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Abstract

Frequency domain Blind Source Separation (BSS) is
shown to be equivalent to two sets of frequency domain
adaptive microphone arrays, i.e., Adaptive Beamformers
(ABF). The minimization of the off-diagonal components
in the BSS update eguation can be viewed as the mini-
mization of the mean square error in the ABF. The un-
mixing matrix of the BSS and the filter coefficients of the
ABF cornverge to the same solution in the mean square
error sense if the two source signals are ideally indepen-
dent. Therefore, we can conclude that the performance
of the BSSis upper bounded by that of the ABF. This un-
derstanding clearly explains the poor performance of the
BSSin area room with long reverberation.

1. Introduction

Blind Source Separation (BSS) is an approach to es-
timate source signals s;(¢) using only the information of
mixed signals z ; () observed in each input channel. This
techniqueisapplicable to the achievement of noise robust
speech recognition and high-quality hands-free telecom-
munication systems. It might also become one of the cues
for auditory scene analysis.

To achieve the BSS of convolutive mixtures, several
methods have been proposed [1, 2]. In this paper, we
consider the BSS of convolutive mixtures of speech in
the frequency domain [3, 4], for the sake of mathematical
simplicity and the reduction of computational complex-
ity.

Signal separation by using anoise cancellation frame-
work with signal leskage into the noisereference was dis-
cussed in [5, 6]. It was shown that the least squares crite-
rion is equivalent to the decorrelation criterion of a noise
free signal estimate and a signal free noise estimate. The
error minimization was shown to be completely equiva-
lent with a zero search in the crosscorrel ation.

Inspired by their discussions, but apart from the noise
cancellation framework, we attempt to see the frequency
domain BSS problem with a frequency domain adaptive
microphonearray, i.e., Adaptive Beamformer (ABF) frame-
works. The equivalence and difference between the BSS
and ABF are discussed theoretically.
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Figure 1: BSS system configuration.

2. Frequency domain BSS of convolutive
mixtures of speech

The signals recorded by M microphones are given
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where s; is the source signal from a source i, z; is the
received signal by amicrophone j, and h;; isthe P-point
impulse response from a source i to a microphone 5. In
this paper, we consider a two-input, two-output convolu-
tive BSSproblem,i.e, N = M = 2 (Fig. 1).

The frequency domain approach to the convolutive
mixture isto transform the problem into an instantaneous
BSS problem in the frequency domain [3, 4]. Using a
T-point short time Fourier transform for (1), we obtain

X(w,m) = H(w)S(w,m), 2
where S(w,m) = [S1(w,m), Sa2(w,m)]’. We assume

that a (2x2) mixingmatrix H (w) isinvertible, and H j; (w)
# 0.

The unmixing process can be formulated in a fre-
guency binw:

Y (w,m) =W (w) X (w,m), 3



where X (w,m) = [X1(w,m), Xa(w,m)]T is the ob-
served signal at frequency binw, Y (w, m) = [Y1(w, m),
Ya(w,m)]T is the estimated source signal, and W (w)
represents a (2x2) unmixing matrix. W (w) is deter-
mined so that Y3 (w, m) and Y5 (w, m) become mutually
independent. The above calculations are carried out at
each frequency independently.

2.1. Frequency domain BSS of convolutive mixtures
using Second Order Statistics (SOS)

It is well known that the decorrelation criterion is
insufficient to solve the problem. In [6], however, it is
pointed out that non-stationary signals provide enough
additional information to estimate al W ;;. Some authors
have utilized the SOS for mixed speech signals[7, §].

The source signals Sy (w, m) and Sz (w, m) are as-
sumed to be zero mean and mutually uncorrelated, that
IS,

M-1

Rs(w, k) = %ZS(w,Mk—&—m)S*(w,Mk—&—m)
m=0

= As(w7k‘)7 (4)

where * denotes the conjugate transpose, and A s(w, k)
isadifferent diagonal matrix for each k.

In order to determine W (w) so that Y;(w, m) and
Y3 (w, m) become mutually uncorrelated, we seek aW (w)
that diagonalizes the covariance matrices Ry (w, k) Si-
multaneoudly for al k,

Ry (w,k) = W(W)Rx(w, k)W (w)

W (w)H(w)As(w, k) H" (w)W7 (w)
Ac(w, k), (5

where R x isthe covariance matrix of X (w) as follows,

M—-1

Z X (w, Mk+m)X

m=0

1

Rx(w, k) *(w, Mk+m), (6)

and A.(w, k) isan arbitrary diagonal matrix.
The diagonalization of Ry (w, k) can be written as
an overdetermined |east-sguare problem,

arg min Z ||off-diagW () Rx (w, )W (W)[|*  (7)

Zduagnw )Rx (w, &)W ()|[* # 0,

where ||z |2 is the squared Frobenius norm.

3. Frequency domain adaptive beamfor mer

Here, we consider the frequency domain adaptive
beamformer (ABF), which formsanull directivity pattern
towards a jammer. Since our aim is to separate two sig-
nals .S; and S with two microphones, two sets of ABF
are used (Fig. 2), that is, an ABF that forms a null di-
rectivity pattern towards source Sy by using filter coef-
ficients W1, and W14, and an ABF that forms a null di-
rectivity pattern towards source S; by using filter coeffi-
cients Ws; and Ws,. Note that an ABF can be adapted
when only ajammer exists but atarget does not exist.
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(a) ABFfor atarget S; and ajammer S;.
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(b) ABF for atarget So and ajammer S, .

Figure 2: Two sets of ABF system configurations.

3.1. ABF null towards Sy
First, we consider the case of target S; and jammer
Sy [Fig. 2(a)]. When target S; = 0, output Y7 (w, m) is
expressed as
Yi(w,m) = Wi(w)Xi(w,m)+ Wiz (w)Xa(w,m)
W (w) X (w,m), ©)

where

W(w) = [Wii(w), Wi2(w)], X (w,m) = [X1(w,m),X2(w,m)}T.

To minimize jammer S (w,m) in output Y;(w, m)

when target S; = 0, mean square error J(w) is intro-
duced as
Jw) = EN(w,m)]

= W(WEX(w,m)X"(w,m
= W(WRWW"(w), )
where E is the expectation and

Xi(w,m)X{(w,m) Xi(w,m)X5(w,m)

Rw)=E Xo(w,m)X{(w,m) Xa(w,m)Xs5(w,m)

. (10)
By differentiating cost function J(w) with respect to W
and setting the gradient equal to zero

0J (w)
ow

we obtain the equation to solve as follows [(w, m), €tc.,
are omitted for convenience],

xixi xixs [[win]_TJo
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or in a separate formula

= 2RW"* =0, (11)

ELGXTIWE +EXG XS, = 00 (19)
E[Xo X Wi, + E[XoX3We, = 0. (14)



Usmg X1 = H1252, Xo = H35S55, Weget
Wi1Hi2 + WigHae = 0. (15)

With (15) only, we have trivial solution W, =W12=0.
Therefore, an additional constraint should be added to en-
sure target signal S; in output Y;. With this constraint,
output Y7 isexpressed as

Yi = WXy +WieXo
= WiiHi1S1 + WigH2151 = 151, (16)
which leads to
Wi1Hir + WigHop = ¢, (17

where ¢; isan arbitrary complex constant. Since H, and
Hy are unknown, the minimization of (9) with adaptive
filters Wy, and Wy, isused to derive (15) with constraint
(17). This means that the ABF solution is derived from
simultaneous eguations (15) and (17).

3.2. ABF null towards Sy

Similarly for target S», jammer S;, and output Y>
[Fig. 2(b)], we obtain

WorHi1 +WagHyy = 0 (18)
WaorHig + WasHyy = co. (19)

3.3. Two setsof ABF

By combining (15), (17), (18), and (19), the simul-
taneous equations for two sets of ABF are summarized
as

Wit Wiz Hy Hyp | _|a O
War Waa Ho1 Hoo 0 ¢

] . (20)
4. Equivalence between

Blind Source Separation and
Adaptive Beamformers

As we showed in (7), the SOS BSS al gorithm works
to minimize off-diagonal componentsin

E[ Y Y5 ] 21)

oYy YaYs

[see (5)]. Using H and W, outputs Y; and Y; are ex-
pressed in each frequency bin as follows,
YTy = a5 +bSs (22)
Yé - CSl + dSQ; (23)

where

E

b|_| Wi Wi Hy1 Hypo (24)
d War Waa Hyy Hap |

4.1. When S; 75 0 and Ss 75 0

We now analyze what is going on in the BSS frame-
work. After convergence, the expectation of the off-diag-
ona component E[Y; Y] isexpressed as

EV1Yy]
= ad*E[S1S5] + bc*E[S2S7] + (ac*E[S?] + bd*E[S3])
=0. (25)

Since S; and S, are assumed to be uncorrelated, the first
term and the second term become zero. Then, the BSS
adaptation should drive the third term of (25) to be zero.
By squaring the third term and setting it equal to zero

(ac*E[S?] + bd*E[S3])?
= a®c*(E[S?])? + 2abc* d*E[S?|E[S2] + b*d? (E[S3])?
=0 (26)

(26) isequivalent to
ac* =bd* =0, abc*d* =0. (27)

CASEl.a=c1,c=0,b=0,d=co

Wit Wiz Hyy Hip | _ | a 0 29)
War Waa Hy1 Hoo 0 ¢

Thisequation is exactly the same as that of the ABF (20).
CASE2. a=0,c=cy,b=1c9,d=0

Wit Wiz Hy Hyp | _ | 0 e (29)
War  Waa Hy  Hoy ci 0

This equation leads to the permutation solution which is
Y1 =252, Y2 = ¢151.

CASE3. a=0,c=c1,b=0,d=co

Wit Wiz Hyy Hiz | _| 0 0 (30)
War Waa Hy1  Ha c1 c2

This equation leads to undesirable solution Y; = 0, Y =
151 + ¢255.

CASE4 a=c1,c=0,b=1c9,d=0

e [ 5]

War Waa Hy1 Hoo 0 0

This equation leads to undesirable solution Y7, = ¢1.51 +
CQSQ, Y2 =0.

Note that CASE 3 and CASE 4 do not appear in
general since we assume that H (w) is invertible, and
Hji(w) # 0. Thatis, if a = 0 then b # 0 (CASE 2),
andif c =0thend # 0 (CASE 1).

If the uncorrelated assumption between S; (w) and
Sa(w) collapses, the first and second terms of (25) be-
come the biasnoiseto get the correct coefficients a, b, ¢, d.



4.2. When S; 75 0Oand S; =0

The BSS can adapt, even if there is only one active
source. Inthiscase, only one set of ABF isachieved.
When Sy, = 0, we have

Y1 = aS; and Yy = ¢S) (32
then
E[V1Yy] = E[aS;c*S;] = ac*E[S?] = 0, (33)
and therefore, the BSS adaptation should drive
ac® = 0. (34
CASE5S c=0,a=rc;

[ ][5 0]

Wa1 Waa Hy1  Ha 0

where x showsadon't care. Since S, = 0, the output can
be derived correctly Y1 = ¢151, Y2 = 0 asfollows.

Yi * S S
MRS
CASE6. c=c1,a=0

Wit Wia Hyy Hyp | _| 0 x (37)
War  Wag Hy  Hoy 1 %

This equation leads to the permutation solution which is
Yi = O,YQ = 6151.

3] - (0] e

4.3. Fundamental limitation of frequency domain BSS

Frequency domain BSS and frequency domain ABF
are shown to be equivalent [see equations (20) and (28)]
if the independent assumption ideally holds [see equa
tion (25)]. Moreover, we have shown in [9], that a long
frame size works poorly in frequency domain BSS for
speech data of a few seconds, because the assumption of
independency between S; (w) and S5 (w) doesnot hold in
each frequency. Therefore, the performance of the BSS
is upper bounded by that of the ABF.

We can form only one null towards the jammer inthe
case of two microphones. Although thedirectivity pattern
becomes duller when there is a long reverberation, the
BSS and ABF mainly remove the sound from the jammer
direction. This understanding clearly explains the poor
performance of the BSS in a real room with long rever-
beration.

The BSSwas shown to outperform a null beamformer
that forms a steep null directivity pattern towards a jam-
mer under the assumption of the jammer’s direction be-
ing known [10, 11]. It is well known that an adaptive
beamformer outperforms a null beamformer in long re-
verberation. Our understanding also clearly explains the
result.

Our discussion here is essentialy aso true for the
BSS with Higher Order Statistics (HOS), and will be ex-
tended to it shortly.

5. Conclusion

Frequency domain Blind Source Separation (BSS) is
shown to be equivalent to two sets of frequency domain
adaptive beamformers (ABF). The unmixing matrix of
the BSS and the filter coefficients of the ABF converge
to the same solution in the mean square error sense if
the two source signals are ideally independent. There-
fore, we can conclude that the performance of the BSS
is upper bounded by that of the ABF. This understand-
ing clearly explainsthe poor performance of theBSSina
real room with long reverberation. The fundamental dif-
ference exists in the adaptation period when they should
adapt. That is, the ABF can adapt in the presence of a
jammer but the absence of atarget, whereas the BSS can
adapt in the presence of atarget and jammer, and also in
the presence of only atarget.

6. Acknowledgements

We would like to thank Dr. Shigeru Katagiri and Dr.
Kiyohiro Shikano for their continuous encouragement.

7. References

[1] A. J Bel and T. J. Sejnowski, “An information-
maximization approach to blind separation and blind
deconvolution,” Neural Computation, vol. 7, no. 6, pp.
1129-1159, 1995.

[2] S. Haykin, “Unsupervised adaptive filtering,” John Wi-
ley & Sons, 2000.

[3] S. Ikeda and N. Murata, “A method of ICA in time-
frequency domain,” Proc. ICA99, pp. 365-370, Jan.
1999.

[4] P. Smaragdis, “Blind separation of convolved mixtures
in the frequency domain,” Neurocomputing, vol. 22, pp.
21-34, 1998.

[5] S V.GervenandD. V. Compernolle, “Signal separation
by symmetric adaptive decorrelation: stability, conver-
gence, and uniqueness,” | EEE Trans. Speech Audio Pro-
cessng, vol. 43, no. 7, pp. 1602-1612, July 1995.

[6] E.Weinstein, M. Feder, and A. V. Oppenheim, “Multi-
channel signal separation by decorrelation,” |IEEE
Trans Speech Audio Processing, vol. 1, no. 4, pp. 405-
413, Oct. 1993.

[7] L. Parra and C. Spence, “Convalutive blind separation
of non-stationary sources” IEEE Trans. Speech Audio
Processing, vol. 8, no. 3, pp. 320-327, May 2000.

[8] M. Z. Ikram and D. R. Morgan, “Exploring permuta-
tion inconsigency in blind separation of speech signals
in a reverberant environment,” Proc. ICASSP2000, pp.
1041-1044, Jun 2000.

[9] S. Araki, S. Makino, T. Nishikawa, and H. Saruwatari,
“Fundamental limitation of frequency domain blind
source separation for convolutive mixture of speech,”
Proc. ICASSP2001, May 2001.

[10] H. Saeruwatari, S. Kurita, and K. Takeda, “Blind source
separation combining frequency-domain | CA and beam-
forming,” Proc. ICASSP2001, May 2001.

[11] R.Mukai, S. Araki, and S. Makino, “ Separation and de-
reverberation performance of frequency domain blind
source separation for speech in a reverberant environ-
ment,” Proc. Eurogpeech2001, Sept. 2001.



