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Abstract

Blind source separation represents a signal processing technique with a large potential for noise reduction. However,

its application in modern digital hearing aids poses high demands with respect to computational efficiency and speed of

adaptation towards the desired solution. In this paper, an algorithm is presented which fulfills these goals under the

idealized assumption that the superposition of sources in rooms can be approximated as a superposition under anechoic

conditions. Specifically, attenuation, the signals� finite propagation speed, and diffuse noise are accounted for, whereas
reflections and reverberation are considered as negligible effects. This approximation is referred to as the �free field�
assumption. Starting from a general blind source separation algorithm for Fourier transformed speech signals, the free

field assumption is incorporated into the framework, yielding a simple, fast and adaptive algorithm that is able to track

moving sources. Implementation details are given which were found to be indispensable for fast and robust signal

separation. Performance is evaluated both by simulations and experimentally, including separation of a moving and a

fixed speaker in a recorded real anechoic environment. The potential benefits and shortcomings of this algorithm are

discussed with regard to its inclusion into the signal processing framework of digital hearing aids for real reverberant

acoustic situations.
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1. Introduction

The need to separate some sound sources from

others is ubiquitous in acoustic signal processing. A

typical example is the field of signal processing for

the hearing impaired, where speech intelligibility

needs to be enhanced in situations with multiple
simultaneous speakers or with speech embedded in

a background of noise. Similar problems are en-

countered in the field of automatic speech recog-

nition where recognition rates still drastically

degrade in the presence of interfering sources.

Blind source separation (BSS) and the related

field of independent component analysis (Jutten

and H�eerault, 1991; for an introduction refer to,
e.g., Hyv€aarinen et al., 2001) represent a relatively
novel approach to this problem which has gained

some attention over the past years. In contrast to

other noise reduction schemes, BSS techniques aim
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at incorporating as little prior knowledge as pos-

sible into the algorithms, hence the term �blind�.
The key assumptions made incorporate basic

knowledge about the (second-order or higher-or-
der) statistics of the different sources and about

the principles of the mixing process by which the

sound source signals are superimposed to form

the recorded microphone signals. However, ex-

plicit knowledge about, e.g., typical source or

noise spectra, or spatial locations of microphones

or sources are not made which distinguishes BSS

from such techniques as beam-forming, directional
filtering and spectral subtraction.

The lack of a priori knowledge opens a great

potential of BSS techniques, with some remarkable

results for separating speech from interfering

sounds. However, the generality of the assumed

demixing filters also results in a large number of

free parameters which need to be determined to

achieve separation, and in the related problem of
finding the optimal parameters fast, with modest

computational requirements, and adaptively to

compensate for changes in the acoustic environ-

ment. Therefore, the general problem of separating

sources that have been mixed in real rooms with

realistic reverberation is still an active area of re-

search.

Recently proposed algorithms for convolutively
mixed sources that have been shown to perform

well with real-room sound recordings include Lee

et al. (1998), Sahlin and Broman (1998), Murata

et al. (2001) and Anem€uuller et al. (2000). In par-
ticular, the algorithm of Parra and Spence (2000a)

has gained attention, since the algorithm performs

successful separation in some difficult acoustic

situations. An adaptive version of this algorithm
has been presented by the same authors (Parra and

Spence, 2000b), showing good separation after as

little as 1 s of signal time and reaching its optimum

separation after about 6 s time. However, evalua-

tion of the algorithm was done for spatially fixed

sources, only.

One area of application for BSS algorithms is

automatic speech recognition, results on which
have been reported by several authors (e.g., An-

em€uuller et al., 2000; van der Kouwe et al., 2001).
This field appears to be promising for prepro-

cessing by BSS algorithms since the acoustic en-

vironment is relatively stationary, the delay due

to preprocessing is not problematic, and today�s
desktop computers offer fast computation.

In contrast, the field of signal processing for
digital hearing aids poses much stronger con-

straints on algorithms. Here, the acoustic envi-

ronment can change rapidly due to head turns of

the subject, the processing delay should be on the

order of only few tens of milliseconds, and the

computational cost of algorithms should be

modest. Therefore, potential BSS algorithms for

hearing aids should be fast, simple and adaptive. It
might not be of greatest importance to aim at the

optimal solution in terms of quality of separation,

but to simplify the problem at hand by introducing

additional constraints and assumptions, hence

making the algorithms �semi-blind�.
Following this idea, the approach presented in

this paper is based on the assumption that the

most prominent effects induced by real rooms�
transfer functions are attenuation and delay of the

propagating sounds. This �free field� assumption
describes sound propagation in an ideal anechoic

chamber. Note, however, that it is approximately

met in real rooms if the direct sound is much larger

than any acoustic reflections from nearby surfaces

such as, e.g., the walls, the floor or the ceiling of

the respective room. This is primarily the case for a
small distance between sound sources and micro-

phones and for a room with a short reverberation

time, respectively. Conversely, the assumption is

less fulfilled with an increasing reverberation time

and, in addition, the larger the distance between

the sound sources and the microphones gets in

comparison to the distance to any reflecting sur-

faces. The diffuse, spatially uncorrelated �tail� of
the reverberation process, however, does not limit

the performance in the same way as the early re-

flections referred to above, because an uncorre-

lated noise at both recording microphones does

not interfere with the assumptions under which the

algorithm still operates.

It should also be noted that BSS algorithms for

delayed and attenuated sources have been pro-
posed previously in the literature. Platt and Faggin

(1992) report results on an adaptive time-domain

algorithm that achieves separation after 2.5 s sig-

nal time for digitally delayed and mixed signals.
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Torkkola (1996) proposes a time-domain algo-

rithm which adapts from 15 ms long signal blocks

and achieves separation after 1.5–3 s. The algo-

rithm is also evaluated using digitally mixed sig-
nals, only, and local minima of the proposed

algorithm are found. Algorithms for delayed

sources have also been investigated by Emile and

Comon (1998) and by Yeredor (2001).

In contrast, the algorithm presented in this pa-

per is based on a frequency domain approach to the

BSS problem, that could in principle be used to

separate sources that have been mixed by an arbi-
trary convolution operation (including reverbera-

tion). By incorporating the free field constraint into

this framework, an adaptive algorithm is derived

that separates sources within �250 ms of signal
time and is easily implemented in real-time. Due

to its adaptive nature, separation of mixtures of

moving speakers in anechoic environment is also

possible. Since the algorithm works entirely in the
frequency domain, it is particularly well suited for

incorporation into the filterbank-based noise re-

duction schemes of modern hearing aids.

The outline of the present paper is as follows. In

Section 2 the unconstrained and constrained

acoustic mixing and the corresponding demixing

models are introduced. Based on the maximum

likelihood principle, a BSS algorithm for Fourier
transformed speech signals is derived in Section 3.

Section 4 is devoted to the incorporation of the

free field constraint into the algorithm. Imple-

mentation details are given in Section 5, and

evaluation is performed in Section 6.

Throughout the paper, vectors and matrices are

denoted by bold font; time-domain signals are

denoted by, e.g., xðtÞ and the corresponding fre-
quency domain signals by xðT ; f Þ; the imaginary
unit

ffiffiffiffiffiffiffi
�1

p
is denoted as i. Transposition is denoted

by xT, complex conjugation by x�, transposition

and complex conjugation by xH.

2. Acoustic mixing and demixing

Mixing of sound sources in air is linear and

involves finite propagation speed and reverbera-

tion. The signal component originating from
source sjðtÞ, j ¼ 1; . . . ;N , and recorded by micro-

phone i, i ¼ 1; . . . ;N , is therefore obtained as the
convolution of sjðtÞ with the room�s impulse re-
sponse aijðtÞ from the place of the source to the

place of the microphone. The microphone signals
xiðtÞ stemming from simultaneously active sources
are composed as the sum over the individual

source components, together with some small

measurement noise niðtÞ,

xiðtÞ ¼
X
j

Z
dt0aijðt0Þsjðt � t0Þ þ niðtÞ: ð1Þ

In the free field, sound propagating from source to

microphone is attenuated by a gain factor aij and
delayed by a time sij. The corresponding impulse
response simplifies to aijðtÞ ¼ aijdðt � sijÞ, where
dðtÞ denotes the Dirac delta function. Therefore,
the free field mixing system is

xiðtÞ ¼
X
j

aijsjðt � sijÞ þ niðtÞ: ð2Þ

If no prior knowledge is assumed to be known

about the sources or themixing system, an arbitrary

gain factor ~aaj and time delay ~ssj can be interchanged
between each source and the corresponding col-

umn of the mixing system aijðtÞ without altering
the microphone signals. Specifically, setting

a0ijðtÞ ¼
aij
~aaj

dðt � sij þ ~ssjÞ; ð3Þ

s0jðtÞ ¼ ~aajsjðt þ ~ssjÞ; ð4Þ

leaves the mixed signals invariant. Furthermore,

any permutation pðjÞ of the sources sjðtÞ and of the
corresponding columns of aijðtÞ leaves the mixed
signals unchanged. The corresponding rescaling-

and permutation-ambiguities for linear, memory-

less mixtures of sources are well-known in the field

of BSS (Tong et al., 1991).
Since the absolute gain factors and propagation

times from the sources to the microphones are in

principle unidentifiable, we are only concerned

with the level- and time differences between the

source components received at different micro-

phones and normalize the diagonal elements of

aijðtÞ to unity. The corresponding mixing system
for the situation of two sources recorded by two
microphones in the free field is therefore
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x1ðtÞ ¼ s1ðtÞ þ a12s2ðt � s12Þ þ n1ðtÞ;
x2ðtÞ ¼ s2ðtÞ þ a21s1ðt � s21Þ þ n2ðtÞ;

ð5Þ

which is illustrated in Fig. 1.

2.1. Frequency domain formulation

The approach pursued in the present paper is to

separate the sources in the frequency domain. To

this end, spectrograms are computed from the time

domain signals using the windowed short time

Fourier transformation (windowed STFT). The
spectrogram xjðT ; f Þ corresponding to signal xjðtÞ
is defined as

xiðT ; f Þ ¼
X2K�1
t¼0

xiðT þ tÞhðtÞe�ipft=K : ð6Þ

Indices t ¼ 0; 1; . . . and f ¼ 1; . . . ;K denote time

and frequency, respectively. The short-time spectra

are computed at times T ¼ 0;DT ; 2DT ; . . . using
the window function hðtÞ, e.g., the hanning win-
dow. Similarly, aijðf Þ, sjðT ; f Þ and niðT ; f Þ denote
the spectrograms of aijðtÞ, sjðtÞ and niðtÞ, respec-
tively. Note that for the sake of deriving the al-
gorithms� update equations, aijðtÞ is assumed to be
short and stationary over time, and therefore its

STFT does not depend on time T. The algorithm�s
ability to operate in non-stationary environments

is implemented by using the adaptive optimization

scheme described in Section 4.1.

In the frequency domain formulation, the con-

volution in the acoustic mixing model (1) factor-
izes, provided the window-length is larger than the

length of the impulse responses aijðtÞ, yielding the
mixing model

xiðT ; f Þ ¼
X
j

aijðf ÞsjðT ; f Þ þ niðT ; f Þ: ð7Þ

Under the free field assumption, model (7) is a

good approximation to the acoustic mixing, and
the transfer functions aijðf Þ are computed from the
corresponding level- and time differences (2) as

aijðf Þ ¼ aije�i2pf sij : ð8Þ

In the remainder of the paper, the focus is on the

case of two microphones and two sources. How-

ever, the discussion directly carries over to the

N 
 N -case. The frequency domain formulation of
the mixing system (5) therefore is

x1ðT ; f Þ
x2ðT ; f Þ

� �
¼ 1 a12ðf Þ

a21ðf Þ 1

� �
s1ðT ; f Þ
s2ðT ; f Þ

� �

þ n1ðT ; f Þ
n2ðT ; f Þ

� �
; ð9Þ

and the unmixed signals� spectrograms ûuiðT ; f Þ are
obtained as

ûuiðT ; f Þ ¼
X
j

ŵwijðf ÞxjðT ; f Þ; ð10Þ

where ŵwijðf Þ denotes the separation filters. With-
out noise, the perfect solution for the parameters

ŵwijðf Þ would be

ŵw11ðf Þ ŵw12ðf Þ
ŵw21ðf Þ ŵw22ðf Þ

 !
¼ cðf Þ

1 �a12ðf Þ
�a21ðf Þ 1

� �
;

cðf Þ ¼ ð1� a12ðf Þa21ðf ÞÞ�1;
ð11Þ

which recovers the first source as recorded at the

first microphone if the second source was silent

and similarly the second source as recorded at the

second microphone.
In the presence of noise niðT ; f Þ, however, the

complex factor cðf Þ results in the amplification of
the noise energy at harmonic frequencies since the

magnitudes ja12ðf Þj and ja21ðf Þj of the off-diagonal
elements are in practice close to unity (if a distance

between microphones of 35 cm or less is assumed,

which is reasonable for hearing aids; cf. to Section

6 for experimentally obtained parameter values).
Therefore, it is advisable to set ŵw11ðf Þ ¼ ŵw22ðf Þ ¼
1 resulting in the separating system

Fig. 1. The mixing system assumed for the current approach.
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ûu1ðT ; f Þ
ûu2ðT ; f Þ

� �
¼ 1 ŵw12ðf Þ

ŵw21ðf Þ 1

� �
x1ðT ; f Þ
x2ðT ; f Þ

� �
;

ð12Þ
which is depicted in Fig. 2. Note that after this
normalization the filters ŵwijðf Þ do not correspond
to the inverse of aijðf Þ and, hence, filtered versions
of the original sources will be recovered. However,

the noise energy gets limited to

EfjûuiðT ; f Þ � siðT ; f Þjg

� E jn1ðT ; f Þj2
n o

þ E jn2ðT ; f Þj2
n o

; ð13Þ

where the level differences between the micro-
phones, ja12ðf Þj and ja21ðf Þj, have been approxi-
mated by unity.

3. Blind source separation algorithm for Fourier

transformed speech

The superposition of sources in the frequency

domain (7) has the form of a matrix vector prod-
uct in each frequency channel f. In contrast to the

time domain representation (5), which contains

coupling across different time-points, Eq. (7) can

be regarded as a set of K decoupled instantaneous

BSS problems, albeit with complex valued vari-

ables. Several algorithms (e.g., Bell and Sejnowski,

1995; Cardoso and Laheld, 1996; Pham et al.,

1992) have been proposed in the literature to solve
the instantaneous BSS problem. However, most

are concerned with real valued variables, whereas

few consider complex valued signals (Back and

Tsoi, 1994; Bingham and Hyv€aarinen, 2000; Card-
oso and Laheld, 1996; Fiori, 2000; Moreau and

Macchi, 1994; Smaragdis, 1998; cf. also to the

discussion at the end of this section).

In this section, the standard method of maxi-
mum likelihood estimation is applied to the

problem of separating Fourier transformed speech

signals to obtain an adaptation algorithm for the

complex valued separating parameters ŵwijðf Þ. It
is noted that the derivation given in this section
applies to the general frequency domain mixing

model (7). The combination of this section�s learn-
ing rule with the prior knowledge about the free

field constraint (8) for the mixing model is given in

Section 4.

3.1. Maximum likelihood estimation

Speech signals, both in the time and in the fre-

quency domain, exhibit a non-Gaussian histogram

with positive kurtosis, i.e., small signal amplitudes
occur with higher probability than for a Gaussian

distribution of equal variance, and also large am-

plitudes tend to be more likely than for a Gaussian

(e.g., Brehm and Stammler, 1987; Zelinski and

Noll, 1977, and reference therein). Intermediate

amplitudes, in contrast, occur with lower proba-

bility than it would be the case for a Gaussian

distribution.
This property allows to distinguish between a

speech signal originating from a single source and

a mixture of speech signals from multiple inde-

pendent sources, since the mixture�s histogram is

more Gaussian, due to the central limit theorem. A

large class of algorithms for blind source separa-

tion, those which are based on higher-order sta-

tistics (e.g. Comon, 1994), exploit this principle by
aiming to reconstruct unmixed signals whose his-

togram resembles the non-Gaussian histogram of

the original source signals.

The maximum likelihood principle (e.g. Bishop,

1995) represents a general statistical tool for the

estimation of optimal parameter values. As such,

it can be employed to derive algorithms for esti-

mating the separation parameters in BSS tasks, as
has first been shown by Pham et al. (1992) for the

separation of real-valued time-domain signals. To

give a brief outline, under the maximum likelihood

approach it is aimed to find parameters of the

mixing system A which maximize the probability
PðxjAÞ that measured data x has been generated
by this particular A. Assuming that the sources
sðT ; f Þ can be recovered using the demixing system
Wðf Þ ¼ A�1ðf Þ, it can be shown (MacKay, 1996)

Fig. 2. The separating system assumed to unmix the signals

from the mixing system depicted in Fig. 1.
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that for a single observation xðT ; f Þ the log-like-
lihood LðWðf Þ; xðT ; f ÞÞ of matrix Wðf Þ being the
desired unmixing system is

LðWðf Þ; xðT ; f ÞÞ ¼ logPðxðT ; f ÞjWðf ÞÞ
¼ log detðWðf ÞÞ

þ logPðWðf ÞxðT ; f ÞÞ: ð14Þ

The separating system Wðf Þ is obtained by max-
imizing the expectation of LðWðf Þ;xðT ; f ÞÞ with
respect to Wðf Þ,

Wðf Þ ¼ argmaxWðf ÞE LðWðf Þ;xðT ; f ÞÞf g: ð15Þ

3.2. Model density for P (s(T ; f ))

In order to use the log-likelihood (14) to build

an optimization algorithm based on it, the sources
probability density function (pdf) PðWðf ÞxðT ;
f ÞÞ ¼ PðsðT ; f ÞÞ needs to be modeled. Due to the
sources� mutual independence it follows that their
joint pdf PðsðT ; f ÞÞ factorizes into the product of
the individual source pdfs, PðsðT ; f ÞÞ ¼ PjPðsjÞ,
so that a model for PðsjðT ; f ÞÞ is needed. Since the
Fourier transformed speech signal sjðT ; f Þ is

complex, the model for PðsjðT ; f ÞÞ must be a two-
dimensional pdf, taking into account real and

imaginary part of sjðT ; f Þ.
First, it is noted that the phase argðsjðT ; f ÞÞ

depends on two quantities: the speech signal sjðtÞ
and the position of the window hðtÞ relative to the
speech signal. Since the window position is chosen

independently of the signal, and since the signal

itself is non-periodic (at least for time-scales larger
than 100 ms), it immediately follows that all values

of argðsjðT ; f ÞÞ have equal probability and, more-
over, thatPðsjðT ; f ÞÞmust necessarily be circularly
symmetric, i.e., PðsjðT ; f ÞÞ only depends on the
magnitude jsjðT ; f Þj and can be written as

PðsjðT ; f ÞÞ ¼ gðjsjðT ; f ÞjÞ ð16Þ

for some properly chosen function gð�Þ which
models the dependence of PðsjðT ; f ÞÞ on the

source amplitude.

In accordance with time-domain BSS algo-
rithms, which frequently model the pdf of real

valued source signals s as PðsÞ ¼ cosh�1ðsÞ (Mac-
Kay, 1996), the function gð�Þ is chosen to be

gðxÞ ¼ c�1 cosh�1ðxÞ; c ¼
Z
dxgðjxjÞ: ð17Þ

Eq. (17) is not intended to be a precise model
for the pdf of speech signals. Rather, (17) repre-

sents a compromise between a faithful approxi-

mation to the sources� pdf and a function gð�Þ that
results in an adaptation rule with good conver-

gence properties. It is acknowledged that speech

signals exhibit a higher kurtosis than is accounted

for by (17). On the other hand, choosing gð�Þ to
model the true pdf of speech results in the non-
linear term (20) for the gradient (19) being diver-

gent at ui ¼ 0. This compromise is justified by the
findings of many researchers (e.g. Lee, 1998, and

references therein) that an approximation to the

true pdf is in practice sufficient, which has also

been justified by theoretical results (Yang and

Amari, 1997). It is important, however, that both

true and model pdfs have the same sign of kurtosis
(Lee, 1998), which is fulfilled in the present situa-

tion. Applicability of (17) is also confirmed by the

results obtained with the proposed algorithm.

Note that from the non-Gaussianity and circu-

lar symmetry ofPðsjðT ; f ÞÞ it follows immediately,
that the real- and imaginary-part of sjðT ; f Þ are not

independent, since for any two independent ran-

dom variables with circular symmetric distribu-
tion it follows that their pdfs are Gaussian (see

Papoulis, 1991).

3.3. Adaptation rule for BSS in the frequency

domain

In order to obtain an adaptive algorithm, sto-

chastic gradient ascent optimization is used to

maximize the log-likelihood. Since the searched
parameters wij are complex valued, optimiza-

tion is based on the complex stochastic gradient

dwijðT ; f Þ,

dwijðT ; f Þ ¼
o

oRwijðf Þ

�
þ i o

oIwijðf Þ

�

 LðWðf Þ; xðT ; f ÞÞ; ð18Þ

where o=oRwijðf Þ denotes differentiation with re-
spect to the real-part of wijðf Þ and o=oIwijðf Þ
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differentiation with respect to the imaginary-

part.

As the result of the derivation, the matrix

rWðT ; f Þ with elements dwijðT ; f Þ is given by

rWðT ; f Þ ¼ I



þ vðT ; f ÞuHðT ; f Þ
�
W�Hðf Þ; ð19Þ

where I is the identity matrix and the unmixed
signals are denoted as uðT ; f Þ ¼ Wðf ÞxðT ; f Þ ¼
ðu1ðT ; f Þ; u2ðT ; f ÞÞT. The vector vðT ; f Þ ¼ ðv1ðT ;
f Þ; v2ðT ; f ÞÞT is computed as a non-linear function
of uðT ; f Þ,

viðT ; f Þ ¼ � uiðT ; f Þ
juiðT ; f Þj

g0ðjuiðT ; f ÞjÞ
gðjuiðT ; f ÞjÞ

ð20Þ

¼ � uiðT ; f Þ
juiðT ; f Þj

tanhðjuiðT ; f ÞjÞ; ð21Þ

where g0ð�Þ is the derivative of gð�Þ.
It is well known for BSS algorithms that the

gradient (19) leads to a rather slow convergence to

the separating solution. Speed of convergence can

be improved by orders of magnitude by using the

modified gradient

~rrWðT ; f Þ ¼ ðrWðT ; f ÞÞWHðf ÞWðf Þ
¼ I



þ vðT ; f ÞuHðT ; f Þ
�
Wðf Þ; ð22Þ

which has been denoted as the �natural� or �relative�
gradient by Amari et al. (1996) and Cardoso and

Laheld (1996), respectively.

We note that in contrast to the unmixing system

proposed in (12), the parameters w11ðf Þ and w22ðf Þ
will not converge to 1. Rather their optimum val-
ues will be such that the variance of the unmixed

signals matches the variance specified by choice of

the sources� pdf gð�Þ. This fact simply corresponds
to a different scaling of the rows of wijðf Þ with
respect to the rows of ŵwijðf Þ in (12). The rela-
tionship between the two is given by

ŵwijðf Þ ¼ wijðf Þ=wiiðf Þ; ð23Þ

or, in terms of the unmixed signals,

ûuiðT ; f Þ ¼ uiðT ; f Þ=wiiðf Þ: ð24Þ

Since PðsðT ; f ÞÞ is assumed to be circularly sym-
metric, there is no preferred complex phase of the
unmixed signals. Hence, each row of Wðf Þ can be
multiplied by a complex number of magnitude one

without altering the likelihood LðWðf Þ; xðT ; f ÞÞ.
To fix this invariance, we require that wiiðf Þ is
normalized to be real and positive for all i,

wiiðf Þ 2 R and wiiðf ÞP 0: ð25Þ

The learning rule (22) should be compared to the

corresponding equation for real variables. In the

case of real valued signals, the only difference is in

the definition of vi (20), which simplifies to

vi ¼ � g0ðuiÞ
gðuiÞ

: ð26Þ

i.e., in the case of complex signals, the non-lin-

earity is simply computed from the magnitude and
the result acquires the original complex phase.

It is noted that the non-linearity (20) for cir-

cular symmetric source distributions coincides

with the non-linearity given (albeit without ex-

planation) by Cardoso and Laheld (1996) for the

generalization of their separation algorithm from

real-valued sources to the complex case. However,

for sources without circular symmetry, the simple
form of (20) does not hold (for a discussion of

complex sources with non-symmetric distribu-

tions encountered in digital communications, see

Torkkola, 1998). E.g., the non-linearity proposed

by Smaragdis (1998) for the separation of Fourier

transformed speech signals cannot be written in

the form of (20) and therefore implies source sig-

nals without circular symmetry which, for the
reasons given above, appears to be unrealistic.

Since the unmixing (10) takes the form of a

matrix-vector product for each frequency f, a

straight-forward solution would be to maximize

the likelihood function (14) for each separating

matrix Wðf Þ separately. This procedure results in

a set of separating matrices Wðf Þ, one for each
frequency f. However, since each of the separating
matrices is derived independently, the source sig-

nals� components are in general reconstructed in
(unknown) disparate order in different frequency

channels, making a time-domain reconstruction of

the unmixed signals impossible, as depicted in Fig.

3. To deal with such permutations, supplementary

methods for sorting them need to be employed

(e.g. Murata et al., 2001). A further disadvantage
of working in each frequency separately is, that
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relatively long signal-segments need to be known

in order to achieve descent separation (Smaragdis,
1998, reported signal lengths of at least 2s).

Rather than performing separation in each

frequency independently, we are pursuing the

aim of incorporating the prior knowledge of free

field mixing into the algorithm. By exploiting this

knowledge, a constrained adaptive algorithm is de-

rived which avoids local permutations, which is

easily implemented in real-time, and which exhib-
its rapid convergence.

4. Constrained optimization

Due to the free field assumption (8) and (25),

separation can be achieved by the matrix

Wðf Þ ¼ w11ðf Þ w12ðf Þ
w21ðf Þ w22ðf Þ

� �

¼ w11 �w12e�i2pf s12

�w21e�i2pf s21 w22

� �
; ð27Þ

where wij is real and positive for all i, j. Hence, the

quantities which need to be known to perform
separation are the wij and sij.
The parameters wij are readily computed as

wij ¼ jwijðf Þj. Hence, if jwijðf Þj is known for

some frequency f, the corresponding magnitudes

jwijðf 0Þj for all other frequencies f 0 6¼ f are known,
as well. Therefore, improving on the estimate of

wijðf Þ for some frequency f using the algorithm

presented in Section 3, results in improved esti-
mates of jwijðf 0Þj for all f 0.

However, the situation is more complex for the

phase factors�expð�i2pf s12Þand�expð�i2pf s21Þ.
Due to the 2p-ambiguity of the complex phase,
it is in general not possible to obtain sij from
� expð�i2pf s21Þ. In contrast, the 2p-ambiguity
does not exist for the corresponding change of pa-

rameters sij during update steps (22).
Therefore, we change from the complex pa-

rameter wijðf Þ to the (real) parameters of mag-
nitude and time-delay, wij and sij, respectively.
The stochastic gradient for the new parameters

ðdwij; dsijÞ is obtained from (18) and (27) as

~ddwijðT ; f Þ ¼
1

wij
R wijðf Þdw�

ijðT ; f Þ
� 


;

~ddsijðT ; f Þ ¼
1

2pfw2ij
I wijðf Þdw�

ijðT ; f Þ
� 


;

ð28Þ

where Rð�Þ and Ið�Þ denote real- and imaginary-
part, respectively, and ~ddwijðT ; f Þ is the ði; jÞ-ele-
ment of ~rrWðT ; f Þ, calculated from (20) and (22)
as

~rrWðT ; f Þ ¼ I



þ vðT ; f ÞuHðT ; f ÞðT ; f Þ
�
Wðf Þ:

ð22Þ

Given some initial estimate ðwij; sijÞ for magni-
tudes and time-delays, any measurement xðT ; f Þ
for arbitrary ðT ; f Þ can be used to calculate im-
proved estimates ðw0

ij; s
0
ijÞ by the following steps:

1. Using (27), calculate Wðf Þ from ðwij; sijÞ.
2. From (22), calculate the complex gradient

dwijðT ; f Þ of the parameter wijðf Þ.

Fig. 3. Performing separation independently in each frequency (depicted on the left) results in unmixed signals components whose

order with respect to the corresponding source components is permuted in different frequencies (see right).
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3. From (28), calculate the corresponding gradient

ðdwij; dsijÞ of the magnitude and time-delay pa-
rameters ðwij; sijÞ.

4. The improved estimates for wij and sij are given by

w0
ij ¼ wij þ gdwij; s0ij ¼ sij þ gdsij; ð29Þ

where 0 < g � 1 is the adaptation rate.

4.1. Adaptation scheme

Using this update procedure, the data at arbi-

trary points in the time-frequency plane can be

used to iteratively improve the estimate of wij and

sij. In particular, it is possible to first use data
xðT ; f Þ from all frequencies at a particular time T

before moving to the next time point T þ 1. We
propose the following adaptation scheme:

1. Start with some initial guess for ðwij; sijÞ, and
with T ¼ 1 and f ¼ 1.

2. Based on the signal xðT ; f Þ, calculate improved
estimates ðw0

ij; s
0
ijÞ for ðwij; sijÞ, using the proce-

dure described above.

3. Compute the algorithm�s output signals ûuiðT ; f Þ
from (24).

4. If f is not the highest possible frequency, set

f 0 ¼ f þ 1 and T 0 ¼ T .
5. If f is the highest frequency, set f 0 ¼ 1 and

T 0 ¼ T þ 1.
6. Use ðT 0; f 0Þ and ðw0

ij; s
0
ijÞ as the new values for

ðT ; f Þ and ðwij; sijÞ.
7. Continue with step 2.

Using this adaptation scheme, the algorithm

iterates in �loops� across the spectrogram, as de-

picted in Fig. 4. Since the parameter wij and sij �tie�
together the different frequencies, the source

components are reconstructed in the same order

in all frequencies, making a reconstruction of the
time-domain signals by, e.g., the overlap-add

technique possible (cf. Fig. 4).

5. Implementation

Adaptive algorithms pose additional problems

compared to their non-adaptive counterparts, in

particular if the signals to be processed are as non-

stationary as speech signals are. In this section,

three implementation techniques are described

which have been found indispensable in order to
ensure that the algorithm converges fast and reli-

ably to the separating solution, and to ensure that

it remains, with small variance, in the vicinity of

the solution while still being adaptive.

5.1. Variable adaptation rate for different frequen-

cies

As in any on-line adaptation algorithm with

fixed adaptation rate, the parameter estimate is

biased by data which was presented most recently

to the algorithm. This effect is to some extend

desirable, since it enables the algorithm to adapt

to changing environments. However, the scheme
proposed in Section 4.1 involves the presentation

of data sequentially in both time- and frequency-

dimension (cf. also to Fig. 4, left panel). Presenting

the data sequentially in time (data from earlier

frames is presented prior to data from later

Fig. 4. Iterating the separation algorithm across frequencies (left) results in the same order of unmixed components with respect to the

corresponding sources for all frequencies (right).
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frames) results in the desirable effect, that the pa-

rameter estimates are biased towards data that

occurred most recently, i.e., the algorithm can

adapt to changing environments. Presentation
of the data sequentially in frequency (i.e., within

each frame data from low frequencies is used for

parameter estimation prior to data from high fre-

quencies) results in a bias of the estimated sepa-

ration parameters towards high frequencies; an

effect that we have observed to be undesirable.

In our investigations, we found that the bias

towards high frequencies reduces the stability of
the algorithm and should be avoided. Therefore,

different methods have been examined to com-

pensate for this effect. The scheme which yielded

the best results, both in terms of speed of conver-

gence and robustness, is a simple 1=f -decay in the
adaptation rate for the magnitudes wij. Hence, (29)

should be replaced by

w0
ij ¼ wij þ

g
f

dwij; s0ij ¼ sij þ gdsij: ð30Þ

This is justified by the classic result from stochastic
approximation theory (Robbins and Monro, 1951)

that weighting parameter updates proportionally

to 1=n, where n denotes the order of sequential

presentation, results (under certain conditions) in

an unbiased parameter update. A result which is,

e.g., widely applied to the learning rate in neural

network training (e.g., Sompolinsky et al., 1995).

Hence, with (30) the estimates for wij are not bi-
ased by the samples which occurred at high fre-

quencies. However, the bias with respect to

samples most recent in time remains, so that the

algorithm can still adapt.

We also experimented with a 1=f -decay in the
adaptation rate for the time-delay sij, but it was
found to decrease the speed of convergence too

much while the robustness of the sij was already
sufficient without the decay. This can be explained

by the fact that a decay is already inherent in dsij
of (28) through the factor 1=f , and therefore an
additional decay of the adaptation rate for sij is
not necessary.

The 1=f -decay introduced here can intuitively
be interpreted as follows: The low frequencies may

be forced to a rapid convergence at high adapta-
tion rates to the vicinity of the correct solution

because it is more difficult to find an exact solution

than for higher frequencies. The higher frequen-

cies, from which a time-delay can be better esti-

mated, provide improved accuracy at a lower
adaptation rate.

5.2. Preemphasis

Convergence of the algorithm was further im-

proved by applying a preemphasis filter to the

original microphone signals xðoÞi ðtÞ, resulting in
input signals xiðtÞ ¼ xðoÞi ðt þ 1Þ � xðoÞi ðtÞ for the al-
gorithm. It is easily verified that the free field

mixing and demixing models (2) and (12) still ap-

ply if the original sources sðoÞj ðtÞ are replaced
by filtered sources sðtÞ ¼ sðoÞj ðt þ 1Þ � sðoÞj ðtÞ. After
separation has been performed, the unmixed sig-

nals must be low-pass filtered to compensate for

the effect of the preemphasis.

Two reasons can be regarded to account for the

beneficial effect of the preemphasis on the algo-

rithms� performance.
First, the preemphasis has the effect of reducing

the source signals� kurtosis considerably, as shown
in Table 1. Due to the low signal energy towards

high frequencies, the original kurtosis is very high,

and by approximately flattening the spectrum the

preemphasis results in a more uniformly distrib-

uted variance across frequencies, thereby reducing

the kurtosis and improving the match between the

true and the assumed model pdf (for a discussion

of the effects of non-stationarity on a signal�s pdf,
see, e.g., Parra et al., 2001).

Furthermore, the preemphasis operation results

in a larger effect of high frequencies on the adap-

tation steps. However, it should be noted that ac-

cording to the update Eq. (22), the preemphasis is

not equivalent to a higher adaptation rate for high

Table 1

Kurtosis of speech in the time-domain, in the frequency domain

and the kurtosis of differentiated (high-pass filtered) speech in

the frequency domain

Kurtosis

Time domain 5.5

Frequency domain 289.8

Frequency domain, high-pass filtered 21.2
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frequencies. Therefore, it is advisable to use both

preemphasis and decay of the adaptation rate.

5.3. Speech pause detection

Speech pauses in one source which, in the ex-

amples of Section 6, last up to 700 ms, can be a

problem for the adaptive algorithm. Without ad-

ditional precautions, the algorithm would diverge

during these intervals, since it would attempt

to find an alternative source to be separated. One
possibility to account for this effect could be to

preset a fixed energy threshold for each source,

below which no parameter adaptation is per-

formed in order to avoid divergence. However, a

fixed threshold is inconsistent with the framework

of blind separation where no assumptions are

made about the sources� level. Therefore, we have
opted to introduce a relative threshold for the
power of the sources. If the energy of any recon-

structed signal in the current FFT-frame is less

than 15% of the energy of the other reconstructed

signal, then solely separation but no parameter

update is performed.

6. Evaluation

Results from experiments with artificially mixed

sources and with real-world recordings in an an-

echoic chamber are reported. In the first experi-

ment, we verify the proposed algorithm using
speech signals which have been mixed digitally in

the time-domain with time- and level-differences.

In the second experiment, source separation is

performed on real-world recordings of two speak-

ers in an anechoic chamber. Finally, it is demon-

strated that the proposed algorithm successfully

separates moving speakers by applying it to an-

echoic recordings where one speaker is standing
while the second is moving.

In all experiments the following preprocessing

was used in order to obtain the input spectro-

grams: The signals were recorded using a sampling

rate of 48 kHz and a preemphasis was applied.

Speech pauses were not removed. Spectrograms

were computed using a hanning-window of length

30 ms and a window-shift of 10 ms. The resulting
frames were padded with zeros to 2048 samples

before a fast-Fourier-transform was applied. Spec-

tral components from 23 Hz to 10 kHz were used

for adaptation, since the main energy of the signals

occurs in this range.
The parameters of the algorithm were initialized

to w11 ¼ w22 ¼ 1, w12 ¼ w21 ¼ 0, s12 ¼ s21 ¼ 0, i.e.,
the algorithm started off from the (wrong) as-

sumption that no mixing occurs. The initial ad-

aptation rate was set to g ¼ 0:4 in order to pass
first transients. It was then lowered proportionally

to 1=T until it reached g ¼ 0:001 after 4 s. g ¼
0:001 was then kept constant for the remaining
time.

Finally, the separated signals were transformed

back to the time-domain, using the overlap-add

method (e.g., Oppenheim and Schaefer, 1975), and

the effect of the preemphasis was compensated by

low-pass filtering the separated signals.

The entire processing, including spectral de-

composition, source separation and overlap-add
reconstruction, was implemented as a Cþþ pro-

gram which performed processing approximately

in real-time on a Silicon Graphics workstation

with computing power equivalent to a Pentium

133 PC.

Sound files corresponding to all experiments

can be downloaded from the internet-address

http://medi.uni-oldenburg.de/demo/ane/

specom.

6.1. Artificially mixed sources

Two mono speech signals were digitally mixed

in the time-domain according to the mixing system

(5), using time- and level-differences of s21 ¼ 0:5
ms and a21 ¼ 0:95, respectively, for the first source,
and s12 ¼ 1:0 ms and a12 ¼ 0:90, respectively, for
the second source.

Fig. 5 displays the time-course of estimated
time- and level-differences assumed by the demix-

ing system for both reconstructed signals. The es-

timates of the time differences have converged to

the correct solution after only 0.2 s, already re-

sulting in very good separation. It takes up to �1
s, unless the level differences have also adapted to

their optimum, which results in a small improve-

ment of the separation. Due to the non-stationary
nature of speech signals, the parameters remain to
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fluctuate slightly during the remaining time of the
recording.

Informal listening to the reconstructed signals

reveals that separation is almost perfect and the

remaining cross-talk is nearly inaudible. The im-

provement in signal separation is displayed in

Table 2. It was measured as the increase of direct-

to-cross-talk energy from before separation to after

separation. The fast and almost perfect separation
demonstrates that the proposed algorithm oper-

ates successfully under optimal conditions.

6.2. Stationary sources in anechoic environment

Recordings for this experiment were performed

in the anechoic chamber of the University of
Oldenburg, so that the free field assumption was

fulfilled to a first approximation.

Two microphones were placed 35 cm apart.

Stereo recordings were performed of one male

speaker talking from two positions of approxi-

mately 60� to the left and 60� to the right of the mid-
perpendicular of the microphones, respectively.

The recordings were of moderate quality, in par-
ticular, recording noise is clearly audible. The dis-

tance between speakers and microphones was 3 m

(cf. Fig. 6). The two stereo recordings were digitally
added in the time-domain to obtain the mixed sig-

nals, a procedure that is justified by the linearity of

sound superposition in air. Since with this record-

ing method the source signals as recorded at the

position of the microphones are known, direct-to-

cross-talk energy ratios can be computed both for

the mixed signals and for the unmixed signals ob-

tained by the proposed algorithm.
Using the parameters as described above, the

mixed signals were processed by the algorithm.

The improvement of the direct-to-cross-talk ratio

was determined to be 15.5 dB. Analysis of the

separation parameters� time-course again revealed
the rapid convergence of the algorithm within less

than 1 s. In informal listening tests, only a very

soft cross-talk of the unmixed signals was audible.
The result of 15.5 dB is compared to the results

obtained by another algorithm (�AMDecor algo-
rithm�) which has been proposed by the authors
for the non-adaptive separation of convolutive

mixtures (including reverberation) of speech sig-

nals (see Anem€uuller and Kollmeier, 2000). The
AMDecor algorithm has been shown to result in

very good separation which is close to the physical
limits imposed by the length of the separation fil-

ters. In the same anechoic situation, the AMDecor

algorithm caused an improvement in direct-to-

cross-talk energy of 15.3 dB, though with a win-

dow length of 85 ms. Since the longer windows

favor the AMDecor algorithm by allowing for

Fig. 5. Time-course of estimated level- (left) and time-differences (right) assumed by the demixing system for the separation of arti-

ficially mixed sources. For better visual presentation, 1=w21 and s21 correspond to the solid lines, whereas w12 and �s12 correspond to
the dashed lines. Therefore, parameter values corresponding to a source in the right hemisphere are found in the upper half of the

figures, and vice versa. The optimum is attained at 1=w21 ¼ 1:11, s21 ¼ 1 ms, w12 ¼ 0:95 and �s12 ¼ �0:5 ms.

Table 2

Signal separation caused by the algorithm

Situation Signal separation (dB)

Synthetic delay and gain 26.5

Anechoic chamber 15.5
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longer separation filters, it is concluded that the

adaptive algorithm proposed in this paper per-

forms excellent. Even though it is adaptive, and
even though it uses shorter separation filters, it

obtains a slightly better signal separation than its

non-adaptive counterpart.

6.3. Moving sources in anechoic environment

In the final experiment, signals from a moving

and a stationary speaker in anechoic environment

were separated, demonstrating that the adaptation

of the separation algorithm is sufficient to track

moving sources.

With the exception of the moving speaker, the
experimental setup was the same as in the previous

experiment. The moving speaker started in a dis-

tance of 4.7 m at a position at 70� to the right,
walked in a straight line parallel to the micro-

phones until he reached a position at about 30� left
of the microphones� mid-perpendicular, and then
returned to his original position (cf. Fig. 6).

Fig. 8 displays the source signals, the mixed

signals, and the unmixed signals obtained by the

algorithm. Time-courses of the time- and level-

difference parameters estimated by the algorithm

are displayed in Fig. 7.

Again, it is observed that the timing parameters
s12 and s21 assumed by the demixing system con-
verge rapidly to the separating solution. Their

time-course clearly displays the movement of one

speaker from the right to the left and back, while

the second speaker remains stationary. The con-

vergence of the level difference parameters is again

slower, however the separation solution is also

Fig. 7. Time-course of estimated level- (left) and time-differences (right) assumed by the demixing system for the separation of a

moving and a standing speaker in anechoic environment. As in Fig. 5, 1=w21 and s21 correspond to the solid lines, whereas w12 and �s12
correspond to the dashed lines. Therefore, parameter values corresponding to a source in the right hemisphere are found in the upper

half of the figures, and vice versa.

Fig. 6. Setup for the recordings performed for evaluation. Microphones are located at positions A and B. Speaker positions for the

experiment from Section 6.2 are L and R, respectively. For the experiments of Section 6.3, the moving speaker started at position M,

followed the indicated route and returned to position M, while the standing speaker was at position L.
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attained in less than one second. Comparing in

Fig. 8 the first ten seconds of the source signals

with the algorithm�s output signals shows that
separation is already very good after less than 0.2 s,
since the individual sources� waveforms are clearly
recognizable in the unmixed signals.

Informal listening reveals that very good signal

separation is achieved almost instantly. However,

quality of separation is slightly lower for the po-

sition reached at about 35 s signal time where both

sources are at their closest distance. In this posi-

tion, source separation is most difficult to achieve

since the transfer functions are almost identical for

both sources, making the inversion of the mixing

system an almost ill-posed inverse problem. As a

side effect, recording noise contained in the signals
(cf. Section 6.2) is slightly amplified. However, this

does not affect the algorithm�s convergence.

7. Discussion

In this paper, an algorithm for the blind sepa-

ration of acoustically mixed sources was proposed.

Fig. 8. First ten seconds of speech recordings from the separation of moving sources. Top row: original signals of the moving speaker

(left) and the standing speaker (right). Center row: left and right channel of the mixed signals. Bottom row: unmixed signals obtained

by the algorithm.

92 J. Anem€uuller, B. Kollmeier / Speech Communication 39 (2003) 79–95



Based on a general algorithm for the separation of

Fourier transformed speech, constraints derived

from the free field assumption were incorporated

in order to obtain an adaptive algorithm with
good convergence properties. Effectiveness was in-

vestigated using both digitally mixed signals and

recordings from anechoic environment, including

the situation of spatially moving sources. In con-

clusion, methods from the fields of acoustics, dig-

ital signal processing, BSS and neural network

theory have contributed to the fast and robust

convergence of the presented algorithm, which, to
the authors� knowledge, represents the first algo-
rithm described in the literature that performs the

separation of real recordings of moving speakers

(intermediate results presented in Anem€uuller and
Gramß, 1999).

In comparison with previous algorithms for the

separation of delayed and attenuated sources (for

references, cf. Section 1), the main differences are
the implementation in the frequency domain, the

evaluation with real-world signals, the fact that the

algorithm does not get trapped in local minima,

and the rapid convergence. In particular, it is

surprising that the convergence towards the cor-

rect time-delay parameters is so fast and stable for

the present algorithm, whereas for the time-

domain algorithm of Torkkola (1996) convergence
problems involving local minima were reported for

the delay parameters. While the frequency domain

implementation introduces a processing delay that

is larger than the time-delays s12 and s21, it should
be noted that the processing delay depends only on

the length of the FFT windows (30 ms in our ex-

periments), but not on the convergence time.

For the goal of fast adaptation, the frequency
domain formulation allows the use of the im-

proved gradient expression (22) which results in

much faster convergence than the standard gradi-

ent (19). Furthermore, the frequency domain is

beneficial for the algorithm�s applicability within
more complex processing schemes. Since many

other noise reduction schemes, in particular spec-

tral approaches, work in the frequency domain, as
well, it is possible to combine them with the pre-

sented algorithm at a low computational cost.

Taking into account that the Cþþ implementa-

tion used for this paper performed the spectral

decomposition at 48 kHz, source separation for

frequencies up to 10 kHz, and overlap-add re-

construction at 48 kHz approximately in real-time

with computing power equivalent to a 133 MHz
Pentium computer, it is obvious that much faster

implementations are possible for lower sampling

rates and, in particular, if the data at hand is

already split into spectral components.

Since the frequency domain implementation

allows for fractional delays, it appears to be well

suited for applications with closely spaced micro-

phones, as in modern multi-microphone hearing
aids. For truly binaural hearing aids, where head

related transfer functions replace the delay-and-

gain assumption of Eq. (2), it is in principle pos-

sible to include this prior knowledge into the

algorithm by parameterizing the unmixing system

by the azimuth, i.e., using certain combinations of

interaural time- and level-differences instead of

tracking them independently.
It is expected that the algorithm also achieves

some degree of source separation in real rooms

if sources and microphones are placed at a small

distance, i.e., within the radius of reverberation

(e.g. Heckl and M€uuller, 1994), and if only diffuse
noise is present. Late reflections, which are dec-

orrelated at the microphones, can be regarded as

diffuse noise. In contrast, early reflections with
correlated components at both microphones, ef-

fectively constitute a third signal source which vi-

olates the assumed mixing model and therefore

might hinder convergence. Within the radius of

reverberation, the algorithm might also be used as

a preprocessing step for unconstrained BSS algo-

rithms which separate convolutive (reverberant)

mixtures: The direct sound can be separated by
means of the current free field algorithm, whereas

the reverberant signal components are separated

by an unconstrained BSS algorithm. By splitting

the problem into two parts, the overall adaptation

speed might be increased since the convolutive

algorithm can be implemented with shorter sepa-

ration filters.

For the application in digital hearing aids, the
presented �blind� algorithm will have to be com-

bined with a �non-blind� control algorithm which
incorporates additional prior knowledge. The

control algorithm should activate the algorithm
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only in those acoustical situations in which the

assumptions of the current source separation al-

gorithm are approximately fulfilled. This analysis

of room acoustics could be performed, e.g., based
on a measure like the degree of diffusiveness

(Wittkop, 2001) which characterizes the reverber-

ation in the present acoustic environment. Fur-

thermore, the control algorithm should identify

which of the separated signals represents the signal

of interest for the listener. This decision could be

based on, e.g., speech activity detection. Alterna-

tively, the time difference parameters s12 and s21
could be compared to reference values corre-

sponding to directions where signals of interest are

expected (such as the frontal incidence direction).

8. Conclusion

The current algorithm has been shown to sepa-

rate two sound sources fast, with a small processing
delay (about 30 ms in the current overlap-

add-implementation) and with a moderate com-

putational effort. However, since a satisfactory

suppression of one of two sound sources only

takes place if the free field assumption is approx-

imately met, the current approach is limited to

certain acoustical situations that are characterized

by small distances between the two sound sources
and the recording positions and negligible acous-

tical reflections. For a broader application of the

current approach in hearing aids, a combination

with other algorithms appears to be necessary.
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