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Abstract: For the blind separation of nonstationary signals, we propose a new method which is based on the recursive

least-squares(RLS) algorithm. A forgetting factor is introduced to modify the normal cost-function by incorporating the

exponential weighting-factors to obtain a new cost-function with a recursive structure. This new cost-function is minimized

by using RLS algorithm. An adaptive updating algorithm is derived for the optimal separation matrix which is for gradually

separating the signals. This algorithm alleviates the difficulty in selecting the learning speed in the least-mean-squares

algorithms, and possesses excellent performances in convergence and stability. Simulations are carried out to verify the

validity of the new algorithm.
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2 (General cost

function and algorithm)

2.1 (Model and assumptions of

BSS)
,

.

x(t) = [x1(t) · · · xn(t)]T, s(t) =

[s1(t) · · · sn(t)]T, ,

:

x(t) = As(t). (1)

: A n × n ,

; n ( ) .

A, s(t) ,

x(t) s(t).

,

, [1].

,

:

y(t) = Wx(t) = WAs(t) = DPs(t). (2)

: W n × n ; D n × n

; P n × n .

: WA = I .

,
[11]:

1 A , ;

2 s(t)
, :

Rs = E
[
s(t) sT(t)

]
=

diag {r1(t), · · · , rn(t)} . (3)

3 s(t) ,
ri(t)
rj(t)

(i, j = 1, · · · , n; i �= j)

(ri(t) si(t) ).

,

, 3

, 3 ,

,
[11].

2.2 (General cost function)
[11] ,

3

,

t

( ) , .

:

J(W, t) =
1
2
{

n∑
i=1

log 〈y2
i (t)〉 − log |〈y(t)yT(t)〉|}.

(4)

: W ; t ;

y(t) = Wx(t) = [y1(t) · · · yn(t)]T ;

“〈 〉” “| |” .

2.3 (Learning algorithm)

: y = Wx. (4) W ,

:

W (t + 1) = W (t) + η(I −〈
Λ−1(t)

〉 〈
y(t)yT(t)

〉
)W−T(t). (5)

(5) : η ; Λ(t) =
diag{y(t)yT(t)}. , (5) ,

W , W

, ,

.

, [12]

,

:

W (t + 1) = W (t) + η(I −〈
Λ−1(t)

〉 〈
y(t)yT(t)

〉
)W (t). (6)
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2 〈Λ−1(t)〉, 〈y(t)yT(t)〉
. ,

,

.

3 RLS (New cost

function and RLS algorithm)
(5)(6)
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(4) , ,

.
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3.1 (New cost function)

, [9,10] ,

, :

Q(W (t)) =

1
2

t∑
j=1

λt−j{
n∑

i=1

log y2
i (j) − log |y(j)yT(j)|}. (7)

: λ 0 1 1 ,

; y(j) = W (t)x(j) j = 1, · · · , t.

W (t) W (j) y(j),

: , , W (t)
W (j) , , y(j) = W (t)x(j)

y′(j) = W (j)x(j) ,

, .

3.2 RLS (RLS algorithm)
RLS (7)

.

, (7) W (t)

d (Q(W (t)))
dW (t)

=

t∑
j=1

λt−j{Λ−1(j)y(j)xT(j) − W (t)−T}. (8)

d(Q(W (t)))
dW (t)

= 0, W (t)

W (t) = N(t)M−1(t). (9)

:

M(t) =
t∑

j=1

λt−j{x(j)yT(j)},

N(t) =
t∑

j=1

λt−jΛ(j),

Λ(j) = diag{y(j)yT(j)}.
, W (t)

. M(t), N(t) , :⎧⎪⎨
⎪⎩

M(t) = λM(t − 1) + x(j)yT(j),
N(t) = λN(t − 1) + diag{y(t)yT(t)} =

λN(t − 1) + Λ(t).
(10)

P (t) = M−1(t), M(t)
:

P (t) =
(
λM(t − 1) + x(t)yT(t)

)−1
=

1
λ

(P (t − 1) − P (t − 1)x(t)h(t)) . (11)

h(t) =
yT(t)P (t − 1)

λ + yT(t)P (t − 1)x(t)
.

, (10)(11) (9) W (t)
:

W (t) = N(t)M−1(t) =

W (t−1)−W (t−1)x(t)h(t)+
1
λ

Λ(t)P (t). (12)

(9)∼(12),

RLS , :

Step 1 : W (0), P (0), λ;

Step 2 t = 1, y(t) = W (t − 1)x(t);

Step 3 Λ(t) = diag {y(t)yT(t)};

Step 4

h(t) =
yT(t)P (t − 1)

λ + yT(t)P (t − 1)x(t)
;

Step 5

P (t) =
1
λ

(P (t − 1) − P (t − 1)x(t)h(t));

Step 6 W (t):

W (t) = W (t − 1)(I − x(t)h(t)) +
1
λ

Λ(t)P (t);

Step 7 t = 2, 3, · · · , Step 2∼6,

, , W (t) .
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4 (Computer simulations)
,
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1 .

1 , 3

:

s1(t) = g(t),

g(t) 0 1 ;

s2(t) = g(t) × 2 sin
πt

600
g(t) ;

s3(t) = g(t) × 2 cos
πt

800
g(t) , 3

5000 , t = 1 ∼ 5000. A (0, 1)

:

A =

⎡
⎢⎣

0.85 0.67 0.68
0.53 0.84 0.38
0.21 0.45 0.63

⎤
⎥⎦ .

, PI

, :

PI =
1

n(n − 1)

n∑
i=1

{(
n∑

k=1

|gik|
max

j
|gij| − 1) +

(
n∑

k=1

|gki|
max

j
|gji| − 1)}. (13)

: gij G ; max
j

|gij| G

i ; max
j

|gji| G

j . y(t)
s(t) PI = 0. ,

PI 10−2

.

(5)(6)

, ,

,

:

Λ = diag
{〈

y2
1(t)

〉
, · · · ,

〈
y2

n(t)
〉}

=

diag {r1(t), · · · , rn(t)} ,

0 < η0 < 1 ri(t)

ri(t) = (1 − η0)ri(t − 1) + η0y
2
i (t). (14)

:

Ry(t) = (1 − η0)Ry(t − 1) + η0y(t)yT(t). (15)

Ry(t) = E
[
y(t)yT(t)

]
.

, 3 ,

(5) 1;

(6) 2; RLS (9)∼(12):

. 1 2 , η =
0.0003, η0 = 0.001, W (0)

. 3 λ = 0.9985,

W (0) , P (0) = 0.1 ∗ I . 1

40000 3 PI

.

1 3 PI ( 1)

Fig. 1 PI curves of three algorithm in Experiment 1
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, 3 1 2

. , 3 ,

2 , 1 . , 3

PI 0.05 , 1( 0.35) 2(

0.15) . 3

. 3 ,

RLS , (6) ,

(5) .

2 .

2 ,

ICALAB [14]. 5120 Hz,

1 , :

1 2 , η = 0.0003, η0 =
0.005, W (0) . 3

λ = 0.9995, W (0) ,

P (0) = 0.1 ∗ I .

2 1

2 3 .
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2 ( 2)

Fig. 2 Source, mixed and separated signals in Experiment 2

3 3 PI ( 2)

Fig. 3 PI curves of three algorithms in Experiment 2
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5 (Conclusion)
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