CFA/DAGA'04, Strasbourg, 22-25/03/2004

Evaluation of blind source separation methods in acoustics
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Introduction

Blind source separation (BSS) is a signal processing tech-
nique which consists in recovering a set of unobserved sig-
nals (called sources) given only a set of measured signals
(called observations) arising when the sources are mixed
by passage through some unknown medium. Although
the term blind indicates the fact that neither the sources
nor the mixing structure are known a priori, several as-
sumptions must be made regarding both. Most of the
existing methods rest on the mutual statistical indepen-
dence of the sources and on the linearity of the mixing
channel. Moreover, depending on the field of applica-
tion, the mixture model may be either instantaneous or
convolutive.

BSS Problem Models

The BSS problem consists in retrieving m unknown
sources, denoted by an (m x 1) source vector
s(t) (s1(t),s2(t), -+, sm(t))t, from n recorded
mixture signals denoted by an (n x 1) observation vector
x(t) = (x1(t),22(t), -+, 2,(t))t. In this study, we will
suppose that n > m.

Assuming a linear mixing channel, the noiseless mixture
can be modeled as

2i(t) =Y hji(t)xsi(t), 1<j<n (1)
or in a matrix for:1
x(t) = h(t) xs(t) (2)

where x is the convolution product and h is a matrix
whose elements hj;(¢) are finite impulse response (FIR)
filters representing the effect of the passage of the source
i through the medium to sensor j. The mixture is then
said to be convolutive (or dynamic). Tt is the case of most
of the problems encountered in acoustics and in vibration
analysis.
A particular case is when recordings are done in an ane-
choic environment. The model reduces to the delayed
mixture model

m

zi(t) =Y apsit—75), 1<j<n (3)

i=1
where 7j; is the time delay from source j to sensor 4.
In other applications, the mixing channel has no mem-
ory effect. The filter impulse response reduces then to
a scalar. The mixture is said to be instantaneous (or
static) and can be modeled by

z;(t) = Z%‘Si(t)a 1<j<n (4)
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BSS Methods and Indeterminacies
Separation of instantaneous mixtures

In order to separate instantaneous mixtures, most of the
approaches exploit the property of statistical indepen-
dence of the sources as in [1]. These approaches suf-
fer from two main indeterminacies. The sources are re-
covered neither in order nor in their actual magnitudes.
Moreover, the instantaneous model (4) does not reflect a
real acoustic environment.

Separation of convolutive mixtures

As a matter of fact, signal mixtures in acoustics are ei-
ther convolutive or delayed. Some of the methods for
separating convolutive use the time representation of the
mixture and have the disadvantage of being computa-
tionally expensive. Another approach is to transform the
time domain convolutive BSS problem into multiple inde-
pendent frequency domain (FD) BSS problems through
Fourier transform

1< f<N (5)
where f is the frequency bin and N is the length of
the DFT. This approach presents the advantage of a
simple computational and mathematical analysis. How-
ever, most of the FD methods suffer from the permuta-
tion problem when reconstructing the spectrum of each
source. Moreover, the convolutive BSS main indetermi-
nacy is that sources can only be found up to a filter as
explained in [2].

Evaluation of the Methods

In order to evaluate the performance of the algorithms,
we will use measures of distortion and separation quality
as proposed in [4].

Measure of distortion

The distortion of the j separated output is given by

)

where x5, is the contribution of the j** source to the j'"
sensor, y; corresponds to the jth recovered source, F {.}1is
the expectation operator and o; = E{(2;s,)*}/E{(y;)*}
denotes a scaling factor used to take into consideration
the scaling of the retrieved sources. All though this dis-
tortion estimate is valid only for static mixtures, it will
also be applied to convolutive mixtures in the experi-
ments section.

E{(zjs, — ajy;)*}
E{(2j,s;)?}

D; =10log;q ( (6)
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Quality of separation

The quality of separation of the j** output can be mea-
sured by

with y; is the j* output of the cascaded mix-
ing/unmixing channel when only s; is active.

E{(U%SJ)Q}
@ = 10logs (E{(E#j is:)'}

(7)

Experiments and Results

In this section, Echo Cancelling and Blind Source Sep-
aration (ECoBIiSS) [3], Blind Source Separation in the
Time-Frequency Domain (BSSTFD) [5], Lambert’s FIR
Matrix Algebra BSS (FIRMABSS) [6] and Frequency
Domain Blind Identification (FDBI) [7] algorithms are
tested (Matlab codes are available in [8]). The task
is to recover two speech signals of an english-speaking
man and a french-speaking woman from two microphone
recordings with a sampling frequency of 16 kHz. First,
synthetic noiseless mixtures are generated using respec-
tively a scalar and a 4-tap-filter mixing channels in
order to test the separation capability of the algorithms.
Tables 1 and 2 show a good performance of convolutive
BSS algorithms. The results in the static case can be
compared to those of JADE algorithm [1].

Method D, (dB) Q; (dB)
Y1 \ Y2 Y1 \ Y2
JADE —1.63 1.99 95.28 | 53.05
ECoBIiSS 0.17 8.40 32.77 | 21.52
BSSTFD —9.31 | —12.31 || 13.97 | 19.41
FIRMABSS || 14.07 13.99 23.09 | 20.33
FDBI —2.57 | =3.21 41.29 | 39.42

Table 1: Evaluation of the separation of synthetic instanta-
neous mixtures.

Method D, (dB) Q; (dB)
Y1 \ Y2 Y1 \ Y2
ECoBIiSS —0.10 | —1.88 || 16.12 | 11.48
BSSTFD —5.81 | —9.82 || 15.15 | 12.52
FIRMABSS 5.90 9.80 4.85 5.64
FDBI 3.95 6.81 7.34 5.25

Table 2: Evaluation of the separation of synthetic convolu-
tive mixtures.

Experiments are then carried out on real-room audio sig-
nals. The two previously cited persons simultaneously
read sentences in an anechoic and a reverberant rooms
with background noise. Table 3 shows a low performance
of all the methods as considerable crosstalk remains in
the recovered sources. The task of separating mixtures
in a reverberant room turns to be much more difficult as
the quality indicator tends to 0 dB for all of the tested
methods (table 4).
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Method Dj (dB) Qj (dB)
Y1 \ Y2 Y1 \ Y2
ECoBIiSS —0.00 | —0.03 || 2.66 | 2.34
BSSTFD 2.23 3.43 2.63 | 6.76
FIRMABSS 8.59 7.00 3.80 | 3.88
FDBI 6.51 5.01 7.38 | 3.88

Table 3: Evaluation of the separation of audio mixed in an
anechoic room.

Method D; (dB) Q; (dB)
Y1 \ Y2 Y1 \ Y2
ECoBIiSS 0.20 0.01 0.89 | 0.53
BSSTFD —1.17 | —1.34 || 0.44 | 0.86
FIRMABSS 8.33 7.07 0.54 | 0.85
FDBI 3.66 3.32 0.08 | 0.07

Table 4: Evaluation of the separation of audio mixed in a
reverberant room.

Conclusions

In this paper, audio blind source separation was dis-
cussed. Evaluation criteria proved that well-performing
algorithms failed to give satisfactory separation of speech
signals recorded in difficult environments. Future works
will include improving the results and applying BSS to
vibroacoustical signals like rotating machines’.
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