanger T D. Optimal unsupervised learning in a single-layer
feedforward neural network[]J]. Neural Netwoks, 1992,2(6):
459
Ozeki K,Umeda T. An adaptive filtering algorithm using an or-
thogonal projection to an affine subspace and its properties[ ] ].
Electronics and Communications in Japan (Part I: Communica-
tions) ,1984,67(5) :19-27
Karhunen J.Pajunen P, Oja E. The nonlinear PCA criterion in
blind source separation; relations with others approaches[ ] ].
Neurocomputing,1998,22(1) :5-20
Cardoso J F,Laheld B H. Equivariant adaptive source separation
[J]. IEEE Trans. Signal Processing,1996,44(12):3017-3029
Sankaran S G,Beex A A. Convergence behavior of affine projec—
tion algorithms [ J]. IEEE Trans. Signal Processing. 2000, 48
(4):1086-1096

« 323 -



