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Abstract. We propose two time-frequency (TF) blind source separa-
tion (BSS) methods suited to attenuated and delayed (AD) mixtures.
They consist in identifying the columns of the (filtered permuted) mix-
ing matrix in Constant-Time TF zones where they detect that a single
source occurs, using TIme-Frequency Ratios Of Mixtures (hence their
name AD-TIFROM-CT). We thus identify columns of scale coefficients
and time shifts. Unlike various previously reported TF-BSS approaches,
these methods set very limited constraints on the source sparsity and
overlap. They are especially suited to non-stationary sources.

1 Introduction

Blind source separation (BSS) consists in estimating a set of N unknown sources
from a set of P observations resulting from mixtures of these sources through un-
known propagation channels. Most of the approaches that have been developed
to this end are based on Independent Component Analysis [1]. More recently,
several methods based on ratios of time-frequency (TF) transforms of the ob-
served signals have been reported. Some of these methods, i.e. DUET and its
modified versions, are based on an anechoic mixing model, involving attenua-
tions and delays (AD) (this is not the general convolutive model). However, they
require the sources to have no overlap in the TF domain [2], which is quite re-
strictive. On the contrary, only slight differences in the TF representations of
the sources are requested by our Linear Instantaneous (LI) TIFROM method [3].
We here propose two novel TF-BSS methods, inspired by this LI-TTFROM ap-
proach, but suited to more general mixtures involving time shifts. We thus avoid
the restriction! of the DUET method concerning the sparsity of the sources in
the TF domain, while addressing the same class of mixtures.

2 Problem statement

In this paper, we assume that N unknown source signals s;(n) are transferred
through AD channels and added, thus providing a set of N mixed observed

! Note however that DUET also applies to underdetermined mixtures, which is not,
at this stage, the case of the methods that we propose in this paper.



signals z;(n). This reads
N
mi(n)=2aijsj(n—nij) ’i=1...N, (1)
j=1

where a;; are real-valued strictly positive constant scale coefficients and n;; are
integer-valued time shifts. We here handle the scale/filter indeterminacies in-
herent in the BSS problem by extending to AD mixtures an approach that we
introduced in another type of LI-BSS method, i.e. LI-TIFCORR [4]. This ap-
proach may be defined as follows. We consider an arbitrary permutation function
o(.), applied to the indices j of the source signals, which yields the permuted
source signals s,(;)(n). We then introduce scaled and time-shifted versions of
the latter signals, equal to their contributions in the first mixed signal, i.e.

s5(n) = a1,6(j) 50(j) (N = 11,0())) - (2)

The mixing equation (1) may then be rewritten as

N N
2i(n) =Y i) So() (0= Miw(i)) = Y bij 8§ (= uif)) (3)
j=1 j=1
with i)
bij = —=2  and i =N — M,e()- (4)
01,0(5)

The Fourier transform of Eq. (3) reads
N
Xi(w) = byje /M Siw) i=1...N. (5)
j=1

This yields in matrix form

where §'(w) = [S] (w) - -~ S (w)]" and
B(w) = [bjje™ 7] i,j=1...N. (7)

In this paper, we aim at introducing methods for estimating B(w).

3 Proposed basic TIFROM method for AD mixtures

3.1 Time-frequency tool and assumptions

We recently proposed [3] a LI-BSS method based on TIme-Frequency Ratios Of
Mixtures, that we therefore called "LI-TIFROM?”. Starting from this method,
we here develop extensions intended for AD mixtures. These approaches are



called AD-TTFROM-CT, since they are shown below to only use ” Constant-Time
analysis zones”. The TF transform of the signals considered in these approaches
is the Short-Time Fourier Transform (STFT) defined as:

400

Un,w)= Y u()h(n' —n)e 7" (8)

n'=—00

where h(n' —n) is a shifted windowing function, centered on time n. U(n,w) is
the contribution of the signal u(n) in the TF window corresponding to the short
time window centered on n and to the angular frequency w.

The AD-TIFROM-CT approach uses the following definitions and assumptions.
Definition 1 A source is said to ”occur alone” in a TF area (which is composed of
several adjacent above-defined TF windows) if only this source has a TF trans-
form which is not equal to zero everywhere in this TF area.

Definition 2 A source is said to be ”visible” in the TF domain if there exist at
least one TF area where it occurs alone.

Assumption 1 Each source is visible in the TF domain.

Note that this is a very limited sparsity constraint, !

Assumption 2 There exist no TF areas where the TF transforms of all sources
are equal to zero everywhere?.

Assumption 3 When several sources occur in a given set of adjacent TF win-
dows, they should vary so that at least one of the moduli of ratios of STFTs
of observations, |X;(n,w)/X1(n,w)|, with ¢ = 2... N, does not take the same
value in all these windows . Especially, i) at least one of the sources must take
significantly different TF values in these windows and ii) the sources should not
vary proportionally.

3.2 Overall structure of the basic AD-TIFROM-CT method

The AD-TIFROM-CT method aims at estimating the mixing matrix B(w) de-
fined in Eq. (7), i.e. the parameters b, and gy, withi =2...Nandm=1...N
(i =1 yields b;; =1 and u;; = 0: see Eq. (4)). The basic version of this method
is composed of a pre-processing stage and 3 main stages:

1. The pre-processing stage consists in deriving the STFTs X;(n,w) of the
mixed signals, according to Eq. (8).

2. The detection stage aims at finding ” constant-time TF analysis zones” where
a source occurs alone, using the method introduced in Section 3.3.

3. The identification stage aims at estimating the columns of B(w) in the above
single-source analysis zones, using the method proposed in Section 3.4.

4. In the combination stage, we eventually derive the output signals. They may
be obtained in the frequency domain by computing Y (w) = B~ (w) X (w)
where Y (w) = [Vi(w) - Yn(w)]” is the vector of Fourier transforms of the
output signals. The time-domain versions of these signals are then obtained
by applying an inverse Fourier transform to Y (w).

2 This assumption is only made for the sake of simplicity: it may be removed in
practice, thanks to the noise contained by real recordings, as explained in [3].



3.3 Detection of single-source constant-time TF analysis zones

As stated above, the BSS method that we here introduce first includes a de-
tection stage for finding single-source TF zones. The frequency-domain mixture
equations corresponding to Eq. (1) read

N
Xi(w) =) aje i Sj(w)  i=1...N. (9)
j=1

This relationship between the observations and sources remains almost exact
when expressed in the TF domain if the time shifts n;; are small enough as
compared to the temporal width of the windowing function h(.) used in the
STFT transform. We here assume that this condition is met and thus that the
STFTs of the observations can be expressed wrt. the STFTs of the sources as

N
Xi(n,w) :Za” eI ¥nii §i(n,w) i=1...N. (10)

j=1
Let us consider the ratio of STFTs of mixtures

L Xinw) | Xl i €79 S (n,w) 1
ai(n,w)_X( ) N e—jwni; Q. ) (11)
1(n,w ZFl ar;edwni Si(n,w)

If a source Si(n,w) occurs alone in the considered TF window (n,,w;) then

Qi

ai(ng,wr) = e Jw(mik—nir) _ i eI Him (12)

a1k

with bi, and pim, defined by Eq. (4) and k = o(m). Since we assumed all mix-
ing coefficients a;, to be real and positive, all resulting scale coefficients b;,,, are
also real and positive. The modulus of the parameter value a;(n,,w;) provided
in Eq. (12) is therefore equal to byy,. If only source Si(n,w) occurs in several
frequency-adjacent windows (n,,w;), then |a;(np, w;)| is constant over these ad-
jacent windows. On the contrary, it takes different values over these windows
for at least one index i if several sources are present, due to Assumption 3.
To exploit this phenomenon, we compute the sample variance of |a;(n,w)| on
”constant-time analysis zones” that we define as series of M frequency windows
corresponding to adjacent wy, applying this approach independently to each time
index n,. This set of frequency points w; is denoted 2 hereafter and the corre-
sponding TF zone is therefore denoted (n,, £2). We respectively define the sample
mean and variance of |a;(ny,,w;)| on (ny, 2) as

M

— 1

jil(np, 2) = 77 > lai(ng,wi)l, (13)
=1

1 & _
var [lail) (np, 2) = 52 3 ||, )| = Ty, )] (14)
=1



We first compute these parameters independently for each ¢, with i = 2... N.
We then derive the mean over i of these variances var [|a;|] (np, £2), i.e.

N
MVAR(all 1y, 2) = 57— > var llasl (ny, ) (15)

Similarly, we compute the inverse ratios and their means and variances on each
considered analysis zone, i.e.

) = 1 _ X1(n,w)
Bi(n,w) ai(n,w)  X;(n,w) (16)
LM
1Bil(np, 2) = -7 > 1Bi(np,wi)] (17)
=1
1 & _ >
var 15 (1. 2) = = 3|18 - Bl 2. (1)
=1

The mean over i of these variances var [|3;]] (np, £2) then reads

N
MVAR[B] 029, D) = 53 3 vor 13l 02, D). (19)

This mean MV AR[|B|] (np, £2) has lower or higher values than the above mean
MV AR]|a|] (np, 2), depending on mixing scale coefficients. The best single-
source TF zones are those where min {MV AR [|a|] (np, £2), MV AR[|3]] (np, £2)}
takes the lowest values.

3.4 Identification stage

Thanks to expression (12) of the parameters a;(n,w) in single-source analysis
zones, a natural idea for estimating the time shifts p;,, consists in taking ad-
vantage of the phase of «;(n,w). We consider independently each time position
n, associated to TF windows and for each such position, we unwrap the phase
of a;(ny,w) over all associated frequency-adjacent TF points. If we assume that
Sk(n,w) occurs alone in an analysis zone (n,, 2) and we consider the unwraped
phase ¢;(n,,w;) of a;(ny,w;) in this zone, due to Eq. (12) we have

—Wilim = ¢i(np7wl) + 2Qim(np)7ra (20)

where ¢, (np) is an unknown integer. Eq (20) shows that the curve associated to
the variations of the phase ¢;(n,,w;) wrt. w; in a single-source zone (n,, 2) is a
line and that its slope, equal to —f;m, does not depend on the value of gim (np).
This slope therefore allows us to identify g, with no phase indeterminacy. Our
method for identifying the set of parameters p;,, associated to a column of B(w)
therefore operates as follows. In the selected constant-time single-source analysis



zone, for each observed signal with index ¢, we consider the M points which have
two coordinates, resp. defined as the frequencies w; and the corresponding values
éi(np,w;) of the unwraped phase of the identification parameter. We determine
the least-mean square regression line associated to these points. The estimate of
the parameter p;,, is then set to the integer which is the closest to the opposite
of the slope of this regression line.

The overall identification stage consists in successively considering the analysis
zones ordered according to increasing values of
min {MV AR [|a|] (np, 2), MV AR[|B|] (np, £2)}. For each such zone, the esti-

mates of b, associated to a column of B(w) are set to the values of |a;|(n,, 12)

or 1/1B;|(np, 2), depending whether respectively the parameter MV AR [|a|] or
MV AR]|B|] takes the lowest value in this zone. A new column of b;y, is kept
if its distance wrt. each previously found column of b;,, is above a user-defined
threshold ¢;. If a column of b;,, is identified and kept, the corresponding column
of pim is simultaneously identified, by using regression lines in the same analysis
zone as explained above. The identification procedure ends when the number of
columns of B(w) thus kept becomes equal to the specified number N of sources
to be separated.

4 Proposed improved TIFROM method for AD mixtures

For N > 2 or when the time shifts u;, are non-negligible wrt. to the length of
STFT windows in the case N = 2, the above basic method turned out to yield
false results in a significant number of experimental tests: on the one hand, we
obtained columns of scale coefficients which did not correspond to actual columns
of B(w). On the other hand, we only achieved a coarse identification of the asso-
ciated time shifts. Both problems can be solved thanks to clustering techniques.
We now detail such an approach. In this approach, we form clusters of ”points”
where each point consists of a tentative column of parameters b;,,. To this end,
we first compute the parameters MV AR|[|a|] (np, 2) and MV ARI|5|] (ny, 2)
for all analysis zones and we then only consider the zones which are such that

min {MV AR [|a|] (np, 2), MV AR[||] (np, 2)} < €, (21)

where €5 is a small positive user-defined threshold. We thus only keep single-
source zones, which correspond to the beginning of the ordered list created in
the detection stage. We successively consider each of the first and subsequent
analysis zones in this beginning of the ordered list and we use them in a slightly
different way than in the basic identification procedure that we described above.
Here again, for each considered analysis zone, the estimates of the parameters
bim are set to the values of |a;|(ny, 2) or 1/|5;|(np, £2), depending on which of
the parameters MV AR [|a|] and MV AR [|3]] takes the lowest value in this zone.
The estimated column associated to the first zone in the ordered list is kept as the
first point in the first cluster. Each subsequently estimated column is then used
as follows. We compute its distances wrt. all clusters created up to this stage,




where the distance wrt. a cluster is defined as the distance wrt. the first point
which was included in it. If such a distance is below a user-defined threshold
€1, this new column is inserted as a new point in the corresponding cluster.
Otherwise, this new column is kept as the first point of a new cluster. This
is repeated for all analysis zones which fulfill condition (21). If the threshold
€1 is low enough, the number of clusters thus created is at least equal to the
specified number N of sources to be extracted. We then keep the N clusters
which contain the highest numbers of points. For each cluster, we eventually
derive a representative, by selecting its point which corresponds to the lowest
value of min {MV AR [|a|] (np, 2), MV AR[|B]] (np, £2)} and thus presumably to
the best single-source zone. This yields the N columns of estimates of b;,.

We estimate the parameters u;y, as follows. Independently, for each of the above
N clusters of columns of b;;,, we first compute the parameters p;,, in the same
TF zones as these scale coefficients b;,,,. We then derive the histograms of these
parameters [, independently for each index i. We eventually keep the peak
value in each histogram as the estimate of pi;y,.

5 Experimental results

We now present tests performed with N = 2 sources of English speech signals
sampled at 20 kHz. These signals consist of 2.5 s of continuous speech from
different male speakers. The performance achieved in each test is measured by the
overall signal-to-interference-ratio (SIR) Improvement achieved by this system,
denoted SIRI below, and defined as the ratio of the output and input SIRs of
our BSS system. The mixing matrix is set to

1 0.9e3w7

AW = |gge-om 1

(22)
The input SIR is thus equal to 0.9 dB. The number d of samples per STFT
window is varied geometrically from 1024 to 16384. The number M of windows
per analysis zone is set to 8 when d = 1024. This value of M is then increased
geometrically with d. Thus, the absolute width of the frequency bands associated
to the frequency domain (2 of the analysis zones (n,, {2) takes the same value
whatever d. This value is 156.25 Hz. In each test, the temporal overlap between
STFT windows is fixed to 75%. The resulting STRIs are given in Table 1.

The cluster-based method yields better or same results as the basic one. The
mean SIRIs are resp. equal to 11.2 and 24.3 dB with the basic and cluster-
based approaches. When d = 16384, one source is not visible in the TF plane.
Two results illustrate the usefulness of clustering techniques in our approaches:
when d = 1024, with the basic method, the Frobenius norm of the difference
between the actual and theoretical matrices of scales coefficients b;,, is equal to
1.3, while this norm is only equal to 5.4e-2 with the cluster-based approach. We
explain this phenomenon as follows: with the basic method, the parameters b;,,
were identified in analysis zones which were selected because they were at the
beginning of the ordered list created in the detection stage, but these identified



Method STFT window size d

1024|2048|4096|8192| 16384
Basic -2.8| 14.8| 6.2| 26.8|invisible
Improved|| 20.2| 14.8| 23.9| 26.8|invisible

Table 1. Performance (STRI in dB) for both methods vs STFT window size d.

columns did not correspond to the actual (filtered permuted) mixing matrix,
so that the outputs of our BSS system did not provide well separated sources.
As only a few occurrences are obtained for each false column value, clustering
techniques solved this problem. The case when d = 4096 is interesting too:
we obtain the same matrix of scale coefficients with both methods (the above-
defined Frobenius norm is equal to 3.6e-2). The estimated values of time shifts
are equal to the theoretical ones with the cluster-based method, while we have
slight differences with the basic approach: the estimated time shifts are equal
to 74 and -76 while theoretical ones are +75. This clearly demonstrates the
usefulness of clustering techniques.

6 Conclusion and extensions

In this paper, we proposed two TF BSS methods for AD mixtures. They avoid the
restrictions of the DUET method, which needs the source to be (approximately)
W-disjoint orthogonal. Our methods consist in first finding the TF zones where
a source occurs alone and then, identifying in these zones the parameters of the
(filtered permuted) mixing matrix. Thanks to this principle, these approaches
apply to non-stationary sources, but also to stationary and/or dependent sources
(we could extend the discussion in [3] to AD mixtures), provided there exists at
least a tiny TF zone per source where this source occurs alone. We experimen-
tally showed the usefulness of clustering techniques in our methods. Our future
investigations will consist in a more detailed characterization of the experimental
performance of the proposed approaches. We will also aim at extending these
methods to general convolutive mixtures.
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