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Single-Channel Blind Separation Using
Pseudo-Stereo Mixture and Complex 2-D Histogram

N. Tengtrairat, Bin Gao, W. L. Woo, Senior Member, IEEE, and S. S. Dlay

Abstract— A novel single-channel blind source separation
(SCBSS) algorithm is presented. The proposed algorithm yields
at least three benefits of the SCBSS solution: 1) resemblance of a
stereo signal concept given by one microphone; 2) independent of
initialization and a priori knowledge of the sources; and 3) it does
not require iterative optimization. The separation process consists
of two steps: 1) estimation of source characteristics, where the
source signals are modeled by the autoregressive process and
2) construction of masks using only the single-channel mixture.
A new pseudo-stereo mixture is formulated by weighting and
time-shifting the original single-channel mixture. This creates an
artificial mixing system whose parameters will be estimated
through our proposed weighted complex 2-D histogram. In this
paper, we derive the separability of the proposed mixture model.
Conditions required for unique mask construction based on
maximum likelihood are also identified. Finally, experimental
testing on both synthetic and real-audio sources is conducted to
verify that the proposed algorithm yields superior performance
and is computationally very fast compared with existing methods.

Index Terms— Blind source separation, single-channel, under-
determined mixture, unsupervised signal processing.

I. INTRODUCTION

ITH only the sensor signals, blind source separation

(BSS) is the process of recovering underlying source
signals from an unknown mixing [1]-[3]. BSS has interested
many researchers during the last decade because of its poten-
tial to solve problems in an ubiquitous range of disciplines.
In the early BSS era, independent component analysis (ICA)
was first proposed as a solution [4]. The ICA approach aims
to seek the unknown mixing matrices for extracting a number
of sources from a number of observed mixtures based on the
critical assumption that the source signals are non-Gaussian
[5] and mutually independent. BSS using ICA approaches is
straightforward and is used in many applications with great
success. For more information, see [6] and [7]. In practice,
it may not be able to provide a sensor for individual source
because of limited spaces, high cost of sensors, violation of
assumptions, and so on [8]. Thus, the number of sensors is
mostly less than the number of source signals. In addition,
there is a case where only one sensor is available and this
corresponds to the extreme case of the underdetermined BSS
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problem. Under this circumstance, most conventional BSS
methods fail to recover the signal source from the single-
channel observation. This leads to a research avenue of single-
channel BSS (SCBSS) problem. SCBSS represents the sepa-
ration of mixed signal from a single sensor. Mathematically,
it can be treated as one mixture of unknown source signals as
follows:

x(t) =s1(t) +s2(t) + -+ sy (1) (1)

where ¢+ = 1,2,...,T is the time index and the goal is
to estimate the sources s,(t), Vn € N of length T when
only the observation signal x(#) is available. Many SCBSS
approaches are proposed to solve the problem. In general, it
can be categorized into two groups, i.e., model-based and data-
driven methodologies.

The term model-based separation approach requires prior
knowledge from the training data sets to estimate the unknown
sources. Model-based SCBSS methods are dominantly illu-
minated by computational auditory scene analysis (CASA)
[9]-[11], and hidden Markov models (HMMs) methods
[12]-[14]. The goal of CASA is to replicate the process of
human auditory system using signal processing approaches
and grouping them into auditory streams using psychoa-
coustical cues. It exploits an appropriate transform hence the
observed mixture is segmented into time-frequency (TF) cells
that are then used to characterize note objects by harmonicity,
common onset, correlated modulation and duration of sinu-
soidal partials, and finally to build note streams based on pitch
proximity. Nevertheless, CASA methods cannot efficiently
segregate instruments playing in the different pitch range into
different streams. They also cannot replicate the entire process
performed in the auditory system as the process beyond the
auditory nerve is not well studied. In addition, it is difficult
to group the sources if one of them is assumed to be fully
voiced. In HMM-based methods, one recent technique [14]
proposes an eigenvoice speech models that define the space
of speaker variation and an iterative algorithm to infer the
parameters for each source. The separation is based on Viterbi
algorithm to find a path through a factorial HMM. This method
shows good results. However, the drawbacks of the system
are the computational time consumption not only for the
training, but also for the separation process. In addition, it
needs access to the source signals for the training purposes that
renders the method nonblind. A related technique to model-
based SCBSS is the underdetermined-ICA method [15]. This
technique models the sources as sparse combination of a set
of time-domain basis functions that are initially derived using
the ICA methods. The sources are subsequently estimated by
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maximizing the loglikelihood with the ICA-derived basis func-
tions. This method renders optimal separation when the ICA
basis functions corresponding to each source have minimal
time-domain overlap. When the basis functions have signif-
icant overlap with each other, e.g., mixture of two speech
sources, this method performs very poorly.

For data-driven SCBSS, these methods perform source sepa-
ration without any recourse to the training information. A pop-
ular method in this category is the sparse nonnegative matrix
factorization (SNMF). The SNMF method [16] determines a
set of basis for each speaker and a mixture is mapped onto
the joint bases of the speakers. This technique is a powerful
linear model that has the advantage of simplicity. It requires
no assumption on sources such as statistical independent
and non-Gaussian distribution and no grammatical model.
However, the SNMF method does not model the temporal
structure at all and it requires large amount of computation
to determine the speaker independent basis. In addition, it
is essential to consider the temporal variation that underlies
human speech. The acoustic signal and high-level temporal
parameters should be mapped not only into corresponding
low-level durational variations, but also into modifications of
fundamental frequency and intensity [17]. To integrate these
features into the SNMF, a 2-D model leading to the sparse
nonnegative matrix 2-D factorization (SNMF2-D) was thus
developed in [18]. The SNMF2-D uses a double convolution
to model both spreading of spectral basis and variation of
temporal structure inherent in the sources. Some success was
already reported in [19] and [20] to show the validity of
SNMF2-D in separating single-channel mixture.

In binaural BSS method, the degenerate unmixing estima-
tion technique (DUET) [21] and its variants [22], [23] are
proposed as a separating method using binary TF masks.
A major advantage of DUET is that the estimates from
two channels are combined inherently as part of the clus-
tering process. DUET algorithm is demonstrated to recover
the underlying sparse sources given two anechoic mix-
tures in the TF domain. However, the DUET algorithm
is practically handicapped to separate signals when only
one recording channel is available. In addition, determin-
ing the masks blindly from only one mixture is still an
open problem. In practical applications, this crux problem
has not yet developed enough to make its way out of
laboratories.

In this paper, a new framework for solving the above
problem is presented by reformulating the binaural BSS prob-
lem using monaural method. This paper contributes a novel
method whose strength is summarized as follows: 1) It is
executed in one-go without the need of iterative optimization.
Hence, the method works very fast and does not require any
parameter tuning. This should be contrasted with other SCBSS
methods such as SNMF2-D and underdetermined-ICA SCBSS
that require many iterative optimization of the solution;
2) It is independent of initialization condition, i.e., no need
for random initial inputs or any predetermined structure on
the sensors. This renders robustness to the proposed method;
and 3) it has low-computational complexity and does not
exploit high-order statistic. Hence this yields the benefit of
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implementation. We term the proposed method as single
observation likelihood estimation (SOLO) algorithm.

This paper is organized as follows. Section II introduces
a pseudo-stereo mixture model, the assumptions of SOLO
method, and the separability of the proposed mixture model.
Parameter estimation and construction of masks are described
in Section III. Section IV describes a method for selecting the
parameters of the pseudo-stereo mixture. Next, experimental
results with a series of performance comparison with other
unsupervised SCBSS methods are described in Section V.
Finally, conclusion is summarized in Section VI.

II. SINGLE-CHANNEL MIXING MODEL
A. Pseudo-Stereo Mixture Model

In this paper, for simplicity we consider the case of a
mixture of two sources in time domain as follows:

x(t) =s1(t) +52(2) (2)

where x(¢) is the single-channel mixture, and s (¢) and s> (¢)
are the original source signals that are assumed to be modeled
by the autoregressive (AR) process [24] as follows:

5;(0) = =27 g, (m; 1)s;(t — m) + (1) 3)

where ay; (m; 1) is the mth order AR coefficient of the jth
source at time ¢, D; is the maximum AR order, and ¢; () is
an independent identically distributed random signal with zero
mean and variance 062_. This model is particularly interesting
in source separation: 1) many audio signals satisfy this process
and 2) it enables us to formulate a virtual mixture by weighting
and time-shifting the single-channel mixture x| (¢) as follows:

SRS E TEL

where y € 9 is the weight parameter, and ¢ is the time-delay.
The mixture in (2) and (4) is termed as pseudo-stereo because
it has an artificial resemblance of a stereo signal except that it
is given by one location that results in the same time-delay but
different attenuation of the source signals. To show this, we
can express (4) in terms of the source signals, AR coefficient,
and time-delay as follows:

x1(t) +yx1(t —0)

“)

x2(t) =

141y
_s1(®) +s20) +y [s1(t = 6) +52(t — 9)]
B 14y
_ —IoL ag (m)si(t —m) +er(t)  ysi(t —9)
B 1+1yl 1+1y]
—322 a, (m)sa(t —m) +ex(t)  ysp(t — 6)
L+y| L+1y|
e1(t) =3P ag (m)sy(t — m)
n m#£0
L+ 1yl
) = 3P ag,(m)sa(t —m)
+ m7o . (5)

1+ 7]
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Define
—ag; (05 1) +
aj(t;0,y) = si—i—7|y| (6)
D,
Ej(t) - ij; 1S aSj(m; Z)Sj(t - m)
ri(t;6,7) = ST @)

where a;(t; 0, y) and rj(t; J,y) are the mixing attenuation
and residue of the jth source, respectively. The parameteriza-
tion of a(t; 0, y) and r;(¢; 6, y ) depends on J and y although
this is not shown explicitly. By comparing with the single-
channel mixture, the pseudo-stereo mixture x3(f) contains
extra information, i.e., a; (), d, r; (¢) that are used to construct
the complex 2-D histogram for estimating the sources. Using
(6) and (7), the overall proposed mixing model of the SOLO
can now be formulated in terms of the sources as follows:

x1(t) = 51(t) + 52()
x2(t) = ay(t; 6, y)s1(t — ) + ax(t; 9, y )s2(t — 0)
+r1(t;0, ) +12(t5 9, ). (8)

B. Method Assumptions

The proposed SOLO method focuses on separating sources
from one mixture using a binary TF mask. To achieve this,
the following assumptions will be used.

Assumption 1: The sources are modeled as quasi-stationary.
This refers to the condition where the AR parameters in (3) are
stationary within a block but can change from block-to-block.
Specifically, s;(f) is partitioned into L contiguous blocks
where block / begins at time #; with length By = 141 — 11,
and in this block the AR parameters as;(m; 1) = as;(m; Tp)
for vVt e Ty ={t;,...,t;1+1 — 1} such that

57(0) = = as, (m T)sj(t —m) + ¢ () Vi € T (9)

Stationary AR sources are special case of the above where
the AR parameters do not vary with time [25] and this is
equivalent to setting L =1 in (9).

Assumption 2: The sources satisfy the windowed-disjoint
orthogonality [26] condition as follows:

Si(t,w)S;j(r,w) =0 Vi # j V1, © (10)

where S; (7, w) is the short-time Fourier transform (STFT) of
S;(t) defined as follows:

Si(z,0) = FV[s;()](z, 0)
= % [w Wt —1)s; (1)e'® dt

and W(t) is the window function. The STFT is performed on
the signal frame-by-frame and thus, 7 is the window shift. Let
us denote the shift size as A;. To ensure the quasi-stationarity
of the source is maintained in the TF domain, it is required
A, < By for all [. This is practically justified by choosing the
appropriate length of W (7). Hence, we can write as; (m; 7)) =
as;(m; 7) provided that A; < By and 7 € T;.

Assumption 3: The sources satisfy the local stationarity of
the TF representation. This refers to the approximation of
Si(t —¢,w) = Sj(r, w) where ¢ is the maximum time-delay

Y
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(shift) associated with FW(.) with an appropriate window
function W(-). If ¢ is small compared with the length of
W () then [27]. Hence, the Fourier transform of a windowed
function with shift ¢ yields approximately the same Fourier
transform without ¢. For the proposed method, the pseudo-
stereo mixture is shifted by 6 and by invoking the local
stationarity this leads to

5j(t —6) STET eiiw‘SSj(r —0,w)

~ €™Si(r,w) V6,10 < ¢. (12)

Thus, the STFT of 5;(t — 6) where |d] < ¢ is approximately
e imog ;(t, ) according to the local stationarity.

Assumption 4: Phase ambiguity. The factor e is only
uniquely specified if |wd| < =, otherwise this would cause
phase-wrap [28]. Selecting improper time-delay ¢ will lead
to phase-wrap if the maximum frequency of the source is
exceeded. To avoid phase ambiguity, we must satisfy the
following:

—iwd

13)

|OmaxOmax| < 7

where wmax = 27 fmax/fs> Omax 1S the maximum time delay,
fmax 1s the maximum frequency present in the sources and
fs is the sampling frequency. Hence, dmax can be determined
from (13) according to the following:

s
2fmax ’

As long as the delay parameter is less than Jdmax, there will
not be any phase ambiguity. For example, for a maximum
frequency fmax = 3.5 kHz, and a sampling frequency f; =
16 kHz, we obtain dpax < 2.28 using (14). Therefore, phase
ambiguity can be avoided if J is selected to be either one or
two. In addition, for a maximum frequency fmax = 8 kHz
the maximum delay dmax is limited to 1 only. This condition
will be used to determine the range of J in formulating the
pseudo-stereo mixture.

Omax <

(14)

C. TF Representation

With the above assumptions, the TF representation of the
mixing model is obtained using the STFT of x;(t), j = 1,2,
as follows:

Xi(r,w) = S1(7, w) + S2(7, ®)
Xa(z,0) = ai(r)e "’ Si(r - J, )
+ax(t)e Sy (t — 3, w)

D ag, (m; .
_ ml=l 51( T)e la)msl (T _ m’w)
m# o 1+|)’|

Dy As, (m; T) —icom
+ E mel =€ S(t—m,w 15

m

for Yz, . In (15), we use the fact that e;(t) < s;(¢), thus the
TF of r;(¢) in (7) simplifies to the following:

D
Rj(T’w):_ZM:I

m#o

as;(m; t)

e S (t —m, w). (16)
L+ 7]
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To facilitate further analysis, we also define as follows:

1 D; PV
zm./:l asj (m; T)e iw(m—0o)
m#o

Ci(r,w) = 5

a7

which forms part of R;(z, w) without the contribution of the
source S;(7, w) . From (15), the pseudo-stereo mixture com-
prises three components, i.e., aje_i“"s, Cj(r,w) and S; (7, w).
A careful analysis of (15) will reveal that even if S;(z, w)
is unknown, the signature of each source can be extracted
directly from X (z, w) using only information of a je”"‘”S and
C;(z, w). Thus, this constitutes the separability of the SOLO
model that will be analyzed in the following section.

D. Analysis of the Proposed Mixture Model

The separability of SOLO can be examined from
the pseudo-stereo mixture by considering a;(¢; 6, y) and
rj(t; 0,y) and evaluating in the light of the following cost
function:

ax(z, 0)e "X (z, w)

J(t,w) = argmkin

B 1+ yel® ) 2
(714_')}' Xi(r,w) (18)
where

ar(t, ) = ar(r) — Cr(r, ®) (19)

with ay(z) and Ci(z, w) are defined in (6) and (17). The full
development of the above cost function will be described in
Section III-B. Technically, this function partitions the TF plane
of the mixed signal into k groups of (z, @) units by evaluating
the cost function. For each TF unit, the kth argument that gives
the minimum cost will be assigned to the kth source. We may
analyze (18) further by assuming the jth source dominates
at a particular TF unit. Here, the first line of (15) reduces to
X1 (r,w) = Sj(r, w) and therefore, (18) becomes as follows:

J(t,w) = argmkin ‘Ezk(r, w)e*"“”sSj (r, w)

1 —iwd
_ (L) 5;(z, )
141y

= argmkin’ak(r)e_i“‘sSj (t, )—Ci(z, w)e_iw‘;Sj (r, w)

2

tom

D as.(m; t)e”
+Zml:1 ) A

Si(t—, m, w)
m#£o L+ 17| !

—aj(r)e_iw‘sSj (r, w) ? (20)
We consider the following three cases.

Case 1: Identical sources mixed in the single chan-
nel that can be expressed as follows: If a(t;0,y) =
ar(t;8,y) = a(t;d,y) and ri(t;0,y) = r(t;0,7), then
x@)=(=a@0)+y)/1+1y)x1(t =)+ 2r(#56,7).

The separability of this case is presented by substituting the
pseudo-stereo mixture of Case 1 into the cost function. As both
residues are equal, then Ci(z, ) = Ca(r,w) = C(r,w) =
/14 1yD zg 1 as(m; 7)e"i®m=9) For Case 1, the cost

m#o
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function becomes as follows:

J(t, w) = argmin |a(z) eiiwésj (r, w) — C(x, w)eiiwéSj (r,w)
k

as(m; r)e*"“’m

o L+ 1y|
—a(r)eilwaSj(r,w)F.

+3xP

P Si(t —m, w)

(21)

Invoking the local stationarity of the sources S;(r — D;, w) =
S;j(z,w) for |D;| < ¢, (21) leads to the following:

2
: D;j (as,(m; T) — ag, (m; r)) .
J(z, w) = argmin s : icom
( ) . k Zl’l‘l;(ls 1+ |y|
2
x |8j(z, )|

Therefore, the cost function J (z, ®) is zero for all k arguments,
i.e.,, J1 = J» = 0 thus there is no benefit achieved at all.
Here, the cost function cannot distinguish the k& arguments,
the mixture is not separable.

Case 2: Different sources but setting y and J for the
pseudo-stereo mixture such that a(¢;9,y) = ax(t;dy)
that can be expressed as follows: If aj(t;9,y) =
ax(t; dy) = a(t; oy ) and ri(t; dy) # ra(t; dy), then xo(t) =
((=a@ ) +y)/1+1lyDxi(t =0) +ri(t; 0, 7) +r2(t; 6, 7).

This case differs from the previous case only in terms of
ri(t; 8,y) # ra(t; 6, y). As each residue r;(¢; J, y ) is related
to the jth source through C;(r, ®), the separability of this
mixture can be analyzed using (20) as follows:

J(r,w) = arg mkin |a(r)e*"“’55j (r, w)

—Ci(z, a))e_i“";Sj (r, w)
p;  as;(m; )e '
mEb 14 1y]

—a(r)eiiwéSj (7, w)|?

+X Sj(r—m,a))

2
_ argmin| 2 (as;(m; 7) — ag(m; 7)) _,
k Wzb L+ 17|
2
X ’Sj(r,a))’ . (23)

It can be deduced from above that the cost function yields a
zero value for k = j, and nonzero value for k # j. Although
the mixing attenuation for both sources are identical, the cost
function is still able to distinguish the k arguments using only
the difference of residues. Therefore, the mixture of Case 2 is
separable.

Case 3: General case where the sources are dis-
tinct, and y and J are selected arbitrarily such that
the mixing attenuations and residues are also different.
Case 3 can be expressed as follows: If ai(t;0,7) #
ar(t;6,y) and ri(t;6,7) = r(t;6,y) (or ri(t;0,y) =
ra(t;6,y)) then x2(t) = ((—a1(@0)+y)/1+1yDsi
(t — ) ((—=ax(0: 1) +y)/1+ 1y Ds2(t — 0) + ri(1:6,7) +
ra(t;0, 7).

We first treat the situation of r{(¢; 9, y) = r2(t; J, ). As the
mixing attenuations a;(z) and a(r) correspond, respectively,
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TABLE 1
SUMMARY OF THE SEPARABILITY OF THE PSEUDO-STEREO MIXTURE
MODEL THROUGH @ (t; 6,y ) AND rj(t; 6, y) PARAMETERS

Case 1 I 1
Condition al =& | a =& a; #ax&
rn=n r#En (rp=rpllri #r2)
Separability No Yes Yes

aj for aj(t;0,y) and rj for rj(t;6,7).

to s1(¢) and s,(¢) then the cost function can be expressed as
follows:

J(t,w) = argmkin Iak(r)e*"“”SSj (r, w)
—C(z, w)eiiwde (r, w)

N z as(m; ,L.)e—ia)m
%;é L+1y]

—aj()e”"S;(r, )|

Si(t —m, w)

: —iwd 2 2
= arg;nln‘(ak(r)—aj(r))e ‘ |Sj(r,a))| .(24)

This cost function yields a nonzero value only for k # j. Here,
the cost function can separate the k arguments because of the
difference of a; and a;. The case of ri(t;0,y) # r2(t;0,y)
follows similar line of argument as above where the cost
function becomes as follows:

_ . . —iwd D;
J(r, w) = argmin [I(ak(f) aj(r))e "™ + zmzé
(as;m; ©) — ag(m; 1)

L4171

This cost function yields a nonzero value only for k # j; thus
the cost function is able to distinguish the k arguments. By
considering a;(¢; 6, y) and r;(t; J, y) with respect to above
three cases, the summarized results are shown in Table 1.

e M8 (x, @) ](25)

III. SINGLE-CHANNEL DEMIXING METHOD
A. Parameter Estimation Using Complex 2-D Histogram

The core concept of developing a separating process is to
construct a cost function that usually requires the knowledge of
the relative AR coefficients and time-delay. In direct contrast
to the DUET algorithm, the proposed SOLO does not require
explicit estimation of the time-delay parameter J. Rather,
this parameter is selected by the user to form the pseudo-
stereo mixture in (4) along with the weight parameter y.
Detailed information on this selection is deferred to Section
IV. By formulation, the conventional DUET method considers
the residues in (7) as noise because it does not represent
the variable to be optimized. Therefore, this leads to biased
estimate of the mask. In the proposed SOLO, we view the
residues as information-carrying signal because it still retains
information on other AR coefficients that are beneficial to the
separability of the mixture (Section II-D). Hence, the proposed
method does not need exact estimation of the AR coefficients.
Rather, it uses ax(r,w) in (19) and as C;(r,w) is spread
over the frequency, ax(z, ®) does not necessarily have to be
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precisely estimated. To begin, let us assume the jth source is
dominant at a particular TF unit as follows:

X1(r,0) = Sj(7,w)
X2(r, w) = aj(r)efi“”sS-(r —0,w)
_xPi BT g
Em¥$ ram Si(t —m, w)
~ [aj(r) — Cj(r, w)] eiiwde(T,cu), (r,0) € Q;

(26)

for 6 and m < ¢, C;(r,w) is given by (17) and Q; is the
active area of S;(7, w) defined as follows:

Q;: = {(z,0); Sj(z, ) # 0 Yk # j}. 27)

The estimate of a; (7, w) = a;(r) — C;(r, w) associated with
the source can be determined as follows:
Xo(z, w)
X1(z, w)
=aj(t) - Cj(r,w)
=a"(r,0) +ia\ (1, 0) Y(1.0) € Q;

sz(r,a)) — iwo

(28)

where a( )(T o) = Re[X2(z, w)e!™ /X1 (z, w)], a()(r W) =
Im[ Xz(r )e' /X | (r, w)] are the real and imaginary parts
of aj(r, ) respectively, and i = +/—1. Although the ratio
X5(z,w)/ X1(tr,w) seems straightforward, it is difficult to
obtain a;(7, w) directly from this ratio because the term
C;(z, w) varies with frequency from frame-to-frame. To over-
come this problem, we propose a weighted complex 2-D
histogram estimation method as a function of (z,w) with
the weight X ,|X1(z, w)X2(z, w)| to estimate a;(zr, w) and
cluster them into N groups (where N is the total number of
sources in the mixture). In particular, the real and imaginary
parts of a;(z, w) can be estimated as follows:

Ez,w IXl(T, C())Xz(‘[, C())| Re I:Meiwé]

c:l(r) . X (r,m)
J 21, 0]X1 (1, 0) X2(7, ®)]
iy ZolXi@o)Xa( o)l In | ES e |
sz = . (29

27, 0| X1(r, 0)X2(1, )|

The above can then be combined to form the estimate of (28)
as follows:

), (30)

Relatlng (30) with (28), we can use similar idea to express
aj=4a,; -C; ; where a; and lof j are the complex 2-D histogram
estimates of a;(zr) and C;(r, w), respectively.

B. Construction of Masks

Here, we will establish the construction of the binary TF
masks using Xi(z,®) alone. The binary TF masks can be
constructed by labelling each TF unit with the k argument
through maximizing the following instantaneous likelihood
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function as follows: follows:
—iwd .
Fj(r, ®) Xo(z, ) ~ (%) X1(z, w) — M (34)
:p(Xl(r,w), Xz(r,cu)lc:zj) o +r ) +17]
5 In this light, the proposed cost function can be formulated
1 1 ’jlje—iwéxl(f, ) — X2(7, ®) based on the single mixture Xi(z,w) by substituting this
=5 exp 3.2 e . (31) relation into (32) which leads to the following:
/ J(z, ) = argmin Hy(z, ®) (35)
We can show that the above is derived from the maximum k
likelihood (ML) framework by first formulating the Gaussian where
likelihood function p(X(z, w), X2 (7, ®)|S; (7, a)),zz_\j) using & ios 1 +ype i 2
(26), maximizing the likelihood function with respect to Hi(z, 0)=|axe ™™ X1 (7, 0) — (TW) X1z, 0)| .

Sj(z,w) and then substituting the obtained result into the (36)
Gaussian likelihood function. The instantaneous likelihood As e;(f) < s;(t), the term E;(7,w)/(1 + |y|) is negligible.
. . . . —iwd
function Fjj(z, ®) in (31) clusters every (z, w) unit to the jth  Hence, X, (7, w) = (1+V€ In below. we elucidate how
dominating source for Fi(z,w) > Fy(r,w),Vk # j. This ’ ’ \ b ) ’ .
ing SOl TR O) = LR, @), J- the above cost function works. Initially, we assume the jth
process is equivalent in minimizing the following: source is dominant at (7, w) € Q; and then consider the case

G(z, w) = argmin |dre " X (1, w) — Xa( )2 (3g) Whenk=j
Le) = gk ke 1%, © 286 O When k # j, following the above step leads to:
Using (15), the third term of X»(7, w) can be expressed as His (2. ) (: ) as; (6; r)) —iws 1 2
. i(t,0) = |lax —aj(r) — — ] e —
follows: | 7 ol L+ 1y L+ 1yl
D, » _ 2
Tmﬁmééasj(m; T)e'"Si(r —m, w) 1S;(z, ®)|°. (38)
1 Using (37), as shown at the bottom of the page, and (38), we
1+ 7] (_Sj (t,0) + Ej(7, ®) may thus state that when the jth source dominates at (7, w) €
s Q; the cost function will correctly identify the source if and
—as; (0; 1)e " Sj(z =9, a))) only if Hy—j(r,w) < Hixj(r, ). This therefore stipulates
1 . s Ej(tr, o) a condition for C; to ensure that Hy—;(r,w) < Hixi(7, ®)
e M (l + as;(d; t)e” " )Sj (r, ) + Ti 7 is always satisfied. Starting with (37) and (38), we have the
s following:
= — 1+ @ —a;(x)(d+ e_””)S-r,a)
1+|y| ( (y j( )( |y|)) ]( ) ‘(A‘—Fas.i(é; T)) e_l-w(;+ 1 2
Ej ) Ty T+
14|y as, (8: 7) 2
; 2 i\9 —icd
1 —iwo ) < (ak—a-(r)— /7)8 two _ . (39
:—(%) Sj(r,a))+aj(r)e_’w‘;Sj(r,w) / L+ 1yl L+ 1yl
7 A =~
Ej(t,0) Let f; = Cj +as;(0;7)/1+1|y| and B = ax — a;(zr) —
le' (33) as, (d; t)/1 + |y |, then the above becomes as follows:
for 6 < ¢ and by invoking the local stationarity at the fourth b | 2 —iws 1 2 40
line of (33). Using (33), X2(7, w) can be now expressed as Bie 1+ 1y] < |fie 1+y| (40)
5 2
A s 1 —|- yefwa
Hi—i(t,0) = |aje " S;(r, w) — (7 Si(r,w)
J J J T+ J
D as (m‘z)e_iwm 2
= |aje” ™ S;(r,w) — Cje 'S (t,w) —a;(r)e " ™S;(r,w) + =’ = )Sit—m, @
708 (5, 0) = Cre TS (e, ) — a0 S (e ) + 2| SRR )8 )
. g 2
~ N ag,(m; 7)e”@ as, (0; t)e i
=|—Cie ™S (r,w +ZDL'/—S'T—I’I’£,CU—J75'T—5,CU
A YT TR )
—~ .o S('[ a)) aSA(é' r)e‘iw‘; 2
= |-Cje ' S;(r,0) — -2 — Si(t —d,w)
L+ 1y] L4y
~ as. (0; 1) L 1 2
=|{C: + 17) el 4 1Si(z, m)|? 37)
( SRR EN] I+l
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The left-hand side of (40) is bounded below by

; 1 1
Bie ' + ‘z 1Bl — ——
! L+ 7] T+l
s asj(é;r) 1
T+l L+ 7]
SR [IGE N S
- L+1y] L+ 7]
and the right-hand side of (40) is bounded above by
. 1 . 1
ﬂle—lw5+ < ﬂle—tw5’+
L+1y] L+ 7]
1
=B+
L+1y]
R as; (0; © 1
= |4y —a; — (0 7) .(42)
L+ 7] L+1yl

Substituting (41) and (42) into (40) and replugging the terms
for B; and f;, (40) results in the following:

as;(d; ) 2 as;(d; )
I+iyl T4yl L+1yl
for V; # k.The cost function (35) and (36) will correctly
assign the (7, w) unit to the jth source if the IC' j| condition
in (43) is satisfied across ;. Conversely, if |C' | is larger
than the right-hand side of (43) then this will lead to wrong
assignment of the TF units. Once the cost function is evaluated,

the binary TF mask for the jth source can be constructed as
follows:

ICjl <ar—a;(r) — (43)

L J(,o)=j

0, otherwise. (44)

M;(r,w): = I
The proposed SOLO algorithm is shown in Algorithm 1.

IV. DETERMINATION OF THE VALUES FOR y AND J

The pseudo-stereo mixture is formulated through determin-
ing the weight y and the time-delay ¢ parameters. The sepa-
rability of the proposed method depends on the sources’ AR
coefficients estimated from the relation of X (z, w), X2 (7, w),
and their residues. The weight y parameter acts as a control-
ling factor to maintain the difference of the sources’ AR coef-
ficients and to control the amount of the residues r;(¢; J, y).
On the one hand, if y >> a,;(d;1) then the distinguishing
ability of the mixing attenuations in (6) will tend to be small
such that a1 (7) = ay(r) and thereby, we lose the benefit of the
pseudomixture signal. In additional, it reduces the residues in
(7) that subsequently diminishes the contribution of C; (7, @)
in a;j(z, ®). On the other hand, if y < a,(d;1) then x2(7)
becomes closer to x(¢). In the extreme case of y = 0 this
leads to x1 () = x2(¢) where the pseudo-stereo mixture cannot
be formulated. Therefore, to this end, we propose the following
criterion to balance both extremes.

1) Mixing Attenuation Distinguishability: We define the dis-
tinguishability function of the mixing attenuation as follows:

|laxe' X (1, w) — Xa(z, w)|?

1X1(z, w)[?
_are’™S;(tr, ) —aje'S;(r, )|
B 1S (z, w)|?

6:

= |ax —a;|*> (46)
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Algorithm 1 Pseudocode of SOLO Algorithm
Determine values of y and ¢ parameters. (Algorithm 1: for
selecting an appropriate y and 0.
Transform x{(#) and x2(¢) into TF domain X{(r,w) and
X (7, w) using STFT.
Construct the weighted complex 2-D histogram in terms of
(ﬁy),gy)) according to (29).
Identify N peaks and combine (/E\g-r) ,21_\5-1)
For k = 1:N
Evaluate the cost function J(z, ®) using (35) and (36).
For j = 1: number of sources
Formulate the binary TF mask M; (7, w) using (44).
Separate the observed mixture using

) to form c:zj in (30).

Si(z, ) = Mj(z, 0)X1(1, ©). (45)

Convert S ;(z,w) from TF domain into time domain
S j ).

for k # 1. The second line of (46) is obtained using (26).
Larger value of # implies that the mixing attenuations between
the two sources are distant further from each other. This
will yield two distinct peaks in the complex 2-D histogram.
Alternatively, we can use the concept of symmetric mixing
attenuation «; which that is defined as a;: = a; —1/a;. Here,
the distinguishability in terms of ay and a; takes the form as
follows:

0 = |ax — |’ (47)

2) Attenuation-to-Residue Ratio (ARR):
0

ARR = argmax (48)
750 | k1 (z,0)+K2 (1,0)
x1(1,0)—K2(7,0)
where
D; ag, (m)
ki(t,0)=[(D; — DX’ !
(e @) \/( i DE 1+1yl

is the supremum of C;(r,®) that is obtained by applying
the Schwarz’s inequality to C;(7, ). The term xi(7, ®) —
Ko (7, w)|? is the maximum difference of residues inspired by
the cost function of Case 2 in Section II-C. On the other
hand, the term | (7, ®) +x2(z, w)|* is the combined residues
inherent in the mixture. In a nutshell, the ARR measures the
proportion of distinguishability between the mixing attenua-
tions and AR coefficients residue. The ARR is always positive.
In the event, where the estimated /E\j of the two sources
are so close together that the peak regions overlap with one
another, then this overlap will cause ambiguity in identifying
the unique peaks. The higher value of ARR represents the
larger difference of 21_\j between the sources. Thus, choosing
the appropriate y and J such that the two peak regions are
clearly distinct in the complex 2-D histogram is important. As
the peaks can be identified more precisely, more accurate mask
can therefore be constructed and subsequently yields better
separation performance as shown by the signal-to-distortion
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Algorithm 2 Determination of y and J

1. Select an arbitrary range of ¢ that satisfies (14).

2. Calculate the ARR matrices on the range of y and J using
(47) and (48).

3. Choose pairs of y and ¢ such that the ARR is greater
than a threshold, i.e.,

A ={(y,9)|ARR > y} (49)

where A is the set of the selected pairs, and v is a threshold.!

Average ARR
Average ARR

Average ARR

v
©
Set of y and J for mixture of (a) SS, (b) MM, and (c) SM.

Fig. 1.

(SDR). Algorithm 2 shows the steps for determining the range
of values for y and ¢.

A set of experiments is conducted to determine the y and
0 pairs using real-audio sources from TIMIT and RWC [29]
databases. Seventy-five types of mixtures are constructed
from these databases that are divided into three categories:
1) speech and speech (SS); 2) music and music (MM); and
3) speech and music (SM). Each type contains two sources
and each source has unit power. All experiments are
performed under the following conditions: STFT of 1024-
point with 50% overlap and sampling frequency of 16 kHz.
Source’s AR coefficients are calculated using Yule—Walker
method. A finite range of y and ¢ is selected to be [—5,
5] (excluding y = 0) and [1, 4], respectively. Following
the steps in Algorithm 1, the set of the pairs A with the
threshold v = 20 is found by calculating the average ARR
for each category and this is plotted is shown in Fig. 1. The
results in Fig. 1(a) show at least a pair is found for the SS
category, i.e., A = {(y, 0)]ARR > 20} = (—1, 1). The results
indicate that only the low-order AR coefficients, i.e., 0 = 1
are beneficial for separation. This is not surprising as speech
is mainly characterized by the initial few AR coefficients
and these coefficients tend to vary for different speeches. We
have also noted the effect of y on the ARR. As y increases

]By means of Monte-Carlo experiments [30], y = 20 has been experimen-
tally verified to yield satisfactory performance.
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TABLE 11
COMMON PAIRS OF (y, d) IN THE MM AND SM CATEGORIES

y | -1]4]2
s

in magnitude for both positive and negative directions, 6
and C;(r, ) become progressively smaller such that the
ARR is almost zero. Fig. 1(b) shows the results for the MM
category with nine pairs identified as A = {(—4, 3), (=3, 1),
(-2,1),(=2,2),(-1,1),(2,2),(2,4),(3,4)(4,2)}. Music
signal has AR coefficients that tend to span a large
dynamic range and this has therefore contributed to the
MM characteristic in Fig. 1(b). Finally, Fig. 1(c) shows
the results of the SM category with six pairs identified as
A ={(—-4,3),(=3,1),(-1,1),(1,2), (2,4), (4,2)}. We may
note that both MM and SM categories have broader range
of y and J than the SS group because of the difference of
the AR coefficients at the corresponding order. It is also
interesting to observe that several common pairs overlap
between the MM and SM categories and these are shown in
Table II.

In the case where the type of sources is unknown, then
choosing (y,d) = (—1, 1) will yield the best possible ARR
as this particular pair overlaps with all the three categories. In
practice, the AR coefficients of sources are generally unknown.
However, if one knows the source category then y and ¢
can be chosen from A. In addition, if specific information
of the sources such as piano or English sentence is known
in advance, then the AR coefficients can be determined by
randomly sampling the signals that belong to those groups.
Hence, this enables the algorithm to estimate J and y for the
specific type of sources.

A. Number of Bins for the Complex 2-D Histogram

The weighted complex 2-D histogram is used to reveal the
signature of each source by clustering the mixing parame-
ter pairs (&y)(r, ), &5’)(1, )) within the histogram widths
(A, Aa(l-)). Here, A, and A are the maximum value
of a) and a®, respectively. The selected peak positions are
the estimated /E\j = 5?) + i?i\g-l) . This therefore means that
the resolution of the complex 2-D histogram depends on the
number of bins. If the number of bins is too small, then the
histogram loses resolution. Conversely, if it is too large, then
the histogram will appear scattered. Hence, the determination
of the number of bins required to construct an appropriately
resolved complex 2-D histogram is vital. In this paper, we
propose that the number of resolution bins ¢) and ¢® can
be calculated, respectively, as follows:

C(r) = yhA,m+1
— M—l
"%

(50)

where ¢ and ¢ are the number of bins for ) and a¥,
respectively, and y is the threshold selected in (49).
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V. RESULTS AND ANALYSIS

The performance of SOLO is demonstrated by separat-
ing synthetic and real-audio sources. The synthetic sources
are divided into stationary and nonstationary types that are,
respectively, given by the stationary AR signals and chirp
signals.> The real-audio sources that are inherently nonsta-
tionary include voice and music signals. All experiments are
conducted under the same conditions as follows: the sources
are mixed with normalized power over the duration of the
signals. All mixed signals are sampled at 16-kHz sampling
rate. The TF representation is computed using the STFT of
1024-point Hamming window with 50% overlap [20], [31].
The separation performance is evaluated by measuring the
distortion between original source and the estimated one
according to the SDR ratio and signal-to-interference (SIR)
ratio [32] defined as SDR= 101og;o(|| Starget I* / Il €inters +
Cartif ”2) and SIR = 10log;,(]| stzarget”/ Il einter ”2) where
einterf 18 the interference from other sources and e,qif iS the
artifacts. The proposed approach will be compared with the
(SNMEFE2-D) [17], the single-channel ICA (SCICA) [33], and
the ideal binary mask (IBM) [34] that represents the ideal
separation performance. The SNMF2-D parameters are set as
follows [35], [36]: number of factors is two, sparsity weight
of 1.1, number of phase shift and time shift is 31 and seven,
respectively, for music. As for speech, both shifts are set to
four. The TF domain used in SNMF2-D is based on the log-
frequency spectrogram. Cost function of SNMF2-D is based
on the Kullback—Leibler divergence. As for the SCICA, the
number of block is ten with time delay set to unity. MATLAB
is used as the programming platform. All simulations and
analyses are performed using a PC with Intel Core 2 CPU
3-GHz and 3-GB RAM.

A. Stationary Sources

1) AR Sources: Two stationary AR sources are synthesized
for s;(t) and s2(¢) using the model (3) with following the
coefficients: a;, = [—3.7281,5.3956, —3.5805, 0.9224] and
ag, = [—0.6070,1.9739, —0.5711,0.8853], and e;(¢) and
ey (t) are zero mean white Gaussian signal with average vari-
ances 6.2x 107 and 7.6 x 1074, respectively. The coefficients
and the variances are randomly selected. It should be noted that
as, (0) = a,, (0) = 1 by definition but this is not included in the
above mentioned to avoid cluttering the notation. The source
signals are shown in Fig. 3. The pseudo-stereo parameters are
selected to be y = 4 and 6 = 2. The histogram-resolution
parameters are set at A, =5, A,») = 50, ((’) = 101, and
((i) = 3.

Fig. 2 shows the clustering of the sources into two peaks
that accord with the number of sources in the mixture. Fig. 3
also shows the mixed signal and the separated sources based
on the SOLO method. It can be seen that the mixture is very
well-separated comparing with the original sources.

The separation performance is shown in Table III that shows
the comparison results of SNMF2-D, SCICA, proposed SOLO,

2Chirp signal is classified as nonstationary because of its time-varying
instantaneous frequency.
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Fig. 2. Complex 2-D histogram corresponding to two sources.
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Fig. 3. Two original sources, observed mixture, and two estimated sources.

TABLE III
COMPARISON OF AVERAGE SDR AND SIR PERFORMANCES ON MIXTURE
OF TwO AR SOURCES WITH SNMF2-D, SCICA, SOLO, AND IBM

Methods SDR s SDRsy | SIRs SIRs»
SNMF2-D 7.2 5.1 17 6.8
SCICA 4.8 5.1 13.2 16.8
SOLO 19 20.1 67.8 68.2
IBM 19 20.2 68.7 74

and IBM. The SDR and SIR results of each method are calcu-
lated from the average of 100 experiments under the same mix-
ture. The proposed SOLO method successfully estimated the
sources with high accuracy. In particular, the SOLO method
renders an average SDR improvement of 13.4 dB/source
over the SNMF2-D and 14.6 dB/source over the SCICA and
an average SIR improvement of 56.1 dB per source and
53 dB/source over the SNMF2-D and SCICA, respectively.
Because of the stationarity of the sources, the AR coefficients
do not change with 7 and thus Hy—;(z, w) < Hix;(7, w) can

—as,(9)/1+1y1] +
2/14y| + yas,(a)/1+|y|y according to (43). For j = 1,

we compute |C| = 14.3 and |@ — a1 — ay, (2)/6] +2/6 +
as,(2)/6| = 2.24 in which case we have 1.43 < 2.24 thus, the

C1’ condition is satisfied. For j = 2, we have ’C2’ and 1.01

be satisfied only when ‘CA']’ < ‘;1_\1{ —aj
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TABLE IV
AVERAGE SDR AND SIR RESULTS FOR MIXTURE OF 2—-5 SOURCES

Mixture y  SDR (dB) SIR (dB)
s] + 53 3 19.5 68
s1+ 852+ 53 2 19.5 64.4
S1+ 52+ 53+ 54 3 19.1 61.1
S1+s2+s3+s4+s5 2 18.7 57.5

210 ¢ Q3 BMax AMedian XMin X QI
20.5
g 200
E 195
%]
19.0 %
18.5
2 sources 3 sources 4 sources 5 sources

Fig. 4. Box plot of average SDR results.

@ —ar — as, (2)/6| +2/6 + |as2 (2)/6| = 1.67 and therefore
1.01 < 1.67. Thus, the |C’2| condition is also true. Hence, the
cost function will be able to correctly label all (y, w) units to
their respective original sources. This is clearly evident by the
same SDR results between the SOLO and the IBM.

2) Separation of More Than 2 Sources: In this evaluation,
the proposed method is tested by increasing the number of
sources from j = 2,3,4,5. Each mixture of two to five
sources is executed 100 times. Five stationary AR sources are
synthesized using (3) with following the coefficients:

[ —3.8604, 5.6466, —3.7076, 0.9224]
[—2.6189,3.5578, —2.4136, 0.8493]
[0.8773,2.0937, 0.8340, 0.9037]
[
[

2.9132,3.9841, 2.7128, 0.8672]
3.8148, 5.5394, 3.6264,0.9037]

and e (¢) to e5(t) are zero mean white Gaussian signals with
variances 2.16 x 1077,5.27 x 1074,4.23 x 1074,2.32 x 10~*
and 8.54x 1077, respectively. The coefficients and the vari-
ances are randomly selected. All experiments are conducted
under the same conditions: 6 = 1,A,» = 5,A,» = 50,
¢ =101, and ¢ = 3.

The SDR performance of higher order mixtures is shown
in Table IV and Fig. 4 shows the corresponding box plot.
Separation performance progressively deteriorates as the num-
ber of sources increases. When the sources are not perfectly
estimated and become slightly mutually correlated [24], the
projection of these sources to the original source subspace will
not be zero and thus, they act as interference. In addition, the
noise generated from the windowed-STFT and the excitation
signals contribute to the artifacts. Thus, as the number of
estimated sources increases, this inadvertently leads to larger
values of ejnerf and eurif, and subsequently decreased the
SDR and SIR performances. This explains the result for five
sources that shows a drop in performance. Although this is
the case, the SDR and SIR results are still maintained at a
high level. The complex 2-D histogram, shown in Fig. 5,
distinctively enumerates five peaks that correspond to the
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Fig. 5. Complex 2-D histogram of a mixture of five sources.
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Fig. 7. Original sources (left) and estimated sources (right).

number of sources in the mixture. Figs. 6 and 7 show the
original sources, the mixture, and the separated sources. We
can visually inspect that the separated sources are very similar
to the original sources. In this experiment, the sources satisfy
the assumptions in Section II-B and the mixing model holds
the condition a;(t) # a;(t) or ri(t) # rj(t). As such,
the SOLO algorithm successfully identifies and partitions the
mixed signal TF plane into the correct group of sources.

B. Nonstationary Sources

As the proposed method estimates the parameter ﬁj from
the complex 2-D histogram, its result is based on the averaged
AR coefficient of each source. As such, the estimated a; befits
very well the purpose of separating stationary AR sources. In
nonstationary sources, we may readily adapt this approach and
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Fig. 8. Original sources, single-channel mixture, and estimated sources using
SOLO with L =5.

invoke the assumption of quasi-stationary from Section II-B.
In effect this enables us to work under the condition where the
AR parameters are stationary within a block but variable from
block-to-block. The idea is then to partition the mixture signal
x1(7) into arbitrary L blocks and use the SOLO on each block
to obtaina; = [a,lajg ajL] where @ aj is the estimate ofa aj
from the /th block. A mask will subsequently be constructed
in exactly the same manner in (35) but using the aggregated
21_\]- obtained from each block.

1) Chirp Sources: In this example, chirp signals are used to
demonstrate the effectiveness of the SOLO method in dealing
with nonstationary sources. s; is a down-chirp whose center
frequency varies from 3.3 to 2 kHz. sp is a quadratic-chirp
signal whose center frequency varies from 0.5 to 1.8 kHz. Both
sources are mixed with equal average power over the duration
of the signals. The single-channel mixture is first divided into
L nonoverlapping blocks and the parameters of the SOLO
are selected to be 0 = 2,y = 3,A,0»0 = 5,A,» = 50,
¢ =101, and ¢ = 4. Fig. 8 shows the two-synthesized
chirp sources, the single-channel mixture and the separated
sources using the SOLO with L = 5. From the plots, it is
visually evident that the mixture is clearly separated comparing
with the original sources.

In Table V, we show the comparison results of SNMF2-D,
SCICA, SOLO with L = 1,3,5, and IBM. In general,
the SOLO yields far superior separating results compared
with the SNMF2-D and the SCICA with an average SDR
improvement of 9.0 and 8.3 dB/source, and with an average
SIR improvement of 15.3 and 16.0 dB, respectively. With the
use of ’E\j = [§j1§j2o~’ﬁ\ﬂ] partition, SOLO with L > 1
leads to substantially better separation performance than the
SOLO with L = 1. From Table V, the average SDR and
SIR performances increases by Warning: 4 and 6 dB/source,
respectively, when L = 5.

Because the sources have time-varying instantaneous fre-
quencies, R;(r,w) in (16) will change accordingly with
o and 7. As a;(r, @) composes a;(7) and R; (7, w), it follows
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TABLE V
COMPARISON OF SDR AND SIR PERFORMANCES ON MIXTURE OF CHIRP
SOURCES WITH SNMF2-D, SCICA, SOLO, AND IBM

Methods SDR S; | SDR S, | SIR S; | SIR $,
SNMF2-D 37 6.2 9.6 12.7
SCICA 5.1 6.3 10.1 10.8
SOLO (L = 1) 11.0 12.9 17.4 295
SOLO (L = 3) 134 14.6 22.1 30.8
SOLO (L = 5) 15.8 16.0 26.4 32.6
IBM 16.1 16.1 26.9 32.9

that a;(z, w) will also vary with w and r. Unfortunately,
setting L = 1 will mean that /E\j = 21_\]-1, which only estimates
the global average of a; (7, w) for all (7, w). Thus, the obtained
result of ’E\jl can yield significant deviation from the true
a;(t, ). Therefore, the SDR and SIR performances of SOLO
with L = 1 are not as high as in the previous case of stationary
sources. On the other hand, when the mixture signal is divided
into L blocks such that each block resembles a mixture of
frequency-invariant sources similar to the AR sources, then
aj(r, ) in each block can be treated as constant. As such,
the cost function renders by @ j= =[a Jla j2- a jr] will enable
all the TF units in each block to be spemﬁcally labeled using
the estimated gjl derived from that block. Therefore, better
separation performance can be obtained as shown in Table V.

2) Real Audio Sources: Audio sources can be characterized
as nonstationary AR processes as their AR coefficients vary
with time. As an example, three type of mixtures are generated,
i.e., male speech + jazz, female speech + jazz, and male
speech + piano. The male and female speeches are selected
from TIMIT and music sources from the RWC [29] database.
Both sources are mixed with equal power to generate the
mixture. This is shown in the first three panels of Fig. 9.
To perform separation, we first divide the mixture into L
nonoverlapping partitions. Two possible choices are available.
The first choice is to partition the mixture into equal-length L
blocks. We investigate the separation performance by varying
L =1,3,6,9,12,15. In all cases, the SOLO parameters are
set to the followings: 6 = 2,y = 4, Aa(r) = 2, Aa(i) =
50,7 =101, and ¢ @ = 4.

The average SDR and SIR results are shown in Table VI
along with SNMF2-D, SCICA, and IBM. In general the SOLO
with increasing the number of blocks shows better separation
performance than the SNMF2-D and SCICA. From Table VI,
the performance remains high when using L = 15 where
the average SDR and SIR results are 7.7 dB per source and
19.7 dB/source, respectively. When L increases, each block
becomes progressively narrower and contains less samples.
The condition (43) may not be satisfied in some of these blocks
particularly those of small amplitudes. Here, the obtained
mask may wrongly assign some of the TF units to the incor-
rect source. Therefore, the SIR value is slightly decreased.
The proposed SOLO method renders an average SDR
improvement of 1.2 and 2.1 dB/source over SNMF2-D and
SCICA, respectively. Fig. 10 shows the box plot corresponding
to the above results.

The second choice is to examine the characteristics and
identify the transition behavior in the mixture signal. In this
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Fig. 9. Original sources, single-channel mixture, and estimated sources in

time domain using the SOLO with L = 64 nonuniform blocks.

TABLE VI
COMPARISON OF AVERAGE SDR AND SIR PERFORMANCES ON
MIXTURE OF TWO AUDIO SOURCES BETWEEN SNMF2-D,
SCICA, SOLO, aND IBM

Methods SDR S1 | SDR S | SIR S1 | SIR Sy
SNMF2-D 7.5 5.5 10.3 7.3
SCICA 5.9 53 9.0 10.5
SOLO (L =1) 5.8 6.9 12.5 19.7
SOLO (L =3) 7.1 7.0 17.6 18.4
SOLO (L =6) 7.3 7.0 17.6 18.7
SOLO (L =9) 8.0 7.0 21.4 17.5
SOLO (L =12) 8.0 7.0 20.9 17.9
SOLO (L = 15) 8.1 7.2 21.4 18.0
IBM 12.7 12.7 40 353
Note that 51 and s refer to SM, respectively.
8.6 ©(Q3 EMax AMedian XMin *Ql
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Fig. 10. Box plot of average SDR results on mixture of two audio sources
versus the number of blocks.

case, the window size for each block is not required to be
identical. We will consider two examples. In the first example,
we set L = 3 where it can be observed that the mixture of
a male speech and Jazz music shows a transition at time t =
0.85s and in the interval around ¢ = 1.5s. Thus, this enables
us to partition the mixture into the following blocks, i.e., T1 =
[0,0.855], T, = (0.85s,1.55], and T3 = (1.55,2.55]. In the
second example, the mixture signal is partitioned into L = 6
blocks, i.e., Ty = [0,0.645],T» = (0.645,0.8605],T3 =
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TABLE VII
COMPARISON OF SDR PERFORMANCE ON MIXTURE OF TWO AUDIO
SOURCES USING SOLO WITH NONUNIFORM LENGTH

Methods SDR S; | SDR S> | SIR S SIR S
SOLO (L = 3 with 7.9 7.1 20.8 17.3
nonuniform blocks)

SOLO (L = 6 with 8.1 7.3 21.7 17.5
nonuniform blocks)

Note that 51 and s refer to SM, respectively.

TABLE VIII
COMPUTATION COMPLEXITY OF SNMF2-D, SCICA, AND SOLO

Methods Number of Operations

SNMF2-D | 2Nlogy L + CNy[3t 5 + 2Ny Ny N + Ny (45 + 2N N)
F2NGNe(N + 5 + Ne(V + 5 + N5

SCICA RK(K 4+ 1)(N — K+ DIK + K3 +2(K(N — K + D)+
(K24 K(K —1))(N — K + 1)]N;

SOLO 5N 4 L +4NN; +2Nlogy L

(0.86s,1.06s5], 74 = (1.06s,1.385],T5s = (1.38s,2.185],
and Tg¢ = (2.185,2.55]. The SDR results are shown in
Table VII. With L = 3 nonuniform blocks, the SDR perfor-
mance gives 7.5 dB/source that matches the case of L = 9, and
L = 12 equal-length blocks. On the other hand, with L = 6
nonuniform blocks the SDR performance gives 7.7 dB/source
that matches the equal-length partition scheme of L = 15.
The separated sources are plotted in the last panels of Fig. 9.
The separated sources resemble closely to the original sources.
The IBM results are also included for comparison purpose.
Although all tested methods lag behind the IBM in terms
of SDR performance, the proposed SOLO still yields good
perceptual qualities of the separated signals.

We also calculate the computational complexity of
SNMF2-D, SCICA, and the proposed SOLO on a function of
N sample size of a signal (), number of sources (Ny), length
of the STFT window (L), number of frequency-shifts (Ng) and
time-shift (N;) for the SNMF2-D, number of iterations for
SNMF2-D (C) and SCICA (I), and number of SCICA blocks
(K). This is shown in Table VIII.

We plot the computation complexity of the above algorithms
and this is shown in Fig. 11 with the following parameters:
Ny =2,L = 1024, Ny = 31,N, =7,C = 100,1 = 100,
K = 10, and N varies from 1 x 10* to 8 x 10*. We note that
SOLO is computationally less demanding than SNMF2-D and
SCICA. The reason is SOLO does not require any iteration for
updating parameters. On the other hand, SNMF2-D requires
updating the spectral basis and the mixing of the sources.
As for SCICA, the computational complexity varies gradually
with increasing sample size. This result is caused by three
major reasons: 1) complexity of the ICA algorithm within the
SCICA grows exponentially with the number of blocks; 2) it
requires deflation to remove the contribution of the extracted
source of interest; and 3) the steps are repeated until all sources
are extracted. Fig. 10 shows that the complexity of SCICA is
almost identical to SNMF2-D in the region of 10'° operations.
Thus, the overall computational complexity associated with
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Fig. 11. Comparison of computational complexity on mixture of two audio
sources between SNMF2-D, SCICA, and SOLO.

both algorithms is significantly high. On the other hand, the
proposed SOLO consumes the least computation that renders
it very fast and yet yields the best separation performance
among the three methods.

VI. CONCLUSION

In this paper, a novel single-channel blind separation algo-
rithm was presented. The proposed method constructed a
pseudo-stereo mixture by time-delaying and weighting the
observed single-channel mixture. The method assumed that
the source signals were characterized as AR processes. Exper-
iments were conducted successfully to separate stationary as
well as time-varying AR sources. In this paper, the sepa-
rability analysis of the pseudo-stereo mixture was derived
and the conditions required for unique mask construction
from the ML framework were also identified. The proposed
method demonstrated high-level separation performance for
both synthetic and real-audio sources. The proposed method
enjoys at least three advantages: 1) it does not require a
priori knowledge of the sources; 2) the proposed approach
is able to capture the music and speech characteristics and
hence, renders robustness to the separation method; and
3) the proposed technique holds a desirable property—neither
iterative optimization nor parameter initialization is required,
and this enables the separation process to be fast and executed
in one-go.
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