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Abstract

For many real-life situations, there is more than one speaker at a given time and people
need to concentrate on a target sound signal to extract it. This process happens naturally
for people with a normal hearing ability, but it is very difficult for hearing impaired
persons. In this thesis, we present a system for enhancing the quality of the signal
produced by a hearing aid. The proposed system combines spatial information with blind
source separation (BSS) to extract the target signal. Results show that the proposed
system can locate a target signal in different environments, with a good learning ability.
The problem of locating and extracting a target source signal is first investigated. By
applying a ltime-frequency masking method, it is then shown that the performance can be
improved. Finally, the problem of underdetermined BSS is investigated and solved by

combining a MVDR beamformer with a determined BSS system.
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Chapter 1 Introduction

1.1 Background

In daily life, a lot of information is obtained from acoustic signals. However, in most
occasions, the information received needs to be processed by the auditory system in order

for it to be decoded or perceived.

One of the most typical examples is that in a noisy environment, such as in a cafeteria, or
in a party, people need to focus on listening to someone’s talk. During this process, the
human auditory system has several tasks to accomplish. It locates the audio source and
focuses the ears in the direction of the audio source, and then the brain separates the
noisy acoustical signals, removing the interference signals and only transferring the target

signals of interest.

This process comes natural to humans with a normal hearing ability. However, as humans
age or because of variety of their causes, their hearing ability can degrade. The auditory
signal which is received from the environment is then different from what people with
normal hearing receive. Not only can the hearing threshold level and the discomfort
hearing level change, but also the time and frequency selectivity may degrade. The
resulting output signals for those hearing impaired persons are distorted at different
levels. As a result, after the processing by a impaired auditory systems, much information

1s not available.

Hearing aids were developed to mitigate the impact of hearing impairment. Ideally,
according to each person’s hearing impairment profile, hearing aids parameters can be
optimally set and according to different acoustic environments the parameters will
automatically adjust to track a target signal in the given environment to optimize the
speech intelligibility or in general signal quality. For example, the volume of the hearing
aid output can be tuned according to the user’s preference and environment. The hearing
aid processing can change in different noisy situations, and since the speakers will change

position and time of talking from time to time, it is highly desirable that the system have



the ability to locate and separate the target signal. Figure 1.1 shows a general diagram of

a hearing aid.

Hearing Aid
Pre- Hearing
Processing — lmpairment
compensation
»
N

Pre-processing

. . Blind
Feedback Noise
. Beamfomer . source
suppression reduction .
separation

Figure 1.1: Diagram of a general Hearing Aid
1.2 Statement of problem

According to the diagram of a general hearing aid in Figure 1.1, a pre-processing stage is
found before the hearing compensation stage (i.e. gain, amplification). In the pre-
processing stage, the hearing aid needs to remove interferences and extract the target
speech for the user by doing several tasks: feedback suppression, beamforming, noise
reduction, blind source separation, etc. One of the most challenging acoustic
environments for the auditory system is when multiple speakers are talking
simultaneously, which is shown in Figure 1.2. Many studies have shown that the speech
intelligibility in a multi-speaker environment is greatly affected by the number of
competing talkers as well as by the temporal character of the noise [Loi’07]. In this multi-
speaker scenario, even humans with a normal hearing ability need to make an effort to

follow the conversation. Because of their hearing impairment, hearing impaired persons



may find that it is particularly difficult for them to discriminate the interference speeches

from the target speech. Moreover, they may not be able to track the target speaker.

Blind source separation (BSS) is one of the possible ways of helping a hearing impaired
person to track and extract the source signal of interest in a noisy environment. BSS does
not need any prior knowledge about the environment. Theoretically, BSS can recover N
speech signals from M mixtures, where N is the number of source signals and M equals

the number of microphones in a hearing aid [Hay’00].

As the hearing aid technology develops, binaural hearing aids are becoming available in
the market, making use of a wireless link connecting the hearing aid of both ears
[Jad’08]. In such cases, the number of microphones M increases and more signal
processing can be performed on the received sensor signals. However, in many real-life
acoustic environments, due to the size of a hearing aid, it is not possible to put as many
microphones as we want into a hearing aid, and the number of sound sources exceeds the
number of microphones. As the number of source signals increases, the acoustic
environment becomes more and more complicated. The cross-talk between several
speakers (i.e. the fact that people receive signals coming from all speakers at the same
time) makes it more difficult for the pre-processing system in hearing aids to extract the

information of interest and to track different audio sources.

& B

Figure 1.2: Multiple-speaker environment



1.3 Thesis Objective

The objective of this thesis is to develop a system which can attenuate directional
interference speeches and extract the most dominant speech. This is basically an
application of the blind source separation problem to the challenging scenario of a
hearing aid application. The challenge includes: (1) Separating speech mixtures and
adapting its coefficients under determined scenarios, i.e., in conditions where the number
of microphones is equal to the number of source signals; (2) Dealing with the limited
distance between the microphones given the size of the hearing aid, this results in the
microphones having less diversity, which makes it harder for blind source separation
systems to converge. In order to guarantee the quality of the separated speech signals, a
new pre-processing step is needed for underdetermined scenarios, to remove some speech
interferences by explicitly exploiting the spatial information of the speech mixtures. In
this thesis, we aim to propose such a BSS system for the underdetermined case with
closely placed microphones in hearing aid applications. By combining the spatial
information and blind source separation, our proposed system aims to separate a speech

signal from different noisy environment and track it.
1.4 Thesis outline

In this thesis, approaches to blind source separation of mixtures in hearing aids
applications are reviewed, with emphasis on methods based on independent component
analysis, time-frequency (T-F) masking and beamforming. Both determined and

underdetermined blind source separation problems are analyzed.

In Chapter 2, some fundamental aspects of blind source separation theory are presented.
Related concepts, such as the scaling problem and the permutation problems are
explained as well. Some popular algorithms for both determined and underdetermined
blind source separation are reviewed in this chapter. Some basic objective measures for

blind source separation systems are also described.



In Chapter 3, the learning ability of blind source separation systems is analyzed and the
blind source separation combined with T-F masking method is proposed to reduce the
adaptation delay of the system. Different experiments are conducted to evaluate the

adaptation performance of our proposed system under different acoustic environments.

In Chapter 4, the geometrical information of the speech mixtures is explored by applying
beamforming as a pre-processing step to remove some interference signals in the
underdetermined blind source separation problem. Direction-of-arrival (DOA) estimation
methods are discussed and simulated in the chapter, in order to obtain robust and accurate
DOA estimation for beamforming. The experimental results demonstrate that by
combining spatial information with blind source separation, the underdetermined blind

source separation problem can be solved effectively.

In Chapter 5, a summary of the work is presented and problems existing in the current
DOA estimation algorithms are discussed. Future work including a possible method for

improving the accuracy of the DOA estimator is also mentioned in the chapter.

10



Chapter 2 Overview of speech enhancement using blind

source separation

Adaptive signal processing is based on a self-adjusting process, which uses a training
sequence of data to adjust its parameters for extracting desired signals. If the desired
signals are known, the process is called supervised adaptive signal processing. However,
in real-life, the desired signals are usually unknown, and the adaptation is only based on
the observed signals. This challenging adaptation process is thus referred to as
unsupervised adaptive signal processing. Blind source separation is a typical example of
unsupervised adaptive signal processing. It aims to recover the source signals from
observations without either prior information about the source signals or knowledge of

the process by which the sounds were mixed to produce the observations.

The human auditory system is a natural unsupervised adaptive signal processing system:
significantly more advanced than any technical equipment so far. With a normal hearing
ability, a human being can tell the direction of different speakers, different tones, voices
and noises in a complex auditory scene. An even more important skill is that the human
auditory system can analyze the relevance of different speeches and ignore unimportant
ones. A blind source separation system tries to mimic some functions of the human

auditory system to achieve the same goal.

The objective of this chapter is to review some basic knowledge about blind source

separation algorithms.
2.1 Signal mixture model

We start with a simple acoustic scenario. If the environment has no reverberation, or very
weak reverberation, the signal can be modeled as an instantaneous mixture model, which

can be written as

]\!
x,(n)=Y h,s,(n),j=12,N
= (1)

11



where s, is the ith signal source, X, is the j-th observation, #;; is the attenuation

parameter from source i to microphone j, N is the number of source signals and M is the

number of microphones.

microphones mixtures

SOUrces
S 1 hi
L X,
Xy
Xy

Figure 2.1: The signal mixing model

In a real acoustical environment, the audio sounds pass through several kinds of
distortion before they are perceived by ears or microphones. Depending on the room

situation, these distortions mainly contain room reverberation, attenuation and time delay.

Under these circumstances, N signals received by M microphones can be modeled as a

convolutive mixture model, which can be written as

N p
x,(m)=> > h,(k)s,(n=k+1),j=12,--M
i=l k=l (2)

where s, is the ith source signal, x; is the received signal by the j-th microphone, and

h,(k),k=1--p isa p tap impulse response modeling the transmission channel from

source i to microphone ;. In real situations, the acoustic environment, head shadow effect,

12
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the position of the audio source relative to the head, etc, all have an effect on the mixing

function 4.

From Figure 2.1, we can see that the real acoustic environment can be simplified as a
signal mixing process. All the audio signals are convolved with the function representing
the specific path from a given source to a given microphone. The outputs are then added

and the signal mixtures are observed by the microphones located on the hearing aid.

Time domain convolution reduces to a multiplication in the frequency domain. The
frequency domain speech mixtures X (@) =[X, (@), X, (®),--X ,(»)]" can be written as a

multiplication of the mixing matrix H(w),., and the original sources
S(w) =[S, (@),S,(w),"-- S, (@)]" , which is similar to the time domain instantaneous

model:
X(w) = H((w)S(w). » (3)

where S, (@),i =12, N and X (@),j=1.2,---M are the frequency transform of s; and
x;, and H(w),,, is the M*N matrix of the frequency transform of #,(k), i=1,....N;

=10 M.

As a result, to simplify the process, many convolutive mixtures systems are processed in

frequency domain.

It should also be noted that if signals are transmitted in a communication channel, like a
telephone channel or a wireless channel, channel distortion is added (including possibly
non-linear artefacts from coding and decoding of the speech or audio signals). Moreover,

several kinds of additive noise contaminations inevitably exist in real environments.

13



2.2 Spatial information processing methods for hearing aids

To improve the speech intelligibility and speech quality, many speech enhancement
algorithms have been proposed for hearing aids applications. The spectral-subtraction
algorithms are mainly based on the idea that, by subtracting an estimate of the noise
spectrum from the noisy speech spectrum, one can obtain an estimate of the clean signal
spectrum with the assumption that the noise is additive. These methods are intuitive and
the enhanced signal spectrum is not derived in an optimal way. Based on mathematically
tractable error criterions, various linear or nonlinear estimators, such as the maximum-
likelihood estimators and other Bayesian estimators, can produce the optimum
parameters of interest (i.e. typically frequency dependent gain factors) to enhance the
noisy speech. In this thesis, we focus on multi-microphone systems and consequently on

spatial information processing for speech enhancement in hearing aids applications.

There have been several previous patents involving the use of spatial processing for
hearing aids applications. A few of those patents are discussed below. The patent
“Method for improving spatial perception and corresponding hearing apparatus™ [Pat’04]
demonstrates a method for improving the spatial perception of acoustic signals. In this
patent, an input signal is received via the aid of a binaural hearing apparatus. After
analysis, at least one of the variables that influence spatial perception of the binaural
output signals will be changed in the hearing apparatus. For example, the distance or
direction of a source at/from which it is perceived can, with the aid of a classifier or
directional microphone, be varied automatically for corresponding input signals. As a

result, an improved spatial perception can be achieved.

It is sometimes suitable to switch between different “directional characteristics” i.e.
different algorithms to process the input signals from the microphones, in order to adapt
to source positions, environmental changes, etc. However, this switching process can
create artefacts. The patent “Hearing aid and operating method with switching among
different directional characteristics” [Pat’08a] gives a solution so that the signal level of
microphone signals which are respectively obtained from different microphones units

with different-order directional characteristics (i.e. processing algorithms) are matched

14



with regard to a reference signal. The switching is then always carried out with the same

signal level, so that the switching does not result in any sudden level changes.

The patent “System and method for adaptive multi-sensor arrays™ [Pat’07] proposes the
use of an adaptive differential microphone array method with the following steps:
receiving a signal, estimating a measured signal spectral covariance matrix of the signal,
and estimating a direction of arrival (DOA) of the signal based on the measured signal
spectral covariance matrix of the signal. A fractional delay obtained from the signal
spectral covariance matrix will produce the DOA estimation of the target signals, and it
can finally be applied to a differential microphone array filter to process the signal

mixture and produce the clean target signal from the estimated DOA.

Blind source separation algorithms are also popular for multi-speaker environments and
have been used in hearing aids applications. The separated outputs of BSS contain more
than one signal, which causes the problem of deciding which of the signals produced
through BSS should be forwarded to the hearing aid wearer. The patent “Method for
operating a hearing aid, and hearing aid” [Pat’08b] introduced a “speaker” mode, where
the listener can track and select an acoustic speaker source in an ambient sound,
according to a database of speech profiles of preferred speakers. For example, the listener
may prefer a specific language or a frontal target, and only the output matching the

speech profiles in the user’s database will be tracked by the signal processor [Pat’08b].

As previously mentioned, this thesis focuses on spatial information processing for
hearing aids systems involving the use of BSS algorithms. In the following sections,

more details and background on BSS algorithms are provided.

2.3 Fundamentals of blind source separation and independent

component analysis

An acoustic environment is considered where a given number of sensors receive
unknown signal mixtures. At each receiver, the observation obtained from each sensor is

a different combination of the source signals, and no information about this combination

15



is available. The field of BSS has developed a set of algorithms to recover the unobserved
individual source signals from a group of observed signal mixtures. Here, the term
“blind” stresses the lack of prior knowledge for the mixing process. Since there is no
information about the source signals and the mixing process, the blind source separation
can also be seen as unsupervised adaptive signal processing [Fra’98}[Jad’08][Cao’96].
Among blind source separation algorithms, independent component analysis (ICA) is one

of the most commonly used techniques.

2.3.1 Independent Component Analysis by maximization of
nongaussianity

In order to analyze and process a signal mixture, it is necessary to make the statistically
strong assumption of independence signals; a physically reasonable assumption. Based
on the central limit theorem, we know that a sum of independent random variables tends
to become a Gaussian distribution as the number of variables increases. As a result, the
goal of BSS can be formulated as designing an adaptive filter to produce output signals as
independent as possible, as evaluated by an information-theoretic cost function
[Fra’98][Hay’00]. The problem of estimating one of the independent source signals can
then be translated into maximizing the nongaussianity of outputs by adjusting the

coefficients of the filter [Els’06][Pan’07].
Maximum Likelihood (ML) estimation based on the gradient descent method

Based on the instantaneous signal mixture model with N source signals

T : . .
S = [Sl,Sz,"'S N] , the blind source separation system processes the source mixtures
x =[x,,%,,~-x,,]" which is collected from M microphones (M < N here) and yiclds
the outputs Y=EIVn Ve Yy ]T . Assuming T observations

x =[x, (),x, (), x,, ()], =1---T , the likelihood of the probability density

function (pdf) of the observation is evaluated as

16



T
L=]]pr.(x
=1 4)

Given thatx = H -5, we have that px(X)Zldet(H"l)ps(S), where H is the

instantaneous mixing matrix in time domain [Car’97]. If the separation system works

perfectly, the unmixing matrix can be thus written as W = H “and p),(y) =p, (s).

Therefore, the above pdf of the observations can be rewritten as

p.(x) =|det7)|p, (») = det)[ | 2, (v, (1))
z )

The likelihood function can then be rewritten as

L=

t

[ [ldet)|p, (. (1))
z (6)

T
=l

In order to estimate an unmixing matrix which maximizes the likelihood function, we use

the normalized log-likelihood as a cost function as

> > logl p, (3, ()], (7)

JW) = %log(l,) = log]det(W)l +% > 2

Using a basic gradient descent approach, we can obtain

oJ(W) 0 ] &
AW = = log/det(W )|+ — log[p,(y (¢
S =y Hogdet() TZIZ glp, (v ( ))]}. N
In the above equation, the first part can be simplified as
2 {log]det(W)I =w
ow 9)

17



The second part can be rewritten as

I M

Fr nglog[p,o O} = E[——Zlog(p,<y,>n o

2

where E|-] is expectation operator.

Since y, = ZWUx/ , we also have:

J=l

oy, 1 py )
- 1 — _1 i i )
o, Zl og(p,(¥,) = Y og(p,(y; )) ow, “oo0 o, _,' an

1 op(y)

d = ,80n), g
e ) &, and g(¥)=[g(¥),g,), gy )l

Let g(y,) =~

then AW =W~ - E[g(y)x"]

The final k-th update unmixing matrix from ML estimation with a gradient descent

method is then:
W =W, + u(k)W™" = E[g(»)x"]) (12)

where u(k) is a scalar update step at instant .

Maximum Likelihood estimation with the natural gradient descent method

From a geometry information perspective, the mixing matrix is not invertible, and in
practice the calculation of the inverse unmixing matrix can cause some problems. As a
result, the above algorithm is often replaced by the so-called natural gradient descent

algorithm [Ama’96]:
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AW

The resulting k-th update of the unmixing matrix from ML estimation with the natural

gradient descent method is:

Wk+1 = Wk + /u(k)([ - E[g(y)yl])Wk (14)

Maximum Likelihood estimation with the gradient descent method for convolutive

BSS

Processing time domain convolutive mixtures with the previous blind source separation
methods is very computationally complex and the convergence speed is low. However,
when transferring to the frequency domain, the convolutive mixtures transfer into
complex-valued instantaneous mixtures. Using this approach, many computationally
efficient time-domain instantaneous blind source separation algorithms become

applicable to the problem of convolutive mixtures.

Using the short-time Fourier transforms (furthermore using DFTs/FFTs in practice), the

mixture in the frequency domain can be written as
X(f.0)=H(/,DS(f.1) (15)
where /" is the frequency and 7 represents the frame number in the time domain.

The output of the unmixing system is
V(£ =W (X0 =W (S0H(S0S(f00). a6

For each frequency bin, ML estimation with the natural gradient descent method is
applied to the complex-valued mixtures, and we can obtain the k-r4 update of the

unmixing matrix for this frequency bin as:
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Wi (F) =W, (/) + u)d - Elg(y( Ny DT (f) 17)

Another advantage of using the frequency domain blind source separation is that the
separation for each frequency bin can be performed in parallel i.e. independently.

However, this also brings the permutation and scaling problems, as described next.

2.3.2 Scaling problem and permutation problem

In the frequency domain, the blind source separation updates the unmixing matrix and

minimizes the nongaussianity, producing the outputs:
Y0 =wNX(/f.0=w(HH)SS,1) (18)

If the separation system works perfectly and all the source signals are separated from the

mixtures one by one, then,
W(f)‘H(f):l' (19)

However, in practice, no prior information is available for the original sources, and the
order of the independent components cannot be determined. Thus, the recovered signals

from a BSS system are a scaled and permuted version of the original sources, that is:
Y(f.0=Ww()-H(f)-X(f.0)=P(f)-D(f)-S(f.0) (20)

where P(f) is a permutation matrix and D( f) is a non-singular diagonal matrix.
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Figure 2.4: Illustration of Scaling and Permutation in frequency domain convolutive BSS

Figure 2.4 illustrates the scaling and permutation problem of frequency domain
convolutive blind source separation. The scaling value and permutation order at each
frequency bin can be different. For each of the independent component analysis output,
the components at different frequency bins may not come from the same source signal
and can have inconsistent scales. As a result, we need to align the order of the
permutation and rescale the separated signals in each frequency bin, so as to make sure
that each output comes from the same source signal for all frequency bins, and has

consistent scaling values for each frequency bin.

In order to solve the scaling problem, many methods have been proposed. [Sma’98]

solved the scaling ambiguity by simply normalizing the unmixing matrix W (/) to ensure

that the unmixing matrix does not scale the data for each frequency bin. Later, [Mur’01]
solved the scaling problem through multiplying by a scalar which is calculated from the

inverse of a separation matrix.

The permutation problem is more complex compared with the scaling problem. However,
a lot of efforts have been devoted to this problem. In [Saw’04], the author proposed that
the permutation problem can be solved through estimating a rough DOA from the blind
source separation coefficients. Since the blind source separation has a similar structure as

classic beamforming, for each frequency bin the directivity pattern of the unmixing
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matrix can be obtained. A rough DOA of the source signal is then derived from the
directivity pattern. These estimated DOAs are then used as flags for permutation
alignment. However, this method cannot solve the permutation problem for all frequency
bins, because DOA estimation methods do not work very well for high frequencies and

low frequencies.

For speech signals, the envelopes of adjacent frequency bands are highly correlated.
Using this property, the permutation problem can be solved [Mur’01]. However this
method is based on local frequency information, thus one error in any frequency band

may lead to consecutive misalignments in adjacent frequency bands.

24 BSS algorithms for overdetermined, determined and

underdetermined systems

The most general BSS problem can be formulated as a “multiple-input multiple—output
(MIMO) nonlinear dynamic system with its signal mixing system unknown. The
objective is to find an adaptive inverse system, if it exists and is stable, to estimate the
primary input signals” [Hay’00]. Usually, if we do not consider the time delay, the
mixing system can be viewed as a scaled system. In this case, the BSS is referred to as
instantaneous BSS. But if time delays are involved, the observed signals become the
convolution of the source signals and some channels. In this case, convolutive BSS is

used to process the convolutive mixture [Jad’08].

In some applications, it is beneficial to apply some kind of pre-processing, such as pre-
whitening, principle component analysis (PCA) and preliminary noise reduction, either to
eliminate redundancy (in the case of more sensors than sources), to reduce additive noise,
or to improve convergence properties of adaptive algorithms by de-correlating mixing

signals [Hay’00].
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2.41 Blind source separation techniques for determined and
overdetermined situations

In a real life acoustic environment, often the number of source signals N does not equal
the number of microphones M. If N <M or N = M , the resulting system is called
respectively overdetermined or determined blind source separation. Otherwise, it is called
underdetermined when N > M | which means that the microphones pick less information

than needed to exactly recover the sources.

Several algorithms exist for solving the over-determined problem. A typical algorithm
uses principle component analysis (PCA) as a pre-processor to transform the signal from
M dimensions to N dimensions and to remove the redundancy, followed by a determined

blind source separation system.

As explained in section 2.2, independent component analysis is a very common way to
solve the blind source separation by maximizing the nongaussianity of the outputs. In
determined blind source separation, the recovered signals are obtained from the unmixing

matrix, and the difficulties lie in the permutation problem and the scaling problem.

2.4.2 Blind source separation techniques for underdetermined
situations

In some real situations, a noisy environment may contain several audio sources.
However, the number of microphones in hearing aids is limited due to the size of a
hearing aid, which also limits the performance of the blind source separation. As a result,
many efforts have been devoted to underdetermined blind source separation, where the

number of sensors is less than the number of sources.

The problem of underdetermined blind source separation stems from separating N

sources from M observations, where N > M. The noise-free model is written as:

X =HS (21)



where the mixing matrix H € R is unknown. When N > M, the inverse of the mixing
matrix A does not exist. Even when the mixing matrix is known, its solution is not

unique.

Ideally, the unmixing system gives the output ¥, which can be written as

M
= Z WX,
J=1

(22)

where w, are the unmixing coefficients, and the observed speech mixtures are

x(t) = [x,(t), %, (), x,, (O] ;e =1---T (23)

The original source signal is composed of N unknown sources, where the number of

source N is also usually unknown: S(#) = [, (1),52(1),"'SN(I)]T,Z‘:1“-T ’

N

For instantaneous speech mixtures we have %; ()= Z h,.,s / (7)
I=1

and then V; = Zwyzhllsl ZSZZWU it
=

N T

For convolutive speech mixtures we have X; ()= Z Z hy(7)s,(t—7)
=1 7=0

and then

Zw,,ZZh,,<r>s,<r 7)= zzw r>ZwU hy(7)

J=1 =1 7=0 =l =0 (24)
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From this equation, each component of the original speech signals S ,(f )l =12,-M

will inevitably appear in the final output ¥(¢) . Therefore, it is suitable to formulate the

search in the mixing space rather than in the separation space [Jad’08]. The usual

approach to separate signals in underdetermined BSS is by exploiting the sparseness of

speech signals. Table 2.1 below lists several popular algorithms for underdetermined

BSS.

Table 2.1 Algorithms for underdetermined BSS

Author Restrictions Method Complexity
(assumptions)
Joujine & | Source signals are W- Amplitude-delay parameter | O(T*K)
al. disjoint orthogonal*; estimation
[Jou’00] | Amplitude-delay model T: time resolution
K: frequency resolution
Bofill & The sources are sparse. Potentl.al~funct10¥1 bas.ed The dlfﬁculty of the
al. . clustering for estimating the | separation depends
, [f they are not sparse in . . .
[Bol’00] . : mixing matrix; uses shortest- | more on the complexity
the time domain, uses .
. . path method to estimate the | of the sounds than on
, linear transformation to
[Bol’01] . o sources the number of sources
improve sparsity;
present
Instantaneous mixting
model. Two-step procedure.
Boﬁ}l Independent Sources; the Estlrpate the attepuatlon The dlfﬁculty of the
[Bol’01b] matrix by clustering of the separation depends
POUTUES It Spatse. itudes; estimate the more on the complexit
Laplacian distribution of maghitudes, © oy prexily
. . delay matrix by maximizing | of the sounds than on
magnitudes with equal i
variances: clustering over phase; the number of sources
’ estimate the source present.
Attenuate and delay components by maximum of
model for speech a posteriori approach to Three-step prodecure.
mixtures. source decomposition.
Viste & Independent Sources; the | Use the cross-correlation of | Two-step procedure.
al. transfer functions in the | the sensor signals to
mixing matrix are estimate the delay between
[Vis’01] similar (application in the sensors for each source

hearing aids) ; the sensor
geometry is used to
estimate the maximum
delay and use it as the

signal; apply the gradient
method to the LMSE to
estimate the de-mixing
matrix
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upper limit of
reverberation delay;

Li & al. Source signal is sparse Use K-means clustering Two-step procedure
enough; if possible, algorithm to estimate the
[Li03] apply wavelet packets mixing matrix; for a given
[Li1°06] transform or use T-F mixing matrix, the source
transformation pre- signals are estimated by
processing to improve maximizing posterior
sparsity; source signals distribution
are of Laplacian
distribution
Araki & When signals are First remove N-M sources Two-step procedure
al. sufficiently sparse, we using T-F binary mask (in
[Ara’04a] | can assume that the frequency domain or from a
[Ara’04b] | sources overlap at rate DOA view); then apply ICA
intervals; to separate the source
signals
DOAs are known.
Vincent & | Source signal is sparse Add pre-processing step at Three-step extraction
al. instantaneous musical the beginning and process procedure
mixtures; the source the signals in ERB
[Vin’04] | signals are independent | frequency scale, then
and follow a Gaussian estimate normalized mixing
prior with known matrix based on sparse
variance. representation; finally,
recover the source signal
using the estimated mixing
matrix
Pedersen | Source signal is sparse; | Iteratively tree-shaped Very complex iterative
& al. Each source signal method. Each time the algorithm, but
[Ped’08] | comes from a distinct branches with larger theoretically this

direction; the number of
sources does not need to
be known in advance
(sources are iteratively
extracted from the
mixtures)

magnitudes are kept, smaller
signals are masked out. If
the masked output contains
more than one signal,
iterative procedure is
followed until all masked
outputs consist of only a
single speech signal.

method could separate
an arbitrary number of
speech signals of equal
power with only two
microphones, for both
instantaneous mixtures
and convolutive
mixtures.

* W-disjoint orthogonal: the supports of the (windowed) Fourier transform of any two

signals in the mixture are disjoint sets

In general, when solving the underdetermined blind source separation problem, it is

important to use the sparsity of speech signais. When the sources are sparse, at a certain
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time ¢, if one of the sources is significantly larger, the remaining ones are likely to be

close to zero. In the extreme, if only one source 5,1 €(L,n) is nonzero, the observation

x' is proportional to the column vector @;,i €(1,77) of the mixing matrix, and all the data
points in the mixture space are aligned along this direction. Therefore, the density of data
shows a clear tendency to cluster along the direction of vectora,. The mixing matrix is

estimated from the directions of maximum data density [Jad’08]. The disadvantage of
this approach is that when the sources are not sufficiently sparse, it is difficult to estimate
the mixing matrix precisely. With the known mixing matrix, the usual approach for

underdetermined BSS is to find the solution through minimization of an /-p norm.

A method for blind separation of any number of sources using only two mixtures was
proposed in [Jou’00]. It is an effective and easy algorithm when sources are W-disjoint
orthogonal where the supports of the (windowed) Fourier transform of any two signals in
the mixture are disjoint sets [Jou’00]. However the mathematical assumption is strong,
which requires that the supports of the windowed Fourier transform of any two signals in
the mixture be disjoint sets. Based on this assumption, the parameters of the attenuation
and delay model are estimated. Finally, the sources are estimated from the W-disjoint
orthogonal model. Later, this strong assumption was relaxed by applying a time-
frequency (T-F) mask to the mixture when there is an overlap between the source signals

[Ped’08].

A two-step algorithm was proposed by Bofill and Zibulevsky [Bol’01]. In this algorithm,
if the observation is sparse, the mixing matrix is estimated using a potential-function-
based method without knowing the number of sources beforehand, which is built in a

two-dimensional mixture space and parameterized in polar coordinates [Bol’01]. The

computational complexity of this algorithms isO(T'xK). In their paper, the authors

assume that the data outside some radius (/ >/ ) has less relevance, with # being an

adjustable threshold. Therefore, by discarding these data outside radius /, the
computational cost can be significantly reduced. Given the mixing matrix, the source

signals are estimated using the minimal /-/ norm representation (shortest path separation
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criterion). If the observation is not sparse in the time domain, this algorithm is still
effective in a sparser linear transformed domain [Bol’00]. [Bol’01] proved that the
shortest-path algorithm in [Bol’00] indeed solves the maximum-likelihood conditions in
the second step. Since the methods in [Bol’00][Bol’01] only solved the BSS problem
with instantaneous model, [Bol’0lb] proposed a new method which has good
performance for observation signals modelled as attenuation and delay mixtures. The
procedure includes three stages: first, estimate the attenuation matrix by clustering of the
magnitudes of input mixtures; next, estimate the delay matrix by clustering maximization
of the real and imaginary parts of inputs mixtures; finally, a posterior approach to the
source decomposition is performed under the assumption of a Laplacian magnitudes of

the input signals [[Bol’01b]].

Further, [Li’03] [Li’06] estimated the mixing matrix using a gradient type algorithm or a
K-means clustering algorithm. The column vectors of the mixing matrix are the cluster
centers of normalized data vectors. If the sources are sufficiently sparse in the time
domain (in that paper, the /-/ norm is used as a sparseness measure), blind separation can
be carried out directly in the time domain. Otherwise, a wavelet packets transformation
pre-processing is necessary, and the blind separation is implemented in the time-
frequency domain [Li’03]. The paper represented and compared the three parts of the
algorithms using three examples. The first example concerns the recoverability of sparse
sources, which means that the mixing matrix is known. In this example, it uses a linear
programming algorithm to get the sparse solution with minimum /-norm, which is shown
to be unique. When the sources do not overlap in the time-frequency domain, a high-
quality reconstruction can be obtained. However, in the example there is an overlap
between the source signals, and the sources are not sparse enough. The second example
concerns the blind source separation when sources are not sufficiently sparse. In this
method, the wavelet packet transformation is applied to make the mixtures appear as
sparse and then it processes the data using the two-step method. The third example uses
the wavelet packet pre-processing to obtain a sparse representation and it produces good

performance [Li’03][Li’06].
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With only two microphones, it is impossible to separate more than two signals because at
most only one null direction can be placed for each output. An alternative way is to
explore masking out extra sources and transferring the underdetermined blind source
separation to an  ordinary  blind  source  separation  problem. In
[Ara’04a]{Ara’04b][Ara’04c], the separation is performed by first removing N-M signals
using some masking method, and ICA is then applied to separate the remaining M
signals. Time-frequency masking is typically applied as a binary mask. In the binary
mask method, each T-F unit is thus multiplied by one or zero. [Ara’04a] proposed the
binary-masking method, which is mainly based on the clusters in the frequency domain
and masking out the interfering signals. This method can transfer the underdetermined
blind source separation problem to a determined blind source separation problem.
However, the original masking approach is based on finding only one active source point,
and masking all the other signals out. This is a rough process and binary masking suffers
from zero-padding in the time domain, which causes discontinuities in speech signals. To
overcome this problem, [Ara’04b][Ara’04c] utilize a directivity pattern-based continuous
mask instead of a binary mask at the source removal stage. By allowing a small gain for
the directions of sources from unwanted directions and specifying a large gain for other
wanted directions, experimental results from [Ara’04b] show better performance than the

original method in [Ara’04c].

In order to achieve a better acoustical perceptual result, [Vin’04] added a pre-processing
step at the beginning and it processed the signal in an Equivalent Rectangular Bands
(ERB) frequency scale. In this approach, the first step is to pass the mixture through a
filter bank to form the auditory-motivated ERB scale. The second step is to perform a
linear separation in each frequency bin. Here, the author assumes that the source signals
are independent and follow a Gaussian prior with known variance. Finally, the
waveforms of the estimated sources are built by summing all the frequency bands. Since
the ERB frequency scale gives more importance to low frequencies, this method results

in a better separation performance than the usual linear frequency scale.
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2.5 Objective measurement for blind source separation in this thesis

The signal to noise ratio (SNR) is one of the most commonly used metrics for
performance measurement, and it is often computed by calculating the ratio of a clean
signal power over the power of the “error” signal or difference signal between the system

output (i.c. target signal estimate) and the clean signal.

However, for the BSS system being considered, the output signals are scaled and may be
at different levels than the original source signals. Therefore, for our experiments, it is
more convenient to use an alternative metric which is the “SNR gain”, i.e. the ratio (or
difference in dB) of the SNR at the output of the BSS system over the SNR at the input of
the BSS system, where each SNR is defined as the ratio of the power of the target speech

component over the power of the other components (interferences and/or noise).

We also analyzed and compared other objective measurements, such as PESQ and CSII.
PESQ is ideally designed for speech coding, and it may not always effectively show the
performance of speech enhancement systems under all types of interference, for example
speech interference or music interference. It was also found that CSII was quite sensitive
to the environment i.e. to the type of interferer being used. Compared with others, the
SNR gain produced a performance that more effectively matched our subjective
impression. As a result, we selected the SNR gain for the objective measurement in this

thesis.
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Figure 2.4.1: Diagram of system to calculate the SNR gain

In figure 2.4.1 (a), two speech mixture observations x, (7) , x, (f) are processed by the BSS

system. After BSS convergence, the two synthesized output signals y ,(r) and y_,(¢) are

assumed to respectively be scaled estimates of the two original source signals: the target

speech s(7) and interference n(r) (e.g. speech, noise).

In simulated environments, it is possible to apply separately to the BSS system the sensor

input signals received from the source s(r) (i.e.,s,(t),s,(f) in figure 2.4.1 (b)) and the

sensor input signals received from the source n(r) (i.e. n(t),n () in figure 2.4.1 (c)).

We can thus write:

3
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x, (1) =s,(1) +n/(1) x,(t)y=s5,()+n(1). (25)

The signal to noise ratio (or signal to interference ratio) at the input of the BSS system

can be written as:

SNR =1010g,, 25 02570 4y 26)

PR ROEDI R

Note that with T-F masking, the BSS system is not linear, and therefore the principle of

superposition does not apply for the output signals:
yxl (t) * y‘\'l (l‘) + ynl (t) y.\'2 (f) # y.\'2 (l) + ynZ ([) ) (27)

Considering this, for the SNR ratio at the output of the system, we can build an “error

signal” as y, (1) —y,,(f), and compute the following ratio:

Z ysl2 (f)
Sy -y, )

SNR,, =10log,,

out 2

(28)

As mentioned earlier, the SNR gain is then simply the ratio of output and input SNRs:

—_ SNR{)Z(/
SNRin (29)
G(dB)=SNR, ,(dB)~SNR, (dB). (30)

Although the Array Gain can provide a good assessment of performance, it is not always
representative of speech quality or intelligibility for speech and audio signals. Therefore,
most of the outputs from the experiments in this thesis were also compared by informal
listening, to get a more perceptual assessment of the performance. And from informal
listening tests, we confirmed that the subjective impression roughly matched the

objective scores.
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Chapter 3 Blind source separation combined with T-F
masking method

3.1 Fundamentals of T-F masking method

In real acoustic environments, there is often one dominant target speech. The target
speech is usually louder than other sounds, and the other audio signals can be regarded as
interfering speeches or noises. Most of the speech signal can be viewed as a sparse signal.
From a signal processing view, when we transform the audio mixtures into the frequency
domain, the time-frequency (T-F) units become sparser than those in the time domain,
and each T-F unit may belong to either the target speech signal or the interference
signals. Under this sparse assumption, theoretically, we can use an ideal binary mask

BM ,(f,1) to separate the target speech signal from the interference signal.

L, X(f.ncT,

BM ,(f.1)= {0’ X(f.ncT,

(3D
where 7, denotes a set for the target speech signal, and 7, denotes a set for the

interference signal.

A common way to judge whether a T-F unit X(f,7) belongs to the target speech 7, or

to the interference speech 7, is to compare the amplitude of the target signal S;(f.7) and

the amplitude of the interfering signal. In this case, the binary mask for the target source

S.(f,t) can be rewritten as

1,
0,

S(f0| 2 X(f.0=S,(f.1)

BM ,(f,1) :{ S,(f’[)l <|X(f,l)—S,»(f:f)

(32)

In theory, each original source in the mixture can be obtained from T-F masking, but it
requires that the T-F mask be complex-valued, and the quality of the output depends on
the overall SNR. If the noise is stronger than the target, the ideal binary mask is very

sparse and the output signal has large artificial noise.
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However, in real applications, the target source S (f,#) is unknown. Therefore, in many

applications, an estimated target source was used instead of the real one to find the binary
masks. Depending on the quality of the estimation of the target source, the binary masks

which are obtained may vary considerably.
3.2 Review of T-F masking and ICA

In some audio environment where different speakers do not talk simultaneously, the
speech mixtures gathered from the microphones are very sparse. As a result, an estimated
target source is no longer needed for estimating the binary masks. [Rej’08] used the
sparse observation instead of the target source to estimate the binary mask. At each time

frequency bin, the author assumes that there is only one dominant signal.

1, ’X,(f,f)J >jX,/(f’f)1

BM(7.0)= {o, LA R AR

(33)

However, in real acoustical environment, there may be some simultaneous interference
from other speakers or from the noisy environment. When the source signals are
overlapping, it is hard to apply the strong assumption of sparsity. If we use the above

method to estimate the binary mask, the performance will be unacceptable.

Blind source extraction by combining BSS and binary masking applied to an
underdetermined 2-by-N mixture has been successfully applied to hearing aids. In
[Ped’08], the binary masks are determined for each T-F unit by comparing the amplitudes
of two spectrograms of input signal mixtures. This non-linear method is processed in an
iterative way. Each time the binary masking is applied, some of the speech signals are
removed. In order to increase the probability that all the sources are separated and that no
source has been separated more than once, a merging step is followed to identify the
binary masks that may contain the same source signal. If the masked output contains
more than one signal, an iterative procedure is followed until all the masked outputs
consist of only a single speech signal. In principle, this method can separate an arbitrary

number of mixed speech signals. In [Ped’08], experimental results show the performance
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of separating seven speech signals under instantaneous mixing conditions (i.e. non-
convolutive mixing) [Ped’08]. The convolutive speech mixtures model is more applicable
for speech signals because it takes early reflections and reverberation into account. The
method proposed in paper [Ped’08] was found to have good performance both for

instantaneous mixtures and convolutive mixtures.

In the separation step, the separation matrix (the ICA solution) tends to place the null
towards sources spatially close to each other, so that each of the two outputs (y, and y,)

from the ICA solution represents a group of spatially close signals [Ped’08].

By comparing the amplitudes of the two spectrograms, the binary masks are determined

for each T-F units:

BM, (@,1) = (¥,(@.0)| > 7|V, (@.0))) & BM (@, 1)
BM, (@,t) = (|V,(@.0)|> 7 |Y,(@,1)) & BM (1)

(34)

where 7 is a parameter that controls how sparse the mask should be (how much of the

interfering signals should be removed at each iteration), and BM ,(w,t) is a binary mask

from the last iteration. As a result, it has an impact on the convergence speed. The
complexity and delay (convergence speed) can be made adaptive through varying the

parameter 7, with a corresponding change in the performance as well:

o 7 =1:The two estimated masks together contain the same number of retained T-F
units as the previous masks;

e 7>1:Fewer units retained than the previous binary mask. The combination of the
two estimated masks is sparser. The convergence is faster at the expense of a
sparser resulting mask.

e 0<r7<l:noconvergence, case not to be considered.

The two estimated masks are applied in the T-F domain to the original signals, and four

masked outputs are obtained:
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Xla(wJ)} — BMl(w,f){X] (ZU,Z)

X, (@,1) X, (@,1)
X,, (af,t)} _ BMQ(@_,’){X (@,1)
X, (@,1) X, (@,1) (35)

The stopping criteria to evaluate the masked outputs are:
1) The masked signal is of poor quality: store for later use;

2) The masked signal consists of mainly one source signal: store as a candidate for a

separated source;
3) The masked signal consists of more than one source signal: do further separation.

After the stopping criterion, the evaluation for each output signal is known. Then a
merging stage follows. The merging decision is made by calculating a cross-correlation

coefficient. In the merging stage:

1) Merging of the separated sources: if the cross-correlation coefficient between the

output signals is larger than a threshold;

2) Merging of the low-quality source and the separated sources: if the cross-correlation
coefficient between the output signal and the poor-quality signal is larger than a

threshold;

After the merging stage, the binary masks are all updated and the signals are re-estimated
from the updated binary masks. The remaining source signals are used to estimate the

background mask.

BM = NOT(BM, W BM; U-UBM, ) 36)

background

This mask 1s used to execute the main algorithm again. If the background mask has not

changed, the separated signals are not changed any further and the algorithm stops.
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With this method, the authors in [Ped’08] have used binaural instantaneous speech
mixtures for simulations, and the method was found to iteratively separate the most

significant speeches.
3.3 Adaptation of binaural blind source separation

For the application of any speech enhancement algorithm in a real-life hearing aid, it is
important to figure out how fast an algorithm can adapt to the statistics of sources. The
training of our considered BSS algorithm is essentially in "batch-mode" or on a block by
block basis. It is not completely "offline", as the amount of data required for training is
not in the order of minutes or hours, and the number of iterations required for
convergence 1s not too large. The training cannot be considered truly "online" either, as
the adaptation of the algorithm is not performed on a sample by sample basis. In this
section we consider the adaptation or training to be used later for the proposed algorithm,

and test it under both an anechoic environment and a reverberating room environment.
3.3.1 Anechoic environment

In many real-life situations, the audio sources may move from time to time, or listeners
may need to switch from one target audio source to another one. As a result, our BSS
speech enhancement module for hearing aids needs to quickly adapt the coefficients for
the evolving environment. The adaptation time should be shortened as much as possible
to make the listeners feel comfortable, and the parameter switching process should be
smooth. Figure 3.1 shows the diagram of the adaptation process for the proposed blind

source separation.
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Diagram of adaptation process
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Figure 3.1: Diagram of processing

As illustrated in Figure 3.1, when the microphones in the hearing aid receive the input
signals which were produced using experimental HRIR functions, the received signals are
windowed and transferred into frequency domain using STFTs. Each frame is sent to the
processing system, filtered using saved coefficients to produce the separated signal

Y (w,t),i=1,2. Finally, the signals are transferred and synthesized back to the time

domain, continuously. At the same time, the BSS adaptation system is working in
parallel. It buffers a period of signal recordings for adaptation, which contains several
frames of buffered signal. Blind source separation adaptation is then conducted in the
frequency domain, to separate the buffered speech mixtures. As there is similarity and
correlation between adjacent frames of an audio recording, in this processing step the
previous saved coefficients can be used as initial coefficients of processing for the current
buffered data, which can speed up the convergence of the current buffered frames.
Moreover, for the hearing aid wearer, the system adaptation will sound quick and smooth.
In the whole system, the system time delay (or latency) is mainly caused by the first
frame of data buffering and processing time. The adaptation delay, which stands for the
learning ability of this adaptation system, mainly depends on the amount of buffering

data used for BSS adaptation training.
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3.3.2 Combined T-F masks with blind source separation for anechoic

environments

For an anechoic environment, the speech mixtures are sparse compared with a
reverberating room environment. As a result, for each frequency bin, there is likely a
dominant speech signal in the mixtures. In this case, time-frequency masks can help to
remove the interference speech while keeping the dominant speech signal untouched for
cach time-frequency bin. Moreover, the T-F masks do not require the two input signals to
be very well separated. From this point of view, the system can solve the separation task
without waiting for the outputs of the blind source separation to reach their optimum
value. This only requires that the outputs of the blind source separation system be close to

the optimum to yield correct masks.

For a binaural system, let Y,(@,f) and Y,(w,r) be the outputs of the blind source
separation after NV iterations. Then, for each time-frequency bin, it can be assumed that
only one of the output signals is dominant. By comparing the magnitudes, two dominant

speech signals Y™ (@,t), Y2 (w,t) are easily separated out by the T-F binary masks

BM,(w,t) and BM, (@,1).

BM,(@,0) = (¥(@.0)] > |Y,(@.0))
BM, (@,1) = (|, (@.0] > [¥(@.0)) 37)
Y™'\(@,t) = BM,(@,t) Y,(@,t)

Y™y (@, 1) = BM,(@,0)- Y, (@,1) (38)

While the binary masks remove the interference and cross-talk, the discontinuities of the
binary masks bring artificial noise to the outputs. As a result, some modifications are
made to the masks and the equations of the outputs signals. The final outputs can be

rewritten as
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Y"“ﬁ(w,t) — BMI(ZU,t) K(w’,f)+/’{/BM2(m;t))7](wat>

i , (39)
anz(w.’r) — BMZ(ZU’Z‘)YZ(ZU,[)-F/’LBM](ZU,Z‘)Y;(ZU,ZL)

where A is a small value scaling factor.

In the determined blind source separation case, these two outputs are the targets. In an
underdetermined situation, further separation is needed for separating all the signals.
However, in real-life environments, hearing aid users may not be interested in hearing all
these speech signals. Only the dominant or target speech signal (or alternatively the

signal from a given direction) may be the most interesting one.
Simulations and results

Simulation environment #1: we consider an anechoic environment, with two speakers
from two different directions. The speech mixtures were produced using the measured
head related impulse response (HRIR) from microphone recordings, by convolving the
clean speech with HRIR #4 (from data provided by hearing aid manufacturer,
corresponding to the first microphone at the left ear) and with HRIR #1 (from the first
microphone at the right ear). The distance between the two microphones was 17.5 cm.
The experiments were repeated using different speaker mixtures with different directions
of arrival (DOA). Each frame of data contained 511 samples at a sampling rate of 20
KHz. For adaptation or training, 30 frames buffers (396 ms of recording) with half
overlapping were used for this experiment, with 60 iterations and a step size of 0.0001 for
each natural gradient ICA adaptation. The small scaling factor for T-F mask was
A=0.001. The results compare the output performance of BSS with and without T-F

masks.
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Table 3.1: Female speech #9 from 60 degree direction, female speech #10from 355

degree direction

SNR_in (dB) SNR out (dB) SNR gain (dB)
Target speech: female speech #10, DOA:355 degree
Interfering speech: female speech #9, DOA: 60 degree
BSS with T-F masks -2.86 8.98 11.85
BSS without T-F masks -2.86 3.61 6.47
Target speech: female speech #9, DOA: 60 degree
Interfering speech: female speech #10, DOA:355 degree
BSS with T-F masks 2.86 13.11 10.25
BSS without T-F masks 2.86 6.02 3.15

Table 3.2: Female speech #10 from 80 degree direction, another male speech #13 from

270 degree direction

SNR in (dB) SNR out (dB) SNR gain (dB)
Target speech: male speech #13, DOA:270 degree
Interfering speech: female speech #10, DOA 80 degree
BSS with T-F masks -0.74 13.99 14.74
BSS without T-F masks -0.744 6.75 7.49
Target speech: female speech #10, DOA: 80 degree
Interfering speech: male speech #13, DOA 270 degree
BSS with T-F masks 0.74 15.00 14.25
BSS without T-F masks 0.74 6.8 6.14
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Table 3.3: Female speech #9 from 10 degree direction, male speech #5 from 350 degree

direction

SNR_in (dB) SNR out (dB) | SNR gain (dB)

Target speech: male speech #5, DOA:350 degree

Interfering speech: female speech #9, DOA 10 degree

BSS with T-F masks 4.18 10.52 6.33

BSS without T-F masks 4.18 543 1.24

Target speech: female speech #9, DOA: 10 degree

Interfering speech: male speech #5, DOA 350 degree

BSS with T-F masks 4.18 3.58 7.77

BSS without T-F masks -4.18 -3.39 0.78

From Tables 3.1, 3.2 and 3.3, we can see that the blind source separation improves the
output performance, especially when the T-F masks are applied. The SNR gains for BSS
with T-F masks are much larger than BSS without T-F masks. By listening to the output

speeches, we also can confirm this conclusion.

3.3.3 Proposed combined T-F masks with blind source separation for

real acoustic environments with reverberation

In real acoustic environments, no matter what the size of a room is, there is some amount
of reverberation. To test the performance of our blind source separation processor,
recordings from a real acoustic environment (provided by a hearing aid manufacturer)

were used for simulations.

As the reverberation is made of delayed and scaled versions of the original speech signal,
there are more sources in the mixtures and it brings more difficulties to the blind source
separation system. As a result, more signal samples are needed for adaptation training.
However, in real situations, the adaptation time should be as short as possible. Therefore,
considering both requirements, interpolation was used as a mean to increase the training
data. Figure 3.2 shows the diagram of the adaptation process for a room environment

with reverberation.
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Diagram of adaptation process for reverberating room environment
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Figure 3.2: Diagram of adaptation processing with interpolation

Very similar to the adaptation process illustrated in figure 3.1, the only difference of this
adaptation process system for reverberating room environment in figure 3.2 is in its BSS
adaptation part. The processing system buffers a period of signals received from the
microphones in the hearing aid device, which usually can be divided into several
overlapped signal frames. This period of buffered frames is only used for adaptation
training. In the adaptation system, the buffered recordings are firstly interpolated into
more samples (N times linear interpolation, between consecutive time domain frames,
before windowing). Each frame is transferred into the frequency domain using a STFT.
After that, blind source separation training is conducted in the frequency domain. The
blind source separation coefficients are saved as initial coefficients to process the next
buffered data, to speed up the convergence of the next buffered data. Finally, the output
speeches are transferred back into the time domain, continuously. This is very similar to

the previous adaptation process for anechoic environments.
Simulations and results

Simulation environment #2: anechoic room recordings with two speakers from two

different directions, containing more reverberation than the synthetic mixtures generated
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by HRIR filtering in the previous simulations. The speech mixtures were measured by
binaural microphones with one microphone on the left ear (microphone #4) and one on
the right ear (microphone #1), and the distance between the two microphones was 17.5
cm. The experiments were repeated using different speaker mixtures with different
directions of arrival (DOA). The recordings were sampled at a sampling rate of 20 KHz
and windowed by Hann window of length 511. For adaptation or training, 120 frames of
signals which equals to 1.546 seconds of recordings were interpolated by 3. This means
that 360 frames of training data with half overlapping were available for adaptation and
training. In each ICA adaptation process, 60 iterations with step size of 0.0001 in the
natural gradient method were used and the small scaling value for the T-F mask was
A =0.001. The results below compare the output performance of BSS with and without
T-F masks.

Table 3.4: Female speech #9 from 0 degree direction, male speech #5 from 60 degree

direction

SNR_in (dB) SNR out (dB) | SNR gain (dB)

Target speech: male speech #5, DOA:60 degree

Interfering speech: female speech #9, DOA: 0 degree

BSS with T-F masks -3.87 3.87 7.75

BSS without T-F masks -3.87 0.73 4.60

Target speech: female speech #9, DOA: 0 degree

Interfering speech: male speech #5, DOA:60 degree

BSS with T—F masks 3.87 8.20 4.32

BSS without T-F masks 3.87 3.66 -0.20

44




Table 3.5: Female speech #9 from 30 degree direction, male speech #5 from 300 degree

direction

SNR in (dB) SNR_ out (dB) SNR gain (dB)

Target speech: male speech #5, DOA:300 degree

Interfering speech: female speech #9, DOA 30 degree

BSS with T-F masks -4.79 10.57 15.36

BSS without T-F masks -4.79 0.18 4,97

Target speech: female speech #9, DOA: 30 degree

Interfering speech: male speech #5, DOA 300 degree

BSS with T-F masks 4.79 13.82 9.02

BSS without T-F masks 4.79 8.68 3.89

Simulation environment #3: consider a living room (reverberating time 0.30 - 0.45
second) with two speakers from two different directions. The speech mixtures were
measured by binaural microphones with one microphone on the left (microphone #4 from
the data provided by the hearing aid manufacturer) and one on the right (microphone #1
from the provided data), and the distance between the two microphones was 17.5 cm. The
experiments were repeated using different speaker mixtures with different directions of
arrival (DOA). The following results compare the output performance of BSS with and

without T-F masks.
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Table 3.6: Female speech #9 from 30 degree direction, male speech #5 from 300 degree

direction, living room environment with reverberating time of 0.30 - 0.45 second.

SNR_in (dB) SNR out (dB) | SNR gain (dB)

Target speech: male speech #5, DOA:300 degree

Interfering speech: female speech #9, DOA 30 degree

BSS with T-F masks -7.04 2.33 9.38

BSS without T-F masks -7.04 -3.57 3.46

Target speech: female speech #9, DOA: 30 degree

Interfering speech: male speech #5, DOA 300 degree

BSS with T-F masks 7.04 13.89 6.85

BSS without T-F masks 7.04 10.92 3.88

Simulation environment #4: Consider the room as the Cafeteria of the University of
Oldenburg (0.75-2.25 sec reverb time), which is larger in room size and has a longer
reverberating time compared with the living room case in simulation environment #3.
The experiment settings are very similar to the experiments for simulation environment
#3, with the only exception that more data is used to improve the overall adaptation
performance. Here, 150 frames of signals corresponding to 1.929 seconds of recording
are interpolated by 3. This means that 450 frames of training data with half overlapping
are available for adaptation training. The results below compare the output performance

of BSS with and without T-F masks.
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Table 3.7: Female speech #10 from 90 degree direction, male speech #13 from 240
degree direction, Cafeteria of the University of Oldenburg with reverberating time of

0.75-2.25 seconds.

SNR in (dB) SNR_out (dB) SNR gain (dB)

Target speech: male speech #13, DOA:240 degree

Interfering speech: female speech #10, DOA 90 degree

BSS with T-F masks 1.33 8.24 6.90

BSS without T-F masks 1.33 5.86 4.52

Target speech: female speech #10, DOA: 900 degree

Interfering speech: male speech #13, DOA 240 degree

BSS with T-F masks -1.33 4.60 5.94

BSS without T-F masks -1.33 2.78 4.12

From all the experiments in simulation environments #1, #2, #3 and #4, we can conclude

that:

e The T-F masks always improve the performance;
e Typically the performance of BSS is better for lower reverberation environments,

but BSS provides a SNR gain under all the considered environments.

As a result, for scenarios with a larger amount of reverberation, combining BSS + T-F
masking with some other spatial information processing may be helpful or even required,
to reduce some reverberation effects and improve the blind source separation
performance. Combining blind source separation with beamforming will be introduced in

Chapter 4, in the context of underdetermined BSS systems.
3.3.4 Conclusion

Blind source separation is an efficient method to separate two speech signals without
knowing a priori knowledge about the speech mixtures. However, classical blind source
separation needs a significant amount of training data to obtain a good convergence, and

it may result in a significant adaptation delay in a real system. As a result, the adaptation
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problem of classical blind source separation becomes an issue of reducing the training
data while keeping a similar separation performance. From the previous sections, it can
be seen that the T-F masking method can be used as a quick way to separate two signals
which are disjoint in the frequency domain, and it does not need additional training data.
However, in most cases, the speech mixtures can be sparse but not completely disjoint in
the frequency domain. As a result, a pre-processing step is needed to make the mixtures
sparser. In [Ped’08], the author uses blind source separation as a pre-processing method
to estimate the T-F masks. In this chapter, we proposed using the T-F masking method as
a post-processing step to further separate the outputs from blind source separation. Thus
in the blind source separation step, we do not need as much training data for the ICA to
get a good convergence. In our experiments, we selected a small value of step size for
the adaptation process to make sure that the convergence procedure will reach a low
value of the cost function after convergence. Then further separation work was handled

by the T-F masking method.

In a real room environment, some reverberation exists almost everywhere, and the
reflections from talkers will not be independent. Since the BSS/ICA is built based on the
independence assumption, the reverberation will limit the performance of BSS/ICA. So
in the next chapter, we will introduce a method of combining spatial information with

BSS to reduce the reverberation effect and improve the performance of BSS/ICA .

48



Chapter 4 Combining spatial information with Blind
Source Separation

This chapter will show how spatial processing such as beamforming can be used as a pre-
processor to convert an underdetermined BSS problem into a determined one. The
beamformers make use of Direction of Arrival (DOA) estimates, which are first

described in the following section.

4.1 DOA estimator

One of the reasons why the human auditory system is much better than any other hearing
equipment is that human ears can detect the direction of incoming audio sources and
track the movement of the sources. During this process, the human ears play the role of
DOA detector and audio source locator. In order to use a beamformer to mimic the
human ears, DOA estimation is the first step required to obtain the geometry information.
Two popular methods of DOA estimation are: time delay estimation [Roh'08] [Vis’01]

[Kna’76] and directivity pattern estimation from an unmixing matrix [Pan’07] [Saw’04].

Signal mixtures

{
!
I
|
(9

DOA
ny(t Estimation <,.:n__1(1)_:
Additive noise 7 Additive noise

Figure 4.1: Block diagram of a monaural DOA estimator
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Figure 4.2: Block diagram of a binaural DOA estimator

4.1.1 DOA estimation using a time delay method

To benefit from using beamforming in hearing aids, we need to determine the direction of
the target source and occasionally also the direction of the interference signals. The
Generalized Cross-Correlation (GCC) method is one of the existing methods for
estimating direction of arrivals [Kna’76]. By neglecting the effect of room reverberation,

reflections, and the frequency dependent head shadow effect, a remote source signal s(z)

received by M spatially separated sensors in the presence of additive noise can be

mathematically modeled as

x()=as(t—t)+n),i=1--M (40)

Without loss of generality, x,(f),i =1---M is the observation from the i" microphone in
hearing aids, #n,(t),i =1,2 is the additive noise signal received by the i" sensor, and ¢, is

transmission attenuation (or a gain) from the source signal to the i" microphone.
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For an endfire microphone array (Figure 4.1), the time delay between signals from

(i-1)d
C

microphones on the same side of the ear is7, = cosé, . Then, the observations

from the M microphones are

x, ()= a,.s(t—gll)—dcosﬁs)+n, @),i=1---M
c : (41)

For the binaural microphone array in Figure 4.2, the time delay between the microphones

. . . dip . .
on the left ear and the microphones on the right ear is7 = —*£sin 8 . For microphones
¢

located on the left side, the observations from the binaural microphone array in Figure 4.2

are then:

x,(t)=o,s(t - (i=Dd c
c

ost—gi’isinat)+n,(t),i:l,~-M
¢ : (42)
The direction of arrival (DOA) is estimated through the time delay 7, between two

signals from the sensors. The time delay is obtained by finding the time-lag that

maximizes the cross correlation between the two signals, which is written as:
R . (0)=Elx(Ox,(—7)]. 43)

The parameter 7, is estimated from the time delay ¢ where the maximum value of the
cross-correlation 1s achieved:

T, = arg(max (R'\_]_‘_2 (r))) (44)

Estimating the time delay and obtaining the DOA estimation through the basic cross-
correlation method is easy and effective for clean speech environments. However, if the
speech signals are corrupted by noise, the performance of the cross-correlation method
deteriorates quickly. To improve the peak detection, some pre-filters or weighting

functions are used in the cross-correlation estimation to produce sharp peak inR, (7).
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There are many popular weighting functions, such as the Roth Processor, the Smoothed
COherence Transform (SCOT), the PHAse Transform (PHAT), the Eckart Filter and the
Maximum Likelihood (ML) method [Kna’76][Gao’06] [Fou’08]. The SCOT method can
be interpreted as pre-whitening before the cross-correlation (i.e. normalizing the level of

each frequency), which is written as:

1 Dl Ci)x] X (m) jzmk
Rx}xz (k):L Zi:() - — e ,kzl"'LDFT_l (45)
DFT \/ ) - (m)q)xzx2 (m)

where (Dxlx] (m) and (szxz (m) are auto spectra (auto-PSD estimate), and (Dx]_\.z (m) is a

cross-spectrum (cross-PSD estimate), L, 1s the DFT length.

The SCOT method is developed based on the ROTH method. In the ROTH method, the
cross spectrum is normalized by the auto spectrum of one of the signals. In the PHAT
method, the cross spectrum is normalized by the magnitude of the cross spectrum. The
PHAT method is known for its ability to avoid causing spreading of peaks in the

correlation function. It can be written as

~

1 1 q)xx (m) jz—ﬁmk
R, (kK)=——) " e M k=1L, -1
= Ly L b, (m) o

(46)

Under ideal conditions (i.e. no noise or spatially uncorrelated noise, with perfect estimate

é)_ m R )
—‘x"z( ) — e,l¢(/) — eﬂ”./ﬂ/

- . Only the phase information is
..., (m)

of & (m)), we would get

. . ideal
preserved in this method. In the time domain, it leads to: R {x,xz (T)=5(Z —Td).

However, in practice because the noise signals may not be totally jointly uncorrelated (

®,, (m)=0) and the estimation of the cross power spectral density is not perfect (

1y

<i>_\,|_‘,j (m)# @, (m)), the cross correlation in the time domain is not a delta function.
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As head shadow effects exist in hearing aid applications, it is better to take into account
the diffraction of a harmonic plane wave on a sphere. Knowing the interaural time
difference (ITD), through the relation of ITD and the DOAG®, it is possible to
approximate the ¢ using the equation from [Kuh’77]:
ITD=a-d,,/c-sind @7
where the coefficient a is a variable which is frequency independent below
approximately 500Hz or above approximately 3kHz, d,, is the distance between left and

right microphones placed at both side of head and ¢ is the speech of sound. According
to [Kuh’77], for low frequencies (below 500Hz), the coefficient a is around 1.5. This
means that the effective head radius at low frequencies is approximately 9.3 ¢cm, which is
larger than the parameter used for the recordings that were provided, which is 8.75cm.
This larger radius may be due to the fact that the sound wave must travel over the
protruding pinnae and nose to reach the ear canal [Kuh’77]. For high frequencies (above
200kHz), waves that crept around the head one or more times have been attenuated
sufficiently to be neglected relative to the direct waves reaching the ear [Kuh’77]. As a
result, the coefficient a is equal to 1. For the mid-frequencies (between S00Hz to 2kHz),
there is a continuous and smooth transition from 1 to 1.5, but the mid-frequencies yield
poor estimation of ITD. In a reverberating room, the high frequencies of direct sound
become a significant fraction of the total sound in the sound mixture. In that case, it is

better to use a coefficient a equals to 1.
Simulations and results:

The first experiment simulates an anechoic audio environment. Clean speeches were
convolved with head related impulse responses (HRIR) measured from a KEMAR model
[Gar’94] to generate the source speeches from specific directions of arrival. The cross
correlation based time delay estimator analyzes the time cross correlation between the

speech mixtures. The time delay estimate is obtained from the cross correlation function.
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From equation ¢, = arg(max (R, (r))) we can see that the time resolution of the time
delay 7, is related to the sampling rate of the observation sequences x,(f) and x,(f):

At=-- . For a sampling rate of 20 kHz, the time resolution is thus ar=5x10". For

s

binaural hearing aids with one microphone on each side, the distance between the two
microphones is 17.5 cm, and the maximum time delay between the two microphones is

T :i'&sin(a):-‘-‘Q&sin@o"):0'1—75:5.147x1(r1 second.
e e 340

I?

For reference, table 4.1 lists the time delay for each DOA angle ¢, for the binaural

hearing aid with one microphone on each side.

Table 4.1: The time delay 7, for each DOA angle 6, from the cross correlation function

7, =—%sin(d ) for binaural hearing aids with one microphone on each side and
d c 5 g p

d,,=0.175cm,

g 7, o T,

5° or175° 0.44e-4 10° or 170° 0.89¢-4
15° or 165° 1.33e-4 20° or 160° 1.76e-4
25° or 155° 2.17e-4 30° or 150° 2.57e-4
35° or 145° 2.95¢e-4 40° or 140° 3.30e-4
45° or 135° 3.63e-4 50° or 130° 3.94e-4
55° or 125° 421e-4 60° or 120° 4.45e-4
65° or 115° 4.66e-4 70° or 110° 4.83e-4
75° or 105° 4.97e-4 80° or 100° 5.06e-4
85° or 95° 5.12e-4 90° 5.14e-4
0° or180° 0

The sampling rate of the signals from the recordings provided by Siemens is 48 kHz, and
the recordings (and HRTFs) were downsampled to 20 kHz to match the operating
sampling rate of the hearing aids. The discrete time cross power spectral density
functions were estimated using Welch's averaged, modified periodogram method of

spectral estimation.
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Simulation and experiment # 1

One speaker in a real anechoic room is coming from 120 degrees. The distance between
the speaker and the listener is 150 c¢cm. The ITD for this scenario is estimated and
compared using the generic cross-correlation method (Figure 4.3), the SCOT method

(Figure 4.4), and the PHAT method (Figure 4.5).

. T DOA estimation using CC method:angle 120

—& Cross correlation ® »
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Figure 4.3: DOA estimator using the cross correlation method with a target source
coming from 120 degrees. The maximum ITD from the cross correlation function is at

6.00e-004 second, which is larger than the expected ITD 4.45¢-004 second in Table 4.1.

From Figure 4.3, we can see that the peak of the cross correlation is hard to discriminate.
There are two peaks which appear very closely around the expected ITD (4.45e-004
second). The largest peak is 6.00e-004 second, which is larger than the maximum ITD
(5.14¢-004 second).

In order to improve the peak detection, generalized cross-correlation methods are

conducted to repeat the I'TD estimation experiment.
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Figure 4.4: DOA estimator using the SCOT generalized cross correlation method with a

target source coming from 120 degrees. The ITD from the cross correlation function is

4.5e-004.
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DOA, estimation using GCC method:angle 120
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Figure 4.5: DOA estimator using the PHAT generalized cross correlation method with a
target source coming from 120 degrees. The ITD from the cross correlation function is

4.5e-004.

After generalizing the cross-correlation using the SCOT and PHAT methods, the peak is
much sharper than for the cross-correlation method. From Figure 4.4 and 4.5, we can see
that the largest peaks give the ITD estimation of 4.5e-004, which yield the DOA
estimation of 60.96 or equivalently 119.03 degrees because of the front back symmetry.
This estimation value of 119.03 degrees is very close to the real input signal of 120

degrees.
Simulation and experiment # 2

In most cases, real acoustic rooms are not anechoic, and reverberation exists to some
extent. In our second experiment, we test the ITD estimation method in a room with more

reverberation.
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The room we used for testing is a large cafeteria room from the University of Oldenburg.
The reverberating time of this room is about 0.75 - 2.25 seconds (frequency dependent).

The source speaker is located at 30 degrees and is 150 cm away from the listener.

The ITD for this scenario is estimated using different estimation methods, and the

experimental results are shown in Figure 4.6, Figure 4.7 and Figure 4.8.
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Figure 4.6: DOA estimator using the cross correlation method with a target source
coming from 30°. The maximum ITD from the cross correlation function is 2.5e-004, and

the estimated DOA is 29.05°.

In Figure 4.6, the peak is clear in this case, the ITD from the cross-correlation method is

2.5e-004, and the estimated DOA 1s 29.05 degrees.

In Figure 4.7 and 4.8, we can see that the peak 1s sharper and clearer than in Figure 4.6,
after the cross-correlation function is normalized. In these two figures, it is very clear that
the estimated ITDs are 2.50e-004, and the estimated DOA is 29.05 degrees. Compared

with the target DOA of 30 degrees, these cross-correlation based ITD estimation methods
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provide good estimation in this simulation, and these methods are robust in reverberating

room environments.
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Figure 4.7: DOA estimator using the SCOT generalized cross correlation method with a
target source coming from 30°. The maximum ITD from the cross correlation function is

2.5e-004, and the estimated DOA 1s 29.05°.
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Figure 4.8: DOA estimator using the PHAT generalized cross correlation method with a
target source coming from 30°. The maximum ITD from the cross correlation function is

2.5e-004, and the estimated DOA is 29.05°.

Experiment environment # 3

e e m

Figure 4.9: The acoustic environment of the cafeteria for experiment #3
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Often, there is more than one sound source in a large room such as a cafeteria, and the
interference sound signals can be directional interference or babble noise. In the
following experiment, we use a female speaker at 0 degree and 600 cm away from the
listener in a large cafeteria room from the University of Oldenburg, with a reverberating
time of about 0.75 - 2.25 seconds (frequency dependent). At the same time, a male
speaker is talking sitting at the listener's right side (90 degree of DOA), at 75 cm
distance. As shown in Figure 4.9, in experiment #3 the target is the female speaker at the

front.

The SNR calculated at the fist microphone on the left hearing aid is -3.27 dB, and the
SNR at the first microphone on the right hearing aid is -4.73 dB. The ITD for this
scenario is estimated using different estimation methods, and the experimental results are

shown in Figure 4.10, Figure 4.11 and Figure 4.12.
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Figure 4.10: DOA estimator using the cross correlation method with a target source
coming from 0° and a directional interference from 90°. The maximum ITD from the

cross correlation function is 2.5e-004, and the estimated DOA is 29.0593°.
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Figure 4.11: DOA estimator using the SCOT generalized cross correlation with a target

source coming from 0° and a directional interference from 90°. The maximum ITD from

the cross correlation function is 0, and the estimated DOA 1s 0°.
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DOA estimation:source from 0 with interference from 90 degree
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Figure 4.12: DOA estimator using the PHAT generalized cross correlation with a target
source coming from 0° and a directional interference from 90°. The maximum ITD from

the cross correlation function is 0, and the estimated DOA is 0°.

In Figure 4.10, the peak is hard to discriminate because there are three peaks and two of
them are pretty close in magnitude. One is at time lag 0 and the other is greater than the

maximum time lag (5.14e-4 second).

The SCOT and PHAT GCC methods show good estimation of target ITD and yield a
correct DOA at an angle of 0 degree, as shown in Figure 4.11 and 4.12. The only peak in
Figure 4.11 and 4.12 is much higher than the other estimating points and is easy to be

discriminated.

Experiment environment # 4

When the source signal is corrupted with interference signal and noise, the advantage of
the generalized cross-correlation method is obvious. In simulation # 4, we added a strong

directional interference signal and a strong background noise. We again conduct this
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experiment on the large cafeteria room recordings from the University of Oldenburg in
Figure 4.13. The target male speaker comes from 30 degrees and is 150 cm away from
the listener. The directional interference speaker comes from 240 degrees and is 3 meters
away from the listener, and the Cafeteria is full of people having dinner, which makes a

loud Cafeteria noise.

I e,

Figure 4.13: The acoustic environment of the cafeteria with loud noise for experiment # 4

The SNR from the first microphone at the left ear hearing aid is -13.36 dB and from the
first microphone at the right ear hearing aid it is -8.36 dB.

The ITD for this scenario is estimated using different estimation methods, and the

experimental results are shown in Figure 4.14, Figure 4.15 and Figure 4.16.
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Figure 4.14:
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DOA estimator using the cross correlation method with a target source

coming from 30°, a directional interference from 240° and loud background noise. The

maximum ITD from the cross correlation function is -4.5e-004.
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Figure 4.15:
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DOA estimator using the SCOT generalized cross correlation with a target

source coming from 30°, a directional interference from 240° and loud background noise.
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Cafeteria-Signalaufhahmen with lound noise, speaker from: 30 degree
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Figure 4.16: DOA estimator using the PHAT generalized cross correlation with a target

source coming from 30°, a directional interference from 240° and loud background noise.

The ITD estimation in Figure 4.14 is 4.5¢-4 second, which yields a DOA estimation of
299.03 (or 240.96 degrees because of front back symmetry). In this figure, we can also
find another peak located at a time delay of 2.5e-4 second, which is lower than the first
peak. This second highest peak corresponds to a source signal coming from an angle of

29.05 degrees or 150.94 degrees.

The target source signal and the directional interference signal are all strong, because in
Figure 4.15 and 4.16, we can see two peaks in each plot. Differing from the situation in
Figure 4.14, the largest peak is located at a time delay of 2.5e-4 second and the second
peak is located at a time delay of -4.5e-4 second. However, as the target source signal is
closer to the speaker, it is clearer than the interference signal. As a result, in the SCOT
and PHAT GCC estimation output, the first peak is generated by the target source signal,
and the estimation value from these methods is 29.05 degrees. The second peak is
brought by the directional interference signal, and the estimation value is 299.03 (or

240.96) degrees.
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Experiment environment # 5

To further demonstrate the advantage of generalized cross-correlation ITD estimation
methods, we conducted another experiment with 2 directional interference signals in the

same cafeteria room from the University of Oldenburg.

As is shown in Figure 4.17, the target male speaker is at 30 degrees and 150 cm away.
The first female interference signal is at 240 degrees and 3 meters away. The second
directional female interference speaker is at the listener's right side (DOA of 90 degrees)

and 150 cm away.

interference

U U A

Figure 4.17: The acoustic environment of a large cafeteria for experiment # 5

The resulting SNR from the first microphone on the left ear hearing aid is -8.68 dB and

from the first microphone at the right ear hearing aid it is -5.93 dB.
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Figure 4.18: DOA estimator using the cross correlation method with a target source

coming from 30°, and directional interferences from 240° and 90°.
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Figure 4.19: DOA estimator using the SCOT generalized cross correlation with a target

source coming from 30°, and directional interference from 240° and 90°.
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Figure 4.20: DOA estimator using the PHAT generalized cross correlation with a target

source coming from 30°, and directional interference from 240° and 90°.

The ITD for this scenario is estimated using different estimation methods, and the

experimental results are shown in Figure 4.18, Figure 4.19 and Figure 4.20.

In this scenario, the target signal is dominant in the speech mixtures observed by the
microphones. As a result, in Figure 4.18 the cross-correlation has only one dominant peak

in the output, and the estimated DOA is 35.65 degrees.

Similar to the previous basic cross-correlation experiment, for the SCOT and PHAT GCC
in Figures 4.19 and 4.20, the estimated DOAs of the dominant target speech are both
equal to 29.05 degrees. But being different from the previous basic cross-correlation
experiment, using the SCOT and PHAT GCC the first interference signal is weak. As a
result, it is hard to tell whether the second peak which is close to the time delay of -4.5¢-4
second in Figures 4.19 and 4.20 results from the first interference signal. This means that

the SCOT and PHAT GCC methods can be used for estimating the DOA of a dominant
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target signal, but they cannot guarantee to get the DOA estimation for the second source

signal.
Conclusion:

From the previous experiments, we can see that the generalized cross-correlation methods
improve the peak detection ability and are also robust in reverberation and noisy
acoustical environments. However if the speech mixture is composed of more than two
signals, they are not robust for estimating the DOA of the second source signal. In the
next section, we apply another DOA estimation method using ICA and directivity pattern
based methods to estimate not only the DOA of a target source signal, but also the DOA

of the interference signals.
4.1.2 DOA estimation using directivity pattern based method

It has been proposed by researchers that the unmixing matrix in frequency domain blind
source separation (or independent component analysis, ICA) has directivity patterns
which are similar to a null beamformer [Sar’06]. The DOA information of source signals
could then be estimated from those directivity patterns. In [Saw’04], the author proposed
a robust but somewhat inaccurate method of estimating the direction of arrival. This
method was developed for solving the permutation problem of frequency domain blind
source separation. In the frequency domain, due to permutation and scaling ambiguities,

the frequency response (/) of the mixing matrix can be written as
H=w7P'A" (48)

where ¥ is the unmixing matrix, P is a permutation matrix, and A is a scaling matrix.

Let &8, be the direction of source k. The frequency response of the element /4, in the

mixing matrix can be written as:

Hy (f) = Aye'® e (49)
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where 7, is the delay from source & to mixture (or sensor) / . The magnitude 4, and

phase ¢, , which can be arbitrary values, are introduced due to the frequency permutation

in the ICA. Then, by calculating the ratio between two eclements of the same of column

H(f), we obtain:

H, [W*JP_JA_I ]Ik _ [W~}P_’ ]/k _ A/ke"vzﬂf(r"_r/“)
H, B [W_]P_‘A_llk a [W#IP_]] - 4,

Jk

(50)

where lW"lP_’J is the unmixing matrix obtained from the previous source separation
step, and the scaling matrix values are cancelled out.
For binaural hearing aids with one microphone on each side, the time delay between the
. . dy . . :
two microphones is 7, =7, —7, =—*sin¢, . Then from the unmixing matrix W, the
C

directivity pattern can be obtained from the column components of the matrix W :

W—-IP—I
arg [ — ]Ik arg Hlk
=r1, : Hy
- = arcsin ——————

27fe7d,, 2nfe™d,,

(1)

6, = arcsin

Similarly, for a linear endfire microphone array (e.g. monaural, as in Figure 4.1), the time

delay between microphones located at positions &, and d, on the same side is

. zicos 6, , and the DOA estimate can be calculated from:

T =T T, A
WP H,
arg( EW"‘P“ ] ) j arg(H—l-A
6, = arccos——— 7 — arccos — L (52)
217 (d, - d ) 27c7(d, ~d )
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Simulations and results:

In our experiments, we begin with DOA estimation for monaural hearing aids. From the
literature we know that each frequency can yield a DOA estimation independently and
that the low frequency bands and the high frequency bands typically do not provide good
estimation using the directivity pattern (DP) estimation method. As a result, we only use
a selected frequency band to get estimation, and this can also possibly save some
computations. In the following experiments #6 to #10, we can observe that each
frequency band gives different estimate values. By comparing the performance from each
frequency band, we are able to select one frequency band which gives the best estimation

performance.
Simulation Experiment # 6:

In this experiment, different DOA estimations are conducted to evaluate their preciseness
using different estimation frequency bands. In the experiments, the target source speech
signals come from the right side of the head. The target DOAs are 80 degrees and 110
degrees, and ICA parameters used in this experiment (and the other experiments to
follow) are a step size of 4 =0.001 with the number of adaptation iterations x = 60 . In
order to get a good estimation of the target DOAs, we use the microphone pair #1 and #3
in the provided recordings, which are the first and third microphones at the right ear
hearing aid. The distance between these two microphones is 1.5 cm. In Table 4.2, we
compare the DOA estimates within different frequency bands. We see that the frequency
ranges (1k — 3kHz) and (5k -8kHz) are the two best frequency ranges which give good

DOA estimations.

Table 4.2; DP based DOA estimation for two target sources from 80° and 110°

DOA 0-1kHz lk—-3kHz |3k-5kHz |Sk-8kHz |9k - 10kHz
Targetl (110°) | 86.74° 106.69° 110.52° 104.34° 90.70°
Target2 (80°) 71.07° 79.84° 92.50° 89.90° 89.66°
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Simulation Experiment # 7

In the experiment #7, the target sources are from 115° and 60° degrees, and the
experimental results are shown in Table 4.3. We see that the frequency range (1k — 3kHz)

and (5k -8kHz) are the two best frequency ranges which give good DOA estimations.

Table 4.3: DP based DOA estimation for two target sources from 60° and 115°

DOA 0_ 1kHz | 1k-3kHz |3k-5kHz |S5k-8kHz | 9k- 10kHz
Targetl (115°) | 88.08° 113.12° 110.25° 114.75° 89.38°
Targe2 (60°) | 53.51° 57.65° 67.15° 65.37° 87.51°

Simulation Experiment # 8:

In the experiment #8, both target signals are from quadrant 1: one is from 45° and the
other is from 75°. The results are shown in Table 4.4. We see that the frequency range
(5k -8kHz) and (1k — 3kHz) are the two best frequency ranges which give good DOA

estimations.

Table 4.4: DP based DOA estimation for two target sources from 45° and 75°

DOA 0 - 1kHz lk—3kHz |3k-5kHz |5Sk-8kHz |9k- 10kHz
Targetl (75°) | 58.98° 70.64° 67.97° 81.40° 86.67°
Target2 (45°) 35.03° 33.34° 41.84° 40.89° 84.72°

Simulation Experiment # 9:

In the experiment # 9, one of the target sources is at 30 degree, which is more frontal and

more co-linear to the axis of the monaural microphones pair. The other source is at 110
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degrees. The results are shown in Table 4.5. We see that the frequency range (5k -8kHz)

and (3k — SkHz) are the two best frequency ranges which give good DOA estimations.

Table 4.5: DP based DOA estimation for two target sources from 30° and 110°

DOA 0—-1kHz lk-3kHz |3k—-5kHz |S5k-8kHz |9 - 10kHz
Target] (110°) | 88.98° 111.51° 104.40° 113.53° 83.60°
Target2 (30°) 51.32° 43.69° 37.35° 26.00° 79.90°

In experiment # 9, we notice that there are some large estimation errors for target source

2, because it is more co-linear to the axis of the monaural microphones pair.

[W"]P”

arg([W—lPl]_’LJ
As we know that cosg, = - 2/ e
2z fem (d,—d,)

[-1,1] and each frequency bin yields a

DOA estimation independently. For target source 2 in some frequency bins the cosé,

value which is calculated from the coefficients of ICA is out of this-range. In order to
minimize the estimation error, these points have been ignored in the computation of the
overall DOA estimate. An alternative would have been to use saturation or limiting

function to force the measured cosé, to always be in the range [-1,1] .

Simulation Experiment # 10

In this experiment the sources are located at 10° and 55°, and the results are shown in
Table 4.6.We see that the frequency range (Sk -8kHz) and (3k — 5kHz) are the two best

frequency ranges which give good DOA estimations.

Table 4.6: DP based DOA estimation for two target sources from 10° and 55°

DOA 0 - 1kHz 1k — 3kHz 3k—5kHz |Sk-8kHz | 9%k - 10 kHz
Targetl (55°) 41.34° 44.36° 47.01° 59.22° 83.23°
Target2 (10°) 31.46° 18.54° 22.15° 10.87° 79.87°
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In experiment # 10, the second target estimation (source at 10°) has also encountered
frequency bins for which the measured value of cosé, was out of the range [-1, 1], as in
experiment # 9. In the frequency band 0-1 kHz, 73% of the frequency bins had this
problem. In the frequency bands 1kHz - 3kHz and 3kHz - 5kHz, the problem occurred in
41% and 44% of the bins, respectively. In the frequency band 5kHz - 8kHz, 90% of the

frequency bins suffered from this problem.

While for the target source 2 there are a lot of frequency bins that cannot yield a correct
DOA estimation, this does not affect the DOA estimation of the other target source. The
DOA estimations of target source 1 and target source 2 are independent. The main factor
that influences the DOA estimation is the relative position of the source signal with

respect to the microphone array.
Simulation Experiment # 11

In this experiment, a three signals mixture is composed by a target signal (speech #9 from
the provided recordings) coming from 30 degrees, an interference signal (speech #10)
coming from 65 degrees, and another interference signal (speech #7) coming from 330
degrees. Their relative magnitude is 1:1:0.3, and the speech mixtures are received from
microphones #1 and #4 of the binaural hearing aid recordings. Using BSS to separate the
signals and estimating the DOA in the frequency range of 5 kHz to 8 kHz, we get the first
DOA estimate of 26.82 degrees, and the second DOA estimate of 68.49 degrees.

20 estimate points for target 1 were out of range and were discarded as previously
explained, while the rest of the 57 frequency bins yielded valid estimates. The estimates

for interference 1 had no out of range errors.
Simulation Experiment # 12

A three-signal mixture is composed of a target signal (speech #9) coming from 10
degrees, an interference signal (speech #10) coming from 45 degrees, and another
interference signal (speech #7) coming from 300 degrees. Their relative magnitude is

1:1:0.3, and the speech mixtures are received from microphones #1 and #3 from the
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monaural hearing aid recordings. Using BSS to separate the signals and estimating the
DOA in the frequency range of 5 kHz to 8 kHz, we get a first DOA estimate of 10.23

degrees and a second DOA estimate of 46.13 degrees.
Discussion:

By comparing the estimation results from experiment #6 to experiment #10, we find that
overall the frequency range of 5kHz to 8kHz gives the best estimation performance, and

we highlighted in bold the results for this range in the different tables of result.

The DOA estimation method of this section is based on BSS results and can lead to larger
DOA estimation errors. From experiments #6-#12, it is clear that the DP based DOA
estimation method gives a large estimation error in the first frequency band and the last
frequency band. However, in the other frequency bands, it yields better estimation results.
By comparing the results in tables 4.2-4.6, we can also see that the band 5 kHz to 8 kHz
gives the closest DOA estimation. A screening step was added into the DP based DOA

estimation method to eliminate the frequency bins for which the measured cosf, was not

in the range [-1,1].

Comparing this DP based DOA estimation method with the cross-correlation based DOA
estimation methods of the previous section, each of them has their strength and
weaknesses. The cross-correlation based DOA estimation methods are robust in
reverberation and noisy room environment, but they can only produce one robust target
DOA estimation (i.e. the dominant one) and the precision of the estimated DOA is
directly related to the inverse of the sampling frequency. The directivity pattern based
method can estimate the DOA of both a target source signal and the main interference
signal at the same time; however, the accuracy of the estimation results is typically

weaker.
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4.2 Null Beamformer

A null beamformer is a spatial filter to attenuate signals from interfering directions while
keeping a target signal untouched. Two classical techniques for null beamformers are the
delay-and-sum method and the minimum variance distortionless-response (MVDR)

method.

A general delay-and-sum beamformer is obtained by linearly multiplying the microphone
signals with weighting coefficientsw . In a free field environment and a monaural array

(endfire orientation), the steering vector is defined as,

D(w,0)=[d(w0,0) d(w,0) - dyw,0)] =[e’ ' .. e_"w““"”]’]., where
o, =27fd sin(@)/c, @ is the angle from the frontal direction, d, is the position of the i-

th microphone, f is the sampling frequency, and N is the number of the sensors.

If M source signals come from M directions, 6 =86,,6,,---0,, , in order to steer nulls to
the direction of the interference signals 6, € {6,.6,,---8,,} and put a unit amplitude in
the directions of the target sources &, €{6,,6,,---6,,}, for a null beamformer we have

the weighting coefficients w so as to make
w(@)D(w,0)=1, (53)

where D(w,0) =[d(w,6,) d(w,6,)]

Then, we get the null beamformer weighting coefficients as
W=D (54)
The beam-pattern of this null beamformer is written as

W(,6) = w" (0)d(w,0) (55)
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Finally, the beamformer output can be written as
Y(w)=W"(0)X (@) (56)

In binaural hearing aids, the head shadow effect is another factor which needs to be

considered. In such cases, the steering vector
d(w,0)=|d(0,0) d(0,0) - d,(w,0)] is replaced by the frequency response of

the head related transfer function (HRTF) from the direction of 4.

The Minimum Variance Distortionless Response (MVDR) is another popular method for

designing a beamformer:

(D(w,0)D" (.0,)+ u1)"'D(@.6,)
D" (0,0, X D(0,0)D" (0.0,)+ 1) D(w,6,) (57)

Ww) =

In the above equation, D(w,#,) is the steering vector of an interference signal coming
from an angle of ., D(w,8,) is the steering vector of a target source signal coming from

an angle of @, and the term u I is a trade-off factor which is introduced to improve

numerical conditioning, to avoid the loss of directivity by microphone mismatch, or to

reduce the white noise gain.
4.3 Preservation of the spatial cues using a common gain

Both classical beamformers and classical blind source separation algorithms destroy the
spatial (i.e. interaural) cues in their processing (even for binaural hearing aids). However,
in real life situations, the human auditory system relies on the spatial impression to
distinguish directional information. As a result, it is necessary to recover or compensate
the interaural amplitude and phase differences in order to keep the spatial cues for the

listener.
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In [Lot’06], the author proposed a modified beamforming method preserving the
interaural amplitude and phase differences of the original signal. It is proposed to use one

common gain at each frequency G(f,?) for both the left and right ear side and to apply

this common gain to the input signals of both sides to perform enhancement while
preserving the binaural cues. An easy way to calculate the weights is by comparing the

spectral amplitudes of the "normal” or classical beamformer output Y (f,t) to the sum of

both input spectral amplitudes, X,(f,f)and X, (f,1),

Gir0) = (/.0

X, (f. 0]+ X, (0 (58)
The final binaural outputs for the left and right ears are then:
Y0 = GO0 - X, (f0) (59)
Y0 = G(f0)- X, (fo1) (60)

More details on the computations of the common gain G(f,¢) can be found in [Lot’06].

4.4 Proposed Combination of Beamformer with Blind Source

Separation

We have previously introduced the method from [Ara’04a] [Ara’04b] [Ara’04c], where
an algorithm was designed to mask out extra sources and to convert an underdetermined
blind source separation to an ordinary or determined blind source separation problem.
The process of the algorithm from [Ara’04a] [Ara’04b] [Ara’04c] is summarized here as

follows:

o Remove N-M sources with the directivity pattern based continuous mask in each

frequency bin. In this step, a null beamformer is formed by using N-M+/ virtual

79



microphones, which creates nulls towards the given N-M directions. The
directivity pattern is used to form the T-F masks.

e Separate the remaining sources by ICA. In this step, since the system has only
two outputs, we need several masks with nulls towards different directions, if we

want to obtain all the separated N signals.

Alternatively, we propose in this thesis to use a combination of beamforming as a pre-
processor and ICA as a post-processor, in order to convert an undetermined blind source
separation problem into a determined source separation problem. Figure 4.21 illustrates

our proposed method.

Diagram of combining BSS with BF
Adaptive Beamforming
Xl(t)
x:(t) | STFT > DOA estimator —] Beamformer fF— Common
Gain
yi(t) ' Common ! o .
! Gain, | .
IFFT K—=: .. f— T-F masking ICA
V= - spatal T

Figure 4.21: Block diagram of blind source separation combining beamforming

As shown in Figure 4.21, the signal mixture x,(f) and x,(f) observed by two

microphones in a hearing aid are firstly passed to an adaptive beamforming procedure.
This beamforming process part is composed of a DOA estimator and a beamformer. The
adaptive beamformer removes one main interference signal and keeps the target signal
and other interferences. If the original source mixture is composed of three speech
signals, in this case, by removing one interference speech signal from the mixtures using

an adaptive beamformer, the underdetermined blind source separation is transferred into a
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determined blind source separation problem. At the output of adaptive beamforming there
is only one output (and obviously no binaural cues preserved). But the ICA process needs
two channels of input signals from the beamforming. In order to recover two channels of
signals to be used for blind source separation, the procedure of applying a common gain
(as for the preservation of the spatial cues) is added in the diagram. Then blind source
separation is applied (i.e. ICA) and it may also include a T-F masking process. Finally,
for binaural hearing aids applications, the preservation of the spatial cues is preferable, so
it is necessary to add again the procedure of applying a common gain after the blind
source separation and before forwarding the final output to the listener. But for monaural

hearing aid i.e. with microphones on one side of the head only, this step can be removed.

4.5 Simulation for underdetermined blind source separation

To further illustrate the performance of our method, we include below two typical

experiments which demonstrate the speech enhancement ability of our system.
Simulation experiment #13

In our simulation, we use a three speech signals mixture as the input of our hearing aids,
which is the same as the experimental setting in the previous DOA estimator section. The
acoustic environment is shown in Figure 4.22, where the source signals are composed of
one target male speech coming from an angle of 45 degrees, a strong interference speech
which is a female speech coming from an angle of 10 degrees, and a relatively weak
female interference speech coming from an angle of 300 degrees. The magnitude ratio of
these three speeches was set to 1:1:0.3. A monaural hearing aid at the right side of the
head was used. The signal mixtures were collected from microphones #1 and #3 (from

the provided recordings), with a distance of 1.5 cm.
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Figure 4.22: The acoustic environment for simulation # 13

This whole problem can be described as an underdetermined blind source separation
problem. So, in our solution, we use a beamformer to remove the extra interference and
transfer this underdetermined problem into a determined blind source separation problem.
From the previous section on beampattern-based DOA estimation, the estimated DOA of
the target male speaker is 46.13 degrees, and the DOA of first interference is 10.23
degrees. Since we do not have measured HRTFs for these two angles (required for the
MVDR beamforming design), in this experiment we first assume that our DOA estimator
has no estimation error, i.e that it gives 45 degrees for the target source and 10 degrees
for the interference. MVDR beamforming is then conducted for removing the female
interference at 10 degrees and one output is obtained. Before ICA processing, we use the
spatial cues preservation method described in section 4.3 and recover two source signals,
in which the main interference is almost gone. The ICA can then easily separate the target
source and the remaining weak interference signals. Table 4.7 shows the evaluation of the

final output, compared with or without the last T-F masking step.
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Table 4.7: Underdetermined BSS using MVDR BF, target speech from 45°, interference

speech from 10° and 300°. The two microphones are placed at the right side of the head.

SNR_in (dB)

SNR_out (dB)

SNR gain (dB)

Target speech: male speech #5, DOA:45°

Interfering speech: female speech #9 DOA 10° and female speech #10 DOA 300°

BSS with T-F masks

-1.90

12.13

14.03

BSS without T-F masks

-1.90

9.84

11.74

Target speech: female speech #10, DOA: 300°

Interfering speech: female speech #9 DOA 10° and male speech #5 DOA 45°

BSS with T-F masks

-15.50

2.58

18.09

BSS without T-F masks

-15.50

2.88

18.39
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Simulation experiment # 14

s
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Figure 4.23: The acoustic environment for simulation # 14

Similar to simulation #13, in simulation #14 we still use three speech signals to compose
the mixtures, as shown in Figure 4.23. But the two microphones (microphone #1 and #4
from provided recordings) are now from each side of the head. The target source comes
from 240 degrees, the main interference signal comes from 30 degrees and the second
interference comes from 90 degrees. The magnitude ratio of these three speeches is
1:1:0.3. The same processing procedures are conducted, and Table 4.8 shows the

evaluation of the final outputs, with or without the last T-F masking step.
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Table 4.8: Underdetermined BSS using MVDR BF, target speech from 240°, interference

speech from 30° and 90°. The two microphones are placed at each side of head.

SNR_in (dB) SNR out (dB) SNR gain (dB)

Target speech: male speech #5, DOA:240°

Interfering speech: female speech #9 DOA 30° and female speech #10 DOA 90°

BSS with T-F masks -4.21 8.88 13.10

BSS without T-F masks -4.21 9.88 14.10

Target speech: female speech #10, DOA: 90°

Interfering speech: female speech #9 DOA 30° and male speech #5 DOA 240°

BSS with T-F masks -12.30 3.55 15.85

BSS without T-F masks -12.30 3.00 15.30

Simulation experiment # 15:

In the previous experiments, we assume that the DOA estimator gives accurately the
DOA of the target signal and the main interference. However, in real situations the DOA
estimation contains errors. So in this experiment we use DOA estimation with an error in
it and repeat the simulation # 13. The DOA estimation for the target speech used in this
experiment is 50 degrees (real DOA is 45 degrees), and the DOA for the main
interference speech is 15 degrees (real DOA is 10 degrees). Table 4.9 shows the resulting

SNR gains for this experiment.
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Table 4.9: Underdetermined BSS using MVDR BF, where the DOA estimate for BF
includes an error. The target speech is from 45° while the estimated DOA 1s 50°. The
main interference speech is from 10° while the estimated DOA is 15°. The second
interference comes from 300°. The two microphones are placed at the right side of the

head.

SNR_in (dB) SNR out (dB) | SNR gain (dB)

Target speech: male speech #5, estimated DOA:50°, real DOA 45°

Interfering speech: female speech #9 estimated DOA 15° (real DOA10°) and female

speech #10 DOA 300°
BSS with T-F masks -1.90 498 6.88
BSS without T-F masks -1.90 4.86 6.76

Target speech: female speech #10, DOA: 300°

Interfering speech: female speech #9 estimated DOA 15° (real DOA10°) and male speech
#5 estimated DOA:50°, real DOA 45°

BSS with T-F masks -15.50 2.58 18.09

BSS without T-F masks -15.50 2.99 18.50

Simulation experiment # 16:

Similarly, in this experiment we use DOA estimation with an error in it and repeat the
simulation # 14. The DOA estimation for the target speech used in this experiment is 245
degrees (the real DOA is 240 degrees), the DOA for the main interference speech is 25
degrees (the real DOA is 30 degrees) and the second interference comes from 90 degrees.

Table 4.10 shows the resulting SNR gains for this experiment.
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Table 4.10: Underdetermined BSS using MVDR BF, where the DOA estimate for BF
includes an error. The target speech is from 240° while the estimated DOA is 245°. The
first interference speech is from 30° while the estimated DOA is 25°. The second

interference comes from 90°. The two microphones are placed on each side of the head.

SNR_in (dB) SNR out (dB) | SNR gain (dB)

Target speech: male speech #5, estimated DOA:245° (real DOA: 240°)

Interfering speech: female speech #9 estimated DOA 25° (real DOA: 30°) and female

speech #10 DOA 90°
BSS with T-F masks -4.21 4.23 8.45
BSS without T-F masks -4.21 4.86 9.07

Target speech: female speech #10, DOA: 90°

Interfering speech: female speech #9 estimated DOA 25° (real DOA: 30°) and male
speech #5 estimated DOA:245° (real DOA: 240°)

BSS with T-F masks -12.30 -0.36 11.93

BSS without T-F masks -12.30 -0.26 12.03

4 6 Conclusion

From the previous sections, it can be concluded that the underdetermined blind source
separation problem can be solved effectively by combining beamforming with ICA. The
estimation of DOA plays an important role in this pre-processing step. Time delay based
DOA estimation methods which were introduced in section 4.1.1 are one of the most
popular DOA estimation methods. They are robust in noisy or reverberating room
environments compared with DP-based DOA estimation methods. However, their
resolution directly depends on the sampling rate, and time delay based methods are not
the best methods to provide the DOA of both a target and the first dominant interference.
In section 4.1.2, a DP-based DOA estimation method was introduced, which has typically
a larger estimation error than the time delay based DOA methods, but which is more
suitable to provide the DOA of both a target and a dominant interference. This DOA

estimation method relies on BSS outputs (i.e. de-mixing coefficients), and from our
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simulations we found that the high frequency band (SkHz to 8kHz) yields the best
estimations for this method. Using only this 5kHz to 8kHz band can also reduce the

calculation complexity [Pan’07].

With correct or approximately correct DOA estimation, a MVDR beamformer can
remove an extra interference signal efficiently. If the DOA estimate had some estimation
error (e.g. 5 degrees), the MVDR beamformer was still able to largely attenuate the
interference while keeping the target signal mostly untouched. As beamforming generates
only a single output (with no binaural cues preserved), a simple step from section 4.3 i.e.
the use of a common gain was applied to generate two channels of inputs for the BSS
processing. ICA is then performed to separate the target source signal and the remaining
interference(s). The experimental results have showed that the separated target typically
sounds quite audible and clear. Depending on the performance of the beamforming, the
separated interference may still contain a part of the other interferences. Although from
the objective evaluations in section 4.5, the T-F masks did not always make an
improvement on the SNR gain, from informal listening it appears that the T-F masks help
to remove the remaining weak interference noise in the background sound, while at the
same time possibly also introducing some distortion. The last step in the proposed system
diagram of Figure 4.21 is for the preservation of the spatial cues. For binaural hearing
aids, this step is important for the user to keep the interaural time and level differences.
But for monaural hearing aids with microphones on one side of the head only, this step

can be removed.
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Chapter 5 Summary and Future work

When the acoustic environment is noisy, our human auditory system can steer our ears to
the direction of a target source, and then the human brain analyzes the sound mixture and
extracts the important target component from it. In this thesis, we proposed a system for
enhancing the quality of the signal produced by the hearing aid in a multiple speaker
environment to mimic the behaviour of the human brain when analyzing the audio
mixtures. In hearing applications, the number of source signals is variable while the
number of microphones on the hearing aids is fixed. The proposed system combines the
spatial information with blind source separation. By removing one or more interference
signals from the mixtures, the underdetermined BSS problem was converted into a
determined BSS problem, and all the algorithms for determined BSS can be applied.
Results show that our system can locate the target signal in different kinds of acoustical
environment and have good learning ability. Compared with the work in [Ped’08], our
method produces a good performance and it has a low complexity for convolutive speech
mixtures. And compared with the work in [Pan’07], our method is more robust in noisy

and reverberated room environments.

In the first stage of our work, we studied the adaptation (learning) ability of determined
BSS systems and compared the learning ability of BSS system with or without T-F

masks.

In the second stage of our work, we investigated the approach of using spatial processing
(i.e. beamforming) to remove the extra interference(s) and convert an underdetermined
BSS to a determined BSS. Given accurate DOA of the interference signal, an MVDR
beamformer can effectively remove that interference. Therefore, the estimation of the
DOA is important. The two DOA estimation methods which were used in the thesis both
have their strengths and weaknesses. The cross-correlation based DOA estimation
methods are robust in reverberation and noisy room environment, but they can only
produce one robust target DOA estimation (i.e. the dominant one) and the precision of the

esttimated DOA is directly related to the sampling frequency. The directivity pattern
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based method can estimate the DOA of both a target source signal and the main
interference signal at the same time; however, the accuracy of the estimation results is
more affected by the reverberation and other environment noise. [Muk’06] gives an
overall evaluation of the directivity pattern based DOA estimation method and shows that
this method is sensitive to source locations. The estimator can provide a robust DOA
estimation when the source signals are perpendicular with a microphone pair (broadside
configuration), but there is a large error when the source signals are nearly co-linear to
the axis of the microphone pair (endfire configuration). The author proposes to use
multiple sensor pairs with various axis directions to avoid these unreliable cases. In
binaural hearing aids with more than one microphone on each side, it could be possible to
use two dimensional microphone arrays to get a more reliable DOA estimation. However,
there would be head shadow effects to consider between the different microphone pairs.
As shown in Figure 4.18, for the frontal direction which is shown in DOA area 1, the
DOA estimation could be computed with the signals from the microphones located on
each side of the head. And if the source signal comes from the side, for example the
DOAs which are shown in DOA area 2, the signals from the microphones located on the

same side could be used to achieve a better estimation.
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Figure 5.1: Two dimensional microphone array for estimation of DOA
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Other obvious aspects that would require more work for our topic are the development of
efficient implementations for the proposed solutions, with an evaluation of the resulting
complexity. In particular, the use of on-line BSS algorithms would be of interest for
reduced complexity, reduced latency, and reduced memory requirements. With such
efficient realizations, a real-time implementation of the proposed methods could become
possible, allowing further tuning and testing of the proposed methods under different

real-life environments.

In this thesis, we have used the method of the common gain introduced in section 4.3 for
two different purposes, as can be seen in figure 4.21: 1) to generate a pair of signals from
the single channel output of the classic beamformer pre-processor in Chapter 4, because
the ICA stage needs a two-channel input; and 2) in the case of binaural hearing aids, to
re-generate the binaural cues at the final output of the system. However, applying this
common gain to the original input mixtures causes a part of the interference noise to
remain in the output signals, and introduces some distortion in the output signals. This
can affect the performance of the ICA system, and/or lead to audible effects in the final
outputs. Therefore, introducing a better or alternative method to generate a 2-channel
input for the ICA or to preserve the binaural cues in the final output (in the case of
binaural hearing aids), while at the same time keeping the interference noise to the

minimum level, would be an interesting challenge for future work.
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Appendix

Female speech # 9 (tr9c1.wav): She had your dark suit in greasy wash water all year.
Don't ask me to carry an oily rag like that. His captain was still in Hager his beautiful
boots were worn in shabby. The reason for the style seems foolish now. Production may
fall far below expectations. Pizza meal is convenient for a quick lunch. Put the butcher on

a black table in the garage. Drop five forms in the box before you go out.

Female speech # 10 (tr10cl.wav): The wagons were burning fiercely. He may have a
point urgent that Dickinson’s have been given fewer prizes. The Honda has a hit due to
an outstanding audio visual effect. A lawyer was appointed to execute her will. The
toddler found a clamshell near the camp site. We saw a tiny icicle below the roof.
Collaborations along with understanding alleviate dispute. She had your dark suit in

greasy wash water all year. Don't ask me to carry an oily rag like that.
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