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ABSTRACT

This paper mainly introduces a TF-BSS approach based on
a different type of parameter than in the previously reported TFBSS methods, i.e. on the local correlation of the observed signals
in the TF domain. Before describing it, we present a purely temporal version of this approach. This aims at first introducing the
proposed concept in a simpler framework, but also yields an additional temporal BSS method. The latter method only applies to
more restrictive conditions than its subsequent TF extension, as
shown below.
The remainder of this paper is therefore organized as follows.
We define the proposed temporal BSS method in Section 2 and
then introduce its TF extension in Section 3. In Section 4, we
describe tests performed with artificial mixtures of real speech
sources. Conclusions are drawn from this investigation in Section
5 and more specific topics are addressed in the Appendix.

In this paper, we propose two versions of a correlation-based blind
source separation (BSS) method. Whereas its basic version operates in the time domain, its extended form is based on the timefrequency (TF) representations of the observed signals and thus
applies to much more general conditions. The latter approach consists in identifying the columns of the (permuted scaled) mixing
matrix in TF areas where this method detects that a single source
occurs. Both the detection and identification stages of this approach use local correlation parameters of the TF transforms of the
observed signals. This BSS method, called TIFCORR (for TImeFrequency CORRelation-based BSS), is shown to yield very accurate separation for linear instantaneous mixtures of real speech
signals (output SNR’s are above 60 dB).
1. INTRODUCTION

2. PROPOSED TEMPORAL APPROACH
Blind source separation (BSS) methods aim at restoring a set of
unknown source signals from a set of observed signals which are
mixtures of these source signals [1]-[2]. Most of the approaches
that have been developed to this end are based on Independent
Component Analysis (ICA). They assume the sources to be random stationary statistically independent signals, and they recombine the available observed signals so as to obtain statistically independent output signals. The latter signals are then equal to the
sources, up to some indeterminacies and under some conditions
(especially, at most one source may be Gaussian for such methods
to be applicable if no additional constraints are set on the sources).
Whereas many ICA methods have been proposed in the last 15
years, a few other concepts for BSS have also been considered. Especially, several investigations based on time-frequency (TF) analysis have been reported [3]-[11]. Two main classes emerge from
these TF-BSS methods. The first one is still significantly related to
classical BSS approaches, as it consists of TF adaptations of previously developed joint-diagonalization methods, with subsequent
modifications [3]-[5]. The other class includes several methods
based on the ratio of the TF transforms of the observed signals
[6]-[10]. Some of these methods require the sources to have no
overlap in the TF domain [6]-[8]. On the contrary, only slight differences in the TF representations of the sources are requested by
the methods that we proposed in [9]-[10].
It should be noted that, unlike ICA-based BSS methods, TFbased BSS approaches are intrinsically well-suited to non-stationary
signals and set no restrictions on the gaussianity of the sources.
They are therefore e.g. especially attractive for speech signals.

2.1. Assumptions and definitions
In this section, devoted to the proposed statistical temporal BSS
approach, we assume that unknown, random, possibly complexvalued, source signals   are mixed in a linear instantaneous
way, thus providing a set of observed signals  . This reads
in matrix form:
(1)
 
where   !"$#&% and  ' (  )+*,.-($#&%
and where the matrix  consists of all possibly complex-valued
mixing coefficients /0  , which is denoted 12 /0 # below. We
now introduce the only assumptions that we make in this section
with respect to the sources and mixing stage, and the associated
definitions.
Definition 1: a source is said to ”occur alone” in a time area
if the variance of only this source is not equal to zero in this time
area1 .
The considered time area may be restricted to a single time 
from a theoretical point of view, as we use a statistical approach in
this section. However, in practice, all signal means are estimated
over time windows and the considered time area then consists of
such a window.
1 This definition corresponds to the theoretical point of view. From a
practical point of view, this means that the ranges of values taken by all
other sources are negligible with respect to those of the source that occurs
alone.
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Definition 2: a source is said to be ”visible” in the time domain
if there exist as least one time area where it occurs alone.
Assumption 1: i) each source is visible in the time domain and
ii) there exist no time areas where the variances of all sources are
equal to zero.
It should be noted that the considered sources are therefore
non-stationary2 .
Assumption 2: the sources are mutually uncorrelated.
Note that we do not require the complete independence of the
sources, as the approach introduced below only uses their secondorder statistics.
Assumption 3: the number of observations is equal to the
number of sources.
The matrix  is then a square matrix.
Assumption 4: i)  is invertible and ii) none of its elements is
equal to zero.
For the sake of simplicity, the notations   and   introduced above directly refer to the centered version of the signals
in this section (whereas they correspond to the original, possibly
non-centered, signals in Section 3).
2.2. Problem statement and solution
BSS would ideally consist in deriving an estimate  3 of  , so as to
then determine the vector
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Each component 4   of the vector 4  would then be equal to
the source signal having the same index, i.e. to    (up to estimation errors). It is well known however that this can only be
achieved up to two types of indeterminacies, which resp. concern
the scale factors and order with which the source signals appear in
the output vector 4  . We detail this phenomenon hereafter, as we
will use this discussion in the BSS method proposed below. Any
of the mixed signals corresponding to the matrix form (1) reads
exlicitly:
 8
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/    

<>=? ,

(4)

However, it may also be expressed in a different way, by applying
two transforms to it. The first one consists in changing the order in
which the terms (resp. associated to the sources     ;  "   )
appear in the sum in (4). This is achieved by applying a permutation @8)  to the indices A in this sum. The above mixed signal then
reads:
?

9 "
:

/ .B CED F  CED ;F  

<(>=G; ,

?

precisely, they are long-term non-stationary, but they should be
short-term stationary in practice in order to make it possible to estimate the
above-mentioned signal means over short time windows.
3 The same principle may of course may applied to any other mixed
signal instead.
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We therefore introduce the notations:
  J  K
L
M

/  B C0D ;F  E
C D F 
/ .B C0D ;F

/  B C0D ;F

(7)
(8)
L

where   J  are the permuted scaled source signals and  are the
corresponding permuted scaled mixing coefficients. Eq. (6) then
reads:
"
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(9)

or in matrix form:
(10)
OP J  
L
with  J QR  J     J"  $# % and OSR  # . We thus get back
to the initial mixture expression (1), except that the mixed signals
are now expressed with respect to the permuted scaled source signals   J   . The discussion at the beginning of this subsection may
then be reinterpreted as follows: assume that we succeed in deriving an estimate O 3 of O . Then, by computing the output vector
4

J K

O3 6


OT
3 6





(

(11)
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(12)

4

all components  J  of this vector are resp. equal to   J   (up
to estimation errors), i.e. to the contributions of the (possibly)
permuted sources in the first mixed signal.
The two BSS approaches proposed in this paper precisely aim
at estimating this matrix B, then providing the corresponding vector 4 J  of separated source signals.
In the framework of this section, we propose a method which
takes advantage of the above Assumption 1-i, i.e. of the fact that
there exist time areas where each source occurs alone. Such areas should first be detected, so as to operate inside them. As
all observed signals are proportional in any such area, an appealing approach for detecting these areas consists in checking the
cross-correlation coefficients U0VXW VY  between the observed signals (  and  , defined as:
U0VXW)VY 

( ]_^ `
Z [
\

b] ^  `
) ] ^ `
ZP[
ZP[
a

(13)

c` stands for expectation. More precisely, we show in
where
ZP[
the Appendix that a necessary and sufficient condition for a source
to occur alone at time  is:
d

(5)

The second transform consists in normalizing the scales of the contributions of each source signal  C0D ;F  with respect to the contribution of this signal in the first mixed signal3 . The latter contribu2 More

tion is equal to /  B CED F  CED ;F   , so that we express

U VXW V Y 

d

>=

e\< SfPgh<8ghQ

(14)

Now consider such an area where a single source occurs, say
. The observed signals (4) then become restricted to:

i0 

?j/E i  i 

<>=? ,

(15)

Again using correlation parameters associated to these observed
signals then makes it possible to identify part of the matrix O .
More precisely, when (15) is met,
ZP[
ZP[
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The set of values thus obtained for all observations indexed by <
identifies one of the columns of O , as shown by (8) (which also
indicates that the first row of O consists of 1). By repeatedly performing such a column identification for time areas associated to
all sources, we eventually identify the overall matrix O , which
completes the proposed approach.
The overall structure of the BSS method thus introduced may
be summarized as follows. This approach consists of 3 stages, i.e:
1. The detection stage consists in detecting the time areas where
a single source occurs. This is achieved
by finding
the times
d
d
 (or practical time windows) where U0VXWVY   is very close
to 1 for all < SfPgm<8gn .
2. The identification stage consists in identifying the columns
of O . This is achieved by successively considering each
of the single-source areas detected in the first stage as follows. The correlation parameters on the left-hand side of
(16) yield a column of O . This column is kept only if its
distance with respect to all previously identified columns is
above a user-defined threshold, showing that the considered
time area does not contain the same source as the previous
ones. The identification procedure ends when the number
of columns of O thus kept becomes equal to the number of
sources (this is guaranteed to occur because all sources are
assumed to be visible in the considered data)4 .

It should also be noted that the considered time-frequency tools,
which are presented in Subsection 3.2, are originally defined in a
deterministic framework. This paper uses them in such a framework and concerns two cases i.e: i) either the considered original
sources are deterministic or ii) they are random processes, but in
the latter case only a single realization of these processes is considered (this is what is actually available in practice). The following
discussion then concerns this single, deterministic, realization and
the tools and properties that we use only require such a realization.
3.2. Time-frequency tools
Many TF representations have been proposed over the last fifty
years and are e.g. presented in [12]-[13]. We here use the shorttime Fourier transform (STFT), esp. because it yields low computional load thanks to FFT algorithms and it does not introduce
interference terms, thus keeping the linear instantaneous mixing
structure when applied to the considered observed signals.
The STFT of a signal p is obtained by first multiplying the
signal p J  by a shifted windowing function q+^ Jr   , centered
at time  . This yields the windowed signal p J )q ^  J r  . This
signal depends on two time variables, i.e. the selected time  where
the local spectrum of p J  is analyzed and the running time  J . The
STFT of p( is then defined as the Fourier transform of the above
windowed signal, i.e:

3. The combination stage consists in recombining the mixed
signals according to (11), in order to obtain the extracted
source signals.
3. TIME-FREQUENCY EXTENSION OF THE
PROPOSED APPROACH

s
s

]t,kumv_w
6

p]J)q ^ ]J r
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!y0z{|

]J}

(17)

w

is then the contribution of the considered signal p in the
TF area corresponding to the short time window associated with 
and to the angular frequency t .
;$tQ

3.1. Motivations and basic principles

3.3. Assumptions and definitions

The approach that we introduced in the previous section has the
advantage of being simple. It may be considered to be of limited
practical applicability however, because it assumes all sources to
occur alone in associated time areas, which is a restrictive condition. But it opens the way to a much more powerful method if we
now think in terms of the time-frequency (TF) distributions of the
signals, instead of their plain time distributions considered up to
this point. Indeed, the TF counterpart of the above approach may
be briefly defined as follows: assume that each source occurs alone
in a TF area, then it may be expected from the above presentation
that corresponding columns of O may be identified in such areas,
thus allowing one to eventually perform BSS.
The remainder of this section presents this approach in a more
formal way. It should be stressed again that the TF version of the
proposed approach that we will thus introduce has a much broader
scope of application that its above temporal version. This is due to
the fact that it only requests each source to occur alone in a small
bounded TF area, which is a much less restrictive condition that
having it alone in a time area, i.e. at all frequencies for that time
area. For instance, mixtures of continuous speech signals meet the
assumptions considered here, because most of the energy of these
signals is concentrated in a few bounded time-varying frequency
regions, corresponding to formants.

The same assumptions and definitions as in Subsection 2.1 are considered hereafter, except that i) we eventually use a deterministic
framework, as explained above, and ii) the temporal concepts used
in Subsection 2.1 are here replaced by their TF counterparts, i.e:
Definition 1-TF: a source is said to ”occur alone” in a TF area
if only this source is such that its centered TF transform is not
equal to zero everywhere in this TF area.
Definition 2-TF: a source is said to be ”visible” in the TF domain if there exist as least one TF area where it occurs alone.
Assumption 1-TF: i) each source is visible in the TF domain
and ii) there exist no TF areas where the centered TF transforms
of all sources are equal to zero everywhere.
More precisely, each value of a TF transform corresponds to
a single ”TF point”, associated to a single angular frequency t
and to a complete time window defined by the selected analysis
time  and considered finite-length windowing function q ^ )  , as
shown in Subsection 3.2. The BSS method that we propose below
then uses means associated to these TF transforms, computed over
”analysis zones” which consist of adjacent TF points. An analysis
zone may have any shape in the TF domain. We here focus on the
case when it forms a ”temporal line”, i.e. when all its points correspond to the same frequency t and to adjacent (half-overlapping)
time windows. The latter windows resp. correspond to a discrete
set of ~ time positions $ , with =? ~ . This set is denoted
as  hereafter. Each analysis zone is then specified in terms of the
couple ]t, , which completely defines the part of the TF domain
associated to this analysis zone.

4 A possibly more robust version of this approach consists in keeping
the identified columns corresponding to all available single-source areas,
and then clustering them, so as to eventually derive each column of o as
an average of all its identified occurences.
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4. In the combination stage, we eventually recombine the mixed
signals according to (11), in order to obtain the extracted
source signals.

The proposed BSS method then uses the following parameters, associated to the above-defined analysis zones. For any signal

  , whose TF transform is denoted T;]t, , the mean of its TF
transform over the considered analysis zone is:
9
=

T$tQ?

T$]t,

~
 
 :

It should be noted that the overall structure of this approach has
some similarities with the TF approach that we proposed in [9][10]. However, these two approaches use completely different detection and identification parameters. As the detection and identification stages of any such approach are independent one from the
other, we may also derive mixed approaches by using the detection
method of one of the two approaches resp. proposed in this paper
and in [9]-[10]. and the identification stage of the other approach.

(18)

Similarly, for any couple of signals   and   , whose TF
transforms are denoted  ]t, and  ;]t, , the cross-correlation
of the (centered versions of the) TF transforms of these signals
over the considered analysis zone is measured either by
,
W

!

4. TEST RESULTS
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We now present tests performed with two artificial linear instantaneous mixtures of two real speech signals, sampled at 22050 Hz.
The mixing matrix is set to:
¡

(19)

or by the corresponding TF local cross-correlation coefficient:
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(20)
¡
The corresponding
matrix O

The source uncorrelation assumption of Section 2 is then replaced
by:
Assumption 2-TF: over each analysis zone $tQ , the (centered)
TF transforms of the sources are uncorrelated, i.e:
, ]
Y
]t,0(eP<m
 A .

1
0.9

3.4. Proposed approach
As we progressively introduced most required concepts in the previous sections and subsections, the resulting proposed TF-BSS
method may now be directly presented, as the TF adaptation of the
overall temporal approach that we described at the end of Section
2. It therefore consists of the same 3 stages as the latter approach,
adapted to the TF context however, and therefore preceded by a
pre-processing stage, i.e:
1. The pre-processing stage consists in deriving the STFT transforms  ]t, of the mixed signals, according to (17).
2. The detection stage is based on the following property, shown
in the Appendix: a necessary and sufficient condition for a
source to occur alone in the TF analysis zone ]t, , is:
d

VXW VY ]t,

d

>=

eP<RfPgm<?gn,

(21)

In this stage, we therefore detect the analysis zones
where a d
d
single source occurs by checking in which zones  VXW VY )t,
is very close to 1 for all < SfPgm<Ggh .
3. In the identification stage, we then identify the columns of
O in single-source analysis zones. This is based on the
same approach as in the temporal BSS method, except that
the parameter in (16) is here replaced by5 :



VY}VXW ]t,
VXW VXW$tQ



0.9

1 ¢

(22)

which is equal to / iNX/  i when only source i0 occurs
in the considered TF analysis zone.
5 In the identification stage, the non-centered version of the crosscorrelation parameters G GH( may be used instead and is simpler.

(23)

¡
is therefore
equal to

1
1.1111 ¢

or

1
1.1111

1

0.9 ¢

(24)

depending whether it corresponds to a non-permuted or permuted
version of the source signals.
The considered sources signals are shown in Fig. 1. Although
the TF transforms of these source signals have significant differences (see Fig. 2 and 3), the TF transforms of the resulting mixed
signals are quite similar (see Fig. 4 and 5), due to the considered hard mixing conditions. Nevertheless, the TF BSS method
proposed in this paper succeeds in separating these signals with a
high accuracy, as will now be shown.
As an example, the proposed approach has been applied with
256 samples per STFT window and 8 such windows per analysis
¡
O 3 thus obtained is equal to
zone. The estimated matrix
1.0000
0.8999

1.0000

1.1110 ¢

(25)

which is extremely close to the first expression in (24). Consequently, the estimated output signals are almost equal to the (scaled
and non-permuted) sources, as confirmed by Fig. 6. More precisely, the Signal/Noise Ratios (SNR’s) obtained for these two estimated sources are resp. equal to 68.9 and 61.2 dB, while the
SNR’s in the observed mixed signals are equal to 3.6 and - 3.6
dB. This clearly demonstrates the high separation capability of the
proposed approach.
5. CONCLUSION
In this paper, we introduced two versions of a correlation-based
BSS approach. Whereas its first version operates in the time domain, its second version is based on TF analysis and thus applies to much more general conditions. The latter approach, called
TIFCORR for TIme-Frequency CORRelation-based BSS, consists
in identifying the columns of the (permuted scaled) mixing matrix
in TF areas where this method detects that a single source occurs.
We experimentally showed that it yields very good performance
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for linear instantaneous mixtures of real speech sources. Our future investigations will first consist in a more detailed characterization of the experimental performance of the two approaches
that we proposed in this paper. We will also compare, both from
the theoretical and experimental points of view, the TIFCORR
method to the TF ratio-based approach that we introduced in [9][10], which has the same structure by uses completely different
parameters, as explained in Section 3. We will also aim at extending the approach proposed in this paper to convolutive mixtures.

A. APPENDIX
We here show the validity of the detection criteria (14) and (21)
resp. used in the temporal and TF versions of the proposed BSS
approach.
In the frame of the temporal version of this approach described
in Section 2, by using the corresponding assumptions it may be
shown that, for the mixed signals defined in (4), the cross-correlation
coefficient defined in (13) may be expressed as:
U0VXW VY ?'£ d¥d
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a § component of each
-dimensional vector    is equal to /0 
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Applying Schwarz inequality to (26) then shows that
d

U0VXW VY 

d

g¨=

e\< ©=gh<8ghQ

(28)

with equality if and only if    and  are dependent.
Let us now analyze this condition at§ a given time  , depending
on the values of the source parameters  b
. Due
§ Aª«=N  
to Assumption 1-ii, at least one of the values  is not equal to
zero. If only one is not equal to zero, then all vectors   are
clearly dependent, so that equality holds for all of them in (28) and
therefore the detection condition (14) is fulfilled.
The only case that remains § to be considered
is then the situ§
ation when at least two values   and i  are not equal to
zero. It may then be shown that if b and   were dependent
for all < ¬fg®<¯g° , then the columns with indices A and ± of
the mixing matrix  would be dependent, which is not true due to
Assumption 4-i. Therefore, in the considered case, at least one pair
}b    does not consist of dependent vectors, so
of vectors
d
d
that U VXW V Y 
= and the detection condition (14) is not fulfilled.
£
As an overall result,§ this condition is fulfilled if and only if exactly one of the values   is not equal to zero at the considered
time  , i.e. if only one source occurs at that time.
Now, as for the TF version of this approach described in Section 3, by using the corresponding assumptions it may be shown
that, for the mixed signals defined in (4), the cross-correlation coefficient over an analysis zone defined in (20) may again be expressed according to the right-hand side of (26) except that the
vectors in (26) here depend on the considered
analysis zone ]t, ,
§
and with the same notations except that   is replaced by
§
 ]$

 ]t,?

,   

)t,

(29)

]t, defined according to (19). This leads to the same
with
discussion as above, except that the considered time  is replaced
by the considered analysis zone $tQ . This eventually yields the
detection criterion (21).

[12] F. Hlawatsch, G.F. Boudreaux-Bartels, ”Linear and quadratic
time-frequency signal representations”, IEEE Signal Processing Magazine, pp. 21- 67, April 1992.
[13] L. Cohen, ”Time-frequency distributions - a review”, Proceedings of the IEEE, vol. 77, no. 7, pp. 941-981, July 1989.

1063

10000

1
0
−1

8000

−2
−3

0

1

2

3

4

5

Frequency

value of source 1

2

6

sample index

4

x 10

value of source 2

1.5

6000

4000

1
0.5
0

2000

−0.5
−1
−1.5
0

−2

0

0

1

2

3

4

5

0.5

1

6

sample index

1.5

2

Time

4

x 10

Fig. 4. Time-frequency transform of first mixed signal.

Fig. 1. Sample values of both sources.
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Fig. 2. Time-frequency transform of first source.
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Fig. 6. Sample values of both estimated source signals.
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