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ABSTRACT

The concept of eigen decomposition for two-channel
signal separation, a novel method of enhancing the
desired signal corrupted by interference, is described.
The method uses two observations, which come from
a pair of single sensors (or beamformers) both of which
contain the desired signal and the undesired signal(s).
The method assumes that the desired signal and the
undesired signal(s) are uncorrelated and the signal-
to-noise ratios (the ratio of the desired signal to the
undesired signal(s)} of éach observation are different.
A new algorithm based on eigen analysis has been
developed to eliminate the noise components sequen-
tially. The technique has been successfully used to
separate a speech signal corrupted heavily by ambient
noise, co-talker interference and background music.

1 INTRODUCTION

Speech enhancement/separation using a multiple mi-
crophone system has become an active research area
for audio signal enhancement. For example, in a
real life acoustic environment, the observations from
multiple microphones contain the desired speech with
some interfering audio signals, which could come from
television, radio, automobiles, competing speakers or
other background noise sources. The aim is to re-
trieve the desired speech from the noisy observations.
These problems occur, for example, in hands-free mo-
bile phones, teleconferencing and forensic covert record-
ing. Similar problems also occur in multi-sensor prob-
ing systems for underwater acoustics, diagnostics and
geological survey.

In this paper we consider specifically the case of two-
channel observations y1(t), y2(t) which are observed
from a pair of sensors. The acoustic model is shown
as Fig.1, where h;; represents the impulse response
from the desired signal source s;(¢) and undesired
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signal source s2(t) to the outputs ¥ (¢) and y(t).
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Fig.1 Model of two-channel observations

The most widely used method of enhancing or sepa-
rating the desired signal from the two-channel obser-
vations was suggested by B. Widrow et al. [1]. This
method will be referred to as the least squares (LS)
method. Adaptive schemes based on the least mean
squares (LMS) and the recursive least squares (RLS)
algorithms have been proposed in [1] and [2] respec-
tively. These algorithms have been applied in a wide
variety of contexts. A critical assumption in this ap-
proach is that there is no leakage of the desired signal
into the reference sensor, i.e. hy; = 0. Furthermore,
it is also assuined that the noise component in the cor-
rupted signal 4, (f) must be correlated with the noise
component in yy{t). This requirement can only be
satisfled by keeping the two sensors close together.
In many practical situations, the sensors cannot be
placed close together in that he; becomes finite. This
causes leakage of the desired signal into y,(¢) and can-
cellation of a part of the desired signal in the output.
Several solutions have recently been proposed to the
signal separation problem when both the desired sig-
nal and the undesired signal are coupled into both
sensors as depicted in Fig.1 (see for example [3], [4]
and 5]). The applications of these methods are lim-
ited as some critical assumptions cannot be satisfied
in real life acoustic environments.

In this paper we propose a novel approach to the

. above signal separation problem based on eigen de-

composition.
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2 EIGEN DECOMPOSITION AND MRSS
ALGORITHMS

For simplicity, let us begin by considering two random
sequences, each consisting of complex exponentials.

Let

sit) = i) for i=1,2 (1)
where
ui(f) = 7 (2)
and the ¢complex amplitudes
A; =| A; | 7% (3)
For the acoustic modelling shown in Fig.1, we have
y1(t) = s1() ® haa(t) + 52 () ® Pz (t) (4)

and
y2(t) = s1(t) ® hoy (1) + 52(t) ® haa(2) (5)

where the ‘®’ indicates linear convolution.

We will assume that the impulse functions hy; (t),
hia(t), hai(t) and has(t) can be expressed by Eq(6).

hij(t) =| hij | €%

for ij=1,% (6)

where 6;; is another random variable with uniform
distribution. Although this case is somewhat restric-
tive, it will show some important and interesting char-
acteristics of signal subspace. The more general case
will be considered in the sequel. Now, the observa-
tions y; can be expressed as

41(t) = Buiui(t) + Braua(t) (7)
and
y2(t) = Barua(t) + Basus(t) (8)
where
Bi; = Aihi; =| A; || haj | &7i+95)
for 4,7=1,2; (9)

The correlation matrixes of the observed sequences

are [6, 7]
Ry, = E{Y;Y;T} = PyUULT + Pl U™

for i=1,2; (10)

where Y; and U; are the data matrices which consist of
N consecutive samples of the observations v;(t) and
u;(t), respectively, and

def « 2
P;; = E{B;;B};} = E{| B;; [}
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for 4,7=12; (11)

and ‘E{-} stands for expectation, ‘*’ denotes the
complex conjugate, and ‘~T’ denotes the conjugate
transposition, 13 (¢) and w5 (¢) have been assumed to
be independent. Then, a new matrix R,4t;, can be
built from Ry, and Ry,

Rraf,io = R)_/ll RYZ

= (PllUlUfT+P12U2U§T)_1(P21U1UfT+P22U2 51

(12)

The matrix R,q4i0 is called a ratio matrix of the two
observed sequences. Ry, is invertible as it is a posi-
tive definite matrix [8].

Now consider the eigenvectors of matrices Ry,,
Ry, and R,gti0 . If uy(#) and uz(t) are statistically
independent (as they are when w; # ws) and zero-
mean, we have

E{si(t)ss(t +7)} =0 YT (13)

E{ui(t)us(t+71)} =0 Y1 (14)
as well as

E{E{u;(t)ui(t+7)}ui(t+7)} =0

¥ry. for i#i (1)

where t = Tyn and 7 1s multiples of Ty for discrete
signals. When we perform an eigen decomposition of
the matrixes Ry, and Ry,, it is possible to find the
eigenvalues

At A2 oo A

and the corresponding eigenvectors

Vi1 Uiz vim  for i=1,2;

For each Ry, and Ry, there are two eigenvectors i,
and i, where

) . T
Ty = [1 elwr e](M_l)“’k:l

for kE=1,2; (16)

These two vectors are identical to signal vectors u; ()
and us(t) respectively (although they are not nor-
malised) [6]. What is more interesting is that #; and
Uy are also eigenvectors of R, and the correspond-
ing eigenvalues are related to the difference between
the signal-to-noise ratios. For example, to show that
1 is an elgenvector of R, gy, We right-multiply (12)
by ;.

- -1 -
Rrgtiotiy = Ry1 RY27"1
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_ (Pl UfTV+PzzU2U2'T)ﬁ
(Pl U T+ P U, U57T) 1

= (le/Pll)ﬁl = )\ratiolﬁl (17)

where the third step follows from (14) or (15) and is
based on (18), a formula for inverting matrices.

(A-CC™T) = A a7iC(I-0TATI0) O T A

(18)

In the same way, we can show that
Rratioaz = Aratiozﬁ2 (19)

where Argtio, = (Pa2/Pi3). A simulation test is shown
in Fig.2, where f; = 1000Hz, fo = 2500H 2, and the
sample rate is 8000H z.

and
{ ) =) )
y2(n) = s1(n) + 2s2(n) + wa(n)

where w; (n) and ws (n) represent the additional noise.
Obviously, s;(n) and s3(n) are independent. The size
of the correlation matrices are 3 x 3. The matrix of
eigenvalues of R, 4140 is as follows
10 O
0 4 0
0 0 26

2.61

The last eigenvalue is trivial (related to the noise).

The minimum eigenvalue Apqtso,,,, corresponds to s;

(follows from P51 /Py; = 1) and the maximum eigen-

value Apqtio,,,, corresponds to sz (follows from Py /P12
= 22 = 4). The eigenvector vratio,,., (-6, ¥1 in Fig.4)

corresponding t0 Arqrio,,,;, is orthogonal to sz(n), and

the eigenvector vrqatio,, . (1-€., ve in Fig.2) correspond-

ing t0 Aratio,,,, is orthogonal to s;(n). From (17) and

(19) we deduce that

e the signal subspace spanned by the eigenvectors
of R,q4ti0 is coincident with that spanned by the
eigenvectors of Ry, and Ry,;

o the eigenvalues of R,qt50 are the ratios of the
corresponding power densities (i.e., variances of
the complex amplitudes) for each signal compo-
nent of the two observations.

The above results can be used to separate the
components s (t) and s2(¢) if the signal-to-noise ra-
tios (one of s; and sy is assigned as signal and the
other as noise) in the two observations are different
or Py; /Py is different from Paz/Pi2. The signal sep-
aration can be achieved by building an eigen filter
based on the eigenvectors of the matrix R, 4410
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Fig.2. Two observations and the IIR filters based
on the eigenvectors of R,qtio Which are found
by )‘ratiomin and /\ratiom”-

3 APPLICATION TO SPEECH SIGNAL
SEPARATION

The eigen decomposition analysis discussed in sec-
tion II which is based on the matrix ratio R;,IIRY2 of
the autocorrelation matrices Ry, and Ry, at the two
microphone inputs can be utilised to remove interfer-
ence. Assume that frames of speech of the two talkers
can be modelled as a linear combination of random
exponential signals by the sinusoidal model [9]. The
impulse function of an acoustic environment can be
modelled as a FIR. or IIR filter. From the definition
of P;; in Eq(12), it can be found that the eigen anal-
ysis is not sensitive to the phase. It means that the
eigen analysis for the single exponential signals and
the simple system function can be extended to speech
signals and a general acoustic environment.

Based on the eigen decomposition described above,
an algorithm has been developed to separate multi-
channel signals with a pair of observation sequences.
This algorithm, called the MRSS algorithm (MRSS
stands for Matrix Ratio SubSpace) is as follows:

1. Segment the observation sequences and con-
struct a pair of data matrices for each segment
respectively.

2. Construct correlation matrices:
Ry, = Y;Y~ for i=1, 2 (20)
3. Build a ratio matrix using
Rratio = Ry Ry, (21)

4. Compute the eigenvectors and eigenvalues by
the decomposition of R,450- It is possible to
rearrange the eigenvalues as (22).

M S h <o S, S <Ky,

—-—

_—
desired signal subspace noise subspace
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SApt1 SApra < - S Ay (22)

undesired stgnal subspace
5. Find the zeros for each eigenvector correspond-
ing to A1, Az, -, Ap,, and the common zeros
for all of them. If a set O; represents the zeros
for the +th eigenvector, this step is to find

0=0,N0;N---N 0y, (23)

6. Build a filter to compress the frequency com-
ponents around the zeros of the set O.

<10 {a) The desired speech st
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Fig.3, (a): the original desired speech signal; (b)
and (c): the two observation sequences which
are the inputs of the signal separation system;
(d) the output of the system.

4 SIMULATION RESULTS

An illustration of performance for speech signal sepa-
ration is demonstrated as follows: the original desired
speech signal is s1(¢) shown in (a). After the coupling
system, the observation sequence y; () is shown in (b)
and ya(t) is shown in (c). The retrieved signal z(t) is
shown in (d). The average SNR (the ratio of average
power of the desired signal to average power of the
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undesired signal) of y1(t) is -0.57dB, and the average
SNR of y2(¢) is -6.59dB. The output of our multichan-
nel signal separation system is shown in the bottom
of Fig.2, the SNR of z(t) is approximately 10.44 dB.
Informal quality and intelligibility tests indicate sig-
nificant improvement in quality as well as intelligibil-
ity of speech processed using this technique.

5 CONCLUSIONS

We have described a novel method of multichannel
signal separation based on eigen analysis. The MRSS
algorithms perform satisfactorily even if the desired
signal is much weaker in both observations. For speech
signal separation, this method is more effective when
at least one of the signals is a voiced speech signal at
each segment. The proposed approach can be applied
to situations where the two microphones are replaced
by beamformers. The work also has wider applica-
tions in multi-sensor probing problems for example
in underwater acoustics. At the conference we will
present details of the proposed method and demon-
stration of recovered speech quality and intelligibility.
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