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ABSTRACT. This paper proposes an estimation method for the number of source signals
under a two-microphone condition. A joint distribution of observed mixzture signals by
microphones has the same number of lines as the source signals. Therefore, we propose a
number estimation method using image processing. The method can estimate using only
observed mixture signals without the information of sources. Additionally, we propose a
blind source separation method based on the estimated number of the source signals. The
proposed methods have been verified by several simulations.
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1. Introduction. Many applied technologies based on BSS (Blind Source Separation)
have been developed. BSS is a technology that restores the original signal from a mixed
observation signal without information on the source signal. ICA (Independent Compo-
nent Analysis) [1, 2, 3], which is one of the BSS technologies, is expected in many fields,
such as a speech recognition technology [4], EEG (Electroencephalogram) data analy-
sis, MEG (Magnetoencephalograph) data analysis and image processing [5, 6, 7]. ICA
can separate unknown sources from their mixtures without information on the transfer
functions, provided that the sources are statistically independent.

The original sources can be completely recovered using ICA, when the number of source
signals is equal to that of the observed mixture signals. However, separation performance
often deteriorates because the number of the source signals is different from that of the
mixture signals. Therefore, ICA is not good at estimating the original source signals when
the number of sources is unknown. It is very important that the number of sources is
estimated by using only the observed mixture signals before BSS process.

There have been proposed several estimation methods for the number of sources. The
methods [8, 9] are based on a clustering of the speech signals. These methods only
estimate the number of sound sources and do not consider the separation process. The
method [10] functions well when the number of sources is equal to or less than that of the
microphones. However, the method depends on the performance of BSS, and it fails if the
number of sources is larger than that of microphones. Furthermore, BSS and target speech
extraction in a dynamic environment where the number of sources changes is difficult.
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In this paper, we propose an estimation method for the number of the source signals
based on the joint distributions of the observed signals under two-microphone configu-
ration. The joint distribution has as many linear components as the number of sound
sources. Therefore, the number of straight lines is detected by image processing. The
proposed method can estimate the number of sources, even if it is larger than the number
of microphones. Based on our number estimation, a target source signal is restored under
dynamic conditions such as the starting point and end point of an utterance.

This paper is organized as follows. First, Section 1 is the introduction. Next, Section 2
details the blind source separation and the adjustment method for the scale of estimated
signals. In Section 3, we propose an estimation method for the number of the source
signals and a separation method according to the estimated number of source signals.
Then, Section 4 shows the simulation results of the extraction of the target speech signal
under the two-microphone configuration. Finally, Section 5 summarizes the results of this
work.

2. Blind Source Separation. For the BSS processing in the case of instantaneously

mixing, the mixture signals © = [x1,...,Zm,...,2y|’ by M microphones are expressed
as

x = As (1)
where s = [s1,...,8n,...,5n]7 denotes unknown source signals, N denotes the num-

ber of the sound sources and A denotes an unknown mixing matrix. Under the as-
sumption that each component of s is statistically independent, ICA can estimate the
sources s except for indeterminacy of scaling and permutation. The separated signals

w = [uy,...,Upy,...,uy]’, the estimate of the source signals s, are expressed as
u=We (2)
where W = [wy, ..., w,,...,wy]! denotes a separating matrix. The matrix W is estimat-

ed by ICA algorithms such as natural gradient algorithm [2] and FastICA algorithm [3].
The separated signal wu,, using ICA algorithms has scaling indeterminacy and permuta-
tion problem as

WA=PD (3)
where P is a permutation matrix, which all elements of each column and row are 0 except
for one element with value 1, and D = diag[ds, ..., d,,...,dy] a diagonal matrix, of which

elements d,, denotes the scaling factors.
In order to solve the scaling indeterminacy, a method using the inverse of the separating
matrix W ™! has been proposed as follows [11].

v, = W70,...,0,u,,0,...,0]" (4)
Then the final output signals v, = [Un1, .., Vnm, - - -, Unpr]|] are uniquely expressed as a
product of the source signal s,, and the transfer function a,,, as follows [12].

U = [@1nSn, - - - s GonnSnas + - - ApnSn) - (5)

This means that v, is the observation of the n-th source s, through the m-th micro-
phone. These output signals by this approach are the same as [13]. It is also clarified that
every v, has no ambiguity of scale in that the scaling factor is a transfer function itself,
while the scale factor d,, for the separated signal u,, varies arbitrarily.

3. Blind Source Separation Based on a Number Estimation Method. The orig-
inal source signals can be recovered using ICA when the number of the source signals N
is equal to that of the observed signals M. However, the separation performance of ICA
often deteriorates when N = M. Therefore, we propose an estimation method for the
number N of the source signals under the two-microphone configuration.



ICIC EXPRESS LETTERS, PART B: APPLICATIONS, VOL.12, NO.5, 2021 437

3.1. A number estimation based on Hough transform. When there is no active
source, it is clear that the observed signals do not have power. Therefore, we estimate
N =0 in the case where the power of the observed signals is very small.

When only s; is active, the waveforms z; and x5 observed at the microphones are
depicted as in Figure 1. From these waveforms, we generate their joint distribution as
shown in Figure 2 where the horizontal and the vertical axes are denoted by amplitude
of x1 and x4, respectively. Since x; and x5 are completely similar, the joint distribution
is expressed by a straight line.
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FIGURE 2. Joint distribution in the case of N =1

In the case of two active sources, s; and so, the observed mixture signals x; and x5 are
shown in Figure 3. As shown in Figure 4, their joint distribution is scattered around but
is characterized by two dense crossing lines.

In the case of three active sources, s, so and s3, the observed mixture signals z; and
x5 are shown in Figure 5. Their joint distribution is shown in Figure 6. In this figure, the
dense crossing lines are still discernible.

From these facts, in the case which there are active sources (N > 1), the joint dis-
tribution of the observed signals has the same number of straight lines as the sources.



438 T. ISHIBASHI AND K. EGUCHI

0.5¢ 4 o.5¢ 4
— o - —_ N ob—— —_—
S A
—0.5¢ 4 —0.5f 4
0.5 3

1 1.5 2 -1

t [sec]

(a) Source signals s; and s

(b) Mixture signals 1 and x4

F1GURE 3. Observed signals in the case of N = 2

|
05
™
S
05
1 - \ -
ST 0 05 |

0.5 0.5 1 s
— Of— = ‘ S N Of—— — ™ o —
—0.5 —0.5 N —0.5
) 0.5 ) 0.5 1 1.5 S

1 1.5 I

t [sec] t [sec]

(a) Source signals s, so and s3

(b) Mixture signals 1 and x4
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Therefore, we propose a number estimation method based on Hough transform. The
image plane by the joint distribution (z1,x2) is transformed to Hough space (p, 0) by

p=ux1c080 + xysinf  (0<6<m) (6)

where p denotes the distance between the straight line and the original point and 6 denotes
the angle of the vector from the original point to this closest point of the straight line.
Using the Hough transform, we can estimate the number of the sources by majority rule.

The result by Hough transform from Figure 2 is shown in Figure 7. It is found that all
curved lines generated from Figure 2 are getting through (p,6) = (0,2.1). In the case of
N = 2 as shown in Figure 3, Figure 8 is calculated by Hough transform. From Figure 8, it
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FiGURE 8. Hough transform in the case of N = 2
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FiGURE 9. Hough transform in the case of N = 3

is found that the curved lines are concentrated on two points of (p, ) = (0,2.0), (0,2.7).
When the number of sources is three (N = 3), curved lines pass through three points
of (p,0) = (0,1.7),(0,2.0),(0,2.7) in Figure 9. Using these results, we can estimate the
number of the source signals by majority rule.

In order to calculate simply, we discuss about the joint distributions. The straight lines
of joint distribution in acoustic signals are passed through original point, because a sound
source is E[z,,(t)] = 0. Therefore, p is equal to 0 in the (p,#) space by Hough transform.
Furthermore, in the acoustic field which a transfer function can approximate as a damping
coefficient, a gradient of a straight line becomes a positive value. From these discussions,
search space in the (p,f) is reduced when we use conditions of p =0 and § <6 < 7.

3.2. Blind source separation based on a number estimation method. From the
above discussions, we can estimate the number of the blind sources from only the ob-
served signals. And a new blind source separation method under a dynamic acoustic
environment is proposed as shown in Figure 10. The proposed method is based on the
source number estimation using Hough transform, the target source signal selection, and
our BSS method [14]. Namely, when we estimate N = 0, we do not output anything. In
the case of N = 1, the observed signal is selected the target signal or not. In the case
of N > 2, we use the BSS and the target selection. The ICA can separate the original
sources under the condition of N = M. The target signal is selected by [15].
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F1GURE 10. Blind source separation based on the estimation for the num-
ber of the source signals
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4. Simulation. In order to verify our proposals, several simulations were carried out.
The target source signals s; were 6 speaker’s (3 females and 3 males) speech signals of the
database [16]. The noise source signals s, were 5 pattern roaring train noises recorded at a
station premise [17]. These signals were sampled at a rate of 8000Hz with 16bit resolution.
The mixture signals ware calculated by Equation (1) which the diagonal components have
0.9 £ 7 and non-diagonal components have 0.6 = 7, n is a random value from 0 to 0.1.
The simulations were carried out using 30 mixture signals.

A result of the simulation is shown in Figure 11(a) shows the source signals. These
data were set for the number of sound sources to become dynamically each time. Namely,
from 0 to 1 second, the number N is equal to 0. From 1 to 2 seconds, N = 1, only the
target source signal is active. N = 2 from 2 to 3 seconds. From 3 to 4 seconds, N = 1,
the target source signal is not active. From 4 to 5 second, the number N is equal to 0
again. Using these sources, the mixture signals are generated in Figure 11(b).
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FIGURE 11. Experimental results on blind source separation under a dy-
namic acoustic environment

In the source number estimation, the sampled data were processed with a frame length
0.5 seconds. For the BSS, we use our BSS and target human speech extraction method [14].
Figure 11(c) shows the selected target source signal. It is found that the selected signal
is estimated for the source s ().

The average value of RMSE (Root Mean Squared Error) and processing time of the 30
patterns of separated signals by the proposed method were 0.0287 and 0.0330 seconds,
respectively. The average of RMSE and processing time using the natural gradient algo-
rithm [2] were 0.1588 and 3.8643 seconds, respectively. From the simulation results, it is
clarified that our proposed method works well under a dynamic acoustic environment.

5. Conclusions. In this paper, based on the distributions of the observed signals, the es-
timation method for the number of the source signals is proposed under a two-microphone
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configuration. Our method using Hough transform can estimate the number of the sources
in the case where the number of the source signals is larger than that of the observed sig-
nals. BSS based on our number estimation method works well under a dynamic acoustic
environment. The proposed method has been verified by several experiments.

In this study, experiments were carried out under the conditions of two or less sound
sources. A separation algorithm should be considered for multiple sound sources that
have three or more sound sources in the conditions of two microphones.
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