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Summary

The main focuses in this thesis are on blind separation of acoustic signals and
on a speech enhancement by time-frequency masking.

As a part of the thesis, an exhaustive review on existing techniques for blind
separation of convolutive acoustic mixtures is provided.

A new algorithm is proposed for separation of acoustic signals, where the number
of sources in the mixtures exceeds the number of sensors. In order to segregate
the sources from the mixtures, this method iteratively combines two techniques:
Blind source separation by independent component analysis (ICA) and time-
frequency masking. The proposed algorithm has been applied for separation
of speech signals as well as stereo music signals. The proposed method uses
recordings from two closely-spaced microphones, similar to the microphones
used in hearing aids.

Besides that, a source separation method known as gradient flow beamforming
has been extended in order to cope with convolutive audio mixtures. This
method also requires recordings from closely-spaced microphones.

Also a theoretical result concerning the convergence in gradient descent inde-
pendent component analysis algorithms is provided in the thesis.






Resumé

I denne afhandling fokuseres hovedsagligt pa blind kildeseparation af lydsignaler
samt taleforbedring ved brug af tids-frekvensmaskering.

En grundig gennemgang af eksisterende teknikker til blind adskillelse af filtre-
rede akustiske signaler er praesenteret som en del af athandlingen.

En ny algoritme til adskillelse af lydsignaler er foreslaet, hvor antallet af kilder er
stgrre end antallet af mikrofoner. Til separation af kilder anvendes to teknikker:
Blind kildeseparation ved hjeelp af independent component analysis (ICA) og
tids-frekvensmaskering. Metoden har veeret anvendt til adskillelse af talesig-
naler og stereo musiksignaler. Den foreslaede metode anvender optagelser fra
to teetsiddende mikrofoner, magen til dem der anvendes i hgreapparater.

Ud over dette, er en kildeseparationsmetode kendt som gradient flow beam-
forming udvidet, sa metoden kan separere filtrerede lydsignaler. Denne metode
kraever ligeledes taetsiddende mikrofoner.

Et teoretisk resultat, der omhandler konvergens af gradientnedstigning i ICA
algoritmer, er ligeledes givet i denne afhandling.
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CHAPTER 1

Introduction

Many activities in human daily live involve processing of audio information.
Much information about the surroundings is obtained through the perceived
acoustic signal. Also much interaction between people occurs through audio
communication, and the ability to listen and process sound is essential in order
to take part of conversations with other people.

As humans become older, the ability to hear sounds degrades. Not only do
weak sounds disappear, the time and frequency selectivity degrade too. Hereby,
hearing impaired loose their ability to track sounds in noisy environments and
thus the ability follow conversations.

One of the most challenging environments for human listeners to cope with is
when multiple speakers are talking simultaneously. This problem is often re-
ferred to as the cocktail-party problem [29] [44], because in such a scenery, differ-
ent conversations occur simultaneously and independent of each other. Humans
with normal hearing actually perform remarkably well in such situations. Even
in very noisy environments, they are able to track the sound of a single speaker
among multiple speakers.

In order to cope with hearing impairment, hearing aids can assist people. One of
the objectives of hearing aids is to improve the speech intelligibility and thereby
help people to follow conversations better. One of the methods to improve the
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intelligibility in difficult environments is to enhance the desired audio signal
(often speech) and to suppress the background noise.

Today, different methods exist in order to enhance speech, and hereby increase
the intelligibility in noisy environments [I3]. Speech enhancement techniques
can either be based on a single microphone recording or multi-microphone
recordings. In speech enhancement methods, a desired speech signal is present
in noise. The desired signal can be enhanced by either amplifying the speech
signal or by suppressing the noise [13], [38], 24] 4T].

In the following sections a more detailed discussion of the challenges in hearing
and hearing aids will be given as well as a brief introduction to multi-microphone
speech enhancement techniques which are considered in this thesis. This is
presented in order to create the basis for the subsequent chapters.

1.1 Hearing and Hearing Aids

In order to understand hearing loss, it is important to have some basic knowledge
about the human ear. In this section, the anatomy of the ear is introduced.
Important concepts related to hearing is introduced and causes for hearing loss
are reviewed. A simple introduction to the hearing aid is provided as well.

1.1.1 The Human Ear

The human ear can be divided into three parts: The outer ear, the middle ear,
and the inner ear. An illustration of the ear is given in Figure The outer
ear is the visible part of the ear. It consists of the pinna and the auditory canal
(meatus). Between the outer ear and middle ear is the eardrum (tympanic
membrane) located. The eardrum is very sensitive to changes in air pressure.
Sound waves cause the eardrum to vibrate. The middle ear is on the other
side of the eardrum. The middle ear consists of a cavity (the tympanic cavity),
and the three bones, the hammer, the anvil and the stirrup. The three bones
transfer the sound waves from the eardrum to movements in the fluid inside the
cochlea in the inner ear. In the cochlea, the sound waves are transformed into
electrical impulses. The basilar membrane is located inside the cochlea. Inside
the basilar membrane, hair cells are found. The hair cells can be divided into
two groups: inner and outer hair cells. The inner hail cells mainly signal the
movements of the cochlea to the brain. The outer hair cells mainly amplify the
traveling wave in the cochlea. Depending on the frequency of the sound wave,
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Figure 1.1: The ear can be divided into three parts, the outer ear, the middle
ear, and the inner ear. Sound waves cause the eardrum to vibrate. In the middle
ear, the hammer, the anvil, and the stirrup transfer the vibrations from the air
into movements of the fluid inside the cochlea in the inner ear. In the cochlea,
the movements are transferred into neural activity.

certain places in the basilar membrane are excited. This causes neural activity
of certain hair cells. All together, there are about 12000 outer hair cells and
3500 hair cells [62].

1.1.2 Sound Level and Frequency Range

Sound waves occur due to changes in air pressure. The ear is very sensitive to
changes in air pressure. Often the sound level is described in terms of intensity,
which is the energy transmitted per second. The sound intensity is measured
in terms of a reference intensity, Iy. The sound intensity ratio given in decibels
(dB) is given as [62]

number of dB = 10logo(I/1p). (1.1)

The reference intensity, with a sound pressure level (SPL) of 0 dB corresponds to
a sound pressure of 20 uPa or 10712 W/m?. Humans can detect sound intensity
ratios from about 0 dB SPL (with two ears and a sound stimuli of 1000 Hz) up
to about 140 dB SPL. This corresponds to amplitudes with ratios that can vary
by a factor of 107.

The minimum thresholds where sounds can be detected depend on the frequency
and whether the sound is detected by use of one or two ears. This is illustrated



4 Introduction

go TI'T'ITI FTFIIIIII T T ||||||l
80 [\ =-eeeee- MAP (monaural) -
70 F\ ———— MAF (binaural) .

. |

o

2]

23]

p=]

o

-~

o

Y =

(2]

[+}]

C

¥ =

-~

Q

-

3

=

o

[72]

o

<<

_10 1 lLllllI 1 1 lllllll 1 1 lIlIIII

0.02 0.05 0.1 0.2 0.5 1 2 5 10 20
Frequency, kHz

Figure 1.2: The minimum detectable sound as a function of the frequency. The
figure shows both the minimum audible pressure (MAP) for monaural listening
and the minimum audible field (MAF) for binaural listening. The MAP is the
sound pressure measured by a small probe inside the ear canal. The MAF is
the pressure measured at a point which was occupied by the listeners head. The
figure is obtained from Moore (2003) [62, p. 56].

in Figure[I.2] As it can be seen, the frequency range for when sounds are audible
goes from about 20 Hz up to about 20 kHz. It is important to notice that the
minimum audible level also strongly varies with the frequency.

1.1.3 Hearing Impairment

Hearing loss can be divided into two types: Sensorineural loss and conductive
loss. The sensorineural hearing loss is the most common type of hearing loss.
The sensorineural loss is often caused by a defect in the cochlea (cochlea loss),
but a sensorineural loss can also be caused by defects in higher levels in the
auditory system such as the auditory nerve [62]. Defects in the cochlea is often
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due to the loss of hair cells. The loss of hair cells reduces the neural activity.
Hereby a hearing impaired experiences:

Reduced ability to hear sounds at low levels The absolute threshold, where
sounds can be detected, is increased.

Reduced frequency selectivity The discrimination between sounds at dif-
ferent frequencies is decreased.

Reduced temporal processing The discrimination between successive sounds
is decreased.

Reduced binaural processing The ability to combine information from the
sounds received at the two ears is reduced.

Loudness recruitment Loudness recruitment means that the perceived loud-
ness grows more rapidly than for a normal listener. This is illustrated in

Figure [T.3]

All these different factors result in a reduced speech intelligibility for the person
with a cochlear hearing loss, especially in noisy environments.

In a conductive hearing loss, the cochlea is typically not damaged. Here, the
conduction in between the incoming sound and the cochlea is diminished. This
decreased conduction can be caused by many factors:

Earwax If the auditory canal is closed by earwax, the sound is attenuated.

Disruptions in the middle ear If some of the three bones in the middle are
disconnected, it may result in a conductive loss.

Otosclerosis Tissue growth on the stirrup may result in a conductive loss.

Otitis media Fluid in the middle ear causes a conductive loss.

1.1.4 Hearing Aids

An example of a (simplified) hearing aid is shown in Figure The hearing loss
is compensated by a frequency-dependent gain. Due to the loudness recruitment,
the hearing aid has to amplify the sounds with a small amplitude more than
the sounds with a higher amplitude. This reduction of the dynamic range is
called compression. Depending on the type of hearing loss, many types of gain
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Figure 1.3: Loudness recruitment. For a normal listener, the perceived loudness
level approximately corresponds to the stimuli level. For a hearing impaired with
a cochlear hearing loss, the perceived loudness grows much more rapidly. The
dynamic range of a hearing impaired is thus reduced.

strategies that compensate for the hearing loss exist. These different types are
called rationales.

Before the compensation of the hearing loss, some audio pre-processing may
be applied to the recorded acoustic signals. The purpose of this pre-processing
step is to enhance the desired signal as much as possible before the compression
algorithm compensates for the hearing loss. The audio pre-processing can be
multi-microphone enhancement, that amplifies signals from certain directions.
These techniques are known as beamforming. The pre-processing can also be
based on a single microphone, here the enhancement/noise reduction is not
based on the arrival direction of the sounds, but the enhancement relies more
on the properties of the desired signal and the property of the unwanted noise.

In hearing aids, the signals have to be processed with as little delay as possible.
If the audio signal is delayed too much compared to what the listener is seeing,
the listener may not be able to fully combine the sound with vision, and the
listener may loose the additional benefit from lip-reading. If the delay is e.g.
more than 250 ms, most people find it difficult to carry on normal conversations
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Figure 1.4: 1In a hearing aid, the damaged cochlea is compensated by a
frequency-dependent gain and a compression algorithm. In order to enhance
the desired audio signal, a pre-processing step is applied in the hearing aid.
This enhancement may consist of a beamformer block that enhances a signal
from a certain direction and a noise reduction block that reduces the noise based
on the signal properties. The beamformer uses multiple microphone recordings,
while the noise reduction is applied to a single audio signal.

[39]. Another problem is that often both the direct sound and the processed
and hereby delayed sound reaches the eardrum. This is illustrated in Figure[1.5
Depending on the type of sound and the delay, the direct and the delayed sound
may be perceived as a single sound or as two separate sounds. The perception
of echoes and direct sound as a single sound is called the precedence effect. For
example, a click is perceived as two separate clicks if the delay is more than
as little as 5 milliseconds, while echoes from more complex sounds like speech
are suppressed up to as much as 40 milliseconds [62] p. 253]. Even though
the direct sound and the processed sound are perceived as a single sound, the
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Figure 1.5: The sound obtained by the eardrum is often a combination of the
direct sound and the sound, which has been processed through the hearing aid.
The processed sound is delayed compared to the direct sound, and the resulting
signal can therefore be regarded as a delay-and-sum filtered signal.

resulting signal is a delay and sum filtered signal (see Chapter [5)). This comb
filtering effect is undesired and one of the main reasons why the delay through
the hearing aid should be kept as little as possible. For example: If a delay
through a hearing aid is limited to e.g. 8 ms, and the sampling frequency is
16 kHz, the allowed delay corresponds to 128 samples.

1.2 Multi-microphone Speech Enhancement

When multiple microphones are available, spatial information can be utilized in
order to enhance sources from a particular direction. Signals can be enhanced
based on the geometry of the microphone array, or based on the statistics of
the recorded signals alone. Many different solutions have been proposed to this
problem and a brief review of some of the methods are given in the following.
More detailed information on beamforming can be found in Chapter |5 and a
much more detailed information on blind separation of sources can be found in

Appendix [G]

1.2.1 Beamforming

When spatial information is available, it is possible to create a direction de-
pendent pattern, which enhances signals arriving from a desired direction while
attenuating signals (noise) arriving from other directions. Such techniques are
called beamnforming [02,[20]. A beamformer can either be fixed, where the direc-
tional gain does not change or it can be adaptive, where the null gain direction
adaptively is steered towards the noise source [35].
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Figure 1.6: Ilustration of the BSS problem. Mixtures of different audio signals
are recorded by a number of microphones. From the mixtures, estimates of the
source signals contained in the mixtures are found. Everything on the left side
of the broken line cannot be seen from the blind separation box, hence the term
blind.

1.2.2 Blind Source Separation and Independent Compo-
nent Analysis

Often, the only available data are the mixtures of the different sources recorded
at the available sensors. Not even the position of the different sensors is known.
Still, it is sometimes possible to separate the mixtures and obtain estimates of
the sources. The different techniques to obtain estimates of the different sources
from the mixtures are termed blind source separation (BSS). The term blind
refers to that only the mixtures are available. The BSS problem is illustrated
in Figure [[.6] Here two people are talking simultaneously. Mixtures of the two
voices are recorded by two microphones. From the recorded microphones, the
separation filters are estimated. In order to separate sources, a model of the
mixing system is required. Not only the direct path of the sources are recorded.
Reflections from the surroundings as well as diffraction when a sound wave
passes an object result in a filtering of the audio signals. Furthermore, different
unknown characteristics from the microphones also contribute to the unknown
filtering of the audio sources. Therefore the recorded audio signals are assumed
to be convolutive mixtures. Given M microphones, the mth microphone signal
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Zm(t) is given by

K-1

N
Tm(t) =3 D tmnsn(t — k) + vn(t) (1.2)
n=1 k=0

Here each of the N source signals s, (t) is convolved with causal FIR filters of
length K. a are the filter coefficients and v(¢) is the additional noise. In matrix
form, the convolutive FIR mixture can be written as:

K-1
x(t) = Y Ags(t—k)+v(t) (1.3)
k=0

Here, Ay is an M x N matrix which contains the kth filter coefficients. v(t) is
the M x 1 noise vector.

The objective in blind source separation is to estimate the original sources. An
estimate of the sources can be found by finding separation filters, w,,, where the
n’th filter ideally cancels all but the n’th source. The separation system can be

written as
M L-1

yn(t) = Z Z wnmlxm(t - l) (14)
m=1 [=0

or in matrix form -
y(t) =Y Wix(t—1), (1.5)
1=0

where y(t) is the estimated sources.

A commonly used method to estimate the unknown parameters in the mix-
ing/separation system is independent component analysis (ICA) [30, 50]. ICA
relies on the assumption that the different sources are statistically independent
from each other. If the sources are independent, methods based on higher order
statistics (HOS) can be applied in order to separate the sources [26]. Alterna-
tively, ICA methods based on the maximum likelihood (ML) principle have been
applied [25]. Non-Gaussianity has as well been applied for source separation.
Based on central limit theorem, each source in the mixture is further away from
being Gaussian compared to the mixture.

Based on further assumptions on the sources, second order statistics (SOS) has
shown to be sufficient for source separation. If the sources are uncorrelated and
non-stationary, SOS alone can be utilized to segregate the sources [67]. Notice,
when only SOS is used for source separation, the sources are not required to be
independent, because no assumptions are made on statistics of an order higher
than two.
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A problem in many source separation algorithms is that the number of sources
in the mixture is unknown. Furthermore, many source separation algorithms
cannot separate more sources than the number of available microphones.

Not only the question concerning how many signals the mixture contains arises.
In real-world systems, such as hearing aids, quite often only a single source in the
pool of many sources is of interest. Which of the segregated signals is the target
signal therefore have to be determined too. In order to determine the target
signal among the segregated sources, additional information is required. Such
information could e.g. be that the source of interest impinges the microphone
array from a certain direction.

1.3 The Scope of This Thesis

The thesis has two main objectives:

1. Source separation techniques The first objective is to provide knowledge
on existing methods within techniques for multi-microphone speech sepa-
ration. These techniques include: blind source separation, beamforming,
and computational auditory scene analysis (CASA).

2. BSS for hearing aids The second objective is to propose algorithms for
separation of signals, especially signals recorded by a single hearing aid.
Here, we limit ourself to the audio pre-processing step for hearing aids
which was shown in Figure We consider speech enhancement systems,
where recordings from a microphone array are available. The size of a
hearing aid limits the size of a microphone array in a hearing aid. The
typical array dimension in a hearing aid is not greater than approximately
1.5 cm. Here, we mainly consider microphone arrays of such a size. We
consider different techniques for separation/segregation of audio signals.
The techniques are based on blind source separation by ICA and time-
frequency masking.

As mentioned, the allowed latency and the processing power of a hearing aid
are limited. The objective of this thesis is however not to build a functional
hearing aid, but to reveal methods for separation of audio sources. Most of
these methods have been developed as batch methods that require filters with
filter lengths up to several thousand taps, which are much more than what can
be allowed in a hearing aid.
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We limit ourself to consider audio pre-processing algorithms that can be applied
to listeners with normal hearing. Therefore, as a working assumption we assume
that the compression (rationale) can compensate for the hearing impairment
so that the pre-processing step can be evaluated by people without hearing
impairment.

The main contributions of the thesis have been published elsewhere. This work
is presented in the appendices. The main text of the thesis should be regarded
as background for the papers in the appendices. The papers in the appendices
can be organized into different groups:

Gradient flow beamforming In Appendix [A]the gradient flow beamforming
model proposed by Cauwenberghs et al. [27] for instantaneous ICA is ex-
tended to convolutive mixtures. The actual source separation is performed
in the frequency domain.

Difference between ICA parameterizations In Appendix[B]differences be-
tween parameterizations of maximum likelihood source separation based
on the mixing matrix and the separation matrix are analyzed.

Combination of ICA and T-F masking In Appendix[CHE]it is demonstrated
how two-by-two ICA and binary T-F masking can be applied iteratively
in order to segregate underdetermined audio sources, having only two mi-
crophone recordings available.

Survey on convolutive BSS In Appendix [G] a survey on convolutive BSS
methods is provided.

The background material in main text mostly serves as background for the publi-
cations in the Appendices[A]and Appendix[CHE} Especially background material
on the two source separation techniques known as time-frequency masking and
beamforming is provided. Blind source separation is not considered in the main
text, because the thorough survey on BSS of audio signal is given in Appendix[G]

The main text of the thesis is organized as follows: In Chapter [2] different
auditory models are described. This chapter provides background about how
humans perceive sound. We present different time-frequency representations of
acoustic signals. Basic knowledge about how sound is perceived like e.g. when a
stronger sound masks a weaker sound is important in order to understand why
the T-F masking technique that has been applied in some of the publications
(Appendix works so surprisingly well. An accurate model of the auditory
system is also a good foundation for a related topic: auditory scene analysis.



1.3 The Scope of This Thesis 13

The following chapter (Chapter [3) provides a short description of cues in audi-
tory scene analysis and how these cues can be mimicked by machines in com-
putational auditory scene analysis (CASA) in order to segregate sounds. T-F
masking and auditory scene analysis is closely connected. In both areas, the
objective is to group units in time and in frequency in a way that only units
belonging to the same source are grouped together.

Based on the establishment of auditory models and auditory scene analysis,
Chapter [4] deals with the central subject on time-frequency masking.

Beamforming and small microphone array configurations are also central top-
ics in this thesis and in hearing aid development. Limitations in linear source
separation can be seen from the limitations in beamforming. A base knowledge
about beamforming and on the limitations in microphone array processing is
provided in Chapter [5| and it is a good starting point when reading the pub-
lications in Appendix [A] and Appendix [CHE] In this chapter, we also consider
simple beamforming-based source separation techniques.

In Chapter [6 we briefly summarize and discuss the results on source separation
from the contributions in the appendices.

The conclusion goes in Chapter [7] along with a discussion of future work.
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Introduction




CHAPTER 2

Auditory Models

The objective of this chapter is to give the reader some basic knowledge about
how the human perceives sound in the time-frequency domain. Some frequently
used frequency scales that mimics the human frequency resolution are intro-
duced; the Bark scale and the ERB scale. A frequently used auditory band-pass
filterbank, the Gammatone filterbank, is also introduced in this chapter. A good
model of the auditory system is important in order to understand why the T-F
masking technique works so well in attenuating the noise while maintaining the
target sound. Auditory models can also help understanding why some artifacts
become audible while other modification to a signal is inaudible.

Depending on the frequency of the incoming sound, different areas of the basilar
membrane are excited. Therefore we can say that the ear actually does an
analysis of the sound signal, not only in time, but also in frequency. A time-
frequency analysis can be described by a bank of band-pass filters as shown in
Figure

The different filters in the auditory filterbank can have different bandwidths
and different delays. More information about an audio signal can be revealed,
if the audio signal is presented simultaneous in time and in frequency, i.e. in
the time-frequency (T-F) domain.

An example of a T-F distribution is the spectrogram, which is obtained by
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BP,(z) —— x
BP,(z) —— %0
() BP,(z) ——
BP,(z) [—— *

Figure 2.1: By a filterbank consisting of K band-pass filters, the signal x(t) is
transformed into the frequency domain. At time ¢ the frequency domain signals
x1(t),...,zk(t) are obtained.

the windowed short time Fourier transform (STFT), see e.g. [91]. Here, the
frequency bands are equally distributed and the frequency resolution is the
same for all frequencies.

The frequency resolution in the ear is however not linear. For the low frequen-
cies, the frequency resolution is much higher than for the higher frequencies. In
terms of perception, the width of the band-pass filters can be determined as a
function of the center frequency of the band-pass filters.

When several sounds are present simultaneously, it is often experienced that a
loud sound makes other weaker sounds inaudible. This effect is called masking.
Whether one sound masks another sound depends on the level of the sounds,
and how far the sounds are from each other in terms of frequency. In order
to determine these masking thresholds, the critical bandwidths are introduced.
The critical bandwidths are determined in terms of when the perception changes
given a certain stimuli, e.g. whether a tone is masked by noise. Due to different
ways of measuring the bandwidths, different sets of critical bandwidths have
been proposed [43] [62]. Two well known critical bandwidth scales are the Bark
critical bandwidth scale and the equivalent rectangular bandwidth (ERB) scale.
Given the center frequency f. (in Hz) of the band, the bandwidths can be
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Figure 2.2: The left plot shows the width of the critical bands as function of
frequency. The Bark critical bandwidth as well as the ERB critical bandwidth
are shown. For frequencies above 10 kHz, the bandwidths are not well known.
The right plot shows the critical band number as function of frequency. The
critical band numbers are measured in Barks and in ERBs, respectively.

calculated as

f 0.69
B ark — 2 ]. 14 = 21
Wgark 5+75< + <1000> > ( )
and
BWggrp = 24.7(1 + 0.00437fc), (2.2)

respectively [43]. The bandwidths as function of frequency are shown in Fig-
ure The critical band number is found by stacking up critical bands until
a certain frequency has been reached [43]. Because the critical bandwidth in-
creases with increasing frequency, also the frequency distance between the crit-
ical band number grows with increasing frequency. The critical band numbers
measured in Barks and in ERBs are calculated as function of the frequency f
as [42]

2
Bark(f) = 13 arctan (0.7610]:)0> + 3.5 arctan (<75‘);0) ) (2.3)
and [62]

ERB(f) = 21.4log,, <4.371({00 + 1), (2.4)

respectively. The critical band numbers as function of frequency are also shown

in Figure
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Figure 2.3: Gammatone auditory filters as function of the frequency and the
time. It can be seen that the group delay of the low frequencies has longer
impulse responses than the group delay of the high frequencies. In order to
make the illustration clearer, the filter coefficients have been half-wave rectified.
The filters with center frequencies corresponding to 1-20 ERBs are shown.

2.1 The Gammatone Filterbank

The impulse response of the Gammatone auditory filter of order n is given by
the following formula [43] p. 254]:

g(t) = bt Le 2™ cos(2m fot + )

The envelope of the filter is thus given by b"t"~1e=27% This envelope is propor-
tional to the Gamma distribution. In order to fit the response of the auditory
nerve fibers of a human being with normal hearing well, n = 4 and depending on
the center frequency, b = 1.018 ERBs. The impulse responses of a Gammatone
filterbank are shown in Figure 2.3] and in Figure [2.4] the corresponding mag-
nitude responses are shown. The cochlea is well modeled with a Gammatone
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Figure 2.4: Magnitude responses of Gammatone auditory filters as function of
the frequency on a logarithmic frequency scale. Magnitude responses of filters
with center frequencies corresponding to 1-20 ERBs are shown.

filterbank. In the cochlear model, the potentials in the inner hair cells are mod-
eled by half-wave rectifying and low-pass filtering the output of the filterbank
(see e.g. [33]). A diagram of such a cochlear filtering is given in Figure

2.2 Time-Frequency Distributions of Audio Sig-
nals

In this section different possible time-frequency distributions of audio signals
are presented. As shown previously, the T-F processing of an audio signal can
be regarded as the outputs of a bank of band-pass filters at different times.
The spectrogram is obtained by the STFT. In Figure three different time
frequency distributions of the same speech signal are shown. The first T-F
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Figure 2.5: Cochlear filterbank. The signal is first band-pass filtered, e.g. by
the Gammatone filterbank. Hereby, a non-linearity given by e.g a half-wave
rectifier and a low-pass filter mimics the receptor potential in the inner hair
cells.

distribution is a spectrogram with a linear frequency scale. We see that the
frequency resolution of the Fourier transform is linear. The frequency resolution
in the human ear is not linear. As it could be seen in Figure 2.2] at the lower
frequencies, the human ear has a better frequency resolution than at the higher
frequencies. The second T-F distribution in Figure [2.6] shows the spectrogram
with a non-linear frequency distribution. By use of frequency warping [42],
the frequency scale is chosen in order to follow the Bark frequency scale. With
frequency warping, the Bark frequency scale can be approximated well by a delay
line consisting of first-order all-pass filters [42]. Compared to the spectrogram
with the linear frequency scale, the warped spectrogram has a better frequency
resolution for the low frequencies on the expense of a worse frequency resolution
for the high frequencies and different group delay across the frequencies.

The third T-F distribution in Figure shows a so-called cochleagram [60, [86]
85]. The cochleagram uses a cochlear model to imitate the output response of
the cochlea. Depending on the frequency of the stimuli, the neural activity has
a maximum at a certain position on the basilar membrane.

In the shown cochleagram, the cochlea has been mimicked by the Gammatone
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Figure 2.6: Three different time-frequency representations of a speech signal.
The first T-F distribution is a spectrogram with a linear frequency distribution.
The second T-F distribution shows the spectrogram, where the frequencies are
weighted according to the Bark frequency scale. The frequency resolution is
however higher than the resolution of the critical bands. The third T-F distri-
bution is the so-called cochleagram. In the cochleagram, the frequency resolution
corresponds to the frequency resolution in the human cochlea. Also here, the
frequency scale is not linear, but follows the ERB frequency scale.
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filterbank, followed by a hair cell model [61), [45] as it was illustrated in the dia-
gram in Figure 2.5] The frequency scale in the shown cochleagram follows the
ERB frequency scale. When the cochleagram is compared to the two spectro-
grams, we observe that the T-F distributions in the cochleagram is more sparse
at the high frequencies compared to the lower frequencies. We thus have more
spectral information in the high-frequency part of the two spectrograms than
necessary.

2.2.1 Additional Auditory Models

Clearly more cues about a audio signal can be resolved, when the audio signal
is decomposed into T-F components compared to when an audio signal is pre-
sented in either the time domain or in the frequency domain. However, not all
perceptual properties can be resolved from an audio signal presented in the T-F
domain. Other representations of an audio signal may resolve other perceptual
cues. As an example, it is hard to resolve binaural cues from a single T-F dis-
tribution. On the other hand, the T-F distribution emphasizes other properties
of an audio signal such as reverberations; even though they only have a minor
influence on the perceived sound, the reverberations can clearly be seen in a
spectrogram.

The slow varying modulations of a speech signal is not well resolved from the T-
F distribution in the spectrogram. In order to better resolve this perceptual cue,
a modulation spectrogram has been proposed [40]. Modulation filterbanks have
also been applied into models for the auditory system [33]. Other modulation
filterbanks have also been proposed. From some of the models, the audio signal
can be reconstructed [84], [7], [83].



CHAPTER 3

Auditory Scene Analysis

Knowledge about the behavior of the human auditory system is important for
several reasons. The auditory scene consists of different streams and the human
auditory system is very good at paying attention to a single auditory stream at
a time. In combination with auditory models, auditory scene analysis provides
a good basis for understanding T-F masking, because the grouping in the brain
and in the exclusive allocation in T-F masking are very similar.

An auditory stream may consist of several sounds [2I]. Based on different au-
ditory cues, these sounds are grouped together in order to create a single audi-
tory stream. As it was illustrated in Figure the basilar membrane in the
cochlea performs a time-frequency analysis of the sound. This segmentation of
an auditory signal into small components in time and frequency is followed by
a grouping where each component is assigned a certain auditory stream. This
segmentation and grouping of auditory components is termed auditory scene
analysis [21I]. A principle of exclusive allocation exists, i.e. when an auditory
element has been assigned to a certain auditory stream, it cannot also exist in
other auditory streams.

There are many similarities between auditory grouping and visual grouping.
Like an auditory stream consists of several acoustic signals, also visual streams
may consist of different objects which are grouped together, e.g. in vision many
closely spaced trees are perceived as a forest while in the auditory domain, many



24 Auditory Scene Analysis

instruments playing simultaneously can be perceived as a single melody.

A speech signal is also perceived as a single stream even though it consists of
different sounds. Some sounds originate from the vocal tract, other from the
oral or nasal cavities. Still, a speech sound is perceived as a single stream, but
two speakers are perceived as two different streams. Also music often consists of
different instruments. Each instrument can be perceived as a single sound, but
at same time, the instruments playing together are perceived as a single music
piece.

Speech consists of voiced and unvoiced sounds. The voiced sounds can be divided
into different groups such as vowels and sonorants. Vowels are produced from a
turbulent airflow in the vocal tract. They can be distinguished from each other
by the formant patterns. Sonorants are voiced speech sounds produced without
a turbulent airflow in the vocal tract such as e.g. ‘w’ or the nasal sounds such
as ‘m’ or ‘n’. The unvoiced sounds are fricatives (noise) such as ‘f” or ‘s’ or
affricates (stop sounds) such as ‘p’, ‘d’; ‘g’ or ‘t’.

Humans group sound signals into auditory streams based on different auditory
cues. The auditory cues can be divided into two groups: primitive cues and
schema-based cues [211 [31].

3.1 Primitive Auditory Cues

The primitive auditory cues are also called bottom-up cues. The cues are in-
nate and they rely on physical facts which remain constant across different
languages, music, etc. The primitive cues can be further divided into cues orga-
nized simultaneous, and cues which are organized sequentially. By simultaneous
organization is meant acoustic components which all belong to the sound source
at a particular time while sequential organization means that the acoustic com-
ponents are grouped so that they belong to the same sound source across time.
The following auditory cues are examples of primitive cues:

Spectral proximity Auditory components which are closely spaced in fre-
quency tend to group together.

Common periodicity (Pitch) If the acoustic components have a common
fundamental frequency (Fjp), the sounds tend to group together. The cue
becomes more strongly defined when many harmonics are present. Har-
monics are frequencies which are multiples of the fundamental frequency.
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Timbre If the two sounds have the same loudness and pitch, but still are dis-
similar, they have different timbre. Timbre is what makes one instrument
different from another. Timbre is multi-dimensional. One dimension of
timbre is e.g. brightness.

Common fate Frequency components are grouped together when they change
in a similar way. Common fate can be divided into different subgroups:

Common onset: The auditory components tend to group, when a
synchronous onset across frequency occurs.

Common offset: The auditory components tend to group, when a
synchronous offset across frequency occurs.

Common modulation: The auditory components tend to group, if
parallel changes in frequency occur (frequency modulation (FM)) or
if the amplitudes change simultaneously across frequency (amplitude
modulation (AM)).

Spatial cues When auditory components are localized at the same spatial po-
sition, they may group together, while components at different spatial
positions may belong to different auditory streams. The human auditory
system uses several cues to localize sounds [I5]. Some cues are binaural,
other cues are monaural:

Interaural time difference (ITD): For low frequencies the time (or
phase) difference between the ears is used to localize sounds. For
frequencies above 800 Hz, the effect of the I'TD begins to decrease and
for frequencies above 1.6 kHz, the distance between the ears becomes
greater than half a wavelength, and spatial aliasing occurs. Thus the
ITD becomes ambiguous, and cannot be used for localization.

Interaural Envelope Difference (IED): For signals with a slowly-varying
envelope differences between the two ears, the envelope difference is
used as a localization cue.

Interaural level difference (ILD): For frequencies above approximately
1.6 kHz, the head attenuates the sound, when it passes the head
(shadowing effect). The ILD is thus used for high frequencies to
localize sounds.

Diffraction from the head, reflections from the the shoulders and the
pinna, are monaural cues which are used to localize sounds. The brain
is able to use these special reflections for localization. These cues are
most effective for high frequency sounds, and they are especially used
to discriminate between whether a sound is arriving from the front
or from the back.

Head movements: Small head movements is another monaural cue
used for sound localization.
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e Visual cue: The spatial grouping becomes stronger if it is combined
with a visual perception of the object.

Continuity If a sound is interrupted by e.g. a large noise burst so that a
discontinuity in time occurs, the sound is often perceived as if it continues
through the noise.

3.2 Schema-based Auditory Cues

The schema-based auditory cues are all based on stored knowledge. Here, the
auditory system organizes acoustic components based on schemas. In schema-
based scene analysis, the auditory system searches for familiar patterns in the
acoustic environment. Therefore, the schema-based cues are also called top-down
cues. Top-down means that on the basis of prior information, the brain makes
a grouping decision at a higher level that influences the lower-level (primitive)
grouping rules [36]. Contrary, the primitive cues are called bottom-up cues.
Examples of schema-based cues are

Rhythm An expectation of a similar sound after a certain period is an example
of an schema-based cue.

Attention In situations with several auditory streams, humans are able to
voluntarily pay attention to a single stream. Whenever humans listen for
something, it is part of a schema.

Knowledge of language Knowledge of a language makes it easier to follow
such an auditory stream.

Phonemic restoration This cue is closely related to the continuity cue. Phonemes
in words which are partly masked by noise bursts can sometimes be re-
stored by the brain so that the partly incomplete word is perceived as a
whole word.

3.3 Importance of Different Factors

Often different auditory cues may lead to different grouping of the acoustic el-
ements in an auditory scene. Thus the cues compete against each other. Some
auditory cues are stronger than others. For example, experiments have shown
that frequency proximity is a stronger cue than the spatial origin of the sources
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[21]. In listening experiments, variations are often seen across the listeners.
Some of these variations can e.g. be explained by different schema-based audi-
tory grouping across individuals. If a listener is exposed to a sentence several
times, the words become easier to recognize.

3.4 Computational Auditory Scene Analysis

In computational auditory scene analysis (CASA), methods are developed in
order to automatically organize the auditory scene according to the grouping
cues. By use of the auditory grouping rules, each unit in time and frequency
can be assigned to a certain auditory stream [96, 23| 31 [05]. When the T-F
units have been assigned, it becomes easier to segregate the sources of interest
from the remaining audio mixture.

Many computational models have been proposed. Some systems are based on
a single auditory cue, while other systems are based on multiple cues. Some
systems are based on single channel (monaural) recordings [96, 23], [94] 46, [48],
whereas other systems are based on binaural recordings [65] [79] [7§].

A commonly used cue for speech segregation is common periodicity. As an ex-
ample, a CASA system based on pitch estimation has been proposed in [46].
When the system only uses pitch as a cue for segregation, it is limited to seg-
regation of the voiced part of speech. Common onset and offset have also been
used, together with the frequency proximity cue for speech segregation models
[23,[47, 48]. By using onset and offset cues, both voiced and unvoiced speech can
be segregated from a mixture [48]. Temporal continuity was used for segregation
in [94].

The localization cues have also successfully been used to segregate sources from
a mixture. The interaural time difference (ITD) and the interaural intensity
difference (IID) have efficiently been used to segregate a single speaker from a
mixture of several simultaneous speakers ITD/IID [65] [79] [78]. The IID has
also been used in [28]. With strong models of the acoustic environment, also
monaural localization cues have been used for monaural source separation [6§].

Segregation of signals, where each sound is assumed to have different amplitude
modulation, has also been performed. In [7], different music instruments have
been segregated based on different amplitude modulation for each instrument.

Model-based methods have also been used for computational auditory grouping,
segregation, and enhancement of speech [97, [65] 36l 12]. In [12], primitive cues
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are used to divide the time-frequency representation of the auditory scene into
fragments. Trained models are hereafter used to determine whether a fragment
belongs to the speech signal or to the background.



CHAPTER 4

Time-Frequency Masking

To obtain segregation of sources from a mixture, the principle of exclusive allo-
cation can be used together with the fact that speech is sparse. by sparseness is
meat that speech signals from different sources only to some extent overlap in
time and in frequency. Each unit in the T-F domain can thus be labeled so that
it belongs to a certain source signal. Such a labeling can be implemented as a
binary decision: The T-F unit is labeled with the value ‘1’ if the unit belongs
to the audio signal. Contrary, if the T-F unit does not belong to the signal of
interest, it is labeled with the value ‘0’. This binary labeling of the T-F units
results in a so-called binary time-frequency mask.

The separation is obtained by applying the T-F mask to the signals in the T-F
domain, and the signals are reconstructed with a bank of synthesis filters. This
is illustrated in Figure

4.1 Sparseness in the Time-Frequency Domain

Speech is sparsely distributed in the T-F domain. Even in very challenging
environments with some overlap between competing speakers, speech remains
intelligible. In [22], experiments with binaural listening under anechoic condi-
tions have shown that a speech signal is still intelligible even though there is up
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Figure 4.1: Like the T-F distrubution is obtained by a bank of bandpass filters
(see Figure , the synthesis is also obtained by a bank of band-pass filters.
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to six interfering speech-like signals, where all signals have the same loudness
as the target signal. A speech signal is not active all the time. Thus speech is
sparse in the time domain. Further, the speech energy is concentrated in iso-
lated regions in time and frequency. Consequently, speech is even sparser in the
T-F domain. This is illustrated in Figure Here histogram values of speech
amplitudes are shown in the case of one speech signal and a mixture of two
speech signals. The amplitude values are shown both for the time domain and
the time-frequency domain. Many low values indicate that the signal is sparse.
As expected, one talker is sparser than two simultaneous talkers. It can also be
seen that the T-F representation of speech is more sparse than the time domain
representation.

Another way to show the validity of the sparseness in the T-F domain comes from
the fact that the spectrogram of the mixture is almost equal to the maximum
values of the individual spectrograms for each source in the logarithmic domain
[82], i.e. for a mixture consisting of two sound sources

log(e; + e2) ~ max(log(ey), log(es)), (4.1)

where e; and es denotes the energy in a T-F unit of source 1 and source 2,
respectively.
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Figure 4.2: The histograms show the distribution of the amplitude of audio
signals consisting of one and two speakers, respectively. The two left histograms
show the amplitude distribution in the time domain, the right histograms show
the amplitude distributions in the T-F domain obtained from the spectrograms
in Figure and Figure [{.4h. Many histogram values with small amplitudes
indicate that the signal is sparse. It can be seen that the signals are sparser in
the T-F domain compared to the time domain.

4.2 The Ideal Binary Mask

An optimal way to label whether a T-F unit belongs to the target signal or to
the noise is for each T-F unit to consider the amplitude of the target signal and
the amplitude of the interfering signals. For each T-F unit, if the target signal
has more energy than all the interfering signals, the T-F unit is assumed to
belong to the source signal. It is then labeled with the value ‘1°. Otherwise, the
T-F unit is labeled with the value ‘0’. Given a mixture consisting of N audio
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sources, the binary mask of the ith source in the mixture is thus given by

1, if |Si(w,t)] > | X (w,t) — Si(w,t)|;

BM;(w,t) { 0, otherwise, (4.2)

where S;(w, t) is the ith source at the frequency unit w and the time frame unit
t and X (w,t) — Si(w,t) is the mixture in the T-F domain, where the ith source
is absent. |- | denotes the absolute value. This mask has been termed the ideal
binary mask [93] or the 0-dB mask [98]. Here 0 dB refers to that the decision
boundary is when the local signal-to-noise ratio for a particular T-F unit is 0 dB.
The ideal binary mask cannot be estimated in real-world applications, because
it requires the knowledge of each individual source before mixing. With T-F
masking techniques, the original source cannot be obtained, but due to the
strong correlation between the signal obtained by the ideal binary mask and the
original signal, the ideal binary mask has been suggested as a computational
goal for binary T-F masking techniques [93] B7]. In theory, each original source
in the mixture could be obtained from T-F masking, but it requires that the
T-F mask is complex-valued. The quality and the sparsity of the ideal binary
mask depends on the overall signal-to-noise ratio. If the noise is much stronger
than the target signal, only few T-F units have a positive local SNR. Hereby the
ideal binary mask becomes sparse, and quality of the estimated signal is poor.

To assign the T-F unit to the dominant sound, also corresponds well with audi-
tory masking [62]. Within a certain frequency range where multiple sounds are
present, the louder sound will mask the other sounds. The auditory masking
phenomenon may also explain why T-F masking performs very well in segregat-
ing sources even though the sources overlap.

In Figure and Figure [4.4] examples of ideal binary masks applied to speech
mixtures are shown. Here, the mixture consists of a male speaker and a female
speaker. The spectrogram of the mixture is shown in part a of the figures. The
two ideal binary masks are calculated from equation for all T-F units (w,t)
as

_ 1, if |Sma1e(wa t)| > |Sfema1e(wa t)|;
BMiare (1) = { 0, otherwise, (4:3)
and
1, if |Stemate(w, t)| > |Smate(w, t)|;
BMfemale(W,t) = { 0 ot‘hefrwisle.( )| ‘ ! ( )| (44)

In order to obtain estimates of the two individual speakers in the frequency
domain, the two binary masks are applied to the mixture by an element wise
multiplication in the T-F domain, i.e.

Si(w,t) = X(w,t) o BM;(w, ), (4.5)
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where o denotes the element wise multiplication. The obtained spectrograms
are shown in part c of Figure and Figure Like the spectrogram (analysis
filter) is obtained by the STFT, the inversion of the spectrogram (synthesis) is
obtained by the inverse STFT (ISTFT).

In Figure .30 and Figure {44 the spectrograms of the synthesized signals are
shown. The spectrograms of the two original signals are shown in Figure

and Figure [{.4k, respectively.

Also in cases, where e.g. a Gammatone filterbank has been used for analysis,
synthesis is possible. In order to recover an auditory model, especially the phase
recovery is difficult [87]. The Gammatone filterbank has different group delay
for different frequencies. This makes perfect synthesis difficult. Inversion of
auditory filterbanks is discussed in [87, 54, 58| [57].

Consider again the spectrograms in part c. It is important to notice that even
though a T-F unit in the binary mask is zero, its resulting synthesized signal
contains energy in these T-F units, as it can be seen, when the spectrograms
are compared to those in part d. This can be explained by considering the
diagrams in Figure When the signal representation is converted from the
time domain into the T-F domain representation, the signal is represented in a
higher-dimensional space. Because the dimension of the T-F domain is higher,
different representations in the T-F domain may be synthesized into the same
time domain signals. However, a time domain signal is only mapped into a single
T-F representation. The T-F representation can also be viewed as a subband
system with overlapping subbands [91]. Due to the overlapping bands, the gain
in each band may also be adjusted in multiple ways, in order to obtain same
synthesized signal.

When different sources overlap in the T-F domain, a binary mask may remove
useful information from the target audio signal, because some areas in the T-F
domain are missing. Recently, methods have been proposed in order to recover
missing areas in the T-F domain [T} [80]. Based on the available signal, and
training data, missing T-F units are estimated. The idea is that the training
data which fits the missing T-F areas best are filled into these areas.

4.3 Distortions

When a T-F mask is applied to a signal, distortions may be introduced. These
distortions are known as musical noise. Musical noise are distortions artificially
introduced by the speech enhancement algorithm. Musical noise are short si-
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Figure 4.3: Segregation by binary masking. The male speaker (e) is segregated
from the mixture (a) which consists of a male and a female speaker. The binary
mask (b) is found such that T-F units where the male speaker has more energy
than the female speaker has the value one, otherwise zero. The black T-F units
have the value ‘1’; the white T-F units have the value ‘0’. The binary mask is
applied to the mixture by an element wise multiplication and the spectrogram
in (c) is thus obtained. The spectrogram of the estimated male speaker after
synthesis is shown in (d).
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Figure 4.4: Segregation by binary masking like in Figure [f.3] Here the female
speaker (e) is segregated from the mixture (a). The spectrogram of the estimated
signal is shown in (d).
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Figure 4.5: The time domain signal is mapped into the T-F domain by an anal-
ysis filterbank (step 1). The K bands in the T-F domain signal are modified
by a T-F mask (step 2), where a gain is applied to each frequency band. The
modified signal is transformed back into the time domain again by a synthesis
filterbank (step 3). Because the dimension of the signal representation in the
T-F domain is higher than the time domain representation, different T-F repre-
sentations map into the same time-domain signal. Different time domain signals
always map into different T-F representations.

T-F domain

nusoidal peaks at random frequencies and random times [24]. Distortion from
musical noise deteriorates the quality of the speech signal. This deterioration
of a sound signal can be explained by auditory scene analysis. Since the noise
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occurs as random tones in time and frequency, it is very unlikely that the tones
group with other acoustic components in the auditory scene. Because the tones
occur at random times, they do not have any common onset/offset, or any
rhythm. Since the tones occur at random frequencies, it is unlikely that there
are common harmonics. Thus musical noise is perceived as many independent
auditory streams that do not group together. Because these random tones are
perceived as many unnatural sounds, a listener feels more annoyed by musical
artifacts than by white noise [59]. The amount of musical noise also depends
on how sparse the enhanced audio signal is. Peaks in the spectrogram far from
the acoustic components are likely to be perceived as musical noise, while peaks
closer to the audio signal are more likely to be below the masking threshold of
the acoustic component. Two features were proposed in [59] in order to identify
musical noise from speech: In the frequency axis of the spectrogram, the musi-
cal noise components are far from the speech components, so that they are not
masked, and on the time axis in the spectrogram, the frequency magnitudes of
the musical noise components vary faster than the speech components. Musical
noise can be reduced e.g. by applying a more smooth mask or by smoothing
the spectrogram. Smoothing in order to reduce the musical noise has been sug-
gested in e.g. [I 6] B, 5L [4]. In [6], smoothing in time was proposed in order
to reduce musical noise. The smoothing was applied by choosing a shift in the
overlap-add ISTFT reconstruction which was much shorter than the window
length.

Aliasing is another reason why energy is still present (and audible) within some
of the removed T-F units. A binary mask can be regarded as a binary gain
function multiplied to the mixture in the frequency domain. If the T-F analysis
is viewed as a subband system, aliasing is introduced if the subband is deci-
mated. The aliasing effects can however be avoided by a careful design of the
analysis and synthesis filters. Effects from aliasing can also be reduced by using
filterbanks without decimation. An example of a filterbank is the spectrogram.
The spectrogram is usually decimated by a factor M /m, where M is the window
length and m is the frame shift. In e.g. [2§] filterbanks without decimation have
been used.

4.4 Methods using T-F Masking

During the past two decades, numerous approaches for T-F masking based audio
segregation have been proposed. To include some T-F areas and to omit other T-
F areas in order to segregate speech signals was first proposed by Weintraub [96].
Physical cues from the acoustic signal was used to assign different T-F regions
to the different sounds in the mixture. In [96] [97], the pitch was estimated and



38 Time-Frequency Masking

used to allocate the different T-F regions. Most of the other CASA methods
mentioned in Section utilize T-F masking, e.g. [23] 04 [46] 48] [47, [12].

More recently, T-F masking has been used with techniques not directly inspired
by the behavior of the human auditory system, but more based on the fact
that audio signals, such as speech is sparse in the T-F domain. Clustering
of sources based on histograms over time and amplitude differences between
different microphone recordings was proposed in [5I], and further extended in
[9, 10, [r5) [77, 98, 149, [76]. In [76], M-microphone beamforming and T-F masking
was combined in order to cope with sources that overlap in the T-F domain.
Hereby, M — 1 simultaneous sources were allowed in each T-F unit. In [79, [7§],
ITD/IID histogram data were clustered in order to segregate speech signals.
Direction of arrival (DOA) estimation based on clustering of delays between
closely-spaced microphones has also been applied for binary mask estimation
[39].

ICA and T-F masking have been combined in different ways. Audio signals
can be segregated by finding the DOA of the signal and applying a binary mask
which only allows arrival directions in a narrow band around the estimated DOA.
This binary mask is usually very sparse and audible distortions are introduced
from this very narrow binary mask [I8]. In order to reduce the musical noise,
it has been proposed to use DOA-based binary masks to remove N — M signals
from the mixture with N sources recorded at M microphones. Hereby the
remaining problems consists of M sources recorded at M microphones. In this
problem, the mixing matrix can be inverted, and the sources can be recovered
with less musical artifacts [16, 17, 18] 2 [3]. In order to reduce musical artifacts
even further, it has also been proposed to apply a continuous T-F mask in the
first step contrary to the binary mask. The continuous mask is based on the
DOA [5], 4].

T-F masks can also be applied to the output of an ICA algorithm. In order
to cancel crosstalk and to enhance speech even further, the absolute value of
two segregated signals from an ICA algorithm were compared, and a binary
mask can be estimated based on comparison between the two output signals.
The binary masks can then be applied to the two segregated signals in order to
enhance them further [53]. This method has also been used as a pre-processing
step for feature extraction and speech recognition [62]. A somewhat related,
very computationally simple method for estimation of a binary mask is in the
special case of the better microphone [63]. If recordings are available at multiple
microphones and one of the microphones, the better microphone, is closer to the
target speaker, the target speaker is dominant in this recording compared to the
other recordings. Consequently a binary mask which primarily segregates the
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primary speaker can simply be estimated as

1; if |Xbetter(w7t)‘ > ‘Xother(wvt)h

0, otherwise, (4.6)

BMtarget(wyt) = {
where Xpetter (w, t) denotes the recording at the better microphone and Xother (w, t)
is the recording at the other microphone. In [63] a method similar to the one
proposed in [53] was used. Here SIMO-ICA was used instead. In single-input-
multiple-output (SIMO) ICA, each segregated output is estimated as if it was
recorded at all the different microphones in the absence of other sources [8§].
Hereby, if the separated source was recorded at two microphones, each separated
source also exists as if it was recorded at the two microphones in absence of the
other sources. In [63], the binary mask is used to remove the residual error of
the SIMO output the error is found by comparison between the same different
outputs of the same source.

ICA with T-F masking as a post-processing step have also been used iteratively
in order to separate underdetermined mixtures [72], [73], [71]. The most complete
explanation of this method is given in the in the paper in Appendix

Binary T-F masks have also been found based on trained recordings from sin-
gle speakers [§I]. Here, only a single microphone was used. Another one-
microphone approach based on learned features and auditory cues can be found
in [§].

4.5 Alternative Methods to Recover More Sources
Than Sensors

Time-frequency masking is only one way to recover IN sources from M record-
ings, where N > M. Statistical assumptions on the sources can be used to
compute the maximum a posteriori estimates of the sources [55], 66], i.e.

§ = argmaxP(s|x,A) (4.7
= argmax P(x|A,s)P(s), (4.8)

where x is the mixtures, A is the estimated mixing parameters, § is the estimate
of the sources s and P(-) denotes the probability density function.

A third method the recover the sources is to assume that the number of sources
active at the same time always equals the number of sensors. Hereby each mixing
process can be inverted and the obtained sources are then combined afterwards.
This assumption has been used in e.g. [19].
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CHAPTER 5

Small Microphone Arrays

In many applications, it is desirable to amplify, sounds arriving from a certain
direction and to attenuate sounds arriving from other directions. Such direction-
dependent gains can be obtained by processing sounds recorded by a microphone
array. For hearing aid applications, a microphone array typically consists of two
or three microphones placed close to each other near the ear canal. A typical
microphone placement is shown in Figure The purpose of this chapter
is to review methods for signal enhancement by beamforming. Two types of
array configurations are considered in this, a linear microphone array and a
circular four-microphone array. These two array types have also been used in
the proposed algorithms, which can be found in the appendices.

5.1 Definitions of Commonly Used Terms

In this section we define some commonly used terms.
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Microphone

Figure 5.1: Typical placement for a two-microphone array for hearing aid
applications. The microphone placements are shown form the side as well as
from above.

5.1.1 Free Field Assumption

When a sound propagates in a free field, the sound wave does not pass any
obstacles on its way. Thus if the sound source is a point source, the sound
propagates spherically from its origin. Because the surface area of a sphere
depends on the radius squared, every time the distance r to the source is doubled,
the sound intensity I is decreased by a factor of four. The intensity is thus
proportional to 1/r%. In a free field, the sound level is decreased by 6 dB
every time the source distance is doubled [43]. In a room, the sound signal is
reflected from the walls and these effects are recorded at the microphones too.
Therefore, due to room reverberations and under the assumption that the sound
is not attenuated by obstacles on its path, the sound level will be above that of
a free field.

When a microphone array is located in a free field, and the distance to the sound
source is much larger than the distance d between the microphones (r > d), the
impinging sound wave can be assumed to be a plane wave. Under this far-field
assumption, the delay between the array elements and thus the source direction
does not depend on r (see Figure .
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@

Figure 5.2: In a free field, the sound level is decreased by 6 dB every time the
distance r from the source to the microphone array is doubled. It is assumed
that the sound wave is planar if the distance d between the elements in the array
is much smaller than r.

5.1.2 Spherically Isotopic Noise Field

In a spherically isotropic noise field, all arrival directions are equally likely. We
also denote such a field, a diffuse noise field. The coherence between the different
microphone signals depends on the frequency f and the microphone distance d
and it is given by [20]

Samples drawn from a spherically isotropic distribution is shown in Figure [5.3
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Figure 5.3: The left plot shows samples drawn from a spherical isotropic field.
The samples are equally distributed on a sphere. The right plot shows samples
drawn from a cylindrical isotropic field. Here the samples are equally distributed
on a circle.

5.1.3 Cylindrically Isotopic Noise Field

In a cylindrically isotropic noise field, all arrival directions in the x — y-plane are
equally likely and sounds only arrive from directions in the x — y-plane. Samples
drawn from a cylindrically isotropic distribution is shown in Figure

5.2 Directivity Index

A beamformer has a response that varies with the direction. The direction is
described as a function of the spherical coordinates ¢ and 6. The angles are
shown in Figure The beamformer can be evaluated with respect to how
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>
»

Figure 5.4: The beamformer response depends on the arrival direction of the
source signal. In the far-field, the arrival direction can be described as function
of ¢ and 6.

well it suppresses a diffuse noise field. In a diffuse noise field, the noise arrives
from all directions with the same probability. We also call this type of noise for
omnidirectional. The directivity factor (DF) is defined as the ratio between the
response from the target direction R(¢o,0y) and the response from all directions
integrated over the sphere [64].

4 [R(¢o,60)]*
ST [2TIR(6, )2 sin(0)dpdo

More frequently, the directivity index (DI) is used. The DI is the DF measured

in dB, i.e.,
4[R(¢o, 0o)]?
DI = 1010 5.3
g( ST 2T R(8, 6)]2 sin(8 )d¢d9> (5:3)

If the directivity gain is independent of ¢, the integral reduces to [90]

_ 2[R(60))?
DI = 10log ( INEOEET 0)d9> (5.4)

DF =

(5.2)
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As we can see, the directivity factor describes how well a beamformer suppresses
sounds which arrive from all directions compared to the sound from the desired
direction.

In some situations, the noise is assumed mainly to arrive from the back while the
desired signals mainly is assume to arrive from the front direction. Therefore,
as an alternative directional signal to noise ratio, also the ratio between the
(desired) signals arriving from the front and (unwanted) signals arriving from
the back can be found. This ratio is called the front-to-back ratio (FBR) [14]
and is calculated as

Sy et 2R ¢)1 sin(0)dedo )

[0S f¢0+3“/ *[R(0, )]2 sin(0)dedd

FBR = 10log (
0+7T/2 0+7T/2

If the target direction is (Ao, ¢9) = (0,0), we can change the boundaries and the
FBR can be written as [34]

w/2
"[R(#, 0)dpdo
fﬂ/2f [R(6, ¢)]? (9)d¢d9
Further, if the directivity gain is independent of ¢, the integral reduces to
/2[R (6))? sin(0)do
FBR = 10log | % - . (5.7)
fw/2 [R(0)]? sin(0)do

5.3 Microphone Arrays

Directivity can either be obtained by adding or by subtracting microphone sig-
nals. When the sources are added and possibly delayed, the beamformer is
called a delay-sum beamformer. When the sources instead are subtracted, we
term microphone array a superdirective beamformer[34]. The two types of beam-
formers are illustrated in Figure The delay T between the two microphone
signals depends on the arrival angle 6, the microphone distance d, and the sound
velocity ¢ as

T= CEZCOS(H). (5.8)
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Figure 5.5: In order to obtain directivity, signals recorded at two microphones
can either be summed together, or subtracted from each other. By varying
the delay in the delay element, The placement of the null can be steered by
adjusting the delay T in the delay element. When the difference between the
microphone signals are used, the DC component of the signal is removed. In
order to compensate for this high-pass effect, the differential delay is followed
by a low-pass filter.

5.3.1 The Delay-Sum Beamformer

When the microphones signals are added, we have a null gain at the frequency
where one microphone signal is delayed by half a wavelength compared to the
other microphone signal, i.e. for d = A/2. A null direction is a direction of
which there is no directive gain. The direction of the null can be determined
by varying the delay element. With a two-microphone array in a spherically
isotopic noise field a DI of 3 dB can be obtained at the frequency corresponding
to

f=0g (5.9)

This is illustrated in Figure [5.6] where the two microphones are placed along
the xz-axis. The distance between the microphones is half a wavelength. Since
the microphone signals are added without any delay, the maximum directivity
is obtained in the y — z plane. In Figure directivity patterns are shown for
different wavelengths. The two crosses indicate that the microphones are placed
along the z-axis. When A\ = 2d, signals arriving at the end direction of the
array are completely canceled out. We also see that the delay-sum beamformer
is inefficient for A < 2d. When X\ > 2d, spatial aliasing occurs and multiple null
directions and sidelobes occur in the beampattern.
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A=2d

04a
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Figure 5.6: Normalized 3D directivity pattern obtained for a delay-sum beam-
former. A two-microphone array is placed along the z-axis. The pattern is
shown for a wavelength equal to twice the microphone distance. A signal ar-
riving from the from the direction along the z-axis is canceled out because the
microphone signals are out of phase, while a signal arriving from a direction
perpendicular to the z-axis is in phase and therefore has maximum directivity.

5.3.2 Superdirective Beamformers

Higher directivity can be obtained if instead the difference between the micro-
phone signals is used. For a two-microphone array, the microphone response
can be written as function of the arrival angle 6 and the frequency as

R(0, f) = s1g1(0)e7 % ) 4 559.(0)ed 5 05(O) (5.10)

where s1 and s are the sensitivities of the microphones, and g1 () and g2(0) are
the angular sensitivities of the two microphones. k = 2w /\ = 27 f /c is the wave
number. If the two microphones have omnidirectional responses, g1 = g2 = 1,

(5.10) reduces to

R(0) = 81e_j% cos(®) 82€j% cos(9), (5.11)
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Figure 5.7: Directivity patterns obtained for a delay-sum beamformer for dif-
ferent wavelengths. The crosses indicate that the microphone array is located
along the x-axis. For hearing aid applications, the spatial under-sampling is usu-
ally avoided by choosing a small microphone distance. Thus the main benefit is
that the additional microphone noise is reduced.

By assuming that the microphone distance is much smaller than the wavelength,
ie. kd < «w [90, 34], we can approximate the response by a first order Taylor
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polynomial, i.e.

R(O) =~ s1(1-— j% cos(0)) + s2(1 +j% cos(0)) (5.12)
= (s1+s2) Jrj%(sz — s1) cos(0) (5.13)
= A+ Bcos(9) (5.14)

Polar curves of the form R(f) = A + B cos(f) are called limacon patterns. By
assuming that the target source comes from the # = 0 direction, the directivity

index can be found by inserting (5.14) into (5.4) [90]:

_ 2[R(6o))?
DI = 10log <f0 O 9)d9> (5.15)
B 2[A + BJ?
= 10log (foﬂ [A+ Bcos(9)]? sm(9)d€> (5.16)
= 10log <m> (5.17)
3

The maximum directivity can be found by maximizing (5.17)) with respect to
A and B. The highest DI (6 dB) is obtained for A = 1/4 and B = 3/4. The
directivity pattern with the highest directivity index is called a hypercardioid.

Also the maximum FBR can be found. Here, we insert (5.14]) into (5.7)):

/2 2 .
1010g< T2IR(9)] sm(o)d9> (518)

FBR 75 [R(0)]? sin(6)do

/2
[A + Bcos(6))? Sln(ﬁ)d@) (5.19)

= 10log (f,r/z[A + B cos(6)]? sin(6)d6

2 2
101og <3A +3AB+ B > (5.20)

3A%2 —3AB + B?

We maximize (5.20]) with respect to A and B, and the highest FBR (11.4 dB) is
obtained for A = (v/3—1)/2 and A = (3 —+/3)/2. The pattern with the highest
FBR is called the supercardioid.

In Table different first order directional patterns are listed. The omnidirec-
tional pattern which has the same gain for all directions, is actually a delay-sum
beamformer. Examples of first order directional patterns are shown in Fig-
ure and in Figure a 3D hypercardioid directional pattern is shown.

As mentioned, we assumed that kd < 7. In Figure the hypercardioid is
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Table 5.1: Characterization of different limagon patterns [34] [00].

Pattern A B DI (dB) FBR (dB) Null direction
Omnidirectional 1 0 0 0 -
Dipole 0 1 4.8 0 90°
Cardioid % é 4.8 8.5 180°
Hypercardioid 1 % 6.0 8.5 109°
Supercardioid | Y31 33 57 11.4 125°
Dipole, DI= 4.5dB Cardioid, DI= 4.7dB
1 1
05 05
- D x - D o
05 0.5

-1 0.4 0 05
X

Hypercardioid, DI= 5.048

0.5

0.5

05

0.5

0.4 0 05
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Supercardioid, DI= 5.7dB

0.5 0 0.5 1

Figure 5.8: Normalized directivity patterns obtained for different values of A
and B in (5.14). The wavelength is A = 20d. The crosses indicate that the
microphone array is located on the x-axis.

plotted as function of wavelength (or frequency). As we see, as kd increases,
the pattern begins to change shape, and the directivity index decreases. When
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Figure 5.9: 3D directivity pattern obtained for a superdirective the-microphone
beamformer. The shown directional pattern is a hypercardioid. The hypercar-
dioid has the maximum directivity index. The two-microphone array is placed
on the z-axis.

A > d/2, sidelobes begins to appear. Compared to the delay-sum beamformer,
where a null occurred at a certain frequency, the null direction of the superdirec-
tive beamformer is independent of the frequency. However, frequency dependent
nulls appear if there is spatial aliasing. In Figure[5.11] we compare the response
of the delay-sum beamformer and the superdirective beamformer as function of
frequency. It can be seen that while the delay-sum beamformer have the null
placement at wavelengths of A\/2 + n\, where n =0, 1,2, ..., the superdirective
beamformer have the null placement at DC. In order to obtain a flat gain over
a wide frequency range, the high-pass effect in the superdirective beamformer
is compensated by a low-pass filter. Such a low-pass filtered response is also
shown in the figure, with a first-order LP-filter given by

1

HLP(Z) = 1_7&_1

(5.21)

In order to ensure stability, & < 1. If noise is present in the system, a low-pass



5.3 Microphone Arrays

53
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Figure 5.10: Normalized directivity patterns obtained for a delay-sum beam-
former for different wavelengths. The crosses indicate that the microphone array
is located on the z-axis. The DI is found as the ratio between the direction with
maximum gain and all other directions. As kd increases, the pattern begins to
change shape and the DI decreases.

filter would amplify the low-frequency noise too much, therefore £ cannot be too
close to one. In Figure £=038.
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Figure 5.11: Magnitude responses as function of the frequency for a delay-sum
array and a differential array. The delay between the two microphones corre-
sponds to one sample. As it can be seen, the differential microphone array has
a zero gain for DC signals. To compensate for this high-pass effect and obtain-
ing a flat response over a wider frequency range, the differential beamformer is
followed by a low-pass filter. This resulting gain is also shown.

5.3.3 Linear Microphone Arrays

In the previous sections, we considered microphone arrays consisting of two mi-
crophones. Some of the results can also be extended to linear arrays consisting
of N microphones. Figure shows linear arrays containing N omnidirec-
tional microphones. Again, directivity can be obtained by either summing or
finding the difference between all the microphone signals. As it could be seen,
the delay-sum beamformer and the differential beamformer require different ar-
ray dimensions in order to provide the desired responses. This is illustrated
in Figure too. If the delay-sum beamformer has to work efficiently, the
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Figure 5.12: A linear microphone array. The microphone array consists of
N equally spaced microphones. For a delay-sum beamformer, the distance be-
tween two adjacent microphones is d, where d = \/2. For a superdirectional
microphone array, the size of the whole array is d, where d < A/2.

distance between microphones next to each other in the array should be d = 2.
Contrary, for the differential beamformer, the size of the whole array should
be d, where A > d. Thus, the size of a superdirectional microphone array has
to be much smaller than the size of a delay-sum array. It can be shown that
for an N-microphone delay-sum beamformer, the maximum directivity for the
frequency corresponding to A = d/2 can be written as function of N as [64] [32]

DImax,ps = 10log(N). (5.22)

Also the maximum DI for a differential beamformer can be found as function of
the number of microphones. In [34], it is shown that the maximum directivity
of a superdirective beamformer is given by

DImax,SD = 10 IOg(NQ) (523)
= 20log(N). (5.24)

Even though there are some advantages of the superdirectional beamformer,
there are also some disadvantages that limits the feasibility. Because the ar-
ray size of the superdirective beamformer should be much smaller than the
wavelength, there are some physical limits. An acoustic high-fidelity signal is
in the frequency range of about 30-16000 Hz [62]. At a frequency of 16 kHz,
A/2 =~ 11 mm. Thus, the array size should be much smaller than 11 mm.

Another problem with differential beamformers is mismatch between micro-
phones. Most likely each microphone in the array has different frequency de-
pendent amplitude and phase response, and the microphone placement may also
be uncertain. Microphone mismatch deteriorates the directional gain.
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Figure 5.13: A circular four-microphone array placed in a coordinate system
at the locations (1,0,0), (-1,0,0), (0,0,1) and (0,0,-1)

The superdirectional microphone array is also sensitive to microphone noise. As
it was shown in Figure[5.11] the low frequencies of a superdirectional beamformer
has to be amplified. Hereby also the possible microphone noise is amplified.
The sensitivity of the microphone array increases as function of the array order
(N —1). Further, as kd becomes smaller, the proportionally with 1/kd [34].
Therefore, currently superdirectional arrays that consists of more than about
3—4 microphones are only of theoretical interest.

5.3.4 Circular Four-microphone Array

Consider the microphone array in Figure[5.13] The four microphones placed in
the z — z-plane at the locations (1,0,0), (-1,0,0), (0,0,1), and (0,0,-1) have the
sensitivities $100, S—100, So01 and Spo—1, respectively. The response r(6, @) is
given by

(6, ¢) = s100¢’™ + s_100e 7™ + so016’* + sg0—16 777, (5.25)
where 7, = £ sin(6) cos(¢) and 7. = £ cos(f). Thus the response can be

rewritten as

7,(0’ ¢) _ 81006]’% sin(0) cos(¢) + 8710067]‘% sin(0) cos(¢) (526)

- kd _ i kd
+ 500163 5= cos(0) + Spo_1€ i%s cos(9).
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Again, we assume that kd < w. Thus the exponential can be rewritten using
2
the second order Taylor expansion, i.e., e* ~ 1+ z + %-. Hereby

(kd)? . >
g sin (0) cos®(9))

(k?

r(6,¢) = si0(l+ j% sin(f) cos(¢) —

+s_100(1 — j% sin(0) cos(¢) — sin?(0) cos?(¢))
+5s001(1 + j%d cos(f) — M cos?(6))

ed (kd)>

+s00-1(1 — j7 cos(f) — cos?(6))

= (8100 + 5—100 + So01 + Soo—1)

+J'% sin(6) cos(¢)(s100 — 5—100)

— (kg) sin?(0) cos?(¢)) (5100 + 5_100)
+j% cos(0)(so01 — S00—1)
(kd)?

—T COSQ(G)(SOM =+ 800,1)

= A+ Bsin(0) cos(¢) + C'sin?(6) cos® () (5.27)
+D cos(8) + E cos*(6),

2
where A = (s100+5-100+5001+500-1), B = j%(SIOO_S—IOO), C=— (kgl) (s100+
2
$—100), D = j%(som — S00-1), and E = —%(8001 + s00—1). This expression

can be used to find the directivity index. With the desired direction given by
(8,6) = (m,0), we insert (5.27) into (5.3):

DI= 10log( dnl4 + B+ O )

_f02" JT[A + Bsin(0) cos(¢) + Csin?(0) cos?(¢) + D cos(8) + E cos?(6)]2 sin(6)d0de

which reduces to

[A+ B+ C]?
DI =101 . (5.28
o8 <A2+§82+é02+§A(C+E)+})D2+éE2+125(]E (5.28)

Notice, A= (C+ E)/ _(’;d)z. Therefore |D can be rewritten as

DI= 10 log( o+ )/ =42 + 2+ 2 )

_ 2 _ 2
(c+my =22 124 1o2 4 2(c+ By =ED%yc+ B)+ 1D2 + LB2 + R CE

Hereby, it can be seen that the DI is dependent on the wave number k£ and
hereby is dependent on the frequency f. For different frequencies, the DI is
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Table 5.2: The DI is maximized with respect to different frequencies, with
d =10 mm

fH| B C [D]| E | DI[dB]
0 | -0.8000 | -1.0000 1.0000 | 8.2930
500 | -0.8001 | -0.9999 1.0005 | 8.8926
1000 | -0.8005 | -0.9995 1.0018 | 8.8914
2000 | -0.8027 | -0.9988 1.0080 | 8.8866
10000 | -0.8025 | -0.8792 1.1271 | 8.6759

jevi e e B e )

maximized with respect to B,C, D and E. The results{ﬂ are given in Table
The solution for f = 0 is independent of the frequency because A = 0, and the
DI will be constant for all frequencies. Notice, all these directivity indices are
smaller than the similar maximum DI of 9.5 dB which can be obtained with
a linear three-microphone array [90]. 3D-plots of the directivity are shown in
Figure [5.14] and Figure The four microphone summing coefficients are
given as

B 4C

= = 2
5100 ]kd (k_d)g (5 9)
. B 4C
§-100 = J3g = (kd)? (5.30)
D 4F
So01 = —J75 T Tioa (5.31)
kd ~ (kd)?
D 4F
1 = == 7 .32
S00-1 Jkd (kd)? (5.32)
(5.33)

Notice, by choosing another direction of the source signal than (6, ¢) = (7, 0) in
(5.3), another maximum value of the DI could be found.

5.4 Considerations on the Average Delay be-
tween the Microphones

Consider two microphones placed in a free field as illustrated in Figure We
denote the delay between the microphones by 7,. The small index z indicates
that the microphones are placed along the z-axis.

IThe values of B, C, D, and E have been found by use of the Matlab function fminsearch.
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DI for f=1000Hz
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Figure 5.14: 3D directivity plot. The directivity is found for B = —0.8, C' = —1,
D =0 and E = 0. The frequency used in the calculations is f = 1000 Hz and
d = 10 mm. The DI is also shown for the z = 0 and y = 0. As it can be seen
the directivity is not rotation symmetric as in the case where the microphone
array is linear.

5.4.1 Average delay in Spherically Diffuse Noise Field

We can find the probability distribution for 7, given all arrival directions are
equally likely. In a spherically diffuse noise field, all directions are equally likely.
If all directions are equally likely, the spherical coordinates are random vari-
ables ©,®. ® has a uniform distribution with the following probability density
function (pdf):

0 <0 < 2m,

otherwise. (5.34)

1
P = {5
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DI for f=1000Hz
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Figure 5.15: 3D directivity plot with the values in Table optimized for
f =1000 Hz and d = 10 mm.

If & (the longitude) has a uniform distribution, © (the latitude) does not have a
uniform distribution. This can be seen by e.g. considering a globe. On a globe,
both the latitude and the longitude angles are uniformly distributed. At the
poles of a globe, the areas formed between the latitude and the longitude lines
are smaller than at the areas at the equatorial region. Uniformly distributed
longitude and latitude thus results in a non-uniform distribution of points on
the sphere (with a relatively higher probability of being near the poles). In order
to determine the distribution for 6, consider the unit sphere in Figure[5.17} The
area between the two circles df) is given by

Q) = 27rdf, (5.35)
where r = sin(6). Hereby
dQ

27 sin(6)do (5.36)
—2md(cos(6)). (5.37)
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v

Figure 5.16: Two-microphone array placed in a free-field.

The probability distribution of dQ2, P(d?) is found by dividing by the whole
area of the unit sphere, i.e. 47. Hereby

P(dQ) = ZS —d(%s(g)). (5.38)

If each dQ) has the same size and is equally likely, P(df?) follows an uniform
distribution. Hereby, cos(#) follows an uniform distribution too. Therefore, ©
is a function of a random variable W¥:

© = arccos(V), (5.39)
where W is uniformly distributed with

-l<y <l

otherwise. (5.40)

fo() = {0%:

To find the pdf of ©, the following equation is used [56, p. 125]

Z|d9/d¢|w . (5.41)
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Figure 5.17: The area between the two broken circles is given by d$2 = 2wrd6.

Here, df/dy is
d(arccos()) -1

dip T
Inserting (5.42)) into (5.41)) with ¢ = cos() yields

1—cos?(0) _ sin(9) .
f@(m:{o S =l 0<o<m

otherwise,

The pdf’s for © and ® are shown in Figure [5.18

The delay 7, is described by the random variable T, where

T. = cos(O).

(5.42)

(5.43)

(5.44)
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(a) (b)

Figure 5.18: When all arrival directions for a source signal are equally likely,

the distributions for the spherical coordinates 6 and ¢ are fo(f) = w and
fo(¢) = 5=, respectively.
The pdf for T, is found by inserting (5.39)) into ([5.44))
T, = cos(arccos(V)) (5.45)
= . (5.46)

Hereby we observe that average delay between the microphones 7, is uniformly
distributed with

1<, <1

otherwise. (5.47)

1
i) = { &

5.4.2 Average delay in Cylindrical Diffuse Noise Field

If, instead the sound was impinging from directions equally distributed on a
circle in a plane, the probability function of the delay would different. Now the
delay is described by the random variable T', where

T = cos(V), (5.48)

with ¥ uniformly distributed as in equation ([5.34). The pdf for T is given by
56, p. 126]

1 —l<7<1;
{ Vi=r?’ T (5.49)

™
0, otherwise,
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25

)

Figure 5.19: Probability density function for the delay between two microphones
in a cylindrical diffuse noise field.

The pdf is shown in Figure [5.19

To conclude, if a sound impinges an array, and all arrival directions are equally
likely, all possible delays between the two microphones are equally likely too.
We also get some side results. In Figure the microphone was placed sym-
metrically on the z-axis. We could as well have chosen to place the microphone
array along the x or the y axis. If the array is placed on the z-axis , the delay
would have been given as

T, = sin(©)cos(®) (5.50)
= sin(arccos(¥)) cos(P) (5.51)
= 1—U2cos(P) (5.52)

Due to symmetry, we know that /1 — U2 cos(®) simply reduces to a uniform
distribution with the same distribution as ¥. Likewise, if the microphones were
placed along the y-axis, the delay would be

T, = sin(0)sin(P) (5.53)

= /1 — U2sin(d) (5.54)

v, (5.55)
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where W’ is uniformly distributed like .

We also see that the delay between the two microphone signals is not uniformly
distributed if the noise field is cylindrically distributed.

5.4.3 Average Delay in Spherically Diffuse Noise Field for
a Circular Four-microphone Array.

The probability densities for the average delays can also be found for the delays
between the microphones in the circular array. We consider the two delays 7,
and 7,. 7, is the delay between the two microphones placed on the x-axis and
T, is the delay between the two microphones placed on the z-axis in Figure|5.13
respectively.

Again, we assume a source signal arrives at the microphone array from a random
direction. Given the spherical coordinates (6, ¢), the two (normalized) delays
T, and T, are given by

T, = sin(f)cos(d) (5.56)
7. = cos(f). (5.57)
From Section we know that the delay between two microphones in a spher-

ically diffuse noise field are given by uniform distributions. Thus the marginal
distributions are given by

1
5, —l<m <l
_ 2 T )
fr. (1) = { 0, otherwise, (5.58)
and )
5, —l<7, <1
_ 2 z ) ﬁ
fr.(m:) = { 0, otherwise. (b-47)

The two marginal probability density functions fr, (7,) and fr_ (7.) are not
independent of each other. If one of the two delays are given, the conditional
distributions can be found, i.e. fr (7:|7.) and fr,(7.|7). In order to find
fr, (72]72), 8 = arccos(.) is inserted into (5.56]). Hereby

7. = cos(¢)sin(arccos(t,)) (5.59)
= cos(¢)\/1—12 (5.60)
= cos(¢)a. (5.61)

Here, it can be seen that the conditional distribution is given by a constant
a multiplied by cos(®). The pdf for the random variable, which we denote
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K = cos(®), have the density function obtained from equation (5.49), i.e.

L -1<k<1;
k — m/1—k2’ ’ 5.62
Jx (k) { 0, otherwise. ( )
The conditional pdf for T, = aK is given by
1 T
fr(mln) = —fk(2)a>0 (5.63)
a a
1 1
_ 2 (5.64)
NI \/1 - %5
—1 112 < 1, <1712
— my/1-72—72 (5.65)
0, otherwise.

Here, the constraint 72 + 72 < 1 has been applied. Also, the joint distribution
can be found by

from (o, 72) = fr(Tal72) fr.(72) (5.66)
1 1
= — 5.67
/1 —72—722 (5:67)
1 2 2 )
_ i TS b (5.68)
0, otherwise.
Finally, fr, (7.|7:) is found by
fTv T, (TmyTz)

T Te) = —F—-5 5.69
frrir) = LT (5.69)

—1___ 1-12<7,<\/1-72
= T/ 177—3773 (570)

0, otherwise.

The joint distribution is shown in Figure [5.20] and the two conditional distri-
butions are shown in Figure |5.21
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Figure 5.20: The joint distribution is given by fr. 1. (74, 7.) = ————.
@t 2my/1-72—72

Figure 5.21: The two conditional distributions, fr, (7.|7.) and fr, (7:|7).
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CHAPTER 6

Source Separation

In this chapter, the source separation methods considered in this thesis are sum-
marized. The more detailed descriptions of the proposed algorithms are provided
in the appendices. Also a theoretical result concerning ICA is summarized in
this chapter.

An important contribution in this thesis is provided in Appendix [G] Here, we
provide an exhaustive survey on blind separation of convolutive mixtures. In
this survey, we provide a taxonomy wherein most of the proposed convolutive
blind source separation methods can be classified. We cite most of the published
work about separation of convolutive mixtures. The survey is a pre-print of a
version which is going to be published as a book chapter.

The objective in this thesis was to develop source separation algorithms for mi-
crophone arrays small enough to fit in a hearing aid. Two source separation
algorithms are presented in this thesis. Both methods take advantage of dif-
ferential microphone signals, where directional microphone gains are obtained
from closely spaced microphones.

Gradient flow beamforming is a method, where separation of delayed sources
recorded at a small microphone array can be obtained by instantaneous ICA.
The used microphone array is a circular microphone array consisting of four
microphones similar to the one shown in Figure Such an array has a size
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that could be applicable for a hearing aid device. For real-world applications,
we have to take convolutive sources into account. The principles of gradient flow
beamforming proposed by Cauwenberghs [27] is described in Appendix Here,
we also propose how we can extend the gradient flow framework in order to cope
with separation of convolutive mixtures. The proposed extension is verified by
experiments on simulated convolutive mixtures.

The papers in Appendix[CHF]all concern the same topic and this work is another
important contribution in this thesis. As mentioned, a problem in many source
separation algorithms is that the number of sources has to be known in advance
and the number of sources cannot exceed the number of mixtures. In order to
cope with these problems, we propose a method based on independent compo-
nent analysis and time-frequency masking in order to iteratively segregate an
unknown number of sources with only two microphones available. First, we con-
sider what happens when instantaneous ICA is applied to mixtures, where the
number of sources in the mixtures exceed the number of sensors. We find that
the mixtures are separated into different components, where each component is
as independent as possible from the other components. In the T-F domain the
two ICA outputs are compared in order to estimate binary T-F masks. These
masks are then applied to the original two microphone signals, and hereby some
of the signals can be removed by the T-F mask. The T-F mask is applied to
each of the original signals, and therefore the signals are maintained as stereo
signals. ICA can then be applied again to the binary masked stereo signals,
and the procedure is continued iteratively, until all but one signal is removed
from the mixture. This iterative procedure is illustrated in Figure [6.1] and in
Figure [6.2] Experiments on simulated instantaneous mixtures show that our
method is able to segregate mixtures that consist of up to seven simultaneous
speech signals. Another problem, where this method can be applied is to sep-
aration of stereo music into the individual instruments and vocals. When each
individual source and vocalist are available, tasks such as music transcription,
identification of instruments or identification of the vocalist become easier. In
Appendix we apply the method for separation of stereo music. Here, we
demonstrate that instruments that are located at spatially different positions
can be segregated from each other.

As mentioned, for real world signals, it is important that the method can take
reverberations into account. Motivated by that, we propose to change the in-
stantaneous ICA method in our iterative method by a convolutive ICA algo-
rithm. This is described in the paper in Appendix [E] Furthermore, in the paper
in Appendix [F] we show that the method, with some extensions, is able to seg-
regate convolutive mixtures, even though an instantaneous ICA algorithm is
used. This is an advantage because instantaneous ICA is computationally less
expensive than convolutive ICA. In this paper we also provide a more thorough
evaluation of our proposed method. We demonstrate that the method is ca-
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Figure 6.1: The principles of the proposed method. The T-F plot in the upper
left corner shows the T-F distribution of a mixture consisting of six sources.
Each color denote time-frequency areas, where one of the six sources have more
energy then the other five sources. ICA is applied to the two mixtures. The two
outputs of the ICA method can be regarded as directional gains, where each of
the two ICA outputs amplify certain sources and attenuate other sources. This
is shown in the directional plot in the right side of the figure. The six colored
dots illustrate the spatial location of each of the six sources. By comparing the
two ICA outputs, which corresponds to comparing the directional patterns, a
binary mask can be created that remove the signals from directions, where one
directional pattern is greater than the other directional pattern. The binary
mask is applied to the two original signals. The white T-F areas show the
areas which have been removed from the mixture. As it can be seen, some of
colors in the T-F distribution are removed, while other colors remain in the T-F
distribution. ICA is then applied again, and from the new directional patterns,
yet another signal from the original mixture is removed. Finally, all but one
signal is extracted from the mixture by the binary mask.
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Figure 6.2: The different colors in the T-F distributions indicate areas in time
and frequency, where one source has more energy than all the other sources
(ideal binary masks) together. We see that each source is dominating in certain
T-F areas. For each iteration, binary masks are found that removes some of
the speakers from the mixture. The white areas are the areas which have been
removed. This iterative procedure is continued until only one speaker (color) is
dominant in the remaining mixture.

pable of segregating four speakers convolved with real recorded room impulse
responses obtained from a room with a reverberation time of Tgy = 400 ms.

Appendix |B| contains a theoretical paper concerning ICA. In ICA, either the
mixing matrix A or the separation matrix W can be found. Here, we argue
that it is easier to apply a gradient descent search in order to minimize the
cost function, when the cost function is expressed as function of the separation
matrix compared to when the cost function is expressed as function of mixing
matrix. Examples on typical cost functions are shown in Figure [6.3] This is
because the points where the mixing matrix is singular are mapped into infinity
when the mixing matrix is inverted. The cost function have an infinite value in
the singular points. In the separation domain, these points are far away from
the area, where the cost function is minimized. Therefore, the gradient search
converges faster in the separation domain than in the mixing domain. This is
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Figure 6.3: The negative log likelihood cost functions given as function of the
parameters in the separation space £L(W) and in the mixing matrix space L(A).

validated by experiments. However, if instead the natural gradient is used, there
is no difference between the convergence rate, when the gradient search in the
mixing matrix domain and the separation matrix domain are compared. These
results are illustrated in Figure [6.4
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Gradient search, £(A)

Gradient search, L(W)
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CHAPTER 7

Conclusion

In this thesis, the focus has been on aspects within enhancement of audio signals.
Especially applications concerning enhancement of audio signals as a front-end
for hearing aids have been considered. In particular, acoustic signals recorded by
small microphone arrays have been considered. Issues concerning beamforming
and small microphone arrays were described in Chapter |5l In particular, two-
microphone arrays and a circular four-microphone array were considered. In
that context, we also proposed an extension of gradient flow beamforming in
order to cope with convolutive mixtures. This was presented in Appendix [A]

Two different topics within enhancement of acoustic signals have been consid-
ered in this thesis, i.e. blind source separation and time-frequency masking.

One of the main objectives in this work was to provide a survey on the work
done within the topic of blind separation of convolutive mixtures. The objective
of this survey was to provide a taxonomy wherein the different source separation
methods can be classified, and we have classified most of the proposed methods
within blind separation of convolutive mixtures. However, in this survey we
do not evaluate and compare the different methods. The reader can use the
survey in order to achieve an overview of convolutive blind source separation,
or the reader can use the survey to obtain knowledge of the work done within
a more specific area of blind source separation. Furthermore, also other source
separation have been reviewed, i.e. CASA and beamforming techniques.



76 Conclusion

To develop source separation methods for small microphone arrays is the other
main topic of this thesis. Especially source separation techniques by the combi-
nation of blind source separation and time-frequency masking. Time-frequency
masking methods were reviewed in Chapter [d] T-F masking is a speech en-
hancement method, where different gains are applied to different areas in time
and in frequency.

We have presented a novel method for blind separation of underdetermined
mixtures. Here, traditional methods for blind source separation by indepen-
dent component analysis were combined with the binary time-frequency mask-
ing techniques. The advantage of T-F masking is that it can be applied to
a single microphone recording, where other methods such as ICA (based on a
linear separation model) and beamforming require multiple microphone record-
ings. We therefore apply the blind source separation techniques on mixtures
recorded at two microphones in order to iteratively estimate the binary mask,
but we apply the binary T-F masking technique to do the actual segregation
of the signals. Our method was evaluated, and it successfully separated instan-
taneous speech mixtures consisting of up to seven simultaneous speakers, with
only two sensor signals available. The method was also evaluated on convolutive
mixtures from mixtures mixed with real room impulse responses. We were able
to segregate sources from mixtures consisting of four sources under reverberant
conditions. Furthermore, we have also shown that the proposed method is ap-
plicable for segregation of single instruments or vocal sounds from stereo music.
The proposed algorithm has several advantages. The method does not require
that the number of sources is known in advance, and the method can segregate
the sources from the mixture even though the number of sources exceeds the
number of microphones. Furthermore, the segregated sources are maintained as
stereo signals.

In this thesis a theoretical result regarding ICA was presented too. This result
is not related to the other work done. We show why gradient descent update is
faster, when the log likelihood cost function is given as function of the inverse
of the mixing matrix compared to when it is given as function of the mixing
matrix. When the natural gradient was applied the difference between the two
parameterizations disappeared and fast convergence was obtained in both cases.

Outlook and Future Work

A question that rises is whether the proposed methods are applicable for hearing
aids. As mentioned in the introduction, the processing delay through a hearing
aid should be kept as small as possible. In this thesis, it was chosen to disregard
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these delay constraints, because the source separation problem still is not com-
pletely solved, even without these hard constraints. In this thesis, we therefore
used frequency resolutions much higher than what can be obtained in a hearing
aid. Future work could be to constrain these methods in order to make them
more feasible for hearing aids.

In the traditional blind source separation, very long separation filters have to
be estimated. The requirement for these very long filters means that these
methods are hard to apply in environments, where the mixing filters changes
rapidly. Segregation by T-F masking does not require such long filters, and
hence this technique may be more applicable for separation of sources in acoustic
environments, where a fast adaptation is required.

When T-F masking techniques are applied, the acoustic signal is not perfectly
reconstructed. This is not a problem as long as the perceptual quality is high.
However, it is likely that artifacts are audible in the signals to which the T-
F mask has been applied. The use of non-binary masks as well as possible
reconstruction of the missing spectral information may reduce such artifacts.
Perceptual information such as auditory masking has been applied to speech
enhancement algorithms in order to reduce the musical artifacts [41]. Such
information could also be used to constrain the gain in T-F masking methods.

As it was demonstrated in Chapter [4] the actual gain in time and in frequency
does not correspond to the gain applied by the time-frequency mask. The
influence from the signal analysis and synthesis on the actually applied gain
is an area which only have been considered by few (if any) within the T-F
masking community.
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Conclusion




Publications

The papers that have been produced during the past three years are presented
in the following appendices.
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Abstract. Experiments have shown that the performance of in-
stantaneous gradient flow beamforming by Cauwenberghs et al.
is reduced significantly in reverberant conditions. By expanding
the gradient flow principle to convolutive mixtures, separation in
a reverberant environment is possible. By use of a circular four-
microphone array with a radius of 5 mm, and applying convolutive
gradient flow instead of just applying instantaneous gradient flow,
experimental results show an improvement of up to around 14 dB
can be achieved for simulated impulse responses and up to around
10 dB for a hearing aid application with real impulse responses.

INTRODUCTION

The gradient flow blind source separation technique proposed by Cauwen-
berghs et al. [5] uses a four microphone array to separate 3 sound signals.
The gradient flow can be regarded as a preprocessing step in order to enhance
the difference between the signals before a blind separation algorithm is ap-
plied. The gradient flow technique requires small array sizes. Small array
sizes occur in some source separation applications such as hearing aids. Here
the physical dimensions of the microphone array may limit the separation
performance due to the very small difference between the recorded signals.
In the literature, some attempts exist to separate sound signals by use of mi-
crophone arrays with a dimension of about 1 ¢m [2, 6, 7). These techniques
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are either based on beamforming, blind source separation [3], or a combi-
nation of these techniques. The gradient flow method is able to estimate
delayed versions of the source signals, as well as the source arrival angles. As
shown in the simulations, the model may fail in reverberant environments,
i.e. when each of the source signals is convolved in time. Here, a model is
proposed that extends the instantaneous gradient flow model to a convolutive
gradient flow model. Simulations show that the convolutive model is able to
cope with reverberant situations, in which the instantaneous model fails.

INSTANTANEOUS GRADIENT FLOW MODEL

The gradient flow model is described into details in [5, 8, 10, 11]. Each
signal x,, is received by a sensor placed at location (p,q), which is shown
in Figure 1. At a point in the coordinate system r, there is a delay, 7(r),
between an incoming wavefront and the origin. The delay with respect to the
n’th source signal, s,, is denoted as 7" (r). It is assumed that the sources are
located in the far-field. Hence the wavefront of the incoming waves is linear.
Using that assumption the delay can be described the following way [5]:
1

7(r) = Er -, (1)

where u is a unit vector pointing in the direction of the source and ¢ is the
velocity of the wave.

Now consider a sensor placed at the coordinates (p,q) as in Figure 1. The
time delay from the source can be expressed as

n o __ n n
Tpq = PT1 T 472, (2)
where 7{" = ry-u,/c and 7' = ry-u,/c. 7{* and 74" are the time differences in

the directions of the two orthogonal vectors r; and ry as shown in Figure 1.
The point r,, can be described as r,; = pry + grs.

Description of field

The field is described by the incoming waves. At the center of the coordinate
system, the contribution to the field from the n’th source is given by s, (t).
By using the Taylor series expansion, the field from the n’th source at the
point r in the coordinate system is given by s, (t + 7"(r)), where [11]

1 ..
S0 ()
Here, " and " denote the 1’st and 2’'nd order derivative, respectively. Hence,
the received signal at rj,, can be written as

Sn(t+77(r)) = sn(t) + !

ﬁT"(r)én(t) +

Tpg(t) = Y su(t+7"(r) = snlt)+ %T"(r)s'n(t) + 1(77L(r))2gn(t) +....
n=1 n=1 (4)



Additionally, a noise term e,,(t)  N(0,0) can be added [5]. The received
signal can be approximated by using only the first two terms of (4):

Tpg(t) = Y sa(t+7"(x) = Y sult) +7"(£)3, (). (5)

n=1

Notice, the Taylor approximation only holds, if the dimension of the array is
not too large (see [5] for details).

O,

Figure 1: Sensor placed at the point r with the position coordinates (p, q) so that
the point is described the following way: r,, = pri + gra, where r; and ry are
orthogonal vectors. The time delay between (p,q) and the origin with respect to
the n’th source signal is denoted as 7.

Gradient Flow

The spatial derivatives along the position coordinates (p, ¢) around the origin
in the coordinate system are found of various orders (i, j) [11].
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Additionally, the derivative of the sensor noise v;;(t) may be added.
Corresponding to (5), the 0’th and 1’st order terms yield:

oo(t) = D salt) (8)

Gty = YA S ©)

t

onlt) = S ds;ft) =S sat) (10)

The estimates of the 0’th order term yo(¢), i.e. the estimate of the field in
the origin, can be obtained from the sensors as the average of the signals
since the sensors are symmetrically distributed around the origin at the four
coordinates (0,1), (1,0), (0,-1) and (-1,0):

1
£oo(t) ~ Z(Ifu) + Z1,0 + To,—1 + 330,1)- (11)
The estimates of the two 1’st order derivatives can as well be estimated from
the sensors:
ox - Ax 1,0 —T-1,0 1

flo(t) = a—p ~ A—p = 1_7(_1) = _(5171,0 — 1’71’0) (12)

(V]

ox Ax o,1 — To,—1 1
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By taking the time derivative of &yo(t), the following equation can be ob-
tained.

d Y d
— t) = —sp(t 14
im0 = 32 o) (14
Thus, the following instantaneous linear mixture can be obtained.
€oo(t) 1 ... 1 51(t)
Sol)| &m0 e T (15)
£or (1) T ] [an(h)

This equation is of the type x = As, where only x is known. Assuming
that the source signals s are independent, (15) can be solved by independent
component analysis (see e.g. [3]).

EXTENSION TO CONVOLUTIVE MIXTURES

As mentioned in [5], the instantaneous model (15), may be extended to con-
volutive mixtures. In Figure 2, a situation is shown in which each source
signal does not only arrive from a single direction. Here, reflections of each
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Figure 2: At the time ¢, a signal s, (¢) originating from source n is arriving at the
sensor array. At the same time, reflections from the same source arrive from other
directions. These reflections are attenuated by the factor a, and delayed by the
time lag [. Each signal received at the sensor array are therefore convolved mixtures
of the original source signals. For simplification, only a single source and a single
reflection is shown.

source signal may be present too. Each reflection is delayed by a factor [
and attenuated by an attenuated by a factor a,,(I). Now, similarly to (4) the
received signal z,, at the sensor at position (p, ¢) is described as

N L
Zpg(t) = Y Y an(D)sn(t +7"(x,1) 1), (16)

n=1 [=0
where L is the assumed maximum time delay. Using the Taylor expansion,
each received mixture can be written as

Tpg(t ZZan ént 47" (r l)én(t—l)-i-Tn(Qr’l)'Sn(t—l)-i-...} (17)

n=11=0

Using only the first two terms of the Taylor expansion and inserting 7 (rpq, 1) =
pr(l) + g7 (1), (17) can be written as

Tpg(t Z Z sn (t—=1)+ (pr{" + qr3") s (t — 1)]. (18)

Similar to the instantaneous mixture case, the spatial derivatives of the con-
volutive mixture can be found from (6). The 0'th order and the 1’st order
derivatives are then similarly to (8)-(10):

500 Z Zan Sn t - l) (19)
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The time derivative of £y () is expressed as

500 Z Z an Sn t - l (22)

n=11=0

&o1(t)

By expressing (22), (20) and (21) with matrix notation, the following expres-
sion can be obtained:

€oo(t) L ay (1) an(l) s1(t = 1)
Go)| = D |ar@) - avO)r() : (23)
or(t) =0 [ar()r3(0) o an)m (D] | sn(t—1)
ai(l) an(l) $1(t)
= |a()r () an(mY D) | ], (24)
ar ()73 (1) an ()75 (1) $n(t)

where * is the convolution operator. This is a convolutive mixture problem of
the well-known type x = A xs, where only an estimate of x is known. These
estimates are found similarly to the instantaneous case from (11)—(13).

FREQUENCY DOMAIN SEPARATION

In [8], the Jade algorithm [4] was successfully applied to solve the instan-
taneous mixing ICA problem (15). The Jade algorithm is based on joint
diagonalization of 4’th order cumulants. In order to solve the convolutive
mixing problem (23), the problem is transformed into the frequency domain
[9]. Hereby, the convolution in the time domain can be approximated by
multiplications in the frequency domain, i.e. for each frequency bin,

§(f,m) = A(f)8(f,m), (25)

where m denotes the index of the frame of which the short-time Fourier trans-
form STFT is calculated. f denotes the frequency. When solving the ICA
problem in the frequency domain, different permutations for each frequency
band may occur. In order to solve the frequency permutations, the method
suggested in [1] has been used. It is assumed that the mixing matrices in the
frequency domain will be smooth. Therefore, the mixing matrix at frequency
band k, A(fx) is compared to the mixing matrix at band k¥ — 1, A(fx—1).
This is done by calculating the distance between any possible permutations
of A(f) and A(fx—1), i.e

p) = Z |“Ef)(fk) = aij(fr—1)l, (26)



where p represents the p’th permutation. The permutation which yields the
smallest distance is assumed to be the correct permutation. Notice, for an
N x N mixing matrix, there are N! different permutations. Therefore this
method becomes slow for large N. For a 3 x 3 mixing matrix there are only
six possible permutations.

EXPERIMENTS
Signals with synthetic impulse responses

Three speech sentences have been artificially mixed — two female speakers
and one male speaker. The duration of each speech signal is 10 seconds, and
the speech signals have a sampling frequency of 20 kHz. A demonstration
of separated sounds is available at wwm.imm.dtu.dk/ msp. The microphone
array consists of four microphones. These are placed in a horizontal plane.
An application for such a microphone array is shown in Figure 3, where
the four microphones are placed in a single hearing aid. Here, the distance
between the microphones and the center of the array is 5 mm. By use of
the gradient flow method, it is possible to separate up to three sources [8].
If there are more than three sources, an enhancement of the signals may
be achieved even though full separation of all sources isn’t possible. In the
first experiment, a convolutive mixture of the three sources is simulated. The
arrival angles as well as the attenuation factor of the reverberations have been
chosen randomly. The maximum delay in this experiment has been chosen to
25 samples. No sensor noise is added. The differentiator has been chosen to be
a 1000 order FIR differentiator estimated with a least squares approach (even
though a smaller order could be sufficient). The integrator is implemented
as a first order Alaoui IIR filter as in [8]. Here, all 200000 samples have been
used to estimate the separated sounds. In order to achieve on-line separation,
the separated sounds may be estimated using blocks of shorter duration [8].
The instantaneous Jade performs well if only the direct sounds are present,
but if reverberations exist too, the separation performance is significantly
reduced. The signal to interference ratio improvement is calculated as

N (i) ) ( ((10,5:)%) )

ASIR(i) = 101log ( s 1) 1010 ) (27)
Here, yi s, is the i’th separated signal, where only the j’th of the original
signals has been sent through the mixing and unmixing system. zg,, is the
recorded signal at the microphone at position (1,0) with only the #’th source
signal active. (-) denotes the expectation over all samples.

The ASIR has been found for different DFT lengths as well as the case,
where the instantaneous Jade has been applied to the convolutive mixture.
Hamming windows of the same length as the DF'T has been used. An STFT
overlap of 75% has been used. Table 5.1 shows the separation results of the
convolutive mixture. As it can be seen, the length of the DFT should be at
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Figure 3: Four microphones are placed in a hearing aid. The distance between the
microphones and the center of the array is 5 mm. By using such a configuration, it
is possible to separate up to three independent sound sources. The azimuth angle,
0 is defined according to the figure so that 0° is the direction of the nose. Likewise,
the elevation angle ¢ is defined according to the figure so that 0° corresponds to
the horizontal plane. Both angles increase in the counterclockwise direction.

least 256, in order to separate all three sources. By keeping the DF'T length
constant at 512, the length of the mixing filters were increased. Here the
sources could be separated when the maximum delay of the mixing filters
were up to 200 samples. By increasing the maximum delay to 400 samples,
the separation failed. It can be seen that, the FIR separating filters have to
be significantly longer than the mixing filters in order to ensure separation.

Real impulse responses

A four-microphone array has been placed in a dummy ear on the right side
of a head and torso simulator. In an anechoic room, impulse responses have
been estimated from different directions. No sensor noise has been added.
Due to the recordings in an anechoic room, the only reflections existing are
those from the head and torso simulator. The separation results are shown
in Table 5.1. The performance is not as good as in the case of the synthetic
impulse responses. In contrast to the synthetic impulse responses, the micro-
phones may have different amplitude and phase responses. This may reduce
the performance. The "UK female” seems to be the hardest sound to sepa-
rate, but from the listening tests, it is easy to determine the separated sound
from the two other speech signals.



TABLE 1: THREE SYNTHETIC, ARTIFICIALLY MIXED SPEECH SIGNALS HAVE BEEN
SEPARATED. THE MAXIMUM DELAY OF EACH CONVOLUTIVE MIXTURE IS 25 SAM-
PLES. THE ARRIVAL ELEVATION ANGLES (¢) AND THE AZIMUTH (f) ANGLES OF
THE DIRECT SOUNDS ARE GIVEN. THE ASIR HAVE BEEN FOUND FOR THE INSTAN-
TANEOUS CASE AND FOR DIFFERENT DFT LENGTHS. THE BEST SEPARATION IS
ACHIEVED WITH A DFT LENGTH OF 256 OR 512.

UK Male UK female DK female

[4 0° —112.5° —157.5°

0 0° —21° 14°

Instantaneous JADE 9.5 dB 2.4 dB 2.5 dB
DFT length=64 10.2 dB 2.4 dB 14.2 dB
DFT length=128 11.0 dB 0.5 dB 11.5 dB
DFT length=256 9.0 dB 9.2 dB 14.6 dB
DFT length=>512 8.9 dB 8.5 dB 16.5 dB
DFT length=1024 6.5 dB 8.7 dB 16.2 dB

TABLE 2: SIGNALS GENERATED FROM REAL IMPULSE RESPONSES RECORDED BY
A FOUR-MICROPHONE ARRAY PLACED IN THE RIGHT EAR OF A HEAD AND TORSO
SIMULATOR INSIDE AN ANECHOIC ROOM. NO NOISE HAS BEEN ADDED. HERE, THE
?UK FEMALE” IS THE HARDEST SOUND TO SEPARATE. WHEN LISTENING TO THE
SOUNDS, ALL OF THEM SEEMS TO BE SEPARATED. WHEN THE DFT BECOMES
TOO LONG, THE SEPARATION DECREASES. ONE EXPLANATION COULD BE THAT THE
ATTEMPT TO SOLVE THE PERMUTATION AMBIGUITY FAILS.

UK Male UK female DK female

% 0° —112.5° —157.5°

¢ 0° —21° 14°

Instantaneous JADE 2.6 dB 2.2 dB 9.6 dB
DFT length=64 10.6 dB 1.6 dB 8.3 dB
DFT length=128 11.7 dB -0.4 dB 5.8 dB
DFT length=256 13.1 dB 0.5 dB 6.1 dB
DFT length=512 13.9 dB -0.2 dB 3.6 dB
DFT length=1024 9.8 dB 0.0 dB 2.6 dB

CONCLUSION AND FUTURE WORK

The performance by the instantaneous gradient flow beamforming is reduced
significantly in reverberant mixtures. By expanding the gradient flow prin-
ciple to convolutive mixtures, it is possible to separate convolutive mixtures
in cases where the instantaneous gradient flow beamforming fails. It has
been shown that the extension to convolutive mixtures can be achieved by
solving a convolutive ICA problem (23) instead of solving an instantaneous
ICA problem (15). A frequency domain Jade algorithm has been used to
solve the convolutive mixing problem. In order to cope with a more difficult
reverberant environment, other convolutive separation algorithms should be
investigated. The mixing coefficients (23) are expected to have certain val-
ues. E.g. the first row in the mixing matrices is significantly larger than the



two other rows. Prior information on the coefficients of the mixing filters
could as well be used in order to improve the separation. The knowledge of
the delays in the mixing filters may as well be used in order to determine the
arrival angles of the mixed sounds.
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ABSTRACT

When the ICA source separation problem is solved by maximum
likelihood, a proper choice of the parametersisimportant. A com-
parison has been performed between the use of a mixing matrix
and the use of the separation matrix as parameters in the likeli-
hood. By looking at a general behavior of the cost function as
function of the mixing matrix or as function of the separation ma-
trix, it is explained and illustrated why it is better to select the
Separation matrix as a parameter than to use the mixing matrix as
aparameter. The behavior of the natural gradient in the two cases
has been considered as well as the influence of pre-whitening.

1. INTRODUCTION

Consider theindependent component analysis (ICA) problem, where
7 SOUrCes s = [s1, ..., s, " aretransmitted through alinear mix-
ing system and observed by n sensors. The mixing system is de-
scribed by the mixing matrix A, and the observations are denoted
by X = [z1,...,2.]". Thisleads to the following equation

X = As, (1)

where only the observations x are known. The objectiveisto find
an estimate y of the original sources. This can be done by estimat-
ing the separation mixing matrix W = A~!, so that

y = Wx, @)

Notice, the source estimates may be arbitrarily permuted or scaled.
The separation matrix can either be found directly or it can be
found by finding an estimate of the mixing matrix and afterwards
inverting the mixing matrix, provided that A is invertible. Here,
the classical likelihood source separation is considered.

2. LIKELIHOOD SOURCE SEPARATION

A possible method for solving the ICA problem is the maximum
likelihood principle [1]. The ML is closely related to other ICA
methods [2] such as the infomax method [3], or maximum a pos-
teriori MAP methods [4], [5]. In maximum likelihood source sep-
aration, the probability of a dataset given the parameters 6 of the
model should be maximized. In this particular case, for the data
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X, the parameters are given by either the separation matrix W or
by the mixing matrix A. Thus, the likelihood can be expressed by

either
p(XIW) = [det W| [ pn (D Winnn). ®
N 1 o om
_ -1
P(IA) = oA H pm; Ann) @

Here, pun(3, Ainhtn) = P (5, Winnan) = plsm) is the
probability density function of the m’th source signal. For source
signals such as speech, aheavy tailed source distribution is chosen.
One way of maximizing the likelihood, isto minimize the negative
logarithm of the likelihood. Given the likelihood functionsin (3)
and (4), the negative log likelihood functions are given in terms of
either W or interms of A as:

L(W) —In|det(W)| =Y Ipn(d_ Winnza) (5)

LA) =

In|det(A)] = > pm (Y Apnaa).  (6)

The respective gradients of (5) and (6) are given by [6]
OL(W)

_ T\AT
aw = “U+zOA (7
LAY o ”
a = Wi+ )

Herez = %y(y) is a nonlinear mapping of y. Choosing z =
— tanh(y) corresponds to a probability density function for y pro-
portional to Ti(y) This pdf is heavier tailed than e.g. aGaussian
distribution. | isthe identity matrix. The gradient descent update

steps are then
W =
A =

W+ pw (I +2yT)AT 9
A= paWT (1 +2zy7), (10)
where uw and pa are learning rates. The learning rates can be
constant or they can vary as a function of the update step. These
algorithms may as well be made into iterative batch versions [7]
by averaging over the samples:

W = W+uw(l + Ezy")AT (11)

A = A—puaWT(l+ Eyz")). (12)
Here, E[-] denotes the expectation and each sample is assumed to
be independent of the other samples.



3. COMPARISON BETWEEN THE LIKELIHOOD
FUNCTIONS

First consider the cost function £(A). In many source separation
problems, the values of the mixing matrix will be relatively close
to zero. Large values of A are not very likely. If it is assumed that
thereisalimit on how large | A;;| can be, the n*-dimensional space
occupied by the cost function £(A) is limited by this maximum
value and it is possible to "view” the whole cost function because
it only occupies a finite part of the A-space. Because the whole
cost function iswithin afinite space, the pointswhere A issingular
exist in this space too. At asingular point, the cost function £(A)
becomes infinitely large. This makes it hard for gradient descent
agorithms to find a minima in a limited space with the existence
of infinite values. Now consider £(W). The space spanned by
then x n elementsin W isinfinitely large because a limit in the
A-space doesn’t limit the W-space. Now consider the behavior of
the singular points in the A-space when they are mapped into the
W-space. Recal that the {7, j}'th element of an inverse matrix
can be written as

adj(Ai;)
detA ’

where adj is the adjoint matrix. The adjoint matrix, can be found
by the following steps:

1. Remove the jth row and the ith column of (A);;.

2. Find the determinant of the remaining part and

3. multiply by (—1)+7.
This means that the A~ is proportional to .<. At the points
where A is singular, its determinant is 0. Thus, when A becomes
singular, W becomes infinitely large so all the points in the A-
space, where L(A) = oo are mapped into the W-space far away
fromthe origin and will therefore not disturb the gradient. Because
largevalues of A areunlikely, | det A| is prevented from becoming
too large and hereby, the determinant of W is prevented from being
closeto 0. Hence, it isunlikely that W becomes singular.

Wi; = (A =

(13)

4. SIMULATION EXAMPLE

The elements of a 3 x 3 mixing matrix have been drawn from
a Gaussian distribution with zero mean and a standard deviation

equal to one:
0.8644 0.8735  —1.1027
A= 0.0942  —0.4380 0.3962 (14)
—0.8519 —0.4297 —0.9649
Hereby,
0.7872 1.7481 —0.1818
W=A"=| 03275 —2.3546 —0.5927 (15)
—0.5492 —0.4949 —-0.6120

In order to find E[zy”], 3 x 1000 samples have been drawn from
the 1/ cosh-distribution®. The behavior of the two cost functions
L(A) and L(W) are considered as function of two parametersin A
and W, respectively while the other parameters are kept constant.

LArtificial datay which is —— -distributed can be generated from uni-

cosh

formly distributed data as Y = In|tan(X)|, where X is a uniformly
distributed random variable over theinterval 0 < = < 7.

Figure 1 and figure 2 show the cost function £(W) as function of
W11 and Wo:. Figure 1 shows the negative direction of the gra-
dients. The circle (o) is placed at the correct values of W7, and
W2, which aso can be seen in (15). It can be seen that the neg-
ative gradient directions are pointing toward the globa minimum,
wherethecircleislocated, or toward alocal minimum. When con-
sidering figure 2, it can be seen that as £(W) is increased, when
|Wh1] or [Wa] isincreased. Now consider figure 3. Here £(A)
is shown as function of A;; and A;. Here too, the negative gra-
dient directions point toward the minima. In figure 4 the shape of
L(A) can be seen. The values, where A is close to singular can
clearly be seen and not far from these singular values, the global
minimum exists. Due to these huge differences in the cost func-
tion within a quite small range, it can be hard to find the correct
solution. This is also illustrated in figure 5. Here the value of
the two cost functions £(A) and £(W) are shown as function of
the number of iterations. The two learning rates are kept constant.
They have been chosen such that the cost functions are minimized
as fast as possible. The two learning rates has been found to be
na = 0.03 and pw = 0.3. It can be seen that more iterations are
needed in order to find A than to find W. Further, it can be seen
that £(A) hasn't reached the minimum after 200 iterations. Actu-
ally, after 200 iterations the sources are not separated at all when
L(A) isminimized. This can be explained by considering the cost
functioninfigure4. At theareasaround the minimum of £(A), the
cost function has amost the same value as at the minimum. This
makes it very hard to minimize, since the gradient decent steps
are very small. Even after 500 iterations, the separation quality
[8] of the three sources is only between 13 and 41 dB while the
separation quality of the sources, where the £(W) isminimized is
between 36 and 88 dB. Even though only £(A) and £(W) have
been investigated as function of two parameters in each matrix,
the shown behavior of £(A) and £L(W) is believed to be a general
behavior for any of the parameters.

4.1. Natural Gradient learning

By using natural gradient descent [9] instead of gradient descent,
the cost functions may be minimized with a smaller number of
iterations. The natural gradients are obtained by multiplying the
gradient in (7) by WYW on the right side and the gradient in (8)
by AAT on the left side. Hereby, the natural gradient steps are
given by [10]

AWne = —(+Ezy")W (16)
AAnc A(l + E[zy")). a7

The natural gradient update steps have been used in the separation
problem. Asit can be seen in figure 5, the separation performance
works equally well whether the natural gradient is used in the A-
domain or in the W-domain. Hereby, it seems that the natural gra-
dient is able to erase the convergence difference between updating
the algorithm in the A-domain and in the W-domain.

4.2. Pre-whitening

Pre-whitening of the data may simplify the separation problem.
After pre-whitening the data x is uncorrelated and

EpxxT] =1 (18)

The update eguations (11), (12), (16) and (17) have been applied
in the case, where the data has been pre-whitened. Figure 6 shows
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Fig. 1. The cost function £(W) as function of W11 and W»;. The
other elements in W are held constant by their true value. The
direction of the gradients are shown aswell.
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Fig. 2. The cost function £(W) as function of Wy and Wo;.
Asit can be seen, as the parametersin W are increased, £(W) is
increased too.

how the cost functions are minimized as function of the number of
iterations. As it can be seen, the convergence time is significantly
improved. Still, when A is updated in the A-domain without the
natural gradient, convergence is slow compared to updating in the
W-domain.
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Fig. 3. The cost function £(A) as function of A;; and Az;. The
other elements in A are held constant by their true value. The
direction of the gradients are shown aswell.

LA

Fig. 4. The cost function £(A) as function of A1, and Az;. Asit
can be seen, the cost function is dominated by a high ridge, where
the mixing matrix is close to singular, and some flat areas. Com-
pared to the cost function in figure 2, it is much harder to find the
global minima

5. CONCLUSION

When performing source separation based on minimizing a cost
function by gradient descent, the shape of the cost functionisim-
portant. By comparing the negative log likelihood cost function as
either function of the mixing matrix or asfunction of the separation
matrix, the contours of the cost functions are very different. Due
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Fig. 5. The cost function £(A) and £(W) as function of the num-
ber of iterations. The constant learning rates are selected in order
to minimize the number of iterations in order to ensure conver-
gence. After 200 iterations, only £(W) has been minimized. Even
though L£(A) seems to have been minimized as well, A has not
been correctly estimated. Only avalue of A somewhere at the flat
areas in figure 4 has been found, and much more iterations are
needed in order to find the correct value of A. Also, the mini-
mization as function of the iterative update by use of the natural
gradient is shown. Here, the cost functions are minimized by use
of asmaller number of iterations and fast convergence is achieved
for the update of A as well as W. By using the natural gradient,
the difference between updating the algorithm in the two domains
seems to have disappeared.

to these different behaviors of the cost functions, it has been found
that it ismuch easier to minimize the negative log likelihood, when
itisafunction of the separation matrix than as function of the mix-
ing matrix. If the natural gradient is applied in the mixing domain,
itisableto copewith the difficult contour of the cost function. But
in problems, where the natural gradient is hard to find, a proper
choice of the parameters may be crucial. Also pre-whitening has
been considered. By pre-whitening the data before applying the
ICA algorithm, the convergence is significantly increased. The re-
sults may be generalized to more difficult problems such as e.g.
convolutive ICA.
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ABSTRACT signals are sparsely distributed - either in the time doiaithe

frequency domain or in the time-frequency (T-F) domain [2],

[4], [5]. If the source signals do not overlap in the timegfuency

domain, high-quality reconstruction could be obtained [4]
However, there is overlap between the source signals. $n thi

case, good separation can still be obtained by applying arpin

A limitation in many source separation tasks is that the remb
of source signals has to be known in advance. Further, inrorde
to achieve good performance, the number of sources cannot ex
ceed the number of sensors. In many real-world applicativese
limitations are too strict. We propose a novel method forreve ~ . ;
complete blind source separation. Two powerful sourcerséipa time-frequency mask to the mixture [3], [4]. komputational
techniques have been combinéautjependent component analysis auditory scene analysis, the technique of T-F masking has been
and binary time-frequency masking. Hereby, it is possible to it- ~commonly used for years (see e.g. [6]). Here, source separa-
eratively extract each speech signal from the mixture. Hygis tion is based on organlzatlo_nal cues from auditory scenb{gaa
merely two microphones we can separate up to six mixed speectl]- More recently the technique has also become populalirid b
signals under anechoic conditions. The number of sourcealsig ~ SOUTce separation, where separation is based on non-ppeta
is not assumed to be known in advance. Itis also possible to-ma  SOUrces In the T-F do_maln _[8]' T-F m?‘s"'“g is applicable rse
tain the extracted signals as stereo signals. separa}tlon/ segregation using one r_mcrophone [6], [9] O'ewﬂmq
one microphone [3], [4]. T-F masking can be applied as a ginar
mask. For a binary mask, each T-F unit is either weighted fgy on
or by zero. In order to reduce musical noise, more smooth snask
may also be applied [10]. An advantage of using a binary mask i
that only a binary decision has to be made [11]. Such a decisio
can be based on, e.g., clustering [3], [4], [8], or directidrarrival
[12]. ICA has been used in different combinations with thesioy
mask. In [12], separation is performed by removing signals b
masking N — M signals and afterwards applying ICA in order
to separate the remaining signals. ICA has also been used the
other way around. In [13], it has been applied to separate two
x(n) = As(n) + v(n), 1) signals by using two microphones. Based on the ICA outputs, T
F masks are estimated and a mask is applied to each of the ICA
whereA is anM x N mixing matrix andn denotes the discrete  outputs in order to improve the signal to noise ratio.

1. INTRODUCTION

Blind source separation (BSS) addresses the problem ofeeco
ing N unknown source signain) = [s1(n),. .., sx(n)]” from

M recorded mixtureg(n) = [z1(n), ...,z (n)]” of the source
signals. The term blind refers to that only the recorded uneg
are known. An important application for BSS is separation of
speech signals. The recorded mixtures are assumed to lae line
superpositions of the source signals, i.e.

time index. v(n) is additional noise. A method to retrieve the In this paper, a novel method for separating an arbitrary-num
original signals up to an arbitrary permutation and scakngde- ber of speech signals is proposed. Based on the output ofaaesqu
pendent component analysis (ICA) [1]. In ICA, the main agsum (2 x 2) ICA algorithm and binary T-F masks, this method itera-
tion is that the source signals are independent. By applyi#g tively segregates signals from a mixture until an estiméteash

an estimatey/(n) of the source signals can be obtained by finding signal is obtained.
a (pseudo)invers®/ of the mixing matrix so that

y(n) = Wx(n). %) 2. GEOMETRICAL INTERPRETATION OF
INSTANTANEOUSICA
Many methods require that the number of source signals is
known in advance. Another drawback of most of these methods We assume that there is an unknown number of acousticalesourc
is that the number of source signals is assumed not to exbeed t signals but only two microphones. It is assumed that eactcsou
number of microphones, i.&/ > N. Even if the mixing process  signal arrives from a certain direction and no reflectionsuod.e.
A is known, it is not invertible, and in general, the indepertide an anechoic environment. In order to keep the problem simple
components cannot be recovered exactly [1]. In the case o mo the source signals are mixed by an instantaneous mixingxmatr
sources than sensors, thercomplete/underdetermined case, suc- as in eq. (1). Due to delays between the microphones, irstant
cessful separation often relies on the assumption thatdhes neous ICA with a real-valued mixing matrix usually is not k-



Fig. 1. The two directional microphone responses are shown asFig. 2. The polar plots show the gain for different directions. ICA

function of the directiord.

Table 1. The six speech signals. All speakers use raised voice aspals which have been used. As it can be seen from the figure

if they were speaking in a noisy environment.

Abbreviation Description
CNf | Female speech in Chinege
NLm Male speech in Dutch
FRm Male speech in Frenc
ITf Female speech in Italian
UKm Male speech in English
RUf | Female speech in Russign

ble to signals recorded at an array of microphones, but ifiihe
crophones are placed at exact same location and the migrepho
have different responses for different directions, theasgon of
delayed sources can be approximated by the instantaneals mo
[14]. Hereby, a combination of microphone gains corresporal
certain directional pattern. Therefore, two directionanmphone
responses are used. The two microphone responses are chos
as functions of the directiofd asr:(6) = 1 + 0.5cos(6) and
r2(8) = 1 — 0.5cos(8), respectively. The two microphone re-
sponses are shown in figure 1. It is possible to make two such di
rectional patterns by adding and subtracting omnidireetisig-
nals from two microphones placed closely together. Herfoe, t
mixing system is given by

T1(01)
7’2(01)

7’1(91\/)

AlB) = r2(0)

©)

Different speech signals are used as source signals. THe use

signals are sampled with a sampling frequency of 10 kHz aed th

duration of each signal is 5 s. The speech signals are shown in

table 1.

2.1. Moresourcesthan sensors

Now consider the case whefé > (M = 2). When there are
only two mixed signals, a standard ICA algorithm only has two

is applied with two sensors and six sources. The two dotseat th
periphery show the null directions. The lines pointing aotf the
origin denote the true direction of the speech sources. fileet
letter abbreviations (see table 1) identifies the diffespetech sig-
the ICA solution tends to place the null towards sourcesiapat
close to each other. Therefore, each of the two outputs is@gpgr
of signals spatially close to each other.

output signals/(n) = [y1(n), y2(n)]”. Since the number of sep-
arated signals obtained by (2) is smaller than the numbeswte
signals,y does not contain the separated signals. Insyeadan-
other linear superposition of each of the source signaleraithe
weights are given bz = WA instead of jusA as in (1). Hereby,

G just corresponds to another weighting depending ohese
weights makey: (n) andyz(n) as independent as possible. This
is illustrated in figure 2. An implementation of the infoma®A
algorithm [15] has been used. The BGFS method has been used
for optimization [16}. The figure shows the two estimated spatial
Jesponses fron® (@) in the overdetermined case. The response
3t the m'th output is given bywZ a(8)|, wherew,, is the sepa-
ration vector from then'th output anda(f) is the mixing vector
for the arrival directiorf [17]. By varying® over all possible di-
rections, directivity patterns can be created as shown undi@.
The estimated null placement is illustrated by the two rodats
placed at the periphery of the polar plot. The lines pointiug
from the origin illustrate the correct direction of the steisig-
nals. Here, the sources are uniformly distributed in therirat|

[0° < 6 < 180°]. As it can be seen, the nulls do not cancel single
sources out. Rather, a null is placed at a direction poirttngrds
agroup of sources which are spatially close to each other. Here, it
can be seen that the first outpyt(n), the signals NLm and FRm
are dominating and in the second outppt(n), the signals UKm,

ITf and CNf are dominating. The sixth signal, RUf exists irthbo
outputs. This new weighting of the signals can be used tmesti
binary masks.

IMatlab toolbox available fromhttp://nol e.inm dt u. dk/
t ool box/ i cal



3. BLIND SOURCE EXTRACTION WITH ICA AND
BINARY MASKING

A flowchart for the algorithm is given in figure 3. As described
in the previous section, a two-input-two-output ICA algiom is
applied to the input mixtures, disregarding the number ofc®
signals that actually exist in the mixture. The two outpgnsis
are arbitrarily scaled. The scaling is fixed by using knogked
about the microphone responses. Hereby, the two null ébrect
can be found. The two output signals are scaled such thatewher
one directional response has a null, the other response tnais a
gain. The two re-scaled output signajs(n) andgz(n) are trans-
formed into the frequency domain e.g. by use of the ShorteTim
Fourier Transform STFT so that two spectrograms are olfaine

(O]
®)
wherew denotes the frequency ands the time index. The binary

masks are then determined by for each T-F unit comparing the
amplitudes of the two spectrograms:

- Yi(w,t)
—  Ya(w,t),

1
92

BM1(w,t)
BM2(w, t)

T|V1(w,t)] > |Ya(w,t)]|
T‘YQ(th)‘ > ‘Yl(wﬂt)lv

()
Q]

wherer is a threshold. Next, each of the the two binary masks is
applied to the original mixtures in the T-F domain, and byg tion-
linear processing, some of the speech signalsemeved by one

of the masks while other speakers are removed by the othdr. mas
After the masks have been applied to the signals, they aomrec
structed in the time domain by the inverse STFT. If there Iy an
single signal left in the masked output, defined by the selecti-
teriain section 3.1, i.e. all but one speech signal have beesked,
this signal has been extracted from the mixture and it iscsalfe
there are more than one signal left in the masked outputs,i$CA
applied to the two masked signals again and a new set of mesks a
created based on (6), (7) and the previous masks. The use of th
previous mask ensures that T-F units that have been remowed f
the mixture are not reintroduced by the next mask. This iediyn

an element-wise multiplication between the previous maskthe
new mask. This iterative procedure is followed until all ke
outputs consist of only a single speech signal. Notice, thput
signals are maintained as two signals. Stereo signalsecteéth
directional microphones placed at the same location witlaran
gle between the directional patternsdof (here180°) are termed
XY-stereo.

3.1. Selection criterion

Further processing on a pair of masked signals should beledoi
in two cases. If all but one signal have been removed or if tachm
has been removed so that there is no signal left after agpthie
mask. The decisions are based on the eigenvalues of thearmear
matrix between the masked sensor signals. The covariancema
is calculated as

R = (xx7), (8)

where(-) denotes the expectation with respect to the whole signal,
andx is the two time domain signals of which the binary mask has
been applied. Ik only contains one signal, the covariance ma-
trix is singular, and the smallest eigenvalg;,, is approximately
equal to zero [18]. Since parts of the other signals may nemfi

ter masking, the smallest eigenvalue is equal to the noisence

xl Initialization x2
X, X,
Input signal buffer
X %
21 2 2 2
xlx xe

‘ ICA + scaling ‘

5 5.
Estimation of the two binary masks
! ‘ ‘ !

BM 1 BM 2
xll lxz

Apply to original
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J)%Zl
¥
Final stereo signal ‘ ‘ Final stereo signal ‘

'xll lxz
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by 2] Stop I)Aczz
v

v

Continue

Fig. 3. Flowchart showing the main steps of the proposed algo-
rithm. From the output of the ICA algorithm, binary masks are
estimated. The binary masks are applied to the originalassgn
which again are processed through the ICA step. Every tiree th
output from one of the binary masks is detected as a singhakig
the signal is stored. The iterative procedure stops whesugbuts
only consist of a single signal.

of these remaining signals. Therefore Aif.in is smaller than a
certain noise threshole, , , it is assumed that there is less than
two signals and no further processing is necessary. In ¢od#is-
criminate between zero or one signal, the largest eigeavalilx

is considered. IA\nax is smaller than a certain threshotd,,, .,
the output is considered of such a bad quality that the sijmaild

be thrown away.

3.2. Findingtheremaining signals

Since some signals may have been removed by both masksrall T-
units that have not been assigned the value ‘1’ are used atecee
remaining mask, and the procedure is applied to the mixture signal
of which the remaining mask is applied, to ensure that atiag

are estimated. Notice, this step has been omitted from figure

4. EVALUATION

The algorithm described above has been implemented and-eval
ated with mixtures of the six signals from table 1. For the TF



an FFT length of 2048 has been used. This gives a frequency res
olution of 1025 frequency units. A Hanning window with a Iémg

of 512 samples has been applied to the FFT signal and the frame

shift is 256 samples. A high frequency resolution is foundéo
necessary in order to obtain good performance. The samipéng
quency of the speech signals is 10 kHz. The three threshglds
Tamin @NATa,., have been found from initial experiments. In the
ICA step, the separation matrix is initialized by the idgntha-
trix, i.e. W = |. In order to test robustness/ was also initialized
with a random matrix with values uniformly distributed ovee
interval [0,1]. The different initialization did not affethe resuilt.
When using a binary mask, it is not possible to reconstruet th
speech signal as if it was recorded in the absence of théentey
signals, because the signals partly overlap. Therefor@campu-
tational goal for source separation, fdeal binary mask has been
suggested [11]. The ideal binary mask for a signal is fourrd fo
each T-F unit by comparing the energy of the desired sigriieo
energy of all the interfering signals. Whenever the sigmairgy

is highest, the T-F unit is assigned the value ‘1’ and whenthe
interfering signals have more energy, the T-F unit is assighe
value ‘0. As in [9], for each of the separated signals, theeeet-
age of energy los&t. and the percentage of noise residag are

calculated:
> e
s
)
Z 0*(n)’

whereO(n) is the estimated signal, arddn) is the recorded mix-
ture resynthesized after applying the ideal binary maska) de-
notes the signal present itfn) but absent irO(n) ande2(n) de-
notes the signal present (d(n) but absent in/ (n). Also the sig-

nal to noise ratio (SNR) is found. Here the SNR is defined using
the resynthesized speech from the ideal binary mask asdoedr

truth
> (0 }

> (I(n) - O(n))*

The algorithm has been applied to mixtures consisting of up
to six signals. In all mixing situations, the signals haverbeni-
formly distributed in the interveD® < 6 < 180°]. The separation
results are shown in figure 4 and in table 2.

Two ideal binary masks have been found — one for each mi-
crophone signal. In all cases, all the signals have beergatgd
from the mixture. In most cases also the correct number ofdsy
is estimated. Only in the case of three mixtures, one of thecgo
signals is estimated twice. The double extraction is cabyetie
selection criteria. Based on the chosen thresholds, teetsst
criteria in some cases allows a signal to be extracted mane th
once. In the case of the six mixtures from figure 2, the six esti
mated binary masks are shown in figure 5 along with the estighat
ideal binary masks from each of the two microphone signdte T
input SNR (SNR) is shown in figure 4 too. The SNRs the ratio
between the desired signal and the noise in the recordedimsct
The separation quality decreases when the number of signals

Pe. 9)

P (10)

SNR= 10log,, [ (11)

15 T T T T

Average SNR [dB]

I

~10 L L L L L
3 5

4
Number of sources

Fig. 4. The signal to noise ratio as function of the number of
source signals. The average SNR for the mixtures beforaaepa
tion (SNR) is shown as well as the average SNR after separation
calculated by eq. (11). In the case of three signals, thetiectly
estimated signal is ignored (see table 2).

increased. This is expected because when the number of mixed
signals is increased, the mixtures become less sparseoRatig-
tributions of the source directions as well as more thanigixads
have also been examined. Here, in general, not all the sparee
separated from each other. If the arrival angles betwearaksig
are too narrow, these signals may be detected as a singk,sign
and they are not separated. Listening tests validate tregatam
results. This method differs from previous methods which as
binary mask and two microphones [3], [4]. In [3], binauraksu
have been applied for separation, i.e interaural time atahgity
differences. In [4], the separation is likewise based onlaute
and time difference of each source. Here separation is based
clustering of T-F units that have similar amplitude and eha®p-
erties. In our approach too, separation can only be achiéved
source signals have different spatial positions, but tipeusgion
criterion is based on independence between the sourcdssigna

5. CONCLUDING REMARKS

A novel method of blind source separation of has been destrib
Based on sparseness and independence, the method itgrative
tracts all the speech signals without knowing the signaladn
vance. An advantage of this method is that stereo signatsaire
tained through the processing. So far, the method has bedr@p
to successful separation of up to six speech signals unéehait
conditions by use of two microphones. Future work will irdgu
separation of mixtures in reverberant environment, a mérel b
solution of the scaling problem, and improved techniquesHe
stopping criteria based on detection of a single signal.erAl-
tive to using a linear frequency scale, a frequency scalentiod-
els the auditory system more accurately could be used, becau
an auditory-based front-end is reported to be more robast ¢h
Fourier-based analysis in the presence of backgroundenteice
[9]. The use of more than two sensors could also be investigat
By using more than two sensors, a better resolution can laénetot
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Fig. 5. For a mixture of 6 mixed speech signals, binary masks haee bstimated for each of the 6 speech signals. The black areas
correspond to the mask value ‘1’ and the white areas cornesfmwthe mask value ‘0. The results are shown together \aitrcelculated

ideal binary masks of each of the two microphone signals. The signa)s-f) appear in the order which they were extracted from the
mixture. The first three signala)-(c) were extracted after two iterations, the next two signd)s(€) were extracted after three iterations.
The last signalf]) was extracted from the remaining mask as described inose8tP.
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Abstract. Inthis paper we propose to use an instantaneous ICA method
(BLUES) to separate the instruments in a real music stereo recording.
‘We combine two strong separation techniques to segregate instruments
from a mixture: ICA and binary time-frequency masking. By combining
the methods, we are able to make use of the fact that the sources are
differently distributed in both space, time and frequency. Our method is
able to segregate an arbitrary number of instruments and the segregated
sources are maintained as stereo signals. We have evaluated our method
on real stereo recordings, and we can segregate instruments which are
spatially different from other instruments.

1 Introduction

Finding and separating the individual instruments from a song is of interest
to the music community. Among the possible applications is a system where
e.g. the guitar is removed from a song. The guitar can then be heard by a
person trying to learn how to play. At a later stage the student can play the
guitar track with the original recording. Also when transcribing music to get
the written note sheets it is a great benefit to have the individual instruments
in separate channels. Transcription can be of value both for musicians and for
people wishing to compare (search in) music. On a less ambitious level identifying
the instruments and finding the identity of the vocalist may aid in classifying
the music and again make search in music possible. For all these applications,
separation of music into its basic components is interesting. We find that the
most important application of music separation is as a preprocessing step.
Examples can be found where music consists of a single instrument only, and
much of the literature on signal processing of music deals with these examples.
However, in the vast majority of music several instruments are played together,
each instrument has its own unique sound and it is these sounds in unison that
produce the final piece. Some of the instruments are playing at a high pitch and

* This work is supported by the Danish Technical Research Council (STVF), through
the framework project ”Intelligent Sound”, STVF no. 26-04-0092 and the Oticon
Foundation.



some at a low, some with many overtones some with few, some with sharp onset
and so on. The individual instruments furthermore each play their own part in
the final piece. Sometimes the instruments are played together and sometimes
they are played alone. Common for all music is that the instruments are not all
playing at the same time. This means that the instruments to some extent are
separated in time and frequency. In most modern productions the instruments
are recorded separately in a controlled studio environment. Afterwards the dif-
ferent sources are mixed into a stereo signal. The mixing typically puts the most
important signal in the center of the sound picture hence often the vocal part
is located here perhaps along with some of the drums. The other instruments
are placed spatially away from the center. The information gained from the fact
that the instruments are distributed in both space, frequency and time can be
used to separate them.

Independent component analysis (ICA) is a well-known technique to sep-
arate mixtures consisting of several signals into independent components [1].
The most simple ICA model is the instantaneous ICA model. Here the vector
x(n) of recorded signals at the discrete time index n is assumed to be a linear
superposition of each of the sources s(n) as

x(n) = As(n) + v(n), (1)

where A is the mixing matrix and v(n) is additional noise. If reverberations
and delays between the microphones are taken into account, each recording is a
mixture of different filtered versions of the source signals. This model is termed
the convolutive mixing model.

The separation of music pieces by ICA and similar methods has so far not
received much attention. In the first attempts ICA was applied to separation of
mixed audio sources [2]. A standard (non-convolutive) ICA algorithm is applied
to the time-frequency distribution (spectrogram) of different music pieces. The
resulting model has a large number of basis functions and corresponding source
signals. Many of these arise from the same signal and thus a postprocessing step
tries to cluster the components. The system is evaluated by listening tests by the
author and by displaying the separated waveforms. Plumbley et al. [3] presents a
range of methods for music separation, among these are an ICA approach. Their
objective is to transcribe a polyphonic single instrument piece. The convolu-
tive ICA model is trained on a midi synthesized piece of piano music. Mostly,
only a single note is played making it possible for the model to identify the
notes as a basis. The evaluation by comparing the transcription to the original
note sheets showed good although not perfect performance. Smaragdis et al. has
presented both an ICA approach [4] and a Non-negative Matrix Factorization
(NMF) approach [5] to music separation. The NMF works on the power spec-
trogram assuming that the sources are additive. In [6] the idea is extended to
use convolutive NMF. The NMF approach is also pursued in [7] where an arti-
ficial mixture of a flute and piano is separated and in [8] where the drums are
separated from polyphonic music. In [9] ICA/NMF is used along with a vocal
discriminant to extract the vocal.



Time-Frequency (T-F) masking is another method used to segregate sounds
from a mixture (see e.g. [10]). In computational auditory scene analysis, the
technique of T-F masking has been commonly used for years. Here, source sep-
aration is based on organizational cues from auditory scene analysis [11]. When
the source signals do not overlap in the time-frequency domain, high-quality
reconstruction can be obtained [12]. However, when there are overlaps between
the source signals good separation can still be obtained by applying a binary
time-frequency mask to the mixture [12,13]. Binary masking is also consistent
with constraints from auditory scene analysis such as people’s ability to hear
and segregate sounds [14]. More recently the technique has also become pop-
ular in blind source separation, where separation is based on non-overlapping
sources in the T-F domain [15]. T-F masking is applicable to source separation/
segregation using one microphone [10, 16] or more than one microphone [12,13].
In order to segregate stereo music into independent components, we propose a
method to combine ICA with T-F masking in order to iterative separate music
into spatially independent components. ICA and T-F masking has previously
been combined. In [?], ICA has been applied to separate two signals from two
mixtures. Based on the ICA outputs, T-F masks are estimated and a mask is
applied to each of the ICA outputs in order to improve the signal to noise ratio.

Section 2 provides a review of ICA on stereo signals. In section 3 it is de-
scribed how to combine ICA with masking in the time frequency domain. In
section 4 the algorithm is tested on real music. The result is evaluated by com-
paring the separated signals to the true recordings given by the master tape
containing the individual instruments.

2 ICA on stereo signals

In stereo music, different music sources (song and instruments) are mixed so
that the sources are located at spatially different positions. Often the sounds
are recorded separately and mixed afterwards. A simple way to create a stereo
mixture is to select different amplitudes for the two signals in the mixture.
Therefore, we assume that the stereo mixture x at the discrete time index n can
be modeled as an instantaneous mixture as in eqn. (1), i.e.

s1(n)
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Each row in the mixing matrix [a1; agi]T contains the gain of the i’th source in
the stereo channels. The additional noise could e.g. be music signals which do
not origin from a certain direction. If the gain ratio ai;/az; of the #’th source is
different from the gain ratio from any other source, we can segregate this source
from the mixture. A piece of music often consists of several instruments as well
as singing voice. Therefore, it is likely that the number of sources is greater
than two. Hereby we have an underdetermined mixture. In [17] it was shown



@
o

Gain ratio a,fa,, in [dB]

|
@
S

-10(
C 2 n
]

Fig. 1. The two stereo responses a1(6) and a2 () are shown as function of the direction
0. The monotonic gain ratio is shown as function of the direction 6.

how to extract speech signals iteratively from an underdetermined instantaneous
mixture of speech signals. In [17] it was assumed that a particular gain ratio
a1,/ ag; corresponded to a particular spatial source location. An example of such
a location-dependant gain ratio is shown in Fig 1. This gain ratio is obtained by
selecting the two gains as a1(6) = 0.5(1 — cos(#)) and az(8) = 0.5(1 + cos(6)).

2.1 ICA solution as an adaptive beamformer

When there are no more sources than sensors, an estimate §(n) of the original
sources can be found by applying a (pseudo) inverse linear system, to eqn. (1).

y(n) = Wx(n) = WAs(n) (3)

where W is a 2 x 2 separation matrix. From eqn. (3) we see that the output
y is a function of s multiplied by WA.. Hereby we see that y is just a different
weighting of s than x is. If the number of sources is greater than the number of
mixtures, not all the sources can be segregated. Instead, an ICA algorithm will
estimate y as two subsets of the mixtures which are as independent as possible,
and these subsets are weighted functions of s. The ICA solution can be regarded
as an adaptive beamformer which in the case of underdetermined mixtures places
the zero gain directions towards different groups of sources. By comparing the
two outputs, two binary masks can be found in the T-F domain. Each mask
is able to remove the group of sources towards which one of the ICA solutions
places a zero gain direction.

3 Extraction with ICA and binary masking

A flowchart of the algorithm is presented in Fig. 2. As described in the previous
section, a two-input-two-output ICA algorithm is applied to the input mixtures,
disregarding the number of source signals that actually exist in the mixture. As



shown below the binary mask is estimated by comparing the amplitudes of the
two ICA outputs and hence it is necessary to deal with the arbitrary scaling
of the ICA algorithm. As proposed in [1], we assume that all source signals
have the same variance and the outputs are therefore scaled to have the same
variance. From the two re-scaled output signals, §1(n) and g2(n), spectrograms
are obtained by use of the Short-Time Fourier Transform (STFT):

y1 — 1 — Y1(w,1) (4)
y2 — J2 — Ya(w,t), (5)

where w is the frequency and ¢ is the time index. The binary masks are then
found by a bitwise amplitude comparison between the two spectrograms:

BM1(w,t) = Vi (w, )] > [Ya(w, ?)| (6)
BM2(w, ) = 7|Ya(w, t)| > |Vi(w, )], (7)

where 7 is a threshold that determines the sparseness of the mask. As 7 is
increased, the mask is sparser. We have chosen 7 = 1.5. Next, each of the two
binary masks is applied to the original mixtures z; and x5 in the T-F domain,
and by this non-linear processing, some of the music signal are removed by one
of the masks while other parts of music are removed by the other mask. After
the masks have been applied to the signals, they are reconstructed in the time
domain by the inverse STFT and and two sets of masked output signals (11, #21)
and (%12, &22) are obtained.

In the next step, it is considered whether the masked output signals consists
of more than one signal. The masked output signals are divided into three group
defined by the selection criterion in section 3.1. It is decided whether there is one
signal in the segregated output signal, more than one signal in the segregated
output, or if the segregated signal contains too little energy, so that the signal
is expected to be of too poor quality.

There is no guarantee that two different outputs are not different parts of
the same separated source signal. By considering the correlation between the
segregated signals in the time domain, it is decided whether two outputs con-
tains the same signal. If so, their corresponding two masks are merged. Also the
correlation between the segregated signals and the signals with too poor quality
is considered. From the correlation coefficient, it is decided whether the mask
of the segregated signal is extended by merging the mask of the signal of poor
quality. Hereby the overall quality of the new mask is higher.

When no more signal consist of more than one signal, the separation proce-
dure stops. After the correlation between the output signals have been found,
some masks still have not been assigned to any of the source signal estimates. All
these masks are then combined in order to create a background mask. The back-
ground mask is then applied to the original two mixtures, and possible sounds
that remain in the background mask are found. The separation procedure is then
applied to the remaining signal to ensure that there is no further signal hidden.
This procedure is continued until the remaining mask does not change any more.
Note that the final output signals are maintained as stereo signals.
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Fig. 2. Flowchart showing the main steps of the algorithm. From the output of the ICA
algorithm, binary masks are estimated. The binary masks are applied to the original
signals which again are processed through the ICA step. Every time the output from
one of the binary masks is detected as a single signal, the signal is stored. The iterative
procedure stops when all outputs only consist of a single signal. The flowchart has been
adopted from [17].

3.1 Selection criterion

It is important to decide whether the algorithm should stop or whether the
processing should proceed. The algorithm should stop separating when the signal
consists of only one source or when the mask is too sparse so that the quality of
the resulting signal is unsatisfactory. Otherwise, the separation procedure should
proceed. We consider the covariance matrix between the output signals to which
the binary mask has been applied, i.e. Ry, = (xxf). If the covariance matrix
is close to singular, it indicates that there is only one source signal. To measure
the singularity, we find the condition number of R,,. If the condition number
is below a threshold, it is decided that x contains more than one signal and the
separation procedure continues. Otherwise, it is assumed that x consists of a
single source and the separation procedure stops.

4 Results

The method has been applied to different pieces of music. The used window
length was 512, the FFT length was 2048. The overlap between time frames



g 5

a o - a

8 2 g g g

=1 S
3 8 3 3 &
72% 92%

9
3% 10 17%
Outputl n " .

55%

5% 1% % 14%
Output2 | | u L .

2%
21%

9% 2% 9%
Output3 . | . .

n
14% 32% 23% 48%

3%
Remaining . n . . .

% of power 46% 27% 1% 7% 7%

Fig. 3. Correlation coefficients between the extracted channels and the original stereo
channels. The coefficients has been normalized such that the columns sum to one. The
last row shows the percentage of power of the tracks in the mixture.

was 75%. The sampling frequency is 10 kHz. Listening tests confirm that the
method is able to segregate individual instruments from the stereo mixture. We
do not observe that correlations can be heard. However, musical artifacts are
audible. Examples are available on-line for subjective evaluation [18]. In order
to evaluate the method objectively, the method has been applied to 5 seconds
of stereo music, where each of the different instruments has been recorded sep-
arately, processed from a mono signal into a stereo signal, and then mixed. We
evaluate the performance by calculating the correlation between the segregated
channels and the original tracks. The results are shown in Fig. 3 As it can be
seen from the figure, the correlation between the estimated channels and the
original channels is quite high. The best segregation has been obtained for those
channels, where the two channels are made different by a gain difference. Among
those channels is the guitars, which are well segregated from the mixture. The
more omnidirectional (same gain from all directions) stereo channels cannot be
segregated by our method. However, those channels are mainly captured in the
remaining signal, which contains what is left when the other sources has been
segregated. Some of the tracks have the same gain difference. Therefore, it is
hard to segregate the ‘bass’ from the ‘bass drum’.

5 Conclusion

We have presented an approach to segregate single sound tracks from a stereo
mixture of different tracks while keeping the extracted signals as stereo signals.



The method utilizes that music is sparse in the time, space and frequency do-
main by combining ICA and binary time-frequency masking. It is designed to
separate tracks from mixtures where the stereo effect is based on a gain dif-
ference. Experiments verify that real music can be separated by this algorithm
and results on an artificial mixture reveals that the separated channel is highly
correlated with the original recordings.

We believe that this algorithm can be a useful preprocessing tool for anno-

tation of music or for detecting instrumentation.
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Abstract. A limitation in many source separation tasks is that the num-
ber of source signals has to be known in advance. Further, in order to
achieve good performance, the number of sources cannot exceed the num-
ber of sensors. In many real-world applications these limitations are too
restrictive. We propose a method for underdetermined blind source sep-
aration of convolutive mixtures. The proposed framework is applicable
for separation of instantaneous as well as convolutive speech mixtures. It
is possible to iteratively extract each speech signal from the mixture by
combining blind source separation techniques with binary time-frequency
masking. In the proposed method, the number of source signals is not as-
sumed to be known in advance and the number of sources is not limited to
the number of microphones. Our approach needs only two microphones
and the separated sounds are maintained as stereo signals.

1 Introduction

Blind source separation (BSS) addresses the problem of recovering N unknown
source signals s(n) = [s1(n),...,snx(n)]?7 from M recorded mixtures x(n) =
[#1(n),...,zar(n)]T of the source signals. The term ‘blind’ refers to that only
the recorded mixtures are known. An important application for BSS is separation
of speech signals. The recorded mixtures are assumed to be linear superpositions
of the source signals. Such a linear mixture can either be instantaneous or con-
volutive. The instantaneous mixture is given as

x(n) = As(n) + v(n), (1)

where A is an M x N mixing matrix and n denotes the discrete time index.
v(n) is additional noise. A method to retrieve the original signals up to an
arbitrary permutation and scaling is independent component analysis (ICA) [1].
In ICA, the main assumption is that the source signals are independent. By
applying ICA, an estimate y(n) of the source signals can be obtained by finding
a (pseudo)inverse W of the mixing matrix so that

y(n) = Wx(n). (2)



Notice, this inversion is not exact when noise is included in the mixing model.
When noise is included as in (1), x(n) is a nonlinear function of s(n). Still, the
inverse system is assumed to be approximated by a linear system.

The convolutive mixture is given as

K-1
x(n) = Ags(n — k) +v(n) (3)
k=0

Here, the source signals are mixtures of filtered versions of the original source
signals. The filters are assumed to be causal and of finite length K. The con-
volutive mixture is more applicable for separation of speech signals because the
convolutive model takes reverberations into account. The separation of convolu-
tive mixtures can either be performed in the time or in the frequency domain.
The separation system for each discrete frequency w is given by

Y(w,t) = W(w)X(w, 1), (4)

where ¢ is the time frame index. Most methods, both instantaneous and convo-
lutive, require that the number of source signals is known in advance. Another
drawback of most of these methods is that the number of source signals is as-
sumed not to exceed the number of microphones, i.e. M > N.

If N > M, even if the mixing process is known, it may not be invertible,
and the independent components cannot be recovered exactly [1]. In the case
of more sources than sensors, the underdetermined/overcomplete case, successful
separation often relies on the assumption that the source signals are sparsely dis-
tributed in the time-frequency domain [2], [3]. If the source signals do not overlap
in the time-frequency domain, high-quality reconstruction could be obtained [3].

However, there is overlap between the source signals. In this case, good sep-
aration can still be obtained by applying a binary time-frequency (T-F) mask
to the mixture [2], [3]. In computational auditory scene analysis, the technique
of T-F masking has been commonly used for years (see e.g. [4]). Here, source
separation is based on organizational cues from auditory scene analysis [5]. More
recently the technique has also become popular in blind source separation, where
separation is based on non-overlapping sources in the T-F domain [6]. T-F mask-
ing is applicable to source separation/ segregation using one microphone [4],[7],[8]
or more than one microphone (2], [3]. T-F masking is typically applied as a binary
mask. For a binary mask, each T-F unit is either weighted by one or zero. An
advantage of using a binary mask is that only a binary decision has to be made
[9]. Such a decision can be based on, e.g., clustering [2], [3], [6], or direction-of-
arrival [10]. ICA has been used in different combinations with the binary mask.
In [10], separation is performed by first removing N — M signals via masking and
afterwards applying ICA in order to separate the remaining M signals. ICA has
also been used in the other way around. In [11], it has been applied to separate
two signals by using two microphones. Based on the ICA outputs, T-F masks are
estimated and a mask is applied to each of the ICA outputs in order to improve
the signal to noise ratio (SNR).



In this paper, we propose a method to segregate an arbitrary number of
speech signals in a reverberant environment. We extend a previously proposed
method for separation of instantaneous mixtures [12] to separation of convolutive
mixtures. Based on the output of a square (2 x 2) blind source separation algo-
rithm and binary T-F masks, our method segregates speech signals iteratively
from the mixtures until an estimate of each signal is obtained.

2 Blind Extraction by combining BSS and binary
masking

With only two microphones, it is not possible to separate more than two signals
from each other because only one null direction can be placed for each output.
This fact does not mean that the blind source separation solution is useless in
the case of N > M. In [12] we examined what happened if an ICA algorithm
was applied to an underdetermined 2-by-N mixture. When the two outputs
were considered, we found that the ICA algorithm separates the mixtures into
subspaces, which are as independent as possible. Some of the source signals are
mainly in one output while other sources mainly are present in the other output.

A flowchart for the algorithm is given in Fig. 1. As described in the previ-
ous section, a two-input-two-output blind source separation algorithm has been
applied to the input mixtures, regardless the number of source signals that actu-
ally exist in the mixture. The two output signals are arbitrarily scaled. Different
methods have been proposed in order to solve the scaling ambiguity. Here, we
assume that all source signals have the same variance as proposed in [1] and the
outputs are therefore scaled to have the same variance.

The two re-scaled output signals, §;(n) and §2(n), are transformed into the
frequency domain e.g. using the Short-Time Fourier Transform STFT so that
two spectrograms are obtained:

i1 — Yi(w,t) )
2 — Ya(w, 1), (6)

where w denotes the frequency and ¢ is the time frame index. The binary masks
are then determined for each T-F unit by comparing the amplitudes of the two
spectrograms:

BML(w,1) = 7|Yi (w,8)] > [Ya(w, 1) (7)
BM2(w,1) = 7|2 (w, )] > [Yi(w, 1), (8)

where 7 is a threshold. Next, each of the two binary masks is applied to the
original mixtures in the T-F domain, and by this non-linear processing, some
of the speech signals are removed by one of the masks while other speakers are
removed by the other mask. After the masks have been applied to the signals,
they are reconstructed in the time domain by the inverse STFT. If there is
only a single signal left in the masked output, defined by the selection criteria



in Section 2.3, i.e. all but one speech signal have been masked, this signal is
considered extracted from the mixture and it is saved. If there are more than one
signal left in the masked outputs, the procedure is applied to the two masked
signals again and a new set of masks are created based on (7), (8) and the
previous masks. The use of the previous mask ensures that T-F units that have
been removed from the mixture are not reintroduced by the next mask. This is
done by an element-wise multiplication between the previous mask and the new
mask. This iterative procedure is followed until all masked outputs consist of
only a single speech signal. When the procedure stops, the correlation between
the segregated sources are found in order to determine whether a source signal
has been segregated more than once. If so, the source is re-estimated by merging
the two correlated masks. It is important to notice that the iteratively updated
mask always is applied to the original mixtures and not to the previously masked
signal. Hereby a deterioration of the signal due to multiple iterations is avoided.

2.1 Finding the background signals

Since some signals may have been removed by both masks, all T-F units that
have not been assigned the value ‘1’ are used to create a background mask,
and the procedure is applied to the mixture signal after the remaining mask is
applied, to ensure that all signals are estimated. Notice that this step has been
omitted from Fig. 1.

2.2 Extension to convolutive mixtures

Each convolutive mixture is given by a linear superposition of filtered versions
of each of the source signals. The filters are given by the impulse responses
from each of the sources to each of the microphones. An algorithm capable of
separating convolutive mixtures is used in the BSS step. Separation still relies
on the fact that the source signals can be grouped such that one output mainly
contains one part of the source signals and the other output mainly contains
the other part of the signals. In order to avoid arbitrary filtering, only the cross
channels of the separation filters have been estimated. The direct channel is
constrained to be an impulse. Specifically, we employ the frequency domain
convolutive BSS algorithm by Parra and Spence [13]!.

2.3 Selection criterion

In order to decide if all but one signal have been removed, we consider the
envelope statistics of the signal. By considering the envelope histogram, it can
be determined whether one or more than one signal is present in the mixture. If
only one speech signal is present, many of the amplitude values are close to zero.

1 Matlab code is available from http://ida.first.gmd.de/~harmeli/download/
download_convbss.html
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Fig. 1. Flowchart showing the main steps of the proposed algorithm. From the output
of the BSS algorithm, binary masks are estimated. The binary masks are applied to the
original signals which again are processed through the BSS step. Every time the output
from one of the binary masks is detected as a single signal, the signal is stored. The
iterative procedure stops when all outputs only consist of a single signal. The flowchart
has been adopted from [12].

If more speech signals are present, less amplitude values are close to zero. In order
to discriminate between one and more than one speech signals in the mixture, we
measure the width of the histogram as proposed in [14] as the distance between
the 90% and the 10% percentile normalized to the 50% percentile, i.e.

Poo — Pro

width =
Psq

)
Further processing on a pair of masked signals should be avoided if there is one
or zero speech signals in the mixture. If the calculated width is smaller than
two, we assume that the masked signal consists of more than one speech signal.
We discriminate between zero and one signal by considering the energy of the
segregated signal. This selection criterion is more robust to reverberations than
the correlation-based criterion used in [12].



3 Evaluation

The algorithm described above has been implemented and evaluated with in-
stantaneous and convolutive mixtures. For the STFT, an FFT length of 2048
has been used. A Hanning window with a length of 512 samples has been applied
to the FFT signal and the frame shift is 256 samples. A high frequency resolu-
tion is found to be necessary in order to obtain good performance. The sampling
frequency of the speech signals is 10 kHz, and the duration of each signal is
5 s. The thresholds have been found from initial experiments. In the ICA step,
the separation matrix is initialized by the identity matrix, i.e. W = I. When
using a binary mask, it is not possible to reconstruct the speech signal as if it
was recorded in the absence of the interfering signals, because the signals partly
overlap. Therefore, as a computational goal for source separation, we employ the
ideal binary mask[9]. The ideal binary mask for a signal is found for each T-F
unit by comparing the energy of the desired signal to the energy of all the inter-
fering signals. Whenever the signal energy is higher, the T-F unit is assigned the
value ‘1" and whenever the interfering signals have more energy, the T-F unit is
assigned the value ‘0’. As in [8], for each of the separated signals, the percentage
of energy loss Pgy, and the percentage of noise residue Pyp are calculated as
well as the signal to noise ratio (SNR) using the resynthesized speech from the
ideal binary mask as the ground truth:

D AL (DN oAY: () A D 20 O N |

Zn 2 (n) Zn 0z (’ﬂ) Zn (I(n) - O(n))Z

where O(n) is the estimated signal, and I(n) is the recorded mixture resynthe-
sized after applying the ideal binary mask. e;(n) denotes the signal present in
I(n) but absent in O(n) and e2(n) denotes the signal present in O(n) but absent
in I(n). The input signal to noise ratio, SNR;, is found too, which is the ratio
between the desired signal and the noise in the recorded mixtures.

Table 1. Separation results for four convolutively mixed speech mixtures. A manual
selection criterion was used.

Signal No.| Ppr(%)  Pvr(%) SNR: (dB)  SNR (dB)

1 66.78 20.41 -4.50 1.35
2 32.29 41.20 -4.50 1.24
3 52.86 19.08 -3.97 2.12
4 15.78 30.39 -6.67 2.91
Average 41.93 27.77 -4.91 1.91

Convolutive mixtures consisting of four speech signals have also been sepa-
rated. The signals are uniformly distributed in the interval 0° < 6 < 180°. The
mixtures have been obtained with room impulse responses synthesized using the
image model [15]. The estimated room reverberation time is Tgo ~ 160 ms. The



Table 2. Separation results for four convolutively mixed speech mixtures. The selection
criterion as proposed in Section 2.3 was used.

Signal No.|  Ppr(%) Pnr(%) SNR; (dB) SNR (dB)

1 39.12 46.70 -4.50 0.63
2 64.18 18.62 -4.50 1.45
3 26.88 33.73 -3.97 2.40
4 45.27 32.49 -6.67 1.69
Average 43.86 32.88 -4.91 1.54

distance between the microphones is 20 cm. The method has been evaluated with
and without the proposed selection criterion described in Section 2.3. When the
selection criterion was not used, it has been decided when a source signal has
been separated by listening to the signals. The separation results are shown in
Table 1 and Table 2. The average input SNR is —4.91 dB. When the selection
criterion was applied manually, the average SNR after separation is 1.91 dB with
an average SNR gain of 6.8 dB. When selection criterion was applied as proposed,
the average SNR after separation is 1.45 dB with an average SNR gain of 6.4 dB,
which is about half a dB worse than selecting the segregated signals manually. It
is not always that all the sources are extracted from the mixture. Therefore the
selection criterion could be further improved. For separation of instantaneous
mixtures an SNR gain of 14 dB can be obtained, which is significantly higher
than that for the reverberant case. This may be explained by several factors.
Errors such as misaligned permutations are introduced from the BSS algorithm.
Also, convolutive mixtures are not as sparse in the T-F domain as instantaneous
mixtures. Further, the assumption that the same signals group into the same
groups for all frequencies may not hold. Some artifacts (musical noise) exist in
the segregated signals. Especially in the cases, where the values of Pgj, and Pyg
are high. Separation results are available for listening at www.imm.dtu.dk/~msp.

As mentioned earlier, several approaches have been recently proposed to sep-
arate more than two sources using two microphones by employing binary T-
F masking [2], [3], [10]. These methods use clustering of amplitude and time
differences between the microphones. In contrast, our method separates speech
mixtures by iteratively extracting individual source signals. Our results are quite
competitive although rigorous statements about comparison are difficult because
the test conditions are different.

4 Concluding remarks

A novel method of blind source separation of underdetermined mixtures has
been described. Based on sparseness and independence, the method iteratively
extracts all the speech signals. The linear processing from BSS methods alone
cannot separate more sources than the number of recordings, but with the ad-
ditional nonlinear processing introduced by the binary mask, it is possible to
separate more sources than the number of sensors. Our method is applicable



to separation of instantaneous as well as convolutive mixtures and the output
signals are maintained as stereo signals. An important part of the method is
the detection of when a single signal exists at the output. Future work will in-
clude better selection criteria to detect a single speech signal, especially in a
reverberant environment. More systematic evaluation and comparison will also
be given in the future. The assumption of two microphones may be relaxed and
the method may also be applicable to other signals than speech which also have
significant redundancy.
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Two-microphone Separation of Speech Mixtures

Michael Syskind Pedersen, DeLiang Wang, Jan Larsen, arik Kjems

Abstract— Separation of speech mixtures, often referred to as whereA is anM x N mixing matrix.v(n) is additional noise.
the cocktail party problem, has been studied for decades. In Also, A is assumed not to vary as function of time. Often, the
many source separation tasks, the separation method is lited e ctive s to estimate one or all of the source signals. An

by the assumption of at least as many sensors as sources. Fhet, . L .
many methods require that the number of signals within the estimatey(n) of the original source signals can be found by

recorded mixtures be known in advance. In many real-world applying an (pseudo) inverse linear operation, i.e.,
applications these limitations are too restrictive. We pr@ose

a novel method for underdetermined blind source separation y(n) = Wx(n), 2
using an instantaneous mixing model which assumes closely . X . . .
spaced microphones. Two source separation techniques haveen WhereW is an N x M separation matrix. Notice that this
combined,independent component analysis (ICA) and binarytime-  inversion is not exact when noise is included in the mixing
frequency masking. By estimating binary masks from the outputs model. When noise is included as in (¥)») is a nonlinear

of an ICA algorithm, it is possible in an iterative way to extract  fnction ofx(n) [3]. In this paper, the inverse is approximated
basis speech signals from a convolutive mixture. The basigsals by a linear system

are afterwards improved by grouping similar signals. Usingtwo g . .
microphones we can separate in principle an arbitrary numbe In real environments, a speech signal does not only arrive

of mixed speech signals. We show separation results for mixtes from a single direction. Rather, multiple reflections frohe t
with as many as seven speech signals under instantaneoussurroundings occur as delayed and filtered versions of the
conditions. We also show that the proposed method is applitie  g4yrce signal. In this situation, the mixing model is better

to segregate speech signals under reverberant conditionand roximated b uti L del. Th luti
we compare our proposed method to another state-of-the-art approximated by aonvolutivemixing model. fhe convolutve

algorithm. The number of source signals is not assumed to be FIR mixture is given as

known in advance and it is possible to maintain the extracted K1

signals as stereo signals.
g 9 x(n) = > Awsn—k) +v(n) ©)
Index Terms— Underdetermined speech separation, ICA, time- =0

frequency masking, ideal binary mask. . . . .
Here, the source signals are mixtures of filtered versions of

the anechoic source signals. The filters are assumed to be
|. INTRODUCTION causal and of finite lengti’. Numerous algorithms have been
HE problem of extracting a single speaker from a mixturgroposed to solve the convolutive problem [4], but few are ab
of many speakers is often referred to as the cocktafl cope with underdetermined as well as reverberant comditi
party problem [1], [2]. Human listeners cope remarkablfp]-[9].
well in adverse environments, but when the noise level isIndependent Component Analysis (ICA) describes a class
exceedingly high, human speech intelligibility also stgfeBy of methods that retrieve the original signals up to an aabjtr
extracting speech sources from a mixture of many speakepermutation and scaling [10]. Successful separationsaiie
we can potentially increase the intelligibility of each smei assumptions on the statistical properties of the souraceaksg

by listening to the separated sources. To obtain separation, many ICA methods require that at most

Blind source separation addresses the problem of recagverime source be Gaussian. Many algorithms assume that the
N unknown source signaln) = [s1(n),...,sx(n)]T from source signals are independent or the source signals are non
M recorded mixturex<(n) = [z1(n),...,za(n)]T of the Gaussian [11]-[14]. Other methods are able to separate the

source signals. denotes the discrete time index. Each of theource signals using only second order statistics. Heris, it
recorded mixtures; = z;(n) consists ofN; = f,T samples, typically assumed that the sources have different coioglat
wheref, is the sampling frequency arfddenotes the duration [15]-[17] or the source signals are non-stationary [183][1
in seconds. The term ‘blind’ refers to that only the recorddslind source separation algorithms have been applied inyman
mixtures are known. The mixture is assumed to be a lineaireas such as feature extraction, brain imaging, telecaramu
superposition of the source signals, sometimes with additi cations, and audio separation [10].
noise, i.e., ICA methods have several drawbacks. Often, it is required
X(n) = As(n) + v(n), (1) thatthe number of source signals is known in advance and only
few have addressed the problem of determining the number of
Michael Syskind Pedersen and Ulrik Kjems are with Oticon ,A8nge- ggurces in a mixture [20], [21]. Further, standard formiokat
bakken 9, DK-2765, Denmark. Emafimsp, uk @oticon.dk, DeLiang Wang . hat th b f .
is with the Department of Computer Science & Engineering tedCenter €QUIres that the number of source signals does not _exceed th
for Cognitive Science, The Ohio State University, Columidl 43210-1277, number of microphones. If the number of sources is greater
U.S.A. Email: dwang@cse.ohio-state.edu. Jan Larsen is thit Intelligent than the number of mixtures, the mixture is calledder-
Signal Processing Group at the Department of Informatia$ siathemat- . ! K .
determined(or overcompletg In this case, the independent

ical Modelling, Technical University of Denmark, Richar@tBrsens Plads, . ; !
Building 321, DK-2800 Kgs. Lyngby, Denmark. Email: j|@imadtu.dk. components cannot be recovered exactly without incorpayat
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additional assumptions, even if the mixing procasis known of a square(2 x 2) ICA algorithm and binary T-F masks,
[10]. Additional assumptions include knowledge about theur approach iteratively segregates signals from a mixture
geometry, or detailed knowledge about the source distribuntil an estimate of each signal is obtained. Our method is
tions [22]. For example, the source signals are assumedagplicable to both instantaneous and convolutive mixtufes
be sparsely distributed - either in the time domain, in thgreliminary version of our work has been presented in [40],
frequency domain or in the time-frequency (T-F) domain [8}vhere we demonstrated the ability of our proposed framework
[23]-[26]. Sparse sources have a limited overlap in the Ti6 separate up to six speech mixtures from two instantaneous
domain. The validity of non-overlapping sources in the Tmixtures. In [41] it has been demonstrated that the approach
F domain comes from the observation that the spectrograemn be used to segregate stereo music recordings into single
of a mixture is approximately equal to the maximum oinstruments or singing voice. In [42] we described an extens
the individual spectrograms in the logarithmic domain [27}o separate convolutive speech mixtures.
When the source signals do not overlap in the time-frequencyThe paper is organized as follows. In Section I, we
domain, high-quality reconstruction can be obtained [8]e T show how instantaneous real-valued ICA can be interpreted
property of non-overlapping sources in the T-F domain hggometrically and how the ICA solution can be applied to
been denoted as the W-disjoint orthogonality [28]. Givea thunderdetermined mixtures. In Sections 1ll and IV we de-
short-time Fourier transform (STFT) of two speech signalelop a novel algorithm that combines ICA and binary T-
Si(w,t) and Sj(w,t), the W-disjoint orthogonality property F masking in order to separate instantaneous as well as
can be expressed as convolutive underdetermined speech mixtures. In Sectipn V
., we systematically evaluate the proposed method and compare
Siw, 1)Sj(w, 1) = 0,i # j, Y, t, ) it to existing methods. Further discussion is given in Secti
wheret is the time frame index and is the discrete frequency VI, and Section VIl concludes the paper.
index. This property holds, for example, when tones are
disjoint in frequenqy. . |l. GEOMETRICAL INTERPRETATION OF INSTANTANEOUS
However, there is overlap between the source signals but ICA
good separation can still be obtained by applying a binary
time-frequency mask to the mixture [24], [8]. tomputational ~ We assume that there is an unknown number of acoustical
auditory scene analysif29], the technique of T-F maskingsource signals but only two microphones. It is assumed that
has been commonly used for many years (see e.g. [3@#nch source signal arrives from a distinct direction and no
Here, source separation is based on organizational cues fr@flections occur, i.e., we assume an anechoic environment
auditory scene analysis [31]. Binary masking is consisteit our mixing model. We assume that the source signals are
with perceptual constraints regarding human ability torhegixed by an instantaneous time-invariant mixing matrix as
and segregate sounds [32]. Especially, time-frequenckimgis in Eq. (1). Due to delays between the microphones, instanta-
is closely related to the prominent phenomenon of auditongous ICA with a real-valued mixing matrix usually is not
masking [33]. More recently the technique has also becorapplicable to signals recorded at an array of microphones.
popular in the ICA community to deal with non-overlappingNevertheless, if the microphones are placed at the exaat sam
sources in the T-F domain [28]. T-F masking is applicable focation and have different gains for different directiptise
source separation/segregation using one microphone[f31)], separation of delayed sources can be approximated by the
[35] or more than one microphone [8], [24]. T-F masking i#nstantaneous mixing model [43]. Hereby, a combination of
typically applied as a binary mask. For a binary mask, each Microphone gains corresponds to a certain directionaépatt
F unit (the signal element at a particular time and frequiiscy The assumption that the microphones are placed at the exact
either weighted by one or by zero. In order to reduce arifacsame location can be relaxed. A similar approximation of
soft masks may also be applied [36]. Also by decreasing thelayed mixtures to instantaneous mixtures is provided4. [
downsampling factor in the signal analysis and synthesis,There, the differences between closely spaced omnidireaiti
reduction of musical noise is obtained [37]. microphones are used to create directional patterns, where
An advantage of using a T-F binary mask is that only @stantaneous ICA can be applied. In the Appendix, we show
binary decision has to be made [32]. Such a decision can ew the recordings from two closely spaced omnidirectional
based on clustering from different ways of direction-afiel microphones can be used to make two directional microphone
estimation [8], [24], [28], [38]. ICA has been used in diffet gains.
combinations with the binary mask. In [38], separation is Therefore, a realistic assumption is that two directional
performed by removingV — M signals by masking and thenmicrophone responses recorded at the same location afe avai
applying ICA in order to separate the remainifg signals. able. For evaluation purposes, we have chosen appropriate
In [39], ICA has been used the other way around. Here, ICAicrophone responses; the frequency independent gain re-
is applied to separate two signals by using two microphonegponses are chosen as functions of the diredtiasr (9) =
Based on the ICA outputs, T-F masks are estimated and a mask 0.5 cos(f) andr2(f) = 1 — 0.5 cos(f), respectively. The
is applied to each of the ICA outputs in order to improve thisvo microphone responses are shown in Fig. 1. Hence, instead
signal to noise ratio (SNR). of having a mixing system where a given microphone delay
In this paper, we propose a novel approach to separatic@responds to a given direction, a given set of microphone
an arbitrary number of speech signals. Based on the outpains corresponds to a certain direction, and the mixintpays
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For the instantaneous case, the separation maifixcan
be regarded as direction-dependent gains. Forlarx M
separation matrix, it is possible to have at magt— 1 null

A(8)

7 180

Fig. 2. The polar plots show the gain for different directiofCA is applied

with two sensors and seven sources. The two dots at the oeriengier show
the null directions. We see that each row of the 2 ICA solution can make
just one null direction in the intervdl® < 6 < 180°. Symmetric nulls exist
in the interval 180° < 6 < 360°. The lines pointing out from the origin
denote the true direction of the seven numbered speechesoufbe ICA

solution tends to place the null towards sources spatiddigecto each other,
and each of the two outputs represents a group of spatialecignals.

directions, i.e., directions from which the interferenagnal

is canceled out, see e.g. [45], [46]. Signals arriving fraimeo

directions are not completely canceled out, and they thus hanterval 0° < # < 180°. As shown in the figure, typically the

a gain greater thar-oco dB. nulls do not cancel single sources out. Rather, a null isgglac
Now consider the case wheré > M = 2. When there are at a direction pointing towards group of sources which are

only two mixed signals, a standard ICA algorithm only has twepatially close to each other. Here, it can be seen that in the

output signalsy(n) = [y1(n),y2(n)]”. Since the number of first output,y; (n), the signalss, 6 and7 dominate and in the

separated signals obtained by (2) is smaller than the numbecond outputy»(n), the signald, 2 and3 dominate. The last

of source signalsy does not contain the separated signalsignal,4 exists with almost equal weight in both outputs. As

Instead, if the noise term is disregardgdis another linear we show in Section lll, this new weighting of the signals can

superposition of the source signals, i.e. be used to estimate binary masks reliably. Similar equicde

©) has been shown between ICA in the frequency domain and

adaptive beamforming [46]. In that case, for each frequency

where the weights are given by = WA instead of justA Y (w) = G(w)S(w).

as in (1). ThusG just corresponds to another weighting of

each of the source signals depending tonThese weights ||| B ND SOURCE EXTRACTION WITH ICA AND BINARY

makey; (n) andyz(n) as independent as possible even though MASKING

y1(n) andys(n) themselves are not single source signals. This ) ) )

is illustrated in Fig. 2. The figure shows the two estimated- Algorithm for instantaneous mixtures

spatial responses fro@(0) in the underdetermined case. The The input to our algorithm is the two mixtures andz;

response of then'th output is given byg,,(6) = [wl a(d)|, of durationN,. The algorithm can be divided into three main

wherew,, is the separation vector from the'th output and parts: acore procedure a separation stageand amerging

a®) = [r1(8),72(0)]T is the mixing vector for the arrival stage The three parts are presented in Fig. 3, Fig. 4 and Fig. 5,

direction 6 [45]. By varying # over all possible directions, respectively.

directivity patterns can be created as shown in Fig. 2. Thel) Core procedure:Fig. 3 shows theore procedure The

estimated null placement is illustrated by the two roundsdotore procedure is performed iteratively for a number of egcl

placed at the perimeter of the outer polar plot. The lings the algorithm. The inputs to the core procedure are twatinp

pointing out from the origin illustrate the direction of teeven mixturesz, andx; and a binary mask (stefy), which has been

source signals. Here, the sources are equally distribatétki applied to the original signals; and z, in order to obtain

y =Gs,
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L. . . Begin
x, andxy. In the initial application of the core procedure, 0 (OpyO
r, = x1 andx, = z9, and BM is all ones. l l l
Iterations
A Input X, BM ) Core
procedure
’ e /—//_—// \\\
Y Y S
. Stoppmg topping
Cc Scaling Criterion Criterion
i { v vy vy y
)7 '2 Core Core
l procedure procedure
l v '*(l (rBMlJ (l A)Bi/lly »(v ('BM‘ZJ Y) l’7BM()
E BM, (@)= (‘Y' (w’t)‘ > T‘YZ (@ I)‘)&BM(M’I) Stopplng Stoppmg Stopplng Stopplng
Criterion Criterion Criterion Criterion
(282K vy vV (282K
| Stop, store
Core Core signals and mask Core
X, (@) = BM (wn) X (@0 3 | procedure procedure R procedure
X, (e C X @ l ‘ _Lm]
F W W K W
Xy (@) X,(@1) BM. = BM®
= BM,(w1) B h
X,, (1) X,(w,1)
l i l l l l Fig. 4. Theseparation stageSeparation is performed iteratively by the
G % % BM £ 3 BM core procedure as described in Fig. 3. The stopping cniteisoapplied to
la> 1> ! 2a> 720> 2 each set of outputs from the core procedure. If the outpusistsnof more
than one speech signal, the core procedure is applied alfaime output
Fig. 3. Flowchart showing thecore procedure of the algorithm. —consists of only a single source signal, the output and iteesponding mask
The algorithm has three input signals: The two input mixure, = are stored. The core procedure is applied to the outputatiitely until all
[£a(0), za(1),--- ,2a(Ns)] andxp = [x4(0), zp(1), - -+ ,z(Ns)], and a outputs consist of only a single signal. The outputs areesliaither as a

binary mask which has been applied to the two original medun order to candidate for a separated stereo sound signal a separated stereo signal
obtain z, andz,. Source separation by ICA is applied to the two originaPf poor qualityp.

signals in order to obtaip; andys. 91 andg. are obtained by normalizing the

two signals with respect to the variance. The re-scaledasgare transformed

into the T-F domain, where the two binary masks are obtainedomparing

the corresponding T-F units of the two T-F signals and miyitig by the  egtimated. The binary masks are determined for each T-F unit

input binary mask to prevent re-introduction of already keals T-F units. . .
The two estimated masks are then applied in the T-F domaihettiginal by comparing the amplitudes of the two spectrograms (step

signalsz1 — X1 (w,t) andzz — X2(w,t). The output consists of the two E):
estimated binary masks and the four masked signals.

BV . = | L @ 0l> %@k |
L . . . 1 0, otherwise. ’
As described in the previous section, a two-input two-outpu ) ]
ICA algorithm is applied to the input mixtures, regardlessBM,(w,t) = { (1), lftrl]lfz(g,t)| > 7|Y1(w, t)]; Ve (10)
of the number of source signals that actually exist in the » otherwise.

mixture (stepB). The two outputsy; andy. from the ICA  where 7 is a parameter. The parameterin (9) and (10)
algorithm are arbitrarily scaled (step). Since the binary controls how sparse the mask should be, i.e., how much of
mask is estimated by comparing the amplitudes of the twee interfering signals should be removed at each iteratfon
ICA outputs, it is necessary to solve the scaling problem. ln— 1, the two estimated masks together contain the same
[40], we solved the scaling problem by using the knowledggimber of retained T-F units (i.e. equal to 1) as the previous
about the microphone responses. Here we use a more ‘blipghsk. Ifr > 1, the combination of the two estimated masks is
method to solve the scaling ambiguity. As proposed in [10hore sparse, i.e. having fewer retained units, than theiqusv
we assume that all source signals have the same variance @@ry mask. This is illustrated in Fig. 6. In general, when
the OutpUtS are therefore scaled to have the same variahee. ;l' > 1, the convergence is faster at the expense of a sparser
two re-scaled output signalg; and g, are transformed into resulting mask. When the mask is sparser, musical noise
the frequency domain (step), e.g. by use of the STFT sopecomes more audible. The performance of the algorithm is
that two spectrograms are obtained: considered forr = 1 andr = 2. We do not consider the

o = Yi(w,t) (7) case wheré) <7 <1 as some T-F units would be assigned

. the value ‘1" in both estimated masks. In order to ensure that

B2 — i), (8) the binary mask becomes sparser for every iteration, a simpl
wherew denotes the frequency amndhe time window index. logical AND operation between the previous mask and the
From the two time-frequency signals, two binary masks aestimated mask is applied.
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=1 Start

Fig. 6. The first two iterations for the estimations of theasinmasks. Black indicates ‘1’, and white ‘0. For each it&na, two new masks are estimated
by comparison of the ICA output as shown in equations (9) da@4. (The previous mask ensures that no T-F units are redinted. The plot above shows
the case ofr = 1. Whent = 1, the estimated masks contain the same T-F units as the mahk iprevious iteration. The plot below shows the case of
7 = 2. Here the two estimated masks together contain less T-B timi the binary mask at the previous iteration. Therefooan be used to control the
convergence speed. The separation performance with thel and+ = 2 is presented in Table V and VI, respectively.

Next, each of the two binary masks is applied to the originalays, of which the STFT is only one way. The STFT has
mixtures in the T-F domain (step), and by this non-linear a linear frequency scale. A linear frequency scale does not
processing, some of the speech signalsairenuatecby one accord well with human perception of sounds. The frequency
of the masks while other speakers are attenuated by the oftegresentation in the human ear is closer to a logarithmic
mask. After the masks have been applied to the signals, themale. The frequency resolution at the low frequencies ishmu
are reconstructed in the time domain by the inverse STFP (steigher than that at the high frequencies [33]. Therefore, T-
G). F decomposition, where the frequency spacing is logarithmi

) " . . may be a better choice than a linear scale. T-F decomposition
Time-frequency decomposition can be obtained in many
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a Separation stage
+
8.8,,....5,  BM,,BM,,....BM;
b 1992 k 5 5 5
bis Py Dy BM, .BM, ,....BM,
4
c X =xcorr(8;,3,)
4
d if Xj>71,:BM; =BM; 0 BM;
e 5,8,,..,85y,N<k
4
f X" =xcorr(8;, p;)
V
g if X7 >7.,:BM; =BM; 00 BM;
V
h §1585500 008y
V
i M, =NOT(BM; L BM; L...L. BM; )
'
j M, =M,,?
Yes No
' +
Go to
Stop step a
Fig. 5.

Algorithm
output

Correlation coefficient
between output signals

Merge binary masks
from correlated signals

Reestimate signals from
updated binary masks

Correlation coefficient
between output signals
and poor quality signals

Merge binary masks
from correlated signals

Reestimate signals from
updated binary masks

Estimate
background mask

Background mask =
previous background
mask?

Flowchart showing the steps of theerging stage The details of

the separation stage in step ‘a’ are shown in Fig. 3 and in &igFrom

the separation stage, the outputs shown in step ‘b’ areadlailsy, . . .

denote the: separated signals, arid, . . .

)8k

, i denotes thé separated signals

of poor quality. BM denotes the corresponding binary maskhefestimated
signal. The outputs from the main algorithm are further pesed in order to
improve the separated signals. Masks of output signalshnvéie correlated
are merged. Also masks output signals which are correlaié signals of
poor quality are merged with these masksb#ckground maslks estimated
from T-F units that have not been used so far. This mask is tasexkecute the
main algorithm again. If the background mask has not charthedsegregated
signals are not changed any further and the algorithm stops.

signals asp. When we refer to a signal of poor quality, we
mean a signal whose mask only contains few T-F units. Such a
signal is distorted with many artifacts. In the second ctse,
signal is stored as a candidate for a separated source.sigmal
denote those signals &sIn the third case, the masked signal
consists of more than one source. Further separation is thus
necessary, and the core procedure is applied to the sighals.

F units that have been removed by a previous mask cannot
be re-introduced in a later mask. Thus, for each iteration,
the estimated binary masks become sparser. This iterative
procedure is followed until no more signals consist of more
than one source signal.

3) Merging stage:The objective of our proposed method is
to segregate all the source signals from the mixture. Becaus
a signal may be present in both ICA outputs, there is no
guarantee that two different estimated masks do not lead
to the same separated source signal. In order to increase
the probability that all the sources are segregated and no
source has been segregated more than onoggrging stage
is applied. Further, the merging stage can also improve the
quality of the estimated signals. The merging steps are show
in Fig. 5. The output of the separation stage (s&pis
shown in stepb. The output of the algorithm consists of
the k& segregated sources,, ..., §;, thel segregated signals
of poor quality, p1,...,p;, and their corresponding binary
masks. In the merging stage, we identify binary masks that
mainly contain the same source signal. A simple way to decide
whether two masks contain the same signal is to consider the
correlation between the masked signals in the time domain.
Notice that we cannot find the correlation between the binary
masks. The binary masks are disjoint with little correlatio
Because we have overlap between consecutive time frames,
segregated signals that originate from the same source are
correlated in the time domain.

In stepc, the correlation coefficients between all the sep-
arated signals are found. If the normalized correlatiorffcoe
cient between two signals is greater than a threshpld a
new signal is created from a new binary mask as shown in step

based on models of the cochlea are ternvedhleagrams ¢ ande. The new mask is created by applying the logical OR
[29]. Different filterbanks can be used in order to mimic thgperation to the two masks associated with the two corrlate
cochlea, including the Gammatone filterbank [47]. Freqyengignals. Here, we just find the correlation coefficients fame
warping of a spectrogram is another option, e.g. to fit the&kBagf the two microphone signals and assume that the corralatio
frequency scale [48]. _ coefficient from the other channel is similar.
~ 2) Separation stageFig. 4 shows theseparation stage  Eyen though a segregated signal is of poor quality, it might
i.e. how the core procedure is applied iteratively in ord&gj contribute to improve the quality of the extractedrsas.
to segregate all the source signals from the mixture. At theys, the correlation between the signals with low quality
beginning, the two recorded mixtures are used as input 1o fighergy) and the signals that contain only one source signal
core procedure. The initial binary mask, BMhas the value s found (stepf). If the correlation is greater than a threshold
‘1’ for all T-F units. A stopping criterion is applied to thevt 7o, the mask of the segregated signal is expanded by merging
st_et_s of r_nasked output signals. 'I_'he masked outpqt sigr_mals € mask of the signal of poor quality (stgpandh). Hereby
divided into three categories defined by the stopping @oiter he overall quality of the new mask should be higher, because
in Section IV: the new mask is less sparse. After the correlations between
1) The masked signal is of poor quality. the output signals have been found, some T-F units still
2) The masked signal consists of mainly one source signahve not been assigned to any of the source signal estimates.
3) The masked signal consists of more than one sourag illustrated in Fig. 7, there is a possibility that some of
signal. the sources in the mixture have not been segregated. In the
In the first case, the poor quality signal is stored for latefirection where the gains from the two ICA outputs are almost
use and marked as a poor quality signal. We denote thespial, there is a higher uncertainty on the binary decision,
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Fig. 8. A simple reverberant environment with three soureash having
. ] . . N one reflection. As in Fig. 1 the impinging signals are recdréby a two-
gr?;?jgznz(r)gasem:enai;heis g:}mzsgze{jn;:mssm}?cee k;'?iglsmaSkh{']';Vr:nz microphone array with directional responses, so that eacttibn corre-

! g qual. g sponds to a certain set of directional microphone respondese, each

direction close to where the gains are almost equal will ¢deng on the : A LI A
! - . ; reflection can be regarded as a single source impinging tbeoptione array.
parameterr) either exist in both masked signals or in none of the maske& 9 9 pinging pii Y

signals. Therefore, the algorithm may fail to segregateh ssmurce signals
from the mixture.

Fig. 7. As in Fig. 2 the polar plots show the gain for differefitections.

We can therefore apply the iterative instantaneous ICA al-

which means that a source in that area may appear in b f?{'thm to th.e mixture, and we can segregat_e the convolu-
outputs. Furthermore, if > 1 some T-F units in the shaded ve r_mxture Into numerous Compo.nems’ as independent as
area of Fig. 7 are assigned the value ‘0’ in both binary masl?sqsisr:blii’ \:‘\:Zi:ea iaefpaiﬁoomzzggrr:t ésimaillasrcl)ur;emzrr ?nreﬂectlon
Therefore, sources are assumed to exist in the T-F unitshwh|d'PN9ING ' Y gingge

have not been assigned to a particular source yet. ThusSd determine if two segregated components originate from

background masis created from all the T-F units which havefhe same source.

not been assigned to a source (s)effhe background mask is When the method is applied to reverberant mixtures, we ob-
then applied to the original two mixtures, and possible sisunServe that the estimated binary masks becomes more freguenc
that remain in the background mask are hereby extracted. TigPendent so that the binary mask for some frequencies
separation algorithm is then applied to the remaining signa Mainly contains zeroes and for other frequency bands mainly
ensure that there is no further signal to extract. This @eceONtains ones. This results in band-pass filtered versiéns o
continues until the remaining mask does not change any m§ig segregated signals. For example, one binary mask mainly
(stepj). Notice that the final output signals are maintained &9ntains the high-frequency part of a speech signal, while
two signals. another mask mainly contains a low-frequency part of thessam
speech signal. This high-pass and low-pass filtered vession
poorly correlated in the time-domain. In order to merge ¢hes
B. Modified algorithm for convolutive mixtures band-pass filtered speech signals that originate from time sa

. . iqnaQurce, we compute the correlation between the envelopes
In a reverberant environment, reflections from the sSIgnals 4 e signals instead. This approach has successfully been
generally arrive from different directions. In this sitiget, 9 ) PP y

the mixing model is given by (3). Again, we assume th‘,}\e?cerhed in frequency domain ICA in order to align permuted

the sounds are recorded by a two-microphone array with quencies [49], [50]. The following example shows that th

directional responses given in Fig. 1. A simple reverberaﬁ?vempe correlation is a better merging criterion thart jus

environment is illustrated in Fig. 8. Here three soureg3), nding the corr_elatlon between the signals, when the sggnal
A ) re bandpass-filtered.
s2(n) andssz(n) are impinging the two-microphone array and! - ) )
direction-dependent gains are obtained. Also one reflectio TWO Speech signalsi and B with a sampling rate of
from each of the sources is recorded by the directional micrb® kHz are each convolved with a room impulse response
phonesi, s, (n — k1), aasa(n — ks) andasss(n—ks). Inthis  NaVingTeo = 400 ms. Both signals are divided into a high-
environment, we can write the mixture with an instantaneoff€auéncy (HF) part, and a low frequency (LF) part. Hereby
mixing modelx = As with s = [a3s3(n—k3), s1(n), azsa(n— four signalsAir, Aur, Bir, and Byr are obtained. The two

ko), 53(n), a1si(n — k1), s2(n)]T and LF signals are obtained from binary masks which c_ontain ones
for frequencies below 2500 Hz and zeros otherwise, and the
A(0) = r1(6h) -+ 71(06) (11) two HF signals are obtained from binary masks which contain

S| re(6h) - T2(B6) ones for frequencies above 2500 Hz and zeros otherwise. We
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TABLE |
CORRELATION BETWEEN HIGH AND LOW-PASS FILTERED SPEECH
SIGNALS, THE ENVELOPE OF THE SIGNALS AND THE SMOOTHED

also tried to apply the envelope-based merging criterion in
the instantaneous case, but found that the simple cooeiati

ENVELOPE OF THE SIGNALS

based criterion gives better results. The reason, we syspec
that the temporal fine structure of a signal that is present in

ALe Ane Bie Bue the instantaneous case but weakened by reverberation & mor
Acr 1 0.0006  0.0185  0.0001 effective than the signal envelope for revealing correfati
Anr 1 0.0001  0.0203
Bir 1 0.0006
B 1 IV. STOPPING CRITERION
E(AE)  E(Awe) EBu)  E(Bup) As already mentioned, it is important to decide whether the
E(ALr) 1 00176  0.0118  0.0131 algorithm should stop or the processing should repeat. The
?Eét'g 1 0'01106 006%%2 algorithm should stop when the signal consists of only one
£(Brr) 1 source or when the mask is too sparse (hence the quality of
. . . . the resulting signal will be poor). Otherwise, the separati
E(Ar)  &(Anp)  E(Bir)  E(Bur) procedure should continue. When there is only one source in
e(Ar) | 1 00844 00286  0.0137 the mixture, the signal is expected to arrive only from one
E(AnF) 1 0.0202  0.0223 I o L
£(Bu) 1 0.0892 direction and thus the rank of the mixing matrix is one. We
£(Bur) 1 propose a stopping criterion based on the covariance matrix

of the masked sensor signals. An estimate of the covariance
matrix is found as
now find the correlation coefficients between the four signal
and the envelopes. The envelope can be obtained in different
ways. The envelopé of the signalz(n) can be calculated as
(51]

1
Ry = (XXT) = —xxT 15
o= o) = ol (15)
where N, is the number of samples ix. By inserting (1),
. . and assuming that the noise is independent with variafice

E(z(n)) = lz(n) + jH (M), (12) " the covariance can be written as function of the mixing matri
where(z(t)) denotes the Hilbert transform, arjddenotes and the source signals:

terﬁiri]n;?eggjn:sry unit. Alternatively, we can obtain a smoother Ree = ((As+v)(As+wv)T) (16)
R R R = AGEHAT + w7 17)
E(w(n) = E@(n = 1) +an)(|le(n)| - E@(n - 1)), (13) _ AT 1 o) 18)

where = W42, (19)

:{ 0.04, if |z(n)| = E(x(n —1)) > 0; (14) where @ = AR, A" of size M x M. We assume that
0.01, if |z(n)| — &(z(n — 1)) <0. the masked sensor signal consists of a single source if the
The above values of have been found experimentally. Thecondition number (based on the 2-norm) [52] is greater than
attack time and release time of the low-pass filter have begrhresholdr, i.e.
chosen differently in order to track the onsets easily. We

initialize (13) by setting€ (2(0)) = 0.

To prevent the DC component of the envelope from co: high condition number indicates that the matrix is close to
tributing to the correlation, the DC components are removéeing singular. Sinc®,, is symmetric and positive definite,
from the envelopes by a high-pass filter, before the coioglat condR..,) = max eig(R..)/ mineig(R..), where eigR.)
coefficient between the envelopes is computed. In Tableid, the vector of eigenvalues dR.,. Because the desired
the correlation coefficients between the four signals haenb signals are speech signals, we bandpass filter the masked
found, as well as the correlations between the envelopes anited signals before we calculate the covariance matrix, so
the smoothed envelopes. It is desirable that the correlatithat only frequencies where speech dominates are condidere
between signals that originate from the same source be hifiire cutoff frequencies of the bandpass filter are chosen to be
while the correlation between different signals be low. As 500 and 3500 Hz.
can be seen, the correlation coefficients between the signalln order to discriminate between zero and one source signal,
do not indicate thatd;r and Apr (or Bir and Bug) belong we consider the power of the masked signal. If the power of
to the same source signal. When the correlation coefficietit® masked signal has decreased by a certain amount compared
between the envelopes are considered, the correlationséet to the power of the original mixture, the signal is considere
Air and Ay (or Big and Byg) are a little higher than the to be of poor quality. We define this amount by the parameter
cross-correlation between the source signals. The beagt i®s 7z, which is measured in dB.
obtained for the correlation between the smoothed envelope This stopping criterion is applied for instantaneous ad wel
Here the correlations betweeA r and Ayr (or B and as convolutive mixtures. In the case of convolutive mixsre
Byr) are significantly higher than the correlations between tlilee stopping criterion aims at stopping when the energy of
different sources. In the reverberant case, we thus mergksmahe segregated signal mainly comes from a single direction,
based on correlation between the smoothed envelope. We hiage the iterative procedure should stop when only a single

condRyz) > Te. (20)
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reflection from a source remains in the mixture. Note thahe ideal mask [32], we should not let the inaudible values
as illustrated in Fig. 8, our algorithm for convolutive mirés of the true signal contribute disproportionately to the SNR
treats each reflection as a distinct sound source. Becausg mestimation. Therefore, it is better to use the ideal maskas t
reflections have low energy compared to the direct path, fa higround truth. Also the signal-to-noise ratio before sefana
number of segregated signals of poor quality are expectedtlie input SNR (SNR, is calculated. The SNRs the ratio

the reverberant case. between the desired signal and the interfering signals én th
recorded masked mixtures. The SNR gain is measured in dB
V. EVALUATION by
ASNR= SNR, — SNR. (24)

A. Evaluation Metrics

When using a binary mask, it is not possible to reconstru¢twe instead were using the original signals as ground fruth
the speech signal perfectly, because the signals partiyapee the SNR gain would be about 1-2 dB lower (see also [34]).
An evaluation method that takes this into account is theeefo
used [53]. As a computational goal for source separatian, tB. Setup and parameter choice
ideal binary maskhas been suggested [32]. The ideal binary For evaluation, twelve different speech signals - six male
mask for a signal is found for each T-F unit by comparingng six female - from eleven different languages have been
the energy of the signal to the energy of all the interferingseq. All speakers raised voice as if they were speaking in
signals. Whenever the signal energy is higher within a T noisy environment. The duration of each of the signals is
unit, the T-F unit is assigned the value ‘1’ and whenever thge seconds and the sampling frequencyfis= 10 kHz.
combined interfering signals have more energy, the T-F unif| the source signals have approximately the same loudness
is assigned the value ‘0. The ideal binary mask produces th@paration examples and Matlab source code are available
optimal SNR gain of all binary masks in terms of comparingpline [54], [55]. The signal positions are chosen to be seve
with the entire signal [34]. positions equally spaced in the intenal < 9 < 180° as

As in [34], for each of the separated signals, the percentagifown in Fig. 2. Hereby, the minimum angle between two
of energy lossPe. and the percentage of noise residbe signals is30°. During the experiments, each mixture is chosen

are calculated: randomly and each source is randomly assigned to one of the
Z e2(n) seven positions.
- We have experimented with several different random mix-
Pe = W (21) tures. Sometimes the method fails in separating all the mix-
" tures. In those cases, typically two segregated signals are

9 merged because they are too correlated, resultingVia-
262(”) 1 segregated signals, where one of the segregated signals
Pwro= "724, (22) consists of two source signals which are spatially close to
ZO (n) each other. Alternatively, one source signal may occurdwic
" resulting in N 4+ 1 separated signals. Therefore, as another
where O(n) is the estimated signal, ant(n) is the signal success criterion we also count the number of times where all
re-synthesized after applying the ideal binary maskn) N sources in the mixture have been segregated into exaktly
denotes the signal present iifn) but absent inO(n) and signals and each of th& sources are dominating in exactly
e2(n) denotes the signal present@(n) but absent in/(n). one of the segregated signals. We call the ratio “correstnes
The performance measurfé, can be regarded as a weighteaf detected source number” or “Correct #” in the result table
sum of the T-F unit power present in the ideal binary mask, bWe then calculate the average performance from those where
absent in the estimated mask, while the performance meastine number of sources has been correctly detected when
Pyr can be regarded as a weighted sum of the T-F unit powtbe algorithm stops. Although not all signals are correctly
present in the estimated binary mask, but absent in the ideaparated, it is still useful for some applications to recov
binary mask. some of the signals. Subjective listening could determine
Also the output signal-to-noise ratio (ShRcan be mea- which of the source signals in the mixture the segregated
sured. Here the SNRis defined using the re-synthesizeaignal is closest to. Here we use an automatic method to
speech from the ideal binary mask as the ground truth determine the pairing between the segregated signal and a
5 source signal by comparing the corresponding estimate# mas
Z I(n) of the segregated signal and the ideal masks of differemtsou
”—] (23) signals. The source signal whose corresponding ideal nsask i
> (I(n) = O(n))* closest (in terms of most number of ones in common) to the
n estimated mask is determined to correspond to the segtegate
If instead the original signal is used as the ground trutthe t source. This method correlates well with subjective listgn
numerator in (23), the relatively low target energy from THe Different instantaneous ICA algorithms can be applied & th
units that have been assigned the value ‘0’ will also conteb method. For evaluation we use an implementation of the IN-
Because there is good perceptual correlation between #@MAX ICA algorithm [13] which uses the BFGS (Broyden-
true speech signal and the resynthesized speech signal fiéietcher-Goldfarb-Shanno) optimization method [56], ][57

SNR, = 10log;q |:
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TABLE Il TABLE 1lI
ROBUSTNESS OFrc AND T FOR INSTANTANEOUS MIXTURES OFN = 4 PERFORMANCE FOR DIFFERENT WINDOW LENGTHS
AND N = 6 SIGNALS.

Window length | Pe (%) Pwr(%) ASNR | Correct #
TC 256 (25.6 ms) 9.17 11.38 13.56| 44/50
N =4 N=6 512 (51.2 ms) 6.07 8.62  15.23| 46/50
TE 2000 | 3000 | 4000 2000 | 3000 4000 1024 (102.4 ms) 6.86 9.92 14.75| 46/50
15.45 | 15.34 | 15.24 || 13.85 | 14.04 | 13.87 The window length is given in samples and in milliseconds.
15 10/10 | 10/10 | 9/10 6/10 5/10 5/10 The DFT length is four times the window length.
15.34 | 15.23 | 15.18 || 13.91 | 13.94 | 14.06 The number of signals in each instantaneous mixturd' is- 4.
20 10/10 | 10/10 | 10/10 8/10 9/10 6/10
15.64 | 15.19 | 14.36 || 14.39 | 13.86 14.06
25 || 4/10 | 4/10 | 510 || 1/10 | 4/10 | 6/10 2) Window function:In [8], the Hamming window is found
ASNR and the number of times to perform slightly better than other window functions. het

(out of the ten cases) where all signals have been segregated following, the Hamming window will be used.

3) Window length: Different window lengths have been
tried. The overlap factor is selected to B&8%. An overlap
Unless otherwise stated, the parametém Equations (9) and factor of50% has also been considered, but better performance
(10) is set tor = 1. is obtained with75% overlap.
1) Choice of thresholdsDifferent thresholds have to be, With an overlap off5% the separation has been evaluated

h " The thresholds h : f . f [Window lengths of 256, 512 and 1024 samples, which with
gxgzmem:ats ;Zssccr’igzd ti;’liwbee” determined  from '”'t,f% — 10 kHz give window shifts of 12.8, 25.6 and 51.2 ms,

. . respectively. For a Hamming window the 3 dB bandwidth of
Regarding the two correlation thresholdss: and 7c2  yhe main lobe is 1.30 samples [58]. The frequency (spectral)

shown in Fig. 5, our experiments show that most Correlatiopésolution is thus 50.8, 25.4 and 12.7 Hz, respectively. The
between the time signals are very close to zero. Two caretidat - length is four times the window length. Hence, the
for separated signals are merged if the correlation coeffici go rogram resolution is 513, 1025 and 2049, respectively
is greater than 0.1. ifcy is increased, some signals may nogy sejecting a DFT length longer than the window length,
be me_rged even though they mglnly contqm th? Same SOunf spectrogram becomes smoother, and when listening to the
If 7¢2 is decreased, the probability of merging different soureg, regated signals, the quality becomes much better toenWh
signals is increased. The low energy signals are even I3 prT size is longer than the window size, there is more
correlated with the candidates for separated signals.efoer, overlap between the different frequency bands. Furthezmor

we have chosency = 0.03. If 7c2 is increased, the masks,ifa cts from aliasing are reduced by zero-padding thelwin
become sparser, and more artifacts occurrdt becomes function.
smaller, noise from other sources becomes more audible. 1 regyits are shown in Table Ill. The average performance

The thresholds in the stopping criterion are estimated fro@ given for fifty random mixtures, each consisting of four
the initial experiments too. The condition number relatesheech sources. The highest SNR improvement is achieved for
threshold is chosen to ie: = 3000. The signal is considered a window length of 512. A similar performance is achieved
to contain too little energy when the energy of the segrefatgyr the window length of 1024, while the window length of
signal has decreased tg: = —20 dB, when the power of a 256 performs a little worse. In the following experiments; w
recorded mixture is normalized to O dB. use a window length of 512.

The robustness of the two thresholds and 5 has been  4) ICA algorithm: We have chosen to use the INFOMAX
evaluated.r- has been evaluated for the values 2000, 30@bgorithm [13] for evaluation, but other ICA algorithms ddu
and 4000. Likewisesg has been evaluated for the valuebe used also. To examine how much the performance of
15, 20 and 25 dB. For each pair of andz ten different our method depends on the chosen ICA algorithm, we have
random speech mixtures drawn from the pool of twelve speeebmpared the INFOMAX and the JADE algorithm [59] in the
signals are segregated. The experiment has been perforiiadl step. In both cases, the code is available online [56],
for mixtures consisting of four or six speech signals. Inhead60]. The two algorithms have been applied to the same fifty
case,ASNR is measured. Also the number of times (out dghixtures each consisting of four signals drawn from the pool
ten) where exactly all the sources in the mixture are beehtwelve signals. The results are given in Table IV. As it can
segregated is found. The results are reported in Table 1. Ae seen, the performance of our method does not depend much
it can be seen, th&ASNR does not vary much as function ofon whether the chosen ICA algorithm is the INFOMAX or the
the two thresholds. The number of times where the methdd8DE algorithm.
fails to segregate exactly speech signals from the mixture
is minimized forrc = 3000 and 7z = 20 dB, which will be C. Separation results for instantaneous mixtures
used in the evaluation. Tables V and VI show the average separation performance

The algorithm could be applied to a mixture several time&r mixtures of N signals forr = 1 andr+ = 2. For each/V,
each time with different thresholds. Such a procedure coulie algorithm has been applied fifty times to different speak
increase the chance of extracting all the sources from timéxtures from the pool of twelve speakerssitof the seven
mixture. random positions.
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TABLE IV
COMPARISON BETWEENJADEAND INFOMAX ICA ALGORITHMS.

Algorithm | Pg (%) Pwr(%) ASNR Correct #
JADE 6.20 8.86 15.17| 46/50
INFOMAX 6.07 8.62 15.23| 46/50

Instantaneous mixtures consisting of four sources hava heed.

14.31 13.63| -8.39 5.25 13.64| 44/50
18.34 22.43| -9.24 4.24 13.48| 41/50
The parametet = 1.

TABLE V
EVALUATION WITH RANDOM INSTANTANEOUS MIXTURES CONSISTING OF

N SIGNALS.

N | Pe.(%) Par(%) | SNR - SNR, ASNR | Correct #

2 1.01 2.00 0 18.92 18.92| 47/50

3 2.99 4.86| -3.95 12.50 16.45 46/50

4 6.07 8.62| -5.98 9.26 15.23| 46/50

5 10.73 13.02| -7.40 5.56 14.27| 44/50

6

7

As it can be seen, the proposed algorithm is capable ui
separating at least up ‘tO seven source signals. It can alsocReg.  separation example. A segregated speech signal dramixture of
seen that the probability of recovering @l speech signals three speech signals. The two upper masks show the ideay iresk for each
decreases ad’ increases. Also, the quality of the separat the two directional microphones. For this estimated aigig. = 1.38%,

R Is d . h X th %] . P h NR = 0.46%, and ASNR = 20.98 dB. Notice, unless the ideal masks from
signals e_tenorates wheM increases. e mcre{;tses, the both microphones are exactly the sarfe, and Pyr are always greater than
T-F domain becomes less sparse because of higher ovedap. Perceptually, the segregated signal sounds cledrowtitiny artifacts.
between the source signals. When the performance forl  The separation quality is similar for the two other signatf the mixture.

in Table V is compared with that far = 2 in Table VI, it can

be seen that the performance is better#fes 1. However the TABLE VII

algorithm with 7 = 1 uses more computation time compared EvaLuATION OF SEPARATION PERFORMANCE AS FUNCTION OF THE
to 7 = 2. As it can be seen in Table V, the algorithm fails to SIGNAL LENGTHT.

separate two sources from each other in three cases. This iSt T 5. (%)  Pw(%) | SNR SNR, ASNR | Correct #
probably because the masks at some point are merged due oL 753 8.83| -6.38 9.44  15.83| 34/50

a wrong decision by the merging criterion. In Fig. 9, the Idea 2 7.85 823| -598  9.00  14.88| 43/50
binary masks for a source from an example mixture of three 3 6.87 9.69| -6.04 880  14.85 46/50
speech signals are shown, along with the estimated mask is g:g; 3:22 :g:gg g:gé E:gg jggg

shown. As it can be seen, the estimated mask is very similar Instantaneous mixtures consisting of four sources have beed.
to the ideal masks.

1) Stationarity assumptionThe duration of the mixture is
important for separation. It is required that the sourcaas
remain at their positions while the data is recorded. Otismw different mixtures. Since the speech mixtures are randomly
the mixing matrix will vary with time. Therefore, there is apicked, one second is selected as the lower limit to ensiate th
tradeoff between the number of available samples and tree tiall four speech signals are active in the selected time frame
duration during which the mixing matrix can be assumed fbthe separation results are shown in Table VII. Fifty mixgure
be stationary. Mixtures containing four speech signalsehaof four source signals have been separated and the average
been separated. The durati@his varied between 1 and 5performance is shown. As it can be seen, the probability of
seconds. The average performance has been found from figgovering all the source signals decreases when less data
is available. On the other hand, the performance does not
increase further for data lengths above three seconds. By

TABLE VI . : : ’
listening to the separated signals, we find that among the
EVALUATION WITH RANDOM INSTANTANEOUS MIXTURES CONSISTING CF .
mixtures where all sources have been successfully recdyere
N SIGNALS. . . g . . .
there is no significant difference in the quality of the seped
N | Pe(%) Pwr(%) | SNR_SNR, ASNR | Correct # signals.
g 3;‘2 2-28 39% 1lfizl% 112%2 ‘5‘2;28 2) Different loudness levelstn the previous simulations,
1 12.96 417 589 881 1470 42/50 all the speech S|gnal_s are approxmat_ely e_qua_lly strongv No
5 10.81 621 -732 659  13.91 40/50 we test the separation performance in situations where the
6 25.91 8.81| -8.36 531  13.67| 23/50 signals in the mixture have different levels of loudnesse Th
7 30.52 11.86| -9.12  3.00  13.46] 4/50 mixtures consist of four speech signals, drawn from the pool

The parameter = 2. of twelve signals. Before mixing, the first speech signal is
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TABLE VIl TABLE IX
EVALUATION OF SEPARATION PERFORMANCE AS FUNCTION OF ADDITIE EVALUATION OF DIRECTIONAL MICROPHONE APPROXIMATION.
MICROPHONE NOISE

R R 0y 07
Noise | Pe(%) Enr(%) | SNR SNR, ASNR | Correct # y'zc'ldfr; PEL%; PNR(;;) - Ai':ga f;’/rggd #
-10 dB 15.29 15.52| -6.51 5.95 12.43| 19/50 |deal case 6.07 8.62 15.23| 46/50
-20 dB 7.42 10.26| -6.02 8.37 14.39| 45/50 - - —
30 dB 6.24 853| -5.99 997 15.26 46/50 Anechoic mixtures consisting of four sources have been.used
-40 dB 6.23 8.72| -5.97 9.19 15.16| 47/50
-50 dB 6.39 8.15| -5.98 9.29 15.27| 45/50
-60 dB 6.04 8.62| -5.98 9.27 15.25 46/50 5000
Instantaneous mixtures consisting of four sources hava hesed. 4000 g
3000 |
2000 s 7
1000 g
multiplied by 1, the second speech signal is multiplied (8 0. L R SITESR T St

and the remaining two speech sources are multiplied by 0.: Microphone 2 ideal binary mask
The average performance from fifty simulations is found. Tk &' so0r—— po_ sy % T
two strongest sources are segregated in all the exampl@s. Ir 5 “°]

of the 50 simulations, all of the four signals are segrega®ed % §§§§ :
averageASNR is 16.57 dBPe. = 6.65% and Pyg = 14.64%. & 1000}
When we compare to the more difficult case in Table Vwhe L o;—5
all four speakers have equal loudness, we see that the avel
ASNR here is 1 dB better. 5000
3) Microphone noise:In the previous simulations, noise ;'Eﬁﬂ
is omitted. We now add white noise to the directional mi 2000F £
crophone signals with different noise levels. The simolati tooof: % £ LT :
results are given in Table VIII. The noise level is calcuthte % o5 1 1 ;- 3

with respect to the level of the mixtures at the microphon
The mixtures without noise are normalized to 0 dB. As it can
be seen from the table, noise levels of up to -20 dB can Bg, 10. Separation example. A segregated speech sigral dranixture

well tolerated. of four speech signals. The speech signal impinges on ay amasisting
of two omnidirectional microphones spaced 1 cm apart. The twper
masks show the ideal binary masks for each of the two omtitireal
D. Separation results for anechoic mixtures microphones. Because the directional gains are slighéguency dependent,
. X . X X X . the performance for the high frequencies is deterioratedpeoed to the ideal
As mentioned in Section Il, directional microphone gaingase when the microphone gain is not frequency dependestipas in Fig. 9.
can be obtained from two closely-spaced microphones. 8igna
impinging at a two-microphone array have been simulated

and the directional microphone gains have been obtaingd . S .
as described in the Appendix. The distance between t gm a hearing aid with two closely-spaced, vertically pldc

microphones is chosen d@s= 1 cm. Hereby an instantaneous‘r).mhrl'd'rfcnfon?_lim'grogzo_?is' Tgi]hfir'?g:f_rg plgfedgm tm
mixture is approximated from delayed sources. With thiggset rignt ear of a nead a orso Simulator ( ) [61]. Roo

fifty mixtures each consisting of four speech signals draV\'/Wp.U.lse responses are b Ioudspea_ke
sitions. The source signals were then created by comglvi

from the pool of twelve speakers have been evaluated. TltP'%e room impulses with the clean speech signals from the pool
results are given in Table IX. Because the microphone ganu P P 9 P

is slightly frequency-dependent, the performance detziés of _f_vr\:elv_e spleakers. found i b i
compared to the ideal case where the gain is frequenc € Impulse résponses aré lound In a reverberant room

. . . . ere the room reverberation time wag, = 400 ms. Here
independent, especially for the frequencies above 4 kHis T . . .
is illupstrated in FiFg); 10 yl'his might b?e explained by the reflections from the HATS and the room exist. The microphone

S : - - distance is 12 mm. The room dimensions waex 7.9x3.5 m
the approximatiorkd < 1 (described in the Appendix) does - -
not hold for higher frequencies. Fortunately, for the ppti and the distance between the microphones and the loudspeak-

of speech, the higher frequencies are less important. It c [§ were 2 m. Impulse responses from loudspeaker positions

also be seen that the number of times where the exactly f % 9.0 ’F.135 ' ?rid }:83 3? use-td. qu conflgur_attl_on 'Sf
sources have been segregated is decreased. In many case h in Figure 11. Fity ditterent mixtures consisting o

source is segregated more than once, which is not merge (Eir spfarI:]erts rfror? tt:e F’IOOL.ﬂrT:V\fIVe fpek;akerhs ﬁre C;:r?z:]edr;
the merging stage because the correlation coefficient is t € parameters ot the algorithm have o be changed. €
low. reverberation exists, the condition number never becorses a

high as the chosen thresholdof = 2000. Therefore we need
) ] much lower thresholds. The separation performance is found
E. Separation results for reverberant recordings for different values of. The remaining thresholds are set to
As described in Section 1ll, the method can be applietk = 25, 7¢1 = 0.1 and 7¢2 = 0.05, with parameterr = 1.
to recordings of reverberant mixtures. We use recordin@be separation results are provided in Table X. Four sources
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TABLE X
SEPARATION OF CONVOLUTIVE MIXTURES CONSISTING OF FOUR
SIGNALS.

7o = 200
seg. | Per(%) Pnr(%) ASNR | Freq.
- - - 0/50

#
0

1 - - —| ors0

2 - - - | ors0

3 56.30 45.74 6.22| 29/50

4 65.21 49.85 5.57| 21/50

¢ = 250
- - —T oI50
7.65 9332  -5.20| 1/50

0

1

2 45.61 49.19 6.73 1/50
3 56.42 48.90 6.01) 30/50
4 62.90 50.32 5.62| 18/50

7 = 300

0 - - - | 0/50
1 - - - | 0/50
2 29.11 53.02 5.38 4/50
3 57.68 47.12 6.05/ 32/50
4 64.58 51.00 5.58) 14/50

Fig. 11. Room configuration. The Head and Torso Simulatoer(seom Tc = 350

above) is placed in the middle of a room with a reverberatiore tof 400 ms. 0 - - —| 0/50

The two-microphone array is placed at the right ear. Thewdcst between the 1 _ — —| o/50

microphones is 12 mm. The four sources arrive from positioh8°, 90°, 2 36.86 53.85 556 9/50
135°, and 180°. The distance from the center of the head to each of the

! . h . 3 54.83 47.63 5.97| 30/50

loudspeakers was 2 m. The room dimensions wiepex 7.9 x 3.5 m. 4 65.02 49.55 571 11/50

Tc = 400

0 - - - 0/50

are not always segregated from a mixture. Therefore we count ; a 8‘6 5 58 s 4_10 ggg

how many times the algorithm manages to .segregate 0,1, 2, 3 5471 28.09 502 31/50

3 or all four sources from the mixture. This is denoted as 4 64.16 50.06 5.56/ 12/50

‘freqg.” in the table. We find the average:, Png and ASNR
for all these cases. It can be seen that often three of the four
signals are segregated from the mixture. The avete®NR is  were used witlls, = 160 ms, and here we have used recorded
around 6 dB. Even though the separation is not as good asdam impulses withl;, = 400 ms. The SNR gains obtained
anechoic cases, it is worth noting that instantaneous IQRén py the two methods are approximately the same.
time domain may be used to segregate convolutive mixtures.

Another option is to apply a convolutive ICA algorithm
[19] instead of an instantaneous ICA method. This was dofie
in [42]. The advantage of using a convolutive algorithm Several other methods have been proposed for separation
compared to a instantaneous algorithm is that the convelutof an arbitrary number of speech mixtures with only two
algorithm is able to segregate sources, with larger miawaph microphones by employing binary T-F masking [8], [24],
distances. Still, we have to assume that the convolutive-ald63]. In [24], speech signals were recorded binaurally and
rithm at each step is able to segregate the sources into tihe interaural time difference (ITD) as well as the inteedur
groups, where some sources dominate in one group and othéensity difference (IID) are extracted. The speech digna
sources dominate in the other group. The stopping criteriane separated by clustering in the joint ITD-IID domain.
from Section IV which is used to discriminate between one ar&kparation results for three-source mixtures are giverSRR
more-than-one signal performs worse under the reverbergatn of almost 14 dB is achieved. The gain also depends on
condition. Even though the criterion is applied to narrowhe arrival directions of the source signals. Similarly,tfre
frequency bands, the performance becomes worse as repoBleET algorithm described in [8], speech signals are sepdrat
in [62]. In [42], we used a single-microphone criterion lwhseby clustering speech signals in the amplitude/phase domain
on the properties of speech. There are some advantages$nof8], the DUET algorithm was evaluated with synthetic
applying an instantaneous ICA as opposed to applyingaaechoic mixtures, where amplitude and delay values are ar-
convolutive ICA algorithm. The instantaneous algorithm isficially chosen, as well as real reverberant recordindgsese
computationally less expensive. Further, frequency p&amumethods also have the advantage that the number of sources
tions which exist in many convolutive algorithms [19] arén the mixture need not be known in advance. In [24], the 128
avoided. frequency channels are (quasi) logarithmically distoixvith

The method used here cannot directly be compared to tenter frequencies in the range of 80 Hz and 5000 Hz, while
method used in [42] which was applied with a much largehe frequency channels are linearly distributed in our pseg
microphone distance. In [42], artificial room impulse respes method and in [8] with a much higher frequency resolution.

Comparison with other methods
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In [38], the mask estimation is based on direction-of-ailriv

(DOA) techniques combined with ICA. The DOA technique

is used to subtractv — M sources, and the ICA algorithm

TABLE XI

14

EVALUATION OF THE DUET ALGORITHM WITH RANDOM INSTANTANEOUS

MIXTURES CONSISTING OFN SIGNALS.

is applied to the remainind/ sources in the mixture. The “N [ Pz (%) Pw(®%) | SNR SNR, ASNR | Correct #
method may be applied with binary masks, but in order to 3 26.61 20.04| -3.94  3.17 7.11] 11/50
reduce musical noise, more continuous masks based on the‘5‘ gg-i‘z‘ ggg; ?Z i-gg ;-gg iggg
directivity patterns'have been gpplled. The method is _shown 6 5280 2097 820 030 851 1/50
for separation of mixtures containing up to four speechalign

In contrast to [38], our method separates speech mixtures TABLE XII

by iteratively extracting individual source signals. SBNit0  SEPARATION OF CONVOLUTIVE MIXTURES CONSISTING OF FOUR SIGNAS
WITH THE DUET ALGORITHM.

other multi-microphone methods our method relies on sihatia
different source locations, but unlike the previous methodr

method uses ICA to estimate the binary masks by iteratively #seg.| P (%) FPir(%) ASNR | Freq.
estimating independent subsets of the mixtures. While auzth 2 B B - ggg
based on DOA may sweep all possible directions in order 2 _ _ _| om0
to estimate the null directions, our proposed ICA technique 3 65.28 29.92 5.80 7/50
automatically steers the nulls. Our approach can be used to 4 82.56 37.79 5.55 43/50

iteratively steer the nulls in settings with more sourceanth

microphones. In [39], binary masks are also found based on ] ] ]
the ICA outputs. Our method differs from the method in [39p€rant data set that was used in Section V-E. The separation

for our method is able to segregate more sources than mixtuféerformance can be found in Table XII. When comparing the
Another method for extraction of multiple speakers witfeSults of the first parte in Table X and Table XII we find that
only two microphones is presented in [64]. This method {§€ performance of the DUET algorithm and our proposed
based on localization of the source signals followed by €thod is generally similar. Both algorithms have diffist
cancellation part where for each time frame different null§ finding the exact number of sources under reverberant
are steered for each frequency. Simulations under anechie@@ditions. The DUET is able to extract all four sources in
conditions show subtraction of speech signals in mixturds Of the 50 experiments, while our method is able to extract
containing up to six equally loud source signals. In [64] th@ll sources in 21 of the 50 experiments. The lower number
SNR is found with the original signals as ground truth. ARf €xtracted sources in our proposed method is caused by
SNR gain of 7-10 dB was reported. Our method gives Q/f merging criterion which often tends to merge different
significantly higherASNR. sources. On the other hand, the SNR gain is a little higher for
The microphone placement is different in our method cor@4r method. In the remaining 29 experiments we are able to
pared to the microphone placement in the DUET algorithiifgregate three of the four sources, again with a higher SNR
[8]. Therefore, in order to provide a fair comparison betweed@in than the DUET algorithm.
our proposed and the DUET algorithm, we have implemented!n summary, our comparison with DUET suggests that the
the DUET algorithm for demixing approximately W-disjointProposed method produces better results for instantaneous
orthogonal sources by following the stepwise description [Mixtures and comparable results for convolutive mixtures.
8. By h_stenmg to our results and those published in [8], tht_e
1) Comparison with DUET in the instantaneous case: quality of our result_s seems at least as good as the quallty
The DUET algorithm has been applied to the same set @ the sgparated signals of [8]. In terms of computational
instantaneous mixtures that were used in Table V and VI. TRBMPlexity, our method depends on the number of sources
results of the DUET algorithm for separation of 3-6 sourcdd the mixtures, whereas the complexity of the DUET algo-
are reported in Table XI. When comparing the separati6iim mainly depends on the histogram resolution. We have
results in Table XI with the results from our proposed methdd!osen & histogram resolution o1 x 101 and a smoothing
in Table V and VI, it can be seen that our proposed methégrnel of S|;e20 x 20. With this histogram resolution, the
gives a betteASNR. Note that ourASNR is different from DUET algorithm and our proposed method take comparable
the signal-to-interference ratio used in [8] and tends tmbee  @Mounts of computing time, for convolutive mixtures aboiit 2
stringent. Furthermore, our method is better at estimattieg minutes per mixture on average on an HP 320 server. For the
exact number of sources, as the Correct # column indicatft$tantaneous case, our algorithm is faster; for exampité, w
The histogram smoothing parameter in the DUET algorithfi"€€ Sources, it takes about 4:30 min=( 1) and 3:40 min
provides a delicate trade-off. If the histogram is smoottoed (7 = 2) to segregate all the sounds from a mixture, and about
much, it results in sources that merge together. If the pistm 10 min (- = 1) and 7 min ¢ = 2) to segregate all the sounds
is smoothed too little, erroneous peaks appear resultingWien the instantaneous mixture consists of seven sources.
too high an estimate of the number of sources. The best
performing setting of the smoothing parameter is used in our
implementation. In this paper directional microphones placed at the same
2) Comparison with DUET for convolutive mixture$he location are assumed. This configuration allows the mixing
DUET algorithm has been applied to the same synthetic reveratrix to be delay-less, and any standard ICA algorithm can

VI. DISCUSSION
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therefore be applied to the problem. The configuration keepiscular convolution in the time domain. Therefore arttfac
the problem simple and still realistic. As shown in Section \Wue to aliasing occur. From an auditory point of view, musica
D, the algorithm may still be applied to delayed mixturenoise appears when separated T-F regions are isolated from
without significant changes. Alternatively, the ICA algbm each other. As a result, the sound of such an isolated region
can be modified in order to separate delayed mixtures (d@ecomes an audible tone, which does not group with the
e.g. [4]). Since beamformer responses are used to deternoitiger sounds in the auditory scene. In order to reduce musica
the binary masks, the microphone distance cannot be tooise, it has been suggested to use continuous masks [38]. By
big. If the distance between the microphones is greater thiisiening to the signals, we have observed that a mask cteate
half the wavelength, spatial aliasing occurs, and frequendy combining masks produced with different thresholds and
dependent null directions and sidelobes occur. An examipleveeighted by the thresholds results in less musical arsifdot
such multiple null directions and sidelobes is shown in ER). our case, a more graded mask could be obtained by finding
Therefore, for large microphone distances, the performasnc masks using different parameterand weighting the T-F units
expected to decrease, especially at high frequencies.uli@ol of the masks with the corresponding thresholds or simply by
smoothing the binary mask in time and in frequency.
Our method has also been applied to separate stereo music.
Stereo signals are often constructed by applying diffegairts
to the different instruments on the two channels. Sometimes
stereo signals are created with directional microphonessul
at the same location with &i0° angle between the directional
patterns. Our method is able to segregate single instrigment
or vocal sounds from the stereo music mixture [41].
Lo In the evaluation the source directions are limited to seven
different directions uniformly distributed on a half-diec In
a real environment, speech signals may arrive from closer
directions. Also, with only two microphones, it is not pdssi
to distinguish the two half-planes divided by the microp&on
array. If two arrival angles become too close, the souraeedsg
can no longer be segregated and two spatially close sources
210 may be considered as a single source by the stopping criterio
Fig. 12. A typical high-frequency microphone response. Tésponse is When two sources are treatEd as- a single source dep-ends- on
givén fc.)r the frequency of 4000 Hz, and a distance of 26 cm eetwthe the number of sources in the mixture. In the _evaluatlon’ it
microphones. The half-wavelength at 4000 HAj& = 4.25 cm. Since four becomes harder to segregate All sources asV increases.
whole half-wavelengths fit between the microphones, follsrappear in the = Also the level of background/microphone noise influences th
mte:rval 0° < 9 < 180°. Such a beampattern cannot efficiently be used tgpatial resolution.
estimate the binary mask.
Several issues in our proposed method need further inves-
tigation. Different criteria have been proposed in order to
to this problem could be to use the envelope of the mixgfécide when the iterations should stop and when different
high-frequency signal as ICA input directly. binary masks should be merged. These criteria need to set
By only using instantaneous ICA in the reverberant case, Wany parameters and many experiments are needed on order
assume that the sources can be divided into many independgrptimize these parameters. Furthermore, the optimakpar
components that can be merged afterwards. However, tBigrs most likely depend on a given setting, e.g. the number
assumption has some limitations. Sometimes, the indepéndsf sources in the mixture or the amount of reverberation. The
components are very sparse, and hence it is difficult to apghopping criterion was proposed for the instantaneousngixi
reliable grouping. A way to better cope with this problengase but applied to reverberant mixtures too. A more robust
and the delays may be to apply a convolutive separatigtbpping criterion in the convolutive case would be a sutbjec
algorithm instead of an instantaneous separation stefh, Sfor future work. Our grouping criterion in the convolutive
we believe it is an advantage to use instantaneous soutgge is based on correlation between different envelopes. O
separation compared to convolutive source separatiorubecacould interpret the grouping problem as a problem similar
it is computationally much simpler - it only has four valueso a frequency permutation problem known in blind source
to estimate, whereas convolutive ICA has thousands of filtegparation (see e.g. [65]). The merging criterion may beemor
coefficients to estimate. reliable if it is combined with other cues, such as DOA
When binary time-frequency masks are used, artifacts (muformation.
sical noise) are sometimes audible in the segregated signal
especially when the masks are sparse. The musical noise
degrades the perceptual quality of the segregated signal. M
sical noise is caused by several factors. The binary maskWVe have proposed a novel method for separating instan-
can be regarded as a time-variant gain function multipleed taneous and anechoic mixtures with an arbitrary number of
the mixture in the frequency domain. This corresponds tospeech signals of equal power with only two microphones.

VII. CONCLUSION
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We have dealt with underdetermined mixtures by applyirigcan be seen that the denominators in (32) and (33) have a
ICA to produce independent subsets. The subsets are usetbti on the unit circle. In order to ensure stability, we nfpdi
estimate binary T-F masks, which are then applied to separtite denominator with a factox so that

original mixtures. This iterative procedure continuesiluhe 1
independent subsets consist of only a single source. The seg s1 = (Afsd+cB) + (cB 71Af'9d)z (34)
regated signals are further improved by merging masks from 2fad(l - Az71) .
correlated subsets. Extensive evaluation shows that neitu sy = (Afsd = cB) = (B + Afsd)> (35)
of up to seven speech signals under anechoic conditions can 2fsd(1 — Az™1)

be separated. The estimated binary masks are close 10 \{3epqose\ — 0.75. A controls the gain that amplifies the low

ideal binary masks. The proposed framework has also bq?éhuencies. The choice of is not very important, because
applied to speech mixtures recorded in a reverberant ro signals are used for comparison only.

We find that instantaneous ICA applied iteratively in thedim In order to obtain the directional patterns in Fig. 1 we can

domain can be used to segregate convolutive mixtures. T A and B by solving (26) for two different gains. For
performance of our method compares favorably with oth(TeEO) — 1 andr(n) = 0.5, we obtainA = 0.75 and B — 0.25.

methods for separation of underdetermined mixtures. Beag,, #(0) = 0.5 and r(7) = 1, we obtainA = 0.75 and
the sources are iteratively extracted from the mixture the _ " oc

number of sources does not need to be assumed in advance;

except for reverberant mixtures our method gives a good

estimate of the number of sources. Further, stereo signals a ACKNOWLEDGMENT
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ABSTRACT sand delay elements as in acoustics. In these situa-
iions the sources are the desired signals, yet only the

algorithms for blind source separation of convolutivEEc0rdings of the mixed sources are available and the

audio mixtures. We provide a taxonomy, whereiff'XINg Process I gnknown. . o
many of the existing algorithms can be organized, There are multiple potential applications of con-
and we present published results from those algelutive blind source separation. In acoustics differ-

rithms that have been applied to real-world audio sefDt sound sources are recorded simultaneously with
aration tasks. possibly multiple microphones. These sources may

be speech or music, or underwater signals recorded
in passive sonar [1]. In radio communications, an-
1. INTRODUCTION tenna arrays receive mixtures of different communi-
cation signals [2, 3]. Source separation has also been
During the past decades, much attention has begpplied to astronomical data or satellite images [4].
given to the separation of mixed sources, in partiginally, convolutive models have been used to inter-
ular for theblind case where both the sources angret functional brain imaging data and bio-potentials
the mixing process are unknown and only recordings, 6, 7, 8.
of the mixtures are available. In several situations it Thjs chapter considers the problem of separat-

is desirable to recover all sources from the recordsﬁlgig linear convolutive mixtures focusing in particu-
mixtures, or at least to segregate a particular sour¢g on acoustic mixtures. Theocktail-party prob-
Furthermore, it may be useful to identify the mixindem has come to characterize the task of recovering
process itself to reveal information about the physmgbeeoh in a room of simultaneous and independent
mixing system. speakers [9, 10]. Convolutive blind source separa-
In some simple mixing models each recordingon (BSS) has often been proposed as a possible so-
consists of a sum of differently weighted source sigution to this problem as it carries the promise to re-
nals. However, in many real-world applications, sucbover the sources exactly. The theory on linear noise-
as in acoustics, the mixing process is more compléexee systems establishes that a system with multiple
In such systems, the mixtures are weighted and d@puts (sources) and multiple output (sensors) can
layed, and each source contributes to the sum wige inverted under some reasonable assumptions with
multiple delays corresponding to the multiple pathgppropriately chosen multi-dimensional filters [11].
by which an acoustic signal propagates to a micrGhe challenge lies in finding these convolution filters.
phone. Such filtered sums of different sources are There are already a number of partial reviews
called convolutive mixtures. Depending on the situayajlable on this topic [12, 13, 14, 15, 16, 17, 18, 19,

tion, the filters may consist of a few delay elementsg 1 22]. The purpose of this chapter is to pro-
as in radio communications, or up to several thou- =

In this chapter, we provide an overview of existin
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vide a complete survey of convolutive BSS and iderwhereA(z) is a matrix with FIR polynomials in each
tify a taxonomy that can organize the large numbentry [23].

of available algorithms. This may help practitioners

and researchers new to the area of convolutive sou

4. Special cases
separation obtain a complete overview of the fiel? P

Hopefully those with more experience in the field cahere are some special cases of the convolutive mix-
identify useful tools, or find inspiration for new algo-tyre which simplify Eq. (2):

rithms. Figure 1 provides an overview of the different
topics within convolutive BSS and in which sectior}he
they are covered. An overview of published results But
given in Section 8.

Instantaneous Mixing ModelAssuming that all
signals arrive at the sensors at the same time with-
being filtered, the convolutive mixture model (2)
simplifies to

x(t) = As(t) + v(t). (4)

This model is known as thimstantaneousr delay-
First we introduce the basic model of convolutivéess (linear) mixture model. Hered = A, is an
mixtures. At the discrete time index a mixture of M x N matrix containing the mixing coefficients.
N source signals(t) = (s1(t),...,sn(t)) are re- Many algorithms have been developed to solve the
ceived at an array a¥/ sensors. The received sighalénstantaneous mixture problem, see e.qg. [17, 24].
are denotedr(t) = (z1(t),...,2nm(t)). Inmany  Delayed SourcesAssuming a reverberation-free

real-world applications the sources are said tod® environment with propagation delays the mixing
volutively (or dynamically) mixed. The convolutive model can be simplified to

model introduces the following relation between the
m'th mixed signal, the original source signals, and N
some additive sensor noisg, (¢): Tm(t) =D mnsn(t = kmn) + vm(t)  (5)

n=1

2. THE MIXING MODEL

N K-1 . .
wherek,,,, is the propagation delay between source
Tm(t) =32 Y muksn(t —K) +om(®) (1) and sensom.

=0 Noise Free In the derivation of many algorithms,

The mixed signal is a linear mixture of filtered verthe convolutive model (2) is assumed to be noise-free,

sions of each of the source signals, ang,, repre- i.e.:

sents the corresponding mixing filter coefficients. In K1

practice_, the_sg coeffici_e_nts may al_so change in time, z(t) = Aps(t — k). (6)

but for simplicity the mixing model is often assumed

stationary. In theory the filters may be of infinite

length (which may be implemented as IIR systems), Over and Under-determined Source®ften it

however, again, in practice it is sufficient to assume assumed that the number of sensors equals (or

K < co. In matrix form, the convolutive model canexceeds) the number of sources in which case lin-

be written as: ear methods may suffice to invert the linear mixing.
However, if the number of sources exceeds the num-

Kl ber of sensors the problem is under-determined, and
x(t) = Aps(t — k) +v(1), (2)  even under perfect knowledge of the mixing system
k=0 linear methods will not be able to recover the sources.

where A, is anM x N matrix which contains the
F'thfilter coefficients.v(t) is theM x 1 noise vector. 2.2, Convolutive model in the frequency domain
In the z-domain the convolutive mixture (2) can be
written as: The convolutive mixing process (2) can be simplified
by transforming the mixtures into the frequency do-
X(z) = A(2)S(2) + V(z), (3) main. The linear convolution in the time domain can
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Figure 1: Overview of important areas within blind sepamaitbf convolutive sources.

be written in the frequency domain as separate mutre. By using the fast Fourier transform (FFT) con-

tiplications for each frequency: volutions can be implemented efficiently in the dis-
crete Fourier domain, which is important in acoustics
X(w) = AWw)SW) + V(w). (7)  as it often requires long time-domain filters.

At each frequencyw = 27 f, A(w) is a complex

M x N matrix, X (w) andV (w) are complexd/ x 1

vectors, and similarlyS(w) is a complexN x 1

vector. The frequency transformation is typically 3. Block-based Model
computed using a discrete Fourier transform (DFT)

within a time frame of sizd” starting at time: Instead of modeling individual samples at timene

X(w.t) = DET([z(t). - x(t+T —1 g) can also c_onsider a block consistinglifs_amples.
(@?) (@), =(t+ . @) The equations for such a block can be written as fol-
and correspondingly fa(w, t) andV (w, t). Often lows:
a windowed discrete Fourier transform is used:

Jt(t) = AoS(t)+---+AK,1S(t7K+1)
z(t—1) = Ags(t—1)+ -+ Ax_18(t — K)
z(t —2) Ags(t—2)+ -+ Ag_1s(t— K —1)

T-1
X(th) = Zw(T)a:(t-‘rT)efij/T’ (9)
7=0

where the window functiom () is chosen to mini-
mize band-overlap due to the limited temporal aper-
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The M-dimensional output sequence can be writteh1. Feed-forward Structure
as anMT x 1 vector: . o

T An FIR separation system is given by
z(t) = [T (t),2"(t - 1), -, "t -T+1)] ,

(10) M L-1
whereaT(t) = [z1(t),---,zx(1)]. Similarly, the () =Y > wnmiwm(t=1)  (14)
N-dimensional input sequence can be written as an m=11=0
N(T + K — 1) x 1 vector: or in matrix form
~ _ T T o Ty _ T L-1
From this the convolutive mixture can be expressed . =0 )
formally as: As with the mixing process, the separation system

can be expressed in thedomain as

@(t) = A3(t) +B(t), 12
(t) = A3(t) + (1) (12) Y(2) = W(2)X(2), (16)

whereA has the following form: and it can also be expressed in block Toeplitz form
N Ao -+ A1 O 0 with the corresponding definitions faj(t) and W
A= o9 . . " 0 . (13) [25]: N
0 0 Ay - Ag., y(t) = Wz(t). n

The block-Toeplitz matrixA has dimension8/T x Table 1 summarizes the mixing and separation
N(T + K — 1). On the surface, Eq. (12) has th&auations in the different domains.

same structure as an instantaneous mixture given in

Eq. (4), and the dimensionality has increased by32. Relation between source and separated sig-
factorT. However, the models differ considerably agals

the elements withicd ands(¢) are now coupled in a : L .
rather specific way. The goal in source separation is not necessarily to

The majority of the work in convolutive source"€cover identical copies of the original sources. In-
separation {atssumes a mixing model with a finite i stead, the aim is to recover model sources without
P 9 Mhterferences from other sources, i.e., each separated

pulse response (FIR) as in Eq. (2). A notable excep- oo P
tion is the work by Cichocki which considers also arglgnaly”(t) should contain signals originating from

autto-regressive (AR) component as part of the mid single source only (see Figure 3). Therefore, each

ix- : - .
: - odel source signal can be a filtered version of the
ing model [18]. The ARMA mixing system propose(inriginal source signals, i.e.:

there is equivalent to a first-order Kalman filter with
W(z2)A(2)S(z) = G(2)S(z). (18)

an infinite impulse response (lIR). Y (z)
This is illustrated in Figure 2. The criterion for sepa-
3. THE SEPARATION MODEL ration, i.e., interference-free signals, is satisfiedéf th
recovered signals are permuted, and possibly scaled
The objective of blind source separation is to findnd filtered versions of the original signals, i.e.:
an estimatey(¢), which is a model of the original .
source signal$zt). For this, it may not be neces- G(z) = PA(2) (19)
sary to identify the mixing filtersA;, explicitly. In- whereP is a permutation matrix, andi(z) is a diag-
stead, it is often sufficient to estimate separation fibnal matrix with scaling filters on its diagonal. If one
tersW that remove the cross-talk introduced by thean identifyA(z) exactly, and choos®/ (z) to be its
mixing process. These separation filters may havgstable) inverse, theA(z) is an identity matrix, and
feed-back structure with an infinite impulse responsme recovers the sources exactly. In source separa-
(IIR), or may have a finite impulse response (FIRjon, instead, one is satisfied with convolved versions
expressed as feed-forward structure. of the sources, i.e. arbitrary diagon®(z).
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Table 1: The convolutive mixing equation and its correspogdeparation equation are shown for different
domains in which blind source separation algorithms haealoerived.

Mixing Process Separation Model

Time () =Y Y amnksn(t — k) Fom(t)  yat) =D D wamiam (t — 1)
n=1 k=0 m=1 [=0
z(t) =Y Aps(t—k)+v(t) y(t) =Y Wit —1)
k=0 1=0

z-domain X (z) = A(2)S(z) + V(2), Y(2) =W(2)X(2)
Frequency X (w)= A(w)S(w)+ V(w) Y(w)=W(w)X(w)
domain
Block Toe- #(t) = A3(t) y(t) = Wa(t)
plitz Form

Reverberation

\“ Microphone

Figure 3: lllustration of a speech source. It is not alwagsaicvhat the desired acoustic source should be. It
could be the acoustic wave as emitted from the mouth. Thiesponds to the signal as it would have been
recorded in an anechoic chamber in the absence of revedreratt could be the individual source as it is
picked up by a microphone array. Or it could be the speechak@mit is recorded on microphones close
to the two eardrums of a person. Due to reverberations afrdcltibn, the recorded speech signal is most
likely a filtered version of the signal at the mouth. NOTE TOBRUSHER: THIS FIGURE IS A PLACE
HOLDER ONLY. IT WILL REQUIRE MODIFICATION BY YOUR PRODUCTION DEPARTMENT. THE
FACES ARE TO BE REPLACED WITH ANY REASONABLE REPRESENTATIONF A “SOURCE”
AND “RECEIVER” OF A SPEECH SIGNAL.

3.3. Feedback Structure by a feedback structure using IIR filters. The esti-

The mixing system given by (2) is called a feed-
forward system. Often such FIR filters are inverted
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S(z) X(2) Y(2) provided(I+U (z))~* exists and all poles are within
A@) W@ the unit circle. Therefore,
S o Y(2) W(z) =T +U(z) " (23)
The feed-forward and the feedback network can be

) ) ) ~ combined to a so-called hybrid network, where a
Figure 2: The source signal(z) are mixed with feed-forward structure is followed by a feedback net-
the mixing filter A(z). An estimate of the source sig-work [27, 28].

nals is obtained through an unmixing process, where
the received signalX (z) are unmixed with the fil- ]
ter W(z). Each estimated source signal is then %4- Example: The TITO system

I;LI‘t/ere(leverSIEIr;toftthhet %negm'al'r?ourr?c?'trlllﬁ(rfr)n':'n A special case, which is often used in source separa-
WV (2)A(z). Note that IXIng and e Unmixing; , \york is the two-input-two-output (TITO) system
filters do not necessarily have to be of the same ordfég]_ It can be used to illustrate the relationship be-
tween the mixing and unmixing system, feed-forward
and feed-back structures, and the difference between

recovering sources versus generating separated sig-
U(z) nals.
Figure 5 shows a diagram of a TITO mixing and
unmixing system. The signals recorded at the two
X(2) + Y(ZL microphones are described by the following equa-
tions:
Figure 4: Recurrent unmixing (feedback) network z1(z) = s1(2) + a12(2)s2(2) (24)
given by equation (21). The received signals are sep- r2(2) = s2(2) +a21(2)s1(2). (25)
arated by a IIR filter to achieve an estimate of the . . )
source signals. The mixing system is thus given by
_ | 1 an(y)
A(Z) - |:a21(z) 1 ’ (26)

mated sources are then given by the following equgy,
tion, where the number of sources equals the number
of receivers: _ 1 1 —a12(2)
A 1_ 12
[ (Z)} 1-— au(z)agl(z) |: —az1 (Z) 1
) — s - (27)
Yn(t) = an(t) + Z Z tnmiym(t = 1) (20) it the two mixing filtersa;2(z) andag; (2) can be
=0 m=1 identified or estimated ag»(z) andas, (z), the sep-
Oaration system can be implemented as

ich has the following inverse

L-1 M

andu,,.,; are the IIR filter coefficients. This can alsi
be written in matrix form y1(2) = 21(2) — @r2(2)22(2) (28)
L1 y2(2) = 22(2) — a2 (2)21(2). (29)

y(t) ==(t) + lz UDy(t—1b). 1) A sufficient FIR separating filter is
=0

The architecture of such a network is shown in Fig- W(z) = 7(1211(2) alf(z) (30)
ure 4. In thez-domain, (21) can be written as [26]
However, the exact sources are not recovered until
Y(2)= (T +U(2)" ' X(2), (22) this model sourceg(t) are filtered with the IIR filter
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5,(2)

8,(2)

Figure 5: The two mixed sources ands, are mixed by a FIR mixing system. The system can be inverted by
an alternative system, if the estimatgs(z) andas; (z) of the mixing filtersa;2(z) andai2(z) are known.
Further, if the filter[l — a;2(z)a91(2)] " is stable, the sources can be perfectly reconstructed aswitie
recorded at the microphones.

[1—a12(2)a21(2)] L. Thus, the mixing process s in- 5. SEPARATION PRINCIPLE
vertible, provided this inverse IIR filter is stable. If a
filtered version of the separated signals is acceptable, . . .
we may disregard the potentially unstable recursi ind source separation algorithms are based on dif-

filter in (27) and limit separation to the FIR inversiorf€'€Nt assumptions on the sources and the mixing
of the mixing system with (30). system. In general, the sources are assumed to be

independenbr at least decorrelated. The separation
criteria can be divided into methods based on higher
order statistics (HOS), and methods based on second
order statistics (SOS). In convolutive separation it is
4. IDENTIFICATION also assumed that sensors receldinearly inde-
pendent versions of the sources. This means that the
Blind identification deals with the problem of esti-sources should originate from different locations in
mating the coefficients in the mixing proceds. In  space (or at least emit signals into different orienta-
general, this is an ill-posed problem, and no uniqu#ns) and that there are at least as many sources as
solution exists. In order to determine the conditiongensors for separation, i.@4 > N.
under which the system is blindly identifiable, as- Instead of spatial diversity a series of algorithms
sumptions about the mixing process and the inpaotake strong assumptions on the statistics of the
data are necessary. Even though the mixing parasosurces. For instance, they may require that sources
eters are known, it does not imply that the sourcek not overlap in the time-frequency domain, utiliz-
can be recovered. Blind identification of the sourceésg therefore a form o§parseness the data. Sim-
refers to the exact recovery of sources. Therefore oit@rly, some algorithms for acoustic mixtures exploit
should distinguish between the conditions required tegularity in the sources such as common onset, har-
identify the mixing system and the conditions neanonic structure, etc. These methods are motivated
essary to identify the sources. The limitations faoy the present understanding on the grouping prin-
the exact recovery of sources when the mixing fikiples of auditory perception commonly referred to
ters are known are discussed in [30, 11, 31]. Foras “Auditory Scene Analysis”. In radio communi-
recent review on identification of acoustic systemsations a reasonable assumption on the sources is
see [32]. This review considers single and multieyclo-stationarity (see Section 5.2.3) or the fact that
ple input-output systems for the case of completebource signals take on only discrete values. By us-
known sources as well as blind identification, whenag such strong assumptions on the source statistics
both the sources and the mixing channels are uihis sometimes possible to relax the conditions on
known. the number of sensors, eyf < N. The different
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Table 2: Assumptions made for separation

N<M N=M N>M
e Subspace methods e Asymmetric sources by 2nd and 3rd order cumulants Non-stationary,
[25]. [33] column-wise co-

prime sources [34]

e Reduction of prob-| e Separation criteria based on SOS and HOSXfer2 | ¢  Cross-cumulants|
lem to instantaneoug system [41] [42, 43]

mixture [35, 36, 37,
25, 38, 39, 40]

e Uncorrelated sources with distinct power spectra [44]e Sparseness in timg
and frequency [45, 46
47]

e 2 x 2, temporally colored sources [48]

e Cumulants of order- 2, ML principle [49].

e Known cross filters [41]

e 2 x 2, each with different correlation [50, 51], e
tended toM x M in [52]

e Non-linear odd functions [53, 26, 54, 55, 56, 57, 5
e Non-linearity approximating the cdf see e.g. [59]

criteria for separation are summarized in Table 5. fourth order cross-moments or second and fourth or-
der cross-cumulants. Whereas off-diagonal elements
. o of cross-cumulants vanish for independent signals the
5.1. Higher Order Statistics same is not true for all cross-moments [61]. Source
. . ._.._separation based on cumulants has been used by sev-
Source separation bas_ed on higher order statistic | authors. Separation of convolutive mixtures by
pased on the assumption that the sources are stalisc,ns of fourth order cumulants has been addressed
tically independent. Many algorithms are based Q&/ [62, 63, 41, 64, 65, 66, 67, 68, 61, 69, 70, 71]. In
minimizing second ._a\nd fourth order dependenqe b 2, 73’] 74’]7 th’e JADE’ alg’oritﬁm f’or c'omﬁlex—’valued
tween the _model signals. A way to express 'ndg%nals [75] was applied in the frequency domain in
pendence is that all the ;ro§s-moments between er to separate convolved source signals. Other
model sources are zero, i.e.: cumulant-based algorithms in the frequency domain
B o 8 are given in [76, 77]. Second and third order cu-
[y () g (t =7)7] =0, mulants have been used by Ye et al. (2003) [33] for
n#Fn,a,f=1{1,2,...},Vr, separation of asymmetric signals. Other algorithms
based on higher order cumulants can be found in
where E[] denotes the statistical expectation. Su¢78, 79]. For separation of more sources than sen-
cessful separation using higher order moments réors, cumulant-based approaches have been proposed
quires that the underlying sources are non-Gaussian[go, 70]. Another popular 4th-order measure of
(with the exception of at most one), since Gaussiaibn-Gaussianity i&urtosis Separation of convolu-
sources have zero higher cumulants [60] and thefigre sources based on kurtosis has been addressed in
fore equations (31) are trivially satisfied without profg1, 82, 83].
viding useful conditions.

51.1. 4th-order statistic 5.1.2. Non-linear cross-moments

It is not necessary to minimize all cross-moment30me algorithms apply higher order statistics for sep-
in order to achieve separation. Many algorithmaration of convolutive sources indirectly using non-
are based on minimization of second and fourth olinear functions by requiring:

der dependence between the model source signals.

This minimization can either be based on second and E[f(yn(t), g(yn (t — 7))] = 0. (31)
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Here f(-) andg(-) are odd non-linear functions. Thebe written as

Taylor expansion of these functions captures higher

order moments and this is found sufficient for sep- ply) = Hp(yn). (32)
aration of convolutive mixtures. This approach was n

among of the first for separation of convolutive mix-

tures [53] extending an instantaneous blind separBhis is equivalent to stating that model sourggs
tion algorithm by Herault and Jutten (H-J) [84]. Indo not carry mutual information. Information the-
Back and Tsoi (1994) [85], the H-J algorithm was aperetic methods for source separation are based on
plied in the frequency domain, and this approach wasaximizing the entropy in each variable. Maximum
further developed in [86]. In the time domain, thentropy is obtained when the sum of the entropy of
approach of using non-linear odd functions has beeach variabley,, equals the total joint-entropy ip.
used by Nguyen Thi and Jutten (1995) [26]. Thein this limit variables do not carry any mutual in-
present a group of TITQ(x 2) algorithms based on formation and are hence mutually independent [96].
4th order cumulants, non-linear odd functions, an®l well-known algorithm based on this idea is the
second and fourth order cross-moments. This alglmfomax algorithm by Bell and Sejnowski (1995)
rithm has been further examined by Serviere (19987] which was significantly improved in conver-
[54], and it has also been used by Ypma et al. (200@gnce speed by the natural gradient method of Amari
[55]. In Cruces and Castedo (1998) [87] a separati¢®8]. The Infomax algorithm can also be derived
algorithm can be found, which can be regarded agdirectly from model equation (32) using Maximum
generalization of previous results from [26, 88]. Iniikelihood [99], or equivalently, using the Kullback-
Li and Sejnowski (1995) [89], the H-J algorithm hag eibler divergence between the empirical distribution
been used to determine the delays in a beamformand the independence model [100].

The H-J algorithm has been investigated further by In all instances it is necessary to assume or model
Charkani and Deville (1997,1999) [90, 57, 58]. Theyhe probability density functiop, (s,,) of the under-
extended the algorithm further to colored sourcéging sourcess,. In doing so, one captures higher
[56, 91]. Depending on the distribution of the sourcerder statistics of the data. In fact, most informa-
signals, also optimal choices of non-linear functiongon theoretic algorithms contain expressions rather
were found. For these algorithms, the mixing prosimilar to the non-linear cross-statistics in (31) with
cess is assumed to be minimum-phase, since the HJ,,) = 91Inp,(y,)/dyn, andg(y,) = y.. The
algorithm is implemented as a feedback network. RDF is either assumed to have a specific form or it is
natural gradient algorithm based on the H-J netwodstimated directly from the recorded data, leading to
has been applied in Choi et al. (2002) [92]. A discugsarametricandnon-parametrienethods respectively
sion of the H-J algorithm for convolutive mixtures[16]. In non-parametric methods the PDF is captured
can be found in Berthommier and Choi (2003) [93]Jimplicitly through the available data. Such methods
For separation of two speech signals with two micrthave been addressed in [101, 102, 103]. However, the
phones, the H-J model fails if the two speakers akgst majority of convolutive algorithms have been de-
located on the same side, as the appropriate sepafsied based on explicit parametric representations of
ing filters can not be implemented without delayinghe PDF.

one of the sources z?md the FIR filters are constrained Infomax, the most common parametric method,
to be causal. HOS independence obtained by applyas extended to the case of convolutive mixtures
ing antisymmetric non-linear functions has also beeg’y Torkkola (1996) [59] and later by Xi and Reilly

used in [94, 95]. (1997,1999)[104, 105]. Both feed-forward and feed-
back networks were shown. In the frequency domain
5.1.3. Information Theoretic it is necessary to define the PDF for complex vari-

ables. The resulting analytic non-linear functions can
Statistical independence between the source signatsderived with [106, 107]
can also be expressed in terms of the probability den-
sity functions (PDF). If the model sourcgsare in- Olnp(|Y))

dependent, the joint probability density function can fY)= Y| e/, (33)
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wherep(Y) is the probability density of the model[143, 144, 145, 135, 137].

sourceY € C. Some algorithms assume circular A strong prior on the signal can also be realized

sources in the complex domain, while other algGsia Hidden Markov Models (HMMs). HMMs can

rithms have been proposed that specifically assunorporate state transition probabilities of different

non-circular sources [108, 109]. sounds [136]. A disadvantage of HMMs is that they
The performance of the algorithm depends teequire prior training and they carry a high compu-

a certain degree on the selected PDF. It is impaational cost [146]. HMMs have also been used in

tant to determine if the data has super-Gaussian [@47, 148].

sub-Gaussian distributions. For speech commonly a

Laplace distribution is used. The non-linearity is als -

known as the Bussgang non-linearity [110]. A cong'z' Second Order Statistics

nection between the Bussgang blind equalization g some cases, separation can be based on second or-
gorithms and the Infomax algorithm is given in Lamyg, statistics (SOS) by requiring only non-correlated
bert and Bell (1997) [111]. Multichannel blind de-gq,1ces rather then the stronger condition of inde-

convolution algorithms derived from the Buss@]anrg‘endence. Instead of assumptions on higher order

approach canbe foundin [112, 23, 111]. These learfi,tistics these methods make alternate assumptions

ing rules are similar to those derived in Lee et a,-n as the non-stationarity of the sources [149], or

(1997) [113]. a minimum phase mixing system [50]. By itself,
Choi et al. (1999) [114] have proposednan- however, second order conditions are not sufficient

holonomicconstraint for multichannel blind decon-or separation. Sufficient conditions for separation

volution. Non-holonomic means that there are somge given in [150, 15]. The main advantage of SOS

restrictions related to the direction of the update. Thg that they are less sensitive to noise and outliers

non-holonomic constraint has been applied for both3], and hence require less data for their estimation

a feed-forward and a feedback network. The nofsp, 150, 151, 34, 152]. The resulting algorithms are

holonomic constraint was applied to allow the natwften also easier to implement and computationally

ral gradient algorithm by Amari et al. (1997) [98lefficient.

to cope with over-determined mixtures. The non-

holonomic constraint has also been used in [115, 116, o o

117, 118, 119, 120, 121, 122]. Some drawbacks in 9-2-1. Minimum-phase mixing

terms of stability and convergence in particular wheg*:Ia

S

there are large power fluctuations within each sign own that two source sianals can be separated
(e.g. for speech) have been addressed in [115]. N S19 . >ep
by decorrelation if the mixing system is minimum

_ Many algorithms have been derived from (32)ha5e  The FIR coupling filters have to be strictly
directly using Maximum Likelihood (ML) [123]. caysal and their inverses stable. The condition for
The ML approach has been applied in [124, 12§tability is given as|aia(2)azi(z)] < 1, where
126, 127, 128, 129, 99, 130, 131, 132]. A methogl () and a,,(z) are the two coupling filters (see
closely related to the ML is the Maximum a Posterigre 5). These conditions are not met if the mixing
r|or|_(MAP) methods. In MAP methods, prior infor- process is non-minimum phase [153]. Algorithms
mation about the parameters of the model are takglseq on second order statistic assuming minimum-
into account. MAP has been used in [23, 133, 136hase mixing can be found in [154, 38, 39, 51, 50,
135, 136, 137, 138, 139, 140, 141]. 155, 156, 52, 157, 158].

The convolutive blind source separation problem
has also been expressed in a Bayesian formulation ) )
[142]. The advantage of a Bayesian formulation is ©-2-2. Non-stationarity
that one can derive an optimal, possibly non-Iinearr e fact that many signals are non-stationary
estimator of the sources enabling the estimation RPS been successfully used for source separation
more sources than the number of available senso, '

. . jeech signals in particular can be considered non-
The Bayesian framework has also been applied z';'t{c)ltionary on time scales beyond 10 ms [159, 160]).

rly work by Gerven and Compernolle [88] had
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The temporally varying statistics of non-stationaritgstimated at different timesdiffer and provide in-
sources provides additional information for separalependent conditions on the filteW¥ (w). This al-
tion. Changing locations of the sources, on thgorithm has been successfully used on speech sig-
other hand, generally complicate source separatioals [172, 173] and investigated further by Ikram and
as the mixing channel changes in time. Separatidforgan (2000, 2001, 2002, 2005) [174, 175, 176]
based on decorrelation of non-stationary signals was determine the trade-offs between filter length, es-
proposed by Weinstein et al. (1993) [29] who sugimation accuracy, and stationarity times. Long fil-
gested that minimizing cross-powers estimated duers are required to cope with long reverberation
ing different stationarity times should give sufficientimes of typical room acoustics, and increasing fil-
conditions for separation. Wu and Principe (1999r length also reduces the error of using the cir-
proposed a corresponding joint diagonalization algeular convolution in (35) (see Section 6.3). How-
rithm [103, 161] extending an earlier method devekver, long filters increase the number of parameters
oped for instantaneous mixtures [162]. Kawamotim be estimated and extend the effective window of
et al. (1998) extend an earlier method [163] for inime required for estimating cross-powers thereby
stantaneous mixtures to the case of convolutive migetentially loosing the benefit of non-stationarity of
tures in the time domain [164, 153] and frequencgpeech signals. A number of variations of this al-
domain [165]. This approach has also been employgdrithm have been proposed subsequently, includ-
in [166, 167, 168, 169] and an adaptive algorithring time domain implementations [177, 178, 179],
was suggested by Aichner et al. (2003) [170]. Bgnd other method that incorporate additional assump-
combining this approach with a constraint based dions [180, 174, 181, 182, 183, 184, 185, 186, 187].
whiteness, the performance can be further improvédrecursive version of the algorithm was given in
[171]. Ding et al. (2003) [188]. In Robeldo-Arnuncio and

Note that not all of these papers have used sitiang (2005) [189], a version with non-causal sep-
multaneous decorrelation, yet, to provide sufficierdration filters was suggested. Based on a differ-
second-order constraints it is necessary to minimi28t way to express (35), Wang et al. (2003, 2004,
multiple cross-correlations simultaneously. An ef2005) [190, 191, 148, 192] propose a slightly dif-
fective frequency domain algorithm for simultaneouferent separation criterion, that leads to a faster con-
diagonalization was proposed by Parra and Spen¢@gence than the original algorithm by Parra and
(2000) [149]. Second-order statistics in the freSpence (2000) [149].
guency domain is captured by the cross-power spec- Other methods that exploit non-stationarity have
trum, been derived by extending the algorithm of Molgedey

and Schuster (1994) [193] to the convolutive case
R,y(w,t) = E [Y(w,t)YH(w,t)] (34) [194, 195] including a common two step approach
" of 'sphering’ and rotation [159, 196, 197, 198, 199].
= W(w)Rys(w, )W (w), (35) (Any matrix, for instance matri¥¥, can be repre-
where the expectations are estimated around soﬁ%‘ted as a concatenation of a rotation with subse-
time t. The goal is to minimize the cross-powers ofjuent scaling (W.h'Ch can t_)e used to remove second-
the off-diagonal of this matrix, e.g. by minimizing: order moments, i.e. sphering) and an additional rota-

tion).
J:Z\\Ryy(w7t),Ay(w7t)|\27 (36) In Yin and Sommen (1999) [160] a source
o separation algorithm was presented based on non-

stationarity and a model of the direct path. The re-
where Ay(w,t) is an estimate of the cross-poweyerberant signal paths are considered as noise. A
spectrum of the model sources and is assumed tothfie domain decorrelation algorithm based on differ-
diagonal. This cost function simultaneously capturest cross-correlations at different time lags is given
multiple times and multiple frequencies, and has @ Ahmed et al. (1999) [200]. In Yin and Som-
be minimized with respect t8% (w) and A,(w,t) men (2000) [201] the cost function is based on min-
subject to some normalization constraint. If thémization of the power spectral density between the
source signals are non-stationary the cross-powers
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source estimates. The model is simplified by assuns-used as additional criteria to improve separation
ing that the acoustic transfer function between thgerformance.

source and closely spaced microphones is similar.

The simplified model requires fewer computations. )

An algorithm based on joint diagonalization is sug- 2-2-4. Non-whiteness

gested in Rahbar and Reilly (2003, 2005) [152, 152]. . . . L

This approach exploits the spectral correlation b1any natural signals, in particular acoustic signals,

tween the adjacent frequency bins in addition to nof'® temporally correlated. Capturing this property

stationarity. Also in [202, 203] a diagonalization crican be beneficial for separation. For instance, captur-

terion based on non-stationarity has been used. "9 tzmporal correllat_ions Ofbfhe signals_ can be used
to reduce a convolutive problem to an instantaneous
In Olsson and Hansen (2004) [139, 138] the no nixture problem, which is then solved using addi-

stationary assu_mption has been included in a sta Bnal properties of the signal [35, 25, 36, 37, 38, 39,
space Kalman fiiter model. ~40]. In contrast to instantaneous separation where
In Buchner et al. (2003) [204], an algorithmgecorrelation may suffice for non-white signals, for
that uses a combination of non-stationarity, noRpnyolutive separation additional conditions on the
Gaussianity and non-whiteness has been suggestggtem or the sources are required. For instance, Mei
This has also been applied in [205, 206, 207]. lgnd Yin (2004) [223] suggest that decorrelation is

the case of more source signals than sensors, angfficient provided the sources are an ARMA pro-
gorithm based on non-stationarity has also been sygssg.

gested [70]. In this approach, it is possible to sep-
arate three signals: a mixture of two non-stationary
source signals with short-time stationarity and or&3. Sparseness in the Time/Frequency domain
signal which is long-term stationary. Other algo-
rithms based on the non-stationary assumptions chlimerous source separation applications are limited
be found in [208, 209, 210, 211, 212, 213, 214]. by the number of available microphones. It is in not
always guaranteed that the number of sources is less
than or equal to the number of sensors. With linear
5.2.3. Cyclo-stationarity filters it is in general not possible to remove more
) ) ) than M — 1 sources from the signal. By using non-
If a signal is assumed to be cyclo-stationary, the sigpear techniques, in contrast, it may be possible to
nals’ cumulative distribution is invariant with respectytract a larger number of source signals. One tech-
to time shifts of some period or any integer mul- pique to separate more sources than sensors is based
tiples of T'. Further, a signal is said to be widex sparseness. If the source signals do not overlap in
sense cyclo-stationary if the signals mean and auigg time-frequency (T-F) domain it is possible to sep-
correlation is invariant to shifts of some peri®or 5rate them. A mask can be applied in the T-F domain

any integer multiples of" [215], i.e.: to attenuate interfering signal energy while preserv-
ing T-F bins where the signal of interest is dominant.
Els(t)] = E[s(t+aT)] (37)  Often a binary mask is used giving perceptually satis-

Els(t1),s(t2)] = E[s(t1 +aT),s(t: + T |B8) factory results even for partially overlapping sources
[224, 225]. These methods work well for anechoic
An example of a cyclo-stationary signal is a ranmixtures (delay-only) [226]. However, under rever-
dom amplitude sinusoidal signal. Many communiberant conditions, the T-F representation of the sig-
cation signals have the property of cyclo-stationaritpals is less sparse. In a mildly reverberant environ-
and voiced speech is sometimes considered approxent ({50 < 200 ms) under-determined sources have
imately cyclo-stationary [216]. This property hadbeen separated with a combination of independent
been used explicitly to recover mixed source in e.gomponent analysis (ICA) and T-F masking [47].
[216, 217, 218, 55, 219, 220, 34, 118, 221, 222]. Ihhe first N — M signals are removed from the mix-
[220] cyclo-stationarity is used to solve the frequendyres by applying a T-F mask estimated from the di-
permutation problem (see Section 6.1) and in [118]iiection of arrival of the signal (cf. Section 7.1). The
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remainingM sources are separated by convention&l4. Priors from Auditory Scene Analysis and
BSS techniques. When a binary mask is applied toRsycho-Acoustics

signal, artifacts (musical noise) are often introduced.

In order to reduce the musical noise, smooth mask®me methods rely on insights gained from studies of
have been proposed [227, 47]. the auditory system. The work by Bergman [241] on

Sparseness has also been used as a post proc%ggi_tory scene analysis characterized the cues used
ing step. In [77], a binary mask has been applied gg humans to segregate so_und sources. This has mo-
post-processing to a standard BSS algorithm. Tii¥ated computational algorithms that are referred to
mask is determined by comparison of the magnS qomputatlonal auditory scene ana!yS|s (CAS_A).
tude of the outputs of the BSS algorithm. Hereby §Or instance, the phenomenon of auditory masking,
higher signal to interference ratio is obtained. This®- the dominant perception of the signal with largest
method was further developed by Pedersen et §ignal power has motivated the use of T-F masking
(2005, 2006) in order to segregate under-determinf many years [242]. In addition to the direct T-F
mixtures [228, 229]. Because the T-F mask can gRasking methods outllneq al:_)ove, separated sources
applied to a single microphone signal, the segregat@@ve been enhanced by filtering based on perceptual
signals can be maintained as e.g. stereo signals. masking and auditory hearing thresholds [191, 243].

Most of the T-F masking methods do not effec- Another important perceptual cue that has been
tively utilize information from more than two micro- US€d in source separation is pitch frequency, which
phones because the T-F masks are applied to a singfieically differs for simultaneous speakers [135, 244,
microphone signal. However, some methods hagd>: 137, 138, 147]. In Tordini and Piazza (2000)
been proposed that utilize information from moréL35] pitch is extracted from the signals and used
than two microphones [225, 230]. in a Bayesian framework. During unvoiced speech,

. which lacks a well-defined pitch they use an ordi-

se g:fifr?r[lgﬁasze?zlsozgg egsliselcch)orliplarzsg;oztgié:gry blind algorithm. In order to separate two sig-
P ! ' P ! ' - nals with one microphone, Gandhi and Hasegawa-
230]. If the sources are projected into a space Whejghnson (2004) [137] have proposed a state-space
each source groups together, the source Separ""tzls%rp])aration approach with stroragpriori informa-

problem can be solved with clustering algorithms. | . i .
[46, 45] the mask is determined by clustering Witrﬂpn' Both pitch and Mel-frequency cepstral coeffi

. . cients (MFCC) were used in their method. A pitch
respect to amplitude and delay differences. codebook as well as an MFCC codebook have to be

In particular when extracting sources from_ Si”k_nown in advance. Olsson and Hansen [138] have
gle channels sparseness becomes an essential C[jigs a Hidden-Markov Model, where the sequence of
rion. Pearlmutter and Zador (2004) [237] use strongsssible states is limited by the pitch frequency that is
prior information on the source statistic in add't_'oréxtracted in the process. As a pre-processing step to
to knowledge of the head-related transfer functiong,rce separation, Furukawa et al. (2003) [245] use

(HRTF). An a priori dictionary of the source sig- pitch in order to determine the number of source sig-
nals as perceived through a HRTF makes it possiljlgs.

r r ignals with onl ingle micro- .
to separate source signals with only a single micro A method for separation of more sources than

Sensors is given in Barros et al. (2002) [244]. They
. - : e <5mbined ICA with CASA techniques such as pitch
regate different musical signals from their mixture

Similarly, in [239, 240] sparseness has been assun’lfé%‘:kmg and auditory filtering. Auditory filter banks

; . S are used in order to model the cochlea. In [244]
in order to extract different music instruments. S . o
wavelet filtering has been used for auditory filter-

Techniques based on sSparseness are further Gi%5. Another commonly used auditory filter bank is
cussed in the survey by O'Grady et al. (2005) [21]. {he Gammatone filter-bank (see e.g. Patterson (1994)
[246] or [247, 248]). In Roman et al. (2003) [248]
binaural cues have been used to segregate sound
sources, whereby inter-aural time and inter-aural in-
tensity differences (ITD, IID) have been used to
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group the source signals. a separate problem, the source signals in each fre-
quency bin may be estimated with an arbitrary per-

6. TIME VERSUS FREQUENCY DOMAIN  Mutationand scaling, i.e.:

Y (w,t) = P(w)A(w)S(w, ). 41
The blind source separation problem can either be ex- (@,7) (@)AW)S(w,?) (41)

pressed in the time domain If the permutationP (w) is not consistent across fre-

1 quency then converting the signal back to the time
domain will combine contributions from different
t) = Wix(t—1 39 . . -
ylt) ; @ ) (39) sources into a single channel, and thus annihilate the
- separation achieved in the frequency domain. An

or in the frequency domain overview of the solutions to this permutation prob-
lem is given in Section 7. The scaling indeterminacy
Y (w,t) = W(w) X (w, t). (40) ateach frequency — arbitrary solution ffw) — will

result in an overall filtering of the sources. Hence,
A survey of frequency-domain BSS is provided irbven for perfect separation the separated sources may
[22]. In Nishikawa et al. (2003) [249] the advantagegave a different frequency spectrum than the original
and disadvantages of the time and frequency domajgyrces.
approaches have been compared. This is summarized
in Table 3.
An advantage of blind source separation in th@2. Time-Frequency Algorithms

frequency domain is that the separation problem can

be decomposed into smaller problems for each fré_lgorithms_ that def_ine a separa_ti(_)n criteria in the
time domain do typically not exhibit frequency per-

guency bin in addition to the significant gains in com . h
putational efficiency. The convolutive mixture propMutation problems, even when computations are exe-
lem is reduced to “instantaneous” mixtures for ea ted in the frequency_domaln. A ”“’.“b‘?r of authors
frequency. Although this simplifies the task of con- ave therefore used _tlm_e—domaln criteria combined
volutive separation a set of new problems arise: TH4th frequency domain implementations that speed
frequency domain signals obtained from the DFT af# computations. [254, 113, 255, 256, 121, 101, 257,
complex-valued. Not all instantaneous separation &/, 171]. How_ever, note that secqnd-order criteria
gorithms are designed for complex-valued signal@'@Y Pe susceptible to the permutation problem even
Consequently, it is necessary to modify existing algdl-they are formulated in the time domain [184].
rithms correspondingly [250, 251, 252, 5]. Another

problem that may arise in the frequency domain s 5 Circularity Problem

that there are no longer enough data points available
to evaluate statistical independence [131]. For somghen the convolutive mixture in the time domain is
algorithms [149] it is necessary that the frame sizg«pressed in the frequency domain by the DFT, the

T of the DFT is much longer than the length of theonvolution becomes separate multiplications, i.e.:
room impulse responsE (see Section 6.3). Long

frames result in fewer data samples per frequencyz(¢) = A « s(t) — X (w,t) ~ A(w)S(w, t).
[131], which complicates the estimation of the in- ) (42)
dependence criteria. A method that copes with thigowever, this is only an approximation which is ex-
issue has been proposed by Serviere (2004) [253].act only for periodics(t) with period’, or equiva-
lently, if the time convolution igircular:

6.1. Frequency Permutations

z(t) = A®s(t) — X(w) = A(w)S(w). (43)
Another problem that arises in the frequency domain
is the permutation and scaling ambiguity. If the corfFor alinear convolutionerrors occur at the frame
volutive problem is treated for each frequency asoundary, which are conventionally corrected with
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Table 3: Advantages and disadvantages for separation itinteedomain or separation in the frequency

domain.

Advantages

Time Domain

Disadvantages

Advantages

Frequency Domain

Disadvantages

e The independence as
sumption holds better fo
full-band signals

e Possible high conver
gence near the optimd
point

- ¢ Degradation of conver
gence in strong reverbe
ant environment

e Many parameters nee

| to be adjusted for each it

eration step

e The convolutive mix-
- ture can be transforme
into instantaneous mix:
ture problems for eacl
frequency bin
f e Due to the FFT, com-
I putations are saved conf
pared to an implementa

e For each frequenc

band, there is a pert

mutation and a scaling

ambiguity which needs tg

be solved

e Problem with too few
- samples in each frequeng
- band may cause the inde

<

tion in the time domain pendence assumption f{
fail

e Circular convolution de-|
teriorates the separatio|
performance.

e Inversion of W is not

guaranteed

[=]

e Convergence is faster

the overlap-save method. However, a correct overlapecessary to express the Toeplitz matrices in circu-

save algorithm is difficult to implement when comiant Toeplitz form [23, 260, 261, 195, 121, 171]. A

puting cross-powers such as in (35) and typically theethod that avoids the circularity effects but main-

approximate expression (42) is assumed. tains the computational efficiency of the FFT has
The problem of linear/circular convolution hadeen presented in [262]. Further discussion on the

been addressed by several authors [62, 149, 258, 1¢ifcularity problem can be found in [189].

121]. Parra and Spence (2000) [149] note that the

frequency domain approximation is satisfactory pr A

vided that the DFT length is significantly larger .4 Subband filtering

than the length of the mixing channels. In order thstead of the conventional linear Fourier domain
r‘educe the errors due to the C!rcular COnVOIUthn, tl’%me authors have used subband processing_ In [142]
filters should be at least two times the length of thg |ong time-domain filter is replaced by a set of short
mixing filters [131, 176]. independent subband-filters, which results in faster

To handle long impulse responses in the freeonvergence as compared to the full-band methods
quency domain, a frequency model which is equij214]. Different filter lengths for each subband fil-
alent to the time domain linear convolution has beesr have also been proposed motivated by the vary-
proposed in [253]. When the time domain filter exing reverberation time of different frequencies (typ-
tends beyond the analysis window the frequency rizally low-frequencies have a longer reverberation
sponse is under-sampled [258, 22]. These errors dime) [263].
be mitigated by spectral smoothing or equivalently by
windowing in the time domain. According to [259]
the circularity problem becomes more severe when 7. THE PERMUTATION AMBIGUITY
the number of sources increases. o ) )

Time domain algorithms are often derived usinéhe majority of algorl_thm_s operate in the frquency
Toeplitz matrices. In order to decrease the comple¥2Main due to the gains in computational efficiency,
ity and improve computational speed, some calcul§hich are important in particular for acoustic mix-
tions involving Toeplitz matrices are performed ustures that require long filters. However, in frequency

ing the fast-Fourier transform. For that purpose, it domain algorithms the challenge is to solve the per-
mutation ambiguity, i.e., to make the permutation
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matrix P(w) independent of frequency. Especialljpetween the permutation alignment and the spectral
when the number of sources and sensors is large, resolution of the filters. Moreover, restricting the fil-
covering consistent permutations is a severe probletar length may be problematic in reverberant environ-
With N model sources there al¥! possible per- ments where long separation filters are required. As
mutations in each frequency bin. Many frequencs solution they have suggest to relax the constraint on
domain algorithms providad hocsolutions, which filter length after the algorithm converges to satisfac-
solve the permutation ambiguity only partially, thusory solutions [176].

requiring a combination of different methods. Ta-  Another suggestion is to assess continuity after
ble 4 summarizes differe_nt approaches. They can Becounting for the arbitrary scaling ambiguity. To do
grouped into two categories so, the separation matrix can be normalized as pro-

) ) o posed in [265]:
1. Consistency of the filter coefficients

2. Consistency of the spectrum of the recovered W(w) = WwAw), (44)

ignal . . . ~ .
signa’s where A(w) is a diagonal matrix and¥ (w) is a

The first exploits prior knowledge about the mixingnatrix with unit diagonal. The elements & (w),
filters, and the second uses prior knowledge abouf,,,,(w) are the ratios between the filters and these
the sources. Within each group the methods differ Bire used to assess continuity across frequencies [48,
the way consistency across frequency is establish@20].

varying sometimes in the metric they use to measure |nstead of restricting thenmixingfilters, Pham
distancebetween solutions at different frequencies.gt g. (2003) [202] have suggested to require conti-
nuity in themixingfilters, which is reasonable as the
mixing process will typically have a shorter time con-
stant. A specific distance measure has been proposed
Different methods have been used to establish cdpy Asano et al. (2003) [284, 267]. They suggest to
sistency of filter coefficients across frequency, sude the cosine between the filter coefficients of dif-
as constraints on the length of the filters, geometrigrent frequencies; andw,:

information, or consistent initialization of the filter

7.1. Consistency of the Filter Coefficients

weights. cosa, — _n (@)an(ws) 45)
Consistency across frequency can be achieved llaf (wi)lll|an(w2)]]

by requiring continuity of filter values in the fre- .
; i di vhere a,,(w) is the n’th column vector of A(w),
guency domain. One may do this directly by compeﬁ"’hiCh is estimated as the pseudo-inversable).

ing the filter values of neighboring frequencies aftel’ > . . NS
adaptation, and pick the permutation that minimizMeasuring distance in the space of separation filters

the Euclidean distance between neighboring frequei@iher than mixing filters was also suggested because
cies [269, 74]. Continuity (in a discrete frequency1€S€ May better reflect the spacial configuration of

domain) is also expressed as smoothness, which'}€ sources [285].

equivalent with a limited temporal support of the fil-  In fact, continuity across frequencies may also be
ters in the time domain. The simplest way to imassessed in terms of the estimated spatial locations
plement such a smoothness constraint is by zefef-sources. Recall that the mixing filters are impulse
padding the time domain filters prior to performingesponses between the source locations and the mi-
the frequency transformation [264]. Equivalentlycrophone locations. Therefore, the parameters of the
one can restrict the frequency domain updates to hay@paration filters should account for the position of
a limited support in the time domain. This methodhe source in space. Hence, if information about the
is explained in Parra et al. [149] and has been us&gnsor location is available it can be used to address
extensively [283, 161, 269, 174, 190, 188, 201, 11¢e permutation problem.

122, 192]. Ikram and Morgan [174, 176] evaluated To understand this, consider the signal that ar-
this constraint and point out that there is a trade-offves at an array of sensors. Assuming a distant
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Table 4: Categorization of approaches to solve the permuatptoblem in the frequency domain.

Class Metric Reference
Consistency of Smooth spectrum [264, 149]
the filter Source locations [265]
coefficients Directivity pattern [266, 175, 73]
Location vectors [267]
DOA [184, 268, 72]
Adjacent matrix distance [269]
Invariances [48]
Split spectrum [270]
Frequency link in update process [127]
Initialization [250, 271]
Moving sources [167]
Vision [148]
Consistency of Amplitude modulation [159, 197, 272, 126, 203]
the spectrum Pitch [135, 147]
of the recovered Psychoacoustics [243, 243]
signals Fundamental frequency [244]
Cyclo-stationarity [273]
Periodic signals [221]
Cross-correlation [62, 274, 209]
Cross-cumulants [275]
Kurtosis [86]
Source distribution [276, 134]
Multidimensional prior [277, 278]
Clustering [230, 279]
Time-frequency FIR polynomial [23, 254, 113, 255]
information TD cost function [178]
Apply ICA to whole spectrogram [280]
Combined [106, 258, 281, 282]
approaches

source in an reverberation-free environment the sigt. (1993) [286].

nal approximates a plane-wave. If the plane-waves To be specific, each row in the separation ma-
arrives at an angle to the microphone array it willix W (w) defines alirectivity pattern and therefore
impinge on each microphone with a certain delayach row can be thought of as a separate beamformer.
(see Figure 6). This delay is given by the micro- This directivity pattern is determined by the transfer
phone distance, the velocity of the wave, and the fynction between the source and the filter output. The
direction-of-arrival (DOA) anglé: magnitude response of theth output is given by

T= gsiné7 (46) ro(w,8) = \wf(w)a(w,O)\2, (47

Filters that compensate for this delay can add the mitherea (w) is anM x 1 vector representing the prop-
crophone signals constructively (or destructively) tagation of a distant source with DQAto the sensor
produce a maximum (or minimum) response in tharray. When\/ sensors are available, it is possible to
DOA. Hence, the precise delay in filters (which irplaceM — 1 nulls in each of the\/ directivity pat-
the frequency domain correspond to precise phase terns i.e., directions from which the arriving signal
lationships) establishes a relationship between diffés canceled out. In an ideal, reverberation-free en-
ent frequencies that can be used to identify corregironment separation is achieved if these nulls point
permutations. This was first considered by Soon & the directions of the interfering sources. The lo-
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mated with the MuSIC algorithm [292]. A subspace
method has been used in order to avoid constraints
on the number of sensors. Knaak et al. (2003) [222]
include DOA information as a part of the BSS algo-
rithm in order to avoid the permutation. Although all
these methods assume a reverberation-free environ-
ment they give reasonable results in reverberant en-
vironments as long as the source has a strong direct
path to the sensors.

Two other methods also utilize geometry. In the
case of moving sources, where only one source is
moving, the permutation can be resolved by noting
that only one of the parameters in the separation ma-
trix changes [167]. If visual cues are available, they
Figure 6: A sensor array consisting 8f sensors may also be used to solve the permutation ambiguity
linearly distributed with the distancé to the adja- [148].
cent sensor. The sensors are placed in a free field. Instead of using geometric information as a sep-
A source signal is considered coming from a poirdrate step to solve the permutation problem Parra
source of a distance away from the sensor array.and Alvino (2002) include geometric information di-
The source signal is placed in the far-field, ize> rectly into the cost function [184, 185]. This ap-
d. Therefore the incident wave is planar and the aproach has been applied to microphone arrays under
rival angled is the same for all the sensors. reverberant conditions [187]. Baumann et al. (2003)

[72] have also suggested a cost function, which in-

cludes the DOA estimation. The arrival angles of the

signals are found iteratively and included in the sep-
cations of these nulls, as they may be identified kytation criterion. Baumann et al. [73] also suggest a
the separation algorithm, can be used to resolve theaximum likelihood approach to solve the permuta-
permutation ambiguity [266, 287, 288, 81, 77, 13%jon problem. Given the probability of a permuted or
289, 290]. These techniques draw strong parallel®n-permuted solution as function of the estimated
between source separation solutions hedmform- zero directions, the most likely permutation is found.

ing. The DOA’; do not have to be known in ad-  sgianda et al. (2003) [270] have proposed a
vance and can instead be extracted from the resujta o4 to reduce the permutation problem based on
ing separation filters. Note, however, that the ability,o split spectral difference, and the assumption that
to identify source locations is limited by the physicg,cn source is closer to one microphone. The split

of wave propagation and sampling: distant micraspectrum is obtained when each of the separated sig-
phones will lead to grading lobes which will conyy5i5 are filtered by the estimated mixing channels.
fuse the source locations, while small aperture lim- Finally. for iterative undate algorithms a proper
its spatial resolution at low frequencies. lkram and... . y: P - agor prop

; . nitialization of the separation filters can re-
Morgan (2002) [175] extend the idea of Kurita et al'sult in consistent permutations across frequencies
(2000) [266] to the case where the sensor space aragdis [250] ?o osed to estimate filtgr values'
wider than one half of the wavelength. Source loca- 9 prop

; ; . ; Sequentially starting with low frequencies and ini-
tions are estimated at lower frequencies, whichdo ngt '~ h ;

o ; . ializing filter values with the results of the previous
exhibit grating lobes. These estimates are then u eer frequency. This will tend to select solutions
to determine the correct nulls for the hllgher freque with filters that are smooth in the frequency domain,
cies and hereby the correct permutations. In order ) ) ' )

. . Or equivalently, filters that are short in the time do-
to resolve permutations when sources arrive from the_: - L .
same direction, Mukai et al. (2004) [291] use a neamain- Filter values may also be initialized to sim-
field model. Mitianoudis and Davies (2004) [268 le beamforming filters that point to estimated source

suggested frequency alignment based on DOA esﬂ;_catlons. The separation algorithm will then tend
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7.2. Consistency of the Spectrum of the Recov- WQ/%

ered Signals

to converge to solutions with the same target source & &4
across all frequencies [184, 271]. W w
t

t
Some solutions to the permutation ambiguity are « l @ l
based on the properties of speech. Speech signals %
have strong correlations across frequency due to a | )
common amplitude modulation.
At the coarsest level the power envelope of th
speech signal changes depending on whether there t t

is speech or silence, and within speech segments

the power of the carrier signal induces correlatiorfsigure 7: For speech signals, it is possible to esti-

among the amplitude of different frequencies. A simmate the permutation matrix by using information on

ilar argument can be made for other natural soundie envelope of the speech signal (amplitude mod-

Thus, it is fair to assumed that natural acoustic sigdation). Each speech signal has a particular enve-

nals originating from the same source have a cabpe. Therefore, by comparison with the envelopes

related amplitude envelope for neighboring frequemf the nearby frequencies, it is possible to order the

cies. A method based on this co-modulation progrermuted signals.

erty was proposed by Murata et al. (1998) [159, 196].

The permutations are sorted to maximize the cor-

relation between different envelopes. This is illus-

trated in Figure 7. This method has also been used in Another solution based on amplitude correlation

[293, 198, 199, 287, 263, 203]. Rahbar and Reillig the so-called Amplitude Modulation Decorrelation

(2001, 2005) [209, 152] suggest efficient methodé\MDecor)—-algorithm presented by Anemuller and

for finding the correct permutations based on croskolimeier (2000, 2001) [272, 126]. They propose to

frequency correlations. solve, the source separation problem and the permu-
Asano and lkeda (2000) [294] report that thdation problems_ snmultan_eously. An amplitude mc_Jd—

method sometimes fails if the envelopes of the di Jlation correlation is defined, where the correlation

ferent source signals are similar. They propose thgtween the ;equency ccrjl;a\fnnelesar_\dwl IOf tIhEt(\jA’O
following function to be maximized in order to esti-SPECtrogram¥’, (w, ) and¥',(w, t) is calculated as

mate the permutation matrix: C(Ya(w, t), Yb(w, t)) _

R T w-1 . o E[Y o(w, )||Y p(w, t)]]
P(w) = arg mﬁjzz[P(w)y(wvt)} 9. 1), _E[|Y o(w, O E[[Y o (w, £)]]- 49)

) (48) This correlation can be computed for all combina-
wherey is the power envelope of and P(w) is tions of frequencies. This results in a square matrix
the permutation matrix. This approach has also begr(ym Y,) with sizes equal to the number of fre-
adopted by Peterson and Kadambe (2003) [232]. Kggencies in the spectrogram, whdséth element is
mata et al. (2004) [282] report that the correlatic;glié,en by (49). Since the unmixed signgi) have to

between envelopes of different frequency channelg jndependent, the following decorrelation property
may be small, if the frequencies are too far from eaglj st pe fulfilled

other. Anemdiller and Gramms (1999) [127] avoid

the permutations since the different frequencies are Cu(Yq,Yy) =0 Va#bVk,l (50)
linked in the update process. This is done by seri-

ally switching from low to high frequency compo-This principle also solves the permutation ambiguity.
nents while updating. The source separation algorithm is then based on the
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minimization of a cost function given by the Frobe- Non-speech signals typically also have properties
nius norm of the amplitude modulation correlatiomnvhich can be exploited. Two proposals for solving
matrix. the permutation in the case of cyclo-stationary sig-
A priori knowledge about the source distribunals can be found in Antoni et al. (2005) [273]. For
tions has also been used to determine the corré@@chine acoustics, the permutations can be solved
permutations. Based on assumptions of Laplacig@gsily since machine signals are (quasi) periodic.
distributed sources, Mitianopudis and Davies (2001 his can be employed to find the right component in
2002) [251, 276, 134] propose a likelihood ratio teghe output vector [221].
to test which permutation is most likely. A time-  Continuity of the frequency spectra has been used
dependent function that imposes frequency couplitny Capdevielle et al. (1995) [62] to solve the permu-
between frequency bins is also introduced. Based tation ambiguity. The idea is to consider the slid-
the same principle, the method has been extendedrig Fourier transform with a delay of one point. The
more than two sources by Rahbar and Reilly (2008)oss correlation between different sources are zero
[152]. A hierarchical sorting is used in order tadue to the independence assumption. Hence, when
avoid errors introduced at a single frequency. Thibe cross correlation is maximized, the output be-
approach has been adopted in Mertins and Russahgs to the same source. This method has also been
(2003) [212]. used by Serviere (2004) [253]. A disadvantage of

Finally, one of the most effective convolutivethis method is that it is computationally very expen-
BSS methods to-date (see Table 5) uses this stagée since the frequency spectrum has to be calcu-
tical relationship of signal powers across frequedated with a window shift of one. A computation-
cies. Rather than solving separate “instantaneowty less expensive method based on this principle
source separation problems in each frequency bal@s been suggested by Dapena and Serviere (2001)
Kim et al. (2006) [295, 278, 277] propose a multi{274]. The permutation is determined from the so-
dimensional version of the density estimation algdution that maximizes the correlation between only
rithms described in Section 5.1.3. The density funéwo frequencies. If the sources have been whitened
tion captures the power of the entire model sour@s part of separation, the approach by Capdevielle et
rather than the power at individual frequencies. Agl-(1995) [62] does not work. Instead, Kopriva et
a result, the joint-statistics across frequencies are &- (2001) [86] suggest that the permutation can be

fectively captured and the algorithm converges to s&0!ved by independence tests based on kurtosis. For
isfactory permutations in each frequency. the same reason, Mejuto et al. (2000) [275] consider

n'L\];i%urth order cross-cumulants of the outputs at all fre-

Other properties of speech have also been s h
gested in order to solve the permutation indeter encies. If the extracted sources belong to the same

nacy. Apitch-based method has been suggested Egu.rces., the cross-cumulants will be non-zero. Oth-
Tordini and Piazza (2002) [135]. Also Sanei et afTWiSe; if the sources belong to different sources, the
(2004) [147] use the property of different pitch freST0SS-cumulants will be zero.
quency for each speaker. The pitch and formants Finally, Hoya et al. (2003) [296] use pattern
are modeled by a coupled hidden Markov modégcognition to identify speech pauses that are com-
(HMM). The model is trained based on previous tim&on across frequencies, and in the case of over-
frames. complete source separation, K-means clustering has
Motivated by psycho-acoustics, Guddeti anBean suggested. The clusters with the small_est
Mulgrew (2005) [243] suggest to disregard frequen riance are assurg\ed to c?rrespond to theI des:;ed
bands that are perceptually masked by other fra9urces [230]. Dubnov et al. (2004) [279] also ad-
guency bands. This simplifies the permutation prof €55 the case of more sources than sensors. C'IusFer-
lem as the number of frequency bins that have to B is used at each frequency and Ka'”.‘a” tracking is
considered is reduced. In Barros et al. (2002) [244?'erformed in order to link the frequencies together.

the permutation ambiguity is avoided dueatgriori
information of the phase associated with the funda-
mental frequency of the desired speech signal.
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7.3. Global permutations SIR in the recorded mixtures. A state-of-the art al-
gorithm can be expected to improve the SIR by 10-

In many applications only one of the source signals 0 dB for two stationary sources. Typically a few

desired and the other sources are only consideredsasonds of data (2 s-10 s) will be sufficient to gener-

interfering noise. Even though the local (frequencygte these results. However, from this survey nothing

permutations are solved, the global (external) permgan be said about moving sources. Note that only 8

tation problem still exists. Only few algorithms ad{of over 400) papers reported separation of more than

dress the problem of selecting the desired source s@ysources indicating that this remains a challenging

nal from the available outputs. In some situations, groblem.

can be assumed that the desired signal arrives from

a certain direction (e.g. the speaker of interest is in

front of the array). Geometric information can deter-

mine which of the signals is the target [184, 171]. In

other situations, the desired speaker is selected as the

most dominant speaker. In Low et al. (2004) [289],

the most dominant speaker is determined on a critgfe have presented a taxonomy for blind separation

rion based on kurtosis. The speaker with the highast convolutive mixtures with the purpose of provid-

kurtosis is assumed to be the dominant. In separatiigiy a survey and discussion of existing methods. Fur-

techniques based on clustering, the desired souther we hope that this might stimulate the develop-

is assumed to be the cluster with the smallest vafinent of new models and algorithms which more ef-

ance [230]. If the sources are moving it is necessafigiently incorporate specific domain knowledge and

to maintain the global permutation by tracking eactiseful prior information.

source. For block-based algorithm the global permu- |, the title of the BSS review by Torkkola (1999)

tation might change at block-boundaries. This proby 3] it was asked:Are we there yet?Since then

lem can often be solved by initializing the filter with,ymerous algorithms have been proposed for blind

the estimated filter from the previous block [186]. separation of convolutive mixtures. Many convolu-
tive algorithms have shown good performance when
the mixing process is stationary, but still only few

8. RESULTS methods work in real-world, time-varying environ-

ments. In real-time-varying environments, there are

The overwhelming majority of convolutive sourcg00 many parameters to update in the separation fil-

separation algorithms have been evaluated on site+s, and too little data available in order to estimate

ulated data. In the process, a variety of simulatélie parameters reliably, while the less complicated

room responses have been used. Unfortunately, itigethods such as null-beamformers may perform just

not clear if any of these results transfer to real datas well. This may indicate that the long de-mixing fil-

The main concerns are the sensitivity to microphoriers are not the solution for real-world, time-varying

noise (often not better than -25 dB), non-linearity invironments such as the cocktail-party party situa-

the sensors, and strong reverberations with a possiliign.

weak direct path. It is suggestive that only a small

subset of research teams evaluate their algorithms on

actual recordings. We have considered more than 400

references and found results on real room recordings

in only 10% of the papers. Table 5 shows a coCknowledgments

plete list of those papers. The results are reported as

signal-to-interference ratio (SIR), which is typicallyy; s p \was supported by the Oticon Foundation.

averaged over multiple output channels. The resulit S.p. and J.L. are partly also supported by the Eu-

ing SIR are not directly comparable as the results fggpean Commission through the sixth framework IST

a given algorithm are very likely to dependent on thRletwork of Excellence: Pattern Analysis, Statistical

recording equipment, the room that was used, and th®delling and Computational Learning (PASCAL).

9. CONCLUSION
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Table 5: An overview of algorithms applied in real
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