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ABSTRACT

This paper considers blind separation of signal sources in
convolutive mixing environment. It tries to show that
decorrelation is sufficient for separation of convolutively
mixed sources. Two algorithms are also proposed and tested
by computer simulations.

1. INTRODUCTION

Blind source separation (BSS) has been an important area of
signal processing due to its many potential applications, such
as communication, speech and image processing, and various
biomedical signal processing problems, etc. [1] [2]. There
have been many different approaches for the BSS, including
those based on non-linear neural networks [3], high order
statistics (HOS) or polyspectra [4], and others. These
algorithms are generally very complicated which require
extensive computation. A simpler statistical approach is the
one based on Second-order Siatistics (SOS) or output
decorrelation, e.g. [5-7]). Given the fact that SOS-based
approaches are much simpler than those HQOS-based
approaches, we try to show that SOS is sufficient for BSS,

This paper is organized as follows. Section 2 gives the
system model for the BSS problem. In Section 3 the
condition of cutput de-correlation is analyzed, with the
results that under certain conditions, output decorrelation is a
sufficient condition for BSS. New SOS based algorithins are
proposed in Section 4. Computer simulation results are
given in Section 5. Finally Section 6 concludes the paper.

2. PROBLEM STATEMENTS

Consider the well-known BSS problem in convolutive
environment: Two signal sources s,(/)and 5,(f) are of

zero mean and statistically uncorrelated stochastic processes.
The two signal sources are mixed together via convolutive

channels and yield two mixed signal measurements: X, (7)

and x,{7). We assume that the channels are modelled by

FIR filters with equal lengths. The relations between source
signals and observations can be expressed mathematically as
follows

x (1) =ap () *s, (1) +a, (O *5,(1) (n
X, (1) = ay (N *5, () +ay,y (1) *5,(0) )]

The purpose is to recover the signal sources from those two
measurements using a separation system with the similar
structure:

() =w, () *x, () +w,()*x,(0) O
u, (1) = wy (1) * x, (1) + w5, (1) * x5 (1) €]
Substituting (1)(2) into (3)(4) gives:
w ()= (O x5 (D +hy(O*s,()=v (O +v,() ()
() =ty (0*s (D) +iy(N*s,(=v(N+v,()  (©6)
vy =h,(O*s,(), v () =h () *s,(1),
V() =M, (1) *5,(7) and v, (1) =1,(1) *5,(¢), and

where

() =ay (D *w,, (D + ay (D *w (1) €)
Iy () =a, (D% (O +ay, () *ny,(0) (8)
hy (O = a0y w (D +a, (D) *w,(0) )]

By (0) = ay (1) wy (1) a1y (D) 13 (0) (19)
Note that v,(f) and v,(¢) originate from s,(f) only, and
v,(f) and v,(7) originate from 5,(/) only.

3. DECORRELATION CONDITION

In this section, we will see what happens if we chose the
separate filters FI (z) (for ij=1.2) so that u,(f) and 11,({)

are uncorrelated. 1n other words, we want to show that BBS
can be achieved under this condition.

The cross-correlation function of (/) and w,(f) is defined
as follows:

oy () = Eft, (D1, (1 = 7)) (n
Making use of the assumption of un-correlation between the
two signal sources, and also assuming that both the mixing
and separation channels do not change their mean value, we
have:

rH|HZ (T) = rl‘l\‘1 (T) + r\‘zlu (T) (12)

We want to investigate what happens when the above cross-
correlation function are set to zero:

rﬂ,u; (T) = r,.l“_‘ (T) +r (l‘) =0

Vary

(13)
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Under the constrain that the u,(¢) # 0 (for i=1,2). There are

two possible situations that make 7, (7) to be zero. One is

i)

that neither 7, (7) nmor r, (7} is zero. Hence

(r)=0 when and only when P, () =—r1,2,u(r),

'thlul
i.e. they are inversely symmetrical to each other, However,
this is aimost impossible as the length of mixing filters and
the two sources can be very different in nature. Therefore we

can assume that r, (7} # —r,, (7). Inthis case we must
have:
no(T}=0andr, (7)=90 (14

L

Letsee r,  (7) =0 first.
1, (1) = Efy (v, = 1)]
= E[(hu(’) *Sl(’))(hzl(l —T)Rs (- T))]

on o

= | [n (o), (b~ 9 - )ddp

—0=30

(15)

where 1, (7)= £ [Sl (s, (1 — T)] is the autocorrelation
function of signal source §,(f), which is non-zero for at least

some values of 7. Hence r, (7} =0 for all 7 implies

that
hy(£)=0or A () =0 (16)
Similarly for #, , (T) =0, we can also have:
ha(f) =0 or hy, (1) =0 (a7

There are four possible situations corresponding to (16) and

(17):

Case 1: Ay, (t)=0andh () # 0andh,(1) =0 and
By (1) 203

Case 20 hy, (+)=0andh, (1) #0andh,(£) #0 and
hy(1y=0;

Case 3: A, (1)#0andh, (=0 andh,(t)=0 and
() =0,

Case 4: h, (t)# Oandhy (t)=0andh,(f)# 0 and
hy, (1} =0

From (5) and (6} we can see that Case 2 corresponds to
,(t) =0 and Case 3 to #,(t) = 0 which are contrary to

the constrain #,(r) # O (for i=1,2). Therefore only Case !
and Case 4 are possible.

Let go back to Case 1 again, from (5) and (6) we have
()=, (0*s,(1) (19)

1,() =y, () *5,(0) 20)

Obviously BSS is achieved up to an unknown filtering factor.

Let’s consider A,(f) =0, and taking the Z-transform
gives:

A2, (2) + Ap(2W¥(2) =0 @
Assuming that 4,(z) and A,,(z)do not have common
zeros, we must have [8]:

W@ =t4n(2) and Wy(2)=F4,(z) (22
Similarly, it 4,(z) and A,,(z) do not have any common
zero, F, (t) =0 leads to:

Wi (2)=£4,,(2) and Wy(2) =F4,(2) (23)
Equations (22) and (23) imply that the unknown mixing
channels can be identified as soon as BSS is achieved. In
this case we have:

H(2)=H, (@) =2,V (@) T, 2 (2)  24)
Similar analysis can be done for Case 4 with the following
results:

1 (1} =Ry () %5,(0) (25)
u,(1)=hy (N*5,(7) (26)
and
H)(2) = H, (2) =, (W, () FW, W (z)  27)
Obviously no matter in Case | or Case 4, BSS can always be
achieved and the output signals are filtered version of the

ariginal sources. Also it is interesting to note that the filter
for both output and both cases are the same:

H(z) =8V ,(OIV,,(2) ¥, (2IN,(2) (28)
Original sources can be restored from u,(f) and #,(¢) by
de-convolution, using the following system;

1 1
H)=——= -
H(z) WO (2) FWy, (2)H,(2)
In other words, source signals can be restored by:
S, =y,O)=u,)*elt) for ij=12 (30)
Hence up to now we have proved that de-correlation of
output signals might be a sufficient condition for BSS. Also
the mixing channels can be identified as soon as BSS is

achieved, based on which a de-convolution filter can be
designed for restoring the originai signal sources.

(29)

4. ASIMPLE MIXING CASE

In this section we consider a

a, (1) = ay(H) = (), that is

x ()= ‘91(1)+ia2,(:‘)sz(t—i) 31)

simple case when

() =5,(0)+ ia,z (s, (r—1) 32)
=0

for the separation systems we also have we have
W, (1) = wy, (1) = 8(F). The outputs are

u, () =v (1)+v,(0) (33)
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u, () = v, (N +v, (1) (34)
where
(O =5,0= Y btk - s, (t-k)  G5)
k=0 i=0

v,(f) = i[a(k) —c(l))s, (1 —k) (36

vy (1) = 3 [B(k) = d (k)]s (1 — k) (37

n

v (0 =5,(0 - Y Y d(iatk - s, (k) G8)

k=0 i=0
Now let us investigate the behaviours of the cross-correlation
functions r,, () and r,, (v). Obviously that they all

attenuate to zero when ‘T| —» o0 . However, from the above
equations we see that the attenuating trends of r, | (7) and
P\, (T) are very different: r, (7} attenuates to zero more

quickly when 7 <0 than that when 7>0. On the

contrary, #, (7) attenvates to zero more slowly when

7 < 0 than that when 7 > 0. Therefore they are definitely
not inversely symmetrical to each other. Hence the unique

possible solution forr,  (7)=r, (z)+r,, (7)=0 is
(r)=0andr,, (r)=0.

The mixing network and the de-convolution stage can be
implemented together as recursive structure given by [6]

WO =x0-Yehpnt-n @9

i=0

BO=50-Ydiy-) @)

oty

that 7

YV

It is obvious that de-correlation of w (f) and u,(f) is

equivalent to the de-correlation of ¥,(f) and y,{/).
Hence separation algorithms can be developed based on the
de-correlation of y,(7) and y,(7). Without the loss of

generality, we assume that a,(0)=0,a,,(0)=0,
¢(0) =0and d(0)=0, then y,(¢) is only related to the
past value of y,(f} and ¥,(7) related to the past value of

V(7). Such a system is strict causal coupling system [11].
Let

K@) =yt =Dy (1 = 1)) 1)
L) =y, =Dy p (1 = )] 42)

and
W, =[c(1),e(2),...,c(m)]" 43
W, =[d(1),d(2),....d(m)]" (44)

Under decorrelation condition, we can obtain two coupled
Wiener-Hopf equations,

R)'ZJ'Z W, = E[x, (O, ()] (45)
Ry Wy = E[x, (N (D] (46)
where R};)’, = £]Y, (’)Y.l (), (=12).

The two coupled Wiener-Hopf equations (40) and (41) can

be solved with the standard LMS or RLS algorithm. We

name them as the Double-LMS and -RLS algorithms.
Double-L.LMS algerithms:

W, (0) =W, = 1)+ g1y, (DY, (1)

47
W0 =Wy =D+ oy, OK(@)
Double- RLS algorithms:

Wl(f)=W|("_‘1)+J’|(()K|(’) @8)

W) =W, (t =)+, (13K, (1)

where
_ F{t=DY (N

MO R @
Kz(’) — PZ(’_I)YI(’) (50)

RS ROIAGENAY)

R0 =-[Re-D- K@K ORG-1] 6

P(ry= %[P2 (1= =K,(NDY, (HP,(t - 1)] (52

Note that the Double-LMS and Double-RLS algorithms
require that the convolutive mixing filters should be that

a,,(0)=0,a,,(0) = 0. These constraints are not strict in

practice. In fact. many practical systems can meet these
requirements provided that sensors are placed far away
enough from each other so that signals reach the sensors at
different time, and the time-delay is longer than one sample
period.

5. NUMERICAL EXPERIMENTS

Computer simulations are performed with the algorithms
proposed in Section 4. Different convolutive mixing models
are used in the simulations. If the two sources are white
noises, then the separation filters will approximate the
mixing filters. Contrarily, if the two sources are speeches,
then the separation filters usually do not approximate the
mixing filters, but the separation filters will approximate the
mixing filters in frequency domain in the nonzero frequency
bands of sources. Experimental results are pres below.

Fig. 1 shows the separation result when the sources are two
white Gaussian noises. It is seen that the separation filter
closely matches that of the mixing filter. Fig. 2 is the
separation result when the sources are two speeches, from
which we can see that there is not a match between the
separation filters and mixing filters.
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Fig.1. The separation of mixed white noises. (a): The impulse
response of mixing and separation filters «,(n) and

w, (1) ; (b): The impulse response of mixing and separation

filters a,, (1) and w,(n).
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Fig.2. The separation results of two convolutely mixed

speeches.  (a): The spectrum of §(f) (top), and the
spectrum of a,,(n) and w (#} (bottom); (b): The
spectrum of 5, (f) {top), and the spectrum of a,,(#)and

w, (1) (bottom). (¢): The impulse responses of mixing and

separation filters a,,(n) and w (n); (d): The impulse

responses of mixing and separation filters «,, (1)and

w,(n).

6. CONCLUSIONS

In this paper, we proved in time domain that, under some
constraints, convolutely mixed sources can be separated by
utilizing only their second-order statistics (SOS) without the
aid of any other information. Also for the simple mixing

structure where ¢,,()=a,,(f)=(¢}, blind separation is

equivalent to the optimum filtering problem. We propose the
Double-LMS and -RLS algorithms based on conventional
standard LMS and RLS algorithms. These algorithms are
very simple in implementation. They are independent on the
statistical  properties of source signals. Numerical
experiments show that these algorithms are valid.
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