Journal of the Korea Academia-Industrial
cooperation Society
Vol. 22, No. 10 pp. 544-551, 2021

https://doi.org/10.5762/KAIS.2021.22.10.544
ISSN 1975-4701 / eISSN 2288-4688

Parameter Estimation of Source Image Using Least-Squares for Dual
Channel Underdetermined Convolutive Blind Speech Separation

Jounghoon Beh

Intelligent Signal Processing Lab., Korea University
0% AdNA BIRIE 24 BAS 9% A2 AFY
vebule 374wy

RS
nHstn XSS AR

7]tel

Abstract Blind source separation for the cocktail-party problem has long been a challenge in Artificial
Intelligence (Al) for military applications. The cocktail-party problem states that an intelligent machine
cannot locate and listen to the target speaker's voice when it is surrounded by other sound sources such
as in a cocktail party. This paper proposes a novel method to estimate mixing parameters of
underdetermined and convolutive mixture of speech sources given a dual-channel microphone array. In
the proposed method, the optimal estimate of mixing parameters and the source image is obtained using
the least-squares principle. As a result, the scaling ambiguity, which is common in conventional blind
source separation methods, is alleviated. Performance evaluation of the proposed method is conducted
with a public dataset, SiSEC 2008, and experimental results show the present method's validity in terms

of various SNR measures compared to other state-of-the-art techniques in the field.
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1. Introduction

Speech technologies for enabling natural
language interfaces have been emerging in the
military Al applications[1]. Among them, the
blind speech separation (BSS) has been one of
the challenging areas in the field of military
signal processing[2]. A number of BSS techniques
have shown their effectiveness when there is
speech sparseness in the Time-Frequency (TF)
domain[3,4]. In a reverberant environment, BSS
turns into a so-called ‘convolutive mixture”
problem, and the separation is usually performed
narrowband-wise in the frequency domain. The
approaches for the frequency domain BSS
include i) spectral bin clustering(4,5] or mixing
parameter estimation[6]; ii) soft/binary masking
[3,4,7-12]
minimization[13]; iii) permutation alignment[4,14];
iv) the Deep Neural Network (DNN) based

monaural speech separation[11,15,16); v) the DNN

or separation based on 4 norm

based multi-channel speech separation[17-19].
As the DNN has shown improved performance
in various machine learning tasks, the DNN
based source separation technologies also have
emerged. Heymann et a/.[10] proposed a method
of generating a binary mask in the magnitude
Short-Time Fourier Transform (STFT) domain
using stacks of fully-connected layers to the
Bidirectional Long Short-Term Memory (BLSTM).
Williamson er allll] expanded the domain of
mask generation to the complex STFT domain.
al[12]

difference between speech and noisy speech in

Erdogan er incorporated a phase

the mask generation process in the magnitude
STFT domain.

It should be noted that the DNN based
method generalization

separation suffers

problems since the environment where its
training data are collected may not match with
the testing environment. Such mismatches occur
from difference in microphone array geometry,

type of noise, range of signal-to-noise ratio, and
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human factors (age, gender, accent) in training
audio data. In the traditional approach of speech
separation, however, such a generalization
problem is relatively eased because it usually
models statistical characteristics of speech with
parametric probability models, and tries to figure
out how to accurately estimate its parameter.
Those modeling assumptions on speech signals
are not confined to a human factor or type of

noise. Therefore, in such an aspect, a traditional

approach is more effective to mitigate
generalization problems over recent DNN
approaches.

In this paper, we developed a simple but
effective spectral bin clustering method for
identifying the speech source. Note that the term
“spectral bin” denotes the time-frequency bin of
a spectrogram which is derived from the STFT. In
the speech sparseness based approaches, the
spectral bin clustering is mostly affective to
overall performance of the separation system. It
is because the mixing parameter are estimated
from the clusters, its estimate is fed into the
separation process such as /, norm minimization
and permutation alignment. Moreover, correctly
clustered spectral bin itself can serve as a
separated speech source[3] or at least the mixing
parameters are easily estimated from the
clustered spectral bin[6].

In the literature, various methods for spectral
bin
weighted histogram[3], mixture of Gaussian[4],

clustering have been proposed using

and mixture of wrapped-Gaussian[8]. However,

all

optimal in clustering signal ratio between two

strictly ~ speaking, those approaches are
microphones rather than clustering the source
that the

estimation might be inaccurate due to some

components themselves. In case,

abnormal outlier value of its ratio which is
inherently resulted from its division form. Winter

all6] tackled this by

employing a hierarchical clustering algorithm to

et problem earlier

the spectral bin clustering to ease the outlier
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problem. However, their method inherently required
determining the a Priori parameters, which bring
some ambiguity in their implementation. We
propose a novel method to directly estimate the
mixing parameter with data under the signal
sparseness assumption[3]. Other than that, no

additional assumptions on a probability
distribution on the signal modeling are required.

The remainder of this paper is structured as
follows. In Section 2 we build a signal model for
deriving the proposed method. In Section 3 we
present the main idea of this work. Performance
evaluation is shown in Section 4. Section 5

concludes this paper.

2. Signal modeling

have N sources of

1,...,N distributed

Suppose that we
time-domain signal s, (t),n=
around a microphone pair. Those source signals
are convolutively mixed and captured by each
microphone as

m E Z h’mn

n=1

—1)ym=1,2 o))

where Am() is the impulse response from n"

source to m" microphone. Then time-domain
signal of m" microphone, z,,(t), is transformed
to time-frequency domain via the STFT, and
leads to

34,

n=1

m T’-f n T’f) - 172 (2)

where 7 and f denotes the frame and frequency
index, respectively.

They are formed in a vector as follows:

()= )| 5
,[Hn(f) f[mr(f)] S(rf)

where H, (f) and S,(7.f) represent mixing
parameter and source signal of frequency £at 7"

frame , respectively.

Source speech image at each microphone is
formed as
i,(nf)=

[f[ml ) (Tf) ,,“\ (f)S\(Tf)] Ta (4)

m=1,2

Using (3) the input signal x(rf) can be

represented with the source speech image as
follows:

x(r.f) =R, (i, (nf), m=12 ®)

where R,,(f) is the mixing parameter matrix for

the source image.

Let Rm(f):flm(f)/f@n(f) and Ry, (f) =

H, (f)/H,(f), n =1, N and then (5) is
rewritten as
x(r.f) =R, (/i (7.f) ©)
N KTy
B {Rzu(f) R?LV(f) Hu(f)fsl(ﬂf) ’
and equivalently
x(1.f) =Ry (f)iy(7.f) @)
[+ i) G0
o b mnsien]

Generally conventional methods attempt to

solve (3) directly in terms of the mixing

parameter H,, (f) and recover the signal source
’Sn (T7f) .

encounters a scaling ambiguity problem, and

However, this approach inevitably
additional post-processing is required to resolve
the problem. Our approach is to recover the

S (t.f),

source S,(7.f) itself. By this way, the scaling

signal image, H,,(f) - not the signal

ambiguity can be inherently avoided.

The performance is evaluated on the task of
speech enhancement assuming that the properly
estimated mixing parameter leads to a good

quality of recovered speech signal.

3. Proposed method

3.1 Mixing parameter estimation

We estimate the transfer function ratio,
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R, (f) and Ry, (f), by minimizing

EIX, (1.f) = Ry, (£) X, (1P
+ FIX, (1 f) = Ryy, (£) X, (1 f )R, n=1,2

®

In order to calculate (8), we first need to
determine which source the input signal x(7.f)
belongs to, and then the signals are clustered in
of originated sources. Using the
clustered data, Ry, (f) and R, (f) are updated.

These two procedures are repeated until the

terms its

value of Ry, (f) and R,,,(f) are converged.

Let's assume that 7 observations at frequency
£ namely x(1,f),....x(T}f) are given. The goal of
the proposed method is to classify those
observations into corresponding /V source sets.
We define &,(f) as a set of x(r.f) hat mostly
comprises 7" source S(r,f):

&, (f) ={x(n ) Ax(r,£).r,(£) < A7 f),r,(£)), (9)
n=kl<n<N1l<k<N}

where x(7.f) =X, (r.f) X,(n.f)]" and r(f) =
[ngn(Taf) R21n(7—7f)}T

minimizing the summation of cost function for

and r,(f) is obtained by

each source

by

x(nf)EE,(f)

r,(f) =argmin Cx(nf).r,(f)). (10)

r, (f)

A cost function C(x(r.f),r,,(f)) is defined as a

similarity between X;(r.f) and X,(7,f) given
r,(f):

Ax(r )1, () =1X, (nf) = Ry, ()X, (= I
+1X, () = By, ()X, ()P
n=1,..,.N

(11

Now the overall criterion for clustering given
observations x(7.f),7=1,... T into each source
set £,(f),n=1,..,NV can be written as

N

€ (f)=argmin )
&) n= 1x(nf)E&(f)

Ax(r.f).r, (f)),
, T

(12)
T=1,...

In practice, the E*( f)is obtained in an iterative
manner as follows. At first, elements of a set

&, (f),n=1,.. N are determined for all NV sources
using (9) with the previous estimate of r,(f).

Then, using (10), a new estimate of r,(f) is
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obtained with those &,(f) which is determined
by ).

3.2 Source separation and recovery

Since the proposed algorithm is designed to
estimated appropriate mixing parameter, we
adopted ground-truth permutation information.
After

generated and applied to separate source images

the permutation, a binary mask was

at each microphone as follow[3]:

M, (r.f) = {(1) i x(nf) ¢ (£), (13)
otherwise

The mask value is multiplied to input signal in

the time-frequency domain. The input signal is

then recovered by inverse STFT to time-domain

signal. The transformed data are merged in

overlap-and-add manner.

4. Experiments

4.1 Task and settings

The dataset and measurement are provided
from SiSEC
which is available for the public use of BSS
Data of SiSEC 2008
database are recorded with 16 kHz sampling rate.

speech separation campaignl[20]

algorithm evaluation.

Among the data, we picked up the audio data

that was lively recorded in a reverberant
environment where the reverberation time was
either 760=130 ms or 250 ms. The data recorded
in the 760=130 ms environments are transformed
to STFT domain with the Hanning window of
2,048 samples and 512 samples overlapping
period. For the data recorded in the 760=250 ms,
we set the window size to be 4,096 samples. The
spacing between microphones was set to 5cm or
1m. The number of speakers are 3 or 4.
Therefore there are 8 combinations of data
settings. (microphone spacing / reverberation

time / number of source)
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4.2 Performance measure

Four objective evaluation scores are measured
per data setting. Those are the Signal to
Distortion Ratio (SDR), the image Signal to
Spatial Distortion Ratio (ISR), the Signal to
Interference Ratio (SIR), and Signal to Artifacts
Ratio (SAR). The detailed derivation of these
scores can be found in [21]. They are scaled as
dB,

performance. The SDR indicates power ratio

and larger numbers mean better
between original signal and overall distortion
components due to imperfection of the BSS
algorithm. The ISR represents how much
stronger the energy of target speech over the
amount of damaged part of the original signal
after the separation. The SIR accounts for how
effectively interference (other speech sources)
are removed. The SAR measures the energy ratio
between the original signal over the unwanted

artifact signal generated by the algorithm.

4.3 Results

We compared performance of the proposed
method with four other state-of-the-art BSS
that their

technologies also have evaluated

performance with the same SiSEC 2008 data set.

The first method, denoted as “Ozerov’[22],
estimates mixing parameters using the
expectation-maximization (EM) algorithm[23].

The “Nesta'"[24],

estimates mixing parameters with the natural

second one, denoted as
gradient algorithm. The third method, denoted as
“Nesta® is all the same with [24] but they added
an additional Wiener post-processing to recover
The last method,

denoted as “Iso”[25], is a combination of benefits

the original speech signal.

from two different algorithms: [4] and [26]. A
full-rank method[26] was adopted to estimate the
source image, and for the initialization of the
center value of the spectral bin cluster, the
bin-wise clustering method[4] was adopted. The
“IBM” in the table denotes the results from signal

separation using the ideal binary mask provided
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by the dataset publisher for benchmarking and it
shows upper-bounds on the performance of the
We

taken and compared the performance result of

binary masking-based method[27]. have
other methods from [28] where it has been open

to public.

4.3.1 Blind source separation with three
speech sources

In Table 1, we summarized and compared the
performance of blind source separation for the
test case where three speech signal sources exist,
the distance between microphones is 5 cm long,
is 130 ms. The
the other
state-of-the-art BSS algorithm in terms of the

and the reverberation time

proposed method outperforms
ISR and the SIR. It means the proposed method
successfully clustered spectral bins according to
its source. However, it generated unwanted
musical noise so the SAR score of the proposed
method ranked lowest, so even though the
interferences are well separated out, the SDR

could not show higher value than the others.

Table 1. Performance comparisons of three speech
source separation where reverberation time

is 130ms
Mic. Method
. |Measure . 2

spacing Proposed Ozerov| Nesta' | Nesta Iso IBM
SDR 6.7 4.6 6.4 6.7 7.1 6.4
Sem ISR 12.5 9.2 10.2 12.4 11.4 10.2
SIR 13.1 8.4 10.4 12.0 10.5 10.4
SAR 8.0 8.4 10.1 9.4 10.8 10.1
SDR 7.3 3.0 6.2 7.4 4.6 10.0
Im ISR 13.2 7.6 8.8 12.1 8.3 18.6
SIR 13.7 4.8 10.5 12.3 7.0 20.2
SAR 8.4 7.3 9.8 9.9 9.0 10.6

For the next evaluation, we changed the
testing acoustic environments harsher by setting
the reverberation time longer (130ms — 250ms)
and the evaluation results are presented in Table
2. It makes the phase difference spread widely in
the phase axis all over the frequency band. It
affects badly for its performance to cluster and

separate each spectral bin into its own speech
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sources. Therefore, the overall performance is
expected to be lower than the one measured
when it is 130ms (Table 1). For the 1 m case, the
proposed method achieved the best performance
in the SDR thanks to higher score obtained in
the ISR and SIR field. It should be noted that the
proposed methods showed a robustness against
the reverberation.

Table 2. Performance comparisons of three speech
source separation where reverberation time

is 250ms
Mic. Method
~ |Measure
spacing| Proposed Ozerov Nesta' | Nesta?| Iso IBM
SDR 6.6 4.3 6.0 6.9 6.1 10.1
Sem ISR 12.3 9.0 9.8 11.2 | 104 | 18.8
SIR 12.6 8.5 10.0 | 11.6 9.2 | 20.2
SAR 7.5 8.4 8.9 9.6 10.2 | 10.7
SDR 6.9 4.8 4.6 6.1 5.8 9.6
Im ISR 12.6 9.3 7.0 10.2 9.6 18.0
SIR 12.9 8.6 8.5 10.4 8.6 19.5
SAR 8.1 8.1 8.0 9.4 10.0 | 10.1

4.3.2 Blind source separation with four speech

sources.

We evaluated and compared the performance
of the BSS methods in harsher condition by
adding one more speech source in the mixture
signal. The other conditions remained the same
as we conducted in Section 4.3.1. Note that we
compared the proposed method with the other
technologies but excluded the “Iso” method
because it was not reported in public.

In Table 3, we presented performance scores

the

reverberation time is 130 ms. Compared to Table

for each algorithm in case where
1, regardless of method, every performance was
degraded due to increment of number of speech
sources to be separated. Since the number of
speech sources increased, it is highly likely that
in a time-frequency bin, multiple speech sources
are overlapped. Therefore, it is harder to meet
the signal sparseness assumption[3], which is
primarily required, for all methods to work, than

the three speech sources case.
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Table 3. Performance comparisons of four speech

source separation where reverberation
time is 130 ms
Mic. Method
. |Measure
spacing Proposed| Ozerov Nesta' | Nesta® IBM
SDR 4.8 2.7 43 4.4 43
Sem ISR 9.6 6.9 7.4 8.3 7.5
SIR 10.2 5.7 7.9 9.0 8.0
SAR 5.9 6.5 7.1 6.8 7.1
SDR 5.1 2.7 3.5 3.9 7.7
m ISR 10.1 6.5 6.0 7.7 15.3
SIR 10.6 4.7 5.7 6.9 17.2
SAR 5.9 5.9 6.5 6.3 8.1

Table 4 shows the result of performance where
the same condition is remained as the same as
Table 3 but the reverberation time is increased
to 250 ms. Throughout all the experimental
settings so far, this is the most challenging
acoustic condition for the algorithms to achieve
proper separation of the mixed speech sources.
As we compared to Table III, it has shown that
the performance of all algorithm in all aspects
are even more worsened. The proposed method
outperformed the other method in all scores but
the SAR

Table 4. Performance comparisons of four speech

source separation where reverberation
time is 250 ms
Mic. Method
. |Measure
spacing Proposed| Ozerov Nesta' | Nesta® IBM
SDR 4.2 2.4 2.6 3.1 8.5
ISR 8.2 6.5 5.9 6.7 17.0
5cm
SIR 8.4 4.5 4.4 5.5 18.9
SAR 5.0 5.5 5.4 6.0 8.7
SDR 5.0 1.8 3.2 4.1 8.6
Im ISR 9.6 5.5 5.5 7.6 16.4
SIR 10.0 3.1 5.9 7.2 18.7
SAR 5.7 5.0 5.6 6.7 8.9

Throughout the overall results given in Table 1
to Table 4, the proposed method has shown its
robust performance in various condition but
in the condition of four

especially speech

sources.
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5. Conclusion

A novel method of estimating mixing parameters
is proposed for blind speech source separation in
the case of a two-channel microphone array.
The signal sparseness assumption is employed to
model the speech source mixture. Unlike the
conventional approaches, we directly estimate
optimal mixing parameters in terms of least
squares principle rather than signal ratio. In the
experimental results, with the ideal permutation
alignment, the proposed method has shown
improved performance compared to those of the
state-of-the-art techniques. Future work may
include extending the proposed scheme from
two-channel to arbitrary number of channels,
and devising an efficient permutation alignment
algorithm in order to incorporate it with the

proposed mixing parameter estimation algorithm.
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