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Abstract — The goal of blind source separation is to
recover independent sources without knowing the originals
and the way they are mixed. Three algorithms for
convolutive mixtures were tested and compared on anechoic
room recordings.

All algorithms separate all possible combinations of
signals, except when both signals are noises. The algorithm
with natural gradient outperforms other algorithms. The
quality of separation increases if an acoustic absorber is
placed between the microphones. The mixture of noise and
attenuated signal could be successfully separated if two
different algorithms are applied one after another.
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1. INTRODUCTION

A model of the blind source separation problem is
presented in Fig. 1.

Fig. 1. The model of blind source separation problem,
instantaneous mixtures

The goal of blind source separation is to find such
unmixing matrix W that the output signals u are as
independent as possible, s are the original signals, A is the
mixing matrix and x are the mixtures:

u(t) = Wx(t) = WAs(?). (1)

Sources are separated completely when the unmixing matrix
W is equal to the inverse of the mixing matrix A:

W=PA" 2)
The unmixing matrix could be only estimated because the

original signals and the mixing process are unknown. P is
scaling and permutation matrix.

In the case of the “Cocktail party problem” where
recordings are carried out in a reverberant room, the mixing
process should be modelled with convolutive adding of
sources:

X; =

D ays; -k, 3)

N
JE=

M
k=

where x; are sensor signals, a; are elements of the mixing
matrix of the length M and s; are independent signals.

Reference [1] shows the results of convolutive mixtures
separation quality with natural gradient algorithm. The
algorithm performs well, but needs parameter adjustments,
which affect the convergence speed and the separation
quality.

2. ALGORITHMS

The first algorithm - ICA - is based on the natural
gradient and minimizes the mutual information between
output signals [2, 7]. The unmixing matrix is iteratively
adapted by:

AW o [I - f(u)u” TW. C))

Because of the complexity of the separation of
convolutive mixtures the Finite Impulse Response algebra is
introduced and convolution is transformed into
multiplication in frequency domain. The matrix of unmixing

filters W is adapted in frequency domain by:
AW o [~ £ W, )
and by:
W(t+1) = W(t) + aAW(t) + pAW(t — 1), (6)

where u is the block of input data and f(-) is nonlinear

sigmoid function. Signals are separated in time domain. The
algorithm needs tuning of some parameters.

The second algorithm — JADE — Joint Approximate
Diagonalization of Eigen-matrices [3, 9] does not need any
parameter tuning and considers statistical properties of the
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signals, fourth order cumulants. The algorithm could be  Separation quality of the j-th signal Kj is evaluated

summarized in the following steps: according to (9), where y;; is the j-th separated output when
1.) decorrelation of input data only the original signal s, is activated.
2.) calculation of the sample 4-th order cumulants
3.) joint diagonalization of the cumulants 3. SIGNAL MIXING

4.) separation matrix calculation
For the comparison of algorithms ten signals were
The third algorithm Fast Fixed-point Algorithm for  prepared: seven speech signals, one music signal and white
Independent Component Analysis — FastICA - [5, 10] is  and pink noise, see Table 1. Note that signal pairs 1,2 and
computationally very efficient and does not need any 7,8 are from the same speaker saying different phrases.
parameter tuning. Algorithm separates each independent
component separately. The learning algorithm for one  TABLE 1: Description and kurtosis of the signals used
component is:

Signal |Description K
2 .
wt=E (xconj(w HX)g (‘W HX‘ ) 1 female speech, slovenian 1,40
(7N 2 female speech, slovenian 2,13
E{g(‘WHX‘Z) n ‘wa‘zg'(‘wa‘z)}, 3 male speech, slovenian 0,94
4 piano music 1,02
N L 5 female speech, english 1,93
where w',w are new and old column vectors of unmixing .

. , i ) . o 6 male speech, english 1,77
matrlx,. g(),g (~.) are non 1neaf function and its derivative 7 fomale spocch, english 328
respectively, x is the vector of input data. g Temale specch, english 2.57

. . . hite noi 0,02
For the two algorithms signals are separated in frequency o W e n91se ’
domain. Signals are transformed into frequency domain with 10 |pink noise 0,03

short time Fourier transformation, see (8): ) )
They were reproduced through loudspeakers in anechoic

chamber and recorded. The separation difficulty was

V(@,t5) = Ze M x(Owlt — 1) changed by inserting a wooden plate with dimensions 0,8 m
! x 1,9 m x 0,02 m between the microphones and
1 N-1 (8)  loudspeakers. Fig. 2 shows the anechoic chamber and the

W= OaNZ” yreee :Tzﬂ loudspeaker and microphone placement.

where w is frequency, N is the number of elements of

discrete Fourier transformation, # is window placement, w(?)

is the window function and AT is the window step.

loudspeakers
Separated signals are reconstructed by means of

separation of every frequency component and inverse

Fourier transformation, but there remain the scaling and wooden

permutation problems of each separated signal frequency plate

component. The solution is presented in [6]. The scaling

problem is solved by filtering each separated signal with .
inverse separation matrix. The permutation problem is acoustic
solved by comparison of signal envelopes in frequency absorber
domain. S
0,5m
Evaluation of separation quality is calculated as
proposed in [7], except that the decimal logarithm is used.
microphones _____-"' 0,5m
I/ ~
. 2 0,35m
E{( i
Kj =10log,, 9
E o )2 Fig. 2. The set-up for source mixing with wooden plate and
i j Yissi acoustic absorber in the anechoic chamber
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Recorded signals were sampled at 16 kHz, and filtered
with a pass band filter with 200 Hz and 7500 Hz corner
frequencies.

5. ACHIEVED RESULTS

Mixtures were recorded in four different set-ups.
Loudspeakers and microphones were always at the same
place, as shown in Fig. 2, but the wooden plate was placed
on the floor between the microphones and the speakers and
an acoustic absorber was placed between the microphones.

30 30

separation quality was evaluated according to (9). The
separation quality in dependence of iteration number and
parameter ¢ is shown in Fig. 3. Fig. 4 shows the best
separation quality in dependence of parameter « for three
pairs of mixtures. Final settings for parameters were: « =
0,001, 7= 0 and N4 = 25 iterations.

The separation quality for all possible pairs of signals
and different set-ups for all three algorithms was evaluated.
Fig. 5 shows the results. Axis labelling was omitted for
reasons of clarity. Different set-ups are represented by
numbers on horizontal axis, see Table 2, vertical axis
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Fig. 3: Separation quality in dependence of iteration number and parameter o

Mixtures for all possible pairs of signals and different
attenuations of one signal in the pair were recorded. The
attenuation levels of one signal were: 0 dB, 10 dB, 15 dB,
20 dB and 25 dB for every set-up.

Kurtosis x of original speech and music signals ranges
from 0,95 to 2,57, see Table 1.

In case of the first and the second algorithm there are no
parameters to be tuned. For the third algorithm (ICA) the
parameters were chosen according to signal separation
evaluations with different parameters.

There are three major parameters to be tuned for ICA
algorithm: the learning rate ¢, the forgetting factor 7 and the
number of iterations N;c,. For the evaluation of these
parameters they were changed and after each iteration the

represents signal separation quality in dB. The placing of
graph in Fig. 5 determines which signal mixture is being
separated. Signals have the same numbering as in Table 1.
The legend is placed on the right bottom corner for reasons
of clarity.

TABLE 2: Set-up number representation

Set-up number Wooden plate Acoustic absorber
1 x v
2 x x
3 v v
4 v x
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Fig. 4: The best separation quality in dependence of
parameter

Set-up numbers are chosen according to separation
difficulties, so a decreasing tendency should be observed in
graphs in Fig.5, but that is the case for ICA algorithm only.
For JADE and FastICA algorithm the permutation problem
is not always solved completely and in that case the
separation quality worsens. The ICA algorithm has a high
level of linear distortion: enhancement of mid- and high-
audio frequencies, which on the other hand contributes to
speech intelligibility.

Fig. 6 shows separated signals from the same speaker

Mixture

JADE

FastICA

IcA

Fig. 6: Separated signals from mixtures 7 and 8

(signals 7 and 8). The upper graph represents the mixture of
signals, the second one represents the separated signal with
JADE algorithm, the next one shows the separated signal
with FastICA algorithm and at the bottom the separated
signal with ICA algorithm is shown. Separated signals with
ICA algorithm are linearly distorted, therefore some
equalization of output has been implemented.

Fig. 7 shows the separation results, with
problem not solved correctly (middle graphs).
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Fig. 5: Signal separation quality comparison
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Fig. 7: Separated signals with permutation not solved correctly

The performance of algorithms could be increased if two
algorithms are applied one after another. The mixture of
noise and attenuated signal of 25 dB and 20 dB for white
and pink noise respectively were chosen in such a way that a
human being could not recognize the “hidden” signal in the
noise. Signals were successfully separated so that the
“hidden” signal could be recognized and understood. The
algorithms applied were JADE and ICA one after another.
The results are shown in Fig. 8. The top graph represents the
mixture of speech and noise, the middle one represents the
separated signal with JADE algorithm and at the bottom the
separated signal with ICA algorithm is shown.

6. CONCLUSIONS

All three algorithms separate mixtures of signals
produced by the same speaker. The quality of separation
increases if an acoustic absorber is placed between the
microphones. On the other hand the quality of separation
decreases if a wooden plate is inserted.

The mixture of noise and attenuated signal could be
successfully separated if two different algorithms are
applied one after another.

The ICA algorithm outperforms other algorithms even if
the parameters were the same for all mixtures. It could be
used in measurements where several independent signals are
present and signal scaling is permitted, like in frequency
measurements.
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