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Abstract

A blind audio source separation technique with an
ill-posed mixing matrix and additive noise is proposed
in this work. With this technique, we divide the solution
into two steps. The first step is to estimate the ill-posed
mixing matrix and the second step is to separate orig-
inal sources. To estimate the ill-posed mixing matrix,
an enhanced soft-assignment method is used in the first
step. Then, the generalized p-norm optimization method
is adopted in the second step, which can yield a solution
sparser than the ly-norm minimization technique. Ex-
perimental results on synthetic mixtures and real-world
mixtures are used to demonstrate the efficiency of the
proposed technique in the presence of an ill-posed mix-
ing matrix and additive noise.

1. Introduction

The blind source separation problem has received a
lot of attention in recent years due to its wide appli-
cations in various signal processing fields such as the
enhancement of acoustic, audio, medical and wireless
communication signals. Here, we are concerned with
the separation of speech and musical sound sources. The
objective is to separate the speech signal from the musi-
cal background from synthetic mixtures of vocal signals
and musical sounds and real-world mixtures from com-
mercial music CD excerpts.

The blind source separation problem has been exam-
ined by researchers in recent years, e.g. [1, 5]. Most of
previous work focused on a well-posed mixing system.
The independent component analysis (ICA) can be ap-
plied under the assumption that sources are statistically
independent [2]. While ICA-like algorithms are fast and
reliable, they demand that the number of sensors be no
less than the number of sources. To relax this constraint,
an optimization approach was adopted in [1, 5] to maxi-
mize the MAP (maximum a posteriori probability) func-
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tion for an under-determined system, and it yields good
results. However, the normal system for the problem
addressed in [1, 5] is well-conditioned. For real-world
mixed speech and music data, the mixing system is ac-
tually ill-posed. Thus, the approach used in [1, 5] does
not work properly for the problem of our interest.

For an ill-posed mixing system, it is difficult to esti-
mate the mixing matrix and the signal sources simulta-
neously. Thus, we propose a technique that divides the
solution into two steps. The first step is to estimate the
ill-posed mixing matrix in a noisy environment while
the second step is to separate original sources. To es-
timate the ill-posed mixing matrix, an enhanced soft-
assignment method is used in the first step. Then, the
generalized p-norm optimization method is adopted in
the second step, which can yield a solution sparser than
the /;-norm minimization technique. Experimental re-
sults using synthetic mixtures and real-world mixtures
are used to validate the proposed technique in the pres-
ence of an ill-posed mixing matrix and additive noise.

2. Ill-posed Mixing System

A practical audio source mixing model can be ex-
pressed as
r=A-s+n, (D

where z is the output vector consisting N mixed sig-
nals, s is the input vector consisting of M sources, A
is a matrix of size N x M and n is an /N-dimensional
noise vector. The system in (1) is under-determined if
N < M. Furthermore, it is ill-posed if A has a singular
value close to zero and the ratio between its largest and
smallest nonzero singular values is large. The condition
number of matrix A is defined as [4].

cond(A) = || Al - | A7 2)

where ||AT|| is the Moore-Penrose pseudo-inverse. If
A is ill-posed, its condition number is large. The large
condition number implies that column vectors of A are
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close to linearly dependent. In a blind source separation
problem, we attempt to estimate mixing matrix A and
source signal s based on observed mixture vector z. The
noise term n is often small so that it can be neglected as
an approximation.

When the input sources are sparse in time or fre-
quency, the scatter plot of coefficients of observations
would constitute a mixture of lines [1]. Each oriented
line is related to a single source and, thus, it corre-
sponds to a column of the mixing matrix. When A is
well-conditioned, two oriented lines intersects with each
other at a large angle so that they can be easily identified.

By examining real-world mixture data carefully, we
find that the oriented lines intersect with each other at a
small angle which implies that mixing matrix A is ill-
posed. An example is shown in Fig. 1, where we show
the scatter plot from a commercial music CD excerpt,
“Let It Be,” by Beatles. The x- and y-axes are real parts
of Fourier coefficients of audio signals from two stereo
channels. The small intersection angle prevents the line
orientation algorithm in [5] from estimating the mix-
ing matrix correctly. Thus, its source separation perfor-
mance degrades. Our objective is to estimate ill-posed
mixing matrix A and source vector s.
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Figure 1. The scatter plot of a commercial mu-
sic CD excerpt.

3. Proposed Algorithm
3.1. Mixing Matrix Estimation

The basic idea is to estimate oriented lines from the
scatter plot, which form columns of the mixing matrix.
A method to determine oriented lines using soft data as-
signment, which was proposed in [5], is stated below.

Let £ and N be the numbers of oriented lines and data
points, respectively. To estimate oriented lines, each ob-
served data point z; is assigned to line v; according to a
weight
. exp(=f-zy)
B = e P 3)
> exp(—f - zrj)
T
where 1 < i < kand1 < j < N,  controls the
softness, and z;; = |lz; — (v;,z;) - v;||* measures the

j
distance between a data point and a line.

The above soft assignment method works well for a
well-posed mixing system and clean observations. How-
ever, for an ill-posed mixing system with noisy observa-
tions, it fails to identify oriented lines correctly. The
main reason is that the difference between weights Z;;
and Z(;11),; of data z; is too small. We consider a mod-
ification to (4), i.e.

—m
by = =, )
E Zy 7
-

where m is a control parameter. Please note that, as
compared with (3), the difference between a data point
close to and far away from a line is enlarged by the mod-
ified weight in (4). As a result, it works better for an
ill-posed mixing matrix.

3.2. Source Signal Estimation

After estimating the mixing matrix, sparse sources
can be separated using the generalized p-norm optimiza-
tion method. That is, the sparse source estimation is ob-
tained by

min A - ||s[P subjecttox =A-s (0<p<1) (5)

where A is a regularization parameter and A is the esti-
mated mixing matrix. The above optimization problem
can be interpreted as a MAP estimation where the prior
probability of a source is in form of p(s) x exp(—|s[?).
The regularization parameter A can make the solution
more robust with respect to additive noise.

When compared to the /;-norm minimization tech-
nique or the linear programming approach given in [1,
5], the generalized p-norm optimization method can pro-
duce a sparser solution. That is, there are more vanishing
components (or zeros) in the estimated source vector s
forx = A. s. Thus, for an ill-posed mixing system with
noisy data, the above generalized p-norm optimization
method can produce a robust and sparser solution.
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3.3. Application to Audio Source Sepa-
ration

When applied to stereo audio channels, the proposed
blind source separation algorithm can be described be-
low.

1. The observed stereo audio data are transformed
from the time domain to the Fourier domain to re-
veal the sparse property better.

2. We assign weights to each data point using (4) and
define

L=t (©6)

Then, we perform the eigen value decomposition
of Zi,
Si=U;- N U,

which provides the estimated column vector
VY = u,, .. of the mixing matrix.

3. The sparse input sources are estimated by (5).

4. The source estimates are transformed from the fre-
quency domain back to the time domain.

4. Experimental Results

Experiments were conducted to evaluate the perfor-
mance of the proposed blind source separation algorithm
with synthetic mixtures of vocal and musical sounds
and real-world mixtures from commercial music CD ex-
cerpts. For synthetic mixtures, two cases were examined
and compared. They are a clean mixture and a mix-
ture with additive white noise. Furthermore, to emu-
late the ill-posed mixing system, synthetic mixing ma-
trices with a high condition number were used. The
speech data were randomly chosen from the TIMIT
speech database while musical signals were musical in-
strument sounds from the Acoustical Society of America
(http://asa.aip.org/sound.html).

Time-domain signals were transformed to the fre-
quency domain using a 512-point windowed FFT with
256-point overlap between windows and real coeffi-
cients were used for the scatter plot as in Fig. 1 Simi-
lar results are obtained when imaginary coefficients are
used. In our experiments, parameter m for the improved
weight in (4) was set to 2. The source-to-distortion ra-
tio (SDR) [6] in the unit of dB is used to measure the
performance of estimated sources.
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The regularization parameter ) in (5) can be set inde-
pendently for each vector as in [3], i.e.

;11 — lle; |

)\j =  Amaz @)

where \jap =2 x 1072 and ¢; = z; — A- 55

The performance of three source separation algo-
rithms was compared in Tables 1-3 using synthetic mix-
tures of vocal and musical signals. They are the LOST
algorithm [5], the proposed method with p = 0.5 and

fICA [2]. The test conditions were:

e Case 1: two sources and two observed mixtures
without additive noise;

e Case 2: two sources and two observed mixtures
with additive white noise (SNR = 10 dB);

e Case 3: three sources and two observed mixtures
with additive white noise (SNR = 15 dB).

Two mixing matrices A; and A with a different condi-
tion number were tested in each case. Please note that
fICA can be applied to Cases 1 and 2, but not Case 3
(which is an under-determined case).

We observe a similar performance for all algorithms
for well-posed matrix A;. In Table 1, the LOST algo-
rithm with two [ values were considered to illustrate
the softness effect. We see that the performance of the
LOST algorithm with § = 2 degrades significantly for
ill-posed mixing matrix A,. For ill-posed matrix Ao
with additive noise, the generalized p-norm optimiza-
tion method proposed in this work has the best per-
formance. This can be explained as follows. As the
noise level and condition number become higher, the
soft-assignment in (3) fails to identify the oriented lines
correctly. Furthermore, when the condition number in-
creases, the noise is amplified as well.

Table 1. Test Case 1: two sources and two ob-
served mixtures without additive noise.

Ay (1.4561) Ay (11.0)

5] 5 5 5
LOST (B =2) | 43.01 | 43.37 | -7.29 | 7.54
LOST (8 =21) || 39.66 | 45.65 | 30.87 | 34.11
lp.5-norm 42777 | 45.65 | 32.22 | 33.69
fICA 46.96 | 42.06 | 37.91 | 48.39

For experiments with the real-world mixtures, we
considered stereo channels from the commercial mu-
sic CD excerpt, which was downsampled to 11,025 kHz
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Table 2. Test Case 2: two sources and two ob-
served mixtures with additive white noise (SNR

=10 dB).
A, (1.4561) | Ay (11.0)
3 3 81| 3
LOST (3 = 21) || 9.56 | 10.28 | 2.71 | -5.81
lo.5-norm 9.73 | 1025 | 7.86 | 5.21
fICA 956 | 10.27 | 2.56 | -4.38

Table 3. Test Case 3: three sources and two ob-
served mixtures with additive white noise (SNR

= 15 dB).
A, (3.88) A, (7.92)

5] 5 | 5 | 5] & | 5

LOST || 445 | 13.25 | 8.39 | -0.01 | 4.83 | 3.04

los-norm || 6.57 | 13.06 | 104 | 5.76 | 11.7 | 5.64

with 16 bits resolution and of 7 second long. The stereo
channels contained a vocal sound with the piano back-
ground. The estimated sound y; is the vocal sound and
Yo the background piano sound.

Fig. 2 compares the spectrograms of estimated
sources using the [j-norm minimization and the gen-
eralized p-norm optimization methods. We see that
the generalized p-norm optimization method (p = 0.5)
has better performance. With the [;-norm minimization
technique, the estimated sound y; has some component
of the residual background piano sound (the horizontal
lines) while the estimate musical sound y- still contains
some residual vocal sound. In contrast, with the gener-
alized [y 5-norm optimization method, the vocal compo-
nent in y; is much more apparent and the residual musi-
cal component almost disappears completely. Similarly,
y2 has only the background music sound. The above
claim is clearly confirmed by the hearing test.

5. Conclusion and Future Work

The blind audio source separation problem with ill-
posed mixing system and noisy observation data was
studied. ©~We proposed an improved algorithm that
used an enhanced soft-assignment method to estimate
the mixing matrix and the generalized p-norm opti-
mization technique to separate the sparse sources. It
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Figure 2. Spectrograms of estimated sources
from an excerpt of “Let It Be” by Beatles (from
top to bottom): y; and y, with the /;-norm mini-
mization technique and y; and y» with the gen-
eralized p-norm optimization method proposed
in this work.

was shown by experimental results that the proposed
method is more robust against noisy observations and
ill-posedness of the mixing matrix. Even though our
current study is insightful, it is basically an algorithmic
approach. Some in-depth theoretic analysis is still lack-
ing. In the near future, we will conduct a more thorough
analysis so as to understand the performance of various
blind source separation algorithms more rigorously.
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