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Abstract

The blind speech separation of convolutive mixtures can be per-

formed in the time-frequency domain. The separation problem

becomes to a set of instantaneous mixing problems, one for

each frequency bin, that can be solved independently by any

appropiated instantaneous ICA algorithm. However, the arbi-

trary order of the estimated sources in each frequency, known

as permutation problem, has to be solved to succesfully recover

the original sources. This paper deals with the permutation pro-

blem in the general case ofN sources andN observations. The

proposed method combines a correlation approach based on the

amplitude correlation property of speech signals, and an optimal

pairing scheme to align the permuted solutions. Our method is

robust to artificially permuted speech signals. Experimental re-

sults on simulated convolutive mixtures show the effectiveness

of the proposed method in terms of quality of separated signals

by objective and perceptually measures.

Index Terms: convolutive mixtures, permutation correction,

frequency domain separation

1. Introduction

The blind separation of speech signals in reverberant envi-

ronments is usually performed in the time-frequency domain,

where the separation problem can be decomposed into a set of

smaller problems for each frequency, [1]. In particular, each

subproblem consists of an instantaneous mixture of complex-

valued sources, for which many methods can be applied. The

main disadvantage in frequency-domain methods is the well

known problem of permutation ambiguity, due to the fact that

sources estimated independently in each frequency will present

an arbitrary ordering. The permutation ambiguity becomes a se-

vere problem when the number of sources and sensors is large.

In the literature, there are many approaches to overcome the per-

mutation problem. Basically, those methods are based on one

of the following two assumptions, or in a combination of both,

[2]: consistency of the filter coefficientes and consistency of the

spectrum of the recovered signals. However a great number of

those approach works only on the 2!2 case, and unfortunately,
such method cannnot be directly extended to the generalN!N
case. Some approaches that overcome the general case can be

found in [3, 4]. Such methods exploits the inter-frequency co-

herence of the spectrum of speech signals, known as amplitude

modulation correlation property [5]. In this work, we propose

a new algorithm for solving the permutation ambiguity in the

general N ! N case based on this property.

This paper is structured as follows. We introduce the signal

model and notation in Sect. 2. In Sect. 3, we present the pro-

posed permutation method. Sect. 4 summarizes the results of

our simulations. Finally, conclusions are drawn in Sect. 5.

2. BSS of convolutive mixtures in the
frequency-domain

Let us consider the standard convolutive mixing model of N
sources, sj(n), j = 1, · · · , N , in a noiseless situation

xi(n) =
NX

j=1

!X

k="!

hij(k)sj(n " k), i = 1, · · · , N , (1)

where xi(n), i = 1, . . . , N are the N sensor signals, and

hij(n) is the impulse response from source j to microphone
i. LetXi(f, t) and Si(f, t) be, respectively, the STFT of xi(n)
and si(n), andHij(f) be the frequency response of the channel
hij(n). From (1) we obtain

Xi(f, t) =
NX

j=1

Hij(f)Sj(f, t), i = 1, · · · , N , (2)

which can be rewritten in matrix notation as

X(f, t) = H(f)S(f, t) , (3)

where X(f, t) = [X1(f, t), . . . , XN (f, t)]T , S(f, t) =
[S1(f, t), . . . , SN (f, t)]T , and H(f) is the frequency response
of the the mixing filter, Hij(f) = [H(f)]ij #i, j. The

separation matrices B(f) can be estimated independently in
each frequency bin by any appropiated instantaneous separation

method. The vector of outputs or estimated sources Y(f, t) =
[Y1(f, t), . . . , YN(f, t)]T is then biven by

Y(f, t) = B(f)X(f, t) . (4)

As each instantaneous separation problem is solved indepen-

dently, the recovered signals will have an arbitrary permutation

and scaling in each frequency bin. In consequence, Y(f, t) is
usually modelled as

Y(f, t) $ !(f)D(f)S(f , t) , (5)

where !(f) is a permutation matrix and D(f) is a diagonal
matrix of complex escalars, representing respectively the per-

mutation and scaling ambiguities. The scaling ambiguity is not

a serious problem, In fact, it causes an overall filtering of the

sources, which effect can be reduced by using the minimal dis-

tortion principle [6]

B(f) % diag{B(f)"1}B(f). (6)

However, if the order of the recovered sources are not the

same in all frequency bins, even when perfect separation is

achieved, the transformation into the time domain will be erro-

neous. Therefore, it is necessary to determine the permutation
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matrix P#(f) in each frequency bin in such way that the order
of the outputs remains constant over all the frequencies,

Y(fk, t) % P#(fk)Y(fk, t). (7)

The estimated sources yj(k) are finally recovered by converting
the ordered separated time-frequency representations Yj(f, t)
back to the time domain.

3. Proposed method

The proposed method exploits the amplitude modulation corre-

lation property of speech signals by means of a new measure of

coherence between extracted components. We adopt a correla-

tion approach over the components transformed in a logaritmic

scale, and then measure the mean similarity of a separated com-

ponent in a determined frequency bin with all separated compo-

nent in all the frequencies. Finally, we use the optimal pairing

proposed in [7] to arrange the estimated components.

First, we transform the profiles of the separated components

in a logaritmic scale, since it will exhibit clearly the coherence

property of speech signals [8]. We denote

Y dB
j (fk, t) = ln

`
|Yj(fk, t)|2

´
, (8)

the logaritmic amplitude of Yj(f, t) at a frequency bin fk , and

!ij(fk, fp), the correlation coefficient between Y dB
i (fk, t) and

Y dB
j (fp, t)

!ij(fk, fp) = !(Y dB
i (fk, t), Y dB

j (fp, t)) =

=
rij(fk, fp) " µi(fk)µj(fp)

"i(fk)"j(fp)
, & ["1, 1] , (9)

where rij(fk, fp) = E
˘
Y dB

i (fk, t)Y dB
j (fp, t)

¯
,

µi(fk) = E
˘
Y dB

i (fK , t)
¯

and "i(fk) =q
E
˘
(Y dB

i (fk, t))2
¯
" µ2

i (fk) are respectively, the co-

rrelation, mean and standard deviation. The operator E {·}
denotes expectation. Consider now the set of STFT speech

sources S(f, t). We can assume that one speech signal

will have a high correlation coefficients in nearly frequency

bins. However, this assumption is not always correct if the

frequencies are far apart. To overcome this, we define the mean

correlation coefficient !̄ij (fk) as an averaged measure of the
correlation coefficients

!̄ij (fk) =
1

nF

nFX

p=1

!ij(fk, fp), & ["1, 1] , (10)

where nF is the number of frequency bins. It is reasonable to

expect that the mean correlation coefficient of the sources will

satisfy the following property #fk

!̄ii (fk) > !̄ij(fk) #i, j = 1, · · · , N , j '= i. (11)

This property is illustrated in Fig. 1, where we show the mean

correlation coefficients of one source with respect to itself and

2 other sources. As we can see, the assumption of Equation
11 is clearly valid in most frequency bins, except at lower fre-

quencies, where speech signals does not always satisfy the am-

plitude modulation correlation property . When a permutation

happens in a frequency fk, for example, if we apply a per-

mutation matrix !k to the sources in the frequency bin fk to

obtain a permuted sources S̃(f, t) = S(f, , t),#f '= fk and

S̃(fk, t) = !kS(fk, t), the mean correlation coefficients of
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Figure 1: Mean correlation coefficients between one speech and

itself, denoted as !̄11, and 2 other speech signals, denotes as !̄12

and !̄13.
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Figure 2: Sum of the mean correlation coefficients,
1
N

PN
i=1 !̄ij(fk,!k), of 3 speech signals for all the possible

permutations. With 3 sources, there are 3! = 6 possible per-
mutations in each frequency bins, including the identity matrix.

The blue line, which is the upper, corresponds with the iden-

tity permutation, whereas the rest of lines correspond with the

remainig 5 permutation matrices.

the permuted sources calculated in fk will not satisfy the Equa-

tion 11 #i. Hence, the sum of the mean correlation coefficients
!̄ii(fk) will be maximum if the components in fk are correctly

ordered. If we denote !̄ij(fk,!k) as the mean correlation co-
efficients of the permuted sources, we can write

1
N

NX

i=1

!̄ii (fk, IN ) >
1
N

NX

i=1

!̄ii(fk,!k),

#!k & P ,!k '= IN, (12)

where P is the set of all possible permutation matrices of di-

mension N ! N . In Fig. 2 we show this property for N = 3
speech signals. As we can expect , Equation 12 is valid in most

frequency bins, except at lower frequencies. However, any per-

mutation at these frequencies will not degrade the quality of the

speech signals, because the power spectrum in such frequencies

are very low. The same property of Equation 12 must be sat-

isfied if we consider the estimated sources instead the original

sources, when the separation has been succesfully obtained in

each frequency bin. To appropiately use the previous property,

we adopt the optimal pairing scheme proposed in [7], where the

optimal pairing is defined as the one which minimizes the sum

of some distances related to the separated components. Let us
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define an auxiliary distance d (fk,Pk) as

d (fk, Pk) =
NX

i=1

!̄ii (fk, IN) "
NX

i=1

!̄ii(fk,Pk). (13)

From Equation 12, we obtain that the minimization of

d (fk,Pk) with respect to all the possible permutation matrices,
will yield to the desired solution P#(fk)

P#(fk) = arg min
Pk$P

d (fk,Pk) (14)

Since the term
PN

i=1 !̄ii (fk, IN ) is a constant, the optimization
problem of Equation 14 reduces to

P#(fk) = arg max
Pk$P

NX

i=1

!̄ii(fk,Pk). (15)

3.1. Summary of the proposed algorithm

Due to the high number of permutations to solve, the algorithm

is implemented in a iterative way. In each iteration, the three

following steps are excecuted:

1. Step 1: Calculate the mean correlation coefficients

!̄(l)
ij (fk) for all N separated components and for all fre-

quency bins. The superindex (l) denotes the iteration
index of the algorithm.

2. Step 2: Find at each fk the permutation matrix P (l)(fk)
that maximizes the sum of the mean correlation coeffi-

cients as

P
(l)(fk) = arg max

P(fk)$P

NX

i=1

!̄ii(fk,Pk). (16)

3. Step 3: If P(l)(fk) '= IN for any fk , reorder the esti-

mated components as

Y
(l+1)(fk, t) = P

(l)(fk)Y(l)(fk, t), (17)

set the iteration index l = l + 1 and go to step 1. Other-
wise, it is considered that the estimated components are

well aligned. Set P#(fk) = P(l)(fk) and end the algo-
rithm.

3.2. Robustness in perfect separation situation

In this section we present an illustrative example of the robust-

ness of the proposed method in perfect separation situation. For

that, we artificially applied an arbitrary permutation matrix to

a set of speech souces S(f, t) in each frequency bin. The re-
sult corresponds with the outputs of a frequency domain blind

source separation scheme, when the separation is achieved per-

fectly in all the frequencies. Then, we tried to recover the o-

riginal sources by using the proposed correction algorithm. In

all the simultations, forN = 2, · · · , 8 speech signals, the algo-
rithm correctly estimate the original sources, remaining some

permuted solutions at lower frequencies, as we expected. In Fig.

3, we show the results for one simulation of 6 speech sources.

3.3. Impovement of the initialization of algorithms

In order to help the fast convergence of the proposed method

reducing the number of iterations, we have adopted an initiali-

zation procedure for the algorithms that solve the instantaneous
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Figure 3: Performance of the proposed algorithm in perfect se-

paration situation for N = 6 speech signals. In column a),

b) and c) we plot respectively the spectrograms of the original

speech signals, the artificially permuted sources and the recons-

tructed sources by using the proposed algorithm. For clarity, we

have arranged the outputs acording to the original sources.

separation problem at each frequency bin[9]. The main contri-

bution of this initialization procedure is that it reduces the num-

ber of permuted solutions in the separated components. The

initialization can be used for those ICA algorithms that use the

whitening of the observations as a preprocessing step. These

whitened observations are obtained as

Z(f, t) = W(f)X(f, t) , (18)

whereW(f) is chosen so as to enforce the covariance of Z(f, t)
to be the identity matrix. The outputs or separated components

are obtained by multiplying the whitened observations by an

unitary matrix U(f)H ,

Y(f, t) = U(f)H
Z(f, t) , = B(f)X(f, t). (19)

The initialization procedure calculates the initial value of the

separation matrix as

Uini(f) = QLQ
H
R , (20)

where QL and QR are, respectively, the left and right singular

vectors of the following factorization

[QL,D,QR] = svd

 
W(f)

X

i

#iBo(f " i)H

!
, (21)

and Bo(f " i) is the separation matrix estimated in a previous
frequency f " i.

4. Simulations

We considered the 2!2 and 3!3mixing system for the configu-
ration of microphones and loudspeakers showed in Fig. 4. The
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Figure 4: Microphone and loudspeaker positions for the simu-

lated room recordings in a), 2 ! 2 case, and in b), 3 ! 3 case.
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Figure 5: Global filter obtained in 3 ! 3 mixture.

sources were randomly chosen from male and female speak-

ers in a database ”http://www.imm.dtu.dk/pubdb/p.php?4400”

of 12 individual recordings of 5 s duration and sam-

pled at 10 KHz for the 2 ! 2 case, and in a database

”http://media.paisley.ac.uk/not campbell/Roomsim/” of 8 indi-
vidual recordings of 10 s duration and sampled at 8 KHz
for the 3 ! 3 case. The STFT were computed using

Hanning windows of length 1024 samples, FFT of 2048
points and 90% overlap. We used The Roomsim toolbox

”http://media.paisley.ac.uk/not campbell/Roomsim/” to deter-

mine the channel impulse responses. The separation matrices

B(f) was estimated by the Thin-ICA algorithm [10] using the
initialization procedure. After that, we fixed the ambiguities

and then we converted the ordered outputs back to the time do-

main. In Fig. 5 we present an illustrative example of the global

filter obtained in our simulations. As we can see, our method

sucessfully recover the original sources. The quality of the

estimated sources was measured in terms of both objective and

perceptually measures. The objective measures are the Source

to Distortion Ratio (SDR), the Source to Interferences Ratio

(SIR) and the Source to Artifacts Ratio (SAR) computed by the

BSS EVAL toolbox , [11], whereas the perceptually measure

is the Perceptual Evaluation of Speech Quality (PESQ), which

matlab code can be found in [12]. The maximum value of PESQ

index was 4.5. The obtained results are presented in Table 1.

Table 1: SIR (dB), SAR (dB), SDR (dB) and PESQ index for

2! 2 and 3! 3 cases. Results were averaged over 23 mixtures
in the 2 ! 2 case, and 15 mixtures in the 3 ! 3 case.

SIR(dB) SAR(dB) SDR(dB) PESQ

2x2 22.15 12.79 12.13 2.95

3x3 22.32 10.88 10.31 2.56

5. Conclusions

We have proposed a method for solving the permutation pro-

blem in frequency domain BSS of convolutive mixtures of

speech signals, in the general case ofN sources andN observa-

tions. The proposed method combines the amplitude correlation

modulation property of speech signals and an optimal pairing

scheme to align the permuted solutions. We have defined a new

measure of coherence, the mean correlation coefficients, which

allows to succesfully arrange the estimated components. The

robustness of the algorithm has been illustrated for artificially

permuted sources. Simulations show that our method provides

good performance for the case where two or three sources are

mixed in a room with reverberation, by means of both objective

and perceptually measures.
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